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The increasing complexity of large-scale real-world programs necessitates the automation of software testing. As a basic problem
in software testing, the automation of path-wise test data generation is especially important, which is in essence a constraint
optimization problem solved by search strategies. Therefore, the constraint processing efficiency of the selected search algorithm is
a key factor. Aiming at the increase of search efficiency, a hybrid intelligent algorithm is proposed to efficiently search the solution
space of potential test data by making full use of both global and local search methods. Branch and bound is adopted for global
search, which gives definite results with relatively less cost. In the search procedure for each variable, hill climbing is adopted
for local search, which is enhanced with the initial values selected heuristically based on the monotonicity analysis of branching
conditions. They are highly integrated by an efficient ordering method and the backtracking operation. In order to facilitate the
searchmethods, the solution space is represented as state space. Experimental results show that the proposedmethod outperformed
some other methods used in test data generation.The heuristic initial value selection strategy improves the search efficiency greatly
and makes the search basically backtrack-free.The results also demonstrate that the proposed method is applicable in engineering.

1. Introduction

With the surge of increasingly complex real-world software,
software testing plays a more and more important role in the
process of software development, as it is an important stage
to guarantee software reliability [1], which is a significant
software quality feature [2]. In 2002, National Institute of
Standards and Technology (NIST) estimated the cost of
software failure to the US economy at $6 × 1010, which was
about 0.6% of GDP at the time [3]. The same report also
found that over one-third of the cost of software failure
could be eliminated by an improved testing infrastructure.
Butmanual testing is time-consuming and error-prone and is
even impracticable for large-scale real-world programs such
as a Windows project with millions of lines of codes (LOC)
[4]. So the automation of testing is of crucial concern [5].
Furthermore, as a basic problem in software testing, path-
wise test data generation (denoted by 𝑄) is of particular

importance because path-wise testing can detect almost 65
percent of the faults in the program under test (PUT) [6] and
many problems in software testing can be transformed into
𝑄.

The methods of solving 𝑄 can be categorized as dynamic
and static.The dynamicmethods require the actual execution
of the PUT and metaheuristic (MHS) [7] methods such as
simulated annealing (SA) [8] and genetic algorithm (GA) [9]
are very popular.They can generate test data with appropriate
fault-prone ability [10, 11], but their slow convergence speed
makes the process of generating test data quite long. Recently,
particle swarm optimization (PSO) [12–14] has become a
hot research topic due to its convenient implementation and
faster convergence speed.

The static methods utilize techniques including symbolic
execution [15, 16] and interval arithmetic [17, 18] to analyze
the PUT without executing it. The process of generating
test data is definite with relatively less cost. They abstract
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the constraints to be satisfied and propagate and solve these
constraints to obtain the test data. Due to their precision in
generating test data and the ability to prove that some paths
are infeasible, the static methods have been widely studied by
many researchers. DeMillo and Offutt [19] proposed a fault-
based technique that used algebraic constraints to describe
test data designed to find particular types of faults. Gotlieb et
al. [20] introduced “static single assignment” into a constraint
system and solved the system. Cristian et al. from Stan-
ford University proposed a symbolic execution tool named
KLEE [21] and employed a variety of constraint solving
optimizations. They represented program states compactly
and used searching heuristics to reach high code coverage.
In 2013, Yawen et al. [22] proposed an interval analysis
algorithm using forward dataflow analysis. But no matter
what techniques are adopted the static methods require a
strong constraint solver.

Aiming at constructing an efficient constraint processing
engine, this paper proposes a new method for static test data
generation based on the abstractmemorymodel (AMM) [23]
in Code Test System (CTS) (http://ctstesting.cn/), which tests
real-world programs written in C programming language.
AMM underlying automatic test data generation maintains
a table of memory states and the constraints related to the
structure of the data types can be represented by the table.

Following are the main contributions of this paper. The
problem of path-wise test data generation (𝑄) is defined as
a constraint optimization problem (COP), which is often
solved by searching strategies. We introduce two algorithms
in artificial intelligence to form a hybrid intelligent search
method to solve 𝑄. Branch and bound is used as the global
searchmethod, which gives definite results with relatively less
cost. Hill climbing is utilized as the local searchmethodwhen
searching for a fixed value for a specified variable. Specifically,
the initial value selection in the process of hill climbing is
based on the heuristic analysis of themonotonicity of branch-
ing conditions. In order to facilitate the search methods, the
solution space is represented as state space.

The rest of this paper is organized as follows. The back-
ground underlying our research is introduced in Section 2.
The problem 𝑄 is reformulated as a COP and the solution
is presented in Section 3. Section 4 illustrates the proposed
hybrid search algorithm and an efficient variable ordering
algorithm. Section 5 describes the local search algorithm hill
climbing in detail. A case study is provided in Section 6 to
thoroughly explain how the hybrid search algorithm works.
Section 7 makes experimental analyses and empirical evalu-
ations on the proposed algorithm and coverage comparison
with some currently existing test data generation methods.
Section 8 concludes this paper and highlights directions for
future research.

2. Background

State space search [24, 25] is a process in which successive
states of an instance are considered, with the goal of finding
a final state with a desired property. Problems are normally
modeled as a state space, a set of states that a problem can
be in. The set of states forms a graph where two states are

connected if there is an operation which can be performed
to transform the first state into the second. State space search
characterizes problem solving as the process of finding a
solution path from an initial state to a final state. In state
space search, the nodes of the search tree are corresponding
to partial problem solution and the arcs are corresponding to
steps in a problem-solving process. State space search differs
from traditional search methods because the state space is
implicit; the typical state space is too large to generate and
store in memory. Instead, nodes are generated as they are
explored and typically discarded thereafter.

Branch and bound (BB) [26, 27] is an efficient back-
tracking algorithm for searching the solution space of a
problem and a common search technique to solve opti-
mization problems. The advantage of the BB strategy lies in
alternating branching and bounding operations on the set of
active and extensive nodes of a search tree. Branching refers
to partitioning of the solution space (generating the child
nodes); bounding refers to lowering bounds used to construct
a proof of feasibility without exhaustive search (evaluating the
cost of new child nodes).

Hill climbing (HC) [28, 29] is a comparatively simple local
search algorithm that works to improve a single-candidate
solution, starting from a randomly selected starting point.
From the current position, the neighboring search space is
investigated. If a better candidate solution is found, the search
moves to that point which replaces the current solution. The
neighborhood of the new solution is then investigated. If a
better solution is found, the current solution is replaced again
and the process continues, until no improved neighbors can
be found for the current solution. The search conducted by
hill climbing relies on the starting point very much. This
progressional improvement is like climbing a hill in the
“landscape” of an objective function. In this landscape, the
peak signifies a solution with the locally optimal objective
values.

Interval arithmetic is an important static testing tech-
nique, which represents each value as a range of possibilities.
An interval is a continuous range in the form of [min,
max], while a domain is a set of intervals. A fixed value
for a variable is represented as an interval with min equal
to max, for example, [5, 5]. Interval arithmetic has a set
of arithmetic rules defined on intervals. It analyzes and
calculates the ranges of variables starting from the entrance
of the program and provides precise information for further
program analysis efficiently and reliably. Let two intervals
be 𝑋 = [𝑥, 𝑥] and 𝑌 = [𝑦, 𝑦]; some basic rules used for
explanation in this paper are listed below.

(i) 𝑋 + 𝑌 = [𝑥 + 𝑦, 𝑥 + 𝑦];

(ii) 𝑋 − 𝑌 = [𝑥 − 𝑦, 𝑥 − 𝑦];

(iii) 𝑋 ∩ 𝑌 = [max(𝑥, 𝑦),min(𝑥, 𝑦)];

(iv) 𝑋 ∪ 𝑌 = [min(𝑥, 𝑦),max(𝑥, 𝑦)], if𝑋 ∩ 𝑌 ̸= ⌀.
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3. Reformulation of Path-Wise
Test Data Generation

This section addresses the reformulation of path-wise test
data generation. Problem definition and its solution are
presented in Sections 3.1 and 3.2, respectively.

3.1. Problem Definition. Many forms of static test data gener-
ation make reference to the control flow graph (CFG) of the
PUT [30]. In this paper, a CFG for a program 𝑃 is a directed
graph 𝐺 = (𝑁, 𝐸, 𝑖, 𝑜), where𝑁 is a set of nodes, 𝐸 is a set of
edges, and 𝑖 and 𝑜 are respective unique entry and exit nodes
to the graph. Each node 𝑛 ∈ 𝑁 is a statement in the program,
with each edge 𝑒 = (𝑛𝑟, 𝑛𝑡) ∈ 𝐸 representing a transfer of
control from node 𝑛

𝑟
to node 𝑛

𝑡
. Nodes corresponding to

decision statements such as ifstatements are branching nodes.
Outgoing edges from these nodes are referred to as branches.
A path through a CFG is a sequence 𝑝 = (𝑛

1
, 𝑛
2
, . . . , 𝑛

𝑞
),

such that for all 𝑟, 1 ≤ 𝑟 < 𝑞, (𝑛
𝑟
, 𝑛
𝑟+1
) ∈ 𝐸. A path 𝑝 is

regarded as feasible if there exists a program input for which
𝑝 is traversed, otherwise 𝑝 is regarded as infeasible. Then the
problem 𝑄 can be reformulated as a COP [31] as follows. 𝑋
is a set of variables {𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
}, 𝐷 = {𝐷

1
, 𝐷
2
, . . . , 𝐷

𝑛
} is a

set of domains, and 𝐷
𝑖
∈ 𝐷 (𝑖 = 1, 2, . . . , 𝑛) is a finite set of

possible values for 𝑥
𝑖
. For each path, 𝐷 is defined based on

the variables’ acceptable ranges. One solution to the problem
is a set of values to instantiate each variable inside its domain
denoted by {𝑥

1
→ 𝑉
1
, 𝑥
2
→ 𝑉
2
, . . . , 𝑥

𝑛
→ 𝑉
𝑛
}, 𝑉
𝑖
∈ 𝐷
𝑖
to

make path 𝑝 feasible. To be specific, each constraint defined
by the PUT along 𝑝 should be satisfied. In static analysis,
the feasibility of a path is judged by the result of interval
arithmetic. In this paper, the paths in the examples that we
use are all feasible for the convenience of explanation, but
our work also involves the detection of infeasible paths in the
process of generating test data.

An example with a program test and its correspond-
ing CFG is shown in Figure 1, where if out 6, if out 7,
if out 8, if out 9, and exit 10 are dummy nodes. Adopt-
ing branch coverage, there are five paths to be traversed,
namely, Path1: 0→ 1→ 9→ 10, Path2: 0→ 1→ 2→ 8→ 9→
10, Path3: 0→ 1→ 2→ 3→ 7→ 8→ 9→ 10, Path4: 0→ 1→
2→ 3→ 4→ 6→ 7→ 8→ 9→ 10, and Path5: 0→ 1→ 2→
3→ 4→ 5→ 6→ 7→ 8→ 9→ 10. The numbers along the
paths denote nodes rather than edges of the CFG. Assum-
ing Path5 is the path to be traversed as shown in bold,
see Figure 1, our work is to select 𝑉 = {𝑉

1
, 𝑉
2
} from {𝐷

1
, 𝐷
2
}

for 𝑥1 and 𝑥2, so that when executing test using {𝑥1 →

𝑉
1
, 𝑥2 → 𝑉

2
} as an input, the path traversed is Path5. There

are four branching nodes if head 1, if head 2, if head 3, and
if head 4 along Path5 and four corresponding branches T 1,
T 2, T 3, and T 4 that contain the constraints to be met.

3.2. Solution to the Problem. A COP is generally solved by
search algorithms [32], which may be global or local. To date,
there has been no theoretical analysis that characterizes the
types of search methods (global or local) to be effective for
path-wise test data generation as a COP. Global search aims
to overcome the problem of local optimum in the search
space and can thereby find more globally optimal solutions.

Local search may become trapped in local optimum within
the solution space, but can be far more efficient for simpler
problems. In software testing, global search may achieve
better coverage than local search, but at the cost of greater
computational effort. However, Harman and McMinn [11]
revealed that local search can be very effective and efficient,
but there remain problems for which global search is the only
technique that can successfully achieve coverage. The strong
performance of local search, coupled with the necessity to
retain global search for optimal effectiveness, naturally points
to the consideration of hybrid search techniques. In view of
that, we present a hybrid intelligent search method BB-HC,
combining two search methods branch and bound and hill
climbing. Andwe also try to heuristically find a better starting
point to improve the search efficiency, rather than selecting a
random value.

During the search process, variables are divided into three
sets: past variables (short for PV, already instantiated), cur-
rent variable (now being instantiated), and future variables
(short for FV, not yet instantiated). In addition, although the
experiments were carried out on programs of different data
types, integer variables are used as example in the following
algorithms in order to simplify the explanations.

4. The Hybrid Search Strategies

This section proposes the framework of the hybrid search.
Specifically, the representation of state space search is
described in detail in Section 4.1, which is followed by the
hybrid intelligent search algorithm in Section 4.2. And the
dynamic ordering algorithm in the hybrid search algorithm
is explained in Section 4.3.

4.1. The Representation of State Space Search. The state space
is a quadruple (𝑆, 𝐴, 𝐼, 𝐹), where 𝑆 is a set of states, 𝐴 is a set
of arcs or connections between the states that correspond to
the steps or operations of the search at different states, 𝐼 is a
nonempty subset of 𝑆denoting the initial state of the problem,
and 𝐹 is a nonempty subset of 𝑆 denoting the final state of the
problem.

A state is a quintuple (Precursor, Variable,Domain,Value,
and Type). Precursor provides a link to the previous state;
Variable = 𝑥

𝑖
∈ 𝑋 (𝑖 = 1, 2, . . . , 𝑛) is the current variable;

Domain = 𝐷
𝑖
∈ 𝐷 in the form of [min, max] is the set of

possible values that may be selected to instantiate Variable;
Value = 𝑉

𝑖
∈ 𝐷
𝑖
is a value selected fromDomain; Typemarks

the type of state which might be active, extensive, or inactive.
State space search is all about finding one final state in

a state space (which may be extremely large). Final means
that every variable has been instantiated with a definite value
successfully. At the start of the search Precursor is null, and
when Variable is null the search ends.The pathmade up of all
the extensive nodes in the search treemakes the solution path.
The process of generating test data for path 𝑝 takes the form
of state space search. The state space needs to be searched to
find a solution path from an initial state to a final state.We can
decide where to go by considering the possible moves from
the current state and trying to look ahead.
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if out 7
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printf(“Solved!”);
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if(x1 > x2)

if(x1 >= 0)

if(x1 − x2 == 20)

void test(int x1, int x2)

if(x1 + x2 == 100)

Figure 1: Program test and its corresponding CFG.
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Figure 2: Overview of BB-HC for searching the test data.

4.2. The Hybrid Intelligent Search Algorithm. The idea of
our algorithm is to extend partial solutions. At each stage,
a variable in FV is selected and assigned a value from its
domain to extend the current partial solution. Hill climbing
evaluates whether such an extension may lead to a possible
solution of the COP and prunes subtrees containing no
solutions based on the current partial solution. Some relevant
concepts in this paper are described in Table 1.

The overview of our approach can be seen from Figure 2.
The path to be traversed is shown in the left part, where
the circles represent nodes and the arrows represent edges
of the CFG. The path contains the constraints to be met, the
set of input variables, and the domains corresponding to the
variables.Then BB-HCworks to generate the test data. All the
variables in FV are permutated by DVO (see Section 4.3) to
form a queue and its head𝑥

1
is determined as the first variable

to be instantiated. Next PTC (see Section 5.1) calculates path
tendency for each variable and IDC (see Section 5.1) reduces
the domain 𝐷

1
in which the initial value 𝑉

1
is selected for

𝑥
1
. With all these, the initial state is constructed as (null,

𝑥
1
, 𝐷
1
, 𝑉
1
, active), which is also the current state 𝑆cur. Then

the hill climbing (see Section 5.2) process begins for 𝑥
1
. For

brevity, our following explanation refers to the hill climbing
process for each 𝑥

𝑖
in FV, and 𝑖 is the sequential number of

the current variables 𝑥
𝑖
. But it is only by the DVO following

a successful HC that variable 𝑥
𝑖
can be determined (except

𝑥
1
). Accordingly, 𝐷

𝑖
and 𝑉

𝑖
are the domain and value of the

current variable 𝑥
𝑖
.

Hill climbing utilizes interval arithmetic to judge whether
𝑉
𝑖
for 𝑥
𝑖
leads to a conflict or not. If not, the peak of

the hill is reached with 0 as the objective value, and the
type of 𝑆cur is changed into extensive, which means the
hill climbing process ends for 𝑥

𝑖
, and DVO for the next

variable will begin. But if a conflict is detected, we will
calculate the objective function and reduce the domain of
𝑥
𝑖
(𝐷
𝑖
) according to its return value. After selecting a new

𝑉
𝑖
from reduced 𝐷

𝑖
, interval arithmetic again will help to

judge whether this 𝑉
𝑖
leads to a conflict. In summary, the

hill climbing process ends with two possibilities. One is that
it finally finds the optima for 𝑥

𝑖
and reaches the peak of the

hill, so the type of 𝑆cur is changed to extensive indicating that
the local search for 𝑥

𝑖
ends and DVO for the next variable

will begin. The other is that it fails to find the optima for
𝑥
𝑖
and there is no more search space, so the type of 𝑆cur is

changed to inactive indicating that the local search for 𝑥
𝑖

ends and backtracking is inevitable. BB-HC ends when the
hill climbing processes for all the variables succeed and there
is no more variables to be permutated. And the test data is
the output of BB-HC as shown in the right part of Figure 2.
The above mentioned search process is described by pseudo-
codes as shown in Algorithm 1.

4.3. Dynamic Variable Ordering. In practice, the chief goal
in designing variable ordering heuristics is to reduce the size
of the overall search tree. In our method, the next variable
to be instantiated is selected to be the one with the minimal
remaining domain size (the size of the domain after removing
the values judged to be infeasible), because this canminimize



Mathematical Problems in Engineering 5

Table 1: Some methods and their description used in this paper.

Name Description
BB-HC The proposed hybrid intelligent algorithm combining BB and HC
Dynamic variable ordering (DVO) To permutate FV and return a variable to be instantiated

Path tendency calculation (PTC) To calculate the path tendencies of all variables along the path, which will be used to calculate the
domains in which their initial values are selected

Initial domain calculation (IDC) To calculate the domain of a variable in which its initial value is selected according to its path
tendency calculated by PTC

Hill-climbing To judge whether a fixed value for a certain variable leads to a conflict or not by interval
arithmetic and calculate the corresponding objective function

Input 𝑝: the path to be traversed
Output 𝑟𝑒𝑠𝑢𝑙𝑡{𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 → 𝑉𝑎𝑙𝑢𝑒}: test data making 𝑝 feasible
Begin
(1) result← null;
(2) call Algorithm 2. Dynamic variable ordering;
(3) call Algorithm 3. Path tendency calculation;
(4) call Algorithm 4. Initial domain calculation;
(5) 𝑉
𝑖
← select(𝐷

𝑖
);

(6) initial state← (null, 𝑥
𝑖
,𝐷
𝑖
, 𝑉
𝑖
, active);

(7) 𝑆cur ← initial state;
(8) while (𝑥

𝑖
̸= null)

(9) call Algorithm 5. Hill climbing;
(10) if (𝑆cur = (Pre, 𝑥

𝑖
,𝐷
𝑖
, 𝑉
𝑖
, inactive))

(11) Pre← 𝑆cur;
(12) 𝑆cur ← (Pre, 𝑥

𝑖
,𝐷
𝑖
, 𝑉
𝑖
, active);

(13) PV ← PV − {𝑥
𝑖
};

(14) else 𝑟𝑒𝑠𝑢𝑙𝑡 ← 𝑟𝑒𝑠𝑢𝑙𝑡 ∪ {𝑥
𝑖
→ 𝑉
𝑖
};

(15) FV ← FV − {𝑥
𝑖
};

(16) PV ← PV + {𝑥
𝑖
};

(17) call Algorithm 2. Dynamic variable ordering;
(18) call Algorithm 4. Initial domain calculation;
(19) 𝑉

𝑖
← select(𝐷

𝑖
);

(20) 𝑆cur ← (Pre, 𝑥
𝑖
,𝐷
𝑖
, 𝑉
𝑖
, active);

(21) final state← 𝑆cur;
(22) return result;
End

Algorithm 1: BB-HC.

the size of the overall search tree.The technique to break ties is
important, as there are often variables with the same domain
size. We use variables’ ranks to break ties. In case of a tie, the
variable with the higher rank is selected. This method gives
substantially better performance than picking one of the tying
variables at random. Rank is defined as follows.

Definition 1. Assuming that there are 𝑘 branches along a path,
the rank of a branch (𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

) (𝑎 ∈ [1, 𝑘]) marks its level in
the sequence of the branches, denoted by rank(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

).

The rank of the first branch is 1, the rank of the second
one is 2, and the ranks of those following can be obtained
analogously. The variables appearing on a branch enjoy the
same rank as the branch. The rank of a variable on a branch
where it does not appear is supposed to be infinity. As a

variable may appear on more than one branch, it may have
different ranks. The rule to break ties according to the ranks
of variables is based on the heuristics from interval arithmetic
that the earlier a variable appears on a path, the greater
influence it has on the result of interval arithmetic along the
path. Therefore, if the ordering by rank is taken between a
variable that appears on the branch (𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

) and a variable
that does not, then the former has a higher rank. That is
because on the branch (𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

), the former has rank 𝑎

while the latter has rank infinity. The comparison between
𝑎 and infinity determines the ordering. The algorithm is
described by pseudo-codes as shown in Algorithm 2.

Quicksort is utilized when variables are permutated
according to remaining domain size and returns 𝑄

𝑖
as the

result. If no variables have the same domain size, then DVO
returns the head of 𝑄

𝑖
(𝑥
𝑖
). But if there are variables whose
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Input FV: the set of future variables
𝐷
𝑖
: the domain of 𝑥

𝑖
(𝑥
𝑖
∈ FV)

(𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑎 ∈ [1, 𝑘]): 𝑘 branches along the path
Output 𝑥

𝑖
: the selected variable to be next instantiated

Begin
(1) 𝑄
𝑖
← quicksort(FV, 


𝐷
𝑖





);

(2) for 𝑖 → 1 : |𝑄
𝑖
|

(3) if (|𝐷
𝑖
| ̸= |𝐷

𝑗
|)(𝑗 > 𝑖; 𝑥

𝑖
, 𝑥
𝑗
∈ 𝑄
𝑖
)

(4) break;
(5) else for (𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑎 ∈ [1, 𝑘])
(6) if (rank(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑖
) = rank(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑗
))

(7) a++;
(8) else permutate 𝑥

𝑖
, 𝑥
𝑗
by rank(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

);
(9) break;
(10) 𝑥

𝑖
← head (𝑄

𝑖
);

(11) return 𝑥
𝑖
;

End

Algorithm 2: Dynamic variable ordering.

domain sizes are the same as that of the head of 𝑄
𝑖
, then the

ordering by rank is under way, which will terminate as soon
as different ranks appear.

5. Hill Climbing

Hill climbing is the focus of this section, and it is used to judge
whether a fixed value𝑉

𝑖
for the current variable𝑥

𝑖
makes path

𝑝 feasible. In other words, a certain 𝑉
𝑖
that makes 𝑝 feasible

is the peak that we are trying to search for 𝑥
𝑖
.

5.1. Initial Value Selection. Initial values of variables are of
great importance to a search algorithm. On the one hand,
in a backtrack-free search, the initial value of a variable is
almost part of the solution.On the other hand, the selection of
initial values affects whether the searchwill be backtrack-free.
Initial values are often selected at random in MHS methods,
which return different test data each time allowing diversity,
but randomness without any heuristics is characterized by
blind search, which causes too many iterations. Meanwhile
midvalues are selected in methods using bisection, so it is
obvious that sometimes the same result may be returned
since the same initial value is always selected. In our method,
the above two methods are combined, and the initial value
of a variable is determined based on its path tendency
(see Definition 3). First we give the definition of branching
condition.

Definition 2. Let B be the set of Boolean values
{𝑡𝑟𝑢𝑒, 𝑓𝑎𝑙𝑠𝑒}, 𝐷

𝑖
be the domain of the variable in question

(𝑥
𝑖
), the branching condition Br(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑖
) : 𝐷
𝑖
→ 𝐵

where 𝑛
𝑞𝑎

is a branching node is defined as the following
formula:

Br (𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

) (𝑥
𝑖
) : 𝐷
𝑖
→ 𝐵 = (𝑎

𝑖
𝑥
𝑖
+∑

𝑗 ̸=𝑖

𝑎
𝑗
𝑥
𝑗
) rel 𝑐, (1)

where rel is a relational operator, 𝑎
𝑖
, 𝑎
𝑗
, and 𝑐 are constants,

and ∑
𝑗 ̸=𝑖
𝑎
𝑗
𝑥
𝑗
is the linear combination of the variables

except 𝑥
𝑖
and is regarded as a constant. Then we can design

the value selection strategies, starting from the monotonic
relation between the branching condition and 𝑥

𝑖
. Mono-

tonicity describes the behavior of a function in relation to
the change of the input. It gives an indication whether the
output of the function moves in the same direction as the
input or in the reverse direction. If a branching condition is
decomposed into its basic functions, then the monotonicity
of the branching condition as a function can be known, and
in turn the direction in which the input needs to be moved
to make the function true can be determined. Following is
the definition that is used for the initial value selection of
variables.

Definition 3. Path Tendency ∈ {positive, negative} is an
attribute of a variable on a path, which is in favor of the
satisfaction of all the branching conditions along the path.
And it provides the information about where to select its
initial value. Positive implies that a larger initial value will
work better, while negative implies that a smaller initial value
is better.

The calculation of the path tendency of a variable
𝑥
𝑖
involves the calculation of its weight on each branch
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(𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

) (𝑎 ∈ [1, 𝑘]) and its path weight, denoted by 𝑤
𝑖

(𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

) and 𝑝𝑤
𝑖
, which are calculated by formula (2) and

formula (3), respectively. Consider

𝑤
𝑖
(𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

)

=

{
{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{
{

{





𝑎
𝑖










𝑎
𝑖





+ ∑
𝑗 ̸=𝑖






𝑎
𝑗







, if Br (𝑥
𝑖
) (𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

)

is monotonically increasing,

−





𝑎
𝑖










𝑎
𝑖





+ ∑
𝑗 ̸=𝑖






𝑎
𝑗







, if Br (𝑥
𝑖
) (𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

)

is monotonically decreasing,
(2)

𝑝𝑤
𝑖
=

𝑘

∑

𝑎=1

𝑤
𝑖
(𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

) . (3)

Path tendency calculation (PTC) gleans the path ten-
dency of each variable with 𝑝𝑤

𝑖
. Subsequently, initial domain

calculation (IDC) works on the result of PTC. In this way,
the initial value selection takes diversity and heuristics into
account. The algorithms are expressed by pseudo-codes
as shown in Algorithms 3 and 4.

5.2. The Hill-Climbing Process. This part focuses on the
process where interval arithmetic judges whether the value
assigned to a variable leads to a conflict or not.The calculating
process is illustrated in Figure 3. Interval arithmetic first
receives 𝑉

𝑖
, the value of the current variable 𝑥

𝑖
, which is

part of the domain of all variables before evaluating the first
branching condition (denoted by 𝐷1) (𝑉

𝑖
= [𝑉
𝑖
, 𝑉
𝑖
] ∈ 𝐷

1).
For the 𝑘 branching nodes along the path, all the 𝑘 branching
conditions should be true to make the path feasible if 𝑝
is traversed with 𝐷

𝑖
. The value of the branching condition

Br(𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑖
) (𝑎 ∈ [1, 𝑘]) depends on two factors: (1)

𝐷
𝑎, which is the domain of all variables that satisfies all

the 𝑎 − 1 branching conditions ahead and will be used as
input for the calculation of the 𝑎th branching condition; (2)
𝐷
𝑎, which is the result when calculating Br(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑖
)

with 𝐷𝑎 which satisfies the 𝑎th branching condition. To be
specific, according to Definition 1, since Br(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑖
)

is in essence a relational expression, we can calculate the
domain of each variable based on the specific form of the
expression. 𝐷𝑎 ∩ 𝐷𝑎 ̸= ⌀ means that 𝐷𝑎 ∩ 𝐷𝑎 satisfies all
the 𝑎 − 1 branching conditions ahead and the 𝑎th branching
condition, ensuring that interval arithmetic can continue to
calculate the remaining branching conditions.

In this process, if Br(𝑛
𝑞ℎ
, 𝑛
𝑞ℎ+1

)(𝑥
𝑖
) = false (1 ≤ ℎ ≤ 𝑘),

which means a conflict is detected, then interval arithmetic is
aborted, the reduction of 𝐷

𝑖
is carried out according to the

result of the corresponding objective function, a new 𝑉
𝑖
is

selected from the reduced domain𝐷
𝑖
, and interval arithmetic

will restart to judge whether 𝑉
𝑖
causes a conflict. The above

procedure is like climbing a hill. Formula (4) is defined
to calculate the objective function 𝐹(𝑉

𝑖
), where ∑𝑘

𝑎=1
(𝐷
𝑎
∩

𝐷
𝑎
)(𝑥
𝑖
) is the value that is calculated according to values of

𝐷
𝑎 and𝐷𝑎 at each branch and is a definite value. Consider

𝐹 (𝑉
𝑖
) = 𝑉
𝑖
−

𝑘

∑

𝑎=1

(𝐷
𝑎
∩ 𝐷
𝑎
) (𝑥
𝑖
) . (4)

𝐹(𝑉
𝑖
) = 0 implies that there is no conflict detected and

𝑉
𝑖
is the value judged to be appropriate for 𝑥

𝑖
. Otherwise 𝐷

𝑖

will have to be reduced according to the return value of 𝐹(𝑉
𝑖
).

In the procedure of hill-climbing, the absolute value of 𝐹(𝑉
𝑖
)

will approximate more closely to 0, which is the objective or
the peak of the hill. The algorithm is shown by pseudo-codes
as shown in Algorithm 5.

When interval arithmetic fails, 𝐹(𝑉
𝑖
) provides both the

upper and the lower bounds of 𝐷
𝑖
for its reduction, deter-

mined by the sign and absolute value of 𝐹(𝑉
𝑖
), respectively.

Since the reduction is taken in two directions, the efficiency
of the algorithm is improved greatly.

6. Case Study

In this section, the problem mentioned in Section 3.1 is used
as an example to explain how BB-HC works. The path to be
traversed is Path5 as shown in bold in Figure 1. We choose
this example, because the constraints along the path are very
strict for two variables. It is very obvious that {𝑥1 → 60, 𝑥2 →

40} is the only one solution to the corresponding COP. For
simplicity, the input domains of both variables are set [1,
100] with the size 100. The path tendency of each variable
is calculated by PTC as shown in Table 2. DVO serves to
determine the first variable to be instantiated as shown in
Table 3, which is 𝑥1 highlighted in bold. On determining
𝑥1 to be the current variable, an initial value needs to be
selected from [1, 100]. The retrieval of path tendency map by
IDC returns positive for 𝑥1, indicating that a larger value will
perform better and 70 is selected.

The calculating process of 70 for 𝑥1 is decomposed in
Figure 4, and 70 is judged not to be a solution for 𝑥1 or not
the peak of the hill corresponding to 𝑥1, so it is required to
calculate the objective function to determine the next search
step.

Since it is the fourth branchwhere the conflict is detected,
by 𝐹(70) = 70 − ∑4

ℎ=1
(𝐷
ℎ
∩ 𝐷
ℎ
)(𝑥1) = 20 > 0 we can reduce

the domain of 𝑥1 to [70 − 20 (50), 70 − 1 (69)], which is
much smaller than [1, 100]. So 70 for x1 is not a solution, but it
provides information for the next search step. Supposing that
55 is selected from [50, 69] for x1, then there is the calculating
process as shown in Figure 5.

Again a conflict is detected on the fourth branch. By
𝐹(55) = 55 − ∑

4

ℎ=1
(𝐷
ℎ
∩ 𝐷
ℎ
)(𝑥1) = −10 < 0 we can reduce

the domain of 𝑥1 to [55 + 1 (56), 55 + 10 (65)], which is
much smaller than [50, 69]. So 55 for 𝑥1 is not a solution,
but it provides information for the next search step. In the
same manner, we can select a value (e.g., 60) from [56, 65]
and calculate it as shown in Figure 6.

𝐹(60) = 60 − ∑
4

𝑎=1
(𝐷
𝑎
∩ 𝐷
𝑎
)(𝑥1) = 0 means that 60

is the peak of the hill that corresponds to 𝑥1, which starts
from 70. The hill-climbing calculation process is shown in
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Input FV: the set of future variables
𝑝𝑤
𝑖
: the path weight of variable 𝑥

𝑖
(𝑥
𝑖
∈ FV; 𝑖 = 1, 2, . . . , 𝑛)

Output 𝑃𝑎𝑡ℎ-𝑇𝑒𝑛𝑑𝑒𝑛𝑐𝑦{𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 → 𝑃𝑎𝑡ℎ𝑇𝑒𝑛𝑑𝑒𝑛𝑐𝑦}: a map used to store the path tendency of each variable
Begin
(1) Path-Tendency← null;
(2) foreach 𝑥

𝑖
∈ 𝐹𝑉

(3) if (𝑝𝑤
𝑖
> 0)

(4) 𝑃𝑎𝑡ℎ-𝑇𝑒𝑛𝑑𝑒𝑛𝑐𝑦 ← 𝑃𝑎𝑡ℎ-𝑇𝑒𝑛𝑑𝑒𝑛𝑐𝑦 ∪ {𝑥
𝑖
→ 𝑝𝑜𝑠𝑖𝑡𝑖V𝑒};

(5) else if (𝑝𝑤
𝑖
< 0)

(6) 𝑃𝑎𝑡ℎ-𝑇𝑒𝑛𝑑𝑒𝑛𝑐𝑦 ← 𝑃𝑎𝑡ℎ-𝑇𝑒𝑛𝑑𝑒𝑛𝑐𝑦 ∪ {𝑥
𝑖
→ 𝑛𝑒𝑔𝑎𝑡𝑖V𝑒};

(7) return Path-Tendency;
End

Algorithm 3: Path tendency calculation.

Input 𝐷
𝑖
= [min,max]: the domain of 𝑥

𝑖
before selecting its initial value

𝑃𝑎𝑡ℎ-𝑇𝑒𝑛𝑑𝑒𝑛𝑐𝑦{𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 → 𝑃𝑎𝑡ℎ𝑇𝑒𝑛𝑑𝑒𝑛𝑐𝑦}: a map used to store the path tendency of each variable
Output 𝐷

𝑖
: the domain of 𝑥

𝑖
in which its initial value is selected

Begin
(1) Path Tendency(𝑥

𝑖
)← retrieval of Path-Tendency;

(2) if (Path Tendency(𝑥
𝑖
) = positive)

(3) 𝐷
𝑖
← [(min +max)/2,max];

(4) else if (Path Tendency(𝑥
𝑖
)) = negative)

(5) 𝐷
𝑖
← [min, (min +max)/2];

(6) return 𝐷
𝑖
;

End

Algorithm 4: Initial domain calculation.

Input 𝐷
𝑖
: the current domain of 𝑥

𝑖

𝑉
𝑖
: the current value of 𝑥

𝑖

Output 𝑆cur: (Pre, 𝑥𝑖,𝐷𝑖, 𝑉𝑖, inactive) when hill climbing fails
𝑆cur: (Pre, 𝑥𝑖,𝐷𝑖, 𝑉𝑖, extensive) when hill climbing succeeds

Begin
(1) 𝐹(𝑉

𝑖
) ← 0;

(2) while (

𝐷
𝑖





> 1)

(3) for 𝑎 → 1 : 𝑘

(4) Br(𝑛
𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑖
) ← false;

(5) 𝐷
𝑎
← calculate Br(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑖
) with𝐷𝑎;

(6) if (𝐷𝑎 ∩ 𝐷𝑎 ̸= ⌀)
(7) Br(𝑛

𝑞𝑎
, 𝑛
𝑞𝑎+1

)(𝑥
𝑖
) ← 𝑡𝑟𝑢𝑒;

(8) 𝐷
𝑎+1

← 𝐷
𝑎
∩ 𝐷
𝑎;

(9) else 𝐹 (𝑉
𝑖
) ← 𝑉

𝑖
− ∑
𝑎

ℎ=1
(𝐷
ℎ
∩ 𝐷
ℎ
)(𝑥
𝑖
);

(10) break;
(11) if (𝐹(𝑉

𝑖
) = 0)

(12) 𝑆cur ← (Pre, 𝑥
𝑖
,𝐷
𝑖
, 𝑉
𝑖
, extensive);

(13) return 𝑆cur;
(14) else if (𝐹(𝑉

𝑖
) < 0)

(15) 𝐷
𝑖
← [𝑉

𝑖
+ 1, 𝑉

𝑖
+




𝐹 (𝑉
𝑖
)




];

(16) else 𝐷
𝑖
← [𝑉

𝑖
−




𝐹 (𝑉
𝑖
)




, 𝑉
𝑖
− 1];

(17) 𝑉
𝑖
← select(𝐷

𝑖
);

(18) 𝑆cur ← (Pre, 𝑥
𝑖
,𝐷
𝑖
, 𝑉
𝑖
, inactive);

(19) return 𝑆cur;
End

Algorithm 5: Hill climbing.
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D2 = D1 ∩ D̃
1
= ⌀≠

D3 = D2 ∩ D̃
2
= ⌀≠

Br(nq1, nq1+1)

Br(nq2, nq2+1)

Br(nqk, nqk+1)

Dk = Dk−1 ∩ D̃
k−1

= ⌀≠

Dk+1 = Dk ∩ D̃
k
= ⌀≠

D1

D1

2

Dk

̃

D̃

̃

...

(a)

D2 = D1 ∩ D̃

D̃

1
= ⌀≠

D3 = D2 ∩ D̃
2
= ⌀≠

Dh+1 = Dh ∩ D̃
h
= ⌀

Br(nq1, nq1+1)

Br(nq2, nq2+1)

Br(nqh, nqh+1)

Dh = Dh−1 ∩ D̃
h−1

= ⌀≠

2

h

D1

1

D̃

D̃

...

(b)

Figure 3: The conflict detecting process by interval arithmetic.

x1 + x2 = 100

D1 = {x1: [70, 70]; x2: [1, 100]}

x1 − x2 = 20

x1 > x2

x1 ≥ 0

D̃3 = {x1: [100, 100] − [1, 69

] = [7

1, 99]; x2: [100, 100] − [70, 70] = [30, 30]}

D̃4 = {x1: [20, 20] + [30, 30] = [50, 50]; x2: [70, 70] − [20, 20] = [50, 50]}

D5 = {x1: [70, 70] ∩ [50, 50] = ⌀; x2: [30, 30] ∩ [50, 50] = ⌀}

D̃1 = {x1: [70, 70]; x2: [1, 69]}

D2 = {x1: [70, 70] ∩ [70, 70] = [70, 70]; x2: [1, 100] ∩ [1, 69] = [1, 69]}

D̃2 = {x1: [70, 70]; x2: [1, 69]}

D3 = {x1: [70, 70]; x2: [1, 69] ∩ [1, 69] = [1, 69]}

D4 = {x1: [70, 70] ∩ [3  ] ∩ [

 ] = [3

1, 99 0, 70]; x2: [1, 69 30, 30] = [30, 30]}=

Figure 4: The calculating process of 70 for 𝑥1.

x1 + x2 = 100 D̃3 = {x1: [100, 100] − [1, 54] = [46, 99]; x2: [100, 100] − [5

−

5, 55] = [45, 45]}

D1 = {x1: [55, 55]; x2: [1, 100]}

x1 − x2 = 20

D4

D̃4

= {x1: [55, 55] ∩ [46, 99] = [55, 55]; x2: =[ 1, 54] ∩ [45, 45] = [4

] ]=

5, 45]}

x1 > x2

x1 ≥ 0

D2 = {x1: [55, 55] ∩ [55, 55] = [55, 55]; x2: [1, 100] ∩ [1, 54] = [1, 54]}

D̃2 = {x1: [55, 55]; x2 : [1, 54]}

D3 = {x1: [55, 55]; x2: [1, 54] ∩ [1, 54] = [1, 54]}

= {x1: [20, 20] + [45, 45 [65, 65]; x2: [55, 55 [20, 20] = [35, 35]}

D̃1 = {x1: [55, 55]; x2: [1, 54]}

D5 = {x1: [55, 55] ∩ [65, 65] = ⌀; x2: [45, 45] ∩ [35, 35] = ⌀}

Figure 5: The calculating process of 55 for 𝑥1.
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D1 = {x1: [60, 60]; x2: [1, 100]}

D2 = {x1: [60, 60] ∩ [60, 60] = [60, 60]; x2: [1, 100] ∩ [1, 59] = [1, 59]}

D̃2 = {x1: [60, 60]; x2: [1, 59]}

D3 = {x1: [60, 60]; x2: [1, 59] ∩ [1,

] ∩ [

59] = [1, 59]}

D̃3 = {x1: [100, 100] − [1, 59] = [41, 99]; x2: [100, 100] − [60, 60] = [40, 40]}

D4 = {x1: [60, 60] ∩ [41, 99 60,60]; x2: [1, 59 40, 40]

= [40, 40]}

= [4 ] = [ 0, 40]}

D5 = {x1: [60, 60] ∩ [60, 60]; x2: [40, 40] ∩ [40, 40]

x1 − x2 = 20

x1 ≥ 0

x1 > x2

x1 + x2 = 100

D̃1 = {x1: [60, 60]; x2: [1, 59]}

D̃4 = {x1: [20, 20] + [40, 40] = [60, 60]; x2: [60, 60] − [20, 20] = [40, 40]}

Figure 6: The calculating process of 60 for 𝑥1.

Table 2: PTC process for 𝑥1 and 𝑥2.

Branching
condition

Basic functions and
corresponding monotonicity

Monotonicity of branching
conditions Weight Path weight Path tendency

𝑥1 − 𝑥2 > 0

𝑓(𝑥1) = 𝑥1 − 𝑥2: increasing
𝑓(𝑥2) = 𝑥1 − 𝑥2: decreasing

𝑏1 = 𝑥1 − 𝑥2

𝑓(𝑏1 > 0): increasing

Br(𝑥1): increasing
Br(𝑥2): decreasing

w1 = 0.5
w2 = −0.5 pw1 = 1.5

pw2 = −0.5
{𝑥1 → positive,
𝑥2 → negative}

𝑥1 ≥ 0
𝑓(𝑥1) = 𝑥1: increasing
𝑓(𝑥1 ≥ 0): increasing Br(𝑥1): increasing w1 = 1

𝑥1 + 𝑥2 = 100 —
𝑥1 − 𝑥2 = 20 —

Table 3: DVO process for 𝑥1 and 𝑥2.

Ordering rule Condition for each variable Tie encountered? Ordering result
Domain size |𝐷1| = 100, |𝐷2| = 100 Yes (both have the same domain size)

x1 → 𝑥2Rank1 Rank1(x1) = 1, Rank1(x2) = 1 Yes (x1 and x2 both have Rank1)
Rank2 Rank2(x1) = 2, Rank2(x2) =∞ No (x1 has Rank 2 while x2 has infinity)

Table 4: The hill-climbing process for x1.

𝑉
1

𝐹(𝑉
1
) |𝐹(𝑉

1
)| Peak reached?

70 20 20 No
55 −10 10 No
60 0 0 Yes

Table 4. And since there is only one value 40 for 𝑥2, the search
succeeds with {𝑥1 → 60, 𝑥2 → 40}.

7. Experimental Analyses and
Empirical Evaluations

To observe the effectiveness of BB-HC, we carried out a large
number of experiments in CTS. Within the CTS framework,
the PUT is automatically analyzed, and its basic information
is abstracted to generate its CFG. According to the specified
coverage criteria, the paths to be traversed are generated
and provided for BB-HC as input. The experiments were

performed in the environment of Ubuntu 12.04 with 32-bits
Pentium 4 with 2.8GHz and 2GB memory. The algorithms
were implemented in Java and run on the platform of Java
Runtime Environment (JRE). The experiments include two
parts. Section 7.1 presents the performance evaluation on BB-
HC, and Section 7.2 tests the capability of BB-HC to generate
test data in terms of coverage and makes comparisons with
some currently existing static and dynamic methods.

7.1. Performance Evaluation. The number of variables and
the number of expressions (path constraints) [33, 34] are
two important factors that affect the performance of test
data generation methods. Hence, in this part, experiments
were carried out to evaluate the effectiveness of the initial
value selection strategy and the hill-climbing process for
varying numbers of input variables and varying numbers of
expressions, and we also paid attention to the number of
backtracking. Specifically, three methods were used: random
initial value and no hill climbing (RI&NHC), random initial
value and hill climbing (RI&HC), and heuristic initial value
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and hill climbing which is BB-HC. Due to the variety in
generation time for different cases, the axes of generation time
of both cases are normalized for simplicity.

7.1.1. Varying Number of Variables. The testing of the rela-
tionship between the performance of test data generation
methods and the number of variables was accomplished
by repeatedly running the three methods on generated
test programs having input variables 𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
, where 𝑛

varied from 1 to 50. Adopting statement coverage, in each
test, the program contained 50 if statements (equivalent to 50
branching conditions or 50 expressions along the path) and
there was only one path to be traversed of fixed length, which
was the one consisting of entirely true branches; that is, all
the branching conditions were the same as the corresponding
predicates. The expression of each if statement was a linear
combination of all the 𝑛 variables in the form of

[𝑎
1
, 𝑎
2
, . . . , 𝑎

𝑛
] [𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
]


𝑟𝑒𝑙 𝑜𝑝 const [𝑐] , (5)

where 𝑎
1
, 𝑎
2
, . . . , 𝑎

𝑛
were randomly generated numbers,

either positive or negative, 𝑟𝑒𝑙 𝑜𝑝 ∈ {>, ≥, <, ≤, =, ̸=}, and
const[𝑐] (𝑐 ∈ [1, 50]) was an array of randomly generated
constants within [0, 1000]. The randomly generated 𝑎

𝑖
and

const[𝑐] should be selected to make the path feasible. This
arrangement constructed the tightest linear relation between
the variables. In addition, we ensured that there was at
least one “=” in each program to test the equation solving
capability of the methods. The programs for various values
of 𝑛 ranging from 1 to 50 were each tested 50 times and the
average time required to generate the data for each test was
recorded. The results are presented in Figure 7.

It can be seen that the average generation time of BB-
HC is far less than RI&NHC and RI&HC. RI&NHC takes
the longest time. The points corresponding to RI&NHC and
RI&HC are not very regular, so we did not try to make
fitting curves for them. For BB-HC, it is clear that the
relation between average generation time and the number
of variables can be represented as a quadratic curve very
well and the quadratic correlation relationship is significant
at 95% confidence level with 𝑃 value far less than 0.05.
Besides, average generation time increases at a uniformly
accelerative speed as the increase of the number of variables.
The differentiation of average generation time indicates that
its increase rate rises by 𝑦 = 1.06𝑥 − 8.682 as the number of
variables increases. We can roughly draw the conclusion that
generation time is very close for 𝑛 ranging from 1 to 8, while
it begins to increase when 𝑛 is larger than 8. And according
to our statistics, the numbers of backtracking conducted by
BB-HCwere all 0 for all the 50 cases while those of the others
were not, so this search was completely backtrack-free.

7.1.2. Varying Number of Expressions. The testing of the
relationship between the performance of test data generation
methods and the number of expressions was accomplished
by repeatedly running the three methods on generated test
programs, each of which had 50 input variables. Adopting
statement coverage, in each test, the program contained
𝑢 (𝑢 ∈ [1, 50]) if statements (equivalent to 𝑢 branching

y = 0.53x2 − 8.682x + 44.06

R2 = 0.978
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Figure 7:The relationship between generation time and the number
of variables.

conditions or 𝑢 expressions) and there was only one path
with entirely true branches to be traversed; that is, all the
branching conditions were the same as the corresponding
predicates. The expression of each if statement was an
expression in the form of

[𝑎
1
, 𝑎
2
, . . . , 𝑎

50
] [𝑥
1
, 𝑥
2
, . . . , 𝑥

50
]


𝑟𝑒𝑙 𝑜𝑝 const [𝑢] , (6)

where 𝑎
1
, 𝑎
2
, . . . , 𝑎

50
were randomly generated numbers

either positive or negative, 𝑟𝑒𝑙 𝑜𝑝 ∈ {>, ≥, <, ≤, =, ̸=}, and
const[𝑢]was an array of randomly generated constantswithin
[0, 1000]. The randomly generated 𝑎V (V = 1, 2, . . . , 50)

and const[𝑢] should be selected to make the path feasible.
This arrangement constructed the strongest linear relation
between variables. In addition, we ensured that there was at
least one “=” in each program to test the equation solving
capability of the methods. The programs for various values
of 𝑢 ranging from 1 to 50 were each tested 50 times and the
average time required to generate the data for each test was
recorded. The results are presented in Figure 8.

It can be seen that the average generation time of BB-
HC is far less than RI&NHC and RI&HC. RI&NHC takes
the longest time. The points corresponding to RI&NHC and
RI&HC are not very regular, so we did not try to make
fitting curves for them. For BB-HC, it is clear that the average
generation time increases approximately linearly with the
number of expressions and the linear correlation relationship
is significant at 95% confidence level with𝑃 value far less than
0.05. As the increase of the number of expressions, average
generation time increases at an even speed. And according to
our statistics, the numbers of backtracking conducted by BB-
HC were all 0 for all the 50 cases while those of the others
were not, so this search was completely backtrack-free.

The above searches conducted by BB-HC were both
completely backtrack-free, which is encouraging. Surely there
are nonlinear constraints, which will sometimes cause back-
tracking. But according to statistical data [35, 36], nonlinear
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Table 5: The details of comparison with method 1.

Project Program Function Function
calls

Statement Branch MC/DC
AC by

method 1
AC by
BB-HC

AC by
method 1

AC by
BB-HC

AC by
method 1

AC by
BB-HC

Dell8i-2
atanl.c atan2l() 1 75% 100% 72% 100% 71% 100%

sinl.c sinl() 4 92% 92% 92% 97% 83% 87%
cosl() 4 87% 87% 91% 97% 82% 83%

Masscan ranges.c rangelist pick2 destroy() 1 50% 100% 60% 80% — 71%
string s.c memcasecmp() 2 50% 93.2% 50% 93.2% — 94.9%

y = 38.07x + 104.1

R2 = 0.971
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Figure 8:The relationship between average generation time and the
number of expressions.

constraints in real-world programs only account for a very
small proportion of program constraints, so BB-HC will be
useful for most of the cases. It is safe to conclude that BB-HC
functions are stably given a PUT of regular structure, which
lays a solid foundation for its application in engineering.

7.2. Coverage Evaluation. To evaluate the capability of BB-
HC to generate test data in terms of coverage, we used some
real-world programs to compare BB-HC with both static and
dynamic methods adopted in test data generation.

7.2.1. Comparison with a Static Method. This part presents
the results from an empirical comparison of BB-HC with
the static method [22] (denoted by “method 1” to avoid
verbose description), which was implemented in CTS prior
to BB-HC. Three of the test beds were from an engineering
project del18i-2 at http://www.moshier.net/ with numeric
data types and two were from a TCP port scanner Mass-
can at https://github.com/robertdavidgraham/masscan with
complex data types. The comparison adopted three coverage
criteria: statement, branch, and MC/DC. For each test bed,
the experiments were carried out 100 times and the average
coverage (AC) was used for comparison, that is, the average

of achieved coverage of all tests in 100 times.The details of the
comparison are shown in Table 5.

From Table 5, it can be seen that BB-HC reached higher
coverage thanmethod 1 formost of the cases as shown in bold.
That is largely due to the heuristic methods utilized in BB-
HC. Method 1 was unable to handle complex data types with
MC/DC as the coverage criterion. But it also shows that there
are some programs where BB-HC could not achieve 100%
coverage. By examining those programs, we found that there
are some logical operators that make the static analysis even
harder, thus resulting inmore difficulty in generating test data
for the paths containing them. To deal with such programs
will be part of our next work.

7.2.2. Comparison with PSO. This part presents results from
an empirical comparison of BB-HC with PSO, which is men-
tioned in Section 1 as a popular MHS method with relatively
fast convergence speed. Following is a brief introduction to
some parameters used in PSO.

Suppose the population size is 𝑠 in the 𝐷-dimensional
search space, a particle represents a potential solution. The
velocity 𝑉𝑑

𝑖
and position 𝑋𝑑

𝑖
of the 𝑑th dimension of the 𝑖th

particle can be updated by the following formulae:

𝑉
𝑑

𝑖
(𝑡) = 𝑤𝑉

𝑑

𝑖
(𝑡 − 1) + 𝑐

1
⋅ 𝑟
1
⋅ (𝑝best𝑑

𝑖
− 𝑋
𝑑

𝑖
(𝑡 − 1))

+ 𝑐
2
⋅ 𝑟
2
⋅ (𝑔best𝑑 − 𝑋𝑑

𝑖
(𝑡 − 1)) ,

𝑋
𝑑

𝑖
(𝑡) = 𝑋

𝑑

𝑖
(𝑡 − 1) + 𝑉

𝑑

𝑖
(𝑡) ,

(7)

where 𝑋
𝑖
= (𝑋

1

𝑖
, 𝑋
2

𝑖
, . . . , 𝑋

𝐷

𝑖
) is the position of the 𝑖th

particle, 𝑉
𝑖
= (𝑉
1

𝑖
, 𝑉
2

𝑖
, . . . , 𝑉

𝐷

𝑖
) is the velocity of particle 𝑖,

𝑝best𝑑
𝑖
is the personal best position found by the particle

assigned for dimension 𝑑, and 𝑔best𝑑 is the global best
position of dimension 𝑑. The parameters 𝑐

1
and 𝑐
2
are the

acceleration constants reflecting the weight of stochastic
acceleration terms that pull each particle towards 𝑝best and
𝑔best, respectively. 𝑟

1
and 𝑟

2
are random numbers in the

range [0, 1]. And a particle’s velocity on each dimension is
clamped to a maximum 𝑉max. Inertia weight 𝑤 is used to
balance the global and local search abilities and it controls the
impact of history on the new velocity. The parameter setting
in Table 6 is typical and customary for PSO and it is used for
our comparison.

We used three real-world programs, which are the well-
known benchmark programs and have been widely adopted
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Table 6: Parameter setting for PSO.

Parameter Value
Population size 30
Max generations 100
Inertia weight w Ranging from 0.2 to 1
Acceleration constants 𝑐

1
and 𝑐
2

𝑐
1
= 𝑐
2
= 2

Maximum velocity 𝑉max
Set according to the input space of the tested program, such as 𝑉max = 24 for the program

triangleType

Table 7: The details of comparison with PSO.

Program LOC Branches Variables Paths Description Source AC by PSO AC by BB-HC
triangleType 31 3 5 6 To classify type for a triangle Referring to [37] 99.88% 100%

cal 53 18 5 7
To calculate the number of days
between the two given days in
the same year

Referring to [38] 96.85% 100%

calDay 72 11 3 20 To calculate the day of the week Referring to [39] 97.35% 100%

by other researchers. And branch coverage was taken as the
adequacy criterion. For each test bed, the experiments were
carried out 100 times. The coverage achieved by the two
methods might be different each time and AC was used for
comparison. Table 7 shows the details of the test beds and the
comparison results.

Obviously BB-HC achieved 100% coverage as shown
in bold on all the three benchmark programs, which are
rather simple programs for BB-HC and it outperformed the
algorithm in comparison. Two factors contribute to the better
performance of BB-HC. One is that the initial values of
variables are selected by heuristics on the path, so BB-HC
reaches a relatively high coverage for the first round of the
search. The other is that BB-HC coordinates BB and HC
flexibly to make sure that solution can be found for each
variable efficiently.

8. Conclusion

The increasing demand of testing large-scale real-world
programs makes the automation of the testing process nec-
essary. In this paper, the problem of path-wise test data
generation (𝑄) which is a basic problem in software testing
is reformulated as a constraint optimization problem (COP),
and a hybrid intelligent algorithm BB-HC is presented to
solve it, hybridizing two search methods: branch and bound
(BB) and hill climbing (HC). BB is used as the global search
method and HC is dedicated to local search. They are highly
integrated by dynamic variable ordering (DVO) and the back-
tracking operation. With a heuristic rule to break ties, DVO
permutates variables to be instantiated. The monotonicity
analysis of branching conditions is applied in the selection
of the initial values by path tendency calculation (PTC)
and initial domain calculation (IDC). Starting from the
heuristically selected initial value, the process of determining
a fixed value for a specified variable resembles climbing a hill,
the peak of which is the value judged by interval arithmetic
that does not cause conflict. To facilitate the search procedure,

the solution space is represented as state space. Empirical
experiments were conducted to evaluate the performance
of BB-HC. The results show that it searches in a basically
backtrack-free manner for linear constraints, generates test
data on programs of complex structure and strong constraints
with promising performance, and outperforms some current
static and dynamic methods in terms of coverage. The
application of BB-HC in engineering proves its effectiveness.

Our future research will involve how to generate test
data to reach high coverage. The programs where BB-HC
did not achieve 100% coverage, especially, will be put more
emphases on. We will also study how coverage criteria, gen-
eration approach, and system structure jointly influence test
effectiveness. The effectiveness of the generation approach
continues to be our primary work.
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This paper presents a multiconstrained quality-of-service routing (QoSR) based on a differentially guided krill herd (DGKH)
algorithm in mobile ad hoc networks (MANETs). QoSR is a NP-complete and significant problem with immense challenges in
determining an optimum path that simultaneously satisfies various constraints in MANETs, where the topology varies constantly.
Various heuristic algorithms are widely used to solve this problem with compromise on excessive computational complexities
and/or low performance.This paper proposes a krill herd based algorithm called DGKH, where the krill individuals do not update
the position in comparison with one-to-one (as usual), but instead it uses the information from various krill individuals and
then searches to determine a feasible path. Experiment results on MANETs with different number nodes (routes) are considered
with three constraints which are maximum allowed delay, maximum allowed jitter, and minimum requested bandwidth. It is
demonstrated that the proposedDGKHalgorithm is an effective approximation algorithm exhibiting satisfactory performance than
the KHA and existing algorithms in the literature by determining an optimum path that satisfies more than one QoS constraint in
MANETs.

1. Introduction

Mobile ad hoc networks (MANETs) are class of wireless
communication networks without a fixed infrastructure. The
MANET nodes do not provide reliable services and QoS
(quality of service) guarantees as compared to other wireless
networks such as WiFi, WiMAX, GSM, and CDMA [1].
The QoS parameters to be guaranteed for multimedia group
communication are bandwidth, delay, packet loss rate, jitters,
and bandwidth-delay product. QoS is one of the significant
components to evaluate MANET performance since QoS
restricts the bounds on bandwidth, delay, bandwidth delay
product, jitter, and packet loss [2, 3]. The violation of
these parameters degrades the overall performance of an
application.

Its primary goal is to allocate network resources effi-
ciently while the different QoS requirements are satisfied
simultaneously. The QoS requirements can be classified into
link constraints (e.g., band width), path constraints (e.g.,
end to end delay), and tree constraints (e.g., delay-jitter).

The interdependency and confliction among multiple QoS
parameters, however, make the problem very difficult and
NP-complete [4, 5]. For the reason that the QoS multicast
routing problem is NP-complete, several heuristic algorithms
have been deployed to address this problem. For example,
simulated annealing (SA), a powerful global optimization
procedure, was utilized to solve theQoSRproblem [6].Unlike
other heuristic techniques SA involves single candidate to
search for the solution thatmake themethod inefficient while
solving large dimension problems.

Subsequently another powerful population based tech-
nique called genetic algorithms (GAs) has been engaged to
solve the QoSR problem [7–9]. GA assures a larger possi-
bility of locating a global optimum by starting with multi-
ple random search points and processing several candidate
solutions simultaneously. Perhaps, it is always criticized
that genetic algorithms encounters some faults such as lack
of local search ability, premature convergence, and slow
convergence speed. Similarly, due to the advent of swarm
intelligence theory, a category of stochastic search methods
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for solving optimization (GO) problems of NP nature, ant
colony optimization (ACO), and particle swarmoptimization
(PSO) is introduced.

Similar to GA, these two methods were also shown to
be efficient tools for solving the multicast routing problem
[10–13]. In [10, 11] theQoS-multiple constrained optimization
problem has been solved using ant colony optimization
(ACO) algorithm. Here the authors examined the degree and
delay-constrained broadcasting problem with minimum cost
using an ant colony-based algorithm. After simulations and
comparisons with previous ant algorithm, and to two GA-
based algorithms, the obtained results exhibited the best cost
but again with too long computation time.

Consequently PSO [12, 13] was also used to address
the QoSR problem. PSO can be easily implemented and
is computationally inexpensive, since its memory and CPU
speed requirements are low. PSO has been proved to be an
efficient approach for many optimization problems with its
fast convergence and simple steps to solve a problem. In spite
of these merits, a known fact that PSO has a severe drawback
in the update of its global best (gbest) particle, which has a
crucial role of guiding the rest of the particles, this leads to
overcoming better solutions in the course of search.

In row of these heuristics, another new metaheuristic
called Bees Life Algorithm (BLA) is proposed [14]. As one
of the specie colony optimization, BLA is considered as
a swarm intelligence algorithm and an approximate opti-
mization method which performs according to collaborative
individual behaviors in the population. But still like other
probabilistic optimization algorithms, BLA has inherent
drawback of premature convergence or stagnation that leads
to loss of exploration and exploitation capability. In line to
this, other heuristics like tabu search [15] and harmony search
algorithm [16] were proposed for QoSR with minimum
number of constraints.

In fact there is a growing body of literature in the
application of emerging heuristics to solve theNP-hardQoSR
problem.This paper proposes a krill herd based algorithm for
QoSR in MANETS. Krill herd algorithm (KHA) is a recently
developed powerful evolutionary algorithm proposed by
Gandomi and Alavi [17]. The KHA is based on the herding
behavior of krill individuals. Each krill individual modifies
its position using three processes, namely, (1) movement
induced by other individuals, (2) foraging motion, and (3)

random physical diffusion. The motion induced by other
individuals and foraging motion contain global and local
strategies, respectively, which make KHA a powerful tech-
nique.However, sometimes, KHA is unable to generate global
optimal solutions on some high-dimensional nonlinear opti-
mization problems.

Thus this paper proposes a differentially guided krill
herd (DGKH) algorithm where the krill individuals do not
update the position in comparisonwith one-to-one (as usual)
instead it uses the information from various krill individuals
and then searches to determine a feasible path. Thus the
induction stage uses the position information from various
krill individuals at random, making the search exhaustive,
and leads to quick search of better solutions.

The rest of the paper is organized as follows. In Section 2,
the problem statement of QoS routing problem in MANETS
is introduced. The overview of KHA is briefly explained
in Section 3 with description of the proposed differential
guiding mechanism. Section 4 presents the numerical exper-
iments with a standard QoS multicast routing problem. A
detailed discussion about the proposedmethod in theoretical
perspective is detailed in Section 5.The paper is concluded in
Section 6.

2. Problem Statement

Let 𝐺 = (𝑉, 𝐸) be an undirected graph representing the
network topology, where 𝑉 is the set of nodes and 𝐸 is the
set of links. The source node and the multicast destination
node set containing 𝑟 destinations are the routes for multicast
[18]. The end-to-end QoS requirements are expressed as
constraints from the source to the destinations and are given
by the following.

The delay (DL) is themaximumdelay along any branch of the
tree. A penalty is added if no link is found between two nodes.
Consider

𝐷 (𝑝 (𝑠, 𝑡)) = ∑
𝑒∈𝑝(𝑠,𝑡)

delay (𝑒) + ∑
𝑛∈𝑝(𝑠,𝑡)

delay (𝑛) . (1)

The bandwidth (BW) of the multicast tree is the average
bandwidth requirement of all the tree branches. Consider

𝐵 (𝑝 (𝑠, 𝑡)) = min (bandwidth (𝑒)) , 𝑒 ∈ 𝑝 (𝑠, 𝑡) . (2)

The delay-jitter (DJ) is the maximum delay variation along
any branch of the tree. Consider

DJ (𝑝 (𝑠, 𝑡)) = ∑
𝑒∈𝑝(𝑠,𝑡)

delay jitter (𝑒) + ∑
𝑛∈𝑝(𝑠,𝑡)

delay jitter (𝑛) .

(3)

The packet loss rate is the average packet loss along the tree
branches.The cutoff for PLR is set at 10%. If a branch is having
more than 10% packet loss, then a penalty is assigned, such
that the model tries to search a path less than 10% PLR:

PL (𝑝 (𝑠, 𝑡)) = 1 − ∏
𝑛∈𝑝(𝑠,𝑡)

(1 − packet loss (𝑛)) . (4)

The above QoS criteria have to be fulfilled with an objective
to minimize cost function of the multicast tree as given by

𝐶 (𝑇 (𝑠, 𝑀)) = ∑
𝑒∈𝑇(𝑠,𝑀)

cos 𝑡 (𝑒) + ∑
𝑛∈𝑇(𝑠,𝑀)

cos 𝑡 (𝑛) . (5)

Thus the QoS routing problem is formulated as an optimiza-
tion problem whose goal is to find a multicast tree 𝑇(𝑠, 𝑀)
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such that the cost function 𝐶(𝑇(𝑠, 𝑀)) is minimized subject
to the constraints as follows:

Minimize 𝐶 (𝑇 (𝑠, 𝑀))

s.t. D (𝑝 (𝑠, 𝑇)) ≤ QD

B (𝑝 (𝑠, 𝑇)) ≥ QB

DJ (𝑝 (𝑠, 𝑇)) ≤ QDJ

PL (𝑝 (𝑠, 𝑇)) ≤ QPL.

(6)

Subsequently the fitness function is defined as the sum of the
cost function and penalized constraints as follows:

Minimize 𝑓 (𝑇 (𝑠, 𝑀))

= 𝑓
𝑐

+ 𝜔
1
𝑓
𝑏

+ 𝜔
2
𝑓
𝑑

+ 𝜔
3
𝑓dj + 𝜔

4
𝑓pl,

(7)

where
𝑓
𝑐

= cos 𝑡 (𝑇 (𝑠, 𝑀)) ,

𝑓
𝑏

= ∑
𝑡∈𝑀

max {QB − B (𝑝 (𝑠, 𝑡)) , 0} ,

𝑓
𝑑

= ∑
𝑡∈𝑀

max {D (𝑝 (𝑠, 𝑡)) − QD, 0} ,

𝑓dj = ∑
𝑡∈𝑀

max {DJ (𝑝 (𝑠, 𝑡)) − QJ, 0} ,

𝑓pl = ∑
𝑡∈𝑀

max {PL (𝑝 (𝑠, 𝑡)) − QPL, 0} ,

(8)

where QD is delay constraint, QB is bandwidth constraint,
QDJ is delay-jitter constraint, and QPL is packet loss con-
straint. Also 𝜔

1
, 𝜔
2
, 𝜔
3
, 𝜔
4
, are the weights of bandwidth,

delay, delay-jitter, and packet loss, respectively. In the next
section, the solution methodology to solve the multicast QoS
routing problem is explained in detail.

3. Proposed Methodology

3.1. Krill Herd Algorithm: An Overview. Krill herd algorithm
(KHA) is a recently developed heuristic algorithm based on
the herding behavior of krill individuals. It has been first
proposed by Gandomi and Alavi [17]. It is a population based
method consisting of a large number of krill in which each
krill moves through a multidimensional search space to look
for food. In this optimization algorithm, the positions of
krill individuals are considered as different design variables
and the distance of the food from the krill individual is
analogous to the fitness value of the objective function.
In KHA, the individual krill alters its position and moves
to the better positions. The movement of each individual
is influenced by the three processes, namely, (i) induction
process, (ii) foraging activity, and (iii) random diffusion.
These operators are briefly explained and mathematically
expressed as follows.

(i) Induction. In this process, the velocity of each krill is
influenced by the movement of other krill individuals of the

multidimensional search space and its velocity is dynamically
adjusted by the local, target, and repulsive vector.The velocity
of the 𝑖th krill at the 𝑚th movements may be formulated as
follows [17]:

V𝑚
𝑖

= 𝛼
𝑖
Vmax
𝑖

+ 𝜔
𝑛
V𝑚−1
𝑖

, (9)

𝛼
𝑖
=

𝑁𝑆

∑
𝑗=1

[
𝑓
𝑖
− 𝑓
𝑗

𝑓
𝑤

− 𝑓
𝑏

×
𝑍
𝑖
− 𝑍
𝑗


𝑍
𝑖
− 𝑍
𝑗


+ rand (0, 1)

]

+ 2 [rand (0, 1) +
𝑖

𝑖max
] 𝑓

best
𝑖

𝑍
best
𝑖

,

(10)

where 𝑉max
𝑖

is the maximum induced motion; 𝑉𝑚
𝑖

and 𝑉𝑚−1
𝑖

are the inducedmotion of the 𝑖th krill at the𝑚th and (𝑚−1)th
movement; 𝜔

𝑛
is the inertia weight of the motion induced;

𝑓
𝑤
and 𝑓

𝑏
are the worst and the best position, respectively,

among all krill individuals, of the population; 𝑓
𝑖
, 𝑓
𝑗
are the

fitness value of the 𝑖th and 𝑗th individuals, respectively; 𝑁
𝑆

is the number of krill individuals surrounding the particular
krill; 𝑖 and 𝑖max are the current iteration and the maximum
iteration number.

A sensing distance (SDi) parameter is used to identify the
neighboring members of each krill individual. If the distance
between the two krill individuals is less than the sensing
distance, that particular krill is considered as neighbor of the
other krill. The sensing distance may be represented by [17]

SD
𝑖
=

1

5𝑛
𝑝

𝑛𝑝

∑
𝑘=1

𝑍𝑖 − 𝑍
𝑘

 , (11)

where 𝑛
𝑝
is the population size; 𝑍

𝑖
and 𝑍

𝑘
are the position of

the 𝑖th and 𝑘th krill, respectively.

(ii) Foraging Action. Each individual krill updates its foraging
velocity according to its own current and previous food
location. The foraging velocity of the 𝑖th krill at the 𝑚th
movement may be expressed by [17]

𝑉
𝑚

𝑓𝑖

= 0.02 [2 (1 −
𝑖

𝑖max
) 𝑓
𝑖

∑
𝑁𝑆

𝑘=1
(𝑍
𝑘
/𝑓
𝑘
)

∑
𝑁𝑆

𝑘=1
(1/𝑓
𝑘
)

+ 𝑓
best
𝑖

𝑋
best
𝑖

]

+ 𝜔
𝑥
𝑉
𝑚−1

𝑓𝑖

,

(12)

where 𝜔
𝑋
is the inertia weight of the foraging motion; 𝑉𝑚−1

𝑓𝑖

and𝑉𝑚
𝑓𝑖

are the foragingmotion of the 𝑖th krill at the (𝑚−1)th
and 𝑚 movement.

(iii) Random Diffusion. In KHA algorithm, in order to
enhance the population diversity, random diffusion process
is incorporated in krill individuals. This process maintains
or increases the diversity of the individuals during the whole
optimization process. The diffusion speed of krill individuals
may be expressed as follows [17]:

V𝑚
𝐷𝑖

= 𝜇Vmax
𝐷

, (13)
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where𝑉max
𝐷

is themaximumdiffusion speed;𝜇 is a directional
vector uniformly distributed between (−1, 1).

(iv) Position Update. In KHA, the krill individuals fly around
in the multidimensional space and each krill adjusts its
position based on induction motion, foraging motion, and
diffusion motion. In this way, KHA combines local search
with global search for balancing the exploration and exploita-
tion.The updated position of the 𝑖th krill may be expressed as
[17]

𝑍
𝑚+1

𝑖
= 𝑍
𝑚

𝑖
+ (𝑉
𝑚

𝑖
+ 𝑉
𝑚

𝑓𝑖

+ 𝑉
𝑚

𝐷𝑖

) 𝑃
𝑡

𝑁𝑑

∑
𝑗=1

(𝑢
𝑗

− 𝑙
𝑗
) , (14)

where 𝑁
𝑑
is the number of control variables; 𝑢

𝑗
and 𝑙
𝑗
are the

maximum andminimum limits of the 𝑗th control variable; 𝑃
𝑡

is the position constant factor. The above procedure will be
used to optimize (7) for MANET routing optimization.

3.2. Differentially Guided Procedure. This procedure is incor-
porated in the movement induced by other krill individuals.
In the original KHA, the velocity of the 𝑖th krill at the
𝑚th run is given in (10). The vectors show the induced
directions by different neighbors and each value presents the
effect of a neighbor. The neighbors’ vector can be attractive
or repulsive since the normalized value can be negative
or positive. For choosing the neighbor, in original KHA a
sensing distance (SD

𝑖
) is adopted. Instead of such choice,

where the krill individuals update the position in compar-
ison with one-to-one (as in original KHA), this research
proposes a new mechanism whence the induction stage uses
the position information from various krill individuals at
random.

Differential Guiding Mechanism. All krill individuals can
generate new positions in the search space using the infor-
mation derived from different krill individuals’ using best
information. To ensure that a krill individual learns from
good exemplars and to minimize the time wasted on poor
directions, we allow the krill individual to learn from the
exemplars until the krill individual ceases improving for a
certain number of generations called the refreshing gap. We
observe threemain differences between theDGKHalgorithm
and the original KHA [17].

(1) Once the sensing distance is used to identify the
neighboring members of each krill individual, as
exemplars to update the position, thismechanismuti-
lizes the potentials of all krill individualsas exemplars
to guide a krill individual’s new position.

(2) Instead of learning from the same exemplar krill
individual’s for all dimensions, each dimension of a
krill individual in general can learn from different
krill individuals for different dimensions to update
its position. In other words, each dimension of a
krill individual may learn from the corresponding
dimension of different krill individual based on the
proposed equation (15).

(3) Finding the neighbor for different dimensions to
update a krill individual position is done randomly
(with a vigil that repetitions are avoided). This
improves the thorough exploration capability of the
original KHA with large possibility to avoid prema-
ture convergence in complex optimization problems.

Compared to the original KHA, DGKH algorithm searches
more promising regions to find the global optimum. The
difference between KHA and DGKH is that the differential
operator applied to only accept the basicKHAgenerating new
better solution for each krill instead of accepting all the krill
updating adopted in KH. This is rather greedy. The original
KHA is very efficient and powerful but is highly prone
to premature convergence. Therefore, to evade premature
convergence and further improve the exploration ability of
the original KHA, a differential guidance is used to tap useful
information in all the krill individuals to update the position
of a particular krill individual. The following expresses the
differential mechanism:

𝑍
𝑖
− 𝑍
𝑗

= (𝑧
𝑖1

𝑧
𝑖2

𝑧
𝑖3

⋅ ⋅ ⋅ 𝑧
𝑖𝑛

) − (𝑧
𝜌1

𝑧
𝜌2

𝑧
𝜌3

⋅ ⋅ ⋅ 𝑧
𝜌𝑛

) ,

(15)

where 𝑧
𝑖1
is the first element in the 𝑛 dimension vector 𝑍

𝑖
, 𝑧
𝑖𝑛

is the 𝑛th element in the 𝑛 dimension vector𝑍
𝑖
, 𝑧
𝜌1
is the first

element in the 𝑛 dimension vector 𝑍
𝑝
, and 𝜌 is the random

integer generated separately for each 𝑧, between 1 to 𝑛, but
𝜌 ̸= 𝑖.

Figure 1 shows the differential mechanism for choosing
the neighbor krill individual for (10). This assumes that the
dimension of the problem as 5 and assumes krill size as
6 are in the search. Once the neighbor krill individuals
are identified using the sensing distance, the 𝑖th individual
position will be updated (with all neighbor krill individuals)
as shown in Figure 1. This is in an effort to avoid premature
convergence and explore a large promising region in the prior
run phase to search the whole space extensively.

4. Experimental Analysis

Numerical Simulations were carried out to validate the
performance of the proposed DGKH based QoSR algorithm
and experimental analysis is performed on a test network
[12] as shown in Figure 2, on three different cases. For Case
(1) constraint Set1, delay constraint QD = 20, delay-jitter
constraint QDJ = 30, and bandwidth constraint QB = 40.
In Case (2) constraint Set2, delay constraint QD = 25, delay-
jitter constraint QDJ = 35, and bandwidth constraint QB =

40. In Case (3) in addition to the constraints Set 2, packet loss
rate constraints are also taken into account. For the packet
loss rate constraint, we set QPL = 30 as used in [4], since
ad hoc networks are high mobility networks with limited
resources. Also considering all these parameters can indicate
timeliness and precision which is used to measure the output
performances of a routing algorithm.

First two cases are studied to establish the superiority
of the proposed DGKH based QoSR in comparison to the
existing QPSO method. The proposed DGKH algorithm was
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Figure 2: Network used as test bench for Cases 1 and 2.

executed for 30 trials on each case. The performance of
the proposed algorithm from the perspectives of the best
multicast tree obtained, best fitness value, average fitness
value, convergence speed, and so forth is demonstrated.

The multicast tree with the best fitness value of Cases 1
and 2 that satisfies the constraints estimated out of 30 runs of
each algorithm is shown in Figure 3.The least cost, delay, and
delay-jitter of each identified multicast tree are summarized
in Table 1.

In addition the mean and standard deviation of the
best fitness values in 30 trial runs of all algorithms under
consideration are also listed.The averaged values are obtained
for delay and delay-jitter over all the paths of the multicast
tree from the source node to the end nodes. It is proved
that for both cases of the constraint sets, the best fitness
value of the multicast trees generated by both QPSO [12]
and proposed DGKH have the same least costs with the

considered constraints, informing that DGKH algorithm
could guarantee better multicast tree than QPSO, PSO and
GA [12].

To demonstrate the convergence properties of the algo-
rithms under considerations, the convergence graph of both
KHA and DGKH algorithm on the problem is experi-
mented and plotted. Since this research did not implement
other algorithms which are used for comparison, the KHA
and DGKH algorithms are considered. Figure 3 traces the
dynamic changes of cost, average delay, and average delay-
jitter with the development of iteration for two algorithms,
that is, QPSO [12] and the proposed DGKH algorithm. As
evident from Figure 3, the convergence speed of DGHK
is better. It conveys that proposed DGKH algorithm has
stronger search ability than QPSO on the tested problem.

To validate the proposed algorithm with additional
constraints as mentioned in Case (3), the network under
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Figure 3: Best multicast tree generated by DGKH algorithm constraint, (a) Set 1 and (b) Set 2.

Table 1: Summary of performance metrics by various methods for multiconstrained QoSR for various cases.

Index Methods Best cost Average delay Average delay-jitter Average cost Standard deviation Average packet loss rate

Case 1 [12]

GA 138 18.5 30.2 145.29 3.73 NA
PSO 140 19.6 30.8 143.83 3.59 NA
QPSO 122 21.6 33.0 135.20 3.25 NA
DGKH 122 22.1 33.3 125.37 3.20 NA

Case 2 [12]

GA 134 21.8 31.2 142.93 3.26 NA
PSO 131 20.4 31.6 138.67 2.80 NA
QPSO 127 21.8 32.2 131.89 2.19 NA
DGKH 127 21.3 32.4 129.21 2.16 NA

Case 3 KHA 135 21.8 32.2 131.89 2.19 0.9442
DGKH 127 21.3 32.4 129.21 2.16 0.9370
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Figure 4: Network used as test bench for Case 3.
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Figure 5: Best multicast tree generated by DGKH algorithm constraint, (a) Set 1 and (b) Set 2 for Case 3.

Table 2: Network data.

Parameter Range
Cost of link 2–10
Bandwidth 50–200 kb/s
Delay-jitter 5–15ms
Bandwidth constraint 100–170
Delay constraint 60–180
Delay-jitter constraint 20–50

consideration is amended by including the packet loss rate
constraint in the last part of the representation. Thus the
features of the edges in the proposed network, as shown in
Figure 4, are arranged by a pentuple (D, DJ, B, C, PL) with
the components representing delay, delay-jitter, band width,
cost, and packet loss, respectively.Themulticast tree as shown
in Figure 5, with the best fitness value of Case 3, that satisfies
the constraints estimated out of 30 runs of each algorithm,
is shown in Figure 5. The least cost, delay, delay-jitter, and
packet loss of each identifiedmulticast tree for Case 3 are also
summarized in Table 1.

5. Experiments on Scalability

In this section, numerical simulations were conducted in
order to investigate the scalability of the proposed DGKH
algorithm. To achieve this objective, we used the network
topologies created by Salama stochastic network topology
generation [4, 12]. The data is adopted from [12] for compar-
ison purpose and is shown in Table 2. Here the packet loss
rate constraints are relaxed as the purpose of this section is to
demonstrate the scalability of the proposedDGKHalgorithm
for QoSR. The number of nodes of each network was set
randomly from 10 to 100. Table 3 summarizes the results of
the proposed algorithm. Due to the space limitation, we only
show in Figure 6 the convergence properties of the algorithms
averaged over 30 runs on the problem under constraint Set 2
for Case 3.

The other parameters of each algorithm were config-
ured as in the first group of experiments. The algorithms
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Figure 6: Convergence plot for the KHA and DGKH algorithm
while optimizing the fitness function.

were evaluated from angles of least cost of obtained mul-
ticast tree, execution time, and routing request success
ratio.

By simulation, scalability of the algorithm with the prob-
lem size was evaluated according to execution time and least
cost of the obtained multicast tree. For comparison purpose
the plots of the proposed DGKH algorithm is merged with
the plots of the QPSO method. We did not implement the
QPSO at any part of this research. The values of QPSO [12]
are taken from the simulation software. Figure 7 shows the
least cost generated by each algorithm that is averaged over
different constraints for the problems with different numbers
of network nodes. It can be observed that the multicast
tree obtained by DGKH on each problem has best fitness
value compared to the QPSO method; establishing it can
generate the higher-quality solutions on themulticast routing
problems in MANETS. Figure 8 shows the execution time
of the two algorithms in comparison to the problems with
different numbers of network nodes. The results convey the
superiority of the proposed method, as the QPSO is more
time consuming than DGKH on the problems with the same
network scale. In summary both the DGKH and the QPSO,
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Table 3: Performance metrics on the random networks of 10–100 nodes by the proposed DGKH algorithm.

Nodes Best cost Average delay Average delay-jitter Average cost Standard deviation
10 148.25 21.3 34.2 148.89 3.52
20 301.41 21.2 34.6 302.63 4.21
30 480.36 21.2 34.2 481.52 3.96
40 562.47 21.5 34.1 563.31 4.52
50 775.23 21.4 33.9 776.24 5.01
60 925.62 21.3 33.9 926.22 3.67
70 1052.31 21.3 34.5 1053.54 4.23
80 1218.32 21.1 34.2 1218.89 3.87
90 1384.95 21.1 34.1 1385.62 5.31
100 1572.34 21.2 34.3 1573.05 6.54
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Figure 7: The average cost in 30 runs of each algorithm on the
problems with different number of network nodes.

algorithms for QoSR in MANETS, seem to consume almost
the same amount of simulation time on the problem with the
same scale. In conclusion, when comparing two algorithms
for OoS in multicast routing problem of MANETs, DGKH
method could generate best multicast trees (with best fitness
(cost) values) compared to QPSO. Additionally to find out
the solutions with same quality, the DGKH algorithm has
consumed (comparatively) least computational time among
its contestant algorithm QPSO.

The performance of the algorithm can also be evaluated
by the routing request success ratio 𝜉req given by

𝜉req =
𝑁ack
𝑁req

, (16)

where 𝑁ack is the number of successful routing requests and
𝑁req is the number of all routing requests.

Successful routing request means that the multicast tree
obtained by the algorithm satisfies the bandwidth, delay, and
delay-jitter constraints [18]. It is, however, too complicated to
compare all of the QoS parameters synchronously.Therefore,
the performance is verified by each of QoS parameters. The
comparison of routing request success ratios among DGKH
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Figure 8: The execution time of each algorithm on the problems
with different number of network nodes.

and QPSO is curved and shown in Figure 9. It is proved that
DGKH has the highest success ratio according to each QoS
parameter and thus has the best convergence performance.

6. Conclusion

A QoS multicast routing method based on a modified krill
herd algorithm is proposed in this paper. Searching for the
feasible/optimal route after simultaneously satisfying more
than oneQoS constraint inwirelessmobile ad hoc networks is
classified as an NP-complete problem. This research consid-
ers four different constraints while optimizing the total cost
of the multicast tree. Hence the original krill herd algorithm
is refined to perform the thorough exploration of the search
space by differentially guided mechanism to update their
krill individual positions. Experimental result reveals the
proposed thatDGKHalgorithm can search the solution space
in a very effective and efficient manner. Simulation results
also shows that the proposed algorithm can search the better
multicast trees with rapider convergence speed effectively
compared with other algorithms.
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Figure 9: Comparisons of routing request success ratio. (a) Delay, (b) bandwidth, and (c) delay-jitter.

As a future work, we plan to consider other heuristic
techniques for estimation of multicast routing considering
other constraints like queuing delays, propagation error,
maximum link utilization, bandwidth consumption param-
eters, blocking probability, and so forth as multiobjective
optimization problem.
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Facility location and inventory control are critical and highly related problems in the design of logistics system for e-commerce.
Meanwhile, the return ratio in Internet sales was significantly higher than in the traditional business. Focusing on the existing
problem in e-commerce logistics system, we formulate a closed-loop location-inventory problem model considering returned
merchandise to minimize the total cost which is produced in both forward and reverse logistics networks. To solve this nonlinear
mixed programming model, an effective two-stage heuristic algorithm named LRCAC is designed by combining Lagrangian
relaxation with ant colony algorithm (AC). Results of numerical examples show that LRCAC outperforms ant colony algorithm
(AC) on optimal solution and computing stability. The proposed model is able to help managers make the right decisions under
e-commerce environment.

1. Introduction

The increasing progress of information and prevalence of
internet in the 21st century has forced the e-commerce to
develop in a world-wide range. In 2012, B2C e-commerce
sales grew 21.1% to top $1 trillion for the first time in
history in the whole world [1]. Comparing with traditional
commerce, customers are more liable to return goods under
e-commerce environment. Note that many customer returns
online account for 35% of original orders [2, 3]. Therefore,
logistics systems as an important support system in e-
commerce need to be adjusted and improved. To adapt to
the reality of e-commerce market environment, it is critical
to conduct the research on the reverse logistics network and
highly integrated logistics process.

Facility location and inventory control are critical prob-
lems in the design of logistics system.There is much previous
work in these two areas. In fact, there is amutually dependent
relationship among these problems in logistics system. Com-
prehensive optimizing and logistics activities management
should be based on this relationship [4]. According to
this idea, besides location allocation problem and inventory
optimization, the location-inventory problem (LIP) starts to
be researched.

