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ABSTRACT 

 

 

 

 

Despite of Back-propagation (BP) algorithm existence for almost four 

decades, it is still widely used in many fields to solve range of real world problems.  

However, it suffers from slow convergence and tends to trap in local minima.  So, an 

improved two-term error function is proposed to overcome the existing problems.  

This new algorithm is proven to be a better algorithm.  The main purpose of this 

study is to evaluate the efficiency of improved two-term error function by applying 

three different values of β  parameter in the activation function. The improved two-

term error with different error signal (δ ) will replace the conventional error signal in 

standard BP.  These both algorithms will be tested on three universal datasets; Iris, 

Balloon and Cancer by comparing the accuracy and the convergence speed.  The 

ultimate outcome of the study would be handful information to get a better 

justification on these both Back-propagation algorithms usages in real application. 
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ABSTRAK 

 

 

 

 

Walaupun algoritma rambatan-balik (BP) sudah wujud hampir empat dekad, 

namun ianya masih lagi digunakan untuk menyelesaikan pelbagai masalah industri. 

Namun begitu, kelemahan utama algoritma ini adalah kadar penumpuan yang lambat 

dan mudah terperangkap di dalam minima setempat.  Maka, satu kaedah iaitu 

pembaikan fungsi rambatan-balik dua terma dengan pembaikan ralat fungsi yang 

baru telah disyorkan untuk mengatasi masalah ini.  Kaedah ini sememangnya dapat 

mengatasi kelemahan algoritma yang asal.  Tujuan utama kajian ini adalah untuk 

menguji kadar penumpuan yang boleh dicapai oleh fungsi rambatan-balik dua terma 

dengan menggunakan tiga nilai β  yang berbeza terhadap fungsi keaktifan.  Kaedah 

pembaikan ini akan menggunakan penanda ralat yang berbeza (δ ) daripada kaedah 

yang biasa yang biasa digunakan dalam BP.  Kedua-dua algoritma ini akan diuji 

dengan menggunakan tiga jenis data universal iaitu Iris, Balloon dan Cancer bagi 

melihat kadar penumpuan terhadap ralat yang dicapai.  Diharapkan hasil akhir projek 

ini dapat membantu dalam membuat justifikasi yang lebih tepat dalam penggunaan 

kedua-dua algoritma di dalam aplikasi sebenar. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 vii

TABLE OF CONTENTS 

 

 

 

 

CHAPTER TITLE PAGE 

   

 TITLE PAGE i 

 DECLARATION ii 

 DEDICATION iii 

 ACKNOWLEDGEMENT iv 

 ABSTRACT v 

 ABSTRAK vi 

 TABLE OF CONTENTS vii 

 LIST OF TABLES x 

 LIST OF FIGURES  xii 

 LIST OF SYMBOLS xiii 

 LIST OF ABBREVIATIONS xiv 

   

   

1 INTRODUCTION  

 1.1  Introduction 1 

 1.2  Problem Statement 4 

 1.3  Project Aim 4 

 1.4  Objectives 5 

 1.5  Project Scope 5 

 1.6  Significance of the Project 6 

 1.7  Organization of the Report 6 

   

   



 viii

2 LITERATURE REVIEW  

 2.1  Introduction 7 

 2.2  Neural Network 7 

        2.2.1    The Neural Network History 8 

        2.2.2    The Neural Network Capabilities 9 

        2.2.3    The Neuron 11 

 2.2.4    The Diagram of Neuron 12 

 2.2.5    The Neural Network Learning 12 

 2.2.6    The Activation Function 14 

 2.2.7    The Architecture 15 

 2.3  Multilayer FeedForward Network 16 

 2.4  Backpropagation Algorithms 17 

        2.4.1    Mathematical Structure of Standard BP 17 

 2.5  Error Function 20 

        2.5.1    Mean Squared Error Function 21 

        2.5.2    Two-term Improved Error Function 25 

 2.6  The Logistic (Sigmoid) Activation Function 28 

 2.7  Related Research Work on ANN 29 

 2.8  Summary 30 

   

   

3 METHODOLOGY  

 3.1 Introduction 31 

 3.2 BP Training 31 

 3.3 The Dataset 34 

 3.4 Implementation of Neural Network 35 

          3.4.1  Define BPNN Architecture and Parameters 36 

          3.4.2  Formulation of Weight Adjustment 37 

          3.4.3  Define the Learning Rate and Momentum Term 38 

          3.4.4  Define the Maximum Error 38 

 3.5 Workflow 39 

 3.6 Experiment and Analysis 39 

 3.7 Summary 41 



 ix

4 EXPERIMENTAL RESULTS AND ANALYSIS  

 4.1 Introduction 42 

 4.2 Algorithm Implementation  43 

 4.3 Experimental Results 43 

 4.4 Result of Iris Dataset 44 

 4.5 Result of Balloon Dataset 48 

 4.6 Result of Cancer Dataset 53 

 4.7 Discussion 59 

 4.8 Summary 61 

   

   

5 CONCLUSION  

 5.1 Introduction 62 

 5.2 Summary of Works 63 

 5.3 Conclusion 64 

 5.4 Recommendation for Future Study 65 

   

   

 REFERENCES 66 

   



 x

LIST OF TABLES 

 

 

 

 

TABLE NUM. TITLE PAGE 

   

2.1 Summary of early ANN research 8 

2.2 Common Activation Function 14 

2.3 Summary of Related Research Work on ANN 29 

3.1 The BP Training Steps  32 

3.2 Weight Updating Strategies 33 

3.3 Batch Training Algorithm 33 

3.4 Summary of Attribute Values for Balloon Dataset 35 

3.5 The Network Architecture of Iris, Balloon and Cancer Dataset 37 

3.6 Implementation Description 39 

3.7 The Parameter of Algorithm Experiment 40 

4.1 (a) Result of Standard BP for Iris Dataset 44 

4.1 (b) Result of IeBP ( 2=β ) for Iris Dataset 44 

4.1 (c) Result of IeBP ( 3=β ) for Iris Dataset 45 

4.1 (d) Result of IeBP ( 4=β ) for Iris Dataset 45 

4.2 (a) Result of Standard BP for Balloon Dataset 49 

4.2 (b) Result of IeBP ( 2=β ) for Balloon Dataset 49 

4.2 (c) Result of IeBP ( 3=β ) for Balloon Dataset 49 

4.2 (d) Result of IeBP ( 4=β ) for Balloon Dataset 50 

4.3 (a) Result of Standard BP for Cancer Dataset 54 

4.3 (b) Result of IeBP ( 2=β ) for Cancer Dataset 54 

4.3 (c) Result of IeBP ( 3=β ) for Cancer Dataset 54 



 xi

4.3 (d) Result of IeBP ( 4=β ) for Cancer Dataset 55 

4.4 Summary of Classification 59 

4.5 Summary of Results 60 

   

   

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 xii

LIST OF FIGURES 

 

 

 

 

FIGURE NUM. TITLE PAGE 

2.1 The Diagram of Neuron 12 

2.2 Classification of NN Learning 13 

2.3 Single Layer Perceptron 15 

2.4 Multi Layer Perceptron 16 

2.5 Architecture graph of a multilayer feedforward network 17 

3.1 The Standard BP Flowchart 32 

3.2 Implementation Process 39 

3.3 An Overview of the Experiment Process 36 

4.1 
Convergence of Iris Dataset for Standard BP and IeBP  

(β =2,3,4)  
46 

4.2 Classification Accuracy of Iris Dataset 47 

4.3 Convergence Characteristic of V5 Trial 47 

4.4 Correct Classification of V5 Trial 48 

4.5 
Convergence of Balloon Dataset for Standard BP and IeBP 

)4,3,2( =β  
51 

4.6 Classification Accuracy of Balloon Dataset 51 

4.7 Convergence Characteristic of V5 Trial 52 

4.8 Correct Classification of V5 Trial 53 

4.9 
Convergence of Cancer Dataset for Standard BP and IeBP 

)4,3,2( =β  
56 

4.10 Classification Accuracy of Cancer Dataset 56 

4.11 Convergence Characteristic of V2 Trial 57 

4.12 Correct Classification of V2 Trial 58 

4.13 Correct Classification for Iris, Balloon and Cancer Dataset 59 



 xiii

LIST OF SYMBOLS 

 

 

 

 

ijW  - Weight connected between node i and j 

θ i  - Bias of node i 

ia  - Output of node i 

jO  - Output of node j 

)(tWij  - Weight from node i to node j at time t, 

ijWΔ  - Weight adjustment 

η  - Learning rate 

jδ  - Local gradient at node j 

jT  - Target output value at node j 

α  - Momentum term 

ka  - Activation of unit k 

e1 - Mean square error at first iteration 

e2 - Mean square error at itstop 

kE  - Error at output unit k 

m - Number of input nodes 

n - Number of output nodes 

kjo  - Network value from output node (i) to hidden node (j) 

kjt  - Target value from output node (i) to hidden node (j) 

 

 

 

 

 



 xiv

LIST OF ABBREVIATIONS 

 

 

 

 

ANN - Artificial neural network 

BP - Backpropagation 

BPNN - Backpropagation neural network 

IeBP - Improved two-term Backpropagation 

MFNN - Multilayer feedforward network 

MLP - Multilayer feedforward perceptron 

MSE - Mean square error 

NN - Neural Network 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

CHAPTER 1 

 

 

 

 

INTRODUCTION 

 

 

 

 

1.1 Introduction 

 

 

An Artificial Neural Network or also known as ANN is a network of many 

very simple processors ("units"), each possibly having a (small amount of) local 

memory.  The units are connected by unidirectional communication channels 

("connections"), which carry numeric (“weights”) data.  The units operate only on 

their local data and on the inputs they receive via the connections. 

