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$is special issue gives the opportunity to know recent
advances in the application of intelligent techniques
to data-based optimization problems in scientific
programming.

Artificial intelligence is today supported for different
powerful data science and optimization techniques. For
instance, data science commonly relies on AI algorithms to
efficiently solve classification, regression, and clustering
problems. $is fact is particularly interesting nowadays,
when big data area gathers strength supplying huge amounts
of data from many heterogeneous sources. On the other
hand, complex optimization problems that cannot be
tackled via traditional mathematical programming tech-
niques are commonly solved with AI-based optimization
approaches such as the metaheuristics. $ese approaches
provide optimal solutions avoiding consumption of many
computational resources.

Data science and AI-based optimization have also largely
been used to solve problems related to scientific pro-
gramming. Various examples are reported by the literature
on task assignment in distributed/parallel systems, knowl-
edge discovery, large-scale data mining, high-performance
computing, big data, distributed/parallel search, text
analysis/process/classification, and optimization for
manufacturing, scheduling, and civil and financial engi-
neering, among others. In this sense, this area provides a
wide set of research lines and applications that deserves to be
explored.

$is special issue presents nine original, high-quality
articles, clearly focused on theoretical and practical aspects
of the interaction between artificial intelligence and data
science in scientific programming, including cutting-edge
topics about optimization, machine learning, recommender
systems, metaheuristics, classification, recognition, and real-
world application cases.

$e first article in this special issue is entitled “Opti-
mizing the Borrowing Limit and Interest Rate in P2P Sys-
tem: From Borrowers’ Perspective” by Z. Li et al. $is article
shows a good example of how artificial intelligence algo-
rithms can optimize some parameters involved in problems
characterized by data flows. $e work elaborates on the
advantages of using a three-layer BP neural network algo-
rithm to predict the borrowing limit and interest rate when
individuals take advantage of P2P online service to borrow
money. $is approach provides a novel focus from bor-
rowers to predict and optimize the borrowing limit and
interest rate given the limited information. In addition, both
parameters are optimized by means of an algorithmic
proposal where the neural network and a genetic algorithm
work together to solve both single-target and double-target
programming optimization problems. $e proposal is tested
on real-world data to check its goodness as a high-accuracy
prediction method.

$e second article is entitled “Leveraging Image Visual
Features in Content-Based Recommender System” by
F. Deng et al. In the line of this special issue, data sources and
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intelligent algorithms for collaborative filtering are present
in this work, where the authors tackle the problem of ex-
ploring the latent information in large databases from which
recommender systems provide predictions or recommen-
dations according to the users’ preferences. $e knowledge
area of this work is very interesting nowadays since many
online systems store useful information with regard to the
users’ behaviour when requesting items. $ese systems are
not only e-commerce related platforms but also movies or
academic databases, for example. Although recommender
systems consider mainly user-item rating data, this work
combines item hybrid features based on image visual fea-
tures to propose a novel recommendation model, which can
be applied for rating-based recommender scenarios too.$is
model is particularly useful in sparse data scenarios, where it
has achieved better results than other conventional
approaches.

$e third article is entitled “An Artificial Bee Colony
Algorithm with Random Location Updating” by L. Sun et al.
$e artificial bee colony algorithm (ABC) is a relatively
modernmetaheuristic inspired in the smart process of honey
collection done by bees. Such an optimization technique has
largely and successfully been used for solving complex
optimization problems in several application domains. In
this paper, the authors propose to modify the core of the
ABC algorithm in order to strengthen the exploration phase
and as a consequence to improve convergence speed as well
as the quality of solutions. To this end, the original per-
turbation function is modified integrating a random location
updating, which can expand the search range of new so-
lutions and further improve the exploration ability of the
algorithm. In addition, the chaos is employed to improve the
quality of solutions, while the tournament selection strategy
is adopted to maintain the population diversity in the
evolutionary process. Different experiments are performed
on the classic sphere, Rosenbrock, Rastrigin, Ackley, and
Griewank functions for validating the proposed approach.

$e fourth article is entitled “Cylindricity Error Evalu-
ation Based on an Improved Harmony Search Algorithm” by
Y. Yang et al. In this article, an improved version of the
harmony search metaheuristic is employed for solving an
interesting problem from the manufacturing domain called
cylindricity error evaluation. $e cylindricity error is one of
the basic form errors in mechanical parts, which greatly
influences assembly accuracy and service life of relevant
parts. $e authors propose to solve this problem by en-
hancing the original harmony search algorithm. On the one
hand, as in the previous approach, the chaos is introduced to
improve the quality of initial solutions. On the other hand,
autonomous search features are integrated with the algo-
rithm by making adaptive the par and bw parameters. $is
allows to properly balancing the global and local search
capabilities of the algorithm. Interesting results are illus-
trated on classic benchmark optimization functions in-
volving nonparametric statistical hypothesis tests.

$e fifth article is entitled “Knowledge Graph Repre-
sentation via Similarity-Based Embedding” by Z. Tan et al. In
this work, the authors propose an interesting similarity-
based knowledge embedding model, called SimE-ER. $e

knowledge graph can be seen as a typical multirelational
structure, while the knowledge graph embedding is a rep-
resentation method that allows one to construct low-
dimensional and continuous space to describe latent se-
mantic information and also to predict the missing facts. In
this paper, a new approach is proposed to calculate the entity
and relation similarities between independent and associ-
ated spaces. Here, each entity (relation) is described as two
parts. $e entity (relation) features in independent space are
represented by the features entity (relation) intrinsically
owns, and in associated spaces, the entity (relation) features
are expressed by the entity (relation) features they connect.
Different experiments illustrate that the proposed approach
is able to outperform existing competitors in terms of time
and memory-space complexity.

$e sixth article is entitled “A Novel Multimean Particle
Swarm Optimization Algorithm for Nonlinear Continuous
Optimization: Application to Feed-Forward Neural Net-
work Training” by M. Hacibeyoglu and M. H. Ibrahim.
Artificial neural networks are a crucial technique from the
artificial intelligence sphere; they have largely participated in
solving several classification, prediction, optimization, and
identification problems. However, the correct operation of
neural networks certainly depends on proper training, which
is commonly conducted via the well-known back-
propagation algorithm. $is algorithm determines the
weights of the network by computing explicit gradients of
error such as sum square error. However, using this ap-
proach generally implies to have slow convergence and
falling into local minima. To tackle this concern, meta-
heuristics are often employed. In this paper, a modified
particle swarm optimization (PSO) is proposed to multilayer
feed-forward artificial neural networks training. $e main
modification of the classic PSO is that the employed algo-
rithm has multiple swarms instead of a single one such as in
the classic PSO.$is allows one to reduce the particles going
out of search space and to reinforce the local search of each
particle. Interesting experimental results demonstrate that
the proposed approach improves the classification accuracy
of multilayer feed-forward artificial neural networks.

$e seventh article is entitled “Application of the
Polyhedral Conic Functions Method in the Text Classifi-
cation and Comparative Analysis” by N. Uylaş Satı and B.
Ordin. $is work is within the text categorization field,
whose goal is to classify documents into predefined classes.
$is field of knowledge is especially interesting today be-
cause of the heavy increase in online data during the last
years. In the recent literature, many traditional supervised
algorithms were proposed to solve the problem, such as
logistic regression, support vector machines, and naı̈ve
Bayes. On this basis, besides traditional supervised tech-
niques, the authors explore the polyhedral conic function
(PFC) methods as supervised classification functions. Spe-
cifically, the authors propose to solve binary and multiclass
text classification problems by applying PCFs. $e perfor-
mance of the proposal is analyzed by solving real-world
datasets from the literature while analyzing accuracy,
f-measure, and execution time. As a conclusion, the authors
assert that classification algorithms based on PFCs provide
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promising results in comparison with traditional supervised
algorithms.

$e eighth article in this special issue is entitled “Railway
Subgrade Defect Automatic Recognition Method Based on
Improved Faster R-CNN” by X. Xu et al.$is paper is within
the railway subgrade detection field, which is a serious threat
to train safety. Defect recognition is a challenging task
because of the variety in defect shape and size and the
amount of data provided by measurement systems, such the
vehicle-mounted ground penetrating radar (GPR), which is
the most relevant technology today. Most works on this line
focus on traditional machine-learning techniques, where
feature representation fails for subgrade defects because of
such a variety. Moreover, although deep-learning methods
were introduced in the railway field, they were not applied to
subgrade defects recognition. On this basis, the authors
propose a deep-learning approach to recognize defects from
the GPR profile. To this end, they propose a method for
applying faster R-CNN to automatic recognition of railway
subgrade defects. $e experiments done in a real-world
setting show that the proposal provides better perfor-
mance than a traditional approach using support vector
machine and histogram of oriented gradients.

$e ninth and final article in this special issue is entitled
“High Frequency Trading: An Application to Emerging
Chilean Stock Market” by B. Crawford et al. $is paper seeks
to design, implement, and test a fully automatic high-
frequency trading system that operates in a small market
with highly concentrated ownership, as is the Chilean stock
market. A system that implements high-frequency trading is
presented through advanced computer tools and modelled
as an NP-Complete problem. $e research performs indi-
vidual tests of the algorithms implemented, reviewing the
theoretical net return (profitability) that can be applied on
the last day, month, and semester of real market data. $e
use of particle swarm optimization as an optimization al-
gorithm is shown to be an effective solution since it is able to
optimize a set of disparate variables but is bounded to a
specific domain, resulting in substantial improvement in the
final solution.
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2Pontificia Universidad Católica de Valparaı́so Chile, Avenida Brasil 2830, Valparaı́so 2340031, Chile
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.is research seeks to design, implement, and test a fully automatic high-frequency trading system that operates on the Chilean
stock market, so that it is able to generate positive net returns over time. A system that implements high-frequency trading (HFT)
is presented through advanced computer tools as an NP-Complete type problem in which it is necessary to optimize the
profitability of stock purchase and sale operations. .e research performs individual tests of the algorithms implemented,
reviewing the theoretical net return (profitability) that can be applied on the last day, month, and semester of real market data.
Finally, the research determines which of the variants of the implemented system performs best, using the net returns as a basis for
comparison. .e use of particle swarm optimization as an optimization algorithm is shown to be an effective solution since it is
able to optimize a set of disparate variables but is bounded to a specific domain, resulting in substantial improvement in the
final solution.

1. Introduction

.is research seeks to design, implement, and test a fully
automatic trading system that operates on the national
Chilean stock market, so that it is capable of generating
positive net returns over time. In particular, it is desired to
create a system that implements high-frequency trading
(HFT). .us, the research corresponds to the application of
advanced computer tools to a problem of type NP-
Complete, where the aim is to optimize the profitability
of operations of purchase and sale of shares. In this way, the
objective is to create an implementation of an automatic
trading system that is capable of generating positive returns
for a set of real data of the national stock market, under
a completely automatic modality, where there is no in-
tervention of a human operator in the decision-making and
execution of operations. Section 2 describes automatic and

semiautomatic stock-trading systems and algorithmic
high-frequency trading context. Section 3 provides a review
of current trading algorithm techniques that can work
under the automatic mode of HFT, indicating which
computer techniques can be applied. Section 4 presents the
design of an automatic trading system, in HFT mode,
indicating the restrictions on the data and financial in-
struments included in the study. Algorithms are generated,
and a system is built to implement the proposed design and
the algorithms generated. Individual tests of the imple-
mented algorithms are carried out, reviewing the theo-
retical net return (profitability) that can be generated
applied on the last day, month, and semester of real market
data. Finally, in Section 5, it is determined which of the
variants of the implemented system behaves better, using
the net returns as a basis for comparison and applying other
criteria as deemed necessary.
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2. Background

Stock trading is an activity that has been conducted for
hundreds of years and is currently performed on stock
exchanges around the world. In these exchanges, a huge
variety of financial assets and debt instruments are traded
daily. Stock trading is a complex decision-making problem
that involves multiple variables and does not always have an
optimal solution, since the conditions vary over time and are
affected by internal and external factors.

In recent years, implementation of automatic and semi-
automatic stock-trading systems that can analyze market
conditions and make the necessary decisions to conduct re-
quired business transactions have begun. Since 2008, such
systems have reported significant and constant gains on
foreign stock exchanges such as the New York Stock Exchange
(NYSE) [1]. .ese systems can be traced back to Morgan
Stanley’s “Black Box” system, which was created in 1985 [2] for
the generation of buy/sell signals based on statistical arbitrage.

.e benefit of using automated systems for the stock
trading task lies in the fact that people tend to pay too much
attention to signals (price) and ignore the transition
probabilities that generate the signals. An automated system,
in contrast, can calculate the probabilities of price transition
and act accordingly [3], avoiding problems of late reaction or
overreaction to changes.

At present, the entry of automatic traders into the
Chilean market has been relatively low, and there is no
information available on such entry since those who employ
automatic trading mechanisms are unwilling to divulge the
details of their systems for fear of competition, as occurred in
the beginning with the “Black Box” system. .e domestic
market has been able to operate with automatic low- and
high-frequency traders since 2010, when the Santiago Stock
Exchange launched the Telepregon HTsystem, which allows
the trading of equities at a theoretical maximum rate of 3000
transactions per second [4, 5].

Trading is the exchange of ownership of a good, product,
or service from a person or entity under conditions in which
something is obtained in return from the buyer..us, trading
can be understood as the practice conducted by stockbrokers
or their clients whereby financial instruments are exchanged
in securities markets. .is trading is based on the principle of
supply and demand of the traded instruments, which causes
the prices of the instruments to vary and generates a profit (or
loss) that is determined by the difference between the original
purchase price and the final sale price.

High-frequency trading (HFT) is understood as a way of
operating in stock markets to which a number of special
conditions [1] apply:

(i) .ere is a rapid exchange of capital
(ii) A large number of transactions are performed
(iii) Generally, a low gain per transaction is obtained
(iv) Financial instrument positions are neither accu-

mulated from one trading day to another nor
avoided

(v) Trading is conducted through a computer system

.e definition of HFTitself does not indicate whether the
system performing it is automatic, semiautomatic or user-
operated.

In contrast, automatic trading varies from systems that
support the entry of buy/sell orders to the market, such as
systems capable of entering orders automatically without
the need for a human operator but that can maintain the
positions of financial instruments from one day to the
next.

.ere is no single formula for defining an HFT or an
automatic trading system [1, 6, 7]. For example, it is stated
that an algorithmic trading (AT) system corresponds to
“elements in decision-making and financial investments
being executed by an algorithm through computers and
electronic communication networks” [7]. Investment
strategies can be predefined or adaptive. .ese investment
strategies can be supported by knowledge of economics,
statistics, artificial intelligence, metaheuristics, etc.

Similarly, it is proposed a sequential process for de-
veloping an HFT system that is based on four steps: (i) data
analysis; (ii) trading model; (iii) decision-making; and (iv)
execution of business [7].

.us, there is no single formula for producing an HFT
system. However, it is worth noting that to achieve an ef-
fective HFT system, it is necessary to take into account
a series of processes common to any system, namely,
analysis, identification, collation, routing, and execution [8].

In any of the automated systems described above, the
components that present the greatest complexity are the
analysis of real-time opportunities and the search for
market inefficiencies. .e available literature mentions
methods of the following types: (i) Rule-based methods
such as statistical arbitration [2]. .ese methods apply
a series of rules that are based on the recent behavior of
a financial instrument and act based on the result of
applying those rules. (ii) Methods based on statistical and
mathematical models, such as volume-weighted average
price, time-weighted average price, and moving averages
[1, 7]. For these cases, a mathematical or statistical model
is used that requires a series of parameters that control its
behavior. .e selection of the configuration parameters is
performed by a manual operator who is in charge of
trading on the market. (iii) Methods combining statis-
tical and mathematical models with optimization tech-
niques based on metaheuristics [9]. .ese methods use
metaheuristics to automatically fine-tune the parameters
of known algorithms to obtain optimum values for
current market conditions. (iv) Methods based on ma-
chine learning, data mining, and processing of complex
events [1, 9, 10]. Because rapid assimilation of the large
amount of information flowing to and from any stock
market by a human operator is becoming an increasingly
difficult task; it is desirable to develop systems that are
able to detect hidden patterns in price variations and the
relationships between financial instruments or other
economic indicators and that can also incorporate
a component of interpretation of “feeling” or “sensing”
the market through natural language news processing
(e.g., SuperX Plus of Deutsche Bank [11]).
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3. Trading Algorithms

3.1. Statistical Methods Used in AT and HFT. Some of the
most popular trading algorithms based on statistical or
mathematical methods [7, 12] are as follows:

Volume-weighted average price (VWAP) is defined as
the ratio of the volume of transactions rated against the
volume of the instrument over the trading horizon. It is
common to evaluate the performance of traders by their
ability to execute buy/sell orders at prices that are better than
the VWAP price on the trading horizon. .e advantage of
using the VWAP lies in its computational simplicity, es-
pecially in markets for which obtaining a detailed level of
data is difficult or too expensive. .e VWAP for an in-
strument i on a day T is calculated as follows:

VWAPi �
tvitpit

tvit
, (t∈T), (1)

where vit is the volume of the instrument i traded at time t,
and pit is the market price of instrument i at time t. VWAP
can be used to minimize the costs of transactions andmarket
impacts. It can also be used as a benchmark to verify the
effectiveness of other algorithms and trading strategies.

A modification to the model called DVWAP (dynamic
VWAP) is proposed by [13]. .is modification allows in-
traday transactions (transactions realized during the same day
of execution) to be incorporated. .is allows the model to be
applied to a more realistic scenario of the market in which the
news that arrives affects the price of the instruments.

Time-weighted average price (TWAP) is the average
price of a financial instrument over a specific period of time
during which the order is executed at the TWAP price or
better. It is used to execute orders at a specific time to keep
the price close to what the market reflects at that time. .e
TWAP of an instrument i in a period T is calculated as
follows:

TWAPi �
1
T



T

t�1
pit, (t∈T), (2)

where pit is the market price of the instrument i at time t.
Like VWAP, TWAP can be used as a benchmark to verify
the effectiveness of other algorithms and models.

Other types of algorithms include variants of the linear
econometric models presented by [1]. .ese models attempt
to predict the behavior of random variables as a combination
of other random variables, both contemporaneous and
retrospective, with well-defined distributions. Such linear
models can be expressed as

yt � α + 
∞

i�0
βixt−i + 

∞

j�0
cjzt−j + . . . + εt, (3)

where yt  is the time series of a random variable on which
a forecast is to be made; xt  and zt  are significant factors
for predicting the value of yt ; α, β, and c are the factors to
be determined; and εt is the remaining error.

Moving averages (MA), a model for predicting future
movements in the price of a financial instrument, focuses on

how future data will react to changes in past data. To
generate the MA model (q) with q delays, we use

yt � c0 + at − θ1at−1 − . . .−θqat−q, (4)

where c0 is the intercept, θl is the coefficient belonging to
delay l, and al is the unexpected component of the return at
delay l. .ere are several ways to estimate MA; they include
the following:

Simple MA (SMA) is the weightless average of the
previous prices n. .is can be n of previous days or another
measure of time. It can also be calculated based on the SMA
of the previous period, simplifying its calculation at the
computational level.

SMAt �


n
i�0pi

t
,

SMAt � SMAt−1 −
pt−n

n
+

pt

n
,

(5)

Cumulative MA (CMA) is a moving average in which all
prices are considered until the current instant. Its formula is
similar to that of SMA but begins from the first recorded
market price for an instrument. It has no known application
in trading strategies.

Weighted MA (WMA) is an average that uses multi-
plication factors to give different weights at different prices
within the same MA window (convolution of data points
with a fixed weight function). In trading, decreasing weight
is assigned from n to 1 at each price in the evaluation
window, as follows:

WMAt �


n
i�0(n− i)pi


n
i�0n− i

,

WMAt �


n
i�0(n− i)pi

(n(n + 1)/2)
,

(6)

Like MA, WMA provides a smoothing function of the
prediction curve. In some cases, it is used together with
MA; it can also be used when the prices of previous days do
not greatly affect the value of the current price of an
instrument.

Exponential MA (EMA), also referred to as EWMA
(exponential weighted MA), is a version similar to WMA in
which the weight is an exponential rather than a linear
function..e weight assigned to each market price decreases
exponentially and never reaches zero..us, for a series y, the
EMA is calculated recursively as

y0 � βp0,

for t> 0, yt � αpt +(1− α)yt−1,
(7)

where α is the coefficient of decreasing weight (a constant
value between 0 and 1). A high coefficient value causes the
old prices to decrease more quickly. Alternatively, α can be
expressed in terms of n periods of time:

α �
2

n + 1
. (8)

Scientific Programming 3



3.2. Metaheuristic Models. Several known trading models
and algorithms have been described in the literature. Such
algorithms are generally applied manually by a human
operator to determine when to buy, sell, or maintain the
current position. Robert Pardo states that for a given
combination of strategies, it is possible to apply optimi-
zation to determine a set of parameters that generates
greater gains [9].

Such a postulate does not come without associated
problems. .e major known problem is that such opti-
mizations can cause overperformance of the algorithm
with respect to the data used. In the best-case scenario, the
resulting algorithm will not generate the expected gains,
and in the worst case, the algorithm will produce constant
losses. One way to understand the concept of over-
performance is to think of a statistical model that describes
random error or noise instead of describing relationships
between variables.

.e mechanism proposed by Pardo to obtain such op-
timization involves metaheuristics. In this respect, both AT
and HFT can be understood as complex optimization
problems. .is class of problems is referred to as class NP
(nondeterministic polynomial time). .e NP class is the
class of problems in which a solution can be verified by
a polynomial time algorithm but in which given the difficulty
of the problems, there is no algorithm that can generate
solutions in polynomial time. .is implies that the appli-
cation of conventional algorithms to this class of problems
results in execution times that increase exponentially as the
size of the problem increases.

Until 1971, there had been no demonstration of
a problem of this kind. .at year, Stephen Cook demon-
strated the first NP-Complete practical problem [14]. In
1972, Richard Karp expanded on Cook’s idea, demon-
strating a series of 21 NP-Complete class problems [15].

Because AT and HFT are both problems of trading fi-
nancial instruments in markets with varying conditions over
time, they can both be categorized as NP-class problems
[16]. Because both are based on the maximization of net
returns, according to Chang and Johnson [17], they can be
classified as NP-Complete, even in versions that perform
offline market simulations.

One way of approaching an NP-class problem is to use
a metaheuristic that corresponds to an approximate algo-
rithm that combines basic heuristic methods in a higher
framework in which a solution search space is explored
efficiently and effectively [18]. .us, through an objective
function that guides the search process, an efficient explo-
ration of possible solutions is made in search of one or more
near-optimal solutions.

A great variety of metaheuristic algorithms are avail-
able. Some of these algorithms have more affinity for
certain types of problems than others, such as problems
with binary, discrete, or continuous variables. Some al-
gorithms can be applied to only one variable type, or
adjustments must be made such as applying conversion
functions. In particular, an approach to one of the existing
algorithms called particle swarm optimization (PSO) will
be presented.

3.2.1. Particle Swarm Optimization. .e PSO algorithm was
introduced by Kennedy and Eberhart in 1995 [19] in an
attempt to describe the social behavior of flocks of birds or
schools of fish and to model their communication mecha-
nisms as a basis for solving optimization problems. Instead
of relying on the “survival of the fittest,” PSO is based on the
cooperation of individuals.

PSO is defined as a metaheuristic algorithm that opti-
mizes a problem by iteratively improving a population of
candidate solutions called particles by moving them through
the solution space using a formula based on each particle’s
position and velocity. .e movement of each particle is
influenced by its best-known local solution and is also
guided to the best-known global solution. With this, the
swarm is expected to move collectively toward the best
solution in the search space.

In the basic version of PSO, the velocity and position of
the particles are calculated as follows:

vk+1
i � c0v

k
i + c1r

k
1,i x

k,best
i − x

k
i  + c2r

k
2,i x

k,best
i,swarm − x

k
i ,

x
k+1
i � x

k
i + v

k+1
i ,

(9)

where xk
i is the position of the i-th particle at iteration k, vk

i is
the velocity of the i-th particle at iteration k, c0 is the inertia
factor (a value between 0 and 1), c1 is the local acceleration
factor (cognitive component of the individual), c2 is the
global acceleration factor (social component of the swarm),
rk
1,i and rk

2,i are random numbers with uniform distributions
between 0 and 1, xk,best

i is the best previous position of the
i-th particle, and xk,best

i,swarm is the best previous position of the
neighborhood of the i-th particle.

Various formulations exist for the selection of the pa-
rameters c0, c1, and c2. One of the options is to use the values
suggested in [20].

Other ways of determining the parameters include
functions that modify the parameters during the execu-
tion of the algorithm. An example of this is given by Fikret
in [21]; the example is based on the fact that the value of
the parameter of inertia, c0, influences the diversification
(exploration of the search space) and intensification
(exploitation of the search space). High values of the
parameter of inertia favor diversification, whereas low
values favor the intensification of local solutions. In this
way, an exponential function of the inertia parameter is
defined by

c0 � c0,end + c0,start − c0,end e
k∝ /kmax , (10)

where c0,start is the initial inertia, c0,end is the final inertia, k

represents the current iteration, kmax is the maximum
number of iterations to be performed, and α is a gradient
constant. Other variants of the c0 calculation include linear
descent of the inertia parameter or a stochastic function
associated with inertia.

For the specific problem of HFT and AT, the PSO al-
gorithm is applied to the optimization of the parameters of
a trading strategy based on the MA of two or more bands. In
this case, the temporal parameters of the MA involved in the
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strategy against an objective function are optimized, in-
cluding the following:

(i) Obtain the highest net return (earnings)
(ii) Obtain the most benefit per transaction
(iii) Obtain the highest percentage of winning trans-

actions or assure that the strategy has a higher
specific financial ratio

In this way, the objective function that is applied to the
PSO algorithm measures and classifies the quality of the
trading strategy that is applied in the AT or HFT system.
.us, the success of applying PSO to an HFT and AT
problem depends primarily on how the objective function is
proposed for the same trading model.

4. Methodology

.e main objective of the research is to create a system that
can conduct trading autonomously. .us, a preliminary
design of a system that can be applied during a full trading
day for a given stock market is defined. As an initial step, this
requires defining and delimiting the target market since
there are multiple stock exchanges in the world, each of-
fering a range of different markets and possessing specific
regulations and restrictions.

.e data used corresponds to the transactions carried
out during 2 years for one of the equity instruments listed in
the old IPSA index (now replaced by S&P/CLX IPSA). .is
corresponds to a highly liquid stock instrument in the na-
tional market. In particular, 2 sets of data were used. One is
public: the register of daily operations, which is reported to
the CMF (Commission of Financial Markets) and published
daily in the institutional site of the Santiago Stock Exchange.
.e other is a product of data that is marketed: market
replay, which contains the data of offers entered into the
system at the level of nanoseconds, anonymized by “Cor-
redor de Bolsa” (does not expose sensitive information of the
orders as the client to which it belongs, % amount visible,
internal operator, etc.).

Once the target market, data selected, and the in-
struments involved have been defined, a system can be
designed that is capable of operating on the defined market
and adapting the regulations and restrictions that govern it.
.e same definition of the target market and the instruments
will serve to determine what external data will be required
and how these data should be collected and treated by the
system.

Strategies, especially classic trading strategies based on
MA, should be validated in conjunction with parameter
optimization using PSO. Regardless of the strategy adopted,
the system that is designedmust support any type of strategy,
so it must be a generic and easily extensible system.

4.1. Selection of Markets and Financial Instruments. .e
system proposed in the present investigation will be exe-
cuted on the Chilean National Stock Market. .is corre-
sponds to the entire market of equity instruments in national

currency (National Shares). For this market, the system is
required have the following characteristics:

(i) It has a defined operating schedule. .e National
Stock Market operates from 09:30 to 17:00 in the
summer and from 09:30 to 16:00 in the winter.
During this time, it is possible to negotiate (enter
offers and modify or cancel them). .ere is a time
slot between 09:00 and 09:23 (plus an interval of
random time between 0 and 5 minutes) called the
PreOpen session during which it is possible to enter
or cancel offers before they are executed (with other
offers).

(ii) In the case of a brokerage firm, the costs are
known (stock exchange rights), and the existing
regulation is exhaustive, mainly in the guarantees
that each stock broker must maintain to continue
operating. In the case of a particular investor, the
costs vary according to each stock brokerage, but
they are also known (fixed costs and variable
commissions).

(iii) It is possible to identify the stocks that are the most
liquid when reviewing the composition of the IPSA
(Selective Stock Price Index).

(iv) It provides both electronic tradingmechanisms with
support for high-frequency and electronic com-
munication mechanisms for the entry of orders. For
the latter, mechanisms are provided for institutional
negotiators (brokers and financial institutions)
through DMA (Direct Market Access) mechanisms
on the FIX 4.4 protocol, such as retail market
mechanisms (for noninstitutional users) provided
by brokers, using routing command clients on FIX
4.4 with command polling.

.us, shares of the national equity market with high
presence and/or belonging to the IPSA indicators that are
not suspended will be used. .e purpose of this is not to
discard actions that do not meet this criterion for analysis
and storage purposes but simply to avoid using them during
normal execution of the AT/HFT system unless they change
their condition to high presence. .e data were obtained
from public and private sources provided by the Santiago
Stock Exchange to brokers, financial institutions, and pro-
fessional negotiators.

4.2. AT/HFT System Design. .e system is based on five
annex modules and a central module for model execution.
.e central module is responsible for maintaining one or
more trading models through a daily review of market
behavior.

.e basic form of operation of the execution model
module consists of a parallel copy of the trading model
chosen by each valid instrument in the target market. Each
copy accesses the annexed modules independently to re-
quest information and to access communication in-
terfaces, etc., but the annexed modules handle a single
copy (singleton).
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.e system allows parallel executions. .ere is one
thread per instrument with the possibility of trading; each
thread in the chosen model is adjusted to the needs and
characteristics of the instrument.

.e thread requests its configuration parameters (which
the human operator can change between executions) at the
start of its cycle. It then requests updated market in-
formation and uses this information to load the model. .e
Storage process evaluates whether it is necessary to update its
information; if the information is out of date, it looks for new
information both in the market and in other sources of data.
In either case, the process returns updated or recent market
information to the model executor. .e model executor
evaluates the model and verifies whether there is a favorable
condition for the purchase. If such a condition exists, the
thread requests a risk assessment from the Risk module. If
the Risk module determines that the market condition and
the risk parameters are correct, the Risk module authorizes
the transaction. .en, part of the capital available to make
the purchase is reserved, and this part of the capital is
requested by the module that handles capital and custody.
With the available capital, the parameters of the order are
calculated; the Communications module then sends the
purchase order to the market. When the order has been
entered into the market, the available capital is updated. .e
process is repeated cyclically throughout the trading hours.
At the end of each cycle, it is possible to apply a complete
revision of the model to adapt it to the new market con-
ditions. .e process for sales is similar, but it manipulates
the custody of the instruments rather than the available
capital.

4.3. Adaptive Model with PSO. An adaptive AT/HFTmodel
is proposed based on some known MA strategies. For this
case, we present a classic model of twoMA, one long and one
short, in conjunction with two bands of risk management by
stop-loss and stop-win. In this model, there are four pa-
rameters to optimize, as shown in Table 1.

Table 1 shows the variables involved in the model. .ese
variables are subject to the following restrictions:

x1 > 1,

x2 ≥ 1,

x1 > x2,

x1, x2 ∈ N,

x3, x4 ∈ R]0, 1[.

(11)

.e principle of a 2-MA strategy is to identify when there
is a crossover, that is, when the short MA curve intersects the
long MA curve.

.e curves can cross from below when the short MA
curve intersects the long MA curve from a lower to a higher
value or from above when the short MA curve intersects the
long MA curve from a higher to a lower value. When
a crossover of the first type (increasing) occurs, a favorable
condition for the purchase occurs, since the price tends to be

high. When the crossover is of the second type (decreasing),
a condition is generated that discards purchases and forces
custody to be liquidated through sales.

.e control bands are applied to the set of two MA to
generate stop-loss and stop-win mechanisms integrated in
the model. .ese bands fulfill the objective of optimizing the
model since the upper band prioritizes capital over gains
(thus making the capital available to the other concurrent
execution threads of the trading model), and the lower band
reduces the losses.

.e most important feature of the PSO model is the
objective function that is used..e objective function will be
performed in the first instance based on optimizing the net
return of the system. In this way, the objective function will
be

maximize : 
n

i�0
cvipvi 1− vi( − ccipci 1 + vi( −fi, (12)

where cvi is the quantity sold in the i-th period within the
simulation horizon, pvi is the sale price of the i-th period
for the only instrument traded in the simulation, cci is the
quantity purchased in the i-th period within the simulation
horizon, pci is the purchase price of the i-th period for the
only instrument traded in the simulation, vi are the var-
iable costs of the i-th period required for transacting, and
fi are the fixed costs of the i-th period required for
transacting.

.is objective function is the calculation of the net
returns for a time span of n equal and consecutive periods.
.ese periods can be configured according to the granularity
of the market data in possession.

In the case in which the two simulations obtain the same
value of the objective function, the system passes to the next
exclusion criterion, in which the benefit per operation is
maximized. .is can be interpreted as maximizing the profit
obtained between a purchase and its subsequent sale. .e
application of this criterion is in many cases difficult to
calculate since the simulation must replace orders that
participated in real order executions, which does not always
make the quantities tally. In this case, it may be difficult to
recreate the series of sales operations that correspond to
a previous purchase..us, when it is a tie, it is better to move
to the third criterion of discrimination, which corresponds
to computing and comparing Sharpe’s ratio or another valid
financial ratio.

.e Sharpe ratio is defined as follows [1, 9]:

S �
E[r]− rf

σ[r]
, (13)

Table 1: Variables for PSO adaptive model with 2-MA strategy
with mobile bands.

Variable Description Type
x1 Time for long MA Whole
x2 Time for short MA Whole
x3 Percent stop-loss band Real ]0, 1[
x4 Percent stop-win band Real ]0, 1[
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where

E[r] �


T
i�1ri

T
,
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2

T− 1



.

(14)

Finally, Sharpe’s ratio for AT/HFT processes is

SHFT �
E[r]

σ[r]
, (15)

where ri represents the net returns of the i-th period, rf is
the risk-free benchmark rate (a constant representing the
opportunity cost), and T is the number of periods.

Having calculated the Sharpe ratio, the objective func-
tion appears as

maximize : 
n

i�0
cvipvi 1− vi( − ccipci 1 + vi( −fi, SHFT.

(16)

With this objective function, the adaptive model can be
generated by applying a PSO algorithm that exploits the best
combination of the variables defined for the problem. .is
makes it possible to have a rapid and effective model that is
adapted to the changing market state. In the case of a tie in
the profitability of the solutions, the ratio chosen for the case
can be applied.

4.4. Implementation of the System. A modular system that
allows extensibility (PSO automatic trading method) was
built. .e PSO implementation modules and the automatic
trading engine have been separated. Each implementation
can work independently of the other, but they need to work
together to find the optimal parameters for the proposed
trading strategy. .e PSO module consists of the central
implementation of metaheuristics but does not include the
elements of a particular problem (Figure 1).

In this way, the module consists of an optimizer that
requires three interfaces for its operation (Figure 1). .e 3
interfaces are responsible for the following tasks:

SwarmConfigurator: Implementations of this interface
must deliver a swarm composed of particles that extend to the
abstract Particle class. .us, the swarm configurator must
create the initial particle configuration for a particular problem.

ParticleNeighborhood: .is interface consists of the
implementation of the neighborhood function, as discussed
in Section 3.2.1. It has the function of determining which is
the best particle xk,best

i,swarm within the neighbors of a given
particle so that the velocity and position calculations of the
particles of the swarm can be executed.

StopCriteriaEvaluator: .e optimizer requires that the
stop mechanism of the algorithm be indicated. Imple-
mentations of this interface must determine at the end of
each optimization cycle whether execution can continue. As
a basis for determining this, it is given a series of relevant
data such as the number of iterations performed and the
complete state of the swarm.

To adapt it to the particular problem that is to be op-
timized, the optimizer requires that the process be extended
to the abstract implementation of the particle. .e
SwarmConfigurator class is responsible for instantiating the
required implementation and for the implementation of the
annexed interfaces. .ese interfaces consist of the following:

Particle, the abstract class of a particle, contains the
particle’s position and velocity function as interfaces. It
stores the best local solution found for velocity calculation
purposes. .e subclasses that extend it must implement
a method that generates the value of the objective function
together with the implementation of a method that can be
compared against another particle by the value of its ob-
jective function to determine which has a better value. For
practical purposes, the criterion is used that one particle is
better than another if it has a higher value for the objective
function.

Position is the interface representing the position of
a particle that corresponds to one of the solutions to the
problem. .e classes that implement it must be able to
calculate the distance to another position to create different
neighborhood topologies. .ey must also accept an
implementation of the Velocity interface and apply it to their
current values, generating a new position.

Velocity is the interface that represents the velocity
function of a particle. .e implementations store the motion
components calculated by their own velocity functions.
.ese motion components are then applied to a Position
implementation by a particle.

In the first instance, at least one implementation of the
interfaces and abstract classes presented was performed to
solve the automatic trading problem.

Figure 2 shows the implementations of the neighbor-
hood interfaces and the stop criterion. .e implementations
of the swarm configurator, particle, velocity function, and
position representation occur within the automatic trader;
this is discussed in the next section. .e details of each
implementation are as follows:

GBestParticleNeighborhood is a global neighborhood
function in which the best particle among the entire swarm
set is sought. It is the simplest and fastest since it requires
only finding the particle that maximizes the objective
function for an iteration.

LBestParticleNeighborhood is a local neighborhood
function in which the two particles closest to a given particle
are searched and the best of the three particles is chosen..is
is slower because it requires performing distance calcula-
tions between all the particles to find the particles that are
closest to each other.

BasicStopCriteriaEvaluator is a detention criterion that
is based on the number of iterations performed. When the
number of designated iterations has been reached, the PSO
algorithm stops. When it has stopped, the best approximate
solution to the overall optimum is obtained.

4.5. Implementation of the Automatic Trader. For the
implementation of the automatic trading engine, there is
a central module that performs the necessary coordination
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to process the information related to a financial instrument
through annexed modules that are specialized to perform
specific tasks. .e central module corresponds to an abstract
class of automatic trading logic that can be generalized to
any type of stock market (equities, fixed income, etc.); it uses
a series of interfaces to access specialized modules in the
target market. .e central module operates at regular in-
tervals (ticks), and it evaluates its internal trading algorithm
during each run of the interval. If a buy/sell signal is gen-
erated, it proceeds to use the corresponding modules to
perform the operation. .e tick value determines whether
the system behaves as an HFT system or as an AT system.

For its correct functioning, the central class of the system
must be extended to generate the necessary functionality for
a specific type of trader. At least two types of traders are
required: one market simulation trader and one trader that
communicates with the real market.

For the initial version of the AT system, the imple-
mentations of the interfaces for the simulation engine re-
quired by the PSO algorithm are created. .is
implementation simulates an extended period of the market
through data uploaded to anMS SQL server database. In this
way, the maximum profitability that generates a set of pa-
rameters of the proposed trading model for the selected
period can be calculated.

.e complete set of the generic PSO system and the AT
engine are combined by a simple boot system to make it
possible to perform the laboratory tests with the data

collected in Market Maker. .e boot system is configured
based on a text file, and a parameter that indicates which
mnemonic is to be entered into the optimizer.

Based on the laboratory tests performed, a number of
improvements were made in the implementation of the
system, generating an optimized version for performance.
.e purpose of this is to ensure that the optimization process
of the solution using PSO converges rapidly enough to be
executed multiple times during a day of trading.

.e improvements applied address the following
problems:

MA Calculation: .e initial version of the AT system
invokes the routine calculation of MA for each instant of
system operation independently for each particle. .e point
calculation is changed by an incremental calculation based
on the values of the previous and the new time period and on
the totality of instances required by the execution of
a particle.

MA Reading: Continuing from the previous problem, if
for a given instant an MA with the same length had already
been calculated, it was nevertheless recalculated. .is in-
troduces an overload to the Storage process, which must
recalculate the same value. To solve this, an in-memory
cache system that allows specific values to be calculated only
once but to be queried efficiently multiple times is used.

