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Abstract 
 

The standard back propagation algorithm for training artificial neural networks utilizes 

two terms, a learning rate and a momentum factor. The major limitations of this standard 

algorithm are the existence of temporary, local minima resulting from the saturation 

behaviour of the activation function, and the slow rates of convergence. Previous research 

demonstrated that in ‘feed forward’ algorithm, the slope of the activation function is directly 

influenced by a parameter referred to as ‘gain’. This research proposed an algorithm for 

improving the performance of the back propagation algorithm by introducing the adaptive 

gain of the activation function. The efficiency of the proposed algorithm is compared with 

conventional Gradient Descent Method and verified by means of simulation on four 

classification problems. In learning the patterns, the simulations result demonstrate that the 

proposed method converged faster on Wisconsin breast cancer and diabetes classification 

problem with an improvement ratio of nearly 2.8 and 1.2, 65% better on thyroid data sets and 

97% success on IRIS classification problem. The results clearly show that the proposed 

algorithm significantly improves the learning speed of the conventional back-propagation 

algorithm. 
 

Keywords: We would like to encourage you to list your keywords in this section. 
 

1. Introduction 
 

A neural network is a computing system made up of a number of simple, interconnected 

processing neurons or elements, which process information by its dynamic state response to 

external inputs [1]. The development and application of neural networks are unlimited as it 

spans a wide variety of fields. This could be attributed to the fact that these networks are 

attempts to model the capabilities of human. It had successfully implemented in the real 

world application which are accounting and finance [2,3], health and medicine [4,5], 

engineering and manufacturing [6,7], marketing [8,9] and general applications [10,11,12]. 

Most papers concerning the use of neural networks have applied a multilayered, feed-forward, 

fully connected network of perceptions [13,14]. Reasons for the use of simple neural 
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networks are done by the simplicity of the theory, ease of programming, good results and 

because this type of NN represents an universal function in the sense that if the topology of 

the network is allowed to vary freely it can take the shape of any broken curve [15]. Several 

types of learning algorithm have been used for NN in the literature. However, back-

propagation algorithm is the most popular, effective, and easy to learn model for complex, 

multilayered networks. This algorithm is used more than all other combined and used in many 

different types of applications [16]. A back-propagation is a supervised learning technique 

that uses a gradient descent rule which attempts to minimize the error of the network by 

moving down the gradient of the error curve [1]. When using the back-propagation to train a 

standard multi-layer feed forward neural network, the designer is required to arbitrarily select 

parameters such as the network topology, initial weights and biases, a learning rate value, the 

activation function, and a value for the gain in the activation function. Improper selection of 

any of these parameters can result in slow convergence or even network paralysis where the 

training process comes to a virtual standstill. Another problem is the tendency of the steepest 

descent technique, which is used in the training process, can easily get stuck at local minima. 

Hence, improving the application of back-propagation remains an important research issue. 

In recent years, a number of research studies have attempted to overcome these problems. 

These involved the development of heuristic techniques, based on studies of properties of the 

conventional back-propagation algorithm. These techniques include such idea as varying the 

learning rate, using momentum and gain tuning of activation function. Perantonis et al. [17] 

proposed an algorithm for efficient learning in feed forward neural networks using 

momentum acceleration. Nevertheless, it could be found that more training time is spent on 

the computation of constrained conditions in the algorithm. Kamarthi and Pittner [18] 

presented a universal acceleration technique for the back-propagation algorithm based on 

extrapolation of each individual interconnection weight. This requires the error surface to 

have a smooth variation along the respective axes, therefore extrapolation is possible. For 

performing extrapolation, at the end of each epoch, the converge behaviour of each network 

weight in back-propagation algorithm is individually examined. They also focused on the use 

of standard numerical optimization techniques. Though, this technique often must be tuned to 

fit a particular application. Møller [19] explained how conjugate gradient algorithm could be 

used to train multi-layer feed forward neural networks. In this algorithm a search is performed 

along conjugate directions, which generally leads to faster convergence than steepest gradient 

descent directions. The error function is guaranteed not to increase consequently of the 

weights update. However, if it reaches a local minimum, it remains forever, as there is no 

mechanism for this algorithm to escape. Lera et al. [20] described the use of Levenberg-

Marquardt algorithm for training multi-layer feed forward neural networks. Though, the 

training times required strongly depend on neighbourhood size.  

