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Currently, energy saving is increasingly important. During the production procedure, energy saving can be achieved if the
operational method and machine infrastructure are improved, but it also increases the complexity of flow-shop scheduling.
Actually, as one of the data mining technologies, Grey Wolf Optimization Algorithm is widely applied to various mathematical
problems in engineering. However, due to the immaturity of this algorithm, it still has some defects. .erefore, we propose an
improved multiobjective model based on GreyWolf Optimization Algorithm related to Kalman filter and reinforcement learning
operator, where Kalman filter is introduced to make the solution set closer to the Pareto optimal front end. By means of re-
inforcement learning operator, the convergence speed and solving ability of the algorithm can be improved. After testing six
benchmark functions, the results show that it is better than that of the original algorithm and other comparison algorithms in
terms of search accuracy and solution set diversity. .e improved multiobjective model based on Grey Wolf Optimization
Algorithm proposed in this paper is conducive to solving energy saving problems in flow-shop scheduling problem, and it is of
great practical value in engineering and management.

1. Introduction

Many mathematical problems in scientific research and
practical engineering essentially belong to multiobjective
optimization problem. .e analysis of constrained multi-
objective optimization algorithm has become a research
hotspot in recent years.

Different theories exist in the literature regarding op-
timization algorithm such as the Improved Multiobjective
Grey Wolf Optimizer (IMOGWO) that hybridize with the
fast nondominated sorting strategy [1]. In fact, significant
progress has been made in solving constrained multi-
objective optimization problems at home and abroad due to
its efficiency and simplicity [2], but there is still much room
for improvement in terms of the diversity and convergence
of solution sets.

In previous research, some scholars proposed a differ-
ential evolution algorithm based on two-population search
mechanism, which randomly deletes one of the two indi-
viduals with the smallest Euclidean distance [3]. In this way,
the boundary solution may be lost, and the diversity of
solution set may be affected. At the same time, when
updating the infeasible solution set, the individuals with a
small degree of constraint violation are preferred, but the
individual objective function value selected in this way may
be poor, thus affecting the convergence speed of the
algorithm.

Several lines of evidence suggest that a number of penalty
terms were applied to modify the value of individual ob-
jective function. In the process of evolution, feasible non-
dominant solutions were retained, and infeasible solutions
with a small degree of constraint violation were also retained
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[4]..is algorithm also has the condition of losing boundary
solution, which indicates that it has some defects in the
diversity maintenance of solution set. When updating fea-
sible solution sets and infeasible solution sets, individuals
located in the sparse region are given priority. However,
when updating the infeasible solution sets, individuals with a
large degree of constraint violation will be retained, thus
reducing the convergence speed of the algorithm [5].

As for the improved elite selection strategy, it can make
the solution set more widely distributed by setting prefer-
ence points and expand the application of constrained
multiobjective optimization algorithm to high-dimensional
problems by combining with Deb criterion [6], but it still has
some drawbacks.

Up to now, plenty of differential evolution algorithms
have been proposed, which minimize the value of the ob-
jective function for the feasible solution and minimize the
degree of constraint violation for the infeasible solution [7].
However, the information interaction between the feasible
solution set and the infeasible solution set is insufficient, and
the population diversity needs to be improved. On the other
hand, some scholars proposed a constrained multiobjective
optimization algorithm based on adaptive e truncation
strategy, which can improve the diversity of solution sets and
give consideration to the convergence [8]. But the selection
of e parameters is difficult, which needs to be adjusted
according to different problems [9]. In brief, it is difficult for
most algorithms to achieve enough balance for the key
performance indexes in the constrained multiobjective
optimization problems in terms of diversity and conver-
gence [10–12].

.erefore, we propose an improved Multiobjective
Grey Wolf Optimizer related to Kalman filtering and re-
inforcement learning (MKGWO) in this paper. .e main
innovation of the algorithm is that Kalman filter facilitates
the convergence from solution set to Pareto optimal front
end introduced into the static multiobjective algorithm. It
combines the characteristics of Kalman filter with the
robustness, reliability, and high efficiency of the rein-
forcement learning system when solving problems [13]. In
the process of evolution, the algorithm uses an elite pop-
ulation to store feasible nondominant solutions and retains
the nondominant solutions generated by historical itera-
tion. .e problem of scheduling research is to allocate
scarce resources to different tasks within a certain period of
time [14, 15]. As the production with the continuous ex-
pansion of scale, the importance of scheduling and deci-
sion-making to enterprise management and production is
increasingly prominent [16].

.e scheduling problem is an interdisciplinary field of
research, which involves operations research, computer
science, control theory, industrial engineering, and many
other disciplines [17]. A good scheduling scheme can greatly
improve the production level of enterprises, making rational
use of resources and enhancing the market competitiveness
[18–21].

From a different perspective, combining the data mining
technology and mathematical logic, we establish an im-
proved multiobjective operation model based on Grey Wolf

Optimization Algorithm to give consideration to energy-
saving problems in engineering. .e results show that the
algorithm can solve the Pareto front end problem in flow-
shop scheduling successfully, and it is of great practical value
in engineering and management.