Many papers about the LIP are studied deeply and have
made some abundant achievements. In recent years, intelli-
gent algorithms and heuristic algorithm have been used to
solve LIP model [5–7]. In the reverse logistics research field,
LIP attracts researchers’ attention. Lieckens and Vandaele
[8] applied a queuing mode in reverse logistics network
to solve the facility location problem while considering
the impact of inventory costs. Srivastava [9] established a
reverse logistics network optimization model to optimize
the location-allocation problem and capacity decisions, and
he used heuristic algorithm to solve the model. Wang et
al. [10] proposed a location-inventory policy in Chinese
B2C electronic market as a bilevel programming model.
Tancrez et al. [11] studied the LIP in three-level supply
chain networks including reverse logistics; they developed an
iterative heuristics approach to solve the model. Diabat et al.
[12] built a mixed integer nonlinear programming (MINLP)
model to minimize the total reverse logistics cost by finding
out the number and location of initial collection point and
centralized return center considering the inventory cost. Two
solution approaches, namely, genetic algorithm (GA) and
artificial immune system, are implemented and compared.
However, research on the LIP of closed-loop logistics system
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is limited. Sahyouni et al. [13] designed three generic facility
location models that account for the integrated distribution
and collection of products in the closed-loop supply chain
networks; the authors described a Lagrangian relaxation-
based solution algorithm to solve the models. Easwaran and
Üster [14] offered amixed integer linear programmingmodel
to optimize the total cost that consists of location, processing,
and transportation costs of the multimerchandise in closed-
loop supply chains; they introduced a heuristics solution
approach that combines Benders decomposition and tabu
search to solve the model. Abdallah et al. [15] presented
the uncapacitated closed-loop location-inventory model; a
sensitivity analysis for different parameters of the model
reveals that the value of recovered products is a major factor
in the economic feasibility of the closed-loop network. For
dealing with returnedmerchandise without quality problems
in e-commerce, Li et al. [16] developed a practical LIP model
with considering the vehicle routing under e-supply chain
environment and provided a new hybrid heuristic algorithm
to solve this model.

Previous researches on the closed-loop logistics sys-
tem optimization mainly focus on the minimization of
the total cost of the network. To our best knowledge,
few researches on manufacturing/remanufacturing system
consider returns and concept of green logistics recycling
in logistics network. Since customers may be dissatis-
fied with merchandise and return it, the cost of process-
ing returns, the cost of inventory and shipping, order
time, and size are changed. Furthermore, research on the
LIP with return of closed-loop logistics system is lim-
ited.

The aim of this study is to develop a practical LIP
model with the consideration of returns in e-commerce and
provide a new two-stage heuristics algorithm. To our best
knowledge, this work is the first step to introduce returns
into the LIP in e-commerce, which makes it become more
practical. We also provide an effective algorithm named
Lagrangian relaxation combined with ant colony algorithm
(LRCAC) to solve this model. Lagrangian relaxation algo-
rithm (LR) can obtain a near-optimal solution by analyzing
the upper bound and lower bound of objective function.
But its effectiveness mainly relies on the performance of
subgradient optimization algorithm. On the other hand,
AC has great ability of local searching. If there is an
appropriate initial solution, the performance of AC will
be good. To adopt their strong points while overcoming
their weak points, we combine the two algorithms. Results
of numerical examples show that LRCAC outperforms ant
colony algorithm (AC) on optimal solution and computing
stability.

The remainder of the paper is structured as follows. In
Section 2, a nonlinear integrated programming model about
LIP considering returns in e-commerce is designed. Section 3
proposes the heuristic algorithm named LRCAC based on
Lagrangian relaxation and ant colony algorithm. Section 4
shows and analyzes the results of different experiments.
Section 5 concludes this paper and discusses the future
research directions.

2. Problem and Mathematic Model

2.1. Problem Description. In e-commerce, some returned
merchandise has a high integrity, which makes it usually
not in need of being repaired and can reenter the sales
channels after simply repackaging [17]. Some returned goods
have quality problems; they have to be sent back to factory
for repair. Therefore, we merge the recycling center with
distribution center as merchandise centers (MCs) with an
additional inspection function. MC is responsible for dis-
tributing normal goods to the sale regions; meanwhile the
returned goods are collected toMCs.After inspecting atMCs,
the returned goods with quality problems are sent back to
factory, and the other returned goods are resalable as normal
goods after simply repackaging. Customers can choose to
return goods in e-commerce, and quantity of the returns
is uncertain [18]. However, for a certain sale region (SR),
the quantity of the returns can be usually seen as stochastic
variable.

The objective of this paper is to determine the quantity,
locations, order times, and order size of MCs in the closed-
loop logistics network in e-commerce. The final target is
to minimize the total cost and improve the efficiency of
logistics operations. The involved decisions are as follows: (1)
location decisions, the optimal number of MCs, and their
locations; (2) allocation decisions, the corresponding service
relationship between MCs, and sale regions; (3) inventory
decisions, the optimal order times, and order size.

2.2. Assumptions. (1) There is a single type of merchandise;
(2) the capability of factory is unlimited; (3) the capability
of MCs is unlimited; (4) the demand and return of each
sale region comply with the normal distribution, whose
parameters are fixed; (5) the demands of regions are mutually
independent; (6) returned merchandise is inspected and
repackaged at MCs.

2.3. Notations

Sets

I: Set of SR;
J: Set of candidate MC.

Constants

𝑓𝑗: Fixed cost (annual) administrative and operational
cost of MC𝑗;

𝑡𝑗: Shipping cost per unit of merchandise between fac-
tory and MC𝑗;

𝑐𝑖𝑗: The delivering cost per unit of merchandise between
SR𝑖 and MC𝑗;

ℎ𝑗: The inventory holding cost per unit of merchandise
per year at MC𝑗;

𝑝𝑗: Ordering cost per time at MC𝑗;
𝑙𝑗: Lead time at MC𝑗;
𝜇𝑖: Mean of annual demand at SR𝑖;
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𝜎2𝑖 : Variance of annual demand at SR𝑖;

𝑧𝛼𝑗 : Standard normal deviate such that 𝑝 (𝑧 ≤ 𝑧𝛼𝑗) = 𝛼𝑗;

𝛼𝑗: Service level of MC𝑗;

𝑟𝑖: The quantity of return at SR𝑖;

𝑤: The probability of quality problem product in return
goods;

𝑑: Repacking cost per unit returned merchandise.

Decision Variables

𝑋𝑗: 1, if the candidate MC𝑗 is selected as a MC and 0
otherwise;

𝑌𝑖𝑗: 1, if SR𝑖 is served by MC𝑗 and 0 otherwise;

𝑄𝑗: Optimal order size at MC𝑗;

𝑁𝑗: Optimal order times at MC𝑗.

2.4. Model Formula

(1) Location Cost. The construction cost of MC𝑗 is given by
∑
𝑛
𝑗=1 𝑓𝑗𝑋𝑗.

(2) Inventory Cost. The total annual inventory cost consists
of ordering cost and inventory holding cost, according to
literatures [19, 20]; it is given by 𝑝𝑗𝑁𝑗 + ℎ𝑗(𝐷𝑗/2𝑁𝑗).

(3) Safety Stock Cost.The demand in the lead time 𝑙𝑗 atMC𝑗 is
√𝑙𝑗∑𝑖∈I 𝜎

2
𝑖 𝑌𝑖𝑗, so the safety stock is 𝑧𝛼𝑗√𝑙𝑗∑𝑖∈I 𝜎

2
𝑖 𝑌𝑖𝑗, and the

safety stock cost is given by ℎ𝑗𝑧𝛼𝑗√𝑙𝑗∑𝑖∈I 𝜎
2
𝑖 𝑌𝑖𝑗.

(4) Transportation Cost. The transportation cost consists of
cost from factory to MC, cost from MC to customer region
for forward logistics, cost from customer region to MC, and
cost from MC to factory for reverse logistics. So, the trans-
portation cost is given by ∑𝑗∈J 𝑡𝑗∑𝑖∈I[𝜇𝑖 − 𝑟𝑖(1 − 𝑤)]𝑋𝑗𝑌𝑖𝑗 +

∑𝑗∈J ∑𝑖∈I 𝑐𝑖𝑗𝑤𝑟𝑖𝑋𝑗 + ∑𝑗∈J ∑𝑖∈I 𝑡𝑗𝑤𝑟𝑖𝑋𝑗 + ∑𝑗∈J ∑𝑖∈I 𝑐𝑖𝑗𝜇𝑖𝑌𝑖𝑗.

(5) Repacking Cost. The returned goods without quality
problems need to be repacked before reentering to sale
channel, so the repacking cost is given by ∑𝑗∈J ∑𝑖∈I 𝑑(1 −

𝑤)𝑟𝑖𝑌𝑖𝑗.
To sum up, the location-inventory model with returned

merchandise (RLIP) is

min𝑍 = ∑
𝑗∈J

(𝑓𝑗𝑋𝑗 + 𝑝𝑗𝑁𝑗𝑋𝑗 + ℎ𝑗
𝐷𝑗

2𝑁𝑗
𝑋𝑗

+ℎ𝑗𝑧𝛼𝑗√𝑙𝑗∑
𝑖∈I

𝜎2𝑖 𝑌𝑖𝑗)

+ ∑
𝑗∈J

𝑡𝑗∑
𝑖∈I

[𝜇𝑖 − 𝑟𝑖 (1 − 𝑤)]𝑋𝑗𝑌𝑖𝑗

+ ∑
𝑗∈J

∑
𝑖∈I

𝑐𝑖𝑗𝑤𝑟𝑖𝑋𝑗 + ∑
𝑗∈J

∑
𝑖∈I

𝑡𝑗𝑤𝑟𝑖𝑋𝑗

+ ∑
𝑗∈J

∑
𝑖∈I

𝑐𝑖𝑗𝜇𝑖𝑌𝑖𝑗 + ∑
𝑗∈J

∑
𝑖∈I

𝑑 (1 − 𝑤) 𝑟𝑖𝑌𝑖𝑗,

(1)
s.t.

∑
𝑗∈J

𝑌𝑖𝑗 = 1, 𝑖 ∈ I, (2)

𝑌𝑖𝑗 − 𝑋𝑗 ≤ 0, 𝑖 ∈ I, 𝑗 ∈ J, (3)

𝑋𝑗 = {0, 1} , 𝑗 ∈ J, (4)

𝑌𝑖𝑗 = {0, 1} , 𝑖 ∈ I, 𝑗 ∈ J, (5)

𝑁𝑗 ≥ 0, 𝑗 ∈ J, (6)

𝑄𝑗 ≥ 0, 𝑗 ∈ J. (7)
The objective function (1) is to minimize the system’s

total cost. Constraint (2) ensures that each sale region must
be assigned to a MC. Constraint (3) stipulates that the
assignment can only bemade to the selectedMC. Constraints
(4) and (5) are standard integrality constraints. Constraints
(6) and (7) are nonnegative constraints.

3. Solution Approach

On the one hand, Lagrangian relaxation algorithm (LR)
is used to solve the complex optimization problem very
often. It can obtain a near-optimal solution by analyzing the
upper bound and lower bound of objective function. But its
effectiveness mainly relies on the performance of subgradient
optimization algorithm. The speed of convergence becomes
more and more slow with the increasing of the number
of iterations. On the other hand, AC has great ability of
local searching. If there is an appropriate initial solution, the
performance of ACwill be good. To adopt their strong points
while overcoming their weak points, we design a two-stage
algorithm. In the first stage, we use LR algorithm to get a
near-optimum solution. In the second stage, let the solution
obtained from the first stage be the initial solution; we use AC
to further improve it.

The abstract idea of solution approach is described as
follows. Firstly, we give the formula for solving optimal order
quantity 𝑄𝑗 and optimal order times 𝑁𝑗, which also rely
on the decision variables 𝑋𝑗 and 𝑌𝑖𝑗. Secondly, we use LR
algorithm to get a near-optimal solution by computing the
lower bound and upper bound of objective function. Then,
let the near-optimum solution obtained fromLR be the initial
solution; we use AC to further improve it.

3.1. Finding the Optimal Order Quantity and Optimal Order
Times. In the model (1)–(7), the decision variable 𝑁𝑗 only
has appeared in the objective function. Also, the objective
function is convex for 𝑁𝑗 > 0. Consequently, we can obtain
the optimal value of 𝑁𝑗 by taking the derivative of the
objective function with respect to𝑁𝑗 as𝑁𝑗 = √ℎ𝑗𝐷𝑗/2𝑝𝑗𝑋𝑗,
where𝐷𝑗 = ∑𝑖∈I[𝜇𝑖 − 𝑟𝑖(1 − 𝑤)]𝑌𝑖𝑗.
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As we know the optimal order quantity 𝑄𝑗 = 𝐷𝑗/𝑁𝑗, so
there is

𝑄𝑗 =
𝐷𝑗

𝑁𝑗
=

𝐷𝑗

√ℎ𝑗𝐷𝑗/2𝑝𝑗

= √
2𝑝𝑗𝐷𝑗

ℎ𝑗

= √
2𝑝𝑗∑𝑖∈I [𝜇𝑖 − 𝑟𝑖 (1 − 𝑤)] 𝑌𝑖𝑗

ℎ𝑗
.

(8)

3.2. Transforming the Objective Function. In order to apply
the LR algorithm, we transform the objective function as
linear teams and nonlinear teams separately. The objective
function can be rearranged as follows:

min𝑍 = ∑
𝑗∈J

[𝑓𝑗 + (𝑡𝑗 + 𝑐𝑖𝑗)∑
𝑖∈I

𝑤𝑟𝑖]𝑋𝑗

+ ∑
𝑗∈J

(𝑝𝑗𝑁𝑗 + ℎ𝑗
𝐷𝑗

2𝑁𝑗
)𝑋𝑗

+ ∑
𝑗∈J

∑
𝑖∈I

[𝑐𝑖𝑗𝜇𝑖 + 𝑑 (1 − 𝑤) 𝑟𝑖

+ 𝑡𝑗𝜇𝑖 − 𝑡𝑗𝑟𝑖 (1 − 𝑤)] 𝑌𝑖𝑗

+ ∑
𝑗∈J

ℎ𝑗𝑧𝛼𝑗√𝑙𝑗√∑
𝑖∈I

𝜎2𝑖 𝑌𝑖𝑗

= ∑
𝑗∈J

(𝑓𝑗𝑋𝑗 + ∑
𝑖∈I

𝑐𝑖𝑗𝑌𝑖𝑗 + ℎ𝑗𝑋𝑗 + 𝜋𝑗√∑
𝑖∈I

𝜎2𝑖 𝑌𝑖𝑗) ,

(9)

where 𝑓𝑗 = 𝑓𝑗 + (𝑡𝑗 + 𝑐𝑖𝑗) ∑𝑖∈I 𝑤𝑟𝑖, 𝑐

𝑖𝑗 = 𝑐𝑖𝑗𝜇𝑖 + 𝑑(1 − 𝑤)𝑟𝑖 +

𝑡𝑗𝜇𝑖−𝑡𝑗𝑟𝑖(1−𝑤), ℎ𝑗 = 𝑝𝑗𝑁𝑗+ℎ𝑗(𝐷𝑗/2𝑁𝑗), and 𝜋𝑗 = ℎ𝑗𝑧𝛼𝑗√𝑙𝑗.

3.3. Lagrangian Relaxation

3.3.1. Finding a Lower Bound. To solve this problem, we
intend to use Lagrangian relaxation embedded in branch and
bound. In particular, we relax constraint (2) to obtain the
following Lagrangian dual problem:

max
𝜆

min
𝑍

→ ∑
𝑗∈J

(𝑓𝑗𝑋𝑗 + ∑
𝑖∈I

𝑐𝑖𝑗𝑌𝑖𝑗 + ℎ𝑗𝑋𝑗

+ 𝜋𝑗√∑
𝑖∈I

𝜎2𝑖 𝑌𝑖𝑗) + 𝜆𝑖∑
𝑖∈I

(1 − ∑
𝑗∈J

𝑌𝑖𝑗)

=
𝑛

∑
𝑗=1

(𝑓𝑗𝑋𝑗 + ∑
𝑖∈I

(𝑐𝑖𝑗 − 𝜆𝑖) 𝑌𝑖𝑗

+ ℎ𝑗𝑋𝑗 + 𝜋𝑗√∑
𝑖∈I

𝜎2𝑖 𝑌𝑖𝑗) + ∑
𝑖∈I

𝜆𝑖

s.t. (3) – (7) . (10)

For fixed values of the Lagrange multipliers 𝜆𝑖, we want
to minimize (10) over the location variables 𝑋𝑗 and the
assignment variables 𝑌𝑖𝑗. We separate the linear teams and
nonlinear teams.

(1) For each MC𝑗, let𝑉𝑗 = 𝑓𝑗 +∑𝑖∈𝐼min(0, 𝑐𝑖𝑗 −𝜆𝑖) + ℎ𝑗,
and let

𝑋𝑗 = {
1 𝑉𝑗 ≤ 0

0 𝑉𝑗 > 0.
(11)

If all 𝑉𝑗 values are positive, we identify the smallest
positive 𝑉𝑗 and set the corresponding 𝑋𝑗 = 1. The
assignment variables are then easy to determine,
setting as follows:

𝑌𝑖𝑗 = {
1 𝑋𝑗 = 1, 𝑐𝑖𝑗 − 𝜆𝑖 ≤ 0

0 otherwise.
(12)

(2) However, the presence of the nonlinear terms makes
finding an appropriate value of 𝑉𝑗 difficult. So, we
need to solve a subproblem as the following form for
each candidate MC𝑗:

SP (𝑗) : 𝑉𝑗 = min ∑
𝑖∈I

𝑏𝑖𝑍𝑖 + √∑
𝑖∈I

𝜑𝑖𝑍𝑖

s.t. 𝑍𝑖 ∈ {0, 1} , 𝑖 ∈ I,

(13)

where 𝑏𝑖 = 𝑐𝑖𝑗 − 𝜆𝑖, 𝜑𝑖 = 𝜋2𝑗𝜎
2
𝑖 ≥ 0.

In (13), we use 𝑍𝑖 to substitute 𝑌𝑖𝑗.
The solution of subproblem SP(𝑗) refers to literature

[19]; the solution of (10) is the summary of SP(𝑗) and
𝑓𝑗 . To get the lower bound, we need to find the optimal
Lagrange multipliers. We do so using a standard subgradient
optimization procedure as illustrated in literatures [21, 22].
The optimal value of (10) is a lower bound of the objective
function (1).

3.3.2. Finding an Upper Bound. We find an upper bound as
follows.

We initially fix the MC locations at those sites for which
𝑋𝑗 = 1 in the current Lagrangian solution.Thenwe assign SR
to MCs in a two-phased process.

𝑆𝑡𝑒𝑝 1. For each SR𝑖, for which∑𝑗∈J 𝑌𝑖𝑗 ≥ 1, we assign the SR𝑖
to the MC𝑗 for which 𝑌𝑖𝑗 = 1 and that increases the least cost
based on the assignments made so far.

𝑆𝑡𝑒𝑝 2. We process SR𝑖, for which∑𝑗∈J 𝑌𝑖𝑗 = 0; we assign each
SR to the open MC which increases the least total cost based
on the assignments made so far.

Hence, for these SRs, we consider all possible assignments
to open MCs, and the cost of this stage is the upper bound.

3.4. Ant Colony Clustering. According to the clustering
behavior of ant colony, we set the clustering probability 𝑝𝑘𝑖𝑗(𝑡)
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Figure 1: The working process of the integral two-stage algorithm.

to represent the probability of the SR𝑖 and clustering center 𝑗
at time 𝑡. The formula of 𝑝𝑘𝑖𝑗(𝑡) is shown as follows:

𝑝𝑘𝑖𝑗 (𝑡) =

{{{
{{{
{

𝜏𝛼𝑖𝑗𝜂
𝛽

𝑖𝑗

∑Tub𝑘𝑠(𝑡)= 0 𝜏
𝛼
𝑖𝑠𝜂
𝛽

𝑠𝑗

, Tub𝑘𝑗 (𝑡) = 0;

0, otherwise,

(14)

where Tub𝑘𝑗(𝑡) = 0 represents that ant 𝑘 can cluster SR𝑖
in next step; 𝜏𝛼𝑖𝑗 is the amount of pheromone deposited for

transition from state 𝑖 to 𝑗; 𝛼 is the parameter used to control
the influence of 𝜏𝛼𝑖𝑗 ; 𝜂

𝛽

𝑖𝑗 is the desirability of state transition 𝑖

and 𝑗; 𝛽 is the parameter of controlling the influence of 𝜂𝛽𝑖𝑗; 𝑑𝑖𝑗
is the distance from 𝑖 to 𝑗.

And the following relationship exists:

𝜂𝑖𝑗 =
{
{
{

1

𝑑𝑖𝑗
, if 𝑑𝑖𝑗 ̸= 0,

1, if 𝑑𝑖𝑗 = 0.

(15)
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Table 1: Parameters of MCs.

MC Coordinate (km) Fixed construction cost (Yuan)
Wuhan (j1) (3342, 38529) 50
Xiangyang (j2) (3322, 37609) 45
Xiaogan (j3) (3533, 38491) 40
Yichang (j4) (3397, 37528) 45
Jingzhou (j5) (3356, 37619) 40
Huanggang (j6) (3369, 38583) 35

Table 2: Parameters of SRs.

SR Coordinate (km) Demand (unit)
Wuhan (i1) (3342, 38529) 673
Xiangyang (i2) (3322, 37609) 514
Xiaogan (i3) (3533, 38491) 500
Yichang (i4) (3397, 37528) 465
Jingzhou (i5) (3356, 37619) 520
Huanggang (i6) (3369, 38583) 440
Huangshi (i7) (3342, 38604) 360
Shiyan (i8) (3614, 37480) 400
Suizhou (i9) (3468, 38361) 350
Xianning (i10) (3305, 38527) 400
Enshi (i11) (3271, 37357) 410
Jingmen (i12) (3433, 37613) 510
Ezhou (i13) (3362, 38583) 400

Table 3: Optimal results.

Number of MCs 𝑁 (unit) 𝑄 (unit) The SRs assigned to MC
j1 2 1410 i1, i3, i6, i7, i10, i13
j2 2 930 i2, i8, i9
j4 2 642 i4, i11
j5 4 776 i5, i12

3.5. Algorithm Step. The integral two-stagealgorithm steps
are shown below.

𝑆𝑡𝑒𝑝 0. We give the formula for solving𝑄𝑗 and𝑁𝑗, which also
rely on the decision variables𝑋𝑗 and 𝑌𝑖𝑗;

First Stage

𝑆𝑡𝑒𝑝 1. Transform the objective function as linear teams and
nonlinear teams separately.

𝑆𝑡𝑒𝑝 2. Find the lower bound of objective function by using
the LR.

𝑆𝑡𝑒𝑝 3. Find the upper bound of objective function by using
the LR.

𝑆𝑡𝑒𝑝 4. Select the solution whose value is equal or approx-
imately equal to the average value of the lower bound and
upper bound as near-optimum solution.

Xiangyang

Enshi
Yichang Jingzhou

Jingmen

Wuhan

Xiaogan

Xianning

Huangshi

Huanggang
Ezhou

Shiyan
Suizhou

Hubei

Figure 2: The logistics network obtained by LRCAC.
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Figure 3: Trends of optimal objective function value by LRCAC.
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Figure 5: Fluctuation curve of total cost by LRCAC algorithm.

Second Stage

𝑆𝑡𝑒𝑝 5. Let the near-optimum solution be the initial solution
of AC.

𝑆𝑡𝑒𝑝 6. Initialize the tabu search matrix Tub(𝑡), which is used
to record the served SRs in the time [𝑡, 𝑡 + 1]. Additionally,
the Tub(𝑡) is a 0-1 matrix, Tub𝑘𝑖(𝑡) = 1, and SR𝑖 is tabooed;
Tub𝑘𝑖(𝑡) = 0; SR𝑖 is free.

𝑆𝑡𝑒𝑝 7. Set the MC𝑗 as the ant nest 𝑧𝑗. Ant 𝑘 selects a SR𝑖 to
its ant nest 𝑧𝑗 with 𝑝𝑘𝑖𝑗(𝑡) and taboos the SR. If Tub𝑘𝑖(𝑡) is full,
go to Step 8; else repeat Step 7.

𝑆𝑡𝑒𝑝 8. If all the SRs are clustered toMC, the Tub𝑘𝑖(𝑡) updates
to null matrix and goes to Step 9; else go to Step 6.

𝑆𝑡𝑒𝑝 9. Update the amount of pheromone 𝜏𝑖𝑗(𝑡+ℎ) = 𝜌𝜏𝑖𝑗(𝑡)+

Δ𝜏𝑖𝑗, Δ𝜏𝑖𝑗 = ∑
𝑚
𝑘=1 Δ𝜏𝑘𝑖𝑗 and record the optimal solution.

𝑆𝑡𝑒𝑝 10. If the conditions of convergence are meeting, ter-
minate the procedure and output the optimal solution; else
remove the MC of the least SRs and go to Step 6.

The flowchart for our algorithm is shown in Figure 1.

4. Computational Experiments and
Algorithm Analysis

4.1. Computational Experiment. We refer to the logistics
network of company 𝐾 in Hubei province of China as an
example. We convert the latitude and longitude coordinates
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Figure 6: Fluctuation curve of total cost by AC.

Table 4: Statistical results of optimal objective function value of two
algorithms.

Max Min Mean Standard
deviation

Coefficient of
variation

AC 263678 235791 244118 135673 0.56
LRCAC 231104 224965 230092 93876 0.41

of some cities in Hubei province and the central meridian to
Xi’an 80 geographic coordinate. They are shown in Tables 1
and 2, in which the values represent the actual kilometers.
And other parameters’ values are as follows: randomly gen-
erate the values between 100 and 160 as the 𝜇𝑖, and assume
that the 𝜎2𝑖 is equal to 𝜇𝑖, 𝑡𝑗 = 1, 𝑝𝑗 = 2, ℎ𝑗 = 1, 𝑙𝑗 = 7 (day),
𝛼𝑗 = 97.5%, 𝑤 = 0.2, and 𝑑 = 2.

Based on MATLAB 7.0 platform, we programmed the
LRCACalgorithm and run it 30 times on the computer (CPU:
Intel Core2 P7570 @2.26GHz 2.27GHz; RAM: 2.0GB; OS:
Windows 7); the optimal result is in Table 3.

The optimal cost is 224965 yuan, and logistics network is
shown in Figure 2.

For comparison, we programmed AC algorithm in the
same platform and run 30 times on the same computer. The
optimal objective function values of these two algorithms are
shown in Table 4.

The two optimization trends of the two algorithms are
shown in Figures 3 and 4.

The fluctuation curves of optimal objective function in 30
times are shown in Figures 5 and 6, respectively.

We can see that the LRCAC algorithm can convergemore
quickly than AC from Figures 3 and 4. Moreover, LRCAC
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Table 5: Optimal objective function values of two algorithms.

Instance Algorithm Max Min Mean Standard deviation Coefficient of variation

Srivastava 86-8×2 AC 402316 336543 365784 196736 0.537847
LRCAC 355215 306842 335765 158962 0.473432

Perl 183-12×2 AC 598173 528538 563184 257649 0.457486
LRCAC 553785 498037 528764 149717 0.283145

Christofides 69-50×5 AC 696271 620975 667864 456287 0.683203
LRCAC 633762 582867 619458 287392 0.4639411

Christofides 69-75×10 AC 890756 821789 867246 564782 0.651236
LRCAC 843685 783804 810473 395647 0.488168

Daskin 95-88×8 AC 1102873 898483 926586 537862 0.5804771
LRCAC 921587 873672 896926 407816 0.4546819

Daskin 95-150×10 AC 1516428 1256731 1478356 624638 0.422522
LRCAC 1258904 1078396 1157832 428373 0.3699785

has better stability than AC, which can be easily found from
Table 4 and Figures 5 and 6.

4.2. Algorithms Analysis. In this section, all the data in our
experiments come from LRP database of the University of
Aveiro [23]. A series of experiments show that LRCAC is
more efficient and stable than AC. Results of numerical
example in Section 4.1 show that the related parameters of
LRCAC are reasonable. Thus, we employ these parameters in
the remainder of this section. Each instance was calculated 30
times by LRCAC and AC, respectively; the results are shown
in Table 5. In this table, Srivastava 86 is the name of this
instance; 8 × 2 means there are 8 SRs and 2 candidate MCs,
so do others. The coordinate of all nodes and the demands of
SRs are given by the database. Table 5 shows that LRCAC can
obtain better objective function value and stability than AC.

5. Conclusion

Customers have a higher return rate in the e-commerce
environment. Some returned goods have quality problems
and need to be sent back to the factory for repair. The
others without quality problems can be reentered in the
sales channels just after a simple repackaging process. This
phenomenon puts forward high requirements to the logistics
system that supports the operation of e-commerce. This
study handles the above interesting problem and provides an
effective heuristic. The main contributions are as follows.

(1) In reality, the cost of processing returned merchan-
dise is produced by considering the condition that
customers are not satisfied with products and return
them. We firstly design a closed-loop LIP model to
minimize the total cost which is produced in both for-
ward and reverse logistics networks. It is able to help
managers make the right decision in e-commerce,
decreasing the cost of logistics and improving the
operational efficiency of e-commerce.

(2) The above closed-loop LIP model with returns is
difficult to be solved by analytical method. Thus,
a two-stage heuristic algorithm named LRCAC is

designed by integrating Lagrangian relaxation with
AC to solve the model.

(3) Results of our experiments show that LRCAC outper-
forms AC on both optimal solution and computing
stability. LRCAC is a good candidate to effectively
solve the proposed LIP model with returns.

However, some extensions should be considered in fur-
ther work. Considering the dynamic of the demand, a
dynamic model should be established. Considering the fuzzy
demand of customs or related fuzzy costs, more practical LIP
model should be developed. Moreover, differential evolution
algorithms (DEs) have turned out to be one of the best
evolutionary algorithms in a variety of fields [24, 25]. In
the future, we may use an improved DE to find better
solutions for the LIPs. The integration research and practice
of the management of e-commerce logistics system can be
constantly improved.
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A double evolutionary pool memetic algorithm is proposed to solve the examination timetabling problem. To improve the
performance of the proposed algorithm, two evolutionary pools, that is, themain evolutionary pool and the secondary evolutionary
pool, are employed. The genetic operators have been specially designed to fit the examination timetabling problem. A simplified
version of the simulated annealing strategy is designed to speed the convergence of the algorithm.A clonalmechanism is introduced
to preserve population diversity. Extensive experiments carried out on 12 benchmark examination timetabling instances show that
the proposed algorithm is able to produce promising results for the uncapacitated examination timetabling problem.

1. Introduction

Timetabling problem has great significance in our daily life,
which has drawn more and more attention since 1960s.
Generally speaking, the timetabling problems include edu-
cational timetabling [1, 2], nurse timetabling [3], sports
timetabling [4], and transportation timetabling [5]. Exami-
nation timetabling problem (ETP), which can be described as
the allocation of various examinations into predefined times-
lots, is one of the common educational timetabling problems.
Great challenges for large scale examination timetabling
problem have been presented to all researchers. Therefore, it
seems quite difficult to find a general and effective solution
for examination timetabling due to the complexity and
large number of various examinations. There is no known
deterministic polynomial algorithm for the ETP, since it is
considered to be an NP-hard combinational optimization
problem.

It has been a long history in the field of examination
timetabling problems. Perhaps the earliest excellent survey of
examination timetabling problems was introduced by Carter
[6] in 1986 and other meaningful papers were then presented
by Carter et al. [7, 8]. Since then a significant number of
papers in this field have been published and also lots of
systems and tools for examination timetabling problems have

been introduced. The represented techniques include graph
based techniques, constrain based techniques, population
based techniques, multicriteria techniques, hyperheuristics
techniques, and decomposition/clustering techniques [9].
To validate the efficiency of algorithms, several benchmark
examination timetabling problems have been established and
collected, which have been tested in many research papers
[8]. The classical benchmark data sets include University
of Nottingham benchmark data, University of Melbourne
benchmark data, and some test datasets created in the second
international timetabling competition.

In 1994, Corne et al. [10] provided a brief survey on using
genetic algorithms to solve general educational timetabling
problems, and some issues and future prospects were also
discussed in their research. Their contribution was to show
that the use of representation in genetic algorithms was
incapable of dealing with certain problem structures in some
specially generated graph coloring problems. In 1996, Ross
et al. [11] showed that there existed transition regions in solv-
able timetabling problems by experimenting upon specially
generated graph coloring problems of different connectivity
and homogeneity. In the research, authors indicated that their
research was helpful to understand how different algorithms
perform on complex timetabling problems. Ross et al. [12]
in 1998 indicated that there were some weaknesses of using
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direct coding in genetic algorithms. In 1999 Terashima-
Marin et al. [13] designed a clique-based crossover on the
timetabling problems, in which the problems were trans-
ferred into graph coloring problems. They not only pointed
out the weaknesses of the direct coding in genetic algorithms
as that in Ross et al. [12], but also made some contributions
to penalty function on both random and real timetabling
problems. In 2001, Erben [14] developed a grouping genetic
algorithmwhere appropriate encoding, special crossover and
mutation operators and new fitness function were studied.
In 2002, Sheibani et al. [15] built a special mathematical
model anddeveloped a standard genetic algorithm for solving
examination timetabling problems. Wong et al. [16] in 2002
discussed some issues concerning their implementation of
a genetic algorithm for solving the examination timetabling
problems, which was modeled as a constraint satisfaction
problem. In this research, the tournament selection was
applied to choose parents and repairing strategies was incor-
porated with mutation to produce better solutions. In 2005,
Côté et al. [17] investigated a biobjective evolutionary algo-
rithm with the objectives of minimizing the timetable length
and spacing out the conflicting examinations. Besides, two
new local search operators were introduced to deal with the
hard and soft constrains. In 2007, Ülker et al. [18] developed
a genetic algorithm where Linear Linkage Encoding was
used as the representation method. In his paper, there were
different crossover operators in conjunction with the linear
linkage representation. The experimental results indicated
that their methods were feasible.

In the last decade, more researchers paid their attention
to introduce some local search operators to improve the
quality of solutions obtained in the examination timetabling
problems, which had made remarkable achievements. di
Gaspero and Schaerf [20] in 2001 carried out a valuable
investigation on a family of Tabu Search based techniques
whose neighborhoods concerned those which contributed to
the violations of hard and soft constraints. In the following
year, di Gaspero [34] improved the approach by applying
multiple neighbourhoods based on a token-ring searchwhich
circularly employs recolor (change a single examination) and
shake (swap groups of examinations) in 2002. White [35]
developed a four-stage Tabu search called OTTABU, where
solutions were gradually improved by taking into more and
more constraints in 2000. After then, in 2004, this approach
was extended by White et al. [36], where tabu lists could be
dynamically relaxed. Paquete and Stützle [21] developed a
Tabu serach methodology for examination timetabling prob-
lems where ordered priorities were given for the constraints.
In 2010, Burke et al. [31] investigated variants of variable
neighbourhood search and obtained the best results in the
literature across some of the problems in theToronto datasets.
Abdullah et al. [27] in 2007 developed a large neighborhood
search based on the methodology of improvement graph
construction originally developed by Ahuja et al. [37] for
different optimization problems. Caramia et al. [19, 38]
developed a fine-tuned local search method where a greedy
scheduler assigned examinations into the least timeslots and
a penalty decrease improved the timetable without increasing
the number of timeslots. In 2009, Pillay and Banzhaf [30]

proposed an informed genetic algorithm for the examination
timetabling problems, which takes two-phase approach to
optimize one individual in two different stages. In 2011,
Turabieh ana Abduallah [39] proposed a hybrid approach
that incorporates effective heuristic operators within the
great deluge algorithm for solving examination timetable
problems. Alinia Ahandani et al. [40] proposed a method for
solving examination timetabling problems mainly based on
swarmoptimization and two-phase hill-climbing local search
operators in 2012, which had obtained good results. Gunawan
et al. [41] developed a hybridized Lagrangian relaxation and
simulated annealing method for the timetabling problems, in
which the initial solutions are obtained by a mathematical
programming approach based on Lagrangian relaxation and
then improved by a simulated annealing algorithm. In 2014,
Xu et al. [33] investigate the robust graph coloring problem
with application to a kind of examination timetabling by
using the matrix semitensor product and present a number
of new results and algorithm.

As is presented above, there are two difficult problems
that researchers have to face when they want to solve the
ETP. One is how to generate feasible individuals, and the
other is how to optimize these feasible individuals. Genetic
algorithm is a famous and useful tool for this kind of
nonlinear optimization problems. It is well known to all that
genetic algorithms obtain better and better solutions through
proper coding process, crossover, andmutation operators in a
series of iterations. Some parameters and operators should be
predefined properly with the aim to get an excellent solution.
Therefore, there are recently an increasing number of suc-
cessful algorithms for the examination timetabling problems
based on genetic algorithmwith local search methods, which
are often called memetic algorithms.

In this paper, we also concentrate on solving the exami-
nation timetabling problems with the main framework of the
evolutionary algorithm. A double evolutionary pool memetic
algorithm (DEPMA) for examination timetabling problems
is proposed in our paper.There are two evolutionary pools in
our algorithm to solve the two difficult problems, respectively.
Each evolutionary pool has its own conventional crossover
operator, mutation operator, and selection mechanism. The
main evolutionary pool with a large scale of population
is aiming to make the constructed examination timetables
more and more feasible, in which there is one local search
operator based on reordering strategy. The clonal strategy
is employed to make the feasible individuals produced in
the main evolutionary pool export into the secondary evo-
lutionary pool. The reasons that we use the clonal strategy
are as follow: For some test instances (e.g., Car91, Ear83,
Hec92, Uta92, and York83), enough feasible solutions cannot
be acquired from the main evolutionary pool, thus, the
secondary evolutionary pool also cannot guarantee optimal
solutions, which affects the ultimate performance of the
algorithm (see Figure 4). We employ the clonal strategy to
guarantee the population size in the secondary evolutionary
pool. In addition, the secondary evolutionary has one local
operator, and this operator makes the obtained feasible
individuals from the main evolutionary pool satisfy more
soft constrains. Finally, several newly produced individuals
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will replace the feasible individuals produced in the main
evolutionary pool tomaintain the diversity and constant scale
of population. Several benchmark test datasets are then used
to validate the efficiency of our algorithm.

The remaining parts of our paper are organized as follows.
We will concentrate on descriptions of the examination
timetabling problems in Section 2. Section 3 presents all the
details of the proposed algorithms including the framework,
crossover andmutation operators, and local search operators.
In Section 4, some comparison results on benchmark test
problems and analysis on the newly proposed strategy are
presented. In the end, some conclusions and future work are
discussed in Section 5.

2. Examination Timetabling
Problems Formulation

As is described in Section 1, since we should insert all
examinations into one timetable at the same time, there is no
doubt that many constraints are involved in the examination
timetabling problems. Constraints are usually divided into
two classes: the hard constraints and the soft ones. They are
described as follows.

In any case, hard constraints cannot be violated (mainly
due to physical restrictions). That is to say, the examinations
with the conflict resources cannot be scheduled simultane-
ously. A timetable which satisfies all the hard constraints is
usually called a feasible timetable.

Soft constraints are desirable but are not absolutely
critical. In practice, it seems quite hard to find a solution
which satisfies all the soft constraints. Soft constraints vary
from one institution to another in terms of both the type and
their importance [42].Themost common soft constraint is to
spread conflicting examinations as much as possible, whose
purpose is to make the students have enough time to rest
and prepare for the next examination. Another soft constraint
may be that the large examinations should be scheduled as
early as possible to allow enough time for marking.

As depicted in Section 1, this paper considers an instance
of the ETP that was first formulated by Edmund and Ross
[42]. In this problem, a set of exams𝐸 = {𝑒

1
, 𝑒
2
, . . . , 𝑒

𝐸
} is to be

scheduled into a set of periods 𝑃 = {1, 2, . . . , 𝑃}.The problem
can be formally specified by defining the following: 𝑎

𝑖𝑗
is one

if exam 𝑒
𝑖
is allocated to the period 𝑝. 𝑒

𝑖𝑗
is the number of

students registered for exams 𝑒
𝑖
and 𝑒
𝑖𝑗
.

The mathematical formulation is as follows:

min
|𝐸|−1

∑

𝑖=1

|𝐸|

∑

𝑗=𝑖+1

|𝑃|−1

∑

𝑝=1

𝑎
𝑖𝑝
𝑎
𝑗(𝑝+1)
𝑐
𝑖𝑗
, (1)

sub.
|𝐸|−1

∑

𝑖=1

|𝐸|

∑

𝑗=𝑖+1

|𝑃|−1

∑

𝑝=1

𝑎
𝑖𝑝
𝑎
𝑗𝑝
𝑐
𝑖𝑗
= 0, (2)

|𝑃|

∑

𝑝=1

𝑎
𝑖𝑝
= 1, ∀𝑖 ∈ {1, . . . , |𝐸|} . (3)

Equation (1) is the objective of minimizing the number of
clashes. Constraint (2) is the constraint that no student is to

be scheduled to take two exams at any one time. Constraint
(3) indicates that every exam can only be scheduled once in
any timetable.

To evaluate the quality of one feasible timetable, one eval-
uation function based on soft constraints has been proposed.
The function is to evaluate the average cost per student. It can
be described as follows:

fitness
1
=

(∑
4

𝑠=0
𝜔
𝑠
×𝑁
𝑠
)

𝑆
. (4)

For students taking two examinations which are 𝑆 times-
lots apart from each other, 𝜔

𝑠
= 2
𝑠, 𝑠 = 0, 1, 2, 3, 4, is

the penalty of scheduling these examinations 4, 3, 2, 1, or
0 timeslots away, respectively. 𝑁

𝑠
is the number of students

who take the examinations. 𝑆 is the total number of students
in the timetable.

3. Proposed Double Evolutionary Pools
Memetic Algorithm for the ETP

In this section, a double evolutionary pool memetic algo-
rithm is introduced to solve the incapacitated examination
timetabling problems. In addition, several local search oper-
ators are designed for each evolutionary pool, whose aims are
to make the individual become more and more feasible and
satisfy as many soft constraints as possible.

Generally speaking, the standard evolutionary algorithms
are a class of general-purpose optimization tools that model
the principles of nature evolution. Evolutionary algorithms
are population-based heuristic methods, which start from
an initially randomly generated population. Then all indi-
viduals in the population are evaluated according to one
problem-specific function, which is usually called fitness
function. After the evaluation process, some good individuals
are chosen to undergo the recombination process. In the
recombination process, crossover and mutation operators
are applied to create new individuals in order to explore
the search space. After that, the newly produced individuals
replace the old ones, which are usually the worst ones of
the population based on the fitness function. This process
is repeated until a stopping criterion is reached, which may
be the maximum number of generations or a time limit.
Maybe the first use of genetic algorithm in timetabling
problems appeared in 1990 [8]. Since then, there have been an
increasing number of genetic algorithms for the examination
timetabling problem.

In our paper, we propose a double evolutionary pool
memetic algorithm for examination timetabling problem,
which is denoted as DEPMA. Algorithm 1 shows the pro-
cedure of our proposed algorithm. The main framework of
DEPMAcan be described as follows.There are two evolution-
ary pools (search spaces) in the framework. In examination
timetabling problem, there are common crossover andmuta-
tion operators in each pool. The population scale in main
evolutionary pool is always set from 50 to 100, and then the
scale in the secondary evolutionary pool is always set from
20 to 30. The population in the main evolutionary pool will
becomemore andmore feasible through crossover, mutation,
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Input: PopM:The population in the main evolutionary pool
NM:The scale of population in the main evolutionary pool
PopS: The population in the secondary evolutionary pool
NS: The scale of population in the secondary evolutionary pool
𝑃
𝐶
: The crossover probability in the main evolutionary pool
𝑃
𝑀
: The mutation probability in the main evolutionary pool
𝑃
𝑀main: The mutation probability for one single individual in the main evolutionary pool
𝑃
𝐶main: The crossover probability for one single individual in the main evolutionary pool
𝑇exc: The number of exchanged timeslots in the secondary evolutionary pool
𝑃
𝑀sec: The mutation probability for one single individual in the secondary evolutionary Pool

IterMax: The maximum iteration number
Itermax: The maximum iteration number for the local search operators

Output: The best individual PopBest in the secondary evolutionary pool
Step 1. Initialization. Randomly create NM individuals in the main evolutionary pool according to what is described in

Part B, which is denoted as PopM. Meanwhile, PopM = Ø and Iter = 0.
Step 2. Crossover. Randomly select ⌈𝑃

𝐶
×NM⌉ individuals in the main evolutionary pool and perform crossover operation

described in Part 3.3.
Step 3. Mutate. Randomly select ⌈𝑃

𝑀
× NM⌉ individuals in the main evolutionary pool and perform mutation operation PopM

described in Part 3.4.
Step 4. Local optimization. For each individual through crossover and mutation operation, the special local search operator is

performed according to what is described in Part 3.5.
Step 5. Selection. Select individuals from the main evolutionary pool to the secondary evolutionary pool. Once the individuals in

the main evolutionary pool satisfy all hard constraints, all feasible individuals are put into the secondary evolutionary pool.
Meanwhile, create some new individuals replacing those feasible ones in the population for the main evolutionary pool.

Step 6. Clone. Assume that the number of feasible individuals is NF. If NF ≥ NS, randomly select NS individuals from all feasible
individuals. Otherwise, each feasible individual obtained from the main evolutionary pool is copied according to the
following rules. The number of each feasible individual after clone is ⌈NS/NF⌉. And then combine original individuals in
the secondary evolutionary pool with the cloned individuals. Select the best NS individuals as the population in the
secondary evolutionary pool.

Step 7. Local optimization. After clone, the local search operator described in Part 3.6 is performed to make the feasible
individuals satisfy more and more soft constraints.

Step 8. Selection. Select potential individuals in the secondary evolutionary pool according to (4). Keep the best
individual in the current generation constant in the population in the secondary evolutionary pool. And then combine
other individuals in the original secondary evolutionary pool with the best individual to form the population in the
secondary evolutionary pool.

Step 9. Iter = Iter + 1, and go to Step 2.
Step 10. If Iter reaches IterMax output the best individual PopBest in the secondary evolutionary pool.

Algorithm 1: The details of our proposed algorithm.

and one local search operator. That is, the population in
the main evolutionary pool will satisfy more and more the
hard constraint. The feasible individuals produced in the
main pool are put into the secondary evolutionary pool to
perform a predefined number of randomly clonal processes,
whose aim is to optimize the iterations and make full use
of one feasible individual. After that, the individuals in the
secondary evolutionary pool will satisfy more and more
soft constraints through the common crossover, mutation
and one local search operator. To keep the population scale
constant, the individuals in the main evolutionary pool who
have become feasiblewill be replaced by several newly created
individuals. In addition, we introduce one reordering strategy
in the main evolutionary pool. According to clashes in each
timeslot in ascending order, the timeslots should be reordered
when a new examination is to be inserted the timetable. Our
motivation is to give the priority to the timeslots with fewer
clashes when inserting a new examination.

Before introducing the details of our algorithm,we should
concentrate on the motivation of proposed framework and
two new strategies in our algorithm. Conventionally, fitness
function obtained by weighted-sum of the hard constraint
and the soft constraint cannot reflect which is the primary
factor between the hard constraint and soft constraint in
the gradual optimization process. Therefore, our double
evolutionary pool framework is proposed, whose purpose
is to make the individuals become feasible in the main
evolutionary pool and to make the feasible individuals satisfy
more soft constraints in the secondary evolutionary pool.
It should be emphasized that these two evolutionary pools
are not independent. Once feasible individuals emerge in the
main evolutionary pool, they will be cloned and put into
the secondary evolutionary pool. There is one disadvantage
without clonal strategy. In the evolutionary process, perhaps
the newly produced individuals can be easily obtained from
parent just through exchanging different timeslots.Therefore,
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Table 1: The structure of individuals in our algorithm.

𝑇
1

𝑇
2

𝑇
3

𝑇
4

𝑇
𝑎

1 0 0 0 0
0 1 0 0 0
0 0 0 0 1
0 0 0 1 0
0 0 1 0 0

to speed up the convergence speed and make full use of
one feasible individual, clonal strategy is introduced in the
selection process between these two evolutionary pools. In
addition, our reordering strategy in the main evolutionary
pool is to reorder the timeslots before one new examination
is inserted into one timetable, which is beneficial to give the
priority to those timeslots with fewer examinations and to
make the examinations with more conflicts separate from
each other. In this case, the numbers of examinations in
each timeslot will become more uniform. Meanwhile, the
individuals can become feasible much easier. In the following
parts, the whole proceeding from the start to the end of our
algorithm is introduced.

3.1. A Binary Coding Representation. In our paper, the in-
capacitated examination timetabling problem is the focal
point of our research. A binary coding representation for
examination timetabling is introduced, whose details are
shown as follows:

𝑇
𝑖𝑗
= {
1 if the exam 𝑖 is scheduled in timesolt 𝑗
0 otherwise.

(5)

To schedule all the examinations in one timetable, the
number of timeslots is always set one more than the given
ones. That is to say, there are two kinds of timeslots in our
timetable. One is called the regular timeslots and the other is
called alternate timeslot.

Table 1 shows the structure of the solution in our pro-
posed algorithm. Five examinations are allocated into four
different timeslots. The final column 𝑡

𝑎
denotes the alternate

timeslot. A number of 1 in the timeslot column represents that
the examination is allocated in this timeslot. A number of 1
in the final timeslot indicates that the examination cannot
be allocated in any timeslot due to hard constraints and
the timetable is an unfeasible solution. Therefore, the fitness
function in the main evolutionary pool can be shown in (6),
where 𝑡

𝑎
denotes the alternate timeslot. Our motivation is to

minimize the clashes in the alternate timeslot.The individual
is not feasible until the fitness value reaches

fitness
2
=

𝑛

∑

𝑖=1

𝑡
𝑎
. (6)

3.2. Initialization. In our algorithm, examinations are ran-
domly inserted into a binary timetable one by one. In
the initialization part, a new reordering strategy is intro-
duced in order to make one feasible timetable as soon
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Figure 1: The illustration of how to allocate examinations in the
initialization.

as possible (see Figure 1). That is, before inserting one
new examination into the timetable, we should sort all
timeslots in descending order according to some indicators,
such as the conflicts in each timeslot or total number of
students for each timeslot. After the reordering strategy,
some examinations with large conflicts or anticipating stu-
dents will be moved to the last few timeslots and the
first several timeslots with few conflicts can have much
space for inserting another new examination. Meanwhile,
the new reordering strategy makes each timeslot have nearly
the same number of examinations, which is beneficial for
teachers and students not to take too many examinations
practically.

Consider an example as follows. Assume that there are
four timeslots in the timetable with several examinations.10
examinations have been allocated in this timetable. We will
detail that how the 11th examination is allocated into the
timetable. According to what is described above, before we
insert the 11th examination into the timetable, we should
reorder all timeslots except the alternate timeslot according to
some indicators. Here consider the number of examinations
and the hard constraint in each timeslot as the indicator.
Calculate the sum of examinations in each timeslot, which
are 3, 2, 4, and 1, respectively. Therefore, the position of
each timeslot will be exchanged according to the indicator.
When inserting a new examination, our purpose is to give
priority to the timeslot which has fewer examinations and
the new examination in this timeslot does not violate the
hard constraint. After the reordering strategy, the timetable
is transformed. Through the reordering strategy, we can
insert a new examination without causing any conflict much
easily.

3.3. Crossover Operator in Main Evolutionary Pool. Since the
fitness function in the main evolutionary pool is to mini-
mize the number of examinations in the alternate timeslot,
there are some disadvantages in randomly crossover for this
kind of timetabling scheduling problem. The reason is that
randomly selected examinations or timeslots to exchange
may lead to the increasing of sum of examinations in the
alternate timeslot. Consequences are that there are rarely few
feasible individuals in the main evolutionary pool and lots
of computations are wasted. Meanwhile, through observing
many experimental results, there are few examinations in the
alternate timeslot after the randomly initialization.Therefore,
there exist some timeslots in both parents, which do not
contain examinations in alternate timeslots for both parents.
Then randomly select some above timeslots to crossover will
not make the children worse than their parents as much as
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Input: Randomly selected parents 𝑃
1
, 𝑃
2
and the crossover probability 𝑃

𝐶main
Output: Newly produced children PN

1
, PN
2

Step 1. Assume that the examinations sets in the alternate timeslot in 𝑃
1
, 𝑃
2
are ES

1
, ES
2
and 𝑛 is the number of total

timeslots in our timetable. Randomly select examinations in ⌈𝑃
𝐶main × (𝑛 − 1)⌉ timeslots, which do not contain any

examination in ES
1
, ES
2

Step 2. Exchange the selected timeslots in 𝑃
1
, 𝑃
2
, and then delete the duplicate examinations in unselected timeslots in 𝑃

1
,

𝑃
2
, which are denoted as PN

1
, PN
2
.

Step 3. Output the newly produced children PN
1
, PN
2

Algorithm 2: The details of the crossover operator in the main evolutionary pool.

𝑃: the original individual
PN: the new individual
Iter: the iteration number
Itermax: the maximum iteration number:
SD: the search depth.
𝐸num: the number of examinations
𝑟: the increasing step
Iter = 0, 𝑟 = 1
WHILE Iter < Itermax OR 𝑟 < 5

randomly select ⌈(𝐸num/SD) × 𝑟⌉ examinations and rearrange the in descending order, then obtain 𝑃
1

Iter = Iter + 1
IF fitness

1
(𝑃
1
) < fitness

1
(𝑃)

PN = 𝑃
1

BREAK
END
IF Iter = Itermax
𝑟 = 𝑟 + 1

Iter := 0
END

END

Algorithm 3: The pseudocode of the local search approach in the main evolutionary pool.

possible. Therefore, one special crossover operator is applied
in our algorithm. Assume that selected parents are 𝑃

1
, 𝑃
2
.The

details are described in Algorithm 2.

3.4. Mutation Operator in the Main Evolutionary Pool. In
the mutation operator, the reordering strategy is still applied
to extend the search space. After randomly selecting some
examinations to make the mutation process, a special
reordering strategy is applied here. According to some indi-
cators such as the number of participating students or the
conflicts for each examination, the examinations are selected
to perform mutation operation. Then all selected examina-
tions will be inserted into the timetable one by one again.
Examinations that cannot be put into nonalternate timeslots
should be ranged into the alternate timeslot. Consider an
example that there are 10 examinations in the timetable. The
mutation ratio 𝑃

𝑀main equals 0.3. So the total number of
examinations selected to make the mutation process is 3.
Assume that the selected examinations sets are {1, 4, 5} and
the total number of participating students for them are 20,

101, and 50 separately.Therefore, the sorted examinations sets
for mutation are {4, 5, 1}.That is to say, the examinations with
more students or conflicts should be given the priority to be
rearranged firstly.

3.5. Local Search Operator in the Main Evolutionary Pool. To
make the individual satisfy more and more hard constraints,
a local search operator will be introduced. Conventionally,
the simulated annealing algorithm is always used as the
local search operator. The simulated annealing algorithm
makes the individuals change in the annealing process, whose
purpose is to enable the individuals to become better than the
initial state as much as possible and accept bad individuals
with a small probability. However, there are few feasible
individuals in the main evolutionary pool in our algorithm.
We should enhance the strength of the local search operator.
Therefore, in our local search operator the small probability
to accept bad individual is removed. We only receive better
individuals after annealing process. Otherwise, the individual
should keep constant. Additionally, during the annealing
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Figure 2:The illustration of the crossover operator in the secondary
evolutionary pool.

process, if the individuals cannot become better through
a certain number of iteration, the sum of examinations to
be rearranged should be increased by a constant step. For
instance, the step in our algorithm is set as 1, whichmeans that
the sumof examinations to be rearrangedwill be increased by
10 percent. (see Algorithm 3).

3.6. Local Search Operator in the Secondary Evolutionary Pool.
In the secondary evolutionary pool, one special crossover
operator andmutate operator will be integrated into the local
search operator in the secondary evolutionary pool. Since
all individuals are feasible in the secondary evolutionary
pool and all timeslots are independent, random exchange
of some timeslots cannot change the feasible properties for
individuals in the secondary evolutionary pool.Therefore, the
crossover operator will randomly exchange 𝑇exc timeslots in
the timetable for individuals in the secondary evolutionary
pool. Consider an example as follows. Assume that the
timeslots sets selected to make the crossover process is {1, 4},
we exchange all examinations in these two timeslots and then
the newly produced individual can be obtained in Figure 2.

The mutation operator is more complicated. Randomly
select a small number of examinations and set their original
position as 0. Then insert them into the timetable from the
first timeslot to the last one without causing any conflict;
otherwise, the individual should be constant. Therefore,
details of mutation operator are described as Figure 3.

Our local search operator in the second evolutionary pool
is based on the crossover operator and the mutation operator
above. After a certain number of iteration for crossover and
mutation process, the selected individuals will be replaced
by the newly produced better individuals. Otherwise, if
the individuals cannot become better, they should be kept
constant. Therefore, the details are described in Algorithm 4.

After describing all in details, we should concentrate on
how to validate the efficiency of our algorithm. Therefore,
in next section 12 benchmark examination timetabling prob-
lems are introduced and tested on our DEPMA.

4. Experimental Study

In this section, some experimental results are presented to
validate our algorithm. Firstly, 12 benchmark test problems
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Figure 3:The illustration of the mutation operator in the secondary
evolutionary pool.

Table 2: The characteristics of benchmark exam timetabling prob-
lems.

Date set Timeslots Exams Students Conflict density
Car 91 35 682 16925 0.13
Car 92 32 543 18419 0.14
Ear 83 24 190 1125 0.27
Hec 92 18 81 2823 0.42
Kfu 93 20 461 5349 0.6
Lse 91 18 381 2726 0.6
Rye 92 23 486 11483 0.08
Sta 83 13 139 611 0.14
Tre 92 23 261 4360 0.18
Ute 92 10 184 2750 0.08
Uta 93 35 622 21266 0.13
York 83 21 181 941 0.29

are briefly introduced. Secondly, we will show the efficiency
of our proposed strategy in boxplots. Finally, our best results
will be compared with the other ones obtained in another
16 algorithms. Note that the DEPMA is implemented on a
2.8GHz core personal computer.

The high level of research interest in examination time-
tabling has led to the establishment of a variety of different
benchmark problems which have been widely studied. Carter
et al. [8] in 1996 introduced a set of several real world
examination timetabling problems from three Canadian high
schools, five Canadian universities, one American university,
one British university, and one university in Saudi Arabia.
Over the past few years, they were widely employed as test
beds in examination timetabling research.

In all the test problems, to indicate the density of the
conflicting examinations in each of the instances, a conflict
matrix 𝐶 was defined, where each element 𝑐

𝑖𝑗
= 1 if exam 𝑖

conflicts with exam 𝑗 (i.e., they have common students), or
𝑐
𝑖𝑗
= 0 otherwise. The conflict density represents the ratio

between the numbers of elements of value “1” to the total
number of elements in the conflict matrix. The enrolments
are the total number of examinations that each student takes
part in. All the details of these test problems are shown in
Table 2.
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𝑃: the original individual
PN: the new individual
Iter: the iteration number
Itermax: the maximum iteration number:
𝐸num: the number of examinations
𝑇exc: the exchange number of timeslots
Iter = 0;
WHILE Iter < Itermax

Selecte ⌈𝑃
𝑀sec × 𝐸num × (Itermax/Iter + 1)⌉ examinations randomly from individual 𝑃.

Perform the mutation and crossover process, and then obtain the new individual 𝑃
1
;

Iter = Iter + 1;
IF fitness

1
(𝑃
1
) < fitness

1
(𝑃)

PN = 𝑃
1
;

ELSE
PN = 𝑃;

END
END

Algorithm 4: The pseudocode of the local search approach in the secondary evolutionary pool.

Table 3: The parameter setting of our algorithm.

Parameter Values
NM/NS: the scale of the population in the main/secondary evolutionary pool 100/30
𝑃
𝐶
/𝑃
𝐶main: the same crossover probability in these two evolutionary pools 0.8

𝑃
𝑀
/𝑃
𝑀main: the same mutation probability in these two evolutionary pools 0.2

IterMax: the maximum iteration number of the whole algorithm 500
Itermax: the maximum iteration number of the local search approach 10
𝑇exc: the exchange number of timeslots 2

Since we introduce the reordering strategy to make the
examinations with large conflicts separate from each other
and the clonal strategy to make full use of one feasible indi-
vidual and to accelerate the convergence speed, we havemade
some experiments to compare the performance between
DEPMA with and without reordering strategy and DEPMA
with and without clonal strategy. All parameters are set in
Table 3. There are 30 independent runs for each algorithm.
The fitness values are shown in boxplots in Figure 4.

It can be found that, for car91 test instance, car92 test
instance, hec92 test instance, sta83 test instance, tre92 test
instance, uta92 test instance, ute92 test instance, and yor83
test instance, our algorithm with both clonal strategy and
reordering strategy obtains the best results. Our algorithm
with either clonal strategy or reordering strategy has nearly
the same performance for these 8 problems. However, for
ear83 test instance, the algorithmwithout reordering strategy
gets the best performance. For kfu83 test instance, the
DEPMA without clonal strategy gets the best experimental
results. And then the DEPMA without reordering strategy
gets the best performance for lse91 test instance, which is in
the same case for rye 92 test problems. Overall considering
what is said above, the newly introduced clonal strategy in
selection process and reordering strategy are benefit for our
algorithm.

In our following experiments, we will test the overall
performance of the algorithm. There are also 30 indepen-
dent runs for each test problem. To validate the efficiency
of our algorithm, three indicators are introduced here.
The generation when the first feasible individual comes
out is used to represent the search efficiency in the main
evolutionary pool. Meanwhile, the best fitness value and run
time is introduced to show the efficiency of the secondary
evolutionary pool. All experimental results are represented in
boxplots in Figure 5. The parameters are set in Table 3.

Some conclusions can be obtained from Figure 5. Firstly,
our algorithm is robust in performance.There are few outliers
in all boxplots, which means that our local search operators
in both main evolutionary pool and secondary evolutionary
pool have steady search efficiency. Secondly, for the key step
that we sort timeslots after inserting each examination in the
initialization process, the examinations with large conflicts
are not ranged into the same timeslot, which is benefit for us
to obtain robust performance. There are nearly no outliners
in boxplots for best fitness values of all twelve test problems.
The difference between the best fitness value and the worst
ones is no more than 3. Even in some test instance, the
difference reaches no more than 0.3. Finally, the run times
for our algorithm are ranged from several hundred to tens
of thousands, which means that the algorithm is so low in
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Figure 4: Boxplots for best fitness values obtained from DEPMA (a), DEPMA without clonal strategy (b), and DEPMA without reordering
strategy (c).

speed that needs toomuch optimization. Overall considering
what are presented above, we can conclude that our algorithm
is efficient and robust in solving examination timetabling
problems.

In Table 4, the best fitness values obtained from other
17 famous algorithms are compared with those obtained
in our algorithm. Meanwhile, the best results obtained in
our algorithm are shown in Table 4. All the best results

represented in the following table are obtained from the best
ones of 30 independent runs.

It can be seen that the results obtained in our algorithm
are neither the best nor the worst. The best ranking of
examination instance is that for sta83 test problem, which is
2nd in all algorithms. It seems quite different with different
test instances. That is to say, our algorithm is worthwhile and
general for solving examination tabling problem.
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Figure 5: Boxplots for the best fitness value (a), the run time (b), and the generation when the first feasible individual comes out in the main
evolutionary pool (c).

5. Conclusions and Future Work

This paper briefly overviews methods for solving incapaci-
tated examination timetabling problems, which are based on
graph coloring strategy or based on genetic algorithm. And
then a double evolutionary pool memetic algorithm for solv-
ing incapacitated timetabling problems is introduced. The
mechanism of this method is that, in the main evolutionary
pool, we use common crossover operator, mutation operator,
and one local search operator to make the individuals satisfy
more andmore hard constraints. Once one feasible individual
comes out, the clonal strategy is applied in the selection
process from the main evolutionary pool to the secondary
evolutionary pool. In the secondary evolutionary pool, one

newly local search operators is introduced based mainly
on exchanging strategy to make the individuals more and
more outstanding. Finally, some experiments for proving the
efficiency of our clonal strategy and reordering strategy in
local search operators are presented. Meanwhile, the best
fitness values obtained in our algorithm are compared to
those obtained by the other 16 algorithms. The results show
that our algorithm is a worthwhile method to solve the
examination tabling problems.

However, there are still some disadvantages in our algo-
rithm. Our future work will focus on introducing more
reasonable local search operators to improve the performance
of our algorithm. And then how to analyse the correlation
between examinations is still a huge challenge for us. What
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Table 4: The fitness values of our algorithm compared against the best fitness values of current approaches.

Data sets Our result Carter et al. [8] Caramia et al. [19] Di Gaspero and
Schaerf [20]

Paquete and
Stützle [21]

Burke and
Newall [22] Burke et al. [1]

Car 91 6.4 7.1 6.6 6.2 — 4.65 5.0
Car 92 5.2 6.2 6.0 5.2 — 4.1 4.3
Ear 83 39.8 36.4 29.3 45.2 38.2 37.05 36.2
Hec 92 11.8 10.8 9.2 12.2 11.2 11.54 11.6
Kfu 93 16.2 14.0 13.2 18.2 16.2 13.9 15.0
Lse 91 14.5 10.5 9.6 15.2 13.2 10.82 11.0
Rye 92 12.3 7.3 6.8 — — — —
Sta 83 157.2 161.5 158.2 160.2 168.2 168.73 161.9
Tre 92 9.5 9.6 9.2 10.2 9.2 8.35 8.4
Uta 92 4.3 3.5 3.2 4.2 — 3.2 3.4
Ute 92 28.6 25.8 24.4 27.8 29.2 25.83 27.4
York 83 40.5 41.7 36.2 41.2 38.2 37.28 40.8

Data sets Burke et al.
[23] Asmuni et al. [24] Côté et al. [17] Kendall and

Hussin [25]
Yang and

Petrovic [26]
Abdullah et al.

[27] Burke et al. [28]

Car 91 4.8 5.19 5.2 5.37 4.5 5.2 5.36
Car 92 4.2 4.51 4.2 4.67 3.93 4.4 4.53
Ear 83 35.4 36.64 34.2 40.18 33.7 34.9 37.92
Hec 92 10.8 11.6 10.2 11.86 10.83 10.3 12.25
Kfu 93 13.7 15.34 14.2 15.84 13.82 13.5 15.2
Lse 91 10.4 11.35 11.2 — 10.35 10.2 11.33
Rye 92 8.9 10.05 8.8 — 8.53 8.7 —
Sta 83 159.1 160.79 157.2 157.38 158.35 159.2 158.19
Tre 92 8.3 8.47 8.2 8.39 7.92 8.4 8.92
Uta 92 3.4 3.52 3.2 — 3.14 3.6 3.88
Ute 92 25.7 27.55 25.2 27.6 25.39 26.0 28.01
York 83 36.7 39.79 36.2 — 36.35 36.2 41.37
Data Sets Eley [29] Qu et al. [9] Pillay and Banzhaf [30] Burke et al. [31] Burke et al. [32] Xu et al. [33]
Car 91 5.2 5.16 4.9 4.6 5.19 6.5
Car 92 4.3 4.16 4.2 4.0 4.31 5.2
Ear 83 36.8 35.86 35.9 32.8 35.79 39.6
Hec 92 11.1 11.94 11.5 10.0 11.19 11.63
Kfu 93 14.5 14.79 14.4 13.0 14.51 16.3
Lse 91 11.3 11.15 10.9 10.0 10.92 13.4
Rye 92 9.8 — 10.89 — — 14.7
Sta 83 157.3 159.0 157.8 159.9 157.18 160.2
Tre 92 8.6 8.6 8.4 7.9 8.49 9.5
Uta 92 3.5 3.59 3.4 3.2 3.44 3.2
Ute 92 26.4 28.3 27.2 24.8 26.7 27.9
York 83 39.4 41.81 39.3 37.28 39.47 —

is more important is that we will make some efforts to apply
our algorithms in solving the other timetabling problems,
which may be more difficult than incapacitated examination
timetabling problems.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

References

[1] E. Burke K, G. Kendall, M. Mısır et al., “Applications to
timetabling,” inHandbook of GraphTheory, vol. 445, 1st edition,
2004.

[2] A. Colorni, M. Dorigo, and V. Maniezzo, “Metaheuristics
for high school timetabling,” Computational optimization and
applications Journal, vol. 9, no. 3, pp. 275–298, 1998.

[3] E. K. Burke, P. de Causmaecker, G. V. Berghe, and H. van Lan-
deghem, “The state of the art of nurse rostering,” Journal of
Scheduling, vol. 7, no. 6, pp. 441–499, 2004.



12 Mathematical Problems in Engineering

[4] K. Easton, G. Nemhauser, and M. Trick, “Sports scheduling,” in
Handbook of Scheduling: Algorithms, Models, and Performance
Analysis, J. Leung, Ed., vol. chapter 52, CRC Press, Boca Raton,
Fla, USA, 2004.

[5] K. C. Tan, Y. H. Chew, and L. H. Lee, “A hybrid multiobjective
evolutionary algorithm for solving vehicle routing problemwith
time windows,” Computational Optimization and Applications,
vol. 34, no. 1, pp. 115–151, 2006.

[6] M.W. Carter, “A survey of practical applications of examination
timetabling algorithms,” Operations Research, vol. 34, no. 2, pp.
193–202, 1986.

[7] M. W. Carter, G. Laporte, and J. W. Chinneck, “A general
examination scheduling system,” Interfaces, vol. 24, no. 3, pp.
109–120, 1994.

[8] M. W. Carter, G. Laporte, and S. Y. Lee, “Examination
timetabling: algorithmic strategies and applications,” Journal of
Operational Research Society, vol. 47, no. 3, pp. 373–383, 1996.

[9] R. Qu, E. K. Burke, B. McCollum, L. T. G. Merlot, and S.
Y. Lee, “A survey of search methodologies and automated
system development for examination timetabling,” Journal of
Scheduling, vol. 12, no. 1, pp. 55–89, 2009.

[10] D. Corne, P. Ross, and H. L. Fang, Fast Practical Evolutionary
Timetabling, Springer, Berlin, Germany, 1994.

[11] P. Ross, D. Corne, and H. Terashima-Marin, “The phase
transition niche for evolutionary algorithms in timetabling,” in
Practice andTheory of Automated Timetabling I: Selected Papers
from the 1st International Conference, E. K. Burke, Ed., vol. 1153
of Lecture Notes in Computer Science, pp. 309–324, Springer,
Berlin, Germany, 1996.

[12] P. Ross, E. Hart, and D. Corne, “Some observations about GA
based exam timetabling,” in Proceedings of the 2nd International
Conference on Practice andTheory of Automated Timetabling, E.
K. Burke and M. W. Carter, Eds., vol. 1408 of Lecture Notes in
Computer Science, pp. 115–129, Springer, Berlin, Germany, 1998.

[13] H. Terashima-Marin, P. Ross, and M. Valenzuela-Rendon,
“Clique-based crossover for solving the timetabling problem
with GAs,” in Proceedings of IEEE Congress on Evolutionary
Computation, pp. 1200–1206, Washington, DC, USA, 1999.

[14] W. Erben, “A grouping genetic algorithm for graph colouring
and exam timetabling,” in Practice and Theory of Automated
Timetabling III, E. K. Burke and W. Erben, Eds., vol. 2079 of
Lecture Notes in Computer Science, pp. 132–156, Springer, Berlin,
Germany, 2001.

[15] K. Sheibani, E. K. Burke, and P. de Causmaecker, “An evolu-
tionary approach for the examination timetabling problems,”
in Proceeding of the 4th International Conference on Practice
and Theory of Automated Timetabling, E. K. Burke and P.
de Causmaecker, Eds., pp. 387–396, KaHo Sint-Lieven, Gent,
Belgium, 2002.
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Airport gate assignment is core task for airport ground operations. Due to the fact that the departure and arrival time of flights may
be influenced by many random factors, the airport gate assignment scheme may encounter gate conflict and many other problems.
This paper aims at finding a robust solution for airport gate assignment problem. A mixed integer model is proposed to formulate
the problem, and colony algorithm is designed to solve this model. Simulation result shows that, in consideration of robustness,
the ability of antidisturbance for airport gate assignment scheme has much improved.

1. Introduction

With the rapid growth of air transport traffic, airport man-
agers are widely concerned with airport operation efficiency.
Airport gate assignment scheme is directly related to airport
operation efficiency. Purpose of airport gate assignment is
to allocate gate for every arrival and departure aircraft.
Not only does airport gate assignment affect efficiency of
ground service, but also good assignment scheme can prevent
congestion at airport.

Airport gate assignment problem can be seen as a kind
of resource assignment problem under certain restraints.
Airport gate can be seen as resource and aircraft can be seen as
resource consumer. Hard constraints of this problem are that
aircraft must be assigned to one gate only once, and the gate
cannot be assigned to any other aircraft after it is released. In
addition to hard constraints, there are many soft constraints
that can be considered during gate scheduling process, such
as minimizing passenger walking distance and minimizing
departure delay.

Mathematical models of airport gate assignment differ
from different objectives. Lim and Wang [1] established
model to minimize number of conflicted gates; the stochastic
factor in arrival and departure time of aircraft is considered.

They show that this model is NP-hard, and heuristic algo-
rithm is used to solve it. Yan and Tang [2] established a sim-
ulation framework for gate assignment problem, and waiting
time of all passengers is considered. Drexl and Nikulin [3]
add the objective ofmaximizing gate performance scores into
model established by Ding, and optimal result is obtained by
annealingmethod. Tang [4] considers gate shortage and flight
delay into objective, and evaluation method was used for
optimal solution searching. Cheng et al. [5] consider efficient
use of resources and passengers’ satisfaction as objective and
established heuristics algorithm to find optimal solution. Kim
and Feron [6] establish mathematical model to minimize
number of gage conflicts that are caused by aircraft departure
metering.

Deterministic models for aircraft gate assignment seem
to get optimal assignment scheme during planning process,
but most of these schemes are not really optimal during
airport operation process. There are many disturbances that
will affect gate assignment scheme; gate assignment scheme
may be infeasible. Scheme planners have to adjust gate
assignment scheme to make it proof against small deviations
from original scheme [7].

In this paper, we will focus on the RAGA (robust airport
gate assignment) problem. A mixed integer programming
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model is proposed; objective of this model is to find balance
between service index and robust index. It is clearly noted
that the RAGA model is NP-hard. The ACO (Ant Colony
Optimization) algorithm is used to solve this model accord-
ing to its complexity. Simulation experiments are used to test
robustness of solution for RAGA model. Research result in
this paper will provide a reference for airport gate assignment
management in practice.

This paper is organized as follows. In Section 2 the RAGA
mathematicmodel is established; in Section 3ACOalgorithm
is designed for RAGA model; Section 4 is the simulation
experiments result and analysis; Section 5 concludes the
paper.

2. Problem Formulation

2.1. Description of the Problem. Airport gate assignment is
a core task during airport resource scheduling process; its
purpose is to determine a certain position for every arrival
aircraft, and airport ground operations are scheduled on
the basis of gate assignment scheme. Research of RAGA
is to find airport gate schedule scheme, which has certain
antidisturbance ability for the uncertain factors during air-
port operation process.

Due to the limited number of airport gate, airport needs
to arrange gate in advance for aircraft that will arrive in
a certain period. Thus the airport ground services can be
scheduled based on airport gate assignment scheme. Airport
gate assignment scheme is formulated based on arrival time,
leave time of aircraft in flight schedule, and estimation of
ground service duration. But during the actual operation
process of airport, aircrafts do not always be punctual in the
arrival and departure time in flight schedule; there is always
a certain deviation between actual arrival and departure time
and the scheduled time. For example: delay of aircraft take
off that is caused by bad weather may result in arrival delay
and departure delay. The arrival delay and departure delay
may result in infeasibility of gate assignment scheme; gate
planners have to spend several hours on adjusting gate assign-
ment scheme. The adjustment of gate assignment scheme
may bring change to related ground service schedule scheme,
thus to reduce the overall operation efficiency of airport. So,
the ability of antidisturbance should be considered during
airport gate assignment scheme making process, namely, the
robustness of airport gate assignment scheme.

Figure 1 is the comparison of two assignment schemes for
three gates and six aircrafts.The 𝑥-axis represents airport gate
and the 𝑦-axis represents time. The lower edge and upper
edge of rectangle represent arrival time and departure time
of every aircraft. Arrival time and departure time of every
aircraft in these two schemes are exactly the same; these
two assignment schemes have no difference on the criterion
of punctuality. But on the circumstance of arrival delay or
departure delay, scheme 2 has higher antidisturbance ability
than scheme 1. For example: when the departure delay of
aircraft 1 happened, the gate assignment of aircraft 4 must be
adjusted in assignment scheme 1. But in assignment scheme
2, buffer time between departure time of aircraft 1 and arrival
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Figure 1: Comparison of two assignment schemes.

time of aircraft 5 can absorb certain delay influence; thus
assignment scheme 2 is more robust.

Example above shows that adding certain buffer time after
departure of every craft can improve robustness of schedule
scheme. But too long buffer timemay cause new arrival delay
or departure delay, and too short buffer time cannot absorb
disturbance caused by arrival or departure delay. To find
airport gate assignment scheme in consideration of service
criterion and robustness criterion is the research aim of this
paper.

2.2. Assumption of the Model. In order to establish RAGA
model, the following assumptions are made.

Assumption 1. Every gate in airport at most can berth one
aircraft at any time.

Assumption 2. Airport gates are divided into two types of
large gate and small gate. Aircrafts can be divided into two
types of large scale and small scale. Large gate can berth large
scale and small scale aircraft and small gate can only berth
small scale aircraft.

Assumption 3. Each arrival aircraft must be assigned to a
certain gate for berth.

Assumption 4. Arrival time of aircraft, ground operation
duration, and passenger boarding duration may be delayed
by uncertain factors, which may lead to the delay of aircraft
departure.

Assumption 5. Minimum time interval exists between aircraft
departure time and berth time in any airport gate.

Assumption 6. Departure time of any aircraft cannot be
earlier than departure time in flight schedule.

2.3. Notations Related to the Model

𝐹: the set of all the aircrafts, 𝐹 = {𝑓
1
, 𝑓
2
, . . . , 𝑓

𝑛
};

𝑃: the set of all airport gates, 𝑃 = {𝑝
1
, 𝑝
2
, . . . , 𝑝

𝑚
};

𝑢
𝑖
: if aircraft 𝑓

𝑖
is large scale then 𝑢

𝑖
= 1; otherwise

𝑢
𝑖
= 0;

V
𝑖
: if 𝑝
𝑖
is large gate then V

𝑖
= 1; otherwise V

𝑖
= 0;
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𝑎
𝑖
: the arrival time of aircraft 𝑓

𝑖
in flight schedule;

𝑎


𝑖
: the berth time of flight aircraft 𝑓

𝑖
in gate arrange

scheme;

𝑑
𝑖
: the departure time of aircraft 𝑓

𝑖
in flight schedule;

𝑑


𝑖
: the departure time of flight aircraft 𝑓

𝑖
in gate

arrange scheme;

𝜉: the duration of ground operation and passenger
boarding;

𝜗: the minimum time interval between aircraft depar-
ture time and berth time in the same gate;

𝑥
𝑖𝑗
: if aircraft 𝑓

𝑖
is allocated to gate 𝑝

𝑖
, then 𝑥

𝑖𝑗
= 1;

otherwise 𝑥
𝑖𝑗
= 0;

𝑦
𝑖𝑗𝑘
: if aircraft 𝑓

𝑖
and 𝑓
𝑗
are allocated to gate 𝑝

𝑘
and 𝑓
𝑖

follows 𝑓
𝑗
, then 𝑦

𝑖𝑗𝑘
= 1; otherwise 𝑦

𝑖𝑗𝑘
= 0;

𝑧
𝑖𝑗
: if large scale aircraft 𝑓

𝑖
is allocated to small gate

𝑝
𝑗
, then 𝑧

𝑖𝑗
= 1; if small scale aircraft 𝑓

𝑖
is allocated to

large gate 𝑝
𝑗
, then 𝑧

𝑖𝑗
= 0.5; otherwise 𝑧

𝑖𝑗
= 0;

𝜃: the buffer time between aircraft departure time and
berth time in the same gate.

2.4. Formulation of the Model. The mathematical model for
RAGA is nowpresented, followed by step by step explanation.
Objective of the model is to find the optimal gate assignment
scheme which can ensure service and has certain ability of
antidisturbance. Objective function (1) is to minimize the
weighted sum of departure delay, buffer time, and matching
degree of aircraft with gate. The weights are 𝛼, 𝛽, and 𝛾,
respectively:

min 𝑓 = 𝛼

𝑛

∑

𝑖=1

(𝑑


𝑖
− 𝑑
𝑖
) − 𝛽𝜃 + 𝛾

𝑛

∑

𝑖=1

𝑚

∑

𝑗=1

𝑥
𝑖𝑗
𝑧
𝑖𝑗
, (1)

subject to:

𝑚

∑

𝑘=1

𝑥
𝑖𝑘

= 1, (2)

𝑥
𝑖𝑘

≥

𝑛

∑

𝑗=1

𝑦
𝑖𝑗𝑘

, (3)

𝑥
𝑗𝑘

≥

𝑛

∑

𝑖=1

𝑦
𝑖𝑗𝑘

, (4)

𝑑


𝑖
= {

𝑎


𝑖
+ 𝜉 𝑎



𝑖
+ 𝜉 > 𝑑

𝑖

𝑑
𝑖

otherwise,
(5)

𝑎


𝑗
=

{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{

{

𝑑


𝑖
+ 𝜗 + 𝜃 if 𝑦

𝑖𝑗𝑘
= 1, and 𝑑



𝑖
+ 𝜗 + 𝜃 > 𝑎

𝑗

𝑎
𝑗
+ 𝜗 if 𝑦

𝑖𝑗𝑘
= 1, and 𝑑



𝑖
+ 𝜗 + 𝜃 ≤ 𝑎

𝑗

𝑎
𝑗

if
𝑛

∑

𝑖=1

𝑚

∑

𝑘=1

𝑦
𝑖𝑗𝑘

= 0,

(6)

𝑚

∑

𝑘=1

𝑧
𝑖𝑘

< 1, (7)

𝜃 ≥ 0. (8)

Constraint (2) ensures that each aircraft must be and only
be arranged to one certain gate. Constraint (3) restricts that
each aircraft at a certain gate can at most be followed by
one aircraft arranged to that gate. Constraint (4) restricts
that each aircraft at a certain gate can at most follow one
aircraft arranged to that gate. Constraint (5) is the calculation
method for airport departure time. If aircraft berth time
adding duration of ground operation and passenger boarding
has not exceed departure time in flight schedule, then select
the flight schedule departure time as aircraft departure time.
Otherwise, select calculation time as aircraft departure time.
Constraint (6) is the calculation method for airport berth
time. Constraint (7) ensures that there is no large scale aircraft
arranged to small gate. Constraint (8) is the range of buffer
time.

3. Solving Raga by ACO

ACO is a kind of global algorithm that is put forward by
Professor Dorigo in the year of 1992. ACO simulates the
process of path formulation during ant search for food and
has been widely used in solving many kinds of combinatorial
optimization problems [8].

3.1. The Design of the Algorithm ACO

3.1.1. Node Set. Optimal solution of RAGA is related to air-
craft and gate, so node for ACO should represent themessage
of both aircraft and gate. Nodes in path are represented by
matrix 𝐶:

𝐶 =
[

[

[

𝑐
11

⋅ ⋅ ⋅ 𝑐
1𝑚

.

.

.

.

.

.

.

.

.

𝑐
𝑛1

⋅ ⋅ ⋅ 𝑐
𝑛𝑚

]

]

]

(9)

𝐶 is a matrix of order 𝑛 × 𝑚, where 𝑚 is the number of
aircrafts and 𝑛 is the number of gates. Elements in matrix 𝐶

represent 𝑛 × 𝑚 nodes in ant searching path. Element 𝑐
𝑖𝑗
in

matrix𝐶 represents that aircraft 𝑖 is allocated to gate 𝑗. Nodes
inmatrix𝐶 are divided into two types. If 𝑧

𝑖𝑗
= 1, then node 𝑐

𝑖𝑗

is called abnormal node; otherwise 𝑐
𝑖𝑗
is called normal node.

Abnormal node represents that the node is infeasible because
aircraft of large scale is allocated to a small gate.

3.1.2. Tabu Table. Tabu table is established for every ant;
Tabu(𝑘) represents nodes that the ant whose code is 𝑘 cannot
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travel. Before node choice of ant 𝑘, nodes in matrix 𝐶 whose
value equals Φ are added into Tabu(𝑘). During node choice
process, if node 𝑐

𝑖𝑗
is chosen by ant 𝑘, then nodes in matrix 𝐶

whose row number is 𝑖 are added into Tabu(𝑘). The design of
tabu table ensured that every aircraft can only be assigned to
one certain gate.

3.1.3. Path Table. Path table is established for every ant; nodes
that traveled by ant 𝑘 will be record in Path(𝑘) sequentially.
During initial position selection process for ant 𝑘, normal
nodes inmatrix𝐶 are selected as initial position set.Onenode
is randomly selected in initial position set for ant 𝑘 as the
start position, and the node is added into Path(𝑘) accordingly.
During path selection process, when node 𝑐

𝑖𝑗
is traveled by

ant 𝑘, then the node is added into Path(𝑘). When all rows
in matrix 𝐶 are traveled by ant 𝑘, travel path of ant 𝑘 can
be acquired by sequential read nodes in Path(𝑘). Airport gate
assignment that represented by Path(𝑘)will be acquiredwhen
it is decoded.

3.1.4. Pheromone Design. Pheromone is the information that
stays on path when the path is traveled by ant. More
pheromones are left when the path is traveled by more ants.
During path selection process of every ant, path is selected
randomly based on the quantity of its pheromone. The more
the quantity pheromone on path, themore the probability the
path is selected.

During path selection process, ant at any node has
the probability of jumping to any other node normally in
matrix𝐶. Pheromonematrix 𝑃(𝑡) represents pheromones for
ants during path selection process of step 𝑡. Matrix 𝑃(𝑡) is
composed of 𝑛×𝑚 submatrices and the order of submatrix is
𝑛 × 𝑚. Submatrix in matrix 𝑃(𝑡) is represented by 𝑝

𝑖𝑗
(𝑡):

𝑝
𝑖𝑗
(𝑡) =

[

[

[

[

[

𝜏
𝑖𝑗,11

(𝑡) 𝜏
𝑖𝑗,12

(𝑡) ⋅ ⋅ ⋅ 𝜏
𝑖𝑗,1𝑚

(𝑡)

𝜏
𝑖𝑗,21

(𝑡) 𝜏
𝑖𝑗,22

(𝑡) ⋅ ⋅ ⋅ 𝜏
𝑖𝑗,2𝑚

(𝑡)

.