Nazri et al. [21] demonstrated that changing the ‗gain‘ value adaptively for each node can 

significantly reduce the training time. Based on [21], this paper proposed an improved 

algorithm that will change the gain value adaptively which significantly improve the 

performance of the back-propagation algorithm. In order to verify the efficiency of the 

proposed algorithm, and to compare it with the Gradient Descent Method (GDM) proposed 

by Nazri et al. [21], some simulation experiments was performed on four benchmark 

classification problems including Wisconsin breast cancer [22], thyroid [23] , IRIS [24] and 

diabetes classification problem [25] .  

The remaining of the paper is organised as follows. In Section 2, using activation function 

with adaptive gain is reviewed. While in section 3 presents the proposed algorithm. The 

performance of the proposed algorithm is tested on benchmark problems are conducted in 

Section 4. This paper is concluded in the final section. 
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2. Activation Function with Adaptive Gain 
 

An activation function is used for limiting the amplitude of the output of neuron. It 

generates an output value for a node in a predefined range as the closed unit interval  1,0  or 

alternatively  1,1 . This value is a function of the weighted inputs of the corresponding node. 

The most commonly used activation function is the logistic sigmoid activation function. 

Alternative choices are the hyperbolic tangent, linear, step activation functions. For the thj  

node, a logistic sigmoid activation function which has a range of  1,0  is a function of the 

following variables, viz 
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jneta ,  net input activation function for the thj  unit. 
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  bias for the thj  unit. 

j
c  gain of the activation function. 

 

The value of the gain parameter, 
j

c , directly influences the slope of the activation 

function. For large gain values  1c , the activation function approaches a ‗step function‘ 

whereas for small gain values  10  c  the output values change from zero to unity over a 

large range of the weighted sum of the input values and the sigmoid function approximates a 

linear function. 

Most of the application oriented papers on neural networks tend to advocate that neural 

networks operate like a ‗magic black box‘, which can simulate the ―learning from example‖ 

ability of our brain with the help of network parameters such as weights, biases, gain, hidden 

nodes, etc. Also, a unit value for gain has generally been used for most of the research 

reported in the literature but a few authors have researched the relationship of the gain 

parameter with other parameters which used in back-propagation algorithms. The recent 

results [26] show that learning rate, momentum constant and gain of the activation function 

have a significant impact on training speed. Unfortunately, higher values of learning rate 

and/or gain cause instability [27].. Thimm et al. [28] also proved that a relationship between 

the gain value, a set of initial weight values, and a learning rate value exists. Looney [29] 

suggested to adjust the gain value in small increments during the early iterations and to keep 

it fixed somewhere around halfway through the learning. Eom et al. [30] proposed a method 

for automatic gain tuning using a fuzzy logic system. Nazri et al. [21] proposed a method to 

change adaptively gain value on other optimisation method such as conjugate gradient. 
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3. Improving Back-propagation Algorithm 
 

In this section, an improved algorithm for improving the training efficiency of back-

propagation is proposed. The proposed algorithm modifies the initial search direction by 

changing the gain value adaptively for each node. The following subsection describes the 

proposed algorithm. The advantages of using an adaptive gain value have been explored. 

Gain update expressions as well as weight and bias update expressions for output and hidden 

nodes have also been proposed. These expressions have been derived using same principles as 

used in deriving weight updating expressions. 

