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algorithm optimization

Xushan Peng2, Yongping Li2, Xiaoming

Zhang2, Shui Wang2

Abstract. BP neural network has a good ability to �t nonlinear functions. But the con-

vergence speed of traditional BP algorithm is slow, so that it is di�cult to achieve the desired

results. Many scholars begin to study the initial weights and thresholds of BP neural networks, so

as to strengthen the reliability of BP algorithm by optimizing initial weights and thresholds. In

this paper, a BP neural network algorithm based on wolf pack optimization was proposed. Then

the initial weights and thresholds were obtained by the wolf optimization algorithm. Finally, a

nonlinear function was used, and the reliability of the algorithm was veri�ed. The results show

that the BP neural network based on wolf pack algorithm optimization has been greatly improved

in terms of prediction accuracy and reliability, and it takes less time to process, which not only

improves reliability, but also saves a lot of time.
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1. Introduction

Traditional BP neural networks often su�er from slow convergence and local
minimum. One of the reasons is that the connection weights and thresholds are
arbitrarily taken between < −1, 1 > [1]. Particle swarm optimization, genetic algo-
rithm and ant colony algorithm have the function of global search and optimization
Therefore, many researchers use these algorithms to study the optimization of initial
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weights and thresholds of networks [2]. These algorithms have more or less defects,
and the optimization results of genetic algorithms are not accurate [3]. In the wolf
pack algorithm, based on individual ability di�erence, the wolves are divided into
leader wolf, detective wolf and �erce wolf. And iterative optimization is performed
by three intelligent behaviors. The choice of the leader wolf and the regeneration of
population reduce the chances that individuals will fall into local minima. The wolf
pack optimization method is a kind of intelligent algorithm which is summarized
after an analysis of a large number of hunting behaviors [4]. The algorithm has a
good advantage in optimizing the multidimensional parameter matrix of neural net-
works. At present, there is no wolf pack algorithm to optimize BP neural network
in the existing research [5]. Therefore, the wolf pack algorithm and BP neural net-
work are combined together to form an improved BP neural network model, so as to
prevent the network from falling into local extremum, and to improve the network
performance [6].

2. State of the art

BP neural network has a good ability to �t nonlinear functions, but the tradi-
tional BP algorithm is easy to diverge. Many scholars begin to study the initial
weights and thresholds of BP neural networks, hoping to strengthen the reliability
of BP algorithm by optimizing initial weights and thresholds [7]. Therefore, the
improved BP neural network algorithm came into being. A BP neural network al-
gorithm based on wolf pack optimization has been proposed, in which, the initial
weights and thresholds can be obtained by the wolf pack optimization algorithm [8].
Arti�cial neural networks based on wolf pack optimization can also be used for spec-
trum sensing, and can realize the neural network spectrum sensing with the optimal
structure of neural networks [9]. In the algorithm, on the basis of spectrum sensing
algorithm including self-organizing neural networks, the training sample generation
is described in detail. And after the training of neural network and the training
phase of neural network, the weight matrix is further optimized by using the wolf
pack optimization method [10]. Recently, a method of handwriting identi�cation of
probabilistic neural network (WAPNN) based on wolf pack optimization algorithm
has been proposed [11]. The method contains the advantages of probabilistic neural
networks (PNN) and wolf pack algorithm (WA), forming WAPNN. By using wolf
pack algorithm, the optimal smoothing parameter α of PNN can be obtained, and
the structure of probabilistic neural network can be optimized. The application
shows that the method of probabilistic neural network based on wolf pack optimiza-
tion algorithm can greatly improve the reliability of machine identi�cation and save
a lot of time, which can provide scienti�c theory support for further development
of handwriting identi�cation, and has certain application value [12]. Aiming at the
problem of the extraction accuracy of fault signal frequency components and the
accuracy of fault location, the Prony algorithm is used to extract the natural fre-
quency of the fault voltage signal as a sample, and then the wolf pack algorithm is
applied to optimize the structure of BP neural network and train it, thus to improve
the defects that are easy to generate multiple local minima, enhance the training ef-
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�ciency and convergence speed of the network, and make the distance measurement
more accurate [13]. The BP neural network based on wolf pack algorithm optimiza-
tion has been greatly improved in terms of prediction accuracy and reliability, and
it takes less time to process, which not only improves reliability, but also saves a
lot of time. ERNN is one of the most e�cient feedforward neural networks learning
algorithms. In the ERNN training process, the gradient descent technique is used,
and therefore, there are no problems such as local minima and slow convergence.
The new heuristic search algorithm, known as wolf search (WS) based on predatory
behavior of wolves, can achieve faster convergence and avoid local minimization by
training weights in ERNN [14].

