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Abstract: Design of artificial neural networks is an important and practical task:"how to choose the 
adequate size of neural architecture for a given application". One popular method to overcome this 
problem is to start with an oversized structure and then prune it to obtain simpler network with a good 
generalization performance. This paper presents a pruning algorithm based on pseudo-entropy of 
hidden neurons. The pruning is performed by iteratively training of network to a certain performance 
criterion and then removing the hidden neuron with individual pseudo-entropy greater than a 
preselected threshold which is slightly higher than the average value of network's pseudo-entropy until 
no one can further be removed. This approach is validated with an academic example and it is tested 
on induction motor modeling problem. Compared with two modified versions of Optimal Brain 
Surgeon (OBS) algorithm, the developed method gives interesting results with an easier computation 
tasks. 
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INTRODUCTION 

 
In recent years, many neural network models (J. M. Zurada, 1992; P. Mehra and B. W. Wah, 1992) have 

been elaborated for several applications (I. Rivals, and L. Personnaz, 2003) such as: function approximation, 
pattern classification (A. Sinha and D. N.Vishwakarma, 2013) and intelligent control (A. Mechernene et al., 
2011; N. Zitouni et al., 2011). One of the most challenging issues in neural network applications is the choice of 
the adequate architecture for a given problem. In fact, too small network cannot learn the problem well and too 
large neural structure can lead to over-fitting and shows a poor generalization performance. Hence, to overcome 
this dilemma many topology optimization approaches have been introduced. They can be divided into three 
parts: the size of input, the number of hidden layers and the number of neurons in each hidden layer and the 
dimension of output. The first and the third ones are relatively easy to be selected when a priori domain 
knowledge is available but the second one is the most complicated choice. To overcome this problem, 
researchers have developed various methods which can be grouped into two categories: constructive and 
pruning approaches. The first strategy starts with an undersized structure and incrementally adds new hidden 
neurons and/or layers (D. Liu et al., 2002;  L. Ma and K. Khorasani, 2004). The second one begins with an 
oversized architecture and eliminates the unnecessary weights and/or hidden neurons (R. Reed, 1993; M. 
Hagiwara, 1993). Recent interest has been growing on pruning approaches (H. Honggui and Q. Junfei, 2009; D. 
Juan and E. M. Joo, 2010; Z. Zhang, and J. Qiao, 2010). The most known methods are Optimal Brain Damage 
(OBD) (Y. Le Cun et al., 1990) and Optimal Brain Surgeon (OBS) (B. Hassibi et al., 1993) which eliminate 
weight with smallest saliency by estimating the second derivative of the error function with respect to the 
weights. In this paper, a pruning algorithm based on pseudo-entropy of hidden neurons is developed and 
compared with too existing ones derived from the OBS approach. The rest of paper is organized as follows. 
Section 2 presents brief description of two modified versions of OBS algorithm. A proposed pruning algorithm 
is introduced in section 3. Section 4 is devoted to the test of the proposed and its comparison with respect the 
two version of OBS algorithm. Finally, the conclusion is presented in section 5. 
 
Related Works: 

A Feedforward Neural Networks (FNN)s with a single output is represented in Figure 1. 
This neural network is parameterized in terms of its weights, where:  

 
𝑤𝑤 = [𝑤𝑤1,𝑤𝑤2, … ,𝑤𝑤𝑚𝑚 ]𝑇𝑇 ∈ ℜ𝑚𝑚                                                                                                                          (1) 

 
The training data consists of N patterns {xj, yj}, j=1,2,…,N. 
The error function for a given pattern is defined as: 

 
𝐽𝐽𝑝𝑝 = 1

2
(𝑦𝑦 − 𝑦𝑦𝑑𝑑)2                                                                                                                                            (2) 
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The global error function is described as: 
 
𝐽𝐽 = 1

𝑁𝑁
∑ 𝐽𝐽𝑝𝑝𝑁𝑁
𝑝𝑝=1                                                                                                                                                  (3) 

 
 
 
 
 
 
 
 
 
 

Fig. 1: Feedforward Neural Network. 
 