There are two different ways in which this gradient descent can be implemented which are 

incremental mode and batch mode. In this paper, the batch mode was used for training 

process. As in batch mode training, the weights, biases and gains are updated after one 

complete presentation of the entire training set. An epoch is defined as one complete 

presentation of the training set. A sum squared error value is calculated after the presentation 

of the training set and compared with the target error. Training is done on an epoch-by-epoch 

basis until the sum squared error falls below the desired target value.  

 

3.1. The Proposed Algorithm 
 

The following iterative algorithm is proposed by the authors for the batch mode of 

training. Weights, biases and gains are calculated and updated for the entire training set, 

which is being presented to the network; 
 

 

 

 

 

 

 

 

 

 
 

The gain update expression for a gradient descent method is calculated by differentiating 

the following error term E with respect to the corresponding gain parameter. 

 

The network error E is defined as follows 
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The respective gain values would then be updated with the following equations. 
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For a given epoch, 

For each input vector, 

Step 1. 

Calculate the weight and bias values using the 

previously converged gain value. 

Step 2. 

Use the weight and bias value calculated in 

Step (1) to calculate the new gain value.  

Repeat Steps (1) and (2) for each example on an 

epoch-by-epoch basis until the error on the 

entire training data set reduces to a predefined 

value. 
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Therefore, the gain update expression for links connecting to output nodes is: 
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Therefore, the gain update expression for the links connecting hidden nodes is; 
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Similarly, the weight and bias expressions are calculated as follows: 

 

The weight update expression for the links connecting to output nodes with a bias is: 
   

jkkkkkjk
ocoootw  1  (10) 

Similarly, the bias update expressions for the output nodes would be: 
   

kkkkkk
cooot  1  (11) 

The weight update expression for the links connecting to hidden nodes is: 
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Similarly, the bias update expressions for the hidden nodes would be: 
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4. Results and Discussions 
 

The performance criterion used in this research focuses on the speed of convergence, 

measured in number of iterations and CPU time. The benchmark problems used to verify the 

proposed algorithm are taken from the open literature. Four classification problems have been 

tested including Wisconsin breast cancer [22], thyroid [23], IRIS classification [24] and 

diabetes classification problem [25]. The simulations have been carried out on a Pentium IV 

with 3 GHz PC Dell, 1 GB RAM and using MATLAB version 6.5.0 (R13). 

On each problem, the following three algorithms were analyzed and simulated. 

1) The standard Gradient descent with momentum (traingdm) Matlab Neural Network 

Toolbox. 

2) The standard Gradient descent with momentum (GDM) [21] 

3) The proposed Gradient descent with momentum and Adaptive Gain (GDM/AG) 

To compare the performance of the proposed algorithm with the standard gradient descent 

method [21], network parameters such as network size and architecture (number of nodes, 

hidden layers etc), values for the initial weights and gain parameters were kept the same. For 

all problems the neural network had one hidden layer with five hidden nodes and sigmoid 

activation function was used for all nodes. All algorithms were tested using the same initial 

weights, initialized randomly from range  1,0 , the learning rate value is 0.3 and the 

momentum term value is 0.7 with the initial value used for the gain parameter is one and 

received the input patterns for training in the same sequence. The number of iterations until 

convergence is accumulated for each algorithm from which the mean, the standard deviation 
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and the number of failures are calculated. The networks that fail to converge are obviously 

excluded from the calculations of the mean and standard deviation but are reported as failures. 

For each problem, 100 different trials were run, each with different initial random set of 

weights.   

For each problem, the summary of the numerical results for all algorithms are showed in a 

table. For each problem also, the generalization accuracy of all algorithms is calculated 

adopted from Watkins [31] paper. Watkins determined generalization accuracy by the inverse 

of the distance of the simulations result from the real answer, expressed as a percentage of the 

limits of the range. 

100*
1

(%)
LBUB

ot
Accuracy

L

kk




  

(14) 

where UB  and LB  represent the upper bound and the lower bound. Both are defined 

based on the type of activation function that is used during the simulations, in this 

case all simulations is run using sigmoid activation function so UB  is defined as one 

and LB  is defined as zero. The final accuracy is reached by taking the mean of all the runs.  