Market Execution Reading: similar to the previous
problem, this responds to how another of the AT system
modules is implemented. In particular, the problem is

<<Interface>> <<Interface>>

<<Interface>> <<Interface>>

Class Class

0..1
0..1 0..1

0..1 0..1
0..1

ParticleNeighbourhood StopCriteriaEvaluator Velocity

SwarmConfigurator Position

cl.malarcon.algotrading.pso.model cl.malarcon.algotrading.pso.behavior cl.malarcon.algotrading.pso.model

cl.malarcon.algotrading.pso.config cl.malarcon.algotrading.pso.model

- neighbourhodd
# velocity- stopEval

- swarmConfig

ParticleSwarmOptimizator Particle

cl.malarcon.algotrading.pso.core cl.malarcon.algotrading.pso.model

# bestLocal # position

<<Interface>>

Figure 1: Basic PSO implementation model. It has a central optimizer that works with any problem that is modeled using the exposed
interfaces.
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found in the market simulation routine present in Off-
lineCommunication.read. Because this routine is based on
the historical information of order executions, the relevant
information must be loaded from a storage system (database).
In the first implementation, each particle again loads the same
data from the database for each iteration of PSO. .is
problem is solved using a shared cache of order executions
that is used by all the particles in all their iterations.

4.6. System Testing

4.6.1. Initial Testing Version. .e first experiment with the
initial version is used to determine whether the system
performs properly and is capable of generating positive
returns. .e specific values used in the experiment are as
follows:

Period: 4 months (January–April 2012)
Instrument: LAN
Tick: 5 minutes

.e period January–April 2012 is chosen because in that
period, LAN has both increases and decreases in the share
price. If only a period with increases is chosen, the risk

management mechanism offered by the stop-loss band
cannot be tested. However, if only a period with lows is
chosen, the system will not perform the positioning (initial
purchase), so it will remain inactive until a period of increase
appears.

.e results of experiment 1 are as follows:
Duration: 3.44 hours (12,388,202ms)
Net returns: >0
MA Short: 30
MA Long: 58
StopLoss: 4,0543
StopWin: 11,3177

.e experiment indicates that the process consumes
a large amount of time due to the number of iterations
performed and the size of the swarm. .e positive aspect of
these results is that there are gains at the end of the process,
showing that the chosen parameters can be used to configure
a trader that operates within a period reasonably close to the
period of optimization.

Reviewing the values of the Stop-Loss and Stop-Win
bands reveals a problem. .e values exceed the maxima

<<Interface>>

<<Interface>> <<Interface>>

<<Interface>>

<<Interface>>
Class Class

Class

Class

Class

LBestParticleNeighbourhood GbestParticleNeighbourhood

ParticleNeighbourhood

Position
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VelocityStopCriteriaEvaluatorParticleSwarmOptimizator

SwarmConfigurator BasicStopCriteriaEvaluator

cl.malarcon.algotrading.pso.model

cl.malarcon.algotrading.pso.model

cl.malarcon.algotrading.pso.modelcl.malarcon.algotrading.pso.behaviorcl.malarcon.algotrading.pso.core

cl.malarcon.algotrading.pso.config cl.malarcon.algotrading.pso.behavior.impl

cl.malarcon.algotrading.pso.model
cl.malarcon.algotrading.pso.model.implcl.malarcon.algotrading.pso.model.impl

0..1
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# bestLocal # position
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- stopEval
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Figure 2: Full-implementation model of PSO. It does not include its own implementations of the problem to solve, since these are
implemented in the automatic trader. It shows generic implementations of the neighborhood function (Local and Global Best) and the
stopping criterion.
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defined in the model, since the standard PSO velocity for-
mula is applied. .is indicates that an adjustment to the
implementation of the formula must be made before pro-
ceeding with the final experiments.

.e purpose of the second experiment is to review
behavior and execution time for a shorter period. .e
input values are as follows:
Period: 2 months (January-February 2012)
Instrument: LAN
Tick: 5 minutes

.e experiment aborts in the middle of the process
because negative values are generated for the positions of the
particles. .is emphasizes the fact that the standard
implementation of the velocity function cannot be applied to
the AT model, so it must be adapted.

4.6.2. Optimized Version Testing. As mentioned, an opti-
mized version of the AT system was generated. In this
version, corrections to errors detected in the initial version
of the system were implemented. .e above experiment is
repeated to determine the level of improvement introduced
into the system. .us, the specific values used in experiment
3 are as follows:

Period: 4 months (January–April 2012)
Instrument: LAN
Tick: 5 minutes
.e results of experiment 3 are as follows:
Duration: 1 minute 26 seconds (85,950ms)
Net returns: $294,186 (Profitability 69.96%)
MA Short: 45
MA Long: 52
StopLoss: 0
StopWin: 0.0040370020874758985

.e experiment is successful, demonstrating that the AT
system works properly within a reasonable time and that it is
also able to find the parameters that allow positive profit-
ability to be obtained for the analyzed period. Given this
condition of increase, the PSO algorithm determined that
under the conditions of the determined MA, it is more
convenient to perform a large number of buy/sell operations,
reflected by a Stop-Win band very close to zero. In addition,
the algorithm determined that it is more advisable to use
a zero risk to reduce losses. (See Table 2)

Finally, the experiment is executed 20 times to determine
the best and worst times, together with the best net theo-
retical return..e best execution time obtained is 75,598ms,
and the worst is 102,842ms; both values are well below the
times obtained using the initial version of the system. .e
average execution time is 84,259.4ms..e profitability of the
best particles at the end of each PSO run fluctuates by an
average of 438,870.6 CLP, with one particular iteration that
uses a combination of parameters achieving a return of 138%
on the first investment.

.e experiment is repeated by varying the tick size. .is
allows the behavior of the AT system to be viewed in
a manner that better approximates HFT. .e specific values
used in experiment 4 are as follows:

Period: 4 months (January–April 2012)
Instrument: LAN
Tick: 1 minute

In reviewing the results of the experiment shown in
Table 3, the increase in execution time (at an average of
377,079ms, equivalent to 6 minutes and 17 seconds) and the
reduction of theoretical net return are notable. .ese
changes are mainly caused by an increase in the Stop-Win
band, which is the parameter that allows gains to be gen-
erated during a period of price increase. For many of the best
results, we also calculate a Stop-Loss band greater than zero,
indicating that the ATsystem will accept some level of risk to
generate profits. .is behavior may seem unfavorable in
a period of sustained price growth, but it may be advan-
tageous when there is price variation over very short periods.

5. Conclusions and Future Work

In the present research, we studied trading technologies that
make it possible to operate under an HFT and/or an AT
modality. We chose the statistical technique of MA for its
simplicity, its ability to predict price trends based on the
history of an instrument, and its applicability in optimiza-
tion of techniques.

We reviewed information technologies that can be ap-
plied in conjunction with trading technologies, choosing

Table 2: Results of 20 executions of the ATmodel of experiment 3.
.e best time is only 75,598ms, whereas the best theoretical net
return is 690,757 CLP (profitability of 138%). .e gains are due to
the increasing trend for the period of the experiment; the pa-
rameters are adjusted accordingly by the PSO algorithm.

Time
(ms)

Returns
(CLP) Short Long StopLoss StopWin

78,892 382,304 42 48 0.004156852 0.00001
77,313 570,680 16 37 0.474434187 0.457211905
80,153 422,715 77 78 0.003876797 0.00001
102,842 327,270 101 128 0.008426064 0.00001
88,634 690,757 47 90 0 0.00001
94,216 351,071 70 71 0.007386603 0.00001
87,911 640,351 69 74 0 0.00001
78,439 647,545 35 39 0 0.00001
79,648 381,706 33 34 0.003689378 0.00001
79,306 404,035 1 33 0.00257833 0.00001
78,836 349,468 47 48 0.007894228 0.00001
84,482 384,969 60 106 0.003625605 0.00001
77,942 346,555 78 79 0.007217344 0.00001
94,406 373,798 1 170 0.004226087 0.00001
82,992 363,428 1 32 0 0.00001
89,537 355,787 126 127 0.003797629 0.00001
75,598 370,568 13 49 0.003803033 0.00001
76,913 651,456 20 28 0 0.00001
83,877 386,283 32 37 0.007186894 0.00001
93,201 376,666 3 150 0.00367221 0.00001
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metaheuristics as the application for parameter optimiza-
tion. Metaheuristics was chosen because a problem of
profitability optimization in an equity market is an NP-class
problem for which the application of search methods based
on metaheuristics presents many advantages.

In addition, a design is presented for building an AT
system based on the combination of trading and information
technologies chosen. .e design is sufficiently flexible to
allow the system to be extended to other trading technol-
ogies and/or search solutions.

In the investigation, an initial version of the ATsystem is
constructed under the proposed design..is allowed the first
laboratory tests to be performed. .ese tests detected
problems both with respect to the implementation of the AT
system and with respect to special conditions that the PSO
algorithm was not prepared to support. In particular, this
version served to determine that in continuous but restricted
domains the computation of PSO velocities must be
bounded or modified in some way.

Finally, a second AT system is built based on the initial
version but correcting the errors detected in the imple-
mentation of the AT model and applying the necessary
limitations to the PSO algorithm. On the basis of the tests
performed, it can be concluded that the defined ATsystem is
capable of generating positive returns.

In this way, the chosen system corresponds to the improved
version. Although the improved version is far from optimal, it
provides a theoretical and practical basis for future research in
a field in which the greatest amount of research comes from the
private sector and not from the academic sector.

Regarding the application of PSO as an optimization
algorithm, it is an effective solution for this problem type

since it is able to optimize a set of disparate but bounded
variables to a specific domain, thereby achieving a sub-
stantial improvement of the final solution. Regarding the
application of PSO in optimizing the profitability of an AT
system, it can be concluded that the velocity function must
be altered or restricted depending on the trading model
used.

How to obtain the optimal term of information prior to
a given moment considered useful is a subject that remains
to be studied in possible future work. One possible im-
provement would be to determine how changing the MA
from simple to exponential would affect the optimal term.
.is would favor the recent trend of an instrument, ensuring
that fluctuations that are too distant in time do not have
undue importance in the model. Another future work would
be the application of more complex AT system to the self-
adjusting AT system, so that they include decision mecha-
nisms with better risk management or that operate on
smaller profit margins.
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P2P (peer-to-peer) lending is an emerging online service that allows individuals to borrow money from unrelated person without
the intervention of traditional financial intermediaries. In these platforms, borrowing limit and interest rate are two of the most
notable elements for borrowers, which directly influence their borrowing benefits and costs, respectively. To that end, this paper
introduces a BP neural network interval estimation (BPIE) algorithm to predict the borrowers’ borrowing limit and interest rate
based on their characteristics and simultaneously develops a new parameter optimization algorithm (GBPO) based on the genetic
algorithm and our BP neural network predictive model to optimize them. Using real-world data from http://ppdai.com, the
experimental results show that our proposed model achieves a good performance. /is research provides a new perspective from
borrowers in exploring the P2P lending. /e case base and proposed knowledge are the two contributions for FinTech research.

1. Introduction

Recent research about P2P lending is mainly focused on two
aspects. /e first one is the empirical research of investor’s
behavior in the online loan platform to clarify the impact
factors of investor’s risk preference [1] and investor’s choice
[2–4]. /e second aspect is borrowers’ credit scoring and
their probability of default [5–8], which is important to
control the risk for P2P lending. For the borrowers, however,
there are few efforts to investigate their borrowing benefits
and costs or discuss the important principles of utility en-
hancing. /is question is valuable since borrowers’ expe-
riences have the same significant influence as lenders’ in
ensuring the proper functioning of the P2P lending system.
Meanwhile, a good guidance for borrowers will improve
their benefits and further increase the platform’s cash flow.

However, information asymmetry is also a universal
phenomenon in P2P lending. It not only brings low effi-
ciency to transaction but also brings more cost to borrowers.
Specifically, the existence of information asymmetry makes
borrowers overwhelmed by behavior choices since the
corresponding evaluation mechanism in P2P lending is
opaque for them. In that case, the key challenge is to examine

profitable behaviors to optimize borrowers’ borrowing pa-
rameters under limited information. /erefore, the purpose
of this paper is to propose a comprehensive method to help
borrowers predict and optimize their borrowing limit and
interest rate simultaneously.

To build a target model, there are many methods to
choose, for example, traditional regression model based on
statistics and popular machine learning technology
(e.g., association analysis, decision tree, and neural network
model) derived from artificial intelligence. It is well known
that the regression model is a widely applied mathematical
model in data science. But there are also some limitations
(e.g., high sensitivity to outliners and poor predictive ac-
curacy) which are particularly remarkable in the case of
complex and nonlinear problems [9, 10]. /erefore, we will
give priority to the machine learning method in our context
for two reasons. First, P2P lending is a data-intensive ap-
plication which contains many nonnumeric contents. /e
second reason is the ability and robust of machine learning
to process unstructured data. Given the situation of in-
formation explosion, we propose to adopt the three-layer BP
neural network since it performs well in processing complex
nonlinear functions.
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Before predicting the borrowers’ borrowing limit and
interest rate, it is worth mentioned that obtaining a confi-
dence interval of borrowing parameters is more credible and
practical than an exact number for both researchers and
borrowers. For this reason, we employ the three-layer BP
neural network model to fit the complex relationship among
different features in P2P lending and to further deduce the
required confidence intervals. Specifically, we develop a BP
neural network interval estimation (BPIE) method inspired
by Duan and Xie’s work [11], which obtains two-sided
confidence interval for the real estate blessed price based
on the BP neural network, to generate one-sided and two-
sided confidence intervals for both maximum borrowing
limit and lowest interest rate.

To optimize the borrowers’ borrowing limit and interest
rate, we construct a new parameter optimization algorithm
(GBPO) based on the genetic algorithm (GA) and BP neutral
network. Significantly, the most popular research topic of
the BP neural network mainly involves sensitivity analysis,
which aims to measure the effect of input parameters on
output and acquire the most powerful input parameters
[12, 13]. However, there is hardly any research attempted to
identify appropriate combination of input to acquire better
output, especially for P2P lending in perspective of bor-
rowers. So, this paper reports the first work to obtain best
behavior characteristics for borrowers to help them optimize
their borrowing limit and interest rate. /at is, the target of
optimization analysis is obtaining improvement directions
of behavior parameters within their adjustable range and
also examining the most important parameters to maximize
the borrowing limit or minimize the interest rate.

As mentioned previously, our proposed method (GBPO)
is a combination of GA and BP algorithms, which is a com-
mon combination form in recent researches. A classic example
of such a combination is the GA-BP algorithm, which is
designed to overcome the limitations of the BP neutral net-
work, that is, time-consuming in data training and undesired
local optimization. In the GA-BP algorithm, the genetic al-
gorithm performs a global search on weight ranges and finds
out more reliable initial weights for the BP neural network
[14]. In contrast to GA-BP algorithm, our method is designed
to find fluent parameter combination of input from large
number of available parameters for better experimental result.
In specific, the BP neutral network is the basic construction of
our optimized model; the optimal output of the BP neutral
network was taken as the fitness function in the GA.

By taking the advantage of our proposed method, we
conduct a systematic analysis in terms of both prediction
and optimization for borrowers’ borrowing parameters
based on real-world data from http://ppdai.com. Experi-
mental results show that our proposed method performs
well and discovers more meaningful characteristics. Also,
this paper provides a different perspective for research effort
of the P2P lending system.

2. Data Preparation

In this section, we first give a brief look at basic knowledge of
our adopted data. We then describe the selected parameters

from target dataset. For a more convincing preference, we
further conduct a relationship analysis for selected parameters.

2.1. PPdai Lending Platform. Our primary dataset is the
publicly available data in the PPdai lending platform. /e
PPdai lending platform is the first online lending platform in
China, and it was built in August 2007. As an unsecured
credit lending platform for individuals, users in this system
can be divided into two groups, one is borrowers and the
other is investors. Borrowers post their loan information in
the platform to borrow money at lower interest rates, while
investors choose which borrowers to lend to by considering
the borrower’s loan materials and credit rating to earn
higher returns. In general, the PPdai platform aims at small
loans, and the loan limit is usually spanned from 100 to
30,000 yuan [15, 16].

To reduce the risk of the borrower defaulting, the PPdai
platform also develops a credit rating system which is called
the Magic-Mirror System. /e Magic-Mirror System is a big
data analysis system that simultaneously collects and pro-
cesses more than 2000 kinds of characteristics of borrowers
in order to precisely evaluate their credit score and risk of
default. /e main characteristics concerned by the Magic-
Mirror System include personal information, third-party
data, repayment history, personal debt, and credit history.
Based on this credit rating system, each borrower will get
a different level of credit rating ranging from AAA to F,
whose risk is rising in turn.

2.2. SelectedParameters. To prepare our dataset, we carefully
observe the information structure in the PPdai lending
platform and obtain a total of five dimensions of 17 pa-
rameters (as shown in Table 1) as our research materials./e
selected data are extracted by the following principles: (1)
collecting transactional pages by replacing the id number of
URL (i.e., replacing 37215007 with a specific number in “http://
invest.ppdai.com/loan/info?id�37215007”), (2) obtaining cor-
responding user pages through collected transactional pages,
and (3) crawling and saving each user’s basic information and
borrowing information from user pages. In addition, con-
sidering that user information is constantly updating with the
completion of transactions, we filter out the outdated in-
formation and only select the latest transaction data of each
users as our target dataset.

/rough this process, we finally obtain our valid dataset
containing 10192 documents. To get a general idea about our
dataset, we give descriptive statistics of the numeric pa-
rameters, binary parameters, and categorical parameter of
MMR, and the details can be seen in Table 2, Figure 1, and
Table 3, respectively.

From Table 2, we can get the knowledge of statistics
characteristics of each numeric parameter in our sample,
which will help us understand the approximate distribution
of each parameter. Figure 1 denotes the ratio of each cat-
egory for each binary parameter. And in Table 3, we calculate
the proportion of each category for the categorical parameter
of MMR to clarify the user credit distribution in the PPdai
lending platform.
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Table 1: Parameters of borrowers in the PPdai lending platform.

Dimensions’ definition Parameters’ definition Parameter
type Abbreviation Remark

Identity
information (IDI)

Head portrait Binary HPT
Gender Binary GED Male� true, female� false

Identity Binary IDT True if identified as a lender, online seller,
student, and so on

Age Numeric AGE
Registration time Numeric RET Number of days since registration

Profile score Numeric PRS A score based on additional information
(e.g., age, education, work, and income)

Borrowing
information (BRI)

Amount Numeric AMT Yuan
Rate Numeric RAT
Period Numeric PED Months

Certification
information (CFI)

Identity certification Binary IDC
Video certification Binary VDC

Education certification Binary EDC
Mobile phone certification Binary MPC
Online banking recharge

certification Binary ORC

Historical transaction
information (HTI)

Transaction score Numeric TAS Times of paying off loans (1 point each time)

Transaction lost score Numeric TLS Times of paying back loans delaying over
15 days (−2 points each time)

Risk rating information (RRI) Magic-Mirror rating Categorical MMR From AAA to F (8 levels)

Table 2: Descriptive statistics of numeric parameters.

Statistics AMT RAT PED AGE RET TAS TLS PRS
Sample size 10192 10192 10192 10192 10192 10192 10192 10192
Mean 2832.20 17.10 7.89 28.17 275.17 4.64 −0.08 0.63
Minimum 100 0 3 18 4 0 −16 0
Median 2100 18 6 27 232 3 0 0
Maximum 49000 36 24 55 3115 68 0 30
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Figure 1: Descriptive statistics of binary parameters.

Table 3: Descriptive statistics of categorical parameter.

MMR AAA AA A B C D E F
Proportion (%) 0.18 47.5 0.83 3.35 14.83 19.38 12.16 0.7
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Besides, in order to facilitate the parameter optimization,
here we clarify the available adjustable direction for pa-
rameters and summarize the applicable adjustment of each
parameter in Table 4.

2.3. Relationship Analysis. To establish an accurate pre-
dictive and optimized model, it is necessary to clarify the
relationships of various parameters in the PPdai platform.
/ere are several official statements about their determined
relationships: (1) the Magic-Mirror rating mainly depends
on repayment history, credit history, personal debt, personal
information, third-party data, and others. (2) /e effects of
Magic-Mirror rating on users’ borrowing can be seen in the
following aspects: (a) whether your borrowing can be ap-
proved; (b) interest rates (the higher the rating, the lower the
interest rate); and (c) borrowing limit (the higher the rating,
the higher the borrowing limit).

Given the official statements, we further explore the
relationship of parameters we selected in the PPdai platform
as shown in Figure 2. From this figure, we can find that RRI
(i.e., Magic-Mirror rating) of borrowers is mainly de-
termined by parameters in dimensions of IDI, CFI, and HTI
and in turn affects the borrowers’ BRI (AMT and RAT in-
cluded). It is worth mentioning that parameter dimension of
BRI is not completely determined by RRI. RRI has a real
impact on borrowers’ borrowing limit and their interest rate,
while IDI, CFI, and HTI also have an effect on them to some
extent. Furthermore, borrowers freely choose their AMT
(i.e., borrowing amount) within their borrowing limit.
Significantly, since the borrowing limit of each borrower is
not publicly accessible in the PPdai platform, we assume that
each borrower uses the maximum value when borrowing
and thus we take the borrowing amount as their borrowing
limit in the following analysis.

Even though borrowing limit and interest rate of bor-
rowers are available for oneself, borrowers in the PPdai
platform have no access to the specific evaluation approach.
It is therefore not possible for borrowers to take more
targeted actions to optimize their borrowing parameters
(i.e., borrowing limit and interest rate). To this end, we
propose to develop a reasonable model to obtain and op-
timize borrowing parameters for borrowers using the
available characteristics.

3. Proposed Prediction Model

3.1. BP Neural Network Model. Here, we build a BP neural
network model as our basic model to predict borrowers’
borrowing limit and interest rate. Based on the analysis
above, we use 14 parameters that belong to four different
dimensions as our independent materials andmake the LMT
(i.e., borrowing limit) and RAT (i.e., interest rate) as our
target variables./e constructed architecture of our model is
shown in Figure 3.

As shown in Figure 3, we adopt a three-layer neural
network model which contains the input layer, hidden layer,
and output layer. /e input layer includes 14 neurons and
a neuron bias, the hidden layer includes Nhid neurons and

a neuron bias, while the output layer includes 2 neurons.
/is is a flexible method, which can smoothly process ar-
bitrary nonlinear functions [17]. To achieve the desired
result, the activation function of the input layer and hidden
layer is tansig (i.e., f1(x) � 2/(1 + e−2x)− 1), and the acti-
vation function of the output layer is pure linear function
(i.e., f2(x) � x). Moreover, the error function is defined as
follows:

E �
1
2S



S

i�1
Yi − Yi , (1)

where S is the sample size of the dataset, Yi is the confir-
matory dependent variable values, and Yi is the predicted
dependent variable values. /en, we use gradient descent
training method as the learning algorithm to train the
neutral network.

3.2. Predictive Quality. To examine the predictive quality of
our algorithm, we randomly assign the collected data into
three parts which are called TRD (train data), TSD1 (test
data-1), and TSD2 (test data-2), with the overall proportion
of their size being 80 percent, 10 percent, and 10 percent,
respectively. To process the model, we first set the value of

Table 4: Applicable adjustment for each parameter.

Abbreviation Applicable adjustment

HPT If the user adds a head portrait, the value will
turn to 1.

GED Not adjustable.

IDT If the user translates his/her identity to a lender,
online seller, or student, the value will turn to 1.

AGE It will increase with user’s age.
RET It will increase with user’s registration time.

PRS It will increase with user’s income, education level,
and others.

IDC If the user performs the authentication, the value
will turn to 1.

VDC If the user performs the authentication, the value
will turn to 1.

EDC If the user performs the authentication, the value
will turn to 1.

MPC If the user performs the authentication, the value
will turn to 1.

ORC If the user performs the authentication, the value
will turn to 1.

TAS If the user pays back on time, the value will be
added 1.

TLS If the user is 15 days behind on payment, the value
will reduce by −2.

MMR It will change with the parameter values above.

GED
IDTAGE

RET PRS
HPT

VDC
EDC

MPC
ORC

IDC

TLSTAS

MMR

Interest rate

Borrowing limit

IDI

CFI

HTI

RRI

Borrowing
amount 

Figure 2: Relationship of selected parameters.

4 Scientific Programming



Nhid to 12, and other parameters in the process of training
can be set as shown in Table 5 [18, 19]. On the basis of these
preparations, we run the BP neutral network and get the
performance of our predictive model, which is shown in
Table 6. Here, we use the correlation coefficient to measure
the accuracy of the prediction.

From Table 6, we can find that the predictive accuracy
of LMT is not very high, while the predictive accuracy of
RAT is especially high (up to 98 percent). /rough analysis,
we find that the RAT is determined, to a great extent, by
the parameters shown in Figure 3 and borrowers are not
authorized to change the value. LMT (i.e., AMT) is not just
determined by the parameters but also can be freely chosen
by borrowers within a specific limit. So, it is not difficult to
understand why the predictive accuracy of the borrowing
limit is not high.

3.2.1. Parameter Setting of Nhid. Here, we want to find
a reasonable value for the parameter Nhid. /ere is an
empirical formula for determining the number of neurons in
the hidden layer, which is shown below:

Nhid �
���������
Nin + Nout


+ a, a � 1, 2, . . . , 10, (2)

where Nin denotes the number of neurons in the input layer,
Nout denotes the number of neurons in the output layer, and a

is a constant bounded between 1 and 10 [20–22]. /erefore,
we can set Nhid in the range of 5∼14 in our predictive model.
To obtain the efficient value, we also process the model and
acquire the predictive performance of our model using
various Nhid. /e results are shown in Figure 4.

As shown in Figure 4, the predictive accuracy of RAT has
no significant difference, but when the value of Nhid is closer
to 12, the predictive accuracy of RAT is slightly higher than
others for three datasets. /erefore, we will use Nhid value of
12 in the following analysis.

3.3. Robust Check. We note that different forms of selection
biases may affect our result. /us, we further conduct an
analysis using samples from some specific credit ratings
as a robust check. In this case, we choose three group of

samples, which come from credit rating of AA, C and D,
respectively, to validate our proposed model. After ran-
domly assigning the collected data into three parts (i.e., train
data, test data-1, and test data-2) for each sample group, we
utilize the train data to train the neural network and test the
result using test data-1 and test data-2. /e corresponding
result can be seen in Table 7, and we employ the correlation
coefficient to measure the accuracy of the prediction.

As shown in Table 7, the prediction accuracy of our
predictive model slightly declines in predicting LMT for
most of data samples. One possible explanation is that the
selected sample sizes are smaller that original one (Table 6).
For samples from credit rating D, the prediction accuracy of
our predictive model approaches or briefly exceeds the
original setting, which means that our model has better
performance in predicting LMTfor borrowers in the D level.
So, basic information plays an important role in predicting
LMT. From Table 7, we can also find that the prediction
accuracy of our predictive model declines dramatically in
predicting RAT for all selected samples compared with the
original one. It is not just because of reduced sample size but

. . .

. . .

Bias

Bias

Input layer Hidden layer Output layer

HPT
GED
IDT
AGE
RET
PRS
IDC
VDC
EDC
MPC
ORC
TAS
TLS

MMR

LMT
RAT

Independent variables

Dependent variables

Figure 3: Architecture of the BP neural network model.

Table 5: Parameter setting of the predictive model and optimi-
zation model.

Algorithm Parameter Definition Levels

GA

Nhid
Number of neurons
in the hidden layer 5, 6, . . . , 14

η Learning rate 0.05

ep Maximum number
of iterations 50000

BP

M Population size 20, 40, . . . , 100
Pc Crossover probability 0.8
Pm Mutation probability 0.09

Gmax
Maximum number

of iterations 100, 200

Table 6: Performance of the predictive model.

Target parameters TRD TSD1 TSD2
LMT 0.49 0.48 0.45
RAT 0.99 0.99 0.98
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mainly results from the significance of credit rating to RAT.
Based on the analysis above, it is necessary to consider both
credit rating and basic information rather than only one of
them in predicting LMT and RAT.

3.4. Prediction of Borrowing Limit. Here, we want to predict
the borrowing limit (LMT) for borrowers using our pro-
posed predictive model. As mentioned above, borrowing
limit is the amount of the money an individual could
borrow from others, and we will take borrowing amount
as our borrowing limit here because of data deficiency.
Meanwhile, it is worth noted that the expected result of
our prediction is a confidence interval for borrowing limit
but not an exact value since it is more credible and practical
for us.

Given this knowledge, we extend Duan and Xie’s work
[11] and introduce the BP neural network interval estima-
tion (BPIE) algorithm to deduce a one-sided confidence
interval for LMT, which is the predictive value of borrowing
limit. Since there is no specific provision on the lower limit
for borrowing amount, we only examine the one-sided
confidence interval for borrowing limit. /e derivation
process is described as below:

Firstly, we define the promotion error of LMTas follows:
given a test set, the confirmatory value and predicted value
of LMT can be represented as LMT and LMT, respectively.
/en, the promotion error of LMT can be represented as
follows:

σLMT �

�����������������


k
i�1 LMTi −LMTi 

k− 1



, (3)

where k denotes the sample size of the dataset and LMTi and
LMTi denote the confirmatory value and predicted value of
LMT for the ith individual, respectively.

Based on the promotion theory of machine learning
introduced by Yan and Zhang [23], we can infer that LMTi

approximately obeys the normal distribution LMTi ∼ ( LMTi,

σLMT). So, the probability distribution of LMTi can be defined
as follows:

P
LMTi −LMTi

σLMT
< zα  � 1− α. (4)

/en, we can get the following formula:

P −∞< LMTi <LMTi + σLMTzα  � 1− α. (5)

Finally, we can get the one-sided confidence interval
with the confidence (1− α) for LMTi, which is as follows:

−∞, LMTi + σLMTzα . (6)

3.5. Prediction of Interest Rate. In this section, we conduct
a predictive analysis for borrowers’ interest rate. We have
already got the predicted value of RAT in the previous
analysis. Now, we want to deduce a confidence interval for
RAT in order to improve the robustness and reference value
of our prediction.

To obtain the two-sided confidence interval of RAT, we
follow the inference process of LMT. Firstly, since RATi

approximately obeys the normal distribution RATi ∼ ( RATi,

σRAT) like LMTi, the probability distribution of RATi can be
defined as follows:
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Figure 4: Predictive performance of the proposed model using various Nhid.

Table 7: Performance of the predictive model for different data samples.

Target
Predictive model of AA Predictive model of C Predictive model of D

TRDAA TSD1AA TSD2AA TRDC TSD1C TSD2C TRDD TSD1D TSD2D
LMT 0.45 0.33 0.43 0.44 0.33 0.15 0.65 0.53 0.47
RAT 0.26 0.16 0.18 0.13 0.15 0.03 0.12 0.04 0.06
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P
RATi −RATi

σRAT




< zα/2  � 1− α. (7)

/en, we can get the following formula:

P RATi − σRATzα/2,
RATi + σRATzα/2  � 1− α. (8)

Finally, we can get the two-sided confidence interval
with the confidence (1− α) for RATi, which is as follows:

RATi − σRATzα/2,
RATi + σRATzα/2 . (9)

3.6. Prediction Results. Based on the analysis above, we use
the train dataset TRD to train the neutral network and employ
the well-trained neutral network to get the predictive value
LMT and RAT on dataset TSD1. /en, (6) and (9) derived
from the BPIE method are utilized to calculate confidence
interval for LMTi and RATi. Before that, the significant level α
needs to be determined so that we can obtain confidence
intervals meeting the credibility. Normally, we set significant
level α to 0.05 [24, 25], and we get the confidence interval
with a confidence of 0.95 for both LMTi and RATi. So,
the corresponding intervals are (−∞, LMTi + 3511.62) and
( RATi − 2.41, RATi + 2.41), respectively.

In order to clearly justify the predictive accuracy of the
BPIE method, we define the predictive accuracy rate of the
BPIE method as follows:

ηLMT �
NLMT∗

Ns
× 100%,

ηRAT �
NRAT∗

Ns
× 100%,

(10)

where NLMT∗ and NRAT∗ denote the number of samples that
fall into the confidence interval of LMT and RAT, re-
spectively, and Ns denotes the sample size of a valid dataset.

By examining the predictive accuracy of the proposed
BPIE method using the dataset TSD2, we get the predictive
accuracy for LMT and RAT with ηLMT � 94.80% and
ηRAT � 97.84%, respectively, which indicates that our BPIE
method has a high predictive accuracy.

3.7. Comparable Analysis. It is well known that the BP
neural network has better performance than linear re-
gression in fitting nonlinear relationship. In order to explore
the performance of both methods in our context, here we
conduct a comparable analysis.

In keeping with our proposed predictive model, we also
build a linear regression model to predict LMTand RATand
corresponding confidence intervals (see Appendix A). To
compare two methods, we use the CCDR (correlation co-
efficient difference rate) metric [26] and LDR (length dif-
ference rate) metric [27]. As shown in (11), CCDR is used to
compare the prediction accuracy of both methods in pre-
dicting individual values:

CCDR �
rNN − rLR

rLR
× 100%, (11)

where rNN and rLR denote the correlation coefficient (be-
tween confirmatory value and predicted value) of the BP
neutral network model and linear regression model, re-
spectively. CCDR> 0 means that prediction accuracy of the
BP neural network model is higher than that of the linear
regression model in individual value prediction.

LDR is used to compare the prediction precision of both
methods in predicting confidence intervals, which can be
noted as follows:

LDR �
LLR − LNN

LNN
× 100%, (12)

where LLR and LNN denote the length of the confidence
intervals with a confidence of 0.95 derived from the linear
regression model and BPIE method, respectively. LDR > 0
means that confidence interval derived from the BPIE
method is more efficient than that from linear regression
model.

Based on the works above, we calculate the related in-
dicators and present them in Tables 8 and 9. From the
results, since the values of CCDR and LDR are greater than
0, we can conclude that our predictive model outperforms
the linear regression model in predicting both individual
values prediction and confidence intervals.

4. Proposed Optimization Model

In this section, we propose to use the GBPO algorithm for
optimizing the borrowers’ borrowing limit and interest rate
based on the previous analysis. We firstly introduce the
GBPO algorithm we developed and then describe the single-
target optimization method and double-target optimization
method to get improvement directions of behavior pa-
rameters for borrowers to maximize the borrowing limit and
minimize the interest rate, respectively.

4.1. Preliminaries

4.1.1. Optimization Target. Before introducing the opti-
mization model, the optimization target needs to be
clarified so that we could determine what our optimiza-
tion measures are. Referring back to the prediction stage
in Section 3, we predict the confidence interval of maxi-
mum borrowing limit (i.e., LMT) and lowest interest rate
(i.e., RAT) for borrowers using the prediction system
(i.e., the well-trained BP neutral network). Based on these
works, we propose to explore the promising striving di-
rection for borrowers to acquire higher borrowing limit or
lower interest rate given a set of behavior characteristics.
/at is, we process prediction for each generated sets of
explanatory parameters to obtain corresponding LMT
and RAT and find the best explanatory parameters col-
lection. /erefore, the desired target in our optimization
stage can be denoted as follows:

max y1 � LMT,

min y2 � RAT.
(13)
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4.1.2. Explanatory Parameters. Given the optimization
target, finding a reasonable way to optimize them is a natural
demand. To reach this, we firstly determine the adjustable
range of all explanatory variables. By analyzing the feature of
each independent parameter, we obtain the adjustable
ranges of them as shown in Table 10.

As shown in Table 10, these ranges are divided into two
categories. /e first category is applied to all borrowers,
including all numeric variables and MMR./is category can
be divided into two subtypes. One is used to add to initial
values and another is used to replace the initial values. /e
second category is applied to individual borrowers, mainly
including binary variables. Since the value of these in-
dependent parameters (e.g., certification information) only
goes from 0 to 1, the value adjustment will just be suitable for
borrowers whose corresponding parameters are zero. Be-
sides, it is worth mentioning that we do not consider all the
binary variables in our optimization algorithm for two
reasons. First, some variables, such as gender, cannot be
changed in reality for a specific borrower. Second, the
sample size of some independent variables varies greatly
between categories, while the predictive results are extremely
sensitive to such disparities.

4.2. GBPO Algorithm. It is worth mentioning that our op-
timization system based on the BP neutral network is a mix-
integer nonlinear programming (MINLP) problem for two
reasons. First, the predictive system (i.e., BP neutral net-
work) we got in prediction stage is a complex nonlinear
function. Second, several integer variables are included in
target explanatory parameters [28]. Common solution for
this problem is the branch-and-bound approach proposed
by Land and Doig [29]. However, it always takes an amount
of time that increases exponentially with problem size. To
alleviate this, we proposed to use the genetic algorithm,
a typical evolution algorithm to solve our discrete and
combinatorial optimization problem. Actually, the genetic
algorithm is proved to be an effective approach for MINLP
problems by many works [30–32], and it is extensible and
easy to combine with other algorithms [33]. /erefore, we
propose a parameter optimization algorithm (GBPO) based
on the BP neutral network we constructed above and the
genetic algorithm to obtain optimal results. /e idea of
GBPO algorithm can be listed as follows:

(a) For a specific borrower, the set of his/her charac-
teristics (i.e., independent variables) can be denoted
as x � x1, x2, . . . , x14  according to the order of

independent variables in Figure 3. While the set of
adjustable independent variables are represented by
I � i1, i2, . . . , iN  according to the order in
Table 10, N is the number of adjustable variables.

(b) Encode adjustable variables: we here adopt a binary
code in optimization algorithm while most of our
parameters are numeric or categorical. So, recoding
is necessary for further analysis. We use the fol-
lowing formulas to get the required binary code
length:

Li � ⌈log2 R
b
i −R

a
i ⌉, i ∈ I,

L � 
i∈I

Li,
(14)

where Li denotes the required length of each variable
in the set I, L denotes the total length of each
chromosome,Rb

i denotes the upper limit of the range
of variable i, and Ra

i denotes the lower limit of the
range of variable i.

(c) Initialize the population: randomly generate M

chromosomes, which can be denoted as S �

S1, S2, . . . , Sj , j � 1, 2, . . . , M. /e notation
Sji represents a part of chromosome that corre-
sponds to the variable i in jth chromosome.

(d) Decode the chromosomes: for each chromosome, we
encode it using the following formula:

Vji � 

Li

k�1
Sjik2

k−1R
b
i −Ra

i

2Li − 1
, i ∈ I, j � 1, 2, . . . , M,

(15)

where Vji denotes the random number which we
generated for jth chromosome of variable i. After
that, we add a specific Vji to the initial variable with
symbol ∗ in Table 10 and reset the other initial
variables by corresponding Vji. /en, we can get
a new set of independent values corresponding to
jth chromosome, which is denoted as x′j �

x′j1, x′j2, . . . , x′j14 ,
(e) Evaluating the fitness of each chromosome in the

population: for each new set of independent values,
we can calculate the corresponding target values
which are introduced in Section 4.1.1 using our

Table 8: Result of CCDR.

Objective parameters TRD TSD1 TSD2
LMT (%) 36.11 14.29 18.42
RAT (%) 2.09 1.02 1.03

Table 9: Result of LDR.

LMT RAT
6.08% 130.29%

Table 10: Adjustable range of explanatory variables.

Type Variables Range

Adjustable ranges for all borrowers

RET 0–120∗
TAS 0–4∗
TLS 0,−2,−4∗
PRS 0, 1, 2∗
MMR 1–8

Adjustable ranges for individual
borrowers

IDT 0, 1
EDC 0, 1
MPC 0, 1
ORC 0, 1

Note: the range with ∗symbol represents that it should add to the initial
values; otherwise, it should replace the initial values.
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predictive model, noted as ( LMT, RAT). To evaluate
them, our fitness function can be defined as follows:

F1 � LMT,

F2 �
1

RAT
,

(16)

where F1 denotes the fitness function for the pa-
rameter of LMT, and F2 denotes the fitness for the
parameter RAT.

(f ) Perform the selection operation using the rou-
lette method.

(g) Perform the crossover operation using the
1-point crossover method, where crossover
probability is set as Pc.

(h) Perform the mutation operation using a simple
mutation method, where mutation probability is
set as Pm.

(i) Repeat steps (c) to (h) until the iteration times
meet the given maximum iteration threshold
Gmax.