.

.

.

.

.

.

.

.

.

.

.

𝜏
𝑖𝑗,𝑛1

(𝑡) 𝜏
𝑖𝑗,𝑛2

(𝑡) ⋅ ⋅ ⋅ 𝜏
𝑖𝑗,𝑛𝑚

(𝑡)

]

]

]

]

]

. (10)

Elements inmatrix𝑝
𝑖𝑗
(𝑡) represent the probability of jumping

to other nodes fromnode 𝑐
𝑖𝑗
at the 𝑡 jumping step. Before path

selection process of ants, matrix 𝑃(0) should be initialized,
and ants will begin their path selection step according to
matrix 𝑃(0) from their initial positions. Ants cannot jump
between nodes in the same row of matrix 𝐶 and cannot
jump to abnormal nodes either. In the initialization process
of matrix 𝑃(0), elements in matrix 𝑃(0) that represent
pheromones between nodes in the same row are set to zero,
and elements that represent pheromones between normal
nodes and abnormal nodes are set to zero too; other elements
are set to 1. Initialization process of matrix 𝑃(0) ensured that
ants can select node as the next step choice with the same
probability in feasible node set.

When ant jumped to another node from its current
position, it will leave pheromones on the way. And elements
in pheromone matrix 𝑃(𝑡) should be updated accordingly.

Formula (11) is the calculationmethod for pheromonematrix
element update:

𝜏
𝑖𝑗,𝑟𝑠

(𝑡 + 1) = (1 − 𝜌) 𝜏
𝑖𝑗,𝑟𝑠

(𝑡) + Δ𝜏
𝑖𝑗,𝑟𝑠

, (11)

where

Δ𝜏
𝑖𝑗,𝑟𝑠

= ∑

𝑘∈𝐾

Δ𝜏
𝑘

𝑖𝑗,𝑟𝑠

Δ𝜏
𝑘

𝑖𝑗,𝑟𝑠
=

{

{

{

𝑄

𝐿
𝑘

if ant 𝑘 travels from 𝑐
𝑖𝑗
to 𝑐
𝑟𝑠

0 otherwise.

(12)

In formula (11) the first item is retained from original
pheromone; the second item is the increment of pheromone
that is caused by ant travel. Coefficient 1 − 𝜌 is the descrip-
tion of pheromone reduction, parameter 𝐿

𝑘
is aircraft total

departure delay in path that is formed by travel of ant 𝑘, and
parameter 𝑄 is a constant.

3.1.5. Node Selection Strategy. During node selection process,
every ant decides to which node to jump according to
pheromone matrix 𝐶. Formula (13) is the node selection
probability for ant 𝑘 and its current position is node 𝑐

𝑖𝑗
:

𝑝
𝑘

𝑖𝑗,𝑟𝑠
(𝑡) =

{
{
{
{
{
{
{
{

{
{
{
{
{
{
{
{

{

[𝜏
𝑖𝑗,𝑟𝑠

(𝑡)]

𝜆

× [𝜂
𝑖𝑗,𝑟𝑠

(𝑡)]

𝜇

∑
𝑐
𝑢V∉Tabu(𝑘) [𝜏𝑖𝑗,𝑢V (𝑡)]

𝜆

× [𝜂
𝑖𝑗,𝑢V (𝑡)]

𝜇

when 𝑐
𝑟𝑠

∉ Tabu (𝑘)

0

otherwise

(13)

𝜆: weight of pheromone;
𝜇: weight of heuristic factor;
𝜂
𝑖𝑗,𝑟𝑠

(𝑡): 𝜂
𝑖𝑗,𝑟𝑠

(𝑡) = (1/(delay(𝑐
𝑟𝑠
) + 𝜁)) delay(𝑐

𝑟𝑠
) which

is the berth delay in node 𝑐
𝑟𝑠
and is a constant.

Formula (13) is the combination of pheromone factor and
heuristic factor. The use of heuristic factor provided pos-
sibility of jumping from local extreme value. Parameters 𝜆

and 𝜇are used to adjust the weight of pheromone factor and
heuristic factor, respectively.

3.1.6. Termination Condition. Since it is difficult to determine
scope of optimal solution, the maximum number of genera-
tion is used as the algorithm end condition.

3.2. Algorithm Running Step. In robust airport gate assign-
ment problem, robustness of gate assignment scheme is
proportional to the length of buffer time. But with the
increment of buffer time, aircraftdeparture delaywill increase
too. In the model solving process, we should balance the
buffer time. Model solving process includes the following
steps.

(1) Set value of maximum buffer time 𝜃max, set minimum
buffer time as 𝜃min where 𝜃min = 0, set value of unit
interval Δ𝜃, and set parameter 𝑒 = (𝜃max − 𝜃min)/Δ𝜃.
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Table 1: Calculation result comparison of three methods.

𝑛

ACO GAA CPLEX
𝑇delay (min) 𝑇calc (sec) 𝑇delay (min) 𝑇calc (sec) 𝑇delay (min) 𝑇calc (sec)

10
Average 32.7 3.1 60.3 <1 32.7 205
Minimum 15 1 50 <1 15 198
Maximum 48 5 70 <1 48 213.5

20
Average 126.5 33 179.9 <1 126.5 681
Minimum 113 30 169 <1 113 601.2
Maximum 140 38 195 <1 140 722.9

30
Average 393.5 80 755.7 <1 393.5 3526
Minimum 369 88 747 <1 369 3129.6
Maximum 426 96 766 <1 426 4022.9

(2) Set 𝑞 = 0 and set 𝜃 = 𝜃min + 𝑞Δ𝜃 as buffer time.
(3) Use ACO algorithm for solving RAGA model on

condition of given buffer time 𝜃. ACO algorithm
includes the following steps.

(i) Initialize parameter values of RAGA model,
such as number of aircrafts, number of gates,
scheduled arrival time and departure time of
aircraft, and other parameters.

(ii) Initialization of ACO algorithm: set size of
ant colony, initialize value of elements in
pheromonematrix, initialize tabu table for every
ant, and set the maximum iteration generation
of ACO algorithm.

(iii) Set initial node for every ant in ant colony, and
every ant in ant colony begins its path finding
process. After each step forward of any ant,
update tabu table for that ant correspondingly.
When all of the ants finish their travel, update
value of elements in pheromone matrix and
select the best solution as output of this genera-
tion.

(iv) If the iteration generation reaches themaximum
generation, then select the best solution in
all generations as output of ACO algorithm.
Otherwise, go to step (iii).

(4) Put model solution in step 3 into result set 𝑅. If 𝑞 ̸= 𝑒,
set 𝑞 = 𝑞 + 1 and 𝜃 = 𝜃min + 𝑞Δ𝜃, go to step (2);
otherwise go to step (5).

(5) Select best solution in result set 𝑅 as aircraft assign-
ment scheme, and select the corresponding 𝜃 as buffer
time for RAGA model.

4. Computational Experiments

4.1. Experiment without Buffer Time. Experiment without
buffer time is to validate optimal solution search ability of
ACO algorithm for RAGA model.

In simulation experiment without buffer time, we simu-
late a schedule period of one day, which is a period of 1440
minutes. Arrival time 𝑎

𝑖
of aircraft 𝑖 is generated in the time

interval of [0, 1440] randomly. Departure time 𝑑
𝑖
of large

aircraft 𝑖 is generated in the time span of [𝑎
𝑖
+ 180, 𝑎

𝑖
+ 300]

and departure time 𝑑
𝑖
of small aircraft 𝑖 is generated in the

time interval of [𝑎
𝑖
+ 60, 𝑎

𝑖
+ 200]. Assume there are 4 large

gates and 2 small gates.
The algorithm of GAA (Greedy Assignment Algorithm)

is commonly used in airport actual operation process. The
scheduling process of greedy algorithm is based on the
aircrafts’ arrival sequence. It will assign aircraft to the gate
which can satisfy constraints and cause minimal departure
delay currently. CPLEX is a kind of optimization software; it
can find optimal solution for linear model and satisfactory
solution for nonlinear model. In order to validate optimal
solution search ability of ACO, each example is calculated by
three methods separately.

Generate 10 examples when the scale of arrival aircraft
𝑛 is 10, 20, and 30, respectively. Calculate these examples by
ACO, GAA, and CPLEX, respectively, and calculation results
comparison is shown in Table 1.

The symbol of 𝑇delay indicates the departure delay under
certain assignment scheme and the symbol of 𝑇calc indicates
the calculation time. Table 1 shows the average, minimum,
and maximum result of 𝑇delay, 𝑇sec for three methods in case
of different aircraft scale. From result in Table 1, we can draw
the following conclusions.

(1) The ACO algorithm has higher ability for optimal
solution search.Under the circumstance of 𝑛 = 10, 20,
and 30, calculation results of 𝑇delay by ACO algorithm
are equal to results that are calculated by CPLEX.
We can say that on case of aircraft scale less than
30, ACO algorithm can get high quality solutions.
The values of 𝑇delay calculated by ACO algorithm are
obviously less than values that are calculated by GAA
algorithm under the same aircraft scale circumstance.
We can say that ACO algorithm is better than GAA
algorithm.When the aircraft scale continues growing,
CPLEX cannot find solution in permitted time; it is
unable to compare solution quality continually. But
ACO algorithm can get solution for RAGA when the
aircraft scale continues growing, and quality of the
solution is better than solution that was calculated by
GAA algorithm.
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(2) The ACO algorithm has shorter calculation time.The
GAA algorithm has the shortest calculation time; it
can get solution in one second. Calculation time of
CPLEX increases with scale of aircraft; when aircraft
scale reaches 30, it needs at least 35 minutes to
find solution for model. Calculation time of ACO
algorithm increases with scale of aircraft too, but the
longest time is less than 10 minutes. When the scale
of aircraft exceeds 50, CPLEX cannot find solution
for model in two hours. But ACO algorithm can find
solution in less than 15 minutes. Calculation time of
ACOalgorithm increases with aircraft scale due to the
increasing number of nodes in matrix 𝐶.

(3) The value of 𝑇delay increases with aircraft scale. With
increasing of aircraft scale, the scheduled departure
time delay is increasing accordingly. It shows that
the airport gates are gradually approaching their
maximum capacity.

4.2. Experiment with Buffer Time. Experiment with buffer
time is to validate robustness of solution that is calculated by
ACO algorithm.

On the simulation circumstance of experiment without
buffer time, generate 10 examples for the aircraft scale as
10, 20, and 30, respectively. Every example is calculated on
circumstance of 𝜃 = 0 and 𝜃 > 0 by ACO algorithm,
respectively.

Random arrival delay and departure delay are used as
disturbance factor to test the robustness of solution calculated
by ACO algorithm. The arrival time of aircraft is randomly
generated in span [𝑎

𝑖
, 𝑎
𝑖
+30] to simulate aircraft arrival delay

and the departure time of aircraft is randomly generated in
span [𝑑

𝑖
, 𝑑
𝑖
+30] to simulate aircraft departure delay. Aircrafts

are assigned to gates according to solution calculated by AOC
algorithm.Departure delays are calculated under disturbance
circumstance. Simulation results for different aircraft scale
are shown in Figures 2, 3, and 4.

The symbol of SD represents scheduled delay, and AD
represents actual delay. Figures above show scheduled depar-
ture delay and actual departure delay on circumstance of 𝜃 =

0 and 𝜃 > 0 when 𝑛 = 10, 20, and 30, respectively.
Table 2 is the statistical result for average delay on

circumstance of 𝜃 = 0 and 𝜃 > 0 when 𝑛 = 10, 20, and 30,
respectively.

From simulation result and statistical result, we can draw
the following conclusions.

(1) The actual departure delay is longer than scheduled
departure delay. When 𝜃 = 0 the reason is that
robustness factor has not been considered during
model solving process, and schedule scheme cannot
absorb departure delay caused by random distur-
bance. When 𝜃 > 0 the reason is that although
robustness factor has been considered during model
solving process, the flight departure delay cannot be
absorbed completely by buffer time.

(2) Actual departure delay increases with scale of aircraft.
Actual delay of optimal model is the accumulated
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Figure 2: Simulation result for 𝑛 = 10.
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Figure 3: Simulation result for 𝑛 = 20.

departure delay of every aircraft. Although actual
delay can be partly absorbed by buffer time, the actual
delay that cannot be absorbed is increasing with the
increase of aircraft scale.

(3) Robustness of assignment scheme with buffer time
is better than that without buffer time. Compare the
difference between scheduled delay and actual delay
in case of 𝜃 = 0 and 𝜃 > 0; the difference in case of 𝜃 >

0 is smaller than difference in case of 𝜃 = 0. We can
say that when buffer time is considered, robustness
of assignment scheme has improved. When 𝜃 > 0,
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Figure 4: Simulation result for 𝑛 = 30.

Table 2: Statistical result of three scales.

𝑛

𝜃 = 0 𝜃 > 0

Avgsd (min) AvgAD (min) Avgsd (min) AvgAD (min)
10 33.1 87.9 46.7 55.3
20 127.7 264.3 180.4 204.3
30 398.2 823.7 501.6 578.9

most departure delay is absorbed by buffer time;
departure delay that cannot be absorbed results in
enhancement of actual departure delay on basis of
scheduled departure delay. When 𝜃 = 0, the actual
departure delay of every aircraft cannot be absorbed,
and delay will be enlarged during its propagation
process.

5. Conclusion

In this paper, buffer time is introduced to the establishment
process of robust airport gate assignment model, in order
to enhance its ability of resisting uncertainty factors during
airport actual operation process. The RAGA model estab-
lished in this paper does not only consider three optimal
aims, that areminimizing departure delay, maximizing buffer
time, and maximizing matching degree of aircraft with gate.
The ACO algorithm is used to solve the gate assignment
model. Model solving process based on ACO is designed
in detail. Simulation experiments are used to test optimal
solution search ability of ACO algorithm and robustness
of calculation result. Simulation result shows that the ACO
algorithm can approach optimal solutionwith high precision,
and robustness of gate assignment scheme has improved in
consideration of buffer time.
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Güleryüz, “A stochastic neighborhood search approach for
airport gate assignment problem,” Expert Systems with Appli-
cations, vol. 39, no. 1, pp. 316–327, 2012.

[8] S. Lorpunmance and A. Sap, “An ant colony optimization for
dynamic job scheduling in grid environment,” International
Journal of Computer and Information Science and Engineering,
vol. 1, pp. 207–214, 2007.



Research Article
Design Optimization of Mechanical Components Using an
Enhanced Teaching-Learning Based Optimization Algorithm
with Differential Operator

B. Thamaraikannan and V. Thirunavukkarasu

Department of Mechanical Engineering, United Institute of Technology, Coimbatore 641020, India

Correspondence should be addressed to B. Thamaraikannan; thamaraikannanphd2011@gmail.com

Received 19 March 2014; Revised 12 July 2014; Accepted 27 July 2014; Published 25 September 2014

Academic Editor: Albert Victoire

Copyright © 2014 B. Thamaraikannan and V. Thirunavukkarasu. This is an open access article distributed under the Creative
Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the
original work is properly cited.

This paper studies in detail the background and implementation of a teaching-learning based optimization (TLBO) algorithm
with differential operator for optimization task of a few mechanical components, which are essential for most of the mechanical
engineering applications. Like most of the other heuristic techniques, TLBO is also a population-based method and uses a
population of solutions to proceed to the global solution. A differential operator is incorporated into the TLBO for effective search
of better solutions. To validate the effectiveness of the proposed method, three typical optimization problems are considered
in this research: firstly, to optimize the weight in a belt-pulley drive, secondly, to optimize the volume in a closed coil helical
spring, and finally to optimize the weight in a hollow shaft. have been demonstrated. Simulation result on the optimization
(mechanical components) problems reveals the ability of the proposed methodology to find better optimal solutions compared
to other optimization algorithms.

1. Introduction

The problem of volume minimization of a closed coil helical
spring was solved using some traditional technique under
some constraints. A graphical technique was used by Y. V. M.
Reddy and B. S. Reddy to optimize weight of a hollow shaft
after satisfying a few constraints. Moreover, Reddy et al. opti-
mized weight of a belt-pulley drive under some constraints
using geometric programming [1–3].

Majority of mechanical design includes an optimization
task in which engineers always consider certain objectives
such as weight, wear, strength, deflection, corrosion, and vol-
ume depending on the requirements. However, design opti-
mization for a complete mechanical system leads to a cum-
bersome objective function with a large number of design
variables and complex constraints [4–6]. Hence, it is a general
procedure to apply optimization techniques for individual
components or intermediate assemblies rather than a com-
plete assembly or system. For example, in a centrifugal pump,
the optimization of the impeller is computationally andmath-
ematically simpler than the optimization of the complete

pump. Analytical or numerical methods for calculating the
extremes of a function have long been applied to engineering
computations. Perhaps these traditional optimization proce-
dures perform well in many practical cases; they may fail to
perform inmore complex design situations. In real time opti-
mization (design) problems, the number of design variables
will be very large, and their influence on the objective func-
tion to be optimized can be very complicated (nonconvex),
with a nonlinear character. The objective function may have
many local optima, whereas the designer is interested in the
global optimum or a reasonable and acceptable optimum
[7, 8].

Optimization is a method of obtaining the best result
under the given circumstances. It plays a vital role in
machine design because themechanical components are to be
designed in an optimal manner. While designing machine
elements, optimization helps in a number of ways to reduce
material cost, to ensure better service of components, to
increase production rate, and many such other parameters
[9–12]. Thus, optimization techniques can effectively be used

Hindawi Publishing Corporation
Mathematical Problems in Engineering
Volume 2014, Article ID 309327, 10 pages
http://dx.doi.org/10.1155/2014/309327

http://dx.doi.org/10.1155/2014/309327
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to ensure optimal production rate.There are several methods
available in the literature of optimization. Some of them are
direct search methods and others are gradient methods. In
direct search method, only the function value is necessary,
whereas the gradient based methods require gradient infor-
mation to determine the search direction. However, there
are some difficulties with most of the traditional methods of
optimization and these are given below.

A large body of literature is available on traditional meth-
ods for solving the above problems. Perhaps, the traditional
techniques have a variety of drawbacks paving the way for
advent of new and versatile methodologies to solve such
optimization problems. Such problems cannot be handled
by classical methods (e.g., gradient methods) that only
compute local optima. So, there remains a need for efficient
and effective optimization methods for mechanical design
problems. Continuous research is being conducted in this
field and nature-inspired heuristic optimization methods are
proving to be better than deterministic methods and thus are
widely used [13–16].

The most commonly used evolutionary optimization
technique is the genetic algorithm (GA). However, GA pro-
vides a near optimal solution for a complex problem having
large number of variables and constraints. This is mainly due
to the difficulty in determining the optimum controlling
parameters such as population size, crossover rate, andmuta-
tion rate. A change in the algorithm parameters changes the
effectiveness of the algorithm.The same is the case with PSO,
which uses inertia weight and social and cognitive param-
eters. Similarly, ABC [17] requires optimum controlling
parameters of number of bees (employed, scout, and onlook-
ers), limit, and so forth. HS requires the harmony memory
consideration rate, the pitch adjusting rate, and the number
of improvisations. Therefore, the efforts must be continued
to develop a new optimization technique which is free from
the algorithm parameters; that is, no algorithm parameters
are required for the working of the algorithm. This aspect is
considered in the present work.

Recently, a new optimization technique, known as
teaching-learning based optimization (TLBO), has been
developed byRao et al. [5, 18–20]. It is one of the recent evolu-
tionary algorithms and is based on the natural phenomenon
of teaching and learning process. It has already proved its
superiority over other existing optimization techniques such
as GA, ABC, PSO, harmony search (HS), DE, and hybrid-
PSO.This research also proposes a hybridmethod combining
the teaching-learning based optimization (TLBO) and a
differential mechanism. Here, TLBO will be performed as
a base level search procedure, which makes a decision to
direct the search towards the optimal region. Later, the exact
method (SQP) will be used to fine-tune that region to get the
final solution.

2. Mathematical Formulation

In this section, the detailed design considerations of closed
coil helical spring, optimum design of hollow shaft, and opti-
mal design of belt-pulley drive are discussed.These problems
are adopted from [9], which uses GA as optimization tool.

D

d

Free length

Figure 1: Schematic representation of a closed coil helical spring.

Case 1 (Closed Coil Helical Spring). The helical spring is
made up of a wire coiled in the form of a helix which is pri-
marily intended for compressive and tensile load (Figure 1).
The cross-section of the wire from which the spring is
made may be circular, square, or rectangular. Two forms of
helical springs are used, namely, compression helical spring
and tensile spring. The helical spring is said to be closely
coiled when the spring wire is coiled so close that the plane
containing each turn is nearly at right angles to the axis of
the helix and the wire is subjected to torsion (Figure 1). Shear
stress is produced in the helical spring due to twisting. The
load applied is parallel to or along the axis of the spring.

The optimization criterion is to minimize the volume of a
closed coil helical spring under several constraints (Figure 1).
The problem may be stated mathematically as follows.

The volume of the spring (𝑈) can be minimized subject
to the constraints discussed below. Consider

𝑈 =
𝜋
2

4
(𝑁
𝑐
+ 2)𝐷𝑑

2
. (1)

Stress Constraint. The shear stress must be less than the
specified value and can be represented as

𝑆 − 8𝐶
𝑓
𝐹max

𝐷

𝜋𝑑3
≥ 0, (2)

where

𝐶
𝑓

=
4𝐶 − 1

4𝐶 − 4
+

0.615

𝐶
, 𝐶 =

𝐷

𝑑
. (3)

Here, maximum working load (𝐹max) and allowable shear
stress (𝑆) are set to be 453.6 kg and 13288.02 kgf/cm2, respec-
tively.

Configuration Constraint. The free length of the spring must
be less than the maximum specified value. The spring con-
stant (𝐾) can be determined using the following expression:

𝐾 =
𝐺𝑑
4

8𝑁
𝑐
𝐷3

, (4)

where shear modulus 𝐺 is equal to 808543.6 kgf/cm2.
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The deflection under maximum working load is given by

𝛿
𝑙
=

𝐹max
𝐾

. (5)

It is assumed that the spring length under 𝐹max is 1.05
times the solid length. Thus, the free length is given by the
expression

𝑙
𝑓

= 𝛿
𝑙
+ 1.05 (𝑁

𝑐
+ 2) 𝑑. (6)

Thus, the constraint is given by

𝑙max − 𝑙
𝑓

≥ 0, (7)

where 𝑙max is set equal to 35.56 cm.
The wire dia must exceed the specified minimum value

and it should satisfy the following condition:

𝑑 − 𝑑min ≥ 0, (8)

where 𝑑min is equal to 0.508 cm.
The outside dia of the coil must be less than themaximum

specified and it is

𝐷max − (𝐷 + 𝑑) ≥ 0, (9)

where 𝐷max is equal to 7.62 cm.
The mean coil dia must be at least three times the wire

dia to ensure that the spring is not tightly wound and it is
represented as

𝐶 − 3 ≥ 0. (10)

The deflection under preloadmust be less than themaximum
specified. The deflection under preload is expressed as

𝛿
𝑝

=
𝐹
𝑝

𝐾
, (11)

where 𝐹
𝑝
is equal to 136.08 kg.

The constraint is given by the expression

𝛿
𝑝𝑚

− 𝛿
𝑝

≥ 0, (12)

where 𝛿
𝑝𝑚

is equal to 15.24 cm.
The combined deflection must be consistent with the

length and the same can be represented as

𝑙
𝑓

− 𝛿
𝑝

=
𝐹max − 𝐹

𝑝

𝐾
− 1.05 (𝑁

𝑐
+ 2) 𝑑 ≥ 0. (13)

Truly speaking, this constraint should be an equality. It is
intuitively clear that, at convergence, the constraint function
will always be zero.

The deflection from preload to maximum load must be
equal to the specified value. These two made an inequality
constraint since it should always converge to zero. It can be
represented as

𝐹max − 𝐹
𝑝

𝐾
− 𝛿
𝑤

≥ 0, (14)

where 𝛿
𝑤
is made equal to 3.175 cm.

b
b

b
b

di d2

d1

d2

Figure 2: Schematic representation of a hollow shaft.

During optimization, the ranges for different variables are
kept as follows:

0.508 ≤ 𝑑 ≤ 1.016,

1.270 ≤ 𝐷 ≤ 7.620,

15 ≤ 𝑁
𝑐
≤ 25.

(15)

Therefore, the above-mentioned problem is a constrained
optimization problem with a single objective function sub-
jected to eight constraints.

Case 2 (OptimumDesign ofHollow Shaft). A shaft is rotating
member which transmits power from one point to another
(Figure 2). It may be divided into two groups, namely, (i)
transmission shaft and (ii) line shaft. Shafts which are used
to transmit power between the source and the machines,
absorbing power, are called transmission shaft. Machine
shafts are those which form an integral part of the machine
itself.The common example of machine shaft is a crank shaft.
Figure 2 shows the schematic representation of a hollow shaft.

The objective of this study is to minimize the weight of a
hollow shaft which is given by the expression

𝑊
𝑠
= cross sectional area × length × density

=
𝜋

4
(𝑑
2

0
− 𝑑
2

1
) 𝐿𝜌.

(16)

Substituting the values of 𝐿, 𝜌 as 50 cm and 0.0083 kg/cm3,
respectively, one finds the weight of the shaft (𝑊

𝑠
) and it is

given by

𝑊
𝑠
= 0.326𝑑

2

0
(1 − 𝑘

2
) . (17)

It is subjected to the following constraints.
The twisting failure can be calculated from the torsion

formula as given below:

𝑇

𝐽
=

𝐺𝜃

𝐿
(18)

or

𝜃 =
𝑇𝐿

𝐺𝐽
. (19)

Now, 𝜃 applied should be greater than 𝑇𝐿/𝐺𝐽; that is,
𝜃 ≥ 𝑇𝐿/𝐺𝐽.
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I

A

A

di d0

Figure 3: Schematic representation of a belt-pulley drive.

Substituting the values of 𝜃, 𝑇, 𝐺, 𝐽 as 2𝜋/180 per
m length, 1.0 × 105 kg-cm, 0.84 × 106 kg/cm2, and
[(𝜋/32)𝑑4

0
(1 − 𝑘4)], respectively, one gets the constraints as

𝑑
4

0
(1 − 𝑘

4
) − 1736.93 ≥ 0. (20)

The critical buckling load (𝑇cr) is given by the following
expression:

𝑇cr ≤
𝜋𝑑3
0
𝐸(1 − 𝑘)

2.5

12√2(1 − 𝛾2)
0.75

. (21)

Substituting the values of 𝑇cr, 𝛾, and 𝐸 to 1.0 × 105 kg-cm, 0.3,
and 2.0 × 105 kg/cm2, respectively, the constraint is expressed
as

𝑑
3

0
𝐸(1 − 𝑘)

2.5
− 0.4793 ≤ 0. (22)

The ranges of variables are mentioned as follows:

7 ≤ 𝑑
0
≤ 25,

0.7 ≤ 𝑘 ≤ 0.97.
(23)

Case 3 (OptimumDesign of Belt-Pulley Drive). The belts are
used to transmit power from one shaft to another by means
of pulleys which rotate at the same speed or at different
speeds (Figure 3).The stepped flat belt drives are mostly used
in factories and workshops where the moderate amount of
power is to be transmitted. Generally, the weight of pulley
acts on the shaft and bearing. The shaft failure is most
common due to weight of the pulleys (Table 1). In order to
prevent the shaft and bearing failure, weight minimization of
flat belt drive is very essential. The schematic representation
of a belt-pulley drive is shown in Figure 3.

Objective Function. The weight of the pulley is considered as
objective function which is to be minimized as

𝑊
𝑝

= 𝜋𝜌𝑏 [𝑑
1
𝑡
1
+ 𝑑
2
𝑡
2
+ 𝑑
1

1
𝑡
1

1
+ 𝑑
1

2
𝑡
1

2
] . (24)

Table 1: Comparison of the results obtained by GA with the
published results (Case 1).

Optimal values Results obtained
by GA Published result

Coil mean dia, cm 2.3397870400 2.31140000
Wire dia, cm 0.6700824800 0.66802000
Volume of spring wire, cm3 46.6653438304 46.53926176

Assuming 𝑡
1

= 0.1𝑑
1
, 𝑡
2

= 0.1𝑑
2
, 𝑡1
1

= 0.1𝑑1
1
, and 𝑡1

2
=

0.1𝑑1
2
and replacing 𝑑

1
, 𝑑
2
, 𝑑1
1
, and 𝑑1

2
by 𝑁
1
, 𝑁
2
, 𝑁1
1
, and

𝑁1
2
, respectively, and also substituting the values of 𝑁

1
, 𝑁
2
,

𝑁1
1
, and 𝑁1

2
, 𝜌 (to 1000, 250, 500, 500) 7.2 × 10−3 kg/cm3,

respectively, the objective function can be written as

𝑊
𝑝

= 0.113047𝑑
2

1
+ 0.0028274𝑑

2

2
. (25)

It is subjected to the following constraints.
The transmitted power (𝑃) can be represented as

𝑃 =
(𝑇
1
− 𝑇
2
)

75
𝑉. (26)

Substituting the expression for 𝑉 in the above equation, one
gets

𝑃 = (𝑇
1
− 𝑇
2
)

𝜋𝑑
𝑝
𝑁
𝑝

75 × 60 × 100
, (27)

𝑃 = 𝑇
1
(1 −

𝑇
2

𝑇
1

)
𝜋𝑑
𝑝
𝑁
𝑝

75 × 60 × 100
. (28)

Assuming 𝑇
2
/𝑇
1
= 1/2, 𝑃 = 10 hp and substituting the values

of 𝑇
2
/𝑇
1
and 𝑃, one gets

10 = 𝑇
1
(1 −

1

2
)

𝜋𝑑
𝑝
𝑁
𝑝

75 × 60 × 100
(29)

or

𝑇
1
=

286478

𝑑
𝑝
𝑁
𝑝

. (30)

Assuming

𝑑
2
𝑁
2
< 𝑑
1
𝑁
1
,

𝑇
1
< 𝜎
𝑏
𝑏𝑡
𝑏
.

(31)

And considering (26) to (28), one gets

𝜎
𝑏
𝑏𝑡
𝑏
≥

2864789

𝑑
2
𝑁
2

. (32)

Substituting 𝜎
𝑏

= 30 kg/cm2 𝑡
𝑏

= 1 cm, 𝑁
2

= 250 rpm in the
above equation, one gets

30𝑏 × 1.0 ≥
28864789

𝑑
2
250

(33)

or

𝑏 ≥
381.97

𝑑
2

(34)

or

𝑏𝑑
2
− 81.97 ≥ 0. (35)
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Assuming that width of the pulley is either less than or equal
to one-fourth of the dia of the first pulley, the constraint is
expressed as

𝑏 ≤ 0.25𝑑
1 (36)

or

𝑑
1

4𝑏
− 1 ≥ 0. (37)

The ranges of the variables are mentioned as follows:

15 ≤ 𝑑
1
≤ 25,

70 ≤ 𝑑
2
≤ 80,

4 ≤ 𝑏 ≤ 10.

(38)

3. Optimization Procedure

Classical search and optimization techniques demonstrate a
number of difficulties when faced with complex problems.
The major difficulties arise when one algorithm is applied
to solve a number of different problems. This is because
classical method is designed to solve only a particular class
of problems efficiently. Thus, this method does not have the
breadth to solve different types of problem. Moreover, most
of the classical methods do not have the global perspective
and often get converged to a locally optimal solution; another
difficulty that exist in classical methods includes they cannot
be efficiently utilized in parallel computing environment.
Most classical algorithms are serial in nature and hence more
advantages cannot be derived with these algorithms.

Over few years, a number of search and optimization
techniques, drastically different in principle from classical
method, are increasingly gettingmore attention.Thesemeth-
ods mimic a particular natural phenomenon to solve an opti-
mization problem, Genetic Algorithm, Simulated Annealing
are few among the nature inspired techniques.

4. Teaching-Learning Based Optimization

Teaching-learning based optimization (TLBO) is an opti-
mization technique developed by Ragsdell and Phillips and
David Edward [14, 15], based on teaching-learning process
in a class among the teacher and the students. Like other
nature-inspired algorithms, TLBO is also a population-based
technique with a predefined population size that uses the
population of solutions to arrive at the optimal solution.
In this method, populations are the students that exist in a
class and design variables are the subjects taken up by the
students. Each candidate solution comprises design variables
responsible for the knowledge scale of a student and the
objective function value symbolizes the knowledge of a
particular student. The solution having best fitness in the
population (among all students) is considered as the teacher.

More specifically, an individual student (𝑋
𝑖
) within the

population represents a single possible solution to a particular
optimization problem. 𝑋

𝑖
is a real-valued vector with 𝐷

elements, where 𝐷 is the dimension of the problem and is
used to represent the number of subjects that an individ-
ual, either student or teacher, enrolls to learn/teach in the
TLBO context. The algorithm then tries to improve certain
individuals by changing these individuals during the Teacher
and Learner Phases, where an individual is only replaced if
his/her new solution is better than his/her previous one. The
algorithm will repeat until it reaches the maximum number
of generations.

During the Teacher Phases, the teaching role is assigned
to the best individual (𝑋teacher). The algorithm attempts to
improve other individuals (𝑋

𝑖
) by moving their position

towards the position of the𝑋teacher by referring to the current
mean value of the individuals (𝑋mean). This is constructed
using themean values for each parameter within the problem
space (dimension) and represents the qualities of all students
from the current generation. Equation (39) simulates how
student improvement may be influenced by the difference
between the teacher’s knowledge and the qualities of all
students. For stochastic purposes, two randomly generated
parameters are applied within the equation: 𝑟 ranges between
0 and 1; 𝑇

𝐹
is a teaching factor which can be either 1 or 2, thus

emphasizing the importance of student quality:

𝑋new = 𝑋
𝑖
+ 𝑟 ⋅ (𝑋teacher − (𝑇

𝐹
⋅ 𝑋mean)) . (39)

During the Learner Phase, student (𝑋
𝑖
) tries to improve

his/her knowledge by peer learning from an arbitrary student
𝑋
𝑖𝑖
, where 𝑖 is unequal to 𝑖𝑖. In the case that 𝑋

𝑖𝑖
is better than

𝑋
𝑖
, 𝑋
𝑖
moves towards 𝑋

𝑖𝑖
(40). Otherwise, it is moved away

from 𝑋
𝑖𝑖
(41). If student 𝑋new performs better by following

(40) or (41), he/she will be accepted into the population.
The algorithm will continue its iterations until reaching the
maximum number of generations. Consider

𝑋new = 𝑋
𝑖
+ 𝑟 ⋅ (𝑋

𝑖𝑖
− 𝑋
𝑖
) , (40)

𝑋new = 𝑋
𝑖
+ 𝑟 ⋅ (𝑋

𝑖
− 𝑋
𝑖𝑖
) . (41)

Additionally infeasible individuals must be appropriately
handled, to determine whether one individual is better than
another, when applied to constrained optimization problems.
For comparing two individuals, the TLBO algorithm, accord-
ing to [14–17], utilizesDeb’s constrained handlingmethod [4].

(i) If both individuals are feasible, the fitter individual
(with the better value of fitness function) is preferred.

(ii) If one individual is feasible and the other one infeasi-
ble, the feasible individual is preferred.

(iii) If both individuals are infeasible, the individual hav-
ing the smaller number of violations (this value is
obtained by summing all the normalized constraint
violations) is preferred.

Differential Operator.All students can generate new positions
in the search space using the information derived from
different students using best information. To ensure that a
student learns fromgood exemplars and tominimize the time
wasted on poor directions, we allow the student to learn from
the exemplars until the student ceases improving for a certain
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Figure 4: Differential operator illustrated.

number of generations called the refreshing gap. We observe
three main differences between the DTLBO algorithm and
the original TLBO [4].

(1) Once the sensing distance is used to identify the
neighboring members of each student, as exemplars
to update the position, this mechanism utilizes the
potentials of all students as exemplars to guide a
student’s new position.

(2) Instead of learning from the same exemplar students
for all dimensions, each dimension of a student in
general can learn from different students for different
dimensions to update its position. In other words,
each dimension of a student may learn from the
corresponding dimension of different student based
on the proposed equation (42).

(3) Finding the neighbor for different dimensions to
update a student position is done randomly (with a
vigil that repetitions are avoided). This improves the
thorough exploration capability of the original TLBO
with large possibility to avoid premature convergence
in complex optimization problems.

Compared to the original TLBO, DTLBO algorithm searches
more promising regions to find the global optimum. The
difference between TLBO and DTLBO is that the differential
operator applied accepts the basic TLBO, which generates
better solution for each student instead of accepting all the
students to get updated as in KH. This is rather greedy. The
original TLBO is very efficient and powerful, but highly prone
to premature convergence. Therefore, to evade premature
convergence and further improve the exploration ability of
the original TLBO, a differential guidance is used to tap useful
information in all the students to update the position of a
particular student. Equation (42) expresses the differential
mechanism. Consider

𝑍
𝑖
− 𝑍
𝑗
= (𝑧𝑖1 𝑧

𝑖2
𝑧
𝑖3

⋅ ⋅ ⋅ 𝑧
𝑖𝑛) − (𝑧𝜌1 𝑧

𝜌2
𝑧
𝜌3

⋅ ⋅ ⋅ 𝑧
𝜌𝑛) ,

(42)

where

𝑧
𝑖1
is the first element in the 𝑛 dimension vector 𝑍

𝑖
;

𝑧
𝑖𝑛
is the 𝑛th element in the 𝑛 dimension vector 𝑍

𝑖
;

𝑧
𝜌1

is the first element in the 𝑛 dimension vector 𝑍
𝑝
;

𝜌 is the random integer generated separately for each
𝑧, from 1 to 𝑛, but 𝜌 ̸= 𝑖.

Figure 4 shows the differential mechanism for choosing
the neighbor student for (34). This assumes that the dimen-
sion of the considered problem is 5 and the student size,
which is the population size, is 6 during the progress of the
search. Once the neighbor students are identified using the
sensing distance, the 𝑖th individual position will be updated
(with all neighbor students) as shown in Figure 4. This is in
an effort to avoid premature convergence and explore a large
promising region in the prior run phase to search the whole
space extensively.

5. The Pseudocode of the Proposed Refined
TLBO Algorithm

The following steps enumerate the step-by-step procedure of
the teaching-learning based optimization algorithm refined
using the differential operator scheme.

(1) Initialize the number of students (population), range
of design variables, iteration count, and termination
criterion.

(2) Randomly generate the students using the design
variables.

(3) Evaluate the fitness function using the generated
(new) students.

//Teacher Phase//

(4) Calculate the mean of each design variable in the
problem.

(5) Identify the best solution as teacher amongst the
students based on their fitness value. Use differential
operator scheme to fine-tune the teacher.

(6) Modify all other students with reference to the mean
of the teacher identified in step 4.

//Learner Phase//

(7) Evaluate the fitness function using the modified
students in step 6.

(8) Randomly select any two students and compare their
fitness. Modify the student whose fitness value is
better than the other and use again the differential
operator scheme. Reject the unfit student.

(9) Replace the student fitness and its corresponding
design variable.
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Table 2: Best, worst, and mean production cost produced by the various methods for Case 1.

Method Maximum Minimum Mean Average time (min) Minimum time (min)
Conventional NA 46.5392 NA NA NA
GA 46.6932 46.6653 46.6821 3.2 3
PSO 46.6752 46.5212 46.6254 1.8 1.7
ABS 46.6241 46.5115 46.6033 2.5 2.3
TLBO 46.5214 46.3221 46.4998 2.2 2
DTLBO 46.4322 46.3012 46.3192 2.4 2.2

(10) Repeat (test equal to the number of students) step 8,
until all the students participate in the test, ensuring
that no two students (pair) repeat the test.

(11) Ensure that the final modified students strength
equals the original strength, ensuring there is no
duplication of the candidates.

(12) Check for termination criterion and repeat from step
4.

6. Results and Discussions

In this section, simulation experiments for the above three
optimization problems are done. For the sake of comparison
of results of the proposed TLBO based method, this research
also adopts the four nature-inspired optimization methods,
namely, GA [11], PSO [12], ABC [13], and TLBO [14]
methods. All the four methods are original versions without
any modification.

Parameter Settings of the Algorithms

Genetic Algorithm. Population size is 100; crossover
probability is 0.80; mutation probability is 0.010; number of
generations is 3000.

Particle Swarm Optimization. Particle size is 30; 𝑤max = 1.1,
𝑤min = 0.7, and 𝑐

1
= 𝑐
2
= 2; number of generations is 3000.

Artificial Bee Colony. Population size is 50; employed bees
are 50; onlooker bees are 50; number of generations is 3000.

Teaching-Learning Based Optimization. Population size is 50;
number of generations is 3000.

For the proposed TLBO based algorithm also the same
parameter values are used as above (Tables 2 and 3). As
detailed above, these optimization methods require algo-
rithm parameters that affect the performance of the algo-
rithm. GA requires crossover probability, mutation rate, and
selection method; PSO requires learning factors, variation
of weight, and maximum value of velocity; ABC requires
number of employed bees, onlooker bees. On the other
hand, the TLBO requires only the number of individuals and
iteration number (Figures 5, 6, 7, and 8).

A comparison is made of the results obtained by GA with
the published results and is given in Table 6.These results are
summarized based on the 50 independent trial runs of each
technique. It is observed that optimal values obtained by GA

Table 3: Comparison of the results obtained by GA with the
published results (Case 2).

Optimal values Results obtained
by GA Published result

Outer dia hallow shaft, cm 11.0928360 10.9000
Ratio of inner dia to outer dia 0.9699000 0.9685
Weight of hallow shaft, kg 2.3704290 2.4017
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Figure 5: Convergence plot of the various methods for Case 1.

are slightly better as compared to the published results. It is
important to highlight that the performance of a GA depends
upon its parameter selection. Thus, there is still a chance for
further improvement of results, although the GA parameters
are selected after a careful study (Tables 4 and 5).

Figure 9 shows the 50 different trial run results of the
proposed technique for all the three cases to show the
robustness in producing the optimum values.

7. Conclusion

In the paper, three different mechanical component opti-
mization problems, namely, weight minimization of a hollow
shaft, weight minimization of a belt-pulley drive, and volume
minimization of a closed coil helical spring, have been inves-
tigated. A new teaching-learning based optimization (TLBO)
algorithm with differential operator is proposed to solve
the above problems and checked for different performance
criteria, such as best fitness, mean solution, average number
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Table 4: Best, worst, and mean production cost produced by the various methods for Case 2.

Method Maximum Minimum Mean Average time (min) Minimum time (min)
Conventional NA 46.5392 NA NA NA
GA 46.6932 46.6653 46.6821 3.2 3
PSO 46.6752 46.5212 46.6254 1.8 1.7
ABS 46.6241 46.5115 46.6033 2.5 2.3
TLBO 46.5214 46.3221 46.4998 2.2 2
DTLBO 46.4322 46.3012 46.3192 2.4 2.2
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Figure 6: Convergence (magnified) plot of the various methods for
Case 1.
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Figure 7: Convergence plot of the various methods for Case 2.

of function evaluations required, and convergence rate. The
results show the better performance of the proposed TLBO
based algorithm over other nature-inspired optimization
methods for the design problems considered. Although this
research focuses on three typical mechanical component
optimization problems that too with minimum number of
constraints, this proposed method can be extended for the
optimization of other engineering design problems, which
will be considered in a future work.
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Figure 8: Convergence plot of the various methods for Case 3.

Table 5: Comparison of the results obtained by GA with the
published results (Case 3).

Optimal values Results obtained
by GA Published result

Pulley dia (𝑑
1
), cm 20.957056 21.12

Pulley dia (𝑑
2
), cm 72.906562 73.25

Pulley dia (𝑑1
1
), cm 42.370429 42.25

Pulley dia (𝑑1
2
), cm 36.453281 36.60

Pulley width (𝑏), cm 05.239177 05.21
Pulley weight, kg 104.533508 105120

Nomenclature

𝑏: Width of the pulley, cm
𝐶: Ratio of mean coil dia to wire dia
𝑑: Dia of spring wire, cm
𝑑
𝑝
: Dia of any pulley, cm

𝑑
1
: Dia of the first pulley, cm

𝑑1
1
: Dia of the third pulley, cm

𝑑
2
: Dia of the second pulley, cm

𝑑1
2
: Dia of the fourth pulley, cm

𝑑
𝑖
: Inner dia of hollow shaft, cm

𝑑
0
: Outer dia of hollow shaft, cm

𝑑min: Minimum wire dia, cm
𝐷: Mean coil dia of spring, cm
𝐷max: Maximum outside dia of spring, cm
𝐸: Young’s modulus, kgf/cm

2
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Table 6: Best, worst, and mean production cost produced by the various methods for Case 3.

Method Maximum Minimum Mean Average time (min) Minimum time (min)
Conventional NA 105.12 NA NA NA
GA 104.6521 104.5335 104.5441 4.6 4.2
PSO 104.4651 104.4215 104.4456 2.1 1.9
ABS 104.5002 104.4119 104.4456 3.1 2.9
TLBO 104.4224 104.3987 104.4222 2.9 2.8
DTLBO 104.3992 104.3886 104.3912 3.3 3.1
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Figure 9: Final cost of the optimization obtained for all test cases using DTLBO method.

𝑁
2
: rpm of the second pulley

𝑁1
2
: rpm of the fourth pulley

𝑁
𝑐
: Number of active coils

𝑁
𝑝
: rpm of any pulley

𝑃: Power transmitted by belt-pulley drive, hp
𝑞: Any nonnegative real number
𝑆: Allowable shear stress, kgf/cm2
𝑡
𝑏
: Thickness of the belt, cm

𝑡
1
: Thickness of the first pulley, cm

𝑡1
1
: Thickness of the third pulley, cm

𝑡
2
: Thickness of the second pulley, cm

𝑡1
2
: Thickness of the fourth pulley, cm

𝑇: Twisting moment on shaft, kgf-cm
𝐹max: Maximum working load, kgf
𝐹
𝑝
: Preload compressive force, kgf

𝐺: Shear modulus, kgf/cm
𝐽: Polar moment of inertia, cm4
𝑘: Ratio of inner dia to outer dia
𝐾: Spring stiffness, kgf/cm
𝑙
𝑓
: Free length, cm

𝑙max: Maximum free length, cm
𝐿: Length of shaft, cm
𝑁
1
: rpm of the first pulley

𝑁1
1
: rpm of the third pulley

𝑊
𝑠
: Weight of shaft, kg

𝑊
𝑝
: Weight of pulleys, kg

𝑉: Tangential velocity of pulley, cm/s
𝑈: Volume of spring wire, cm3
𝑢: A random number
𝑇
1
: Tension at the tight side, kgf
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𝑇
2
: Tension at the slack side, kgf

𝑇cr: Critical twisting moment, kgf-cm.

Greek Symbols

𝛽: Spread factor
𝛾: Poisson’s ratio
𝛾
1
: Cumulative probability

𝛿: Perturbance factor
𝛿
𝑝
: Deflection under preload, cm

𝛿max: Maximum perturbance factor
𝛿
𝑝𝑚

: Allowable maximum deflection under preload, cm
𝛿
𝑤
: Deflection from preload to maximum load, cm

𝛿
1
: Deflection under maximum working load, cm

𝜃: Angle of twist, degree
𝜌: Density of shaft material, kg/cm3
𝜎: Allowable tensile stress of belt material, kg/cm3.
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Wireless sensor networks (WSNs) find applications in the industrial automation where periodic and sporadic events occur. The
combined propagation of information generated by periodic and sporadic events from a sensor node to an actuator node is
challenging due to random nature of sporadic events, particularly, if the deadlines are hard. The IEEE 802.15.4 standard provides
the basis for a real-time communication mechanism between neighboring nodes of the WSN at the media access control layer.
However, the standard does not address such communications over multiple hops. To support the industrial applications with such
requirements, this work proposes a novel online control protocol that exploits the basis provided by the IEEE 802.15.4 standard.
The proposed control protocol ensures that a given offline sporadic schedule can be adapted online in a timelymanner such that the
static periodic schedule has not been disturbed and the IEEE 802.15.4 standard compliance remains intact. The proposed protocol
is simulated in OPNET. The simulation results are analyzed and presented in this paper to prove the correctness of the proposed
protocol regarding the efficient real-time sporadic event delivery along with the periodic event propagation.

1. Introduction

Industrial automation, body sensing, and home automation
are a few examples that require hard real-time data propaga-
tion [1–3]. In such environments, there are events requiring
real-time actuation. For example, in home automation the
press of a switch and the actuation require real-time response,
in body sensor networks detection of an event indicating a
threshold violation requires real-time response, and in an
industrial environment the detection of a contaminated food
product on a conveyor belt and the actuation of a robotic arm
to remove the product require a hard real-time response.

For this study we considered an industrial environment
where the sensor nodes, fixed at predetermined positions in
an industrial setup, sense events and propagate information
to other nodes for real-time actuation decisions. If the actua-
tion nodes aremultihop away, data propagationmay be across
multiple clusters, requiring real-time communication tasks
on each of the intervening nodes. Distributed scheduling of

such tasks is a complex undertaking as it involves multiple
sensing and communicating nodes.

In this regard, two distinct bodies and work are iden-
tifiable in the literature. First is the generation of real-time
distributed schedules, which is performed offline and is based
on the knowledge of source and destination of the data and
the periodicity of periodic events or the maximum frequency
of the sporadic events. Second is the allocation of resources
according to an offline schedule to enable control protocols
for real-time operations. For periodic events, the problem
scope is limited to the bandwidth allocation before network
convergence. However, sporadic events require a real-time
control protocol which can be used to adapt the generated
schedule in a distributed environment, such as a wireless
sensor network (WSN), reactively at the occurrence of a
sporadic event within an existing periodic schedule.

Routing is also of great importance [4]. If there is a single
sink for all of the events, then the routing is relatively simple.
However, if destination of each sporadic event is distinct,
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routing decisions are complicated. The scarce resources of
WSN (energy, processing power, and memory) complicate
the design of the routing protocol. Due to hard real-time
requirements of sporadic tasks and the distributed nature of
the WSN, routing poses significant difficulty in the design of
such a control protocol, if the nodes are scarce in memory,
as is the case with WSN. The requirements to preserve static
schedules of periodic tasks add to this difficulty as care
must be taken not to disturb such schedules while reactively
allocating resources for sporadic events.

The IEEE 802.15.4 standard provides mechanism for
real-time communication between two neighboring nodes
through the use of guaranteed time slot (GTS) mechanism
at the MAC layer. Being a MAC layer protocol, the IEEE
802.15.4 standard does not propose any routing mechanism
for multihop propagation, which it leaves to higher layers.
Hanzálek and Jurč́ık [5] have adapted the GTS mode of the
IEEE 802.15.4 standard to generate the cyclic schedule for
periodic real-time propagation information to destinations
that are multihop away, using offline cluster scheduling tech-
niques. In our prior work reported in [6], we proposed offline
and online techniques by using the IEEE 802.15.4 standard
for sporadic tasks scheduling. However, the proposal was for
root of cluster tree being used as the destination of all of the
sporadic events.

In this paper, we propose a control protocol for joint
propagation of both the periodic and sporadic events from
any node to any other node, efficiently, over multiple hops.
The aforementioned enables a distributed decision-making
process by any node based on the information that it can
receive from one or more of the sensing nodes. To achieve
this, an offline scheduling technique, laxity calculation, and
an online acceptance test were to be devised and were
contributed by this paper. The protocol was made energy
efficient by many implicit decisions.

The remainder of the paper is organized as follows.
Section 2 provides a high level discussion of the relatedworks.
Section 3 introduces the relevant sections of the IEEE 802.15.4
standard. Section 4 describes the proposed protocol. The
IEEE 802.15.4 standard compliant data-structure modifica-
tions are given in Section 5. Results of the simulations have
been discussed in Section 6. Section 7 concludes the paper
giving future directions.

2. Related Work

The WSNs provide a distributed system of computing and
communicating nodes. Different network topologies and
various MAC layers have been developed for such a com-
munication as per requirement. The IEEE 802.15.4 standard
specifies aMAC layer specification for low-power devices that
also support the basic real-time communications.The ZigBee
has adapted the IEEE 802.15.4 standard as the MAC layer
for communication. In this regard, the research community
has come up with techniques for real-time scheduling of
tasks for centralized and distributed system on the basis of
the IEEE 802.15.4 standard. Such techniques can be adapted
for the scheduling of real-time communications. Most of the
research, in this regard, is focused on task scheduling.

In [7–11], researchers have explored generic real-time
scheduling techniques. Ideas from these efforts are used in
the current work for sporadic event propagation, by using the
IEEE 802.15.4 standard.

In this respect, Isovic and Fohler [10] proposed the
concept of “spare capacity” calculated offline and used online
for sporadic event handling.

In [8, 9], Isovic and Fohler proposed the mathematical
analysis of offline and online techniques to schedule a mixed
set of periodic, aperiodic, and sporadic tasks, by using mod-
ified Earliest Deadline First (EDF) algorithm.Their proposal
is for the scheduling of tasks on a single node not related to the
802.15.4 standard or WSN.Therefore they have not proposed
any control protocol for use with the WSN.

The work of Jurick et al. [12] helps in determining the
resource requirements in a cluster tree of a WSN. It does not,
however, propose any routing or resource allocation protocol.
The work of Koubba et al. [13] proposes improved CSMA/CA
parameters for prioritized data transmission through the
CAP which can be used for the GTS request forwarding
required for the sporadic event resource allocation.

Hanzálek and Jurč́ık [5] have proposed the time division
cluster scheduling (TDCS) technique for distributed schedul-
ing for multihop periodic flow propagation. They have not
dealt with the sporadic tasks scheduling and have no proposal
for any online control protocol for schedule propagation. We
have used their work to schedule sporadic tasks.

Nastasi et al. [14] also proposed an offline extra bandwidth
allocation scheme and an online reallocation for the sporadic
events. However, the multihop information propagation and
the control protocols for the framework were not covered.

Kunert et al. [15] proposed a multichannel MAC for the
diversity and reliability through the use of redundancy and
concurrency in the frequency domain.The proposal was for a
single cluster network periodic traffic handling and exhibited
energy efficiency. The tasks scheduling are not considered.

Semprebom et al. [16] proposed a scheme to deal with
the GTS starvation due to limit of maximum seven GTSs
imposed by the IEEE 802.15.4 standard.The PAN coordinator
receiving more than seven GTS requests decides how to
accommodate all the requests. However, the work did not
address any scheme pertaining to the multihop real-time
communication and it did not deal with the control protocol
to adapt a schedule reactively.

Choi and Lee [17] have proposed a multihop event pro-
pagationmechanism. It proposes a scheme formultihopGTS
allocation by modifications in beacon and data frames to
carry the destination information for bandwidth allocation.
However, it differs from our work in that we provide GTS
request success guaranteed by offline bandwidth estimation
and reservation for online use. Additionally, we use implicit
GTS allocation and deallocation scheme which makes our
proposal energy efficient. These qualities make the efficient
propagation of SE possible.

In our previous work [6], we proposed a control protocol
and an acceptance test for root-oriented sporadic event prop-
agation. Our proposed work simplified the routing decisions
and consequently the control messages while guaranteeing
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the deadlines. However, the work does not provide any-to-
any event propagation. This work proposes a novel mecha-
nism for the propagation of SEs from any node to any other
node. If there are any prescheduled PEs, their deadlines are
not disturbed if a feasible SE is accepted for propagation.
Many people like Awais et al. [18] are working for energy
efficiency which is also a major area of work for WSN nodes
being scarce in battery source. Due to multiple implicit
decisions, control traffic is kept low which makes it energy
efficient.

3. Introduction to the 802.15.4 Standard

The IEEE 802.15.4 standard provided a wireless commu-
nication mechanism between low powered devices. The
Abbreviations Section provides the list of abbreviations and
their definitions used throughout this paper. The standard
provides different modes of operation for different applica-
tion requirements. The beacon enabling mode described in
the standard is for applications requiring best effort, as well
as real-time communication services between neighboring
nodes. The mode is cluster based with one node acting as
the cluster head (CH). All of the communication between
the two nodes during this mode is through the CH. The
CH generates periodic beacons for synchronization.The time
between consecutive beacons is called the beacon interval
(BI). As shown in Figure 1, the BI is divided into two periods:
(a) active period, Tag A, and (b) inactive period, Tag B.
During the inactive period, the cluster sleeps to save energy.
No intracluster communication is possible in such a period.
The active period is where the actual communication is
possible. The time immediately following the beacon frame
is the contention access period (CAP) (Tag C). This is the
time during which the nodes can contend to communi-
cate, using carrier sense multiple access/collision avoidance
(CSMA/CA), and support the best effort service. After the
CAP and before the inactive period, is the TDMA based
contention free period (CFP), Tag D. Any node desiring to
communicate during such a period must get a slot allocated
to it before any communication. The CH is the entity that
allocates the time slots during such a period. The allocated
slots are called the guaranteed time slots (GTS). The slot
during which a node can send data to the CH is called the
transmit GTS (T GTS, represented by up arrow) and the slot
during which the CH can send data to the other node of the
cluster is called the receive GTS (R GTS represented by down
arrow).

In a cluster tree topology, more than one clusters can
partially overlap with each other. These overlapping clusters
have a common collision domain; therefore, the nodes of one
cluster can communicate when the nodes of the neighboring
cluster are asleep. The aforementioned results in the avoid-
ance of collision due to the communications going on in the
neighboring clusters. The aforementioned phenomenon can
be observed in Figure 1, where the inactive part of Cluster 1 is
overlapping with the active part of Cluster 2. In this way, the
data can traverse many clusters to reach the destination that
may be multiple hops (particularly many clusters) away. The
schemehas been adapted by [5] to generate cyclic schedule for

GTS

B

GTSCAP
CAP

C

A

D
Cluster 1
Cluster 2

Cluster 1 inactive
Cluster 2 inactive

Figure 1: Overlapping of neighboring clusters.

periodic flows to carry data from the source to destinations
that are many clusters away.

3.1. Addressing and Routing in the 802.15.4/ZigBee and the
Routing Module (RM). The nodes within a WSN are iden-
tified on the bases of unique addresses. The routing deci-
sions, among other parameters, are dependent on the type
of addresses used. The address of a node with the IEEE
802.15.4/ZigBee cluster tree is hierarchical and is calculated,
using the 𝐶skip function. The 𝐶skip function is explained in
[19] and is defined as follows:

𝐶skip (𝑑)

=
{

{

{

1 + 𝐶𝑚 ⋅ (𝐿𝑚 − 𝑑 − 1) , if 𝑅𝑚 = 1
1 + 𝐶𝑚 − 𝑅𝑚 − 𝐶𝑚 ⋅ 𝑅𝑚

𝐿𝑚−𝑑−1

1 − 𝑅𝑚
, Otherwise,

(1)

where 𝐶𝑚 denotes the maximum number of children of a
ZigBee Router (ZR), 𝐿𝑚 represents depth of the network,𝑅𝑚
is the maximum number of routers of a ZR, and 𝑑 provides
the network depth of the current node.

In a cluster tree topology of aWSN, the routing decisions
are not based on the routing tables. Such decisions are made
on the analysis of the destination address that are inherently
hierarchical. A packet arriving at a node is either forwarded
to the parent node or to one of the child nodes, depending on
the destination. Suppose𝐴 is the address of the node making
the decision, 𝑃 is the address of the parent, and 𝐷 is the
destination address of the packet received by an intermediate
router 𝐴. Consequently𝑁 which is the next hop address of a
packet received by a node 𝐴 is calculated based on (2) that is
given below:

𝑁

=
{

{

{

𝑃, if 𝐴< 𝐷< 𝐴+𝐶skip (𝑑 − 1) ,

𝐴 + 1 + ⌊
𝐷 − (𝐴 + 1)

𝐶sckip (𝑑)
⌋ , Otherwise.

(2)

As we know, routing is the responsibility of the network layer,
as indicated in Figure 2. The RM uses (2) for the next hop
calculation and is invoked to serve the purpose whenever a
packet is needed to be routed.

4. The Control Protocol for Any to Any (A2A)
GTS Allocation (CPAGA)

In our previous work [6], we showed that, in a cluster tree
topology, when the root of the tree is the designated sink of
sporadic data, then every node receiving a sporadic packet
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Figure 2: The RM implementation architecture.

must forward the data to its parent. Therefore, the routing
decisions are straight forward and the packet will ultimately
reach the root (the designated sink of sporadic data). For data
to bemoved to the parent of a node, theGTS request primitive
is used at each of the hops to allocate the GTS and the packet
is forwarded in the allocated slot.

When the root is not necessarily the destination, then
the data routing decisions are to be made at each of the
nodes en route for the destination. The routing decisions
are made by the RM and are relatively complicated, as the
next hop is either the CH of a node or a child if the node
itself is CH. However, the hierarchical addressing makes
next hop calculation relatively simple as represented by
(2). Section 4.2 explains the proposed control protocol. This
protocol employees (2) for route calculation.

4.1. Offline Spare Capacity Allocation. The Spare capacity
(SC) is the spare space allocated within a CAP during an
offline scheduling. The quantity of the SC in a particular
cluster depends on the parameters of the expected SEs of
the node. These parameters are used during the offline
schedule calculation by an offline scheduler (OS). Therefore,
the resultant CAP is sufficient to accommodate all of the
feasible SEs. If an SE occurs at a node, then the node sends
a GTS request to the corresponding CH, which in response
allocates space from the SC of the CAP. Such an allocation
request never fails due to the presence of adequate SC within
the CAP.

Although the SEs are aperiodic events, by considering
a hypothetical period equal to the maximum occurrence
frequency, the OS is able to generate a worst case schedule,
in which all of the SEs can be accommodated. If the schedule
is feasible, then the generated schedule will be such that the
delay of the sporadic tasks will be less than or equal to the
deadline of these tasks as can be seen in Figure 4. Next, we
define a term Laxity that is a binary decision variable, which
is equal to “zero,” when there is no cushion between the
deadline and the delay, and the schedule cannot be delayed.
The laxity is equal to “one,” if there is sufficient cushion
between the deadline and delay and the delay of particular SE
can be extended to include another BI. The laxity calculation
is detailed in [6] and is used to devise the online feasibility test

that is one of the contributions of this work and is described
in Section 4.3.

4.2. Packet Routing and OnLine Reactive GTS Reservation.
When every sporadic packet has to have a different destina-
tion, then the routing decisions must be made at each of the
nodes en route for the destination. The routing decisions are
made at the RM at the network layer, as shown in Figure 2.
Whenever a sporadic packet reaches theMAC layer of a node
from another node, the packet is forwarded to the RM to
decide the next hop. The next hop might be the parent or
the child of the current node. Consider the network shown
in Figure 3(a) and the corresponding tree that is reported
in Figure 3(b), which is composed of three clusters, named
Cluster 1, Cluster 2, and Cluster 3. A SE occurs at node N1
and must traverse the clusters to reach the sink node N2. As
for the RM decision, three types of GTS allocation protocols
are followed: (i) upstream allocation (for a node to its parent),
as shown in Figures 3 and 4 at Tag A, and (ii) downstream
allocation (for a node to its children), as shown in Figures 3
and 4 at Tag B. There is also a third type of GTS allocation
protocol that is the hybrid of the two aforementioned basic
cases, as shown with Tag C in Figures 3 and 4.

Figure 4 shows the corresponding GTS allocations at
various stages of the cluster traversal. Tag A, Tag B, and Tag
C correspond to both of Figures 3 and 4.

In the following paragraphs, we describe the proposed
protocol to be implemented to handle the above mentioned
three cases.

Upstream GTS Allocation/Inflation. A sporadic event occurs
at N1 and the corresponding RM decides that the next hop
of the data packet towards the destination is R4 (the parent of
the current node).The data can be sent to the designated next
hop R4 during the CFP of Cluster 1, of which the designated
node is the CH. To realize this, the sporadic packet needs a
T GTS to be allocated for N1 by R4. Therefore, N1 uses the
GTS request primitive to request R4 for the allocation of a
T GTS in the forthcoming beacon interval.

Due to the reception of the GTS request and the resultant
GTS allocation (Tag A in Figure 4), R4 comes to know that it
will receive a sporadic packet in the next BI.

Downstream GTS Allocation/Inflation Protocol. When R2
receives an unsolicited GTS allocation in a beacon frame, R2
finds (with the help of RM) that it will receive a sporadic
packet in the forthcoming BI. The RM of the node finds that
N2 (which is one of its children) is the next hop for the
sporadic packet. Therefore, R2, implicitly allocates a R GTS
in the next beacon. Tag B in Figure 4 represents resultant
R GTS allocation.

Hybrid GTS Allocation/Inflation. After the receipt of GTS
request from N1, the next beacon from R4 contains a T GTS
allocated to N1. Therefore the N1 will send the sporadic
packet during the forthcoming beacon period through the
T GTS, to R4. The R4 (due to the receipt of GTS Request
from N1) analyzes that the PC will be the next hop for
the sporadic packets under consideration. Therefore the R4
implicitly sends a GTS Request towards the PC for a T GTS
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to be allocated beforehand. The PC, upon the reception of
such a GTS request, finds (using RM) that the PC must also
allocate an R GTS to the R2, as it will be next hop for the
packet. Therefore, the PC allocates an T GTS for R4 and an
R GTS for R2. Such a twin allocation by the PC, in response to
the implicit GTSRequest fromR4, is referred to as theHybrid
GTS allocation and is represented by the Tag C in Figures 3
and 4.

Therefore, according to this proposal, it may be observed
that for the upstream GTS allocation we suggest explicit
or implicit GTS request. Whereas, the downstream GTS
requirement of a node is fulfilled implicitly when a node
receives a beacon from the CH. Because such a GTS is
received without a corresponding GTS request, we refer to
it as an unsolicited GTS allocation. The above mentioned
technique does not violate the IEEE 802.15.4 standard, as a
CH can allocate/de-alloate the GTS on its discretion.

4.3. Timeline Guarantees. In the design of hard real-time
systems, it is necessary to ensure that whatever deadlines are
set aside for a task set, deadlines must be met or otherwise
the task set should not be accepted for execution. The afore-
mentioned phenomenon is decided by performing an online
acceptance test at the occurrence of an SE and is another
contribution of our study. The acceptance test determines
whether an event must be accepted for propagation or not.

The OS performs a feasibility test offline to generate
a schedule. The resultant schedule is such that if followed
exactly, then the periodic and sporadic tasks are guaranteed
to meet the deadlines.The GTS allocation for the PEs is done
during the network convergence. Consequently the order
of the GTS is exactly followed. On the other hand, for the
SEs, the order of the GTSs for a particular cluster is exactly
unknown. This is because the GTS allocation is reactive and
is actually performed one BI earlier than the BI in which
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the actual transmission will be done. Moreover, the effective
delay depends on two issues: (i) the time of occurrence of
SE and (ii) the position of the GTS that is allocated at the
last cluster. The position of the GTS within the clusters other
than the last cluster is irrelevant.The only surety that a packet
will be delivered within the assigned BI is sufficient. Figure 5
represents the snapshot of last-hop BI for a typical scenario.

Figure 5(a) represents the GTS allocation at the last hop
of the sporadic packet route. There are three T GTSs and
one R GTS. All these slots are for PEs. Figure 5(b) shows
one shaded GTS labeled as A that is allocated in response
to a GTS request for a SE from node 𝑁. This is the sporadic
R GTS. The vertical dotted line within the GTS represents
the deadline. It may by observed that the position of the
R GTS is beyond the deadline. Therefore, the deadline will
be missed, as the deadline is before the completion of the
particular R GTS labeled asA. Figure 5(c) shows two shaded
GTSs, labeled as A and B. The GTS B was for an SE of a
node other than N1, allocated prior to A. Due to such an
allocation, the GTS allocated in response to a GTS Request
from N1 is the GTS A that is earlier in time than A in
Figure 5(b). Because the deadline is beyond the R GTS, as
can be seen in Figure 5(c) labeled A, the deadline will be
met.However, the position of theGTSs cannot be determined
before the occurrence of the SE. Therefore, the guarantee of
delivery of the respective SE cannot be provided. The only
condition sufficient to guarantee a deadline will be as follows:
if a deadline is beyond the CFP of the last cluster (as shown
with encircled 3, in Figure 5(c)), then the deadline will be
met. Such a condition can be determined by the OS, by the
use of laxity. The OS, after generating the schedules of the
BIs, checks to see whether any deadline is beyond the CFP
of the last cluster. If the SE is feasible and the corresponding
schedule is generated to be adapted online, then the laxity that
is determined offline can be used online, as described in our
prior work [6], for performing online acceptance test at the
occurrence of a SE.

TheAcceptance Test.While generating a schedule, theOS does
not take into account the time of occurrence of an event.
The OS treats the SEs as the PEs to generate a schedule
of clusters, if one is possible. For the PEs, the schedule is
followed by statically allocating the GTS slots for various
nodes within the respective clusters, before the network
convergence. However, for the SEs, the required GTS slots
are not allocated until the SE actually occurs. From the
above discussion and closely observing Figure 4, it can be
determined that a sporadic packet may have to wait for the
GTS allocation only at the first hop (from N1 to R4). The
aforementioned phenomenon is due to the fact that after the
occurrence of a SE, the relevant data can be sent in the GTS
allocated in response to the first GTS request sent byN1 to R4.
As was detailed in [6], if the event occurs somewhere within
the CAP period such that there is ample amount of time
that a GTS request can be sent before the start of CFP, then
the GTS request will be sent and will get the GTS allocation
in the forthcoming beacon; otherwise, the GTS request will
be sent during the CAP of the next BI and the packet must
wait until the GTS allocation is received a beacon later.

TheGTS request initiates a chain ofGTS allocations, resulting
in an allocated GTS at each of the hops prior to the arrival of
a sporadic packet at a node. The ultimate result is that the
sporadic packet does not have to wait for the GTS allocation
at any hop other than the first.

Therefore, even if the OS renders a set of events as
schedulable, it cannot be guaranteed that the event will meet
the deadline. This is due to the nondeterministic nature of
GTSs that is decided online only. Suppose 𝑑

𝑒2𝑒
is the deadline

calculated by the OS from the generated schedule, and (3) is
used to implement the offline feasibility test;

feasible = {true, if 𝑑
𝑒2𝑒
≥ end of CFP,

false, otherwise.
(3)

Equation (4), on the other hand, is used to implement the
online acceptability test:

acceptable

= {
true, if (end of CAP − 𝑡

𝑒
) ≥ 𝑙GTSRequest || Laxity≥𝐵𝐼,

false, otherwise,
(4)

where 𝑡
𝑒
represents time of occurrence of SE, 𝑙GTSRequest gives

the length of GTS request, and laxity is 𝑑
𝑒2𝑒
− delay

𝑒2𝑒
.

These equations govern the guaranteed delivery of the
accepted SEs.

5. The CPAGA Implementation and the IEEE
802.15.4 Standard Compliance

The routing decisions are made at the network layer by the
RM. In the original implementation of the IEEE 802.15.4
standard, the routing decisions are made when a data packet
is received at the MAC layer depending on the destination
of the packet. However, in the case of the CPAGA, there
are other issues to be considered: (i) when a data packet is
received, (ii) when a GTS request is received and, (iii) when
a beacon is received. The implementation of the CPAGA
requires changes in the algorithm at various levels and the
related data structures of the IEEE 802.15.4 standard.

The CPAGA uses a reactive GTS allocation that requires
an implicit and instantaneous GTS allocation for efficient
bandwidth utilization.TheRMproduces the next hop address
that a packet (data, GTS request, or beacon) uses to reach
the destination. The RM needs the current node’s address
and the destination address to calculate the next hop address.
The current implementation of the GTS request and the
beacon frame does not carry the destination address. There-
fore,one must modify the formats. Moreover, modifications
are needed in the algorithms that create and utilize such
packets according to the CPAGA.

5.1. The CPAGA GTS Request. The main idea behind intro-
ducing the CPAGA GTS request and the corresponding GTS
transmission/reception algorithm is to obtain sufficient space
within the CFP for the propagation of the sporadic packets.
After the occurrence of the SE at a node, the node creates
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an explicit GTS request and sends the request to the CH.
The receiver of the request, if not the destination, implicitly
generates a CPAGA GTS request and forwards the request
to one of the neighbors towards the destination node. The
RM decides the next hops. To include the destination node
address, the GTS request packet fields must be modified.
From the literature survey, we find that similar modifications
were introduced by Koubba et al. [20], where they used
the reserved 6th bit of the allocation type field of the GTS
characteristics frame to carry the information of interest.
We use the same technique to carry the destination address
within the GTS Request. Therefore, the GTS characteristics
frame is modified to carry the destination node address. The
modified GTS characteristics frame consists of the fields, as
shown in Figure 6(a).

When the destination address is to be carried within the
GTS request, the allocation type bit is set to one. This bit is
set to zero by default.Therefore, when the receiver of the GTS
request finds that the allocation type bit is set to one, then the
receiver knows that the received GTS request is not a regular
GTS request but is a sporadic GTS request. Therefore, the
receiver can extract the destination address of the sporadic
data that is to travel within the slot. The receiver uses the
address for the proactive reservation of the GTSs.

The IEEE 802.15.4 StandardCompliant CPAGABeacon Frame.
The beacon frame usually contains information about one
or more of the GTSs in response to the GTS requests from
various children of the node in the GTS list field of the
beacon frame. However, the CPAGA requires an unsolicited
sporadic GTS allocation within a beacon frame, as described
in Section 4.2. Such a sporadic GTS is to carry the address of
the sink node along, with the GTS list. The default formation
of the beacon is such that it contains a list of GTS descriptors.
The GTS descriptor count field of the GTS specification field
has the length equal to that of the GTS list. If the inflation
flag bit of the GTS specification field is set to one, then
the next byte after GTS list is bit-mapped sporadic specifier,
equal in bit length to the descriptor count. Each bit of

the bit-mapped sporadic specifier is related to one element of
the GTS descriptor list, and if set to one, then it indicates that
the corresponding GTS has a sporadic allocation. There is
another list of the sporadic allocation parameters after the bit-
mapped sporadic specifier.The length of the list is equal to the
number of “ones” in the bit-mapped sporadic specifier. Each
element of the sporadic allocation parameters is composed
of two fields, namely, the splength and the daddress. The
splength is the space of the GTSs reserved for sporadic data
transmission and the daddress is the destination address of
the sporadic data for which such an allocation has beenmade.
This is the field on the basis of which implicit and reactive
generation of a beacon is possible.

Special care has been taken while suggesting a modifi-
cation in GTS specification and GTS descriptor list to keep
CPAGAbeacon frame, the IEEE 802.15.4 standard compliant.
The modified beacon frame is shown in Figure 7. The third
bit of the GTS specification is a “do-not care” bit according to
standard but is defined as an inflation flag bit for the CPAGA
usage. In the CPAGA, the inflation flag bit, if set to one,
indicates the presence of extra information at the end of the
GTS descriptor list. A node with the CPAGA implementation
will be able to correctly interpret the standard beacon frame
received from a node with the non-CPAGA implementation.
This is because such a beacon will never contain the inflation
flag bit of the GTS characteristics specifier set to one.
Therefore, the interoperability will not be an issue. Similarly,
the standard implementation can accept the GTS list sent by
the CPAGA implementation.

Data Frame. The data frame already contains a field to hold
the address of the sink node. Therefore, no modification is
required in the data frame format for the CPAGA.

5.2. Sporadic Slot Deallocation/Deflation. The deallocation of
the sporadic allocations is implicit. The allocation/inflation
remains there for “one” BI, after which it is automatically
considered deallocated by the child node, as well as the CH.
For the purpose of automatic deflation, the nodes keep a
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record of the accumulated inflation size of a slot for all of the
nodes. The deflation occurs after one beacon.

6. The Simulation and Comparative Study

In this section, we validate the proposed protocol by ana-
lyzing the simulation traces collected from OPNET. For the
purpose of this study, a small network consisting of three
clusters and six nodes as shown in Figure 8 was simulated.
A larger sized network was not considered for simulation
as analyzing messages of a small network was sufficient for
validation. In the simulated network, the PEs generated by
the node N11 and the SE generated by node R5 were tested
to be feasible by the OS. The parameters of the feasible set of
events are reported in Table 1.

The OS generates a schedule which can be followed
by various clusters so that the event data arrives at the
destination within the specified deadlines. Table 2 depicts
the information related to the generated schedule. The GTS
column of the table indicates the GTSs that must be allocated
for periodic tasks during the network initialization.

The values in the GTS column are in the subscripted
format like 𝑆

𝑛
, where 𝑆 is the number of slots required for

node 𝑛. The subcolumns T and R under the GTS column
represent the slots reserved for transmission or reception,
respectively.

The simulation parameters are used to simulate the
network as shown in Figure 8 by using the modified IEEE
802.15.4 standard. Simulation traces are collected and are
presented in Table 3.

Before we start the analysis of the traces shown in Table 3,
the following are a few conventions that we considered during
the generation of Table 3.

(i) The first column of the table has the row numbers for
referencing.The second column shows the simulation
time in seconds. The third column (src./dst.) repre-
sents the source and destination of a particular activ-
ity. The absence of a particular source or destination
of an activity is represented by a hyphen.

(ii) An encircled row number highlights a particular
activity in that row.

(iii) Activities related to the PEs are represented by itali-
cized fonts.

(iv) Activities related to the SEs are shown by bold fonts.
(v) The beacon reception activity is shown as beacon

rx[WTRR]. The T or R in the square bracket rep-
resents the GTSs information contained within the
received beacon. For example, [TTRR] represents that
two transmit and two receive slots are allocated for the
respective node. The W or Ⓡ in a beacon represents
either a sporadic or inflated GTS.

The table contains chunk of traces from time interval
3.640320 to 4.398720 secs. The eighth row shows the occur-
rence of sporadic event, at N11 at time 3.7 secs. The related
data has to arrive at R6 within the deadline. For propagation
of the sporadic event from N11 to R6, the event must traverse
Cluster R3, Cluster R1, and Cluster R2 as can be seen in
Figure 8. For the PE, the GTSs are allocated beforehand
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Table 1: Parameters of the feasible events.

Type Source Destination Deadline Sample size Period/Frequency
Periodic N11 R6 0.5 16 1
Sporadic R5 R3 0.8 16 1

R5

R1
R3

R2 N11

R6

Cluster 2 Cluster 1 Cluster 3

Sporadic destination
Periodic destination

Figure 8: Sporadic (R5 to R3) and periodic (N11 to R6) event propagation form.

Table 2: Simulation parameters generated by offline scheduler.

Cluster
number

Start
time SO BO Start slot GTS

T T T R R
1 0 1 4 7 2

2
2
3
1
4
1
2
3
3

2 199.68 1 4 11 2
5
1
6

2
6

3 30.72 0 4 8 2
11
2
10

4
10

during the network initialization.The GTSs remain allocated
until the end of the simulation period. In this respect, the
periodic data is transmitted from N11 to R3 (Row 13), R3 to
R1 (Row 26), R1 to R2 (Row 27), and R2 to R6 (Row 35). The
data crosses two hops (Row 26 and Row 27) during a single
BI of Cluster 1, as both of the nodes belong to Cluster 1. From
R3 to R1, a transmit slot is required; whereas, from R1 to R2,
a receive slot is required, where R1 is the CH.These two slots
can be seen reserved at Row 37.

On the other hand, a sporadic event occurs, as shown
at Row 18, within Cluster R5, and data is to reach R3
before the deadline. No GTS is allocated for such a traversal
beforehand. Therefore, a GTS request can be seen at Row
19 in Cluster 2 from R5. This GTS request is sent by R5 to
its R2. Consequently, a sporadic GTS is allocated when the
next beacon is received, as shown in Row 31. Row 2, Row
16, Row 31, and Row 43 show that beacons are received from
the CH of Cluster 2. Of these beacons, only the one received
at Row 31 that is received after GTS request contains the
sporadic GTS.Thereafter, it is implicitly deflated/unallocated.
Therefore, sporadic data moves from R5 to R2 during the
BI, as shown at Row 34. Because R2 is also a child node of
Cluster 1, R2 generates an implicit GTS request during the
CAP of Cluster 1, as shown at Row 24. The aforementioned
phenomenon results in sporadic allocation/inflation of the
GTS with the beacon received by R2 at Row 37. Therefore,
the sporadic data that was received by R2 as in Row 34 now
propagates to R1 and then to R3 during the same Beacon,

as both R1 and R3 belong to Cluster 1. The node R3 being
the destination of the sporadic data does not need to further
propagate further.

The effective delays can be calculated from the time
column of Table 3. It can be calculated from Row 35 and Row
13 of Table 3 that it takes 4.159648 − 3.73056 = 0.429088 secs
for periodic data to reach the destination, where the deadline
set aside was 0.5 secs. On the other hand, it can also be
calculated from Row 39 and Row 34 of Table 3 that it takes
4.204 − 4.15216 = 0.05184 secs for sporadic data to reach the
destination, where the deadline set aside was 0.8 secs.

Timeliness and Energy Efficiency. The bar charts of Figure 9
have been plotted from the data collected from the simulation
results. Figure 9(a) shows the timeliness of the periodic and
sporadic data whereas Figure 9(b) gives the minimal increase
in energy consumption when SEs are scheduled along with
the PEs versus PEs only.

Simulation was run for 5 minutes during which 297 PEs
were generated. In addition 127 SEs were also generated with
their maximum frequencies, accepted, and delivered before
the deadlines. It can be observed in Figure 9(a) that for
both the PEs and SEs the effective delays is less than the
set asides deadlines. The important point to be noted here
is that bandwidth allocation of SEs was reactively done at
the occurrence of SEs. Additionally the simulation was also
run in the absence of SEs and the effective delay remained
unchanged. Therefore, PEs are timely delivered irrespective
of SEs. These observations reveal the correctness of control
protocol which is invoked at each occurrence of the SE.

Figure 9(b) shows a 6% increase in battery consumption
when SEs are accommodated along with the PEs. This
increase in battery consumption is due to extra control and
data traffic required to transmit 127 SEs during this run of 5-
minute simulation. The increase is minimal due to the fact
that many implicit decisions are taken during the protocol
design and the control traffic is kept minimum.

The real-time scheduling of sporadic tasks, along with
periodic tasks, requires work in two directions: firstly, to
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Table 3: Sporadic event propagation traces from R5 to R3 when event occurs during sleep period.

Number Time Src./dst. Cluster 3 Cluster 1 Cluster 2
R6 R5

1 3.640320 R2/R6, R5 Beacon Tx
2 3.640896 Beacon Rx[TRR] Beacon Rx[TT]
3 3.641088 CAP start
4 3.661440 CFP start
5 3.686400 R1 Beacon Tx
6 3.686976 Beacon Rx[TR]
7 3.668128 R2/R6
8 3.700000 Periodic event Sleep start
9 3.717120 R3 Beacon Tx Sleep start —
10 3.717696 R3/N11 Beacon Rx[TT] —
11 3.717888 CAP start —
12 3.730560 CFP start —
13 3.73056 N11/R3 Data Rx —
14 3.886080 Sleep start —
15 3.886080 R2 — Beacon Tx
16 3.886656 R2/R6, R5 — Beacon Rx[TRR] Beacon Rx[TT]
17 3.886848 — CAP start CAP start
18 3.890000 R5 — Sporadic event
19 3.892832 R5/R2 — GTS Req Tx/Rx
20 3.907200 — CFP start CFP start
21 3.932160 R1 — Beacon Tx Sleep start Sleep start
22 3.932736 — Beacon Rx[TR] — —
23 3.932928 R1/— CAP Start
24 3.936672 R2/R1 GTS Req Tx/Rx
25 3.951360 R1/— — CFP start
26 3.956128 R3/R1 — Data Rx — —
27 4.958048 R1/R2 Data Rx — —
28 3.962880 R3 Beacon Tx Sleep start — —
29 3.963456 R3/N11 Beacon Rx[TT] — —
30 4.131840 R2 Beacon Tx
31 4.132608 R2/R6, R5 Beacon Rx[TRR] Beacon Rx[WTT]
32 4.132800 CAP start CAP start
33 4.152160 CFP start CFP start
34 4.152160 R5/R2 Data Rx
35 4.159648 R2/R6 Data Rx (delivered)
36 4.177920 R1 Beacon Tx Sleep start Sleep start
37 4.179200 Beacon Rx[WTR] — —
38 4.194400 R2/R1 Data Rx — —
39 4.204000 R1/R3 Data Rx (delivered) — —
40 4.208640 R3 Beacon Tx Sleep start — —
41 4.209216 R3/N11 Beacon Rx[TT] — —
42 4.377600 R2 Beacon Tx
43 4.378368 R2/R6, R5 Beacon Rx[TRR] Beacon Rx[TT]
44 4.378560 CAP start CAP start
45 4.398720 CFP start CFP start
46 4.423689 Sleep start Sleep start
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Figure 9: GTS allocation requirements.

Table 4: Properties of the IEEE 802.15.4 standard based proposals.

Control
protocol Scheduling Routing Periodic Sporadic Multicluster Any

destination
Standard
compliance

Energy
efficiency

An Implicit GTS allocation
mechanism [20] M M M ✓ M M M ✓ ✓

Offline scheduling using TDCS [5] M ✓ M ✓ M ✓ ✓ ✓ ✓

Improved CSMA/CA using priority
toning [21] M M M ✓ ✓ M M M M

(m, k)-firm pattern spinning [16] M M M ✓ ✓ M M ✓ M
BACCARAT [14] M M M ✓ M M M ✓ M
Time and frequency diversity for
reliability [15] M M M ✓ M M M M ✓

Novel GTS mechanism [17] ✓ ✓ ✓ ✓ M ✓ ✓ ✓ M
Dynamic inflation implicit deflation
[6] ✓ ✓ ✓ ✓ ✓ ✓ M ✓ ✓

CPAGA, the work presented in this
paper ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

find schedule for processing and communicating tasks on
different nodes of the network, such that the data can reach
the intended destination on or before the desired deadline
and secondly, to develop control protocol, so that the gen-
erated schedule can be adapted in the intended network
reactively at the occurrence of sporadic event. Table 4 reports
various research works [5, 6, 14–16, 20, 21], in this regard
and their characteristics. Of these, [5, 6, 14–17, 20, 21] do not
propose to any control protocol for sporadic tasks. The work
of Choi and Lee [17] does not handle the sporadic events nor
energy efficiency. Most of work, except [5, 6, 14, 15], does
not provide techniques for end-to-end real-time multihop
communication. Our proposal provides mechanism for joint
propagation of both the periodic and sporadic events from
any node to any other node, efficiently, over multiple hops.

7. Conclusions and Future Work

With the use of OS to generate schedule of sporadic tasks
and the invention of the CPAGA, proposed in this paper, it
makes it possible to implement this schedule over the IEEE
802.15.4 standard at the occurrence of sporadic event. The
generated GTS parameters were such that there was enough
spare capacity for the sporadic events whenever the events
occurred. Moreover, the proposed acceptance test rejected
the events that were unsure to meet the deadlines. Similarly,
while remaining compliant with the IEEE 802.15.4 standard,
we modified the control structures to propagate a sporadic
event to the destination. The simulation analysis proved the
validity of the proposed protocol.