 

 

A lot of researches have been carried out regarding the theory and the 

application of ANN.  ANN has been a dominant tool for solving various problems 

such as pattern classification and recognition [1], medical imaging [2], speech 

recognition [3][4] and control [5].  ANN can be characterized by its architectures, 

learning algorithms and the activation function as well [6]. ANN learns by examples 

through learning algorithms, which adjusts the connection weights iteratively until 

the desired result, typically expressed by minimization of an error function, is 

achieved [7].  This design motivation is what distinguishes neural networks from 

other mathematical techniques.  The most commonly used learning algorithms for 

training ANN is the back-propagation algorithm (BP) [8].  
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The Multilayer Perceptron (MLP) with BP learning algorithm is found to be 

effective for solving a number of real world problems. However, it suffers from slow 

convergence process or long training time and tends to stuck in local minima.  Many 

researchers [9][10][11][12][13][14][15][16] have been proposed methods for 

accelerating the learning of BP.  These studies shows that the BP learning ability is 

affected by many factors like learning structure, initial weight, error function, 

learning parameters and also the activation function.  Besides, these methods try to 

modify the learning model and overcome the tendency to sink into local minima by 

adding a random factor to the model.  However, the random perturbations of the 

search direction and various kinds of stochastic adjustments to the current set of 

weights are not effective at enabling a network to escape from local minima within a 

reasonable number of iterations [17]. 

 

 

Many researches have been trying to overcome and improve the efficiency 

and convergence rate.  In [6][18], this can be done by the selection of better cost 

function, dynamics variation of learning rate and momentum and also the selection of 

better activation function of the neurons.  Another study by [11] have summarized 

these approaches into seven cases: the weight updating procedure, the choice of 

optimization criterion, the use of adaptive parameters, estimation of optimal initial 

conditions, reduces the size of problem, estimation of optimal ANN structure and the 

application of more advanced algorithms. 

 

 

In order to archive a better NN learning, a more sophisticated error measure 

can be used.  A comparative study on the impact of various error functions in 

multilayer feed forward has been used for classification problem by [19].  This result 

indicates that the error function other than mean square error (MSE) gives a better 

performance of the trained network.  Another study by comparing the Bernoulli error 

measure with the popular MSE measure has been done by [20].  Significant increase 

in training speed has been obtained by using the Bernoulli error measure than the 

MSE.  A modified error function in forecasting daily maximum load demand with 

two activation functions, sigmoid and arctangent has been done by [21].  This study 

shows that the improved error with sigmoid function is much faster than compared to 
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the improved error with arctangent function.  Basically, the convergence of the NN 

depends on parameters such as learning rate, momentum term, slope of the activation 

function and many more. 

 

 

However, these NN trained with gradient descent algorithms such as 

backpropagation often converge very slowly for a variety of reasons.  Slow 

convergence might be due to very small learning rate, or due to incorrect architecture 

with too few layers of weights (or too many), or too few hidden neurons.  The β , 

slope of the activation function also affects the convergence speed.  If the slope is 

very high then certain neurons will saturate.  Saturation occurs if the output is pushed 

towards its extremes at some points before convergence is reached, so that the 

derivative is too small (at those points) to make further significant weight changes, 

causing the network to settle in an incorrect local minimum or reach a state of 

network paralysis [22].  On the other hand, if the slope is very low then the neuron 

will behave like a linear function, 2)( ≈xf .  Though the network will still learn but 

it will fail in making fine decision boundaries.  For a given high value of slope, the 

network can be protected from being paralyzed by keeping the magnitude of initial 

weight range and learning rate small. 

 

 

From all studies and researches in order to improve the BP learning, it shows 

that more advanced algorithms can be experimented and compared with the original 

standard BP in order to speed up the learning convergence.  Study by [6], proves that 

the two-term improved BP (IeBP) of [10] could give a better result in term of 

convergence rate, accuracy and able to escape from local minima.  However, the 

tuning of error signal or the slope of the sigmoid activation function has never been 

done experimented and tested.  Thus, this study aims to evaluate the performance of 

NN by determining optimum values of these slope values with 2, 3 and 4. 
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1.2      Problem Statement 

 

 

BP is the most widely used learning algorithm in solving several of real world 

problems yet it still suffers from the slow convergence rate.  As stated before, the NN 

training process is actually time consuming.  In order to minimize the execution time, 

we need to increase the computational speed.  These could be achieved by doing 

some modification to the BP algorithm.  Modified error function has been proposed 

in [10] which have proved that the execution time of the IeBP is faster than the 

standard BP. 

 

 

The IeBP, which introduced in [10], has been tested using various datasets.  

Therefore, IeBP which emphasis on modification of slope ( β ) parameter using three 

different values (2, 3 and 4) will be implemented to seek for better results.  Besides 

that, the standard BP and IeBP with three different slope values will be implemented 

and used to compare the performance of these both algorithms.  The hypothesis of 

the study can be stated as: 

 

The β  parameter has the significant effect on the implementation of 

Improved two-term BP to perform better in the classification problems. 

 

 

 

 

1.3       Project Aim 

 

 

This study aims to determine the efficiency of standard BP and IeBP with the 

some tuning done on the slope parameter, ( β ) for classification problems.  Learning 

rate and momentum term with sigmoid activation function with three layers of NN 

architecture is used for BP training.  In addition, this study also investigates in detail 

the effect of the β  parameter in the IeBP to the network performance and 
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convergence during training.  Three classification problems; the Iris, Balloon and 

Cancer are used to examine whether the various sizes of classification data affect the 

performance between modified error function measure and the mean square error 

measure.   

 

 

 

 

1.4       Objectives 

 

 

In order to accomplish the hypothesis of the study, few objectives have been 

identified as stated below: 

 

1. To develop the standard BP and IeBP )4,3,2( =β  algorithms.  

2. To find the efficiency of these four BP algorithms. 

3. To evaluate and compare the performance of the standard BP and IeBP  

)4,3,2( =β  algorithms. 

 

 

 

 

1.5       Project Scope 

 

 

The main focus of this study is on the improved two-term BP error function 

by looking into the slope parameter tuning.  The scopes of this study are as follows: 

 

1. Three sets of universal datasets (Iris, Balloon and Cancer) are used. 

2. The MSE function and the improved error function [10] are used. 

3. Sigmoid function is used as the activation function for the BP network. 

4. The value of slope parameter used in this testing are, β =2, 3 and 4. 

5. The value of learning rate and momentum term are set to 0.1, 0.5 and 0.9. 
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1.6       Significance of the Project 

 

 

The study investigates the performance of BP learning, in terms of accurary 

and convergence rate for the classifation problems.  The utilization of error function 

in IeBP is tested against the same datasets as standard BP.  The results of this study 

will contribute to effectiveness of the β , slope parameter in activation function that 

have been used for BPNN training.  

 

 

 

 

1.7       Organization of the Project 

 

 

This report consists of five chapters.  The first chapter, ‘Introduction’ briefly 

elaborates the problem being tackled, with the goals and the scope of the research.  

The second chapter “Literature Review” explains about appropriate literature and 

review on NN in classification problems, artificial neural network, BP algorithm and 

error functions.  Some of the related previous research works also discussed in this 

chapter.  Third chapter, “Methodology”, discusses about the methodology used in 

this project, which explains in detail the implementation of standard BP and IeBP.  

Next, looking into the fourth chapter, we have the “Experimental Result” which is 

the analysis and findings.  Lastly, we have the “Conclusion” that concludes the 

whole work at the same time stating its contributions and suggesting future research. 

 



  

CHAPTER 2 

 

 

 

 

LITERATURE REVIEW 

 

 

 

 

2.1 Introduction 

  
  

Neural network (NN) represents a technology that is rooted in many 

disciplines such as neurosciences, mathematics, statistics, physics, computer science 

and engineering [23].  The strong interest in NN in the scientific community is fueled 

by the many successful and promising applications such as pattern and speech 

recognition, signal processing, control problems and financial modeling.  

 

 

 

 

2.2 Artificial Neural Network 
 
 
 

Artificial Neural Network (ANN) is a collection of mathematical models that 

emulate some of the properties of biological nervous system.  It is modeled from the 

human brain and it has artificial neuron that consist of an activation function, 

connection strength and activation thresholds.  ANN consists of a set of processing 

elements (also known as neurons or nodes) which are interconnected to each other.  

Each node has an activation function, a function of the inputs it has received.  In   
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general, these nodes will send its activation as a signal to several other nodes.  This 

signal would travel through weighted connections between nodes.  Each of these 

nodes accumulates the inputs it receives, producing an output according to an 

internal activation function [14]. 

 

 

 

 

2.2.1 Neural Network History 

 

 

 Research of NN has been going on for more than 40 years.  It is all started 

with the pioneer work of McCulloch and Pitts in 1943 [23].  Ever since then, a lot of 

researches have been carried out continuously in various field of interest.   There 

were some major research accomplishments which contributed to present ANN 

algorithms.  Table 2.1 below lists some of the early contributions [23]. 

  

 

Table 2.1: Summary of early ANN research 

Author, Year Description 

McCulloch & Pitts, 1943 Presented first abstract models of neurons 

Hebb, 1949 Proposed a learning rule which allow the adjustment 

of the synaptic weights 

Rosenblatt, 1958 Developed the original concept of perceptron 

Widrow & Hoff, 1960 The Adaline (adaptive linear element) trained by the 

least-mean-square (LMS) learning rule 

Minsky & Papert, 1969 Pointed out the thereotical limitations of single layer 

NN model 

Werbos, 1974 First description of BP algorithm for training MLFF 

perceptron 

Kohonen, 1982 Presented the self-organizing feature map 

Parker, 1985 

LeCun, 1985 

Independent discoveries of the BP training algorithm 

Rumelhart, Hinton, 

Williams, 1986 

Developed the BP learning algorithm 
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2.2.2 The Neural Network Capabilities 

 

 

The use of NN offers many useful properties and capabilities [7] as below: 

 

a)  Nonlinearity 

 NN can be either linear or nonlinear.  The nonlinear feature is a special kind 

of sense that the NN is distributed throughout the network.  Nonlinearity is a highly 

important property, particularly if the underlying physical mechanism responsible for 

generation of the input signal (which is inherently nonlinear).  

 

b)  Input-Output Mapping 

 Supervised learning involves synaptic weights modification of a NN by 

applying a set of labeled training samples or task samples.  Each example consists of 

a unique input signal and a corresponding desired response.  The network is 

presented with an example picked at random from the set, and the synaptic weights 

of the network are modified to minimize the difference between the desired response 

and the actual response of the network produced by the input signal in accordance 

with an appropriate statistical criterion.  The training of the network is repeated for 

many times until the network reaches a steady state; where there are no significant 

changes in the synaptic weights.  The previously applied training examples may be 

reapplied during the training session but in different order.  Thus the network learns 

from the examples by constructing an input-output mapping for the problem at hand.  

The input-output mapping feature is very useful in the pattern classification task. 