 

4.1. Breast Cancer Classification Problem  
 

This dataset was created based on the ‗Breast Cancer Wisconsin‘ problem dataset from 

UCI repository of machine learning databases from Dr. William H. Wolberg [22]. This 

problem tries to diagnosis of breast cancer by trying to classify a tumor as either benign or 

malignant based on cell descriptions gathered by microscopic examination. The selected 

architecture of the Feed- forward Neural Network is 9-5-2. The target error is set as to 0.02. 
 

Table 1. The summary results for Breast Cancer Problem 
 

 Breast Cancer Problem (Target error = 0.02) 

Mean 

Number of 

epochs 

CPU 

time(s)/ 

Epoch 

Total CPU 

to 

converge 

Generalization 

Accuracy    

(%) 

Number 

of 

failures 

traingdm 3419 1.60 x 10
-2

 54.59 88.31 14 

GDM 1105 4.71 x 10
-2

 52.04 88.13 4 

GDM/AG 405 4.45 x 10
-2

 18.01 88.92 3 

 

Table 1 shows average number of iterations as well as the average CPU time taken by all 

three algorithms in reaching the target error. Observe that the proposed method (GDM/AG) 

clearly outperforms the traditional gradient descent method as well as neural network toolbox. 

Both methods exhibits a linear convergence to reach the target error, but GDM/AG algorithm 

takes significant smaller number of iterations. The GDM/AG algorithm takes only 405 epochs 

to reach the target error as compared to GDM at about 1105 epochs and worst for ‗traingdm’ 

that need about  3419 epochs to converge. Still the proposed algorithm (GDM/AG) 

outperforms GDM algorithms with an improvement ratio, nearly 2.8, for the total time of 

convergence.  

As for generalization performance, all algorithms achieved the similar results, but 

‘traingdm’ had the highest number of epochs and the highest number of failures which 

indicate that it is more unstable as compare to the proposed method. This makes GDM/AG 

method a better choice since it has three failures for 100 different trials.  
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4.2 IRIS Classification Problem 

 

This is a classical classification dataset made famous by Fisher [24], who used it to 

illustrate principles of discriminant analysis. This is perhaps the best-known database to be 

found in the pattern recognition literature. The selected architecture of the Feed-forward 

Neural Network is 4-5-3 with target error was set as 0.05 
 

Table 2. The summary results for IRIS Classification Problem 
 

 IRIS Classification Problem (Target error = 0.05) 

Mean 

Number of 

epochs 

CPU 

time(s)/ 

Epoch 

Total CPU 

to 

converge 

Generalization 

Accuracy    

(%) 

Number 

of 

failures 

traingdm 1609 2.69 x 10
-2

 43.30 94.01 15 

GDM 754 4.59 x 10
-2

 34.60 94.32 4 

GDM/A

G 

581 3.69 x 10
-2

 21.42 94.45 3 

 

Table 2 shows that the proposed algorithm (GDM/AG) still outperforms other algorithms 

in term of CPU time and number of epochs. The proposed algorithm (GDM/AG) only 

required 581 epochs in 21.4203 seconds of CPU times to achieve the target error, whereas 

GDM required 754 epochs in 34.5935 seconds of CPU times. As we can see that the number 

of success rate for the proposed algorithm (GDM/AG) was 97% as compared to GDM in 

learning the patterns. Furthermore, the average number of learning iterations for the proposed 

algorithm was reduced up to 1.3 times faster as compared to GDM. 
 

4.3 Thyroid Classification Problem 

 

This dataset was created based on the ‗Thyroid Disease‘ problem dataset [23] from the 

UCI repository of machine learning database. The dataset was obtained from the Garvan 

Institute. This dataset deals with diagnosing a patient thyroid function. Each pattern has 21 

attributes and can be assigned to any of three classes which were hyper-, hypo- and normal 

function of thyroid gland. The selected architecture of the Feed-forward Neural Network is 

21-5-3. The target error is set to 0.05. 