The proposed acceptance test accepts sporadic tasks
which can be ensured tomeet the deadlines. However, to keep
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the test simple, the algorithm rejects some of the sporadic
events that the algorithm found being unsure to meet the
deadline.

More work is required to improve the acceptance test
to be able to reduce the false rejections of sporadic events.
Moreover, the sporadic allocation/inflation remains there for
“one” BI only. Further work is required to extended it to
desired number of beacons if the sporadic data cannot be
fitted within one GTS of a cluster.
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Medical diagnostics, a technique used for visualizing the internal structures and functions of human body, serves as a scientific
tool to assist physicians and involves direct use of digital imaging system analysis. In this scenario, identification of brain tumors is
complex in the diagnostic process.Magnetic resonance imaging (MRI) technique is noted to best assist tissue contrast for anatomical
details and also carries out mechanisms for investigating the brain by functional imaging in tumor predictions. Considering 3D
MRImodel, analyzing the anatomy features and tissue characteristics of brain tumor is complex in nature. Henceforth, in this work,
feature extraction is carried out by computing 3D gray-level cooccurence matrix (3D GLCM) and run-length matrix (RLM) and
feature subselection for dimensionality reduction is performed with basic differential evolution (DE) algorithm. Classification is
performed using proposed extreme learning machine (ELM), with refined group search optimizer (RGSO) technique, to select the
best parameters for better simplification and training of the classifier for brain tissue and tumor characterization as white matter
(WM), gray matter (GM), cerebrospinal fluid (CSF), and tumor. Extreme learning machine outperforms the standard binary linear
SVM and BPN for medical image classifier and proves better in classifying healthy and tumor tissues. The comparison between
the algorithms proves that the mean and standard deviation produced by volumetric feature extraction analysis are higher than
the other approaches. The proposed work is designed for pathological brain tumor classification and for 3D MRI tumor image
segmentation.The proposed approaches are applied for real time datasets and benchmark datasets taken from dataset repositories.

1. Introduction

Brain tumor is a common malignancy found in humans.
Basic knowledge of tumor activities and interactions in
malignancies enables efficient diagnosis and clinical under-
standing for the physician. As a result, brain tumor opti-
mizationmethodologies possess higher potential for carrying
out clinical diagnostics. In the growing scenario, medical
imaging techniques (X-Ray, CT, MRI), functional imaging
techniques (single photon emission computed tomography—
SPECT, positron emission tomography—PET, and functional
magnetic resonance imaging—fMRI), and signal diagnostic
techniques such as ECG and EEG are used widely to achieve
a prior analysis of the malignancies and for appropriate
therapy planning. Locating brain tumor segmentation and
classification of brain and tissues within magnetic resonance
(MR) images is integral to the treatment of brain cancer.
Segmenting brain tumors in MR images involves classifying

each voxel as normal brain tissues and tumor tissues, based
on the description of that voxel. This task, a prerequisite for
treating brain cancer using radiation therapy, is typically done
manually by expert medical doctors, who find this process
laborious and time-consuming. Replacing this manual effort
with a good automated pattern recognitionmodel would save
expert time; the resulting labels may also be more accurate
and more consistent.

Texture analysis [1] is an efficient measure to estimate the
structural orientation, roughness, smoothness, or regularity
differences of diverse regions in an image scene, showing
promising results as an image analysis method for detecting
nonvisible and visible lesions, with a number of applications
in magnetic resonance imaging MRI. Most classification
techniques offer gray-level pixel based statistical features.
Also, many statistical andmachine learning perceptions have
been identified for medical image classification. The major
disadvantages in the existing approaches [2–6] are based
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on the independency in the considered process from any
functional form, evenwhennoprior assumptions are possible
and when only data is available. As a result the process of
feature selection and classification remains a challenge due
to the facts of lack of large diversity in shape and appearance
of clear edge between adjacent tissues [7], intensities of same
tissues varying in different locations, noisy images, accuracy
in classifier design and interpretability of the volumetric
feature analysis.

The choice of highly discriminating texture features is the
most important factor for a success in texture segmentation,
but this has been neglected in earlier approaches. 2D cooccur-
rence or run-length features may lack the sensitivity to iden-
tify larger scale or more coarse changes in spatial frequency.
Secondly, there are a great many pixels (such as 256 × 256 ×

124) for 3DMR images. Consequently, segmentationwill have
high computational complexity and require large memory
storage. This problem can be solved by applying the 2D
methods sequentially, and even experts segment the images
in this way. However, this will lose some of the geometric
information.

To overcome the above difficulty, in recent years, some
of the research work shows various 3D texture features [8–
10]. All these approaches applied a 3D GLCM and 3D RLM
method to computed tomography (CT) images to separate
various organs of human body. Few other approaches [2,
11] computed statistical, gradient, and Gabor filter features
at multiple scales and orientations in 3D to capture the
entire range of shape, size, and orientation of the tumor on
automated segmentation of prostatic adenocarcinoma from
high-resolution MR images of brain. Certain approaches
analyzed mean and standard deviation of FLAIR signal
intensities of texture analysis on the hippocampal body [12].
A volumetric congruent local binary pattern (LBP) algorithm
for 3D neurological image retrieval was also carried out.
This proposed work performs volumetric three dimensional
texture analysis to extract the better features of the considered
images and these extracted features are further utilized for
classification the images.

Therefore in this paper, basic differential evolution [13]
is employed to select appropriate features for dimensionality
reduction and thus DE is used as a feature subselection
process after the features are extracted employing 3D GLCM
and RLM. After the selection of optimal features using DE
algorithm, then the refined group search optimizer based
extreme learning machine is used to carry out the classi-
fication process. In the proposed RGSO based ELM, the
weights and bias to ELMare optimized using RGSO for better
simplification and classification of pathological brain tissues
and tumors. The schematic flow for 3D image classification
framework is shown in Figure 1.

2. Proposed 3D Volumetric Feature
Extraction and Subselection Model

In general, feature extraction is a process that transforms the
input data into a set of features. A feature is said to be a rich
one when it is characterized by appropriate texture, shape,
intensity, and location. All these said features are selected

Volumetric 3D MR images

3D MR image
normalization

Feature extraction
(3D GLCM and RLM)

Feature subset selection
(differential evolution)

Classification
(ELM with RGSO)

Figure 1: Framework of proposed classification architecture.

with an expert opinion from the radiologists. 3D texture
measures describe the distribution using joint second order
statistics of volume element (voxel) values in an image. Since
the 2D GLCM algorithm is not able to describe the pixel
pair displacements in 3D images, the approach extends to
the GLCM and RLM for 3D volumetric data. Basically the
image is represented by a function𝑓(𝑥, 𝑦, 𝑧) containing three
space variables 𝑥, 𝑦, and 𝑧, where 𝑥 = 0, 1, . . . , 𝑁 − 1, 𝑦 =

0, 1, . . . ,𝑀−1, and 𝑧 = 0, 1, . . . , 𝐿−1.The function𝑓(𝑥, 𝑦, 𝑧)

can take any value 𝑖 = 0, 1, . . . , 𝐺−1, where𝐺 is total number
of intensity levels in the image. The optimal feature set is
categorized as follows.

Image intensity (e.g.: mean, standard deviation)

Texture features (e.g.: gray-level cooccurrence and
run-length matrices).

2.1. 3D Gray-Level Cooccurrence Matrices. The gray-level
cooccurrence matrix was originally proposed in the year
1973 [14]. The 3D GLCM developed in this work is extended
from original 2D GLCM, a three-dimensional cooccurrence
matrix, 𝑀, which is also an 𝑛 × 𝑛 matrix, where 𝑛 is the
number of gray levels of an image. In order to improve the
computational efficiency, the number of gray levels (i.e., data-
bit) is usually reduced. The 3D GLCM is basically defined as

𝑀(𝑖, 𝑗) =

𝑊𝑧−𝑑𝑧

∑

𝑧=1

𝑊𝑥−𝑑𝑥

∑

𝑥=1

𝑊𝑦−𝑑𝑦

∑

𝑦=1

CONDITION

CONDITION

= (𝐺 (𝑥, 𝑦, 𝑧) = 𝑖 ∧ 𝐺 (𝑥 + 𝑑𝑥, 𝑦 + 𝑑𝑦, 𝑧 + 𝑑𝑧) = 𝑗)?1 : 0

(1)
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𝑀
𝑑
(𝑖, 𝑗)

=

𝑊𝑧−𝑑𝑧

∑

𝑧=1

𝑊𝑥−𝑑𝑥

∑

𝑥=1

𝑊𝑦−𝑑𝑦

∑

𝑦=1

𝛿 [𝐺 (𝑥, 𝑦, 𝑧) = 𝑖,

𝐺 (𝑥 + 𝑑𝑥, 𝑦 + 𝑑𝑦, 𝑧 + 𝑑𝑧) = 𝑗]

if 𝛿 [True] = 1, else 𝛿 [False] = 0,

(2)

where 𝑖 represents the 𝑖th column and 𝑗 represents the 𝑗th row
in 3D GLCM; 𝑑 represents the relation of a voxel pair (voxel
pairs are defined by a distance and direction which can be
represented by a displacement vector 𝑑 = (𝑑𝑥, 𝑑𝑦, 𝑑𝑧), where
𝑑𝑥 and 𝑑𝑦 represent the displacement (in pixels) along 𝑥-axis
and𝑦-axis in spatial domain and 𝑑𝑧 is the number of bands in
the spectral domain).𝐺(𝑥, 𝑦, 𝑧) and𝐺(𝑥+𝑑𝑥, 𝑦+𝑑𝑦, 𝑧+𝑑𝑧)

are the gray values in the position (𝑥, 𝑦, 𝑧) and (𝑥 + 𝑑𝑥, 𝑦 +

𝑑𝑦, 𝑧 + 𝑑𝑧) of a moving window (𝑊𝑥 × 𝑊𝑦 × 𝑊𝑧), and 𝑥,
𝑦, 𝑧 are denoted as the position of a moving window in the
volumetric data. The three-component vector (𝑥, 𝑦, 𝑧) with
each component equal to −1, 0, or 1 is used to define different
directions [15]. The vector describes neighbour’s direction in
Cartesian coordinate system [6].

Four variables that are required to use GLCM include
the quantization level of the image, the size of the moving
window, the direction and distance of pixel pairs, and the
statistics used as texture measurements. According to these
four parameters, texture images can be extracted using 3D
GLCM and can be used as features for analysis or classifica-
tion.

2.2. Run-Length Matrices. Run-length statistics capture the
coarseness of a texture in specified directions. A run is
defined as a string of consecutive pixels which have the
same gray-level intensity along a specific linear orientation
to describe the frequency of appearance. Fine textures tend
to contain more short runs with similar gray-level intensities,
while coarse textures have more long runs with significantly
different gray-level intensities [1, 16].

A run-length matrix 𝑃 is defined as follows: each element
𝑃(𝑖, 𝑗) represents the number of runs with pixels of gray-level
intensity equal to 𝑖 and length of run equal to 𝑗 along a specific
orientation. For a given 3D image, presented as a series of
slices in a preferred slice orientation, a run-length matrix 𝑃 is
defined as follows: each element𝑃(𝑖, 𝑗) represents the number
of runs with pixels of gray-level intensity equal to 𝑖 and length
of run equal to 𝑗 along the 𝑑(𝑥, 𝑦, 𝑧) direction. An orientation
is defined using a displacement vector 𝑑(𝑥, 𝑦, 𝑧), where 𝑥,
𝑦, and 𝑧 are the displacements for the 𝑥-axis, 𝑦-axis, and 𝑧-
axis, respectively. Unlike the 2D texture characterization, the
volumetric texture requires 13 different displacements from
a total of 26 possible displacements in a three dimensional
space [17].

The length of the run is the total number of pixel points
in the run and the gray-level run-length feature is estimated
using

𝑅 (𝜃) = [𝑔 (𝑖, 𝑗) | 𝜃] , 0 ≤ 𝑖 ≤ 𝐺, 0 ≤ 𝑗 ≤ 𝑅max, (3)

where𝐺 is themaximum gray level and𝑅max is themaximum
run length which is equal to max {𝐿

𝑥
, 𝐿
𝑦
, 𝐿
𝑧
}. The element

𝑔(𝑖, 𝑗 | 𝜃) specifies the estimated number of times that a
given picture contains a run length 𝑗 for a gray level 𝑖 in the
direction of the angle 𝜃 and 𝐿

𝑥
, 𝐿
𝑦
, and 𝐿

𝑧
denote the length

of the ROI in 𝑥, 𝑦, and 𝑧 directions.The textural features are
measured from 𝑅(𝜃).

Once the run-length matrices are calculated along each
direction, several texture descriptors are calculated to capture
the texture properties and are differentiated among various
features. These descriptors can be used either with respect
to each direction or by combining them if a global view of
the texture information is required. Eleven descriptors are
typically extracted from the run-length matrices: short run
emphasis (SRE), long run emphasis (LRE), high gray-level
run emphasis (HGRE), low gray-level run emphasis (LGRE),
pair-wise combinations of the length and gray-level emphasis
(SRLGE, SRHGE, LRLGE, and LRHGE), run-length nonuni-
formity (RLNU), gray-level nonuniformity (GLNU), and run
percentage (RPC). Some of these descriptors reflect specific
characteristics in the image. For example, SRE measures the
distribution of short runs in an image, while run percentage
measures both the homogeneity and the distribution of runs
of an image in a specific direction.

2.3. 3D GLCM and RLM Based Feature Extraction. The
extraction of optimal features is based on the characteristics
of texture, shape, intensity of image, and spectral density.
The key approach employed to extract volumetric features is
based on 3D GLCM, gradient vector composition, and RLM.
3D volume analysis process occurs in 13 directions, which
results in 13 3D GLCM and RLM. Figure 2 shows the 3D
volumetric directions.

In a 3D volumetric space, the directions are selected by
linking a voxel to each of its nearest 26 (= 3 ∗ 9 − 1)
neighbours, respectively, leading to 13 different directions
from a total of 26 possible directions. Each of these slices is
processed at once producing only one run-length encoding
matrix for all consecutive slices forming the 3D image and,
thus, the run-length computation for the volumetric texture
is faster. In this case, it should be observed that 11 texture
features are calculated for characterizing the texture for each
subregion as in Table 1.

The spatial dependence of gray-level values across mul-
tiple slices is captured by 3D GLCM. The GLCM matrix
is calculated for 0, 45, 90, and 135 degrees for 𝜃 and a
distance scale of 1. Here 4 spatial distances and 13 directions
are chosen, computing 52 (13 × 4) directional vectors and
cooccurrence matrices. Henceforth, statistical measures con-
sidered are variance, entropy, energy, contrast, and homo-
geneity, which are calculated for each matrix. Employing
these statistical measures, the feature vector of 260 (5 × 52)
components is formed. The remaining features include 11
RLM and 2 gradient vector and gradient orientation features.
The optimal features set with 18 texture descriptors were
calculated.

2.4. Feature Subselection Model. The process of subselection
in image processing selects optimal feature subset from
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Table 1: 3D feature directions.

3D texture directions
Offset Degree direction (𝜃, 𝜙)

1 0, 1, 0 0∘, 0∘

2 −1, 1, 0 45∘, 0∘

3 −1, 0, 0 90∘, 0∘

4 −1, −1, 0 135∘, 0∘

5 0, 1, −1 0∘, 45∘

6 0, 0, −1 0∘, 90∘

7 0, −1, −1 0∘, 135∘

8 −1, 0, −1 90∘, 45∘

9 1, 0, −1 90∘, 135∘

10 −1, 1, −1 45∘, 45∘

11 1, −1, −1 45∘, 135∘

Y axis

X axis

Z axis

#9(1, 0, −1)

#11(1, −1, −1)
#5(0, 1, −1)

#6(0, 0, −1)

#7(0, −1, −1)

#12(−1, −1, −1)

#8(−1, 0, −1)

#4(−1, −1, 0)

#3(−1, 0, 0)
#2(−1, 1, 0)

#1(0, 1, 0)

#13(1, 1, −1)

#10(−1, 1, −1)

Figure 2: 3D volumetric directions.

the existing feature sets to achieve output conceptions in
image classification. The aim of the subselection process is
to extract best minimal subset from the original element set,
instead of transforming the data to new dimensions. Various
measures will be taken to analyze features from different
perspectives, but few features extracted tend to behave similar
without any specific variations. Also, the improvement in
the dimensionality of texture features decreases the memory
and the computational time. The criterion here is to identify
the features that are correlated or predict the class label.
The objective of this search in subset includes maximiza-
tion of this criterion. Feature subselection model typically
incorporates a search strategy for exploring the space of
feature subsets [18]. More sophisticated search strategies such
as genetic algorithm (GA) [19, 20] or simulated annealing
(SA) can be employed to better explore the search space.
This work invokes differential evolution (DE) technique for
feature subselection.

In recent years, there has been a growing interest in
evolutionary algorithms for diverse fields of science and

engineering. The differential evolution algorithm (DE) [13]
is a relatively novel optimization technique for solving
numerical-optimization problems. The algorithm has suc-
cessfully been applied to several sorts of problems as it has
claimed a wider acceptance and popularity, following its
simplicity, robustness, and good convergence properties.

2.4.1. Need for DEAlgorithm. TheDE algorithm is population
based including a simple and direct searching algorithm
for globally optimizing multimodal functions. Just like the
genetic algorithms (GA), it employs crossover and mutation
operators as selectionmechanisms. As previouslymentioned,
an important difference among other evolutionary compu-
tational techniques, such as genetic algorithms (GA), is that
the GA relies on the crossover operator which provides the
exchange of information required to build better solutions.
DE algorithm fully relies on the mutation operation as its
central procedure. The applicability of DE algorithm, in
comparison with that of the other approaches like GA, simu-
lated annealing, or Tabu search, includes its exploration and
exploitation capability because of its nonuniform crossover
and mutation operations. The advantage of DE algorithm in
exploring is utilized for its convergence for feature selection
process. This enables the search to be focused on the most
promising area of the solution space.Themutation operation
is based on the differences of randomly sampled pairs of
solutions within the population. Besides being simple and
capable of globally optimizing multimodal search spaces, the
DE algorithm shows other benefits: it is fast, easy to use,
and can very easily adapt in the case of integer or discrete
optimizations. It is quite effective for nonlinear constraint
optimization, including penalty functions.

2.4.2. DE Algorithm Flow Process [13]. Classic DE algorithm
begins by initializing a population of𝑁

𝑝
and𝐷-dimensional

vectors with parameter values which are randomly and
uniformly distributed between the prespecified lower initial
parameter bound 𝑋

𝑗,low and the upper initial parameter
bound𝑋

𝑗,high:

𝑋
𝑗,𝑖,𝑡

= 𝑋
𝑗,low + rand (0, 1) ⋅ (𝑋𝑗,high − 𝑋

𝑗,low) ;

𝑗 = 1, 2, . . . , 𝐷; 𝑖 = 1, 2, . . . , 𝑁
𝑝
; 𝑡 = 0.

(4)

The subscript 𝑡 is the generation index, while 𝑗 and 𝑖 are
the parameter and population indexes, respectively. Hence,
𝑋
𝑗,𝑖,𝑡

is the 𝑗th parameter of the 𝑖th population vector in
generation 𝑡.

To generate a trial solution, DE algorithm first mutates a
best solution vector from the current population by adding it
to the scaled difference of two other vectors from the current
population,

𝑉
𝑖,𝑡

= 𝑋best,𝑡 + 𝐹 ⋅ (𝑋
𝑟
1
,𝑡
− 𝑋
𝑟
2
,𝑡
) ; 𝑟

1
, 𝑟
2
∈ {1, 2, . . . , 𝑁

𝑝
} ,

(5)

with 𝑉
𝑖,𝑡
being the mutant vector. Vector indexes 𝑟

1
and 𝑟
2

are randomly selected considering that both are distinct and
different from the population index 𝑖 (i.e., 𝑟

1
̸= 𝑟
2

̸= 𝑖). The
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mutation scale factor 𝐹 is a positive real number typically less
than 1.

The next step considers one or more parameter values of
the mutant vector 𝑉

𝑖,𝑡
to be exponentially crossed with those

belonging to the 𝑖th population vector 𝑋
𝑖,𝑡
. The result is the

trial vector 𝑈
𝑖,𝑡

𝑈
𝑗,𝑖,𝑡

= {

V
𝑗,𝑖,𝑡

, if rand (0, 1) ≤ 𝑐
𝑟
or 𝑗 = 𝑗rand

𝑥
𝑗,𝑖,𝑡

, otherwise

with 𝑗rand ∈ {1, 2, . . . , 𝐷} .

(6)

The crossover constant (0.0 ≤ 𝑐
𝑟
≤ 1.0) controls the section of

parameters belonging to themutant vector which contributes
to the trial vector. In addition, the trial vector always inherits
the mutant vector parameter with a random index 𝑗rand to
ensure that the trial vector differs by at least one parameter
from the vector to be compared (𝑥

𝑖,𝑡
).

Finally, a selection operation is used to improve the
solutions. If the cost function of the trial vector is less than
or equal to the target vector, then the trial vector replaces
the target vector on the next generation. Otherwise, the
target vector remains in the population for at least one new
generation:

𝑋
𝑖,𝑡+1

= {

𝑈
𝑖,𝑡
, if 𝑓 (𝑈

𝑖,𝑡
) ≤ 𝑓 (𝑋

𝑖,𝑡
) ,

𝑋
𝑖,𝑡
, otherwise.

(7)

Here, 𝑓 represents the cost function.These steps are repeated
until a termination criterion is attained or a predetermined
generation number is reached.

The differential evolution process reduces the dimen-
sionality into 7 most decisive features out of the 18 features
extracted. The optimal features selected after this process
include gradient vector parameter, gray-level nonuniformity,
energy, variance, entropy, sum variance, and short run
emphasis.Therefore, from the existing 18 features, the optimal
7 feature subsets are extracted and applied for the next step.

3. ELM-RGSO for Brain Tumor and
Tissue Classification

Over the past few decades it has been noted that artificial
neural networks [21] play a major role in pattern recognition
and image classification applications. It is because of their
generalization and conditioning capabilities, requirement of
minimal training points, and faster convergence time. ANNs
are found to perform better and result in faster output in
comparison with that of the conventional classifiers. Various
neural network architectures [21] like radial basis function
network, probabilistic neural network, back propagation
neural network, and support vector machines and its variants
were used for pattern and image classification applications;
the underlying limitations in all these cases include the
selection time incurred due to the preprocessing speed delay.
For better classification accuracy, more training data is to
be utilized in comparison to that of the testing data. Also,
the selection of appropriate training algorithms is important,
which enables the considered application to not experience

the local or global minima problem. The above addressed
criteria for improving the training performance, so as to
result in better classification accuracy, have been noted in
a neural network architecture, extreme learning machine
(ELM) classifier proposed in [22, 23], which handles the
training for single hidden layer feedforward neural networks.

3.1. Basic Extreme Learning Machine (ELM) Classifier.
Extreme learning machine classifier [23] is a single-hidden
layer feedforward neural network, wherein the weights for
the input and hidden layer, as well as the respective biases,
are randomly assigned without any training process. ELM
is considered as a network architecture, which reduces the
training time since its network output weights are computed
usingMoore-Penrose inverse and using the norm least square
solution. ELM [24, 25] is best suited for larger training
samples and also the effect of number of hidden neurons
using different ratios of the number of features of testing and
training data was examined. This classifier is compared with
that of the conventional neural network classifiers using the
classification rate for brain tissue and tumor classification.
Figure 3 shows the basic ELM architecture.

The basic ELM classifier algorithm is given as follows.
Give a training set 𝑁 = {(𝑥

𝑖
, 𝑡
𝑖
) | 𝑥
𝑖
∈ 𝑅
𝑛
, 𝑡
𝑖
∈ 𝑅
𝑚
, 𝑖 =

1, . . . , 𝑁}, kernel function 𝑓(𝑥), and hidden neuron �̃�.

Step 1. Select suitable activation function and number of
hidden neurons �̃� for the given problem.

Step 2. Assign arbitrary input weight 𝑤
𝑖
and bias 𝑏

𝑖
, 𝑖 =

1, . . . , 𝐻.

Step 3. Calculate the output matrix𝐻 at the hidden layer

�̃�

∑

𝑖=1

𝛽
𝑖
⋅ 𝑓 (𝑤

𝑖
⋅ 𝑥
𝑗
+ 𝑏
𝑖
) = 𝑡
𝑗
, 𝑗 = 1, . . . , 𝑁; 𝐻𝛽 = 𝑇

𝐻 = 𝑓 ⋅ (𝑤 ⊕ 𝑥 + 𝑏) .

(8)

Step 4. Calculate the output weight 𝛽 as

𝛽

= 𝐻
†
𝑇, (9)

where𝐻† is theMoore-Penrose generalized pseudoinverse of
hidden layer output matrix.

3.2. Group Search Optimizer (GSO) Algorithm. The group
search optimizer algorithm [26] used in this paper is based
on the biological producer-scrounger (PS) model, which
assumes group members search either for “finding” (pro-
ducer) or for “joining” (scrounger) opportunities. Animal
scanning mechanisms (e.g., vision) are incorporated to
develop the GSO algorithm. GSO also employs “rangers”
which perform random walks to avoid entrapment in local
minima. The population of the GSO algorithm is called
a group and each individual in the population is called a
member. The GSO algorithm is implemented for this work
because of its nature of random walk in various directions.
The movements of the members to find the solution are
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Figure 3: ELM classifier architecture.

carried out in a fast manner by eliminating the less efficient
members in the group. This results in the accurate and faster
convergence of the algorithmic process and, henceforth, this
GSO algorithm has been chosen to be implemented for the
proposed work.

In GSO [27], there are three types of members in a group:
producers, scroungers, and dispersed members.There is only
one producer and remaining members are either scroungers
or dispersed members. Dispersed members are less efficient
members who perform random walks. At each iteration, a
group member, located in the most promising area, confer-
ring the best fitness value, is chosen as the producer. The
other groupmembers are selected as scroungers or rangers by
random. Then, each scrounger takes a random walk towards
the producer, and each ranger takes a random walk in the
arbitrary direction.

In 𝑛-dimensional search space, the 𝑖th member at 𝑘th
iteration has a current position𝑋

𝑘

𝑙
∈ 𝑅
𝑛 and a head angle𝜙𝑘

𝑖
=

(𝜙
𝑘

𝑖1
, . . . , 𝜙

𝑘

𝑖(𝑛−1)
) ∈ 𝑅

𝑛−1. Search direction of 𝑖th member is a
unit vector𝐷𝑘

𝑖
(𝜙
𝑘

𝑖
) = (𝑑

𝑘

𝑖1
, . . . , 𝑑

𝑘

𝑖𝑛
) ∈ 𝑅
𝑛 that can be calculated

from 𝜙
𝑘

𝑖
via a Polar to Cartesian coordinate transformation.

At 𝑘th iteration the producer𝑋𝑝 behaves as follows.

(1) The producer will scan at zero degree and then scan
laterally by randomly sampling three points in the
scanning field: one point at zero degree,

𝑋
𝑧
= 𝑋
𝑘

𝑝
+ 𝑟
1
𝑙max𝐷

𝑘

𝑝
(𝜙
𝑘
) , (10)

one point in the right hand side hypercube

𝑋
𝑟
= 𝑋
𝑘

𝑝
+ 𝑟
1
𝑙max𝐷

𝑘

𝑝
(𝜙
𝑘
+

𝑟
2
𝜃max
2

) , (11)

and one point in the left hand side hypercube

𝑋
𝑙
= 𝑋
𝑘

𝑝
+ 𝑟
1
𝑙max𝐷

𝑘

𝑝
(𝜙
𝑘
−

𝑟
2
𝜃max
2

) . (12)

𝜃max ∈ 𝑅
1 is maximum pursuit angle and 𝑙max ∈ 𝑅

1 is max-
imum pursuit distance. 𝑟

1
∈ 𝑅
1 is a normally distributed

random number with mean 0 and standard deviation 1 and
𝑟
2
∈ 𝑅
𝑛−1 is a uniformly distributed random sequence in the

range (0, 1).

(2) The producer will then find the best point with the
best resource (fitness value). If the best point has a
better resource than its current position, then it will
fly to this point or it will stay in its current position
and turn its head to a new randomly generated angle.
Consider

𝜙
𝑘+1

= 𝜙
𝑘
+ 𝑟
2
𝛼max, (13)

where 𝛼max ∈ 𝑅
1 is the maximum turning angle.

(3) If the producer cannot find a better area after itera-
tions, it will turn its head back to zero degree,

𝜙
𝑘+𝑎

= 𝜙
𝑘
, (14)

where 𝑎 ∈ 𝑅
1 is a constant.

At 𝑘th iteration, 𝑖th scrounger walks randomly towards
the producer. Consider

𝑋
𝑘+1

𝑖
= 𝑋
𝑘

𝑖
+ 𝑟
3
𝑜 (𝑋
𝑘

𝑝
− 𝑋
𝑘

𝑖
) , (15)

where 𝑟
3
∈ 𝑅
𝑛 is a uniform random sequence in the range

(0, 1). Operator 𝑜 is the Hadamard product or the Schur
product, which calculates the entry wise product of the two
vectors. If a scrounger finds a better location than the current
producer andother scroungers, then itwill switch as producer
in the next iteration.

The group members, who are less efficient foragers than
the dominant, will be dispersed from the group. If the 𝑖th
group member is dispersed, it will perform ranging. At the
𝑘th iteration, it generates a random head angle 𝜙

𝑖
using (4);

and then it chooses a random distance

𝑙
𝑖
= 𝑎𝑟
1
𝑙max (16)

and moves to the new point

𝑋
𝑘+1

𝑖
= 𝑋
𝑘

𝑖
+ 𝑙
𝑖
𝐷
𝑘

𝑖
(𝜙
𝑘+1

) . (17)

To maximize their chances of finding resources, the GSO
algorithm employs the fly-back mechanism [9] to handle
the problem specified constraints. When the optimization
process starts, the members of the group search the solution
in a feasible manner. If any member moves into the infeasible
region, it will be forced to move back to the previous position
to guarantee a feasible solution.

3.3. Developed Refined GSO (RGSO). In the original GSO,
75% rest members will perform scrounging and the remain-
ing 25% rest members will perform ranging. In this paper,
the ranging operation for the remaining 25% rest members
will not be done as it is done in original GSO. Instead,
these members for ranging operation will learn from the
“worst” member in its group. This refinement of learning
from “worst” member leads to discovering better solution
regions in complex optimization search spaces.

Compared to the original GSO [26], RGSO algorithm
searches more promising regions to find the global optimum.
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Thedifference betweenGSO andRGSO is that the differential
operator is applied to only accept the basic GSO generating
new better solution for each krill instead of accepting all
the krill updating adopted in krill herd (KH). This is rather
greedy. The original GSO is very efficient and powerful but
highly prone to premature convergence. Therefore, to evade
premature convergence and further improve the exploration
ability of the original GSO, a differential guidance is used to
tap useful information in all the krill individuals to update
the position of a particular krill individual. Equation (18)
expresses the differential mechanism. Consider

𝑍
𝑖
− 𝑍
𝑗

= (𝑧𝑖1
𝑧
𝑖2

𝑧
𝑖3

⋅ ⋅ ⋅ 𝑧
𝑖𝑛) − (𝑧𝜌1

𝑧
𝜌2

𝑧
𝜌3

⋅ ⋅ ⋅ 𝑧
𝜌𝑛) ,

(18)

where 𝑧
𝑖1
is the first element in the 𝑛 dimension vector 𝑍

𝑖
.

𝑧
𝑖𝑛
is the 𝑛th element in the 𝑛 dimension vector 𝑍

𝑖
. 𝑧
𝜌1

is the
first element in the 𝑛 dimension vector 𝑍

𝑝
. 𝜌 is the random

integer generated separately for each 𝑧, between 1 and 𝑛, but
𝜌 ̸= 𝑖.

Accordingly, the refinedGSO is presented in Algorithm 1.
Since the problemof interest in this research is complex in

nature, the above refined GSO will be able to discover better
regions to train the ELM for brain tumor classification.

3.4. RGSO Based ELM for Brain Tumor Classification. This
proposed methodology combines the concept of RGSO for
optimizing the weights in ELM neural network. This refined
GSO with ELM enables the selection of input weights to
increase the generalization performance and the condition-
ing of the single layer feedforward neural network. The steps
of the proposed approach are as follows.

Step 1. Initialize positions and head angles with a set of input
weights and hidden biases: [𝑊

11
,𝑊
12
, . . . ,𝑊

1𝑛
, . . . ,𝑊

21
,

𝑊
22
, . . . ,𝑊

2𝑛
, . . . ,𝑊

𝐻1
,𝑊
𝐻2

, . . . ,𝑊
𝐻𝑛

, 𝑏
1
, 𝑏
2
, . . . , 𝑏

𝐻
]. These

will be randomly initialized within the range of [−1, 1] on 𝐷

dimensions in the search space.

Step 2. For each member in the group, the respective output
final weights are computed at ELM as given in (9).

Step 3. Now invoke refined GSO as in Table 1.

Step 4. Then the fitness, which is the mean square error
(MSE) of each member, is evaluated as given below:

MSE =

1

𝑁

𝑁

∑

𝑖=1

𝐸
2

𝑖
=

1

𝑁

𝑁

∑

𝑖=1

(𝑦
𝑖

𝑘
− 𝑑
𝑖

𝑘
)

2

, (19)

where 𝑁 is the number of training samples and the terms 𝑦
𝑘

and 𝑑
𝑘
are the error of the actual output and target output

of the 𝑘th output neuron of 𝑖th sample.Thus, fitness function
𝑓(𝑥) is defined by theMSE. In order to avoid overfitting of the
single layer feedforward neural network, the fitness of each
member is adopted as the mean squared error (MSE) on the
validation set only instead of the whole training set as in [28].

Step 5. Find the producer of the group based on the fitness.

Step 6. Update the position of each member as given in (13)
to (17).

Step 7. Stopping criteria: the algorithm repeats Steps 2–6
until certain criteria are met, along with hard threshold
value as maximum number of iterations. On reaching the
stopping criteria, the algorithm returns the optimal weights
with minimal MSE as its solution.

Thus refined GSO (RGSO) with ELM finds the best
optimal weights 𝑊 and bias 𝑏 so that the fitness reaches
the minimum to achieve better generalization performance,
with minimum number of hidden neurons, considering both
the advantages of both ELM and RGSO. In the process of
selecting the input weights, the refined GSO considers not
only the MSE on validation set but also the norm of the
output weights [29]. The proposed RGSO based ELM will
combine the feature of RGSO into ELM to compute the
optimal weights and bias to make the MSE minimal.

4. Experimental Results and Discussion

4.1. Clinical Datasets. The details of tumor benchmark
dataset, normal healthy benchmark dataset, and real time
clinical data from hospitals used in the simulation are given
in Table 2. The clinical specimen utilized in the present
study consists of brainMR-images of 70 clinical routine cases
with verified and untreated intracranial tumors. Each image
sequence with a 3mm brain slice-interval (i.e., the voxel size
was 0.4492mm × 0.4492mm × 33mm) in axial plane was
measured. Figure 4 shows the 10 SPL dataset.

The simulation tool employed for implementing the
proposed work is MATLAB (Version 7.11) and was executed
in computer with Intel core i5 processor with 2.53GHz speed
and 3GB of RAM.

4.2. Volumetric Feature Analysis of Datasets. In medical
applications, the small homogeneous tissue region is selected
manually and is referred to as region of interest (ROI). In
the 3D texture analysis, the same homogeneous region was
maintained over ten additional neighboring slices from the
reference slice (five up and five below) to form a cubic volume
of interest (VOI) of about 1330 voxels in each class and in
each subject. Four volume(s) of interest (VOI) of different
brain tissues and tumor parts were identified for each patient
by an experienced neuroradiologist: (i) solid (active tumor),
(ii) white matter (WM), (iii) gray matter (GM), and (iv)
cerebrospinal fluid (CSF) [30].

Homogeneous VOIs (400 to 1600 voxels) were carefully
selected avoiding signals from adjacent tissues. A normal-
ization process was carried out based on histogram and
ROI/VOI. It delineates training areas for all classes over each
VOI reducing the initial image’s gray levels number to 128
in order to shorten calculation time and to avoid sparse
matrices. 5 parameters of cooccurrence matrix, 11 parameters
of run-length matrix, and 2 parameters of Sobel and Laplace
gradient along with its orientations were calculated for 3D
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Set 𝑘:= 0;
Randomly initialize positions𝑋

𝑖
and head angles 𝜙 of all members;

WHILE (the termination conditions are not met)
For (each members 𝑖 in the group)

Calculate fitness: Calculate the fitness value of current member: 𝑓(𝑋
𝑖
)

Choose producer: Find the producer 𝑋
𝑝
of the group;

Perform producing: (1) The producer will scan at zero degree and then scan laterally by randomly sampling three points
in the scanning field using (10) to (12).

(2) Find the best point with the best resource (fitness value). If the best point has a better resource
than its current position, then it will fly to this point. Otherwise it will stay in its current
position and turn its head to new angle using (13).

(3) If the producer cannot find a better area after 𝛼 iterations, it will turn its head back to zero
degree using (14);

Perform scrounging: Randomly select 75% from the rest members to perform scrounging using (15);
Perform ranging: For the rest 25% members, they will perform ranging:

Find the worst point with the worst resource (fitness value). If the worst point has a better
resource than its current position, then it will fly to this point. These members will update
their position based on this worst resource.

END FOR
Set 𝑘:= 𝑘 + 1;

ENDWHILE

Algorithm 1: Refined GSO algorithm.

Table 2: Clinical datasets.

Dataset Number of cases Tumor types Slices

Surgical Planning Laboratory (SPL) (Harvard Medical
School, Brigham and Women’s Hospital, Boston) 10

Astrocytoma (3)
Meningiomas (3)

Gliomas (4)
124 slices each

McConnell Brain Imaging Centre (Montreal
Neurological Institute) 20 Healthy MRI brain 30 slices each

PSG Institute of Medical Science and Research
(Coimbatore) 70

Meningiomas (28)
Gliomas (35)
Normal (7)

100 slices each

Figure 4: SPL brain tumor dataset (cases 1–10).

methods, with five distance 𝑑 = 1, 2, 3, 4, and 5.The 3D feature
extraction method from GLCM, RLM, and gradient model
considers the 26 neighbors of a voxel. Tables 3 and 4 show
the 3D VOI GLCM texture measures for real time clinical
datasets and SPL datasets, respectively.

The relevant features are identified using area under the
curve (AUC) value from receiver operating characteristics
(ROC) curve and 𝑃 values from 2-tailed Student’s 𝑡-test.

Statistical analysis is evaluated based on 𝑃 and AUC values,
where the best features are ranked. Table 5 shows the relevant
features as indicated by high value of AUC and low value 𝑃

for 3D VOI features.

4.3. Feature Subselection Using DE. The rich aggregate bank
of features of the tissue image was calculated by using the
gray-level run-length matrix method, GLCM, gradients, and
intensity. In the proposed system, twenty-seven parametric
features were extracted, with a total of 1755 features for each
VOI.The possible outcome of the employing DE is to provide
the optimal set of features which can be used as input to the
classifier. These parameters were selected using differential
evolution which provides excellent selection capabilities for
any dataset. So out of the 18 features, an optimal 7 decisive
features are selected and are taken for the next step to
classification process. Table 6 shows the optimal subselected
features using differential evolution approach.

From Table 6, the maximum and minimum values of
subselected feature parameters for healthy and tumorous
brains can be noted. Figures 5 and 6 show the MRI brain
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Table 3: 3D VOI GLCM texture measures for real time datasets.

Real time sample cases Average contrast Average variance Average entropy Average homogeneity Average energy
Sample 1 4.2678 0.9625 0.0945 0.9786 0.9123
Sample 2 16.343 0.8456 0.3395 0.9302 0.8909
Sample 3 1.1556 0.9956 0.0303 0.9967 0.9201
Sample 4 74.567 0.6454 0.7563 0.6839 0.5976
Sample 5 26.455 0.7683 0.4452 0.8976 0.9100

Table 4: 3D VOI GLCM texture measures for SPL datasets.

SPL data Average contrast Average variance Average entropy Average homogeneity Average energy
Case 1 12.5422 0.9045 0.26735 0.9453 0.9932
Case 2 7.3437 0.9328 0.15245 0.9617 0.9411
Case 3 4.6964 0.9585 0.10232 0.9863 0.9910
Case 4 8.2945 0.9243 0.16943 0.9615 0.7628
Case 5 94.5528 0.4291 0.8954 0.5945 0.3219
Case 6 23.5943 0.7834 0.4433 0.9078 0.4631
Case 7 24.8594 0.7711 0.4664 0.90685 0.8621
Case 8 11.4932 0.8945 0.2466 0.9402 0.9275
Case 9 8.2312 0.9198 0.1684 0.9645 0.7513
Case 10 3.2587 0.9722 0.0635 0.9876 0.8871

Table 5: Clinical and imaging characteristics of 70 patients using Student’s 𝑡-test for 3D VOI.

Features AUC value 𝑃 values (Student’s 𝑡-test) Ranking
Energy 0.91 4.28𝐸

−4 3
Entropy 0.87 3.55𝐸

−6 5
Contrast 0.83 3.02𝐸

−2 10
Homogeneity 0.56 8.85𝐸

−6 27
Correlation 0.63 2.74𝐸

−2 23
Variance 0.90 1.20𝐸

−5 4
Inverse difference moments 0.61 8.46𝐸

−6 24
Sum mean 0.84 5.56𝐸

−3 9
Sum variance 0.86 3.13𝐸

−5 6
Sum entropy 0.72 3.66𝐸

−3 16
Difference entropy 0.85 4.76𝐸

−8 8
Infm. correlation 1 0.64 5.05𝐸

−5 22
Infm. correlation 2 0.71 4.67𝐸

−5 17
Maximum correlation coefficient. 0.65 3.75𝐸

−2 21
Short run emphasis 0.85 7.92𝐸

−8 7
Long run emphasis 0.69 1.562𝐸

−3 19
Low gray-level run emphasis 0.68 4.56𝐸

−2 20
High gray-level run emphasis 0.81 3.21𝐸

−2 11
Short run low gray-level run emphasis 0.77 5.12𝐸

−1 14
Short run high gray-level run emphasis 0.79 6.10𝐸

−3 12
Long run low gray-level run emphasis 0.61 3.88𝐸

−8 25
Long run high gray-level run emphasis 0.72 1.459𝐸

−4 15
Gray-level nonuniformity 0.93 3.15𝐸

−2 2
Run-level nonuniformity 0.59 1.49𝐸

−5 26
Run percentage 0.70 1.47𝐸

−8 18
Gradient vector parameter 0.93 6.2𝐸

−2 1
Gradient vector orientation 0.78 4.2𝐸

−3 13
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Table 6: Optimal texture features subselected.

Selected optimal features Rank
3D ROI

Healthy brain Tumorous brain
Minimum Maximum Minimum Maximum

Gradient vector parameter 1 0.2139 4.5392 20.7156 35.720
Gray-level nonuniformity 2 0.2267 0.4327 0.4962 0.9197
Energy 3 0.1971 6.1215 31.3257 38.5102
Variance 4 5.0025 5.9903 10.7982 13.0159
Entropy 5 0.9731 0.9963 0.7987 0.8721
Sum variance 6 4.3196 5.1957 13.9621 15.5164
Short run emphasis 7 1.0096 1.7203 3.4512 4.3271

Table 7: Comparison of tumor classification results to state-of-the-art techniques.

Case (SPL) CT NC CC SPL GA-SVM GA-ELM GA-ELM-IPSO [28] DE-ELM-RGSO
1 0.94 0.97 0.97 0.98 0.97 0.97 0.98 0.98
2 0.94 0.91 0.86 0.91 0.89 0.90 0.92 0.96
3 0.97 0.95 0.97 0.96 0.96 0.94 0.95 0.94
4 0.87 0.91 0.88 0.91 0.88 0.89 0.88 0.88
5 0.68 0.71 0.70 0.85 0.65 0.70 0.74 0.72
6 0.96 0.94 0.87 0.98 0.91 0.90 0.94 0.96
7 0.57 0.69 0.93 0.84 0.90 0.90 0.90 0.94
8 0.98 0.96 0.96 0.88 0.93 0.92 0.94 0.96
9 0.93 0.94 0.94 0.97 0.93 0.94 0.94 0.96
10 0.92 0.94 0.94 0.96 0.93 0.94 0.94 0.96
Mean 0.87 0.86 0.90 0.91 0.895 0.9 0.912 0.9260
STD 0.14 0.14 0.08 0.053 0.09 0.074 0.066 0.0772

Image number 2

50

100

150

200

250

50 100 150 200 250

Figure 5: MRI brain case 2 SPL dataset.

case 2 SPL dataset and its volumetric feature extraction,
respectively.

4.4. Brain Tissue and Tumor Classification Using ELM with
RGSO. Hybrid ELM-RGSO is now invoked after the subse-
lection process for efficient and accurate tumor classification.

The details of the simulation and the performance of the
classifier for the dataset are presented in this section. The
weights and bias to the input layer and hidden layer of the
ELM architecture are optimized using the proposed RGSO.
The inputs (𝐼) are 7 and the hidden neurons (𝐻) are 5,
for which the best optimal weight parameters are selected
employing RGSO. The number of outputs specifies each
tissue, that is, cerebrospinal fluid (CSF), white matter (WM),
gray matter (GM), and tumor. Consequently, the structure of
the single SLFN ELM neural network is 7-5-4.

Table 7 compares the ELM-RGSO simulation results
with existing tested classifiers. The ELM-RGSO classification
performance is appreciably good for 7 dimensional spaces.
Thus, extreme learning machine outperforms the standard
binary linear SVM and BPN for medical image classifier
and proves better classification of healthy and tumor tissues.
The comparison proves that the mean and standard devi-
ation produced by volumetric feature extraction analysis is
higher than the other approaches: connected threshold (CT),
neighborhood connected (NC), and confidence connected
(CC). The results are almost similar to the approach in [31]
(original SPL data analysis). But it can be viewed that a
significant difference exists in the computation time amongst
the approaches.
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Table 8: Average of true positive fraction (TPF), false positive fraction (FPF), and similarity index (SI) of different brain tissues and tumor
tissues of SPL dataset with interobserver.

Classifier CSF WM GM TUMOR
TPF FPF SI TPF FPF SI TPF FPF SI TPF FPF SI

Conventional kNN [5] 0.86 0.84 0.81 0.96 0.78 0.94 0.87 0.72 0.90 NA NA NA
Manual expert interobserver NA NA 0.86 NA NA 0.96 NA NA 0.94 NA NA 0.97
IELM-PSO [28] 0.90 0.92 0.83 0.98 0.95 0.94 0.86 0.85 0.90 0.96 0.98 0.94
Proposed ELM-RGSO 0.93 0.92 0.85 0.98 0.97 0.96 0.92 0.91 0.97 0.97 0.98 0.97
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Figure 6: Volumetric feature extraction analysis (case 2).

The validation on the above tumor classification is evalu-
ated quantitatively by calculation of the similarity index (SI)
or dice coefficient between the automatic and the manual
classifications. Consider

SI =
2 (𝑆
1
∩ 𝑆
2
)

(𝑆
1
+ 𝑆
2
)

, (20)

where 𝑆
𝑗
with 𝑗 = 1, 2 is a segmented volume and (𝑆

1
∩ 𝑆
2
) is

the overlap of 𝑆
1
and 𝑆
2
. The SI is also used as a measure for

the interobserver variability.The true positive fraction (TPF),
or sensitivity, and the specificity or false positive fractions
(FPF) are also used for evaluation. Table 8 depicts the average
value of the TPF, FPF, and SI of various classifiers. The
proposed method showed high accuracy for all tissue classes
and the SIs were close to the interobserver SI of the manual
segmentations when compared to the state-of-the-art model
using kNN classifier as given in [5]. However, for tissue types
with less overlap, the SI measure shows a better distinction
between the segmentation methods.

The ELM-RGSO classifier showed the highest overlap
with the manual segmentation for all tissues. Table 9 depicts

the average value based on the tumor segmentation methods
based on feature extraction model and compared to the
state-of-the-art techniques [31]. The proposed model using
3D feature extraction proves better and improves values on
sensitivity and specificity for the 10 cases of SPL dataset. The
algorithm segmented tumor and expert segmented tumor are
shown in Figures 7 and 8.

4.5. Classification Analysis. The aim of this work is to classify
normal and tumor images correctly. In the analyses of the
images, each image is classified into one of two prognostic
classes (normal and tumor image). Based on the features that
have been extracted, the classifier separates these features.
Combining both the publically available datasets (SPL and
McConnell Brain Centre images), the dataset of 30 patients
with texture measurements are well separated for the two
classes; that is, the patients were carefully selected with
respect to the average texture value of the measures.

Table 10 depicts the classification accuracy between vari-
ous classifiers with proposed classificationmodel. It is evident
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Table 9: Comparison of various tumor classification methods.

SPL dataset Traditional approach [32] kNN approach [5] (IELM approach) [28] Proposed EM-RGSO
Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity

Case 1 100 100 100 100 99.8 100 100 100
Case 2 82.2 99.9 94.7 99.9 97.8 99.8 98.20 99.9
Case 3 93.6 100 79.8 100 94.56 99.8 95.61 100
Case 4 73.3 100 73.3 100 72.4 100 73.6 100
Case 5 79.3 99.9 83.7 100 80.6 99.6 81.2 100
Case 6 90.5 99.9 96 99.9 93.5 99.6 94.9 99.9
Case 7 94.6 99.9 94.7 99.9 94.2 99.8 94.1 99.6
Case 8 73.6 99.9 93.1 99.9 88.6 99.4 88.1 99.9
Case 9 91.8 99.9 99.3 99.8 96.8 99.5 97.92 99.9
Case 10 97.8 100 95.6 99.8 96.8 99.6 97.4 99.8
Average 87.67 99.9 91.02 99.9 91.506 99.71 92.103 99.9

Expert segmentation, image 2
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Figure 7: Tumor classified by expert.

Table 10: Accuracy results amongst various classifiers using 3D
proposed feature extraction model.

Dataset ELM SVM BPN IELM-PSO ELM-RGSO

Real time data
(70 cases)

90.0% 86.6% 80.0% 96.6% 97.8%
86.6% 83.3% 76.6% 93.3% 94.6%
86.6% 80.0% 76.6% 90.0% 89.9%
83.3% 80.0% 76.6% 86.6% 88.67%
76.6% 70.0% 66.6% 83.3% 89.01%

SPL and MBC
sets (30 cases)

92.8% 90.0% 85.7% 97.14% 97.63%
92.8% 88.5% 82.85% 94.28% 96.59%
91.4% 90.0% 88.5% 94.28% 96.00%
90.0% 88.5% 85.7% 92.8% 94.61%
90.0% 82.85% 78.5% 91.4% 93.89%

that images with low texture values are patients with good
prognosis (normal brain) and vice versa. The images were
then classified by ELM-RGSO classifier with leave-one-out
cross-validation; that is, the classifier was trained with 19
patients and then the one patient not used in training was
classified. This is rotated in such a way that all patients are
used as a test set. In the above, the samples chosen are 70
cases of real time data and 30 cases of SPL and MBC set.
The samples are converted into their respective pixel values
and are inputted to the ELM model. All the samples were
loaded sequentially; hence the delay process was within the
permissible extent.

The proposed ELM-RGSO classifier, which classifies the
patients to the class which is most probable, will result in
one patient data being wrongly classified, leading to a correct
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Algo segmentation, image 2
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Figure 8: Classification of tumor using ELM-RGSO.

Table 11: Comparison result of ELM and IELM-PSO on SPL
analysis.

Model GA-ELM
[33]

GA-IELM-PSO
[28]

Proposed DE-
ELM-RGSO

Norm 432.56 185.34 120.96
Condition 24.825𝑒 + 5 4.665𝑒 + 5 3.366𝑒 + 5

MSE error 0.966 0.991 0.932
Training efficiency %

Mean 92.92 97.42 98.26
STD 6.05 5.92 6.25

Testing efficiency %
Mean 91.27 96.85 97.12
STD 6.89 5.45 5.76

Hidden neurons 27 5 5
Accuracy % 92.8 97.14 98.29
Time

Min. 3 3.5 3

classification rate for the 30 patients of 98.29%. Table 11
tabulates comparison of ELM, IELM-PSO classifier, and
ELM-RGSO classifier.

5. Conclusion

The major issue in the development of pattern recognition
towards brain tumor tissue classification is the formation of
feature extraction analogy and the classifier. In this work,
a refined GSO based extreme learning machine classifier
is proposed to develop the brain tumor tissue classifica-
tion along with the DE as feature subselector. Simulation
result shows that the proposed volumetric feature extraction

method works well and produces a minimum number of
features with higher classification accuracy when compared
with conventional 2D and 3D feature extraction methods.

The developed hybrid GSO and ELM [23] along with
DE as feature subselector shows highest improvement in
comparison with other literature studies in neural networks.
On the whole, the significant finding of this work employing
differential evolution, ELM, refined GSO, and volumetric
analysis validates the correlation of magnetic resonance
image measures as well as anatomical and histopathological
parameters of research. Thus, a hybrid GSO and ELM classi-
fier is developed in this research work for brain tumor tissue
categorization in 3DMR images to reduce the computational
cost and time prevailed in all earlier classifiers.
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Hardware/software (HW/SW) partitioning is to determine which components of a system are implemented on hardware andwhich
ones on software. It is one of the most important steps in the design of embedded systems. The HW/SW partitioning problem
is an NP-hard constrained binary optimization problem. In this paper, we propose a tabu search-based memetic algorithm to
solve the HW/SW partitioning problem. First, we convert the constrained binary HW/SW problem into an unconstrained binary
problem using an adaptive penalty function that has no parameters in it. A memetic algorithm is then suggested for solving this
unconstrained problem. The algorithm uses a tabu search as its local search procedure. This tabu search has a special feature with
respect to solution generation, and it uses a feedback mechanism for updating the tabu tenure. In addition, the algorithm integrates
a path relinking procedure for exploitation of newly found solutions. Computational results are presented using a number of test
instances from the literature.The algorithm proves its robustness when its results are compared with those of two other algorithms.
The effectiveness of the proposed parameter-free adaptive penalty function is also shown.

1. Introduction

The embedded systems have become omnipresent in a wide
variety of applications and typically consist of application
specific hardware components and programmable compo-
nents. With the growing complexity of embedded systems,
hardware/software codesign has become an effective way of
improving design quality, in which the HW/SW partitioning
is the most critical step.

HW/SW partitioning decides which tasks of an embed-
ded system should be implemented in hardware and which
ones should be in software. A task implemented with a
hardware module is faster but more expensive, while a task
implemented with a software module is slower but cheaper.
For this reason, the main target of HW/SW partitioning is to
balance all the tasks to optimize some objectives of the system
under some constraints [1].

In recent years, there has been an increasing interest
in the study of the HW/SW partitioning problem. Several
exact approaches [2–5] to the problem have been developed.
However, sincemost of the exact formulations of theHW/SW
partitioning problem are NP-hard [6], the practical useful-
ness of these approaches is limited to fairly small problem
instances only. For larger instances, a number of heuristic
algorithms, both traditional and general purpose, have been
proposed.

There are two traditional families of heuristics: the soft-
ware-oriented heuristic and the hardware-oriented heuris-
tic. The software-oriented heuristic starts with a complete
software solution and parts of the system are migrated to
hardware until all constraints are satisfied. On the other
hand, the hardware-oriented heuristic starts with a complete
hardware solution and moves parts of the system to software
until a constraint is violated.
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Up to now, many general-purpose heuristics or meta-
heuristics have also been applied to solve the HW/SW
partitioning problem.These include simulated annealing [7–
9], genetic algorithm [10–12], tabu search [8, 13–15], artificial
immune [16], and the Kernighan-Lin heuristic [17, 18]. There
are also some other methods for solving the problem; see [19]
for details.

It must be mentioned that the HW/SW partitioning
problem is to minimize a cost while satisfying some design
constraints. In fact, the problem is a discrete constrained
optimization problem, and the optimal solutions usually lie
on the boundary of the feasible region. Hence, it is necessary
to develop effective techniques in handling the constraints.

This paper presents a tabu search-based memetic algo-
rithm (TSMA) for solving theHW/SWpartitioning problem.
The TSMA uses an adaptive penalty function to convert the
original problem into an equivalent unconstrained integer
programming problem; both problems have the samediscrete
global minimizers. The TSMA is then applied to uncon-
strained integer programming problem in order to solve
the original problem. The TSMA integrates a tabu search
procedure, a path relinking procedure, and a population
updating strategy.These strategies achieve a balance between
intensification and diversification of the search process. The
algorithm has been tested on four benchmark test instances
in the literature. Experimental results and comparisons show
that the proposed algorithm is effective and robust.

The remaining part of this paper is organized as follows.
Section 2 gives the system model and problem formula-
tion. Section 3 presents the parameter-free adaptive penalty
function used in converting the original problem into the
unconstrained problem. Section 3 also presents some theo-
retical properties of the resulting unconstrained problem. In
Section 4, a full description of TSMA is presented. Experi-
mental results on four benchmark test instances are presented
in Section 5. Final remarks are given in Section 6.

2. Hardware/Software Partitioning
Model and Formulation

The HW/SW partitioning model discussed in this paper is
similar to that presented in [16]. In order to make the paper
self-contained, this section briefly reviews the description of
the HW/SW partitioning model considered in [16].

2.1. Function Description. The main function of the system
is usually described by a high-level programming language,
and then the function will be mapped into a control-data
flow graph (CDFG). The CDFG is composed of nodes and
arcs [20, 21]. Generally, the CDFG is a directed acyclic graph
(DAG). In the DAG, the nodes are determined by the model
granularity, that is, the semantic of a node. A node can
represent a short sequence of instructions, a basic block,
a function, or a procedure [12]. The arcs between nodes
denote their relationship. Each node in DAG can receive
data from its previous nodes and can send data to its next
nodes.

HA1 HA2 HAm

Memory

Programmable
processor

· · ·

Figure 1: The partition model discussed in this paper [16].

2.2. Binary Integer Programming Formulation. In a directed
acyclic graph (DAG) 𝐺 = (𝑉, 𝐸) with node set 𝑉 =

{1, 2, . . . , 𝑛} and arc set 𝐸, every node is labeled with several
attributes. The attributes for a node 𝑖 are defined as follows.

(i) 𝑎𝑠
𝑖
denotes the cost of 𝑖 in software implementation.

(ii) 𝑡𝑠
𝑖
denotes the executing time of 𝑖 in software imple-

mentation.

(iii) 𝑎ℎ
𝑖
denotes the cost of 𝑖 in hardware implementation.

(iv) 𝑡ℎ
𝑖
denotes the executing time of 𝑖 in hardware

implementation.

(v) 𝑟
𝑖
is an array, which denotes the set of incoming nodes

of 𝑖 and stores the set of corresponding communica-
tion times.

(vi) 𝑤
𝑖
is an array, which denotes the set of outgoing nodes

of 𝑖 and stores the set of corresponding communica-
tion times.

(vii) 𝑝𝑐
𝑖
denotes the number of times that node 𝑖 is

executed.

Figure 1 [16] shows the partitionmodel used in this paper,
where “HA1”, “HA2”, . . . , and “HA𝑚” denote the 𝑚 hard-
ware nodes implemented by application specific integrated
circuit (ASIC) or field programmable gate array (FPGA).The
software nodes are executed in a programmable processor
(CPU). All the nodes exchange data through a shared bus,
and they share the commonmemory to store the interimdata.
All the hardware nodes without dependency can be executed
concurrently [16].

After all nodes are determined to be implemented by
hardware or software, all the nodes are scheduled. The total
executing time 𝑇 can be evaluated by the list schedule
algorithm [11, 22], and the cost of the design can be evaluated.
The detailed steps of the list schedule algorithm are shown in
Algorithm 1.

In this paper, the objective is to minimize the total cost
of the system under the time constraint. Since the cost
of software is usually negligible, the HW/SW partitioning
problem can be described as follows [11]:

min ∑

𝑖∈𝐻

𝑎ℎ
𝑖

s.t. 𝑇 ≤ TimeReq,
(P)
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(1) Initialization. Set two attributes for every node, start and finish, which are used for recording the node’s
starting time and finishing time. Choose all nodes without data dependency from the node set and put them
into a ready queue. Choose one software node from the queue to be executed by CPU, and all hardware nodes
to be executed at the same time. Set 0 as the values of the start attributes for the running nodes. Set the sum
of the executing time and the communication time as the values of the finish attributes. If there is a software
node being executed by CPU, set CPU = BUSY.

(2) repeat
(3) Select the node with the minimal 𝑓𝑖𝑛𝑖𝑠ℎ time from the ready queue, mark it as 𝑖.
(4) Remove node 𝑖 from the queue. If 𝑖 is a software node, set 𝐶𝑃𝑈 = 𝐹𝑅𝐸𝐸.
(5) If 𝐶𝑃𝑈 = 𝐹𝑅𝐸𝐸, choose one software node 𝑗 from the queue to execute and set 𝐶𝑃𝑈 = 𝐵𝑈𝑆𝑌.

Set 𝑠𝑡𝑎𝑟𝑡[𝑗] = 𝑓𝑖𝑛𝑖𝑠ℎ[𝑖], 𝑓𝑖𝑛𝑖𝑠ℎ[𝑗] = 𝑠𝑡𝑎𝑟𝑡[𝑗] + 𝑡𝑠
𝑗
+ 𝑐𝑜𝑚𝑚[𝑗], where 𝑐𝑜𝑚𝑚[𝑗] denotes the communication

time of node 𝑗 with other nodes.
(6) Choose all hardware nodes to execute concurrently. Set their 𝑠𝑡𝑎𝑟𝑡 and 𝑓𝑖𝑛𝑖𝑠ℎ attributes as in Line (5).
(7) untilThe ready queue is empty
(8) return Choose the maximal 𝑓𝑖𝑛𝑖𝑠ℎ time of all the nodes as the system executing time, denoted as 𝑇.

Algorithm 1: List schedule algorithm [16, 22].

where 𝑖 ∈ 𝐻means that node 𝑖 is implemented by hardware,
𝑇 denotes the total executing time, and TimeReq denotes the
required time which is given in advance by the designer.

Let 𝑥 = (𝑥
1
, . . . , 𝑥

𝑛
)
𝑇

∈ {0, 1}
𝑛 denote a solution of

the problem (P). 𝑥𝑖 = 1 (𝑥
𝑖
= 0) indicates that node

𝑖 is implemented by hardware (software). Then problem
(P) can be formulated as the following constrained binary
programming problem:

min 𝑓 (𝑥) =

𝑛

∑

𝑖=1

𝑥
𝑖
𝑎ℎ
𝑖

s.t. 𝑡 (𝑥) ≤ TimeReq

𝑥
𝑖
∈ {0, 1} , 𝑖 = 1, . . . , 𝑛,

(IP)

where 𝑡(𝑥) denotes the total executing time of 𝑥which can be
evaluated by the list schedule algorithm, that is, Algorithm 1.
We suppose without loss of generality that 𝑎𝑠

𝑖
, 𝑡𝑠
𝑖
, 𝑎ℎ
𝑖
, 𝑡ℎ
𝑖
, 𝑟
𝑖
,

𝑤
𝑖
, 𝑝𝑐
𝑖
, and TimeReq are nonnegative integers.

3. The Adaptive Penalty Function

In this section, we introduce the basic form of the penalty
function for constrained optimization problem and present
an adaptive penalty function to convert the problem (IP) into
an unconstrained binary optimization problem.

3.1.TheBasic Penalty Function. Avariety of penalty functions
have been proposed to deal with constraints. Of them, the
exact penalty function and the quadratic penalty function
are most basic and widely used [23–25]. Using these penalty
functions problem (IP) can be converted into the following
unconstrained problem:

𝜒 (𝑥, 𝑅, 𝑞) = 𝑓 (𝑥) + 𝑅 × 𝜓 (𝑥) , (1)

where 𝜓(𝑥) = max{0, 𝑡(𝑥) − TimeReq}𝑞, 𝑅 is the penalty
parameter, and 𝑞 ≥ 1. For 𝑞 = 1 (resp., 𝑞 = 2), the optimiza-
tionmethod that uses (1) is known as the exact (the quadratic)
penalty function method.

Let 𝑆 = {0, 1}
𝑛, and denote by 𝑆 the feasible solution space

of (IP); that is, 𝑆 = {𝑥 | 𝑥 ∈ 𝑆, and 𝑡(𝑥) ≤ TimeReq}. We
construct the following auxiliary problem:

min 𝜒 (𝑥, 𝑅, 𝑞) = 𝑓 (𝑥) + 𝑅 × 𝜓 (𝑥) ,

s.t. 𝑥 ∈ 𝑆,

(UIP1)

where (𝑥) = max{0, 𝑡(𝑥) − TimeReq}𝑞, 𝑅 > 0 is the penalty
parameter, and 𝑞 ≥ 1.

3.2. The Proposed Adaptive Penalty Function. It is a well-
known fact that the penalty parameter𝑅 in (1) is sensitive and
problem-dependent. Hence, it is difficult to choose a value
for 𝑅 [26] that can be used for a wide range of optimization
problems. Therefore, a number of authors [27–31] have
suggested parameter-free penalty functions to do away with
the sensitive parameter 𝑅. Following the same reasonings,
we propose the following param0065ter-free adaptive penalty
function:

𝐿 (𝑥) =

{{

{{

{

𝑓 (𝑥) if 𝜑 (𝑥) = 0;

𝜑 (𝑥) + 𝑈 if 𝜑 (𝑥) > 0, 𝑓 (𝑥) ≤ 𝑈;

𝜑 (𝑥) + 𝑓 (𝑥) if 𝜑 (𝑥) > 0, 𝑓 (𝑥) > 𝑈,

(2)

where

𝜑 (𝑥) = max {0, 𝑡 (𝑥) − TimeReq} (3)

and 𝑈 is an upper bound on the global minimum value of
problem (IP). Since the cost of the system is smaller than
∑
𝑛

𝑖=1
𝑎ℎ
𝑖
, we can initialize 𝑈 = ∑

𝑛

𝑖=1
𝑎ℎ
𝑖
. The value of 𝑈 needs

to be updated by the current best known objective function
value at a feasible solution.

Based on this adaptive penalty function, we construct the
following problem:

min 𝐿 (𝑥) ,

s.t. 𝑥 ∈ 𝑆.

(UIP2)
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Definition 1. A solution 𝑦 ∈ 𝑆 is called a discrete local
minimizer of problem (IP), if 𝑓(𝑦) ≤ 𝑓(𝑥), for all 𝑥 ∈

𝑁(𝑦) ∩ 𝑆, where𝑁(𝑦) is a neighborhood of 𝑦. Furthermore,
if 𝑓(𝑦) ≤ 𝑓(𝑥), for all 𝑥 ∈ 𝑆, then 𝑦 is called a discrete global
minimizer of problem (IP).

Theorem 2. Let 𝑈 be an upper bound on the discrete global
minimum value of problem (IP); then problems (IP) and
(UIP2) have the same discrete global minimizers and global
minimal values.

Proof. Let 𝑥∗ be a discrete global minimizer of problem (IP);
then 𝜑(𝑥

∗
) = 0, and 𝑓(𝑥) ≤ 𝑓(𝑥

∗
), for all 𝑥 ∈ 𝑆. Consider

two sets 𝑆 and 𝑆 \ 𝑆.
For all 𝑥 ∈ 𝑆, by (3), we have 𝜑(𝑥) = 0, then

𝐿 (𝑥) = 𝑓 (𝑥) ≥ 𝑓 (𝑥
∗
) = 𝐿 (𝑥

∗
) . (4)

For all 𝑥 ∈ 𝑆 \ 𝑆, we have two cases: (i) 𝜑(𝑥) > 0 and
𝑓(𝑥) ≤ 𝑈, and (ii) 𝜑(𝑥) > 0 and 𝑓(𝑥) > 𝑈.

Case (i). By (2), we have

𝐿 (𝑥) = 𝜑 (𝑥) + 𝑈 ≥ 𝜑 (𝑥) + 𝑓 (𝑥
∗
) > 𝑓 (𝑥

∗
) = 𝐿 (𝑥

∗
) . (5)

Case (ii). By (2), we have 𝐿(𝑥) = 𝜑(𝑥) + 𝑓(𝑥). Since 𝑓(𝑥) >
𝑈 > 𝑓(𝑥

∗
) = 𝐿(𝑥

∗
), it holds

𝐿 (𝑥) = 𝜑 (𝑥) + 𝑓 (𝑥) > 𝑈 > 𝐿 (𝑥
∗
) . (6)

From (4), (5), and (6), it is obvious that 𝑥∗ is a discrete
global minimizer of problem (UIP2).

Conversely, let 𝑥∗ be a discrete global minimizer of
problem (UIP2), then

𝐿 (𝑥) ≥ 𝐿 (𝑥
∗
) , ∀𝑥 ∈ 𝑆. (7)

Suppose that 𝑥∗ ∉ 𝑆; that is, 𝜑(𝑥∗) > 0. If 𝑓(𝑥∗) ≤ 𝑈, then

𝐿 (𝑥
∗
) = 𝜑 (𝑥

∗
) + 𝑈 > 𝑈 ≥ 𝑓 (𝑦) , (8)

where 𝑦 is a discrete global minimizer of problem (IP); that
is, 𝜑(𝑦) = 0. If 𝑓(𝑥∗) > 𝑈, then

𝐿 (𝑥
∗
) = 𝜑 (𝑥

∗
) + 𝑓 (𝑥

∗
) > 𝑈 ≥ 𝑓 (𝑦) . (9)

Hence,

𝐿 (𝑥
∗
) > 𝑓 (𝑦) . (10)

Since 𝐿(𝑦) = 𝑓(𝑦), inequality (10) implies that 𝐿(𝑥∗) >
𝐿(𝑦) which means that 𝑥∗ is not a discrete global minimizer
of problem (UIP2). So 𝑥∗ ∈ 𝑆, and problems (IP) and (UIP2)
have the same discrete global minimizers and global minimal
values.

Theorem 3. Suppose that 𝑦 is a solution of problem (UIP2),
and 𝐿(𝑦) < 𝑈. Then 𝑦 is a feasible solution of problem (IP).

Proof. If 𝑦 is an infeasible solution of problem (IP), then
𝜑(𝑦) > 0. By (2), if 𝑓(𝑦) ≤ 𝑈, we have 𝐿(𝑦) = 𝜑(𝑥) + 𝑈 > 𝑈.
If 𝑓(𝑦) > 𝑈, then 𝐿(𝑦) = 𝜑(𝑦) + 𝑓(𝑦) > 𝑈. So, it holds that
𝐿(𝑦) > 𝑈, which contradicts the condition 𝐿(𝑦) < 𝑈. Hence,
the theorem holds.

4. The Proposed Memetic Algorithm for
HW/SW Partitioning

Memetic algorithms (MAs) are a kind of global search tech-
nique derived fromDarwinian principles of natural evolution
and Dawkins’ notion of memes [32]. They are genetic algo-
rithms that use local search procedures to intensify the search
[33].MAs have been applied to solve a variety of optimization
problems [34–40].

In this section, a tabu search-based memetic algorithm,
TSMA, is presented to solve the parameter-free uncon-
strained problem (UIP2). First, a general framework of
TSMA is presented, followed by detailed descriptions of
various components of the algorithm.

4.1. General Framework of the Hybrid Memetic Algorithm.
The steps of the general framework of TSMA for solving
(UIP2) is shown in Algorithm 2. Throughout its execution,
the TSMA updates the upper bound 𝑈 with the function
value at the current best solution 𝑥∗.

Before the TSMA begins, its iterative process performs
three main steps; see Algorithm 2. In step 1, it initializes the
first upper bound𝑈 of (UIP2)with the known trivial solution
where 𝑥

𝑖
= 1, 𝑖 = 1, 2, . . . , 𝑛. In step 2, it generates the initial

random population set of size 𝑝; that is, 𝑃 = {𝑥
1
, . . . , 𝑥

𝑝
},

𝑥
𝑘
∈ 𝑆, 𝑘 = 1, 2, . . . , 𝑝. In step 4, the TSMA refines each

member of the initial population 𝑃 by the local search, the
tabu search, and treats 𝑃 as the starting population set.

As the iteration process begins, the TSMA repeatedly
performs threemain steps: crossover followed by tabu search,
path relinking, and the updating of 𝑃. In step 10, a new solu-
tion 𝑥0 is identified using the crossover operation followed by
tabu search. In step 17, the path relinking procedure may be
applied to𝑥0 in an attempt to generate an improved solution𝑦
from 𝑥

0. Finally, in step 22, the population updating process
is performed to decide whether 𝑦 ∈ 𝑃 and which solution
should be replaced, provided that such an improved 𝑦 has
been generated. The remaining steps of Algorithm 2 are used
to update 𝑈 and 𝑥∗. This iterative process repeats itself until
some stopping conditions are met.

The main iterative components of TSMA, the crossover
followed by the tabu search procedure, the path relinking pro-
cedure, and the population updating strategy are explained in
the subsequent subsections.

4.2. Crossover Operator. We adopt the fixed crossover opera-
tor [41] to generate a new offspring. First, a pair of individuals
are selected randomly from the population. Next, if two
selected individuals have the same bit value, their offspring
inherits it. Otherwise, it takes value 0 or 1 randomly. Suppose
that 𝑥 and 𝑦 are two selected individuals from the popula-
tion. The pseudocode of the crossover operator is given in
Algorithm 3.

4.3. The Tabu Search Procedure. Tabu search (TS) is a meta-
heuristic optimization that has been applied successfully to
solve a number of combinatorial optimization problems [42–
45]. It combines search strategies that are designed to avoid
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Require: A directed acyclic graph;
Ensure: Approximate global maximal solution 𝑥∗;
(1) Initial 𝑈 = ∑

𝑛

𝑖=1
𝑎ℎ
𝑖
, 𝑥∗ = (1, . . . , 1).

(2) Generate randomly a population 𝑃 = {𝑥
1
, . . . , 𝑥

𝑝
}.

(3) for 𝑘 = {1, . . . , 𝑝} do
(4) Use the local search procedure (see Section 4.3) to minimize problem (𝑈𝐼𝑃2) from

every individual 𝑥𝑘, also denote the obtained solution by 𝑥𝑘.
(5) if 𝐿(𝑥𝑘) < 𝑈 then
(6) Let 𝑈 = 𝐿(𝑥

𝑘
), and 𝑥∗ = 𝑥

𝑘.
(7) end if
(8) end for
(9) while termination criteria (see Section 4.6) do not meet do
(10) Use the crossover operator (see Section 4.2) to generate a new offspring 𝑥0, and

apply the local search procedure to refine 𝑥0, also denote it by 𝑥0.
(11) if 𝐿(𝑥0) < 𝑈 then
(12) Let 𝑈 = 𝐿(𝑥

0
), and 𝑥∗ = 𝑥

0.
(13) end if
(14) if 𝑥0 = 𝑥

∗ then
(15) 𝑦 = 𝑥

0.
(16) else
(17) Use the path relinking procedure PR (see Section 4.4) to the solution

𝑥
0 and the current best solution 𝑥∗ to obtain a solution 𝑦.

(18) end if
(19) if 𝐿(𝑦) < 𝑈 then
(20) Let 𝑈 = 𝐿(𝑦), and 𝑥∗ = 𝑦.
(21) end if
(22) Use the population updating method (see Section 4.5) to update the population that is

to decide if 𝑦 ∈ 𝑃.
(23) end while
(24) return 𝑥

∗ and 𝑓(𝑥∗) as an approximate discrete global minimizer and global minimal
value of problem (𝐼𝑃), respectively.

Algorithm 2: General structure of TSMA.

Require: Two selected individuals 𝑥 and 𝑦;
Ensure: A new offspring 𝑧;
(1) for 𝑖 = {1, . . . , 𝑛} do
(2) if 𝑥

𝑖
= 𝑦
𝑖
then

(3) Let 𝑧
𝑖
= 𝑥
𝑖
.

(4) else
(5) 𝑧

𝑖
takes value 0 or 1 randomly.

(6) end if
(7) end for
(8) return 𝑧 as a new offspring.

Algorithm 3: Crossover operator.

being trapped in a local minimizer and to present revisiting
recently generated solutions [46]. The neighborhood struc-
ture and the tabu tenure with which TS is implemented
are fundamental to achieving the above objectives. A new
solution 𝑥0 is generated from the existing solution 𝑥, within a
defined neighborhood of 𝑥, by the operation called a “move.”
The solution 𝑥0 is not generated again for a number of itera-
tions (tabu tenure).

The tabu search procedure presented here differs mainly
in solution generation. While we preserve the tabu tenure
feature of TS, we do away with the neighborhood structure in
generating 𝑥0 from 𝑥. The solution generation procedure has
been suggested here to conform to the problem at hand and
to make the search greedier. In particular, a sequence of flips
(each flip returns a solution) on the (allowed) components
of 𝑥 are carried out. The best solution from the sequence is
considered as 𝑥0. More specific to the problem considered,
a flip gain 𝑔𝑎𝑖𝑛(𝑖, 𝑥) of a node 𝑖 (node 𝑖 corresponds to the
variable 𝑥

𝑖
) is defined as follows:

𝑔𝑎𝑖𝑛 (𝑖, 𝑥) = 𝐿 (𝑥) − 𝐿 (𝑥1, . . . , 𝑥𝑖−1, 1 − 𝑥𝑖, 𝑥𝑖+1, . . . , 𝑥𝑛) .

(11)

A positive gain is a gain when the objective value of problem
(UIP2) decreases if the component (variable) 𝑥

𝑖
is flipped

from the current value to its complement; that is, if 𝑥
𝑖
= 1,

then its value is changed to𝑥
𝑖
= 0.Therefore, for each variable

𝑥
𝑖
we keep an associated tabu tenure 𝑇

𝑖
which prevents 𝑥

𝑖

from being flipped again until 𝑇
𝑖
diminishes (𝑇

𝑖
≤ 0). Hence,

the 𝑖th gain (𝑖 = 1, 2, . . . , 𝑛) is calculated using (11) when it is
permitted by the tabu tenure 𝑇

𝑖
or some aspiration criterion

is satisfied.
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Require: An initial solution 𝑥0.
Ensure:The best solution 𝑥best.
(1) Set the parameters𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡 and 𝑇

𝑗
, 𝑗 = 1, . . . , 𝑛. Initiate 𝑐𝑜𝑢𝑛𝑡 = 0, 𝑡

𝑖
= 0, 𝑖 = 1, . . . , 𝑛, and 𝑥best

= 𝑥
0.

(2) while 𝑐𝑜𝑢𝑛𝑡 < 𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡 do
(3) Calculate the flip gain 𝑔𝑎𝑖𝑛(𝑖, 𝑥0), 𝑖 = 1, . . . , 𝑛, using (11).
(4) 𝑗 = argmax{𝑔𝑎𝑖𝑛(𝑖, 𝑥0)|𝑡

𝑖
= 0 or 𝐿(𝑥0) − 𝑔𝑎𝑖𝑛(𝑖, 𝑥0) < 𝐿(𝑥

best
), 𝑖 = 1, . . . , 𝑛}.

(5) Let 𝑥0
𝑗
= 1 − 𝑥

0

𝑗
. Rename the solution corresponding to this change as 𝑥0 again. Calculate 𝑇

𝑗
by (12), let 𝑡

𝑗
= 𝑇
𝑗
.

(6) if 𝐿(𝑥0) < 𝐿(𝑥
best

) then
(7) Let 𝑥best

= 𝑥
0.

(8) end if
(9) 𝑐𝑜𝑢𝑛𝑡 = 𝑐𝑜𝑢𝑛𝑡 + 1.
(10) for 𝑖 = {1, . . . , 𝑛} do
(11) if 𝑡

𝑖
> 0 then

(12) Let 𝑡
𝑖
= 𝑡
𝑖
− 1.

(13) end if
(14) end for
(15) if 𝑐𝑜𝑢𝑛𝑡 > 𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡 then
(16) Break.
(17) end if
(18) end while
(19) return 𝑥

best.

Algorithm 4: The tabu search procedure.

At the beginning of the tabu search procedure, 𝑇
𝑖
(𝑖 =

1, 2, . . . , 𝑛) are initialized by the user and if 𝑥
𝑖
is flipped the

corresponding 𝑇
𝑖
is updated, as suggested by Cai et al. [42],

as follows:

𝑇
𝑖
=

{{{{{

{{{{{

{

𝑇
𝑖
+ 𝑇
𝑖
×
∑
𝑝

𝑘=1
𝑥
𝑘

𝑖

𝑝
if 𝑥
𝑖
= 1,

𝑇
𝑖
+ 𝑇
𝑖
×
𝑝 − ∑

𝑝

𝑘=1
𝑥
𝑘

𝑖

𝑝
otherwise.

(12)

The updating rule (12) is called the feedback mechanism in
Cai et al. [42], as this updating prevents 𝑇

𝑖
from being too

large or too small.
We have proposed a simple aspiration criterion that

permits a variable to be flipped in spite of being tabu if it
leads to a solution better than the best solution 𝑥best produced
by the tabu search procedure thus far. There are a number
of parameters which are needed to be initialized. These are
the maximum numbers of iterations, 𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡, and the 𝑇

𝑖

values (𝑖 = 1, 2 . . . , 𝑛). The tabu search procedure we have
suggested here is now summarized in Algorithm 4. Notice
that the index 𝑗 in step 4 denotes that the node 𝑗 is not in
the tabu list (𝑡

𝑗
= 0) or when the aspiration criterion is met

(which is a positive gain). The tabu search procedure process
stops when𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡 of iterations is reached and returns the
best solution found in the process.

4.4. Path Relinking (PR) Procedure. The path relinking tech-
nique was originally proposed by Glover et al. [47] to
explore possible trajectories connecting high quality solu-
tions obtained by heuristics. It has been applied successfully
to solve a number of optimization problems such as data
mining [48], unconstrained binary quadratic programming

[49], capacitated clustering [50], andmultiobjective knapsack
problem [51].

ThePRprocedure presented here explores solution trajec-
tories using two good solutions. Within the iteration process
of TSMA, there are always two such solutions: the current
best solution 𝑥

∗ and the 𝑥
0 produced by the tabu search

procedure. When 𝑥
∗

̸= 𝑥
0, PR is executed in an attempt to

improve the current best solution 𝑥
∗. At the beginning, PR

identifies the number of variables whose values differ in 𝑥
0

and 𝑥∗. The indices of these variables are then kept in a set
𝐷. PR then starts its iteration process. For each index in 𝐷

an iteration is executed. PR stops if an improved 𝑥∗ has been
found during an iteration.

An iteration starts with identifying the index 𝑗 corre-
sponding to the highest gain; that is, 𝑗 = argmax{𝑔𝑎𝑖𝑛(𝑖, 𝑥0) |
for all 𝑖}. Let the solution corresponding to the flipping of
𝑥
0

𝑗
be 𝑥0. The following tasks are then performed to see (a)

whether PR has obtained a new best solution or (b) whether
PR is approaching towards the current 𝑥∗.

(a) If 𝐿(𝑥0) < 𝐿(𝑥
∗
), then PR stops as it has found a new

best solution.
(b) Otherwise, 𝑥0 is modified by 𝑥

0

𝑗
= 1 − 𝑥

0

𝑗
where

𝑗 = argmax{𝑔𝑎𝑖𝑛(𝑖, 𝑥0) | 𝑖 ∈ 𝐷}. The index 𝑗 is then
removed from𝐷.

PR then proceeds with next iteration for the next index in𝐷.
The pseudocode of the PR is illustrated in Algorithm 5.

4.5. Population Updating Strategy. A combination of inten-
sification and diversification is essential for designing high
quality hybrid heuristic algorithms [52, 53]. We have pre-
sented how the TSMA implements its search intensification
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Require: An initiating solution 𝑥0, the current best solution 𝑥∗.
Ensure: A solution 𝑦.
(1) Initiate 𝑦 = 𝑥

∗,𝐷 = 0.
(2) for 𝑖 = {1, . . . , 𝑛} do
(3) if 𝑥0

𝑖
̸= 𝑥
∗

𝑖
then

(4) 𝐷 = 𝐷 ∪ {𝑖}.
(5) end if
(6) end for
(7) while 𝐷 ̸= 0 do
(8) Calculate the flip gains 𝑔𝑎𝑖𝑛(𝑖, 𝑥0), 𝑖 = 1, . . . , 𝑛.
(9) 𝑗 = argmax{𝑔𝑎𝑖𝑛(𝑖, 𝑥0)|𝑖 = 1, . . . , 𝑛}.
(10) if 𝐿(𝑥0) − 𝑔𝑎𝑖𝑛(𝑖, 𝑥0) < 𝐿(𝑥

∗
) then

(11) Let 𝑥0
𝑗
= 1 − 𝑥

0

𝑗
, and 𝑥∗ = 𝑥

0, 𝑦 = 𝑥
∗.

(12) Break.
(13) else
(14) 𝑗 = argmax{𝑔𝑎𝑖𝑛(𝑖, 𝑥0)|𝑖 ∈ 𝐷}.
(15) Let 𝑥0

𝑗
= 1 − 𝑥

0

𝑗
,𝐷 = 𝐷 \ {𝑗}.

(16) end if
(17) end while
(18) return 𝑦.

Algorithm 5: Path relinking (PR) procedure.

strategies via the tabu search procedure and PR; we now
present its search diversification strategies. This is achieved
by updating the population set𝑃with the solution 𝑦 obtained
by the tabu search procedure or PR. In this subsection, 𝑦 will
be referred to as the trial solution.