1. OBS approach: 
(B. Hassibi and D. G. Stork) proposed the (OBS) algorithm which finds and eliminates the weight that has 

the smallest relevance on the neural network performance and adjusts the remaining weights according to the 
error function gradient. The OBS algorithm assumes that the network has been trained to a local minimum of the 
error, so the second-order Taylor expansion of the error function with respect to the weights can be expressed 
as:  
 

𝛿𝛿𝐽𝐽 = �𝜕𝜕𝐽𝐽
𝜕𝜕𝑤𝑤
�
𝑇𝑇

. 𝛿𝛿𝑤𝑤 + 1
2
𝛿𝛿𝑤𝑤𝑇𝑇 .𝐻𝐻. 𝛿𝛿𝑤𝑤 + 𝑂𝑂(‖𝛿𝛿𝑤𝑤‖3)                                                                                            (4) 

 
Where H denotes the Hessian matrix composed by the coefficients of the second order derivatives of the 

error function with respect to weights. 
In order to minimize the error given by (3), OBS algorithm deletes the particular weight wq which satisfies 

the following equation: 
 
𝑒𝑒𝑞𝑞𝑇𝑇 .𝛿𝛿𝑤𝑤 + 𝑤𝑤𝑞𝑞 = 0                                                                                                                                           (5) 

 
where eq represents the unit vector corresponding to weight wq (𝑤𝑤𝑇𝑇𝑒𝑒𝑞𝑞 = 𝑤𝑤𝑞𝑞 ). 
The corresponding expression for the minimum error is modified caused by changing a given weight 

depicted as (B. Hassibi et al., 1993): 
 
𝑚𝑚𝑚𝑚𝑚𝑚�
𝑞𝑞

�𝑚𝑚𝑚𝑚𝑚𝑚 �1
2
𝛿𝛿𝑤𝑤𝑇𝑇 .𝐻𝐻. 𝛿𝛿𝑤𝑤� /𝑒𝑒𝑞𝑞𝑇𝑇 .𝛿𝛿𝑤𝑤 + 𝑤𝑤𝑞𝑞 = 0�                                                                                   (6) 

 
So to resolve this constrained optimization problem, we introduce Lagrange’s method which leads to find 

the corresponding optimum value of Lagrange function L after deleting wq as: 
 
 𝐿𝐿𝑞𝑞 = 1

2
𝑤𝑤𝑞𝑞2

[𝐻𝐻−1]𝑞𝑞𝑞𝑞
                                                                                                                                            (7) 

 
The remaining weights are updated according the following equation: 

 
𝛿𝛿𝑤𝑤 = − 𝑤𝑤𝑞𝑞

[𝐻𝐻−1]𝑞𝑞𝑞𝑞
𝐻𝐻−1𝑒𝑒𝑞𝑞                                                                                                                                            (8) 

 
with [H-1]qq denotes the diagonal element (q,q) of the inverse of the Hessian matrix H-1. 
The OBS algorithm needs inverse Hessian matrix to update the weights which is the most disadvantage of 

this algorithm. Hassibi and Stork [16] proposed a procedure to calculate H-1 based on a recursive method as: 
 

𝐻𝐻𝑚𝑚+1
−1 = 𝐻𝐻𝑚𝑚−1 + 𝐻𝐻𝑚𝑚−1𝑋𝑋𝑚𝑚+1�𝑋𝑋𝑚𝑚+1�𝑇𝑇𝐻𝐻𝑚𝑚−1

𝑝𝑝+(𝑋𝑋𝑚𝑚+1)𝑇𝑇𝐻𝐻𝑚𝑚−1𝑋𝑋𝑚𝑚+1                                                                                                                          (9) 
 
with �𝐻𝐻0 = 𝛼𝛼𝐼𝐼𝑚𝑚 ,𝐻𝐻 = 𝐻𝐻𝑝𝑝  and  10−8 ≤ 𝛼𝛼 ≤ 10−4�.  
However, one of the main disadvantages of OBS approach is that it requires a great amount of computation 

and a huge time for pruning procedure. 
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2. Unit-OBS algorithm: 
(A. Stahlberger and M. Riedmiller, 1997) developed the Unit-OBS pruning algorithm which eliminates the 

needless neuron in one step with minimal increase in error. This method reduces both the computation 
complexity and the running time. The details of the Unit-OBS algorithm are as follows: 

Step 1: Train the neural network to minimum error based on some local optimization method. 
Step 2: Compute H-1. 
Step 3: For each neuron u: 
• Compute the number of output weights for the neuron u and record it as m(u). 
• Form the unit matrix M for neuron u which:  

 
𝑀𝑀 = �𝑒𝑒𝑞𝑞1, 𝑒𝑒𝑞𝑞2, … , 𝑒𝑒𝑞𝑞𝑚𝑚 (𝑢𝑢)�                                                                                                                           (10) 

 
where q1, q2,…, qm(u) denote the sequence number of each output weight with: 

 

𝑒𝑒𝑞𝑞𝑚𝑚𝑇𝑇 = �0, … , 1⏟
𝑚𝑚

, 0, … 0�                                                                                                                                         (11) 

 
• Calculate the error deviation after deleting neuron u: 

