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Abstract 

Aiming at the disadvantage that BP neural network is easy to fall into local extremum, a 
dynamic logistic artificial fish swarm algorithm (DLAFSA) was proposed in this paper. 
Firstly, the traditional fish swarm algorithm with fixed field of view and step size is improved 
into a dynamic logistic algorithm DLAFSA. Then the BP neural network is optimized by 
DLAFSA algorithm and the fault diagnosis model of adaptive dynamic artificial fish group 
combined with BP neural network (DLAFSA- BP) is established. Finally, the model is used 
to identify the five states of the gearbox. The simulation results show that the BP neural 
network algorithm optimized by the dynamic logistic artificial fish swarm algorithm 
overcomes the shortcomings of BP neural network which is easy to fall into local extremum, 
poor search quality and low precision, and improves the generalization ability and output 
stability of the neural network. 
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1. Introduction 

In 1974, Werbos [1-2] proposed BP (Back Propagation) theory for neural network learning in his 

doctoral thesis, which provides a practical solution for the learning and implementation of multi-layer 

neural networks. In 1986, a group of scientists led by Rumelhart and McCelland [3-4] conducted a 

detailed analysis of the error back propagation algorithm of multi-layer networks, further promoting 
the development of BP algorithms. BP algorithm is one of the most widely used and most influential 

artificial neural network learning algorithms. Y.D. Chen and L.S. Qu [5] used the BP neural network 

with a hidden layer to train the fault characteristics of large-scale rotary machinery, and identified 

single faults and combined faults in the case of incomplete training information. Chen and Kim [6] 

first, used a neural network to identify whether the steel truss bridge structure was damaged, and then 

used another neural network to determine the location of the damage.  

The key part of BP neural network is the error back propagation algorithm. The algorithm based on 
the weight and threshold of the error negative gradient direction has strong local search ability, but 

there is also the problem that it is easy to fall into the local extremum and cannot reach the global 

optimal. In order to improve the search ability of BP neural network, scholars have proposed many 

improved methods. J.F. Shi, H. Cheng et al. [7] improved the BP neural network with momentum 

method and adaptive learning rate, and established a gearbox operating state classifier. Y.M. Mo and 

F. Qi [8] used four kinds of gearbox common fault types as the research object, and improved the BP 

neural network by dynamic learning rate, and established a gearbox fault diagnosis network model. 

X.Y. Meng, X.J. Han et al. [9] diagnosed and identified eight faults of the ship's main shafting system 

through BP neural network optimized by adaptive genetic algorithm. Q. Long, Y.Q. Liu et al. [10] 
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used particle swarm optimization to optimize BP neural network weights and thresholds, and applied 

the optimized network model to fault diagnosis of wind turbine gearboxes. 

In order to overcome the disadvantage of BP neural network escaping into local extremum, this paper 
uses a dynamic adaptive artificial fish swarm algorithm (DLASFA) to optimize BP neural network. 

Combining the global optimization ability of DLASFA algorithm with the local search ability of BP 

neural network, the recognition accuracy of BP neural network is improved.  

2. Improvement of artificial fish swarm algorithm 

2.1 Dynamic logistic visual and step 

The Artificial Fish Swarm Algorithm (AFSA) [11] is an intelligent optimization algorithm based on 

the simulation of natural fish school behavior, proposed by Dr. Li of Zhejiang University in 2003. 

The algorithm, firstly, defines the artificial fish population and its basic behavior rules, and achieves 

the optimal foraging purpose through the collective cooperation between the fish. At the beginning 
of the algorithm, the fish population is closer to the optimal individual at a faster speed. In the later 

stage of the algorithm, due to the fixed field of view and the step size, the convergence speed is 

obviously slowed down, and the optimal solution is easily skipped, resulting in lower accuracy of the 

algorithm. In order to improve the accuracy of the algorithm, this paper makes the visual field and 

the step size of the two main parameters of the fish swarm algorithm adaptively change within a 

certain range, and proposes a Dynamic Logistic Artificial Fish Swarm Algorithm (DLAFSA). 

In the artificial fish swarm algorithm, the parameter of visual field determines the search range of the 

individual fish. The larger the value, the more the best individual fish can be searched, the stronger 

the global search ability of the algorithm is. If the value is small, the individual fish search range is 

relatively narrow, so that the individual fish is confined in a small space to perform a fine local search. 