4.3. Single-Target Programming GBPO Algorithm. In order
to observe the optimization effect, we randomly choose four
groups of independent variables from the dataset TSD2,
which are No. 107, No. 377, No. 422, and No. 455 in-
dividuals, respectively. In the first stage, we optimize the
borrowing limit and interest rate separately; that is, we
conduct a single-target programming analysis.

We use F1 and F2 defined before as our fitness function
of LMT and RAT. To perform fair comparisons, we use the
same parameter settings for all combinations as shown in
Table 5. For the remaining parameters, M is set to 60 and
Gmax is set to 100 (discussed below). By processing the
selected data using our model, we obtain the evaluation
results as shown in Table 11.

From Table 11, we can find that both LMT and RAT
have a better optimized result than the initial value. Taking
the individual of No. 107 as an example, his/her borrowing
limit has increased by 12793 yuan and his/her interest rate
has decreased by 4 percent. /ese results show that our
proposed optimization algorithm is effective.

To get more detail about the result, we represent the
optimized input variables of No. 107 as shown in Table 12.
Line 2 denotes the original value of each variable, and line 3
and line 4 denote the optimized value of each variable where
aiming at LMT and RAT, respectively. From this table, it is
easy to obtain improvement directions for No. 107 to op-
timize his/her LMT. First, No. 107 should conduct the
certification of EDC andMPC. Second, No. 107 needs to pay
the bills on time for four times and also have two clear
chances to delay loans and to adjust the value of TAS and
TLS to 4 and −4, respectively./ird, theMagic-Mirror rating
of No. 107 should be adjusted to B. However, this credit
rating is not altered for users but determined by P2P lending
based on the user’s behavior. So, No. 107 should commit to
improve his/her credit rating by adjusting his/her most
crucial adjustable behavior (see Appendix B). In this case,

readers may arise another question that our proposed model
is meaningless, since users could provide as much as per-
sonal information in order to optimize their borrowing
parameters. Actually, there is a trade-off between privacy
protection and better borrowing parameters. Our study is
proposed to obtain better LMT and RAT by providing as
little personal information as possible given existing stage.

4.4. Parameter Setting of M and Gmax. Even though the
increased value of M and Gmax might get better optimization
results, but at the same time, it spends more time to con-
vergence. In order to make a trade-off between better op-
timization result and time-consuming question, we conduct
a comparative analysis using different threshold of M and
Gmax as shown in Table 5. We also use the materials of No.
107 and the experiment result is shown in Figure 5.

As shown in Figure 5, when M≥ 60, there is barely any
major fluctuation for optimal values of the LMT and RAT,
which means that degrees of optimization are similar when
M≥ 60. /erefore, we choose the parameters combination
with minimum time consumption; that is, M is set to 60 and
Gmax is set to 100.

4.5. Double-Target Programming GBPO Algorithm. In this
section, we conduct an optimization analysis for both LMT
and RAT, that is, double-target programming problem.
Different from the single-target programming method, the
double-target programming method is dedicated to opti-
mizing two borrowing parameters simultaneously if their
directions of optimization are different.

To execute this procedure, we firstly examine the
changing trend of one target parameter as another pa-
rameter is getting better. We also take No. 107 as an example
here and the experiment results are shown in Figure 6.

As shown in Figure 6, as one target parameter is getting
better, another parameter does not show a clear changing
trend. So, it is hard for us to intuitively acquire the best
results for both parameters. Besides, Figure 6(b) shows that
when RAT is getting better and better, the value of LMT
always stays at a low level. /us, if we want to optimize one
of the parameters solely, another parameter will be un-
controllable and undesirable. A comprehensive analysis
about two target parameters is imperative. Besides, this
figure also demonstrates that we may just achieve relatively
satisfactory results but optimal results for both parameters.

To optimize two target parameters simultaneously, there
are many methods that can be chosen./is paper introduces
a simple and understandable method named the linear
weighting method to solve our double-target programming
problem [34]. /e linear weighting method is implemented
by giving different weights to both goals based on the dif-
ferent importance of them. And our goal is to obtain the
maximum weighted sum of two target parameters. In our
context, since the importance of the two target parameters
varies from borrower to borrower, we will examine a series
of weight combinations of two parameters in our analysis.
And stakeholders are free to choose the weight combination
according to their actual requirement.
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To match our proposed GBPO algorithm with the linear
weighting method, we need to modify the fitness function
and the details are shown below:

(a) Normalize the value of LMT and RAT, which we
obtain in GBPO Algorithm. LMT and RAT are
predicted values generated by GA. /e formulas are
defined as follows:

stdLMTj �
LMTj −LMTmin

LMTmax −LMTmin
,

stdRATj �
RATj −RATmin

RATmax −RATmin
,

(17)

Table 11: Optimized values using the single-target programming method.

Parameters LMT RAT
Individual No. 107 No. 377 No. 422 No. 455 No. 107 No. 377 No. 422 No. 455
Initial value 500 3500 2500 500 11 11 20 11
Optimized value 13293 10811 9831 7873 7 8 6 8

Table 12: Optimized values of No. 107 using the single-target programming method.

Variables HPT GED IDT AGE RET PRS IDC VDC EDC MPC ORC TAS TLS MMR
x0 0 1 0 21 13 0 1 0 0 0 0 0 0 2
x∗LMT 0 1 0 21 13 0 1 0 1 1 0 4 −4 4
x∗RAT 0 1 0 21 14 2 1 0 1 1 0 4 0 1
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Figure 6: Changing trend of one target parameter as another parameter is getting better: (a) the optimization direction of LMT; (b) the
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where stdLMTj and stdRATj denote the jth standardized
value of LMT and RAT, respectively. LMTmax and RATmax
denote the maximum value of LMT and RAT, respec-
tively. LMTmin and RATmin denote the minimum value of
LMT and RAT, respectively.

(b) Modify the fitness function as follows:

F3 � w1stdLMTj + w2stdRATj, (18)

where w1 and w2 denote the weights of stdLMTj and
stdRATj, which represent the importance of LMTand RAT,
respectively.

Here, we examine the optimization results for different
weight combinations of two parameters. We select nine
different weight combinations in our case and the details are
shown in Table 13.

We also take No. 107 as our analysis materials and use
the proposed double-target programming GBIO algorithm
to check the effects of different weight combinations. /e
experiment results are shown in Figure 7.

From Figure 7, we can find that with the declining weight
of RAT and the rising weight of LMT, the optimal value of
LMT and RAT are both showing a rising trend, which is
consistent with our expectations. In the meantime, all the
optimal values of LMTand RATare meeting the satisfactory
level, which shows that our double-target programming
GBPO algorithm is effective. Moreover, it is noted that
borrowers can select different weights for two parameters to
obtain their desired optimization results based on their
actual requirements.

5. Conclusion

In this paper, we firstly build a three-layer BP neural network
to predict the borrowing parameters LMT (borrowing limit)
and RAT (interest rate). Based on the constructed BP neural
network, we develop a BPIEmethod to obtain the confidence
intervals of the LMT and RAT, which represent the pre-
diction ranges of borrowing limit and interest rate for
borrowers. Using the real-word data from http://ppdai.com,
we conclude that the predictive accuracy of the proposed
BFIE method are 94.80% and 97.84% for borrowing limit
and interest rate, respectively. After that, we propose to
optimize the borrowing parameters, LMT and RAT. By
considering the number of target parameters, we transform
our problem into a single-target programming problem and
a double-target programming problem. To solve the prob-
lems, we introduce a new GBPO algorithm based on the BP
neural network predictive model and genetic algorithm.
Using the randomly selected data from valid dataset, the
experiment result shows that our proposed algorithm is
effective in optimizing the target parameters.

Different from priori studies, this paper provides a new
perspective from borrowers to predict and optimize the
borrowing limit and interest rate given the limited in-
formation. /e proposed method and findings of our ex-
periment study have practical implications for researchers
and borrowers in the P2P system.

Appendix

A. Building Linear Regression Model

We first build linear regression models for individual value
prediction, which can be written as follows:

LMT � CLMT + αLMTIDI + βLMTCFI + cLMTHTI

+ ωLMTRRI + εLMT,

RAT � CRAT + αRATIDI + βRATCFI + cRATHTI

+ ωRATRRI + εRAT,

(A.1)

where Cx denotes the intercept vector; αx, βx, cx, and ωx are
coefficient vectors; and εx denotes the residual.

Second, corresponding confidence intervals are derived
from constructed linear regression models. /e process is as
follows.

Table 13: Weight combinations of two parameters.

Combinations 1 2 3 4 5 6 7 8 9
Weight of LMT 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Weight of RAT 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
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Figure 7: Performance of various weight combinations on bor-
rowing parameters.

Table 14: Likelihood ratio test.

Parameters −2LL P value
HPT 22992.94 0.000
GED 23412.63 0.000
AGE 23050.42 0.000
RET 23024.71 0.000
PRS 26941.21 0.000
IDC 22965.82 0.000
VDC 22983.97 0.000
EDC 23639.35 0.000
MPC 22992.91 0.934
ORC 24595.18 0.004
TAS 37600.36 0.000
TLS 23093.18 0.000
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(1) Taking LMT as an example, LMTi obeys the fol-
lowing distribution according to its statistics [25]:

LMTi − LMTi

σ(LMT)
e0

∼ t(n− k− 1), (A.2)

where LMTi denotes the confirmatory value of
the ith individual, LMTi denotes the predicted value
of the ith individual, n denotes the sample size, and
k denotes the number of independent variables.
σ(LMT)

e0
represents the estimation of standard de-

viation of prediction error, and its calculation
formula is as follows:

σ(LMT)
e0

� σ(LMT)

���������������

1 + Xi X′X( 
−1

X′i



, (A.3)

where σ(LMT) represents the estimation of standard
error, Xi represents the value vector of ith indivi-
dual’s dependent variables, and X represents the
value matrix of the dependent variables.

(2) /en, it is easy to get the one-sided confidence in-
terval for LMTi, that is:

−∞, LMTi + tασ(LMT)
e0

 , (A.4)

where α denotes the significance level and tα denotes
the α quantile of t-distribution.

(3) Similarly, two-sided confidence interval for RATi is
as follows:

RATi − tα/2σ(RAT)
e0

, RATi + tα/2σ(RAT)
e0

 , (A.5)

where α denotes the significance level and tα/2 de-
notes the α/2 quantile of t-distribution.

B. Ranking the Importance of
Parameters on MMR

In order to simply compare the importance degree of each
parameter on MMR, we established the following multi-
nomial logistic regression:

logit pj  � ln
pj

1−pj

  � αj + β1IDI + β2CFI + β3HTI,

(B.1)

where pj � p(MMR≤ j|X) indicates the conditional
probability of MMR≤ j given X; β1, β2, and β3 denote the
corresponding coefficient vector; and αj denotes the in-
tercept of the jth model.

By using SPSS Statistics on our samples, we can get the
following result as shown in Table 14.

In Table 14, −2LL (i.e., −2∗log-likelihood) is an index
which is commonly used to measure the fitting degree of
models; the smaller the value, the better the fit [35]. P value
reflects the significance of each parameter. From Table 14,
we can find that almost all of P values are less than 0.05
except for MPC, which means that all parameters except
MPC have significant impact on MMR.

In order to rank the importance of each parameter on
MMR, we calculate the statistical adequacy, which is related
to the explanatory value of each predictor relative to the
entire set [36]. /e adequacy is the proportion of the total
explained variation in the outcome that is explained by the
individual predictor [37]./en the values of adequacy can be
calculated for each parameter which is significant. /e re-
sults are shown in Figure 8.
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Figure 8: /e adequacy value of each parameter.
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From Figure 8, we can obtain the ranking of importance
degree of each parameter on MMR. And it is easily found
that TAS, PRS, and ORC have the greatest influence on
MMR.
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Content-based (CB) and collaborative filtering (CF) recommendation algorithms are widely used in modern e-commerce
recommender systems (RSs) to improve user experience of personalized services. Item content features and user-item rating data
are primarily used to train the recommendationmodel. However, sparse data would lead such systems unreliable. To solve the data
sparsity problem, we consider that more latent information would be imported to catch users’ potential preferences. /erefore,
hybrid features which include all kinds of item features are used to excavate users’ interests. In particular, we find that the image
visual features can catch more potential preferences of users. In this paper, we leverage the combination of user-item rating data
and item hybrid features to propose a novel CB recommendation model, which is suitable for rating-based recommender
scenarios. /e experimental results show that the proposed model has better recommendation performance in sparse data
scenarios than conventional approaches. Besides, training offline and recommendation online make the model has higher ef-
ficiency on large datasets.

1. Introduction

With the vigorous development of the Internet, a large
volume of data is generated everyday. People face an arduous
task of finding optimal information which matches their
preferences from such tremendous amount of information.
RSs use data mining and information filtering techniques to
recommend items to potential users according to their
preferences [1] and have been regarded as an important tool
to solve the severe problem of information overload [2].
Meanwhile, business is benefitted with a growth of sales.

Generally, RS can be categorized as three main
branches—CB, CF, and hybrid algorithms [3]. CB ap-
proaches exploit the content features of items to recommend
the relevant items based on the users’ preferences. Most
content features are textual features extracted from web
pages and product descriptions or tagged by users. Unlike
structured data, there are too few attributes with well-
defined values [4]. Besides, CB has shortcomings of the
novelty of recommendation and others [5]. CF predicts user
preferences based on the known user ratings of items.

However, when user ratings are scarce, it is not sufficient to
reflect users’ preferences. In such scenario, it is unreliable to
find neighbors through user ratings. Moreover, with the
increase of the interactions between users and systems, the
growth of the rating matrix is extraordinarily fast. It needs to
cost considerable time to find users’ neighbors on the whole
dataset. In addition, CF suffers from the new user cold-start
problem [6]. /erefore, RSs usually combine CB and CF to
overcome each other’s shortcomings [7].

Most RSs typically exploit textual features in order to
generate item recommendation; they usually ignore the
positive effects brought by visual features. However, some
researchers have achieved a huge success in the study of
visual features in RSs. /e paper [8] written and researched
by Deldjoo et al. uses mise-en-scene visual features based on
MPEG-7 and deep learning for movie recommendation.
/eir work in [9, 10] discusses video recommendation based
on low-level features and visual features. And their work in
[11, 12] discusses visual features in movie recommendation.
In addition, Boutemedjet and Ziou [13] propose a graphical
model for context-aware visual content recommendation.
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Melo et al. [14] discuss content-based filtering enhanced by
human visual attention applied to clothing recommenda-
tion. Filho et al. [15] leverage deep visual features in content-
based movie recommender systems. /eir previous works
inspired us to use image visual features of items to explore
users’ potential preferences for recommendation.

When using RS-based websites, a majority of people
choose items according to items’ image visual features, such
as colors, shapes, and textures. Besides, content features and
some other features of items can reflect users’ potential
preferences to certain extent. Due to these reasons, in the
proposed approach, we combine user ratings and hybrid
features which include all kinds of item features discussed
above. In particular, by transforming user-item ratings to the
ratings of hybrid features, the users’ potential preferences of
hybrid features are used to find the nearest neighbors. In this
way, the data sparsity problem and the low efficiency
problem are solved. /e primary contributions of this work
are listed below:

(i) Image visual features are taken into consideration
creatively. By transforming user-item ratings to the
ratings of features, we calculate users’ potential
preferences of hybrid features, which include item
content features, image visual features, and so on.

(ii) A novel recommendation model based on CB al-
gorithms is proposed. It is a generic recommen-
dation model which is suitable for rating-based
recommender scenarios.

(iii) Plentiful of experiments are performed on the real-
world datasets to evaluate the proposed model. /e
results show that our approach has better recom-
mendation performance and higher efficiency.

/e structure of this paper is organized as follows:
Section 2 introduces our dataset and the feature description.
A detailed explanation of the proposed model is given in
Section 3. Following that, the experimental evaluation and
results are shown in Section 4. Finally, we conclude the study
in Section 5.

2. Dataset and Feature Description

In this section, it introduces the dataset we used and the
description of hybrid features we used in this work.

2.1. Dataset. /e dataset used in this paper is based on
a public dataset: hetrec2011-movielens-2k [16], which is an
extension of the original MovieLens 10M dataset [17],
published by GroupLens Research Group at the University
of Minnesota.

Table 1 shows some statistics about the hetrec2011-
movielens-2k dataset and our extension. To summarize,
there are 2,113 users, 10,197 movies, and 855,598 ratings
ranging from 0.5 to 5.0, in increments of 0.5. /ere is an
average of 404.921 ratings per user and 84.637 ratings per
movie./e density of the dataset is 3.97%./ere are a total of
13,222 unique tags, which fall into 47,957 tag assignment
tuples of the form (user, tag, movie). Besides, the movies’

cultural backgrounds are classified into 72 countries and 20
genres. In the dataset extension, it referenced the corre-
sponding web pages of movies at the IMDBwebsite [18], and
9189 movies’ posters are downloaded from the URLs of
IMDB. Some of the URLs have errors in accessing them so
that we could not get every movies’ posters. For the fairness
of the experiments, we removed the corresponding movies
which do not contain posters. So there are 9189 movies used
in experiments in total. More information about the format
and statistics of the data is available at the hetrec2011-
movielens-2k website [19].

2.2. Feature Description. In this paper, we primarily divide
the hybrid features into three main parts—editorial features,
user-generated features, and image visual features. Editorial
features are extracted from the textual information of items,
and user-generated features are extracted from the in-
teractions between users and systems. Specifically, in the
above dataset, editorial features include all kinds of content
features of items, user-generated features include user tags
mainly, and image visual features are image features of
movie posters. Next, the details about these kinds of features
will be given.

2.2.1. Editorial Features. In our dataset, editorial features are
mainly content features of movies; specifically, movie
content features consist of movie genres, movie actors,
languages, and so on. As shown in Table 1, movie genres and
countries are chosen as the editorial features of movies.
Reasonably, movie genres have a deep influence on choosing
movies to many people. Some people might take a keen
interest in horror movies, while others might never watch
them. Similarly, the countries of movies also have effects on
people’s preferences.

2.2.2. User-Generated Features. In our dataset, mainly, user
tags are the reflection of user interactions. /e movies that
users have tagged can reflect that users are attracted by these
movies to a certain degree. Whether the content of tags is
good or bad, these tags are something relevant to the movies,
especially the tags that many users have tagged./erefore, by
calculating the term frequency (TF) of each tag, we choose
tags that are tagged more than 5 times by users to enrich the
features of movies. In total, 1,245 tags are chosen as the user-
generated features.

Table 1: Summary statistics of our dataset.
Number of users 2,113
Number of movies 10,197
Number of ratings 855,598
Number of countries 72
Number of tags 13,222
Number of tag assignments 47,957
Number of movie genres 20
Number of movie posters 9,189
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2.2.3. Image Visual Features. When users browse an item on
the Internet, in most cases, the first thing that catches their
attention is the picture of the item; especially for movies,
sufficient potential information can be revealed from the
movie posters. For example, horror movies’ posters could
look bleak and cold, romantic movies might have warm-
toned posters. /erefore, there is a possibility that some
people may choose movies by their preferences of movie
posters.

However, movie posters are very complex, diversified,
and heterogeneous, so that it is very difficult to extract some
typical features, except for the posters’ dominant color
which is quite discriminating. /erefore, the dominant hue
of each porter is extracted through the RGB color model.
More specifically, we calculate the proportion of the different
color pixels in the whole image. After that, as shown in
Table 2, the movie posters are classified into 8 categories by
the range of their RGB values, and each category can attract
the attention of a specific kind of people.

3. Recommendation Model Based on
Hybrid Features

In conventional CF recommendation algorithms, user-item
rating data are usually used to calculate the users’ similarity
matrices and the nearest neighbors. However, they always
suffer from the problems of data sparsity and low efficiency
as described in Section 1. To solve the data sparsity problem,
we consider that more latent information would be imported
to build users’ similarity matrices. According to CB rec-
ommendation algorithms, instead of building users’ simi-
larity matrices by user-item ratings, the proposedmodel uses
users’ potential interests of hybrid features to calculate the
nearest neighbors. In particular, it transforms user-item
ratings into the ratings of hybrid features and then calcu-
lates users’ potential interest values of each feature to build
a user profile, which is the vector representation of user
interests in the feature space spanned. In this way, user
preferences are reflected from many-sided features’ rating
data when user ratings are scarce. Moreover, when user-item
rating matrix grows extremely large, the proposed model
which uses hybrid features’ rating matrix can greatly reduce
the time consumption because the number of features is
much less than items, so the hybrid features’ rating matrix is
much smaller than the user-item rating matrix.

As shown in Figure 1, the detailed workflow of the
proposed model is divided into Feature Interest Measure
process and Recommendation process. Firstly, our model
input various kinds of features’ matrices and user-item
rating matrix. And we combine user-item rating matrix
with the input features’ matrices to build several hybrid
features’ rating matrices by converting user-item ratings into
hybrid features’ ratings. Next, we calculate users’ potential
interest values of each feature to generate a user-feature
interest measure matrix. In the above Feature Interest
Measure process, all of these calculations and trans-
formations are completely offline. After that, in the online
Recommendation process, the user similarity matrix and
neighbor set are trained and generated based on user-feature

interest measure matrix. Finally, the predicted rating values
of items are calculated through the known user ratings and
neighbor set.

3.1. Feature Interest Measure. We have introduced our
dataset in Section 2; the hybrid features include 20 movie
genres, 72 movie countries, 8 movie poster styles, and 1,245
movie tags. Let Gi(i � 1, 2, . . . , 20) represent 20 movie
genres, Ci(i � 1, 2, . . . , 72) represent 72 movie countries,
Si(i � 1, 2, . . . , 8) represent 8 movie poster styles, and Ti(i �

1, 2, . . . , 1, 245) represent 1,245 movie tags. /e format and
example of the hybrid features’ matrix is shown in Table 3.
/e value 1 means the movie includes the feature, and the
value 0 means it does not. Apparently, the ratings of movies
can be converted to the ratings of features. /e problem is
that there are much more movies than features, and the
ratings of features are probably more than once in most
cases. So it needs to use an exact value to reflect users’ real
interest of a feature as much as possible. And the example of
user-feature interest measure matrix is shown in Table 4. We
were inspired by a calculation method proposed by Wang
et al. [20] to propose our calculation methods. Here we
describe some related concepts and definitions which are
used in our calculations. /e specific calculation processes
are as follows:

(i) Feature rating ratio: It is defined as the ratio of
user u’s total effective rating values for feature k to
user u’s total rating values, which is expressed as
FRR(u, k):

FRR(u, k) �
i∈Ik⊂Iu,r≥ σ/2rui

i∈Iu
rui

, (1)

where Iu is the set of items rated by user u, Ik is the set of
items with feature k, rui denotes user u’s rating for item i, and
σ denotes the maximum possible rating value in system. In
the model, items with the rating larger than σ/2 are regarded
as the ones that users are interested. FRR can reflect how
much is user u interested in feature k to some extent. And the
denominator of FRR can avoid the negative effect brought by
different users’ liveness (the amount of ratings).

(ii) Feature rating frequency ratio: It is defined as the
ratio of user u’s total effective rating times for feature

Table 2: /e categories of the movie posters.

/e range of RGB values Poster style
R ∈ [0, 128), G ∈ [0, 128), B ∈ [0, 128){ } Dark
R ∈ [0, 128), G ∈ [0, 128), B ∈ [128, 256){ } Deep blue
R ∈ [0, 128), G ∈ [128, 256), B ∈ [0, 128){ } Green
R ∈ [128, 256), G ∈ [0, 128), B ∈ [0, 128){ } Red
R ∈ [0, 128), G ∈ [128, 256), B ∈ [128, 256){ } Light blue
R ∈ [128, 256), G ∈ [0, 128), B ∈ [128, 256){ } Purple
R ∈ [128, 256), G ∈ [128, 256), B ∈ [0, 128){ } Yellow
R ∈ [128, 256), G ∈ [128, 256), B ∈ [128, 256){ } White
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k to user u’s total rating times, which is expressed as
FRFR(u, k):

FRFR(u, k) �
i∈Ik⊂Iu

δ rui( 

Tu




,

δ rui(  �

1, rui ≥
σ
2

,

0, rui <
σ
2

.

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(2)

Here, user u’s total rating times |Tu| can remove the
negative effect introduced by the liveness of different users.
FRFR also can reflect user u’s interest for feature k to
a certain extent.

However, FRFR calculates all effective rating times with
the same weight. Actually, user preferences are also reflected
by the rating values. So we modified (2) to reflect user
preferences more reliable as below.

(iii) Weighted feature rating frequency ratio: It is
expressed as WFRFR(u, k):

WFRFR(u, k) �
i∈Ik⊂Iu

ωr ∗ δ rui( 

σ/2∗ Tu




, (3)

where

ωr � rui −
σ
2

+ 1, (4)

where ωr is the weight value of δ(rui), which is calculated
through user rating rui. In this way, WFRFR can overcome
the shortcomings of FRFR.

(iv) Feature interest measure: It is defined as user u’s
interest measure value for feature k, which is
expressed as FIM(u, k):

FIM(u, k) �
2σ ∗ FRR(u, k)∗WFRFR(u, k)

FRR(u, k) + WFRFR(u, k)
, (5)

where FIM is the harmonic mean value of FRR andWFRFR.
/e maximum possible rating value σ is the normalization
factor to make the value of FIM ranges from 0 to σ, so this
calculation method is suitable for all kinds of rating-based
RS.

3.2. Recommendation. After the generation of user-feature
interest measure matrix offline, the proposed model pro-
cesses the recommendation online. Firstly, as shown in (6),
by employing Pearson correlation coefficient [21], the
similarity of users u and v is calculated through their interest
values of all the features, where ruk denotes FIM(u, k), which
is the interest value of user u for feature k, ru denotes the
average value of user u’s interest values, and n is the number
of features co-rated by users u and v.

sim(u, v) �


n
k�1 ruk − ru(  rvk − rv( 

�������������������������


n
k�1 ruk − ru( 

2


n
i�1 rvk − rv( 

2
 . (6)

When the similarity calculation is completed, user
similarity matrix and neighbor set are generated. Based on
the similarity matrix and neighbor set, the user-item rating
matrix is combined to calculate the predicted ratings of
items [21]. rui denotes user u’s predicted rating for item i.
/e calculation method of rui is as follows:

Table 4: Feature interest measure matrix.
User G1, G2, . . . , G20 C1, C2, . . . , C72 S1, S2, . . . , S8 · · ·

u1 3.5, 1, . . . , 2.5 3.5, 2, . . . , 4.5 4.5, 1, . . . , 2 · · ·

u2 4.5, 2, . . . , 0.5 1.5, 4, . . . , 1.5 2.5, 4, . . . , 1 · · ·

⋮ ⋮ ⋮ ⋮ ⋮
un 2.5, 2, . . . , 1.5 0.5, 4, . . . , 3.5 3.5, 3, . . . , 2 · · ·

Table 3: Input features’ matrix.
Movie G1, G2, . . . , G20 C1, C2, . . . , C72 S1, S2, . . . , S8 · · ·

m1 1, 0, . . . , 1 1, 0, . . . , 0 1, 0, . . . , 0 · · ·

m2 0, 1, . . . , 0 0, 0, . . . , 1 0, 0, . . . , 1 · · ·

⋮ ⋮ ⋮ ⋮ ⋮
mk 1, 1, . . . , 0 0, 1, . . . , 1 0, 0, . . . , 0 · · ·
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Figure 1: /e workflow of the proposed model.
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rui � ru +


n
v�1 sim(u, v) rvi − rv( 


n
v�1|sim(u, v)|

, (7)

where ru denotes the average rating of user u, v is a neighbor
user of user u, and there are n neighbors in total. rvi denotes
the rating of user v for item i.

4. Experimental Evaluation

In this section, it describes how we evaluate the proposed
model on the real dataset. In order to construct several
sparse data scenarios in the evaluation, we randomly select
user rating data from the full dataset described in Section 2,
while keeping the rating number proportion of each user
unchanged. Two methods are used to generate the sparse
datasets: one is that the average user rating number changes
from 10 to 80 in increments of 10; the other is that the
average user rating number and user number change from
25% of full dataset to 100% in increments of 25%.

4.1. Experimental Setup. /e experiments are performed on
an operating system of Windows 10, Intel(R) Core(TM) i5-
6500 CPU @ 3.20GHz, and 8GB RAM. Primarily, user-
based K-nearest neighbors (UserKNN) algorithm [22] is
chosen as the baseline. By importing the proposed model to
KNN, it is called hybrid feature-based KNN (HFB-KNN)
algorithm. In addition, if the proposed model only uses the
content features for comparison, it is called content feature-
based KNN (CFB-KNN) algorithm. To evaluate the per-
formance of above algorithms, to avoid bias, we used 10-fold
cross validation to avoid any fortunate occurrences, and the
experiments are deployed as follows:

(1) Selection of user neighbor number.

To have a better performance, by varying the user
neighbor number and setting user’s average rating number
as a fixed value (e.g., 60 ratings), the above algorithms are
evaluated to find the optimal user neighbor number.

(2) Experiments on sparse datasets.

To compare the recommendation performance, by
varying the average user rating number from 10 to 80 in
increments of 10, the above algorithms are evaluated on 8
sparse datasets.

(3) Comparison of recommendation time.

To compare the recommendation time, by varying the
average user rating number and user number from 25% of full
dataset to 100% in increments of 25%, the above algorithms
are evaluated on 2 groups of different-scale datasets.

4.2. EvaluationMetrics. In order to verify the advance of the
proposed model, mean absolute error (MAE) and root
mean-squared error (RMSE) are adopted as the evaluation
metrics. According to Herlocker et al. [23], by computing the
value distinction between predicted values and real values,
MAE and RMSE are usually used to evaluate predictive
accuracy. /e smaller values of the MAE and RMSE indicate

a better performance in recommendation because they
amplify the contributions of the absolute errors between the
predictions and the true ratings. Assuming ri is the predicted
rating, ri is the actual rating, n is the total number of ratings
from all users, MAE and RMSE are defined as follows:

MAE �
1
n



n

i�1
ri − ri


,

RMSE �

������������

1
n



n

i�1
ri − ri( 

2




.

(8)

4.3. Results

4.3.1. Selection of User Neighbor Number. Figure 2 shows the
results of MAE and RMSE with different numbers of user
neighbors. It can be noticed that the proposed model has
better rating prediction accuracy because HFB-KNN’s MAE
and RMSE values are always smallest in all the scenarios
of different user neighbor numbers. In addition, the number
of neighbor is set as 70 in the following experiments be-
cause such configuration leads to better recommendation
performance.

4.3.2. Experiments on Sparse Datasets. Figure 3 shows the
comparison results of rating prediction accuracy on 8
sparse datasets. Obviously, the prediction accuracy of 3
algorithms gets better when the average number of user
rating changes from 10 to 80, and HFB-KNN outperforms
both UserKNN and CFB-KNN. Moreover, when the data
are quite sparse (e.g., the average number of user rating is
less than 60), it should be noticed that the performance of
HFB-KNN and CFB-KNN is dramatically better than that
of UserKNN. /is is because both HFB-KNN and CFB-
KNN are based on the proposed model, which can enrich
the feature matrix and get more latent information of user
preferences in the sparse data scenarios. /e reason why
HFB-KNN outperforms CFB-KNN is that CFB-KNN only
exploits content features; however, HFB-KNN leverages
editorial features, user-generated features, and image visual
features.

4.3.3. Comparison of Recommendation Time. Figure 4 shows
the comparison of recommendation time on 2 groups of
different-scale datasets. Figure 4(a) shows the scenario of
varying the average user rating number from 1/4 of all user
ratings to the full dataset, while Figure 4(b) shows the
scenario of varying the user number from 1/4 of all users to
the full dataset. We can find that all the three algorithms take
more recommendation time with the increase of dataset
scale. However, HFB-KNN and CFB-KNN take much less
time than UserKNN in the two scenarios./us, it verifies the
higher efficiency of the proposed model. In particular, it
should be noticed that the larger scale the dataset is, the more
superior in time consumption the proposed model is.

Scientific Programming 5
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5. Conclusion

In this paper, we proposed an approach to calculate users’
potential preferences based on hybrid features. In particular,
by importing editorial features, user-generated features, and
image visual features of items for consideration, trans-
forming user-item ratings into hybrid feature ratings, and
calculating users’ potential interest values of each feature,
recommendation is processed based on the feature interest
values. /e experimental results showed that the proposed
method had better recommendation performance on the
sparse datasets and has higher efficiency on the large
datasets. In future work, we will try to extract more features
that can reflect users’ potential preferences, especially more
image visual features based on pixel information, rather than
dominant hue.
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As a novel swarm intelligence algorithm, artificial bee colony (ABC) algorithm inspired by individual division of
labor and information exchange during the process of honey collection has advantage of simple structure, less control
parameters, and excellent performance characteristics and can be applied to neural network, parameter optimization, and so
on. In order to further improve the exploration ability of ABC, an artificial bee colony algorithm with random location
updating (RABC) is proposed in this paper, and the modified search equation takes a random location in swarm as
a search center, which can expand the search range of new solution. In addition, the chaos is used to initialize the swarm
population, and diversity of initial population is improved. *en, the tournament selection strategy is adopted to maintain
the population diversity in the evolutionary process. *rough the simulation experiment on a suite of unconstrained
benchmark functions, the results show that the proposed algorithm not only has stronger exploration ability but also has better
effect on convergence speed and optimization precision, and it can keep good robustness and validity with the increase
of dimension.

1. Introduction

Many important problems require optimization, including
the traveling salesman problem, job shop scheduling, and
neural network training [1].*e existing algorithms such as
genetic algorithm (GA), evolutionary computation (EC),
and particle swarm optimization (PSO) are the simulation
of intelligence from the perspective of biological evolution
to solve optimization problems [2]. Artificial bee colony
(ABC) algorithm is a new kind of swarm intelligence al-
gorithm proposed by Karaboga and Basturk [3]; it simu-
lates the intelligent behavior of honey bees, and bees carry
out different nectar collecting activities according to their
respective division of labor to realize the sharing and
exchange of information source. Because of its simple
structure, less parameters, and easy implementation, it
has received extensive attention and research from many

scholars. At present, ABC algorithm has been successfully
applied in many fields, such as neural network [4], filter
design [5], parameter optimization [6], and combinatorial
optimization [7]. Similar to other swarm intelligence al-
gorithms, the ABC algorithm also suffers from defect of
early maturity. For this reason, some scholars use chaos to
initialize population to improve the diversity and the er-
godicity of swarm [8, 9]. In [10, 11], the selection mech-
anism of bidding match and ranking is put forward to
reduce the influence of super-individuals in the population
so as to avoid early maturity. In order to make the algo-
rithm jump out of a local extremum, the mutation oper-
ators are usually integrated into the ABC algorithm. *e
commonly used mutation operators include Gauss muta-
tion [12], Cauchy mutation [13], and differential evolution
mutation [14]. Rajasekhar et al. [15] makes full use of Lévy
distribution which has normal distribution and Cauchy
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distribution characteristics, and an improved ABC algo-
rithm based on Lévy mutation is put forward.

As to further improve the performance of ABC algo-
rithm, some scholars integrate the ABC algorithm and other
intelligent optimization algorithms, and some improved
hybrid optimization algorithms are proposed. Kıran and
Gündüz [16] proposed a hybrid optimization algorithm
based on particle swarm optimization (PSO) and ABC al-
gorithm. A hybrid algorithm combining ABC algorithm and
quantum evolution is presented by Duan to solve the
continuous optimization problem [17]. Chen et al. [18]
integrated a simulated annealing operator to ABC algo-
rithm, which can improve the exploitation ability of the
algorithm. Although ABC algorithm has better exploration
ability, the exploitation ability is insufficient and the local
search ability is weak. Zhu and Kwong [19] proposed
a global best- (gbest-) guided ABC by incorporating the
information of the gbest solution into the solution search
equation of ABC to improve the exploitation. Because the
Nelder–Mead simplex search (NMSS) mechanism is a local
descent algorithm, Kang et al. [20] combined NMSS and
ABC, and a hybrid simplex ABC algorithm is presented.
*e Rosenbrock ABC algorithm is proposed, which takes
the Rosenbrock method as a local exploitation operator
[21]. Gao et al. [22] used the traditional Powell method as
a local search operator and combined it with ABC, which
can complement the exploration ability of the Powell
method and the exploitation ability of ABC, thus the
performance of the algorithm is improved.

In this paper, an artificial bee colony algorithm with
random location updating (RABC) is proposed, the basic
search equation is modified, which can expand the search
range of new solution and further improve the exploration
ability of ABC algorithm. Numerical simulation experi-
ments are carried on some benchmark functions, and the
results demonstrate the effectiveness of RABC. *e rest of
this paper is organized as follows. In Section 2, the basic
ABC algorithm is presented. In Section 3, the RABC al-
gorithm is introduced in detail. Section 4 presents and
discusses the experimental results. Finally, the conclusion
is drawn is Section 5.

2. ABC Algorithm

2.1. Behavior Description of Bee Swarm. Bees in nature have
three different roles while gathering nectar; they are, re-
spectively, employed bees, onlooker bees, and scout bees.
*e three kinds of bees cooperate with each other to ac-
complish nectar collection. In addition, the basic behavior of
bees can be divided into two categories, which are the re-
cruitment of bees for food sources and the abandonment of
a food source.

Food sources are equivalent to locations of solution
in the optimization problem, and the quality of the
food source is expressed by a fitness value. *e pri-
mary task of the employed bees and the scout bees is to
explore and exploit food sources. After watching the
waggle dance of employed bees, onlooker bees determine
the yield of the food source through the intensity and

duration of the waggle dance and then choose the food
source to collect nectar based on the yield, and the scout
bees are randomly searching for food sources near the
hive. *e bees that have already found food sources are
called the employed bees. *e employed bees store some
information about food sources; they match food sources
one to one and share the information with other bees at
certain probability. *e number of the employed bees is
the same as that of the onlooker bees, and the scout bee is
only one.

*e search process for food sources consists of three
steps: (1) the employed bees find food sources and record the
amount of nectar; (2) according to the nectar information
provided by the employed bees, the onlooker bees select the
food source to collect nectar; and (3) the scout bees are
determined to search for new food sources.

2.2. Description of ABC. Inspired by the bee swarm in-
telligent behavior of gathering nectar in nature, ABC al-
gorithm is proposed by Karaboga. In the ABC algorithm,
the complete search range of bee swarm represents the
solution space of optimization problem. A location of
a random food source corresponds to a stochastic solution
of the optimization problem, and the nectar quantity of the
food source represents the fitness value, which is used to
describe quality of solutions. *erefore, the gathering
nectar process is also the process of searching for the
optimal solution.

Considering the global optimization problemmin f(X) :

X ∈ S ⊂ Rn}, the size of food sources is set as SN, and
the food source Xi � (xi,1, xi,2, . . . , xi,D) represents
a candidate solution; i ∈ 1, 2, . . . , SN{ }, and D is the di-
mension of the optimization problem. First, the ABC al-
gorithm generates an initial population containing SN
solutions; the bee swarm searches all food source circu-
larly, and the number of cycles is C (C � 1, 2, . . . , MCN).
Eventually, the optimal solution can be found. *e search
process includes three phases, which are depicted in detail
as follows:

(i) Employed Bees Phase

In this phase, each employed bee corresponds to the
current food source Xi, and a new food source Vi �

(vi,1, vi,2, . . . , vi,D) can be generated by using the search
equation; the search equation is expressed as follows:

vi,j � xi,j + φi,j xi,j − xk,j , (1)

where φi,j is a uniform random number in [−1, 1] and
k ∈ 1, 2, . . . , SN{ } is the randomly chosen indices and k≠ i.
j ∈ 1, 2, . . . , D{ } indicates a random selection dimension. If
the fitness of the new solution Vi is better, the original
solution is replaced by the new solution; otherwise, the
original solution will be retained.

(ii) Onlooker Bees Phase

After all the employed bees have completed the search
process, they will share the information of food sources with
the onlooker bees in the dance area, and the onlooker bees
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will calculate the probability of each solution according to
the following formula:

pi �
fiti


SN
k�1fitk

, (2)

where fiti is the fitness value of the solution i. A random
number is generated in [0, 1]. If the probability of the solution
pi is greater than the random number, then the onlooker bee
will generate a new solution by (1), and the fitness value of the
new solution is calculated. If the new solution is better, the
original solution is replaced; otherwise, the original solution is
reserved. It can be seen that the better the fitness of the food
source is, the higher the probability onlooker bees select.

