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One of the shortcomings of'artificialneuralnetworks ( A N N ~ )  is the difJicul(v in predicting the best control parameters,~ 
a certain application. The number ofcomhinations ofparameters is ve1y large. This makes it very in~fficient and expens; 
to search manual~v hy trial and error. Genetic Algorithms (GAs) are an excellent and effective search technique suitaj 
for this task. This paper describes an investigation into the use of GAs to automate the choice of parameters in bot} 
Standard Back Propagation (SBP) and a Fuzzy Back Propagation (FBP) network for d!fferent applications. 1 
performance and classification accuracy of the genetic SBP, non-genetic SBP, genetic FBP and the non-genetic FBP ~ 
then be compared and discussed. 

1. Introduction 

Artificial neural networks have been very successful in 
solving many classification and pattern recognition 
problems. However, there is always the question of what 
momentum, learning rate, epoch or sigmoid parameter to 
use to get ~he best. trained network that could generalise 
appropriately. Most of the time, this is done by trial and 
error and using prior experience. McCullagh et al [ 11] tried 
to solve this problem by using one genetic algorithm (GA) 
to determine the optimal control parameters (learning rate, 
momentum, epoch and sigmoid parameter) for a Standard 
Back Propagation (SBP) network and a second GA to 
optimise the frequencies of the training data. They found 
that the optimal learning rate and sigmoid parameter were 
higher than normal heuristic values and that the 
momentum and epoch optimised to lower values. 

Belew et al [I] used GAs in the optimisation of two 
parameters, namely the learning rate and momentum which 
were found to converge to larger than conventional values. 
Harp et al [6] used GAs to determine the topology as well 
as the learning rate and exponential decay (of the learning 
rate) for a SBP neural network. It was found that high 
learning rates were optimal and that the network learned 
much faster with these genetically derived parameters. 

One of the main problems of using the SBP neural network 
as a classifier is that of generalisation. If a large 
representative set of training samples is available, all parts 
of the decision space arc well represented and the trained 
network is capable of classifying all test samples. 

However, if only a small training sample set is availal 
the network will be trained only by this limited sample 
which may not represent all aspects of the decision spae{ 
the problem. As such, the network will not accurat 
classify data which has not been represented in the train 
set. This is called poor generalisation of the network. 

One way to overcome poor generalisation is to add nois( 
the training data to prevent over specification. Anot 
method was investigated by Hunt et al [8] who used fu 
memberships as an adjunct to SBP to overcome 1 

problem. It was found that the performance of the Fu 
Back Propagation (FBP) network was better especially 
problems where there was much overlapping of classes ; 
where the training data sets were quite small. 

This paper is an extension of the work done by McCull 
et al [ 11] and describes an investigation into 
improvements in performance (if any) of both the SBP , 
FBP network by optimisation of their control parameters 

2. Fuzzy Back Propagation Neu1 
Network 

In crisp sets, an clement either belongs or does not bel 
to a set. In fuzzy sets, it is possible for an element to bel 
partially or wholly to more than one set. A memben 
value of 0 means that the clement is not a member of the 
and a value of I means that the clement belongs entire!: 

1 This article represents an extension of the work presented in the ANNES'95 Proceedings. 
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he set. A membership value of0.3 means that the clement 
1elongs partly (0.3) in this set and partly in another [7). 

lunt et al (8] developed the fuzzy back propagation (FBP) 
lgorithm by incorporating the membership values (Jl(k)) 
lto the SBP. Jl(k) is multiplied into the total training error 
xpression before the errors arc propagated backwards to 
1itiate a change in weights. The rationale behind this is 
1at the training error should be weighted more if the kth 
attern has a high membership value in the rth class and 
tcighted less if it has a low membership value. 

lunt [7] suggested that the membership function could be 
aried according to the classification problem at hand by 
1c introduction of a fuzzy/concentration parameter m. This 
1zzy parameter determines the shape of the membership 
mction. The membership values arc calculated as follows: 

here Ui =membership function of the ith output class 

Xk = kth input pattern 

Xi = centroid of ith output class 

a . d d d . . f ·th I 1 = stan ar ev1at1on o I output c ass 
1d 0 <= m = fuzzy parameter<= infinity. 

rictly, to calculate the membership, the feature samples in 
c training data are divided into classes. The ccntroid and 
c covariance of each class is calculated, following which 
e membership vector of each feature sample is worked 
lt. 