3. Methodology

3.1. Wolf algorithm principle

The wolf pack optimization algorithm is an intelligent algorithm derived from
the natural behavior of the wolf race in nature, which has high accuracy and good
reliability, and can optimize other algorithms accurately. Based on the behavior of
wolf colony hunt, the bottom-up design concept was adopted. As shown in Fig. 1,
after a great deal of behavioral analysis, the speci�c process of information exchange
and responsibility allocation among wolf groups is summed up. Thus, the wolf
algorithm is de�ned, and the speci�c wolf hunting model is shown below. The
speci�c wolf hunting model is shown below [15].

Fig. 1. Wolves hunting model

A resource for wolves to hunt is an N×D space. Here, N is the number of wolves
in a wolf pack, and D is a hunted quantity. The state of an arti�cial wolf i can be
expressed as Xi = (xi1, xi2, · · · , xid), where xid is the position of the ith arti�cial
wolf in the d-dimensional (d = 1, 2, · · · , D) variable space. The concentration of
arti�cial wolf hunting can be perceived as Y = f(X), Y being the expected value.
The distance between the wolf p and wolf q is de�ned the Manhattan distance
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between their state vectors L(p, q) =
∑D

d=1 |xpd − xqd|. Other methods may be used
to de�ne distance without a�ecting actual results and research steps.

The speci�c steps of the wolf algorithm are as follows.
Step 1: Initially, the data is computed to obtain some values. The wolf positions

Xi and their number N are initialized in the wolves. The maximum allowable
number of iterations is kmax, the wolf scale factor is α, the maximum number of
trips is Tmax, the distance determination factor is ω, the step size factor is S, and
the update scaling factor is β.

Step 2: As the optimal individual in the group, the position of the leader wolf is
extremely important. It is necessary to iterate to determine the relationship between
the odor concentration Yi of detective wolf i and Ylead. Then, Step 3 can be executed.

Step 3: If the odor concentration perceived by �erce wolf Yi > Ylead, thenYlead =
Yi, and then the convening behavior can be carried out; on the contrary, if Yi < Ylead,
Step 4 cannot be executed until dis ≤ dnear.

Step 4: With the formula in Step 3 as standard, the location update and execution
of group siege are carried out.

Step 5: According to the mechanism of survival of the �ttest, the position of the
leader wolf should be constantly updated. In this way, the entire wolf pack can be
renewed to ensure overall consistency.

Step 6: It is necessary to determine whether the maximum allowable number of
iterations has been reached.

The �ow chart of the algorithm is depicted in Fig. 2.

3.2. The principle of �tting function of BP neural network

Neural network is a new method to imitate the working mode of human brain. In
recent years, many scholars have done a lot of research and simpli�cation on it. The
traditional neural network learning experience shows that one layer is good enough.
However, recent depth learning denies the claim. Just like every update value of the
gradient descent function, every time a sample is updated, the cost function becomes
smaller and smaller. Similarly, weights are �rstly given with random initial values.
Then, the calculations are carried out until the last layer (output layer). If there is
an error between the output and the actual value (which is certain in the normal
case), then the error back propagation algorithm is used to optimize the value of
each layer (the weight value).

(1) Node output model
Hidden node output model:

Oj = f(
∑

Wij ×Xi − qj) . (1)

Output model of output node:

Yk = f(
∑

Tjk ×Oj − qk) . (2)

(2) Interaction function model
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Fig. 2. Flow chart of WPA

The activation function is generally a continuously valued Sigmoid function in
(0,1):

f(x) =
1

1 + e−x
. (3)

(3) Error calculation model

Ep = 1/2
∑

(tpi −Opi)
2 , (4)

where tpi is the theoretical output value of the ith node and Opi is the actual result
of the ith node.