(iii) Scout Bees Phase

If a position cannot be improved further through
a predetermined number of cycles limit, it indicates that the
food source has been exhausted and then that food source is
assumed to be abandoned. *e current employed bee be-
comes the scout bee, and the scout bee will produce a new
food source to replace the old one according to following
formula:

xi,j � xmin,j + rand(0, 1) · xmax,j − xmin,j , (3)

where xmax ,j, and xmin ,j are the upper and lower bounds for
the dimension j, respectively.

*e above three phases will be repeated until the
maximum iteration number MCN or the allowable value of
error ε is achieved.

*e fitness function is used to measure nectar quality
of solutions in ABC algorithm, and it is selected corre-
sponding to optimization problem. If the optimization
problem is to find the minimum value, the fitness function
is deformation of the objective function f(·), and it is
expressed as follows:

fit Xi(  �
1 1 + f Xi( ( , f Xi( > 0,

1 + abs f Xi( ( ( , f Xi( ≤ 0.
 (4)

If the optimization problem is to find the maximum
value, the fitness function is the objective function.

*e greedy selection is performed in ABC algorithm,
where

Vi �
Vi, fit Vi( > fit Xi( ,

Xi, fit Vi( ≤ fit Xi( .
 (5)

3. ABC with Random Location Updating

3.1. Search Range Analysis and Modified Search Equation.
In ABC, the bee swarm relies on the information sharing
among individuals to explore new food sources, and the
algorithm has stronger randomness, so it is generally rec-
ognized that it has better global search ability. *erefore,
some scholars have carried out research on how to improve
the local search ability of ABC algorithm. *e representative
work is the global best- (gbest-) guided ABC proposed by
Zhu (GABC). It is inspired by the particle swarm algorithm,

and a search operator guided by the best solution is in-
troduced to improve the exploit ability of the algorithm.
*us, the search equation is expressed as follow:

vi,j � xi,j + φi,j xi,j −xk,j  + φi,j g bestj − xi,j , (6)

where the parameter φ is the uniformly random number
distributed in [0, C] and C is the nonnegative constant.
Generally, it is set to 2.

However, the main purpose of this paper is to further
improve the global search ability of ABC algorithm and
accelerate the convergence speed. In order to directly an-
alyze the location of the new food source, the search range is
analyzed taking the two-dimensional plane space as an
example. As shown in Figure 1, in the plane coordinate
system O-XY, the coordinates of points A, B, and C are
respectively (1,0), (3,1), and (0,2). We take the point A as the
current food source, and according to the basic search (1) in
ABC, the search range defined by the points A and B is
represented by the blue area, and the search range defined by
the points A and C is represented by the orange area.*e two
search area overlaps, and yellow indicates the overlap area.
From Figure 1, although the ABC has good global search
ability and the search region is relatively large, the main
areas are still concentrated near the current food source, and
repeated search exists in the neighborhood of current food
source. Especially, in the later evolution stage of the algo-
rithm, it is easy to fall into local extremum and lead to the
premature convergence.

In order to further expand the global search ability of
ABC algorithm, we modify the search equation of ABC
algorithm and propose an improved ABC algorithm with
random location updating. *is algorithm takes a random
position of population as the search center, and thus the
modified search equation is expressed as

vi,j � xr,j + φi,j xr,j −xi,j , (7)

where r ∈ 1, 2, . . . , SN{ } is a random selection food source
and r≠ i. φi,j is a random number in [−1, 1]. By comparing (1)
and (7), we can see that the search centers of these two
equations are inconsistent. *e ABC algorithm uses the
current food source as the search center, while the RABC
algorithm randomly selects a food source as the search center.

In order to compare and analyze the search area of
RABC algorithm, the same example in Figure 1 is used to
determine the search area for RABC. As shown in Figure 2,
the search range defined by the points A and B is represented
by the blue area similarly, and the search range defined by
the points A and C is represented by the orange area. *ese
two search areas do not overlap, and compared with Fig-
ure 1, the joint search area is expanded, and the neighbor
area of the point A is partly included. *erefore, from the
size of the search range, the RABC algorithm can have better
global search capability and will be further validated by
numerical experiments in the following section.

3.2. Chaos Initialization. Chaos is a nonlinear phenomenon
and widely exists in nature. Generally, chaos is defined by
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a deterministic equation and can generate stochastic motion
states.*e generated chaotic sequence has the characteristics
of randomness, ergodicity, and regularity, and it can traverse
all the states in a certain range according to its own laws. In
this paper, chaos is used to realize the initialization of
population. At present, logistic is the most frequently used
chaotic function, and its equation is as follows:

zn+1 � μ · zn · 1− zn( , n � 0, 1, . . . , (8)

where μ is the control parameter. When the parameter μ is
determined, the sequence z1, z2, . . . , zn can be generated
iteratively at any initial value z0 ∈ [0, 1], and if μ� 4, the
system of (6) is completely chaotic. We use logistic chaos to
initialize the population; it can not only retain the ran-
domness of initialization but also increase the diversity of the
population. *e initialization process is as follows:

Step 1. For the optimization problem, the initial values are
randomly generated z0,j ∈ [0, 1] and j ∈ 1, 2, . . . , D{ }.

Step 2.*e initial value is substituted into (8) to produce the
chaotic sequence zi,j ∈ [0, 1] and i ∈ 1, 2, . . . , SN{ }.

Step 3. *e chaotic sequence is transferred into the solution
space according to the following equation:

xi,j � xmin,j + zi,j · xmax,j −xmin,j . (9)

3.3. Tournament Selection Strategy. In the ABC algorithm,
the selection probability of food source depends on the
fitness value, and the food source with the higher fitness
value has greater selection probability. In the early evo-
lution stage, some super-individuals may be generated so
that the evolution is easy to fall into the local extremum,
and the premature convergence comes up. Tournament
selection strategy is adopted based on the competition
mechanism in this paper. q � 2 individuals were randomly
selected from the population and compared with each
other, and then the individual with greater fitness is added
1. When all the individuals have been repeated with the
above process, the highest scoring individual has the
biggest weight. *e tournament selection strategy increases
the selection probability of a poor food source and avoids
the negative effects of the super-individual on the selection
process. *us, the probability of food source selection is as
follows:

Pi(t) �
ci(t)


SN
i�1ci(t)

, (10)

where ci is the score of the ith individual.

3.4. Algorithm Framework. *e framework of RABC
Algorithm 1 is given as follows. FEs indicates the current
evaluation times of the fitness function, and MaxFEs is the
maximum number of fitness function evaluation. trial is
used to record the number of times of the food source Xi
which has not been updated.

4. Experiment Results

4.1. Benchmark Functions and Parameter Settings. In this
section, we use five typical benchmark functions to validate
the comprehensive performance of the proposed algo-
rithm, and the experiments were implemented on a com-
puter with the main frequency of 3.6 GHz, memory 8G,
Matlab R2013a, and Windows 7 operating system. Table 1
lists the details of the five typical benchmark functions,
such as search range and the minimum value. *e func-
tions f1 and f2 are typically unimodal functions, and the
sphere function is mainly used to test the convergence
speed. While the Rosenbrock function has the local min-
imum value, and it is nonconvex, ill-conditioned unimodal
function used to test the convergence speed and execution
efficiency. *e functions f3∼f5 are the complex nonlinear
multimodal functions with many local extreme values.
*ey are mainly used to test the global search ability and the
ability of jumping out from the local extremum to avoid
premature convergence.

A series of experiments on the benchmark function are
performed, and the results are compared and analyzed
among ABC, GABC, and RABC; it mainly includes ac-
curacy, convergence speed, and dimension expansion.
For a fair comparison among ABCs, they are tested using
the same settings of the parameters. *e number of the
employed bees is the same as that of the onlooker bees.

O A

B

C

X

Y

Figure 2: Search range of RABC.
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B

C

X

Y

Figure 1: Search range of ABC.
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*e maximum number of function evaluation is set to
300000; thus, the maximum iterations’ cycle is 5000, and
the size of population SN � 60. In addition, all the
benchmark functions are tested when the dimension D is
50 and 100, respectively, and the parameter limit � 0.1 ×

SN ×D. In GABC, the parameter C is set to 2, and its
setting refers to [19].

4.2. Result Analysis. For each benchmark function, every
algorithm runs 30 times independently, and the perfor-
mance of each algorithm is evaluated by calculating the best
value, the worst value, the mean value, and the standard
deviation (SD). Note that the SD is mainly used to evaluate
the stability of convergence accuracy for each algorithm.
Table 2 and 3 show the comparison results at dimensions
D� 50 and D� 100, respectively.

As can be seen from Table 2 and 3, for the unimodal
sphere function, the convergence accuracy and stability
of RABC is better than that of GABC and ABC both at
D � 50 and D � 100. However, for the complex unimodal
Rosenbrock function and multimodal Rastrigin, Ackley,

and Griewank functions, when the dimension D � 50, the
convergence accuracies of RABC and GABC are better
than that of ABC, and the convergence stability of RABC
is better than that of GABC. As the dimension of
the optimization problem increases, the computational
complexity also increases dramatically, and thus the
algorithm performance degenerates. But in the case of
dimension D � 100, the convergence accuracy and stability
of RABC is still better than those of GABC and ABC
algorithms.

Figures 3–7 are the evolution curves of all benchmark
functions; the abscissa shows the number of iteration, and
the ordinate indicates the mean value of objective function.
As can be seen from the above figures, for the unimodal
sphere function, the optimization accuracy of RABC, GABC,
and ABC decreases linearly, the convergence speed of RABC
is better than that of GABC, and GABC is better than ABC.
For the complex unimodal Rosenbrock function, when the
dimension D� 50, the convergence speeds of RABC and
GABC are much better than that of ABC in the early stage of
evolution. However, because of the characteristics of the
function, it is easy to fall into the local extremum and the

Table 1: Typical benchmark functions.

Name Function Minimum Range Features

Sphere f1 � 
D
i�1x

2
i 0 (−100,100) Unimodal

Rosenbrock f2 � 
D−1
i�1 (100(xi+1 −x2

i )2 + (xi − 1)2) 0 (−50,50) Unimodal

Rastrigin f3 � 
D
i�1(x2

i − 10 cos(2πxi) + 10) 0 (−5.12,5.12) Multimodal

Ackley f4 � −20 exp(−0.2
����������
(1/n)

n
i�1x

2
i


)− exp((1/n)

n
i�1cos(2πxi)) + 20 + e 0 (−32.768,32.768) Multimodal

Griewank f5 � (1/4000)
D
i�1x

2
i −

D
i�1 cos(xi/

�
i

√
) + 1 0 (−600,600) Multimodal

(1) Generate SN food sources Xi|i � 1, 2, . . . , SN  by Section 3.2.
(2) FEs� SN;
(3) While FEs≤MaxFEs do
(4) % Employed Bees Phase
(5) for i� 1 to SN do
(6) Generate a new candidate solution Vi according to (7);
(7) Update candidate solution Vi according to (5);
(8) if f(Vi)<f(Xi), set triali � 0, else triali � triali+ 1; end
(9) FEs� FEs+ 1;
(10) end
(11) % Onlooker Bees Phase
(12) for ii� 1 to SN do
(13) Choose a food source Xi i ∈ 1, 2, . . . , SN{ } form the current swarm by the roulette wheel selection mechanism;
(14) Generate a new candidate solution Vi according to (7);
(15) Update candidate solution Vi according to (5);
(16) if f(Vi)<f(Xi), set triali � 0, else triali � triali+ 1; end
(17) FEs� FEs+ 1;
(18) end
(19) % Scout Bees Phase
(20) if triali> limit, replace Xi with a newly randomly candidate.
(21) if FEs>MaxFEs, stop and output the best solution achieved so far, otherwise, go to step 3.

ALGORITHM 1: RABC.
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Table 3: Result comparisons of ABCs at D� 100.

Function Algorithm Best Worst Mean SD

f1 sphere
ABC 1.9289e+ 04 3.0586e+ 04 2.5029e+ 04 2.4108e+ 03
GABC 8.3306e+ 00 3.3362e+ 02 9.2300e+ 01 8.0450e+ 01
RABC 5.5639e2 13 1.4283e2 10 2.3396e2 11 3.3360e2 11

f2 Rosenbrock
ABC 5.7439e+ 08 9.1878e+ 08 7.6453e+ 08 8.3811e+ 07
GABC 1.6008e+ 04 8.2963e+ 05 2.5306e+ 05 2.3158e+ 05
RABC 7.5552e+ 01 2.9737e+ 02 1.8136e+ 02 5.9380e+ 01

f3 Rastrigin
ABC 8.1959e+ 02 1.0394e+ 03 9.9539e+ 02 4.3577e+ 01
GABC 2.8785e+ 02 1.0569e+ 03 5.2517e+ 02 2.0834e+ 02
RABC 2.0695e+ 02 3.2237e+ 02 2.5974e+ 02 3.2072e+ 01

f4 Ackley
ABC 1.3725e+ 01 1.5174e+ 01 1.4491e+ 01 4.0077e− 01
GABC 1.5230e+ 00 5.8137e+ 00 3.0739e+ 00 8.9919e− 01
RABC 1.5018e2 07 1.2507e2 06 5.4137e2 07 3.2736e2 07

f5 Griewank
ABC 1.5337e+ 02 2.1861e+ 02 1.8835e+ 02 1.6630e+ 01
GABC 9.7595e− 01 2.8826e+ 00 1.3889e+ 00 3.9773e− 01
RABC 6.3483e2 13 3.1555e2 11 8.8974e2 12 9.3624e2 12
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Figure 3: Evolution curves at the sphere function. (a) D� 50. (b) D� 100.

Table 2: Result comparisons of ABCs at D� 50.

Function Algorithm Best Worst Mean SD

f1 sphere
ABC 1.3343e− 07 5.5490e− 07 2.9340e− 07 1.2284e− 07
GABC 8.0766e− 23 7.5958e− 18 5.1502e− 19 1.7824e− 18
RABC 1.5569e2 49 2.4871e2 45 3.0262e2 46 5.5547e2 46

f2 Rosenbrock
ABC 6.7942e+ 06 2.3206e+ 07 1.6657e+ 07 3.3657e+ 06
GABC 2.5497e+ 01 1.6969e+ 02 7.1468e+ 01 3.9955e+ 01
RABC 3.4317e+ 01 1.0555e+ 02 5.6988e+ 01 2.5748e+ 01

f3 Rastrigin
ABC 3.3160e+ 02 4.2417e+ 02 3.9589e+ 02 1.9607e+ 01
GABC 4.5768e+ 01 4.4127e+ 02 1.2709e+ 02 1.0648e+ 02
RABC 5.0743e+ 01 9.9496e+ 01 7.5982e+ 01 1.4424e+ 01

f4 Ackley
ABC 6.7080e− 05 1.6450e− 04 1.0683e− 04 2.8482e− 05
GABC 7.0690e− 12 6.7093e− 10 1.5803e− 10 1.6938e− 10
RABC 6.2172e2 15 1.6254e2 13 3.7718e2 14 3.2718e2 14

f5 Griewank
ABC 1.4731e− 07 9.4283e− 07 5.7262e− 07 2.0506e− 07
GABC 0.00e+ 00 0.00e+ 00 0.00e+ 00 0.00e+ 00
RABC 0.00e+ 00 0.00e+ 00 0.00e+ 00 0.00e+ 00
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evolution is stagnant. But in the case of dimension D� 100,
the convergence speed of GABC decreases significantly,
while RABC still maintains a fast convergence speed. *e
multimodal Rastrigin, Ackley, and Griewank functions are
complex nonlinear problems, which are mainly used to test
the global search performance. RABC has better global
search performance and fast convergence speed as shown in
Figures 5–7.

In summary, whether for unimodal or multimodal
functions, RABC not only has stronger exploration ability,
but also has better effect on convergence speed and

optimization precision. As the dimension of the optimiza-
tion problem increases, it can also keep good robustness and
validity.

5. Conclusions

*is paper presents an artificial bee colony algorithm with
random location updating, and the search equation of this
algorithm takes a random position in swarm population as
the search center. In contrast to ABC, the search range of
new solution is further expanded, which can enhance the
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Figure 4: Evolution curves at the Rosenbrock function. (a) D� 50. (b) D� 100.
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Figure 5: Evolution curves at the Rastrigin function. (a) D� 50. (b) D� 100.
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exploration ability. Besides this, the chaos is used to initialize
the swarm population, and diversity of initial population is
improved.*en the tournament selection strategy is adopted
to maintain the population diversity in the evolutionary
process. *e results of the simulation experiment on a suite
of unconstrained benchmark functions demonstrate that
RABC not only has stronger exploration ability but also has
better effect on convergence speed and optimization pre-
cision, and it can keep good robustness and validity with the
increase of dimension.

As an extension of this paper, the proposed algorithm
will be further studied in theory; for instance, the global
convergence of this algorithm will be verified using the
convergence criterion of stochastic search algorithm and the
properties of the Markov chain, and the moving trajectory of

bees will also be studied according to the theory of nonlinear
dynamic. In addition, from the perspective of practical
application, the fusion of the proposed algorithm with other
optimization algorithms and the selection of its own pa-
rameters will also be the next research contents.
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Figure 6: Evolution curves at the Ackley function. (a) D� 50. (b) D� 100.
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Figure 7: Evolution curves at the Griewank function. (a) D� 50. (b) D� 100.
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)e cylindricity error is one of the basic form errors in mechanical parts, which greatly influences the assembly accuracy and
service life of relevant parts. For the minimum zone method (MZM) in international standards, there is no specific formula to
calculate the cylindricity error. )erefore, the evaluation methods of the cylindricity error under the MZM have been widely
concerned by international scholars. To improve the evaluation accuracy and accelerate the iteration speed of the cylindricity, an
improved harmony search (IHS) algorithm is proposed and applied to compute the cylindricity. On the basis of the standard
harmony search algorithm, the logistic chaotic initialization is introduced into the generation of initial solution to improve the
quality of solutions. During the iterative process, the global and local search capabilities are balanced by adopting the par and bw

operators adaptively. After each iteration, the Cauchy mutation strategy is adopted to the best solution to further improve the
calculation precision of the IHS algorithm. Finally, four test functions and three groups of cylindricity error examples were applied
to validity verification of the IHS algorithm, the simulation test results show that the IHS algorithm has advantages of the
computing accuracy and iteration speed compared with other traditional algorithms, and it is very effective for the application in
the evaluation of the cylindricity error.

1. Introduction

In order to evaluate themanufacturing quality of mechanical
parts, the inspection process has always been an important
step in the whole life cycle of mechanical products. As an
important parameter to evaluate the manufacturing accu-
racy of the internal and external cylindrical surfaces of
the rotary part, the cylindricity error has become the focus
of the research in the field of mechanical measurement.
Coordinate measuring machine (CMM) is a common tool to
inspect the cylindricity error of the mechanical parts, which
is widely used because of its high precision. )e spatial
coordinates information of the measured point of the part is
obtained by the sensor of the CMM.)en, the measurement
data obtained from the sensor is analyzed through the error
evaluation algorithm to calculate the cylindricity error of the

measured parts. At present, in order to obtain the cylin-
dricity error of measurement data more quickly and accu-
rately, a lot of research results have been obtained. It is of
great value in engineering application to evaluate the
cylindricity error quickly and accurately, which has great
influence on the function and life of the product.

For the cylindricity error evaluation, the least square
method (LSM) is widely used in the field of engineering
applications, but the accuracy of LSM is relatively low and
cannot be applied in the high-precision evaluation field
[1, 2]. Compared with the LSM, the minimum zone
method (MZM) is one of the techniques that has a higher
evaluation accuracy. It can meet the minimum zone
principle in the international standards and obtain the
accurate results of the measurement data. However, there
is no specific algorithm in international standards, so it has
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received widely attention and research on the MZM by
international scholars.

Based on the initial research results, the nonlinear
optimization algorithms [3, 4] are the most important
methods for cylindricity error evaluation under the MZM.
Moreover, the nonlinear optimization algorithms are rel-
atively complex and difficult in the construction of the
mathematical model. However, with the continuous im-
provement of the artificial intelligence technology, the
intelligent optimization algorithms have developed an ef-
fective method to solve such complex nonlinear problems.
And some of them have been introduced into the cylin-
dricity error evaluation because of their simplicity and
effectiveness, such as GA [5] and PSO [6, 7]. In addition,
compared with nonlinear optimization algorithms, the
construction of the mathematical model for intelligent
optimization algorithm is also very simple. But the ini-
tialization parameters of these algorithms have great in-
fluence on the calculation results. )erefore, the
improvement of the accuracy and convergence speed of the
cylindricity algorithm has become an important research
topic at this stage.

Harmony search (HS) algorithm is an intelligent
optimization algorithm, which simulates the creation
process of the music [8]. It has the advantages of relatively
simple computational principle and strong global search
ability, so it is very suitable for engineering applications
such as the sizing optimization of truss structures and
reliability problems [9, 10]. But for the basic HS algo-
rithm, there are some problems such as the premature
convergence in the iteration process and low accuracy in
later iteration.

To improve the evaluation accuracy and accelerate the
iteration speed of the cylindricity, on the basis of the
standard HS algorithm, the logistic chaotic initialization is
introduced into the generation of initial solution to im-
prove the quality of solutions. During the iterative pro-
cess, the global and local search capabilities are balanced
by adopting the par and bw operators adaptively. After
each iteration, the Cauchy mutation strategy is adopted to
the best solution to further improve the calculation
precision of the IHS algorithm. Finally, four test functions
and three groups of cylindricity error examples were
applied to validity verification of the IHS algorithm, the
simulation test results show that the IHS algorithm has
advantages of the computing accuracy and iteration speed
compared with other traditional algorithms, and it is very
effective for the application in the evaluation of the
cylindricity error.

)e organizational structure of this paper is shown as
follows: the research background and significance of the
paper are introduced in Section 1. In Section 2, the present
research results of this work are described. In Section 3,
the mathematical model of the cylindricity error and the
objective function of the problem are established. )e
basic HS algorithm and IHS algorithm are proposed in
Sections 4 and 5, respectively. )e simulation experiments
of the algorithms and cylindricity error analysis are
carried out in Section 6. In the last section of this paper,

the conclusion of this work is summarized and the future
work is prospected.

2. Related Works

In the research results of the cylindricity error evaluation
under the MZM, Carr and Ferreira established the nonlinear
mathematical model of the cylindricity and straightness errors
and then used the linear programmingmethod (LPM) to solve
the problem, but this method requires a set of appropriate
initial solutions [3]. Lai and Chen converted the spatial
cylindricity into the plane problems by nonlinear trans-
formation and used the parameters adjustment to obtain the
cylindricity error [4]. Chou and Sun deduced a general
mathematical model of the cylindricity error. )e simulated
annealing (SA) algorithm is applied to solve the model that
shows the advantage in the global optimization performance
[11]. Lai et al. used the genetic algorithm (GA) to solve the
mathematical model of the cylindricity error under the MZM,
and the experiment proves that the method has good flexi-
bility and accuraxcy [5]. Weber et al. applied the linear ap-
proximation technique to the form error evaluation that
includes the cylindricity error. )e method provided an ap-
proximate solution for the form error [12]. Zhu and Ding
combined the motion geometry and sequence approximation
algorithm to analyze and evaluate the cylindricity error. )e
experiments proved the validity of the algorithm [13]. Lao
et al. improved the hyperboloid technique by constructing an
initial axis to establish the cylindrical error evaluation model,
and the experiment showed that themethod further improved
the accuracy of cylindricity evaluation [14]. Cui et al. andMao
et al. applied a particle swarm optimization (PSO) algorithm
to cylindricity error evaluation, and the calculation accuracy
was further improved, respectively [6, 7]. Venkaiah and
Shunmugam designed a cylindricity error evaluation algo-
rithm based on the computational geometry method [15]. Bei
et al. and Guo et al. improved the genetic algorithm and
applied it to the cylindricity error assessment, respectively
[16, 17]. Li et al. used the coordinate transformation to
construct the cylindricity error mathematical model, and the
model has a high evaluation accuracy [18]. Luo et al. further
improved the global optimization ability of an artificial bee
colony algorithm by introducing tabu strategy, thus increasing
the evaluation speed of the cylindricity error [19]. Wen et al.
modified the particle velocity using a contraction factor and
improved the convergence ability of the PSO. )e improved
PSO (IPSO) was applied to the cylindricity and conicity errors
which have a good flexibility [20]. Lei et al. designed a method
of cylindricity error evaluation based on the geometry opti-
mization searching algorithm. )e method can obtain the
cylindricity error by setting the hexagon in the measurement
points [21]. Lee et al. developed a cylindricity error evaluation
based on support vector machines (SVM), and the algorithm
can be applied in the field of the machine vision system [22].
Wen et al. utilized a quasiparticle swarm algorithm and
calculated the cylindricity error [23]. He et al. used kinematic
geometry and a sequential quadratic programming algorithm
to solve the cylindricity error of measured parts. )e method
has high stability and accuracy [24]. Hermann introduced the
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application of the computation geometry technique to the
form errors that include cylindricity [25]. Zheng et al. adopted
a linear programming method to construct the mathematical
model of the cylindricity error.)emodel was solved by a new
simplex method [26].

On the basis of the above literatures, we improved the HS
algorithm through the generation of initial solution, the
dynamic adjustment of operators, and the optimal solution
perturbation, to further enhance the optimization ability and
the iterative speed of the basic HS algorithm. It is designed to
provide a reliable method for the evaluation of the cylin-
dricity error.

3. Mathematical Model of Cylindricity
Error Evaluation

According to the concepts in the relevant standard [1, 2], the
cylindricity error under the MZM can be defined as follows:
the area is the radius difference of two coaxial ideal cylinders
that contain the measured cylinder, and when the area
reaches the minimum value, the radius difference is the
cylindricity error under the MZM. As shown in Figure 1, the
graph shows the measurement process of the cylindricity
error. For the cylindrical parts, due to the manufacturing
errors of the machine tool, the actual parts will always have
a certain error compared with the ideal parts, and the cy-
lindrical surface will produce a certain deformation.
)erefore, the CMM is used to obtain the coordinates in-
formation of the measured parts. Figure 2 illustrates the
principle of the cylindricity error calculation, where L is the
axis of the two ideal cylinders and f is the radius difference;
when f takes the minimum value, the value of f is the
cylindricity error of the cylinder measured under the MZM.

As a space element, the mathematical expression of the
cylindricity error requires more parameters. In order to
reduce the amount of computation, the relevant literatures

simplified the model by assuming conditions, which does
not really match the reality [5, 17]. In order to ensure the
generality of cylindricity error evaluation, the general
equation of the cylinder error is established under the MZM
to obtain the error. It is assumed that the points of the
measured cylinder are pi(xi, yi, zi)(i � 1, 2, . . . , n), where
pi(xi, yi, zi) is the coordinates of the measured point in the
Cartesian coordinate system and n is the number of mea-
sured points. L is the coaxial cylindrical axis, and the point-
oriented parametric equation is formula (1) [16], where x0,
y0, and z0 is the fixed point of L and the a, b, and c are the
directional parameters, respectively. For the measured point
pi, its distance equation to the space axis L is shown as
formula (2), where r is the distance from the point pi to the
axis L and i, j, and k are the unit vectors of the x, y, and z

direction:
x− x0

a
�

yi −y0

b
�

zi − z0

c
, (1)

r �

i j k

xi −x0 yi −y0 zi − z0

a b c

�������������

�������������
����������
a2 + b2 + c2

√ .

(2)

)erefore, for the intelligent optimization algorithm, the
objective function of the problem needs to be established.
Based on the minimum condition of the cylindricity error, it
can be converted to a nonlinear minimum problem. )e
objective function is shown as formula (3) [16]. )e target
parameters are the value of x0, y0, z0, a, b, and c when f met
the minimum value:

f x0, y0, z0, a, b, c(  � min(max(r)−min(r)). (3)

Formula (3) describes the mathematical model of the
cylindricity error. f is the value of the cylindricity error
of the measured part. x0, y0, z0, a, b, and c are the pa-
rameters value of the two ideal cylindrical axes when f

obtains the minimum value that can satisfy the MZM

Figure 1: )e measurement process of the cylindricity error.
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Figure 2: Schematic of the cylindricity error.
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condition. )erefore, for this nonlinear minimization
problem, it can be solved by the HS algorithm.

4. Basic Harmony Search Algorithm

)e HS algorithm is a heuristic intelligent optimization
algorithm proposed by Geem et al. [8] in 2001. It simulates
the creation process of music to achieve the goal of opti-
mization. )e audience’s evaluation of the music is the
function fitness value. HS algorithm flow includes the pa-
rameters initialization, the generation of new solutions, and
the updating of the harmonymemory library (HMS).)eHS
algorithm process is shown as follows.

4.1. Parameter Initialization. In the HS algorithm, N is the
size of the HM, xi is the harmony vector of the HMS (the
solution of problem), xij is the component j of harmony vector
i, D is the dimension of the problem, xl and xu are the lower
and upper values in each dimension, the specific expression
is x � x|xl ≤ xij ≤xu, i � 1, 2, . . . , N; j � 1, 2, . . . , D , P is
the harmony memory considering the rate, par is the pitch
adjusting rate, and bw is the bandwidth. According to the
abovementioned variable meaning, the harmony vector i’s
achievement is x � (xi1, xi2, . . . , xiD), i � 1, 2, . . . , N, f(x)

is the function fitness value, and the optimal solution is the
xbest, and initialize the harmony memory library by

xij � x
l
+ x

u − x
l

  × r, (4)

where r is a random number whose value is 0 to 1.

4.2. Generation of NewHarmony Vector. In this stage, a new
harmonic vector is generated by three methods, which are
harmony memory, tone adjustment, and random genera-
tion. )e new harmony vector can be expressed as
x′ � (x1′, x2′, . . . , xD

′ ), and each component of x′ is produced
by the above three methods. Firstly, the probability of
HMCR is used to control the new vector component, and the
pseudocode is shown as Algorithm 1; secondly, after con-
sidering the probability of memory consideration, it needs to
consider probability of the tone adjustment, and the
pseudocode is shown as Algorithm 2.

4.3. Update the HarmonyMemory Library. Update the HMS
by comparing the new solution x′ with the worst solution xw

in HM. If x′ is better than xw, then accept x′; if x′ is worse
than xw, then keep xw.

4.4. Termination Condition. By setting the number of iter-
ations or calculating precision, the algorithm is judged to be
finished. )e pseudocode of the HS algorithm is shown as
Algorithm 3.

5. Improved Harmony Search Algorithm

5.1.1eMotivation of the IHS. HS algorithm is an intelligent
optimization algorithm derived from the creation of the
music. For the basic HS, the best solution in the HM is an

individual with the best function value. Although the HS
algorithm has a good optimization ability, it is still easy to fall
into the local optimum. According to the principle of the
basic HS algorithm, there are three main problems. Firstly,
the distribution of the initial solution will greatly affect the
initial computational performance of the algorithm. Sec-
ondly, the par and bw of the HS algorithm greatly affect the
algorithm optimization efficiency. )irdly, the HS algorithm
only updates the worst solution and does not search the
optimal solution. )erefore, based on the three problems
existing above in the HS algorithm and combined with the
problems to be solved, the initial solution generation, dy-
namic adjustment of the operator, and optimal solution
disturbance are proposed to increase the diversity of the
population and prevent the premature convergence of the
algorithm.

If rand≤P then
xj
′ � xij, xij ∈ (j � 1, 2, . . . , D)

Else
xj
′ � xl + rand × (xu −xl)

End If

ALGORITHM 1: Pseudocode of the first stage.

If rand< par then
xj
′ � xij ± rand × bw

End If

ALGORITHM 2: Pseudocode of the second stage.

Start
Set N, HMS, D, P, par, bw

Generate HM harmony vector by formula (4)
Calculate f(xij)

t� 0
While t≤T do
For j� 1 to D do
If rand≤P then

xj
′ � xij

If rand≤ par then
xj
′ � xij ± rand × bw

End if
Else

xj
′ � xl + rand × (xu −xl)

End if
End for
If f(x′)<f(xw) then
xw � x′
End if
t� t+ 1

End while
Output xbest

ALGORITHM 3: Pseudocode of the HS algorithm.
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5.2. Chaos Initialization. In the initialization process of the
intelligent optimization algorithm, different generation
methods will produce different initial solution sequences.
)e basic HS algorithm generates the initial population in
a random way that has some problems such as the uneven
distribution of the original individual and thus affects the
optimization performance of the algorithm. To make the
initial solution more uniformly distributed and improve
the quality of the initial solution, the chaotic initialization is
applied to the standard HS. Chaos sequence has the ad-
vantages of traversal, randomness, and regularity, and it can
be obtained by a definite equation [27]. )e sequence of
initial solution generated by logistic chaotic [28] mapping is
proposed as

xn+1 � μxn 1− xn( ,

x′n � xmin + xn xmax −xmin( ,
(5)

where μ is 4, and it indicates that the system is a completely
chaotic; xmin and xmax are the upper and lower limits of the
variable in solution space, respectively; xn is a initialization
variable generated by chaotic in (0,1]; and xn

′ is the variable
that is mapped to the range of value between xmin and xmax
by xn.

5.3. New Parameters of par and bw. In the basic harmony
search algorithm, par and bw are the two key control pa-
rameters. )e global and local search ability of the algorithm
is mainly controlled by par, and the convergence speed of the
algorithm is adjusted by bw. However, par and bw are
constant values, and they are impossible to adjust the global
and local search ability effectively in the iterative process of
the algorithm, which leads to the algorithm falling into the
local optimum.

In order to improve the optimization ability and iterative
speed of the basic HS, the par and bw are adjusted by
a dynamic factor. For par, a smaller value is taken at the
beginning of the iteration to increase the global exploration
ability, and the local search ability is enhanced by a larger
value at the end of the algorithm. For bw, a large value is
taken at the beginning of the iteration to increase the di-
versity of the population, and a smaller value is taken in the
late iteration inspired by a simplified artificial fish warm
algorithm (SAFSA) [29]. )e new par and bw are shown as

par �
1

1 + exp(5− 10(t/T))
,

bw � bw0 ∗ exp −30 ×
t

T
 

10
 ,

(6)

where bw0 is the initial value of 0.5 and t is the current
number of iterations.

5.4. CauchyMutation Strategy. In the iterative process of the
harmonic search algorithm, the optimal solution usually
swings between the historical optimal solutions, so it needs
to further increase the search space of the optimal solution
and avoid the algorithm falling into the local optimum. In

order to improve the accuracy of the algorithm, the Cauchy
mutation strategy is introduced into the algorithm; in each
iterative process, the global optimal solution is mutated, and
the mutation prevents the optimal solution oscillation and
accelerates the convergence speed of the algorithm, β is
defined as the random number of Cauchy (0, 1) distribution,
as shown in the following formulae:

xij
′ � xbest,j + β∗xbest,j, (7)

β � tan(π ∗ (rand(0, 1)− 0.5)). (8)

5.5. Algorithm Steps of IHS. Based on the corresponding
improvement methods, the proposed IHS algorithm process
is shown below:

(1) Parameters initialization:N is the size of theHM;D is
the dimension of the problem; xl and xu are the

x0 � rand(1, D)

For i� 1 to N
x(i) � 4∗x(i− 1)(1−x(i− 1))

End
x′ � xmin + (xmax −xmin)∗x

End

ALGORITHM 4: Pseudocode of population initialization.

Start
Set N, HMS, D, P, par, bw

x(0) � rand(1, D)

For i� 1 to N
x(i) � 4∗ x(i− 1)(1−x(i− 1))

End
x′ � xmin + (xmax −xmin)∗x

End
t� 0
While t≤T

For i� 1 to D
If rand≤P

xj
′ � xij, xij ∈ (j � 1, 2, . . . , D)

If rand≤ 1/(1 + exp(5− 10(t/T)))

xj
′ � xij ± rand × bw0 ∗ exp(−30 × (t/T)10)

End
Else

xj
′ � xl + rand × (xu −xl)

End
End
If f(x′)<f(xw)

xw � x′
End

Update xbest as formulae (7) and (8)
End while
Output xbest

ALGORITHM 5: Pseudocode of IHS.
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upper and lower limits of the variables; P is the
harmony memory considering the rate; par is the
pitch adjusting rate; and bw is the bandwidth. )en,
go to step (2).

(2) Chaos initialization: As described in Section 5.2,
random sequence individuals which number is N are
generated, and the fitness function value of each
individual is calculated; the generated N harmony
vectors are deposited into the harmony memory as
the initial solution vectors. )en, go to step (3).

(3) Generate a new harmony vector: As described in
Section 4.2, a new harmony is generated by harmony
memory, tone adjustment, and random generation,
respectively, where par and bw are replaced by
Section 5.2. )en, go to step (4).

(4) Update the HMS, as described in Section 4.3. )en,
go to step (5).

(5) Cauchy mutation strategy: According to Section 5.3,
the best solution xbest is updated, shown as formulae
(7) and (8). )en, go to step (6).

(6) Iteration stopping criterion: If the calculation satisfies
the stopping criterion, the calculation is completed
and the optimal solution is output; if not, return to
step (3). )e pseudocode of IHS is shown as
Algorithm 5.

6. Experiment and Discussion

In order to verify the validity of the IHS algorithm for the
calculation of the cylindricity error, this paper has selected
four test functions and three groups of examples to test the
performance of the IHS algorithm. )e computer system in
this experiment is Win 7 64 bit, the processor is i5-
4200ucpu@1.60GHz, the installation memory is 4.00GB,
each group experiment is calculated 30 times, experiment
iterations of each group is 500, the population quantity is 50,
the dimension of problem D is 6, bw0 is 0.5, P is 0.9, and the
upper and lower bounds of variables are [−30, 30].

6.1. Performance Test. To test the performance of the IHS,
four standard test functions are adopted. As shown in Ta-
ble 1, sphere function is a simple one-peak function that
mainly tests the iteration speed of the algorithm. Rosenbrock
function is a relatively complex single-peak function to test
the optimal performance. Rastrigin function and Griewank
function are both multimodal test functions. But the
Griewank function is relatively complex than the Rastrigin
function, and they are commonly used to test the global

search capability of the algorithm. )e images of the above
four test functions are shown as Figures 3–6.

To test the computing performance of the IHS, the HS,
firefly algorithm (FA), dragonfly algorithm (DA), artificial
bee colony (ABC), and modified harmony search (MHS)
algorithm are applied to the test as contrast algorithms.
)e parameters of the IHS are shown in the following:
the number of initial population is 50, the dimension of the
problem is 6, the number of global iteration is 500, and the
algorithm is tested 30 times.

)e experimental results are shown in Table 2. For the
test results of the test functions, compared with the HS, FA,
DA, ABC, and MHS algorithms, the IHS algorithm has the
lowest mean value that represents highest computing pre-
cision, and the lowest standard deviation that represents the
high computational stability in sphere and Rosenbrock
functions. For the test results of Rastrigin and Griewank, IHS
can converge to the global optimal solution, while other
algorithms fall into the local optimal. )erefore, IHS algo-
rithm has good optimization ability compared with other
algorithms.

Figures 7, 9, 11, and 13 describe the iterative convergence
curves of FA, DA, ABC, HS, MHS, and IHS. Meanwhile, the
optimal solution boxplot of the algorithms under each test
function is also drawn. It can see that the IHS algorithm
converges faster and converges to the optimal solution on
Rastrigin and Griewank test functions. And as it also can be
seen from Figures 8, 10, 12, and 14 that the IHS algorithm
has a concentrated distribution of optimization results in 30
times, which shows has good stability. Based on the results of
the test function of the six algorithms, it can been seen that
the IHS algorithm is better than the other five algorithms
from the comparison of the experimental curves in
Figures 7–14.

Table 3 shows the statistical analysis results of the
Wilcoxon-rank test of the algorithms. )e P value is the
Wilcoxon test value of IHS algorithm with other five al-
gorithms at confidence level of 0.05. According to the results
in Table 3, the calculated P values are all less than 0.05, and
there are significant differences between IHS and the other
five algorithms under these four test functions. )erefore,
the conclusion is of statistical significance.

6.2. Cylindricity Error Experiment 1. To verify the effec-
tiveness of the IHS algorithm in the cylindricity error
evaluation, the data of the measured cylindrical parts were
obtained by the CMM and are shown in Table 4. HS and IHS
algorithms are used to calculate the cylindricity error.