 

c)  Adaptivity 

 NN has the ability to adapt their synaptic weights to changes in the 

surrounding environment.  A NN, which is trained to operate in a specific 

environment, can be easily retrained to deal with minor changes in the operating 

environmental conditions.  The adaptive capability of the NN makes it a useful tool 

in pattern classification, signal processing and control applications. 
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d)  Evidential Response 

 In the context of pattern classification, a NN can be designed to provide 

information not only about which particular pattern to select, but also the confidence 

in the decision made.  This latter information may be used to reject ambiguous 

patterns, should they arise, and thereby improve the classification performance of the 

network. 

 

e)  Contextual Information 

 Knowledge is represented by the very structure and activation states of a NN.  

Every neuron in the network is potentially affected by the global activity of all other 

neurons in the network.  Consequently, contextual information is dealt with naturally 

by a NN. 

 

f)  Fault Tolerance 

 A NN implemented in hardware form, has the potential to be inherently fault 

tolerant, or capable of robust computation, in the sense that its performance degrades 

gracefully under adverse operating conditions.  For example, if a neuron or its 

connecting links are damaged, recall of a stored pattern is impaired in quality.  

However, due to the distributed nature of information stored in the network, the 

damage has to be extensive before the overall response of the network is degraded 

seriously.  Thus, in principle, a NN exhibits a graceful degradation in performance 

rather than catastrophic failure.  There is some empirical evidence for robust 

computation, but usually uncontrolled. 

 

g)  Uniformity of Analysis and Design 

 Basically, NN benefits from the universality as information processors.  This 

feature manifests itself in different ways: 

• Neurons, in one form or another, represent an ingredient common to all NN. 

• This commonality makes it possible to share theories and learning algorithms 

in different applications of NN. 

• Modular networks can be built through a seamless integration of modules. 
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h)  Neurobiological Analogy 

 The design of a NN is motivated by the analogy with the brain.  

Neurobiologists look to (artificial) NN as a research tool for the interpretation of 

neurobiology phenomena.  On the other hand, engineers look to neurobiology for 

new ideas to solve problems more complexes than those based on conventional hard-

wired design techniques [24][25][26][27][28][29]. 

 

 

 

 

2.2.3 The Neuron 

 

 

Neuron is the very basic information processing unit of an ANN.  It consists 

of a set of links, weights, adding function and activation function. Initially, the set of 

links are describing the neuron inputs with weights.  

 

j

m

j
j XWu ∑

=

=
1

       (2.1) 

where, 

  jW is weight of neuron j, 

  is input of neuron j. jX

 

Then there is an adder function, which also called as linear combiner for 

computing the weighted sum of the inputs. In addition it has an activation function 

for limiting the amplitude of the neuron output.  

 

                                  )( buy += ϕ        (2.2) 

 where, 

 ϕ  is activation function, 

   u  is weighted sum, 

   is bias. b
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2.2.4 The Diagram of Neuron 

 

 

Neuron consists of a set of inputs and generates output when some activation 

function applied to it.  The figure 2.1 below shows the basic diagram of neuron.  

 

 

 

                                 1x jw

                                                                                    2x jw )(−ϕ              y

                                 3x jw

 

 

∑ 

b
bias

Summing 
Function 

Activation 
Function 

Output 

weight 

Input 

Figure 2.1: Diagram of Neuron 

 

 

 

 

2.2.5 The Neural Network Learning 

 

 

ANN consists of a set of processing elements, also known as neurons or 

nodes, which are interconnected to each other.  It can be described as a directed 

graph in which each node has internal state, called as activation function, a function 

of the inputs it has received.  Typically, a node sends its activation as a signal to 

several other nodes.  This signal travels through weighted connections between 

nodes.  Each of these nodes accumulates the input it receives, producing an output 

according to an internal activation function.   

 

 

NN has the ability to learn from its environment and improve its performance 

through learning.  NN can be classified as feedforward, while some other as 

recurrent, depending on their connectivity.  A NN is a feedforward network if an 

arbitrary input vector is propagated forward through the network and caused an 
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activation vector to be produced in the output layer.  Meanwhile, an ANN is a 

recurrent network if the output vector is propagated backward to the previous layer.   

Figure 2.2 below shows some examples of different types of NN and the type of 

learning (supervised versus unsupervised) [3][23]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Unsupervised learning 
(self-organizing) 

No teacher 

Self-organizes input data, 

Supervised learning 

External teacher 
required 

Learns to produce desired output 
results by example 

Learning Rules 

Error correction Match based 

Minimizes output 
error w.r.t network 

weights rule 

Weights adjusted 
according to degree of 

similarity 

~ Perceptron 

Discovers for itself collective 
properties of the inputs 

Learning Rules 

Correlational Competitive 

Synaptic weights 
adjusted according 
to Hebb’s learning 

l  

Output neurons 
compete until there 

is a winner 

~ PCA networks 
~ Robust PCA 

~ ART 
~ Feature map ~ Adaline (LMS algo) 

~ Feedforward network  

~ RBF networks 

~ Fuzzy ARTMAP 
~ Fuzzy LAPART 

   trained by BP 

Figure 2.2: Classification of NN Learning 
 

 

 Unsupervised learning is a process of modifying weights without specifying 

the output of any input patterns which involves search methods.  The network itself 

must then decide what features it will use to group the input data.  Supervised 

learning is a process of adjusting the weights using a learning algorithm; the output 

for each training input is presented to the network which involves error correction 

methods.  With the both inputs and outputs provided, it’s often formulated as the 

minimization of an error function between the actual output and desired output.  



 14
 

Errors are then propagated back through network, causing the network to adjust the 

connection weight iteratively in order to minimize the error. 

 

 

 

 

2.2.6 The Activation Function 

 

 

Activation function is nonlinear functions which are applied after the 

summation of the input weight.  The selection of activation function determines the 

neuron model [3].  There are a number of activation functions available to choose 

from.  For an example, there is the step, sign, sigmoid, linear and so on [23].  The 

table shows us some of the example that is commonly used: 

 

 

Table 2.2: Common Activation Function 

Linear Function xy linear =  

 

Sigmoid 

Function xe−
sigmoidy

+
=

1
1

 

 

Sign Function 
 

 

Step Function 
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 The sigmoid function has an s-shaped graph, is and differentiable and is 

bounded range.  The function is used in the multilayer neural networks ‘trained’ by 

the backpropagation algorithm.  An example of sigmoid function is the logistic 

function defined by: 

   xaf β−+
=

exp1
1)(     (2.1) 

where β is the slope parameter of the logistic function.  The slope parameter, β  is 

important when ∞→β , the logistic sigmoid approaches the threshold function.  

Meanwhile, when 0→β , the function has a large nearly linear region in the middle.  

This study will emphasize on the impact of the β  parameter on the convergence rate. 

 

 

 

 

2.2.4 The Architecture 

  

 

 Typical NN architecture can be divided into two types mainly known as 

single layer perceptron and multi layer perceptron [7].  Single layer perceptron 

consists of input and output layer which are connected by weights.  It uses Least 

Mean Square (LMS) algorithm.  The error value is formed by calculating the 

difference between the actual output and the targeted output for each layer of nodes.  

Then, the squares of those errors are minimized by updating the weights.  Figure 2.3 

below shows the single layer perceptron architecture. 

 

 

 

 

 

 

 

 

weights 

weights 
Input layer Output layer 

Figure 2.3: Single Layer Perceptron 
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 Multilayer perceptron consists of input layer, several hidden layers and an 

output layer.   The input layers are connected by weights to hidden layer(s) and also 

from hidden layer(s) to the output layer.  The error value is calculated using the 

Mean Squared Error (MSE) formula at hidden layer nodes are calculated by 

propagating errors backward through the network according to the number of hidden 

layer nodes.  Figure 2.4 below shows the multilayer perceptron architecture. 

 

 

 weights 

weights 

Hidden layer(s) Output layer 

weights 

weights 

Input layer  

 

 

 

 

 

 
Figure 2.4: Multi Layer Perceptron 

 

 

 

 

 

2.3       Multilayer FeedForward Network 

 

 

Multilayer FeedForward Network (MFNN) is one of the most popular types 

of NN.  The architecture of MFNN is variable but in general it consists of several 

layers of neurons.  This network model comprises network in which the connections 

are strictly feedforward.  It employs a layer of input nodes, one or more layer of 

hidden nodes and a layer of output nodes.  The architecture of MFNN with one 

hidden layer is shown in Figure 2.5 below. 
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Input  

Input 
layer, i 

Hidden 
layer. j  

Output 
layer, k  

Outputs 

FeedForward
 

 

  

 

 

 

 

 

 

 

 
 

Figure 2.5: Architecture graph of a multilayer feedforward network 

 

 

 

 

2.4 Backpropagation Algorithms 

 

 

BP algorithm first published by Rumelhart and McClelland in 1986. BP 

algorithm is a supervised learning method, which it is the most widely used 

algorithm for training MLP neural network [3]. Generally, training can be done by 

updating iteratively the weights, by employing the negative gradient of a MSE 

function.  The algorithm works by measuring the output error, calculating the 

gradient of the error and adjusting the network weight.  It is used to minimize the 

MSE between the actual output computed by the network and the desired output, 

for all possible input. 
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2.4.1 Mathematical Structure of Standard BP 

 

 

The structure of BP network comprises of three layers of node, which are 

input layer, hidden layer. BP learning algorithm has two phases: feedforward phase 

and backward phase. In the feedforward phase, a training set of input pattern is 

presented to the network input layer. The network propagates the input pattern from 

the layer to layer until the output pattern is generated; the output is obtained from a 

summation of the weighed input of a node and maps to the network activation 

function. This output is calculated as follows [30]: 

 

ij
i

iji

i

OWnet
netfoutput

θ+=

=

∑
)(

      (2.2) 

where, 

ijW  is the weight connected between node i and j 

iθ     is the bias of node i, 

jO    is the output of node j.  