Like any other algorithm [35, 38], the TSMA uses its
population updating to cater for both quality and diversity
of the member of 𝑃. A measure is needed to decide whether
the trial solution 𝑦 should be inserted into 𝑃 and if so which
solution should it replace. To this end, the following function
is suggested when 𝑥 ∉ 𝑃:

𝑔 (𝑥, 𝑃) =
{

{

{

𝐿 (𝑥) if 𝐿 (𝑥) < 𝐿 (𝑥
∗
) ,

𝐿 (𝑥) − 𝐿 (𝑥
∗
) +

𝑑 (𝑥, 𝑃)

𝑛𝜆
otherwise,

(13)

where 𝑥
∗

∈ 𝑃 is the current best solution and 𝜆 > 0

is a parameter, which balances the relative importance of
the solution quality and the diversity of the population. The
function 𝑑(𝑥, 𝑃), 𝑥 ∉ 𝑃, is defined as

𝑑 (𝑥, 𝑃) = min
𝑥
𝑘
∈𝑃

𝑑 (𝑥, 𝑥
𝑘
) , (14)

where

𝑑 (𝑥, 𝑥
𝑘
) =

𝑛

∑

𝑖=1


𝑥
𝑘

𝑖
− 𝑥
𝑖


. (15)

In the updating process, we want to achieve two objec-
tives: solution quality and population diversity. At early stages
of TSMA, points in 𝑃 are scattered and diversely distributed.
Therefore, a further diversification is not needed. Hence, the
decision whether 𝑦 ∈ 𝑃 and which solution deletes should
be based on the contribution of the function value 𝐿(𝑦) in

𝑔(𝑦, 𝑃) and not purely be based on the location of 𝑦 in the
solution space with respect to the points in 𝑃 (i.e., density of
the points {𝑦}∪𝑃). Notice that this always holds in (13) when
𝐿(𝑦) < 𝐿(𝑥

∗
). For 𝐿(𝑦) ≥ 𝐿(𝑥

∗
) (𝑦 is likely to be far from

𝑥
∗), 𝐿(𝑦) − 𝐿(𝑥

∗
) in (13) is likely to dominate 𝑑(𝑦, 𝑃)/𝑛𝜆 in

𝑔(𝑦, 𝑃).
At later stages of TSMA, points in 𝑃 are likely to be

clustered together. Hence, diversification of the points in 𝑃 is
needed. Clearly, it is likely that 𝐿(𝑦)−𝐿(𝑥∗) (for 𝑦 beingmore
likely to be close to 𝑥

∗) is small ensuring less contribution
from it and more from 𝑑(𝑦, 𝑃)/𝑛𝜆 in 𝑔(𝑦, 𝑃).

With the functional form (13) of 𝑔(𝑥, 𝑃), we now device
a strategy to achieve both objectives. Central to this strat-
egy is the comparison of 𝑝 + 1 measure values, namely,
{𝑔(𝑥
𝑘
, �̂�), 𝑔(𝑦, 𝑃)}, �̂� = 𝑃 \ {𝑥

𝑘
} ∪ {𝑦}, 𝑘 = 1, 2, . . . , 𝑝. Here

𝑔(𝑥
𝑘
, �̂�) (resp., 𝑔(𝑦, 𝑃)) represents a measure with respect to

the function value at 𝑥𝑘 (resp., the function value at 𝑦) and its
distance (sparsity)with respect to �̂� (sparsity of𝑦with respect
to𝑃).Thepointwith theminimummeasure is then identified;
denote it by 𝑥𝑙. In particular, we find

𝑥
𝑙
= argmin{𝐿 (𝑥𝑘) − 𝐿 (𝑥∗) +

𝑑 (𝑥
𝑘
, 𝑃)

𝑛𝜆
, 𝑥
𝑘
∈ �̂�}

∪ {𝐿 (𝑦) − 𝐿 (𝑥
∗
) +

𝑑 (𝑦, 𝑃)

𝑛𝜆
} , ∀𝑥

𝑘
∈ 𝑃

(16)

(or 𝑥𝑙 = argmin{𝐿(𝑥𝑘)−𝐿(𝑥∗)+𝑑(𝑥𝑘, 𝑃)/𝑛𝜆, 𝑥𝑘 ∈ �̂�}∪{𝐿(𝑦)},
for all 𝑥𝑘 ∈ 𝑃, when 𝐿(𝑦) < 𝐿(𝑥

∗
)). When 𝑥𝑙 ̸= 𝑦, we update

𝑃 as 𝑃 = 𝑃 \ {𝑥
𝑙
} ∪ {𝑦}.

On the other hand, if𝑥𝑙 = 𝑦, then𝑃 is updatedwith𝑦with
a small probability. This is because inclusion of 𝑦 in 𝑃 with
probability one will reduce the diversity of 𝑃. In particular,
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Require: Population 𝑃 = {𝑥
1
, . . . , 𝑥

𝑝
}, the current best solution 𝑥∗, and a solution 𝑥.

Ensure: Updated population 𝑃 = {𝑥
1
, . . . , 𝑥

𝑝
}.

(1) Calculate 𝑔(𝑥, 𝑃) according to (13);
(2) for 𝑘 = 1, . . . , 𝑝 do
(3) calculate 𝑔(𝑥𝑘, (𝑃 \ {𝑥

𝑘
}) ∪ {𝑥}) according to (13).

(4) end for
(5) Let 𝑥𝑙 = argmin{𝑔(𝑥, 𝑃), 𝑔(𝑥𝑘, (𝑃 \ {𝑥

𝑘
}) ∪ {𝑥}), 𝑘 = 1, . . . , 𝑝}.

(6) if 𝑥𝑙 ̸= 𝑥 then
(7) 𝑥 is inserted into 𝑃, and 𝑥𝑙 is deleted from 𝑃.
(8) else
(9) if rand(0, 1) < 𝑝

𝑟
then

(10) Let 𝑥𝑠 = argmin{𝑔(𝑥𝑘, (𝑃 \ {𝑥
𝑘
}) ∪ {𝑥})|𝑘 = 1, . . . , 𝑝}.

(11) 𝑥 is inserted into 𝑃, and 𝑥𝑠 is deleted from 𝑃.
(12) end if
(13) end if
(14) return 𝑃.

Algorithm 6: Population updating procedure.

Table 1: The characteristics of four test instances.

No. DAG TimeSw TimeHw TimeReq CostHw
1 30 nodes 9736 1782 4963 3039
2 60 nodes 19591 2279 9203 6085
3 90 nodes 28718 3060 13323 8399
4 120 nodes 37354 3056 16775 11187
5 300 nodes 92156 2940 39940 27819
6 500 nodes 155151 3094 66463 45171

update 𝑃 = 𝑃\ {𝑥
𝑠
}∪ {𝑦} is carried out with small probability,

where 𝑥𝑠 = argmin{𝐿(𝑥𝑘) − 𝐿(𝑥
∗
) + 𝑑(𝑥

𝑘
, 𝑃)/𝑛𝜆, 𝑥

𝑘
∈ �̂�},

for all 𝑥𝑘 ∈ 𝑃. Here 𝑥𝑠 is replaced to increase the diversity in
𝑃. The pseudocode for the population updating procedure is
presented with Algorithm 6.

Finally, we present the time required to update the set
𝑃. It needs 𝑂(𝑛) to calculate the distance between 𝑦 and
𝑥
𝑘
∈ 𝑃. The distance 𝑑(𝑦, 𝑃) can be calculated in time𝑂(𝑝𝑛),

and it needs 𝑂(𝑝2𝑛) to calculate 𝑔(𝑥𝑘, �̂�). Moreover, it takes
𝑂(𝑝) time to find the solution with the smallest and the
second smallest values in {𝑔(𝑦, 𝑃)} ∪ {𝑔(𝑥𝑘, �̂�}, 𝑘 = 1, . . . , 𝑝.
Therefore, the total running time of the population updating
procedure is bounded by 𝑂(𝑝2𝑛).

4.6. Termination Criteria. In this paper, we use two criteria
to stop TSMA. If the maximum number of generations 𝐺max
is reached, then we stop the algorithm. On the other hand,
when the quality of the best solution from one generation to
the next is not improved after 𝐺no generations, then we stop
the algorithm. Therefore, the TSMA stops when any of these
two criteria is met.

5. Computational Experiments

In this section, we present experiments performed in order
to evaluate the performance of TSMA. The benchmark test
instances used are introduced followed by the parameter

settings for TSMA. Finally, computational results, compar-
isons, and analyses are reported. The algorithm is coded in
C language and implemented on a PC with 2.11 GHz AMD
processor and 1G of RAM.

5.1. Test Instances. Task graphs for free (TGFF) [54] can
create directed acyclic graphs (DAGs), that is, task graphs.
Given identical parameters and input seeds, it can gener-
ate identical task graphs. We have used TGFF (Window
Version 3.1) to generate four DAGs as hardware/software
partitioning test instances.These DAGs were also used to test
the performance of the artificial immune algorithm (ENSA-
HSP) [16]. The TGFF (Window Version 3.1) can be obtained
at the website (http://ziyang.eecs.umich.edu/∼dickrp/tgff/),
and the parameters are given in the Appendix. Since these
DAGs do not contain cycles, all nodes in each DAG are
executed only once; that is, 𝑝𝑐

𝑖
= 1.

The characteristics of these test instances are given in
Table 1. These are the times when all nodes are imple-
mented by software (TimeSw), the time when all nodes
are implemented by hardware (TimeHw), the required time
(TimeReq), and the cost when all nodes are implemented by
hardware (CostHw).

5.2. The Parameter Settings. The tabu search procedure
requires parameters 𝑇

𝑗
, 𝑗 = 1, . . . , 𝑛 and𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡. We have

used 𝑇
𝑗
= 10, 𝑗 = 1, . . . , 𝑛, and 𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡 = 1.5 × 𝑛. These
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Table 2: Experimental results of our algorithm with tuning of values 𝑝 and 𝜆 on the test instance with 90 nodes.

𝜆, 𝑝
10 20 30 40

Cost Time (s) Cost Time (s) Cost Time (s) Cost Time (s)
0.001 3570 15.092 3568 19.531 3561 23.687 3560 23.735
0.003 3571 15.651 3562 18.265 3564 18.625 3559 20.127
0.005 3567 16.539 3561 20.283 3560 15.982 3561 21.077
0.008 3560 16.585 3561 15.617 3566 19.234 3559 20.524
0.01 3562 16.516 3568 15.681 3569 16.484 3558 20.437
0.012 3568 16.597 3556 18.421 3568 16.102 3560 19.511

values are different from those used by Cai et al. [42] for
unconstrained binary quadratic programming. Justifications
for these choices are that the tabu search procedure proposed
here is different from [42], and the scale of test problems used
in this paper is smaller than that of the test problems used
in [42]. Moreover, we have chosen these values based on our
numerical experiments.

An important parameter of TSMA is the size 𝑝 of the
population set 𝑃. The bigger the value of 𝑝 is, the higher the
CPU time is. This is because 𝑂(𝑝2𝑛) operations are needed
to update 𝑃. The parameter 𝜆 in (13) is used by TSMA to
diversify𝑃, and as such it has an important significance in the
performance of TSMA. We have chosen the values of these
two parameters after some numerical experiments.

We first conduct a number of preliminary experiments
using the test instance number 3, that is, the instance with 90
nodes. We have fixed 𝑇

𝑗
= 10, 𝑗 = 1, . . . , 𝑛, 𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡 =

1.5 × 𝑛, 𝐺max = 200, and 𝐺no = 20 and run TSMA with
various values of 𝑝 and 𝜆. This experiment was conducted to
get suitable ranges for both parameters.

With the values of 𝑇
𝑗
, 𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡, 𝐺max, and 𝐺no chosen

as above, we have then conducted another series of runs of
TSMA using the test instance with 90 nodes. We have used
𝑝 ∈ {10, 20, 30, 40}. For each value of 𝑝, six values of 𝜆,
that is, 𝜆 ∈ {0.001, 0.003, 0.005, 0.008, 0.01, 0.012}, are used
to constitute (𝑝, 𝜆) pairs. Hence, there are 24 (𝑝, 𝜆) pairs. For
each pair, TSMA was run 5 times, making a total of 120 runs.
The average results of 5 runs on each (𝑝, 𝜆) pair are reported
in Table 2.

The results in Table 2 show that 𝑝 = 20 and 𝜆 = 0.008

are suitable values to choose. Hence, we have used these
values throughout the numerical experiments. We present
all parameter values used in TSMA in Table 3, where the
column 2 presents the subsections where the corresponding
parameter has been discussed.

5.3. Numerical Comparisons. In order to show the effective-
ness of TSMA, we compare its results with those of the
evolutionary negative selection algorithm (ENSA-HSP) [16]
and traditional evolutionary algorithm (EA) [16]. TSMA was
run 20 times on each test instance in Table 1; hence, average
results are used in the comparison. Results of ENSA-HSP
and EA have been taken from [16]. Comparisons of results
are presented in Table 4, where columns under the captions
“best,” “mean,” and “worst” report the best cost, the average
cost, and the worst cost, respectively. The column under the

Table 3: Settings of parameters.

Parameters Section Value
𝑝 4.1 20
𝑇
𝑗

4.3 10
𝑀𝑎𝑥𝑐𝑜𝑢𝑛𝑡 4.3 1.5 × 𝑛

𝜆 4.4 0.008
𝑝
𝑟

4.4 0.2
𝐺max 4.6 500
𝐺no 4.6 50

caption “time” reports the average CPU times for TSMA.
We are unable to present the CPU times for the other two
algorithms as this would require running these algorithms
ourselves, since the CPU times of EA and ENSA-HSP were
not reported in [16]. The last column of Table 4 reports the
percentage of improvement on the best results by TSMA.The
results obtained by all three algorithms on the first 4 test
instances are further summarized in Figures 2, 3, 4, and 5.

Figures 3–5 clearly show the superiority of TSMAover the
other two algorithms.Wide differences in costs are noticeable
in these figures. Indeed, it can be seen from Table 4 that
the TSMA has achieved 84, 65, and 176 less costs than
the corresponding previous best obtained by ENSA-HSP
for the instances numbers 2, 3, and 4, respectively. These
improvements are quite significant.

5.4. Effectiveness of the Adaptive Penalty Function. In order
to show the effectiveness of our proposed parameter-free
adaptive penalty function, we have replaced the adaptive
penalty function 𝐿(𝑥) in (2) with the exact penalty function
𝜒(𝑥, 𝑅, 𝑞) (𝑞 = 1) in (1) and kept other ingredients of
TSMA including the parameter values in Table 3 intact. We
denote this implementation of TSMA by TSMA2. Since the
parameter 𝑅 in 𝜒(𝑥, 𝑅, 𝑞) is problem-dependent, we took
𝑅 = 50, 100, and 200 and run TSMA2 20 times on each of
the test instances, for each 𝑅 value. Average results including
average CPU times (in seconds) are summarized in Table 5.
A number of observations and comparisons using the results
in Table 4 are now presented below.

(1) Dependency on𝑅: it can be clearly seen in Table 5 that
results are very much dependent on 𝑅 values. While
results are comparable on instance number 1 for all 𝑅
values, results for the other instance are not the same.
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Table 4: Obtained results for EA, ENSA-HSP, and TSMA.

DAG EA [16] ENSA-HSP [16] TSMA Improve
Best Mean Worst Best Mean Worst Best Mean Worst Time

30 nodes 1350 1409 1473 1335 1339 1350 1335 1335.0 1335 1.078 0%
60 nodes 2923 2980 3072 2884 2912 2931 2800 2806.1 2814 12.625 2.91%
90 nodes 3804 3915 4100 3617 3726 3761 3552 3557.1 3564 41.545 1.80%
120 nodes 5363 5506 5619 5177 5308 5346 5001 5005.2 5021 145.259 3.40%
300 nodes 12556 12581.6 12639 1456.672
500 nodes 20497 20578.8 20667 3204.913

Table 5: Obtained results for TSMA2.

DAG 𝑅 = 50 𝑅 = 100 𝑅 = 200

Best Mean Worst Time Best Mean Worst Time Best Mean Worst Time
30 nodes 1335 1335.0 1335 0.986 1335 1335.0 1335 1.015 1335 1335.0 1335 0.906
60 nodes 2800 2811.7 2820 15.424 2805 2811.5 2818 14.804 2809 2811.0 2818 12.047
90 nodes 3552 3557.2 3570 41.592 3556 3559.4 3565 36.209 3556 3559.6 3565 37.491
120 nodes 5005 5028.1 5069 180.434 5018 5035.1 5068 161.848 5018 5029.2 5055 179.020

1480

1460

1440

1420

1400

1380

1360

1340

1320

20

0

EA
ENSA-HSP

TSMA

Best Mean Worst
Class of solution

C
os

t o
f t

he
 sy

ste
m

Figure 2: Experimental results on test instance with 30 nodes.

To give an example, in terms of the “mean” value, the
best result was obtained for 𝑅 = 200 on instance
number 2, while, for the instance numbers 3 and 4,
the best “mean” values were obtained using 𝑅 = 50.

(2) Comparison using “mean”: The TSMA performs bet-
ter than TSMA2 for all instances, except for instance
number 1 for which both perform the same.

(3) Comparison using “best”:The TSMA performs better
than TSMA2 on the last instance while both are
equally matched on the remaining instances. TSMA2
obtained these results for instances 1, 2, and 3 for
𝑅 = 50.

(4) Comparison using “time”: The best CPU times are
different for different 𝑅 values in TSMA2. However,
even if we take the best CPU times obtained by
TSMA2 disregarding the 𝑅 values then the results are
still comparable between TSMA2 and TSMA.
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Figure 3: Experimental results on test instance with 60 nodes.

A statistical view in terms of boxplot is now shown
in Figures 6, 7, and 8 using optimal values obtained by
TSMA and TSMA2 over 20 runs. Three figures are presented
since the standard deviation is zero for instance number 1.
These boxplots show that ranges over which the best results
obtained over 20 runs vary. All three figures clearly show
that the boxplots of TSMA has less height than those of
the corresponding boxplots obtained by TSMA2 for three 𝑅
values. This clearly establishes the superiority of the adaptive
penalty function 𝐿(𝑥) presented in (2) over the exact penalty
function (1).

6. Conclusion

In this paper, we have presented a memetic algorithm for
the hardware/software partitioning problem. The algorithm
has three main components: a local tabu search, a path
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Figure 4: Experimental results on test instance with 90 nodes.
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Figure 5: Experimental results on test instance with 120 nodes.
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Figure 6: Boxplots of the test instance with 60 nodes.
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Figure 7: Boxplots of the test instance with 90 nodes.
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Figure 8: Boxplots of the test instance with 120 nodes.

relinking procedure, and population updating.The local tabu
search is a “controlled local search” procedure used for search
intensification. The path relinking procedure uses further
exploitation of solutions and population updating is used
for diversification of solutions. Motivations for each of these
components within the proposed memetic algorithm are
provided.

The hardware/software partitioning problem is converted
into an equivalent unconstrained binary optimization prob-
lemby employing a parameter-free adaptive penalty function.
We have motivated this penalty function first by theoretically
and then by numerically comparing its performance with
the exact penalty function. The memetic algorithm is then
applied to this unconstrained problem, and robustness with
respect to the quality of optimal solution is shown by
comparing it with another two algorithms from the literature.

Appendix

In this paper, TGFF (WindowsVersion 3.1) used the following
parameter settings [16] to generate test instances, where
30.tgffopt is for the DAG with 30 nodes, 60.tgffopt is for the



12 Mathematical Problems in Engineering

# 30.tgffopt
period mul 1
task degree 3 3
tg cnt 1
task cnt 31 1
task type cnt 30
trans type cnt 30
table cnt 1
table label TRANS TIME
type attrib time 10 10 1 1
trans write table cnt 1
table label HARDWARE
type attrib cost 100 50 0.5 1, time 150 75 0.5 1
pe write table cnt 1
table label SOFTWARE type attrib cost 50 30 0.5 1, time 300 100 0.5 1
pe write tg write #.tgff
vcg write #.vcg
# 60.tgffopt
period mul 1
task degree 4 4
tg cnt 1
task cnt 61 1
task type cnt 60
trans type cnt 60
table cnt 1
table label TRANS TIME
type attrib time 10 10 1 1
trans write table cnt 1
table label HARDWARE
type attrib cost 100 50 0.5 1, time 150 75 0.5 1
pe write table cnt 1
table label SOFTWARE type attrib cost 50 30 0.5 1, time 300 100 0.5 1
pe write tg write #.tgff
vcg write #.vcg
# 90.tgffopt
period mul 1
task degree 5 5
tg cnt 1
task cnt 91 1
task type cnt 90
trans type cnt 90
table cnt 1
table label TRANS TIME
type attrib time 10 10 1 1
trans write table cnt 1
table label HARDWARE
type attrib cost 100 50 0.5 1, time 150 75 0.5 1
pe write table cnt 1
table label SOFTWARE type attrib cost 50 30 0.5 1, time 300 100 0.5 1
pe write tg write #.tgff
vcg write #.vcg
# 120.tgffopt
period mul 1
task degree 5 5
tg cnt 1
task cnt 121 1
task type cnt 120
trans type cnt 120
table cnt 1
table label TRANS TIME

Algorithm 7: Continued.
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type attrib time 10 10 1 1
trans write table cnt 1
table label HARDWARE
type attrib cost 100 50 0.5 1, time 150 75 0.5 1
pe write table cnt 1
table label SOFTWARE type attrib cost 50 30 0.5 1, time 300 100 0.5 1
pe write tg write #.tgff
vcg write #.vcg
# 300.tgffopt
period mul 1
task degree 6 6
tg cnt 1
task cnt 301 1
task type cnt 300
trans type cnt 300
table cnt 1
table label TRANS TIME
type attrib time 10 10 1 1
trans write table cnt 1
table label HARDWARE
type attrib cost 100 50 0.5 1, time 150 75 0.5 1
pe write table cnt 1
table label SOFTWARE type attrib cost 50 30 0.5 1, time 300 100 0.5 1
pe write tg write #.tgff
vcg write #.vcg
# 500.tgffopt
period mul 1
task degree 6 6
tg cnt 1
task cnt 501 1
task type cnt 500
trans type cnt 500
table cnt 1
table label TRANS TIME
type attrib time 10 10 1 1
trans write table cnt 1
table label HARDWARE
type attrib cost 100 50 0.5 1, time 150 75 0.5 1
pe write table cnt 1
table label SOFTWARE type attrib cost 50 30 0.5 1, time 300 100 0.5 1
pe write tg write #.tgff
vcg write #.vcg

Algorithm 7

DAGwith 60 nodes, 90.tgffopt is for the DAGwith 90 nodes,
120.tgffopt is for the DAG with 120 nodes, 300.tgffopt is for
the DAGwith 300 nodes, and 500.tgffopt is for the DAGwith
500 nodes. See Algorithm 7.
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Optimizing the balance between different handover parameters for network selection is one of the challenging tasks for seamless
communication in heterogeneous networks. Traditional approaches for network selection are mostly based on the Receive Signal
Strength (RSS) from the Point of Attachment (PoA) of a network. Most of these schemes are suffered from high handover delay,
false handover indications, and inappropriate network selection for handover. To address these problems, we present an optimized
network selection scheme based on the speed of a mobile node. A mechanism based on two different thresholds on the speed of a
MobileNode (MN) is integrated in the proposed scheme. If the speed of anMN is greater than any of the threshold, theMNperforms
handover to a particular network. We employ Grey Relational Analysis (GRA) in the proposed scheme to select the best PoA of the
selected network. Similarly, to deal with false handover indications, we proposed an optimized handover triggering technique. We
compare our proposed schemewith existing schemes in context of energy consumption for scanning, frequent and failed handovers,
packet loss ratio, and handover delay.The proposed scheme shows superior performance and it outperforms existing schemes used
for similar purpose. Moreover, simulation results show the accuracy and performance of the proposed scheme.

1. Introduction

The aim of 4G networks is to provide generic connectivity
among heterogeneous networks. With the advancement of
new networks such as Long Term Evaluation (LTE), WIFI
ac draft and WiMAX rel 2 provide high data rate and better
connectivity to the end users. To access multiple networks an
MN must be equipped with multiple interfaces. To ensure
continuous connection among heterogeneous networks an
MN must perform seamless switching from an Access Point
(AP) or Base Station (BS) of a network to another AP or
BS. This seamless transfer from one network to another
can be possible if either an MN is already registered with
all of the networks or there is a central system responsible
for the registration of an MN. A seamless transfer of an
ongoing session from one network to another network is
calledVerticalHandover (VHO).TheVHOenables anMN to
move inside heterogeneous networks and perform handover
to any network regardless of the breaking of connection.

There are a number of parameters affecting a network
selection process during VHO; these are velocity of an MN,

RSS from the current PoA, energy required for scanning
different networks through different interfaces, network con-
nection time, and so forth. A handover process can be cate-
gorized in three stages, (1) handover initiation, (2) network
selection, and (3) handover execution. Handover initiation is
the task of starting a handover process when the connectivity
between MN and current AP/BS drops below a particular
level of RSS. Network selection is the task of selecting an
appropriate target PoA, radio link transfer, and channel
assignment. Handover execution illustrates the indication of
successful completion of the entire VHO process. The RSS
from an AP/BS is the most widely used criterion for network
selection because of its simple measurement and its direct
relation with Quality of Service (QoS) of a network.

The IEEE 802.21 Media Independent Handover (MIH)
provides seamless mobility between all families of IEEE
technologies and 3GPP [1]. The MIH standard transfers
the information of handover from lower layers (logical link
layer) to upper layers (network layer). In the heart of MIH
standard their lies a MIH function.Themain functionality of
MIH standard is performed by the MIH function. The MIH
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function provides interconnectivity between different ser-
vices of MIH standard. But, the standard requires dynamic
update of Media Independent Information Service (MIIS),
which stores the geographical information of all access
network operators available in a particular region. The MIH
standard triggers a handover process on the basis of RSS,
which is mainly suffered from false handover indications.
Similarly, MIH standard selects a new network on the basis
of RSS; that is, if the RSS from available networks are strong
enough to hold the incoming connection, the MIH standard
selects that particular network for handover. The selection
of a new network on the basis of RSS leads to some critical
problems like the following: (1) a network can provide better
RSS with no space for new connections, (2) network with low
QoS, (3) a network can be selected with high handover delay,
and (4) frequent handover in case of smaller radio coverage.
When an MN is moving with high speed inside the coverage
area of a WIFI AP, it performs frequent handovers. To avoid
frequent handovers a number of schemes were proposed in
literature but unfortunately these schemes do not provide
a generic seamless transfer of an ongoing session from one
network to another. Therefore, in a heterogeneous network
environment a dynamic network selection mechanism will
provide an MN with seamless connectivity and better QoS.

In last couple of years, various network selection schemes
have been proposed. Most of the schemes do not consider
the current context and preferences of a user. Similarly, these
schemes perform handover on the basis of single param-
eter. Considering more than one parameter for network
selection leads to two-dimensional cost functions. The first
dimension enables a user to request different services from a
network and second dimension represents the total cost of
the network against the requested services. The cost based
network selection can be further categorized in three different
parameters: weighting parameters, QoS parameters, and
network priority parameters. The context of all of these three
types of cost is different and it varies according to network
situation and availability. A network selection method can
be based on one of the types from these parameters. In last
decade, researchers introduce a number of schemes based on
these parameters [2, 3]. Multimedia technologies are rapidly
growing these days and researchers are trying hard to develop
sophisticated algorithm for transferring multimedia traffic
from one network to another. Softly transferring multime-
dia traffic during handover can be achieved by employing
high performance adaptive deblocking filters [4]. In future
generation of networks motion estimation techniques will
be used for transferring lesser amount of data during video
traffic over internet [5]. These techniques will help an MN
during handover from one network to another and thus it
will take less amount of handover delay and packet loss.
But unfortunately, none of the scheme considers the radio
coverage of anAP or BS for the handover initiation.Using any
of the above parameters can require high network connection
time and thus applying such schemes for fastmovingMNwill
lead to high packet loss and handover delay.

To deal with the aforesaid constraints, a network selection
scheme can be based on the requirements of an MN. These
requirements consist of communication cost, data rate, QoS,

and so forth. In last decade, various schemes proposed
optimized network selection schemes based on user prefer-
ences [6]. But still an MN has very little access to select a
network according to their requirements. A generic scheme
can be designed while keeping a balance relation between
user preferences and network centric approaches. The QoS
of a handover scheme can be enhanced while designing
a scheme which requires less amount of data for fetching
multimedia information to the MN during handover process
[7, 8]. Nowadays Internet ofThings (IoT) and Cyber Physical
System (CPS) are evolving very rapidly. Thus dealing with
such system and transferring data from one machine to
another with fast handover support are also a challenging
task. A generic handover system is needed which efficiently
transfers data from one machine to another with less packet
loss and without breaking of connection [9]. This proposal
can only be possible if a network access operator initiates
and executes handover process while network selection is
performed by the end user. Similarly, different network
selection strategies were developed to select an appropriate
network during a VHO process. These strategies are catego-
rized in four different parts, that is, Weight Product Method
(WPM), Multiplicative Exponent Weighting (MEW), Simple
Additive Weighting (SAW), Technique for Order Preference
by Similarity to Ideal Solution (TOPSIS), and GRA [10–12].
All of these strategies select a network on the basis of different
attributes like bandwidth, delay, packet loss rate, and cost.
GRA achieves better throughput and lower handover delay
than all of the other three schemes. The focus of traditional
network selection schemes was based on RSS and cost. But
with the passage of time researchers identify other related
parameters which are directly affecting a network selection
strategy. A diagrammatic representation of these parameters
is illustrated in Figure 1.

In order to optimize the working of a network selection
process, we proposed a model based on the speed of an
MN. The proposed scheme efficiently selects an appropri-
ate network for handover while considering MN’s current
speed. Moreover, the proposed scheme adopts GRA decision
mechanism for the selection of best PoA of the selected
network. The scheme significantly reduces the number of
false handover indications and packet loss ratio. Similarly,
the proposed scheme successfully reduces the frequent han-
dovers problems present in recent literature. Moreover, we
also introduce a handover triggering mechanism which
efficiently reduces the number of false handover indications.

The rest of the paper is structured as follows. Section 2
presents the related works of the existing models used for
similar purpose. Section 3 describes the working of proposed
scheme. Section 4 illustrates simulation and results and
finally Section 5 concludes the proposed scheme.

2. Related Works

In this section, we first present detailed study of handover
triggering techniques. Then, we discuss network selection
models that support our assumptions, focusing on showing
the differences from our approach.
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2.1. Handover Triggering Techniques. Mobility robustness
optimization provides an MN with the support to detect and
correct three types of triggering issues, that is, too early, too
late, and to a wrong cell. Researchers proposed various tech-
niques to enhance the working of handover triggering, avoid
these three types of issues, and reduce the false handover
indications. If a handover is triggered too early it uses the
network resources in an inefficient way and an MN does not
succeed to connect to the target network. Similarly, in case of
too late handover the MN moves far away from the current
network and hence it disconnects from the current network
during handover to a target network. All of these three types
of issues are explained in Figure 2. Traditional handover
triggeringmechanisms aremostly based on RSS from current
AP/BS [13–15]. But RSS based triggering mechanisms are
unreliable and it is greatly affected by these three types of
issues. Therefore, researchers considered other parameters
like Signal to Interference and Noise Ratio (SINR), location
of an MN, and network conditions for handover triggering,
since, none of the schemes provide accurate results and
almost all of them suffer from false handover indications.

There are other techniques which periodically scan the
available networks. If the RSS of available networks becomes
greater than current network the MN triggered the handover
[16, 17]. These techniques fail when the RSS of the current
network drops below a particular level of RSS and still new
networks are not available. A technique based on optimized
adaptive handover triggering mechanism has been proposed
in [18]. The proposed scheme efficiently minimized the
network load to avoid link failure. Moreover, the proposed
scheme maximizes the resource utilization and hence an
MN can use the network with full potential. This trigger-
ing mechanism also significantly reduces handover latency
and handover dropping rate. Various handover triggering
schemes are based on the location services such as GPS
and Location Service Server (LSS) [19, 20]. The MN first
checks the RSS level if it drops below a predefined threshold
then the MN checks a decision function to determine
whether a handover is need to triggered or not. The decision
function collects different handover information from LSS.
However, these types of handover triggering mechanisms do
not evaluate the handover dropping rate. Recently different
schemes have been proposed for enhancing the quality of
the video and multimedia traffic [21]. These techniques play
an important role in triggering handover on the basis of
quality of multimedia information. But still different issues
exist like estimating the correct amount of data for handover
triggering.

2.2. Network Selection Schemes. Recently, various techniques
have been proposed for network selection during handover
in heterogeneous wireless networks. Most of the schemes are
based on the optimization of different parameters necessary
for handover. The optimization of these parameters reduces
the handover time and latency. With the passage of time
the numbers of new access networks are increased rapidly
and thus produced signaling overhead and other issues
related to a handover phenomenon. Similarly, the new access
technologies such as LTE-Advanced and Bluetooth 4.0 low
energy were introduced to save communication time and
energy. All of the recent technologies try to provide their
customer with the best QoS. The QoS of a network can
be enhanced if a customer is provided with a continuous
connection among different networks.

In order to assure required QoS for various applications
running by MN and to avoid frequent handover in het-
erogeneous networks, an Analytic Hierarchy Process (AHP)
method for network selection is introduced in [22].The AHP
selects a network on the basis of a decision and then assigns
each decision a particular objective. It performs decision
on the basis of different handover parameters like QoS,
communication cost, availability and reputation of a network,
and so forth.TheAHP combines the average of each objective
and then decides an appropriate network for handover. The
AHP method employed by different researchers for network
selection and its results are remarkable in selection ofWLAN
networks. But in case of cellular networks, the network
selection decision by using AHP is not up to the mark. A
similar scheme has been proposed to enhance the QoS of
a network by optimizing different handover parameters like
data rate and network connection time (handover delay and
time) in [23].The decision of handover is performed by using
fuzzy logic and analytic hierarchy approaches. The proposed
scheme obtains the context information like networks related
information, user preferences, and service requirements for
an efficient handover process. The MN periodically checks
the RSS level with the current AP/BS, if the RSS drops below
a particular level then the MN initiates network selection
phase. A network quality scoring function is defined to
evaluate the QoS of a network.The network with highest QoS
is selected for the handover.

A scheme based on the optimization of MIH standard
has been proposed in [24]. The scheme proposes a hierar-
chal discovery scheme for network selection. A number of
APs/BSs in a particular zone are connected to a zone MIIS
server. Similarly, the zone MIIS server is attached to the local
MIIS server and then to the globalMIIS server.When anMN
requires performing a handover, it checks the information of
the PoA of available access networks in zoneMIIS server and
if it is not available in the zone MIIS server it will transfer
this request to the local MIIS server. Doing this way the
load on single MIIS server is significantly minimized. The
appropriate network for handover is selected from nearby
MIIS server. The installment of the extra access routers on
each level will require more cost and management. If the
network information is not available in local and zone MIIS
server it will take greater time for network selection.
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Figure 2: Too early, too late, and wrong cell handover.

The energy consumption during selection of networks
is an important parameter and it needs to be considered
carefully. The energy consumption by an MN is directly
depending on the scanning of available networks during a
handover process. Different schemes based on the energy
efficient network selection for multimedia based applications
have been proposed in [25, 26].Theproposed schemes use the
concept of adapt-or-handover for balancing the multimedia
traffic during a handover process. The proposed scheme
saves energy which is consumed due to the insignificant
degradation in quality. The scheme obtains the information
of available networks and on the basis of these networks
the MN selects one of the appropriate networks for current
multimedia streaming. In order to optimize the energy con-
sumption of multiple interfaces, an energy efficient scheme is
proposed in [27].This scheme first obtains the information of
bands/channels used in certain areas. Based on the informa-
tion of bands/channels, the MN designs a two-step scanning
mechanism. In first step theMNdoes not scan those channels
which are not used in the area and secondly scans channels
with lower network density less frequently. Further each MN
is provided with the network density as it enters into a new
area. On the basis of previous experience of MNs a new MN
is provided with density of the region which is highly and low
visited. The MN then designs a scanning mechanism on the
basis of available information and thus significantly reduces
energy during scanning.

In last decade, researchers work hard to design energy
efficient scanning techniques. Traditional techniques were
mainly based on scanning through all interfaces. With the
passage of time two different techniques become famous for
scanning of available networks, that is, periodic and adap-
tive scanning. These techniques are optimized by different
researchers and most of the scanning techniques were based
on them. An energy efficient adaptive scanning algorithm
is proposed in [28]. The MN adjusts scanning time inside
a particular network using its speed. The speed of an MN

is changing randomly, but the proposed scheme considered
a fixed speed inside a particular network. Maintaining fixed
speed inside a particular network is a challenging job. Thus
this scheme cannot be adopted for the real world networks.
A scheme based on periodic scanning has been proposed in
[29]. The BS of a WiMAX network is assumed to broadcast
the information of available APs in its coverage. On the basis
of this information of available APs, theMN decides whether
to scan available networks or not.

All of the above network selection techniques are based
on different parameters. These schemes are good in a partic-
ular direction but not good for a generic network selection
scheme in heterogeneous wireless networks. Next generation
networks are growing rapidly and hence network selection
on particular parameter and objective will not be enough for
future use. Therefore, an MN should be provided with an
appropriate network for handover in heterogeneous wireless
networks.

3. Proposed Model

The proposed model operates in two stages where in stage
one a handover triggering mechanism is developed to reduce
false handover indications and in stage two network selection
scheme is used to provide an MN with appropriate network
and PoA.

3.1. Handover Triggering. A handover triggering mecha-
nism facilitates MN to initiate handover process when it
is required. The proposed model adopts threshold based
mechanism for handover initiation session. In other words,
handover is initiated if RSS from the current network drops
below a predefined threshold.The advantages of the threshold
based triggeringmechanism are reducing the number of false
handover indications and hence reducing total number of
handover failures to a network with overloaded APs/BSs.
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The time 𝑡 required byMN to remain connected to an AP/BS
with a speed V is shown by following equation (1):

𝑡 =
𝐷
𝑜

V
, (1)

where𝐷
𝑜
is the diameter of a serving cell.

Diameter is equal to the double of the radius r; hence (1)
becomes

𝑡 = 2
𝑟

V
. (2)

The radius of the coverage area of AP/BS is not exactly
circular and thus the propagation of signals at one direction
is different from another direction. Thus to avoid changes
of RSS in one direction from another we use an index 𝛾 as
shown in

𝑡 = 2𝛾
𝑟

V
. (3)

The total handover time must be less than the time
required byMN to remain connected to an AP/BS.Therefore,
the handover triggering point must be set as a distance equal
to (1 − 𝛾)𝑟. According to [30] RSS 𝑤

𝑏
at the border of the

serving cell is equal to

𝑤
𝑏
= 𝐾
1
− 𝐾
2
log ((1 − 𝛾) 𝑟) , (4)

where 𝐾
1
and 𝐾

2
are the antenna gain and path loss factor,

respectively.
We put a threshold of RSS level on the boundary of

coverage area of a PoA of a network. In our scheme, to avoid
false handover indications, the threshold 𝛿 is computed by
removing the path loss factor and the velocity effect on the
RSS from current AP/BS.Thus the final RSS (𝛿) for handover
triggering can be defined as follows:

𝛿 = 𝑤
𝑏
− 𝐾
2
log(1 − V𝑇

𝑟
) . (5)

When RSS from current AP/BS drops below 𝛿, the MN
initiates network selection stage by using a specific interface
based on the speed of MN. The proposed triggering scheme
integrates the velocity and handover delay for identifying the
appropriate RSS for handover.

3.2. Network Selection. When MN is moving at a high speed
in a coverage area of WIFI network, it requires frequent
switching from one AP to another since the radio coverage
of WIFI AP is small. This frequent switching leads to much
energy consumption, high packet loss, and breaking of con-
nection. To deal with such situation, an optimized network
selection scheme is proposed for handover based on the
speed of MN. We assume that MN moving in heterogeneous
networks has three different interfaces: WIFI, WiMAX, and
Cellular. When the RSS from the current AP/BS drops below
a particular threshold, it will initiate handover by selecting a
network on the basis of its speed. If the speed is slow, the MN
will scan the available networks through WIFI interface and
the rest of the interfaces will be in standby mode. Similarly, if

the speed is medium or high, the MN will select Cellular or
WiMAX networks, respectively. To support energy efficient
handover in this way, we implement a monitoring index
based on the speed of MN using

𝛼 = V(
𝜔

𝛿
)
1/𝛽

, (6)

where 𝜔 represents the RSS level at current location of MN.
We use two thresholds for network selection based on the

value of 𝛼: 𝛼
1
and 𝛼

2
. If the value of 𝛼 is less than 𝛼

1
, then the

MN turns on its WIFI interface and the rest of the interfaces
is turned off. If the value of 𝛼 is between 𝛼

1
and 𝛼

2
, it only

turns on its cellular interface, and if the value of 𝛼
1
is greater

than 𝛼
2
, it only turns on its WiMAX interface and the rest of

the interfaces are switched to standby state.
As shown in Figure 3, assume that the MN is moving

in a heterogeneous network consisting of WIFI, WiMAX,
and Cellular. Initially, MN is connected to WIFI AP1 and
gradually it moves away from AP1 and gets closer to BSw1.
When RSS from AP1 drops below the predefined threshold
𝛿, MN initiates network selection phase. If speed of MN is
greater than 𝛼

2
, MN turns off its WIFI and cellular interfaces

and only scans WiMAX network. MN finds a WiMAX BSw1
and sends a connection request to it. If its RSS level again
drops below 𝛿 inside the coverage area of BSw1, then theMN
checks the speed. If its speed is greater than𝛼

1
, thenMNscans

available networks with one particular interface and rest of
the interfaces are turned to standby mode. MN finds BSc3
and initiates handover to it. Finally, MN performs handover
to AP11, and this is because its speed is less than the 𝛼

1
.

Once MN decides a network for handover based on its
speed then it is important to select best PoA of the selected
network. There are different decision functions available
for this purpose like SAW, WPM, MEW, AHP, GRA, and
TOPSIS. AHP and GRA are the well-known mechanisms
used for selecting a PoA on the basis of different parameters.
We used GRA in our scheme to select the best available
PoA. GRA analyzes the relationship rank between discrete
sequences. We take one of the sequences as a user defined
sequence. A user will first obtain the highest values of each
objective and combine them in the user defined sequence.
After calculating the user defined sequence,MNwill compute
the Grey Relational Coefficient (GRC) of each sequence and
user defined sequence. MN compares the GRC value of
user defined sequence and another comparative sequence of
available PoAs. The PoA with highest GRC value is selected
for handover. To clearly demonstrate the working of GRA
used in proposed scheme, we use 𝑛 sequences (X

1
,X
2
,X
3
,

. . .,Xn) and each sequence has 𝑘 different objectives; that is,
𝑋
𝑖
= (𝑥
𝑖
(obj
1
), 𝑥
𝑖
(obj
2
), . . . , 𝑥

𝑖
(obj
𝑘
)) where i = 1, 2,. . .,n. In

the proposed scheme, we used eight different objectives, on
the basis of which we decide rank of a PoA. These objectives
include average throughput, delay, jitter, communication
cost, bit error rate, availability, response time, and packet loss
ratio.Thenext step in theGRAmechanism is to normalize the
sequence data. We therefore set three different conditions for
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Figure 3: Selection of available networks based on MN’s speed.

normalization, that is, highest-the-better, lower-the-better,
and nominal-the-best as follows:

𝑥
𝑖
(obj
𝑗
) =

𝑥
𝑖
(obj
𝑗
) − 𝑙
𝑗

𝑢
𝑗
− 𝑙
𝑗

,

𝑥
𝑖
(obj
𝑗
) =

𝑢
𝑗
− 𝑥
𝑖
(obj
𝑗
)

𝑢
𝑗
− 𝑙
𝑗

,

𝑥
𝑖
(obj
𝑗
) = 1 −


𝑥
𝑖
(obj
𝑗
) − 𝑡
𝑗



max (𝑢
𝑗
− 𝑡
𝑗
, 𝑡
𝑗
− 𝑙
𝑗
)
,

(7)

where 𝑢
𝑗

= max{(𝑥
1
(obj
𝑗
), 𝑥
2
(obj
𝑗
), . . . , 𝑥

𝑛
(obj
𝑗
))}, 𝑙
𝑗

=
min{(𝑥

1
(obj
𝑗
), 𝑥
2
(obj
𝑗
), . . . , 𝑥

𝑛
(obj
𝑗
))}, and 𝑡

𝑗
is the target

value among the different values in a sequence of 𝑗 objectives.

A sequence is more preferable if its GRC value is greater.
We computed GRC for every sequence using

GRC
𝑖
=

1

𝑡obj

𝑡obj

∑
obj=1

Δmin + Δmax
Δ
𝑖
+ Δmax

, (8)

where 𝑡obj is the total number of objectives and Δmin and
Δmax represent the difference between two minimum and
maximum values of an objective in a sequence.

Once the GRC of each sequence is calculated, the MN
then selects the PoA having maximum GRC for handover.
The working of the GRA in proposed scheme is illustrated
in Figure 4.

The working of the best PoA selection among available
PoAs is illustrated in Figure 5. MN with multiple interfaces
is moving inside heterogeneous wireless networks which
decides access network 2 for handover using proposed
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Figure 4: Working of GRA in proposed scheme.
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network selection scheme. Access network 2 further consists
of 5 PoAs. MN is currently connected with PoA number
5 of access network 1 (PoA

𝑁15
). The PoA near to the MN

has greater GRC values because one of the objectives is
throughput which directly depends on RSS level form a PoA.
MN uses GRA on eight different objectives listed above for
PoA selection. The MN found that the PoA number 3 of
access network 2 (PoA

𝑁23
) has greater GRC value among

other PoAs. Thus MN selects PoA
𝑁23

for handover as an
appropriate PoA.

4. Simulation and Results

The proposed scheme is compared with existing schemes
used for reducing false handover indications and network
selection. Extensive simulations were performed to test the
accuracy and performance of the proposed scheme. The
proposed scheme is implemented in C++ language. The
random waypoint mobility model and random movement
trajectory are adopted for MN’s movement across hetero-
geneous networks. We assumed the movement of an MN
across three different networks, that is, WIFI, WiMAX, and
cellular networks.The network selection is tested for different
speeds of MN. The MN selects a network during handover
on the basis of the speed. The values of two thresholds (𝛼

1
)

and (𝛼
2
) are taken as 4 and 7m/s, respectively. Similarly, the

best PoA is selected while assigning random values to each
objective. The range for delay is taken from 10 to 100 (ms)

depending on the number of nodes. The response time is
depending on the availability and distance from a PoA. The
value of jitter is taken from 1 to 10 and its value depends
on the network. The average values of different parameters
like energy consumption, handover delay, frequent and failed
handovers, and packet loss are accumulated and compared
with existing schemes. Table 1 represents different parameters
used in simulation.

The proposed scheme requires less energy compared
to existing schemes [28, 29]. The MN scans only those
networks which are appropriate according to its speed. The
rest of the interfaces are in standby mode and hence a single
interface scanning consumes very less energy compared to
entire interfaces scanning. The existing techniques scan the
available networks through all interfaces during a handover
process.The proposed scheme selects an appropriate network
and hence an MN stays on it for more time. Thus frequent
handovers are also reduced due to which a significant amount
of energy is saved.The energy consumption of an interface for
scanning is computed using following equation:

𝐸 =

𝑛

∑
𝑖=1

𝑃
𝑖
× 𝑡
𝑠
, (9)

where 𝑃
𝑖
is the power required by an MN for scanning of a

PoA of an access network and 𝑡
𝑠
is the time required by an

interface for scanning.The value of 𝑖 is incremented until the
MN finds a new PoA for handover and 𝑛 is the maximum
number of tries for scanning.
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Table 1: Simulation parameters.

Parameter WIFI Cellular WiMAX
Cell radius (m) 100 500 500
Frequency (Hz) 2.47𝑒9 3.5𝑒9 3.0𝑒9

Path loss exponent (𝛽) 4.0 3.0 3.5
Transmission power (dBm) 15 27 25
Threshold (𝛿) (dBm) −60 −64 −64
Speed limit (𝛼) (m/s) >0 & ≤3 ≥4 & ≤6 >6 & ≤10

Figure 6 shows the performance of the proposed scheme
in context of energy consumption against the existing
schemes.

The proposed scheme selects a network on the basis of the
speed of an MN. If the speed of MN is higher than 𝛼

1
, then

selecting a WIFI network will lead to frequent handovers.
Most of the existing schemes do not consider the speed
of MN during network selection which leads to frequent
handovers.Therefore, probability of data and connection loss
increases due to frequent handovers. The proposed scheme
efficiently utilizes the speed parameter for network selection.
We compared proposed scheme with the existing scheme
in context of frequent handovers. The proposed scheme
significantly reduces frequent handovers. Figure 7 shows the
comparison of proposed scheme and existing scheme [31]
for a simulation time of two hours. The proposed scheme
performed very less number of frequent handovers, which
shows its accuracy and strength.

The optimal handover triggering scheme efficiently
reduces the number of failed handovers. The proposed
handover triggering scheme is not affected by too early and
too late handover issues. The proposed scheme triggered
handover on exact time andhence theMNsuccessfully selects
and handover to an appropriate network.The existing scheme
is highly affected by too early and too late handover issues
because of the poor triggering scheme [31]. Most of the
schemes in current literature perform handover on the basis
of RSS, which is not a good criterion for triggering a han-
dover. If MN requests a connection to an overloaded AP/BS,
the AP/BS provided the MN with information whether it has
more space available for new connections or not. Let 𝛾 be the
number of connections on an AP/BS as follows:

𝛾 = 𝛾 +

𝑁

∑
𝑖=1

𝐶
𝑖
, (10)

where 𝛾 represents the number of connections already there
on an AP/BS and 𝐶 represents a new connection arriving on
AP/BS.

The probability of blocking of new connections on an
AP/BS is given by

𝑃Block =
𝐶

∑
𝑖=0

(1 − 𝛽
𝑖+1
) × 𝑃
𝑖
, (11)

where 𝑃
𝑖
is the probability of a channel which is either busy

or available and 𝛽 is the state of an AP/BS whether in open
or closed state. We restrict the boundaries of 𝛽 to either 0
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(open state) or 1 (close state). In open state an AP/BS accepts
new connections and in closed state it does not accept new
connections.

The comparison of failed handovers in proposed scheme
and existing scheme [31] is plotted in Figure 8. The proposed
scheme performs very less number of failed handovers
because of the optimal triggering handover scheme.

The proposed scheme is compared with the existing
scheme in context of packet loss [32]. The proposed scheme
performs very less number of frequent handovers due to
which it suffers from a smaller amount of packet loss.
On the other hand, the existing schemes perform frequent
handovers due to which they experienced high packet loss.
The MN experiences high packet loss due to the frequent
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disconnection. The comparison of the proposed scheme and
existing scheme in context of packet loss is shown in Figure 9.

The existing scheme requires higher handover delay
because of the selection of inappropriate network for han-
dover [33]. When an MN selects an inappropriate network it
either reconnects to the appropriate network or reestablishes
the connection to the current network. This takes a long
time to redirect the traffic from an inappropriate network
and hence an MN suffers from a long handover delay. The
proposed scheme selects a network on the basis of its speed
and it always selects an appropriate network for handover.
The comparison of proposed scheme and existing schemes
compared in context of handover delay is shown in Figure 10.

5. Conclusion

In this research work, we proposed an optimized network
selection scheme based on the speed of an MN in heteroge-
neous wireless networks. We proposed two thresholds on the
speed ofMN.TheMN checks its speed against the predefined
threshold and according to its current speed it selects the
appropriate network. A WIFI network cannot be used for
fast MN’s movement, because of its smaller coverage area
and frequent handover problem. Moreover, the MN only
scans a particular network using a single interface. Thus the
energy consumption during scanning through all interfaces
is significantly reduced. The proposed scheme is compared
with the periodic and adaptive scanning in context of energy
consumption. The proposed scheme outperforms periodic
and adaptive scanning techniques in consumption of energy.
We integrate the functionality of GRA in our scheme to select
the best PoA for better handover performance. Moreover,
the proposed handover triggering mechanism significantly
minimized the number of false handover indications, failed
handover attempts, packet loss ratio, and handover delay.The
simulation results reveal that the proposed scheme achieved
10 to 15% performance gain over existing schemes.
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A semisupervised classification method based on particle swarm optimization (PSO) is proposed. The semisupervised PSO
simultaneously uses limited labeled samples and large amounts of unlabeled samples to find a collection of prototypes (or centroids)
that are considered to precisely represent the patterns of the whole data, and then, in principle of the “nearest neighborhood,” the
unlabeled data can be classified with the obtained prototypes. In order to validate the performance of the proposed method, we
compare the classification accuracy of PSO classifier, k-nearest neighbor algorithm, and support vectormachine on sixUCI datasets,
four typical artificial datasets, and the USPS handwritten dataset. Experimental results demonstrate that the proposed method has
good performance even with very limited labeled samples due to the usage of both discriminant information provided by labeled
samples and the structure information provided by unlabeled samples.

1. Introduction

The particle swarm optimization (PSO) [1, 2], originally
proposed by Eberhart and Kennedy, is a population-based
stochastic search process. It is inspired by the social inter-
action behavior of birds flocking and fish schooling. In the
context of PSO, a swarm refers to a number of potential
solutions to the optimization problem, where each particle
represents a potential solution. The particles fly through the
search space with a velocity that is dynamically adjusted
according to its local information (the cognitive compo-
nent) and neighbor information (the social component),
and trend to fly toward better and better search areas [3].
PSO has been widely applied to acquire the solution to
the machine learning problems involved in various fields
[4, 5]. In the area of machine learning, traditional learning
methods can be divided into two categories: supervised
learning and unsupervised learning. In many of the real-
world applications of machine learning, a certain number
of labeled samples are usually needed to train a classifier so
as to perform the learning process, which is usually named
as the supervised learning, such as the decision tree [6],

support vector machines (SVMs) [7–10], neural network
classifier [11], and the PSO-based classifiers [12–17]. As a
matter of fact, labeled instances are difficult, expensive, and
time consuming to obtain. In cases that only unlabeled
samples are available, the learning can be achieved in an
unsupervised way, such as K-means clustering and fuzzy C-
means clustering. It is often the case that both labeled and
unlabeled samples are available but the labeled samples are
too limited to obtain a favorable performance in supervised
way, while abundant unlabeled samples are easy to obtain.
Therefore, semisupervised learning [18] and reinforcement
learning [19] are introduced and have been proved to be
quite promising. Semisupervised learning tries to improve
the performance via combining limited labeled samples and
large amounts of unlabeled ones to perform the classification.
It has recently become more and more popular among the
variety of problems such as text classification [20], mail
category [21], and human action recognition [22], for which
the labeled samples are highly limited.

The nearest neighbor (NN) classification is one of the
popular classification methods. It is a “lazy” learning method
because it does not train the classifier using labeled training
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data in advance [23]. The nearest neighbor decision rule
assigns an unknown input sample vector to the class label
of its nearest neighbor [24], which is measured in terms
of a distance defined in the feature space. In this space,
each class defines a region, which is called the Voronoi
region [25]. When the distance is defined as the classical
Euclidean distance, the Voronoi regions are delimited by
linear borders. This method can be extended to the K-
nearest neighbors when more than one nearest neighbor is
considered. In addition, some other distance measures other
than the Euclidean distance also can be used.

A further improvement of NN method replaces the
original training data by a set of prototypes that correctly
“represent” the original data [23]. Namely, the classifier
assigns class labels by calculating distances to the prototypes
rather than to the original training data. As the number of
prototypes is much smaller than the total number of original
training data sets, classification of new sample is performed
much faster due to the reduced computational complexity
of the solution (measured by the number of prototypes).
These nearest prototype algorithms are able to achieve better
accuracy of the solution than the basic NN classifiers. An
evolutionary approach to the prototype selection problem
can be found in [26].

PSO has been used in classification in many literatures.
Most of the PSO-based classification methods combine PSO
with an existing machine learning or classification algorithm
such as NN [12, 27], neural network [13], and rough set
theory [28]. In [12], an unsupervised learning algorithm is
proposed byminimizing the distances within clusters. In [13],
an evolutionary approach-based nearest prototype classifier
is introduced. In [27], PSO is applied to find the optimal
positions of class centroids in the feature space of dataset
using the examples contained in the training set.

PSO has shown competitive performance in classification
problem. However, it usually needs many labeled data points
to obtain the optimal positions of class centroids. Semisu-
pervised learning provides a better solution by making full
use of the abundant unlabeled data along with the limited
labeled samples to improve the accuracy and robustness of
class predictions [18], and [29–31]. In this paper, we propose a
semisupervised classification method based on the standard
PSO, namely, semisupervised PSO (SSPSO), in which some
available supervised information and the wealth of unlabeled
data points are simultaneously used to search for the optimal
positions of class centroids. The key point in SSPSO is to
introduce the unlabeled information to the fitness function
of PSO naturally. The advantages of SSPSO can be concluded
as follows: firstly, it is a semisupervised learning method
which can be applied with limited labeled samples; secondly,
with less number of prototypes, the classification of new
patterns will be performed faster; thirdly, SSPSO is able to
achieve competitive or even better accuracy than the basic
NN classifier and SVM.

The rest part of this paper is organized as follows.
In Section 2, the theory of nearest neighbor classification
and PSO is presented. The classification method based on
PSO and our proposed SSPSO are described in Section 3.
Experimental results and analysis on UCI datasets, some

typical artificial datasets, and the USPS handwritten dataset
are shown and discussed in Section 4. Finally, Section 5
concludes this paper.

2. Review of Related Methods

2.1. K-Nearest Neighbor Algorithm. In pattern recognition,
the k-nearest neighbor algorithm (KNN) is a simple method
for classification. KNN is a type of lazy learning where the
function is only approximated locally and all computation
is deferred until classification. The simplest 1-NN algorithm
assigns an unknown input sample to the class of its nearest
neighbor from a stored labeled reference set. Instead of
looking at the closest labeled sample, the KNN algorithm
seeks k samples in the labeled reference set that are closest
to the unknown sample and applies a voting mechanism to
make a decision for label prediction.

Suppose T = {(x
𝑖
, 𝑦
𝑖
)} is the training set, where x

𝑖
∈ R𝑑

denotes the training example in a continuous multidimen-
sional feature space and 𝑦

𝑖
∈ R is class label of x

𝑖
. For 1-NN

classification, the class label of a test sample x ∈ R𝑑 can be
obtained by finding the training example that is the nearest to
x according to some distance metrics, such as the Euclidean
distance in (1), and assigning the class label of this training
sample to it. For KNN classification, the class label of the test
sample can be obtained with a method of majority voting.
Consider






x − x
𝑖






=
√
∑

𝑗
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𝑗
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)
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. (1)

2.2. Particle Swarm Optimization. PSO is based on a swarm
of𝑁 individuals called particles, each representing a solution
to the problem with 𝐷 dimensions. Its genotype consists of
2𝐷 parameters, with the first 𝐷 parameters representing the
coordinates of particle’s position and the latter 𝐷 parameters
being its velocity components in the𝐷-dimensional problem
space, respectively. Besides the two basic properties, the fol-
lowing properties exit: a personal best position pbest

𝑖
of each

particle in the searching space and the global best position
gbest of the whole swarm. A fitness function corresponding
to the problem is used to evaluate the “goodness” of each
particle. Given a randomly initial position and velocity, the
particles can be updated with the following:

k
𝑖
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1
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1
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p(𝑡+1)
𝑖

= p(𝑡)
𝑖
+ k(𝑡+1)
𝑖
, (3)

where p(𝑡)
𝑖

and k(𝑡)
𝑖

are the position and velocity of the 𝑖th
particle at the 𝑡th iteration, respectively. The two positive
factors 𝑐

1
and 𝑐
2
, known as the cognitive and social coef-

ficients, control the contributions of the best local solution
pbest

𝑖
(cognitive component) and the global best solution

gbest (social component), respectively. 𝑟
1
and 𝑟

2
are two

independent random variables within [0, 1]. The inertia
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Figure 1: The distributions of the artificial datasets used in the experiment: (a) long1, (b) sizes5, (c) square1, and (d) square4.

weight factor 𝜔 is used to control the convergence of the
swarm. In this paper, a nonlinear changing inertia factor
for PSO and SSPSO is used as [32], which is shown in the
following:

𝜔 = 𝜔max −
(𝜔max − 𝜔min) 𝑡

𝑇max
, (4)

where 𝑇max is the maximum number of iterations and 𝑡
is the current number of iteration. Note that, during the
iteration, every dimension of the velocity is defined in the
range [−𝑉max, 𝑉max] to limit the maximum distance that a
particle will move.

3. Semisupervised Particle Swarm
Optimization for Classification

In the context of PSO-based classification on the dataset X
with 𝐶 classes and 𝐷 attributes, classification problem can
be seen as that of searching for the optimal positions for the
𝐶 centroids of data clusters in a 𝐷-dimensional space with
the labeled samples [23]. Then, NN method is applied as the

classifier that assigns class labels by calculating distances to
the centroids to classify the unlabeled instances.

Data to be classified are a set of samples which are
defined by continuous attributes, and the corresponding class
is defined by a scalar value. Different attributes may take
values in different ranges. To avoid one of attributes with large
value dominating the distance measure, all the attributes are
normalized to the range [0, 1] before classification.

As a particle demotes a full solution to the classification
of data with 𝐷 attributes and 𝐶 classes, 𝐶 centroids are
encoded in each particle. A centroid corresponds to a class,
so it is defined by 𝐷 continuous values for the attributes.
Table 1 describes the structure of a single particle’s position.
Centroids are encoded sequentially in the particle, and a
separate array determines the class of each centroid. Namely,
the class for each centroid is defined by its position inside
the particle. The total dimension of the position vector is
𝐷 ∗ 𝐶, and similarly the velocity of the particle is made
up of 𝐷 ∗ 𝐶 real numbers representing its 𝐷 ∗ 𝐶 velocity
components in the problem space. To simplify the notation
for representation, we denote p

𝑘,𝑖
as the 𝑘th class centroid

vector p((𝑘 − 1) ∗ 𝐷 + 1 : 𝑘 ∗ 𝐷) encoded in the 𝑖th particle.
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Table 1: Encoding of a set of centroids in a particle for PSO.

Centroid 1 ⋅ ⋅ ⋅ Centroid k ⋅ ⋅ ⋅ Centroid C
Position 𝑝(1 : 𝐷) ⋅ ⋅ ⋅ 𝑝((𝑘 − 1) ∗ 𝐷 + 1 : 𝑘 ∗ 𝐷) ⋅ ⋅ ⋅ 𝑝((𝐶 − 1) ∗ 𝐷 + 1 : 𝐶 ∗ 𝐷)

Class 1 ⋅ ⋅ ⋅ k ⋅ ⋅ ⋅ C

5 10 15 20 25 30
0.9992

0.9993

0.9994

0.9995

0.9996

0.9997

0.9998

0.9999

1

Number of labeled samples

Ac
cu

ra
cy

SSPSO
PSO

NN
SVM

(a)

5 10 15 20 25 30
0.92

0.93

0.94

0.95

0.96

0.97

0.98

Number of labeled samples

Ac
cu

ra
cy

SSPSO
PSO

NN
SVM

(b)

5 10 15 20 25 30 35 40
0.94

0.945

0.95

0.955

0.96

0.965

0.97

0.975

0.98

0.985

Number of labeled samples

Ac
cu

ra
cy

SSPSO
PSO

NN
SVM

(c)

5 10 15 20 25 30 35 40
0.82

0.84

0.86

0.88

0.9

0.92

0.94

Number of labeled samples

Ac
cu

ra
cy

SSPSO
PSO

NN
SVM

(d)

Figure 2: Classification results on the artificial dataset with different algorithms: (a) long1, (b) sizes5, (c) square1, and (d) square4.
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Figure 3: Classification results on the UCI datasets with different algorithms: (a) Heart (2 classes); (b)Wine (3 classes); (c)Thyroid (3 classes);
(d) Tae (3 classes); (e) SPECT (2 classes); (f) Wdbc (3 classes).
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Fitness function plays an important role in PSO. A good
fitness function can quickly find the optimization positions
of the particles. In [26], the fitness function 𝜓 of the classical
PSO classification method is computed as the sum of the
Euclidean distances between all the training samples and the
class centroids encoded in the particle they belong to. Then,
the sum is divided by 𝑙, which is the total number of training
samples. The fitness of the 𝑖th particle is defined as

𝜓 (p
𝑖
) =

1

𝑙

⋅

𝑙

∑

𝑗=1

𝑑 (x
𝑗
, p
𝐶𝐿(𝑗),𝑖

) , (5)

where 𝐶𝐿(𝑗) denotes the class label of the training sample x
𝑗
,

p
𝐶𝐿(𝑗),𝑖

denotes the centroid vector of the class𝐶𝐿(𝑗) encoded
in the 𝑖th particle, and 𝑑(x

𝑗
, p
𝐶𝐿(𝑗),𝑖

) is the Euclidean distance
between the training sample x

𝑗
and the class centroid p

𝐶𝐿(𝑗),𝑖
.

Equation (5) only considers the labeled samples which are
used to provide the discriminant information. However, in
the case that the labeled samples are limited, the labeled
samples are too few to represent the real distribution of
dataset, while the abundant unlabeled samples are often
available and may be helpful to capture the real geometrical
structure of the whole dataset. To take full advantage of the
existing unlabeled samples, wemodify the fitness function by
introducing the structure information of unlabeled samples
to the original fitness function of PSO classifier. With the
assumption of NN method that the neighborhood samples
should have the same labels, we propose to use a new fitness
function in our proposed SSPSO as follows:

𝜓 (p
𝑖
) = 𝛽 (

1

𝑙

𝑙

∑

𝑗=1

𝑑 (x
𝑗
, p
𝐶𝐿(𝑗),𝑖

)) + (1 − 𝛽)

× (

1

𝑢

𝑢

∑

𝑘=1

min {𝑑 (x
𝑘
, p
1,𝑖
) ,

𝑑 (x
𝑘
, p
2,𝑖
) , . . . , 𝑑 (x

𝑘
, p
𝐶,𝑖
)}) ,

(6)

where 𝜓(p
𝑖
) is the fitness value of the 𝑖th particle; 𝛽 is a

weight factor in the range between [0, 1], which controls the
ratio of information obtained from the labeled and unlabeled
samples; 𝑢 is the number of the unlabeled samples X

𝑈
; and

𝑙 is the number of labeled samples X
𝐿
. The first term on the

left side of the fitness function is the discriminate constraint,
which means that a good classifier should have a better result
on the labeled samples. The second term is the structure
constraint, which is helpful to find the real distribution of the
whole dataset so as to improve the classification performance.
When 𝛽 = 1, we obtain the standard PSO algorithm, and
when 𝛽 = 0, we can obtain an unsupervised PSO clustering
method.

The detailed process of the proposed SSPSO is as follows.

Input. The labeled dataset is X
𝐿
= {x

1
, x
2
, . . . , x

𝑙
} and

the corresponding labels set is Y
𝐿
= (𝑦
1
, 𝑦
1
, . . . , 𝑦

𝑙
)

𝑇; the
unlabeled dataset is X

𝑈
= {x
1
, x
2
, . . . , x

𝑢
}.

Output. The labels of the unlabeled samples.

Step 1. Load training dataset and unlabeled samples.

Step 2. Normalize the dataset.

Step 3. Initialize the swarm with 𝑁 particles by randomly
generating both the position and velocity vectors for each
particle with the entry value between the range [0, 1]. It is
noticed that the dimension of each particle equals the product
of the number of attributes𝐷 and the number of classes 𝐶.

Step 4. Iterate until the maximum number of iterations is
reached.

Substep 1. Calculate the fitness value 𝜓(p(𝑡)
𝑖
) for each particle

with (6).

Substep 2. Update the best fitness value 𝜓(pbest(𝑡)
𝑖
) and the

best particle of 𝑖th particle pbest(𝑡)
𝑖
; that is, if 𝜓(p(𝑡)

𝑖
) <

𝜓(pbest(𝑡)
𝑖
), then 𝜓(pbest(𝑡)

𝑖
) = 𝜓(p(𝑡)

𝑖
), and pbest(𝑡)

𝑖
= p(𝑡)
𝑖
.

Substep 3. If necessary, update the global best particle
gbest(𝑡); that is, b(𝑡) = arg minp(𝑡){𝜓(p

(𝑡)

1
), 𝜓(p(𝑡)

2
), . . . , 𝜓(p(𝑡)

𝑁
))

if 𝜓(b(𝑡)) < 𝜓(gbest(𝑡)), then 𝜓(gbest(𝑡)) = 𝜓(b(𝑡)) and
gbest(𝑡) = b(𝑡).

Substep 4. Update particles’ velocity with (2).

Substep 5. Update particles’ position with (3).

Substep 6. Update the inertia factor 𝜔 with (4).

Step 5. Use the NN method to obtain the labels of the unla-
beled samplesX

𝑈
with the optimum centroids represented by

gbest.
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Figure 5: Digit recognition on the USPS dataset with different algorithms. (a) Digits “0” and 8,” (b) digits “3,” “5,” and “8,” (c) digits “3,” “8,”
and “9,” and (d) digits “1,” “2,” “3,” and “4.”

4. Experimental Results and Analysis

In this section, we assess our proposed method SSPSO
on six UCI datasets, four artificial datasets, and the USPS
handwritten dataset. The datasets have different attributes
and classes, involving different problems including balanced
and unbalanced ones.

To evaluate the performance of SSPSO, we make com-
parisons of the classification results with the PSO-based
classifier, the traditional NN classifier, and the classical SVM

classifier. In order to compare the algorithms reasonably, all
the parameters of PSO and SSPSO are selected to make them
obtain the best results. The parameter settings are as follows.
The inertia weight factor𝜔 used in PSO and SSPSO decreases
linearly from0.9 to 0.4. Both 𝑐

1
and 𝑐
2
are set to 2.The velocity

is defined in the range [−0.05, 0.05]. The swarm scale𝑁 is set
to 20 and the maximum number of iterations 𝑇max is 1000.
The parameters of SVM with Gaussian kernel function are
selected by using the gridding search method on the training
dataset.
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Figure 6: {3, 5, and 8} digit recognition on the USPS dataset by
SSPSO with different numbers of unlabeled samples.

In addition, we analyze the effect of the number of
unlabeled samples on the classification accuracy on USPS
dataset. In order to test the robustness of the parameter
𝛽 in the fitness function to the classification performance,
we conduct experiments on UCI datasets with different
values of 𝛽 and analyze the effect of 𝛽 on the classification
performance.

4.1. Artificial Two-Dimension Problems. To test the feasibility
of SSPSO for classification, the proposed method is first
conducted on four artificial two-dimension datasets, that is,
long1, sizes5, square1, and square4. The details are shown in
Table 2, and the distributions of the four datasets are shown
in Figure 1.

In the experiments, for the first two datasets, we randomly
select 1∼30 labeled samples per class as the training data, and
for the last two datasets we randomly select 5∼40 labeled
samples per class as the training set, and the rest are used
as the test set. Figure 2 plots the curves of accuracy with
respect to the number of labeled samples, which shows
the average results over 100 runs of the proposed SSPSO
comparing with PSO, NN, and SVM on the four datasets.
The weight factor 𝛽 in the fitness function of SSPSO (in
(6)) is selected as 0.5. From Figure 2, it can be observed
that SSPSO can obtain favorable classification results on the
four datasets, which means that SSPSO is feasible for the
classification problem. Among the four datasets, long1 is the
easiest to classify, on which all the four methods acquire
100% classification accuracy when the number of labeled
samples per class exceeds 10. But when the labeled instances
are few, for example, only 3 instances per class are labeled,
PSO, NN, and SVM cannot classify all the test data correctly,
while SSPSO can still obtain 100% classification accuracy.
In Figure 2(b), the performance difference among SSPSO,
NN, and SVM is not noticeable when the number of labeled
samples per class is up to 15, but when the number of labeled
instances is small, for example, less than 10, SSPSO can obtain
obvious better accuracy than the other methods. It is because
SSPSO utilizes the information of unlabeled instances which
is helpful to capture the global structure. For square1 and

Table 2: Artificial datasets used in experiments.

Data Class
number

Attribute
number Instance number Normalization

long1 2 2 500/500 Yes
sizes5 3 2 77/154/769 Yes
square1 4 2 250/250/250/250 Yes
square4 4 2 250/250/250/250 Yes

Table 3: UCI datasets used in experiments.

Data Class Attributes Instances Normalization
Heart 2 13 150/120 Yes
Wine 3 13 59/71/48 Yes
Thyroid 3 5 150/35/30 Yes
Tae 3 5 49/50/52 Yes
SPECT 2 22 267 Yes
Wdbc 3 30 357/212 Yes

square4 datasets, the superiority of SSPSO is more apparent;
that is, for all the training scenarios, the best performance is
achieved by the proposed method.

4.2. UCI Dataset. To further investigate the effectiveness of
SSPSO for classification, we also conduct the experiments on
six real-life datasets with different numbers of attributes and
classes from the UCI machine learning repository [33]. The
description of the datasets used in experiments is given in
Table 3.

For datasets with 2 classes, we randomly select 1∼15
labeled samples per class as the training data, and, for datasets
with 3 classes, we randomly select 1∼10 labeled samples per
class as the training data, and the rest are used as the test
set. The results are averaged over 100 runs. The weight factor
𝛽 in the fitness function of SSPSO (in (6)) is selected as
0.5. Figure 3 shows the classification accuracy with different
numbers of training samples on the 6 datasets.

From Figures 3(a), 3(b), 3(c), and 3(e), it can be observed
that the proposed SSPSOmethodoutperforms the other three
methods on the Heart, Wine, Thyroid, and SPECT datasets,
especially when the number of the labeled samples per class
is small. It is because that SSPSO uses the information of
available unlabeled data which is of benefit to the classifica-
tion.With the increase of the labeled samples, the superiority
becomes weak. From Figure 3(d), it is seen that SSPSO can
obtain comparative accuracy with the other three methods.
From Figure 3(f), SSPSO is slightly better than SVM, but
it is much better than PSO and NN methods. Therefore,
it can be concluded that SSPSO works well for some real-
life classification tasks especially in the case that the labeled
samples are highly limited.

From an evolutionary point of view, in Figure 4 we report
the behavior of a typical run of SSPSO in terms of the best
individual fitness and average fitness in the population as a
function of the number of iterations. It is carried out on the
Thyroid database. As can be seen, SSPSO shows two phases.
In the first phase with about 50 iterations, the fitness value
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Figure 7: Classification accuracy as a function of 𝛽 in SSPSO on (a) Thyroid and (b) Heart.

decreases sharply, starting from 0.6712 for the best and 0.9192
for the average, and reaching about 0.2305 for the best and
0.2356 for the average.Then, the second phase follows, lasting
about 50 iterations, in which both the best and the average
fitness values decrease slowly and tend to become closer and
closer, until they reach 0.2231 and 0.2247, respectively. And
then the average and the best fitness values becomemore and
more similar. Finally, both the two values get to 0.2230.

4.3. USPS Digital Recognition. We also conduct experiments
on the USPS handwritten digits dataset to test the perfor-
mance of SSPSO. This dataset consists of 9298 samples with
10 classes and each sample has the size of 16×16 pixels. Firstly,
we apply the principal component analysis on the dataset for
feature extraction and select the first 10 principle components
as the new features.

We consider four subsets of the dataset in the experiment,
that is, the images of digits 0 and 8, with 2261 examples in
total, the images of digits 3, 5, and 8, with 2248 examples in
total, the images of digits 3, 8, and 9, with a total number
of 2429 examples, and the images of digits 1, 2, 3, and 4,
with a total number of 3874 examples. We randomly select
1∼10 samples per class, respectively, as the training data,
and randomly select 200 unlabeled samples to construct the
unlabeled sample set X

𝑈
, which is used for semisupervised

learning.The weight factor 𝛽 in the fitness function of SSPSO
(in (6)) is selected as 0.7.

The recognition results averaged over 100 independent
trials are summarized in Figure 5, where the horizontal axis
represents the number of randomly labeled digital images
per class in the subset, and the vertical axis represents

the classification accuracy. From Figure 5(a), it is shown that
when the number of labeled samples per class is below 14,
SSPSO can obtain comparable performance with SVM and
KNN and be better than PSO. In particular, SSPSO can
outperform the other methods when the labeled samples are
few. For the results on the USPS subset of digits 3, 5, and 8
and the subset of digits 3, 8, and 9, shown in Figures 5(b)
and 5(c), respectively, one can clearly see that SSPSOmethod
outperforms SVM and is much better than KNN and PSO
methods when the number of labeled samples is small. In
Figure 5(d), SSPSO still works better than the other methods
but the superiority of the proposed SSPSO over the other
methods decrease with the increase of labeled samples.

4.4. The Sensitivity Analysis of the Number of Unlabeled
Samples. In this section, we validate the effect of the number
of the unlabeled samples on the classification accuracy. This
experiment is carried on the subset of the USPS dataset
with the digit images of 3, 5, and 8. We vary the size of
the unlabeled set X

𝑈
to be 10, 50, 100, 200, 400, and 600.

Figure 6 illustrates the classification accuracy as the function
of the size of the unlabeled set and the number of labeled
samples. From Figure 6, one can see that the number of
the unlabeled samples affects the accuracy slightly when the
number of the labeled samples is small. The plot with 10
unlabeled samples gets much lower accuracy than the other
plots, which indicates that the number of unlabeled samples
used should not be too small. With the increase of the size of
X
𝑈
, SSPSO can obtain better classification accuracy because

the proposed method can capture the real structure of the
whole dataset more precisely with more unlabeled samples,
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but the gaps between the plots of SSPSOwith different sizes of
X
𝑈
become very small. It is noted from the above experiment

that, for an unlabeled dataset X
𝑈
with a certain scale, when

more unlabeled data are added, the classification accuracy
of SSPSO may increase a bit, but it will also bring higher
computation cost. So in the experiments, 100 to 200 unlabeled
samples are proper to use for SSPSO.

4.5. The Sensitivity Analysis of the Parameter 𝛽. 𝛽 in fitness
function is an important parameter in our proposed SSPSO,
which controls the contributions of information obtained
from the labeled and unlabeled samples to the classification.
In this section, we will analyze the sensitivity of 𝛽 in SSPSO.
The experiments are conducted on two UCI datasets, that is,
Thyroid andHeart. We randomly select 5 samples per class to
form the labeled dataset, and the rest are used for test. The
mean results over 100 times of randomly selected training
datasets with different values of 𝛽 are shown in Figure 7.

From Figures 7(a) and 7(b), it can be observed that with
different values of 𝛽, SSPSO is not always better than NN and
SVM methods. When 𝛽 is small, SSPSO may obtain a bad
performance; that is, the accuracy ismuch lower thanNNand
SVM. When the value of 𝛽 is small, the effect of the labeled
samples is weakened while the effect of the unlabeled samples
is strengthened, which is much more like the unsupervised
learning. With the increase of 𝛽, the accuracy raises sharply.
After𝛽 gets to 0.4 for theThyroid dataset and 0.5 for theHeart
dataset, the performance keeps stable and even decreases
more or less. To balance the effects of the labeled instances
and the available unlabeled instances, 𝛽 is set to 0.5 in our
experiments.

5. Conclusions

In this paper, a semisupervised PSOmethod for classification
has been proposed. PSO is used to find the centroids of
the classes. In order to take advantage of the amount of
unlabeled instances, a semisupervised classification method
is proposed based on the assumption that near instances
in feature space should have the same labels. Since the
discriminative information provided by the labeled samples
and the global distribution information provided by the large
number of unlabeled samples is used to find a collection of
centroids, SSPSO obtains better performance than traditional
PSO classification method. In the experiments, four artificial
datasets, six real-life datasets from the UCI machine learning
repository, and the USPS handwritten dataset are applied to
evaluate the effectiveness of the method. The experimental
results demonstrated that our proposed SSPSO method has
a good performance and can obtain higher accuracy in
comparison to the traditional PSO classificationmethod, NN
method, and SVM when there are only few labeled samples
available.
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One of the major advantages of stochastic global optimization methods is the lack of the need of the gradient of the objective
function. However, in some cases, this gradient is readily available and can be used to improve the numerical performance of
stochastic optimizationmethods specially the quality and precision of global optimal solution. In this study, we proposed a gradient-
basedmodification to the cuckoo search algorithm, which is a nature-inspired swarm-based stochastic global optimizationmethod.
We introduced the gradient-based cuckoo search (GBCS) and evaluated its performance vis-à-vis the original algorithm in solving
twenty-four benchmark functions. The use of GBCS improved reliability and effectiveness of the algorithm in all but four of the
tested benchmark problems. GBCS proved to be a strong candidate for solving difficult optimization problems, for which the
gradient of the objective function is readily available.

1. Introduction

Theuse of stochastic global optimizationmethods has gained
popularity in a wide variety of scientific and engineering
applications as those methods have some advantages over
deterministic optimization methods [1]. Those advantages
include the lack of the need for a good initial guess and
the ability to handle multimodal and nonconvex objective
functions without the assumptions of continuity and differ-
entiability. In addition, one of the important advantages is
the lack of the need for information about the gradient of the
objective function. Gradient-free optimization methods can
be either deterministic or stochastic, but their applications
can be found in many disciplines [2]. In many applications,
however, the gradient of the objective function is already
available or easily obtainable. Yet, this valuable piece of
information is entirely ignored by traditional stochastic
optimization methods. However, for the functions whose
gradient is available, the use of the gradient may improve the
reliability and efficiency of the stochastic search algorithm.
In particular, the quality and precision of solutions obtained
with gradient-based optimizationmethods outperform those

obtained with traditional stochastic optimization methods.
For a wide variety of engineering applications, it is needed
to obtain solutions with a high precision and, therefore, the
conventional stochastic optimization methods may fail to
satisfy this requirement.

Until now, several stochastic methods have been pro-
posed and investigated in challenging optimization prob-
lems using continuous variables and they include simulated
annealing, genetic algorithms, differential evolution, parti-
cle swarm optimization, harmony search, and ant colony
optimization. In general, these methods may show different
numerical performances and, consequently, the search for
more effective and reliable stochastic global optimization
methods is currently an active area of research. In partic-
ular, the cuckoo search (CS) [3] is a novel nature-inspired
stochastic optimization method. This relatively new method
is gaining popularity in finding the global minimum of
diverse science and engineering application problems [4–8].
For example, it was recently used for the design of integrated
power systems [5] and solving reliability-redundancy alloca-
tion [6], phase equilibrium [7], and mobile-robot navigation
[8] problems. CS was selected to test the concept of using the
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gradient as a source of new information that guides cuckoos
in their search.

Therefore, in this study, a simple modification was done
to the CS algorithm to make use of the gradient information
and enhance the reliability and efficiency of the algorithm.
The aim of this work is to present a modification to the
existing CS algorithm based on the gradient of the objective
function and to evaluate its performance in comparison
with the original algorithm. The remainder of this paper is
divided as follows. Section 2 introduces the cuckoo search
algorithm. Section 3 introduces the proposed modification
and our new gradient-based cuckoo search (GBCS) algo-
rithm. The numerical experiments performed to evaluate
the modification are presented in Section 4. The results of
the numerical experiments are presented and discussed in
Section 5. Section 6 summarizes the conclusions of the work.

2. Cuckoo Search (CS) Algorithm

CS is a nature-inspired stochastic global optimization
method that was developed by Yang and Deb [3, 9]. Its
concept comes from the brood parasitism behavior of the
cuckoo bird. Specifically, brood parasitism is a reproductive
strategy followed by cuckoos in which they lay their eggs in
the nests of other birds, which are usually other species. If
these eggs are discovered by the host bird, it may abandon
the nest completely or throw away the alien eggs.This natural
phenomenonhas led to the evolution of cuckoo eggs tomimic
the egg appearance of local host birds. The following rules
have been employed in the search algorithm to implement
those concepts: (1) one egg is laid by each cuckoo in a
random nest and it represents a set of solution coordinates,
(2) the best eggs (i.e., solutions) are contained in a fraction
of the nests and will carry over to the next generation, and
(3) the number of nests is fixed and a host bird can find
an alien egg with a specified probability 𝑝

𝑎
∈ [0, 1]. If

this condition occurs, the host bird can discard the egg or
abandon the nest, and a new nest will be built elsewhere. For
algorithm simplicity, this condition has been implemented
in CS assuming that a fraction 𝑝

𝑎
of 𝑛 nests is replaced by

new nests. The pseudocode of CS is reported in Algorithm 1
and details of this metaheuristic are reported in [3]. Note
that Lévy flights are used in CS for performing effectively
both local and global searches in the solution domain. A Lévy
flight is a randomwalk (i.e., a trajectory that consists of taking
successive random steps) and is characterized by a sequence
of sudden jumps, which are chosen from a probability density
function that has a power law tail. In fact, Lévy flight is
considered as the optimum random search pattern and has
been useful in stochastic simulations of random natural
phenomena including applications of astronomy, physics,
and biology. To generate a new egg in CS, a Lévy flight is
performed using the coordinates of an egg selected randomly.
This step can be represented by

𝑥
𝑡+1

𝑖
= 𝑥
𝑡

𝑖
+ 𝛼 ⊕ Lévy (𝜆) , (1)

where ⊕ denotes entry-wise multiplication, 𝛼 is the step size,
and Lévy (𝜆) is the Lévy distribution. Egg is displaced to this

new position if the objective function value is found better
than another randomly selected egg. The step size 𝛼 controls
the scale of random search and depends on scales of the
optimization problems under analysis.

A fraction (1-𝑝
𝑎
) of the nests selected at random is

abandoned and replaced by new ones at new locations via
local random walks. The local random walk can be written
as

𝑥
𝑡+1

𝑖
= 𝑥
𝑡

𝑖
+ 𝛼 (𝑥

𝑡

𝑗
− 𝑥
𝑡

𝑘
) , (2)

where 𝑥𝑡
𝑗
and 𝑥𝑡
𝑘
are two different solutions selected randomly

by random permutation and 𝛼 is a random number drawn
from a uniform distribution. An advantage of CS over genetic
algorithm, particle swarm optimization, and other stochastic
optimization methods is that there is only one parameter to
be tuned, namely, the fraction of nests to be abandoned (1-𝑝

𝑎
).

However, Yang and Deb [3, 9] found that the results obtained
for a variety of optimization problems were not so dependent
on the value of 𝑝

𝑎
and suggested using 𝑝

𝑎
= 0.25.

3. Gradient-Based Cuckoo Search
(GBCS) Algorithm

The purpose of this section is to introduce the simple
modification of the original CS algorithm to incorporate
information about the gradient of the objective function. Any
modification to algorithm should not change its stochastic
nature so as not to negatively affect its performance. A
modification was made to the local random walk in which
a fraction (1-𝑝

𝑎
) of the nests are replaced (2). In the original

algorithm, when new nests are generated from the replaced
nests via a random step, the magnitude and the direction
of the step are both random. In the modified algorithm,
the randomness of the magnitude of the step is reserved.
However, the direction is determined based on the sign of
the gradient of the function. If the gradient is negative, the
step direction is made positive. If the gradient is positive, the
step direction ismade negative.Thus, new nests are generated
randomly from the worse nests but in the direction of the
minimum as seen from the point of view of the old nests.
Thus, (2) is replaced by

step
𝑖
= 𝛼 (𝑥

𝑡

𝑗
− 𝑥
𝑡

𝑘
) ,

𝑥
𝑡+1

𝑖
= 𝑥
𝑡

𝑖
+ step

𝑖
⊗ sign(−

step
𝑖

𝑑𝑓
𝑖

) ,

(3)

where sign function obtains the sign of its argument and 𝑑𝑓
𝑖

is the gradient of the objective function at each variable, that
is, 𝜕𝑓/𝜕𝑥

𝑖
.

This simplemodification does not change the structure of
the CS algorithm but makes important usage of the available
information about the gradient of the objective function. No
additional parameter is needed to implement this change.