Table 1: Four test functions.

Number Name Function Range Min.
f1 Sphere f5(x) � 

n
i�1x

2
i [−30, 30] 0

f2 Rosenbrock f1(x) � 
n−1
i�1 [100(xi+1 −x2

i )2 + (xi − 1)2] [−30, 30] 0

f3 Rastrigin f2(x) � 
30
i�1[x2

i − 10 cos 2πxi + 10] [−5.12, 5.12] 0

f4 Griewank f3(x) � (1/4000)
n
i�1x

2
i −

n
i�1(xi/

�
i

√
) + 1 [−10, 10] 0
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Table 2: Results of test functions (D � 6).

Algorithm Function Minimum value Maximum value Mean value Standard deviation
FA

f1

2.40E− 06 7.46E− 06 4.79E− 06 3.41E− 11
DA 1.04E− 14 2.39E− 07 4.28E− 08 5.67E− 14
ABC 3.39E− 12 3.93E− 11 1.87E− 11 2.25E− 21
HS 1.85E− 06 3.02E− 05 1.17E− 05 7.32E− 10
MHS 1.17E− 14 4.94E− 10 5.57E− 11 2.15E− 19
IHS 1.40E− 17 4.27E− 17 2.55E− 17 1.83E− 26
FA

f2

1.11E− 02 2.81E− 02 1.96E− 02 2.00E− 04
DA 8.36E+ 00 1. 22E+ 01 9.37E+ 00 1.18E+ 01
ABC 1.27E+ 00 3.14E+ 00 2.29E+ 00 2.52E+ 00
HS 9.56E− 01 3.80E+ 00 1.48E+ 00 1.13E+ 00
MHS 3.45E+ 00 5.51E+ 00 4.65E+ 00 3.89E+ 00
IHS 3.17E− 03 1.71E− 02 8.04E− 03 1.75E− 05
FA

f3

7.79E− 04 1.93E− 03 1.22E− 03 1.26E− 06
DA 9.95E+ 00 1.62E+ 01 1.83E+ 01 3.86E+ 01
ABC 3.50E+ 00 7.27E+ 00 6.00E+ 00 9.69E+ 00
HS 9.38E− 01 3.31E+ 00 1.95E+ 00 5.55E+ 00
MHS 2.31E− 04 1.98E− 02 6.73E− 03 4.54E− 04
IHS 0 0 0 0
FA

f4

2.46E− 02 2.10E− 01 1.04E− 01 3.27E− 02
DA 2.42E− 01 8.04E− 01 4.23E− 01 2.49E− 01
ABC 1.41E− 01 2.00E− 01 1.70E− 01 4.44E− 03
HS 1.33E− 02 1.88E− 01 4.44E− 01 9.11E− 05
MHS 1.17E− 08 2.37E− 06 8.59E− 07 6.17E− 12
IHS 0 0 0 0
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)e calculation results of HS and IHS algorithms
are listed in Table 5. It can be seen that the calculation
result of HS is 0.01941mm. )e calculation result of IHS
is 0.01938mm, and the cylinder axis coordinates are
13.004, 5.01066, 14.9803, −5.11827E − 05, −0.000733209,
and −0.816712; its result is smaller than HS in the listed
algorithms, so the accuracy of the cylindricity error is
highest. As can be seen from Figure 15, the iteration curve
of the HS and IHS algorithms are, respectively, described.
As seen in Figure 8, when the number of iterations is set to
64 times, the IHS algorithm is convergence, and for HS,
the number of iterations is 390 times. )e IHS has a faster
iterative speed than HS.

6.3. Cylindricity Error Experiment 2. To test the performance
of the IHS algorithm in the cylindricity evaluation, the data
obtained from correlation literature are used to experiment

[21].)e evaluation results of the HS and IHS algorithms are
compared with the other literatures. Table 6 is reproduced
from Lei et al. [21] (under the Creative Commons Attri-
bution License/public domain).

)e calculation results of the IHS and other related
literature algorithms are listed in Table 7. It can be seen that
the calculation results of other algorithms are less than the
MIC. )e results of the GOS algorithm in the paper are
0.0319mm. )e calculation results of HS and IHS are
0.03204mm and 0.03188mm, respectively, and the cylinder
axis coordinates of the IHS are 0.0120278, 0.01206, 60.522,
−0.000008223, 0.000137151, and −0.853656; their result of
IHS is the smallest in the listed algorithms, so the accuracy
of the cylindricity error is the highest. )e iteration curves
of HS and IHS are shown in Figure 16. )e convergence
times of IHS are at 57 iterations, and HS times is at 365
iterations. )e convergence speed of the IHS algorithm is
faster than that of the HS algorithm.
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Table 3: P value of the Wilcoxon-rank test.

Function FA DA ABC HS MHS
f1 1.82E− 04 1.82E− 04 1.82E− 04 1.82E− 04 1.82E− 04
f2 5.85E− 04 5.85E− 04 5.85E− 04 5.85E− 04 5.85E− 04
f3 6.39E− 05 6.39E− 05 6.39E− 05 6.39E− 05 6.39E− 05
f4 6.38E− 05 6.38E− 05 6.38E− 05 6.38E− 05 6.38E− 05

Table 4: Measurement data (mm).

n x y z

1 12.6722 17.869 4.9991
2 21.9325 14.2729 5.01
3 25.8783 5.1659 5
4 22.2705 −3.9311 5
5 12.6857 −7.8611 5.0002
6 3.5711 −3.7504 5.0002
7 0.135 4.8405 5
8 4.0705 14.2751 4.9999
9 12.6777 17.8729 9.9995
10 21.9385 14.2734 10.0006
11 25.87 5.1675 10
12 22.2712 −3.9328 10
13 12.689 −7.866 9.9966
14 3.5762 −3.7559 9.9999
15 0.1314 4.8369 10.0002
16 4.0694 14.2654 10
17 12.6799 17.8697 15
18 21.9398 14.2659 15.0009
19 25.8742 5.173 15.05
20 22.2676 −3.9255 15
21 12.6891 −7.8421 14.9996
22 3.588 −3.7526 15.0005
23 0.1364 4.8404 14.9994
24 4.0696 14.2729 15
25 12.6832 17.8678 20.0001
26 21.9382 14.268 19.9995
27 25.8706 5.1725 20
28 22.2654 −3.9283 20.0001
29 12.6813 −7.8449 20.0008
30 3.5785 −3.7515 20
31 0.1296 4.8316 19.9993
32 4.073 14.2676 20.0008
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Table 5: Cylindricity error of data (mm).

Method x0 y0 z0 a b c f

HS 13.0038 5.00857 12.642 −3.40985E− 05 −0.000517393 −0.576862 0.01941
IHS 13.004 5.01066 14.9803 −5.11827E− 05 −0.000733209 −0.816712 0.01938
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Figure 15: Cylindricity error iteration curve of HS and IHS
algorithms.

Table 6: Measurement data (mm) [21].

n x y z

1 −7.169 −34.21 30.5
2 −14.324 −31.887 30.5
3 −25.509 −23.877 30.5
4 −33.683 −9.283 30.5
5 −34.167 7.378 30.5
6 −25.051 24.377 30.5
7 −7.1 34.238 30.5
8 8.071 34.034 30.5
9 19.797 28.86 30.5
10 28.945 19.647 30.5
11 34.891 2.595 30.5
12 34.168 −7.484 30.5
13 28.525 −20.224 30.5
14 18.113 −29.908 30.5
15 7.971 −34.044 30.5
16 −6.778 −34.290 30.5
17 −11.322 −33.073 43.3
18 −20.262 −28.475 43.3
19 −24.016 −25.389 43.3
20 −31.014 −16.098 43.3
21 −34.584 −4.991 43.3
22 −30.614 16.878 43.3
23 −19.46 29.045 43.3
24 −5.802 34.484 43.3
25 10.248 33.444 43.3
26 23.395 26.026 43.3
27 32.027 14.043 43.3

Table 6: Continued.

n x y z

28 34.985 0.374 43.3
29 33.364 −10.449 43.3
30 27.418 −21.716 43.3
31 17.678 −30.164 43.3
32 −0.706 −34.942 43.3
33 −14.539 −31.801 60.8
34 −22.717 −26.563 60.8
35 −26.655 −22.607 60.8
36 −31.59 −14.943 60.8
37 −34.892 1.967 60.8
38 −29.347 18.995 60.8
39 −19.04 29.322 60.8
40 −6.241 34.407 60.8
41 6.174 34.448 60.8
42 14.594 31.802 60.8
43 28.945 19.636 60.8
44 34.887 2.506 60.8
45 31.458 −15.279 60.8
46 20.538 −28.299 60.8
47 6.489 −34.352 60.8
48 −7.37 −34.173 60.8
49 −15.817 −31.168 81
50 −28.573 −20.125 81
51 −33.084 −11.238 81
52 −34.611 4.838 81
53 −25.488 23.924 81
54 −16.38 30.884 81
55 −0.788 34.969 81
56 10.206 33.457 81
57 21.025 27.971 81
58 30.269 17.524 81
59 33.93 8.513 81
60 34.787 −3.557 81
61 31.626 −14.895 81
62 18.362 −29.755 81
63 3.4 −34.794 81
64 −5.318 −34.548 81
65 −8.484 −33.909 97.5
66 −18.607 −29.583 97.5
67 −26.163 −23.175 97.5
68 −33.973 −8.156 97.5
69 −34.49 5.71 97.5
70 −29.015 19.502 97.5
71 −17.564 30.231 97.5
72 −3.842 34.765 97.5
73 15.389 31.424 97.5
74 29.428 18.935 97.5
75 34.054 8.042 97.5
76 34.931 −2.026 97.5
77 33.204 −11.008 97.5
78 29.818 −18.273 97.5
79 21.451 −27.629 97.5
80 15.791 −31.216 97.5
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6.4. Cylindricity Error Experiment 3. To further test the
performance of the IHS algorithm in cylindricity error
evaluation, the data from other correlation literature are
applied to the experiment [3]. )e computing results of the
HS and IHS algorithms are compared with the other relevant
literatures. Table 8 is reproduced from Carr and Ferreira [3]
(under the Creative Commons Attribution License/public
domain).

)e calculation results of IHS and other related literature
algorithms are listed in Table 9. It can be seen that the
calculation results of other algorithms are less than the LSM.
)e calculation results of HS and IHS are 0.18748mm and
0.183957mm, respectively, and the cylinder axis coordinates
of the IHS are 0.005953, 0.024811, 7.583571, 0.006012,
0.028294, and −9.706070; their result of IHS is the smallest in
the listed algorithms, so the accuracy of the cylindricity error
is the highest. )e iteration curves of HS and IHS are shown
in Figure 17. )e convergence times of IHS are at 48 iter-
ations, and HS times is at 285 iteration times. )e con-
vergence speed of the IHS algorithm is faster than that of the
HS algorithm.

7. Conclusion and Future Work

To improve the evaluation accuracy and accelerate the it-
eration speed of the cylindricity, the harmony search

algorithm is applied to the evaluation of the cylindricity
error. An improved harmony search algorithm is proposed
to solve the problems of early premature convergence of the

Table 7: Cylindricity error of data (mm).

Method x0 y0 z0 a b c f

LSC [21] 0.0125 0.0123 30.5 −0.0000040172 0.000013612 1 0.0366
MZC [21] 0.0118 0.0170 30.5 −0.0000025775 −0.00016886 1 0.0324
MIC [21] 0.0121 0.0076 30.5 −0.000012014 0.000074796 1 0.0367
MCC [21] 0.0110 0.0165 30.5 0.000004866 −0.00014041 1 0.0335
GOS [21] 0.0123 0.0170 30.5 −0.000010192 −0.00016365 1 0.0319
HS 0.0121121 0.0113201 65.3792 −0.000005753 0.000109724 −0.69781 0.03204
IHS 0.0120278 0.01206 60.522 −0.000008223 0.000137151 −0.853656 0.03188
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Figure 16: Cylindricity error iteration curves of the HS and IHS algorithms.

Table 8: Measurement data (mm) [3].

n x y z

1 60.051121 0.002953 3.946134
2 −57.932024 15.399312 15.983017
3 57.43213 17.488707 20.365942
4 55.022756 −23.936632 11.505062
5 29.1801 −52.423113 1.037163
6 −58.861558 −11.113569 20.134482
7 −44.597179 40.113733 2.005267
8 −23.247383 −55.406652 17.669299
9 34.041568 −49.309081 15.807863
10 −34.084135 −49.427745 12.479981
11 50.684216 −32.022045 22.865941
12 57.318676 17.619539 22.082457
13 −40.40813 −44.485701 22.692315
14 −39.83837 44.994386 7.411167
15 −10.261352 −59.146784 22.600675
16 53.919844 26.493193 18.949042
17 −8.540012 59.442972 13.092342
18 −59.369089 8.361285 7.133233
19 −38.029817 46.404843 4.995216
20 47.946099 −35.92538 27.276243
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basic harmony search algorithm and easy to get into local
optimization. )e logistic chaotic initialization is introduced
into the generation of initial solution to improve the quality of
solutions. During the iterative process, the global and local
search capabilities are balanced by adopting the par and bw

operators adaptively. After each iteration, the Cauchy muta-
tion strategy is adopted to the best solution to further improve
the calculation precision of the IHS algorithm. )e results
show that the improved harmony search algorithm is very
suitable for the accurate evaluation of the cylindricity error.

With the continuous development of big data and ar-
tificial intelligence technology, we will carry on a depth
analysis to the cylindricity error data of the parts to find the
internal relation between the manufacturing information
and cylindricity error, so as to further optimize the pro-
cessing technology and improve the manufacturing accuracy
of the parts.
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Knowledge graph, a typical multi-relational structure, includes large-scale facts of the world, yet it is still far away from
completeness. Knowledge graph embedding, as a representation method, constructs a low-dimensional and continuous space to
describe the latent semantic information and predict themissing facts. Among various solutions, almost all embeddingmodels have
high time andmemory-space complexities and, hence, are difficult to apply to large-scale knowledge graphs. Some other embedding
models, such as TransE and DistMult, although with lower complexity, ignore inherent features and only use correlations between
different entities to represent the features of each entity. To overcome these shortcomings, we present a novel low-complexity
embedding model, namely, SimE-ER, to calculate the similarity of entities in independent and associated spaces. In SimE-ER,
each entity (relation) is described as two parts. The entity (relation) features in independent space are represented by the features
entity (relation) intrinsically owns and, in associated space, the entity (relation) features are expressed by the entity (relation)
features they connect. And the similarity between the embeddings of the same entities in different representation spaces is high.
In experiments, we evaluate our model with two typical tasks: entity prediction and relation prediction. Compared with the state-
of-the-art models, our experimental results demonstrate that SimE-ER outperforms existing competitors and has low time and
memory-space complexities.

1. Introduction

Knowledge graph (KG), as an important part of the artificial
intelligence, is playing an increasingly more essential role
in different domains [1]: question answer system [2, 3],
information retrieval [4], semantic parsing [5], named entity
disambiguation [6], biological data mining [7, 8], and so
on [9, 10]. In knowledge graphs, facts can be denoted as
instances of binary relations (e.g.,PresidentOf (DonaldTrump,
American)). Nowadays, a great number of knowledge graphs,
such as WordNet [11], Freebase [12], DBpedia [13], YAGO
[14], and NELL [15] usually do not appear simultaneously.
Instead, they were constructed to describe the structured
information in various domains [16], and all of them are fairly
sparse.

Knowledge representation learning [17–19] is considered
as an important task to extract the latent features from
associated space. Recently, knowledge embedding [20, 21], an
effective method of feature extraction [22], was proposed to

compress a high-dimensional and sparse space into a low-
dimensional and continuous space. Knowledge embedding
can be used to derive new unknown facts from known
knowledge bases (e.g., link prediction) and to determine
whether a triplet is correct or not (e.g., triplets classification)
[23]. Moreover embedding representation [24] has been
used to support question answer systems [25] and machine
reading [26].However, almost all embeddingmodels only use
the features and attributes in knowledge graph to represent
entities and relations, which omits the fact that entities and
relations are projections of the facts in independent space.
Besides, almost all of themhave high time andmemory-space
complexities and cannot be used in large-scale knowledge
graphs.

In this research, we propose a novel similarity-based
knowledge embedding model, namely, SimE-ER, which cal-
culates the entity and relation similarities between two
spaces (independent and associated spaces). A sketch of the
model framework is provided in Figure 1. The basic idea
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of this paper is that independent and associated spaces are
used to represent the irrelevant and interconnected entities
(relations) features, respectively. In independent space, the
features of entities (relations) are independent and irrelevant.
By contrast, the features of entities (relations) in associated
space are interconnected and interacting, and the entities
and relations can be denoted by the entities and relations
connected with them. Plus, the similarities of the same
entities (relations) with different spaces are high. In Figure 1,
we can see that, in independent space, the features of 𝑒1 are
only constructed by themselves, but, in associated spaces,
the entity 𝑒1 is denoted by other entities and relations which
can be described as blue points (lines). We want the features
of 𝑒1 in independent and associated spaces to be similar.
Besides, vector embedding is used to represent knowledge
graphs.

In associated space, take as an example the entity which
Steve Jobs has multiple triplets, such as (Steve Jobs, Apple
Inc., FoundOf ), (Steve Jobs, America, Nationality), and (Steve
Jobs, Laurene Powell, CoupleOf ). If we combine all corrupt
triplets with the same missing entity, such as (. . ., Apple
Inc., FoundOf ), (. . ., America, Nationality), and (. . ., Laurene
Powell, Couple), it is easy to locate that the missing entity 𝑒3 is
Steve Jobs. Similarly, if we combine all the corrupt triplets with
the same relation, such as (Steve Jobs, Apple Inc., . . .), (Jack
Ma, Alibaba, . . .), and (Sundar Pichai, Google, . . .), we can
obtain that the missing relation 𝑟1 is FoundOf.The scenario is
shown in Figure 2. Hence using correlation between different

entities to represent features is an effective method. However,
in practice, it is unsuitable to only use the correction between
different entities and omit the inherent features entities have,
such as the attributes of each entity which are hard to
represent with the correlations between different entities.
Therefore, we construct the independent space which can
preserve the inherent features each entity has. We combine
both independent and associated spaces to represent overall
features of entities and relations, which can in turn represent
the knowledge graph more comprehensively. The motivation
of employing both types of spaces is to model correlation
while reserving individual specificity.

Compared with other embedding models, vector embed-
ding has evident advantages on time and memory-space
complexities. We evaluate SimE-E and SimE-ER on the
popular tasks of entity prediction and relation prediction.The
experiment results validate the competitive results achieved
by the proposed method compared with previous models.

Contributions. To summarize, the main contributions of
this paper are as follows:

(i) We propose a similarity-based embedding model,
namely, SimE-ER. In SimE-ER, we consider the
entity and relation similarities of different spaces
simultaneously, which can extract the features of
entities and relations comprehensively.

(ii) Compared with other embedding models, our model
has lower time and space complexity, which improves
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the effectiveness of processing large-scale knowledge
graphs.

(iii) Through thorough experiments on real-life datasets,
our approach is demonstrated to outperform the
existing state-of-the-art models in entity prediction
and relation prediction tasks.

Organization. We discuss related work in Section 2
and then introduce our method, along with the theoretical
analysis, in Section 3. Afterwards, experimental studies are
presented in Section 4, followed by conclusion in Section 5.

2. Related Work

In this section, we introduce several related works [19] pub-
lished in recent years which get the state-of-the-art results.
According to the relation features, we divide embedding
models into two parts: matrix-based embedding models [27]
and vector-based embedding models [28].

2.1. Matrix-Based Embedding Models. In this part, matrices
(tensors) are used to describe relation features.

Structured Embedding. Structured Embedding Model
(SE) [29] considers that head and tail entities are overlapping
in a specific-relation spaceR𝑛 where the triplet (ℎ, 𝑟, 𝑡) exists.
It uses two mapping matricesM𝑟ℎ andM𝑟𝑡 to extract feature
from ℎ and 𝑡.

Single Layer Model. Compared with SE, Single Layer
Model (SLM) [30] uses a nonlinear activation function to
translate the extracted features and considers the features
after activation to be orthogonal with relation features. The
extracted features are comprised of the entities’ features after
mapping and a bias of their relation.

Neural Tensor Network. Neural Tensor Network (NTN)
[30, 31] is amore complexmodel and considers that the tensor
can be regarded as better feature extractor compared with
matrices.

Semantic Matching Energy. The basic idea of Semantic
Matching Energy (SME) [32] is that if the triplet is correct,
the feature of head entity and tail entity is orthogonal. Similar
to SLM, the features of head (tail) entity are comprised of the
entities’ features after mapping and a bias of their relation.
There are two methods to extract features, i.e., linear and
nonlinear.

Latent FactorModel.Latent FactorModel (LFM) [33, 34]
assumes that features of head entity are orthogonal with those
of tail entity when the head entity is mapped in specific-
relation space. Its score function can be defined as 𝑓𝑟(ℎ, 𝑡) =
hTMrt, where h, Mr, t denote the features of head entity,
relation, and tail entity, respectively.

2.2. Vector-Based Embedding Models. In this part, relations
are described as vector rather than matrix to improve the
effectiveness of representation models.

Translation-Based Model.The basic idea of translation-
based model, TransE [23, 35, 36], is that the relation r is
a translation vector between h and t. The score function
is 𝑓𝑟(h, t) = ‖h + r − t‖𝐿

1
/𝐿

2

, where h, r, and t denote

the head entity, relation, and tail entity embeddings, respec-
tively. Because TransE only processes simple relations, other
translation-based models [37–39] are proposed to improve
TransE.

Combination Embedding Model. CombinE [40] de-
scribes the relation features with the plus and minus combi-
nation of each pair. Compared with other translation-based
models, CombinE can represent relation features in a more
comprehensive way.

Bilinear-Diag Model. DistMult [41] uses a formulation
of bilinear model to represent entities and relations and
utilizes the learned embedding to extract logical rules.

Holographic Embedding Model. HOLE [42] utilizes a
compositional vector space based on the circular correlation
of vectors, which creates fixed-width representations. The
compositional representation has the same dimensionality as
the representation of its constituents.

Complex Embedding Model. ComplEx [43] divides
entities and relations into two parts, i.e., real part and
imaginary part. Real part denotes the features of symmetric
relation, and imaginary part denotes the features of asymmet-
ric relations.

Project EmbeddingModel. ProjE [44], a shared variable
neural network model, uses two-diagonal matrix to extract
the entity and relation features and calculate the similarity
between features and candidate entity. In training, the correct
triplets have high similarity.

Convolutional Embedding Model. ConvE [45] trans-
fers the features into 2D space and uses convolutional neural
network to extract the entity and relation features.

Comparedwithmatrix-based embeddingmodels, vector-
based models have obviously advantages on time andmemo-
ry-space complexities. In these vector-basedmodels, TransE
is a classical baseline and has been applied on many applica-
tions, TransR is an improvedmethod of TransEwhich solves
the complex relation types, and DistMult and ComplEx

use probability-based method to represent knowledge and
achieve state-of-the-art results.

3. Similarity-Based Model

Given a training set 𝑆+ of triplets, each triplet (ℎ, 𝑟, 𝑡) has two
entities ℎ, 𝑡 ∈ E (the set of entities) and relationship 𝑟 ∈ R (the
set of relationship).Ourmodel learns the entities embeddings
(hi, ti, ha, ta) and relationship embeddings (ri, ra) to represent
the feature of entities and relations, where the subscripts 𝑖,
𝑎 denote the independent and associated space. The entity
embedding and relation embedding take value in R𝑑, where
𝑑 is the dimension of entity and relation embedding spaces.

3.1. Our Models. The basic idea of our model is that, for each
entity (relation), the features are divided into two parts. The
first part describes inherent features of entities (relations) in
independent space. The feature embedding vectors can be
denoted as hi, ri, ti. The second part signs triplet features in
associated space, and the feature embedding vectors can be
denoted as ha, ra, ta. In independent space, the feature vectors
are described as the inherent features entities (relations)
have. In associated space, the features of ha are comprised
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of other entities and relations which connect with entity
ha.

The entities (relations) in associated space are projec-
tions of entities (relations) in independent space. Hence the
representation features of the same entity in independent
and associated space are similar, while the representation
features of different entities are not similar. The formula can
be described as follows:

hi ≈ ra ⊙ ta, (1)

ri ≈ ha ⊙ ta, (2)

ti ≈ ha ⊙ ra, (3)

where ⊙ denotes element-wise product. In detail, in (1), if we
combine the features of ra and ta, we can obtain part of the hi
features.That is to say, the hi features are similar with ra⊙ta. In
this paper, we use Cosine to calculate the similarity between
different spaces. Taking head entity as an example, the Cosine
similarity between different spaces can be denoted as

cos (hi, ra ⊙ ta) =
𝐷𝑜𝑡 (hi, ra ⊙ ta)hi ra ⊙ ta


= 𝑆𝑢𝑚 (hi ⊙ ra ⊙ ta)hi ra ⊙ ta


(4)

where Dot denotes the dot-product and Sum denotes the
summation over the vector element. 𝑆𝑢𝑚(hi⊙ra⊙ta) calculates
the similarity, and ‖hi‖ ‖ra ⊙ ta‖ constrain the length of
features. To reduce the training complexity, we just consider
the numerator and use regularization items to replace the
denominator. Hence the similarity of head entity features in
independent and graph spaces can be described as

𝑆𝑖𝑚 (ℎ) = 𝑆𝑢𝑚 (hi ⊙ ra ⊙ ta) . (5)

We expect that the value of hi ⊙ ra ⊙ ta is larger when hi and
ra⊙ta denote the same head entity, while the value of hi⊙ra⊙ta
is smaller otherwise.

To represent entities in a more comprehensive way, we
consider the similarity of head and tail entities simultane-
ously. The score function can be denoted as

𝑆𝑖𝑚 (ℎ, 𝑡) = 𝑆𝑖𝑚 (ℎ) + 𝑆𝑖𝑚 (𝑡)
= 𝑆𝑢𝑚 (hi ⊙ ra ⊙ ta) + 𝑆𝑢𝑚 (ha ⊙ ra ⊙ ti) .

(6)

The embeddingmodel based on the similarity of head and tail
entities is named as SimE-E.

On the basis of entity similarity, we need to consider
relation similarity, which can enhance the representation of
relation features.The comprehensive model, which considers
all the similarities of entity (relation) features in different
spaces, can be described as

𝑆𝑖𝑚 (ℎ, 𝑟, 𝑡) = 𝑆𝑖𝑚 (ℎ) + 𝑆𝑖𝑚 (𝑟) + 𝑆𝑖𝑚 (𝑡)
= 𝑆𝑢𝑚 (hi ⊙ ra ⊙ ta) + 𝑆𝑢𝑚 (ha ⊙ ri ⊙ ta)
+ 𝑆𝑢𝑚 (ha ⊙ ra ⊙ ti) .

(7)

The embedding model based on the similarity of entity
and relation is named as SimE-ER.

3.2. Training. To learn the proposed embedding and encour-
age the discrimination between golden triplets and incorrect
triplets, we minimize the following logistic ranking loss
function over the training set:

𝐿 = ∑
(h,r,t)∈𝑆

log (1 + exp (−𝑌ℎ𝑟𝑡𝑆𝑖𝑚 (ℎ, 𝑟, 𝑡; Θ))) , (8)

whereΘ corresponds to the embeddings hi, ha, ri, ra, ti, ta ∈ R𝑑

and 𝑌ℎ𝑟𝑡 is a label of triplet. 𝑌ℎ𝑟𝑡 = 1 denotes that (ℎ, 𝑟, 𝑡) is
positive and 𝑌ℎ𝑟𝑡 = −1 denotes that (ℎ, 𝑟, 𝑡) is negative. 𝑆 is
a triplets set [28] which contains both positive triplets set 𝑆+
and negative triplets set 𝑆−.

𝑆− = {(ℎ, 𝑟, 𝑡) | ℎ ∈ 𝐸} ∪ {(ℎ, 𝑟, 𝑡) | 𝑡 ∈ 𝐸}

∪ {(ℎ, 𝑟, 𝑡) | 𝑟 ∈ 𝑅} .
(9)

The set of negative triplets, constructed according to (9),
is composed of training triplets with either head (tail) entity
or relation replaced by a random entity or relation. Only one
entity or relation is replaced for each corrupted triplet with
the same probability. To prevent overfitting, some constraints
are considered when minimizing the loss function 𝐿:

∀hi, ti ∈ |𝐸| ,
ri ∈ |𝑅| ,

hi = 1,
ri = 1,
ti = 1,

∀ha, ta ∈ |𝐸| ,
ra ∈ |𝑅| ,

ha ⊙ ra
 = 1,

ha ⊙ ta
 = 1,

ra ⊙ ta
 = 1.

(10)

Equation (10) is to constrain the length of entity (relation)
features for SimE-E and SimE-ER. We convert it to the
following loss function by means of soft constraints:

𝐿 = ∑
(h,r,t)∈𝑆

log (1 + exp (−𝑌ℎ𝑟𝑡𝑆𝑖𝑚 (ℎ, 𝑟, 𝑡; Θ)))

+ 𝜆 ‖Θ‖22 ,
(11)

where 𝜆 is a hyperparameter to weigh the importance of
soft constraints. We utilize the improved stochastic gradient
descent (Adagrad) [46] to train the models. Comparing
with SGD, Adagrad shrinks learning rate effectively when
the number of iterations increases, which means that it is
insensitive to learning rate.
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Table 1: Complexities of representation models.

Model Relation Parameters Memory-Space Complexity Time Complexity
NTN 𝑊𝑟 ∈ R𝑑×𝑑×𝑘,𝑀𝑟1,𝑀𝑟2 ∈ R𝑑×𝑑 𝑂(𝑛𝑒𝑑 + 𝑛𝑟𝑑2𝑘 + 2𝑛𝑟𝑑2 + 𝑛𝑟𝑑) 𝑂(𝑑2𝑘)
RESCAL 𝑀𝑟 ∈ R𝑑×𝑑 𝑂(𝑛𝑒𝑑 + 𝑛𝑟𝑑2) 𝑂(𝑑2)
SE 𝑀𝑟ℎ,𝑀𝑟𝑡 ∈ R𝑑×𝑑 𝑂(𝑛𝑒𝑑 + 2𝑛𝑟𝑑2) 𝑂(𝑑2)
SLM 𝑀𝑟1,𝑀𝑟2 ∈ R𝑑×𝑑 𝑂(𝑛𝑒𝑑 + 2𝑛𝑟𝑑2 + 2𝑛𝑟𝑑) 𝑂(𝑑2)
LFM 𝑀𝑟, ∈ R𝑑×𝑑 𝑂(𝑛𝑒𝑑 + 𝑛𝑟𝑑2) 𝑂(𝑑2)
TransR 𝑟 ∈ R𝑑,𝑀𝑟 ∈ R𝑑×𝑑 𝑂(𝑛𝑒𝑑 + 𝑛𝑟𝑑2 + 𝑛𝑟𝑑) 𝑂(𝑑2)
DistMult 𝑟 ∈ R𝑑 𝑂(𝑛𝑒𝑑 + 𝑛𝑟𝑑) 𝑂(𝑑)
ComplEx 𝑟 ∈ R𝑑 𝑂(2𝑛𝑒𝑑 + 2𝑛𝑟𝑑) 𝑂(𝑑)
TransE 𝑟 ∈ R𝑑 𝑂(𝑛𝑒𝑑 + 𝑛𝑟𝑑) 𝑂(𝑑)
SimE-E 𝑟 ∈ R𝑑 𝑂(2𝑛𝑒𝑑 + 𝑛𝑟𝑑) 𝑂(𝑑)
SimE-ER 𝑟 ∈ R𝑑 𝑂(2𝑛𝑒𝑑 + 2𝑛𝑟𝑑) 𝑂(𝑑)

Table 2: Dataset statistics.

Dataset #Entity #Relation #Train #Valid #Test
WN18 40,934 18 141,442 5,000 5,000
FB15K 14,951 1,345 483,142 50,000 59,071
FB40K 37,591 1,317 325,350 5,000 5,000

3.3. Comparison with Existing Models. To compare the time
and memory-space complexities between different models,
we show the results in Table 1, where 𝑑 represents the
dimension of entity and relation embeddings, 𝑘 is the number
of tensor’s slices, and 𝑛𝑒 and 𝑛𝑟 are the numbers of entities and
relations, respectively.

The comparison results are showed as follows:

(i) Except for DistMult and TransE, the baselines use
relation matrix to project entities’ features into rela-
tion space, which makes these models have high
memory-space and time complexities. Compared
with thesemodels, SimE-E and SimE-ER have lower
time complexity. SimE-E and SimE-ER can be used
on large-scale knowledge graphs more effectively.

(ii) In comparison to TransE, SimE-E and SimE-ER
can dynamically control the ratio of positive and
negative triplets. It enhances the robustness of repre-
sentation models.

(iii) Compared with SimE-E and SimE-ER, DistMult is
a special case of them when we only consider single
similarity of entity or relation. That is to say, SimE-
E and SimE-ER can extract the features of entities
(relations) more comprehensively.

4. Experiments and Analysis

In this section, our models SimE-E and SimE-ER are evalu-
ated and compared with several baselines which have been
shown to achieve state-of-the-art performance. Firstly, two
classical tasks are adopted to evaluate our models: entity
prediction and relation prediction. Then, we use cases to
verify the effectiveness of our models. Finally, according to
the practical experimental results, we analyze the time and
memory-space costs.

4.1. Datasets. We use two real-life knowledge graphs to
evaluate our method:

(i) WordNet (https://wordnet.princeton.edu/download),
a classical dictionary, is designed to describe corre-
lation and semantic information between different
words. Entities are used to describe the concepts
of different words, and relationships are defined to
describe the semantic relevance between different
entities, such as instance hypernym, similar to, and
member of domain topic. The data version we use
is the same as [23] where triplets are denoted as
(sway 2, has instance, brachiate 1) or (felis 1, mem-
ber meronym, catamount 1). A subset of WordNet is
adopted, named as WN18 [23].

(ii) Freebase (code.google.com/p/wiki-links), a huge and
continually growing knowledge graph, describes large
amount of facts in the world. In Freebase, entities are
described by labels, and relations are denoted by
a hierarchical structure, such as “/𝑡V/𝑡V𝑔𝑒𝑛𝑟𝑒/
𝑝𝑟𝑜𝑔𝑟𝑎𝑚𝑠” and “/𝑚𝑒𝑑𝑖𝑐𝑖𝑛𝑒/𝑑𝑟𝑢𝑔 𝑐𝑙𝑎𝑠𝑠/𝑑𝑟𝑢𝑔𝑠”. We
employ two subsets of Freebase, named as FB15K
and FB40K [23].

We show the statistics information of datasets in Table 2.
From Table 2, we see that, compared with WN18, FB15K and
FB40K have more relationships and can be regarded as the
typical large-scale knowledge graphs.

4.2. Experiment Setup

EvaluationProtocol. For each triplet in the test set, each item
of triplets (head entity or tail entity or relation) is removed
and replaced by items in the dictionary in turn, respectively.
Using score function to calculate these corrupted triplets
and sorting the scores by ascending order, the rank of the

https://wordnet.princeton.edu/download
https://code.google.com/archive/p/wiki-links/
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correct entities or relations is stored. For relation in each
test triplet, the whole procedure is repeated. In fact, we need
to consider that some correct triplets are generated in the
process of removing and replacement. Hence, we filter out the
correct triplets from corrupted triplets which actually exist in
training and validation sets. The evaluation measure before
filtering is named as “Raw”, and the measure after filtering
is named as “Filter”. We used two evaluation measures to
evaluate our approach which is similar to [42]:

(i) MRR is an improved measure of MeanRank [23]
which calculates the average rank of all the entities
(relations) and calculates the average reciprocal rank
of all the entities (relations). Compared with Mean-
Rank, MRR is less sensitive to outliers. We report the
results using both Filter and Raw rules.

(ii) Hits@𝑛 reports the ratio of correct entities in Top-
n ranked entities. Because the number of entities is
much larger than that of relations, we take Hits@1,
Hits@3, Hits@10 for entity prediction task and take
Hits@1, Hits@2, Hits@3 for relation prediction task.

A state-of-the-art embedding model should have higher
MRR and Hits@𝑛.

Baselines. Firstly, we compare the proposed methods
with CP which uses canonical polyadic decomposition to
extract the entities and relation features; then we com-
pare the proposed methods with TransE which considers
that tail entity features are close to the combined fea-
tures of head entity and relation. Besides TransR [47],
ER-MLP [48], DistMult [41], and ComplEx [43] are also
used for comparison with our methods. We train CP [49],
DistMult, ComplEx, TransE, and TransR using the codes
provided by authors. We choose the length of dimension
𝑑 among {20, 50, 100, 200}, the weight of regularization 𝜆
among {0, 0.003, 0.01, 0.1, 0.5, 1}, the learning rate among
{0.001, 0.01, 0.1, 0.2, 0.5}, and the ratio of negative and correct
samples 𝛾 among {1, 5, 10, 50, 100}. The negative samples in
different epochs are different.

Implementation. For experiments using SimE-E and
SimE-ER, we select the dimension of the entity and the rela-
tion 𝑑 among {50, 100, 150, 200}, the weight of regularization
𝜆 among {0, 0.01, 0.1, 0.5, 1}, the ratio of negative and correct
samples 𝛾 among {1, 5, 10, 50, 100}, and the mini-batch size
𝐵 among {100, 200, 500, 1,000}. We utilized the improved
stochastic gradient descent (Adagrad) [46] to train the loss
function. With the iteration epoch increasing, the learning
rate in Adagrad is decreases, and Adagrad is insensitive to
learning rate. The initial values of both SimE-E and SimE-
ER are generated by Random function, and the range is
(−6/√𝑑, 6/√𝑑), where 𝑑 is the dimension of feature vector.
Training is stopped using early stopping on the validation set
MRR (using the Filter measure), computed every 50 epochs
with a maximum of 2000 epochs.

In SimE-E model, the optimal configurations on valida-
tion set are

(i) 𝜆 = 1, 𝛾 = 10, 𝑑 = 150, 𝐵 = 100 on WN18,
(ii) 𝜆 = 1, 𝛾 = 20, 𝑑 = 200, 𝐵 = 200 on FB15K,

(iii) 𝜆 = 1, 𝛾 = 20, 𝑑 = 300, 𝐵 = 100 on FB40K.

In SimE-ER model, the optimal configurations on vali-
dation set are

(i) 𝜆 = 1, 𝛾 = 10, 𝑑 = 150, 𝐵 = 100 on WN18,
(ii) 𝜆 = 1, 𝛾 = 20, 𝑑 = 200, 𝐵 = 200 on FB15K,
(iii) 𝜆 = 1, 𝛾 = 20, 𝑑 = 300, 𝐵 = 100 on FB40K.

T-test. In experiments, for each model, we run 15 times inde-
pendently and calculate the mean and standard deviation.
Then we use Student’s t-test with 𝑝−V𝑎𝑙𝑢𝑒 = 0.95 to compare
the performance between different models, and the t-test can
be shown as follows [50, 51].

𝜇1 and 𝑠1 are mean and standard deviation on model
1 with run 𝑛1 times; 𝜇2 and 𝑠2 are mean and standard
deviation on model 2 with 𝑛2 times. Then we can construct
the hypothesis:

𝐻0 : 𝜇1 − 𝜇2 ≤ 0,
𝐻1 : 𝜇1 − 𝜇2 > 0.

(12)

And the t-test can be described as

𝑡 = 𝜇1 − 𝜇2
√1/𝑛1 + 1/𝑛2√(𝑛1𝑠12 + 𝑛2𝑠22) / (𝑛1 + 𝑛2 − 2)

. (13)

The degree of freedom (𝑑𝑓) in t-distribution can be shown as
follows:

𝑑𝑓 =
(𝑠12/𝑛1 + 𝑠22/𝑛2)

2

(1/ (𝑛1 − 1)) (𝑠12/𝑛1)2 + (1/ (𝑛2 − 1)) (𝑠22/𝑛2)2
(14)

In entity and relation prediction tasks, we calculate mean
and standard deviation ofMRR andHit@𝑛 and compare their
performance with t-test.