 

The most common activation function used is sigmoid function [7].  The sigmoid 

function signal appearing at the output node i is shown below: 

 

)1(
1)(

ineti e
netf −+

=       (2.3) 

 

 

In second phase, if this output pattern different from desired output, an error 

is calculated and then propagated backward through the network from output layer 

to input layer.  The weights are modified to reduce the error as the error is 

propagated.  This is the represented as below as in [6][30]: 

 

  ijijij WtWtW Δ+=+ )()1(      (2.4) 

 where, 
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  is the weight from node i to node j at time t, )(tWij

   is the weight adjustment ijWΔ

 

The weight adjustment is computed by using the delta rule: 

 

ijij xW ηδ=Δ        (2.5) 

where, 

  η  is learning rate (0<η <1), 

  jδ is error at node j 

ix is error at node j 

 

The local gradient jδ  is calculated as below: 

 

  ))(( jjjj OTnetf −=δ      (2.6) 

where, 

 is the target output at node j, jT

  is the actual output at node j. jO

 

 

The standard BP utilizes two parameters: learning rate )(η  and momentum 

term )(α .  The learning rate is the crucial factoring in considering the size of weights 

adjustment which done in each iteration and contributes to the convergence rate [13].  

It wills convergence faster when learning rate is large.  Though, it might speedup the 

learning rate, the network will become unstable.  Large change in weight causes the 

search path will fluctuate the ideal path and convergence more slowly than a direct 

descent.  Meanwhile, the descent will progress in a very small steps which 

significantly will boost the total time to converge if the learning rate is too small 

[7][13].  
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According to [13][31], another way to improve the rate of convergence is by 

adding momentum to the weight adjustment which is done by modifying the delta 

rule of equation (2.4) as shown below: 

 

  ijijij xtWtW ηδα +−Δ=Δ )1()(     (2.7) 

 

where α  is a positive number )10( ≤≤ α  and is called as momentum term.  

Momentum term encourage the movement in the same direction on successive steps.  

It could help in smoothing out the descent path by preventing the extreme change in 

weight.  Without momentum, the network may get stuck in local minima [13].  

 

 

 

 

2.5 Error Function 

  

  

 BP algorithm is a gradient descent procedure which is used to minimize the 

error function by updating iteratively the connection weights.  However, it suffers 

from slow learning speed and tends to get trapped in local minima 

[9][10][11][12][13].  Several number of alternative error functions have been 

introduced to overcome this problem. 

 

 

 To accelerate the learning speed of BP algorithm, [9] proposed a modified 

function that reduces the probability that output nodes are near the wrong extreme 

value of sigmoid activation function as well as prevents the overspecialization during 

learning.  A new improved two-term error function has been introduced in [10] 

which resulted a better convergence outcome than the usual MSE function.  This new 

proposed improved error function is designed specially for classification problem.  

Therefore, the MSE error function and the improved two-term error function will be 

used and to get the comparison of both implementation in term of convergence rate 

and accuracy for classification problem. 
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2.5.1 Mean Squared Error Function 

  

  

 Mean Squared Error Function or also known as MSE function is the most 

commonly error function used in BP learning [9].  The error is calculated using the 

gradient descent method.  It is used to minimize the MSE between the actual output 

computed by the network and the desired output, for all possible input.   The MSE 

function is defined as [9]: 

 

∑ −=
k

kjkj otE 2)(
2
1       (2.8)  

 where, 

    is the target value from output node (k) to hidden node (j) kjt

   is the network value from output node (k) to hidden node (j) kjo

 

 

The derivation of the error function is one of the factors in weight updating 

equations.  The derivate formulation of the error function to weights is as below: 

 

The weight updating between output layer (k) and hidden layer (j) in gradient descent 

of standard BP uses the following delta rule: 

 

  
kj

kj W
EW

∂
∂

−=Δ η       (2.9) 

 

where η  is the learning rate.  By chain rule, the above equation can be rewritten as: 

 

  
kj

k

kkj W
net

net
E

W
E

∂
∂

×
∂
∂

=
∂
∂      (2.10) 

Let, 

  k
knet

E δ=
∂
∂        (2.11) 
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Since jj
k

kjk OWnet θ+= ∑ , thus by taking partial derivative of it, gives 

  

  j
kj

k O
W
net

=
∂
∂

       (2.12) 

 

Substitute (2.11) and (2.19) into (2.9), it will give 

 

  jk
kj

O
W
E

×=
∂
∂ δ       (2.13) 

 

We know that k
knet

E δ=
∂
∂ , by chain rule 

   

  
k

k

k
k net

o
o
E

∂
∂

×
∂
∂

=δ       (2.14) 

 

Since the error function is given by ∑ −=
k

kjkj otE 2)(
2
1 , the partial derivative is  

  )( kkj
k

ot
o
E

−−=
∂
∂       (2.15) 

 

We know that
knetk e

o −+
=

1
1 , the partial derivative becomes 

 

  )1( kk
k

k oo
net
o

−=
∂
∂

      (2.16) 

 

Substitute (2.14) and (2.15) into (2.13), it gives 

 

)1()( kkkkk ooot −−−=δ      (2.17)   
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Substitute (2.16) into (2.12), it gives 

 

  jk
kj

O
W
E

×=
∂
∂ δ  

jkkkk
kj

Oooot
W
E

×−−−=
∂
∂ )1()(     (2.18) 

 

The adaptation of weight between output and hidden layer is now: 

 

  
kj

kj W
EW

∂
∂

−=Δ η  

 
  )1())1()(()( −Δ+−−−−=Δ nWOoootnW kjjkkkkkj αη  
 
  )1()1()()( −Δ+−−=Δ nWOoootnW kjjkkkkkj αη  
 

with the added momentum termα , for a better convergence. 

 

 

The weight updating between hidden layer (j) and input layer (i) of the two-

term BP is similar to weight updating between output layer (k) and hidden layer (j). 

The delta rule as below: 

 

  
ji

ji W
EW

∂
∂

−=Δ η       (2.19) 

By chain rule, 
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j

jji W
net

net
E

W
E

∂

∂
×

∂
∂

=
∂
∂      (2.20) 

 

Since we know that , thus by taking partial derivative it gives ji
j

jij OWnet θ+= ∑

i
ji
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W
net

=
∂

∂
       (2.21) 
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Assume 

  j
jnet

E δ=
∂
∂        (2.22) 

 

And we know that, 

  
j

j

jj net
o

o
E

net
E

∂

∂
×

∂
∂

=
∂
∂       (2.23) 

 

Since 
jnetj e

o −+
=

1
1 , thus by taking partial derivative of error, it gives 

 

  )1( jj
j

oo
net

E
−=

∂
∂       (2.24) 

By chain rule, 

j

k

kj o
net

net
E

o
E

∂
∂

×
∂
∂

=
∂
∂       (2.25) 

 

And from the previous derivation in equation (2.9) and (2.15), 

 

  k
knet

E δ=
∂
∂        (2.26) 

and 

  kj
j

W
o

net
k =

∂

∂
       (2.27) 

 

Therefore, substitute equation (2.25) and (2.26) into (2.24), it gives 

 

  jk
j
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o
E

×=
∂
∂ δ       (2.28) 

 

Substitute (2.27) into (2.22) gives 

)1( jjkjk
j
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E
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∂
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Substitute (2.28) into (2.19): 
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net

net
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W
E

∂
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=
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Therefore, the adaptation of weight between hidden and input layers is now: 

 

  
ji

ji W
EnW

∂
∂

−=Δ η)(  

 
  )1()1()( −Δ+×−×−=Δ nWOooWnW jiijjkjkji αηδ  
 
 
where )1()( kkkkk ooot −−−=δ , with α  is the momentum rate added for a better 
convergence. 
 

 

 

 

2.5.2 Two-term Improved Error Function 

 

 

 MSE is not the best function to use for training a neural network for 

classification problems [19].  Thus, this study will focus on two-term improved error 

function for classification problem.  This new improved two-term error function 

shows a rapid change compared to MSE, therefore gives less iteration for 

convergence [10].   

 

 

The proposed IeBP is produced by modifying an error function of [32] to 

increase the convergence rate of the BP training.  This IeBP (mm) is defined 

implicitly as in [10]: 
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   ∑=
k

kmm ρ

  
)1(2 2

2

kk

k
k aa

E
−

=ρ       (2.31) 

where, 

  , kkk atE −=

   is error at output unit k kE

    is target value of output unit k kt

   is an activation of unit k ka

 

 

As we know that the updating weight of standard BP model is using the delta rule, 

thus in this case, the above relation can be rewritten as 

 

  
k

k

kk

k

w
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Netw ∂
∂
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=
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.ρρ
      (2.32) 

 

Known that , thus by taking partial derivative of it and 

substitutes it into (2.31) gives 

kj
j

kjk awNet θ+= ∑

 

  j
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Netw
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∂
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=
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      (2.33) 

 

Let’s assume that k
kNet

δρ
=

∂
∂ . By using chain rule, this gives 
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Net
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By taking partial derivatives of the activation function  and 

simplify it by substituting in terms of , gives 

)1/(1)( kNet
k eNetf −+=

ka
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k
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∂
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=     (2.35) 

 

It is known that
)1(2 2

2

k
k aa

E
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=ρ .  Thus by taking partial derivates with respect to , 

gives 
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To simplify, equation (2.34) becomes 
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By substituting (2.33) and (2.35) into (2.32) we have improved error signal of BP for 

the output layer as, 
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By substituting (2.36) into (2.31), gives 
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The adaptation of weight between output layer and hidden layer is now: 
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And an error signal for modified BP of the hidden layer is the same as standard BP, 

 

        (2.40) )(' jjkj afw∑= δδ

 

 

 

 

2.6 The Logistic Activation Function 

 

 

In many ANN applications, the activation functions play an important role as 

in the early years; they are used to fire or unfire the neuron.  However, in new neural 

network paradigms, the activation functions are more sophisticatedly used.  

Nowadays, many activation functions have been used to produce a continuous value 

rather than discrete.  One of the most popular activation functions used is the logistic 

activation function or more popularly referred to as the sigmoid function.  This 

function is semi linear in characteristic, differentiable and produces a value between 

0 and 1.  The mathematical expression of this sigmoid function is: 

 

xaf β−+
=

exp1
1)(     (2.41) 

 

where β  controls the slope parameter of the sigmoid.  When β  is large, the sigmoid 

becomes like a threshold function and whenβ  is small, the sigmoid becomes more 

like a straight line (linear).  Whenβ  large, learning is much faster but a lot of 

information is lost, however whenβ  small, learning is very slow but information is 

retained.  Because this function is differentiable, it enables the BP algorithm to adapt 

the lower layers of weights in a multilayer neural network.  
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2.7 Related Research Work on ANN 

 

 

 The BP algorithm [3] is one of the most widely used supervised training 

algorithms for MFNN.  As mentioned earlier, it does suffer from slow convergence 

rate and tends to trap in local minima.  Hence, there has been a lot of research to 

overcome the problem by perform some modification to the conventional ANN 

algorithms.  Table 2.3 below lists some of the related research work of ANN that has 

been done so far. 