4. Numerical Experiments

Twenty-four classical benchmark functions were used to
evaluate the performance of GBCS as compared to the
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begin
Objective function 𝑓(𝑥)
Generate initial population of 𝑛 host nests 𝑥

𝑖

while (t <MaxGeneration)
Get a cuckoo randomly by Lévy flights
Evaluate its quality/fitness
Choose a nest among n (say, j) randomly
If (𝐹
𝑖
> 𝐹
𝑗
)

Replace j by the new solution
end
A fraction (1 − 𝑝

𝑎
) of nests are abandoned at random and new ones are built via random walk

Keep the best solutions
Rank the solutions and find the current best

end while
Postprocess results

end

Algorithm 1: Simplified algorithm of the cuckoo search algorithm.

original CS. These problems were chosen from amongst
a list of forty-one functions. All forty-one functions were
screened first by performing five optimization runs with both
CS and GBCS. Functions for which both CS and GBCS
performed extremely well with no significant difference in
the results were deemed not suitable for comparison and
excluded from the evaluation. Since CS is already a high-
performance global optimizer, the excluded functions were
not suitable for showing the differences between the two
algorithms. Table 1 lists the twenty-four benchmark functions
used for the evaluation of the two algorithms along with their
derivatives and the search domain. The number of variables,
the number of iterations used, and the value at the global
minimum for each problem are shown with the results in
Table 2.

Note that the benchmark functions used include three
stochastic test functions. Most deterministic algorithms such
as Nelder-Mead downhill simplex method would fail with
those stochastic functions [9]. However, the inclusion of
those stochastic functions in the present evaluation is to
ensure that the modification of the stochastic method not
only preserves its stochastic nature and ability to solve
stochastic functions but also improves the performance
of minimization algorithm. The stochastic functions were
developed by turning three deterministic functions (Cube,
Rosenbrock, and Griewank) into stochastic test functions
by adding a stochastic vector 𝜀 drawn from a uniform
distribution in ∈ [0, 1] [9].

The twenty-four problems constitute comprehensive test-
ing for the reliability and effectiveness of the suggested
modification to the original CS. Eight functions have two
variables only and their surface plots are shown in Figure 1.

Each test function was run for thirty times on MATLAB
on an HP Pavilion dv6 laptop with Core i7 processor.
The function value was recorded at every iteration and the
average and standard deviation for the thirty runs were
calculated at every iteration. The maximum number of
iterations was 1000 for functions with 2 variables and 5000

for functions with 50 variables. The population size for the
cuckoo swarm was 100. The only parameter used in the
original CS, 𝑝

𝑎
, was kept constant at a value of 0.25. The

MATLAB code for all the functions and their derivatives
is available online at http://dx.doi.org/10.1155/2014/493740 as
supplementary material to this paper.

5. Results and Discussion

As stated, each of the numerical experiments was repeated
30 times with different random seeds for GBCS and for the
original CS algorithm. The value at each iteration for each
trial was recorded. The mean and the standard deviation of
the function values were calculated at each iteration. The
progress of the mean values is presented in Figures 2–4 for
each function and a brief discussion of those results follows.
The total CPU time for running the two algorithms for 30
times on each problem varied depending on the problem’s
number of variables and the number of iterations used. CPU
time ranged from 38.27min for two-variable problems to
91.03min for fifty-variable problems.

The Ackley function has one minimum only, which was
obtained using the two methods, as shown in Figure 2(a).
However, GBCS is clearly more effective than CS in reaching
the minimum at less number of iterations. The improvement
in performance was also clear with the Beale function
(Figure 2(b)). Beale has one minimum only, which was
obtained satisfactory by the two methods. This pattern of
behavior was also observed for the booth function; GBCS
was significantly more effective than the CS as it reached the
global optimumwithin a tolerance of 10−32 in less than half of
the number of iterations of CS, as shown in Figure 2(c). The
first three functions are relatively easy to optimize; the global
optima were easily obtained.

The cross-leg table function is a difficult one to minimize.
Its value at the global minimum is −1. Both algorithms
have not been able to reach the global minimum. Yet,
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Figure 1: Surface plots of the two-variable benchmark functions used in this study: (a) Ackley, (b) Beale, (c) Booth, (d) cross-leg table, (e)
Himmelblau, (f) Levy 13, (g) Matyas, and (h) Schaffer functions.
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Table 2: Values of the meanminima and standard deviations obtained by the CS and GBCS algorithms compared with the value of the global
minima of the twenty-four benchmark problems.

Number Benchmark
function

Number of
variables

Global
min.

Number of
iterations

GBCS CS
Mean Std. Dev. Mean Std. Dev.

1 Ackley 2 0 1000 0 0 2.2204E-16 6.7752E-16
2 Beale 2 0 1000 0 0 5.7891E-30 1.2165E-29
3 Booth 2 0 1000 0 0 0 0
4 Cross-leg table 2 −1 1000 −1.1463E-2 7.672E-3 −6.2704E-3 3.6529E-3
5 Himmelblau 2 0 1000 1.7058E-28 2.836E-28 2.5958E-19 5.3451E-19
6 Levy 13 2 0 1000 1.3498E-31 6.6809E-47 1.3498E-31 6.6809E-47
7 Matyas 2 0 1000 2.7691E-54 4.728E-54 2.0407E-38 5.0616E-38
8 Schaffer 2 0 3000 0 0 7.4015E-18 1.9193E-17
9 Powell 4 0 1000 1.8694E-8 3.5848E-8 1.6296E-13 3.4802E-13
10 Power sum 4 0 1000 1.8328E-4 1.6761E-4 2.5432E-4 1.8167E-4
11 Shekel 5 4 −10.536 200 −10.536 1.6289E-5 −10.536 1.8421E-2
12 Wood 4 0 1000 2.3726 2.2208 0.40838 0.337
13 Cube 5 0 5000 1.2567 0.86542 5.782E-8 2.5596E-7
14 Stochastic cube 5 0 5000 7.7438 6.9815 6.4369 5.0292
15 Sphere 5 0 1000 2.5147E-38 5.1577E-38 1.1371E-21 1.2967E-21
16 Hartmann 6 −3.3224 200 −3.3224 4.3959E-10 −3.3215 6.0711E-4
17 Dixon-price 50 0 5000 4.7094E-2 1.6904E-1 6.6667E-1 2.6103E-6
18 Griewank 50 0 5000 0 0 3.3651E-10 9.4382E-10

19 Stochastic
Griewank 50 0 5000 7.2758E-13 2.8579E-12 6.9263 2.0451

20 Michaelwicz 50 5000 −32.263 1.3729 −27.383 1.3551
21 Rosenbrock 50 0 5000 0.97368 0.5885 35.286 3.7012

22 Stochastic
Rosenbrock 50 0 5000 58.599 19.122 4894.4 4678.3

23 Trigonometric 50 0 5000 5356.0 4536.0 19435 4033.7
24 Zacharov 50 0 5000 6.5769 1.3288 27.031 5.2748

GBCS performed significantly better than CS, as shown in
Figure 2(d). On the other hand, both algorithms were able
to identify the global minimum of the Himmelblau function.
Figure 2(e) shows the evolution of the mean best values.
GBCS performed more effectively than CS. Both algorithms
were also able to identify the minimum of the Levy 13 func-
tion (Figure 2(f)). However, GBCS was significantly more
effective than CS. This pattern was repeated with the Matyas
function, as shown in Figure 2(g).

The Schaffer function is multimodal. Both GBCS and CS
failed to converge to the global minimum within the 10−10
tolerance at 1000 iterations. Running both algorithms to 3000
iterations resulted in GBCS reaching the global optimum,
while CS not, as shown in Figure 2(f). Schaffer function
concludes the 2-variable functions. GBCS performed better
than CS in all of them.

The Powell function has four variables. The evolution of
the mean best values of CS and GBCS, plotted in Figure 3(a),
showed that performance of CS was better than GBCS,
although they were close to the global minimum. Powell is
one of the few test functions, for which the use of the gradient
did not improve the performance of the CS algorithm.

Minor improvements were observed with the power sum
and the Shekel 5 functions. Power sum’s global optimum was
not obtained by the two algorithms, as shown in Figure 3(b),
as both algorithms seem to be trapped in a local minimum.
For the Shekel 5 function, Figure 3(c), the global optimum
was easily optimized, with minor improvement in perfor-
mance for the GBCS algorithm. The global optimum for the
Wood function, which has four variables as well, was not
achieved by both algorithms within 1000 iterations, as shown
in Figure 3(d). When they were run for 5000, GBCS seemed
to be trapped in a local minimum and was not able to reach
the global optimum, which was obtained by CS. The Wood
function is the only function for which GBCS performance
was much worse than that of the original CS algorithm.

The performance of both algorithms for the Cube and the
Stochastic Cube functions was peculiar. In both cases, GBCS
outperformed CS at the early iterations. At larger iterations
CS did better. For the two functions, as depicted in Figures
3(e) and 3(f), the globalminimumwas not obtainedwith 1000
iterations so both problems were run for 5000. CS was able
to come close to the global minimum for the Cube function,
while GBCS seemed to be trapped in a local minimum. For
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Figure 2: Evolution of mean best values for GBCS and the original CS algorithm for (a) Ackley, (b) Beale, (c) Booth, (d) Cross-leg table, (e)
Himmelblau, (f) Levy 13, (g) Matyas, and (h) Schaffer functions.

the Stochastic Cube function, CS did slightly better at larger
iterations, but both algorithms failed to reach the global
minimum after 5000 iterations.

The sphere function has five variables as the Cube
function, but it is easier to solve. Both algorithms were able
to identify the global optimum, as depicted in Figure 3(g),
but GBCS considerably outperformed CS in terms of per-
formance efficiency. The Hartmann function, which has 6

variables, was relatively easy to solve for GBCS algorithms as
shown in Figure 3(h). GBCS arrived at the global minimum
but CS could not do so within the tolerance. GBCS also
outperformed CS in terms of performance efficiency in
reaching the global optimum of the Hartmann function.

Figure 4 shows the performance of test functions with 50
variables.These are themost challenging problems due to the
large domain space. Figure 4(a) depicts the performance of
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Figure 3: Evolution of mean best values for GBCS and the original CS algorithm for (a) Powell, (b) Power Sum, (c) Shekel 5, (d) Wood, (e)
Cube, (f) Stochastic Cube, (g) Sphere, and (h) Hartmann functions.

both algorithms for the Dixon-Price function. Clearly, GBCS
performed better than CS in the early iterations. Even though
both algorithms were not able to attain the global minimum,
theminimum arrived at by GBCS at early iterations is orders-
of-magnitude lower than that arrived at by CS.

GBCS outperformed CS in both the Griewank
(Figure 4(b)) and the Stochastic Griewank (Figure 4(c)).
For the Griewank function, both algorithms were able to
identify the global minimum. However, GBCS arrived at the

global minimum at less than the half number of iterations
compared to CS. For the Stochastic Griewank, CS was
not able to identify the global minimum even after 5000
iterations. The result predicted by CS was more than 10
orders-of-magnitude higher than the result predicted by
GBCS.

Figure 4(d) shows the results for the Michaelwics func-
tion. To the best of the authors’ knowledge, the global
minimum for the 50-variableMichaelwics is not known since
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Figure 4: Evolution of mean best values for GBCS and the original CS algorithm for (a) Dixon-Price, (b) Griewank, (c) Stochastic Griewank,
(d) Michaelwics, (e) Rosenbrock, (f) Stochastic Rosenbrock, (g) Trigonometric, and (h) Zacherov functions.

there is no published literature identifying it. GBCS identified
aminimum that is lower than that identified byCS as depicted
in Figure 4(d).

Although both algorithms were not able to identify
the global optima of the Rosenbrock and the Stochastic
Rosenbrock functions, as depicted in Figures 4(e) and 4(f),
respectively, the results obtained by GBCS were orders-of-
magnitude lower than those obtained by CS. The superiority
of the GBCS is clearly demonstrated with those two func-
tions.

Figure 4(g) shows the results for the Trigonometric func-
tion. For this difficult problem, both algorithms were not
able to reach the global minimum within 5000 iterations. In
this function, nonetheless, as in most cases studied, GBCS
achieved a lower result than CS.

The last of the 50-variable functions tested was the
Zacherov function. The results of Figure 4(h) also show the
superiority of GBCS in reaching results that are orders-of-
magnitude lower than those obtained by the original CS
algorithm.
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Table 2 shows a summary of the evaluation results for the
twenty-four benchmark problems. GBCS was able to provide
better solutions to all challenging problems.GBCSwas able to
achieve better performance in eighteen problems, equivalent
performance in twoproblems, andworse performance in four
out of the twenty-four problems. In one case, the Stochastic
Griewank function, the global optimum was successfully
obtained by GBCS for this 50-variable problem, while CS
failed to find the global optimum even after 5000 iterations.
On the other hand, the four functions for which CS per-
formed better were the Powell, Wood, Cube, and Stochastic
Cube functions.

It is interesting to note that GBCS outperformed CS
in handling two of the three stochastic functions tested in
this study. This result confirms that despite the use of the
gradient as a guide upon which some moves are based,
the stochastic nature of the algorithm remained unaffected.
In fact, the additional information was used quite subtly.
Cuckoos still search for nests randomly but with the help of
some intelligence.

6. Conclusions

In this study, we use the gradient of the objective function,
which could be available or easily obtainable for several
objective functions in engineering calculations, to improve
the performance of one of the most promising stochastic
algorithms, the cuckoo search. The proposed modification
was subtly implemented in the algorithm by changing the
direction of the local random walk of cuckoos towards the
direction of the minimum value from the point of view
of the cuckoo’s location. We evaluated this modification by
attempting to find the global optimum of twenty-four bench-
mark functions.The newly developed GBCS algorithm led to
improved reliability and effectiveness of the algorithm in all
but four of tested benchmark problems, which included three
stochastic functions. In some cases, the global minimum
could not have been obtained via the original CS algorithm
but was obtained via GBCS. Although the improvement
in performance was not achieved with the entire set of
benchmark problems, GBCS proved to be more reliable and
efficient in the majority of the tested problems.
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Dynamic economic dispatch problem (DEDP) for a multiple fuel power plant is a nonlinear and nonsmooth optimization problem
when valve-point effects, multifuel effects, and ramp-rate limits are considered. Additionally wind energy is also integrated with
the DEDP to supply the load for effective utilization of the renewable energy. Since the wind power may not be predicted, a radial
basis function network (RBFN) is presented to forecast a one-hour-ahead wind power to plan and ensure a reliable power supply.
In this paper, a refined teaching-learning based optimization (TLBO) is applied to minimize the overall cost of operation of wind-
thermal power system. The TLBO is refined by integrating the sequential quadratic programming (SQP) method to fine-tune the
better solutions whenever discovered by the former method. To demonstrate the effectiveness of the proposed hybrid TLBO-SQP
method, a standard DEDP and one practical DEDP with wind power forecasted are tested based on the practical information of
wind speed. Simulation results validate the proposed methodology which is reasonable by ensuring quality solution throughout
the scheduling horizon for secure operation of the system.

1. Introduction

Dynamic economic dispatch problem (DEDP) is indispens-
able for real-time control of power system operation in power
generation system. It comprises allocating the total electricity
generation required among the available thermal and other
power generating units, assuming that a unit commitment
has been previously determined [1]. The prime objective is
to minimize the cost of generated power subject to physical
and operational constraints in the system.The overwhelming
majority of published literature, however, deals with static
economic dispatch; that is, the dispatch horizon is divided
into periods and the dispatch is optimized period by period.
On the contrary, a dynamic dispatch process can handle with
this dynamic connection both by handling the ramp rate
limits of generating units and by modifying the steady state
costs to include the extra fuel consumption pertinent to the

act of changing the delivered power [2]. Thus, the DEDP has
been acknowledged as not only a more precise formulation
of economic dispatch problem (EDP) but also a complicated
dynamic optimization problem [3–9].

As a potential renewable energy source, the wind power
has been drawing enormous consideration, as various envi-
ronmental and economic apprehensions have been dramati-
cally increased in thermal power generation system [10]. Inte-
grating wind energy into existing power system introduces
numerous challenges to the operation and planning strategies
for the utilities. The fact that wind power is neither easily
predictable nor dispatchable is the primemotive behind secu-
rity and reliability concerns associated with wind-integrated
power systems [11]. When the wind speed changes randomly,
it is more suitable for power systems containing a wind power
farm to adopt dynamic models. Using DEDP, it is necessary
to know the output data from the wind farm at everymoment
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in the optimization process. Presently, it is rather difficult
to forecast the output of a wind farm. The error can be
large which further increases the complexity for the DEDP to
optimally share the load among the available generators [7].

Subsequently, in a power generating station, generators
are possibly operated with different fuels called multiple
fuel plants and when such cases exist and are supplied with
multiple fuel sources then that leads to an optimization
problem of determining the economic fuel to burn in a
particular time horizon [3, 4]. In the case of these generators,
unlike the conventional cost function, the cost function of
each unit should be presented with a few piecewise functions
reflecting the effects of fuel type changes and each segment of
the hybrid cost function implies some information about the
type of fuel being burned or the operational characteristics
of the unit. Thus, incorporating such multiple fuel plants
and wind farms for DEDP makes the problem formulation
practical and greatly challenging for the solution procedure
to achieve a reasonable dispatch solution. Since valve-point
effects are considered the fuel cost function of such gen-
erators, they will be modeled by superimposing this effect
as a rectified sinusoid component into the generating unit
(quadratic) fuel cost function [5]. Traditional methods like
Lagrangian relaxation, gradient projection method, and so
forth [3], when used to solve DEDP, suffer from myopia for
nonlinear, discontinuous search spaces, leading them to less
than desirable performance, often using approximations to
limit complexity. When search space is particularly irregular
(due to inclusion of valve-point effects), algorithms need to
be highly robust to escape from premature convergence.

Over the last few years, evolutionary algorithms, such as
the genetic algorithms (GA) [3], evolutionary programming
(EP) [1], the simulated annealing (SA), tabu search (TS) [2],
differential evolution (DE) [8], and particle swarm optimiza-
tion (PSO) [6], have been used to solve ED problems. Evolu-
tionary algorithms are appropriate choices for solving DED
problems as they prove to be very effective in solving without
any restrictions in the shape of the cost curves and also
because of their global search ability as well as their robust
and effective constraint handling capacity. Perhaps, they do
not always guarantee discovering the globally optimal solu-
tion in finite time.Therefore, hybrid methods combining two
ormore optimizationmethods were introduced [13]: to name
a few, hybrid fuzzy PSO and Nelder-Mead (FAPSO-NM),
hybrid DE and sequential quadratic programming (DE-
SQP), hybrid GA (HGA), evolutionary strategy optimization
(ESO), self-organizing hierarchical PSO (SOHPSO), variable
scaling hybrid differential evolution (VSHDE), hybrid PSO,
and sequential quadratic programming (PSO-SQP) [2] and
there is a large still-growing body of literature. To be concise,
few are included in [14]. More precisely, hybrid methods
combining probabilistic methods and deterministic methods
are found to be very effective in solving complex optimization
problems [2].

Recently, a new optimization technique known as teach-
ing learning based optimization (TLBO) has been developed
by Rao et al. [15, 16]. It is one of the recent evolution-
ary algorithms and is based on the natural phenomenon
of teaching and learning process. It has already proved

its superiority over other existing optimization techniques
such as GA, ABC, PSO, harmony search (HS), DE, and
hybrid-PSO. This research also proposes a hybrid method
combining the teaching-learning based optimization (TLBO)
and SQP [17]. Here, TLBO will be performed as a base level
search procedure, whichmakes a decision to direct the search
towards the optimal region. Later the exact method (SQP)
will be used to fine-tune that region to get the final solution
[4, 5].

A practical thermal power system integrated with the
wind power generation system is used to demonstrate the
application of the proposed hybrid methodology. The wind
power system is designed and commissioned by the Suzlon
Energy, India, with an installed capacity of a 150MW (1.5 ×
100 mills) wind farm. This wind farm is integrated with
the Load Dispatch Center at Erode (LDCE) where a ther-
mal system comprising 7 thermal units with multiple fuel
options and valve-point loading effects is controlled. Several
experiments are performed to validate the effectiveness of the
proposed approach.

2. Mathematical Formulation of the DEDP

The objective function of DEDP is to minimize the total pro-
duction cost of a power system over a given dispatch period,
while satisfying various constraints [2]. Mathematically the
objective function is given as

Minimize, 𝐹
𝑇
=

𝐻

∑

ℎ=1

𝑁
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Generally, the generator cost function is usually expressed
as a quadratic polynomial as
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Generators with multivalve steam turbines produce rip-
ples like effect on their input-output curves. This effect,
known as valve point effect, makes the generator cost func-
tion discontinuous and nonconvex. For accurate modeling
of the cost function, the valve point effect is considered by
superimposing it with the basic cost function
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Many generating units are supplied with multiple fuel
sources and the cost functions of these units are represented
with a few or several piecewise quadratic functions. Such
a cost function is called a hybrid cost function and each
segment of the hybrid cost function gives some information
about the fuel burned. The hybrid cost function is given as
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For more accurate dispatch results, the valve point effect
and themultiple fuel options are integrated into the basic cost
function. Thus, the basic quadratic cost function given in (2)
with𝑁 generating units and𝑁

𝐹
fuel options for each unit is

given as
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The objective function as given in (1) is subject to
following equality and inequality constraints.

The power output from all the generating units must
satisfy the total demand and the transmission losses of the
system. The equality constraint is given as
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The transmission loss is expressed in a quadratic form as
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The real power output of each generating unit is limited
by the maximum andminimum power limit of the units. It is
given as
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The operating range of the generating units is restricted
by their ramp rate limits. This is given as
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2.1. Accounting the Wind Power for the DEDP. Similarly,
the nonlinear and fluctuation nature of wind proves to
be great challenge for reliability and accuracy of power
system that incorporates wind power. With accurate wind
speed data, power system operator can predict the required
power output.This helps in system planning, scheduling, and
storage capacity optimization. To obtain proper and efficient
windpower utilizationwind speed prediction plays an impor-
tant factor in forecasting. In the literature, several models
have been used for wind speed prediction. The models are
mainly physical and statistical models [18, 19]. Artificial
neural network derives its computing power through its
massively parallel distributed structure and its ability to

learn and generalization for inputs. Neural network models
have better performance than other models [12]. There are
many approaches used based on neural networks such as
multilayer perceptron (MLP), ADALINE, back propagation
network (BPN), radial basis function network (RBFN), and
recurrent neural network (RNN). This paper proposes the
radial basis function network for the forecasting of wind
speed subsequently with the wind power generated.

The wind power is estimated from the forecasted wind
speed using the following expressions; as well known the
wind power can be harvested only at a particular wind speed;
thus, the wind power “𝑤” is given by

𝑤 = 0, 𝜐 < 𝜐in or 𝜐 > 𝜐out,

𝑤 = 𝑤
𝑅
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𝜐 − 𝜐in
𝜐
𝑅
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𝑤 = 𝑤
𝑅
, 𝜐
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≤ 𝜐 ≤ 𝜐out,

(11)

where𝑤
𝑅
is the wind turbine rated power, 𝜐 is the actual wind

speed, 𝜐
𝑅
is the wind turbine rated wind speed, 𝜐in is the wind

turbine cutin speed, and 𝜐out is the wind turbine cutout speed.
Thus, (6) is rewritten as
𝑁

∑

𝑖=1

𝑃
𝑖ℎ
+

𝑚

∑

𝑗=1

𝑤
𝑗ℎ
= 𝑃
𝐷ℎ
+ 𝑃Loss,ℎ, 0 ≤ 𝑤

𝑗ℎ
≤ 𝑤
𝑅
, (12)

where 𝑤
𝑗ℎ

is the wind power generated at time ℎ, and the
total power generated from the entire wind farm containing
“𝑚” wind mills is the summation of the wind power gen-
erated by the individual wind turbine. Thus, the DEDP will
then be solved for economically dispatching the remaining
demanded power using the multiple fuel power plant.

2.2. Evaluation Function. We must define the evaluation
function for evaluating the fitness of each candidate in the
solution space. It is the sum of the generation cost function
𝐹obj and power balance constraint 𝑃bnc as in (1) and (3).

The evaluation function is as follows:

Min𝑓 = 𝐹obj + 𝑃bnc, (13)
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In order to limit the evaluation value of each candidate of
the population within a feasible range, before estimating
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the fitness value of a candidate, the generated power output
must satisfy the constraint given in (8). This evaluation
function will be used to find the optimum design variable
value for the DEDP.

3. Wind Power Forecasting Using the Radial
Basis Function Network

For the reason that the speed of wind is unpredictable,
accurate wind speed forecasting still remains a challenging
task. Accurate wind speed prediction aids grid operator to
dispatch economically the wind power generated to satisfy
the power demand. Wind speed predictions can mainly
be done using two models called physical and statistical
models. The physical model considers the physical reasoning
to get the best results. The statistical model considers online
measurements of data. On the other hand, statistical models
are more efficient than physical models where real time data
is used [20, 21]. Artificial neural network (ANN) is one such
statistical model, which derives its computing power through
its massively parallel distributed structure and its ability
to learn and generalization for inputs [22–24]. The choice
of ANN is also imperative in accurate wind speed/power
forecasting.

3.1. Radial Basis Function Network. Radial basis function
(RBF) [12] network uses Gaussian function and has a long
history in the applications of recognition and approximating
function. RBF networks comprise three layers: the input layer,
the hidden layer, and the output layer, where the hidden layer
functions as layer of RBF units. The output layer is generally
a linear function. The interconnection between input and
hidden layer form hypothetical connection and between the
hidden and output layers form weighted connections.

Each hidden layer unit represents a single radial basis
function, with associated center position and width. Each
neuron on the hidden layer employs a radial basis function
as a nonlinear transfer function to operate on the input
data. The most often used RBF is a Gaussian function that
is characterized by a center and width. RBF functions by
measuring the Euclidean distance between input vector and
the radial basis function center.

The Gaussian RBF may be tuned by adjusting spread. It is
less susceptible to problemwith non-stationary input because
of the behavior of RBF hidden units. The Gaussian function
curve has a peak at zero distance and it decreases as the
distance from the centre increases.

The Gaussian function is generally defined as

𝑓 (𝜃in) = 𝑒
−𝜃
2

in
, (16)

where 𝜃in is the net input.
The advantages of RBFN are being more compact and

having less training time, while eliminating local minima
phenomena. The selection of the centers for the Gaussian
function is important for nonlinear approximation. The
weights between the hidden and output layer is then updated
using the gradient descent rule.

The RBFN design includes structural and parameter
design. The structural design involves finding number of
neuron. The parameter design involves spread and weight of
output mode. The RBFN is much more effective tool which
gains the advantage of both generalizing and refining local
features over BPN:
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where 𝜃 is input vector, “𝑛” is number of neurons, 𝐶
𝑘
is 𝐾th

centre node in the hidden layer, and𝑊
𝑖𝑘
is theweight between

hidden and output layer.

3.2. The RBF-ANN Model for Forecasting the Wind Power.
This paper proposes a new RBF network architecture for
forecasting the wind power by modifying the one designed
in [12]. Since the method is established as a reliable predictor
of wind power, the training data used in this research are
different and claimed as original contribution to ensure a
more accurate prediction of wind power to assist the DEDP.
The wind speed depends on temperature, pressure difference
in the two different parts of the ground, wind direction, and
so on. In [12], the authors used three inputs to estimate the
wind speed and they are the temperature, wind direction,
and the past history of wind speed. Based on the information
gathered from the Suzlon Energy Ltd., India, we understand
that for a particular wind speed, the temperature and wind
vane directions need not be the same at all instances. Perhaps
the wind speed is influenced by various other factors.Thus, in
this research, unlike [12], three different data of temperature
and wind vane directions for the range of wind speed are
used to train the RBFN. This improves the accuracy in
predicting the wind speed and thereby the wind power with a
chance of increasing the reliability of the installedwind power
generation.

3.2.1. Architecture. For implementing the architecture, selec-
tion of inputs, hidden neuron, and outputs are required.
These selections depend on nature of the problem. The
data required for inputs are wind speed, wind direction,
and temperature. In spite of these three different data of
temperature and wind vane directions, the same range of
wind speed is used to train the RBFN.That is, for a particular
wind speed there are three different data taken. This is
because various other factors also influence the wind speed.
Hence, training the RBFN with additional data for the same
wind speed increases the prediction of wind speed. This
improves the accuracy in predicting the wind speed and
thereby the wind power with a chance of increasing the
reliability of the installed wind power generation. Neural
network with one hidden layer with a sufficient number of
hidden neuron is capable of approximating any continuous
function. The basic architecture is shown in Figure 1.

The sample of the collected data as shown in Figures 2
and 3 are used as input to the RBFNmodel. A large number of
input parameters can be used for the analysis of the NNmod-
els. The input parameters are three different temperatures,
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Figure 1: The RBF-ANN architecture.
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Figure 2: Samples of wind vane direction and wind speeds.

three different wind directions, and the corresponding past
wind speed.The inputs are analyzed in different heights (50m
and 65m) of wind mills. The analysis of NN architecture
is utilized with 500, 1000, 2000, 5000, and 10000 data for
training and testing of model.

The selection of hidden neurons is very important. Based
on trial and errormethod, 7 hidden neurons are selected with
single hidden layer. The constructed architecture includes
single hidden layerwith 7 hidden neurons, 3 inputs, and 1 out-
put for implementing the model and initializing the weights
and epochs. The performance can change by increasing the
epochs. The weights are calculated by using gradient descent
rule. The error is the difference between actual and target
value. The errors are minimized by adjusting the weights.
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Figure 3: Samples of temperature and wind speeds.

Table 1: Input parameters of the proposed models.

S. number Input parameters Units Range of the parameters
1 Wind speed m/s 35–55
2 Wind direction ∘ 320–347
3 Temperature ∘C 24–32
4 Installed wind power MW 100 × 1.5MW (150MW)

3.2.2. Methodology

Step 1 (data collection). The real time data is collected from
Suzlon Energy Ltd., India, wind farm. The inputs are wind
speed, wind direction, and temperature. The predicted wind
speed is an output of the proposed model. The number of
samples taken to develop a proposed model is 500, 1000,
2000, 5000, and 10000. The input parameters are as shown
in Table 1. The wind energy depends on wind speed, wind
direction, and temperature.

Step 2 (data normalization). The data normalization is car-
ried out to improve accuracy of subsequent numeric com-
putation and to obtain better output of model. The min
max technique is used for normalization of input data. The
advantage is preserving exactly all relationships in the data
and it does not introduce bias. The normalization of data is
obtained by the following.

Normalized input is as follows:

𝜙


𝑖
= (

𝜙
𝑖
− 𝜙min

𝜙max − 𝜙min
) (𝜙


max − 𝜙


min) + 𝜙


min, (18)
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Table 2: Parameter selection for designing the various networks.

Parameters BPN [12] RBFN [12] Improved RBFN
Learning rate 0.25 0.8 0.8
Momentum factor 0.9 — —
Number of neurons in hidden layer 7 7 7
Inputs 3 3 7
Epochs 2000 2000 2000
Training function Trainlm Newrb Newrb
Activation function Sigmoid function Gaussian function Gaussian function

where 𝜙
𝑖
, 𝜙min, 𝜙max are the actual input data and minimum

and maximum input data. 𝜙min, 𝜙


max are the minimum and
maximum target values.

Step 3 (designing the neural network). Setup parameter
includes learning rate, epoch, and dimensions. The training
can be learned from the past data after normalization.
The dimensions like number of input, hidden, and output
neurons are to be initialized. The three input parameters are
temperature, wind direction, and wind speed. The number
of hidden layers is one. The number of hidden neurons is
selected based on trial and error method. The input signal
is processed and net input of model is computed. The net
input is the weighted sum of inputs. The activation function
is applied over the net input to calculate the output of neural
network model. The sample inputs that are applied into the
proposed model are as shown in Table 2. The sample inputs
used for design of neural network are shown in Table 3.

Step 4 (training of network). For the purpose of developing
models, the training, testing, and developing model at end
stage for the past years in wind farms are needed. The
data required for input are wind speed, wind direction, and
temperature. Here, 70% of the total data is used for training
the network.

Step 5 (testing of network). Evaluate the performance of
network by testing models. Here, all available data is used for
testing the network. Finally the predicted wind speed is the
output of the NN architectures.

Thus, the RBF network is used to predict the wind speed
from the past data and thereby the wind power. Once the
wind speed is predicted, the wind power is estimated using
the expression given in (11). Once the available wind power
is estimated for the given horizon, the DEDP is solved to
economically dispatch remaining power demand with the
multiple fuel plant. This solves the DEDP using the teaching-
learning based optimization refined using the sequential
quadratic programming method which is discussed in the
following section.

4. Teaching-Learning Based Optimization

Teaching-learning based optimization (TLBO) is an opti-
mization technique developed by Rao et al. [15, 16] based
on teaching-learning process in a class among the teacher

Table 3: Typical sample inputs and wind speed for a 24-hour
horizon (data provided by Suzlon Energy Ltd).

Hour Temp. (∘C) Wind vane direction
from true north (∘)

Wind speed
(m/sec)

1 23.5 283.1 36.3
2 23.9 285.7 36.8
3 23.1 284.0 36.5
4 24.9 283.6 37.2
5 24.1 284.6 37.5
6 23.8 282.7 37.3
7 24.0 283.8 42.7
8 24.6 284.4 48.2
9 25.8 282.9 48.6
10 27.7 282.7 50.7
11 27.6 284.0 48.7
12 28.1 285.3 48.9
13 27.9 285.5 52.7
14 29.0 283.4 48.8
15 30.2 283.1 48.9
16 27.4 285.2 45.6
17 25.9 283.3 42.6
18 24.1 284.6 41.7
19 23.2 285.6 39.6
20 23.9 284.7 37.3
21 23.4 285.3 37.8
22 23.4 282.6 36.5
23 23.5 283.0 36.7
24 23.9 285.2 36.4

Table 4: Comparison of MSE for various approaches.

S. number Comparison of approaches MSE (m/s)
1 BPN [12] 0.397
2 RBFN [12] 0.133
3 Proposed improved RBFN 0.092

and the students. Like other nature-inspired algorithms,
TLBO is also a population based technique with a predefined
population size that uses the population of solutions to arrive
at the optimal solution. In this method, population is also
called students in a class and design variables are the subjects
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Table 5:Wind power (for a particular trial) estimated from thewind
farm for the predicted wind speed.

Hour
Actual wind

power (Suzlon)
(MW)

Naive method
(MW)

IRBF method
(MW)

1 129.9336 126.287 131.317
2 130.5483 134.9044 131.5846
3 129.6927 131.612 131.3064
4 130.3383 133.7114 130.5666
5 130.5251 127.5346 128.5235
6 130.5604 130.0561 130.8185
7 132.4563 128.202 133.6588
8 140.1752 143.6834 142.0634
9 142.3433 142.9024 141.182
10 144.4042 142.5835 145.2115
11 146.2464 144.9367 146.2729
12 146.9441 146.5454 148.6656
13 146.443 145.1807 147.2728
14 147.0039 142.7703 145.9053
15 144.1318 141.0621 143.8849
16 141.6287 137.0738 140.2092
17 134.4697 135.0275 136.2793
18 134.4699 130.65 133.8301
19 132.3468 132.5606 130.4664
20 132.2144 128.3965 133.237
21 131.5594 134.1488 133.032
22 130.1897 128.819 129.2422
23 130.3156 133.5282 129.387
24 130.1835 125.598 131.8266

taken up by the students. Each candidate solution comprises
design variables responsible for the knowledge scale of a
student and the objective function value symbolizes the
knowledge of a particular student. The solution having best
fitness in the population (among all students) is considered
the teacher.

More specifically, an individual student (𝑋
𝑖
) within the

population represents a single possible solution to a particular
optimization problem. 𝑋

𝑖
is a real-valued vector with 𝐷 ele-

ments, where 𝐷 is the dimension of the problem and is used
to represent the number of subjects that an individual, either
student or teacher, enrolls to learn/teach in theTLBOcontext.
The algorithm then tries to improve certain individuals by
changing these individuals during the teacher and learner
phases, where an individual is only replaced if his/her new
solution is better than his/her previous one. The algorithm
will repeat itself until it reaches the maximum number of
generations.

During the teacher phases, the teaching role is assigned
to the best individual (𝑋teacher). The algorithm attempts to
improve other individuals (𝑋

𝑖
) by moving their position

towards the position of the 𝑋teacher by referring the current
mean value of the individuals (𝑋mean). This is constructed

Table 6: Production cost obtained using the proposed hybrid
TLBO-SQP method for each hour for Case 2.

Hour Hourly cost ($)
1 28245.17821
2 29831.86233
3 33143.03628
4 36303.70371
5 37909.09501
6 41395.27309
7 42711.98083
8 44452.70101
9 48000.5086
10 51963.15329
11 53892.34991
12 55871.06585
13 51375.66738
14 47970.41675
15 44605.33395
16 39887.21366
17 37915.15738
18 41283.82856
19 44360.70332
20 51792.13042
21 47727.3719
22 41517.72629
23 35037.89283
24 31477.24481

using the mean values for each parameter within the prob-
lem space (dimension) and represents the qualities of all
students from the current generation. Equation (1) simulates
how student improvement may be influenced by the differ-
ence between the teacher’s knowledge and the qualities of
all students. For stochastic purposes, randomly generated
parameters are applied within the equation: 𝑟 ranges between
0 and 1 and 𝑇

𝐹
is a teaching factor which can be either 1 or 2,

thus emphasizing the importance of student quality:

𝑋new = 𝑋𝑖 + 𝑟 ⋅ (𝑋teacher − (𝑇𝐹 ⋅ 𝑋mean)) . (19)

During the learner phase, student (𝑋
𝑖
) tries to improve

his/her knowledge by peer learning from an arbitrary student
𝑋
𝑖𝑖
, where 𝑖 is unequal to 𝑖𝑖. In the case that𝑋

𝑖𝑖
is better than

𝑋
𝑖
, 𝑋
𝑖
moves towards 𝑋

𝑖𝑖
(20). Otherwise, it is moved away

from 𝑋
𝑖𝑖
(21). If student 𝑋new performs better by following

(20) or (21), he/she will be accepted into the population.
The algorithm will continue its iterations until reaching the
maximum number of generations:

𝑋new = 𝑋𝑖 + 𝑟 ⋅ (𝑋𝑖𝑖 − 𝑋𝑖) , (20)

𝑋new = 𝑋𝑖 + 𝑟 ⋅ (𝑋𝑖 − 𝑋𝑖𝑖) . (21)

Additionally infeasible individuals must be appropriately
handled to determine whether one individual is better than
the other, when applied to constrained optimization prob-
lems. For comparing two individuals, the TLBO algorithm,
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Table 7: Summary of best, worst, and mean production cost produced by the various methods for Case 2.

Method Maximum cost ($) Minimum cost ($) Average cost ($) Average time (min) Minimum time (min)
TLBO 1037842 1031746 1035748 5.62 5.21
CSADHS 1018760 1018681 1018718 2.72
TLBO-SQP 1018842 1018679 1018702 2.63 2.61

Table 8: Data for the 7-unit practical system with multiple fuel cost coefficient.

Unit
Generation

Fuel typeMin P1 P2 max Cost coefficient
F1 F2 F3 𝑎

𝑖
𝑏
𝑖

𝑐
𝑖

𝑒
𝑖

𝑓
𝑖

1 50 114 157 230
1 2 3

1 0.1184𝑒3 −0.1269𝑒1 0.4194𝑒 − 2 0.1184𝑒0 −0.1269𝑒2

2 0.1865𝑒1 −0.3988𝑒 − 1 0.1138𝑒 − 2 0.1865𝑒 − 2 −0.3988𝑒0

3 0.1365𝑒2 −0.1980𝑒0 0.1620𝑒 − 2 0.1365𝑒 − 1 −0.1980𝑒1

2 200 332 388 500
1 2 3

1 0.3979𝑒2 −0.3116𝑒0 0.1457𝑒 − 2 0.3979𝑒 − 1 −0.3116𝑒1

2 −0.5914𝑒2 0.4864𝑒0 0.1176𝑒 − 4 −0.5914𝑒 − 1 0.4864𝑒1

3 −0.2875𝑒1 0.3389𝑒 − 1 0.8035𝑒 − 3 −0.2876𝑒 − 2 0.3389𝑒0

3 99 138 200 265
1 2 3

1 0.1983𝑒1 −0.3114𝑒 − 1 0.1049𝑒 − 2 0.1983𝑒 − 2 −0.3114𝑒0

2 0.5285𝑒2 −0.6348𝑒0 0.2785𝑒 − 2 0.5285𝑒 − 1 −0.6348𝑒1

3 0.2668𝑒3 −0.2338𝑒1 0.5935𝑒 − 2 0.2668𝑒0 −0.2338𝑒2

4 190 338 407 490
1 2 3

1 0.1392𝑒2 −0.8733𝑒 − 1 0.1066𝑒 − 2 0.1392𝑒 − 1 −0.8733𝑒0

2 0.9976𝑒2 −0.5206𝑒0 0.1597𝑒 − 3 0.9976𝑒 − 1 −0.5206𝑒1

3 −0.5399𝑒2 0.4462𝑒0 0.1498𝑒 − 3 0.5399𝑒 − 1 0.4462𝑒1

5 85 138 200 265
1 2 3

1 0.5285𝑒2 −0.6348𝑒0 0.2758𝑒 − 2 0.5285𝑒 − 1 −0.6348𝑒1

2 0.1983𝑒1 −0.3114𝑒 − 1 0.1049𝑒 − 2 0.1983𝑒 − 2 −0.3114𝑒0

3 0.2668𝑒3 −0.2338𝑒1 0.5935𝑒 − 2 0.2668𝑒0 −0.2338𝑒2

6 200 331 391 500
1 2 3

1 0.1893𝑒2 −0.1325𝑒0 0.1107𝑒 − 2 0.1893𝑒 − 1 −0.1325𝑒1

2 0.4377𝑒2 −0.2267𝑒0 0.1165𝑒 − 2 0.4377𝑒 − 1 − −0.2267𝑒1

3 −0.4335𝑒2 0.3559𝑒0 0.2454𝑒 − 3 0.4335𝑒 − 1 0.3559𝑒1

7 130 213 370 400
1 2 3

1 0.8853𝑒2 −0.5675𝑒0 0.1554𝑒 − 2 0.8853𝑒 − 1 −0.5675𝑒1

2 0.1530𝑒2 −0.4514𝑒 − 1 0.7033𝑒 − 3 0.1423𝑒 − 1 −0.1817𝑒0

3 0.1423𝑒2 −0.1817𝑒 − 1 0.6121𝑒 − 3 0.1423𝑒 − 1 −0.1817𝑒0

according to [15], utilizes Deb’s constrained handlingmethod
[25]:

(i) if both individuals are feasible, the fitter individual
(with the better value of fitness function) is preferred;

(ii) if one individual is feasible and the other one infeasi-
ble, the feasible individual is preferred;

(iii) if both individuals are infeasible, the individual hav-
ing the smaller number of violation (this value is
obtained by summing all the normalized constraint
violations) is preferred.

5. Sequential Quadratic Programming [17]

Sequential quadratic programming (SQP) [17] method
belongs to the most powerful nonlinear programming algo-
rithms for constrained optimization. Its excellent numerical
performance was tested and compared with other nonlinear

programming methods and since many years it belongs to
the most frequently used algorithms to solve practical con-
strained optimization problems [17]. The method resembles
closely Newton’s method for constrained optimization just
as is done for unconstrained optimization. At each iteration
an approximation is made of the Hessian of the Lagrangian
function using a Broyden-Fletcher-Goldfarb-Shanno quasi-
Newton updating method. This is then used to generate a
quadratic programming subproblem whose solution is used
to form a search direction for a line search procedure. The
SQP subroutine for the EDP is adopted as it is in [17].

6. The Pseudo Code of the Proposed Refined
TLBO Algorithm

The following steps enumerate the step-by-step procedure of
the teaching-learning based optimization algorithm refined
using the sequential quadratic programming method.
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Table 9: Power demand for Case 3.

Hr Power demand (MW)
1 1567
2 1567
3 1510
4 1510
5 1627
6 2029
7 2187
8 2334
9 2388
10 2274
11 2106
12 2050
13 1873
14 1500
15 1440
16 1601
17 1759
18 1802
19 2122
20 2040
21 1928
22 1867
23 1726
24 1653

(1) Initialize the number of students (population), range
of design variables, iteration count, and termination
criterion.

(2) Randomly generate the students using the design
variables.

(3) Evaluate the fitness function using the generated
(new) students.

//teacher phase//

(4) Calculate the mean of each design variable in the
problem.

(5) Identify the best solution as teacher amongst the
students based on their fitness value. Use SQPmethod
to fine-tune the teacher.

(6) Modify all other students with reference to the mean
of the teacher identified in step 4.

//learner phase//

(7) Evaluate the fitness function using the modified
students in step 6.

(8) Randomly select any two students and compare their
fitness. Modify the student whose fitness value is
better than the other and use again the SQP method
to fine-tune the modified student. Reject the unfit
student.

(9) Replace the student fitness and its corresponding
design variable.

(10) Repeat (test equal to the number of students) step 8,
until all the students participate in the test, ensuring
that no two students (pair) repeat the test.

(11) Ensure that the final modified students’ strength
equals the original strength, ensuring there is no
duplication of the candidates.

(12) Check for termination criterion and repeat from step
4.

The above procedure is used to solve the DEDP once
the wind power is forecasted by the RBF network. Here the
SQP method will be used to fine-tune the improving (better
fitness) solution. This will ensure that the better solution
region will not be overrun and will also aid in converging
faster towards the possible best solution of the DEDP.

7. Numerical Experiments

This paper establishes the effectiveness of the proposed
solution methodology for DEDP with integrated wind power
by solving the following test systems as three different cases:

(i) predicting the wind speed using RBFN using the
data (wind speed, wind direction, and temperature,
as shown in Figures 2 and 3) for a particular day (07
March, 2013; Thursday) provided by Suzlon Energy
Ltd., for validating the prediction of wind speed;

(ii) solving a standard 10-unit DEDP using the proposed
TLBO-SQP to validate the superiority of the method
over other existing methods in the literature (this is
because the literature review shows that there is not a
single paper archived (as per web of knowledge) for
DEDP with multiple fuel option considered);

(iii) solving a practical 7-unit multifuel DEDP with pre-
dicted wind power to share the total load demand
on the DEDP (this is to validate the combined
performance of the RBFN and the hybrid TLBO-SQP
methodologies).

The proposed technique has been implemented inMatlab
on a dual-core PC. The performance of the algorithm has
been evaluated through simulation. Simulation studies have
been carried out on three example test cases, over a schedul-
ing time horizon of 24 hours.

7.1. Case 1: Wind Power Predictions. The data for the wind
power prediction is provided by the Suzlon Energy Ltd.,
India, as they play key role in predicting the wind power for
the Load Dispatch Centre, Erode, (LDCE) which is control-
ling the Neyveli Thermal Power Station (NTPS). The wind
farm consists of 100wind turbines of 1.5MWeach.The LDCE
forecasts wind power using Naive method as a generalized
method for further scheduling the thermal units to fulfill the
balance power demand requirements. Tables 1 and 2 present
the training parameters for the back propagation network,
RBF network, and improved RBF network.
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Table 10: Optimum power generation schedule by the proposed hybrid method for Case 3.

Hours Unit 1 (MW) Unit 2 (MW) Unit 3 (MW) Unit 4 (MW) Unit 5 (MW) Unit 6 (MW) Unit 7 (MW)
1 50.1765 246.7831 109.0714 200.9432 249.4944 449.1239 130.4074
2 50.4837 246.7862 109.1178 199.1263 249.5121 449.1726 130.802
3 50.1504 248.194 109.6522 199.4125 250.1078 391.3154 130.167
4 50.1504 248.194 109.6522 199.4125 250.1078 391.3154 130.167
5 50.908 248.4653 227.0444 199.8768 249.217 391.8057 130.6821
6 50.0372 248.1954 228.4242 299.0385 149.3936 491.269 431.6421
7 150.5531 248.7201 228.4164 301.6176 201.7853 491.6717 430.2354
8 150.7471 248.0315 227.6193 399.1701 250.0372 491.3144 425.0805
9 201.5881 248.3894 227.8767 399.7394 251.8601 491.65 425.8968
10 200.3487 248.5601 227.2035 284.7149 250.8383 491.8086 425.5268
11 150.5375 248.871 227.0273 284.2595 250.607 423.3105 375.3871
12 151.3938 248.0096 227.9976 230.6298 250.0504 416.2553 376.6628
13 111.3893 206.308 187.8105 230.437 249.5497 366.5767 373.9281
14 50.2451 245.2532 109.4874 198.5244 170.4322 449.9621 130.0953
15 50.1059 245.8208 109.1871 198.0508 169.5593 393.1648 130.1121
16 51.0341 248.0319 223.3174 198.2213 249.7542 360.2424 130.3985
17 101.8185 249.2257 224.2334 199.0557 250.7762 404.5432 193.3477
18 100.222 248.4538 223.2834 198.7258 247.2119 400.2288 249.8746
19 150.8142 249.054 223.5754 280.419 247.8311 420.097 420.2097
20 151.1352 248.5349 223.1048 230.6187 247.3284 385.2221 421.0556
21 151.3026 248.153 221.6068 201.726 240.4372 331.1033 400.6704
22 151.7401 246.2078 220.066 201.0327 190.4418 326.2747 402.2377
23 151.2091 245.8827 220.6052 200.645 191.2556 285.387 302.0158
24 150.6131 241.54 200.1566 200.9639 190.7316 286.3282 250.6668

Table 11: Summary of best, worst, and mean production cost produced by the various methods for Case 2.

Method Maximum cost ($) Minimum cost ($) Average cost ($) Average time (min) Minimum time (min)
TLBO 9952.2471 9736.1471 9754.2321 4.21 4.18
TLBO-SQP 9588.2141 9538.1851 9551.3271 2.53 2.51

Additionally Table 3 shows the typical sample inputs and
wind speed for a 24-hour horizon which is used by the
BPN and RBFN [12], for predicting the wind speed. Similarly
Figures 2 and 3 show the samples of the training data for the
improved RBF network proposed in this research, which is
claimed as the new proposal to predict the wind speed as
far as this research is concerned. Figure 4 shows the wind
speed predicted for 100 trials by the proposed RBFNmethod
for a 24-hour horizon. This shows that the proposed RBFN
predicts almost the reasonable and acceptable wind speed
(thereby wind power) throughout all the trials.

In order to find the most suited NN architecture, mean
square error (MSE) criteria are used. MSE as one of the
error indices is used for the evaluation of performance of the
networks chosen in this research and is given by

MSE = 1

𝑁

𝑁

∑

𝑖=1

(𝜃
𝑖
− 𝜃


𝑖
)

2

, (22)

where 𝜃
𝑖
is predicted output, 𝜃

𝑖
is actual output, and 𝑁

is number of samples. The MSE is used as the criteria for
measuring the forecasting performance.

The best suit NN architecture is preferred based on
the accuracy of the prediction of wind power. The model
accuracy is evaluated by comparing simulation results with
actual/measured wind speed at the wind farm by the Suzlon.
The experiments were carried out to test the performance
of the improved RBF in comparison with that of BPN and
RBFN [12]. Based on the MSE summarized in Table 4, the
improved RBFN proposed in this research proves predicting
reasonably closer wind speed prediction than other methods.
It is demonstrated that proposed improved RBFN is more
accurate than other networks and found suitable for wind
speed prediction in wind farms.

Figure 5 shows the comparison plot of the wind speed
predicted by various methods for a 24-hour scheduling
horizon, where the proposed improved RBFN is very much
closely following the actual wind speed. Finally, Table 5 shows
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Figure 4: Wind speed predicted for 100 trials by the proposed IRBFNmethod for a 24-hour horizon (legendWP (hr) stands for wind power
at that particular hour).
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Figure 5: Comparison plot for wind speed predicted by various
methods for a 24-hour horizon.

the wind power estimated using (11), from the wind speed
predicted using various methods.

Based on the above experiments and results, the proposed
IRBFN is proved to be a most suitable alternative for pre-
dicting the wind speed and thereby wind power. Thus, this
networkwill be adopted for predicting thewind power for the
DEDP for a practical power system. Next the DEDP solution
methodology proposed in this research will be validated with
a standard 10-unit test system.

7.2. Case 2: Validating the Hybrid TLBO-SQP Method for
Solving DEDP. To validate the proposed hybrid TLBO-SQP
method for solving the DEDP, this research adopts a 10-unit
test systemproven as a complex test bench for several solution
methods. Also the results are compared with the very recent
solutions reported in the literature [14]. Here the TLBO uses
a population size of 100 and total generation of 10000. A total
number of 30 trials were performed on the test system using
the proposed hybrid TLBO-SQPmethod to arrive at the final
conclusions about the superiority of the proposedmethod for
solving the DEDP with multiple fuel options. The results are
compared with the chaotic self-adaptive differential harmony
search algorithm (CSADHS) proposed in [14]. This research
did not implement the CSADHS method but only compared
the final results.

The system data and load demand considered for 24 h
time interval is obtained from [2]. In this test case, the DEDP
only considers valve-point effect in the fuel cost function
of generators. The optimal generation cost obtained by the
proposed hybrid TLBO-SQP method is $1018679.2135 as
against the $1018681.872 produced by the CSADHS algorithm
[14] for a 24 h scheduling horizon and the corresponding
production cost for each hour in the horizon is given in
Table 6. Table 7 shows the production cost distribution as
best, worst, and average production cost obtained for 30 dif-
ferent trial runs.The convergence characteristic of the hybrid
TLBO-SQP method is shown in Figure 6. From Figure 6, it
is demonstrated that the convergence characteristic of the
proposed hybrid TLBO-SQP method is reliable and better
than TLBO alone. The standard deviation of generation cost
obtained by the proposed TLBO-SQPmethod is at an average
of 1.5 for 30 different trial runs, which is less compared to
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Figure 6: Convergence plot for both the methods for Case 2.

CSADHS algorithm, thus proving that the proposed method
is consistent in reaching the best optimal solution and best
suitable for solving the DEDP with valve-point effects.

7.3. Case 3: A practical 7-Unit Multifuel DEDP with Integrated
Wind. This is a practical system where 7 thermal units
are supplying the power demand and controlled by LDCE.
During 2010, wind power generation is penetrated into the
systemwith an installed capacity of 150MW.Aswindpower is
unpredictable, an improved RBFN is proposed to forecast the
wind power and it is very well demonstrated through Case 1
that it is well suited for this system.The data for this practical
system is given in Table 8. Similarly power demand for the
total scheduling horizon is given in Table 9. The wind power
for this entire scheduling horizon is already forecasted and
will be used from Table 5 rounded to integer as done in the
LDCE. The remaining power demand (difference in Tables 9
and 5) will be scheduled using the proposed hybrid TLBO-
SQP method.

The optimal generation cost obtained by the proposed
hybrid TLBO-SQP algorithm for 24 h time duration is
$9538.1851 as against the cost of 9736.1471 obtained using
the TLBO method alone. The corresponding generation
schedule by the hybrid TLBO-SQP method is shown in
Table 10. As seen in Table 11, the TLBO-SQP method can
obtain the better total fuel cost and best total fuel cost
compared to TLBO method, thus resulting in the higher
quality solution. Moreover, in all the 30 different trial runs,
the TLBO-SQPmethod produced almost less total fuel costs,
thus conforming a better quality solution and convergence
characteristic. The reliability of the proposed method in
producing quality solutions (total fuel cost less than the other
methods and convergence characteristics) is above 90% (as
per 30 different trial runs). The average computation time of
the proposed TLBO-SQP algorithm for 24 h time duration is
2.53min as against the 4.21min taken by the TLBO method.
The convergence characteristic is shown in Figure 7. From
Figure 7, it is revealed that the convergence characteristic
of the proposed hybrid TLBO-SQP algorithm is steady and
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Figure 7: Convergence plot for both the methods for Case 3.

fast. The standard deviation of generation cost obtained
by proposed hybrid TLBO-SQP algorithm and TLBO are
10.26 and 20.14, respectively. This proves that the proposed
algorithm is consistent in reaching the best optimal solution
for this practical 7-unit multiple fuel generating station.

8. Discussion

Due to fluctuation and nonlinearity of wind speed, accurate
wind speed prediction plays a major role in operational
control of wind farms. Thus, the radial basis function net-
work, a class in artificial neural network, is used to develop
architecture for predicting wind speed in wind farms. The
evaluation of neural network architecture is carried out for
various real time data from wind farm. The performance
analysis of modeling frame work was useful for accurate
wind speed prediction in wind farm operators and thereby
improves the reliability of wind power. Thus, on a particular
day the wind speed is predicted by training the network with
different samples (the temperature, wind direction, and the
past history of wind speed) but data taken for similar wind
speeds at various instances.Thus, the predicted wind speed is
almost similar to the actual wind speed.

After the wind power is estimated (from the predicted
wind speed), the difference in power is dispatched using the
practical 7-unit multiple fuel DEDP with valve-point effects.
Based on the simulation results in Case 2, the hybrid TLBO-
SQP method is found suitable producing quality dispatch
schedule. Hence, the hybrid TLBO-SQP is used to further
dispatch 7-unit multiple fuel DEDP meeting the balance
power demand.

The above 7-unit multiple fuel DEDP is considered only
with valve-point effects in problem formulation. Several
constraints like prohibited operating zones, line flows, voltage
limits, and transmission losses will also be included in the
problem formulation for better accuracy of the dispatch
solution and this will be done once practical data is received
from the power station.

9. Conclusion

Integration of wind power into thermal generation system
and its impact on the DEDP are explored in this paper.
The DEDP formulation considering valve-point effects and
multiple fuel options has been solved using a new hybrid
TLBO-SQP algorithm.The DEDP formulation also incorpo-
rated wind power to demonstrate and assess the economic
benefits of integrating wind power into power system grids.
The wind speed prediction method has been analyzed using
a radial basis function network and trained using real time
wind data with different samples taken for similar wind
speeds. Simulation studies revealed that the RBFN is found
to be a more reasonable predictor than the existing methods
used in load dispatch center. Based on the predicted wind
power, the hybrid TLBO-SQP algorithm is used to solve
the DEDP to source the remaining power demand with the
available thermal generation. The performance of the TLBO
algorithm is studied on a standard bench mark DEDP with
10 units, in terms of the convergence rate and accuracy of
the solution produced. SQP is used on the run to fine-tune
the better solutions produced by the TLBO algorithm. The
effectiveness of the TLBO-SQP is finally illustrated on a
practical 7-unit multiple fuel DEDP with valve-point effects
with practical data. The comprehensive numerical results
reveal that the proposed wind speed predictor using RBFN
and the hybrid TLBO-SQP method to solve DEDP are most
suitable for a more economical power dispatch for practical
systems.

Nomenclature

The following nomenclature will be used throughout this paper:

𝐹
𝑇
: Total production cost ($)

𝐹
𝑖ℎ
(𝑃
𝑖ℎ
): Incremental fuel cost function ($/hr)

𝑃
𝑖ℎ
: Real power output of the 𝑖th unit at the ℎth

interval (MW)
𝑁: Number of generating units
𝑁
𝐹
: fuel options for each unit

𝐻: Number of intervals in the given time
horizon

𝑃
𝐷ℎ
: Power demand at the ℎth interval (MW)

𝑃Loss,ℎ: Power Loss at the ℎth interval (MW)
𝐵
𝑚𝑛
: Transmission loss coefficients

𝑃
𝑖ℎmin/𝑃𝑖ℎmax: Minimum/maximum limit of the real

power of the 𝑖th unit at the ℎth interval
(MW)

𝑈𝑅
𝑖
/𝐷𝑅
𝑖
: Up/down ramp rate limits of the 𝑖th unit

(MW)
𝑃
0

𝑖ℎ
: Previous power generated by the 𝑖th unit

at the ℎth interval (MW)
𝑤
𝑅
: Wind turbine rated power

𝜐: Actual wind speed
𝜐
𝑅
: Wind turbine rated wind speed

𝜐in: Wind turbine cutin speed
𝜐out: Wind turbine cutout speed.



14 Mathematical Problems in Engineering

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

References

[1] T. Jayabarathi and G. Sadasivam, “Evolutionary programming-
based economic dispatch for units with multiple fuel options,”
EuropeanTransactions on Electrical Power, vol. 10, no. 3, pp. 167–
170, 2000.

[2] T. A. A. Victoire andA. E. Jeyakumar, “Deterministically guided
PSO for dynamic dispatch considering valve-point effect,”
Electric Power Systems Research, vol. 73, no. 3, pp. 313–322, 2005.

[3] C.-L. Chiang, “Improved genetic algorithm for power economic
dispatch of units with valve-point effects and multiple fuels,”
IEEE Transactions on Power Systems, vol. 20, no. 4, pp. 1690–
1699, 2005.

[4] R. Balamurugan and S. Subramanian, “Hybrid integer coded
differential evolution—dynamic programming approach for
economic load dispatch with multiple fuel options,” Energy
Conversion and Management, vol. 49, no. 4, pp. 608–614, 2008.

[5] D. N. Jeyakumar, T. Jayabarathi, and T. Raghunathan, “Particle
swarm optimization for various types of economic dispatch
problems,” International Journal of Electrical Power and Energy
Systems, vol. 28, no. 1, pp. 36–42, 2006.

[6] J.-C. Lee, W.-M. Lin, G.-C. Liao, and T.-P. Tsao, “Quantum
genetic algorithm for dynamic economic dispatch with valve-
point effects and including wind power system,” International
Journal of Electrical Power and Energy Systems, vol. 33, no. 2, pp.
189–197, 2011.

[7] G.-C. Liao, “A novel evolutionary algorithm for dynamic eco-
nomic dispatch with energy saving and emission reduction in
power system integrated wind power,” Energy, vol. 36, no. 2, pp.
1018–1029, 2011.

[8] J. Jasper, R. S. Sivakumar, T. Victoire, and S. N. Deepa, “Cost
Optimization of Power Generation Using a Differential Evolu-
tion Algorithm Enhanced with Neighbourhood Search Opera-
tion,” International Review of Electrical Engineering, vol. 7, no. 5,
pp. 5854–5865, 2012.

[9] M. Basu, “Hybridization of bee colony optimization and seq-
uential quadratic programming for dynamic economic dis-
patch,” International Journal of Electrical Power & Energy
Systems, vol. 44, no. 1, pp. 591–596, 2013.

[10] J. Park and I. W. Sandberg, “Approximation and radial-basis-
function networks,” Neural Computation, vol. 5, no. 2, pp. 305–
316, 1993.

[11] G. N. Kariniotakis, G. S. Stavrakakis, and E. F. Nogaret, “Wind
power forecasting using advanced neural networks models,”
IEEE Transactions on Energy Conversion, vol. 11, no. 4, pp. 762–
767, 1996.

[12] K. G. Sheela and S. N. Deepa, “Performance analysis of model-
ing framework for prediction inwind farms employing artificial
neural networks,” Soft Computing, vol. 18, no. 3, pp. 607–615,
2014.

[13] D. Niu, Y. Wang, and D. D. Wu, “Power load forecasting using
support vector machine and ant colony optimization,” Expert
Systems with Applications, vol. 37, no. 3, pp. 2531–2539, 2010.

[14] R. Arul, G. Ravi, and S. Velusami, “Chaotic self-adaptive dif-
ferential harmony search algorithm based dynamic economic
dispatch,” International Journal of Electrical Power & Energy
Systems, vol. 50, pp. 85–96, 2013.

[15] R. V. Rao, V. J. Savsani, and D. P. Vakharia, “Teaching-learning-
based optimization: a novelmethod for constrainedmechanical
design optimization problems,” CAD Computer Aided Design,
vol. 43, no. 3, pp. 303–315, 2011.

[16] R. V. Rao, V. J. Savsani, and D. P. Vakharia, “Teaching-learning-
based optimization: an optimization method for continuous
non-linear large scale problems,” Information Sciences, vol. 183,
pp. 1–15, 2012.

[17] P. T. Boggs and J.W. Tolle, “Sequential quadratic programming,”
in Acta Numerica, 1995, Acta Numerica, pp. 1–51, Cambridge
University Press, Cambridge, UK, 1995.

[18] M. A. Mohandes, S. Rehman, and T. O. Halawani, “A neural
networks approach for wind speed prediction,” Renewable
Energy, vol. 13, no. 3, pp. 345–354, 1998.

[19] A. Sfetsos, “A comparison of various forecasting techniques
applied to mean hourly wind speed time series,” Renewable
Energy, vol. 21, no. 1, pp. 23–35, 2000.

[20] T. G. Barbounis, J. B. Theocharis, M. C. Alexiadis, and P. S.
Dokopoulos, “Long-term wind speed and power forecasting
using local recurrent neural network models,” IEEE Transac-
tions on Energy Conversion, vol. 21, no. 1, pp. 273–284, 2006.

[21] M.Monfared, H. Rastegar, and H.M. Kojabadi, “A new strategy
for wind speed forecasting using artificial intelligent methods,”
Renewable Energy, vol. 34, no. 3, pp. 845–848, 2009.

[22] M. Lei, L. Shiyan, J. Chuanwen, L. Hongling, and Z. Yan, “A
review on the forecasting of wind speed and generated power,”
Renewable and Sustainable Energy Reviews, vol. 13, no. 4, pp.
915–920, 2009.

[23] A. Costa, A. Crespo, J. Navarro, G. Lizcano, H. Madsen, and E.
Feitosa, “A review on the young history of thewind power short-
term prediction,” Renewable and Sustainable Energy Reviews,
vol. 12, no. 6, pp. 1725–1744, 2008.

[24] E. Cadenas and W. Rivera, “Short term wind speed forecasting
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A novel improved particle swarm algorithm named competition particle swarm optimization (CPSO) is proposed to calibrate the
Underwater Transponder coordinates. To improve the performance of the algorithm, TVAC algorithm is introduced into CPSO
to present an extension competition particle swarm optimization (ECPSO). The proposed method is tested with a set of 10 standard
optimization benchmark problems and the results are comparedwith those obtained through existing PSO algorithms, basic particle
swarm optimization (BPSO), linear decreasing inertia weight particle swarm optimization (LWPSO), exponential inertia weight
particle swarm optimization (EPSO), and time-varying acceleration coefficient (TVAC). The results demonstrate that CPSO and
ECPSO manifest faster searching speed, accuracy, and stability. The searching performance for multimodulus function of ECPSO
is superior to CPSO. At last, calibration of the underwater transponder coordinates is present using particle swarm algorithm, and
novel improved particle swarm algorithm shows better performance than other algorithms.

1. Introduction

Particle swarm optimization (PSO) technique is considered
as one of the modern heuristic algorithms for optimization
first proposed by Kennedy and Eberhart in 1995 [1]. The
motivation for the development of this method was based
on the simulation of simplified animal social behaviors [2].
The PSO algorithm works on the social behavior of particles
in the swarm. In PSO, the population dynamics simulates
a bird flock’s behavior where social sharing of information
takes place and individuals can profit from the discoveries
and previous experience of all other companions during the
search for food. That is, the global best solution is found by
simply adjusting the trajectory of each individual towards
its own best location and towards the best particle of the
entire swarm at each time step [1–3]. Owing to its reduction
on memory requirement and computational efficiency with
convenient implementation, it has gained lots of attention
in various optimal control system applications, compared to
other evolutionary algorithms [4]. Several researches were
carried out so far to analyze the performance of the PSO
with different settings; for example, Shi and Eberhart [5]
indicated that the optimal solution can be improved by

varying the value of 𝜔 from 0.9 at the beginning of the search
to 0.4 at the end of the search for most problems, and they
introduced a method named TVIW with a linearly varying
inertia weight over the generations. Chen et al. [6] introduced
exponential inertia weight strategies, which is found to be
very effective for TVIW. Ratnaweera et al. [2] propose time-
varying acceleration coefficients as a parameter automation
strategy for the PSOnamedTVAC,witch reduce the cognitive
component and increase the social component, by changing
the acceleration coefficients with time. Ni and Deng [7]
analyze the performance of PSO with the proposed random
topologies and explore the relationship between population
topology and the performance of PSO from the perspective
of graph theory characteristics in population topologies.
Noel [8] presents a new hybrid optimization algorithm that
combines the PSO algorithm and gradient-based local search
algorithms to achieve faster convergence and better accuracy
of final solution without getting trapped in local minima.
Epitropakis et al. [9], motivated by the behavior and spatial
characteristics of the social and cognitive experience of each
particle in the swarm, develop a hybrid framework that com-
bines the particle swarm optimization and the differential
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evolution algorithm. In an attempt to efficiently guide the
evolution and enhance the convergence, the author evolved
the personal experience or memory of the particles with
the differential evolution algorithm, without destroying the
search capabilities of the algorithm.Mousa et al. [10] propose
a hybrid multiobjective evolutionary algorithm combining
genetic algorithm and particle swarm optimization; the local
search scheme is implemented as a neighborhood search
engine to improve the solution quality, where it intends
to explore the less-crowded area in the current archive to
possibly obtain more nondominated solutions.

As a kind of optimization algorithm, PSO is simple in
structure, has good performance, and is easy to implement. It
is widely applied in various engineering applications. Moradi
and Abedini [11] combined genetic algorithm and particle
swarm optimization for optimal location and sizing of dis-
tributed generation on distribution systems.The algorithm is
to minimize network power losses, make better voltage regu-
lation, and improve the voltage stabilitywithin the framework
of system operation and security constraints in radial distri-
bution systems. Chang et al. [12] apply the PSO algorithm
to estimate the parameters of the Genesio-Tesi nonlinear
chaotic systems, and the estimation of the PSO algorithm
is verified by examining different sets of random initial
populations under the presence of measurement noise. Soon
and Low [13] proposed a new approach using particle swarm
optimization with inverse barrier constraint to determine
the unknown photovoltaic model parameters. The proposed
method has been validated with three different photovoltaic
technologies. Jiang et al. [14] proposed the barebone particle
swarm optimization algorithm to determine the parameters
of solid oxide fuel cell (SOPC). The cooperative coevolution
strategy is applied to divide the output voltage function
into four subfunctions based on the interdependence among
variables. To the nonlinear characteristic of SOPC model, a
hybrid learning strategy is proposed for BPSO to ensure a
good balance between exploration and exploitation. Alfi [15]
proposed novel particle swarm optimization, to cope with the
online system parameter identification problem. The inertia
weight for every particle is dynamically updated based on the
feedback taken from the fitness of the best previous position
found by the particle, and a novel methodology is incorpo-
rated into the novel particle swarm optimization to be able
to effectively response and detect any parameter variations
of system to be identified. Hu and Shi [16], to solve the pre-
mature convergence problem of PSO, improved algorithms
with hybrid and mutation operators, leading to obtaining
a high level of particle population diversity, decreasing the
possibility of falling into local optima, and improving location
accuracy. The novel algorithm is introduced in the range-
based location for wireless sensor networks and simulation
shows a better performance than basic PSO algorithm.

With the development of marine economy and technol-
ogy, unmanned underwater vehicle (UUV) is an effective
means for marine detection, resource exploitation, military
interfere, and investigation [17–19]. Navigation of UUV
has been and remains a substantial challenge to platforms.
One of the main driving factors is the ability to carry
out long-duration missions fully autonomously and without

supervision from a surface ship [20, 21]. Combined with
inertial navigation, the use of one or several transponders
on the seabed is an accurate and cost-effective approach
toward solving several of these challenges [22–24]. It is
obvious that the exact position of the transponder is very
important in the underwater transponder positioning system
[25, 26]. However, in the practical operations, due to the
influence of ocean currents and other factors, the practical
coordinates of transponder will drift from the position where
it launched into the water. So it requires the mother ship
to calibrate the coordinate of the transponder; this paper
proposed the particle swarm optimization algorithm solving
the transponder coordinates.

The contribution of this paper is concluded as the fol-
lowing. Firstly, considering the competition particle swarm
algorithm, each particle will evolve along two different
directions to generate two homologous particles.The optimal
one is kept through comparing the cost functions of two
homologous particles, and the next generation particle will
be obtained finally. Secondly, according to the advantage of
TVAC, combining CPSO and TVAC, ECPSO algorithm is
presented.With a large cognitive component and small social
component at the beginning, on the other hand, a small
cognitive component and a large social component allow the
particles to converge to the global optima in the latter part
of the optimization. Simultaneously, the evolution for each
particle at any time is along two different inertia directions
to generate two homologous particles and to obtain next
generation particle. Lastly, ECPSO is introduced to calibrate
the coordinate of the transponder.

The rest of this paper is organized as follows. In Section 2,
the basic PSOand its previous developments are summarized.
In Section 3, the competition particle swarm optimization
algorithm and extension competition particle swarm opti-
mization algorithm are introduced. The experimental set-
tings for the benchmark functions and simulation strategies
are explained, and the conclusion is drawn based on the
comparison analysis. In Section 4, ECPSO is introduced to
calibrate the coordinates of the transponder, and simulations
are designed to verify the feasibility of the algorithm present.

2. Some Previous Work

Introduced by Dr. Kennedy and Dr. Eberhart in 1995, PSO
has ever since turned out to be a competitor in the field of
numerical optimization, and there has been a considerable
amount of work done in developing the original version of
PSO. In this section, we summarize some entire significant
previous developments.

2.1. Basic Particle Swarm Optimization (BPSO). In PSO, each
solution called a “particle” flies in the search space searching
for the optimal position to land. PSO system combines
local search method (through individual experience) with
global search methods (through neighboring experience),
attempting to balance exploration and exploitation [27]. Each
particle has a position vector 𝑥

𝑖
(𝑘), a velocity vector V

𝑖
(𝑘), the

position with the best fitness encountered by the particle, and
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the index of the best particle in the swarm.Theposition vector
and the velocity vector of the 𝑖th particle in the𝑑-dimensional
search space can be represented as 𝑥

𝑖
= (𝑥
𝑖1
, 𝑥
𝑖2
, 𝑥
𝑖3
, . . . , 𝑥

𝑖𝑑
)

and V
𝑖
= (V
𝑖1
, V
𝑖2
, V
𝑖3
, . . . , V

𝑖𝑑
), respectively. The best position

of each particle (𝑝best) is 𝑝
𝑖
= (𝑝
𝑖1
, 𝑝
𝑖2
, 𝑝
𝑖3
, . . . , 𝑝

𝑖𝑑
), and

the fitness particle found so far at generation 𝑘 (𝑔best) is
𝑝
𝑔
= (𝑝
𝑔1
, 𝑝
𝑔2
, . . . , 𝑝

𝑔𝑑
). In each generation, each particle is

updated by the following two equations:

V
𝑖𝑑 (
𝑘 + 1) = V

𝑖𝑑 (
𝑘) + 𝑐1

× 𝑟
1
× (𝑝
𝑖𝑑 (
𝑘) − 𝑥𝑖𝑑 (

𝑘))

+ 𝑐
2
× 𝑟
2
× (𝑝
𝑔𝑑 (

𝑘) − 𝑥𝑖𝑑 (
𝑘)) ,

(1)

𝑥
𝑖𝑑 (
𝑘 + 1) = 𝑥𝑖𝑑 (

𝑘) + V
𝑖𝑑 (
𝑘 + 1) . (2)

The parameters 𝑐
1
and 𝑐
2
are constants known as acceler-

ation coefficients. 𝑟
1
and 𝑟
2
are random values in the range

from 0 to 1, and the value of 𝑟
1
and 𝑟
2
is not the same for

every iteration. Kennedy and Eberhart [1] suggested setting
either of the acceleration coefficients at 2, in order tomake the
mean of both stochastic factors in (1) unity, so that particles
would over fly only half the time of search. The first equation
shows that, in PSO, the search toward the optimum solution
is guided by the previous velocity, the cognitive component,
and the social component.

Since the introduction of the particle swarm optimiza-
tion, numerous variations of the algorithm have been devel-
oped in the literature. Eberhart and Shi showed that PSO
searches for wide areas effectively but tends to lack local
search precision. They proposed in that work a solution by
introducing 𝜔, an inertia factor. In this paper, we name it as
basic particle swarm optimization (BPSO):

V
𝑖𝑑 (
𝑘 + 1) = 𝜔 × V

𝑖𝑑 (
𝑘) + 𝑐1

× 𝑟
1
× (𝑝
𝑖𝑑 (
𝑘) − 𝑥𝑖𝑑 (

𝑘))

+ 𝑐
2
× 𝑟
2
× (𝑝
𝑔𝑑 (

𝑘) − 𝑥𝑖𝑑 (
𝑘)) ,

𝑥
𝑖𝑑 (
𝑘 + 1) = 𝑥𝑖𝑑 (

𝑘) + V
𝑖𝑑 (
𝑘 + 1) .

(3)

2.2. Time-Varying Inertia Weight (TVIW). The role of the
inertia weight 𝜔 is considered very important in PSO conver-
gence behavior. The inertia weight is applied to control the
impact of the previous history of velocities on the current
velocity. large inertia weight facilitates global exploration,
while small one tends to facilitate local exploration. In order
to assure that the particles converge to the best point in
the course of the search, Shi and Eberhart [28] have found
that time-varying inertia weight (TVIW) has a significant
improvement in the performance of PSO and proposed
linear decreasing inertia weight PSO (LWPSO) with a linear
decreasing value of 𝜔. This modification can increase the
exploration of the parameter space during the initial search
iterations and increase the exploitation of the parameter space
during the final steps of the search [29]. The mathematical
representation of inertia weight is given as follows:

𝜔 = (𝜔
1
− 𝜔
2
) × (

MAXITER − 𝑘
MAXITER

) + 𝜔
2
, (4)

where 𝜔
1
and 𝜔

2
are the initial and final values of the inertia

weight, respectively, 𝑘 is the current iteration number, and

MAXITER is the maximum number of allowable iterations.
Shi and Eberhart [5] indicate that the optimal solution can be
improved by varying the value of 𝜔 from 0.9 at the beginning
of the search to 0.4 at the end of the search formost problems.

Chen et al. [6] proposed natural exponential (base 𝑒)
inertia weight strategies, named EPSO and expressed as

𝜔 = 𝜔
2
+ (𝜔
1
− 𝜔
2
) × exp[−( 𝐾

(MAXITER/4)
)

2

] . (5)

2.3. Time-Varying Acceleration Coefficient (TVAC). In PSO,
the particle was updated due to the cognitive component and
the social component. Therefore, proper control of these two
components is very important to find the optimum solution
accurately and efficiently. Ratnaweera et al. [2] introduced a
time-varying acceleration coefficient (TVAC), which reduces
the cognitive component and increases the social component,
by changing the acceleration coefficients 𝑐

1
and 𝑐

2
with

the time evolution. The objective of this development is to
enhance the global search in the early part of the optimization
and to encourage the particles to converge toward the global
optima at the end of the search. The TVAC is represented
using the following equations:

𝑐
1
= (𝑐max − 𝑐min)

𝑘

MAXITR
+ 𝑐min,

𝑐
2
= (𝑐min − 𝑐max)

𝑘

MAXITR
+ 𝑐max,

(6)

where 𝑐min and 𝑐max are constants, 𝑘 is the current iteration
number, and MAXITR is the maximum number of allowable
iterations.

Simulations were carried out with numerical bench-
marks, to find out the best ranges of values for 𝑐

1
and 𝑐
2
.

From the results it was observed that the best solutions were
determined when changing 𝑐

1
from 2.5 to 0.5 and changing 𝑐

2

from 0.5 to 2.5 over the full search range.

3. Proposed New Developments

It is clarified from (1) that particle’s new velocity is correlated
with three terms: the particle’s previous velocity, the value
of the cognitive component, and the value of the social
component. Therefore, proper control method with inertia
weight factor and acceleration coefficients is significant to
find the optimum solution accurately and efficiently.

The inertia weight is utilized to adjust the influence of the
previous velocity on the current velocity and balance between
global and local exploration abilities of the “flying particle”
[30, 31]. A larger inertia weight implies stronger global
exploration ability, advocating the particle to escape from a
local minimum. A smaller inertia weight leads to stronger
local exploration ability, confining the particle searching
within a local range near its present position to guarantee the
convergence.

Kennedy and Eberhart [1] indicated that a relatively high
value of the cognitive component, compared with the social
component, will result in excessive wandering of individuals
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through the search space. In contrast, a relatively high value of
the social component may lead particles to rush prematurely
toward a local optimum.

Considering those concerns, we propose a new strategy
for the PSO concept.

3.1. Competition Particle Swarm Optimization (CPSO). In
the process of particle evolution, each particle is evolved
along different directions with different inertia coefficients
and acceleration coefficients. Two homologous particles are
generated and the optimal one is kept through comparing
cost functions of two homologous particles, eliminating the
inferior one. Then, the next generation particle is updated
finally. The evaluation function of each particle is described
as

V𝑡
𝑖𝑑
(𝑘 + 1) = 𝜔

𝑡V
𝑖𝑑 (
𝑘) + 𝑐

𝑡

1
𝑟
𝑡

1
(𝑝
𝑖𝑑 (
𝑘) − 𝑥𝑖𝑑 (

𝑘))

+ 𝑐
𝑡

2
𝑟
𝑡

2
(𝑝
𝑔𝑑 (

𝑘) − 𝑥𝑖𝑑 (
𝑘)) ,

𝑥
𝑡

𝑖𝑑
(𝑘 + 1) = 𝑥

𝑡

𝑖𝑑
(𝑘) + V𝑡

𝑖𝑑
(𝑘 + 1) .

(7)

And the final equations are shown as

V
𝑖𝑑 (
𝑘) = {V𝑡

𝑖𝑑
(𝑘) | min (fitness (𝑥𝑡

𝑖
(𝐾))) , 𝑡 = 1, 2} ,

𝑥
𝑖𝑑 (
𝑘) = {𝑥

𝑡

𝑖𝑑
(𝑘) | min (fitness (𝑥𝑡

𝑖
(𝐾))) , 𝑡 = 1, 2} ,

(8)

where 𝑛 is the number of particles in the swarm, 𝑀 is the
maximum iteration frequency, 𝑟𝑡

1
, 𝑟𝑡
2
are the randomnumbers

in the range of [0, 1], 𝑥
𝑖𝑑
(𝑘) is the 𝑖th particle position in the

𝑑th dimension after 𝑘 time iteration, 𝑥𝑡
𝑖𝑑
(𝑘) shows the 𝑑th

dimension position for subparticle 𝑡 of the 𝑖th particle after
𝑘 time iteration, 𝜔𝑡 is the speed inertia weight of subparticle
𝑡, 𝑐𝑡
1
and 𝑐𝑡
2
are constants denoting acceleration coefficients,

fitness (𝑥𝑡
𝑖
(𝐾)) is the fitting function of the subparticle 𝑡 after

𝑘 time iteration, V𝑡
𝑖𝑑
(𝑘) is the speed of subparticle 𝑡 at 𝑑th

dimension, 𝑝
𝑖𝑑
(𝑘) is the optimal position of the 𝑖th particle

at 𝑑th dimension, and 𝑝
𝑔𝑑
(𝑘) is the swarm optimal position

at 𝑑th dimension after 𝑘 time iteration.

Remark 1. In this paper, two subparticles are generated for
each particle at one time; therefore, 𝑡 = 1, 2.

The detailed steps are shown as follows.

Step 1. Initial.

Substep 1. Set the initial parameters 𝑛,𝑀, 𝑤𝑡, 𝑐𝑡
1
, 𝑐𝑡
2
.

Substep 2. Take random initial 𝑥
𝑖𝑑
(0).

Substep 3. Take random initial V𝑡
𝑖𝑑
(1).

Substep 4. Calculate fitness(𝑥𝑡
𝑖
(0)) and set 𝑝

𝑖
(0) = 𝑥

𝑖
(0).

Substep 5. One has 𝑝
𝑔
(0) = {𝑥

𝑖
(0) | 𝑥

𝑖
(0) ∈

min(fitness(𝑥
𝑖
(0)))}.

Step 2. If the criteria are satisfied, output the best solution;
otherwise, go to Substep 6.

Substep 6. Update V𝑡
𝑖𝑑
(𝑘) and 𝑥𝑡

𝑖𝑑
(𝑘).

Substep 7. Calculate fitness(𝑥𝑡
𝑖
(𝑘)).

Substep 8. One has 𝑥
𝑖𝑑
(𝑘) = {𝑥

𝑡

𝑖𝑑
(𝑘) | min(fitness(𝑥𝑡

𝑖
(𝑘))), 𝑡 =

1, 2}.

Substep 9. If fitness(𝑥
𝑖
(𝑘)) < fitness(𝑝

𝑖
(𝑘))

𝑝
𝑖 (
𝑘) = 𝑥𝑖 (

𝑘) . (9)

If min{fitness(𝑥
𝑖
(𝑘)), 𝑖 = 1, . . . , 𝑛} < fitness(𝑝

𝑔
(𝑘))

𝑝
𝑔 (
𝑘) = {𝑥𝑖 (

𝑘) | min [fitness (𝑥
𝑖 (
𝑘)) , 𝑖 = 1, . . . , 𝑛]} . (10)

Substep 10. Go back to Step 2.

3.2. Extension Competition Particle Swarm Optimization
(ECPSO). competition particle swarm optimization (CPSO)
helps adjust the search direction particles and improve the
search speed and efficiency, but, due to rapid convergence,
CPSO is easy to fall into local minima. According to
benchmark functions simulation in Section 4, it is obvious
that CPSO is superior to the searching effective of single-
modulus function, and TVAC is superior to the searching
effective of multimodulus function. The reason resulting in
this phenomenon is due to the selection of acceleration
coefficient. With a large cognitive component and a small
social component at the beginning, particles are allowed to
move around the search space, instead of moving toward
the population best. On the other hand, a small cognitive
component and a large social component allow the particles
to converge to the global optima in the latter part of the
optimization. Considering the advantage of TVAC, introduce
TVAC into CPSO and the extension competition particle
swarm optimization (ECPSO) with the acceleration coeffi-
cients proposed as above. The evolution equations can be
mathematically represented as the following:

V𝑡
𝑖𝑑
(𝑘 + 1) = 𝜔

𝑡V
𝑖𝑑 (
𝑘) + 𝑐1

𝑟
𝑡

1
(𝑝
𝑖𝑑 (
𝑘) − 𝑥𝑖𝑑 (

𝑘))

+ 𝑐
2
𝑟
𝑡

2
(𝑝
𝑔𝑑 (

𝑘) − 𝑥𝑖𝑑 (
𝑘)) ,

𝑥
𝑡

𝑖𝑑
(𝑘 + 1) = 𝑥

𝑡

𝑖𝑑
(𝑘) + V𝑡

𝑖𝑑
(𝑘 + 1) ,

(11)

where

𝑐
1
= (𝑐max − 𝑐min)

𝑘

MAXITR
+ 𝑐min,

𝑐
2
= (𝑐min − 𝑐max)

𝑘

MAXITR
+ 𝑐max.

(12)

And it is obvious that

V
𝑖𝑑 (
𝑘) = {V𝑡

𝑖𝑑
(𝑘) | min (fitness (𝑥𝑡

𝑖
(𝐾))) , 𝑡 = 1, 2} ,

𝑥
𝑖𝑑 (
𝑘) = {𝑥

𝑡

𝑖𝑑
(𝑘) | min (fitness (𝑥𝑡

𝑖
(𝐾))) , 𝑡 = 1, 2} .