If( 11 Xk -Xill) = 0, 
Ui(Xk) = 1 for any value of m. 

If ( 11 Xk -Xill ) > 0, and m= 0, 
Ui(Xk) = 0.5 

1is assumes that the feature sample is 0.5 in the ith class 
gardlcss of the centroid and standard deviation. 

If ( 11 Xk -Xill ) > ai , and m= infinity , 
·ui(Xk) = 0 

tis represents the crisp set where the membership value in 
; ith class is 0 or 1 only. 

general, as the value of m increases towards infinity, the 
!mbership function behaves more and more like the 
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dctinition of a crisp set. The fuzzy parameter used by Hunt 
et al [8] was 2 but this value may not be optimal for all 
applications. Thus, this fuzzy parameter has been included 
in the GA optimisation procedure for the FBP. 

3. Genetic Algorithms 

Genetic Algorithms (GAs) are search algorithms based on 
the mechanics of natural selection and genetics. They were 
originally developed by John Holland at the University of 
Michigan in the early 1970's [9]. The aim for their 
development is to produce algorithms which can solve 
difficult search problems just as nature has done through 
evolution and 'survival of the fittest'. Individuals in a 
population arc represented by a string of O's and l's. These 
individuals compete against one another to survive in the 
next generation. This is done by evaluating a fitness value 
for each individual. This fitness value determines the 
selection of the next generation. 

Other genetic mechanisms like crossover and mutation also 
operate on the new population. Crossover is the process 
whereby a pair of individuals exchange parts of their genes 
to form new structures. Mutation is a mechanism whereby a 
value of one or more of the O's and l's that make up an 
individual is changed to fonn a new structure. Mutation is 
only introduced at a very small rate but it is necessary in 
order to ensure that the search space is more thoroughly 
explored for a potentially better solution [ 4]. 

4. Experimental Design 

Experiments were carried out to investigate the effect of 
using GAs and fuzzy class membership functions on the 
performance of the SBP. From the results, a four-way 
comparison of the performance between a SBP, a FBP, a 
genetic SBP (GSBP) and a genetic FBP (GFBP) on four 
different data sets was then conducted. 

Data Sets 

The data sets used varied in size and range. The training 
and test data were derived by randomly reordering the data 
and using half of the data for training and the rest for 
testing. 

The data sets used in the experiments were: 

a) Bottle Data Set. 

This data set (as described in McCullagh et al [11]) 
classifies bottles into 2 classes - flawless and therefore can 
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be reused or flawed and therefore should be recycled. It 
consists of 32 inputs and I output. The inputs are real-
valued readings from 2 sets of 16 sensors shining on the 
bottles. 

b) Breast Cancer Data. 

This data set is obtained from the Machine Learning 
Database (MLD'93) [ 12]. lt consists of 9 inputs and I 
output which determines whether the tissue is malignant or 
benign . The 9 inputs refer to characteristics of the cells. for 
instance, uniformity of cell size. All inputs arc integer 
values ranging from I to I 0. 

c) Hepatitis Data. 

The hepatitis data set, also obtained from [ 12], consists of 
19 inputs and I output which classifies the pattern as 'live' 
or 'die'. The inputs represent characteristics of the patient, 
for example, age, sex and 16 others. Thirteen of the 16 
inputs arc binary while the others arc either real or integer 
valued. The output signifies whether the patient is still alive 
or dead. 

d) Bupa Liver Disorders Data. 

This data set consists of 5 inputs and I output which 
classifies the pattcm as liable or not liable to liver 
disorders. The 5 inputs arc all blood tests results which arc 
given as integers in the data set. 

Architecture of the neural network 

A network with 1 hidden layer was used. The number of 
nodes in the hidden layer was set for each data set. There is 
only 1 output node in all data sets with a value of 0.1 
representing one class and 0.9 representing the other. The 
architecture for the bottle data was chosen from previous 
experiments done in McCullagh et al [ 11]. All other 
architectures were selected to be as similar as possible. It is 
to be noted that to some degree the architecture used is 
irrelevant since a relative performance is sought rather than 
an absolute one. 