(4) Self-learning model
The network output error is reduced to an acceptable level (or to the preset

number of studies). The error between the output and expected output is obtained
through the output layer to adjust the weight of the hidden layer indirectly. Self-
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learning model is

∆Wij(n+ 1) = h× Φi ×Oj + a×∆Wij(n) . (5)

The optimization strategy of BP network model includes:
(1) Optimization of learning factor h
The step size can be adjusted to make the target value the best, and then the

number of operations can be reduced and the e�ciency of calculation can be im-
proved.

h = h+ a× (Ep(n) − Ep(n−1))/Ep(n) , (6)

where a is the adjustment step size, and its value is 0∼1.
(2) Optimization of node number in hidden layer
The number of hidden nodes has a great in�uence on the performance of the

algorithm, and the empirical formula can be used to determine the number of hidden
nodes. In the BP algorithm, the weights and thresholds are adjusted once every
training session. Firstly, the weights are assigned with a random initial value, and
then the calculation is run until the last layer (output layer). If the output result
is in error with the actual value, it is necessary to continue to judge; if there is no
error, the discriminant can be terminated. It is di�cult to determine the optimal
value among the neurons in the actual hidden layer, which is usually determined by
trial and error method or optimization algorithm. The number of nodes in the input
layer is 3, the number of nodes in the output layer is 1, and the number of nodes in
the hidden layer can be within 2�8. The empirical formula of the best hidden node
number L is

L = (m+ n)1/2 + c . (7)

(3) Algorithm optimization
In the BP algorithm, a gradient descent method is used. Weights are �rstly given

with random initial values. Then, the calculations are carried out until the last layer
(output layer). If there is an error between the output and the actual value (which
is certain in the normal case), then the error back propagation algorithm is used to
overcome the shortcomings.

3.3. BP neural network based on wolf pack algorithm opti-
mization

The basic idea of the BP neural network based on wolf pack algorithm optimiza-
tion is derived from the natural behavior of the wolf race in nature. The algorithm
has high precision and good reliability, and can optimize the BP neural network
algorithm accurately. Based on the behavior of wolves during hunting, a bottom-up
design concept is adopted. According to the speci�c process of information exchange
and responsibility allocation among wolf groups, an algorithm can be obtained to op-
timize the BP neural network. In other words, the state of the arti�cial wolf is used
to represent the weights and thresholds of the BP neural network. Then through
the process of information exchange and responsibility allocation among wolf groups,
the best weights and thresholds can be found as initial values. After screening the
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initial values in the above steps, the BP neural network can be trained to achieve the
prediction e�ect. Because its initial value is derived from the wolf pack optimization
algorithm, instead of arti�cial substitution according to experience, this method is
more accurate and rigorous compared with the traditional prediction model. After
the Wolf algorithm optimization, training was carried out. Under the same condi-
tions, the BP neural network based on wolf pack algorithm optimization has been
greatly improved in terms of prediction accuracy and reliability, and it takes less
time to process, which not only improves reliability, but also saves a lot of time.
Thus, this method is rigorous in theory and is clear in logic, and is suitable for
theoretical research and practical application in engineering. The main steps of the
algorithm are as follows:

(1) Initialization parameter, including the number of individual wolves, the max-
imum number of iterations, the wolf scale factor, the maximum number of trips, the
distance determination factor, the step factor, and the update scaling factor.

(2) Determination of odor concentration function. This method can obtain two
values at the same time, one is the expected value, and the other is the predictive
value. The size of the two is generally unequal, and the odor concentration function
is the sum of the absolute error between the expected value and the predicted value.
Formula (8) shows the concrete operations.

F =

n∑
i=1

|yi − oi| . (8)

(3) Detective wolf's wandering behavior. As the optimal individual in the group,
the position of the leader wolf is extremely important. It is necessary to iterate to
determine the relationship between the odor concentration Yi of detective wolf i and
Ylead. Then, steps can be executed.

xpid = xid + sin(2πp/h)stepd
a (9)

In the formula, stepa is the wandering length.
(4) Fierce wolf approaches prey by formula (9), if Yi > Ylead, and then Ylead = Yi,

and the �erce wolf can replace the leader wolf; if Yi < Ylead, then �erce wolf continues
to approach the prey until dis ≤ dnear. The distance between individual wolves a
and b is de�ned as Manhattan, and the distance is L(a, b) =

∑D
d=1 |xad − xbd| dnew =

1
Dgw

∑D
d=1 |maxd−mind|. The range of variable d to be optimized is [mind, maxd].