4.3. Link Prediction. For link prediction [52–54], we tested
two subtasks—entity prediction and relation prediction.
Entity prediction aims to predict the missing ℎ or 𝑡 entity
from the fact triplet (ℎ, 𝑟, 𝑡); similarly, relation prediction is
to determine which relation is more suitable for a corrupted
triplet (ℎ, ∗, 𝑡).

Entity Prediction. This set of experiments tests the
models’ ability to predict entities. Experimental results of
mean and plus/minus standard deviation on bothWN18 and
FB15K are shown in Tables 3, 4, and 5, and we can observe the
following:

(i) On WN18, a small-scale knowledge graph, ComplEx

achieves state-of-the-art results on MRR and Hits@𝑛.
However, on FB15K and FB40K, two large-scale
knowledge graphs, SimE-E and SimE-ER achieve
excellent results on MRR and Hits@𝑛, and the values
ofHits@10 are up to 0.868 and 0.889, respectively.The
outstanding results prove that our models can repre-
sent different kinds of knowledge graphs effectively,
especially on large-scale knowledge graphs.
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Table 3: Experimental results of entity prediction on WN18.

Model
WN18

MRR Hits@𝑛
Filter Raw 1 3 10

CP 0.065 ±0.002 0.051 ±0.001 0.043 ±0.002 0.069 ±0.001 0.107 ±0.002
DistMult 0.821 ±0.003 0.530 ±0.002 0.728 ±0.002 0.914 ±0.002 0.930 ±0.001
ER-MLP 0.712 ±0.002 0.508 ±0.003 0.626 ±0.002 0.775 ±0.002 0.863 ±0.003
TransE 0.445 ±0.002 0.318 ±0.002 0.081 ±0.002 0.801 ±0.001 0.937 ±0.003
TransR 0.415 ±0.002 0.414 ±0.003 0.378 ±0.002 0.635 ±0.003 0.724 ±0.001
ComplEx 0.936 ±0.003 0.575 ±0.002 0.933±0.001 0.939 ±0.001 0.940±0.001
SimE-E 0.823 ±0.003 0.572 ±0.002 0.726 ±0.001 0.917 ±0.002 0.938±0.001
SimE-ER 0.821±0.002 0.576 ±0.002 0.726 ±0.002 0.914 ±0.002 0.940 ±0.002

Table 4: Experimental results of entity prediction on FB15K.

Model
FB15K

MRR Hits@𝑛
Filter Raw 1 3 10

CP 0.333 ±0.003 0.153 ±0.002 0.229 ±0.004 0.381 ±0.003 0.531±0.004
DistMult 0.650 ±0.003 0.242 ±0.003 0.537 ±0.004 0.738 ±0.003 0.828 ±0.003
ER-MLP 0.288 ±0.002 0.155 ±0.002 0.173 ±0.005 0.317 ±0.005 0.501±0.001
TransE 0.481 ±0.004 0.220 ±0.002 0.259 ±0.005 0.651 ±0.002 0.813±0.002
TransR 0.376 ±0.003 0.201 ±0.004 0.245 ±0.002 0.435 ±0.002 0.634 ±0.003
ComplEx 0.691 ±0.003 0.241 ±0.002 0.596 ±0.003 0.752 ±0.002 0.838 ±0.003
SimE-E 0.740 ±0.002 0.259±0.002 0.666±0.002 0.795 ±0.003 0.860 ±0.003
SimE-ER 0.727 ±0.003 0.261 ±0.002 0.636 ±0.003 0.797±0.002 0.868±0.003

Table 5: Experimental results of entity prediction on FB40K.

Model
FB40K

MRR Hits@𝑛
Filter Raw 1 3 10

CP 0.448 ±0.002 0.274 ±0.002 0.392 ±0.003 0.479 ±0.002 0.549±0.002
DistMult 0.573 ±0.003 0.407 ±0.003 0.493 ±0.002 0.613 ±0.002 0.720±0.003
ER-MLP 0.296 ±0.001 0.167 ±0.004 0.181 ±0.001 0.332 ±0.003 0.498±0.003
TransE 0.574 ±0.003 0.383 ±0.001 0.422 ±0.002 0.687 ±0.003 0.808±0.001
TransR 0.355 ±0.001 0.198 ±0.001 0.224 ±0.002 0.441 ±0.002 0.612±0.001
ComplEx 0.680 ±0.001 0.408 ±0.002 0.586 ±0.002 0.753 ±0.002 0.837±0.002
SimE-E 0.816 ±0.001 0.439 ±0.002 0.781 ±0.002 0.848 ±0.002 0.874±0.002
SimE-ER 0.810 ±0.001 0.445 ±0.002 0.756 ±0.002 0.852 ±0.002 0.889±0.002

(ii) ComplEx is better than SimE-ER on WN18, and
the reason is that ComplEx can distinguish sym-
metric and antisymmetric relationship contained
in the relation structure of WN18. However, on
FB15K and FB40K, SimE-E and SimE-ER are better
than ComplEx. The reason is that the number of
relations is much larger than WN18, and the relation
structure is more complex and hard to represent,
which has obvious influence on the representation
ability of ComplEx.

(iii) The results of SimE-E and SimE-ER are similar to
each other. The largest margin is filtered MRR on
FB15K at 0.013. The phenomenon demonstrates that

both SimE-E and SimE-ER can extract the entity
features in knowledge graph and predict the missing
entities effectively.

(iv) Compared with DistMult, the special case of our
models, SimE-E and SimE-ER achieve better results,
especially on FB15K, and the filter MRR is up to
0.740.The results can prove that ourmodelswhich use
irrelevant and interconnected features to construct
independent and associated spaces can represent the
entities and relations features more comprehensively.

We use t-test to evaluate the effectiveness of our mod-
els, and the evaluation results can prove that on FB15K
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Table 6: Experimental results of relation prediction on WN18.

Model
WN18

MRR Hits@𝑛
Filter Raw 1 2 3

CP 0.551 ±0.003 0.550 ±0.002 0.405 ±0.002 0.540 ±0.002 0.629±0.001
DistMult 0.731 ±0.003 0.730 ±0.002 0.535 ±0.002 0.922 ±0.002 0.938 ±0.002
ER-MLP 0.707 ±0.002 0.513 ±0.002 0.614 ±0.001 0.815 ±0.003 0.877 ±0.002
TransE 0.739 ±0.002 0.739 ±0.001 0.622 ±0.002 0.729 ±0.002 0.811 ±0.002
TransR 0.415 ±0.003 0.414 ±0.003 0.378 ±0.003 0.635 ±0.002 0.724 ±0.001
ComplEx 0.866 ±0.003 0.865 ±0.003 0.830±0.001 0.953 ±0.002 0.961±0.002
SimE-E 0.812±0.002 0.812 ±0.001 0.770±0.002 0.954±0.002 0.962±0.001
SimE-ER 0.814 ±0.002 0.814 ±0.001 0.775 ±0.001 0.955 ±0.002 0.965±0.001

Table 7: Experimental results of relation prediction on FB15K.

Model
FB15K

MRR Hits@𝑛
Filter Raw 1 2 3

CP 0.361 ±0.002 0.308 ±0.001 0.240 ±0.002 0.347 ±0.002 0.411 ±0.002
DistMult 0.309 ±0.003 0.285 ±0.003 0.116 ±0.002 0.289 ±0.002 0.412 ±0.004
ER-MLP 0.412 ±0.003 0.268 ±0.002 0.236 ±0.003 0.573 ±0.003 0.631 ±0.003
TransE 0.245 ±0.002 0.281 ±0.002 0.275 ±0.003 0.339 ±0.002 0.381 ±0.003
TransR 0.416 ±0.002 0.343 ±0.002 0.270 ±0.001 0.448 ±0.002 0.573 ±0.002
ComplEx 0.566 ±0.002 0.490 ±0.001 0.371 ±0.002 0.646 ±0.001 0.701 ±0.002
SimE-E 0.579±0.002 0.523 ±0.001 0.321±0.002 0.708±0.002 0.823 ±0.002
SimE-ER 0.593 ±0.002 0.534 ±0.001 0.331±0.002 0.737±0.001 0.842±0.002

Table 8: Experimental results of relation prediction on FB40K.

Model
FB40K

MRR Hits@𝑛
Filter Raw 1 2 3

CP 0.295 ±0.002 0.192 ±0.002 0.231 ±0.002 0.300 ±0.003 0.332±0.003
DistMult 0.470 ±0.002 0.407 ±0.001 0.310 ±0.002 0.536 ±0.003 0.801±0.003
ER-MLP 0.377 ±0.002 0.257 ±0.002 0.231 ±0.002 0.567 ±0.002 0.611±0.002
TransE 0.461 ±0.001 0.373 ±0.002 0.245 ±0.001 0.442 ±0.001 0.521±0.003
TransR 0.431 ±0.002 0.312 ±0.003 0.263 ±0.001 0.411 ±0.002 0.514±0.002
ComplEx 0.576 ±0.002 0.496 ±0.003 0.329 ±0.003 0.595 ±0.002 0.790±0.001
SimE-E 0.589 ±0.002 0.513 ±0.002 0.326 ±0.003 0.606 ±0.002 0.844±0.001
SimE-ER 0.603 ±0.002 0.531 ±0.003 0.336 ±0.003 0.637 ±0.001 0.843±0.001

and FB40K, compared with other baselines, our results
achieve significant improvements, e.g., on theHits@10 results
of ComplEx and SimE-ER, 𝑡 = 26.45 which is larger than
𝑡0.95(28) = 1.701. The t-test results can prove that, on FB15K
and FB40K, our experimental results achieve significant
improvement compared with other baselines.

Relation Prediction. This set of experiments tests the
models’ ability to predict relations. Tables 6, 7, and 8 show
the prediction performance on WN18 and FB15K. From the
tables, we discover the following:

(i) Similar to the results in the entity prediction, on
WN18, ComplEx achieves better results on MRR
and Hits@1, and SimE-ER obtains better results

on Hits@2 and Hits@3. On FB15K, besides the
value of Hits@1, the results of SimE-ER are better
than ComplEx and other baselines, and the value
of Hits@3 is up to 0.842, which is much higher
(improvement of 20.1%) than the state-of-the-art
baselines. ON FB40K, SimE-ER achieves state-of-
the-art results on all the measures; in particular, the
filter MRR is up to 0.603.

(ii) In entity prediction task, the results of SimE-E and
SimE-ER are similar. However, in relation prediction
tasks, SimE-ER achieves significant results on Raw
MRR, Hits@2, and Hits@3. We use the t-test to
verify the results, and the t-values are larger than
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Table 9: MRR for each relation on WN18.

Relation Name #Tri SimE-ER SimE-E ComplEx DistMult

hypernym 1251 0.937 0.927 0.933 0.701
hyponym 1153 0.788 0.520 0.910 0.732
derivationally related form 1074 0.964 0.963 0.946 0.959
member holonym 278 0.715 0.603 0.914 0.701
member meronym 253 0.682 0.767 0.767 0.55
has part 172 0.675 0.602 0.933 0.667
part of 165 0.685 0.819 0.931 0.690
instance hypernym 122 0.703 0.856 0.799 0.726
synset domain topic of 114 0.792 0.847 0.813 0.584
member of domain topic 111 0.695 0.523 0.714 0.799
instance hyponym 108 0.661 0.561 0.945 0.651
also see 56 0.769 0.680 0.603 0.727
verb group 39 0.977 0.977 0.936 0.973
synset domain region of 37 0.736 0.819 1.000 0.694
member of domain region 26 0.468 0.799 0.788 0.504
member of domain usage 24 0.463 0.578 0.780 0.507
synset domain usage of 14 0.928 0.761 1.000 0.750
similar to 3 1.000 1.000 1.000 1.000

𝑡0.95(28) = 1.701. The difference between entity and
relation tasks can demonstrate that considering both
entity and relation similarity can extract relation
features more effectively on the basis of ensuring the
entity-features extraction.

(iii) On FB15K, the gap is significant and SimE-E and
SimE-ER outperform other models, with a MRR (Fil-
ter) of 0.593 and 0.842 of Hits@3. On both datasets,
CP and TransE perform the worst, which illustrates
the feasibility of learning knowledge embedding in
the first case and the power of using two mutual
restraint parts to represent entities and relations in the
second.

We also use t-test to evaluate our model; i.e., comparing
SimE-ER with ComplEx on filter MRR, 𝑡 = 35.72, which is
larger than 𝑡0.95(28) = 1.701. The t-test results can prove that
the performance of SimE-ER is better than other baselines
on FB15K and FB40K.

To analyze the relation features, Table 9 shows the MRR
with Filter of each relation on WN18, where #𝑇𝑟𝑖 denotes
the number of triplets for each relation in the test set. From
Table 9, we conclude the following:

(i) For almost all relations on WN18, compared with
other baselines, SimE-E and SimE-ER achieve com-
petitive results, which demonstrates that ourmethods
can extract different types of latent relation features.

(ii) Compared with SimE-E, the relationMRRs of SimE-
ER are much better on most relations, such as hyper-
nym, hyponym, and derivationally related form.

(iii) On almost all results of relation MRR, SimE-ER is
better than DistMult, a special case of SimE-ER.That
is to say, compared with single embedding space,

using two different spaces to describe entity and
relation, features can achieve better performance.

Case Study. Table 10 shows the detailed prediction results on
test set of FB15K. It illustrates the performance of ourmodels.
Given head and tail entities, the top-5 predicted relations and
relative scores of SimE-ER are depicted in Table 10. From the
table, we observe the following:

(i) In triplet 1, the relation prediction result is ranked
on top-2, and in triplet 2, the result is top-1. The
relation prediction results can prove the performance
of SimE-ER. However, in triplet 1, the correct result
(top-2) has similar score with other prediction results
(top-1, top-3).That is to say, it is difficult for SimE-ER
to distinguish similar relationships.

(ii) For any relation prediction results, the top-5 relation
prediction results are similar; that is to say, similar
relations have similar representation embeddings,
which is in line with common sense.

4.4. Complexity Analysis. To compare the time andmemory-
space complexity of different models, we show the analytical
results of FB15K inTable 11, where𝑑 represents the dimension
of entity and relation space, “Mini-batch” represents the
mini-batch of each iteration, “Params” denotes the number
of parameters in each model on FB15K, and “Time” denotes
the running time of each iteration. Note that all models are
run on standard hardware of Inter(R) Core(TM) i7U 3.5GHz
+ GeForce GTX TITAN.We report the average running time
over one hundred iterations as the running time of each
iteration. From Table 11, we observe the following:

(i) Except for DistMult, SimE-E and SimE-ER have
lower time and memory complexities compared with
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Table 10: Case study of SimE-ER.

Triplet 1 /m/02rgz97 /music/group member/artists supported /m/012d9h Score

Results

1 /music/group member/membership./music/group membership/group 0.997
2 /music/group member/artists supported 0.975
3 /music/group member/instruments played 0.953

4 /music/group member/membership./music/group membership/role 0.913
5 /music/genre/subgenre 0.891

Triplet 2 /m/02hrh1q /organization/role/governors./organization/member /m/03mnk Score

Results

1 /organization/role/governors./organization//member 0.994
2 /organization/role/leaders./organization/leadership/organization 0.983
3 /organization/organization sector/organizations in this sector 0.946

4 /organization/organization member/member of./organization/organization 0.911
5 /people/appointed role/appointment./people/appointment/appointed by 0.767

Table 11: Complexities comparison.

Model 𝑑 Mini-batch Params Time (s)
RESCAL 100 200 14.25M 121.36
NTN 100 100 78.40M 347.65
TransR 100 2145 14.38M 95.96
TransE 200 2145 3.11M 7.53
DistMult 200 100 3.11M 3.23
SimE-E 200 200 5.95M 5.37
SimE-ER 200 200 6.22M 6.63

the baselines, because in SimE-E and SimE-ER, we
only use element-wise products between entities’
and relations’ vectors to generate the representation
embedding.

(ii) On FB15K, the time costs of SimE-E and SimE-ER in
each iteration are 5.37s and 6.63s, respectively, which
are lower than 7.53s, the time cost of TransE which
has fewer parameters. The reason is that the mini-
batch of TransE is 2415 which is much larger than
the mini-batches of SimE-E and SimE-ER. Besides,
for SimE-E and SimE-ER, the number of iterations
is 700 times with 3760 (s) and 4642 (s), respectively.

(iii) Because SimE-E and SimE-ER have low complexity
and high accuracy, they can easily be applied to large-
scale knowledge graph, while using less computing
resources and running time.

5. Conclusion

In this paper, we propose a novel similarity-based embed-
ding model SimE-ER that extracts features from knowledge
graph. SimE-ER considers that the similarity of the same
entities (relations) is high in independent and associated
spaces. Compared with other representation models, SimE-
ER is more effective in extracting the entity (relation) features
and represents entity and relation features more flexibly
and comprehensively. Besides, SimE-ER has lower time and
memory complexities, which indicates that it is applicable on

large-scale knowledge graphs. In experiments, our approach
is evaluated on entity prediction and relation prediction
tasks. The results prove that SimE-ER achieves state-of-the-
art performances. We will explore the following future work:

(i) In addition to the facts in knowledge graph, there also
are large amount of logic and hierarchical correlations
between different facts. How to translate these hier-
archical and logic information into low-dimensional
vector space is an attractive and valuable problem.

(ii) In real world, extracting relations and entities from
large-scale text information is an important yet open
problem. Combining latent features of knowledge
graph and text sets is a feasible method to construct
the connection between structured and unstructured
data. It is supposed to enhance the accuracy and
efficiency of entity (relation) extraction.

Data Availability

All the datasets used in this paper are fully available without
restriction upon request.

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.



Scientific Programming 11

Acknowledgments

Thisworkwas partially supported byNSFCunderGrants nos.
71690233 and 71331008.

References

[1] Y. Wang, N. Wang, and L. Zhou, “Keyword query expansion
paradigm based on recommendation and interpretation in
relational databases,” Scientific Programming, vol. 2017, 12 pages,
2017.

[2] A. Bordes, J. Weston, and N. Usunier, “Open question answer-
ing with weakly supervised embedding models,” in Machine
Learning and Knowledge Discovery in Databases, pp. 165–180,
Springer, 2014.

[3] A. Bordes, S. Chopra, and J.Weston, “Question Answering with
SubgraphEmbeddings,” inProceedings of the 2014Conference on
EmpiricalMethods inNatural Language Processing (EMNLP ’14),
A meeting of SIGDAT, a Special Interest Group of the ACL, pp.
615–620, Doha, Qatar, October 2014.

[4] B. Han, L. Chen, and X. Tian, “Knowledge based collection
selection for distributed information retrieval,” Information
Processing & Management, vol. 54, no. 1, pp. 116–128, 2018.

[5] J. Berant, A. Chou, R. Frostig, and P. Liang, “Semantic parsing
on freebase from question-answer pairs,” in Proceedings of the
2013 Conference on Empirical Methods in Natural Language
Processing, EMNLP ’13, Ameeting of SIGDAT, a Special Interest
Group of the ACL, pp. 1533–1544, Seattle, Wash, USA, 2013.

[6] S.Hakimov, S. A.Oto, andE.Dogdu, “Named entity recognition
and disambiguation using linked data and graph-based central-
ity scoring,” in Proceedings of the 4th International Workshop on
Semantic Web Information Management, SWIM’12, Scottsdale,
Ariz, USA, May 2012.
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Multilayer feed-forward artificial neural networks are one of the most frequently used data mining methods for classification,
recognition, and prediction problems. The classification accuracy of a multilayer feed-forward artificial neural networks is
proportional to training. A well-trained multilayer feed-forward artificial neural networks can predict the class value of an unseen
sample correctly if provided with the optimum weights. Determining the optimumweights is a nonlinear continuous optimization
problem that can be solvedwithmetaheuristic algorithms. In this paper, we propose a novelmultimean particle swarmoptimization
algorithm for multilayer feed-forward artificial neural networks training. The proposed multimean particle swarm optimization
algorithm searches the solution space more efficiently with multiple swarms and finds better solutions than particle swarm
optimization. To evaluate the performance of the proposed multimean particle swarm optimization algorithm, experiments are
conducted on ten benchmark datasets from the UCI repository and the obtained results are compared to the results of particle
swarm optimization and other previous research in the literature. The analysis of the results demonstrated that the proposed
multimean particle swarm optimization algorithm performed well and it can be adopted as a novel algorithm for multilayer feed-
forward artificial neural networks training.

1. Introduction

Artificial neural networks (ANNs) are a vital component
of artificial intelligence. Machine learning and cognitive
sciences depend onANNs to solve various complex nonlinear
mapping relationships [1, 2]. ANNs can provide solutions to
problems involving classification, prediction, optimization,
and identification in various disciplines [3]. In general,
ANNs training is conducted using the backpropagation
(BP) algorithm. The BP algorithm determines the weights
of ANNs by computing explicit gradients of error such
as sum square error (SSE) [4]. However, ANNs trained
with the gradient descent-based learning algorithm generally
converge slowly and fall into local minima [5]. To get
rid of this problem, metaheuristic algorithms can be used
for ANNs training. Determining the optimum weights of
ANNs is a nonlinear optimization problemandmetaheuristic

algorithms can solve this problem. For instance, Slowik used
an adaptive differential algorithm with multiple trial vectors
for ANNs training and increased the efficiency of the data
classification when compared to evolutionary algorithms and
BP [6]. Mohaghegi et al. trained a radial basis function
neural network with BP and particle swarm optimization
(PSO) algorithms for identification of a power system. They
analyzed the experimental results of these two methods
based on convergence speed and robustness. They found
that PSO has several advantages in terms of both robust-
ness and finding optimal weights of ANNs [7]. Montana
and Davis utilized an improved genetic algorithm (GA)
for training feed-forward ANNs. The experimental results
showed that the improved GA enhanced the performance
of feed-forward ANNs compared to the BP algorithm. In
addition, the improved GA added more domain-specific
knowledge into ANNs [8]. Malinak and Jaska implemented
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evolutionary, gradient, and combined techniques for tuning
the weights of ANNs. They partitioned the ANNs into two
parts: the output layer versus the other layers and then
they trained these two parts with different techniques. The
combination of evolution strategies and least mean square
algorithm showed promise according to their experimental
results [9]. Carvalho and Ldermir applied PSO algorithm
for the optimization of ANNs architectures and weights,
aiming at better generalization performances through the
creation of a compromise between low architectural complex-
ity and low training errors. They used medical benchmarks
to evaluate the performance of the proposed method and
they compared the experimental results with the results of
evolutionary programming and GA. Their proposed method
showed better classification error percentage performance
than the other algorithms [10]. Apart from PSO, researchers
have also applied some swarm intelligence algorithms, such
as an ant colony optimization (ACO) algorithm for ANNs
training. Krzysztof et al. proposed an ACO variant for
continuous optimization and chose the training of feed-
forward ANNs for pattern recognition as a test case for the
proposed algorithm. In addition, they hybridized the ACO
algorithm with some classical gradient techniques such as the
BP algorithm. The proposed algorithms were evaluated by
applying them to classification problems from medical fields
and comparing to the basic GA. The proposed algorithm
showed better performance on medical datasets [11]. Liang
Hu et al. proposed GA-optimized ANNs (GANNs) to solve
a real-life problem multipath ultrasonic gas flowmeter. They
decreased the error rate of themultipath ultrasonic flowmeter
while detecting the flow rate of the complicated flow field
with theGANNs.TheGANNs demonstrated better outcomes
than ANNs and made the implementation of ANNs faster
and easier [12]. Researchers also used bat algorithm (BA)
for training ANNs used to solve different real-life problems.
The BA depends on the optimal solution in the velocity
adjustment [13]. Ahmad et al. increased the training accuracy
of a feed-forward multilayer perceptron network (MLP) with
cuckoo search (CS). They tested the proposed algorithm
on four benchmark classification problems. Furthermore,
they compared the obtained results with well-known meta-
heuristics, such as PSO and guaranteed convergence particle
swarm optimization (GCPSO). According to the experimen-
tal results CS provided better performance than PSO and
GCPSO in all benchmark problems [14]. Bolaji et al. used the
fireworks optimization algorithm (FWA) for ANN training
and performed the experimental tests with UCI datasets. The
experimental results were compared to the results obtained
from the krill herd algorithm (KHA) [15], harmony search
algorithm (HSA), and GA [16]. According to the experi-
mental results, the FWA algorithm showed better classifica-
tion performance [17]. Kider et al. used speed-constrained
multiobjective particle swarm optimization (SMPSO) and
NSGA-II optimization algorithms to determine the optimal
input values (head type, feed rate, rotation speed, and chip
depth) of force and surface roughness tominimize the output
parameters that are applied to ANNs. The experimental
results showed that SMPSO algorithm obtained better value
than the NSGA-II algorithm [18].

Figure 1: Structure of MLFNNs.

In this study, we propose a multimean particle swarm
optimization (MMPSO) algorithm that makes novel use
of PSO for solving continuous optimization problems. To
assess the performance of the proposed MMPSO algorithm,
it is applied on multilayer feed-forward artificial neural
networks (MLFNNs) training and compared with PSO and
other algorithms used in previous research. Analysis of
the experimental results shows that the proposed MMPSO
algorithm improved the classification accuracy of MLFNNs
and showed a better performance than other algorithms.

The paper is organized as follows: in Section 2, MLFNNs
are explained in detail. The used metaheuristic approaches
PSO and the proposedMMPSO are clarified in Section 3.The
application of metaheuristic algorithms to MLFNNs training
is given in Section 4. In Section 5, the computational results
are given and the paper is finalized with conclusions and
future work.

2. Multilayer Feed-Forward Neural Networks

MLFNNs can be defined as a system by modeling the
human brain functions. MLFNNs consist of artificial neural
cells linked to each other in various forms and are usually
organized in layers. They can be implemented as hardware in
electronic circuits or as software in computers. In accordance
with the brain information processing method, MLFNN has
the ability to store and generalize information after a learning
process [19]. Some successful networks can be created with
a single layer, although most applications require networks
that contain at least three layers: an input layer, hidden
layer, and output layer. A network consisting of a single
layer can only predict linear functions. MLFNNs remove the
conflicting limits of single-layer systems with hidden layers
located between the input and output layers [19]. Basically, all
MLFNNs have a similar structure to that shown in Figure 1.
In this structure, neurons in the input layer are used to get
inputs, while neurons in the output layer are used to carry
outputs and all neurons in the hidden layers are used to aid
system training [20].

When we look at Figure 1, 𝐼1, 𝐼2, 𝐼3, . . . , 𝐼𝑖 represent the
nodes in the input layer, 𝐻1, 𝐻2, 𝐻3, . . . , 𝐻𝑗 represent the
nodes in the hidden layer, and 𝑂1, 𝑂2, 𝑂3, . . . , 𝑂𝑥 represent
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Initialize all particles of the swarm with randomly generated position and velocity
Repeat
For each particle in the swarm
Calculate the fitness function
Update the local best position of the particle
Update the global best position of the swarm

End for
For each particle in the swarm
Update the velocity and the position of the particle according to equations (4) and (5)

End for
Until (Stopping criteria met)

Algorithm 1: The pseudocode of the PSO algorithm.

the nodes in the output layer. 𝑊1,1,𝑊1,2,𝑊1,3, . . . ,𝑊1,𝑗 are
defined as weights and show the effect of the information
received by a node. It is necessary to first calculate the outputs
of the nodes in the hidden layers to calculate the output of the
MLFNNs by the addition function (NET) and activationNET
function (FNET) which are shown in (1) and (2), respectively
[21].

𝑁𝐸𝑇𝑗 =
𝑚

∑
𝑖=1

𝐼𝑖𝑊𝑖𝑗 (1)

𝐹𝑁𝐸𝑇 = 1
1 + 𝑒−𝑁𝐸𝑇

(2)

where m is the number of nodes connected to node j, 𝐼𝑖 is
the 𝑖𝑡ℎ node, and 𝑊𝑖𝑗 is the weight of the 𝑖𝑡ℎ node and the
𝑗𝑡ℎ node. The output value of the activation function is the
output value of the node. This value can be either given to
the outside world as the output of the MLFNNs or used in a
different network again [22, 23].The weights of the MLFNNs
are updated by calculating the errors of the output obtained
from the training process of the MLFNNs and the target
output. These errors are known as SSE and are calculated
according to (3). At the same time, the SSE can be used as
an activation function of the metaheuristic algorithm.

𝑆𝑆𝐸 =
𝑛

∑
𝑥=1

(𝑂𝑥 − 𝑇𝑥)
2 (3)

where n represents the number of samples in a dataset, 𝑂𝑥 is
the output generated from the 𝑥𝑡ℎ input, and 𝑇𝑥 is the target
output of the 𝑥𝑡ℎ input.

3. Metaheuristic Algorithms

Metaheuristic algorithms are generally used inmany areas for
solving different problems such as optimization, scheduling,
training of ANNs, fuzzy logic systems, and image processing
[24]. In this study, we used twometaheuristic algorithms, the
original PSO and MMPSO, which is a novel use of PSO for
determining the optimum weights of MLFNNs.

3.1. Particle SwarmOptimization. PSO is a population-based
metaheuristic optimization technique developed byDr. Eber-
hart and Dr. Kennedy in 1995 [25]. It was inspired by the

social interactions of birds with each other and with their
environment. Potential solutions, which are called particles
in the PSO, navigate the problem space by following the best
available solutions. In PSO, each particle represents either a
bird or a solution. All particles have a fitness value, which is
found according to the fitness function, each particle position
is updated using the particle’s best solution (pbest) and the
best solution of all particles (gbest), and these values are
stored in the memory by [26, 27]

V𝑡+1𝑖𝑑 = 𝑤 ∗ V𝑡𝑖𝑑 + 𝑐1𝑟1 (𝑝𝑏𝑒𝑠𝑡𝑖 − 𝑥𝑡𝑖𝑑)

+ 𝑐2𝑟2 (𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑡𝑖𝑑)
(4)

𝑥𝑡+1𝑖𝑑 = 𝑥𝑡𝑖𝑑 + V𝑡+1𝑖𝑑 (5)

where t is the number of iterations, 𝑤 is the inertia weight, i is
the index of a particle in a swarm, and d is the dimension of
the problem. Each particle has a position and velocity for each
dimension: 𝑥𝑡𝑖𝑑 is the position of the ith particle in dimension
d, V𝑡𝑖𝑑 is the previous velocity of the ith particle in dimension
d, 𝑝𝑏𝑒𝑠𝑡𝑖 is the best fitness value of the ith particle, 𝑔best is
the best fitness value of all particles, 𝑐1 and 𝑐2 are two positive
constants that represent the acceleration factor, and r1 and r2
are two random functions in the range [0, 1]. In (5), 𝑥𝑡𝑖𝑑 is the
old position of the ith particle and 𝑥𝑡+1𝑖𝑑 is the new position
of the ith particle in the swarm. The pseudocode of the PSO
algorithm is given in Algorithm 1 [28].

3.2. Multimean Particle Swarm Optimization Algorithm.
Multiswarm optimization (MSO) is a technique that is used
to predict the optimal solution to nonlinear continuous opti-
mization problems. The effectiveness and the productivity
of many metaheuristic algorithms worsen as the dimen-
sionality of the problem increases [29]. To overcome this
problem, we proposed the MMPSO algorithm for obtaining
the optimal solutions in a short time. The MMPSO algo-
rithm is a multipopulation-based metaheuristic optimization
algorithm developed from the PSO algorithm. In PSO, the
velocity of each particle is updated with the parameters pbest
and 𝑔best according to (4) [26, 27]. The proposed MMPSO
algorithm has multiple swarms. The velocity of each particle
in each swarm is updated according to (6). In this equation,
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Initialize all particles of all swarms with randomly generated position and velocity
Repeat
For each swarm
For each particle in the swarm
Calculate the fitness function
Update the local best of positions
Update the global best position of the swarm

End for
Update the best position of all swarms
End for
For each swarm
For each particle in the swarm
Update the velocity and the position of the particle according to equations (6) and (5)

End for
End for

Until (Stopping criteria met)

Algorithm 2: The pseudocode of the proposed MMPSO algorithm.

there are two parameters that are different from (4), which are
the mean pbest of all particles of that swarm (mpbest) and the
best solution of all swarms (𝑔sbest). This modification brings
two advantages to PSO. Firstly, using the mpbest reduces the
particles from going out of search space and reinforces the
local search of each particle. Secondly, each particle takes into
account not only the gbest of its own swarm but also the
𝑔sbest of all swarms, so that MMPSO algorithm gets closer
to the optimum solution faster.

V𝑡+1𝑖𝑑 = 𝑤 ∗ V𝑡𝑖𝑑 + 𝑐1𝑟1 (𝑚𝑝𝑏𝑒𝑠𝑡𝑖 − 𝑥𝑡𝑖𝑑)

+ 𝑐2𝑟2 (𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑡𝑖𝑑) + (𝑔𝑠𝑏𝑒𝑠𝑡 − 𝑥𝑡𝑖𝑑)
(6)

where t is the number of iterations, 𝑤 is inertia weight, i is
the index of a particle in a swarm, d is the dimension of the
problem, each particle has a position and velocity for each
dimension, 𝑥𝑡𝑖𝑑 is the position of the ith particle in dimension
d, V𝑡𝑖𝑑 is the previous velocity of the ith particle in dimensiond,
𝑚𝑝𝑏𝑒𝑠𝑡𝑖 is the mean value of the particles in a swarm, 𝑔best is
the best fitness value of a swarm,𝑔sbest is the best fitness value
of all swarms, c1 and c2 are twopositive constants representing
acceleration factor, and r1 and r2 are two random numbers in
the range [0, 1]. The pseudocode of the proposed MMPSO
algorithm is given in Algorithm 2.

4. Application of Metaheuristic Algorithms to
MLFNNs Training

Determining the optimal weights of MLFNNs is a nonlinear
optimization problem so metaheuristic algorithms can be
used for MLFNNs training. An application of metaheuristic
algorithms to MLFNNs training is explained step by step in
the following text.

Step 1 (preprocessing of the dataset). The normalization
process, which is a data preprocessing technique, is applied
to the dataset to be classified.Thus, the dataset becomesmore

regular and suitable forMLFNNs.This normalization process
is done using a min–max normalization function, which is
shown in [30]

𝑥 =
(𝑥𝑖 −min (𝑥𝑖))

(max (𝑥𝑖) −min (𝑥𝑖))
(7)

Step 2 (organization of the dataset for classification). In this
study, the datasets are organized in two different ways for
two different experiments. In the first experiment, 5-fold
cross validation is used for comparing the proposedMMPSO
algorithm to the PSO algorithm. In the second experiment,
80% training and 20% testing are used for comparing the
proposed MMPSO algorithm to previous research in the
literature.

Step 3 (modeling the structure of the MLFNNs). The num-
bers of inputs and the number of outputs are determined
according to the characteristics of the dataset. The number
of inputs is equal to the number of attributes of the dataset.
Similarly, the number of outputs is equal to the number of
classes of the dataset. The number of hidden layers is set to
one for all problems and the number of nodes in the hidden
layer is determined with GA, which is reported in a previous
study by the authors [31].

Step 4 (determining the optimum weights of the MLFNNs
with metaheuristic algorithms). A well-trained MLFNNs
should have optimumweights and determining the optimum
weights is a nonlinear optimization problem. Metaheuristic
algorithms can be used to solve this problem owing to the
structure of the metaheuristic algorithm. Generally, meta-
heuristic algorithms initialize with a random population.
The fitness of each individual in the population is calcu-
lated according to the SSE of MLFNNs. The goal of the
metaheuristic algorithms is to minimize the SSE. Therefore,
metaheuristic algorithms search the problem space locally
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Table 1: The characteristics of the ten datasets used.

Dataset Number of
Discrete Attributes Continuous Attributes Classes Samples

Lymphography 18 0 4 148
Iris 0 4 3 150
Wine 0 13 3 178
Glass 0 9 6 214
Shuttle-landing 6 0 2 253
Ionosphere 0 33 2 351
Balance-scale 4 0 3 625
Breast cancer 0 9 2 699
Diabetes 0 8 2 768
Thyroid 0 21 3 7200

and globally and update the global best solution. The meta-
heuristic algorithms run until the stopping criteria, such as
the number of iterations or the error rate, are met.

Step 5 (testing the MLFNNs). In order to determine the
performance of the MLFNNs training with metaheuristic
algorithms, the classification accuracy is calculated according
to (8) for each test dataset.

𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝐶𝐴)

= 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑡𝑒𝑠𝑡 𝑑𝑎𝑡𝑎𝑠𝑒𝑡

∗ 100

(8)

5. Experimental Results

The application of the proposed MMPSO algorithm and
the PSO algorithm to the MLFNNs is implemented using
C# Microsoft Visual Studio Ultimate 2013. All experiments
are carried out using a computer with an Intel Core i7
3840QM@2.00 GHz processor with 8 GB of memory with
MicrosoftWindows 8 operating system. Ten different bench-
mark datasets from the UCI repository [32] are used to
evaluate the performance of three metaheuristics, and the
characteristics of these datasets are shown in Table 1.

In general, the structure of MLFNNs is represented by
I-H-Owhere I is the number of nodes in the input layer, H is
the number of nodes in the hidden layer, andO is the number
of nodes in the output layer. The number of weights of the
MLFNNs with bias is calculated using (9), which represents
the dimension size of the optimization problem at the same
time [31].

𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 w𝑒𝑖𝑔ℎ𝑡𝑠 𝑜𝑓 𝑀𝐿𝐹𝑁𝑁𝑠

= (𝐼 ∗ 𝐻) + (𝐻 ∗ 𝑂) + 𝐻 + 𝑂
(9)

Furthermore, to determine the optimum structure of the
MLFNNs is an optimization problem and the classification
accuracy of the MLFNNs is directly affected by it (Ibrahim,
Jihad, and Kamal, 2017). The determined structures of the

Table 2: The structure of the MLFNNs.

Dataset I H O Number of Weights
Lymphography 18 15 4 349
Iris 4 5 3 43
Wine 13 10 3 173
Glass 9 12 6 198
Shuttle-landing 6 8 2 74
Ionosphere 33 4 2 146
Balance-scale 4 5 3 43
Breast cancer 9 8 2 98
Diabetes 8 6 2 68
Thyroid 21 12 3 303

MLFNNs according to the ten benchmark datasets which are
shown in Table 2.

For the proposed MMPSO algorithm and the PSO algo-
rithm, the acceleration constants 𝑐1 and 𝑐2 are set to 1.49 [33],
the random numbers 𝑟1 and 𝑟2 are generated in the range
[0, 1], and the number of particles of a swarm is set to 20.
For the proposedMMPSO algorithm, the number of a swarm
is set to three. For the initial population of the proposed
MMPSO algorithm and the PSO algorithm, the weights of
the MLFNNs are generated at random numbers in the range
[−10, 10]. All these experimental parameters are determined
empirically. The sigmoid activation function is used in the
hidden layer and the output layer of theMLFNNs for training
and testing.Themaximum number of iterations is used as the
stopping criterion. The classification process is applied with
5-fold cross validation, which estimates the mean of the SSEs
obtained on five different testing subsets. The results of the
5-fold cross validation experiment of the proposed MMPSO
algorithm and the PSO algorithm are shown in Table 3.

When the results of the 5-fold cross validation experiment
in Table 3 are investigated, the MLFNNs trained with the
proposed MMPSO algorithm obtained better SSE, training
AC, and testingAC results than theMLFNNs trainedwith the
PSO algorithm for all datasets. As a result, these experimental
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Table 3: The results of 5-fold cross validation experiment of the proposed MMPSO and PSO.

Dataset Algorithm SSE Training CA (%) Testing CA (%)

Lymphography PSO 23.46 89.32 78.67
MMPSO 13.87 91.49 83.67

Iris PSO 6.72 91.00 90.67
MMPSO 1.35 97.33 91.67

Wine PSO 3.86 92.25 87.22
MMPSO 0.39 99.58 95.56

Glass PSO 83.60 66.35 55.84
MMPSO 62.36 69.21 58.14

Shuttle-landing PSO 2.07 99.51 94.12
MMPSO 1.79 99.51 96.08

Ionosphere PSO 24.77 93.07 85.35
MMPSO 20.16 95.79 88.73

Balance-scale PSO 58.21 90.20 86.56
MMPSO 35.85 90.24 89.12

Breast cancer PSO 73.80 98.38 95.14
MMPSO 59.43 98.57 96.29

Diabetes PSO 202.39 76.78 72.08
MMPSO 182.54 77.55 78.05

Thyroid PSO 528.55 92.95 92.83
MMPSO 373.63 93.66 94.01

results show that the proposed MMPSO algorithm achieved
good performance in the training process of the MLFNNs in
accordance with the PSO algorithm.