2. Multiobjective Grey Wolf Optimizer

2.1. Multiobjective Problem. As briefly mentioned in the
introduction, multiobjective optimization refers to the op-
timization of a problem with more than one objective
function [22, 23]. Without loss of generality, it can be
formulated as a maximization problem as follows:

maximize: F(x) � f1(x), f2(x), . . . , fo(x),

subject to: gi(x) ≥ 0, i � 1, 2, . . . , m,

hi(x) � 0, i � 1, 2, . . . , p,

Li ≤Xi ≤Ui, i � 1, 2, . . . , n,

(1)

where n is the number of variables, o is the number of
objective functions, m is the number of inequality con-
straints, p is the number of equality constraints, gi is the ith
inequality constraints, hi indicates the ith equality con-
straints, and [Li, Ui] are the boundaries of ith variable
[24–26].

In single-objective optimization, solutions can be
compared easily due to the unary objective function. For
maximization problems, solution X is better than Y if and
only if X>Y. However, the solutions in a multiobjective
space cannot be compared by the relational operators due to
multicriterion comparison metrics. In this case, a solution is
better than (dominates) another solution if and only if it
shows better or equal objective value on all of the objectives
and provides a better value in at least one of the objective
functions [27]. .e concepts of comparison of two solutions
in multiobjective problems were first proposed by Khamis
et al. [28] and then extended by Khamis et al. [29]. Without
loss of generality, the mathematical definition of Pareto
dominance for a maximization problem is as follows [30].

Definition 1 (Pareto dominance).
Suppose that there are two vectors such as x� (x_1, x_2,

. . ., x_k) and y� (y_1, y_2, . . ., y_k).
Vector x dominates vector y (denoted as x≻ y) if

f xi( ≥f yi(  ∧ ∃i ∈ 1, 2, . . . , k : f xi(  , ∀i ∈ 1, 2, . . . , k{ }.

(2)

.e definition of Pareto optimality is as follows.

Definition 2 (Pareto optimality).
A solution x ∈X is called Pareto-optimal if

∃y ∈ X|F(y) ≻F(x)|. (3)

A set including all the nondominated solutions of a
problem is called Pareto-optimal set, and it is defined as
follows.
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Definition 3 (Pareto optimality set).
.e set of all Pareto-optimal solutions is called Pareto set

as follows:

Ps ≔ x, y ∈ X |∃F(y)≻F(x) . (4)

A set containing the corresponding objective values of
Pareto-optimal solution in Pareto-optimal set is called
Pareto-optimal front [31]. .e definition of the Pareto-
optimal front is as follows.

Definition 4 (Pareto-optimal front).
A set containing the values of objective functions for

Pareto solutions set is

Pf ≔ F(x) | x ∈ Ps . (5)

2.2. MOGWO. MOGWO algorithm was proposed by
Holland [32]..e social leadership and hunting technique of
grey wolves were the main inspiration of this algorithm. In
order to mathematically model the social hierarchy of wolves
when designing MOGWO, the fittest solution is considered
as the alpha (α) wolf. Consequently, the second and third
best solutions are named beta (β) and delta (δ) wolves,
respectively. .e rest of the candidate solutions are assumed
to be omega (ω) wolves. In the GWO algorithm, the hunting
(optimization) is guided by α, β, and δ. .e ω wolves follow
these three wolves in the search for the global optimum
[33–35]:

D � C∗XP(t) − X(t)


, (6)

X(t + 1) � XP(t) − A∗D, (7)

where t indicates the current iteration, A and C are coef-
ficient vectors, Xp is the position vector of the prey, and X
indicates the position vector of a grey wolf [36].

.e vectors A and C are calculated as follows:

A � 2a∗ r1 − a, (8)

C � 2r2, (9)

where elements of a linear decrease from 2 to 0 over the
course of iterations and r1, r2 are random vectors in [0, 1].
Position updating mechanism of search agents and effects A
is indicated in Figure 1 [37]. In this figure, we can see that the
three top wolves (namely, the fittest solutions) guide the
directions of other wolves (namely, the candidate solutions).

.e following formulas are run constantly for each
search agent during optimization in order to simulate the
hunting and find promising regions of search space:

Dα � C1 ∗Xα − X


, (10)

Dβ � C2 ∗Xβ − X


, (11)

Dδ � C3 ∗Xδ − X


, (12)

X1 � Xα − A1 ∗Dα, (13)

X2 � Xβ − A2 ∗Dβ, (14)

X3 � Xδ − A3 ∗Dδ, (15)

X(t + 1) �
X1 + X2 + X3

3
. (16)

C is a random value that is generated in [0, 2]. .e
storage mechanism of the nondominant solution is grid in
MOGWO. When the archive is full, each hypercube is taken
out by roulette according to the probability:

Pi �
c

Ni

, (17)

where c is a constant number greater than one and N is the
number of obtained Pareto-optimal solutions in the segment
[38].

2.3. Defect in MOGWO. Traditional Multiobjective Grey
Wolf Optimizer is a grey wolf group predation was inspired
by multiobjective optimization algorithm, using a fixed
external file to store nondominated solution, simple mul-
tiobjective grey wolves optimizer in solving static multi-
objective problem, because without a good promotion
strategy, lead to being not close to the Pareto-optimal front
end, and the diversity of solution set is not high [39]. To solve
the above problems, an improved algorithm KMGWO is
proposed in the next section.