 
𝛥𝛥𝐽𝐽(𝑢𝑢) = 1

2
𝑤𝑤𝑇𝑇𝑀𝑀(𝑀𝑀𝑇𝑇𝐻𝐻−1𝑀𝑀)−1𝑀𝑀𝑇𝑇𝑤𝑤                                                                                                                    (12) 

 
Step 4: Find the neuron u0 that gives the smallest increase in error noted 𝛥𝛥𝐽𝐽(𝑢𝑢0) : if (𝛥𝛥𝐽𝐽(𝑢𝑢0) > 𝐸𝐸𝑡𝑡) then the 

algorithm will stop; otherwise go to step 5. 
Et indicates a preselected threshold. 
Step 5: Remove neuron u0 and update the other weights using the following equation:  

 
𝛥𝛥𝑤𝑤 = −𝐻𝐻−1𝑀𝑀(𝑀𝑀𝑇𝑇𝐻𝐻−1𝑀𝑀)−1𝑀𝑀𝑇𝑇𝑤𝑤                                                                                                                      (13) 

 
The unavoidable drawback for this algorithm is the complexity of computing the Hessian matrix whose 

dimension is equal to the number of initial weights of the network. In order to overcome this disadvantage Jun-
fei et al. have proposed a modified version of Unit-OBS algorithm known as First-Unit-OBS (J.-F. Qiao et al., 
2008). 

 
3. Fast-Unit-OBS algorithm: 

In this case, the size of the Hessian matrix depends on the number of hidden neurons. The relevance of each 
hidden neuron is described by the following equation: 
 
𝐿𝐿𝑢𝑢 = 1

2
𝑤𝑤�𝑢𝑢2

[𝐻𝐻−1]𝑢𝑢𝑢𝑢
                                                                                                                                                       (14) 

 
where the weight mean is given by:  

 
 𝑤𝑤�𝑢𝑢 = 1

𝑠𝑠
∑ 𝑤𝑤𝑢𝑢𝑚𝑚𝑠𝑠
𝑚𝑚=1                                                                                                                                         (15) 

 
where wui denotes the output weights for the hidden neuron u and s indicates the number of wui. 
The Fast-Unit-OBS-algorithm is given by the following steps: 
Step 1: Train the neural network to minimum error based on some local optimization method. 
Step 2: Compute H-1. 
Step 3: For each hidden neuron u; compute the relevance Lu and find the neuron u0 that gives the smallest 

value which will be noted L. 
Step 4: If L is greater than the preselected threshold Lt, than go to step 5. Otherwise: 
• delete the selected hidden neuron and adjust the other weights of the remaining neurons based on the 

following equation: 
 
𝛥𝛥𝑤𝑤 = − 𝑤𝑤𝑢𝑢�����

[𝐻𝐻−1]𝑢𝑢𝑢𝑢
𝐻𝐻−1𝑒𝑒𝑢𝑢                                                                                                                                          (16) 

 

with: 𝑒𝑒𝑢𝑢 = �0, … , 1⏟
𝑢𝑢

, 0, … 0�                                                                                                                                 (17) 
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• return to the step 2. 
Step 5: Stop the pruning approach and it may be desirable to retrain the network at this stage. 
Despite the improvements in algorithms Unit-OBS and Fast-Unit-OBS which have reduced the computation 

time of the pruning procedure, these methods still need the calculating of the Hessian matrix inverse. In this 
paper, a pruning algorithm based on pseudo-entropy of hidden neurons without using the inverse of the Hessian 
matrix is presented in the following section. 

 
Pruning Algorithm Based On Pseudo-Entropy Of Hidden Neurons: 
1. Preliminary: 

The concept of entropy was introduced by Shannon in information theory (C. Shannon and W. Weaver, 
1948) to measure the disorder as: 
 
𝐸𝐸𝑚𝑚𝑡𝑡(𝑥𝑥,𝐶𝐶) = ∑ 𝑓𝑓𝑚𝑚(𝑥𝑥)𝑙𝑙𝑙𝑙𝑙𝑙�𝑓𝑓𝑚𝑚(𝑥𝑥)�𝑚𝑚                                                                                                                          (18) 

 
where Ent is minimal when x is in one class  and maximum if x is equidistributed in all classes of the 

partition C. 
Several researches in the field of artificial intelligence have exploited the properties of the entropy concept. 

(R. Kamimura, 1993) developed a method of entropy minimization for competitive learning. Many 
improvements (R. Kamimura and T. Kamimura, 2000; R. Kamimura, 2002) have lead to present a new approach 
to modeling complex information processing in living systems. 