Bottle data, architecture = 32-4-1 
Breast Cancer data, architecture = 9-4-1 
Hepatitis data, architecture = 19-4-l 
Bupa Liver Disorders data, architecture = 5-2-1 

Training Regime 

The networks (SBP, FBP, GSBP, GFBP) were trained for 
5000 iterations, then tested on the train and test data. lt was 

found that 5000 iterations have been fairly successful in 
training the bottle data. Again, since only the relative 
pcrfonnancc was important, this training regime was used 
for all data sets. 

Design and Parameters 

Genetic Algorithm. 

A GA was used to prcdetennine the control parameters oJ 
the SBP and FBP neural network. The genetic algorithm 
used is GENESIS version 5.0 (Grenfcnstcttc et al [5]). 

Representation of Genes. 

The SBP structure contains a string of length 33 which 
represents the sigmoid parameter, learning rate, momentum 
and epoch respectively . 

The FBP structure contains a string of length 42 whid 
represents the fuzzy parameter, sigmoid parameter 
learning rate, momentum and epoch respectively . 

Ranges. 

0 <=fuzzy parameter<= 5.11 (Only for the FBP) 
0<= learning rate<= 5.11 
0 <=momentum<= 0.99 
0 <= epoch <= 256 (This range varies according to the siz( 
of the training data used) 
0 <= sigmoid parameter <= 5.1 I 

These ranges have been chosen to reflect normal heuristi< 
values. 

Control Parameters (derived by trial and error) 

The non-genetic parameters used in the SBP and FBP fo 
the bottle problem have been derived by trial and error i1 
an earlier investigation and have proved to produce fairl~ 
good results. For consistency of comparison, thes• 
parameters have been used in all applications. They an 
listed in the table below. 

Parameters SBP FBP 
Fuzzy Parameter - 1 

Learning rate 0.6 0.6 
Momentum 0.8 0.8 
Epoch 15 15 

Sigmoid Parameter I I 

Table J. Control Parameters for the SBP & FBP used in all 
applications. 

Winter 1996 Australian Journal of Intelligent Information Processing Systems 



A Parameters. 

tness: 
lpulation Size: 

RMS Error of test & train data 
50 

) . of Generations 20 
utation Rate: 0.01 
·o:sovcr Rate: 0.6 
~ncration Gap: 1.0 

1 elitist stratcg;y was used in the GA to ensure that the 
st performing individual survived intact to the next 
·nc ration without disappearing due to crossover or 
utation. Ranking was used to prevent premature 
n ergence of the population. 

rrly experimentation showed that seeding initial values in 
e first population allowed for a less diverse and more 
stri cted search. As a result, these experiments were 
nductcd without initialisation of the first population. 

. Results 

1e % accuracy as referred to in the following results is 
!culated as follows: 

meet Classification: 
An output of< 0.5 for the 0.1 class, 
An output of> 0.5 for the 0.9 class. 

correct Classification: 
An output of> 0.5 for the 0.1 class, 

An output of< 0.5 for the 0.9 class. 

ottle Data Set 

BP 

Parameters SBP GSBP 
Learning rate 0.6 ' 0.77 
Momentum 0.8 0.89 
Epoch 15 118 
Si gmoid Parameter I 0.37 

'able 11. Control Parameters for the SBP & GSBP to solve 
the bottle problem. 

·om Table 11, it is noted that the parameters derived by the 
A converge to a higher learning rate, momentum and 
10ch but a lower sigmoid parameter. 
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% Accuracy of the genetic & non-genetic SBP 
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>, 
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lliiGenetic • Non-genetic 

Figure 1. % Accuracy of the genetic and non-genetic SBP 
using the bottle data after 5000 iterations. 

Figure l shows a significant improvement in the overall% 
accuracy of the GSBP as compared to the non-genetic SBP 
after 5000 iterations. 

FBP 

FBP GFBP 
I 3.07 
0.6 0.24 
0.8 0.85 
15 190 

rameter I 0.67 

Table Ill. Control Parameters for the FBP & GFBP to 
solve the bottle problem. 

The GA-derived parameters converge to a higher 
momentum, epoch and fuzzy parameter. The learning rate, 
however, is lower than expected. After 5000 iterations, it is 
observed in Figure 2 that the overall % accuracy of the 
GFBP has improved over the non-genetic FBP. 