3. An Improved MOGWO Based on Kalman
Filter and Reinforcement Learning

3.1. Kalman Filter. In 1960, R. E. Kalman published a paper
describing a method which can process a time series of
measurements and predict unknown variables more pre-
cisely than that based on a single measurement alone. .is is

(X∗-X,Y)

(X∗-X,Y∗-Y)

(X∗-X,Y∗)

X∗-X

Y∗
-Y

(X∗,Y) (X,Y)

(X∗,Y∗)

(X∗,Y∗-Y) (X,Y∗-Y)

(X,Y∗)

/A/>1

/A/<1

Figure 1: Position updating mechanism of search agents and
effects.
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referred to as the Kalman filter. Kalman filter maintains state
vectors, which describe the system state, along with its
uncertainties. .e equations for the Kalman filter fall into
two groups, time update and measurement update equa-
tions, which are performed recursively for the Kalman filter
tomake prediction. Here, the Kalman filter is used to directly
predict for future generations in the decision space, and the
two major steps are described below [40].

3.1.1. Measurement Update. .e measurement update
equations are responsible for incorporating a new mea-
surement into the a priori estimate to obtain an improved a
posteriori estimate [41]. .e individual solutions just before
the change occurs are taken as the actual measurements of
the previous predictions. .is information is used to update
the Kalman filter prediction model [42].

3.1.2. Time Update. .e time update equations are re-
sponsible for projecting forward the current state and error
estimate covariance estimates to obtain the a priori estimates
for the next step. New solutions are predicted based on the
corrected Kalman filter associated with each individual in
the decision space [43]. .ese are a priority estimates of the
future.

Pareto-optimal solutions will then be used to update the
reference points and subproblems..e specific equations for
the two steps are presented in the following [44]:

Time update step:

x
−
k � Axk− 1 + buk− 1, (18)

P
−
k � APk− 1A

T
+ Q. (19)

Measurement update step:

Kk � P
−
kH

T
HP

−
KH

T
+ R 

− 1
, (20)

Kk � P
−
kH

T
HP

−
KH

T
+ R 

− 1
, (21)

Pk � I − KkH( P
−
k , (22)

where x is the state vector to be estimated by the Kalman
filter, A denotes the state transition model, u is the optional
control input to the state x, B is the control input matrix, and
P is the error covariance estimate [45]. Z denotes the
measurement of the state vector,H is the observationmatrix,
and the process and measurement noise covariance matrices
are 2 and R, respectively. K is the Kalman filter gain.

Here is an example, so we can understand the Kalman
filter more intuitively.

As shown in Figure 2, the state vector of an object at the
period t obeys the magenta normal distribution, according
to which the position of the object at period t+ 1 can be
predicted, and the predicted value is the blue normal

distribution. .is blue normal distribution is getting fatter,
because a layer of noise to the recursion is added, so the
uncertainty is getting bigger. In order to avoid the deviation
caused by pure estimation, we made a measurement on the
position of the object at the period of t+ 1, and the mea-
surement results are subject to the red normal distribution.
.rough the five equations of Kalman filter, the real state
vector in the car at the time of t+ 1 can be obtained..e state
vector follows the green normal distribution, which means
that the prediction of Kalman filter can be carried out
iteratively.

Kalman filter has been widely applied to the dynamic
multiobjective algorithm to ensure that the dynamic mul-
tiobjective algorithm can converge to the Pareto-optimal
front end in time when the problem changes. It can be said
that, at present, Kalman filter is one of the most effective
methods to make the population converge to the Pareto-
optimal set and the solution set converge to the Pareto-
optimal front end. .erefore, this paper reversely applies it
to the static multiobjective algorithm to promote the static
multiobjective algorithm to converge to the Pareto-optimal
front end faster.

In order to overcome the defects of MOGWO described
above, this paper proposes a multiobjective Grey Wolf Al-
gorithm based on Kalman filter transformation, which is
hereinafter referred to as MKGWO.

After each iteration, a new grey wolf population is
generated by the newly generated grey wolf population and
the previous-generation grey wolf population using Kalman
filter through update probability Pu, which promotes the
convergence of solution set to the Pareto-optimal front end.
.is strategy is called Kalman filter operator, and the for-
mula is described as follows:

x
i
t+1

 i ∈ pu∗ n , (23)

xt+1 � Kalman filter x
−
t+1, xt( . (24)

3.2. Reinforcement Learning. In the field of big data and
machine learning, data mining and learning technology can
be divided into supervised learning, unsupervised learning,
and reinforcement learning. Reinforcement learning grew
out from animal learning and parameter perturbation
adaptive control theory, referring to the mapping from

0
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1
1.2
1.4
1.6
1.8

2

t t + 1

Location Estimate True Noisy

Figure 2: Kalman filter principle explanation.
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environmental state to the action. It is a machine learning
method that can adapt to and interact with the environment.
.is method is different from supervised learning through
positive cases and counterexamples to advise the agent of
what action to take, but by trial and error to find the optimal
behavioral strategy.

As is shown in Figure 3, the basic principle of rein-
forcement learning is test evaluation process, and the agent
chooses an action for the environment, after which the
action state change is accepted at the same time producing a
reinforcement signal. .en, the agent selects next action
according to the reinforcement signal and environmental
current state, and the selection principle is increased by the
probability of positive reinforcement..e selected action not
only affects the immediate reinforcement value, but also the
state of the environment at the next moment and the final
reinforcement value.

In MOGWO improved based on Kalman filter oper-
ator, we found that Pu (update probability) could not be
fixed. For different problems, the optimal vaccination
probability was different. For the same problem, the
optimal vaccination probability is also different at dif-
ferent periods of iteration, so we choose the reinforcement
learning method here to dynamically determine the
vaccination probability. In this paper, this improved
method is collectively called reinforcement learning op-
erator, as shown in Figure 4.