(13)
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4. Experimental Settings and Simulation
Strategies for Benchmark Testing

Simulations were carried out to observe the rate of con-
vergence and the quality of the optimum solution of the
new methods introduced in this investigation by comparing
with BPSO, EPSO, and TVAC. From the standard set of
benchmark problems available in the literature, there are 5
important functions considered to test the efficacy of the
proposed method. All of the benchmark functions reflect
different degrees of complexity.

4.1. Functions Introduction. The functions are as follows.

(1) Sphere function: one has

𝑓
1 (
𝑥) =

𝐷

∑

𝑖=1

𝑥
2

𝑖
. (14)

With the search space {𝑥
𝑖
| −100 < 𝑥

𝑖
< 100}, the global

minimum locates at 𝑥 = [0, . . . , 0]𝐷 with 𝑓(𝑥) = 0. It is very
simple, convex, and unimodal function with only one local
optimum value.

(2) Axis parallel hyperellipsoid function: one has

𝑓
2 (
𝑥) =

𝐷

∑

𝑖=1

𝑖 ⋅ 𝑥
2

𝑖
. (15)

It is known as the weighted sphere model. With the search
space {𝑥

𝑖
| −100 < 𝑥

𝑖
< 100}, the global minimum locates at

𝑥 = [0, . . . , 0]
𝐷 with 𝑓(𝑥) = 0. It is continuous, convex, and

unimodal.

(3) Rotated hyperellipsoid function (Schwefel’s problem
1.2): one has

𝑓
3 (
𝑥) =

𝐷

∑

𝑖=1

(

𝑖

∑

𝑗=1

𝑥
𝑗
)

2

. (16)

With the search space {𝑥
𝑖
| −100 < 𝑥

𝑖
< 100}, the global

minimum locates at 𝑥 = [0, . . . , 0]
𝐷 with 𝑓(𝑥) = 0. It is

continuous, convex, and unimodal. With respect to the coor-
dinate axes, this function produces rotated hyperellipsoids.

(4) Moved axis parallel hyperellipsoid function: one has

𝑓
4 (
𝑥) =

𝐷

∑

𝑖=1

5𝑖 ⋅ 𝑥
2

𝑖
. (17)

With the search space {𝑥
𝑖
| −100 < 𝑥

𝑖
< 100}, the global

minimum locates at 𝑥(𝑖) = 5 ∗ 𝑖, 𝑖 = 1 : 𝐷, with 𝑓(𝑥) = 0.

(5) Rosenbrock function: one has

𝑓
5 (
𝑥) =

𝐷−1

∑

𝑖=1

[100(𝑥
𝑖+1
− 𝑥
2

𝑖
)

2

+ (𝑥
𝑖
− 1)
2
] . (18)

Table 1: Parameters for simulation.

Method Parameters

CPSO
𝜔
1
= 𝜔max = 0.9, 𝜔

2
= 𝜔min = 0.4,

𝑐
1

1
= 0.5, 𝑐1

2
= 2.5, 𝑐2

1
= 2.5,

𝑐
2

2
= 0.5

𝑛 = 30,
𝐷 = 10,

𝑥
𝑖
∈ [−100, 100],

V
𝑖
∈ [−100, 100]

ECPSO
𝜔
1
= 𝜔max = 0.9, 𝜔

2
= 𝜔min = 0.4,

𝑐min = 0.5, 𝑐max = 2.5

BPSO 𝑐
1
= 𝑐
2
= 2.0, 𝜔 = 0.7

EPSO
𝑐
1
= 𝑐
2
= 2.0, 𝜔max = 0.9,
𝜔min = 0.4

TVAC 𝑐min = 0.5, 𝑐max = 2.5, 𝜔 = 0.7

With the search space {𝑥
𝑖
| −100 < 𝑥

𝑖
< 100}, the global

minimum locates at 𝑥 = [1, . . . , 1]
𝐷 with 𝑓(𝑥) = 0. It

is a unimodal function and the global optimum is inside a
long, narrow, parabolic shaped flat valley. To find the valley is
trivial.

(6) Rastrigin function: one has

𝑓
6 (
𝑥) =

𝐷

∑

𝑖=1

[𝑥
2

𝑖
− 10 cos (2𝜋𝑥

𝑖
) + 10] . (19)

With the search space {𝑥
𝑖
| −100 < 𝑥

𝑖
< 100}, the global

minimum locates at 𝑥 = [0, . . . , 0]
𝐷 with 𝑓(𝑥) = 0. It is

highly multimodal. However, the locations of the minima are
regularly distributed.

(7) Griewank function: one has

𝑓
7 (
𝑥) =

1

4000

𝐷

∑

𝑖=1

𝑥
2

𝑖
−

𝐷

∏

𝑖=1

cos(
𝑥
𝑖

√𝑖

) + 1. (20)

With the search space {𝑥
𝑖
| −100 < 𝑥

𝑖
< 100}, the global

minimum locates at 𝑥 = [0, . . . , 0]
𝐷 with 𝑓(𝑥) = 0. It

is a multimodal function and has many widespread local
minima. However, the locations of the minima are regularly
distributed.

(8) Sum of different power function: one has

𝑓
8 (
𝑥) =

𝐷

∑

𝑖=1





𝑥
𝑖






(𝑖+1)
. (21)

The sum of different powers is a commonly used uni-
modal test function. With the search space {𝑥

𝑖
| −100 <

𝑥
𝑖
< 100}, the global minimum locates at 𝑥 = [0, . . . , 0]

𝐷

with 𝑓(𝑥) = 0.

(9) Ackley’s path function: one has

𝑓
9 (
𝑥) = −𝑎 ⋅ 𝑒

−𝑏⋅√∑
𝐷

𝑖=1
𝑥
2

𝑖
/𝐷
− 𝑒
∑
𝐷

𝑖=1
cos(𝑐⋅𝑥𝑖)/𝐷

+ 𝑎 + 𝑒
1
.

(22)
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Table 2: Comparison of BPSO, WPSO, EPSO, TVAC, and CPSO.

𝐹 𝐷

Average (standard deviation)
BPSO LWPSO EPSO TVAC CPSO ECPSO

𝑓
1

10 4.7979𝑒 − 11

(1.1343𝑒 − 10)
3.2219𝑒 − 24

(1.0706𝑒 − 23)
8.7747𝑒 − 51

(3.408𝑒 − 50)
1.4826𝑒 − 54

(1.4770𝑒 − 53)
4.1023𝑒 − 146

(3.6388𝑒 − 145)
4.1221𝑒 − 118

(3.0916𝑒 − 117)

30 5.3768
(4.3459)

4.0137𝑒 − 05

(5.926𝑒 − 05)
2.3219𝑒 − 12

(1.1495𝑒 − 11)
1.1062𝑒 − 10

(7.3302𝑒 − 10)
1.4872𝑒 − 46

(6.4922𝑒 − 46)
1.6829𝑒 − 10

(1.0243𝑒 − 09)

50 2.8412𝑒 + 01

(4.5047)
0.2149
(0.1634)

2.2215𝑒 − 05

(3.5696𝑒 − 05)
0.0019
(0.0079)

9.3999𝑒 − 20

(4.0558𝑒 − 19)
0.0022
(0.0083)

70 4.4686𝑒 + 01

(4.3454)
1.1728𝑒 + 01

(1.2113𝑒 + 01)
0.0192
(0.0238)

0.0609
(0.1033)

2.0133𝑒 − 07

(1.9424𝑒 − 06)
0.0302
(0.0458)

𝑓
2

10 3.7589𝑒 − 10

(1.7479𝑒 − 09)
8.5629𝑒 − 24

(1.9031𝑒 − 23)
5.2910𝑒 − 50

(2.3037𝑒 − 49)
1.5947𝑒 − 52

(1.4618𝑒 − 51)
8.9632𝑒 − 146

(3.5734𝑒 − 145)
3.0640𝑒 − 113

(3.0622𝑒 − 112)

30 37.8269
(31.3869)

0.0005
(0.0007)

1.0278𝑒 − 11

(2.0979𝑒 − 11)
1.1937𝑒 − 09

(6.5345𝑒 − 09)
8.1119𝑒 − 45

(4.4882𝑒 − 44)
3.0047𝑒 − 10

(2.1285𝑒 − 09)

50 6.8495𝑒 + 02

(1.0535𝑒 + 02)
2.8041
(2.2863)

0.0004
(0.0010)

0.1214
(0.6006)

2.4666𝑒 − 15

(2.4614𝑒 − 14)
0.0223
(0.0835)

70 1.4952𝑒 + 03

(1.8073𝑒 + 02)
1.2961𝑒 + 02

(1.4505𝑒 + 02)
0.2601
(0.2405)

2.1146
(3.9189)

1.2547𝑒 − 05

(0.0001)
1.1879
(2.0240)

𝑓
3

10 0.0013
(0.0018)

4.0624𝑒 − 08

(1.1066𝑒 − 07)
3.1542𝑒 − 15

(1.9686𝑒 − 14)
3.6072𝑒 − 27

(1.6376𝑒 − 26)
6.0846𝑒 − 60

(5.8552𝑒 − 59)
4.4092𝑒 − 51

(3.1687𝑒 − 50)

30 2.0647𝑒 + 01

(7.9831)
3.7596
(2.0255)

0.5809
(0.3373)

0.0091
(0.0197)

2.7957𝑒 − 06

(5.0455𝑒 − 06)
0.0258
(0.0385)

50 7.2983𝑒 + 01

(2.8263𝑒 + 01)
2.6189𝑒 + 01

(1.3125𝑒 + 01)
1.0295𝑒 + 01

(5.1265)
0.4883
(0.3021)

0.0775
(0.0620)

0.5720
(0.3509)

70 1.4821𝑒 + 02

(4.6282𝑒 + 01)
6.9337𝑒 + 01

(3.3718𝑒 + 01)
2.9336𝑒 + 01

(1.0417𝑒 + 01)
2.7039
(1.0853)

1.1214
(0.4917)

2.2342
(0.7423)

𝑓
4

10 2.7409𝑒 − 09

(1.5090𝑒 − 08)
1.3708𝑒 − 22

(6.5937𝑒 − 22)
3.5012𝑒 − 49

(2.8064𝑒 − 48)
9.9156𝑒 − 52

(6.9209𝑒 − 51)
1.6140𝑒 − 144

(1.4296𝑒 − 143)
3.0561𝑒 − 115

(2.1383𝑒 − 114)

30 1.9825𝑒 + 02

(1.7202𝑒 + 02)
0.0025
(0.0029)

7.3319𝑒 − 11

(2.3165𝑒 − 10)
6.6962𝑒 − 09

(3.6744𝑒 − 08)
1.0828𝑒 − 42

(8.9052𝑒 − 42)
5.6960𝑒 − 08

(3.9998𝑒 − 07)

50 3.2922𝑒 + 03

(5.6799𝑒 + 02)
1.3397𝑒 + 01

(9.4756)
0.0015
(0.0019)

0.3064
(1.2614)

2.2477𝑒 − 17

(1.4523𝑒 − 16)
0.2379
(1.1928)

70 7.4756𝑒 + 03

(7.5131𝑒 + 02)
6.8348𝑒 + 02

(6.1444𝑒 + 02)
1.6799
(2.9749)

1.0304𝑒 + 01

(1.4839𝑒 + 01)
1.9407𝑒 − 06

(9.6092𝑒 − 06)
5.5072

(1.0286𝑒 + 01)

𝑓
5

10 5.6418
(1.092)

4.3037
(1.2401)

3.1701
(1.2637)

0.7262
(0.9490)

0.6503
(1.4786)

0.6445
(1.4706)

30 1.2322𝑒 + 03

(9.4694𝑒 + 02)
4.2313𝑒 + 01

(2.6596𝑒 + 01)
3.1052𝑒 + 01

(1.7699𝑒 + 01)
2.3370𝑒 + 01

(1.9238)
1.4702𝑒 + 01

(3.1506)
1.9234𝑒 + 01

(2.9573)

50 6.5575𝑒 + 03

(1.3919𝑒 + 03)
2.9055𝑒 + 02

(1.6229𝑒 + 02)
7.3894𝑒 + 01

(3.6633𝑒 + 01)
4.6563𝑒 + 01

(2.5861)
3.74782𝑒 + 01

(2.7904)
4.7741𝑒 + 01

(10.6763)

70 1.1834𝑒 + 04

(1.9184𝑒 + 03)
5.2635𝑒 + 03

(4.0246𝑒 + 03)
2.0414𝑒 + 02

(7.4873𝑒 + 01)
7.5240𝑒 + 01

(1.2063𝑒 + 01)
6.5838𝑒 + 01

(1.5847𝑒 + 01)
8.4068𝑒 + 01

(3.0477𝑒 + 01)

𝑓
6

10 5.1090
(3.0667)

3.6806
(1.7685)

3.8703
(1.7882)

0.9750
(0.9693)

2.2685
(1.3272)

0.6765
(0.8231)

30 1.5696𝑒 + 02

(3.9880𝑒 + 01)
3.2291𝑒 + 01

(1.0059𝑒 + 01)
2.9949𝑒 + 01

(7.1988)
1.7282𝑒 + 01

(5.4892)
1.8148𝑒 + 01

(6.2546)
1.3312𝑒 + 01

(4.4942)

50 3.8006𝑒 + 02

(3.5258𝑒 + 01)
7.5141𝑒 + 01

(2.587𝑒 + 01)
6.1896𝑒 + 01

(1.5107𝑒 + 01)
3.6575𝑒 + 01

(9.4137)
3.6236𝑒 + 01

(9.1136)
3.0739𝑒 + 01

(8.5709)

70 5.8512𝑒 + 02

(3.6592𝑒 + 01)
1.6259𝑒 + 02

(6.2498𝑒 + 01)
8.8994𝑒 + 01

(1.7552𝑒 + 01)
5.4198𝑒 + 01

(1.1482𝑒 + 01)
5.2752𝑒 + 01

(1.2361𝑒 + 01)
4.9043𝑒 + 01

(1.1607𝑒 + 01)

𝑓
7

10 9.8646𝑒 − 05

(0.0009)
0.0041
(0.0096)

0.0017
(0.0055)

0
(0)

0
(0)

0
(0)

30 0.1366
(0.1090)

0.0008
(0.0045)

0.0013
(0.0071)

1.0210𝑒 − 10

(1.0021𝑒 − 09)
3.5527𝑒 − 17

(1.4708𝑒 − 16)
1.7067𝑒 − 11

(1.3918𝑒 − 10)

50 0.5856
(0.0891)

0.0027
(0.0021)

9.9034𝑒 − 05

(0.0009)
0.0001
(0.0007)

2.4547𝑒 − 15

(8.8945𝑒 − 15)
3.6456𝑒 − 05

(0.0001)

70 0.6941
(0.0646)

0.0329
(0.0190)

0.0002
(0.0010)

0.0011
(0.0017)

4.4137𝑒 − 11

(2.7956𝑒 − 10)
0.0007
(0.0012)
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Table 2: Continued.

𝐹 𝐷

Average (standard deviation)
BPSO LWPSO EPSO TVAC CPSO ECPSO

𝑓
8

10 5.8516𝑒 − 18

(2.5897𝑒 − 17)
2.2299𝑒 − 40

(1.6366𝑒 − 39)
2.0832𝑒 − 84

(1.6585𝑒 − 83)
2.5229𝑒 − 87

(1.1045𝑒 − 86)
5.8546𝑒 − 237

(0)
2.2665𝑒 − 154

(2.2664𝑒 − 153)

30 1.9895𝑒 + 02

(6.2708𝑒 + 02)
1.0418𝑒 − 06

(3.7845𝑒 − 06)
7.3163𝑒 − 18

(2.7837𝑒 − 17)
1.0483𝑒 − 39

(7.2123𝑒 − 39)
3.0968𝑒 − 99

(3.0467𝑒 − 98)
1.0029𝑒 − 41

(1.0029𝑒 − 40)

50 1.9927𝑒 + 07

(7.1603𝑒 + 07)
1.8348𝑒 + 01

(4.8704𝑒 + 01)
0.0017
(0.0067)

6.5668𝑒 − 25

(3.1648𝑒 − 24)
1.5985𝑒 − 47

(1.4843𝑒 − 46)
3.7443𝑒 − 23

(3.7143𝑒 − 22)

70 1.5637𝑒 + 13

(8.3656𝑒 + 13)
2.6886𝑒 + 08

(1.6837𝑒 + 09)
1.4973𝑒 + 04

(1.0807𝑒 + 05)
4.9509𝑒 − 19

(2.6306𝑒 − 18)
3.2094𝑒 − 29

(2.5130𝑒 − 28)
1.9384𝑒 − 19

(1.0414𝑒 − 18)

𝑓
9

10 0.0472
(0.1618)

0.1115
(0.2369)

0.1773
(0.2354)

5.0448𝑒 − 15

(1.3412𝑒 − 15)
0.1269
(0.2045)

0.0132
(0.0770)

30 1.5006
(0.2835)

0.5798
(0.0888)

0.5469
(0.0765)

0.3709
(0.0736)

0.4187
(0.0747)

0.3822
(0.0767)

50 1.8625
(0.1067)

0.6039
(0.1209)

0.5348
(0.0655)

0.3691
(0.0544)

0.3848
(0.0541)

0.3631
(0.0478)

70 1.8765
(0.0728)

0.8228
(0.2349)

0.4790
(0.0512)

0.3439
(0.0463)

0.3369
(0.0469)

0.3393
(0.0413)

𝑓
10

10 9.4158𝑒 − 13

(4.9298𝑒 − 12)
1.4531𝑒 − 26

(3.9844𝑒 − 26)
1.4997𝑒 − 33

(3.4384𝑒 − 48)
1.4997𝑒 − 33

(3.4384𝑒 − 48)
1.4997𝑒 − 33

(3.4384𝑒 − 48)
2.5554𝑒 − 33

(1.0557𝑒 − 32)

30 0.0527
(0.0668)

3.4402𝑒 − 07

(5.4202𝑒 − 07)
9.9564𝑒 − 15

(2.0677𝑒 − 14)
6.7912𝑒 − 12

(4.6051𝑒 − 11)
3.3310𝑒 − 31

(1.4574𝑒 − 30)
8.3251𝑒 − 13

(4.2490𝑒 − 12)

50 1.3060
(0.4239)

0.0010
(0.0008)

1.8317𝑒 − 07

(3.4350𝑒 − 07)
0.0003
(0.0015)

0.0018
(0.0127)

0.0011
(0.0091)

70 2.6961
(0.4601)

0.0350
(0.0393)

0.0011
(0.0091)

0.0059
(0.0115)

0.0009
(0.0090)

0.0023
(0.0094)

With the search space {𝑥
𝑖
| −100 < 𝑥

𝑖
< 100}, the global

minimum locates at 𝑥 = [0, . . . , 0]𝐷 with 𝑓(𝑥) = 0.
Set the coefficients as 𝑎 = 20, 𝑏 = 0.2, 𝑐 = 2 ⋅ 𝜋.

(10) Penalised function: one has

𝑓
10 (
𝑥) = 0.1{sin2 (3𝜋𝑥1) +

𝐷−1

∑

𝑖=1

(𝑥
𝑖
− 1)
2
[1 + sin2 (3𝜋𝑥

1
)]

+ (𝑥
𝐷
− 1)
2
[1 + sin2 (2𝜋𝑥

𝐷
)] }

+

𝐷

∑

𝑖=1

𝑢 (𝑥
𝑖
, 5, 100, 4) ,

(23)

where

𝑢 (𝑥
𝑖
, 𝑎, 𝑘, 𝑚) =

{
{

{
{

{

𝑘(𝑥
𝑖
− 𝑎)
𝑚
, 𝑥

𝑖
> 𝑎,

0, −𝑎 ≤ 𝑥
𝑖
≤ 𝑎,

𝑘(−𝑥
𝑖
− 𝑎)
𝑚
, 𝑥
𝑖
< −𝑎,

𝑦
𝑖
= 1 +

1

4

(𝑥
𝑖
+ 1) .

(24)

With the search space {𝑥
𝑖
| −100 < 𝑥

𝑖
< 100}, the global

minimum locates at 𝑥 = [1, . . . , 1]𝐷 with 𝑓(𝑥) = 0.

4.2. The Coefficients Setting. The parameters for simulation
are listed in Table 1.

In this table, 𝑐
(⋅)

expresses the accelerations coefficients,
𝜔 denotes inertia weight, the dimension is 𝐷, and the range
of the search space and the velocity space are 𝑥

(⋅)
and V
(⋅)
. If

the current position is out of the search space, the position
of the particle is taken to be the value of the boundary,
and the velocity is taken to be zero. If the velocity of the
particle is outside of the boundary, its value is set to be
the boundary value. The maximum number of iterations is
set to 1000. For each function, 100 trials were carried out
and the average optimal value and the standard deviation
are presented. To verify the performance of the algorithm at
different dimensions, variable dimension 𝐷 increases from
10 to 100, and the optimal mean and variance of benchmark
functions are calculated. The results are presented in Table 2.

5. The Results in Comparison with
the Previous Developments

The simulation results are given in Table 2. The comparison
results elucidate that the searching accuracy and stability
ranging from low to high are listed as BPSO, LWPSO, EPSO,
TVAC, ECPSO, and CPSO for unimodal function. It is
obvious that the performances of ECPSO and CPSO are
superior due to their advantage of obtaining the optimal
speed direction and the searching efficiency, while, in the
multimodal function, the CPSO algorithm is easy to trap into
local minimum, and TVAC shows better performance than
CPSO. Combining the advantages of CPSO and TVAC, the
EPSO algorithm is applied to enhance the global search in



8 Mathematical Problems in Engineering

0 200 400 600 800 1000

0

0.5

1

1.5

2

2.5

3

3.5

Number of generations

M
ea

n 
be

st 
va

lu
e

M
ea

n 
be

st 
va

lu
e

M
ea

n 
be

st 
va

lu
e

M
ea

n 
be

st 
va

lu
e

M
ea

n 
be

st 
va

lu
e

BPSO
LWPSO
EPSO

TVAC
CPSO
ECPSO

BPSO
LWPSO
EPSO

TVAC
CPSO
ECPSO

0 200 400 600 800 1000

0

2

4

6

8

10

12

14

16

18

Number of generations

M
ea

n 
be

st 
va

lu
e

0 200 400 600 800 1000

0

1

2

3

4

5

Number of generations

Number of generations Number of generations

Number of generations

0 200 400 600 800 1000

0

10

20

30

40

50

60

70

80

90

0 200 400 600 800 1000

0

100

200

300

400

500

0 200 400 600 800 1000

0

10

20

30

40

50

60

−0.5

−10

−10−100

−1

−2

f1

f5

f4f3

f2

f6

Figure 1: Continued.
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Figure 1: Variation of the average optimum value with time.

the early part of the optimization and encourage the particles
to converge toward the global optima at the end of the search.
Comparing to TVAC andCPSO, the proposed new algorithm
ECPSO is appropriate for multimodal function search.

With the increase of benchmark functions dimension,
the searching accuracy and stability for each algorithm
are decreased. The performances of CPSO and ECPSO are
superior to the other algorithms. With regard to multimodal
function, the performances of ECPSOandTVACare superior
to CPSO. The average fitness is varied as in Table 2. From
Figure 1, it shows that the order of searching speed from
high to low is BPSO (green solid curve), LWPSO (red circle),
EPSO (blue triangle), TVAC (black dot curve), CPSO (blue
dash-dot), and ECPSO (purples dash). It is obvious that the
performances of EPSO and CPSO are more effective than the
other algorithms.

6. Calibrate the Underwater
Transponder Coordinates

After two decades of dedicated research and development,
unmanned underwater vehicles (UUV) have been accepted
by an increasing number of users in bothmilitary and civilian
institutions. The design and implementation of navigation
systems stand out as one of the most critical steps towards
the successful operation of autonomous vehicles. The quality
of the overall estimates of the navigation system dramatically
influences the capability of the vehicles to perform precision-
demanding tasks [32]. From a navigation point of view, a
single range transponder may be regarded as an underwater
lighthouse providingUUVwith the ranges relative to its fixed
geographical location. Single transponder navigation is not a
new concept. As mentioned, the first at-sea demonstration of
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Table 3: The calibration of the underwater transponder coordinates.

BPSO LWPSO EPSO TVAC CPSO ECPSO
𝑒1 3.5371𝑒 − 15 −2.3573𝑒 − 15 2.6542𝑒 − 15 −1.9813𝑒 − 15 −1.1700𝑒 − 15 1.4526𝑒 − 15

𝑒2 1.5510𝑒 − 15 2.3280𝑒 − 15 −4.8804𝑒 − 16 −1.4289𝑒 − 15 1.3702𝑒 − 15 2.2549𝑒 − 15

𝑒3 0 0 0 0 0 0
𝑠𝑞 4.1948𝑒 − 15 2.7057𝑒 − 15 2.6986𝑒 − 15 2.4428𝑒 − 15 1.8018𝑒 − 15 2.6823𝑒 − 15

Laying
point

z

y
G

x

Surface
ship

Transponder

Seabed

Figure 2: The calibration geometry for calibration of the transpon-
der position.

single transponder UTP aided inertial navigation was carried
out in 2003, as described in [33].

For ranging techniques like UTP to work, the geo-
graphical location of the transponders must be known. The
preferred method is to measure the position directly using
USBL on a surface ship. When the transponder deployment
is completed, a surface ship with USBL and GPS sails around
the transponder in a circular motion, collecting surface ship
position and distance information. The calibration geometry
is illustrated in Figure 2.

In order to set the design framework, let {𝐺} denote the
global coordinate frame, and let {𝐵} denote a coordinate
frame attached to the vehicle, usually denominated as body-
fixed coordinate frame.The frame {𝑂} is the transceiver coor-
dinates. The position of transponder in the global coordinate
frame is given by

𝐺
𝑋
𝑇
=
𝐺
𝑋
𝐷
−

𝐺

𝐵
𝑅
𝐵
𝑋
𝐷
+
𝐺

𝐵𝑅
(

𝐵

𝑂
𝑅
𝑂
𝑋
𝑇
+
𝐵
𝑋
𝑂
) , (25)

where 𝐺𝑋
𝐷
is the position of the GPS in global coordinates,

𝐵
𝑋
𝐷
is the position of the GPS in vehicle coordinates, 𝑂𝑋

𝑇

is the position of the transponder in transceiver coordinates,
𝐵
𝑋
𝑂
is the position of the transceiver in vehicle coordinates,

𝐺

𝐵𝑅
is the rotation matrix from {𝐵} to {𝐺}, and 𝐵

𝑂𝑅
is the

rotation matrix from {𝑂} to {𝐵}.
After the data collection, we can get the distance between

the transponder and transceiver and the corresponding GPS
position in the global coordinates. The attitude of the vehicle
can be measured by the heading sensors and the pitch/roll
sensor, so 𝐺

𝐵𝑅
is known. We also know 𝐵𝑋

𝐷
, 𝐵𝑋
𝑂
, and 𝐵

𝑂𝑅
.

According to (25) we have

𝑂
𝑋
𝑇
=

𝐵

𝑂
𝑅
−1
(

𝐺

𝐵
𝑅
−1
(
𝐺
𝑋
𝑇
−
𝐺
𝑋
𝐷
) +
𝐵
𝑋
𝐷
−
𝐵
𝑋
𝑂
) . (26)

We denote 𝑂𝑋
𝑇𝑖
= [
𝑂
𝑥
𝑇𝑖

𝑂
𝑦
𝑇𝑖

𝑂
𝑧
𝑇𝑖
]

𝑇

(𝑖 = 1, 2, . . . , 𝑁)

as the position of the transponder in the transceiver coor-
dinates in the 𝑖th measurement point. The cost function
becomes

𝐹 =

𝑁

∑

𝑖=1

(√
𝑂

𝑥
2

𝑇𝑖
+

𝑂

𝑦
2

𝑇𝑖
+

𝑂

𝑧
2

𝑇𝑖
− 𝐿
𝑖
)

2

𝑁

.

(27)

Particles optimization algorithms have been introduced.
Defining each particle as a coordinate of the transponder.
Theparameters of particle swarmoptimization for simulation
are the same as in Section 4. And a surface ship moves in
a circular motion with a radius of 100; the real coordinates
of transponder are 𝐺𝑋

𝑟𝑇
= [0 0 100]

𝑇. To simplify the
problem, 𝐺

𝐵𝑅
is unit matrix, and 𝐵𝑋

𝐷
−
𝐵
𝑋
𝑂
= [0 0 0]

𝑇,
and ignore the sensor measurement error. The simulation
data is shown in Table 3. Obviously, the particle swarm
algorithm can search for the transponder coordinates and
obtain accurate results. At the same time, CPSO shows the
best performance.

Remark 2. One has

𝑒1 =
𝐺
𝑥
𝑇
−
𝐺
𝑥
𝑟𝑇
, 𝑒2 =

𝐺
𝑦
𝑇
−
𝐺
𝑦
𝑟𝑇
,

𝑒3 =
𝐺
𝑧
𝑇
−
𝐺
𝑧
𝑟𝑇
, 𝑠𝑞 = √𝑒1

2
+ 𝑒2
2
+ 𝑒3
2
.

(28)

7. Conclusion

In this paper, a novel strategy to improve the performance of
particle swarm optimization is proposed to apply in calibra-
tion of the underwater transponder coordinates. To improve
the population-based search optimization algorithm, each
particle is evolved along two different directions to generate
two homologous particles. The cost functions of two homol-
ogous particles are calculated to keep the optimal one and
to eliminate the poor one. Then the next generation particle
is updated. It is regarded as CPSO. Ten classify benchmark
functions are introduced to reflect the effectiveness of the
proposed algorithm.The simulation results demonstrate that
the unimodal function, CPSO algorithm, is superior to
BPSO, LWPSO, EPSO, and TVAC on the searching accuracy,
stability, and convergence speed. However, considering the
multimodal function, the performance of TVAC is superior
to CPSO.
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Secondly, to further improve the performance of CPSO,
the ECPSO is proposed by combining the CPSO and the
TVAC. In the initial period of the evolution, the individual
experience is a significant aspect with larger acceleration
coefficient, and in the final period, the swarm experience is
superior with a greater acceleration coefficient. Simultane-
ously, the evolution for each particle at any time is towards
two different inertia directions to generate two homologous
particles and to obtain its next generation particles. The
simulations show the effectiveness of multimodal function by
using ECPSO.With the incensement of benchmark functions
dimensions, the accuracy and stability of each algorithm will
decrease, but CPSO and EPSO display the best performance.

At last, the strategy to calibrate the underwater transpon-
der coordinates using particle swarm algorithm is intro-
duced. As the cost function for transponder coordinates is a
unimodal function, CPSO shows better performance than the
other algorithms.
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This paper presents an unsupervised change detection approach for synthetic aperture radar images based on a fuzzy active contour
model and a genetic algorithm.The aim is to partition the difference image which is generated frommultitemporal satellite images
into changed and unchanged regions. Fuzzy technique is an appropriate approach to analyze the difference image where regions
are not always statistically homogeneous. Since interval type-2 fuzzy sets are well-suited for modeling various uncertainties in
comparison to traditional fuzzy sets, they are combinedwith active contourmethodology for properlymodeling uncertainties in the
difference image.The interval type-2 fuzzy active contour model is designed to provide preliminary analysis of the difference image
by generating intermediate change detectionmasks. Each intermediate change detectionmask has a cost value. A genetic algorithm
is employed to find the final change detectionmask with theminimum cost value by evolving the realization of intermediate change
detection masks. Experimental results on real synthetic aperture radar images demonstrate that change detection results obtained
by the improved fuzzy active contour model exhibits less error than previous approaches.

1. Introduction

Image change detection is a process for identifying change
regions in images of the same geographical area which are
taken at different times. It has attracted widespread interest
due to a large number of applications, such as remote sensing
[1–3], medical diagnosis [4], and video surveillance [5, 6].
More in particular, synthetic aperture radar (SAR) is of great
use due to its independence of critical atmospheric circum-
stances, day/night conditions of illumination, and weather
conditions. Change detection which is one of the funda-
mental tasks in the interpretation and understanding of SAR
images has been widely used in real applications, such as
agricultural survey [7], forest monitoring [8], natural disaster
monitoring [9], and urban change analysis [10].

Traditional change detectionmethods can be divided into
two kinds: supervised methods and unsupervised methods.
Supervised methods need labeled samples for training the
classifier, while unsupervised methods do not need labeled
samples. In real applications, it may be impossible to obtain

the ground truth, which makes unsupervised methods
become more popular than supervised ones. Unsupervised
change detection approaches of SAR images are mainly sum-
marized into three steps: (1) image preprocessing, (2) gener-
ating the difference image, and (3) analyzing the difference
image (DI). Geometric correction and registration are often
conducted as part of the first step to get the various images
aligned within the same coordinate frame. In the second step,
two coregistered images are compared to generate the DI. In
the third step, the analysis of the DI can be taken as an image
segmentation process for partitioning the DI into changed
and unchanged regions.

Change regions are usually detected by applying thresh-
oldmethods for finding a decision threshold to the histogram
of the DI. However, some essential models have to be estab-
lished in advance before being able to determine the best
threshold.The need of prior assumptions in modeling the DI
makes threshold methods unsuitable for change detection on
different types of SAR images. In order to overcome limita-
tions imposed by estimating statistical models for changed
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and unchanged regions, one needs to design an unsupervised
and distribution-free change detection method which can be
applied to different types of satellite images.

In the literature, various techniques have been proposed
for image segmentation, such as histogram-based methods,
clustering methods, and mathematical morphology [11],
among which active contour models (ACMs) [12] are well-
known technique in image segmentation [13–19]. The core
part of ACMs for image segmentation is that a curve is being
employed as a contour, while it is being adapted subject to
characteristics from the image, and then objects can be
extracted by optimizing an energy function. Edge detection
has been successfully applied to many fields, such as feature
extraction, image registration, object detection, and motion
tracking [9–16].There is no need for ACMs to establish statis-
tical models, so it seems to be rather convenient and feasible
to apply ACMs to different types of satellite images.

The performance of classical ACMs, which use energy
functions on the basis of edge information, is inadequate
since only objects with edges expressed in terms of gradients
can be detected [19, 20]. For comparison, many enhanced
models have been proposed on designing complex region-
based energy functions, which are less sensitive to noise and
can detect objects with weak boundaries [21–23]. Although
they enjoy excellent performance, defects within these mod-
els are still not fully eliminated. A detrimental condition for
many ACMs is that they are defined as the partition of an
image into nonoverlapped and consistent regions which are
homogeneous with respect to some image characteristics
such as gray value or texture.However, itmay be impossible to
obtain real SAR images with nonoverlapped and consistent
regions. Issues such as limited spatial resolution, noise, and
overlapping intensities may reduce the effectiveness of tradi-
tional ACMs on SAR images.

Generally, DIs are not easily separated into changed and
unchanged regions by sharp boundaries. Fuzzy logic, a clas-
sical soft computing technique, can process information in
a flexible manner that well meets the demand of practical
applications [24–32]. Compared with ACMs using hard
energy functions, ACMs using fuzzy energy functions have
the potential to avoid being trapped into local minima and
can better handle objects whose boundaries are not necessar-
ily expressed in terms of gradients [17]. However, traditional
fuzzy sets tend to capture vagueness through precise numeric
membership degrees which are calculated depending on a
single fuzzy coefficient. This poses a contradiction of exces-
sive precision in describing uncertain phenomenon. Mem-
bership degrees are more reasonable to be taken as uncertain
instead of as certain in traditional fuzzy sets.

Interval type-2 fuzzy sets, as an extension of traditional
fuzzy sets, introduce a secondary membership to define the
possibilities of the primary membership. It can generate
uncertain membership degrees by using two fuzzy coeffi-
cients [33]. Interval type-2 fuzzy sets have shown their effec-
tiveness in handling uncertainties in comparison to tradi-
tional fuzzy sets. However, the selection of fuzzy coefficients
has great impact on final results and requires careful con-
sideration in practical applications. Therefore, the issue on
selecting fuzzy coefficients needs careful attention when
employing interval type-2 fuzzy set-based algorithms.

Addressing uncertainty through using interval type-2
fuzzy sets has been applied to various fields where we cannot
obtain satisfactory performance by traditional fuzzy sets,
such as control of mobile robots, inference engine design,
transport scheduling, and pattern recognition [34–37]. How-
ever, very little effort has been made on combining interval
type-2 fuzzy sets with active contour methodology. If we can
properly model uncertainties in the DI with the help of inter-
val type-2 fuzzy sets, it is strongly expected to be possible to
design an enhanced change detection approach for SAR
images. In this paper, we will propose an enhanced ACM by
employing interval type-2 fuzzy sets to properly handle
uncertainties in DIs. In particular, the following techniques
are designed. (1) Fuzzy active contour models are enhanced
into an interval type-2 fuzzy sets version for better discrim-
ination between changed and unchanged regions in DIs in
comparison to traditional fuzzy sets; different intermediate
change detection masks are being generated by the designed
interval type-2 fuzzy active contour model when it uses dif-
ferent combinations of fuzzy coefficients. (2) Each realization
of the intermediate change detection mask has a cost value.
The lower the cost value, the better the partition. A genetic
algorithm (GA) approach is employed to find the final change
detection mask by evolving the realization of intermediate
change detection masks. Experimental results demonstrate
goodperformance of the designed change detection approach
for SAR images.

The rest of this paper is organized as follows. In Section 2,
our motivation and main ideas concerning the proposed
techniques are discussed. Section 3 describes the proposed
algorithm in detail. In Section 4, experimental results on real
multitemporal SAR images are described to demonstrate the
effectiveness of the proposed approach. Conclusions are
drawn in Section 5.

2. Motivation

Let us consider two coregistered SAR images, 𝐼
1
= {𝐼
1
(𝑥, 𝑦),

1 ≤ 𝑥 ≤ 𝐴, 1 ≤ 𝑦 ≤ 𝐵} and 𝐼
2
= {𝐼
2
(𝑥, 𝑦), 1 ≤ 𝑥 ≤ 𝐴,

1 ≤ 𝑦 ≤ 𝐵}, both of size𝐴×𝐵, acquired by a SAR sensor over
the same geographical area at two different times. In order to
suppress the effect of speckle noise, the probabilistic-patch-
based (PPB) algorithm [38] is used to preprocess two coreg-
istered SAR images. Log-ratio operator is then applied to
two coregistered SAR images to generate a DI, 𝐼

𝑋
= {𝐼
𝑋
(𝑥, 𝑦),

1 ≤ 𝑥 ≤ 𝐴, 1 ≤ 𝑦 ≤ 𝐵}. Our objective is to design a binary
classification technique to analyze the DI and produce a
binary mask corresponding to changed and unchanged
regions.

2.1. Motivation of Introducing Interval Type-2 Fuzzy Sets.
Traditional energy function-based segmentation algorithms
such as ACMs are designed by minimizing the distance
between pixels and corresponding prototypes for dividing an
image into distinct regions. ACMs are often called piecewise-
constant models, since they are designed on the assumption
that images are approximated by regions with piecewise-
constant intensities. If a DI consists of nonoverlapping
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Figure 1: Example illustrating the variation of fuzzy region. (a) A DI sample, (b) decision boundary of the changed and unchanged regions,
(c) fuzzy region for the changed and unchanged regions by a large fuzzifier𝑚, and (d) desirable fuzzy region for the changed and unchanged
regions.

regions, desirable change detection results can be obtained by
traditional ACMs. However, in real applications, SAR images
for which the DI has this property may be seldom encoun-
tered. The intensities of pixels belonging to changed and
unchanged regions generally have overlapping region. In this
case, fuzzy techniques which introduce the idea of partial
membership by using membership degrees are more appro-
priate and realistic for describing uncertainties in real SAR
images than hard techniques. The membership degree which
reflects the degree of a pixel belonging to a certain region is
computed as follows:

𝑢 (𝑥, 𝑦) =
1

1 + ((𝐼 (𝑥, 𝑦) − 𝑐
1
)
2

/(𝐼 (𝑥, 𝑦) − 𝑐
2
)
2

)
1/(𝑚−1)

,

(1)

𝑐
1
=
∫
Ω
[𝑢 (𝑥, 𝑦)]

𝑚

𝐼 (𝑥, 𝑦) 𝑑𝑥𝑑𝑦

∫
Ω
[𝑢 (𝑥, 𝑦)]

𝑚

𝑑𝑥𝑑𝑦
,

𝑐
2
=
∫
Ω
[1 − 𝑢 (𝑥, 𝑦)]

𝑚

𝐼 (𝑥, 𝑦) 𝑑𝑥𝑑𝑦

∫
Ω
[1 − 𝑢 (𝑥, 𝑦)]

𝑚

𝑑𝑥𝑑𝑦
,

(2)

where 𝑐
1
and 𝑐
2
are the prototypes of changed and unchanged

regions, respectively, 𝑚 is the fuzzy coefficient, 𝐼(𝑥, 𝑦) is the
gray value of the pixel located at (𝑥, 𝑦) in the image domainΩ,
and 𝑢(𝑥, 𝑦) represents the membership degree of pixel (𝑥, 𝑦)
belonging to changed region.

According to (1), membership degrees are calculated
depending on the relative distance between a pixel and pro-
totypes, as well as on the fuzzy coefficient. The membership
degree𝑢(𝑥, 𝑦) from (1) is a precise numeric value.This poses a
dilemma of excessive precision in describing uncertain phe-
nomenon. Thus we prefer to view membership degrees as
uncertain values rather than, like in traditional fuzzy sets, as
certain values. Figure 1 shows an example illustrating the
rationality of creating uncertainty membership degrees.
Figure 1(b) shows the gray histogram of the DI sample shown
in Figure 1(a). The maximal fuzzy membership locations
coincide with where patterns are equally distant from two
prototypes. The blue vertical line denotes the position where
pixels have equal distance from two prototypes, which can be
taken as a decision boundary. In Figure 1(b), some pixels on
the left side of the decision boundary, being part of the
unchanged region, intuitively contributemore to the changed
region than to the unchanged region, which may cause pixels
within the changed region with similar intensity as the
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Figure 2: Example illustrating the variation of membership degrees. (a) Pattern set consisting of two prototypes. (b) Membership degrees for
patterns located between 𝑐

1
and 𝑐
2
(from left to right) belonging to 𝑐

1
with various values of𝑚.

unchanged region is difficult to be detected. Due to speckle
noises, some unchanged pixels will be wrongly partitioned
into changed region.

The crisp decision boundary should itself be considered
as an uncertain fuzzy region. The width of the decision
boundary (around the blue vertical line) indicates the range
where one wants to assign maximal uncertainty to pixels. A
larger value of 𝑚 corresponds to a wider fuzzy boundary as
shown in Figure 1(c), the gray rectangle, which can be taken
as the maximal fuzzy region. It is more desirable to obtain a
fuzzy region with wide left region and narrow right region as
shown in Figure 1(d). Unfortunately, such desirable fuzzy
region cannot be represented by any single 𝑚, since the
change of 𝑚 affects two sides of decision boundary equally.
This suggests that amore appropriateway of fuzzy coefficients
control is needed for improving segmentation results.

Interval type-2 fuzzy sets which adopt a secondary mem-
bership to define the possibilities of the primary membership
provide a possible way to build such an uncertain fuzzy
region. Due to the additional degree of freedom, interval
type-2 fuzzy sets have shown better performance inmodeling
various uncertainties that cannot be appropriately managed
by traditional fuzzy sets. In particular, an interval type-2 fuzzy
approach is employed for creating uncertain membership
degrees by using two fuzzy coefficients. The details of the
proposed interval type-2 fuzzy approach for change detection
will be presented in Section 3.1.

2.2. Motivation of Employing Genetic Algorithms. As ana-
lyzed in Section 2.1, membership degrees should be taken as
uncertainty rather than as certainty, and the computation of
membership degrees should not necessarily rely on a single
fuzzy coefficient. Interval type-2 fuzzy sets can generate
uncertain membership degrees by using two fuzzy coeffi-
cients. However, proper selection of fuzzy coefficients is a

characteristic and unavoidable problem of interval type-2
fuzzy set-based algorithms.

Suppose that 𝑐
1
and 𝑐
2
are two prototypes of a pattern set

shown in Figure 2(a). The plots of membership degrees cor-
responding to nine points belonging to prototype 𝑐

1
with

various fuzzy coefficients are shown in Figure 2(b). The gray
region is the footprint of uncertainty (FOU) of membership
degrees [33]. Figure 2(b) shows that the FOU varies with
different combinations of fuzzy coefficients. When the dif-
ference between fuzzy coefficients becomes larger, the size of
FOU is enlarged, which increases the degree of freedom on
modeling uncertainties. However, the increase of difference
between fuzzy coefficients also brings potential problems. For
image segmentation, the object boundary cannot be accu-
rately described when the difference between fuzzy coeffi-
cients is too large.Thus, the selection of fuzzy coefficients has
a great impact on segmentation results.

Since interval type-2 fuzzy set-based algorithms use
different combinations of fuzzy coefficients, theywill produce
different change detectionmasks.The set of pixels which have
different classification results among various change detec-
tionmasks constitutes the difference region. Suppose that the
number of pixels within the difference region is 𝐿; then there
are 2𝐿 possible combinations for pixels within the difference
region. Each realization of a possible combination has a cost
value. One of the 2𝐿 possible combinations with the mini-
mum cost value can be taken as the best change detection
mask. Thus, we can avoid the problem of selecting fuzzy
coefficients by finding the optimal combination of pixels
within the difference region.

An exhaustive way for finding the best change detection
mask is to compute the cost value of all 2𝐿 possible combina-
tions. In view of change detection on real SAR images, how-
ever, this approach is unfeasible, as the computation effort
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takes far too long. But genetic algorithms (GAs), a heuristic
stochastic search method inspired by the theory of natural
evolution, offer a solution here. InGAs, a set of randomly gen-
erated chromosomes is evolved during certain generations.
Evolution operators are performed through natural exchange
of genetic material among chromosomes, which simulate the
process of selection, crossover, and mutation. Chromosomes
are evaluated via fitness functions which measure the fitness
of a chromosome to survive. A GA will seek the optimal
solution that maximizes or minimizes a fitness function.
Our approach presents an unsupervised change detection
approach for synthetic aperture radar images analysis. The
GA approaches have already been introduced for solving the
change detection task for SAR images [39–42]. In view of the
many combinations possible, we try to employ aGAapproach
to find an optimal combination of pixels within the difference
region.

3. Methodology

3.1.The Framework of the Proposed Change DetectionMethod.
In this paper, our emphasis is on the analysis of DIs.The anal-
ysis step can be taken as the process of image segmentation.
Figure 3 shows the framework of the proposed unsupervised
distribution-free change detection approach which is made
up of two main steps: (1) preliminarily analyze DIs by the
designed interval type-2 fuzzy active contour model and
generate different intermediate change detection masks; (2)
finally employ a GA to evolve the realization of interme-
diate change detection masks for finding a final change
detection mask. The proposed method is able to produce
change detection results without any a priori assumption,
which overcomes limitations arising from using statistical
estimation models for changed and unchanged regions.

3.2. Extend the Active Contour Model to an Interval Type-
2 Fuzzy Sets Version. As analyzed in Section 2.1, when using
a single fuzzy coefficient it is difficult to obtain a satisfactory
segmentation result in case the image is formed by overlap-
ping regions. An interval type-2 fuzzy approach is employed
to make membership degrees become uncertain. In particu-
lar, two fuzzy coefficients𝑚

1
and𝑚

2
are employed to generate

two approximations of the membership degree. Let𝑚
2
> 𝑚
1
;

the lower and upper membership degrees are calculated as
follows:

𝑢 (𝑥, 𝑦) =
1

1 + ((𝐼 (𝑥, 𝑦) − V
1
)
2

/(𝐼 (𝑥, 𝑦) − V
2
)
2

)
1/(𝑚
1
−1)
,

𝑢 (𝑥, 𝑦) =
1

1 + ((𝐼 (𝑥, 𝑦) − V
1
)
2

/(𝐼 (𝑥, 𝑦) − V
2
)
2

)
1/(𝑚
2
−1)
,

(3)

where V
1
and V

2
are the prototypes of the changed and

unchanged regions, respectively, 𝐼(𝑥, 𝑦) is the gray value of
the pixel located at (𝑥, 𝑦), and 𝑢(𝑥, 𝑦) and 𝑢(𝑥, 𝑦) are two
approximations of the membership degree of the pixel (𝑥, 𝑦)
belonging to the changed region.

Difference image

Analyzing difference image 
using type-2 fuzzy active 

contour model

Find the final change 
detection mask by GA (2)

(1)

SAR image I1 SAR image I2

Figure 3: Framework of the proposed change detection approach.

Since we extend ACM into an interval type-2 fuzzy sets
version, the uncertainty defined in interval type-2 fuzzy sets
has to be managed appropriately through all steps of ACM,
especially for the procedures of updating prototypes and
defuzzification in the final decision. A type reduction proce-
dure is necessary before we update prototypes and partition
pixels in the final decision.

Since we use interval type-2 fuzzy sets to describe
uncertainties, the membership degree of each pixel has lower
and upper approximations. A type reduction formembership
degrees is needed before we assign a pixel to the correspond-
ing region, which is achieved as follows:

𝑢
2
(𝑥, 𝑦) =

𝑢 (𝑥, 𝑦) + 𝑢 (𝑥, 𝑦)

2
. (4)

An iterative algorithm [43] is employed as a type reduc-
tion procedure for estimating the left and right values of a
prototype. The procedure of calculating the right value of V

1

by the iterative algorithm is described as follows.

Step 1. Calculate membership degrees of each pixel through
(3) and (4).

Step 2. Calculate the prototype 𝑐
1
through (2) by using

membership degrees established in Step 1.

Step 3. Sort pixels in terms of gray value in ascending order
and find the pixel with index 𝑘 that has theminimumdistance
from 𝑐

1
among all the pixels. The membership degree of any

pixel with index smaller than 𝑘 (𝑖 < 𝑘) is set equal to its lower
membership degree; otherwise, the membership degree is set
equal to its upper membership degree.

Step 4. Calculate the right value of the prototype 𝑐
1𝑟
through

(2) by using membership degrees got in Step 3.

Step 5. If 𝑐
1𝑟
= 𝑐
1
, stop; otherwise, set 𝑐

1
= 𝑐
1𝑟
and go to Step 3.

The left value of the prototype 𝑐
1𝑙
can be obtained by the

above iterative procedure by only replacing 𝑖 < 𝑘with 𝑖 ≥ 𝑘 in
Step 3.
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Crisp prototypes are obtained by a defuzzification
method carried out as follows:

V
𝑖
=
𝑐
𝑖𝑙
+ 𝑐
𝑖𝑟

2
, 𝑖 = 1 or 2. (5)

Assume that the DI is formed by the changed and
unchanged regions.The changed region is represented by the
region inside the contour boundary, while the unchanged
region is represented by the region outside the contour
boundary. The contour boundary of the changed region is
iteratively evolved in image domain Ω based on the mini-
mization of an enhanced fuzzy energy function defined as
follows:

𝐹 (V
1
, V
2
, 𝑢
2
) = ∫
Ω

(𝑢
2
(𝑥, 𝑦))

𝑚

(𝐼 (𝑥, 𝑦) − V
1
)
2

𝑑
𝑥
𝑑
𝑦

+ ∫
Ω

(1 − 𝑢
2
(𝑥, 𝑦))

𝑚

(𝐼 (𝑥, 𝑦) − V
2
)
2

𝑑
𝑥
𝑑
𝑦
,

(6)

where V
1
and V

2
are the prototypes of the changed and

unchanged regions, respectively, 𝑢
2
(𝑥, 𝑦) is the type-2 mem-

bership degree of the pixel (𝑥, 𝑦) belonging to the changed
region,𝑚 is the fuzzy coefficient, and 𝐼(𝑥, 𝑦) is the gray value
of the pixel (𝑥, 𝑦). The main steps of the proposed interval
type-2 fuzzy active contour model for SAR image change
detection are then presented as follows.

Step 1. Set parameters 𝑚, 𝑚
1
, 𝑚
2
, and 𝜀 and give an initial

partition of the DI.

Step 2. Compute V
1
and V
2
using (5).

Step 3. Assume that the membership degree of current pixel
is 𝑢
2𝑜
. Compute a new membership degree 𝑢

2𝑛
for the pixel

according to (4). Compute the difference between the old and
the new energy of each pixel as follows [17]:

Δ𝐹 = (𝑢
𝑚

2𝑛
− 𝑢
𝑚

2𝑜
) (

𝑠
1

𝑠
1
+ 𝑢𝑚
2𝑛
− 𝑢𝑚
2𝑜

) (𝐼
𝑜
− V
1
)
2

+ ((1 − 𝑢
2𝑛
)
𝑚

− (1 − 𝑢
2𝑜
)
𝑚

)

× (
𝑠
2

𝑠
2
+ (1 − 𝑢

2𝑛
)
𝑚

− (1 − 𝑢
2𝑜
)
𝑚
) (𝐼
𝑜
− V
2
)
2

,

(7)

where 𝑠
1
= ∑
Ω
[𝑢
2
(𝑥, 𝑦)]

𝑚 and 𝑠
2
= ∑
Ω
[1 − 𝑢

2
(𝑥, 𝑦)]

𝑚. If
Δ𝐹 < 0, 𝑢

2𝑜
is replaced by 𝑢

2𝑛
; else keep the old (𝑢

2𝑜
) one.

Step 4. Compute the total energy according to (6). If 𝐹
remains unchanged, stop. Otherwise, go to Step 2.

3.3. Employ a Genetic Algorithm to Find the Final Change
Detection Mask. Since interval type-2 fuzzy set-based algo-
rithms use different combinations of fuzzy coefficients, they
will produce different intermediate change detection masks.
The selection of fuzzy coefficients has a great impact on final
results and requires a careful consideration in practical appli-
cations. In view of the many combinations possible, we try to

avoid the problem of selecting fuzzy coefficients by using a
GA approach.

Let us consider two intermediate change detectionmasks.
𝑀
1
and 𝑀

2
are generated by the proposed interval type-2

fuzzy active contour model with different fuzzy coefficients,
respectively. Consider𝑀

1
= {𝑚𝑠

1
(𝑥, 𝑦), 1 ≤ 𝑥 ≤ 𝐴, 1 ≤ 𝑦 ≤

𝐵} and 𝑀
2
= {𝑚𝑠

2
(𝑥, 𝑦), 1 ≤ 𝑥 ≤ 𝐴, 1 ≤ 𝑦 ≤ 𝐵},

where 𝑚𝑠
1
(𝑥, 𝑦) ∈ {0, 1} and 𝑚𝑠

2
(𝑥, 𝑦) ∈ {0, 1}. The pixel

value at spatial location (𝑥, 𝑦) of an intermediate change
detectionmask is 0 when the corresponding pixel is predicted
as changed and 1 when it is predicted as unchanged. The set
of pixels which have different classification results among
different intermediate change detection masks forms a dif-
ference region (DR = {(𝑥, 𝑦) | 𝑚𝑠

1
(𝑥, 𝑦) ̸=𝑚𝑠

2
(𝑥, 𝑦)}). The

set of pixels which have same classification results among dif-
ferent intermediate change detectionmasks forms a common
region (CR = {(𝑥, 𝑦) | 𝑚𝑠

1
(𝑥, 𝑦) = 𝑚𝑠

2
(𝑥, 𝑦)}). 𝐿 is

the number of pixels within the difference region. There are
2𝐿 possible combinations for pixels within the difference
region. Each realization of 2𝐿 possible combinations has a
cost function value. One of the possible combinations has
the minimum cost function value which can be selected as
the optimumcombination of pixels withinDR.An exhaustive
way for finding the optimal combination is computing all the
possible combinations, which is rather impossible for the task
of change detection on real SAR images.The GA is employed
to find the optimal combination of pixels within the differ-
ence region.

3.3.1. String Representation. In GAs, a fixed number of chro-
mosomes form a population which is evolved toward better
solutions. In our situation, a chromosome 𝐶 is generated as a
binary string of size 𝐿 (where 𝐶(𝑖) ∈ {0, 1}, 1 ≤ 𝑖 ≤ 𝐿)
representing a possible combination for pixels within the
difference region. The length of the chromosome equals the
number of pixels within the difference region. If the pixel with
index 𝑖 is predicted as a changed pixel, the gene 𝐶(𝑖) of the
chromosome is 0. Otherwise, the gene 𝐶(𝑖) of the chromo-
someis 1.

3.3.2. Computing the Fitness Value. Each chromosome has a
cost valuewhich somehowmeasures the fitness of it to survive
in the population. In our approach, the lower the cost value,
the higher the probability for the corresponding chromosome
to survive in the next generation. The cost function 𝐹 is
computed as follows [44]:

𝐹 =

1

∑
𝑟=0

𝑁
𝑟

𝐿
∑
∀𝑖∈𝑅
𝑟

(𝐼
𝑑
(𝑖) − 𝜇

𝑟
)
2 (8)

𝑅
0
= {𝑖 | 𝐶 (𝑖) = 0} , 𝑅

1
= {𝑖 | 𝐶 (𝑖) = 1} ,

𝜇
0
=
1

𝑁
0

∑
∀𝑖∈𝑅
0

𝐼
𝑑
(𝑖) , 𝜇

1
=
1

𝑁
1

∑
∀𝑖∈𝑅
1

𝐼
𝑑
(𝑖) ,

(9)

where 𝑅
0
and 𝑅

1
denote the sets of changed and unchanged

pixels, respectively, represented by the chromosome 𝐶, 𝐿 is
the length of the chromosome, 𝑁

0
and 𝑁

1
are the number
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Figure 4: Intermediate evolution results at different numbers of function evaluations. (a) Pixels within the common region among different
change detection masks. (b) Pixels within the difference region among different change detection masks. (c) The evolution result of pixels
within the difference region with 10,000 function evaluations. (d) The evolution result of pixels within the difference region with 20,000
function evaluations. (e) The evolution result of pixels within the difference region 30,000 function evaluations. (f) The evolution result of
pixels within the difference region with 40,000 function evaluations. (g)The evolution result of pixels within the difference region with 50,000
function evaluations.

of pixels in 𝑅
0
and 𝑅

1
, respectively, and 𝐼

𝑑
is the set of pixels

selected from the DI which has the same index as the pixels
within the difference region.

The weighted sum of the mean square error (MSE) of the
changed and unchanged regions is used as a cost value for the
corresponding combination of pixels within the difference
region [44]. The lower the MSE, the better the partition.
Equation (8) approaches to zero when a chromosome ade-
quately partitions pixels within the difference region into
changed and unchanged regions.

3.3.3. Genetic Operators. The population of the next genera-
tion is formed by using a probabilistic reproduction process.
Chromosomes with higher fitness have a larger contribution
to the generation of offspring. Selection schemes are used to
select good chromosomes according to their fitness to breed a
new generation. The selection schemes such as proportional,
ranking and tournament rule are widely used in GAs. The
resulting population after selection is called the intermediate
population. The intermediate population is evolved by using
crossover and mutation to form the next generation. In this
work, we employ the ranking rule as a selection scheme fol-
lowed by the conventional two-point crossover and uniform
mutation. Commonly, a GA terminates when a maximum
number of function evaluations have been reached, and
50,000 function evaluations are used as a stop criterion in this
work.

The intermediate evolution results of pixels within the
difference region with different numbers of function eval-
uations are shown in Figure 4. Pixels within the common
region among different change detection masks are shown in
Figure 4(a). An initial chromosomewhich presents a possible
combination of pixels within the difference region is shown in
Figure 4(b). Chromosomes are iteratively refined as shown
in Figures 4(b)–4(g) to obtain the optimum combination
as shown in Figure 4(g). Figure 4(h) shows the final change
detection mask which is obtained by the combination of
Figures 4(a) and 4(g).

4. Experimental Results

In this section, we will evaluate the performance of the pro-
posed method on three SAR datasets. The preprocess typical
corrections, such as topographic correction, geometric cor-
rection, and atmospheric correction, have been done on
images before we apply the proposed method. A log-ratio
operator is employed to generate DIs. A classical threshold
selection method (OTSU) [45] is employed for comparative
analysis. A fuzzy local information c-means clustering algo-
rithm (FLICM) [27] being a progressive clustering algorithm
is employed. Since the proposed method is originated from
active contour methodology, three ACMs including the
Chan-Vese (CV) [13] model, the distance regularized level set
evolutionmodel (DRLSE) [19], and fuzzy energy-based active
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(a) (b) (c)

Figure 5: Bern dataset. (a) Image acquired in April 1999. (b) Image acquired in May 1999. (c) Ground truth image.

(a) (b) (c)

Figure 6: Ottawa dataset. (a) Image acquired in April 1999. (b) Image acquired in May 1999. (c) Ground truth image.

contour model (FAC) [17] are employed for comparative
analysis. We present comparative analysis of the proposed
method with the state-of-art methods including OTSU,
FLICM, CV, DRLSE, and FAC. In our proposed method, the
threshold 𝜀 = 10−4 is used as a stopping condition, and the
fuzzy factor𝑚 took its default value 2.

4.1. Datasets. In order to validate the performance of the
compared methods, three SAR image datasets with different
characteristics are used in the experiments. The first dataset
is the Bern dataset, which presents a section (301 × 301) of
two SAR images acquired by the European Remote Sensing 2
satellite SAR sensor of an area near the city of Bern, Switzer-
land, in April and May 1999, respectively. Between the two
dates, River Aare flooded parts of the cities of Thun and
Bern and the airport of Bern entirely. Hence, the Aare valley
betweenBern andThunwas selected as a test site for detecting
flooded areas. The images and the available ground truth
which is obtained by integrating a priori information with
photo interpretation are shown in Figure 5.

The second dataset is a section (290 × 350 pixels) of two
SAR images of the city of Ottawa acquired by RADARSAT
SAR sensor. They were provided by Defense Research and
Development Canada (DRDC), Ottawa. Figure 6(a) shows
the image acquired in May 1997 during the summer flooding
and Figure 6(b) shows the image acquired in August 1997
after the summer flooding. This dataset presents the areas
where they were once afflicted with floods. The available
ground truth which is created by integrating a priori infor-
mation with photo interpretation is shown in Figure 6(c).

The third dataset comes from two SAR images acquired
by Radarsat-2 at the region of Yellow River Estuary in China
in June 2008 and June 2009, respectively. The original SAR
images acquired by Radarsat-2 are shown in Figures 7(a) and
7(b) with the size of 7666 × 7692. They are too huge to detail
the information for our purposes, so a small typical area of
size 306 × 291 pixels is selected to compare the change detec-
tion results of different approaches. The selected images and
the available ground truth which is created by integrating a
priori information with photo interpretation are shown in
Figure 7. It should be noted that both images considered are a
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(a) (b)

(c) (d) (e)

Figure 7: Yellow River dataset. (a) Image acquired in June 2008. (b) Image acquired in June 2009. (c) Image of the representative area acquired
in June 2008. (d) Image of the representative area acquired in June 2009. (e) Ground truth image.

single-look image and a four-look image, respectively. Thus,
the influence of speckle noise on the image acquired in 2009
ismuch greater than the one acquired in 2008. So it represents
a more complicated situation for change detection, due to the
difference of speckle noise level between the two images.

4.2. The Effect of GA Parameters and Fuzzy Coefficients. The
influence of GA parameters and fuzzy coefficients are dis-
cussed in this part. We first analyze the role of fuzzy coef-
ficients on the generation of intermediate change detection
masks. As shown in Figure 2, the difference between two
fuzzy coefficients controls the size of FOU. To get very differ-
ent intermediate change detection masks, we want to choose
two quite different combinations of fuzzy coefficients which
form a small FOUand a large FOU, respectively.The selection
of fuzzy coefficients is analyzed as follows.

Figure 8 shows intermediate change detection masks on
the Bern dataset obtained by the proposed interval type-2
fuzzy active contour model with different combinations of
fuzzy coefficients. It can be seen that results are unsatisfying
when the difference between𝑚

1
and𝑚

2
is small. Figure 8(a)

shows that only the explicit changed pixels can be detected.
When the difference between 𝑚

1
and 𝑚

2
becomes larger,

the FOU of membership degrees will be enlarged, which
increases the degree of freedomonmodeling uncertainties. In
this case, even the changed pixels with little difference from

the background can be detected. However, the increase of the
difference between 𝑚

1
and 𝑚

2
also brings a potential prob-

lem. Due to speckle noises, some unchanged pixels are
wrongly partitioned into changed region, and the boundary
of changed region cannot be well described as shown in
Figures 8(h)–8(j). Therefore, we choose two combinations of
fuzzy coefficients with a small uncertainty region (𝑚

1
= 1.1

and 𝑚
2
= 2) and a large uncertainty region (𝑚

1
= 1.1 and

𝑚
2
= 11), respectively, in order to get very different interme-

diate change detection masks.
In the below experiments, we analyze the influence of GA

parameters. For demonstration purposes, the minimum cost
function value of the population with different numbers of
function evaluations on the Bern dataset has been computed
for different GA parameters. GA parameters analysis results
are demonstrated in Figure 9. Figure 9(a) shows the perfor-
mance of crossover operator using a different crossover rate. It
demonstrates that the higher the crossover rate, the lower the
cost function value. The effect of mutation rate is shown in
Figure 9(b). In contrast to the crossover rate, keeping the
mutation rate high will increase the cost function value. It has
been empirically found that GA parameter settings with𝑚

𝑟
=

0.01 and 𝑐
𝑟
= 0.8 provide most satisfactory results.

4.3. Segmentation Accuracy Assessment. In order to provide
the quantitative analysis of the compared methods, the
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 8: Segmentation result on a difference image with the differences between 𝑚
1
and 𝑚

2
from 1 to 10 with an interval of 1 shown in (a)

to (j).
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Figure 9: The performance of the proposed method under different GA parameters on the Bern dataset. (a) The performance with respect
to different crossover rate with𝑚

𝑟
= 0.01. (b) The performance with respect to different mutation rate with 𝑐

𝑟
= 0.8.

following measures [46] are computed for change detection
results. True positive (TP) is the number of pixels that are
detected as the changed area both in the reference image
and in the change detection result. True negative (TN) is the
number of pixels that are detected as the unchanged area both
in the reference image and in the change detection result.
False negative (FN) is the number of pixels that are detected
as changed area in the reference image and as unchanged area
in the change detection result. False positive (FP) is number
of pixels that are detected as unchanged area in the reference
image and as changed area in the change detection result.
Overall error (OE) is the total number of decision errors

which equals the sum of FN and FP. The percentage correct
classification (PCC) is calculated as follows:

PCC = TP + TN
TP + TN + FP + FN

. (10)

In addition, Kappa statistic taking into account com-
mission and omission errors is employed for evaluating the
performance comparison of the methods. Kappa statisticis
calculated as follows:

Kappa = PCC − PRE
1 − PRE

, (11)
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Figure 10:The final results of the Bern dataset generated by (a) OTSU, (b) FLICM, (c) CV, (d) DRLSE, (e) FAC, and (f) the proposedmethod.

Table 1: Comparison of the change detection results on the Bern dataset obtained by different methods.

Method OTSU FLICM CV DRLSE FAC The proposed method
FP 63 37 240 1061 76 87
FN 250 285 113 114 249 140
PCC 99.65% 99.64% 99.61% 98.70% 99.64% 99.75%
OE 313 322 353 1175 325 227
Kappa 0.8508 0.8421 0.8532 0.6332 0.8461 0.8982

where PRE = ((TP + FP)(TP + FN) + (FN + TN)(TN + FP))/
(TP + TN + FP + TN)2.

If the change detection result and the reference image are
in full agreement, theKappa value is 1. If there is no agreement
between the change detection result and the reference image,
the Kappa value is 0.

4.4. Experimental Results

4.4.1. Results for the Bern Dataset. The final results of the
methods comparison for the Bern dataset are demonstrated
in Figure 10. According to Figure 10(a), the change detection
result achieved by OTSU only detects changed region with
distinct difference from unchanged region. By contrast, with
the introducing of fuzzy logic, the change detection results
generated by FLICM and FAC detect more changed pixels
as shown inFigures 10(b) and 10(e), respectively. Figure 10(d)
demonstrates that the DRLSE model cannot detect changed

region with weak boundaries, since it relies on edge function
to stop curve evolution.The result obtained by the CVmodel
which uses the region-based energy function is better than
that of the DRLSE model as can be seen from Figure 10(c).
The comparison between Figures 10(e) and 10(f) demon-
strates the effectiveness of introducing interval type-2 fuzzy
sets which increases the ability to model uncertainties. The
proposed method can detect more changed pixels than the
FAC model. Even changed pixels with little difference from
the background can be detected. Table 1 lists the results of
Kappa, OE, PCC, FP, and FN obtained by different methods.
From Table 1, we can see that FN and FP of the proposed
method do not exhibit the best, whereas OE, PCC, andKappa
which can be taken as overall evaluations are the best com-
pared to the other approaches.

4.4.2. Results for the Ottawa Dataset. The visual and quanti-
tative results on theOttawa dataset are shown in Figure 11 and
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Figure 11: The final results of the Ottawa dataset generated by (a) OTSU, (b) FLICM, (c) CV, (d) DRLSE, (e) FAC, and (F) the proposed
method.

Table 2: Comparison of the change detection results on the Ottawa dataset obtained by different methods.

Method OTSU FLICM CV DRLSE FAC The proposed method
FP 546 48 1397 3371 236 412
FN 2561 2406 1586 1257 2082 767
PCC 96.94% 97.58% 97.06% 95.44% 97.72% 98.84%
OE 3107 2454 2983 4628 2318 1179
Kappa 0.8790 0.9035 0.8892 0.8137 0.9101 0.9560

Table 2, respectively.The comparison analysis of Figures 11(c)
and 11(e) shows that the change detection result obtained by
the CVmodel ismore sensitive to noise than those of the FAC
model and FLICM. Such result is due to the fact that fuzzy
energy functions used in FAC and FLICM provide a better
ability to reject weak local minima than the hard version used
in the CV model. Figure 11(d) shows that the result obtained
by DRLSE is most insensitive to noise. However, the result
of DRLSE is not good enough, as the boundary of changed
region is not well depicted. The comparison between Figures
11(e) and 11(f) shows that even changed pixels with little
difference from the background can be well detected by the

proposed method. Considering the result shown in Table 2,
the FN of the proposed method is much smaller than that
of the FAC model. To sum up, the proposed method obtains
the highest PCC and Kappa and the lowest OE of different
methods as reported in Table 2.

4.4.3. Results for the Yellow River Dataset. The visual com-
parison between different change detection results is shown
in Figure 12. There are many small noise spots in the change
detection results of OTSU, FAC, and CV, while those of
DRLSE, FLICM, and the proposedmethod possess much less
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Figure 12: The final results of the selected area of the Yellow River dataset generated by (a) OTSU, (b) FLICM, (c) CV, (d) DRLSE, (e) FAC,
and (f) the proposed method.

Table 3: Comparison of the change detection results on the Yellow River estuary dataset obtained by different methods.

Method OTSU FLICM CV DRLSE FAC The proposed method
FP 1862 605 316 2673 1759 263
FN 170 296 940 467 189 463
PCC 97.72% 98.99% 98.59% 96.47% 97.81% 99.18%
OE 2032 901 1256 3140 1948 726
Kappa 0.7965 0.8971 0.8462 0.6995 0.8028 0.9124

noise spots. DRLSE is most insensitive to noise. However, the
changed detection result of the edge-based DRLSE model is
not good enough.Due to using the gradient flow to stop curve
evolution, DRLSE cannot identify the detail changes of the
farmland area. Besides, many unchanged small areas are
incorrect detected as changed by DRLSE. By comparison, the
change detection results of FLICM and the proposed method
can reflect real change trends as shown in Figures 12(b)
and 12(f), respectively. Figure 12(f) shows that the change
detection result provided by the proppedmethod is very close
to the ground truth. Moreover, as reported in Table 3, the
proposed method obtains the lowest value of OE and the
highest values of PCC and Kappa, which shows the effective-
ness of the proposed method.

5. Concluding Remarks

In this paper, we have presented an unsupervised change
detection approach towards the analysis of multitemporal
SAR images. The proposed approach is based on an interval
type-2 fuzzy active contour model and the genetic algorithm.
Since interval type-2 fuzzy sets have a good adaptability to
model various uncertainties which cannot be appropriately
managed by traditional fuzzy sets, we extend active contour
model to the interval type-2 fuzzy sets version for increasing
the ability to handle inexact information in DIs. A proper
selection of fuzzy coefficients is an unavoidable problem in
interval type-2 fuzzy set-based algorithms. To overcome this
problem, certain intermediate change detection masks are
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generated by the proposed interval type-2 fuzzy active con-
tourmodel when it uses different combinations of fuzzy coef-
ficients. The GA is then employed to evolve the realization of
intermediate change detection masks for finding the final
change detection mask. Experimental results demonstrate
that the proposed method gains a better performance on
three real SAR datasets. It can robustly analyze DIs even in
the presence of high intensity variation between changed and
unchanged pixels, which is detrimental to traditional fuzzy
active contour models.
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The objective of this paper is to compare the performance of Singular Value Decomposition (SVD), Expectation Maximization
(EM), and Modified Expectation Maximization (MEM) as the postclassifiers for classifications of the epilepsy risk levels obtained
from extracted features through wavelet transforms and morphological filters from EEG signals. The code converter acts as a level
one classifier. The seven features such as energy, variance, positive and negative peaks, spike and sharp waves, events, average
duration, and covariance are extracted from EEG signals, out of which four parameters like positive and negative peaks, spike
and sharp waves, events, and average duration are extracted using Haar, dB2, dB4, and Sym8 wavelet transforms with hard and
soft thresholding methods. The above said four features are also extracted through morphological filters. The performance of the
code converter and classifiers are compared based on the parameters such as Performance Index (PI) and Quality Value (QV).The
Performance Index andQuality Value of code converters are at low value of 33.26% and 12.74, respectively.The highest PI of 98.03%
and QV of 23.82 are attained at dB2 wavelet with hard thresholding method for SVD classifier. All the postclassifiers are settled at
PI value of more than 90% at QV of 20.

1. Introduction

The Electroencephalogram (EEG) is a measure of cumu-
lative firing of neurons in various parts of the brain [1].
It contains information regarding changes in the electri-
cal potential of the brain obtained from a given set of
recording electrodes. These data include the characteristic
waveforms with accompanying variations in amplitude, fre-
quency, phase, and so forth, as well as brief occurrence
of electrical patterns such as spindles, sharps, and spike
waveforms [2]. EEG patterns have shown to be modified by
a wide range of variables including biochemical, metabolic,
circulatory, hormonal, neuroelectric, and behavioral factors
[3]. In the past, the encephalographer, by visual inspection,
was able to qualitatively distinguish normal EEG activity
from localized or generalized abnormalities contained within
relatively long EEG records [4]. The most important activity
possibly detected from the EEG is the epilepsy [5]. Epilepsy is
characterized by uncontrolled excessive activity or potential

discharge by either a part or all of the central nervous
system [5]. The different types of epileptic seizures are
characterized by different EEG waveform patterns [6]. With
real-time monitoring to detect epileptic seizures gaining
widespread recognition, the advent of computers has made
it possible to effectively apply a host of methods to quantify
the changes occurring based on the EEG signals [4].The EEG
is an important clinical tool for diagnosing, monitoring, and
managing neurological disorders related to epilepsy [7]. This
disorder is characterized by sudden recurrent and transient
disturbances of mental function and/or movements of body
that results in excessive discharge group of brain cells [8].
The presence of epileptiform activity in the EEG confirms
the diagnosis of epilepsy, which sometimes is confused with
other disorders producing similar seizure-like activity [9].
Between seizures, the EEG of a patient with epilepsy may
be characterized by occasional epileptic form transients-
spikes and sharp waves [10]. Seizures are featured by short
episodic neural synchronous discharges with considerably
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enlarged amplitude. This uneven synchrony may happen
in the brain accordingly, that is, partial seizures visible
only in few channels of the EEG signal or generalized
seizures, which are seen in every channel of the EEG
signal involving the whole brain [11]. Epileptic seizure is
an abnormality in EEG gathering and is featured by short
and episodic neuronal synchronous discharges with severely
high amplitude. This anomalous synchrony may happen in
the brain locally (partial seizures) and is visible only in
fewer channels of the EEG signal, or including the entire
brain, that is, visible in all the channels of the EEG signal
[12].

1.1. Related Works. In the last three decades the analysis
and classification of epilepsy from EEG signal have become
a fascinating research. A huge volume of research was
performed which includes spike detection, classification
epilepsy seizures, ictal and interictal analysis, nonlinear and
linear analysis, and soft computing methods. Gotman [9]
discussed the improvement of epileptic seizure detection
and evaluation. Pang et al. [10] summarized the history and
evaluation of various spike detecting algorithms. Reference
[13] discussed the different neural network as function
approximation and universal approximation for epilepsy
diagnosis. Sarang [14] encapsulates the performance of spike
detecting algorithms in terms of sensitivity, specificity, and
average detection. Reference [14] ordered the performance
of spike detecting algorithms in terms of good detection
ratio (GDR). McSharry et al. [8] discussed and enumerated
the nonlinear methods and its relevance to predict epilepsy
by considering EEG samples as time series. Majumdar [15]
reviews various soft computing approaches of EEG signals
which emphasize more on pattern recognition techniques.
Reference [15] mainly focuses on dimensionality reduction,
SNR problems, and linear and soft computing techniques for
EEG signal processing. Kaushik concludes that the neural
network and Bayesian approaches are two popular choices
even though linear statistical discriminants are easier to
implement. A large number of Support Vector Machines
(SVM) are also discussed in this paper for their classification
accuracy. Hence, the EEG signal occupies a great deal of data
regarding the working of the brain. However classification
and estimation of the signals are inadequate. As there is no
explicit category suggested by the experts, visual examination
of EEG signals in time domain may be deficient. Routine
clinical diagnosis necessitates the analysis of EEG signals
[13]. Hence, automation and computer methods have been
utilized for this reason. Current multicenter clinical analysis
indicates confirmation of premonitory symptoms in 6.2%
of 500 patients with epilepsy [16]. Another interview based
study found that 50% of 562 patients felt “auras” before
seizures. Those clinical data provide a motivation to search
for premonitoring alterations on EEG recordings from the
brain and to employ a device that can act without human
intervention to forewarn the patient [17]. On the other hand,
despite decades of research, existing techniques do not yield
to better performance. This paper addresses the application
and comparison of SVD, EM, and MEM classifiers towards

optimization of code converter outputs in the classification
of epilepsy risk levels.

Webber et al. [18] have proposed the three-stage design
of an EEG seizure detection system. The first stage of
the seizure detector compresses the raw data stream and
transforms the data into variables which represent the state
of the subject’s EEG. These state measures are referred to
as context parameters. The second stage of the system is
a neural network that transforms the state measures into
smaller number of parameters that are intended to represent
measures of recognized phenomena such as small seizure
in the EEG [9, 10]. The third stage consists of a few simple
rules that confirm the existence of the phenomena under
consideration. Similarly, this paper also presents a three-stage
design for epilepsy risk level classification. The first stage
extracts the required seven distinct features from raw EEG
data stream of the patient in time domain. The next stage
transforms these features into a code word through a code
converter with seven alphabets which represents the patient’s
state in five distinct risk levels for a two-second epoch of EEG
signal per channel. The last stage is a SVD, EM, or MEM
which optimizes the epilepsy risk level of the patient. The
organization of the paper is as follows. Section 1 introduces
the paper and materials and its methods are discussed in
Section 2. Section 3 describes the SVD, EM, and MEM as
postclassifiers for epilepsy risk level classification. Results
are discussed in Section 4 and the paper is concluded in
Section 5.

2. Materials and Methods

2.1. Data Acquisition of EEG Signals. For the comparative
study and to analyze the performance of the pre- and
postclassifiers we have obtained the raw EEG data of 20
epileptic patients in European Data Format (EDF) who
underwent treatment in the Neurology Department of Sri
Ramakrishna Hospital, Coimbatore. An issue that has been
given great attention is the preprocessing stage of the EEG
signals because it is important to use the best technique
to extract the useful information embedded in the nonsta-
tionary biomedical signals. The obtained EEG records were
continuous for about 30 seconds; each of them was divided
into epochs of two-second duration. A two-second epoch
is long enough to detect any significant changes in activity
and presence of artifacts and also short enough to avoid
any redundancy in the signal [19]. For a patient we have 16
channels over three epochs. Having a frequency of 50Hz,
each epoch was sampled at a frequency of 200Hz. Each
sample corresponds to the instantaneous amplitude values of
the signal, totaling to 400 values for an epoch. Figure 1 shows
the model of flow diagram of epilepsy risk level classification
system. Four types of artifacts were present in our data.
They included eye blink, electromyography (EMG) artifact,
chewing, and motion artifacts [20]. Approximately 1% of
the data was artifacts. We did not make any attempt to
select certain number of artifacts and of a specific nature.
The objective of including artifacts was to have spikes ver-
sus nonspike categories of waveforms. The latter could be
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Figure 1: Flow diagram for epilepsy risk level classification system.

a normal background EEG and/or artifacts [21]. In order
to train and test the feature extractor and classifiers, we
need to select a suitable segment of EEG data. In our
experiment, the training and testing were selected through
a short sampling window and all EEG signals were visually
examined by a qualified EEG technologist. A neurologist’s
decision regarding EEG features (or normal EEG segment)
was used as the gold standard.We choose a sample window of
400 points corresponding to 2 seconds of the EEG data. This
width can cover almost all types of transient epileptic patterns
in the EEG signal, even though seizure often lasts longer [22].

In order to classify the risk level of the patients, certain
parameters were chosen which are detailed below.

(1) For every epoch, the energy is calculated as [4]

𝐸 =

𝑛

∑

𝑖=1

𝑥
2

𝑖
, (1)

where 𝑥
𝑖
—sample value of signal and 𝑛—number of

such samples.
(2) One of the simplest linear statistics that may be used

for investigating the dynamics underlying the EEG is
the variance of the signal calculated in consecutive
nonoverlapping windows. The variance (𝜎2) is given
by

𝜎
2

=
∑
𝑛

𝑖=1
(𝑥
𝑖
− 𝜇)
2

𝑛
, (2)

where 𝜇—average amplitude of the epoch.

(3) For the average variance, the covariance of duration is
determined by using the equation below:

CD =
∑
𝑝

𝑖=1
(𝐷 − 𝑡

𝑖
)
2

𝑝𝐷2
. (3)

The following are the four parameters which are extracted
using morphological filters and wavelet transforms.

(1) The total number of positive and negative peaks is
found above the threshold.

(2) For a zero crossing function, if it lies between 20
milliseconds and 70 milliseconds, then the spikes can
be detected. If the zero crossing function lies between
70 milliseconds and 200 milliseconds then the sharp
waves are detected, when the zero crossing function
lies between 70 milliseconds and 200 milliseconds.

(3) The total number of spikes and sharp waves are
determined as the events.

(4) The duration for these waves is determined by the
relation:

𝐷 =
∑
𝑝

𝑖=1
𝑡
𝑖

𝑝
, (4)

where 𝑡
𝑖
—peak to peak duration and 𝑝—number of

such durations.

2.2. Wavelet Transforms for Feature Extraction. The brain
signals are nonstationary in nature. In order to capture the
transients and events of the waveforms we are in dire state
to visualize the time and frequency simultaneously. Hence,
the wavelet transforms are the better choice to extract the
transient features and events from the EEG signals. The
wavelet transform based feature extraction is discussed as
follows.

Let us consider a function 𝑓(𝑡). The wavelet transform of
this function is defined as [23]

𝑤𝑓 (𝑎, 𝑏) = ∫

∞

−∞

𝑓 (𝑡) 𝜓
∗

𝑎,𝑏
(𝑡) 𝑑𝑡, (5)

where 𝜓
∗

(𝑡)—complex conjugate of the wavelet function
𝜓(𝑡).

With the set of the analyzing function, the wavelet family
is deduced from the mother wavelet 𝜓(𝑡) by [24]

𝜓
∗

𝑎,𝑏
(𝑡) =

1

√2

𝜓(
𝑡 − 𝑏

𝑎
) , (6)

where 𝑎—dilation parameter and 𝑏—translation parameter.
The feature extraction process is initialized by studying

the effect of simpleHaar threshold.TheHaarwavelet function
can be represented as [25]

𝜓 (𝑡) =

{{{{

{{{{

{

1, 0 ≤ 𝑡 <
1

2
,

−1,
1

2
≤ 𝑡 < 1,

0, otherwise.

(7)
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Table 1: Parameter ranges for various risk levels.

Normalized parameters Risk levels
Normal Low Medium High Very high

Energy 0-1 0.7–3.6 2.9–8.2 7.6–11 9.2–30
Variance 0–0.3 0.15–0.45 0.4–2.2 1.6–4.3 3.8–10
Peaks 0–2 1–4 3–8 6–16 12–20
Events 0–2 1–5 4–10 7–16 15–28
Sharp waves 0–2 1–5 4–8 7–11 10–12
Average duration 0–0.3 0.15–0.45 0.4–2.4 1.8–4.6 3.6–10
Covariance 0–0.05 0.025–0.1 0.09–0.4 0.28–0.64 0.54–1

Wavelet thresholding is a signal estimation technique
that exploits the capabilities of wavelet transform for signal
denoising or smoothing. It depends on the choice of a
threshold parameter which determines to great extent the
efficacy of denoising:

𝜌
𝑇
(𝑥) = {

𝑥, if |𝑥| > 𝑇,
0, if |𝑥| ≤ 𝑇,

(8)

where 𝑇 is the threshold level.
Typical threshold operators for denoising include hard

threshold, soft threshold, and affine (firm) threshold. Hard
threshold is defined as [24]. Soft thresholding (wavelet
shrinkage) is given by

𝜌
𝑇
(𝑥) =

{{

{{

{

𝑥 − 𝑇, if (𝑥 ≥ 𝑇) ,
𝑥 + 𝑇, if (𝑥 ≤ 𝑇) ,
0, if |𝑥| < −𝑇.

(9)

Haar, Db2, Db4, and Sym8 wavelets with hard thresh-
olding and four types of soft thresholding methods such
as Heursure, Minimaxi, Rigrsure, and Sqtwolog are used to
extract the parameters from EEG signals. With the help of
expert’s knowledge and our experiences with [5, 20, 26],
we have identified the following parametric ranges for five
linguistic risk levels (very low, low, medium, high, and very
high) in the clinical description for the patients which is
shown in Table 1.

The output of code converter is encoded into the strings
of seven codes corresponding to each EEG signal parameter
based on the epilepsy risk levels threshold values as set in
Table 1. The expert defined threshold values as containing
noise in the form of overlapping ranges. Therefore we have
encoded the patient risk level into the next level of risk instead
of a lower level. Likewise, if the input energy is at 3.4 then the
code converter output will be at medium risk level instead of
low level [26].