'l\. Accuracy of the genetic & non-genetic FBP 

100 
>, 

'19 u 
~ 
a 98 u 
< 97 ~o<: 
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llil Genetic • Non-genetic 

Figure 2. % Accuracy of the genetic and non-genetic FBP 
using the bottle data after 5000 iterations. 
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Note that the improvements in both Figures I & 2 arc 
mainly test set improvements. That is, using genetically 
derived parameters have improved the generalisation of the 
network appreciably. 

'J', Accmacy of the genetic & non-genetic SBI' & FBI' 

lOO I -
>, 99.5 
V 

~ 99 8 
V 98.5 ..: 
t': 98 

97.5 -. 
SBP FBP 

Figure 3: The% accuracy of the genetic and non-genetic 
SBP & FBP using the bottle 
data after 5000 iterations. 

From Figure 3, a significant improvement can be seen 
between the genetic and non-genetic networks. The genetic 
SBP and FBP have a significantly higher accuracy than the 
non-genetic SBP and FBP. There is also a significant 
improvement in performance in the FBP compared to the 
SBP. This implies that the fuzzy membership functions 
have helped to better classify the patterns that lie in the 
overlapping region of the two classes of this data set. 

Breast Cancer Data Set 

In this and the subsequent data sets, for the sake of brevity, 
only the general summary of the performance of the genetic 
and non-genetic SBP & FBP will be presented. 

SBP 

Parameters SBP GSBP 
Learning rate 0.6 1.59 
Momentum 0.8 0.62 
Epoch 15 83 
Sigmoid Parameter I 0.42 

Table IV. Control Parameters for the SBP & GSBP to solve 
the breast cancer problem. 

It is to be noted that, in the breast cancer problem, the 
learning rate and epoch converge to higher values while the 
momentum and sigmoid parameter is lower than expected. 

FBP 

Parameters FBP GFBP 
Fuzzy parameter I 1.42 
Learnin !-( rate 0.6 0.89 
Momentum 0.8 0.27 
Epoch 15 65 
Sigmoid parameter I 1.11 

Table V. Control Parameters for the FBP & GFBP to solve 
the breast cancer problem. 

It is interesting to note that in the GFBP, the GA-derive 
parameters converge to a higher learning rate and epoc 
and a lower momentum (similar to the GSBP). Howeve: 
the sigmoid parameter in this case is higher (not lowe1 
than expected. Also, the fuzzy parameter converges to 
higher value than l . 

%Accuracy of the genetic & non-genetic SBP & FBP 

97.8 
>, 97.7 
u 97.6 
~ 97.5 u ..: 97.4 
If 97.3 

97.2 
SBP FBP 

IIGenetic •Non-Genetic 

Figure 4: The% accuracy of the genetic and non-genetic 
SBP & FBP using the breast cancer. 

data after 5000 iterations. 

From Figure 4, it can be seen that there is an improveme: 
ofthe accuracy of both the genetic SBP and genetic FBP: 
compared to the non-genetic networks. However, 
comparison is done across the SBP and FBP networks, it 
clearly seen that for the non-genetic case, there is r 
improvement between using a SBP or FBP. This 
interesting, because it was seen that the FBP gave mo 
accurate results for the bottle problem than the SBP. In tl 
genetic case, there is a very slight improvement in accurac 
for the FBP compared to the SBP. 
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fh is lack of improvement of the FBP in the breast cancer 
jata points to the fact that the classes in this data set must 
1ave very well defined boundaries with little overlapping of 
:lasses as opposed to the bottle problem which has more 
>vcrlapping of classes . . 

\nothcr interesting comparison to make is to compare the 
e ults that have been obtained by Wolbcrg [13] and Zhang 
14] , when they used 369 instances of this data set for 
lassification experiments. Wolberg reported a best 
lassification accuracy of 95.9% using the multisurfacc 
11cthod of pattern separation. Zhang used instance-based 
;a rning to classify the data set and reported a best accuracy 
~suit of 93. 7%. In comparison, the results obtained by the 
.BP and FBP, whether genetic or not, have far exceeded 
1csc results with 97.8 %for the genetic FBP, 97.% for the 
enetic SBP and 97.4% for the non-genetic SBP and FBP. 

tepatitis Data Set 

Parameters SBP GSBP 
Learning rate 0.6 2.27 
Momentum 0.8 0.38 
E110ch 15 64 

Sigmoid Parameter I 0.39 

able VI. Control Parameters for the SBP & GSBP to solve 
the hepatitis problem. 