.e reinforcement learning method used here is based
on snap–drift neural network. It switches between snap
mode and drift mode. In this operator, agent (MOGWO)
accepts the state (snap or drift) and reward value (Pm) at
time t then takes an action (increase or decrease Pu) to
convert to a new state:

Pm �
Se

N
, (25)

Pu �
max(0, Pu − ω), μ � snap,

min(1, Pu + ω), μ � drif .
 (26)

Se is the number of nondominated solutions generated
in this iteration; Pm is the conversion probability, that is
determined by the proportion of update individuals in
population this iteration. Snap mode is used for less than
50%, and drift mode is used for more than or equal to 50%. ω
is the step size of Pu with each change.

3.3. MKGWO Flow. MKGWO’s algorithm flow framework
is as follows (Algorithm 1).

4. Simulation Experiments

To test the performance of MKGWO, MKGWO and
MOGWO, MOPSO, NSGA2, MOEA/D, and PESA2 sim-
ulation experiment, the benchmark functions and correla-
tion index are analyzed in this section.

4.1. Experimental Environment and Benchmark Function

4.1.1. Experimental Environment. .e operating environ-
ment of the simulation experiment is as follows: the machine
is Dawning 5000A supercomputer. Xeon X5620 CPU (4
cores) ∗2, 24GB memory, 300GB SAS hard disk. Equipped
with Rhel5.6 operating system. .e programming tool is
MATLAB 2012a (for Linux).

4.1.2. Benchmark Function. In this paper, six benchmark
functions are selected to evaluate the performance of the
algorithm..is group of benchmark functions is widely used
in the test of multiobjective optimization algorithm. .e
function names, dimensions, ranges, and expressions are
shown in Table 1. .ese six benchmark functions can be
divided into two categories: Kursawe, Schaffer, ZDT1, and
ZDT6 are two-dimensional test functions used to investigate
the search ability of the algorithm at low latitude; Viennet2
and Viennet3 are 3D test functions, adding more Pareto
points and increasing the difficulty of searching, for further
detecting the overall performance of the algorithm. .ese
test problems are considered as the most challenging test
problems in the literature that provide different multi-
objective search spaces with different Pareto-optimal fronts:
convex, nonconvex, discontinuous, and multimodal.

State

Reward
EnvironmentAgent

Action

Figure 3: Principle of reinforcement learning.

KMGWO

Solution
space

Actiont

Statet+1

Rewardt+1

Rewardt

Statet

Figure 4: Reinforcement learning operator operation process.
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Initialize the grey wolf population Xi(i � 1, 2, . . . , n)

Initialize a, A, and C
Calculate the objective values for each search agent
Find the nondominated solutions and initialize the archive with them
Xα � Select Leader(archive)
Exclude alpha from the archive temporarily to avoid selecting the same leader
Xβ � Select Leader(archive)
Exclude beta from the archive temporarily to avoid selecting the same leader
Xδ � Select Leader(archive)
Add back alpha and beta to the archive
t� 1
while (t<Max number of iterations).
for each search agent
Update the position of the current search agent by equations (6)–(16)

end for
Update a, A, and C
Invoke Kalman filter by equations (18)–(24)
Invoke reinforcement learning operator by equations (25) and (26)
Calculate the objective values of all search agents
Find the nondominated solutions
Update the archive with respect to the obtained nondomination solutions
If the archive is full
Run the grid mechanism to omit one of the current archive solutions
Add the new solution to the archives

End if
Xα � Select Leader(archive)
Exclude alpha from the archive temporarily to avoid selecting the same leader
Xβ � Select Leader(archive)
Exclude beta from the archive temporarily to avoid selecting the same leader
Add back alpha and beta to the archive

ALGORITHM 1 :MKGWO flow framework.

Table 1: Benchmark function equation.

Function name Equation Search domain Search boundary

Kursawe Minimize �

f1(x) � 

2

i�1
[− 10 exp(− 0.2

��������

x
2
i + x

2
i+1



)],

f2(x) � 
3

i�1
[|xi|

0.8
+ 5 sin(x

3
i )]

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

3 − 5≤xi ≤ 5

Schaffer Minimize �
f1(x) � x

2
,

f2(x) � (x − 2)
2 1 − 5≤xi ≤ 5

Viennet2 Minimize �
f1(x) � 1/2(x1 − 2)

2
+ 1/13(x2 + 1)

2
+ 3,

f2(x) � 1/36(x1 + x2)
2

+ 1/8(x2 − x1 + 2)
2

− 17,

f3(x) � 1/175(x1 + 2x2 − 1)
2

+ 1/17(2x2 − x1)
2

− 13

⎧⎪⎨

⎪⎩
2 − 4≤xi ≤ 4

Viennet3 Minimize �

f1(x) � 1/2(x
2
1 + x

2
2) + sin(x

2
1 + x

2
2),

f2(x) � 1/8(3x1 − 2x2 + 4)
2

+ 1/27(x1 − x2 + 1)
2

+ 15,

f3(x) � 1/x2
1 + x

2
2 + 1 − 1.1exp(− (x

2
1 + x

2
2))

⎧⎪⎨

⎪⎩
2 − 3≤x1 ≤ 10,− 10≤x2 ≤ 3

ZDT1 Minimize �

f1(x) � x1,

f2(x) � g(x)h(f1(x), g(x)),

g(x) � 1 + 9/29
30
i�2xi,

h(f1(x), g(x)) � 1 −

����������

f1(x)/g(x)



⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

30 0≤xi ≤ 1

ZDT6 Minimize �

f1(x) � 1 − exp(− 4x1)sin
6
(6πx1),

f2(x) � g(x)h(f1(x), g(x)),

g(x) � 1 + 9[
10
i�2xi/9]

0.25
,

h(f1(x), g(x)) � 1 − (f1(x)/g(x))
2

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

10 0≤xi ≤ 1
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4.2. Contrast Indicators and Algorithm Parameters. For the
performance metric, we have used Inverted Generational
Distance (IGD) for measuring convergence. .e Spacing
(SP) is employed to quantify and measure the coverage. .e
mathematical formulation of IGD is similar to that of
Generational Distance (GD). .is modified measure for-
mula is as follows:

IGD �

������


n
i�1 d

2
i



n
, (27)

where n is the number of true Pareto-optimal solutions and
d indicates the Euclidean distance between the ith true
Pareto-optimal solution and the closest obtained Pareto-
optimal solutions in the reference set. .e Euclidean dis-
tance between obtained solutions and reference set is dif-
ferent here. In IGD, the Euclidean distance is calculated for
every true solution with respect to its nearest obtained
Pareto-optimal solutions in the objective space.

.e mathematical formulation of the SP and MS mea-
sures is as follows:

SP �

���������������

1
n − 1



n

i�1
d − di 

2




. (28)

In the simulation experiment, the population number of
each algorithm is 200, the number of archives is 200, and the
number of iterations is 500. Each algorithm ran indepen-
dently for 30 generations, and its minimum value, maximum
value, average value, and variance were taken as the results.
.e remaining parameters are shown in Table 2.

4.3. Comparative Analysis of Experimental Results. .e
Pareto diagram in Figures 5–10 shows that the Pareto
nondominant solution generated by KMGWO is basically
consistent with the real Pareto front end and the solution set
distribution is relatively uniform. .en, the simulation ex-
periment results are analyzed by data comparison. In the
Kursawe function test results, the indicators of KMGWO
and MOEA/D are the best, around 0.12, slightly larger than
PESA2. .e worst is NSGA2 algorithm. It shows that in
addition to KMGWO, MOEA/D is also suitable for solving
low-dimensional multiobjective problems..e test results of
Schaffer’s function show that KMGWO has the best effect.
MOGWO and MOEA/D are slightly worse than KMGWO,
and the standard deviation of MOGWO is smaller. In both
Viennet2 and Viennet3, the results of the three-target
benchmark test functions, PESA2 and KMGWO, have the
best effect of two algorithms, respectively. In Viennet2,
KMGWO is only slightly less than PESA2 algorithm. Taken
together, KMGWO is very suitable for solving three-target
optimization problem; this may be associated with the al-
gorithm search ability being stronger. .e next step research
direction can test the effect of this algorithm in the target
problem; it is very exciting, and in the two test functions,
KMGWO’s standard deviation is also very good. It shows
that the stability of the algorithm in this kind of test function
is excellent. In this paper, two of the functions of ZDTsystem

proposed by Deb are selected: ZDT1 and ZDT6. .e test
results of ZDT1 function showed that the best algorithm was
MOGWO, MOPSO was slightly inferior, and KMGWO was
excellent and ranked third..e test results of ZDT6 function

Table 2: Algorithms’ parameters.

Algorithms Parameters
KMGWO Alpha� 0.1; beta� 4; gamma� 2; Pu � 0.2; w � 0.1
MOGWO Alpha� 0.1; beta� 4; gamma� 2
MOPSO w � 0.4; c1� 2; c2� 2
NSGA2 pc� 0.9; pm� 0.5
MOEA/D Gamma� 0.5
PESA2 p � 0.5; h� 0.3; gamma� 0.15
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–2

0

2
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–15–16 –14–17–18–19–20
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Figure 5: Kursawe’s test result.
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show that KMGWO is the best algorithm with excellent
stability. In general, KMGWO’s ability to approach the real
Pareto front end is very strong, especially when the number
of targets is high, so the algorithm will be widely used in
production.

Concerning IGD metric, the merit is clear that the
KMGWO significantly dominates over the KMGWO on
almost the problems. As shown in Table 3, the KMGWO is
the best performing method in our comparison experiment.
.is strongly demonstrates that the reinforcement learning
operator can effectively improve the overall performance of
the algorithm. .e reason for this superiority of MKGWO
lies in reinforcement learning operator as follows: in rein-
forcement learning operator, the optimal vaccination
probability is also different at different periods of iteration;

population is divided into many subpopulations and each
solution has its own neighbors.

Table 4 is the statistics of SP. SP value represents the
degree of uniformity between Pareto solutions. .e smaller
this value is, the more homogeneous the Pareto solutions
obtained by the algorithm will be, and the smaller the
distance difference between themwill be. Kursawe’s function
test results show that NSGA2 SP value is the smallest of these
six algorithms, 1.4, and MOGWO, MOEA/D, and PESA2
with poor results, suggesting that NSGA2 simple double
objective test functions can generate the most homogeneous
solution set. It is worth noting that KMGWO effect is better
than MOGWO; Kalman filtering and reinforcement
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learning operator under the condition of synergy, multi-
objective algorithm, can improve the static solution set of
uniformity. .e test results of Schaffer’s function show that

the values of KMGWO and MOEA/D are optimal, both
around 0.2, but the standard deviation of KMGWO is better.
In this test function, the performance of KMGWO is the

Table 3: Comparison of algorithm running results’ IGD.