 

 

Table 2.3: Summary of Related Research Work on ANN 
Research Description 

Oh.,  
et al 
1997 

 
[9] 

• Proposed a modified function 

- reduces the probability that output nodes are near wrong 

extreme value of sigmoid activation function 

- prevents the overspecialization during learning 

Qingwu, M.,  
et al 

 
2000 

 
[33] 

• Uses fuzzy logic to adjust 

- network structure, initial weights, learning rate 

• To guide the selection of the net topology 

• To simulate geology evaluation 

• To seek the solution for gradient descent algorithm 

• Proves can solve nonlinear problem & to simulate vary 

complicated relationship 

Wang.,  
et al 

 
2004 

 
[34] 

• Proposed a modified error function with two-terms  

• Efficiently avoid the local minima 

• Proves this modified error function improves the performance of 

BP algorithm 

Mohammed A. 
Otair., Walid A. 

Salameh 
 

2005 
 

[35] 

• Developed Optical BP algorithm  

  – used non-linear function & manage to escape from local    

     minima with high-speed of convergence rate 

• Tested against standard BP and OBP 

• OBP performs much better and faster than the BP for all training 

processes with different learning rate. 
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Nawi., R. S. 
Ransing and M. R. 

Ransing 
 

 
2008 

 
 
 

[36] 

• New fast learning algorithm for NN based on Fletcher-Reeves 

update with adaptive gain (CGFR/AG) training algorithms 

• The conjugate gradient optimization algorithm is combined with 

the modified back propagation algorithm 

• The computational efficiency is enhanced by adaptively modifying 

initial search direction (gradient search direction) 

    (1) Modification on standard backpropagation algorithm by   

          introducing a gain variation term in the activation  

          function,  

    (2) Calculation of the gradient descent of error with   

          respect to the weights and gains values and  

    (3) the determination of a new search direction by using  

          information calculated in step (2). 

• Proves that the proposed algorithm is robust and has a potential 

to significantly enhance the computational efficiency of the 

training process 

 

 

From the summary above, most of the past research only focuses on the error 

functions of standard BP by using different methodologies.  The results compared 

based on the performance of the algorithm used.  The equation (2.41) has been 

implemented in the IeBP by [10].  Hence, this study will focus on tuning of the β , 

the slope parameter and its impact on the BP learning algorithms.  The performance 

results will be compared against the Standard BP and the IeBP algorithms to give 

better conclusions.  

 

 

 

 

2.8 Summary 

 

 

 This chapter has explained the related literature review for this study.  The 

first part has explained regarding the history and the architecture of the ANN itself.  

The later part is about the related research work on the ANN.  And all these partial 

results have contributed to carry out this project in giving a better and complete 

conclusion. 



  

CHAPTER 3 

 

 

 

 

METHODOLOGY 

 

 

 

 

3.1 Introduction 

 

 

This chapter explains the methodology that has been used to carry out the 

testing for both Standard BP and also IeBP.  The discussion about the processes 

involved and the explanation of the dataset that has been used also included in this 

chapter.  Besides, the techniques and the scope parameters are discussed in here.  

Then, the explanation on how the experiment and analysis to investigate the 

efficiency and the convergence rate of standard BP and IeBP also included in this 

chapter.    

 

 

 

 

3.2 BP Training 

 

 

In BPNN, the learning algorithm has two phases.  First, a training input 

pattern is presented to the network input layer.  The input pattern is propagated  
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through the network from left to right, and the output layer is different from the desired 

output, an error is calculated and then propagated backwards through the network.  The 

weights are modified as the error is propagated.  These training phases can be described 

with the step by step as in Table 3.1 and the flow as in Figure 3.1. 

 

 

Table 3.1: The BP Training Steps 

Step 1 : Initialize the weights to small random values 

Step 2 : Randomly choose and input pattern 

Step 3 : Propagate the signal forward through the network 

Step 4 : Compute the prediction error 

Step 5 : Weights adjustments by propagating the prediction error backwards 

Step 6 : Update the weights 

Repeat (step 2) for the next pattern until the error in the output layer 

(prediction error) is below a thresh 
Step 7 : 

 

 

Set learning rateη  (0 <α < 1) & momentum rate α  

Set random values to ( kjji ww , ) ( ki θθ , ) 

Set min error, Emin

begin 

Error<Emin 

Start training 

stop 

Feed Forward Propagation 

Back Propagation  

Error<Emin 

Yes 

Yes 

No 

No 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3.1: The Standard BP Flow Chart 
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The most important attribute which may affects the design of NN algorithm is the 

weight updating strategy.  Generally, there are three strategies used as in table 3.2 [23]:   

 

 

Table 3.2: Weight Updating Strategies 

Pattern mode weight updating is done after the presentation of each 

training pattern (on-line) 

Batch mode weight updating is performed after the presentation of all 

the training patterns (off-line) 

weight updating is performed after the presentation of  a 

subset of the training patterns 
Block mode 

 

 

 The batch mode strategy is used on standard BP and IeBP in this study.  The 

batch mode also known as off-line mode is chosen, as it is well suited due to weight 

errors, which can be calculated independently.  The table 3.3 below describes the batch-

training algorithm. 

 

 

Table 3.3: Batch Training Algorithm 

    1. For each pattern 

1.1 Compute the output of units in the hidden layer: 

1.2 Compute the output of units in the output: 

1.3 Compute error terms for the units in the output layer: 

1.4 Compute error terms for the units in the hidden layer: 

1.5 Compute weight changes in the output layer: 

1.6 Compute weight changes in the hidden layer: 

    2. Send local weight of (output, hidden) and Receive remote weight of (output, hidden) 

    3. Update weights changes in the output layer: 

    4. Update weights changes in the hidden layer: 

Until  

    (E< maximum accepted error) or (num. of iterations = maximum num. of iterations) 
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3.3 Dataset 

 

 

Dataset is needed to represent the problem.  It is used to verify the efficiency and 

convergence rate of both standard BP and IeBP algorithms.  These both algorithms are 

applied to the three dataset of real world classification problem, which is taken from the 

universal data.  The three datasets that have been used in this study are Iris, Balloon, and 

Cancer.  These data are chosen because the samples of each dataset are already processed 

and cleaned.  Moreover, these datasets are benchmark data with rules and conventions.  

The datasets are represented as the input pattern in BP learning algorithm.  In addition, 

this study uses these same three datasets to be tested with 4,3,2=β .  The following 

describes briefly the characteristic of each dataset.  

 
 
Iris 

The Iris dataset is used for classifying four-dimensional patterns, which are sepal 

length, sepal width, petal length, and petal width into three classes, which are iris setosa, 

iris versicolor and iris virginica.  Iris dataset contains data for three classes with 50 

instances each, where each class refers to type of iris plant.  The input consists of 4 

numeric attributes related to the length and the width of the sepals and petals of the iris 

plant.  The network will have 4 input and 3 outputs to separate the pattern.  The Iris 

dataset were split with 120 for training and 30 for testing, totaling 150 instances. 

 

Balloons 

This dataset is published by Michael Pazzani.  There are four sets of data in 

Balloons dataset that represent different conditions of an experiment with the same 

attributes: 

a. Adult - stretch data:  Inflated is true if age = adult or act = stretch 

b. Adult + stretch data:  Inflated is true if age = adult and act = stretch 

c. Small - yellow data:  Inflated is true if (color = yellow and size = small) 

d. Small – yellow data:  Inflated is true if (color = yellow and size = small) or (age 

= adult and act = stretch) 
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Balloon dataset is classified whether it is inflated or it is not inflated according to four 

attributes: color, size, act and age.  The values for each attribute are listed in Table 3.4 

below.  The Balloon dataset consists of 12 training pattern and 4 testing pattern, totaling 

16 instances.  

 
 

Table 3.4: Summary of Attribute Values for Balloon Dataset 

No. Attribute Values 

1 Color Yellow, Purple 

2 Size Large, Small 

3 Act Stretch, Dip 

4 Age Adult, Child 

 

 

Cancer 

The Cancer dataset requires the decision maker to correctly diagnose breast lumps 

as either benign or malignant based on data from automated microscopic examination of 

cells collected by needle aspiration.  The dataset includes nine inputs and one output.  

The exemplars are split with 599 for training and 100 for testing, totaling 699 exemplars.  

All inputs are continuous variables and 65.5% of the examples are benign.  The dataset 

was originally generated at hospitals at the University of Wisconsin Madison, by Dr. 

William H. Wolberg. 

 

 

 

 

3.4 Implementation of Neural Network 

 

There are a few issues that have to be taken into consideration before the 

implementation of Neural Network.  The following subtopics will discuss about the 

implementation of the neural network in this study.   
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3.4.1 Define BPNN Network Architecture and Parameters 

 

 

BPNN network architecture involves the selecting of an appropriate number of 

layers and the number of nodes in each layer based on the size and type of the application 

and the problem involved.  As stated earlier, the neural network architecture consists of 

three layers, which are the input layer, hidden layer and also the output layer.  The 

required number of nodes in each layer also differs from each dataset based on the 

classification problem.  Thus, the number of nodes in the input and output layers are 

determined by the input and output variables based on our dataset.   

 

 

Nevertheless, the essentials number of hidden nodes did not present.  These 

hidden nodes are required for the computing difficult functions recognized as the non-

separable functions.  The number of nodes in the hidden layer determines the network’s 

learning capabilities.  It’s been crucial of selecting the appropriate number of hidden 

layer for the optimal network design.  The hidden layer size may affect the complexity 

and the required time for training but, out of all, it could influence its competence to 

generalize.  However, there is no an appropriate standard rule or theory to determine the 

optimal number of hidden nodes [37].  There are many types of techniques and methods 

that have been used by researches for determining the right number of hidden nodes.  

Some of the suggested techniques are summarized as below:  

1. The number of hidden nodes should be 2/3 of the size of input layer, as well as the 

size of output layer. 

2. Pyramidal shape topology [38]. 

3. Kolmogorov theorem: One hidden layer and (2N + 1) hidden neurons are sufficient 

for N inputs [38]. 