On the other hand, the concept of entropy has been introduced to improving the generalization 
performances by information minimization (R. Kamimura et al., 1994). (K. H. Chan et al., 1999) proposed a 
new entropy learning approach for neural network based on an entropy penalty term allowing steering the 
direction of the hidden node's activation in the process of learning. Moreover, a lot of methods have been 
elaborated based on entropy minimization to increase the adequate variables selection and to obtain simple 
neural network architecture (R. Kamimura, 1995; R. Kamimura et al., 1995). In this context, (G. See Ng et al., 
2003) presented an improved entropy learning method which uses relevance criteria for neural network pruning.  
 
2. Proposed algorithm: 

The basic idea of the algorithm proposed in this paper has been inspired from the Zhao’s pruning approach 
(S. Zhao et al., 2010) which consists to eliminate the unnecessary weights using a Fast-OBS pruning algorithm 
based on the network’s pseudo-entropy of weights. This algorithm presents a penalty term which can be used to 
control the weights distribution in the training phase: when the weights distribution is evenly, the penalty term is 
smaller, or else is larger. In this case, the objective cost function E for the three-layer feedforward networks with 
n input neurons, k hidden neurons and h output neurons, can be defined as follows: 
 
𝐸𝐸 = 𝐽𝐽 + 𝐺𝐺                                                                                                                                                  (19) 

 
where J is the error function given by (3) and G denotes the network’s pseudo-entropy  of weights defined 

as: 
 
𝐺𝐺 = 𝐺𝐺𝐼𝐼 + 𝐺𝐺𝑂𝑂                                                                                                                                                         (20) 

 
with: 

 
𝐺𝐺𝐼𝐼 = −∑ ∑ 𝑝𝑝𝑚𝑚𝑖𝑖𝐼𝐼 𝐿𝐿𝑙𝑙𝑙𝑙𝑝𝑝𝑚𝑚𝑖𝑖𝐼𝐼𝑚𝑚

𝑖𝑖=1
𝑘𝑘
𝑚𝑚=1                                                                                                                                (21) 

 
𝐺𝐺𝑂𝑂 = −∑ ∑ 𝑝𝑝𝑙𝑙𝑚𝑚𝑂𝑂𝐿𝐿𝑙𝑙𝑙𝑙𝑝𝑝𝑙𝑙𝑚𝑚𝑂𝑂𝑘𝑘

𝑚𝑚=1
ℎ
𝑙𝑙=1                                                                                                                                (22) 

𝑝𝑝𝑚𝑚𝑖𝑖𝐼𝐼  and 𝑝𝑝𝑙𝑙𝑚𝑚𝑂𝑂  are quasi-probabilities of the network input weights and network output weights, respectively: 
 

𝑝𝑝𝑚𝑚𝑖𝑖𝐼𝐼 =
𝑤𝑤𝑚𝑚𝑖𝑖
𝐼𝐼 2

∑ ∑ 𝑤𝑤𝑚𝑚1𝑖𝑖1
𝐼𝐼 2𝑚𝑚

𝑖𝑖1=1
𝑘𝑘
𝑚𝑚1=1

                                                                                                                                          (23) 

 

𝑝𝑝𝑙𝑙𝑚𝑚𝑂𝑂 = 𝑤𝑤𝑙𝑙𝑚𝑚
𝑂𝑂2

∑ ∑ 𝑤𝑤𝑙𝑙1𝑚𝑚1
𝑂𝑂 2𝑘𝑘

𝑚𝑚1=1
ℎ
𝑙𝑙1=1

                                                                                                                                           (24) 

 
Although this algorithm provides a simpler structure of the network and improves the speed of the pruning 

process, the complex calculation of the inverse of the Hessian matrix persists. In this paper, a pruning algorithm 

http://academic.research.microsoft.com/Author/3332281/ryotaro-kamimura�
http://academic.research.microsoft.com/Author/3332281/ryotaro-kamimura�
http://academic.research.microsoft.com/Author/48579071/taeko-kamimura�
http://academic.research.microsoft.com/Author/3332281/ryotaro-kamimura�
http://academic.research.microsoft.com/Author/3332281/ryotaro-kamimura�
http://academic.research.microsoft.com/Author/3332281/ryotaro-kamimura�
http://academic.research.microsoft.com/Author/3332281/ryotaro-kamimura�
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based on pseudo-entropy of hidden neurons is developed. In the first step, the proposed algorithm consists to 
train the initial neural structure to obtaining the desired learning performance. In the second step, the 
contribution of each hidden neuron is estimated by calculating the relevance index which depends on hidden 
neuron’s output amplitude and can be expressed as: 
 

𝑅𝑅𝐼𝐼𝑢𝑢 = 1
𝑁𝑁
∑ � 𝑂𝑂𝑢𝑢

𝑝𝑝

∑ 𝑂𝑂𝑢𝑢
𝑝𝑝𝑁𝑁𝑐𝑐

𝑢𝑢=1
 �𝑁𝑁

𝑝𝑝=1                                                                                                                             (25) 

 
where 𝑂𝑂𝑢𝑢

𝑝𝑝  indicates the output of the uth hidden node for a given pattern and Nc denotes the number of 
hidden ones. 