Kursawe Schaffer Viennet2 Viennet3 ZDT1 ZDT6

KMGWO

Min 0.001268 0.000548 0.000195 0.00013 4.15E − 05 0.000336
Max 0.001467 0.000606 0.000221 0.000663 5.97E − 05 0.000473
Mean 0.001367 0.000577 0.000208 0.000397 5.06E − 05 0.000404
Std 0.00014 4.1E − 05 1.84E − 05 0.000377 1.28E − 05 9.7E − 05

MOGWO

Min 0.001429 0.000626 0.000207 0.000222 2.96E − 05 0.002448
Max 0.00208 0.000689 0.000218 0.000265 3.66E − 05 0.01636
Mean 0.001755 0.000657 0.000213 0.000244 3.31E − 05 0.009404
Std 0.000461 4.47E − 05 7.86E − 06 2.99E − 05 4.93E − 06 0.009838

MOPSO

Min 0.002178 0.000669 0.00036 0.0002 0.000267 0.026323
Max 0.002426 0.000705 0.00039 0.000221 0.000296 0.030315
Mean 0.002302 0.000687 0.000375 0.00021 0.000281 0.028319
Std 0.000175 2.61E − 05 2.08E − 05 1.44E − 05 2.11E − 05 0.002823

NSGA2

Min 0.402172 0.09739 1.538041 0.85775 0.092674 0.134332
Max 0.410001 0.097398 1.592757 0.870869 0.109724 0.185229
Mean 0.406086 0.097394 1.565399 0.864309 0.101199 0.15978
Std 0.005536 5.83E − 06 0.03869 0.009277 0.012056 0.035989

MOEA/D

Min 0.001268 0.000605 2.33E − 05 0.000105 3.44E − 05 0.000864
Max 0.004135 0.000613 4.94E − 05 0.000208 4.66E − 05 0.018473
Mean 0.002701 0.000609 3.64E − 05 0.000156 4.05E − 05 0.009668
Std 0.002027 5.98E − 06 1.85E − 05 7.28E − 05 8.6E − 06 0.012451

PESA2

Min 0.001274 0.000628 0.000183 0.000195 0.002272 0.021336
Max 0.001549 0.000644 0.000347 0.000323 0.002847 0.052005
Mean 0.001412 0.000636 0.000265 0.000259 0.00256 0.036671
Std 0.000194 1.15E − 05 0.000116 9.05E − 05 0.000407 0.021687

Table 4: Comparison of algorithm running results’ SP.

SP Kursawe Schaffer Viennet2 Viennet3 ZDT1 ZDT6

KMGWO

Min 1.869705 0.464979 0.229326 1.681636 0.057698 0.170041
Max 2.140332 0.628268 0.354561 2.394785 0.067846 0.255117
Mean 2.005019 0.546624 0.291944 2.038211 0.062772 0.212579
Std 0.191362 0.115463 0.088554 0.504272 0.007176 0.060158

MOGWO

Min 2.071943 0.544736 0.338835 1.691569 0.058589 0.082575
Max 2.255649 0.588034 0.395661 2.20073 0.061941 0.180822
Mean 2.163796 0.566385 0.367248 1.946149 0.060265 0.131699
Std 0.129899 0.030616 0.040182 0.360031 0.00237 0.069471

MOPSO

Min 1.812654 0.597622 0.406334 2.205442 0.074537 0.309447
Max 1.948818 0.601261 0.41442 2.221322 0.076896 0.435343
Mean 1.880736 0.599441 0.410377 2.213382 0.075716 0.372395
Std 0.096282 0.002573 0.005718 0.011228 0.001668 0.089021

NSGA2

Min 1.442097 1.198419 0.225471 2.55751 0.342942 0.245284
Max 1.490551 1.228526 0.2299 2.645984 0.343657 0.372529
Mean 1.466324 1.213472 0.227685 2.601747 0.343299 0.308907
Std 0.034262 0.021289 0.003132 0.06256 0.000505 0.089976

MOEA/D

Min 1.645038 0.234028 0.238373 0.097528 0.054964 0.072255
Max 1.655435 0.295418 0.312842 0.145355 0.063264 0.15472
Mean 1.650237 0.264723 0.275607 0.121441 0.059114 0.113488
Std 0.007352 0.04341 0.052658 0.033819 0.005869 0.058311

PESA2

Min 2.091793 0.599484 0.276225 2.362664 0.069884 0.22178
Max 2.160544 0.638922 0.34284 2.398225 0.076021 0.814949
Mean 2.126169 0.619203 0.309533 2.380444 0.072953 0.518364
Std 0.048614 0.027887 0.047104 0.025145 0.00434 0.419434
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best. .e test results of the Viennet2 function show that the
SP values of KMGWO, MOEA/D, PESA2, and NSGA2 are
roughly the same, all around 0.2. From the image, we can
know that the test function is a three-objective test function,
and its image is a three-dimensional image, but not com-
plicated, indicating that most algorithms can find a relatively
uniform solution set on it. .e test results of Viennet3 show
that the SP value of the MOEA/D algorithm is optimal,
reaching 0.9. .e results of KMGWO and MOGWO come
next, reaching 1.6. .e other test algorithms are far inferior
to the three algorithms. In the test results of ZDT1, the
opposite was found. Except for NSGA2, all the algorithms
reached the optimal value of around 0.05, and the uniformity
of NSGA2 was the worst, which was only 0.3. .is situation
may be caused by the cross search ability of NSGA2. In the
test results of ZDT6 function, the SP value of MOEA/D,
PESA2, andMOGWOwas the smallest, around 0.8, followed
by KMGWO, with SP value of 0.17, and then MOPSO, with
0.3. To sum up, KMGWO is quite a competitive algorithm in
terms of the uniformity of the generated Pareto solution set,
but other algorithms, such as MOEA/D, cannot be ignored,
and their performance in this index is relatively excellent.