4. The number of hidden nodes is selected either arbitrarily based on the trial and error 

approaches [39]. 

nm *5. The number of hidden nodes should be where m is the number of input nodes 

and n is the number of output nodes [39]. 
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  In this study, the number of nodes in hidden layer has been chosen based on the 

Kolmogorov theorem.  Network with lower hidden nodes are preferable as they usually 

have better generalization ability and less over fitting problem.  The details of the 

network architecture for the three classification problems are shown in Table 3.5.   

 

 

Table 3.5: The Network Architecture of Iris, Balloon and Cancer Dataset 
Balloon Parameters Iris Cancer 

Number of layers 3 3 3 

Number of input nodes 3 4 9 

Number of hidden nodes 7 9 19 

Number of output nodes 3 1 1 

Training data 120 12 599 

Testing data 30 4 100 

 

 

 All the nodes are associated with weight, bias, error function and activation 

function.  In this study, the random approach is selected to initialize the weight and bias.  

There are two error function that have been implied in this study which are the MSE and 

also the improved error function by [10].   

 

 

 

 

3.4.2 Formulation of Weight Adjustment 
 

 

The main focus of this study is the activation function.  The conventional sigmoid 

function will be applied to the standard BP.  Meanwhile, the improved error function 

applied by applying with three different value (2, 3, 4) of the β , slope parameter.  The 

derivative of the error function is one of the factors in the weight update equations [19].  

Therefore the formulation of derivation of weight update equation is based on the new 
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improved error function in equation (3.2).  The new error signal is employed only to 

output layer and the weight adjustment is adapted through output layer to hidden layer.  

The error signal of the hidden layer is the same as standard BP.  All the derivations have 

been discussed in Chapter 2. 

 

  

 

 

3.4.3 Define the Learning Rate and Momentum Term 
 

 

The core parameters for NN are the learning rate and momentum term, as these 

values will have an effect on the learning performance [40].  The earlier studies by [41] 

have suggested three learning rates (0.1, 0.5, and 0.9) and three momentum term also 

have been suggested by [42] which are (0.1, 0.5 and 0.9).  As for this study, the suggested 

values for the learning rate, αη  and momentum term,  are used for each dataset against 

the standard BP and IeBP with three different slope parameters, β .   

 

 

 

 

3.4.4 Define the Maximum Error 
 

 

Maximum error is another parameter that should be taken into the consideration.  

This maximum error should be the stopping criteria for the BP training.  As for this study, 

the maximum error is set to 0.05.  Besides that, the training process of the BP is been set 

to a maximum of 10,000 iterations, or until the error reaches the maximum error.  It is 

adequate for the network to train the dataset within 10,000 iterations and converge to the 

solution.  Since the main focus of this study is the faster convergence rate, thus the 

minimal iteration is important. 
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3.5 Workflow 

 

 

Basically, there are four core processes that are involved to carry out this study.  

Table 3.6 describes the task description while figure 3.2 shows the process.    

 
 

Table 3.6 : Implementation Desciption 

PROCESS DESCRIPTION 

1 The Std BP algorithms are tested on predefined datasets 

2 The IeBP algorithms are tested on the same predefined datasets 
βThe modification of  parameter is done on IeBP 3 

4 Output is generated based on the pre-defined parameters 
 

1 

Conver Bil   Pemproses 
rate 1 2 
1 X X 

10 X X 
100 X X

0

1 0

2 0

3 0

4 0

5 0

1 s t  Q t r 2 n d  Q t r 3 r d  Q t r 4 t h  Q t r
4 

3 

2 

 
 
 
 
 
 
 

 
 
 
 
 

Figure 3.2: Implementation Process 

 

 

 

 

3.6 Experiment and Analysis 

 

 

The main focus of this study is to evaluate and to seek the performance of the 

IeBP in classification problems.  While looking at the objectives that are achieved in this 

study are the comparison of performance between for both standard BP and IeBP with 
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three different β , slope parameter values.  Therefore, the experiment is carried out in two 

parts with these three main concerns as in table 3.7 below. 

 

 

Table 3.7: The Parameter of Algorithm Experiment 

Parameters Standard BP IeBP 
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The results are compared based on several aspects such as the efficiency, 

convergence time and accuracy for each dataset.  The analysis is done based on the result 

obtained from all the experiments.   

 

 

 

 

 

 

 

 

3.7 Summary 
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This chapter discusses the methdology of the methods applied for the Standard BP 

and also the IeBP.  Based on previous work and research, the IeBP proven to be better 

than the standard BP in term of performance.  But this project is deliberate more on to the 

error signal and weight update method which involves theβ  parameter in the IeBP.  The 

related methodologies involved in this project have been described above.   

 

 
 

 

 
 

 



  

CHAPTER 4 

 

 

 

 

EXPERIMENTAL RESULT AND ANALYSIS 

 

 

 

 

4.1 Introduction 

 

 

The chapter discusses the implementation phase of the methods for both 

standard BP and IeBP.  The experiments have been carried out to validate the 

performance of the based on the Iris, Balloon and Cancer datasets.  The results for 

each experiment is compared and analyzed.   

 

 

 In this study, the modified error function [10] has been applied in IeBP for 

every testing.  A series of experiments have been carried out with three universal 

datasets in order to investigate the efficiency and the accuracy of both standard BP 

and IeBP. 
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 The experiments are carried out which consists of nine sets of mixture for 

learning rate and momentum term values; represented as V1, V2, V3, V4, V5, V6, 

V7, V8 and V9.  These same nine sets of trial were used for each dataset (Iris, 

Balloon and Cancer) experiments.  The range of learning rate and momentum term 

for each experiment has been chosen between 0.1, 0.5 and 0.9 as suggested in 

[40][41].  Thus, the results are compared and analyzed for each datasets based on the 

error convergence, maximum epochs, and the classification performance.  These 

results are analyzed based on these comparisons: 

a) Comparison of standard BP and IeBP ( )4,3,2=β for each datasets 

 

 

 

 

4.2 Algorithm Implementation  

 

 

The algorithms of the standard BP has been tested using three universal 

datasets.  As described in Chapter 3, the modified error function [10] has been 

applied in IeBP program.  After these have been successful, some modification has 

been done for the IeBP algorithm on the slope parameter using 4,3,2=β , so it could 

perform on these same datasets.  Once these algorithms perform consecutively, the 

final results after learning and training have been captured out.  Then these values 

have been gathered accordingly for analysis. 

 

 

 

 

4.3 Experimental Result 

 

 

The testing of standard BP and IeBP have been carried out with three 

different dataset (Iris, Balloon and Cancer).  The results for each experiment that 

have been carried out are discussed in the next section.   
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4.4 Result of Iris Dataset 

 

 

The experiment on Iris dataset refers to the training of network consists of 4 

input nodes, 9 hidden nodes and 3 output nodes.  The training set consists of 120 

inputs and testing set is 30 inputs.  The experiment will be terminated with two 

predefined condition; either the training error below minimum error (0.05) or within 

10,000 iteration.  The experimental result of Iris dataset for standard BP and IeBP 

)4,3,2( =β  are presented in Table 4.1(a), (b), (c) and (d) respectively.  Figure 4.1 

presents the learning pattern produced by standard BP and IeBP )4,3,2( =β . 

 

 

Table 4.1 (a): Result of Standard BP 

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 1.53290 10000 78.14 

V2 0.1 0.5 0.99446 10000 78.20 

V3 0.1 0.9 0.04998 4587 80.34 

V4 0.5 0.1 0.04997 8683 80.06 

V5 0.5 0.5 0.04993 4780 80.35 

V6 0.5 0.9 3.99596 10000 75.76 

V7 0.9 0.1 1.40844 10000 78.43 

V8 0.9 0.5 0.04950 3475 80.24 

Standard 
BP 

V9 0.9 0.9 4.99997 10000 75.87 

 

 

Table 4.1 (b): Result of IeBP )2( =β  

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 1.00148 10000 78.24 

V2 0.1 0.5 0.19533 10000 79.86 

V3 0.1 0.9 0.04998 2922 80.39 

V4 0.5 0.1 0.51957 10000 76.04 

V5 0.5 0.5 0.04987 4223 80.87 

V6 0.5 0.9 0.03911 1974 83.23 

V7 0.9 0.1 2.00181 10000 78.20 

V8 0.9 0.5 1.50111 10000 79.09 

2=β  

V9 0.9 0.9 2.50026 10000 76.16 
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Table 4.1 (c): Result of IeBP )3( =β  

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 0.73464 10000 79.34 

V2 0.1 0.5 0.09524 10000 80.26 

V3 0.1 0.9 0.04997 2533 81.44 

V4 0.5 0.1 0.51429 10000 75.24 

V5 0.5 0.5 0.03608 4140 83.87 

V6 0.5 0.9 0.04949 1546 82.09 

V7 0.9 0.1 2.00147 10000 78.01 

V8 0.9 0.5 1.50053 10000 79.15 

)3( =β  

V9 0.9 0.9 6.00000 10000 76.16 

 

 

Table 4.1 (d): Result of IeBP )4( =β  

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 0.50548 10000 80.74 

V2 0.1 0.5 0.07214 10000 81.67 

V3 0.1 0.9 0.04996 2277 81.98 

V4 0.5 0.1 0.51245 10000 75.02 

V5 0.5 0.5 0.04122 3296 82.99 

V6 0.5 0.9 0.04795 3348 82.33 

V7 0.9 0.1 3.50072 10000 77.72 

V8 0.9 0.5 1.50066 10000 79.20 

)4( =β  

V9 0.9 0.9 3.99999 10000 77.63 

 

 

From the table 4.1 above, shows that the results for all trial for each 

experiment are almost similar to each other.  Standard BP could give a better result at 

V8 trial compared to other IeBP in term of learning iterations.  Figure 4.1 shows the 

convergence graph of learning result produced by each trial.   