2.3. Code Converter as a Preclassifier. The encoding method
processes the sampled output values as individual code.
Since working on definite alphabets is easier than processing
numbers with large decimal accuracy, we encode the outputs
as a string of alphabets.The alphabetical representation of the
five classifications of the outputs is shown in Table 2.

The ease of operation in using characteristic representa-
tion is obviously evident than in performing Cumber some

Table 2: Representation of risk level classifications.

Risk level Coded Representation
Normal U
Low W
Medium X
High Y
Very high Z

Table 3: Output of code converter for patient 2.

Epoch 1 Epoch 2 Epoch 3
YYYYXXX ZYYWYYY YYYXYZZ
YYYXYYY ZZYZZZZ YYYXYZZ
YYYYYYY ZZYZZZZ ZYYYZZZ
ZYYYZZZ ZZYZYYY YYYXXZZ
YYYYYYY YYYXYYY YYYYYZZ
YYYYYYY YYYXYYY YYYXYYX
YYYYYYY YYYYYYY YYYYYYZ
ZZYZYZZ ZZYZZZZ ZZYZZZZ

operations of numbers. By encoding each risk level from one
of the five states, a string of seven characters is obtained for
each of the sixteen channels of each epoch. A sample output
with actual patient readings is shown in Table 3 for eight
channels over three epochs.

It can be seen that channel 1 shows low risk levels while
channel 7 shows high risk levels. Also, the risk level clas-
sification varies between adjacent epochs. There are sixteen
different channels for input to the system at three epochs.This
gives a total of forty-eight input and output pairs. Since we
deal with known cases of epileptic patients, it is necessary
to find the exact level of epilepsy risk in the patient. This
will also aid towards the development of automated systems
that can precisely classify the risk level of the epileptic patient
under observation. Hence an optimization is necessary. This
will improve the classification of the patient and can provide
the EEG with a clear picture [20]. The outputs from each
epoch are not identical and are varying in condition such as
[YYZXXXX] to [WYZYYYY] to [YYZZYYY]. In this case
energy factor is predominant and thus results in the high
risk level for two epochs and low risk level for middle epoch.
Channels five and six settle at high risk level. Due to this type



Mathematical Problems in Engineering 5

of mixed state output we cannot come to proper conclusion;
therefore we group four adjacent channels and optimize the
risk level. The frequently repeated patterns show the average
risk level of the group channels. Same individual patterns
depict the constant risk level associated in a particular epoch.
Whether a group of channel is at the high risk level or not
is identified by the occurrences of at least one Z pattern in
an epoch. It is also true that the variation of the risk level
is abrupt across epochs and eventually in channels. Hence
we are in a dilemma and cannot come up with the final
verdict. The five risk levels are encoded as Z > Y > X >

W > U in binary strings of length five bits using weighted
positional representation as shown in Table 4. Encoding each
output risk level gives us a string of seven alphabets, the
fitness of which is calculated as the sum of probabilities of the
individual alphabets. For example, if the output of an epoch
is encoded as ZZYXWZZ, its fitness would be 0.419352.

The Sensitivity Se and Specificity Sp are represented as
[19]

PI = PC −MC − FA
PC

× 100, (10)

where PI—Performance Index, PC—perfect classification,
MC—missed classification, and FA—false alarm.

The performance of code converter is 44.81%.The perfect
classification represents when both the physician and code
converter agrees with the same epilepsy risk level. Missed
classification represents a high level as low level. False alarm
represents a low level as high level with respect to physician’s
diagnosis. The other performance measures are also defined
as below.

The sensitivity Se and specificity Sp are represented as [19]

Se = [ PC
(PC + FA)

] ∗ 100,

(
0.5

0.6
) ∗ 100 = 83.33%,

Sp = [ PC
(PC +MC)

] ∗ 100,

(
0.5

0.7
) ∗ 100 = 71.42%,

AverageDetection (AD) =
(Sensitivity + Specificity)

2
,

AD = 78.875,

Relative Risk =
Sensitivity
Specificity

,

Relative Risk = 1.166.
(11)

The relative risk factor indicates the stability and sen-
sitivity of the classifier. For an ideal classifier the relative
risk will be unity. More sensitive classifier will have this
factor slightly above unity, whereas slow response classifier

Table 4: Binary representation of risk levels.

Risk level Code Binary string Weight Probability
Very high Z 10000 16/31 = 0.51612 0.086021
High Y 01000 8/31 = 0.25806 0.043011
Medium X 00100 4/31 = 0.12903 0.021505
Low W 00010 2/31 = 0.06451 0.010752
Normal U 00001 1/31 = 0.03225 0.005376

11111 = 31 ∑ = 1

Table 5: Performance of code converter output based on wavelet
transform along hard thresholding.

Wavelets Perfect
classification

Missed
classification

False
alarm

Performance
Index

Haar 61.45 15.625 22.91 37.58
Db2 61.18 16.14 22.65 36.44
Db4 64.57 12.49 22.91 44.72
Sym8 63.52 11.44 23.95 44.81

makes this factor lower than unity. We have obtained a
low value of just 40% for Performance Index and 83.33%,
71.42%, 78.87%, and 1.166 for sensitivity, specificity, average
detection, and relative risk for the code converter. Due to
the low performance measures it is essential to optimize the
output of the code converter. Performance Index of code
converters output using different wavelet transforms for hard
thresholding methods is tabulated in Table 5.

2.4. Rhythmicity of Code Converter. Now we are about to
identify the rhythmicity of code converter techniques which
is associated with nonlinearities of the epilepsy risk levels. Let
the rhythmicity be defined as [10]

𝑅 =
𝐶

𝐷
, (12)

where 𝐶 = number of categories of patterns and 𝐷 =

total number of patterns which is 960 in our case. For an
ideal classifier 𝐶 is to be one and 𝑅 = 0.001042. Table 6
shows the rhythmicity of the code converter classifier for
hard thresholding of each wavelet. Table 6 shows that the
value of 𝑅 is highly deviated from its ideal value. Hence, it is
necessary to optimize the code converters outputs to endure
a singleton risk level. In the following section we discuss the
morphological filtering of EEG signals.

2.5. Morphological Filtering for Feature Extraction of EEG Sig-
nals. Morphological filtering was chosen over othermethods
such as the temporal approach of the EEG signal and wavelet
based approach due to the fact that morphological filtering
can precisely determine the spikes with a very high accuracy
rate [14]. Let us call it as a function 𝑓(𝑡). Let us also take into
account a structuring element 𝑔(𝑡) which together with 𝑓(𝑡)
is the subsets of Euclidean space 𝐸.
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Table 6: Rhythmicity of code converter for wavelets with hard
thresholding.

Wavelets Number of categories
of patterns

Rhythmicity
𝑅 = 𝐶/𝐷

Haar 31 0.032292
Db2 41 0.042708
Db4 30 0.03125
Sym8 45 0.046875

Accordingly, theMinkowski addition and subtraction [6]
for the function 𝑓(𝑡) is given by the relation

Addition: (𝑓 ⊕ 𝑔) (𝑡) = max⏟⏟⏟⏟⏟⏟⏟

𝑡−𝑢∈𝐹

𝑢∈𝐺

{𝑓 (𝑡 − 𝑢) + 𝑔 (𝑢)} ,

Subtraction: (𝑓Θ𝑔) (𝑡) = min⏟⏟⏟⏟⏟⏟⏟

𝑡=𝑢∈𝐹

𝑢∈𝐺

{𝑓 (𝑡 − 𝑢) − 𝑔 (𝑢)} .

(13)

The opening and closing functions of the morphological
filter are given as

Opening: (𝑓 ∘ 𝑔) (𝑡) = [(𝑓Θ𝑔
𝑆

) ⊕ 𝑔] (𝑡)

Closing: (𝑓 ⋅ 𝑔) (𝑡) = [(𝑓 ⊕ 𝑔
𝑆

)Θ𝑔] (𝑡) .

(14)

The abovementioned equations help us in determining
the peaks and valleys in the original recording [7]. The
opening function (erosion-dilation) is used in smoothing of
the convex peak of the original signal and the closing function
(dilation-erosion) is used in smoothing the concave peak of
the signal. Combinations of opening and closing function
lead to the formation of a new filter which when fed with
the original signal can divide it into two, the first signal being
defined by a structuring element and the second signal being
the residue of 𝑓(𝑡). This type of filtering is done in order
to detect the spikes with high accuracy. For two structuring
elements, say 𝑔

1
(𝑡) and 𝑔

2
(𝑡), the open-close (OC) and close-

open (CO) functions are defined as

OC (𝑓 (𝑡)) = 𝑓 (𝑡) ∘ 𝑔
1
(𝑡) ⋅ 𝑔

2
(𝑡) ,

CO (𝑓 (𝑡)) = 𝑓 (𝑡) ⋅ 𝑔
1
(𝑡) ∘ 𝑔

2
(𝑡) .

(15)

When considered separately, the OC and CO functions
result in a variation in amplitude; that is, while OC results
in lower amplitude, the CO function yields higher amplitude.
For easier interpretation and calculation, we go for the aver-
age of the two defined as opening-closing-closing-opening
(OCCO) function. The same is depicted below as

OCCO (𝑓 (𝑡)) =
[OC (𝑓 (𝑡)) + CO (𝑓 (𝑡))]

2
, (16)

where 𝑓(𝑡) is the original signal represented as

𝑓 (𝑡) = 𝑥 (𝑡) +OCCO (𝑓 (𝑡)) , (17)

where 𝑥(𝑡)—spiky part of the signal.

Performance Index, sensitivity, and specificity of code
converter outputs through morphological filter based feature
extraction arrived at the low value of 33.46%, 76.23%, and
77.42%, respectively. This scenario impacts the optimization
of code converter outputs using postclassifier to accomplish a
singleton result.The following section describes the outcome
of SVD, EM, and MEM techniques as postclassifier.

3. Singular Value Decomposition,
Expectation Maximization, and Modified
EM as Postclassifier for Classification of
Epilepsy Risk Levels

In this section, we discuss the possible usage of SVD, EM,
and MEM as a postclassifier for classification of epilepsy
risk levels. The Singular Value Decomposition (SVD) was
established in the 1870s by Beltrami and Jordan for real square
matrices [27]. It is used mainly for dimensionality reduction
and determining the modes of a complex linear dynamical
system [27]. Since then, SVD is regarded as one of the most
important tools of modern numerical analysis and numerical
linear algebra.

3.1. SVD Theorem. Let us have an 𝑚 × 𝑛 matrix 𝐴 =

[𝑎
1
, 𝑎
2
, 𝑎
3
, . . . , 𝑎

𝑛
]. The SVD theorem states that [28]

𝐴 = USV𝑇, (18)

where 𝐴 ∈ 𝑅𝑚 × 𝑛 (with 𝑚 ≥ 𝑛), 𝑈 ∈ 𝑅𝑚 × 𝑛, 𝑉 ∈ 𝑅𝑛 × 𝑛,
and 𝑆 is a diagonal matrix of size 𝑅𝑛 × 𝑛.

Equation (18) can be further realized as

𝐴 = ∑𝑃𝜎
𝑘
𝑢
𝑘
V𝑇
𝑘
. (19)

The columns of 𝑈 are called the left singular vectors of
matrix 𝐴 and the columns of 𝑉 are called the right singular
vectors of 𝐴. 𝑃 = min(𝑚, 𝑛); ∑ is called the singular value
matrix along with the diagonal.

We have taken the EEG records of twenty patients for our
study. Each patient’s sample is composed of a 16 × 3 matrix
as code converter outputs depicted in Table 3. Considering
this to be as matrix 𝐴, SVD is computed. The so-obtained
Eigen value is eventually regarded as the patient’s epilepsy risk
level. The similar procedure is carried out in finding out the
remaining Eigen values of other patients as well.

3.2. Expectation Maximization as a Postclassifier. The Expec-
tation Maximization (EM) is often defined as a statistical
technique for maximizing complex likelihoods and handling
incomplete data problem. EMalgorithm consists of two steps,
namely, the following.

Expectation Step (𝐸 Step): say for data 𝑥, having an
estimate of the parameter and the observed data; the expected
value is initially computed [29]. For a given measurement
𝑦
1
and based on the current estimate of the parameter, the

expected value of 𝑥
1
is computed as given below:

𝑥
[𝑘+1]

1
= 𝐸 [𝑥

1
| 𝑦
1
, 𝑝
𝑘

] . (20)



Mathematical Problems in Engineering 7

This implies

𝑥
[𝑘+1]

1
= 𝑦
1

1/4

(1/4) + (𝑝
[𝑘]/2)

. (21)

Maximization Step (𝑀 Step): from the Expectation Step,
we use the data which was actually measured to determine
the ML estimate of the parameter.

Considering the code converter outputs, let us take a set of
unit vectors to be as𝑋.Wewill have to findout the parameters
𝜇 and 𝜅 of the distribution Md(𝜇, 𝑘). Accordingly, we can
form the equation as [30]

𝑋 = {𝑋
𝑖
| 𝑋
𝑖
∼ Md (𝜇, 𝑘) for 1 ≤ 𝑖 ≤ 𝑛} . (22)

Considering 𝑥
𝑖
∈ 𝑋, the likelihood of𝑋 is

𝑃 (𝑋 | 𝜇, 𝑘) = 𝑃 (𝑥
𝑖
, . . . , 𝑥

𝑛
| 𝜇, 𝑘)

=

𝑛

∏

𝑖=1

𝑓 (𝑥
𝑖
| 𝜇, 𝑘) =

𝑛

∏

𝑖=1

𝑐
𝑑
(𝑘) 𝑒
𝑘𝜇
𝑇
𝑥𝑖 .

(23)

The log likelihood of (19) can be written as

𝐿 (𝑋 | 𝜇, 𝑘) = ln𝑃 (𝑋 | 𝜇, 𝑘) = 𝑛 ln 𝑐
𝑑
(𝑘) + 𝑘𝜇

𝑇

𝑟, (24)

where

𝑟 = ∑ 𝑖𝑥
𝑖
. (25)

In order to obtain the likelihood parameters 𝜇 and 𝜅, we
will have tomaximize (22) with the help of Lagrange operator
𝜆. The equation can be written as

𝐿 (𝜇, 𝜆, 𝜅, 𝑋) = 𝑛 ln 𝑐
𝑑
(𝑘) + 𝑘𝜇

𝑇

𝑟 + 𝜆 (1 − 𝜇
𝑇

𝜇) . (26)

Derivating (23) with respect to 𝜇, 𝜆, and 𝜅 and equating
these to zero will yield the parameter constraints as

𝜇 =
�̂�

2�̂�

𝑟,

𝜇
𝑇

𝜇 = 1,

𝑛𝑐


(�̂�)

𝑐
𝑑
(�̂�)

= −𝜇
𝑇

𝑟.

(27)

In the Expectation Step, the threshold data are estimated,
given the observed data and current estimate of the model
parameters [31].This is achieved using the conditional expec-
tation, explaining the choice of terminology. In the 𝑀-Step,
the likelihood function is maximized under the assumption
that the threshold data are known.The estimate of themissing
data from the 𝐸-Step is used in lieu of the actual threshold
data.

3.3. Modified Expectation Maximization Algorithm. AModi-
fied Expectation Maximization (EM) algorithm which uses
maximum likelihood (ML) approach is discussed in this
paper for pattern optimization. Similar to the conventional

EM algorithm, this algorithm alternated between the estima-
tion of the complete log-likelihood function (𝐸-Step) and the
maximization of this estimate over values of the unknown
parameters (𝑀-Step) [32]. Because of the difficulties in the
evaluation of the ML function [33], modifications are made
to the EM algorithm as follows.

The method of maximum likelihood corresponds to
manywell-known estimationmethods in statistics. For exam-
ple, one may be interested in the heights of adult female
giraffes but be unable due to cost or time constraints to
measure the height of every single giraffe in a population.
Assuming that the heights are normally (Gaussian) dis-
tributed with some unknown mean and variance, the mean
and variance can be estimated withMLE while only knowing
the heights of some samples of the overall population.

Given a set of samples 𝑋 = {𝑥
1
, 𝑥
2
, . . . , 𝑥

𝑛
}, the complete

data set 𝑆 = (𝑋, 𝑌) consists of the sample set 𝑋 and a
set 𝑌 of variable indicating from which component of the
mixtures the samples came. The description is given below
of how to estimate the parameters of the Gaussian mixtures
with the maximization algorithm. After optimization of
the patterns, maximum likelihood is adopted to redesign
the intracranial area into two clusters. Basically, maximum
likelihood algorithm is a statistical estimation algorithm
used for finding log-likelihood estimates of parameters in
probabilistic models [30].

(1) Find the initial values of the maximum likelihood
parameters which are means covariance and mixing
weights.

(2) Assign each 𝑥
𝑖
to its nearest cluster centre 𝑐

𝑘
by

Euclidean Distance (𝑑)
(3) Inmaximization step, useMaximization𝑄(𝜃, 𝜃).The

likelihood function is written as:

𝑄(𝜃
𝑖+1

𝜃
𝑖

) = max𝑄(𝜃
𝑖

𝜃) , 𝜃
𝑖+1

= arg max 𝑄(𝜃, 𝜃
𝑖

) ,

𝑑 (𝑝, 𝑞) = 𝑑 (𝑝, 𝑞) = √

𝑛

∑

𝑖+1

(𝑞
𝑖
− 𝑝
𝑖
)
2

.

(28)

(4) Repeat iterations, until ‖𝜃𝑖+1 − 𝜃
𝑖

‖ becomes small
enough.

The algorithm terminates when the difference between
the log likelihood for the previous iteration and current
iteration fulfills the tolerance. For 𝜇 = 0 and 𝜎 = 1, the
likelihood function was applied to the 16 × 3 matrix of the
code converter output by having truncated to the known
endpoints.

4. Results and Discussion

To study the relative performance of these code converters
and SVD, EM, and MEM, we measure two parameters, the
Performance Index and the Quality Value. These parameters
are calculated for each set of twenty patients and are com-
pared.
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Table 7: Performance Index for morphological based feature extraction.

Classifiers Morphological operators based feature extraction
Perfect classification Missed classification False alarm Performance Index

Code converter 62.6 18.25 19.13 33.26
With SVD optimization 91.22 7.31 1.42 89.48
With EM optimization 82.68 12.93 4.38 80.1
With MEM optimization 85.32 10.95 3.72 83.35

Table 8: Performance analysis of wavelet transforms with hard thresholding.

Classifiers Perfect classification Missed classification False alarm Performance Index
Haar wavelet

Code converter 61.45 15.625 22.91 37.58
With SVD optimization 96.58 3.42 0 96.4
With EM optimization 82.68 12.93 4.38 80.1
With MEM optimization 85.32 10.95 3.72 83.35

DB2 wavelet
Code converter 61.18 16.14 22.65 36.44
With SVD optimization 98.13 0.9465 0.946 98.03
With EM optimization 87.29 8.1 4.59 85.42
With MEM optimization 89.58 5.81 4.61 87.81

DB4 wavelet
Code converter 64.57 12.49 22.91 44.72
With SVD optimization 97.54 0.378 2.08 97.45
With EM optimization 92.33 4.31 3.29 91.35
With MEM optimization 93.86 2.3 3.84 93.17

Sym8 wavelet
Code converter 63.52 11.44 23.95 44.81
With SVD optimization 97.35 1.512 1.135 97.23
With EM optimization 87.27 7.78 5.48 85.03
With MEM optimization 88.71 6.9 5.67 86.95

4.1. Performance Index. A sample of Performance Index
of morphological filter based feature extraction with code
converters, Singular Value Decomposition, EM, and MEM
for an average of twenty known epilepsy data sets is shown in
Table 7. As shown in Table 7 the morphological filter based
feature extraction along with SVD optimization is ranked at
first with high PI of 89.48% against the 80.1% and 83.35% of
EM andMEMmethods. But themorphological filter plugged
into more missed classification rather than less false alarm
which is a dangerous trend. Therefore, this method will be
considered as a lazy and high threshold classifier.

Table 8 depicts the performance analysis of wavelet trans-
form with hard thresholding method. In case of hard thresh-
olding, while code converter has got an average classification
rate and false alarm of 62.68% and 18.105%, EM optimizer
has 87.39% of perfect classification with a false alarm rate of
4.43%.Notmuch of deviations,MEMhave 89.36% and 4.46%
of average perfect classification and false alarm, respectively.
SVD optimization has got the highest value of perfect
classification rate of 96.58% with zero false alarms. Hence
SVD optimizer can be regarded as the best postclassifier. In
all the four wavelet transforms SVD postclassifier is the best
suited one to achieve the high classification rate. EM and

MEMtechniques failmiserably to achieve better classification
accuracy when compared with SVD classifier.

Table 9 represents the performance analysis of wavelet
transforms with soft thresholding with code converter, SVD,
EM, and MEM, respectively. It can be found that, in soft
thresholding, the code converter has got an average perfect
classification of 65.6 and false alarm of 11.94. SVD has got
a classification rate of over 85% with comparatively higher
values of false alarms. MEM optimizer claims to be the best
optimizer as it has a classification rate of 93.97% with a false
alarm rate of 3.5 only. This is obtained when Haar wavelet is
used with mini max soft thresholding.

4.2. Quality Value. This parameter determines the overall
quality of the classifiers used. The relation for Quality Value
is given by [19]

QV =
𝐶

(𝑅fa + 0.2) ∗ (𝑇dly ∗ 𝑃dct + 6 ∗ 𝑃msd)
, (29)

where 𝐶—scaling constant, 𝑅fa—false alarm per set, 𝑇dly—
average delay of on-set classification, 𝑃dct—percentage of
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Table 9: Performance analysis of Haar wavelet transforms with soft thresholding.

Classifiers Perfect classification Missed classification False alarm Performance Index
Heursure soft thresholding

Code converter 66.1 19.18 11.93 52.82
With SVD optimization 87.21 2.84 9.94 82.64
With EM optimization 89.03 6.79 4.16 87.88
With MEM optimization 90.46 4.6 4.93 89.82

Mini max soft thresholding
Code converter 64.63 20.59 15.1 44.52
With SVD optimization 85.22 0 14.77 79.43
With EM optimization 89.48 5.92 4.6 88.15
With MEM optimization 93.97 2.74 3.5 93.4

Rig sure soft thresholding
Code converter 66.34 19.88 13.78 49.11
With SVD optimization 88.49 0 11.5 84.18
With EM optimization 90.9 3.84 5.48 89.93
With MEM optimization 92.22 3.62 4.16 91.25

Sqtwolog soft thresholding
Code converter 65.34 27.69 6.96 46.89
With SVD optimization 77.69 20.88 1.42 66.58
With EM optimization 84.65 10.85 4.49 82.12
With MEM optimization 88.38 8.88 2.74 86.87

Table 10: Quality Value of wavelet transforms with hard thresholding.

Wavelets Quality Value
Without optimization With SVD optimization With EM optimization With MEM optimization

Haar 11.56 23.5 18.32 19.24
Db2 12.57 23.82 19.72 20.49
Db4 12.49 23.15 21.32 22.11
Sym8 12.84 23.37 19.52 20.3

Table 11: Performance analysis of twenty patients using dB2 wavelet hard thresholding with SVD, EM, and MEM postclassifiers.

Parameters
Code converter
method before
optimization

SVD optimization With EM
optimization

With MEM
optimization

Risk level classification rate (%) 61.45 98.13 87.29 89.58
Weighted delay (s) 2.189 2.017 2.233 2.14
False alarm rate/set 22.65 0.9463 4.59 4.6
Performance Index % 36.45 98.03 85.42 87.81
Sensitivity 75.43 99.05 95.4 95.4
Specificity 81.94 99.1 91.89 94.19
Average detection 78.875 99.075 93.645 94.795
Relative risk 1.166 0.9999 1.038 1.0128
Quality Value 12.57 23.82 19.72 20.49

Table 12: Quality Value of Haar wavelet transforms with soft thresholding.

Haar wavelet with soft thresholding Quality Value
Code converter With SVD optimization With EM optimization With MEM optimization

Heursure 13.54 20.16 20.12 20.85
Mini max 12.11 19.38 20.09 22.54
Rig sure 12.91 20.44 20.32 21.42
Sqtwolog 13.22 17.82 18.77 20.22
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Table 13: Performance analysis of twenty patients using Haar wavelet in soft thresholding with SVD, EM, and MEM postclassifiers.

Parameters
Code converter
method before
optimization

SVD optimization With EM
optimization

With MEM
optimization

Heursure soft thresholding
Risk level classification rate (%) 66.1 87.21 89.03 90.46
Weighted delay (s) 2.47 1.91 2.19 2.08
False alarm rate/set 11.93 9.94 4.16 4.93
Performance Index % 52.82 82.64 87.88 89.82
Sensitivity 85.39 90.05 96.27 95.07
Specificity 78.28 97.16 92.76 95.4
Average detection 78.875 93.61 94.51 95.23
Relative risk 1.166 0.926 1.037 0.996
Quality Value 13.54 20.16 20.12 20.85

Mini max soft thresholding
Risk level classification rate (%) 64.63 85.22 89.48 93.97
Weighted delay (s) 2.53 1.7 2.15 2.06
False alarm rate/set 15.1 14.77 4.6 3.5
Performance Index % 44.52 79.43 88.15 93.4
Sensitivity 82.31 85.25 95.4 96.71
Specificity 76.81 100 94.08 97.26
Average detection 78.875 92.625 94.74 96.98
Relative risk 1.166 0.85 1.014 0.994
Quality Value 12.11 19.36 20.09 22.54

Rig sure soft thresholding
Risk level classification rate (%) 66.34 88.49 90.9 92.22
Weighted delay (s) 2.52 1.77 2.01 2.1
False alarm rate/set 13.78 11.5 5.48 4.16
Performance Index % 49.11 84.18 89.93 91.25
Sensitivity 84.35 88.49 94.74 95.83
Specificity 78.23 100 96.16 96.83
Average detection 78.875 94.45 95.45 96.33
Relative risk 1.166 0.88 0.992 0.989
Quality Value 12.91 20.44 20.32 21.42

Sqtwolog soft thresholding
Risk level classification rate (%) 65.34 77.69 84.65 88.38
Weighted delay (s) 2.96 2.806 2.34 2.3
False alarm rate/set 6.96 1.42 4.49 2.74
Performance Index % 46.89 66.58 82.12 86.87
Sensitivity 91.34 98.57 95.5 97.26
Specificity 70.82 79.11 89.15 91.12
Average detection 78.875 88.84 92.325 94.19
Relative risk 1.166 1.245 1.07 1.06
Quality Value 13.22 17.82 18.77 20.22

perfect classification, and 𝑃msd—percentage of perfect risk
level missed.

By setting the value of “C” to a constant value, consider
as 10. The classifier with the highest Quality Value is the
better one. Table 10 depicts the Quality Value of wavelet
transforms with hard thresholding and SVD, EM, and MEM

optimization methods. It was observed that SVD with dB2
wavelet in hard thresholding attained the maximum value of
QV at 23.82 and EM with Haar wavelet has the low value of
QV at 18.32.

Table 11 shows the performance analysis of twenty
patients using dB2 wavelet hard thresholding with SVD,
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Table 14: Performance analysis of twenty patients using morphological filters with SVD, EM, and MEM postclassifiers.

Parameters Code converter method SVD optimization With EM optimization With MEM optimization
Risk level classification rate (%) 62.6 91.22 87.27 88.71
Weighted delay (s) 2.34 2.26 2.2 2.18
False alarm rate/set 19.13 1.42 5.47 5.67
Performance Index % 33.26 89.48 85.03 86.95
Sensitivity 77.84 98.57 95.59 98.97
Specificity 78.91 92.65 98.11 97.67
Average detection 78.875 95.61 96.85 98.32
Relative risk 1.166 1.063 0.974 1.013
Quality Value 12.74 20.62 19.52 20.3

Table 15: Performance analysis of postclassifiers in terms of weighted delay and quality value.

Methods/wavelets
SVD optimization EM optimization MEM optimization

Weighted
delay (sec) Quality Value Weighted

delay (sec) Quality Value Weighted
delay (sec) Quality Value

Hard threshold

Haar 2.14 23.5 2.431 18.32 2.36 19.24
dB2 2.017 23.82 2.23 19.72 2.14 20.49
dB4 1.974 23.15 2.11 21.32 2.01 22.11
Sym8 2.038 23.37 2.2 19.52 2.18 20.3

Soft threshold
heursure

Haar 1.94 20.16 2.19 20.12 2.08 20.85
dB2 2.82 16.01 2.37 20.24 2.27 20.54
dB4 2.41 19.99 2.31 19.79 2.27 20.57
Sym8 2.16 18.95 2.26 20.44 2.13 22

Soft threshold
mini max

Haar 1.7 19.36 2.15 20.09 2.06 22.54
dB2 2.23 19.39 2.3 18.87 2.16 20.41
dB4 1.97 20.13 2.17 19.97 2.14 20.66
Sym8 2.51 19.51 2.27 20.2 2.22 20.73

Soft threshold
rig sure

Haar 1.77 20.44 2.01 20.32 2.1 21.42
dB2 1.62 18.77 2.07 19.4 2.04 19.95
dB4 1.53 16.74 2.08 20.42 2.08 22.04
Sym8 1.65 19.51 2.18 20.02 2.09 21.06

Soft threshold
sqtwolog

Haar 2.08 17.82 2.34 18.77 2.3 20.22
dB2 3.25 16.73 2.42 19.17 2.36 20.1
dB4 2.76 19.1 2.37 19.62 2.36 19.35
Sym8 2.97 17.52 2.41 18.74 2.39 19.97

Morphological filters 2.26 20.62 2.2 19.52 2.18 20.3

EM, and MEM as postclassifiers. The evaluation parameters
achieved an appreciable value in the case of SVDpostclassifier
when compared to the other two classifiers. Hence, we can
choose SVD as a good postclassifier for epilepsy risk level
classification. All the three postclassifiers are bestowed with
the best sensitivity and specificity measures. EM and MEM
classifiers are plugged into the higher false alarm rate and this
leads to the lower QV and PI for the system.

Since the Haar wavelet is a predominant wavelet we had
chosen this wavelet for the four types of soft thresholding
methods and the same is depicted in Table 12. As seen in
Table 12 the highest QV of 22.54 is attained in the mini max
soft thresholding with MEM as a postclassifier.

Table 13 exhibits the performance analysis of twenty
patients using Haar wavelet in soft thresholding with SVD,
EM, and MEM postclassifiers. MEM postclassifier with mini
max soft thresholding reached the better QV and PI when
compared to SVD and EM classifiers. A slight incremental
tradeoff in the weighted delay forMEM is responsible for this
performance when compared with SVD and EM classifiers.
SVD fails to achieve a good performance in thismethodology
due to more false alarm rate. EM is struck in the middle path
as far as Performance Index is concerned.

Table 14 shows the performance analysis of twenty
patients using morphological filters with SVD, EM, and
MEM postclassifiers. In this method SVD outperforms other
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classifiers in terms of QV and PI.Thismorphological filtering
is inherited with slow response and is considered to be a
high threshold classifier. SVD classifier is summed with low
false alarm andweighted delays. All thesemethods in average
positioned at more than 90% of Performance Index and
around Quality Value of 18. Since for all these classifiers the
fact that the obtained weighted delay is more than 2 seconds
leads to larger threshold and slow response system.

We wish to analyse the time complexity of the postclas-
sifiers in terms of weighted delay and quality value. Table 15
shows the performance analysis of postclassifiers in terms
of weighted delay and Quality Value. It is observed that the
four types of wavelet transforms in hard thresholdingmethod
along with SVD postclassifier attained low weighted delay
and high value of QV.

In the case of Table 15 the EM and MEM classifiers are
either plugged into more missed classification or false alarms
and subsequently lead to lower value of QV less than 20 in
most of the wavelet transforms. In case of soft thresholding
dB2 wavelet in rig sure thresholding for MEM postclassifier
outperforms other fifteen methods. Morphological filters are
stacked at higher delay with QV set at near 20.

5. Conclusion

The objective of this paper is to classify the risk level of
the epileptic patients from the EEG signals. The aim is to
obtain high classification rate, Performance Index, Quality
Value with low false alarm, and missed classification. Due
to the nonlinearity obtained and also a poor performance
found in the code converters, an optimization was vital for
the effective classification of the signals. We went for SVD,
EM, and MEM as postclassifiers. Morphological filters were
also used for the feature extraction of the EEG signals. After
having computed the values of PI and QV discussed under
the results column, we found that SVDwas working perfectly
with a high classification rate of 91.22% and a false alarm
as low as 1.42. Therefore, SVD was chosen to be the best
postclassifier. The accuracy of the results obtained can be
made even better by using extreme learning machine as
a postclassifier and further research will be in this direc-
tion.
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Object recognition has shown tremendous increase in the field of image analysis. The required set of image objects is identified
and retrieved on the basis of object recognition. In this paper, we propose a novel classification technique called substance based
image classification (SIC) using a wavelet neural network. The foremost task of SIC is to remove the surrounding regions from
an image to reduce the misclassified portion and to effectively reflect the shape of an object. At first, the image to be extracted
is performed with SIC system through the segmentation of the image. Next, in order to attain more accurate information, with
the extracted set of regions, the wavelet transform is applied for extracting the configured set of features. Finally, using the neural
network classifier model, misclassification over the given natural images and further background images are removed from the
given natural image using the LSEG segmentation. Moreover, to increase the accuracy of object classification, SIC system involves
the removal of the regions in the surrounding image. Performance evaluation reveals that the proposed SIC system reduces the
occurrence of misclassification and reflects the exact shape of an object to approximately 10–15%.

1. Introduction

The recognition of objects in real-world applications needs
the set of image features that are not processed using the
nearby clutter or partial occlusion. The set of features must
be performed at least voluntarily invariant to illumination, 3D
projective transforms, and general object variations. Alterna-
tively, the features must also be adequately processed in order
to recognize accurate objects amongst numerous alternatives.
The complexity of the object recognition crisis is owing to
the lack in selecting the image features. Nevertheless, current
research on the utilization of dense restricted set of features
has revealed that effective object recognition can frequently
be attained by utilizing local image descriptors processed
using a huge number of processable positions.

The difficulty in object recognition is defined as a labeling
crisis supported with the representations of specified objects.
Usually, for a given image, the interested objects with their
background information are processed over the system by
assigning the exact labels or regions across the boundary in
the specified image objects. The complexity in recognition of
natural image problem is relatively processed using segmen-
tation. With the devoid of at least a changeable recognition

of objects, classification cannot be accomplished and without
proper segmentation being performed the object recognition
is not possible.

The revival of wavelet neural networks obtained an exten-
sive use in digital image processing. Initially, object recog-
nition problems were often solved by linear and quadratic
discriminates. Object recognition is the study of how technol-
ogy observes the surroundings, learns to differentiate objects
of interest from their background, and makes sound and
reasonable decisions about the categories of the objects. The
best object recognizers inmost instances are humans; yet they
do not understand how humans recognize the objects.

One of the main disadvantages in applying learning
techniques to image classification is that huge amounts of
training data are required which is a very time consuming
process due to the human time and effort involved in it.
A Bayesian belief network for classification of events and
measure the posterior probability of the event class given the
input features is presented in [1]. In [2], an active learning
approach is presented to solve the issue. Instead of accepting
the examples in passive manner, active learning algorithm
detects and chooses the unlabeled examples for the user to
label, so that human effort is reduced to a certain extent.
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Wavelet neural networks [3] merge the time-frequency
localization process and self-studying, which build them
mainly appropriate for the categorization of compound
patterns. An efficient object recognition technique utilizing
boundary demonstration employs a wavelet neural network
[4] (WNN) to distinguish the singularities of the object
bend illustration and to achieve the object categorization
at the equivalent time in an automatic way. Studies of
developmental shortfall in object detection have revealed that
individuals who do not know about the shape of the object
can demonstrate the identification impairments attached
with standard object recognition. Many of the wavelet fea-
ture selection mechanisms develop feature selection based
by evaluating each subband in a separate manner. In [5],
feature dependence from various subbands are analyzed and
simulated for a given set of image using statistical depen-
dence. On the other hand, no developmental belongings with
the conflicting object recognition with damaged portions
have been accounted. The subsistence of nonobject visual
diagnosis would point out that the improvement of standard
recognitionmechanisms does not processes on the expansion
of customary object detection methods [6].

To enhance the process of object recognition in given
image data, this paper explores the above mentioned tech-
niques to prove an object classifier integrated with the
substance based image classification using natural image.
At first, LSEG segmentation is performed to remove the
surrounding regions of the image then the wavelet transform
is utilized to extract the set of features from the segmented
region image. Finally, an object classifier is integrated with
SIC system to obtain the exact shape of an object.

The rest of the paper is organized as follows. Section 2 first
gives a brief account of related works. Section 3 elaborated
the entire process of SIC system and examined the corre-
sponding assumptions we have made. Section 4 describes the
experimental evaluation and Section 5 describes the results
obtained and comparison discussion with the existing work.
Finally Section 6 ends with conclusion.

2. Existing System

In artificial system, Object detection [7] and recognition [8]
are challenges for the image analysis research. The associated
set of topics has attained more attention for many decades.
Object detection is actually the process related to the object
recognition scheme. When an image is processed, objects
are to be recognized prior to further recognition scheme.
To identify the possible objects of interest in the image,
image segmentation is conducted within it. The paper [9]
introduced a common active-learning structure for object
recognition scheme. This structure provides a novel active-
learning technique to construct the effective recognition
systems.

In [10], the author designed a relationship between image
segmentation and object recognition in the structure of the
Expectation-Maximization (EM) algorithm. The author per-
formed the segmentation as themission of image explanation
to object suggestions and expressed it as the E-step, whilst

the M-step amounts to the object representations to the
observations.These two mechanisms are achieved iteratively,
thus concurrently segmenting an image and rebuilding it in
terms of objects.

Consequently, object recognition is achieved exclusively
on the manifestation of the object. But, appropriate infor-
mation also subsists in the region neighboring the object.
In [11], the author discovered the positions that manifes-
tation and background information participate in object
recognition. The paper [12] proposed a pulse-coupled neural
network (PCNN) with multichannel (MPCNN) connecting
and extensive fields for color image segmentation. Unlike
conventional PCNN, pulse-based radial basis function units
were established into the neurons of PCNN to decide the
rapid links amongst neurons relating to their ethereal feature
vectors and spatial closeness.

The paper [13] presented new homotopic image pseu-
doinvariants based on pixel wise analysis for face recognition.
The homotopic image pseudoinvariants are designed beside
with the most analogous image as the pattern. The proposed
way can be processed to unlock set recognition. In [14],
effective and easy skin tones for image recognition (named
LiRA-features) are examined in the job of handwritten digit
recognition. Two neural network classifiers are measured—a
customized LiRA and a modular assemblage neural network.
A technique of feature selection is planned in the beginning
learning procedure of a neural network classifier.

Even though linear illustrations are normally utilized in
image analysis, their presentations are hardly ever finest in
precise applications. The paper [15] proposed a stochastic
ascent algorithm for identifying the best representations of
images in object recognition. Using the NN classifier, a linear
representation exploits the presentation are required. Some
of the existing work in object recognition has been on distin-
guishing disparate objects of a database. For fast recognition
of objects from the image, the paper [16] proposed a novel
technique which unites the feature implanting for the rapid
reclamation of a support vector machine (SVM).

It is of huge significance to examine the domain alteration
setback of image object recognition, since image data is acces-
sible from a diversity of domains. To deal with the feature
allocation change concern in the region boundary segmented
image, domain adaptive input-output kernel learning (DA-
IOKL) algorithm was presented in [17], which concurrently
studies both the input and output kernels with a discrimi-
native vector-valued function by minimizing the structural
error. A new learning-based model [18] for the purpose of
superresolving an image obtained using low spatial resolution
was discussed. A set of superresolution for the test image was
obtained using the low spatial resolution test image and a
database comprising of both low and high spatial resolution
images.

The capability of object recognition systems is to make
out a huge number of objects controlled by a quality of
images, feature extraction technique, variability, and com-
plexity of fundamental objects and of collected data. To sym-
bolize the efficient proposition during recognition, indexing
with learning is combined and presented in two stages.
In the first stage, the representation of the object is done
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in the indexing technique and then in the second stage,
probabilistic models are used for the object recognition of
the image [19]. But the dense set of objects is difficult to
retrieve from the classified image. To overcome the issues
discussed in the existing works, in this work, SIC system is
used with wavelet transform to enhance the process of object
recognition. In summary our contributions are as follows:

(i) to propose a novel SIC system for natural image
classification and for an effective object recognition,

(ii) to preprocess the input natural images using spatial
smoothing to obtain the clear imagewith nonoise and
clutters,

(iii) to remove the regions present in the surroundings of
natural image using spatial smoothing to increase the
sensitivity,

(iv) to quantize the numerous regions in the color quanti-
zation stage to separate the set of surrounding regions
in the image,

(v) to extract the configured set of features from the
image using wavelet transform that categorizes the
image data into the subbands, low andhigh frequency,

(vi) finally to classify the natural images in an efficient
manner using neural network classifier.

3. Proposed Substance Based Image
Classification System

Here, we introduce a new SIC system that exploitsthe clas-
sification correlations. Our presentation of the substance
based image classification system is divided into three phases.
First, the process of object region extraction through the
segmentation of image is performed. Second, quality feature
extraction using wavelet transform model is applied to the
region being extracted to obtain the quality features. Finally,
neural network transform is applied to the extracted portion
of natural images based on the configured quality features
of the system. The architecture diagram of the proposed SIC
system is defined in Figure 1.

From Figure 1, it is being observed that the proposed
SIC system can be used to classify object natural images for
object recognition. During the initial stage, the object region
extraction is performed using the segmentation with the help
of natural image. Then, wavelet transform-based structural
configured set of features is presented from the extracted
object region. With this, an object classifier is constructed
by a neural network using the set of feature quality. SIC
system involves the surrounding regions removal to develop
the accuracy of object classification.

Usually, the conventional low-level features of images,
extracted usingwavelet transformation, are used to differenti-
ate the image from the extracted set of outside images. For the
obtained natural image object, the feature vectors are hauled
out using a sliding window, as the local means offer more
significant information. Besides this, a training procedure for
feature vectors as input values is utilized to build a classifier
of the image object unit. A neural network method is used

to categorize a variety of object images and achieve accurate
object image classification and is suitable for real application.
The main processes involved in the SIC system are object
region extraction and wavelet neural network transform.The
brief description about object region extraction in building
SIC system is discussed in the forthcoming section followed
by wavelet neural network transform.

3.1. Object Region Extraction. The object region extraction in
building the SIC system is divided into two parts, namely,
image preprocessing using spatial smoothing and image
segmentation using LSEG.The part involved in object region
extraction is image preprocessing. The natural image given
as input is preprocessed using spatial smoothing to obtain
the clear image with no noise and clutters. Here, the pre-
processing of image also includes the processes of removing
the regions present in the surroundings of natural image as
illustrated in Figures 2(a) and 2(b), respectively.

Spatial smoothing minimizes the effect of huge variation
in frequency present in natural images and at the same time
increases the sensitivity.With the help of Gaussian kernel, the
shape of the function that has to be used for natural images
is calculated in an iterative manner using the summative
average value of each pixel with respect to its neighbouring
pixel values as given below

𝑃
𝑖
=
1

𝑀

𝑀

∑

𝑗=1

𝑃
𝑗
, (1)

where 𝑀 denotes the number of neighboring pixels in
the natural images, 𝑃

𝑖
represents the new pixel value, and

𝑃
𝑗
represents the old pixel value to be considered.The second

part involved in object region extraction is the action of
image segmentation to be performed. The segmentation of
image is performed to identify the region boundary of the
given image. Once the segmentation process gets completed,
the regions present outside the image are identified and
extracted. For a given natural image, segmentation, JSEG
method is implemented in this work. The surroundings
regions of the given image are removed based on the image
segmentation process and performed through the extraction
of region boundary per pixel. The LSEG image segmentation
is carried out using two steps, namely, color quantization and
spatial segmentation as shown in Figures 3(a), 3(b), and 3(c),
respectively.

In the color quantization stage, colors in the image are
quantized to numerous regions that are further utilized to
separate the set of surrounding regions in the image. This
quantization is performed in the color space exclusive for
presenting the spatial distributions. Then the given image
pixel colors are reinstated by theirmatching color regions and
form a region-map of the image. After color quantization,
a label is specified to every group for obtained pixels which
are processed to the similar color. The image pixel colors
are restored by their resultant color region labels, creating
a region map. The representation of region map is specified
as follows.
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Phase-I 

Input image

Object region extraction 
using LSEG 

Color 
quantization

Spatial 
segmentation

Phase-II 

Feature extraction using 
wavelet transform

Conversion of RGB into HSI

Input layer Hidden layer Output layer

Phase-III 

Apply neural network transform

Removal of regions in the surrounding region

Figure 1: Architecture diagram of the proposed SIC system.

Representation of region map

+++++
+++++
+++++
− − − − − − −−

− − − − − − −−
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$$$$$

$$$$$
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The symbols (+, −, $) denotes the 𝐿-value for three
specified data points of the image. In order to determine
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(a) (b)

Figure 2: (a) Input image and (b) preprocessed image using spatial smoothing.

(a) (b) (c)

Figure 3: (a) Preprocessed image, (b) color quantization applied, and (c) spatial segmented image.

the 𝐿-value, 𝑃 is denoted as the point quantized image and
𝑃 = (𝑎, 𝑏) with 𝑝 ∈ 𝑃 and 𝑛 represent

𝑛 =
1

𝑁
∑

𝑝∈𝑃

𝑃,

𝑛
𝑖
=
1

𝑁
𝑖

∑

𝑝∈𝑃

𝑃.

(2)

The 𝐿-values are as follows:

𝐿 =
𝑠
𝑖

𝑠
𝑗

=

(𝑠
𝑛
− 𝑠
𝑗
)

𝑠
𝑗

, (3)

𝑠
𝑖
=

(𝑛 − 𝑃)

2
, (4)

𝑠
𝑗
=

(𝑛
𝑖
− 𝑃)
2
, (5)

where 𝑠
𝑖
represents the total number of quantized regions

present in all 𝑃 elements in natural image. 𝑠
𝑖
and 𝑠
𝑗
denote

the radius of the region. Once the segmentation using LSEG
is completed, the object and background images are classified.

With the obtained segmented image, the process of
extracting the object region and the surroundings are pro-
cessed for further evaluation of extraction of features. To
determine the similarity, the configured feature values of the
object are compared with the values of other regions hauled

out. The similarity between the regions is identified using
Euclidean distance as shown below

𝐷(𝑃,𝑄) = √

3

∑

𝑛=1

(𝑄
𝑖
− 𝑃
𝑖
)
2
, (6)

where 𝑃 denotes the feature vector of object region and
𝑄 denotes the feature vector of other regions present in
natural images. With the obtained Euclidean distance value,
the surrounding regions of the object are predicted.

3.2. Quality Feature Extraction UsingWavelet Transform. The
second phase involved SIC system is to extract the configured
set of features from the image; the wavelet transform cate-
gorizes the data into the subbands, low and high frequency.
Thewavelet transformmethod alters the obtained image data
to the frequency domain by the transformation of the color
space values, called a wavelet. Before processing with the
feature extraction procedure, it is necessary to change the
color model representation of the segmented image for ease
of access.

Usually, the color space of the given image is processed
in RGB format. Due to the complexity involved in the RGB
color image processing, here, plan to use the hue, saturation,
and intensity (HSI) color model. The process of converting
the RGB color space to HSI is shown below. As the value of
hue changes, the corresponding colors also change from red,
through yellow, green, and finally back to red. Once the value
of saturation changes, the corresponding colors change from
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(a) (b)

Figure 4: (a) Segmented image and (b) extracted image.

unsaturated to completely saturated form. Finally, the varia-
tion in the intensity level causes the corresponding changes
in magnitude from again unsaturated to fully saturated.

Once the images are converted into the HSI color space
model, the configured set of features is extracted from the
segmented image. Among the set of quality features, focus is
made on the texture values. The texture feature of the given
segmented image is expressed based on the statistical features
that measures the degree of roughness on image to structural
feature that expresses the regularity on the image and finally
towards the spectrum feature that is purely based on the
periodicity of the image texture value.

From the extracted object region of the image, the
configured quality features are extracted as illustrated in
Figures 4(a) and 4(b), respectively.

For a given region boundary image, consider 𝑃(𝑖, 𝑗) as a
pixel value; then the configured quality features are contrast
that refers to the division of brightness of image that is given
as

𝑀−1

∑

𝑖=0

𝑀−1

∑

𝑗=1

(𝑖 − 𝑗)
2
𝑃 (𝑖, 𝑗) . (7)

The directionality refers to the concise texture value of the
region present in natural images

𝑀−1

∑

𝑖=0

𝑀−1

∑

𝑗=1

(𝑖 − 𝑗) 𝑃 (𝑖, 𝑗)

2
. (8)

Entropy measures the randomness in the region bound-
ary image, that is, uncertainty value,

𝑀=1

∑

𝑖=0

𝑀=1

∑

𝑗=1

𝑃 (𝑖 − 𝑗) log (𝑃 (𝑖, 𝑗)) . (9)

Finally, Uniformity measures the state of obtaining the
same form of region boundary limit

𝑀−1

∑

𝑖=1

𝑀−1

∑

𝑗=1

𝑃 (𝑖, 𝑗)

1 +
𝑖 − 𝑗


. (10)

layerOutputlayerHiddenInput layer

(xi)

wi

g y

Figure 5: Neural network classifier structure.

By obtaining these set of configured quality features, the
SIC system achieves themore accurate information about the
object in the image data.

3.3. Image Object Classification Using Neural Network Clas-
sifier. Finally, the third phase involved in the SIC system is
to classify the natural images in an efficient manner using
the neural network object classifier. The classification of
objects using neural network classifier is divided into three
layers, namely, an input layer, a hidden layer, and an output
layer. The basic principle of neural network is that they
are basic networks of “neurons” supported with the neural
construction of the brain.The neuron for image classification
consists of a set of input values (𝑥

𝑖
) with its associated weights

(𝑤
𝑖
). Followed by which a function (𝑔) is used that adds the

weights andmaps to a final output (𝑦) and the representation
of it is shown in Figure 5.

As illustrated in Figure 5, in order to classify the image
object, set of input images is provided in the input layer
which comprises featured values in a region segmented image
that comprises inputs to the subsequent layer object classifier.
The neural network classifier for image object classification
organizes the set of input images one at a time. Once the
process of input layer is accomplished for the purpose of clas-
sification of image, the errors from the primary classification
is fed back as input into the process again and applied for the
second iteration in the hidden layer. This repeated process is
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Input: Natural image, P (i, j)
Begin

Pre-processing the image
Identify the surrounding regions of the image
Segment the image using LSEG
Quantize the color of the given image
Determine the pixel color of each quantized image
Form a region-map C
Based on C,

(i) Identify the 𝐿-value using (3)
(ii) Compute the Euclidean distance using (6)
(iii) Based on the value of feature vector, remove the surrounding regions
(iv) Categorize the image data into the specified frequency domain using wavelet
(v) Change the representation of color model
(vi) Change RGB color space to HSI using (7)
(vii) Identify the configured quality features (contrast, directionality, energy, entropy, uniformity)

based on 𝑃 (𝑖, 𝑗)
(viii) Classify the image object region using object classifier by extracting the input feature values
(ix) Identify the associated feature weights
(x) Evaluate the function 𝑔
(xi) Map to an output 𝑦

End

Pseudocode 1

followed for a repeated number of times, that is, for numerous
iterations. The output layer consists of classified parts of
the region segmented image and discover by contrasting
their categorization of the image objects with the recognized
classification of the image object as illustrated in Figure 1.The
process involved in neural network classifier for image object
is illustrated in Figure 6. Finally, with the classified parts of
region segmented image, the specified object is retrieved.

Pseudocode 1 below describes the entire process of SIC
system.

By following the steps in Pseudocode 1, the specified
object recognition is performed for the given set of input
image. The performance of the proposed SIC system is
evaluated in terms of segmentation accuracy, execution time,
and classification accuracy. The process of removing the
surrounding regions present in the images is defined in
terms of segmentation accuracy that is measured in terms of
percentage. The time taken to perform the process of object
recognition based on the extracted features is referred to as
the execution time that is measured in terms of seconds.
Finally, classification accuracy defines the accuracy over
recognizing the required shape of the object from the region
boundary image that is measured in terms of percentage.

4. Experimental Evaluation

An experimental evaluation is conducted to estimate the
performance of the proposed SIC system by extracting the
coral image features dataset from UCI repository. The coral
image features dataset contains image features extracted from
a coral image collection. Four sets of features are offered based
on the color histogram, color moments, color histogram
layout, and cooccurrence. There are 68,040 photo images

Table 1: Dataset description.

Dataset characteristics Multivariate
Attribute characteristics Real
Number of instances 68040
Number of attributes 89
Number of web hits 27032

from diverse categories. From those set of images, only the
natural images are extracted for experimental evaluation and
tested with the experiments. The description of dataset is
defined in Table 1.

The attribute information is discussed belowwith the four
sets of features. From each image, four sets of features were
extracted, namely, color histogram, color histogram layout,
color moments, and cooccurrence texture. The HSV color
space is divided into 32 subspaces each with 32 dimensions,
specifying 8 ranges of H and 4 ranges of S. The value in every
aspect in a color histogram of an image is the thickness of
each color in the image.

Histogram intersection can be utilized to determine the
similarity among two images. Each image is divided into 4
subimages (one horizontal split and one vertical split). 4 × 2
Color histogram for every subimage is calculated. Histogram
intersection is utilized to determine the similarity among
two images. The color moments consists of 9 dimensions
(3 ∗ 3), one for each of H, S, and V in HSV color space mean,
standard deviation, and skewness. The euclidean distance
among color moments of two images are utilized to signify
the dissimilarity between two images. Images are changed
to 16 gray-scale images. Cooccurrence in 4 directions is
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(a) (b) (c)

Figure 6: Application of neural network classifier for image object classification. (a) Input layer, (b) hidden layer, and (c) output layer.

Table 2: Tabulation for segmentation accuracy.

Pixels in size
Segmentation accuracy (%)

Proposed SIC Existing boundary
representation

100 45 24
200 52 30
300 59 36
400 64 45
500 70 54
600 73 62
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Figure 7: Measure of segmentation accuracy.

calculated with one horizontal, one vertical, and two diagonal
directions.

5. Results and Discussion

In this section, we present the comparison evaluation results
of both the proposed SIC system and the existing Boundary
Representation and Wavelet Neural Network. Table 2 and
Figure 7 that describes the performance of the proposed SIC
9 system with various parametric values.

The segmentation accuracy is determined based on the
number of pixels present in the given input image. The value
of the proposed SIC system is compared with the boundary
representation method.

Figure 7 describes the segmentation accuracy determined
based on the number of pixels present in the given input

Table 3: Measure of execution time.

Pixels in size
Execution time (sec)

Proposed SIC Existing boundary
representation

100 20 26
200 24 34
300 31 40
400 37 45
500 45 52
600 50 56

image. Compared to the existing boundary representation
scheme, the proposed SIC system provides higher rate of seg-
mentation accuracy.This is because, the proposed SIC system
perform the LSEG segmentation approach which performs
the segmentation through color quantization in addition to
the region map representation processes. So, the accuracy
over the segmentation increases. When the segmentation
performance level increases, the surrounding regions over the
image are removed consistently. But in the existing approach,
CWTcurvature representation is implemented to identify the
boundary of the object first and then the recognition takes
place. The variance in segmentation is 10-11% high in the
proposed SIC system.

Table 3 shows the execution time and based on the
number of pixels present in the given input image. The value
of the proposed SIC system is compared with the existing
object recognition using boundary representation.

Figure 8 describes the determination of execution time
based on the pixels in the given image. Compared to the
existing boundary representation scheme, the proposed SIC
system consumes less time for object recognition. This is
because the object recognition is performed using three set
of operations (segmentation, feature extraction, and classifi-
cation) prior to it. As a result, automatically the time taken
to retrieve the necessary object from the image consumes
less time. But in the existing method which uses boundary
representations that gives object recognition rate is higher.
The variance in the execution time is 5–7% less in the
proposed SIC system.

Table 4 shows parameters for calculating classification
accuracy by considering number of features. The classifica-
tion accuracy is determined based on the number of fea-
tures extracted from the given input image. The value of
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Table 4: Tabulation for classification accuracy.

No. of features
Classification accuracy (%)

Proposed SIC Existing boundary
representation

2 30 20
4 35 24
6 42 30
8 48 36
10 53 41
12 60 46

the proposed SIC system is compared with the existing object
recognition using boundary representation.

Figure 9 describes theclassification accuracy determined
based on the number of features extracted from the given
input image. Compared to the existing boundary represen-
tation scheme, the proposed SIC system provides higher rate
of classification accuracy. Since the proposed SIC system
used LSEG segmentation and wavelet transform for region
boundary segmentation image outcome, the classification is
performed in an easy manner using object classifier. The
accurate information is obtained by applying the wavelet
transform that categorizes the image data into sub-ands, low
and high frequency. It also extracts the set of features to alter
the obtained image data to the frequency domain by trans-
formation of color space called as wavelet resulting in higher
classification rate. The higher the classification accuracy, the
more accurate the shape of the object recognition would be.
The variance is 10-11% high in the proposed SIC system.

Finally, it is being observed that the proposed SIC
system recognizes the shape of the object in the image more
appropriately through SIC system and provides the accurate
information about the object.
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Figure 9: Measure of classification accuracy.

6. Conclusion

In this work, a substance based image classification is pre-
sented for image object recognition. To reduce the misclas-
sification over the given image data, the background regions
are removed from the given image database by adapting the
LSEG segmentation. To obtain themore accurate information
from the image object data, the wavelet transform is applied
to obtain the configured quality features. Based on the
feature set, the information about the image objects data
from the region boundary images is obtained. Besides, the
object classifier is implemented for classification of image to
obtain the exact shape of the object. Experimental evaluation
is conducted with the natural image dataset to check the
performance of the proposed SIC system. Evaluation results
revealed that the proposed SIC system achieved a higher
classification rate by removing the surrounding regions of the
image. Moreover, the feature extraction process provides the
highest classification rate which enhances the performance
of substance-based image classification system. At the same
time, the proposed SIC system revealed that the occurrence
of misclassification of image data is less and the acquiring of
the image object data is in the rate of 13% compared to the
existing work.
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This paper addresses a novel and efficient algorithm for solving optimization problem in image processing applications. Image
enhancement (IE) is one of the complex optimization problems in image processing. The main goal of this paper is to enhance
color images such that the eminence of the image is more suitable than the original image from the perceptual viewpoint of human.
Traditional methods require prior knowledge of the image to be enhanced, whereas the aim of the proposed biogeography based
optimization (BBO) enhanced with blended migration operator (BMO) algorithm is to maximize the objective function in order
to enhance the image contrast by maximizing the parameters like edge intensity, edge information, and entropy. Experimental
results are compared with the current state-of-the-art approaches and indicate the superiority of the proposed technique in terms
of subjective and objective evaluation.

1. Introduction

Image enhancement plays a vital role in a variety of fields
such as vision, medical image analysis, remote sensing, and
in our real life photographic images [1]. Since images can
worsen due to poor quality of the acquisition device, lack
of proficiency of the operation, and the climatic conditions
at the time of acquisition. Such image may not expose
all the fine points in the captured scene and may have a
dull and aberrant look. Hence, it has become a necessity
to develop algorithms for image enhancement. The image
enhancement (IE) approach improves the quality of the
image by extracting critical details of the images to improve
the interpretability or perception of the image for human
viewers. IE accentuates or sharpens image features such as
edge boundaries or contrast to make a graphic display more
beneficial to further image applications such as enhancing
edges and image segmentation and to enforce the capability of
machine recognition systems to interpret useful information
in the image [2]. It has become a necessity to develop tools

and algorithms for color image enhancement with the rapid
increase in the usage of color images.

Histogram transformation is considered one of the fun-
damental processes for image enhancement of gray level
images [3], which facilitates subsequent higher level opera-
tions such as detection and identification. Histogram equal-
ization [4] and contrast manipulations [5] are well-known
methods for enhancing the contrast of a given image butmost
of them tend to be heuristic based on deep expert knowledge
for image processing. Hence these techniques require a large
amount of analysis and computation because of complicated
formulations. Histogram modification framework reveals
maximum information contained in the image indirectly
modifies the image histogram [6]. weighted threshold HE
(WTHE), [7–11] suggests modifying the image histogram
by weighting and threshold before histogram equalization.
These methods modify the image histogram indirectly and
reveal the maximum information contained in the image.

Optimization plays an imperative role in computer sci-
ence, artificial intelligence, operational research, and other
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related fields [12, 13]. It is the process of trying to find the
best possible solution to an optimization problem within a
reasonable time limit. Several evolutionary algorithms (EA)
such as genetic algorithm (GA), particle swarm optimization
(PSO), and differential evolution (DE) have been introduced
in recent years in the field of image processing because of their
fast computing ability. Severalmeta heuristicsmethodmainly
EA, PSO,GA, DE etc., have been applied for image processing
applications [12–15] including image enhancement problem.
GA finds weights and combines four types of nonlinear
transform elements [16]. In [17] a real coded GA to adapt
the gray level intensity transformation in the image with an
evaluation criterion [18] combines different transformation
functions with different parameters to produce enhanced
image. Genetic algorithm (GA) [19–21] is used to minimize
entropy value in order to enhance the image and to preserve
the information. DE is applied to solve image enhancement
for gray scale images [22]. PSO based image enhancement
[23–27] is introduced; [28] cuckoo search algorithm [18, 29],
a fuzzy logic approach to image enhancement, takes less time
to converge to a better optimal. It gives poor contrast without
proper tuning of parameters.

Generalizing gray scale image enhancement to color
image enhancement is not a trivial task. Several factors
must be considered for color image enhancement such as
selection of a colormodel, characteristics of the human visual
system, and color contrast sensitivity. Multiscale approach
to contrast enhancement [2] uses a nonlinear scale-space
representation of image generated by anisotropic diffusion.
Anothermultiscale contrast enhancement technique through
nonlinear pyramid recombination is introduced in [30, 31].
Color images can also be enhanced by separating the image
into chromaticity and intensity components [11]. In [32] color
enhancement based on saturation is proposed. A method
for color equalization with its application to color images
is proposed in [33]. A space-variant luminance map based
color image enhancement is proposed in [34]. A scheme
for color image enhancement employing genetic algorithm
is proposed in [17]. A hue preserving and gamut problem
free color image enhancement is proposed in [35] considering
RGB and CMY color spaces. In [36, 37] color image enhance-
ment using Artificial Bee Colony is proposed.

In this paper the color image enhancement is approached
as a constrained optimization problem. In comparison to
other optimization algorithms the solutions do not die at
the end of each generation [38]. At the same time BBO-
BMO does not take unnecessary computational time. Our
objective is to maximize the objective function in order to
enhance the contrast by maximizing the number of pixels in
the edges, increase the overall edges intensity, and increase
the entropy measure. The color contrast of the image is
preserved by adjusting the background illumination and
prevents the degradation of the image pixels. The resulted
color enhanced images by BBO-BMO are found to be better
compared with other image enhancement techniques. Both
objective and subjective evaluations on the resulted image
show the goodness of BBO-BMO.

The rest of the paper is organized as follows. Section 2
presents the fundamentals of image enhancement. In

Section 3 the concepts BBO and BMO are described.
Implementation of the proposed biogeography based
optimization and blended migration operation (BBO-BMO)
for image enhancement algorithm is described in Section 4.
Experimental results are presented in Section 5 to describe
the advantage of color image enhancement using our
algorithm. Finally conclusions are addressed in Section 6.

2. Image Enhancement

Image enhancement improves the visual appearance of an
image by increasing its contrast and sharpening the features.
Image enhancement technique requires a transformation
functionwhich takes the intensity value of each pixel from the
input image and generates a new intensity value to produce
the enhanced image. The quality of the enhanced image is
evaluated by the evaluation function.

2.1. Enhancement Function. Image enhancement done on
spatial domain generates a new intensity value for each pixel
of the original image to generate the enhanced image. The
enhancement process can be denoted by

𝑔 (𝑖, 𝑗) = 𝑇 (𝑓 (𝑖, 𝑗)) , (1)

where 𝑓(𝑖, 𝑗) is the gray value of the input image 𝐼(𝑖, 𝑗)

and 𝑔(𝑖, 𝑗) is the enhanced image; 𝑇 is the transformation
function. The transformation 𝑇 is defined as

𝑔 (𝑖, 𝑗) = 𝐾 (𝑖, 𝑗) [𝑓 (𝑖, 𝑗) − 𝑐 × 𝑚 (𝑖, 𝑗)]

+ 𝑚(𝑖, 𝑗)
𝑎

,

(2)

where 𝑎 and 𝑐 are two parameters whose value is to be
optimized, 𝑚(𝑖, 𝑗) is the local mean of the (𝑖, 𝑗)th pixel of
the input image over an 𝑛 × 𝑛 window, and 𝐾(𝑖, 𝑗) is the
enhancement function which takes both global and local
information.

The local mean is given as

𝑚(𝑖, 𝑗) =
1

𝑛 × 𝑛

𝑛−1

∑

𝑥=0

𝑛−1

∑

𝑦=0

𝑓 (𝑥, 𝑦) . (3)

The enhancement function𝐾(𝑖, 𝑗) is defined as

𝐾(𝑖, 𝑗) =
𝑘 ⋅ 𝐷

𝜎 (𝑖, 𝑗) + 𝑏
, (4)

where 𝑘 and 𝑏 are the two parameters to be optimized, 𝜎(𝑖, 𝑗)
is the local standard deviation of input image, and 𝐷 is the
global mean.

The global mean is defined as

𝐷 =
1

𝑀 ×𝑁

𝑀−1

∑

𝑥=0

𝑁−1

∑

𝑦=0

𝑓 (𝑥, 𝑦) , (5)

where𝑀 and𝑁 are the number of pixels in the horizontal and
vertical direction of the image. The local standard deviation
𝜎(𝑖, 𝑗) is defined as

𝜎 (𝑖, 𝑗) = √
1

𝑛 × 𝑛

𝑛

∑

𝑥=0

𝑛

∑

𝑦=0

(𝑓 (𝑥, 𝑦) − 𝑚 (𝑖, 𝑗))
2

. (6)
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The transformation function is defined as

𝑔 (𝑖, 𝑗) = [
𝑘 ⋅ 𝐷

𝜎 (𝑖, 𝑗) + 𝑏
[𝑓 (𝑖, 𝑗) − 𝑐 × 𝑚 (𝑖, 𝑗)] + 𝑚(𝑖, 𝑗)

𝑎

] .

(7)

By this transformation equation the contrast of the
image is enhanced considering local mean to be the center
of enhancement. The term 𝑚(𝑖, 𝑗)

𝑎 has brightening and
smoothing effect and thus smoothes the enhanced image
and the four parameters introduced in the transformation
function; that is, 𝑎, 𝑏, 𝑐 and 𝑘 are the parameters of the
enhancement function and the small variation in their value
produces a large variation in the processed image and thus
the value of these parameters should be precisely set. The
approximate range of these parameters is defined [39] as
𝑎[0, 1.5], 𝑏[0, (𝐷/2)], 𝑐[0, 1], and𝐾[0.5, 1.5].

2.2. Enhancement Evaluation Criterion. To evaluate the qual-
ity of an enhanced image without human intervention needs
an objective function.Many objective functions are presented
in the literature [40–42]. The objective function is obtained
combining the performance measures entropy value, sum of
the edge intensities, and edge pixels and is defined as

𝐹 (𝑍) =
log (log (𝐸 (𝐼 (𝑍)))) ⋅ 𝑛𝑒 ((𝐼 (𝑍))) ⋅ 𝐻 (𝐼 (𝑍))

𝑀 × 𝑁
, (8)

where 𝐹(𝑍) is the fitness function applied to species 𝑍. 𝐼(𝑍)
denotes original image 𝐼 with a transformation 𝑇 applied
according to (7) where the respective parameters 𝑎, 𝑏, 𝑐, and
𝑘 are given by the species 𝑍 = (𝑎, 𝑏, 𝑐, 𝑘).

𝐸(𝐼
𝑠
(𝑍)) is the intensity of the edges detected with edge

detector, where the detector is applied to the transformed
image 𝐼(𝑍). 𝑛𝑒 is the number of edge pixels detected with the
edge detector.

𝐻(𝐼(𝑍)) is the entropy of the image 𝐼(𝑍) [26]:

𝐻(𝐼 (𝑍)) = −

255

∑

𝑖=0

𝑒
𝑖
, (9)

where 𝑒
𝑖
= ℎ
𝑖
log
2
(ℎ
𝑖
) if ℎ
𝑖
̸= 0; otherwise 𝑒

𝑖
= 0 and ℎ

𝑖
is the

probability of occurrence of 𝑖th intensity value of enhanced
image.

3. Theory of BBO-BMO: An Overview

3.1. Biogeography Based Optimization. Biogeography based
optimization is a new population based optimization algo-
rithm proposed by Simon [38] in 2008. BBO is based on the
study of the distribution of species and is characterized by
two probabilistic operators, that is, migration and mutation.
The species are distributed in habitats that are geographically
isolated from other habitats. The suitability of residing in
a habitat is determined by a dependent variable known as
habitat suitability index (HSI).The variables that characterize
habitability are called suitability index variables (SIVs). Habi-
tats with highHSI have large number of species while habitats
with low HSI have small number of species. Migration refers

to the movement of species from one habitat to another
habitat.This movement of species is always from habitat with
high HSI to habitat with low HSI.

Sometimes due to sudden changes in natural calamities
or other events the HSI of a habitat might get changed. This
event of sudden change in HSI of a habitat is represented
as mutation of SIV in BBO. Mutation in each habitat is
controlled by its species count probability.

3.2. BlendedMigration Operator. Migration refers to the flow
of species between any two habitats. Habitats with high HSI
have low immigration rate and high emigration rate, while
habitats with low HSI have low immigration rate and high
emigration rate. Thus high HSI habitats are more static in
species distribution while low HSI habitats are dynamic. The
concept of migration is expressed as

𝐻
𝑖
(SIV) ← 𝐻

𝑗
(SIV) . (10)

Equation (10) shows that the species from habitat 𝐻
𝑗

is emigrating to the habitat 𝐻
𝑖
. The probability that 𝐻

𝑗
is

selected as the emigrating habitat is proportional to the emi-
gration rate 𝜇

𝑗
and the probability𝐻

𝑖
selected as immigrating

habitat is proportional to its immigration rate 𝜆
𝑖
. A good

solution has high𝜇 and low𝜆 and vice versa for poor solution.
The immigration and emigration rate of a habitat is calculated
as below:

𝜆
𝑖
= 𝐼(1 −

𝑘 (𝑖)

𝑛
) , (11)

𝜇
𝑖
= 𝐸
∗

(
𝑘 (𝑖)

𝑛
) , (12)

where 𝐼 and 𝐸 are maximum immigration and emigration
rates, respectively. 𝑘(𝑖) is the fitness rank of the 𝑖th individual
and 𝑛 is the number of candidate solutions in a population.

In this work, a newmigration operator is presented called
as blended migration operator (BMO) [43]. The concept of
blended migration is borrowed from the blended crossover
in GA. Unlike the standard BBO, in blended migration a
solution feature of𝐻

𝑖
is not simply replaced by a new solution

feature from 𝐻
𝑗
. Instead, a new solution feature of 𝐻

𝑖
is

comprised of two migrated components: first, the solution
feature from a habitat 𝐻

𝑗
and, second, the solution feature

from itself. The blended migration is expressed as

𝐻
𝑖
(SIV) ← 𝛼𝐻

𝑖
(SIV) + (1 − 𝛼)𝐻

𝑗
(SIV) , (13)

Equation (13) shows that the new solution feature of𝐻
𝑖
comes

from a combination of its own SIV and emigrating habitat
𝐻
𝑗
. Blendedmigration ismore advantageous than the normal

migration. Due to blended migration good solutions are less
likely to be degraded and poor solutions can still accept a lot
of new features from the good solutions.

3.2.1. Mutation. Random events such as disease and natural
catastrophes, cause the species count of a habitat to differ
from its equilibrium value. Mutation in BBO refers to the
randommodification of a habitat’s SIV based on its mutation
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(a) (b) (c)

(d) (e)

Figure 1: Color conversion obtained of the natural images: (a) original image, (b) CIEL∗𝑎∗𝑏∗color model, (c) lightness image, (d) 𝑎∗ color-
opponent dimensions image, and (e) 𝑏∗ color-opponent dimensions image.

probability. For standard BBO, the mutation probability is
inversely proportional to the solution probability and it is
expressed as

𝑚
𝑖
= 𝑚max (1 −

𝑃
𝑖

𝑃max
) , (14)

where 𝑚max is the maximum mutation probability and 𝑃
𝑖

is the species count probability. The probability of species
counts for each habitat is governed by a differential equation
given as

�̇�
𝑠

=

{{

{{

{

− (𝜆
𝑠
+ 𝜇
𝑠
) 𝑃
𝑠
+ 𝜇
𝑠+1
𝑃
𝑠+1
, 𝑆 = 0

− (𝜆
𝑠
+ 𝜇
𝑠
) 𝑃
𝑠
+ 𝜇
𝑠+1
𝑃
𝑠+1

+ 𝜆
𝑠−1
𝑃
𝑠−1
, 1 ≤ 𝑆 ≤ 𝑆max − 1

− (𝜆
𝑠
+ 𝜇
𝑠
) 𝑃
𝑠
+ 𝜆
𝑠−1
𝑃
𝑠−1
, 𝑆 = 𝑆max,

(15)
where 𝜆

𝑠
and 𝜇

𝑠
are immigration and emigration rates of a

habitat when there are S species. Mutation is carried on both
good solutions and poor solutions. It helps improve the low
HSI solution and provides high HSI solution improving even
more than they already have.

4. Implementation of BBO-BMO for
Image Enhancement

The Image enhancement using BBO-BMO algorithm can be
described with the following algorithm.

Step 1 (image preprocessing). (a) Color Conversion. Obtain
the color image and convert it into CIEL∗𝑎∗𝑏∗ color model.
Image enhancement of color images is typically done by
transforming an image to a color space that has image
intensity as one of its components. CIEL∗𝑎∗𝑏∗ color spaces
are used as a part of the color image pipeline in video and
digital photography systems.Manipulating luminosity affects
the intensity of the pixels while preserving the original colors.
Figure 1 illustrates the color conversionmodel obtained in the
natural image.

(b) Noise Separation.Noise reduction [44, 45] should attempt
to remove noise without sacrificing real detail from the
scene photographed. Color images find chroma noise more
objectionable than luminance noise; the colored blobs are
considered “digital looking” and unnatural, compared to the
grainy appearance of luminance noise that some compare
to film grain. Adaptive bilateral filter attempts to remove
noise without sacrificing real detail from the natural image;
one risks a greater loss of detail from luminance noise
reduction than chroma noise reduction because most scenes
have high frequency chroma detail. For these reasons, our
noise reduction filter splits the image detail into chroma and
luminance components and applies more noise reduction by
preserving the sharpness.

(c) Edge Detection. Apply edge detector to detect the edges
by combining the filter which increases the edge slope of the
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(a) (b)

Figure 2: Illustrations of edge detection of the natural images: (a) original image and (b) edge detection.

(a) (b) (c)

(d) (e) (f)

Figure 3: Illustrates texture and edge intensity of the Natural images: (a) Original image (b) texture image (c) edge detection (d) texture
gradient (e) gradient map (f) edge entropy.

given image for obtaining proper edge enhanced image [46].
Figure 2 illustrates the edge detection process.

Step 2 (initialization). Initialize the BBO parameter such as
number of habitats 𝑁 is the total number of image pixels,
habitat modification probability 𝑃mod , mutation probability
𝑃mut, maximummutation rate𝑚max, maximum immigration

rate 𝐼, maximum emigration rate 𝐸, lower limit for immigra-
tion probability per gene 𝜆lower, upper limit for immigration
probability per gene𝜆upper, step size for numerical integration
𝑑𝑡, elitism parameter 𝑝, and maximum number of iteration.
Also initialize the maximum and minimum pixel value of an
image, that is, number of SIV 𝑚. Since the real comparison
of pixel values is the decision variables for the problem, they
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 4: Typical results obtained from the compared algorithms of the natural image: (a) original image, (b) CIEL∗𝑎∗𝑏∗ color model, (c)
noisy and blurred image, (d) WTHE, (e) fuzzy, (f) GA, (g) PSO method, (h) DE method, and (i) proposed method.

are represented as SIV in a habitat. A population of habitat is
represented as

𝐻 = [𝐻
1

, 𝐻
2

, . . . .𝐻
𝑖

, . . . 𝐻
𝑁

] . (16)

Each habitat consists of 𝑚 number of SIVs. An individual
habitat𝐻

𝑖
with SIVs is represented as

𝐻
𝑖

= SIV𝑖𝑗 = [SIV𝑖1, SIV𝑖2, . . . , SIV𝑖𝑚]

= [𝑃
𝑖1

, 𝑃
𝑖2

, . . . , 𝑃
𝑖𝑚

] ,

(17)

where 𝑖 = 1, 2, . . . , 𝑁 and 𝑗 = 1, 2, 3, . . . , 𝑚. Each habitat is
one of the possible solutions for the problem. In a habitat𝐻𝑖

the component SIV𝑖𝑗 refers to the pixel value of the𝑚th pixel
of the 𝑖th habitat.

Step 3 (initialization of SIV). Each SIV in the matrix 𝐻 is
randomly initialized within the minimum and maximum
pixel value of the neighborhood pixels, respectively.

Step 4 (evaluation of fitness of the population). Calculate
the fitness of each habitat which is known as HSI in BBO.
The fitness is calculated using a function 𝑓 given in (8). If
the fitness of previous pixel value is greater than the current
pixel value after considering fitness evaluationwhich depends
upon global intensity value of image, it should be replaced.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5: Typical results obtained from the compared algorithms of the natural images: (a) original image, (b) CIEL∗𝑎∗𝑏∗ color model, (c)
noisy and blurred image, (d) WTHE, (e) fuzzy, (f) GA, (g) PSO method, (h) DE method, and (i) proposed method.

Habitat with maximum 𝑓 value is said to have high HSI and
vice versa.

Step 5 (identification of elite habitats). In BBO the best
habitats in each iteration are preserved from modifications
caused bymigration andmutation.Thus an elitism parameter
is used to provide a memory for the algorithm. Based on the
HSI values of each habitat, which refers to the edge intensity
variation of the image through iteration, a set of “𝑝” elite
habitats are preserved. Habitats with the best (i.e., maximum)
pixel value are chosen as elite habitats in each iteration.

Step 6 (blended migration). (6.1) Calculate the immigration
rate 𝜆

𝑖
and emigration rate 𝜇

𝑖
for each habitat using (11) and

(12).
(6.2) Calculate 𝜆 scale for each habitat using (16):

𝜆scale = 𝜆lower + (𝜆upper − 𝜆lower)

∗
(𝜆 (𝑘) − 𝜆min)
(𝜆max−𝜆min)

,

(18)



8 Mathematical Problems in Engineering

for 𝑘 = 1 :𝑁
for 𝑗 = 1 :𝑚

if rand < 𝜆scale
RanNum = rand∗ sum(𝜇);
Select = 𝜇(1);
SelectIndex = 1;
while (RanNum > Select) and (SelectIndex < 𝑁)

SelectIndex = SelectIndex + 1;
Select = Select + 𝜇(SelectIndex);

end
Habitatnew(𝑘, 𝑗) = Habitatold(SelectIndex, 𝑗)
else
Habitatnew(𝑘, 𝑗) = Habitatold(𝑘, 𝑗)
end

end
end

Algorithm 1

where 𝜆lower/𝜆upper are user defined parameters, 𝜆min is the
minimum value of the lambda, and 𝜆max is the maximum
value of the lambda.

(6.3) The migration operation for each nonelite habitat is
performed as shown in Algorithm 1.

Step 7 (mutation). (7.1) Update the species count probability
for each habitat using (15).

(7.2) Elitism is implemented by setting species count
probability to zero for 𝑝 elite habitats

(7.2) Mutation process for each nonelite habitat is carried
out as shown in Algorithm 2.

Step 8 (termination criterion). Check for the termination
criteria. If maximum generation is reached, stop execution;
otherwise go to Step 3.

5. Experimental Results and Discussions

5.1. Experimental Setup. The optimization problem con-
sidered in this paper is to solve the image enhancement
problem using BBO-BMO approach. Our goal is tomaximize
the objective function in order to enhance the contrast by
maximizing the number of pixels in the edges, increase the
overall edges intensity, and increase the entropymeasure [47].
Figure 3 shows the texture and edge intensity of the natural
images.The performance of IE using the proposed method is
validated by applying it to various natural images.The results
obtained were compared with WTHE [7], fuzzy algorithm
[18], GA [17], PSO [27], and DE [22].

5.2. Qualitative Assessment on Natural Images. Image
enhancement can be easily extended to color natural images.
The most obvious way to extend the grayscale IE to color
images is to apply the method to luminance components
only and to preserve the chrominance components. Few
examples of natural images were shown in Figures 4 and 5.

Figure 4(b) is the CIEL∗𝑎∗𝑏∗ image and Figure 4(c)
is the noisy image. This image has poor contrast quality.
Figure 4(d) is the WTHE image; this image has nonuniform
illumination. This becomes more apparent as it stretches the
histogram to increase the contrast by darkening the pixels
in the lower range and brightening the pixel in the higher
range. Figure 4(e) is the fuzzy image; this image preserves the
brightness and keeps the details by increasing the contrast. It
has an unnatural look in Figure 4(f) GA performs better than
Fuzzy it does not remove this effect completely. In Figures
4(g) and 4(h) PSO image and DE image performs better than
GA but it does not preserve the edge.The proposed algorithm
on the other hand does not darken the images as much as
WTHE, and it preserves the bright regions, enhances the
edge intensity and entropy, and as a result produces a better
contrast enhance result by preserving the edges.

In Figure 5(d) WTHE results in loss of details. Figures
5(e) and 5(f) fuzzy and GA result a better thanWTHE. It still
has an unnatural look. In Figures 5(g) and 5(h) PSO and DE
show results better than GA; however, the result in images
is not as pleasing as the one obtained with the proposed
method. Some portions are still brighter and edge intensity
is not enhanced. The proposed method in Figure 5(i) gives a
more natural looking image by preserving the brightness and
enhancing the edge intensity.

5.3. Quantitative Assessment. Quality assessment of image
enhancement is not an easy task; it is desirable to have an
objective assessment approach to compare image enhance-
ment techniques.There are somemetrics that approximate an
average contrast in the image based on entropy or other mea-
sures. If these metrics are used, BBO-BMO can achieve the
best performance even though itmay not produce the visually
pleasing image and possibly may produce an unrealistic look.
Hence, we will use the following quantitative measures: peak
signal noise ratio (PSNR), the discrete entropy (𝐻), and the
fitness criteria [48–50].

The performance of image enhancement technique can
be measured by comparing PSNR value. The PSNR value
for enhancing the image using the proposed algorithm is
comparedwith other traditional techniques and observations
are shown in Table 1 which shows the PSNR values compared
with traditional IE techniques and the proposed method.
Table 2 shows the PSNR values compared with traditional IE
techniques and the proposed method for different iterations.

The discrete entropy is used to measure the content of an
image, where a higher value indicates an image with richer
details. The entropy approximates an average contrast in the
image by dividing image into nonoverlapping blocks, finding
ameasure based onminimumandmaximum intensity values
in each block and averaging them. It is computed pixel-
by-pixel by adding up the squared differences of all the
pixels and dividing by the total pixel count. Table 3 shows
the comparison of entropy values with the traditional IE
techniques.

The performance can be measured by comparing the
fitness value of some optimization algorithms with that of the
proposed algorithm. Table 4 shows the fitness comparison of
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for 𝑖 = 1 : N
for 𝑗 = 1 :𝑚

Select a SIV𝐻𝑖𝑗 with a probability proportional to species count.
if𝐻𝑖(𝑗) is selected

Replace𝐻𝑖(𝑗) with a randomly generated SIV within its feasible region
end

end
end

Algorithm 2

Table 1: PSNR values compared with traditional IE techniques.

Images Fuzzy GA PSO BBO-BMO
Image 1 44.496 45.745 47.506 50.516
Image 2 44.636 45.605 46.854 48.615
Image 3 45.032 46.001 47.25 49.011
Image 4 46.001 47.25 49.011 50.22

Table 2: PSNR values compared with traditional IE techniques for
different iterations.

Iterations Fuzzy PSO GA BBO-BMO
5 44.96 45.45 47.806 50.316
50 44.36 45.05 46.654 48.215
100 45.532 46.301 47.425 49.611
200 44.496 45.745 47.506 49.516
300 44.636 45.605 46.854 48.615
400 45.032 46.001 47.25 49.011
500 46.001 47.25 49.011 50.22

Table 3: Discrete entropy 𝐻 compared with traditional IE tech-
niques.

Image WTHE Fuzzy GA DE PSO BBO-BMO
Image 1 7.315 7.215 7.352 7.52 7.492 6.629
Image 2 7.808 7.774 7.798 7.478 7.497 7.774
Image 3 7.565 7.678 7.565 7.555 7.549 7.603
Image 4 7.438 7.558 7.543 7.552 7.604 6.881

Table 4: Fitness values 𝐹(𝑍) for the optimization algorithms.

Image Fuzzy GA DE PSO BBO-BMO
Image 1 253.699 258.627 259.119 260.209 265.711
Image 2 257.223 263.436 265.938 269.198 275.413
Image 3 277.975 283.412 285.236 286.546 290.254
Image 4 261.333 271.864 272.155 274.345 281.567

the proposed algorithm based IE technique with the Fuzzy,
GA, DE and PSO.

The parameters of these algorithms are set as described
in their own paper. Since the compared algorithms except
WTHE are stochastic and population based methods, 30
independent runs weremade for each of themethods to show

the efficiency of these algorithms.We implemented the BBO-
BMO algorithm in Matlab with a 1.73GHz Intel Pentium
Dual-Core processor with 2GB of random access memory.

6. Conclusion

In this paper a new BBO-BMO based color image enhance-
ment technique is proposed.This algorithm is employed with
few natural images and the results obtained are compared
with other population based methods. By maximizing the
fitness criterion and adopting the parameters the algorithm
enhances the contrast and detail of the image. The proposed
method is applicable to awide variety of natural images. From
many decades, image enhancement is implemented using
techniques like PSO and GA. BBO-BMO is uniquely a bio-
geography technique used for implementing image enhance-
ment which provides more accurate enhanced images as
compared to other evolutionary algorithms. BBO-BMO is
a population based optimization algorithm and it does not
involve reproduction or the generation of “children.” The
simulation results show the effectiveness of the algorithm
in terms of quality assessment and computation efficiency
with the other IE algorithms.The obtained results are visually
pleasing, artifact free, and natural looking. Comparative
experimental results on real-world natural images have
demonstrated the efficiency and effectiveness of our proposed
method.
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