The value stepb is the step size of �erce wolf approximating leader wolf.

xk+1
id = xkid + stepd

bg(gkd − xkid)/
∣∣gkd − xkid∣∣ . (10)

(5) Using the above formula, the status of the besieged individual wolf is updated:

xk+1
id = xkid + λgstepd

bg
∣∣Gk

d − xkid
∣∣ . (11)

In the formula, λ is the random number between <-1, 1>, and stepc is the siege
step of the ith wolf.
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(6) According to the mechanism of survival of the �ttest, the position of the
leader wolf should be constantly updated. In this way, the entire wolf pack can be
renewed to ensure overall consistency.

(7) The state of the arti�cial wolf is used to represent the weights and thresholds
of the BP neural network. Then through the process of information exchange and
responsibility allocation among wolf groups, the best weights and thresholds can be
found as initial values. After screening the initial value.s in the above steps, the BP
neural network is trained to achieve the prediction e�ect.

The �ow chart of the above algorithm is depicted in Fig. 3

Fig. 3. Flow chart of algorithm

4. Result analysis and discussion

MATLAB software was used to carry out simulation experiments. MATLAB is
the very powerful data processing software, which has a huge advantage in matrix
computing, also known as the matrix laboratory. Thus, using MATLAB to solve
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such problems is a good method. MATLAB software is used to write the m �le of
these algorithms and then carry out nested calls. First of all, the state of the arti�cial
wolf is used to represent the weights and thresholds of the BP neural network. Then
through the process of information exchange and responsibility allocation among
wolf groups, the best weights and thresholds can be found as initial values. After
that, the initial weights and thresholds are optimized to enhance the reliability of the
BP algorithm. After screening the initial values in the above steps, the BP neural
network is trained to achieve the prediction e�ect.

The above algorithms were written in MATLAB2012b by using MATLAB lan-
guage. MATLAB2012b is a classic MATLAB software series, which can carry out
simulation, numerical analysis, and graphics processing at the same time. To verify
the e�ectiveness of the BP neural network model based on wolf pack algorithm op-
timization (WPABP model) in �tting function, the BP neural network (BP model)
without optimization and the BP neural network (GABP model) based on genetic
algorithm optimization were compared in terms of the accuracy of function �tting.
The following �gure shows comparison results. The �tting error comparison is de-
picted in Fig. 4.

Fig. 4. Fitting error comparison

As can be seen from the diagram above, the predicted result �uctuates from top
to bottom near the expected value, and as the number of runs increases, the error
becomes bigger and bigger. This result is in line with the actual situation. In most
cases, as the number of runs increases, the computational burden of the computer
increases greatly, and a variety of problems such as storage space become prominent,
thus a�ecting the accuracy of the results to a certain extent. The results are shown
in Table 1.
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Table 1. Results comparison

Correct rate Test probability Time

Before optimization 0.8808 0.9903 7.7524

After optimization 0.9126 0.9966 7.6509

As can be seen from the table, after the Wolf algorithm was optimized, and then
the training was carried out. Under the same conditions, the results of comparison
were: in the case of no wolf algorithm optimization, the accuracy of the prediction
was 0.8808, and the training reliability was 0.9903, and the time required from the
start of the operation to the completion of the forecast was 7.7524 s; while in the case
of wolf algorithm optimization, the accuracy of the prediction was 0.9126, and the
training reliability was 0.9966, and the time required from the start of the operation
to the completion of the forecast was 7.6509 s. According to these speci�c data, it
can be found that the BP neural network based on wolf pack algorithm optimization
has been greatly improved in terms of prediction accuracy and reliability, and it
takes less time to process, which not only improves reliability, but also saves a lot
of time.

5. Conclusion

In this paper, a BP neural network based on wolf pack algorithm optimization
was proposed. The initial weights and thresholds were obtained by the wolf pack
optimization algorithm. Finally, a nonlinear function was used to perform simulation
experiments on MATLAB software, and then the reliability of the algorithm was
veri�ed. Under the same conditions, the results of comparison were: in the case of
no wolf algorithm optimization, the accuracy of the prediction was 0.8808, and the
training reliability was 0.9903, and the time required from the start of the operation
to the completion of the forecast was 7.7524 s; while in the case of wolf algorithm
optimization, the accuracy of the prediction was 0.9126, and the training reliability
was 0.9966, and the time required from the start of the operation to the completion
of the forecast was 7.6509 s. According to these speci�c data, it can be found that
the BP neural network based on wolf pack algorithm optimization has been greatly
improved in terms of prediction accuracy and reliability, and it takes less time to
process, which not only improves reliability, but also saves a lot of time.
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