5. Application to Energy Saving considering
Flow-Shop Scheduling

5.1. Energy Consumption considering Flow-Shop Scheduling.
.e low-carbon scheduling problem in the flow shop studied
in this section can be described as follows: n jobs need to go
through m stages in the same flow direction, and each job
has only one working procedure in each stage. Considering
the preparation time of the machine, the preparation time is
related to the ordering of the two adjacent jobs. .erefore,
the preparation time is based on the sequence correlation of
the artifacts, and the machine startup is linked to the
processing time of the artifacts.

At different stages, the machine has different speed gears
for production and can be adjusted. From the point of view
of energy consumption, the machine has four different
states: (machine) on the machining processing status, start
state in preparation for a new jobs (machine), standby
(machine is in idle), and turned off (machine is turned off).
Under normal circumstances, when the machine is working
at a higher rate, the processing time will be shortened, but
the corresponding energy consumption will increase.
.erefore, this problem aims to maximize the completion
time and energy consumption index. Due to the charac-
teristics of the problem studied in this chapter, this problem
is much more complicated than the traditional flow-shop

scheduling problem. In this problem, other settings are as
follows.

.e job is processed continuously in the workshop. In
other words, the process cannot be interrupted. Machines
are allowed free time and have unlimited buffers between
phases. When there is a first job processing, the machine
boots. When all the jobs are finished, the machine is shut
down. .e machine speed cannot be adjusted in the course
of a job processing.

In order to present the mathematical model of the
problem, we first defined the following related mathematical
symbols according to the above description of the problem.

Symbol definition are below:

I: Set of jobs, I � 1, . . . , i, . . . , n{ }.
J: Set of processes, J � 1, . . . , j, . . . , m .
Vj: .e speed set of the process j machine,
Vj � 1, . . . , v, . . . , |Vj| .
pi,j,v: .e processing time in process j speed v job i.
si′ ,i,j: .e start time in process j job i′ transform to i.
i′ � i, si,i,j indicates the job i is the first job allotted this
machine.
ppj,v: Process j the power consumed by the machine
running at speed v.
spj: Process j power consumed by machine start-up.
ipj: .e power consumed by the machine in idle
running in process j.

Decision variables are as below:

bi,j: .e initial processing time of job I at stage j.
ei,j: .e end processing time of job I at stage j.
xi,j,v: .e two-dimensional decision variable, when
the job from I to j is processed at a rate of k, is 1;
otherwise the value is 0.
zi,i′ ,j: Two-dimensional decision variable, when the
job I′ is processed onstage j, the value is 1; otherwise
the value is 0.
Ton

j : Auxiliary decision variable, indicating the start-
up time of stage j machine，decision by bi,j and
xi,j,k,v.
Toff

j
: Auxiliary decision variable, indicating the halt

time of stage j machine，decision by bi,j and xi,j,k,v.

Based on these mathematical symbols, the mixed-in-
teger programming model of the flow-shop low-carbon
scheduling problem is presented as follows:
Objective function:

Min · Cmax � max
i∈I

ei,m, (29)

MinTEC � E1 + E2 + E3, (30)

E1 � 
j∈J


i∈I


v∈Vj

xi,j,v · pi,j,v · ppj,v,
(31)

10 Mathematical Problems in Engineering



E2 � 
j∈J


i∈I



i′∈I

xi,j,v · zi′ ,i,j · si′ ,i · spj, (32)

E3 � 
j∈J

T
off
j − T

on
j − 

i∈I


v∈Vj

xi,j,k,v · pi,j,v + 

i′∈I

zi’,i,j · si′,i
⎛⎝ ⎞⎠⎛⎜⎝ ⎞⎟⎠ · ipj. (33)

Constraint condition:


v∈Vj

xi,j,v � 1, ∀i ∈ I, j ∈ J,
(34)

ei,j − bi,j � 
v∈Vj

pi,j,v · xi,j,v, ∀i ∈ I, j ∈ J,
(35)

bi,j − ei,j− 1 ≥ 0, ∀i ∈ I, j ∈ 2, . . . , m{ }, (36)

zi,i′ ,j + zi′ ,i,j ≤ 1, ∀i, i′ ∈ I, j ∈ J, (37)

bi,j − 

i’∈I

ei′ ,j · zi′,i,j − 

i’∈I

si′,i,j · zi′ ,i,j ≥ 0, ∀i ∈ I, j ∈ J, (38)

ei,j − 
v∈Vj

pi,j,v · xi,j,v − 

i′∈I

si′,i,j · zi′,i,j � 0, ∀i ∈ I, j ∈ J,
(39)

T
on
j � min bi,j · xi,j,v − 

i′∈I

si′ ,i,j · zi′ ,i,j

⎧⎨

⎩

⎫⎬

⎭, ∀i ∈ I, j ∈ J, v ∈ Vj, (40)