Additional advantages of the proposed MMPSO algo-
rithm are that it searches the global spacemore efficiently and
convergences the optimum results more rapidly. To provide
these advantages, the proposed MMPSO algorithm must
minimize the fitness function SSE more rapidly than the PSO
algorithm in the training process. The minimization of SSEs
according to the iteration number in the training process
is given in Figure 2 for the lymphography, ionosphere, glass
and diabetes datasets. For the lymphography, ionosphere,
and glass datasets, the proposed MMPSO algorithm better
minimized the SSE from the initial iteration to the end
iteration. For the diabetes dataset, the proposed MMPSO
algorithm searches the global space more efficiently after
the 90th iteration. Furthermore, the proposed MMPSO
algorithm provides better SSE for the initial iteration in all
datasets.

Furthermore, for analyzing the computational complex-
ities of the proposed MMPSO and the PSO algorithms, the
CPU running times of each algorithm were measured by
Microsoft Process Explorer utility in seconds and are given
in Table 4.

As shown in Table 4, the running time of the proposed
MMPSO algorithm is shorter than that for PSO for all
datasets. In addition, the proposed MMPSO algorithm is
suitable for parallel implementation and the runtime of the
MMPSO algorithm can be reduced to a much shorter time
with parallel programming.

Table 4: CPU running times of the PSO and MMPSO algorithms
in seconds.

Dataset PSO MMPSO
Lymphography 6,48 5,16
Iris 2,16 1,37
Wine 4,37 3,37
Glass 7,59 5,17
Shuttle-landing 4,34 3,19
Ionosphere 6,52 6,26
Balance-scale 8,03 6,32
Breast cancer 14,44 11,05
Diabetes 11,29 9,36
Thyroid 479,08 396,35

Finally, the performance of the proposed MMPSO algo-
rithm is compared with the performance reported in the
literature for the HSA [16], KHA, GA [15], and the fireworks
algorithm (FWA) [17] which split the data into 80% training
and 20% testing, for six datasets. In order to make this
comparison under the same conditions, six datasets are split
into 80% training and 20% testing for this experiment. The
proposed MMPSO algorithm is executed ten times and the
best results are selected. The proposed MMPSO algorithm
was executed with the same parameters as described in the
previous experiment.The results of the 80% training and 20%
testing experiment of MMPSO algorithm and the literature
reports for six datasets are shown in Table 5.
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Figure 2:The minimization of the SSE according to the iteration in the training.

When the results of the 80% training and 20% testing
experiment in Table 5 are analyzed, it is clear that the
proposed MMPSO algorithm yields better results than the
other four metaheuristics according to SSE, training CA and
testing CA values for the iris, diabetes, and thyroid datasets.
Although the proposed MMPSO algorithm obtained better
SSE and training CA results than other metaheuristic algo-
rithms, it could not obtain the best testing CA result for the
ionosphere and breast cancer datasets. For the glass dataset,
the proposed MMPSO algorithm obtained the best result
only for the training CA. In summary, when looking at the
results of the comparison in Table 5, the proposed MMPSO
algorithm performed better classification results than other
algorithms in general.

6. Conclusion and Future Work

In this paper, a novel MMPSO algorithm is proposed for
MLFNNs training. The proposed MMPSO algorithm based
on MSO technique has two advantages according to the
PSO algorithm. Firstly, the proposed MMPSO algorithm
strengthens the particles to carry out a local search in
the search space range. Secondly, the proposed MMPSO
algorithm has multiple swarms and takes into account both
the best solution of each swarm and the best solution of all
swarms and thus it gets closer to the optimum solution. To

evaluate the performance of the proposedMMPSO algorithm
experimentswere conducted on ten benchmark datasets from
the UCI repository. According to the experimental results,
the proposedMMPSO algorithm yielded better performance
than PSO for all datasets. Furthermore, the obtained experi-
mental results were compared with the previous researches in
the literature for six datasets. According to this comparison,
the proposed MMPSO algorithm showed a competitive
advantage over the reported algorithms. In conclusion, the
proposedMMPSO algorithm showed good performance and
can be adopted as a novel algorithm for MLFNNs train-
ing.

For future work, the proposed MMPSO algorithm will
be used by intelligent systems to solve complex real-life
optimization problems in various fields such as: design, iden-
tification, operational development, planning, and schedul
ing.
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Table 5: The results of the 80% training and 20% testing experiment for six datasets.

Dataset Algorithm SSE Training CA (%) Testing CA (%)

Iris

MMPSO 0.31 100 100
FWA 0.52 100 100
KHA 21.28 99.59 100
HS 18.00 98.33 96.67
GA 96.00 90.00 90.00

Glass

MMPSO 47.56 78.36 62.79
FWA 94.33 61.99 60.47
KHA 41.21 58.79 58.14
HS 355.85 70.12 72.09
GA 544.00 57.89 67.44

Ionosphere

MMPSO 18.91 99.28 91.54
FWA 25.28 95.71 90.14
KHA 31.0 89.00 91.43
HS 106.4 95.00 94.37
GA 152 93.21 94.37

Breast cancer

MMPSO 47.00 99.46 97.85
FWA 66.11 93.92 96.43
KHA - - -
HS 126.37 - 100
GA 172 - 98.57

Diabetes

MMPSO 166.21 81.27 79.87
FWA 267.20 65.96 66.88
KHA - - -
HS 856 - 77.27
GA 1108 - 79.87

Thyroid

MMPSO 237.07 95.37 94.19
FWA 749.11 93.21 93.82
KHA 320.3 94.81 92.90
HS 3146.4 93.06 92.78
GA 3416.0 92.58 92.57
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In direct proportion to the heavy increase of online information data, the attention to text categorization (classification) has also
increased. In text categorization problem, namely, text classification, the goal is to classify the documents into predefined classes
(categories or labels). Recently various methods in data mining have been experienced for text classification in literature except
polyhedral conic function (PCF) methods. In this paper, PCFs are used to classify the documents. The separation algorithms
via PCFs which include linear programming subproblems with inequality constraints are presented. Numerical experiments are
done on real-world text datasets. Comparisons are made between state-of-the-art methods by presenting obtained tenfold cross-
validation results, accuracy values, and running times in tables. The results verify that in text classification PCF methods are as
effective in terms of accuracy values as state-of-the-art methods.

1. Introduction

The supervised data classification is one of the essential fields
in data mining. The researches regarding this field deal with
the categorization of data for its most effective and efficient
use. The objective of supervised data classification is to
determine rules on the training set for the data classification.
This set consists of some features of data whose labels
(classes or categories) are known. To discover the system,
training subsets of the given dataset are used and utility of
the obtained rules is examined on the test set. It has so
many application areas such as medicine, engineering, busi-
ness, and education [1–4]. Various learning algorithms for
supervised data classification have been defined in machine
learning. For instance, linear regression, logistic regression,
decision tree, support vector machines, Naive Bayes, K-
nearest neighbour, K-means, random forest, dimensionality
reduction algorithms, and gradient boost and adaboost are
the most commonly used ones [5].

The process of supervised data classification, where the
dataset consists of text data, is called text classification.

With the heavy increase of online information, it has been
so difficult to control, present, and archive the text data
uniformly. Text classification has been one of the main tech-
niques for organizing text data and it is used for classifying
columns and news in terms of their subjects, to help a
user's search on hypertext, to surf on the Internet, and so
forth. Because finding text classifiers by hand is gruelling and
time-consuming, data mining techniques are utilized in text
classification [6, 7].

For text classification, besides the commonly used super-
vised classification techniques, we wish to experience poly-
hedral conic functions as supervised classification functions𝑓 : 𝑋 → 𝐶 that map documents to labels (classes)
[8]. In the following state-of-the-art review, we sketch out
some of learning techniques used for text categorization in
literature. The process of text classification will be examined
and mathematical model of a text classification problem will
be presented in Section 3. In the fourth section, polyhedral
conic functions are explained and utilization of these func-
tions in data classification will be mentioned by presenting
the algorithms in literature. In the fifth section, defined
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algorithms via polyhedral conic functions are regulated for
text categorization problems. In the sixth section, numerical
experiments are done by implementing defined algorithms
on a determined real-world dataset. Obtained running time,
training, and test accuracy values are presented in tables.
Also for comparison with state-of-the-art methods and to
see the efficiency of defined algorithms on large datasets,
implementations are made on various real-world datasets
from UCI (machine learning repository). Finally in the last
section the paper is concluded.

2. Related Works

In the literature, several authors have proposed approaches
for text classification problem. Text categorization (text clas-
sification) is the process of automatically labeling a set of doc-
uments into classes (categories) by using predefined training
dataset. The researchers are so interested in text classifica-
tion studies because of the development of technology and
increase in the number of the electronic documents available
in several sources. The whole process of text classification
has some steps that will be introduced in the third section.
In our study, we focus on the step of data mining (learning
models). Since we work on a supervised learning model in
text classification, in this section of related works, we sketch
out some of machine learning techniques commonly used in
literature in training a text classification model by explaining
the approaches that they use.

K-nearest classifier method is based on the hypothesis of
the class (category or label) of a sample that is most similar to
the class of other samples that are closest in the vector space.
The training sets are viewed in multidimensional feature
space. Here, the training set is divided into zones in terms
of the defined classes. In the feature space, an instance is
assigned to a specific class if it is the most proper class among
the number of 𝑘-nearest training data. Commonly Euclidean
Distance is used as distance metric between the points.
This method is usable since various similarity measures can
be used for describing neighbours of an instance [9]. A
comparative study of KNN and SVM methods was done in
[10]. And also in [11–13], KNNmethod in text classification is
examined.

Rocchio’s method is a vector space method for document
filtering or routing in informational retrieval. In this method,
a prototype vector for each class is created by the help
of training set, for instance, the mean vector of points in
class of 𝑐𝑖. Similarity between test data (document) and
each of prototype vectors is calculated. Finally test data is
assigned to the class with maximum similarity [14]. In [15–
17], this method is examined for text categorization and
information retrieval. In [18], a new algorithm called HI-
Rocchio is proposed. This algorithm combines two meth-
ods: Rocchio’s method and Hierarchical clustering. In their
experimental results, they verified the effectiveness of the
algorithm.

Naive Bayes method is based on probability. The optimal
class in NB method is the most likely or maximum a
posteriori (MAP) class cmap:

𝐶𝑚𝑎𝑝 = argmax𝑃 (𝑐 | 𝑑)
= argmax𝑃 (𝑐) ∏

1≤𝑘≤𝑛𝑑

𝑃 (𝑡𝑘 | 𝑐) . (1)

Here 𝑑 is adocument; c ∈ C is a predicted class where C=𝑐1, 𝑐2,. . ., 𝑐𝐽 is a fixed set of classes. 𝑃(𝑡𝑘 | 𝑐) is a measure of
howmuch evidence 𝑡𝑘 contributes that c is the right class. P(c)
is the prior probability of a document that belongs to class of
c [9].

In [19–22], NB method is examined and performance of
NB algorithms is compared with other learning methods.

The decision treemethod uses the form of a tree structure
for classification of training documents. In the structure of
a decision, leaves symbolize the class of documents and
branches symbolize connectors of features that conduct to
those categories [10]. In [10, 23, 24], decision tree models in
text categorizations are examined.

Support vector machine (SVM) is a machine learning
method defined by V. Vapnik et al. in 1990. Discriminant-
based optimization is used and linear separator parameters
are found by using labeled datasets in this method. SVM
method is utilized by many researchers in different areas
[25]. In [6, 7, 10, 12] SVM learning method is studied for text
categorization and comparisons with other learningmethods
in different datasets are proposed. In [26], news articles are
used to predict intraday price movements of financial assets
by using SVMs algorithm in training process with a given
kernel matrix. Multiple kernel learning is used to combine
equity returns with text as predictive features. It is seen that
text features producing significantly better performance than
historical returns alone.

Classification via regression method uses regression
methods for classification. Class is binarized and one regres-
sion model is built for each class value. In [22] classification
via regression is used for detection of child exploiting chats
from a mixed chat dataset as a text classification task and
it is seen that Naive Bayes and this method compete each
other such that they detect almost the same number of child
exploitation chats.

In addition to these, text classification is studied by
combining text classifiers by different researchers to improve
the efficiency of classification. In [27], Fragos K. et al.
combined the methods that belong to the same paradigm-
probabilistic. Naive Bayes and maximum entropy classifiers
are combined to test on the applications where the individual
performance is good. In [28], S. Keretna et al. combined
the individual results of Conditional Random Field (CRF)
classifiers and maximum entropy (ME) classifiers on the
medical text. They all get better performance results than the
individual classifiers. All the combined text classifiers till 2016
are reviewed in [29].

In [30], all these methods are compared and dis-
cussed with their improvements. The authors see that each
researcher has their own datasets for testing the improvement
which makes the comparison more difficult. Because of this
reason, in this paper, besides our own dataset for testing,
commonly used and easily accessible benchmark datasets are
used in the testing phases.
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The most recent article that overviews the state-of-the-
art elements in text classification is published by Mironczuk
M. and Protasiewicz J. in [31]. They reviewed the works
dealing with text classification according to data collection,
data analysis for labeling, feature construction andweighting,
feature selection and projection, training of a classification
model, and solution evaluation.They found numerous papers
on the issue of training algorithms in text classification [32–
35]. In their work, they found two more training methods
of a classification function in the literature different from
the above given approaches: neural network classifier and
artificial immune systems studied, respectively, in [33, 36].

In this study, we experiment the data mining process of
text classification by using a different classifier as distinct
from above approaches in literature. We aim to get better
performance results than the previous approaches, by using
mathematical programming and utilizing polyhedral conic
functions in training algorithm of text categorization process.

3. Text Classification

The solution of data classification problem consists of two
steps. In the first step, a classifier function which describes a
predetermined set of data classes is built. It is called learning
step on training set. A classification algorithm builds the
classifier by analyzing a training set made up of a dataset
and its associated class labels. In the second step, obtained
classifier function is tested on a test set. The effectiveness of
a classifier function is determined by the evaluation process.
All these steps and preparation processes are explained in the
following paragraphs for text classification task.

Text classification, namely, text categorization, aims at
classifying the documents into a fixed number of predefined
classes (labels). In order to get good text classification results,
the choice of a proper and effective algorithm plays an
important role.Merely, thewhole process of text classification
should not be ignored. The steps of this process can be given
as follows:

(i) Determining of text data collection
(ii) Text preprocessing
(iii) Attribute selection
(iv) Text transformation
(v) Data mining
(vi) Evaluation

In determining of text data collection, document datasets
(like html, pdf, doc, web content, etc.) are constituted. These
datasets consist of many words.

In text preprocessing, the text documents are presented
into clear word format, e.g., expression to express, behaviour
to behave. These words are cleaned out from stop words,
conjunctions, and meaningless expressions, and then roots
of words are determined. Commonly the steps taken in text
preprocessing are Tokenization and Removing Stop Words
like frequently occurring “the”, “and”, etc. [37].

In attribute selection part, important words in prepro-
cessed documents are detected and nonrelevant words, for

instance, words that are placed in the whole documents or
nearly in all of documents, are eliminated.

In text transformation, documents are defined with a
goal-oriented suitable representation for learning algorithm.
Namely, unstructured data should be transformed into struc-
tured data. Here the aim is to reduce the complexity of the
documents for an easy managing procedure by transform-
ing the full text version of the document to a document
vector. Vector space model (SMART) where documents are
represented by vectors of words is the commonly used
document representation. Some of the limitations of this
model are high dimensionality of the representation, loss
of correlation with adjacent words, and loss of semantic
relationship that exists among the terms in a document. To
overcome these problems, term weighting methods are used
to assign appropriate weights to the term [37].

In vectorial representation, the term-document, d×t,
matrix is created; here 𝑑 represents the numbers of docu-
ments and 𝑡 represents the numbers of the terms. The value
in the (i,j)th entry of d×t matrix stands for the density of jth
term in ith document. By using d×t matrix, any documents
from the collection can be represented by various methods
such as bag of words, vector space model (SMART).

The used document in this paper is represented by
vectorial using. TF(i,j), that is called term density, is the
weight of jth term in ith document. IDF(j), that is called
inverse document density, is the weight of jth term in all
collection for a d×t term-documentmatrix. Classical formula
of TF-IDF is as follows:

𝑤 (𝑖, 𝑗) = 𝑇𝐹 (𝑖, 𝑗) × 𝐼𝐷𝐹 (𝑗) , (2)

where 0 ≤w(i,j)≤ 1, 0 ≤TF(i,j)≤ 1, 0 ≤IDF(i,j)≤ 1.Here w(i,j)
is called the weight of jth term in ith document.

In data mining step, a proper and effective method and
algorithm are chosen and implemented to the transformed
dataset. Some methods as Naive Bayes, Rocchio’s method,
and k-nearest classifier are used for data classification of text
data. Besides we foresee that the separation via PCFsmethods
based onmathematical optimization can be applicable on text
data. So we experiment the PCFs separation algorithms on
a real-world dataset in this paper. Separation with PCFs is
expressed in detail in Section 4.

Mathematical model of a binary classification problem
can be introduced as linear separability or polyhedral sepa-
rability. They are explained as follows in [38].

Let 𝐴 and 𝐵 be given sets containing 𝑚 ∈ 𝑍+ and 𝑝 ∈𝑍+ n-dimensional vectors, respectively:

𝐴 = {𝑎1, . . . , 𝑎𝑚} ,
𝑎𝑖 ∈ 𝑅𝑛, 𝑖 = 1, . . . 𝑚,
𝐵 = {𝑏1, . . . , 𝑏𝑝} ,
𝑏𝑗 ∈ 𝑅𝑛, 𝑗 = 1, . . . 𝑝.

(3)

The sets 𝐴 and 𝐵 are linearly separable if there is a
hyperplane {𝑥, 𝑦}, with 𝑥 ∈ 𝑅𝑛, 𝑦 ∈ 𝑅1 such that,
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for any i=1,..., m,

⟨𝑥, 𝑎𝑖⟩ − 𝑦 ≤ 0, (4)

for any j=1,..., p,

⟨𝑥, 𝑏𝑗⟩ − 𝑦 > 0. (5)

A characterization of linear separability is that the convex
hulls of the two sets do not intersect. If the intersection is not
empty, it is possible to obtain a hyperplane that minimizes
some misclassification measure or even to look for nonlinear
separating surfaces. The problem of finding this hyperplane
is formulated as the following optimization problem [39]:

min 𝑓 (𝑥, 𝑦)
subject to (𝑥, 𝑦) ∈ 𝑅𝑛+1, (6)

where

𝑓 (𝑥, 𝑦) = 1𝑚
𝑚∑
𝑖=1

max (0, ⟨𝑥, 𝑎𝑖⟩ − 𝑦 + 1)

+ 1𝑝
𝑝∑
𝑗=1

max (0, − ⟨𝑥, 𝑏𝑗⟩ + 𝑦 + 1)
(7)

is an error function. Here < ., . > stands for the scalar product
in 𝑅𝑛. It is shown that the given minimization problem is
equivalent to the following linear program [39]:

1𝑚
𝑚∑
𝑖=1

𝑡𝑖 + 1𝑝
𝑝∑
𝑗=1

𝑧𝑗, (8)

subject to

⟨𝑥, 𝑎𝑖⟩ − 𝑦 + 1 < 𝑡𝑖, 𝑖 = 1, . . . , 𝑚,
− ⟨𝑥, 𝑏𝑗⟩ + 𝑦 + 1 < 𝑧𝑗, 𝑗 = 1, . . . , 𝑝,

𝑡 ≥ 0, 𝑧 ≥ 0,
(9)

where 𝑡𝑖 is nonnegative and shows the error for the data 𝑎𝑖 ∈𝐴 and 𝑧𝑗 is nonnegative and shows the error for the data 𝑏𝑗 ∈𝐵.
The concept of h polyhedral separabilitywas introduced

in [40]. The sets A and B are ℎ polyhedrally separable if there
is a set of ℎ hyperplanes {𝑥𝑖, 𝑦𝑖}, with

𝑥𝑖 ∈ 𝐼𝑅𝑛,
𝑦𝑖 ∈ 𝐼𝑅1,

𝑖 = 1, . . . , ℎ, ℎ ∈ 𝑍+,
(10)

such that

(1) for any 𝑗 = 1, . . . , 𝑚 and 𝑖 = 1, . . . , ℎ
⟨𝑥𝑖, 𝑎𝑗⟩ − 𝑦𝑖 < 0, (11)

(2) for any 𝑘 = 1, . . . , 𝑝 there is at least one 𝑖 ∈ {1, . . . , ℎ}
such that

⟨𝑥𝑖, 𝑏𝑘⟩ − 𝑦𝑖 > 0. (12)

The problem of polyhedral separability of the sets 𝐴 and𝐵 is reduced to the following problem [40]:

minimize 𝑓 (𝑥, 𝑦)
subject to (𝑥, 𝑦) ∈ 𝐼𝑅(𝑛+1)×ℎ, (13)

where

𝑓 (𝑥, 𝑦)
= 1𝑚
𝑚∑
𝑗=1

max [0,max
1≤𝑖≤ℎ

{⟨𝑥𝑖, 𝑎𝑗⟩ − 𝑦𝑖 + 1}]

+ 1𝑝
𝑝∑
𝑘=1

max [0,min
1≤𝑖≤ℎ

{− ⟨𝑥𝑖, 𝑏𝑘⟩ + 𝑦𝑖 + 1}]
(14)

is an error function. In [40], also an algorithm for solving
defined minimization problem is developed. The calculation
of the descent direction at each iteration of this algorithm is
reduced to a certain linear programming problem.

Besides, all introduced mathematical optimization tech-
niques can be applied for multiclass classification problems,
where we have more than two classes, by using one versus all
strategy. This means that for given dataset A with q≥2 classes
A1,. . .,Aq, any class Aj, 𝑗 ∈ {1, . . . , 𝑞}, is taken as the set A and
the set B is defined as a union of all remaining classes [41].

In a text classification problem, a definition 𝑑 ∈ 𝑋
of a document is given; here 𝑋 is the document space
that includes blog posts, news stories, articles, web pages,
and technical reports; and a constant set of classes 𝐶 ={𝐶1, 𝐶2, . . . , 𝐶𝑚}. The classes are in general subjects, authors,
and topics but may also be based on types and interests.
Classes are human defined for needs of the problem. This is
a supervised learning problem since we study with a given
training set 𝑇 of labeled document shown in

𝑇 = {(𝑑1, 𝑐1) , . . . , (𝑑𝑚, 𝑐𝑚)} 𝑑 ∈ 𝑋, 𝑐 ∈ 𝐶. (15)

For example, (d,c) =(mathematical optimization, life sci-
ences) indicates that mathematical optimization document is
labeled with life sciences.

When we turn back to the subject of representation of
the document collection, since we are working on supervised
classification, we should add a new column to d×t matrix
such that the value in last column represents the classes of
the documents. Thus we use a d×(t+1)matrix during the text
classification algorithm. Here 𝑑 is the number of documents
and 𝑡 is the number of attributes (e.g., word stems).

Here, the objective is to find rules (functions) under
favour of training set, d×(t+1) matrix, and evaluate the
efficiency of the obtained rules (functions) on the test set.

Correspondingly the text classification problem’s dimen-
sion is directly related to the number of documents and
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the word stems exist in the whole document collection that
constitutes d×(t+1)matrix.

In performance evaluations, many measures have been
used, such as F-measure, fallout, error, and accuracy. In
this paper, accuracy values of training and testing phases
are calculated by implying cross-validation method. These
subjects will be viewed in detail in Section 6.

In the following section, an approximation via polyhe-
dral conic functions based on mathematical optimization is
expressed.

4. Classification via Polyhedral Conic
Functions (PCFs)

Polyhedral conic functions (PCFs) have been introduced in
2006 byGasimov and Öztürk to separate two different labeled
point sets, in other words, to split two discrete datasets [8].
Every point is represented with a vector whose every index
except the last corresponds to an attribute of a point (data)
and the last index stands for the class (label) of the point.

Polyhedral functions are defined as follows in [8]:

𝑔(𝑤,𝜉,𝛾,𝑎) : 𝐼𝑅𝑛 →
𝐼𝑅 = 𝑤 (𝑥 − 𝑎) + 𝜉 ‖𝑥 − 𝑎‖1 − 𝛾, (16)

where 𝑥 is an n-dimensional point (vector), 𝑥, 𝑤, 𝑎 ∈𝐼𝑅𝑛, 𝜉, 𝛾 ∈ 𝐼𝑅, 𝑤𝑥 = 𝑤1𝑥1+. . .+𝑤𝑛𝑥𝑛, ‖𝑥‖1 = |𝑥1|+. . .+|𝑥𝑛|.
Definition 2 and Lemma 1 quoted below are given and

proved in [8].

Lemma 1. A graph of the function 𝑔(𝑤,𝜉,𝛾,𝑎) defined in (16) is a
polyhedral cone with a vertex at (𝑎, −𝛾) ∈ 𝐼𝑅𝑛 × 𝐼𝑅. This cone
is called a polyhedral conic set and 𝑎 its center.

It follows from Lemma 1 that every polyhedral function
given in (16) performs as a polyhedral conic function (PCF).

Definition 2. A function 𝑔 : 𝐼𝑅𝑛 × 𝐼𝑅 is called polyhedral
conic if its graph is a cone and all its level sets 𝑆𝛼 = {𝑥 ∈ 𝐼𝑅𝑛 :𝑔(𝑥) ≤ 𝛼}, 𝛼 ∈ 𝐼𝑅 are polyhedrons.

The first separation algorithm via PCFs was defined in [8]
as follows:

Let 𝐴 and 𝐵 be given sets containing𝑚 ∈ 𝑍+ and 𝑝 ∈ 𝑍+
n-dimensional vectors, respectively:

𝐴 = {𝑎𝑖 ∈ 𝑅𝑛, 𝑖 ∈ 𝐼} ,
𝐵 = {𝑏𝑗 ∈ 𝑅𝑛, 𝑗 ∈ 𝐽}

where 𝐼 = {1, . . . , 𝑚} , 𝐽 = {1, . . . , 𝑝} .
(17)

Algorithm 3. Binary classification via PCFs.

Step 0 (initialization step). Let l=1, Il=I, Al =A and go to Step
1.

Step 1. Let al be an arbitrary point of A. Solve subproblem (Pl).

(𝑃𝑙) min(𝑦𝑒𝑚𝑚 ) , (18)

𝑤 (𝑎𝑖 − 𝑎𝑙) + 𝜉 𝑎𝑖 − 𝑎𝑙1 − 𝛾 + 1 ≤ 𝑦𝑖, ∀𝑖 ∈ 𝐼𝑙, (19)

−𝑤 (𝑏𝑗 − 𝑎𝑙) − 𝜉 𝑏𝑗 − 𝑎𝑙1 + 𝛾 + 1 ≤ 0, ∀𝑗 ∈ 𝐽, (20)

𝑦 = (𝑦1, . . . , 𝑦𝑚) ∈ 𝑅𝑚+ , 𝑤 ∈ 𝑅𝑛, 𝜉 ∈ 𝑅, 𝛾 ≥ 1. (21)

Let 𝑤𝑙, 𝜉𝑙, 𝛾𝑙, 𝑦𝑙 be a solution of (𝑃𝑙). Let𝑔𝑙 (𝑥) = 𝑔(𝑤𝑙 ,𝜉𝑙,𝛾𝑙,𝑎𝑙) (𝑥) . (22)

Step 2. 𝐼𝑙+1 = {𝑖 ∈ 𝐼𝑙 : 𝑔𝑙(𝑎𝑖) + 1 > 0}, 𝐴 𝑙+1 = {𝑎𝑖 ∈ 𝐴 𝑙 : 𝑖 ∈𝐼𝑙+1}, 𝑙 = 𝑙 + 1. If 𝐴 𝑙 ̸= Ø go to Step 1.

Step 3. Determine the function 𝑔(𝑥) (parting the sets 𝐴 and
B) as

𝑔 (𝑥) = min
𝑙

𝑔𝑙 (𝑥) , (23)

and stop.

This algorithm was modified for binary classification
problems in [42, 43]. Clustering algorithm is added to the
initialization step to decrease running time by reducing
the step size that is required for finding the center points
of polyhedral conic functions. Clustering algorithms form
groups of objects that share common properties [44]. Several
algorithms have been studied for clustering method [45, 46].
In [43], one of the most efficient clustering algorithms, k-
meansmethod, was used and also in [42], k-medoidsmethod
that differs from k-means in the determined center points’
features was experienced. Besides, relaxation was applied to
(𝑃𝑘) subproblem constraint (20) to avoid extra variations
between accuracy values of training and test sets (called
overfitting) by allowing (𝑧𝑗) misclassification as in (26). In
conjunction with the applied change 𝑃𝑙 subproblem (18) is
changed as in (24). The modified PCF algorithm was defined
in [43] as follows.

Algorithm 4. Binary classification via PCFs and clustering
method.

Step 0 (initialization step). Apply k-means clustering algo-
rithm over set of 𝐴. Let 𝑠 be the number of clusters and k=1.𝐼𝑘=I.
Step 1. Let 𝑎𝑘 be the center of 𝑘th cluster. Solve subproblem𝑃𝑘.

(𝑃𝑘) min 1𝑚
𝑚∑
𝑖=1

𝑦𝑖 + 𝐶 1𝑝
𝑝∑
𝑖=1

𝑧𝑗, (24)

𝑤(𝑎𝑖 − 𝑎𝑘) + 𝜉 𝑎𝑖 − 𝑎𝑘1 − 𝛾 + 1 ≤ 𝑦𝑖, 𝑖 ∈ 𝐼𝑘, (25)

−𝑤 (𝑏𝑗 − 𝑎𝑘) − 𝜉 𝑏𝑗 − 𝑎𝑘1 + 𝛾 − 1 ≤ 𝑧𝑗, 𝑗 ∈ 𝐽, (26)

𝑦𝑖, 𝑧𝑗 ≥ 0, 𝐶 ≥ 1, 𝑤 ∈ 𝑅𝑛, 𝜉 ∈ 𝑅, 𝛾 ≥ 1. (27)



6 Scientific Programming

Let 𝑤𝑘, 𝜉𝑘, 𝛾𝑘, 𝑦𝑘 be a solution of (𝑃𝑘) . Let
𝑔𝑘 (𝑥) = 𝑔(𝑤𝑘 ,𝜉𝑘,𝛾𝑘,𝑎𝑘) (𝑥) . (28)

Step 2. If 𝑘 < 𝑠, let 𝑘 = 𝑘 + 1, 𝐼𝑘 = {𝑖 ∈ 𝐼𝑘−1 : 𝑔𝑘−1(𝑎𝑖) > 0} and
go to Step 1.

Step 3. Determine the function 𝑔(𝑥) (parting the sets 𝐴 and
B) as

𝑔 (𝑥) = min
𝑘

𝑔𝑘 (𝑥) , (29)

and stop.

5. PCF Algorithms for Text Categorization

In this paper, PCF algorithms are used for text categorization.
Algorithms 3 and 4 are both defined for binary classification
problems; merely lots of text categorization problems include
more than two classes so we should use the multiclass
classification algorithms. The only difference between binary
and multiclass classification problems is the number of the
classes. For this reason binary classification methods can
be simply adapted to multiclass classification problems by
applying Algorithm 3 or 4 (binary classification algorithm)
between each class and the rest. The number of classifiers
formed during the algorithm is “n.k”; here “n” is the number
of classes and “k” represents the number of clusters. In every
iteration, binary classification algorithm is implemented to
Aj, j=1,2,. . .,n and A\Aj sets so “k” different 𝑔1,..,𝑘𝑗 classifiers
are formed. In testing phase, the class of “a” point is defined
by

𝑗 = argmin𝑔1,...,𝑘𝑗 (𝑎) . (30)

Therefore, the finisher separating function is identified as
the pointwise minimum of all functions that is formed after
binary classifications:

𝑔 (𝑥) = min
𝑗

𝑔1,...,𝑘𝑗 (𝑥) , 𝑗 = 1, . . . , 𝑛. (31)

A multiclass classification algorithm, using clustering
method and polyhedral conic functions, is defined as follows
in [42].

Algorithm 5. Multiclass classification algorithm using clus-
tering method and PCFs.

Step 0 (initialization). Let 𝐴 = 𝐴1 ∪ 𝐴2 ∪ . . . ∪ 𝐴𝑐, 𝐴 = {𝑎𝑖𝑙 ∈𝐼𝑅𝑛 : 𝑖 ∈ 𝐼𝑙, 𝑙 = 1, 2, . . . , 𝑐}, l=1.
Step 1. 𝐵 = 𝐴/𝐴 𝑙, 𝐵 = {𝑏𝑗𝑙 ∈ 𝑅𝑛 : 𝑗 ∈ 𝐼/𝐼𝑙}.
Step 2. Apply clustering algorithm in𝐴 𝑙. Let 𝑘 be the number
of clusters and s=1, 𝐼1𝑙 = 𝐼𝑙, and 𝐴1𝑙 = 𝐴 𝑙.

Step 3. Let 𝑎𝑠 ∈ 𝐴𝑠𝑙 be the sth center of 𝐴 𝑙. Solve 𝑃𝑠𝑙
subproblem.

(𝑃𝑠𝑙 ) min(𝑦𝑒|𝐼𝑙|𝐼𝑙 ) , (32)

𝑤 (𝑎𝑖 − 𝑎𝑠) + 𝜉 𝑎𝑖 − 𝑎𝑠1 − 𝛾 + 1 ≤ 𝑦𝑖, ∀𝑖 ∈ 𝐼𝑠𝑙 , (33)

−𝑤 (𝑏𝑗𝑙 − 𝑎𝑠) − 𝜉 𝑏𝑗𝑙 − 𝑎𝑠1 + 𝛾 + 1 ≤ 0, ∀𝑗 ∈ 𝐼𝐼𝑙 , (34)

𝑦 = (𝑦1, . . . , 𝑦𝑚) ∈ 𝑅𝐼𝑠𝑙+ , 𝑤 ∈ 𝑅𝑛, 𝜉 ∈ 𝑅, 𝛾 ≥ 1. (35)

Let 𝑤𝑠, 𝜉𝑠, 𝛾𝑠, 𝑦𝑠 be the solution of (𝑃𝑠𝑙 ),
𝑔𝑠𝑙 (𝑥) = 𝑔(𝑤𝑠 ,𝜉𝑠,𝛾𝑠,𝑎𝑠) (𝑥) . (36)

Step 4. If 𝑠 < 𝑘, let s=s+l, 𝐴𝑠𝑙 = {𝑎𝑖 ∈ 𝐴𝑠−1𝑙 : 𝑔𝑠𝑙 (𝑎𝑖) > 0}, 𝐼𝑠𝑙 ={𝑖 ∈ 𝐼𝑠𝑙 : 𝑎𝑖 ∈ 𝐴𝑠𝑙} and go to Step 3.

Step 5. If l<c, let l=l+1 and go to Step 1.

Step 6. Determine the function g(x) parting 𝐴 𝑙, l=1,. . ., c, as
follows:

𝑔 (𝑥) = min
𝑙

𝑔1,...,𝑘𝑙 (𝑥) , (37)

and stop.

Algorithm 5 is constituted from Algorithm 4 but 𝑧𝑗
misclassifications are not added as in (26) constraint; it is
abandoned as in (20) constraint of Algorithm 3. In [47], the𝑧𝑗 added form of Algorithm 5 is defined as follows.

Algorithm 6. Multiclass classification algorithm that allows
misclassifications for both of the sets besides clustering
method and PCFs.

Step 0 (initialization). Let 𝐴 = 𝐴1 ∪ 𝐴2 ∪ . . . ∪ 𝐴𝑐, 𝐴 = {𝑎𝑖𝑙 ∈𝐼𝑅𝑛 : 𝑖 ∈ 𝐼𝑙, 𝑙 = 1, 2, . . . , 𝑐}, l=1.
Step 1. 𝐵 = 𝐴/𝐴 𝑙, 𝐵 = {𝑏𝑗𝑙 ∈ 𝑅𝑛 : 𝑗 ∈ 𝐼/𝐼𝑙}.
Step 2. Apply clustering algorithm in𝐴 𝑙. Let 𝑘 be the number
of clusters and s=1, 𝐼1𝑙 = 𝐼𝑙, and 𝐴1𝑙 = 𝐴 𝑙.
Step 3. Let 𝑎𝑠 ∈ 𝐴𝑠𝑙 be the sth center of 𝐴 𝑙. Solve 𝑃𝑠𝑙
subproblem.

(𝑃𝑠𝑙 ) min 1𝐴𝑠𝑙 ∑𝑖∈𝐼𝑠
𝑙

𝑦𝑖 + 𝐶 1𝐴/𝐴𝑠𝑙 ∑
𝑗∈𝐼/𝐼𝑠
𝑙

𝑧𝑗, (38)

𝑤 (𝑎𝑖 − 𝑎𝑠) + 𝜉 𝑎𝑖 − 𝑎𝑠1 − 𝛾 + 1 ≤ 𝑦𝑖, ∀𝑖 ∈ 𝐼𝑠𝑙 , (39)

−𝑤 (𝑏𝑗𝑙 − 𝑎𝑠) − 𝜉 𝑏𝑗𝑙 − 𝑎𝑠1 + 𝛾 + 1 ≤ 𝑧𝑗, ∀𝑗 ∈ 𝐼𝐼𝑙 , (40)

𝑦 = (𝑦1, . . . , 𝑦𝐼𝑠
𝑙

) ∈ 𝑅𝐼𝑠𝑙+ , 𝑤 ∈ 𝑅𝑛, 𝜉 ∈ 𝑅, 𝛾 ≥ 1. (41)
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Table 1: The brief description of The Moods of Bloggers dataset.

Number of classes (moods) 4
Number of instances (blog posts) 157
Number of attributes (word stems) 23018
Mean number of word stems in blog posts 247

Let 𝑤𝑠, 𝜉𝑠, 𝛾𝑠, 𝑦𝑠 be the solution of (𝑃𝑠𝑙 ),
𝑔𝑠𝑙 (𝑥) = 𝑔(𝑤𝑠 ,𝜉𝑠,𝛾𝑠,𝑎𝑠) (𝑥) . (42)

Step 4. If 𝑠 < 𝑘, let s=s+1, 𝐴𝑠𝑙 = {𝑎𝑖 ∈ 𝐴𝑠−1𝑙 : 𝑔𝑠𝑙 (𝑎𝑖) > 0}, 𝐼𝑠𝑙 ={𝑖 ∈ 𝐼𝑠𝑙 : 𝑎𝑖 ∈ 𝐴𝑠𝑙} and go to Step 3.

Step 5. If l<c, let l=l+1 and go to Step 1.

Step 6. Determine the function g(x) parting 𝐴 𝑙, l=1,. . .,c, as
follows:

𝑔 (𝑥) = min
𝑙

𝑔1,...,𝑘𝑙 (𝑥) , (43)

and stop.

As is seen, in the whole given algorithms, the linear
programming subproblem includes inequality constraints
(see (19), (20), (25), (26), (33), (34), (39), and (40)). These
inequality constraints ensure classifying the text into the right
category (class) by allowing misclassifications (𝑦𝑖,𝑧𝑗) as in
(19), (25), (26), (33), (39), and (40). In inequalities of (20)
and (34) constraints, no misclassifications are allowed by
determining the 𝑦𝑖=𝑧𝑗=0. While inequality constraints with
“>0” ensure the data to be located outside of the obtained
polyhedral conic function, inequality constraints with “< 0”
ensure the data to fall into the obtained polyhedral conic
function.

In the following section, given algorithms will be imple-
mented on real-world text datasets for comparison with
state-of-the-art methods and to verify the efficiency of PCF
algorithms on large datasets.

6. Experiments

Primarily, to verify the efficiency of the PCF algorithms in
text categorization, we benefit from a real-world dataset, “The
Moods of Bloggers”, that includes 157 blog posts written in
four different moods, “cheerful, nervous, sad, and compli-
cated” [48]. The attributes of the instances (feature vectors)
are defined by the number of every word stem (𝑤𝑖) existing
in the document. That is to say, we study with a numerical
dataset.The brief description of the dataset is given in Table 1.
A desktop computer with Intel(R) Core(TM) i5-4460 CPU@
3.20 GHz, 8 GB RAM, and 64-bit operating system is used in
the experiments.