The parameters are adjusted by the dynamic variability of the Logistic model. Let the range of the 

visual field be [ minvisual , maxvisual ], and the variation of the parameters is: 
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Where t  is the number of iterations of the algorithm and   is the initial decay rate, the larger the 

value, the faster the rate of decline. 

Another major parameter step in the artificial fish swarm algorithm also affects the search range of 
individual fish. The larger the value, the faster the individual fish move to the optimal position, and 

the ability to jump out of the local extremum is strong. Since the individual fish has gathered near the 

position of the optimal solution in the later stage of the algorithm, if the search is still carried out with 

a larger step size, the optimal solution is easily skipped, resulting in a lower accuracy of the algorithm. 

Therefore, the algorithm should use a larger step size in the early stage of operation, and accelerate 

the convergence of the algorithm. In the latter stage, a smaller step search should be used to ensure 

the accuracy of the algorithm. Set the step size with the dynamic adaptation of the visual as follows: 

*Step Visual=                                                            (3) 

Where   is the visual coefficient (0 1)  . 
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2.2 Behavioral rules of dynamic logistic fish swarm algorithm 

In the dynamic logistic fish swarm algorithm, a bulletin board is added to record the artificial fish 

with the highest food concentration after each artificial fish performs a behavior. In the iterative 

process, the state of the artificial fish in the bulletin board is always guaranteed to be optimal. Ignoring 

the congestion factor in the algorithm, the literature [12] shows that the introduction of the congestion 

factor does not significantly improve the convergence of the algorithm. 

Clustering behavior: In the t-th iteration, the current state of the artificial fish is 
iX , the food 

concentration is 
iY , and there are ( )n t  artificial fish in its neighborhood, and 

miX  is the m-th neighbor 

fish. According to formula (4), the artificial fish 
cX  in the center of the neighborhood is found, and 

the state of the artificial fish in the bulletin board is combined with the state ggbx , and the clustering 

behavior is performed according to the formula (5). 

( )

1

1

( )

n t

c mi
m

X X
n t =

=  ( ( ))mi iX neighbor t                                                     (4) 

( ) * * * *
X X ggbx X
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c i i

− −
= + +

− −

        (5) 

Foraging behavior: At the current t-th iteration, the food concentration of artificial fish 
iX  is 

iY , 

artificial fish iX  randomly explores a state kX , food concentration kY  in the field of view, if kY > iY , 

artificial fish iX  directly moves to explore position kX . 

Following behavior: Find the artificial fish mX  with the highest food concentration in the current 

artificial fish neighborhood. If mY  is greater than iY , combined with the state ggbx  of the artificial 

fish in the current bulletin board, the artificial fish will perform the following behavior according to 

formula (6), otherwise the foraging behavior will be performed. 

max( ) * * * *
max

X X ggbx X
i iX i X rand step rand step

next i
X X ggbx X

i i

− −
= + +

− −

         (6) 

3.   Optimizing BP neural network based on DLAFSA algorithm 

BP neural network takes the sum of squared error as the objective function, so there is a local 

extremum with zero gradients on the error surface, and the standard BP algorithm adjusts the weight 

and threshold of the network toward the direction of the error negative gradient. The BP neural 

network takes the sum of squared errors as the objective function, so there is inevitably a local 

extremum with zero gradient on the error surface. The standard BP algorithm adjusts the weight and 

threshold of the network toward the direction of the negative error gradient, which leads to the 
problem that the BP neural network falls into the local extremum. In the standard BP neural network, 

the initial weights and thresholds are randomly set, and the position of the initial weights and 

thresholds relative to the global optimal value has a very important influence on whether the BP 

neural network will fall into local extremum. In this paper, the BP neural network is optimized by the 

above dynamic adaptive fish swarm algorithm, and the DLAFSA-BP model is constructed. The initial 

weight and threshold are not randomly set to avoid the network falling into local extremum. 