)r the hepatitis problem, the GA-derived learning rate and 
toch converge to higher values while that of the 
omentum and sigmoid parameter to lower values. 

BP 

Parameters FBP I GFBP 
Fuzzy parameter I 0.27 
Learning rate 0.6 4.67 
Momentum 0.8 0.32 
Epoch 15 26 
Sigmoid parameter I 0.36 

Table VII. Control Parameters for the FBP & GFBP to 
solve the hepatitis problem. 
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Interestingly enough, the parameters derived in the GFBP 
converge in a similar pattern to the GSBP. The fuzzy 
parameter derived is lower than expected. 

% Accuracy of the genetic & non-genetic SBP & FBP 

93 

92 
>, 
u 
:: 91 
El 
u 90 ...: 
'!!' 

89 

!l8 

SBP FBP 

Figure 5: The % accuracy of the genetic and non-genetic 
SBP & FBP using the hepatitis 

data after 5000 iterations. 

From Figure 5, it can be seen that there is a significant 
improvement of the accuracy of both the genetic SBP and 
genetic FBP as compared to the non-genetic networks. If 
comparison is done across the SBP and FBP networks, 
there is also a significant improvement in performance of 
the genetic and non-genetic FBP over the genetic and non-
genetic SBP. This improvement in the FBP implies that the 
hepatitis data set must have some overlap of classes as in 
the bottle data set. 

Next, these results are compared to those obtained by past 
users of this data set. Diaconis et al [3] reported a 
classification accuracy of 80% when the data is classified 
using computer-intensive methods in Statistics. 

Cestnik et a! [2] used Assistant-86 to classify this hepatitis 
data and reported an accuracy of 83%. In comparison, the 
results obtained by the SBP and FBP, whether genetic or 
not, have far exceeded these results with 92.8 % for the 
genetic FBP, 91.9% for the genetic SBP, 91.6% for the 
non-genetic FBP and 91.3% for the non-genetic SBP. 
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Bupa Liver Disorders Data Set 

SBP 

Parameters SBP GSBP 
Learning rate 0.6 0.99 
Momentum 0.8 0.80 
Enoch 15 90 
Sigmoid Parameter I 0.25 

Table VIII. Control Parameters for the SBP & GSBP to 
solve the bupa problem. 

In this case, the momentum has not been changed. The 
learning rate and epoch converge to higher values and the 
sigmoid parameter to a lower value. 

FBP 

Parameters FBP GFBP 
Fuzzy parameter I 1.24 
Learning rate 0.6 0.61 
Momentum 0.8 0.89 
Epoch 15 104 
Sigmoid parameter 1 0.36 

Table IX. Control Parameters for the FBP & GFBP to solve 
the bupa problem. 

Similarly, all parameters in the GFBP converge to higher 
values except for the sigmoid parameter. 

')',, Accuracy of the genetic & non-genetic SBP & FBP 

Bl 

>. 80.5 
u 
~ 80 ::1 u u 79.5 ..: 
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78.5 
SBP FBP 

11 Genetic • Non-Genetic 

Figure 6: The % accuracy of the genetic and non-genetic 
SBP & FBP using the bupa data after 5000 iterations. 

From Figure 6, it can be seen that there is some 
improvement of the accuracy of both the genetic SBP and 
genetic FBP as compared to the non-genetic networks. If 
comparison is done across the SBP and FBP networks, it is 
noted that the FBP both genetic and non-genetic does not 
give a better classification accuracy than the SBP in both 
cases. The accuracy is in fact a little bit lower (0.1 %) on the 
genetic FBP. 

Overall Comparison 

Data SBP GSBP FBP GFBP 
Bottle 0.086 0.058 0.081 0.056 
B.Cancer 0.114 0.111 0.114 0.111 
Hepatitis 0.250 0.307 0.223 0.212 
Bupa 0.321 0.307 0.321 0.308 

Table X. TheRMS error of the SBP, GSBP, FBP & GFBP 
for all data sets after 5000 iterations. 