Algorithms 3 and 4 given in Section 4 were designed
for binary classification so just to see how these algorithms
work; we modifiedTheMoods of Bloggers dataset as a binary
dataset that includes two classes, “cheerful and others”. As

Table 2: Results for binary text classification on “The Moods of
Bloggers”.

Algorithm 3 Algorithm 4
F-measure 1 1
Accuracy % 100 100
Time Sec. 200.91 37.86

is seen, a single change is made in the number of classes.
The implementations aremade onMATLAB (multiparadigm
numerical computing environment). The obtained results in
terms of running times, accuracy, and F-measure are given
in Table 2. Time shows the running time of the algorithm
in seconds and accuracy value is determined as the ratio
between the number of correct labeled points of the dataset
and the number of the points in the whole dataset as follows
[43]:

cc: number of correct classified points of the dataset
te: number of instances of the dataset

Accuracy = 100 ∗ 𝑐𝑐𝑡𝑒 . (44)

F-measure is the harmonic mean of precision and recall.
Precision represents the proportion of predictive positive
cases that are real positives and recall is the proportion of
actual positive cases that were correctly predicted. These
measures are presented as follows [49]:

Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖V𝑒𝑠𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖V𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖V𝑒𝑠 ,
Re𝑐𝑎𝑙𝑙 = 𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖V𝑒𝑠𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖V𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖V𝑒𝑠 ,

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ∗ Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ Re𝑐𝑎𝑙𝑙
Pr𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + Re𝑐𝑎𝑙𝑙 .

(45)

As is seen in Table 2, Algorithm 4 is more efficient than
Algorithm 3 with regard to the running time. Clustering
algorithm that is added to the initialization step decreases
running time by reducing the step size that is required
for finding the center points of polyhedral conic functions
and correlatively number of solved linear programming
subproblems. Accuracy value, %100, is obtained on both of
the algorithms since PCF algorithm (Algorithm 3) ends after
a finite number of iterations and the function 𝑔 : 𝑅𝑛 →
R defined in the linear programming subproblem strictly
separates the sets A andB.This theorem is proved in [8]. But it
is clear that, according to the used dataset, obtained accuracy
value in Algorithm 4 can be lower than Algorithm 3 because
of using misclassifications for both of the classes.

Most of text categorization problems aremulticlass classi-
fication problems; in other words, they are formed with more
than two categories, so we utilize Algorithms 5 and 6 which
are expressed in Section 5. As given in Table 1, The Moods of
Bloggers dataset is suitable for these multiclass classification
algorithms. Results obtained are given in Table 3.
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Table 3: Results for multiclass text classification on “The Moods of
Bloggers”.

Algorithm 5 Algorithm 6
Accuracy % 100 100
Time Sec. 155.30 145.119

As is seen in Table 3, Algorithms 5 and 6 are not so
different from each other regarding accuracy and running
time. Running times are close values since we use clustering
algorithm in both of the methods.

We use training and testing terms in Tables 4 and 5
as performance metrics. Here, training term is the same as
accuracy since we make training and testing on the same
dataset. But testing term is a more reliable performance
metric that we obtain by implementing cross-validation.
We utilize tenfold cross-validation for a better comparison
between PCFs and state-of-the-art methods. In tenfold cross-
validation, the dataset D is randomly split into 10 mutually
exclusive subsets (the folds) D1, D2,..,D10 of approximately
equal size. The inducer is trained and tested 10 times; each
time 𝑡 = {1, 2, . . . , 10}, it is trained on D\Dt and tested on Dt
[50].The presented testing value in Tables 4 and 5 is themean
value of 10 different accuracy values that is obtained by cross-
validation. That is why the test results are not so high as in
training results.

In Tables 4 and 5, respectively, for binary and multiclass
classification, expressed algorithms are compared with the
other state-of-the-art classification algorithms (Naive Bayes,
classification via regression, J48 (decision tree)) by using
WEKA (Waikato Environment for Knowledge Analysis), in
terms of 10-fold cross-validation. In PCF algorithms, the
best test values are obtained in Algorithms 4 and 6 since
misclassifications for both classes are used in these algo-
rithms.This constraint does not allow overfitting the problem.
When we compare PCF algorithms with the others regarding
test values, Algorithms 4 and 6 are more efficient than
the other state-of-the-art methods except classification via
regression.

Besides a detailed experiment on Moods of Blog-
gers dataset, we make implementations on real-world text
datasets available in UCI (Machine Learning Repository).
The datasets are represented by vectorial using and the
attribute types are real or integer. Each attribute corresponds
to a precise word or stem in the entire dataset vocabulary.
TF IDF formula is used as term weighting. These processes
are expressed in detail in Section 2. The other details of used
datasets are given in Table 6 and they are explained as follows.

Burst Header Packet (BHP). Burst Header Packet flooding
attack on Optical Burst Switching (OBS) Network Data Set
includes 1075 instances with 22 attributes. The last attribute
stands for the classes as NB-No Block, Block, No Block, and
NB-Wait [51].

CNAE-9. CNAE-9 dataset contains 1080 documents of
free text business descriptions of Brazilian companies catego-
rized into a subset of 9 categories.This dataset is highly sparse
(99.22% of the matrix is filled with zeros) [52].

Turkish Text Categorization (TTC). Turkish text catego-
rization dataset is a collection of Turkish news and articles
including categorized 3,600 documents from 6 well-known
portals in Turkey [53].

DBWorld E-Mails. DBWorld e-mails dataset contains 64
e-mails which are manually collected fromDBWorld mailing
list. They are classified as “announces of conferences” and
“everything else”. Each attribute corresponds to a precise
word or stem in the entire dataset vocabulary [54].

Obtained accuracy and time results are presented in
Table 7. “-” is used for out of memory message in MATLAB.
When we comment on the results we can say that Algorithms
5 and 6 are not so effective in terms of running times but it
should not be forgotten that they are implied on MATLAB
(a software environment) not in WEKA (a machine learning
software). When we compare the accuracy results, we can say
that Algorithm 5 is better than the others on composing good
separator functions between classes.

7. Conclusion

In this paper, supervised classification via polyhedral conic
functions is used to solve text classification problems. Binary
and multiclass classification algorithms via PCFs are pro-
posed and numerical experiments are done by implementing
both of the proposed algorithms on a real-world dataset,
called “The Moods of Bloggers”. For performance metric,
accuracy, running time, and tenfold cross-validation results
are used. The obtained consequences are shown in tables.
Besides, to augment the experiments and comparison with
state-of-the-art methods, same work is done on four real-
world text datasets available in UCI (Machine Learning
Repository). If we comment on the results, we can say that
classification algorithms via polyhedral conic functions are
usable for text classification as well as other state-of-the-
art algorithms. For future studies, these algorithms can be
experienced by different structured text datasets on more
effective software programs.
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Table 4: Results for 10-fold cross-validation of binary text classification on “The Moods of Bloggers”.

Algorithm 3 Algorithm 4 Naive Bayes Classification via regression J48
Training % 100 100 98 90 74
Testing % 65.83 75.45 71 78 74

Table 5: Results for 10-fold cross-validation of multiclass text classification on “The Moods of Bloggers”.

Algorithm 5 Algorithm 6 Naive Bayes Classification via regression J48
Training % 74.52 73.52 92 96 42
Testing % 45.12 49.56 43 50 42

Table 6: Details of real-world datasets.

Burst Header Packet
(BHP) CNAE-9 Turkish text

categorization (TTC) DBWorld e-mails

Number of instances 1075 1080 3600 64
Number of attributes 22 857 3208 230
Number of classes 4 9 6 2

Table 7: Results for multiclass text classification on real-world datasets.

Algorithm 5 Algorithm 6 Naive Bayes Classification via regression J48

BHP Accuracy (%) 72.09 56.74 72.09 99.06 100
Time (sec.) 29.08 76.50 0.02 0.01 0.04

CNAE-9 Accuracy (%) 100 99.69 96.13 70.02 94.41
Time (sec.) 173.24 428.73 0.1 7.12 0.95

TTC Accuracy (%) - - 87.75 87.75 93
Time (sec.) - - 169.09 192.49 31.18

DBWorld e-mails Accuracy (%) 100 98.43 98.43 87.5 92.18
Time (sec.) 0.72 0.9 0.01 0.04 0.02

Acknowledgments

Dr. Burak Ordin acknowledges TUBITAK for its support
(Project no. 113E763).

References

[1] K.Kourou, T. P. Exarchos, K. P. Exarchos,M.V.Karamouzis, and
D. I. Fotiadis, “Machine learning applications in cancer progno-
sis and prediction,”Computational and Structural Biotechnology
Journal, vol. 13, pp. 8–17, 2015.

[2] T. Wuest, D. Weimer, C. Irgens, and K.-D. Thoben, “Machine
learning in manufacturing: Advantages, challenges, and appli-
cations,” Production and Manufacturing Research, vol. 4, no. 1,
pp. 23–45, 2016.

[3] D. L. Olson and D. D. Wu, “Data Mining Models and
Enterprise Risk Management,” in Enterprise Risk Management
Models, Springer Texts in Business and Economics, pp. 119–132,
Springer, Berlin, Germany, 2017.

[4] C. Romero and S. Ventura, “Data mining in education,” Wiley
Interdisciplinary Reviews: Data Mining and Knowledge Discov-
ery, vol. 3, no. 1, pp. 12–27, 2013.

[5] P. Flach, Machine Learning: The Art and Science of Algorithms
That Make Sense of Data, Cambridge University Press, New
York, NY, USA, 2012.

[6] T. Joachims, Text categorization with support vector machines:
learning with many relevant features, Universitmt Dortmund
lnformatik LS8, Baroper Str. 301, Germany, 1999.

[7] W. Zhang, T. Yoshida, and X. Tang, “Text classification based
onmulti-word with support vector machine,” Knowledge-Based
Systems, vol. 21, no. 8, pp. 879–886, 2008.
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Railway subgrade defect is the serious threat to train safety. Vehicle-borne GPR method has become the main railway subgrade
detection technology with its advantages of rapidness and nondestructiveness. However, due to the large amount of detection data
and the variety in defect shape and size, defect recognition is a challenging task. In this work, the method based on deep learning
is proposed to recognize defects from the ground penetrating radar (GPR) profile of subgrade detection data. Based on the Faster
R-CNN framework, the improvement strategies of feature cascade, adversarial spatial dropout network (ASDN), Soft-NMS, and
data augmentation have been integrated to improve recognition accuracy, according to the characteristics of subgrade defects. The
experimental results indicates that compared with traditional SVM+HOG method and the baseline Faster R-CNN, the improved
model can achieve better performance.Themodel robustness is demonstrated by a further comparison experiment of various defect
types. In addition, the improvements to model performance of each improvement strategy are verified by an ablation experiment
of improvement strategies. This paper tries to explore the new thinking for the application of deep learning method in the field of
railway subgrade defect recognition.

1. Introduction

Railway subgrade defect is a serious threat to railway trans-
port safety. At present, the main detection equipment of
railway subgrade defects is the vehicle-mounted ground
penetrating radar (GPR) [1, 2]. In spite of the large amounts of
railway subgrade detection data on existing railway, the defect
recognition method still primarily relies on the low efficient
artificial recognition by experienced experts, which has influ-
enced the further development of railway subgrade detection.
Therefore, how to automatically recognize subgrade defects to
improve the recognition efficiency and accuracy has been an
urgent problem.

At present, the researches on railway subgrade defect
recognition primarily focus on the extraction of hand-
designed features and the application of traditional machine
learning methods such as support vector machine (SVM)
and shallow neural network in classifier training. Liao et al.
[3] extracted features of mud pumping defects by analyzing
layer drawing of GPR data and recognized defects by neural

network technology. Du et al. [4] extracted subband energy,
variance, and layer position from subgrade GPR images as
features to establish a vector neural network model and
used the model to recognize subgrade defects, such as mud
pumping, subgrade settlement, and ballast fouling. However,
the blurred boundary between the features of subgrade set-
tlement and ballast fouling affected the final recognition rate.
Zou et al. [5] used instantaneous frequency and instantaneous
amplitude as features and SVM as classifiers to recognize
subgrade defects. However, the recognition range was limited
to the training set. Du et al. [6] used the sparse representation
method to express subgrade defect features and recognized
subgrade defects by quarter-sphere SVM.

The essential features of railway subgrade defects cannot
be obtained by the traditional way which designs defect
features artificially. Therefore, ideal classification results are
not achieved by traditional methods. In recent years, deep
learning methods [7–9], especially the target detection algo-
rithms [10–13] based on convolutional neural network, have
achieved great success in many fields. By extracting hidden
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Figure 1: The schematic diagram of ground penetrating radar.

high-dimensional features from training data, deep learning
methods can eliminate the drawbacks of artificial design
features and tedious image processing steps in traditional
approaches. Some researchers have tried the deep learning
method to solve the problems in railway engineering. Yin
et al. [14] proposed an automated diagnosis network of
VOBE for high-speed train via deep belief network (DBN)
and improves the accuracy of fault diagnosis for VOBEs
to 90–95% in HSRs; Gibert et al. [15] combined multiple
detectors within amultitask learning framework to improved
accuracy for detecting defects on railway ties and fasteners;
Pang et al. [16] recognized the faults of high-speed train bogie
based on deep network and the recognition rate is 100% for
nonwhole fault of key components of bogie at the different
speed; Giben et al. [17] described a novel approach to visual
track inspection using material classification and semantic
segmentation with Deep Convolutional Neural Networks
(DCNN).

In summary, the current researches on railway subgrade
defect recognition mainly focus on combining artificial
design features with traditional machine learning classifica-
tion algorithms such as support vector machine and artificial
neural network. However, the subgrade defects are various in
shape and size, and the artificial design features are limited in
the ability of feature representation. Therefore, the artificial
design features are difficult to deal with the complicated sub-
grade environments. In addition, although the deep learning
method has been introduced in the railway field, it has not
been extended to the subgrade defects recognition.Therefore,
different from the traditional methods, this paper uses the
deep learning method to extract high-dimensional features
and recognize defects from the GPR profile of subgrade
detection data.

In this paper, a novel method of applying Faster R-
CNN [13] to automatic recognition of railway subgrade
defects was proposed. To solve the difficulties in subgrade
defect recognition task, the improvement strategies of feature
cascade, adversarial spatial dropout network (ASDN) [18],
Soft-NMS [19], and data augmentation were integrated to

improve Faster R-CNN. In order to conduct experimental
research, a dataset with a total of 2050 labelled subgrade
defect profiles was made. In addition, based on the dataset,
a large number of experiments including the ablation experi-
ment of improvement strategies, the comparison experiment
with traditional approaches and the comparison experiment
with various defect types have been conducted to verify the
effectiveness of the proposedmethod.This paper explores the
possibility of applying deep learning methods to recognize
subgrade defects, and provides a new thinking for the field of
railway subgrade defect recognition.The recognitionmethod
based on Faster R-CNN improves the recognition accuracy
compared with traditional methods.

The rest of this paper is structured as follows. Section 2
introduces the foundation of railway subgrade detection
and the establishment of defect dataset. Section 3 describes
the method of railway subgrade defect recognition based
on Faster R-CNN and the improvement strategies. The
experiment and analysis of subgrade defect recognition
are discussed in Section 4. Finally, Section 5 presents the
conclusions and future work of the paper.

2. Railway Subgrade Detection and Defect
Dataset Construction

2.1. Principle of Ground Penetrating Radar. Ground pene-
trating radar (GPR) [20] is a kind of electronic device that
uses high-frequency electromagnetic waves to detect the
distribution of subsurface media. The principle of GPR is
shown in Figure 1. First, the transmitter emits high-frequency
electromagneticwaves through the transmitting antenna, and
the electromagnetic wave is reflected when encountering
mediums with dielectric differences during the propagation
process. Then, the reflected wave is input to the receiver
through the receiving antenna. Finally, the host radar records
the motion characteristics of the electromagnetic wave and
saves it into a file. The cross-sectional scanning image of the
undergroundmedia is generated by the image display system.
According to the arrival time of the reflected signal and the
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Figure 2: The appearance photo of subgrade status inspection
vehicle.

Figure 3: Three-channel radar antenna group.

average reflection velocity of target, the distance of detection
target can be calculated.

2.2. Vehicle-Borne GPR Detection Technology. The subgrade
data used in this paper is collected by the subgrade status
inspection vehicle as shown in Figure 2, in which a fast and
nondestructive detection technique of vehicle-borne GPR is
adopted to detect subgrade.The detection vehicle is equipped
with the RIS ground penetrating radar of Italy IDS company
to build an acquisition systemof railway subgrade data, which
consists of three-channel radar antenna group (as shown in
Figure 3), FastWave host radar (as shown in Figure 4), central
control system, signal display instrument, range finder, signal
transmission cable, etc.

When the system is started, the central control system
sends a data acquisition instruction to the host radar. Then,
the host radar transmits pulse signal through the air-coupled
antenna in the radar antenna group and receives the reflected
signal of subgrade structure layer simultaneously. The range
finder can synchronously records the driving distance of
train. Finally, all the data is transmitted to the central control
system through the transmission cable, and the subgrade data
profile can be viewed in real time through the signal display
instrument.

A total of three survey lines are arranged during the
detection, which are distributed on the centre of railway and
the both sides of rails. Three 400 MHz air-coupled antennas
are placed in parallel to collect subgrade data. The time

Figure 4: FastWave host radar.

Figure 5: The interface of SRS-DPA postprocessing software.

window of 400MHz antenna is set to 60ns, the number of
sampling points is set to 512 points, and the sampling interval
is set to 0.115m.

2.3. Radar Data Processing. The railway subgrade data col-
lected by vehicle-borneGPR is unavoidably incorporated into
noise signals, due to the interference caused by catenary,
high-voltage wire pole, railway signal equipment, locomo-
tives, and so on. In addition, the rails and reinforced concrete
sleepers have strong reflections of radar electromagnetic
waves which reduce downward radiated energy and affect the
quality of inspection data. Therefore, the processing of the
original signal can suppress the noise signal and highlight the
interlayer interface or the effective characteristic information
such as the amplitude, phase, and waveform of the reflected
wave of the target defect.

The SRS-DPA postprocessing software is used for data
processing and the software interface is shown in Figure 5.
The radar signal processing includes preprocessing and fur-
ther processing analysis. The preprocessing includes data
sampling, zero-line correction, and mileage correction. The
data processing includes horizontal filtering, vertical band-
pass filter, gain setting, speed analysis, and contrast setting.
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(a) Subgrade settlement defect (b) Water abnormality defect

(c) Mud pumping defect (d) Ballast fouling defect

Figure 6: The ground penetrating profile of railway subgrade defects.

The processed data are saved as images for the subsequent
image annotation.

2.4. Data Interpretation and Defect Labelling. The basis of
defect determination in this paper mainly includes the
GPR features of railway subgrade defects, on-site excavation
verification of defects, and expert interpreting experience.

Firstly, different types of subgrade defects have their own
features in GPR profiles. Therefore, different defects such as
mud pumping and subgrade settlement can be distinguished
and discriminated based on their radar image features, as
shown in Figure 6. The radar image features of subgrade
settlement are that the reflection events of the interface
between the ballast and subgrade bed and the one between
surface layer and bottom layer of subgrade bed are obvious
bend sinking and depth-down offset, and the events are
discontinuous and uneven near the same depth position,
as shown in Figure 6(a). The radar image features of water
abnormality are that the medium interface is low-frequency
and strong reflection, large amplitude, contrary phase, and
multiple reflections, as shown in Figure 6(b).The radar image
features of mud pumping are that the wave group of defects is
disorderly and discontinuous, and the strong low-frequency
reflection resembles a mountain tip or straw hat, as shown
in Figure 6(c). The radar image features of ballast fouling
are that there is a snow shaped or flocculent reflection inside
ballast bed, and the reflection events on the interface between
ballast bed and subgrade bed are not clear or discontinuous,
as shown in Figure 6(d).

Secondly, some of the defects detected have been exca-
vated on site to verify the correctness of defect radar features.
The on-site verification images are shown in Figure 7.

Subgrade defectswill directly affect traffic safety. For example,
mud pumping defect will cause problems such as track offset,
uneven rail surface, and hard bending of rails, which will
have a serious impact on the entire track structure; subgrade
settlement defect could cause recess to make the line uneven;
ballast fouling defect will lead to poor drainage and water
accumulation, which will infiltrate into the subgrade and
cause defects like mud pumping under the influence of
train loads; water abnormality defect could cause certain
settlement or partial collapse. If the subgrade lacks adequate
protection and reinforcement equipment, the subgrade sta-
bility will be affected or destroyed.

Thirdly, due to the complex geological structure of railway
subgrade, the subgrade defects are various in shape and size.
Therefore, the identification of specific defects still needs
expert experience. The defect images are labelled with the
open source software Labelimg [21]. The annotated images
are shown in Figure 6. Different defect types are labelled
with rectangle frames in different colours. Then, the software
will automatically generate the XML index file needed for
model training phase, including the position and length-
width information of defects in the image. Image annotation
is carried out by experienced subgrade detection experts.
The labelling rules are that the defects verified by on-site
excavation will be preferentially selected; then, the defects
with obvious defect GPR features will be labelled; finally,
the fuzzy defects that even the experienced experts cannot
confirm will be preferentially eliminated.

2.5. BuildingDefect Dataset. Thedefect dataset is constructed
from the labelled defect images and its data distribution is
shown in Table 1. The dataset includes a total of 2050 images,
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(a) Ballast fouling defect (b) Water abnormality defect

(c) Mud pumping defect (d) Ballast fouling defect

Figure 7: The site excavation photos of subgrade defects.

Table 1: Data distribution in dataset.

Dataset Mud pumping Subgrade settlement Water abnormality Ballast fouling Normal subgrade Total
Training set 360 280 280 320 400 1640
Validation set 45 35 35 40 50 205
Test set 45 35 35 40 50 205
Total 450 350 350 400 500 2050

in which 500 are normal subgrade images and 1550 are
defect images. Among the 1,550 defect images, 450 are mud
pumping defects, 350 are subgrade settlement defects, 350 are
water abnormality defects, and 400 are ballast fouling defects.
The data set is divided into training set, validation set, and test
set according to the ratio of 8:1:1. Each set randomly selects
images in proportion from the four defect types and normal
subgrade to ensure that each set is in the same distribution.
Therefore, the training set includes 1640 images, of which 400
are normal subgrade, 360 aremudpumping, 280 are subgrade
settlement, 280 are water abnormality, and 320 are ballast
fouling; the verification set and the test set, respectively,
include 205 images, of which 50 are normal subgrade, 45
are mud pumping, 35 are subgrade settlement, 35 are water
abnormality, and 40 are ballast fouling.

3. Subgrade Defect Recognition with
Improved Faster R-CNN

3.1. Faster R-CNN. With the accumulation of R-CNN [10]
and Fast R-CNN [12], Ross B. Girshick presented a new
detection algorithm, Faster R-CNN [13]. On the structure,
Faster R-CNN has integrated the four basic steps of target
detection into a single deep network, which were feature
extraction, proposal generation, bounding box regression,

and classification. Therefore, a significant performance has
been achieved, especially on the detection speed. The tradi-
tional Selective Search [22] was replacedwith the Region Pro-
posal Network (RPN) in Faster R-CNN, a fully convolutional
network [23]. Therefore, the Faster R-CNN was composed of
two components: RPN and Fast R-CNN.The RPN generated
a series of rectangular proposal regions which might include
objects and transferred them to the Fast R-CNN; the Fast R-
CNN performed target classification and position correction
of bounding boxes. The architecture of Faster R-CNN is
presented in Figure 8.

3.2. Overview of the Proposed Defect Recognition Method.
In this paper, the Faster R-CNN is applied to the auto-
matic recognition of railway subgrade defects. In view of
the difficulties in the detection task of railway subgrade
defects, multiple improvements have been made to improve
the traditional Faster R-CNN. The specific implementation
process is presented in Figure 9.

As shown in Figure 9, using deep learning method to
conduct the research of subgrade defect recognition, the
development environment needs to be built firstly. In this
paper, we build the development environment based onCaffe,
which has two model training modes that are CPU and
GPU. After the key parameters are set up, we need to choose
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Figure 8: The network structure diagram of Faster R-CNN.

whether to use pretraining model and the improvement
strategies of feature cascade, ASDN, Soft-NMS, and data
augmentation to improve Faster R-CNN. Then, we use our
self-made subgrade defect dataset to fine tune the model.
Finally, we analyze the detecting results and conduct ablation
experiments of improvement strategies and a comparison
experiment with traditional methods.

3.3. Improvement Strategies. The method of directly apply-
ing traditional Faster R-CNN to railway subgrade defect
recognition cannot achieve ideal recognition effect.Themain
reasons are that different from general target detection task
of natural images, in railway subgrade defect detection task,
the boundaries between target and background are blurred,
the dimension and shape of detecting targets are diverse,
the proportion of positive and negative samples is highly
imbalanced, and the number of samples is limited.Therefore,
in view of the characteristics and difficulties in railway
subgrade defect detection task, four improvement strategies
of feature cascade, ASDN, Soft-NMS, and data augmentation
have been integrated to improve the traditional Faster R-
CNN.The network structure of the improvedmodel is shown
in Figure 10 and implementation details will be described in
following parts.

3.3.1. Feature Cascade. Thetraditional Faster R-CNNuses the
features pooled by the Roi-pooling layer to perform image
classification and regression, which have wide acceptance
region and coarse feature grain. Therefore, small targets
are easy to be ignored. However, in the railway subgrade
defect detection task, the dimension and shape of target
defects are changeable, so traditional Faster R-CNN does
not achieve expected detection performance. Inspired by
the studies in [24, 25], an improvement strategy called
feature cascade has been used to improve the traditional
Faster R-CNN. This improvement strategy combines the
output features of swallow convolutional layers with those of

deep convolutional layers to form a new multisized feature,
which can detect multiscale targets and improve model
performance.

The specific implementation method is shown in a blue
dashed box in Figure 10. Firstly, the output features of
conv3 3, conv4 3, and conv5 3 layers are, respectively, pooled
and normalized by their own Roi-Polling layer and L2 Norm
layer. Then, the three output features are combined into a
single feature via the Concate layer. Finally, the Conv1×1
layer integrates the multichannel features and reduces output
feature dimension to match the input dimension of the fc6
layer in traditional Faster R-CNN. In addition, it is notable
that the L2 Normalization layer is necessary, because the
feature dimensions in swallow convolutional layers and deep
convolutional layers are different. By means of the L2 Norm
layer, all features from the multiple convolutional layers in
different depth are unified into one dimension.

3.3.2. Adversarial Spatial Dropout Network. Compared with
the target detection task of natural images, the number of
samples which can be collected in the railway subgrade defect
recognition task is limited, and the shape and dimension of
defects are diverse. These factors will lead to the incomplete
coverage of defect dataset. Therefore, a kind of adversarial
nets called adversarial spatial dropout network (ASDN) [18]
is introduced to solve the problem.TheASDN generates hard
positive samples which are infrequent and hard to classify by
confrontational learning. Then, those hard samples are input
to the detector to enhance their influence so that the detecting
network and its adversary, the ASDN, could learn together
to improve model performance. The specific structure of
the ASDN is shown in a green dotted box in Figure 10. A
mask with the same size of the output of feature cascade
is generated to modify its partial feature, which makes the
detector difficult to distinguish. Through the improvement
of the ASDN, the detection precision of the model is
improved.
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Figure 9: The flow diagram of the proposed method for subgrade defect recognition.
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Figure 10: The network structure of the improved model.

3.3.3. Soft-NMS. Nonmaximum suppression (NMS) [26] is
a vital part of target detection process, which can effectively
suppress redundant detection boxes. However, in traditional
NMS, only the detection boxwith the highest confidence level
will be left and all the adjacent detection boxes whose overlap
with the highest one is greater than the set threshold will be
suppressed.Therefore, the traditionalNMS cannot detect two
adjacent and similar targets. Additionally, in railway subgrade
defect recognition task, two or more similar defects often
occur in adjacent regions, when the traditional NMSwill lead
to leakage judgment. Therefore, Soft-NMS [19], an improved
NMSmethod, is adopted in this paper, which is marked with
a red dotted box in Figure 10.

Soft-NMS does not directly suppress the detection box
whose overlapping degree is greater than the threshold, while
reducing the confidence level according to the overlapping
area of detection boxes. It effectively reduces the number of
false positive results and improves model performance. Soft-
NMS uses the attenuation function to adjust the confidence
level of detection box, which includes a linear weighted
and a Gaussian weighted function forms. In this paper, the
Gaussian weighted form is used, as given by

𝑠𝑖 = 𝑠𝑖𝑒
−𝑖𝑜𝑢(𝑀,𝑏𝑖)

2
/𝜎
, ∀𝑏𝑖 ∉ 𝐷 (1)

where M is the detection box with the greatest confidence
level; bi is the pending detection box; iou (M, bi) is the overlap
degree of M and bi; si is the corresponding confidence level
of bi; D is the set of detection boxes reserved.

3.3.4. Data Augmentation. As the limited samples in railway
subgrade defect dataset, a variety of data augmentation
methods are comprehensively applied to expand the defect
samples, which can effectively prevent the overfitting sit-
uation during model training process and improve model
performance. Data augmentation allows the improvedmodel
to learn more image invariance features by geometric trans-
formation, whichmeans the pixel values of image samples are
unchanged and only the pixel location is changed. The data
augmentation methods used are presented in Table 2.

4. Experiments

4.1. Model Training and Key Parameters. The development
environment is built on the deep learning infrastructure,
Caffe [27]. Model training and testing are based on the
Python implementation version [28] of Faster R-CNN. A
large model, VGG16 [29], is chosen as the basic network
model. Caused by the few samples in training set, the
pretrained model of VOC2007 ImageNet [30] is used to
initialize model parameters. Then, on this basis, self-made
dataset is applied to further fine tune the model. Alternating
training is used to train themodel in GPU accelerationmode.
The main configurations of development environment are
shown in Table 3.

The maximum iterations are set up as [60000, 30000,
60000, 30000]. The global learning rate is set to 0.001, and
in order to accelerate convergence process, the learning rate
of new added layers in the improved model is increased.
The spatial scale parameter in Roi pooling layer is set up
according to feature map dimension, with 0.25 in roi pool3,
0.125 in roi pool4, and 0.0625 in roi pool5. The num output
parameter in Con1×1 layer is set up to 512 to match the input
dimension of original fc6 layer.

4.2. Detecting Results and Qualitative Analysis. The mud
pumping defects are taken as examples; two detecting results
selected randomly in testing set are shown in Figure 11. It
can be obtained from Figure 11(a) that the two mud pumping
defects, separated by a short section of normal subgrade, are
correctly recognized by the proposed model; they both get a
high confidence level and a detection box which is basically
consistent with actual defect region. From Figure 11(b), under
the interference of the bridge in themiddle, themudpumping
defect is still accurately detected with a more than 90%
confidence level.

4.3. Ablation Experiments of Improvement Strategies. In order
to quantitatively evaluate the effect of each improvement
strategy proposed to the model performance, multitudes
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Table 2: Data augmentation methods applied in the improved model.

Data Augmentation
Method Method description

Flip Flipping the image horizontally or vertically.

Contrast Changing the saturation S and V luminance component in the HSV color space of the image, and keeping the
tone H unchanged.

Zoom Enlarging or compressing the image according to a certain proportion.

Random Cropping Clipping the image randomly, including the scale jittering method and the enhancement transform of
dimension and length-width ratio.

Rotation Rotating the image at arbitrary angle to change the orientation.

(a) (b)

Figure 11: The defect detection results of the proposed method. (a) shows the result of two adjacent mud pumping detected. (b) shows the
detected mud pumping close to a bridge.

Table 3: The configurations of development environment.

Equipment Configuration
CPU Intel Core i7-5930K
Graphics Card NVIDIA 1070, 8 GB GDDR5
Memory 32 GB DDR4
Operating system Linux (Ubuntu 14.04)

of ablation experiments are designed, which are shown in
Table 4. The experimental results displayed in ROC curves
are shown in Figure 12.

In Table 4, the symbols of check mark and cross indicate
whether the model located in this line has applied the kind of
improvement strategy. Therefore, none of the improvement
strategies has been used to Model 1. Pretrained model has
been applied to improve Model 2. Model 3 applied the
improvement strategies of pretrained model and feature
cascade. Model 4 applies pretrained model and ASDN.
Model 5 applies three improvement strategies which are
pretrained model, feature cascade, and ASDN. Model 6 uses
all improvement strategies except data enhancement. Model
7 applies all five improvement strategies.

Firstly, the effect of pretrained model on model per-
formance is examined by the ablation experiment (Model
1 versus Model 2). Model 1 is a traditional Faster R-CNN
detection algorithmwithout any improvement strategy, while
Model 2 uses the pretrained model on PASCAL VOC2007
for parameter initialization. It can be obtained from the ROC
curves of the two models that the light blue one of Model 2
is closer to upper left corner than the black one of Model 1.
Therefore, the performance of Model 2 is better.

Secondly, the improvement strategy of feature cascade is
validated by the ablation experiment experiments (Model 2

ROC Curve
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Model 2
Model 3
Model 4

Model 5
Model 6
Model 7

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1
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R

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.90 1
FPR

Figure 12: The ROC curve of ablation experiment results.

versus Model 3 and Model 4 versus Model 5). As shown in
Figure 12, Model 3 gets the better model performance than
Model 2. Compared with Model 4, Model 5 has been sig-
nificantly improved on model performance. Therefore, it can
be obtained that feature cascade is an effective improvement
strategy.

Thirdly, from the ablation experiment (Model 2 versus
Model 4), the ASDN improvement strategy indeed improves
the model performance. However, it will generate more false
positive samples at the same time. The use of Soft-NMS just
makes up for the shortcoming of ASDN, and the promotion
has been confirmed by a further experiment (Model 5 versus
Model 6).
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Table 4: The ablation experiment of the improvement strategies.

Model ID Pre-trained model Feature cascade ASDN Soft-NMS Data augmentation
Model 1 × × × × ×

Model 2 √ × × × ×

Model 3 √ √ × × ×

Model 4 √ × √ × ×

Model 5 √ √ √ × ×

Model 6 √ √ √ √ ×

Model 7 √ √ √ √ √

Table 5: The results of the model performance comparison experiment.

Method Detect speed/ (sec) Precision Recall F-Score
GPU CPU

HOG+SVM - 0.136 54.7% 29.8% 38.6%
Faster-RCNN 0.091 0.367 68.3% 66.9% 67.6%
The proposed method 0.093 0.391 85.2% 82.1% 83.6%

Finally, combing all the improvement strategies, Model
7 achieves the best detection performance, which verifies
the effectiveness of improvement strategies applied in this
paper.

4.4. Comparison Experiment with Traditional Methods

4.4.1. Experiment Design. In order to comprehensively eval-
uate the performance of the proposed method, a comparison
experiment with the traditional sliding method of SVM and
histogram of oriented gradient (HOG) is conducted. Since
SVM is a binary classifier, four linear SVM classifiers are
trained separately for four kinds of subgrade defects which
are the mud pumping, subgrade settlement, ballast fouling,
and water abnormality. Firstly, the positive samples of each
defect type are cropped from the self-made subgrade defect
dataset, and the negative ones are randomly cropped from
nontarget regions. Then, the training samples are uniformly
rescaled to 224×224, and HOG features are extracted to train
linear SVM classifiers. Finally, in detection stage, a sliding
window with the dimension of 224×224 is used for defect
detection, which is consistent with the input dimension
cropped in Faster R-CNN.

4.4.2. Evaluation Method. In order to objectively evaluate
the performance of three models in this experiment, three
evaluation indexes which are the Precision, Recall, and F-
Score are used. Precision is the proportion of predicted defect
samples that are actual defects, as given by

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(2)

where TP is the number of actual defect samples which
are predicted to be defects; FP is the number of actual
background samples which are predicted to be defects.

Recall is the proportion of actual defect samples that are
correctly predicted to be defects, as given by

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3)

where FN is the number of the actual defect samples that are
predicted to be backgrounds.

F-Score is the harmonic mean of Precision and Recall, as
given by

𝐹 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(4)

4.4.3. Results and Analysis. The comparison experiment
results are shown in Table 5. It can be obtained that the preci-
sion of the proposed method and traditional Faster R-CNN
are greater than the HOG+SVM, because in deep learning
approach, hidden features which are better than HOG can
be extracted from training data. Meanwhile, the precision
of the proposed method is greater than traditional Faster R-
CNN, since the comprehensive application of improvement
strategies could effectively overcome the difficulties in railway
subgrade defect recognition. For the index of recall, the
proposed method performs much better than the others.
Furthermore, the recall index is the most vital index in the
subgrade defect recognition task. If this index is quite low, a
large number of actual defectswill been omitted. Finally, from
the comprehensive performance index F-Score, the proposed
method achieves the greatest detection performance.

In addition, the detection speed of the three models
is compared in CPU and GPU mode, respectively. The
comparative results are displayed in Table 5. The index of
detect speed means the average detection time per image in
testing set. It can be obtained that although the detection
speed of the proposedmethod is lower than the other models
in CPU mode, it increases nearly 6 times in GPU mode and
outperforms the traditional approach, which has basically
achieved the real-time detection.

A sensitivity analysis has been conducted to test whether
the model proposed is overfitting. The 10-fold cross-
validation has been used to design experiments. Therefore,
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Table 6: The results of 10-fold cross-validation experiment.

Method Dataset Average
1 2 3 4 5 6 7 8 9 10

HOG+SVM 37.7 38.6 38.9 39.5 36.9 37.9 39.3 38.3 38.8 39.4 38.5
Faster-RCNN 67.2 67.5 66.8 67.8 68.3 67.9 67.3 67.8 67.5 68.1 67.6
Proposed method 82.9 84.4 83.7 82.9 82.3 84.5 84.8 83.7 83.8 82.6 83.6
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Figure 13: The detection accuracy comparison of the four kinds of
railway subgrade defects.

the defect dataset is evenly and randomly divided into ten
parts and the data of each defect type and normal subgrade in
each part are kept in the same distribution.Then, one of them
is selected as test set in turn, and the rest is used as training
set and validation set to train and evaluate model. The cross-
validation experimental results are shown in Table 6.

It can be seen from the experimental results in Table 6
that the F-Score of the 10 group dataset of the proposed
method are all above 82% and relatively stable and achieves
an average F-Score of 83.6%. Therefore, the model trained in
this paper has no overfitting. In the same way, the overfitting
phenomenon do not occur in the other two models of
HOG+SVM and Faster R-CNN, which achieve the average
F-Score of 38.5% and 67.6%, respectively.

Furthermore, in order to examine themodel performance
for various defect types, a comparison experiment is con-
ducted with the same testing set consisting of mud pumping,
subgrade settlement, ballast fouling, and water abnormality.
The experimental results are shown in Figure 13. Compared
with the other two methods, the proposed method achieves
the greatest detection precision and stability for four kinds of
defects. It is notable that the detecting precision of the ballast
fouling defect is lower in all threemodels, because the features
of ballast fouling in GPR profile are extremely complex and
the ballast fouling is sensitive to signal interference from the
structures such as turnouts and bridge guardrails.

5. Conclusions

Anautomatic recognitionmethodof railway subgrade defects
based on an improved Faster R-CNN was proposed. The

ablation experiments of improvement strategies are shown
that the pretrained model, feature cascade, ASDN, Soft-
NMS, and data augmentation can effectively improve the
model performance.The result of the comparison experiment
with traditional approach showed that the proposed method
achieves the greatest mAP of 83.6%, much greater than
the 38.6% of HOG+SVM, and is 16% greater than that
of traditional Faster R-CNN. Furthermore, the detection
speed of 0.093s in GPU mode outperforms the traditional
approaches and basically meets the requirement of real-
time detection. Additionally, the comparison experiment for
various defect types further verifies the strong robustness of
the proposedmethod. In the future, the following deficiencies
still need to be further studied: (1) the original GPR signal
data of GPR loses part of data accuracy during the process
of converting to GPR profile, which affects the recognition
accuracy. Therefore, how to recognize defects from raw data
format of GPR may be a future research direction. (2) The
current recognition algorithm can only identify four types of
defects, so the promotion of recognition algorithms to other
types of subgrade defects needs to be further studied.
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