The essence of DLAFSA optimization BP neural network is to use the global optimization ability of 

DLAFSA to adjust the initial weight and threshold of BP neural network to the optimal value, which 

not only solves the random oscillation problem of the network but also avoids the network falling 

into local extremum. The current state of the artificial fish is set to the initial weight and threshold of 

the BP neural network. Each artificial fish represents a neural network. The food concentration of the 

artificial fish is the reciprocal of the corresponding neural network training error. The higher the food 
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concentration indicates the network training, the smaller the error. The process of optimizing artificial 

fish is the process of continuously adjusting the initial weight and threshold of BP neural network. 

For a neural network with a topology I J K− − , the state of the artificial fish is represented as a 

vector of length * *I J J J K K+ + + : 

11 1 1 1 11 1 1 1( ... , ,..., ... , , ... , ,..., ... , )i j ij j j k jk kX w w b w w b v v a v v a=                                   (7) 

Where 
11 1... iw w  is the weight of the input layer neuron to the first neuron of the hidden layer, 1 ...j ijw w  

is the weight between the input layer neuron and the j-th neuron of the hidden layer, and jb  is the 

threshold of the j-th neuron of the hidden layer, 11 1... jv v  is the weight between the hidden layer neuron 

and the first neuron of the output layer, 1 ...k jkv v  is the weight between the hidden layer neuron and 

the k-th neuron of the output layer, and 
ka  is the threshold of the k-th neuron of the hidden layer. The 

food concentration of the artificial fish is set to the reciprocal of the BP neural network training error, 

and the Euclidean distance between any two artificial fish pX  and qX  is calculated as follows: 
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The elements in pX  and qX  are exactly subtracted one by one according to the dimension. Each time 

the artificial fish performs the basic behavior, the neural network weights and thresholds are adjusted 

once. 

The specific implementation steps of the DLAFSA-BP algorithm are as follows: 

Step 1: Determine the topology of the BP neural network, that is, the number of network layers and 

the number of neurons in each layer of the network. 

Step2: Randomly initialize N artificial fish to form the initial fish population. 

Step3: Set the parameters of DLAFSA, including the number of repeated explorations try number− , 

the maximum number of iterations T , the field of visual [ minvisual ， maxvisual ], the attenuation speed 

 , and the step factor  . 

Step4: Calculate the food concentration of each artificial fish in the initial fish population. The state 

of the artificial fish is set as the initial weight and threshold of the neural network. Each artificial fish 

corresponds to a neural network, and the reciprocal of the neural network training error is used as the 

food concentration of the artificial fish. 

Step 5: Run DLAFSA. After the algorithm ends, extract the artificial fish status in the bulletin board 

as the initial weight and threshold of the BP network. 

Step6: Train the network and use the trained network model for diagnosis and identification. 

4. Gearbox fault identification based on DLAFSA-BP  

Gearboxes are the most common and most important transmission components in mechanical 

equipment. In this paper, eight fault-sensitive feature quantities are selected for the vibration signals 

in the five states collected on the JZQ250 gearbox, and the fault characteristic parameter sets are 

formed. The DLAFSA-BP model is used to intelligently diagnose the five states of the gearbox. 

4.1 Gearbox fault setting and selection of characteristic parameters 

According to statistics, 79% of gearbox failures are caused by gear or bearing failure [13]. Therefore, 

the bearing on the same side of the input shaft and the intermediate shaft is set as the fault bearing, 

and the passive wheel of the intermediate shaft is set as the fault gear. The five working states are: 

normal, cage breakage, broken teeth, bearing outer ring cracks and combined faults (both gear broken 
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teeth and outer ring crack faults), and the vibration acceleration signals are obtained by simulating 

these five states. 

Considering the stability and sensitivity of each characteristic parameter to the change of working 
conditions, eight indicators of margin, kurtosis, skewness coefficient, pulse index, spectrum center of 

gravity, spectrum variance, harmonic factor and correlation factor are selected as the characteristic 

parameters of the study. 

4.2 Network structure and model parameter settings 

50 sets of data were selected and normalized, 10 sets of each working condition, 8 sets of data were 

used as training samples of the network, and the other 2 sets of data were used as test samples of the 

network to form a sample data set. Eight characteristic parameters under five operating conditions 

are used as input to the network, and the network output is represented by binary code, that is, the 

normal (1 0 0 0 0), the broken cage (0 1 0 0 0 ), the broken teeth (0 0 1 0 0), the crack of outer ring 

(0 0 0 1 0), the combined fault (0 0 0 0 1). 