 

 

Figure 4.1 below shows the learning pattern of standard BP and IeBP; for 

eachβ  parameter.  The graph above shows that the learning pattern become steeper 

as the β  value increased.  For standard BP, the errors generated converge closely 

matching the maximum error and stopped at iteration 4587, 8683, 4780, and 3475 for 

V3 till V5 and V8 trial.  The other trials could not converge to solution within 10, 

000 iterations.   
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Figure 4.2: Classification Accuracy of Iris Dataset 

 

 

From the figure 4.2 above, the classification accuracy for IeBP are slightly 

better than the standard BP.  The trial pair of V6 gain better accuracy in 

IeBP , V5 outperforms well in IeBP)2( =β )4,3( =β .  However, the V4 trial shows 

decrease in classification performance for the following algorithms.  The V7 trial 

shows a fair classification performance between these algorithms.  Meanwhile, V2 

and V5 trial performance are increased as the slope parameter are increased.  From 

the analysis above, only a single result is taken which is considerably good over all 

trials.  Thus, the result produced by trial V5 (learning rate, 0.5 and momentum term, 

0.5) is chosen for achieving highest convergence rate for IeBP and depicted in Figure 

4.3 below. 
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Figure 4.3: Convergence Characteristic of V5 Trial 
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The standard BP takes 4780 iteration to converge at 0.04993 while the IeBP 

take 4223, 4140 and 3296 of iterations to converge at 0.04987, 0.03608 and 0.04122 

respectively.  The V5 trial shows the learning speeds are become faster as the value 

of β  parameter are increased even there is inconsistent in the early phase of learning 

speed.   

 

 

In term of classification performance, the accuracy for standard BP and IeBP 

are significantly getting better.  The accuracy of classification for standard BP 

achieves 80.35%, 80.87% for IeBP ; 83.87% for IeBP)2( =β )3( =β  and decreases 

to 82.99% for IeBP )4( =β at V5 trial in classifying the Iris dataset as illustrated in 

figure 4.4 below.   

 

 

78
79
80
81
82
83
84
85

C
la

ss
ifi

ca
tio

n 
(%

)

Standard BP β = 2 β = 3 β = 4

 
Figure 4.4: Correct Classification of V5 Trial 

 

 

 

 

4.5 Result of Balloon Dataset 

 

 

The network used for experimenting Balloon dataset consists of 4 input 

nodes, 9 hidden nodes and 1 output node.  12 data represent to the network as 

training set and 4 data as testing set.  The experimental result of Iris dataset for 

standard BP and IeBP  are presented in Table 4.2(a), (b), (c) and (d) )4,3,2( =β
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respectively.  Figure 4.3 presents the learning pattern produced by standard BP and 

IeBP )4,3,2( =β . 

 
 

Table 4.2 (a): Result of Standard BP 

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 0.04994 1245 76.05 

V2 0.1 0.5 0.04999 693 76.05 
V3 0.1 0.9 0.04933 150 76.07 
V4 0.5 0.1 0.04962 259 76.04 

V5 0.5 0.5 0.04990 148 76.04 

V6 0.5 0.9 0.04774 88 76.00 

V7 0.9 0.1 0.04986 149 76.04 

V8 0.9 0.5 0.04893 88 76.01 

Standard 
BP 

V9 0.9 0.9 0.03761 503 76.00 

 

 

Table 4.2 (b): Result of IeBP )2( =β  

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 0.04990 750 76.04 
V2 0.1 0.5 0.04972 419 76.03 
V3 0.1 0.9 0.04875 93 76.05 
V4 0.5 0.1 0.04916 153 76.02 
V5 0.5 0.5 0.04970 87 76.07 
V6 0.5 0.9 0.04981 363 76.01 
V7 0.9 0.1 0.04929 87 76.04 
V8 0.9 0.5 0.04714 52 76.00 

2=β  

V9 0.9 0.9 0.50000 10000 76.00 
 

 

Table 4.2 (c): Result of IeBP )3( =β  

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 0.04983 524 76.07 
V2 0.1 0.5 0.04966 293 76.05 
V3 0.1 0.9 0.04946 71 76.05 
V4 0.5 0.1 0.04996 106 76.08 
V5 0.5 0.5 0.04830 62 76.07 
V6 0.5 0.9 0.03991 2724 76.00 
V7 0.9 0.1 0.04883 61 76.04 
V8 0.9 0.5 004717 38 76.05 

)3( =β  

V9 0.9 0.9 0.50000 10000 76.00 
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 Table 4.2 (d): Result of IeBP )4( =β

Learning Momentum Error Learning Classification Group rate, η  term, α  convergence iteration (%) 

V1 0.1 0.1 0.04992 391 76.04 
V2 0.1 0.5 0.04976 219 76.06 

76.05 0.1 V3 0.9 0.04811 63 

V4 0.5 0.1 0.04923 85 76.07 
V5 0.5 0.5 0.04755 48 76.09 )4( =β  

V6 0.5 0.9 0.50000 10000 76.01 
V7 0.9 0.1 0.04852 47 76.04 
V8 0.9 0.5 0.04757 32 76.03 
V9 0.9 0.9 0.50000 10000 76.00 

 

 

The table above shows that the errors converge nearly comparable to each 

other.  As for standard BP, all the trial pair does converge to solution within the 

maximum error.  The errors generated converge closely match the maximum error 

function specified earlier.   

 

 

, the V9 trial and for IeBPHowever, for IeBP )3,2( =β )4( =β , the V6 and 

V9 trial pair could not converge to solution within 10, 000 iterations.  The IeBP of 

)4,3,2( =β  has the comparable fastest converge speed at every trial except for the 

V9 trial which it is tend to trap in local minima.  Standard BP could give a better 

result at V9 trial compared to other IeBP in term of learning iterations.   

 

 

Figure 4.5 shows the convergence graph of learning result produced by each 

trial.  The standard BP takes 88 iterations to converge while the IeBP takes 52, 38 

and 32 of iterations respectively.  This shows that the IeBP tend to converge faster 

than the standard BP for Balloon dataset.  But however the V9 trial shows a flat 

convergence speed which means is likely to trap in local minima.   
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Figure 4.5: Convergence of Balloon Dataset for Standard BP  

 and IeBP )4,3,2( =β
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Figure 4.6: Classification Accuracy of Balloon Dataset 
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The figure 4.6 above shows the classification accuracy for every trial of the 

standard BP and IeBP )4,3,2( =β .  In general, the trial pair of V7 and V9 performs 

fairly for every experiment.  The standard BP has the highest classification rate using 

the V3 trial pair.  The V4, V5 and V7 trial pair performs fair to each other.  The V6 

and V9 perform the worse for classification purpose in standard BP.   

 

 

The trial pair of V5 gains better accuracy in IeBP )4,2( =β  and V4 trial pair 

in IeBP )3( =β .  However, the V3 trial shows a flat performance for every 

experiment.  Meanwhile, V2 trial performance is increased as the slope parameter is 

increased.  From the analysis above, only a single result is taken which is 

considerably good over all trials.  The V5 trial consists of learning rate 0.5 and 

momentum term 0.5 shows the learning speeds become faster as the value of β  

parameter are increased.  Thus, the result produced by trial V5 is chosen for 

achieving highest convergence rate for IeBP and depicted in Figure 4.7 below. 
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Figure 4.7: Convergence Characteristic of V5 Trial 

 

 

The figure above shows the convergence characteristic of standard and IeBP 

for Balloon dataset.  It is clear that the learning speed is increased as the )4,3,2( =β
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slope parameter is increased for each experiment.  It is also illustrates that these 

algorithms tend to converge to the maximum error faster in much lower iterations. 

 

 

Apart of that, the classification performance shows a varied correct 

classification percentage of standard BP and IeBP.  The IeBP )4( =β obtains the 

highest classification performance at 76.09% while the other two IeBP of )3,2( =β  

obtain 76.07% respectively.  On the other hand, the standard BP only manages to 

achieve 76.04% of correct classification for Balloon dataset classification problems 

as illustrated in figure 4.8. 
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Figure 4.8: Correct Classification of V5 Trial 

 

 

 

 

 

4.6 Result of Cancer Dataset 

 

 

The network architecture used for Cancer dataset consist of 9 input nodes, 19 

hidden nodes an output node.  599 training data have been used to learn the network 

and 100 data for testing.  The experimental result of Cancer dataset for standard BP 

and IeBP  are presented in Table 4.3(a), (b), (c) and (d) respectively )4,3,2( =β
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while figure 4.9 presents the learning pattern produced by standard BP and 

IeBP )4,3,2( =β . 

 

 

Table 4.3 (a): Result of Standard BP 

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 0.16601 10000 52.07 

V2 0.1 0.5 0.04998 8733 52.14 

V3 0.1 0.9 0.04991 1695 52.15 

V4 0.5 0.1 0.04997 2710 51.56 

V5 0.5 0.5 0.04982 1846 51.48 

V6 0.5 0.9 0.02894 679 51.04 

V7 0.9 0.1 0.04968 1800 52.17 

V8 0.9 0.5 0.04979 1492 52.43 

Standard 
BP 

V9 0.9 0.9 0.04942 1230 52.46 

 

 

Table 4.3 (b): Result of IeBP )2( =β  

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 0.05338 10000 50.00 

V2 0.1 0.5 0.05000 5635 54.79 

V3 0.1 0.9 0.04855 1230 53.18 

V4 0.5 0.1 0.04995 2538 51.99 

V5 0.5 0.5 0.04992 9761 52.04 

V6 0.5 0.9 0.04639 1755 51.67 

V7 0.9 0.1 0.04351 2686 52.89 

V8 0.9 0.5 0.03605 1800 53.19 

2=β  

V9 0.9 0.9 2.0000 10000 50.89 

 
 

Table 4.3 (c): Result of IeBP )3( =β  

Group 
Learning 
rate, η  

Momentum 
term, α  

Error 
convergence 

Learning 
iteration 

Classification 
(%) 

V1 0.1 0.1 0.04999 8956 52.24 

V2 0.1 0.5 0.04998 4814 52.79 

V3 0.1 0.9 0.04972 951 52.88 

V4 0.5 0.1 0.04986 2106 51.99 

V5 0.5 0.5 0.04665 1381 52.04 

V6 0.5 0.9 2.00000 10000 49.67 

V7 0.9 0.1 0.02375 1886 54.89 

V8 0.9 0.5 0.04582 1327 53.19 

)3( =β  

V9 0.9 0.9 2.00000 10000 49.89 
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 Table 4.3 (d): Result of IeBP )4( =β

Learning Momentum Error Learning Classification Group rate, η  term, α  convergence iteration (%) 

V1 0.1 0.1 0.05000 7409 52.56 

V2 0.1 0.5 0.04999 4022 52.96 

V3 0.1 0.9 0.04972 813 52.94 

V4 0.5 0.1 0.04986 1853 52.06 

V5 0.5 0.5 0.04477 1327 52.66 )4( =β  

V6 0.5 0.9 0.20000 10000 49.67 

V7 0.9 0.1 0.04975 1694 52.89 

V8 0.9 0.5 0.50024 10000 48.19 

V9 0.9 0.9 0.20000 10000 49.54 

 

 

From the table 4.3 above, shows that the results for all trial for each 

experiment are almost similar to each other.  Standard BP could give a better result at 

V9 trial compared to other IeBP in term of learning iterations but not at V1 trial.  The 

table above shows that the errors converge nearly comparable to each other.  As for 

standard BP, all the trial pair except V1 trial does converge to solution within the 

maximum error.  The errors generated converge closely match the maximum error 

function specified earlier.   

