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Abstract
One of the most important applications of Genetic Algorithm (GA) 
is weight optimization of Artificial Neural Networks (ANNs). This 
approach saves a lot of computational resources especially when 
ANNs are trained using back-propagation algorithm. Iterative 
calculation of local gradient for each node is not required if GA 
is used. In this paper, we report a novel technique of weight 
optimization using a “mutate-discard-cross-over” scheme. 
The proposed mutation operator mutates the encoded weights 
according to their suitability in a statistical sense. A coefficient 
of dominance for each weight converging on a neuron has been 
defined as the primary criterion for mutation. Two different 
ANN architectures have been simulated and assessed for their 
classification performance. Simulations performed on IRIS data 
reveal the efficacy of our technique with better classification 
results being obtained in lesser number of iterations as compared 
to a conventional ANN classifier.
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I. Introduction
Artificial Neural Networks (ANNs) and Genetic algorithm 
(GA) are considered the foundation pillars of soft computing. 
Neuro-Genetic processing has found a plethora of applications 
with varying degrees of success reported by previous workers 
[1-3]. Recent developments in GA includes an adaptive three 
dimensional GA proposed by [4] which is more suited to adapt 
to changes in convergence speed and strike a balance between 
local and global search requirements.
Arabali et al. [5] have proposed an optimization approach for 
energy management. Other innovative applications of GA include 
the work on stock forecasting by [6]. Application of Neuro-Genetic 
hybrid algorithms in optical in traffic-flow prediction task has 
been reported by [7]. Genetic algorithm based optimization of 
ANN weights has been a popular topic of research for quite a 
sometime, especially for backpropagation algorithm trained 
ANNs. Backpropagation algorithm has been found to work well on 
low-dimensional and less complex data sets. However, as the data 
dimension increases or the data become more complex (the term 
complexity is used here in a statistical sense e.g. high correlation 
the data sample) the backpropagation algorithm gets trapped in 
the local minima [8]. This results in very slow training and often 
yields suboptimal solutions. The problem of training an ANN with 
backpropagation algorithm has two aspects. First, is the problem 
of determining the optimal number of hidden layer neurons. 
Second, there is a problem of weight determination. Specifying the 
weights of an ANN is mostly viewed as an optimization process, 
where an error goal needs to be reached. An initial random set 
of weights is updated according to a local gradient calculated for 
each neuron in the hidden and output layer. Furthermore, the local 
gradient for a hidden layer neuron is a weighted sum of the local 
gradients of all the output neurons connected to it. However, by 

using a local optimization algorithm such as BP, there is a high 
possibility that the algorithm might converge to some bad value, 
since the error surface is high dimensional and contains many 
local minima. Therefore, the use of GA in optimizing the weight 
values is envisaged. In this context, it is worth mentioning that 
in an ANN, all the weight values do not contribute similarly to 
the pattern separability. Thus, there are always a set of weights 
which are redundant. There are mainly two types of weights 
in a network. First, weights that have a large influence on the 
network and second, weights that have little or no impact. The 
latter categories of weights are referred to as excess weights. The 
excess weights should assume values close to zero if generalization 
is to be improved [8].
Our current problem has two aspects. One is the elimination of 
redundant weights and other is to accomplish it using genetic 
algorithm. The proposed technique is described in the problem 
formulation section. However, the subsequent section describes 
in brief the working of conventional GA.

II. Working of Genetic Algorithm
Genetic algorithm (GA) is a search and optimization technique 
that is based on the evolution theory which can provide optimum 
solution for various problems within a relatively reasonable 
computation time. Genetic algorithms (GAs) begin with a set 
of solutions represented by chromosomes, called population. 
Generally, a binary encoding using integer representation is used 
to represent the each individual. Based upon the fitness of each 
individual, a mating pool is created. Selection is based upon the 
“survival of fittest policy”. The working of GA has been depicted 
in Figure1. Although, many techniques have been reported for 
‘selection’, ‘crossover’ and ‘mutation’ operation [9], there is still 
a room for improvisation which is being reported here. 