Data SBP GSBP FBP GFBP 
Bottle 98.4% 99.3% 98.9% 99.6% 
B.Cancer 97.4% 97.7% 97.4% 97.8% 
Hepatitis 89.9% 91.95 91.6% 92.8% 
Buna 79.6% 80.9% 79.5% 80.8% 

Table XI. The% Accuracy of the SBP, GSBP, FBP & 
GFBP for all data sets after 5000 iterations. 

A comparison between the genetic and non-genetic SBF 
and FBP on all data sets is presented in Tables X & XI. A 
significant improvement can be seen between the geneti< 
and non-genetic networks especially for the bottle data 
Although the improvement for some data sets is greateJ 
than others, in all cases there is an improved accuracy a~ 
well as a lower RMS error. Except for the bupa data se 
where there is a drop of 0.1% (due very likely to th( 
uncertainty ofthe definition ofthe 2 classes of the data), al 
the other data sets showed a good improvement in th( 
performance of the FBP compared to the SBP and th< 
GFBP compared to the GSBP. This implies that the fuzZ) 
membership functions have helped to better classify th< 
patterns that lie in the overlapping region of the two classe: 
of these data sets. 

Winter 1996 Australian Journal of lntelligent Information Processing Systems 



Parameters GSBP GFBP 
Fuzzy parameter ------ 3.1 1.4 0.3 1.2 
Learning rate 1.3 2.7 3.8 1.7 0.4 1.5 7.8 1.0 
Momentum 1.1 0.8 0.5 1.0 1.1 0.3 0.4 1.1 
Epoch 7.9 5.5 4.3 6.0 12.7 4 .3 1.7 6.9 
Sigmoid par. 0.4 0.4 0.4 0.3 0.7 1.1 0.4 0.4 

fa ble XII. The derived control parameters as a fraction of 
the starting values (values> 1.0 thus indicate increase and 

< 1.0 indicates decrease) for each of the data sets in the 
fo llowing order: Bottle, Breast Cancer, Hepatitis & Bupa. 

'h relative movement of the parameters on each data set is 
ummarised in Table XII. It is observed that the optimal 
!a rn ing rates for all data sets, except for the bottle data in 
1c GFBP, are higher than conventional values. The 
tomentum values fluctuate depending on the data set, 
nplying that the optimisation is data dependent. The 
erived epochs are all higher than the starting value of 15. 
he sigmoid parameters generally converge to values lower 
tan I while the fuzzy parameters to values higher than 1. 
hcse general trends could be useful as a guide to setting 
Jntrol parameters for other networks. 

1. Conclusion 

he results show that the performance of the genetic 
;twork of all data sets has improved over the non-genetic 
;twork although some improvements arc greater than 
hers. This improvement in perfonnance confinns the 
:ncral belief that the optimal control parameters of a 
;ural network arc data set dependent. For example, the 
~timal learning rate ranges from as high as 4.67 (GFBP, 
cpatitis problem) to as low as 0.24 (GFBP, Bottle 
·oblcm). This implies that there is definite potential in the 
~e of GAs in tuning the parameters of a network. 

is also interesting to note that the optimal sigmoid 
irameter converges to values less than the default of I 
•ed in most applications. The derived fuzzy parameter 
t!ues range from 0.27 to 3.07 as compared to the value of 
used by Hunt et al [4], implying that the fuzzy parameter 
significantly data dependent. 

1e use of the fuzzy membership function in the SBP has 
:en found to improve the performance of all of the data 
ts except for the bupa set where the performance is almost 
e same. This is important as this means that the FBP & 
FBP can produce at the very minimum the same results as 
e SBP& GSBP. 
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Another point worth mentioning is that initial starting 
weights in the network can result in a very different set of 
parameters being evolved by the GA even though 
everything else remains the same. A good set of initial 
weights allows the GA a good starting point for the search. 
It would be interesting to investigate the improvement in 
perfonnance if these initial weights are tuned in 
conjunction with the parameters for each data set. Ichimura 
et a! [I 0] experimented with a similar idea when they used 
GAs to optimisc both the architecture and the set of initial 
weights using Adaptive Structured GAs. They reported that 
an optimal structure was derived after only 409 iterations 
for the XOR problem. 
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