The network’s pseudo-entropy of hidden neurons can be defined as: 
 
𝐸𝐸𝑚𝑚𝑡𝑡 = −∑ 𝑅𝑅𝐼𝐼𝑢𝑢𝐿𝐿𝑙𝑙𝑙𝑙(𝑅𝑅𝐼𝐼𝑢𝑢)𝑁𝑁𝑐𝑐

𝑢𝑢=1                                                                                                                      (26) 
 
The individual pseudo-entropy of each hidden neuron u is introduced as: 

 
𝐸𝐸𝑚𝑚𝑡𝑡𝑢𝑢 = −𝑅𝑅𝐼𝐼𝑢𝑢𝐿𝐿𝑙𝑙𝑙𝑙(𝑅𝑅𝐼𝐼𝑢𝑢)                                                                                                                             (27) 

 
Our goal is to minimize the network's pseudo-entropy to obtain simpler neural network architecture. The 

proposed strategy consists to remove each hidden neuron with individual pseudo-entropy greater than a 
preselected threshold which is slightly higher than the average value of network's pseudo-entropy. 

It is to be noted that we are interested in a multi input-single output (MISO) model (the generalization to 
more outputs units is straightforward) and the weights update law is based on the back-propagation algorithm 
(D. E. Rumelhart et al., 1986) which is given by: 
 
𝛿𝛿𝑤𝑤 = −𝜀𝜀 𝜕𝜕𝐽𝐽𝑝𝑝

𝜕𝜕𝑤𝑤
                                                                                                                                              (28) 

 
where 𝜀𝜀 denotes the learning rate. 
The proposed pruning algorithm can be described as follows: 
Step 1: Train the neural network based on the back-propagation algorithm to obtain a tolerated value of the 

training criterion noted Jt. 
Step 2: Calculate network’s pseudo-entropy of hidden neurons using equation (26). 
Step 3: Compute individual pseudo-entropy using equation (27) and remove each hidden neuron u which 

satisfies the following test: 
 
𝐸𝐸𝑚𝑚𝑡𝑡𝑢𝑢 > 𝜆𝜆 𝐸𝐸𝑚𝑚𝑡𝑡𝑎𝑎𝑎𝑎                                                                                                                                         (29) 

 
with: 
• 𝐸𝐸𝑚𝑚𝑡𝑡𝑎𝑎𝑎𝑎  indicates the average value of network's pseudo-entropy defined as 

 
 𝐸𝐸𝑚𝑚𝑡𝑡𝑎𝑎𝑎𝑎 = 1

𝑁𝑁𝑐𝑐
 𝐸𝐸𝑚𝑚𝑡𝑡                                                                                                                                       (30) 

 
• 𝜆𝜆 is a preselected constant slightly greater than 1. 
If there is no neuron that satisfies the test (29), than go to step 5. 
Step 4: Train the obtained structure with a reduced number of iterations noted t and return to the step 2. 
Step 5: Stop the pruning approach and retrain the network at this stage. 
It can be seen that the proposed algorithm is based on a pruning approach avoiding the computation the 

inverse of Hessian matrix which consists the main contribution of this strategy. 
 

RESULTS AND DISCUSSIONS 
 
In this section, the simulation results related to the proposed algorithm are presented in order to test its 

performance. In first time, the capacities of the elaborated algorithm are verified on an academic example. In 
second time, we use this algorithm for induction motor neural modeling. Through two simulation examples the 
proposed algorithm will be compared with the Unit-OBS and the Fast-Unit-OBS algorithms according to some 
performances criteria. 
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1. First example: 
This example consists on using a given neural network to generate a given learning set. The studied 

algorithms will be applied to retrieve the initial neural structure having generated the learning set. 
Figure 2 shows the neural network generating the learning set with an input vector composed by:{y(k-1), 

y(k-2), u(k-1), u(k-2)}, 3 hidden neurons and y(k) as the output where the activation function in the hidden 
neurons and the output neuron is the sigmoid one.  
 

 
Fig. 2: Neural network generating the learning set. 

 
Figure 3 and 4 represent the input signal used respectively for the training and validation sets. 

 

 
Fig. 3: Training input signal 
 

 
Fig. 4 Validation input signal. 
 