Fig. 1: The GA Flow

III. Problem Formulation
The current task seeks to incorporate a weight pruning scheme into 
the conventional GA optimization flow. This has been achieved 
by a novel mutation scheduling scheme where only those weights 
are mutated which are an ideal candidate to be pruned. 
A hidden node with an incoming weight set will contribute more 
to the network, if the incoming set of weights has a larger variance 
compared to the variance compared to the variance of the total 
weight set.
In this work, we have attempted to incorporate weight pruning 
strategy into the genetic flow so that weight having lesser effect 
on the network be rendered less fit and eventually be discarded. 
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It is proposed that the mutation operation will be governed by the 
weight pruning strategy. The flow chart shown in Figure 1 depicts 
the process of genetic optimization with mutation and crossover 
operation defined according to the present problem. 

A. The mutation scheme
Let

 (1)
be the set of all the weights convergent on the neuron n of the 
hidden layer from the 1 to ith inputs. Figs. 2(a) and 2(b) depict 
two neural architectures for which the mutation scheme is being 
described. Both the architectures were fed with IRIS data and 
their performances have been compared. Architecture 1 shown 
in fig. 2(a) is a typical pattern classifier where the number of 
output neurons is equal to the number of classes present in the 
data. Whereas, the architecture shown in Fig. 2(b) is a typical 
function approximator with one output neuron supposed to fire 
at N different values if N classes are present in the data.

Fig. 2: (a). Neural Network Architecture1for Iris Classification

Fig. 2: (b). Neural Network Architecture 2 for Iris Classification

The input to a neuron ‘A’ is a random variable with standard 
deviation . Also, we can generate a set of weights lying in 
a particular range which are uniformly distributed with same 
standard deviation and are independent of the number of weight 
connected to that node. Therefore, it can be concluded that variance 
or standard deviation of the weight set leading to a particular node 
is the most important criterion for determining the information 
content in the randomly generated weight set.
Each node in the hidden layer is now evaluated for the effective 
variance of the weights converging on it. A coefficient of 
dominance for each node is now defined as the ratio of variance 
of the weights converging on it to the total variance of all the 
weight in the network.
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where 
isD is the coefficient of dominance for the ith hidden layer 

neuron and isv is the variance of the weights converging on node 
i of the hidden layer 
whereas, totalv  is the variance of the set of all the weights in the 
hidden layer.
Similarly, coefficient of the dominance for other hidden layer 
neuron are calculated and a set D  is defined as 
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B. Data Description 
In our problem, we devise a methodology for identifying the 
species of an iris amongst 3(Iris-setosa, Iris-virginica and Iris-
versicolor) based on 4 distinctive features (sepal length sepal 
width, petal length and petal width). For this a standard dataset 
has been taken from UCI machine learning repository website 
(UCI) consists of 150 samples. Out of 150 samples, 120 samples 
are used for training the neural network and 30 samples are for 
testing.

C. Mutate and Discard scheme
The proposed “mutate and discard scheme” is depicted in the form 
of a flow chart shown in fig. 3. Rank selection of individuals is done 
and the two fittest individuals take part in the cross over process 
to produce two offspring. However, if the offspring fitness is less 
than population, then the offspring are discarded otherwise it is 
replaced with the chromosomes having east fitness value. Now 
the Mutation of 3rd and 4th fittest chromosome is done according 
to the proposed scheme. For, the mutation process, a threshold 
function is defined as follow:
If mutated weight 5.0>iw , then multiply weight iw by a factor 
1.5 
If mutated weight 5.02.0 << iw , then multiply weight iw  by a 
factor 1.0
Else, multiply weight iw  by a factor 0.2.
Again, the individuals are arranged according to their fitness values 
and two least fit chromosomes are discarded. Thereafter, the cross 
over between first two chromosomes takes place and offspring are 
ranked according to their fitness values. However, mutation in the 
next cycle again takes place for 3rd and 4th individuals and the 
process continues till there is no change in the fitness value of the 
fittest individual for a fixed number of cycles (In our case 40).