The parameter setting of the improved fish swarm algorithm: the state of each artificial fish is set as 

the weight and threshold of the neural network, and the food concentration is set as the reciprocal of 

the neural network training error. The initial size N of the artificial fish group is set to 50, the visual 

coefficient p is 0.6, the attenuation speed a is 0.1, the visual field range [1, 8], the maximum number 

of iterations T is 100, and the number of repeated explorations try-number is 20. 

Parameter setting of BP neural network: The number of neurons in the input layer is 8, which is 8 

characteristic parameter values of the sample data, the number of neuron nodes in the output layer is 

5, and the number of neurons in the hidden layer is set to 8. The training target is 0.0001 and the 

learning rate is 0.05. 

4.3 Simulation Results and Analysis 

To illustrate the effectiveness of the DLAFSA-BP network model, the standard BP neural network 

and the AFSA-BP network were used as comparisons. The same network structure and experimental 

data were used to identify faults in five operating conditions of the gearbox. Since the neural network 

training itself has different results each time, the most stable group is selected from the result graph 

for analysis. 

Fig.1 is a convergence graph of the DLAFSA-BP network, reflecting the variation of training error 

with the number of iterations. It can be seen from Figure 1 that the neural network model optimized 

by the dynamic adaptive artificial fish swarm algorithm has a larger step size and a faster convergence 

speed in the early stage of operation. As the visual and the step become smaller, the convergence 

speed slows down. The local search reached convergence at the 72nd iteration. 

Fig.2, Fig. 3 and Fig.4 show the diagnostic results of the standard BP neural network, AFSA-BP 

network and DLAFSA-BP network, respectively. As can be seen from the figures, the neural network 

trained by the DLAFSA-BP model can well identify the five operating conditions of the gearbox, 

including single mode fault and combined mode fault identification, indicating that the DLAFSA-BP 

network model has a good diagnostic capability for gearbox failure. 

Fig.5 shows the average error of the test results for each set of samples under three methods. The 

average value of the absolute value of the error between the output value and the expected value is 

used as a measure. 

It can be seen from Fig.5 that the actual output of the DLAFSA-BP network model has little difference 

from the expected output. For individual fuzzy data, the average error value is relatively stable. As 

can be seen from Fig.3, in the AFSA-BP network model test results, the 7th, the 8th and the 10th 
samples are diagnosed with errors, and the average error is large. It can be seen from Fig.2 that the 

BP neural network diagnosis has poor effect, and there is almost no recognition ability for the crack 

of outer ring and the combined fault, and there is a case where the diagnosis is fuzzy, and the error 

fluctuation is large. 
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Fig. 1 DLAFSA-BP convergence curve  Fig. 2 BP network diagnosis result 

 
  Fig. 3 AFSA-BP network diagnosis results         Fig. 4 DLAFSA-BP network diagnosis results 

 
Fig. 5 Average error of test results of three methods 

 

Table 1 compares the test results of the three methods. The table lists the average recognition accuracy, 

the average running time, the number of iterations when convergence and the integrated average error 

of the three models under the condition of 20 simulations. It can be seen from the table that the 
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DLAFSA-BP network model has high diagnostic accuracy and good diagnostic ability for the five 

faults of the gearbox, compared with the BP neural network and the AFSA-BP network model. 

Table 1 Comparison of test results of three methods 

5. Conclusion 

Aiming at the oscillating problem of BP neural network and the shortcomings of falling into local 

extremum, this paper proposes a BP neural network model based on dynamic logistic artificial fish 

swarm algorithm (DLAFSA-BP) and applies it to the fault diagnosis of gearbox. The results show 

that the DLAFSA-BP network model can effectively realize the fault identification of the five 

working conditions of the gearbox. The network model enriches the research on BP neural network, 

and also provides a reference for the intelligent fault diagnosis research of gearbox. 
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algorithm accuracy 
times of 

iteration 
running time average error 

BP 43% 62 1.7s 0.21828 

AFSA-BP 70% 13 253.8s 0.13886 

DLAFSA-BP 94% 72 214.2s 0.08229 