 

 

However, for IeBP )4,3,2( =β , the V9 trial could not converge to solution 

and tend to trap in local minima.  The same goes for )2( =β  at V1 trial, 

IeBP  at V6, V9 and IeBP)3( =β )4( =β  at V6, V8, V9 trial pairs.  These trial pairs 

could not converge to solution within 10, 000 iterations.  The IeBP )4,3,2( =β  has 

the fastest learning speed at 1230, 951 and 813 respectively for V3 trial.   
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Figure 4.9: Convergence of Cancer Dataset for Standard BP  

and IeBP  ) 4, 3, 2 (= β
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Figure 4.10: Classification Accuracy of Cancer Dataset 
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The figure 4.10 above shows the classification accuracy for every trial of the 

standard BP and IeBP )4,3,2( =β .  In general, every trial pair performs fairly for 

every experiment.  The standard BP has the highest rate using the V8 and V9 trial 

pair but V6 being worse for classification performance.   

 

 

The trial pair of V2 gains better accuracy in IeBP )2( =β  and V7 trial pair in 

IeBP )3( =β .  However, the V3 and V7 achieve comparable accuracy using 

IeBP )4( =β .  V3 trial pair performs comparable for each IeBP.  The trial pair of V1 

performs the worse in IeBP  and V6 trial pair in IeBP)2( =β )3( =β .  The V8 trial 

pair gain a low classification performance in IeBP )4( =β .  From the analysis above, 

only a single result is taken which is considerably good over all trials.  The V2 trial 

consists of learning rate 0.1 and momentum term 0.5 shows the learning speeds 

become faster as the value of β  parameter are increased.  Thus, the result produced 

by trial V2 is chosen for achieving highest convergence rate for IeBP and depicted in 

figure 4.11 below. 
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Figure 4.11: Convergence Characteristic of V2 Trial 
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The figure above shows the convergence characteristic of standard and IeBP 

)4,3,2( =β for Cancer dataset.  It is clear that the learning speed is increased as the 

slope parameter is increased for each experiment.  It is also illustrates that these 

algorithms tend to converge to the maximum error faster in much lower iterations. 

 

 

Apart of that, the classification performance shows a varied correct 

classification percentage of standard BP and IeBP.  The IeBP )3,2( =β obtains the 

highest classification performance at 54.79% while IeBP )4( =β obtain 52.96% of 

classification rate respectively.  On the other hand, the standard BP only manages to 

achieve 52.14% of correct classification for Cancer dataset classification problems as 

illustrated in figure 4.12 using V2 trial pair. 
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Figure 4.12: Correct Classification of V2 Trial 

 

 

 

 

4.7 Disccusion 

 

 

Referring to the objectives, the experiments are carried out to analyze the 

affect of β , slope parameter in the improved two-term BP (IeBP) in classification 

problems.  After conducting the experiment, the results are compared and analyzed 

based on the objectives.  Table 4.4 below gives the summary of the classification 
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accuracy of each dataset compared to standard BP and IeBP )4,3,2( =β  and figure 

4.13 depicts the graph for each dataset. 

 

 

Table 4.4: Summary of Classification 

Classification Accuracy (%) 
Dataset 

)2( =β )3( =β )4( =β   Std BP 

Iris 80.35 80.87 83.87 82.99 

Balloon 76.04 76.07 76.07 76.09 

Cancer 52.14 54.79 54.79 52.96 
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Figure 4.13: Correct Classification for Iris, Balloon and Cancer Dataset 

 
 
 

For Iris dataset, it shows that the IeBP )3( =β gain a better classification 

accuracy than )4( =β 83.87% compare to 82.99%.  As for Balloon, there is a slight 

difference between standard BP and IeBP.  However, the IeBP )4( =β gives the 

correct classification at 76.09% compared to other algorithms.  Meanwhile for 

Cancer dataset, the IeBP )3,2( =β gives the same correct classification at 54.79% 

compared to IeBP )4( =β at 52.96%.  However, the standard BP only manages to 

gain 52.14% of correct classification rate.  It can be concluded that a faster 

convergence rate algorithm does not guarantee in achieving high accuracy of the 

classification problems. 
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 Table 4.5: Summary of Results 

Analysis Criteria Iris Balloon Cancer 
Convergence 
Speed 

)4( =βIeBP  IeBP )4( =β  IeBP )4( =β  

Iteration 2272 32 4022 

Error Convergence 0.04996 0.04757 0.04999 

)3( =β )4( =β )3,2( =βIeBP  IeBP  IeBP  Classification 
Performance 83.87% 76.09% 54.79% 

 

 

Based on the first analysis criteria, it is proven that the 

IeBP )4( =β outperforms better than the others for all dataset in term of the 

convergence speed.  The error convergence for each dataset also shows that the 

IeBP )4( =β  could convergence to match the maximum error as defined earlier.  The 

implementation of IeBP )4( =β  performs much faster than the other IeBP as the 

slope parameter, β expected to give better results. 

 

 

The speed of the error convergence is because of the implicit function of the 

improved two-term error function (IeBP).  The implicit function is mathematically 

proven to produce better result than the explicit error because of the details task in 

the IeBP itself.  In additional, training the standard BP which employed explicit 

mean square error (MSE) function finds a comfortable local minimum and refuses to 

move beyond it, and could cause instability of the internal structure of the network 

[10].  For that reason, the IeBP outperforms better than the standard BP.    

 

 

In term of classification performance, the slope parameter, β  do perform in a 

mixture pattern.  As for Iris dataset, the IeBP )3( =β  obtain 83.87%, for Balloon 

dataset; IeBP obtain 76.09% and for Cancer dataset IeBP)4( =β )3,2( =β , it 

performs at 54.79%.  However, it is not necessarily the IeBP have to produce a good 

classification rate.  The IeBP does not work well if the dataset itself could not 

converge properly.  This can be seen at the classification performance for Iris and 

Cancer dataset.  This result is contradictory to the expected IeBP tuning )4( =β
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would perform better as the slope parameter increased.  This may be caused by some 

reasons and one of it is by using the unsuitable learning rate and momentum term.  

As for this study, the suggested value of [41][42] have been used to conduct the 

experiments.    

 

 

 

 

4.8 Summary 

 
 

This chapter explained the experimental result and performance analysis that 

has been carried out in this study.  The implementation of the modified error function 

with slope parameter tuning has been done on Iris, Balloon and Cancer dataset.  The 

analysis has been done by comparing the algorithms individually on each 

implementation.  Also analyses and discussion has been carried out to elaborate more 

on the performance and realization of the algorithms based on each dataset and 

algorithms.  

 



  

CHAPTER 5 

 

 

 

 

CONCLUSION 

 

 

 

 

5.1 Introduction 

 

 

This study has been conducted to validate the performance of the Standard 

BP and IeBP.  The previous research works and related literatures are reviewed to 

have a better understanding of the related research areas. Thus, this chapter will 

discuss about the summary of work that have been done to accomplish the objective 

of this study.  Besides, this chapter also discusses the suggestion for future work as 

well as the conclusion for this study.  

 

 

 

 

5.2 Review 

 

 

BP algorithm has been widely recognized and be one of the effective learning 

method for many real world applications.  This is due to fact that BP algorithm could 

be applied to many application fields, capable to approximate accuracy at any degree  
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and has some limitations such as existence of temporary instability; converge to local 

minima, slow rates of convergence, poor scaling properties, instability of model and 

many more.  Therefore many modifications on standard BP have been proposed in 

the effort to overcome these limitations and to improve its performances.   

 

 

Besides these modifications, these algorithms also could be applied to 

different β  parameter systems to ensure it achieve best results of the convergence 

result in much shorter time.  Many studies have been done by applying different 

method of error to the standard BP.  Hence, these studies do not reveal much the real 

performance for both algorithms based on a specific dataset or problems. 

 

 

Based on the experiments in chapter 4, the convergence rate and 

classification performance for the standard BP can still be improved by using other 

methods.  Therefore, the improved two-term BP or shortly IeBP has been proposed.  

This improved error function is used to replace the typical MSE error function.  But 

still, the performance of both BP algorithms can be improved a way better by taking 

other parameter in account.  This proposed method helped in term of the 

convergence rate and gives better output in the classification problems. 

 

 

 

 

5.2 Summary of Work 

 

 

This study has been evolved to this far and several works have been done to 

make this study a success.  The following summarizes the work that has been carried 

out for this study:  

 

• Derived the Standard BP algorithm 

• Derived the improved two-term BP for β = 2, 3, 4 
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• Finalize the network structure 

• Finalize the testing data (three set of universal data) 

• Perform the experiments by using the dataset on  

o Standard BP 

o IeBP ( β = 2, 3, 4) 

• Capture the results and perform analysis and discussion 

 

 

 

 

5.3 Conclusion 

 

 

Based on the experiments, it can be concluded that: 

 

• The IeBP algorithm converge significantly faster and moderate accuracy than 

the standard BP.  This indicates that the modified error function is way 

efficient and the best approach that can be used to speed up the convergence 

and avoid local minima problem. 

 

• The IeBP algorithm gives good classification performance compared to 

standard BP algorithm. 

 

• The selection of various combinations of the control parameter affects the 

performance and efficiency of IeBP in solving a specific problem. 

 

• An appropriate network architecture and selection of network parameters for 

the dataset will influence the convergence and the performance of network 

learning. 
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5.4 Recommendation for Further Study 

 

 

In term of BP algorithms, there are several suggestions that could be made to 

improve the algorithm for future work. 

 

• Use an optimization method to tune the various neural network parameters 

(e.g.: initial weight, maximum error with learning rate, momentum term) to 

the optimal value.  

 

• Use and test using different pair of learning rate and momentum term. 

 

• Opt for other activation function such as Arctangent and Logarithmic 

function on the BP training and investigate the performance.   

 

• Apply other error functions than MSE such as cross-entropy and tanh to make 

performance comparison with the IeBP.  
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