IV. Simulation Results and Discussions
Two networks with single hidden layer were trained with 
backpropagation algorithm for classifying IRIS data. The number 
of hidden layer neurons was optimized experimentally and 
architecture of 4:5:3 was found optimum for the network depicted 
in fig. 2 (a) and 4:5:1 for the network depicted in fig. 2(b). The 
networks were trained for a fixed 2,000 epochs using traingdm 
function of MATLAB when randomly initialized weights were 
used. The same architectures were initialized with the optimized set 
of weights obtained by the proposed GA technique and the training 
was done for 1,000 epochs. In both the cases 25% of the data were 
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kept for testing purpose and the network was trained with 75% of 
the data. However, to prevent overfitting, a 4 fold cross validation 
scheme was used where the test samples were assigned to either 
training or test set on rotation basis. Experimentations were carried 
out by varying the values of learning rate and momentum constant 
between 0.1 and 1.0 for a given architecture. Fig. 4(a) to 4(d) depict 
the error surface obtained using conventional backpropagation 
training with randomly initialized weights and weights obtained 
using GA respectively for both the architectures of fig. 2.

 
Fig. 3: Flow Chart for the Proposed Technique

As evident from the figures, the error surface obtained using 
genetically determined weights span a larger area of the plot 
with overall lower error values. Furthermore, the box whisker 
diagram depicted in figs. 5(a) to 5(d) is more consistent for both 
the networks. The actual performance of the networks in terms of 
classification of IRIS data is summarized in Tables 1 for optimized 
values of learning rate and momentum constant for networks of fig. 
2(a) and 2(b) respectively. Results are reported both for training 
and test samples and it is evident that weights optimized using 
proposed technique give equally good results with lesser iterations 
of training (1,000 epochs) as compared to randomly initialized 
weights which are updated for 2,000 epochs. 

Fig. 4(a): Error Surface Plot for Conventional Back-Propagation 
ANN for Architecture of Fig. 2(a)

Fig. 4(b): Error Surface Plot for ANN Trained With GA Optimized 
Weights for Architecture of Fig. 2(a).

Fig. 4(c): Error Surface Plot for Conventional Back-Propagation 
ANN for Architecture of Fig. 2(b).
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Fig. 4(d): Error Surface Plot for ANN Trained With GA Optimized 
Weights for Architecture of Fig. 2(b).

Fig. 5(a): Box Whisker Diagram for the Error Obtained Using 
Architecture 2(a) With Randomly Initialized Weights

Fig. 5(b): Box Whisker Diagram for the Error Obtained Using 
Architecture 2(a) With GA Optimized Weights

Fig. 5(c): Box Whisker Diagram for the Error Obtained Using 
Architecture 2(b) With Randomly Initialized Weights

Fig. 5(d): Box Whisker Diagram for the Error Obtained Using 
Architecture 2(b) With GA Optimized Weights

Table 1: Error Performance of the Proposed Architectures

S. 
No

Architecture 
Type

Training Parameter Error (mse)

Momentum 
Constant 
(mc)

Learning 
Rate (η)

ANN 
(in 2000 
Epochs)

GA (in 
1000 
Epochs)

1 For Arch. 1
(Fig 2(a)) 0.5 0.06 0. 062 0.0213

2 For Arch. 2
 (Fig 2(b)) 0.5 0.06 0.06481 0.0427

V. Conclusion
This paper presents a novel hybrid approach to weight optimization 
using a mutation scheme which uses the variance of the weights 
converging on a neuron. Subsequently, the mutation of 3rd and 
4th ranked individuals in the mating pool makes the whole process 
more competitive. The classification results obtained lead us to 
conclude that the proposed technique can serve as an efficient 
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and viable alternative to the conventional neuro-genetic design 
of neural classifiers.
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