T
off
j � max ei,j · xi,j,v , ∀i ∈ I, j ∈ J, v ∈ Vj, (41)

xi,j,v ∈ 0, 1{ }, ∀i ∈ I, j ∈ J, v ∈ Vj, (42)

zi,i′,j ∈ 0, 1{ }, ∀i, i′ ∈ I, j ∈ J, (43)

ei,j > 0, bi,j ≥ 0, ∀i ∈ I, j ∈ J. (44)

Formula (29) stands for the minimum completion time.
Formula (30) represents the minimum energy consumption.
Formula (31) represents the total energy consumption when
the machine is in the processing state, while formula (32)
represents the total energy consumption when the machine
is in the starting state, and formula (33) represents the total
energy consumption when the machine is in the standby
state. Formula (34) means that each job traverses all stages,
and in a specific stage, each job is assigned to a machine and
processed at a speed level. Formula (35) means that inter-
ruption is not allowed during processing. Formula (36)
ensures that the job operation can only be started after the
operation of the previous stage is completely processed.
Formulas (37) and (38) guarantee the machine capacity
limit, which means the job can be processed only after the
previous work is completed. Formula (39) means that the

machine starting to process immediately after installation is
complete. Formula (40) represents the calculation of aux-
iliary variables, which is equal to the minimum value be-
tween the start time and the set time of the job assigned to
the corresponding machine. Formula (41) represents the
calculation of auxiliary variables, which is equal to the
maximum value of the end time of the job assigned to the
corresponding machine. Formulas (42)–(44), respectively,
define the feasible range of decision variables.

.is section gives a simple example of three jobs and
three stages, each with three different processing speeds.
Table 5 shows the processing time and corresponding power
consumption of the machine at each stage; that is, the el-
ement in the table represents (pi,j, ppi,j,v).

Table 6 shows the sequence-dependent start times; the
element in the table represents si′ ,i,j. Set spj � 3; ipj � 1.
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5.2. Experimental Result. To solve the above pipeline
scheduling problem, this paper sets the parameters of
KMGWO as follows: population number 20, warehouse
number 20, 100 iterations. Figure 11 shows the Pareto
front end obtained by KMGWO algorithm. It can be
clearly observed that this problem is not complicated for
KMGWO, and the Pareto-optimal solution set is easily
obtained. Because there was not enough prior

knowledge, we chose the scheme calculated at the Pareto
point with the longest time of 113 and energy con-
sumption of 1059.

Table 7 is the Pareto point calculated plan, showing the
start time of the job in each process, warm-up time, working
time, and end time. We, through these data, drew a Gantt
chart, as shown in Figure 12; this is a time and energy
balance options assembly line scheduling Gantt chart. In

Table 5: Processing time and corresponding power.

Process
Job i� 1 Job i� 2 Job i� 3

v � 1 v � 2 v � 3 v � 1 v � 2 v � 3 v � 1 v � 2 v � 3
j� 1 (28, 4) (22, 7) (15, 11) (22, 4) (20, 7) (18, 11) (20, 4) (18, 7) (17, 11)
j� 2 (20, 5) (16, 8) (12, 12) (21, 5) (18, 8) (15, 12) (23, 5) (20, 8) (17, 12)
j� 3 (19, 5) (15, 7) (11, 10) (20, 5) (16, 7) (12, 10) (23, 5) (20, 7) (16, 10)

Table 6: Sequence-dependent start-up time.

Job
Job i� 1 Job i� 2 Job i� 3

j� 1 j� 2 j� 3 j� 1 j� 2 j� 3 j� 1 j� 2 j� 3
i′� 1 5 8 4 4 6 8 6 4 4
i′� 2 6 4 6 2 3 2 4 6 2
i′� 3 2 4 8 2 4 2 6 4 4

1000

1020

1040

1060

1080

1100

1120

To
ta

l e
ne

rg
y 

co
ns

um
pt

io
n

130125120115110105
Maximum completion time

Figure 11: Experimental results of Pareto chart.

Table 7: Flow-shop scheduling.

Job 2 Job 3 Job 1
Begin Start Work End Begin Start Work End Begin Start Work End

Process 1 0 2 15 17 17 2 22 41 41 6 20 67
Process 2 14 3 20 37 37 4 21 62 63 4 23 90
Process 3 35 2 19 56 60 2 20 82 86 4 23 113
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practice, we can choose according to the actual demand of
enterprise decision point countless times and can deal with
complex situation; this is the power of KMGWO algorithm.

6. Conclusions

In this paper, an improved multiobjective operational model
based on Grey Wolf Optimization Algorithm related to
Kalman filtering and reinforcement learning (KMGWO) is
proposed, which is the combination of data mining tech-
nology and mathematical logic. With Kalman filter, the
algorithm promotes the understanding set to the real Pareto
front end. .e reinforcement learning operator is applied to
enhance the utilization of the dominant position of the
group, and adaptive parameters are used instead of human
intervention. .e results of six benchmark functions show
that the algorithm performs better than the comparison
algorithm in terms of approximating the real Pareto optimal
solution set and keeping the solution set uniform. Con-
sidering the energy saving of the assembly line scheduling
solution, KMGWO performance is excellent and accord-
ingly suitable for solving the practical optimization prob-
lems. .is operational model has the formidable superiority
in the field of mathematical optimization, which can be
applied to machine learning, engineering optimization de-
sign, and other important areas, thus enhancing the per-
formance of energy saving in production management.
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