The efficiency of each algorithm is computed as: 
 

 𝑒𝑒𝑓𝑓𝑓𝑓% = �1 −
�𝑁𝑁𝑐𝑐

𝑓𝑓−3�

𝑁𝑁𝑐𝑐
� × 100                                                                                                                             (31) 

 
with 𝑁𝑁𝑐𝑐

𝑓𝑓  indicates the final number of hidden neurons for the obtained structure after the pruning procedure. 
The initial values of weights and the numerical parameters are selected based on several simulations to 

obtain the best performances in terms of training capacities and convergence time. The simulation results 
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describing the performances of Unit-OBS, Fast-Unit-OBS and the proposed algorithms are given in table 1 
where for each algorithm a set of initial neural structures has been considered. 

Table 2 shows the average of performances for the studied algorithms. 
It can be seen that the proposed approach provide better performances. On the other hand, the proposed 

algorithm avoids the complex calculation of the inverse of the Hessian matrix which considers the main 
advantage of this method. To confirm these interpretations, we test the investigated algorithms on neural 
modeling problem of an induction motor. 
 
Table 1: Performances of the studied algorithms. 

Algorithm Numerical simulation 
Parameters Nc 𝑵𝑵𝒄𝒄

𝒇𝒇 Efficiency (%) Generalization 
error Run time 

Unit-OBS ε=0.6, Et=8.10-5  Jt=0.003, 
α=9.10-5 

5 3 100 0.0036 0’11" 
8 5 75 0.0032 0’11" 
11 4 90.91 0.0035 0’18" 
14 3 100 0.0035 1’11" 
20 4 95 0.0037 1’12" 
25 3 100 0.0035 2’08" 

Fast-Unit-
OBS ε=0.6, Lt=Jt=0.003, α=10-8 

5 3 100 0.0036 0’10" 
8 3 100 0.0033 0’09" 
11 4 90.91 0.0035 0’14" 
14 2 92.86 0.0034 1’36" 
20 5 90 0.0037 0’46" 
25 4 96 0.0036 0’43" 

Proposed 
algorithm ε=0.6, Jt=0.003, t=20, 𝜆𝜆=1,05 

5 3 100 0.0034 0’15" 
8 3 100 0.0034 0’11" 
11 4 90.91 0.0034 0’14" 
14 3 100 0.0034 1’05" 
20 3 100 0.0033 0’47" 
25 4 96 0.0032 0’31" 

 
Table 2: Average of performances for the studied algorithms. 

Algorithm Efficiency (%) Generalization error Run time 
Unit-OBS 93.49 0.0035 0’52" 
Fast-Unit-OBS 95.11 0.0035 0’36" 
Proposed algorithm 97.82 0.0034 0’31" 

 
2. Second example: 

Induction motor description and control are difficult engineering problems, which are still not completely 
resolved. This is due to the complexity, highly nonlinear and time-varying parameters of the dynamic model of 
the machine. 

Induction motor dynamics are described by means of space vector. This is a common procedure employed 
within the electrical machine in order to reduce the number of equations needed to describe the motor model. In 
fact, the three-phase stator windings can be transformed, using the Park transformation, into equivalent 
quadrature-phase windings. In this case, the dynamics of induction motor (W. Leonhard, 1996; P. Vas, 1990; M. 
Chtourou et al., 1996) are then given as follows: 
 

⎩
⎪⎪
⎨

⎪⎪
⎧𝐼𝐼�̇�𝑑𝑠𝑠 = 𝜆𝜆𝑠𝑠𝑉𝑉𝑑𝑑𝑠𝑠 + 𝜔𝜔𝑠𝑠𝐼𝐼𝑞𝑞𝑠𝑠 − 𝛼𝛼𝑠𝑠𝐼𝐼𝑑𝑑𝑠𝑠 + 𝑝𝑝𝜔𝜔𝑚𝑚𝜆𝜆𝑚𝑚𝜓𝜓𝑞𝑞𝑞𝑞 + 𝛿𝛿𝜓𝜓𝑑𝑑𝑞𝑞

𝐼𝐼�̇�𝑞𝑠𝑠 = 𝜆𝜆𝑠𝑠𝑉𝑉𝑞𝑞𝑠𝑠 − 𝜔𝜔𝑠𝑠𝐼𝐼𝑑𝑑𝑠𝑠 − 𝛼𝛼𝑠𝑠𝐼𝐼𝑞𝑞𝑠𝑠 − 𝑝𝑝𝜔𝜔𝑚𝑚𝜆𝜆𝑚𝑚𝜓𝜓𝑑𝑑𝑞𝑞 + 𝛿𝛿𝜓𝜓𝑞𝑞𝑞𝑞
�̇�𝜓𝑑𝑑𝑞𝑞 = 𝛽𝛽𝐼𝐼𝑑𝑑𝑠𝑠 − 𝛼𝛼𝑞𝑞𝜓𝜓𝑑𝑑𝑞𝑞 + (𝜔𝜔𝑠𝑠 − 𝑝𝑝𝜔𝜔𝑚𝑚 )𝜓𝜓𝑞𝑞𝑞𝑞
�̇�𝜓𝑞𝑞𝑞𝑞 = 𝛽𝛽𝐼𝐼𝑞𝑞𝑠𝑠 − 𝛼𝛼𝑞𝑞𝜓𝜓𝑞𝑞𝑞𝑞 − (𝜔𝜔𝑠𝑠 − 𝑝𝑝𝜔𝜔𝑚𝑚)𝜓𝜓𝑑𝑑𝑞𝑞