 

Table 3. The Summary Results for Thyroid Classification Problem 
 

 Thyroid Classification Problem (Target error = 0.05) 

Mean 

Number of 

epochs 

CPU 

time(s)/ 

Epoch 

Total CPU 

to 

converge 

Generalization 

Accuracy    

(%) 

Number 

of 

failures 

traingdm 8925 3.72 x 10
-2

 332.02 87.04 16 

GDM 3441 9.20 x 10
-2

 316.50 88.18 7 

GDM/A

G 

1114 1.00 x 10
-1

 111.63 88.66 4 

 

 

Table 3 reveals that GDM need 316.4905 seconds with 3441 epochs to converge. 

However, the proposed algorithm (GDM/AG) performed significantly better with only 

111.631 seconds and 1114 epochs to converge. The result shown that the GDM/AG perform 

better as compared to GDM.  
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4.4 Diabetes Classification Problem 

 

This dataset was created based on the ‗Pima Indians Diabetes‘ problem dataset [25] from 

the UCI repository of machine learning database. From the dataset doctors try to diagnose 

diabetes of Pima Indians based on personal data (age, number of times pregnant) and the 

results of medical examinations (e.g. blood pressure, body mass index, result of glucose 

tolerance test, etc.) before decide whether a Pima Indian individual is diabetes positive or not. 

The selected architecture of the Feed-forward Neural Network is 8-5-2. The target error is set 

to 0.01. 

Table 4. The Summary Results for Diabetes Classification Problem 
 

 Thyroid Classification Problem (Target error = 0.01) 

Mean 

Number of 

epochs 

CPU 

time(s)/ 

Epoch 

Total CPU 

to 

converge 

Generalization 

Accuracy    

(%) 

Number 

of 

failures 

traingdm 965 3.14 x 10
-2

 30.36 93.86 13 

GDM 520 5.00 x 10
-2

 25.97 89.08 5 

GDM/A

G 

417 3.54 x 10
-2

 14.76 89.09 4 

 

Table 4 shows that the proposed algorithm (GDM/AG) reached the target error after only 

about 417 epochs as opposed to the standard GDM at about 520 epochs and clearly we see 

that there is an improvement ratio, nearly 1.2, for the number of epochs compare to neural 

network toolbox, and almost 2 for the convergence time. Table 4 shows that all algorithms 

perform similar results in classified the data correctly. The GDM even though has only five 

failures and with a standard deviation of 114.14 as compared to ‘traingdm’, it produced 

acceptable results. Yet the proposed algorithm (GDM/AG) outperformed the GDM with a 

standard deviation of 102.23 epochs, and with four failures. The small value of the standard 

deviation says that the 100 different trials for the proposed algorithm (GDM/AG) were very 

consistent. 

 

5. Conclusion 
 

While the back-propagation algorithm is used in the majority of practical neural networks 

application and has been shown to perform relatively well, there still exist areas where 

improvement can be made. We proposed an algorithm to adaptively change the gain 

parameter of the activation function to improve the learning speed. It was observed that the 

influence of variation in the gain value is similar to the influence of variation in the learning 

rate value. It changes the gain value adaptively for each node. The effectiveness of the 

proposed algorithm has been compared with the Gradient Descent Method (GDM) [21], 

verified by means of simulation on four classification problems including Wisconsin breast 

cancer and diabetes classification problem with an improvement ratio nearly 2.8 and 1.2.for 

the total time of converge, thyroid took almost 65% less time to converge and IRIS the 

proposed algorithm outperformed the traditional GDM with 97% success in learning the 

patterns. Moreover, when comparing the proposed algorithm with GDM, it has been 

empirically demonstrated that the proposed algorithm (GDM/AG) performed highest 

accuracy than GDM. This conclusion enforces the usage of the proposed algorithm as 

alternative training algorithm of back propagation neural networks. 
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