𝜔𝜔�̇�𝑚 = 1
𝐽𝐽𝑞𝑞
�𝑝𝑝𝑚𝑚
𝐿𝐿𝑞𝑞
�𝜓𝜓𝑑𝑑𝑞𝑞 𝐼𝐼𝑞𝑞𝑠𝑠 − 𝜓𝜓𝑞𝑞𝑞𝑞 𝐼𝐼𝑑𝑑𝑠𝑠� − 𝐶𝐶𝑞𝑞�

�                                                                             (32) 

 
where: d and q denote direct and quadrature. Subscripts r and s stand for rotor and stator. I, V and 𝜓𝜓 denote 

current, voltage and flux respectively. 𝐽𝐽𝑞𝑞  and p represent rotor inertia and number of pole pairs respectively. 𝜔𝜔𝑚𝑚  
and 𝜔𝜔𝑠𝑠 are machine and stator speeds, respectively. 𝐶𝐶𝑞𝑞  is the load torque. 

With: 
• 𝜆𝜆𝑠𝑠 = 𝐿𝐿𝑞𝑞

𝐷𝐷
, 𝜆𝜆𝑞𝑞 = 𝐿𝐿𝑠𝑠

𝐷𝐷
 and 𝜆𝜆𝑚𝑚 = 𝑚𝑚

𝐷𝐷
 (𝐷𝐷 = 𝐿𝐿𝑠𝑠𝐿𝐿𝑞𝑞 − 𝑚𝑚2), where L and m are the auto inductance and the 

mutual inductance respectively. 
• 𝛼𝛼𝑞𝑞 = 𝑅𝑅𝑞𝑞

𝐿𝐿𝑞𝑞
 and 𝛼𝛼𝑠𝑠 = 𝑅𝑅𝑠𝑠𝜆𝜆𝑠𝑠 + 𝑅𝑅𝑞𝑞𝜆𝜆𝑚𝑚𝑚𝑚

𝐿𝐿𝑞𝑞
, where R is the resistance. 

• 𝛽𝛽 = 𝑚𝑚𝛼𝛼𝑞𝑞  and 𝛿𝛿 = 𝑅𝑅𝑞𝑞𝜆𝜆𝑚𝑚
𝐿𝐿𝑞𝑞

. 
The system of equations (32) can be rewritten in the condensed form: 
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�̇�𝑋 = 𝐹𝐹(𝑋𝑋,𝑈𝑈)                                                                                                                                              (33) 

 
with: 

 
𝑋𝑋 = �𝐼𝐼𝑑𝑑𝑠𝑠  𝐼𝐼𝑞𝑞𝑠𝑠  𝜓𝜓𝑑𝑑𝑞𝑞  𝜓𝜓𝑞𝑞𝑞𝑞  𝜔𝜔𝑚𝑚�

𝑇𝑇
                                                                                                                        (34) 

 
𝑈𝑈 = �𝑉𝑉𝑑𝑑𝑠𝑠  𝑉𝑉𝑞𝑞𝑠𝑠  𝜔𝜔𝑠𝑠�

𝑇𝑇
                                                                                                                                      (35) 

 
The control vector U can be reduced to stator voltage 𝑉𝑉𝑑𝑑𝑠𝑠  if 𝑉𝑉𝑞𝑞𝑠𝑠 = 0 and the stator speed 𝜔𝜔𝑠𝑠 is constant. The 

model output is the machine speed 𝜔𝜔𝑚𝑚 . 
Machine parameters used in simulations: 

�
𝜔𝜔𝑠𝑠 = 100𝜋𝜋 𝑞𝑞𝑎𝑎𝑑𝑑𝑠𝑠−1,   𝑉𝑉𝑑𝑑𝑠𝑠𝑚𝑚 = 220√3 𝑉𝑉,𝑝𝑝 = 2, 𝐽𝐽𝑚𝑚 = 0.5 𝐾𝐾𝑙𝑙𝑚𝑚2

𝑅𝑅𝑠𝑠 = 0.29 Ω,𝑅𝑅𝑞𝑞 = 0.38 𝛺𝛺, 𝐿𝐿𝑠𝑠 = 𝐿𝐿𝑞𝑞 = 0.05 𝐻𝐻,𝑚𝑚 = 0.0473 𝐻𝐻
and Cr = k𝜔𝜔𝑚𝑚 ,   𝑘𝑘 = 0.1070                                                            

   

� 

The input-output neural model describing the induction motor is presented in Figure 5. 
 

 
 
Fig. 5: Input-output neural model of the induction motor. 

 
The model input vector is constituted by the actual and previous voltage (𝑉𝑉𝑑𝑑𝑠𝑠(𝑘𝑘) and 𝑉𝑉𝑑𝑑𝑠𝑠(𝑘𝑘 − 1)) and the 

actual and previous machine speed (𝜔𝜔𝑚𝑚 (𝑘𝑘) and 𝜔𝜔𝑚𝑚(𝑘𝑘 − 1)). The model output is the future value of the 
machine speed 𝜔𝜔𝑚𝑚 (𝑘𝑘 + 1).  

The selection of the input vector and the value of the sampling period (∆t=0.001s) have been done after 
several simulations. 

Figure 6 represent respectively the input signal 𝑉𝑉𝑑𝑑𝑠𝑠(𝑘𝑘), used in the training (6.a) and validation (6.b) 
phases. 

 
(a) (b) 

 
 

 
 
Fig. 6: 𝑉𝑉𝑑𝑑𝑠𝑠(𝑘𝑘) used in the training and validation phases ((a): training, (b): validation). 

 
It is to be noted that each training algorithms have been executed for different initial neural structures. 
The simulation results describing the performances of the algorithms studied in this paper are illustrated in 

Table 3. 
It can be seen that the proposed algorithm provides better performances when compared to Unit-OBS and 

Fast-Unit-OBS algorithms. For better illustration of the results presented in Table 3, they can be summarized in 
Table 4 which presents the average performance on final architecture, generalization capacities and convergence 
time. 
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Table 3: Algorithms Performances for the induction motor neural modeling problem. 

Algorithm Numerical simulation Parameters 𝑵𝑵𝒄𝒄 𝑵𝑵𝒄𝒄
𝒇𝒇 

Generalization 
error Run time 

Unit-OBS ε=0.2, 
Et=8.10-5  Jt=0.07, α=9.10-5 

10 5 0.9434 3’25" 
15 7 1.1787 4’15" 
20 4 1.5536 8’29" 
25 7 1.8714 10’46" 

Fast-Unit-OBS ε=0.2, Jt=0.07, 
Lt= 0.002, α=10-8 

10 7 1.0277 2’44" 
15 9 1.3090 8’27" 
20 12 1.1896 3’33" 
25 19 0.9417 3’38" 

Proposed algorithm ε=0.2, Jt=0.07, t=10, 𝜆𝜆=1,15 

10 4 0.9535 2’57" 
15 6 0.9725 4’09" 
20 4 1.1035 5’26" 
25 7 1.1294 7’00" 

 
Table 4: Average of performances. 

Algorithm Nc
f  Generalization error Run time 

Unit-OBS 6 1.3868 6’44" 
Fast-Unit-OBS 12 1.1170 5’06" 
Proposed algorithm 5 1.0397 6’08" 

 
Table 4 shows the contribution of the proposed algorithm. In fact, we note that the algorithm based on 

pseudo-entropy of hidden neurons leads to the simplest neural structure and presents the least generalization 
error with satisfactory convergence time. Moreover, the proposed method avoids the complex computation of 
the inverse of the Hessian matrix which considers the major drawback of the OBS approach. 

Figure 7 gives the evolution of the identified neural model output for the training (7.a) and validation (7.b) 
sets using the proposed algorithm. 

 
(a) (b) 

  
 
Fig. 7: Training and validation performances for the proposed algorithm ((a): training, (b): validation). 

 
Conclusion: 

In this paper, the OBS pruning approach and its modified versions have been studied. In second time, a 
pruning algorithm based on pseudo-entropy of hidden neurons has been introduced allowing to obtain the 
adequate neural structure. The main contribution of this method is that it avoids the calculating of the inverse of 
the Hessian matrix which is indispensable for using any pruning algorithm based on OBS approach. To confirm 
the validity of the elaborated algorithm, it has been applied for an academic example and the neural modeling of 
induction motor. The simulation results have demonstrated the good performance of the proposed algorithm for 
the neural network architecture optimization. The obtained network has acceptable generalization ability with a 
good efficiency what shows the utility of this algorithm. 
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