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This study develops a heuristic procedure for 

specifying parameters for a neural network configuration 

(learning rate, momentum, and the number of neurons in a 

single hidden layer) in Shewhart X-bar control chart 

applications. Also, this study examines the replicability 

of the neural network solution when the neural network is 

retrained several times with different initial weights. As 

an illustration of the appropriate use of the developed 

heuristic procedure, this study compares the performance of 

neural networks with that of Shewhart X-bar control charts. 

To determine neural network configurations in Shewhart X-bar 

control chart applications the performance of neural 

networks in discriminant analysis applications was 

investigated. 

Normally distributed populations with equal and unequal 

covariances were used in these simulation studies of 

configurations. The following heuristic procedure for 

specifying parameters was developed for determining the 

number of neurons in a single hidden layer, the learning 



rate, and the momentum: 1. Avoid too small a number of 

hidden neurons. 2. Selecting a number of hidden neurons 

falling near the total number of input and output layer 

neurons is an effective compromise. 3. If the pattern of 

the training data is clear, use the default values for a 

learning rate of 0.6 and a momentum of 0.9. 4. A learning 

rate of 0.01 and a momentum of 0.9 are recommended when the 

pattern of the training data is noisy. 5. A momentum of 0.9 

is recommended to avoid the local minimum problems. 

Simulation data from normal populations with equal 

standard deviation were generated to compute the average run 

lengths (ARL) for neural network control charts. Comparison 

of the ARLs showed that the neural networks are more 

sensitive to shifts in the mean as compared to the Shewhart 

X-bar control charts without supplementary runs rules but 

that neural networks perform less effectively than Shewhart 

X-bar control charts with supplementary runs rules for 

detection of small shifts. However, both types of charts 

tend to detect small shifts quickly relative to the Shewhart 

X-bar control charts without supplementary runs rules. 



ACKNOWLEDGEMENTS 

I would like to thank Dr. Victor R. Prybutok, chairman, 

for his excellent guidance and support that enabled me to 

complete this paper. I would also like to thank my 

committee, Dr. Maliyakal D. Jayakumar, Dr. Robert J. Pavur, 

Dr. Clive C. Sanford, Dr. Thomas C. Richards, and Dr. 

Stephen P. Fracek, Jr., for their assistance. 

This paper is dedicated to my wife, Kyung-Sim, and the 

member of my family for their supported encouragement during 

my endeavor to acquire the Ph.D. degree. 

Finally, I would like to thank the member of Dr. 

Prybutok's family (his wife, Gayle, and his mother, Deedi) 

for their understanding and encouragement. 

111 



TABLE OF CONTENTS 

Page 

ACKNOWLEDGEMENTS iii 

LIST OF TABLES vi 

LIST OF ILLUSTRATIONS . . . . . . . . xii 

Chapter 

I. INTRODUCTION . . . . . . . . . . 1 

Overview of Neural Networks 
Applications of Neural Networks 

in Shewhart X-Bar Control Charts 
Purpose, Problem, and Significance 
Organization of the Study 

II. LITERATURE REVIEW 14 

Research Questions on Neural Network 
Model Parameters 

Research Question on Replicability 
Research Questions on Shewhart X-Bar 
Control Charts 

III. THEORETICAL FRAMEWORK 25 

Background of Neural Network 

The Human Brain and Neurons 
Neural Network Models 
Artificial Neuron 
Back Propagation Neural Network 
Characteristics of the Back Propagation 
Neural Network 

Current Limitations of the Back Propagation 
Neural Network 

The Number of Hidden Neurons 
Learning Rate 
Momentum 
Importance of Training Time in the Back Propagation 
Neural Network 

Background of Shewhart X-Bar Control Charts 

IV 



IV. PARAMETER SPECIFICATIONS FOR NEURAL NETWORK MODELS 
IN SHEWHART X-BAR CONTROL CHART APPLICATIONS. . . 59 

Introduction 
Analysis of the Number of Hidden Neurons 
Analysis of the Training Time, Learning Rate, 

and Momentum 
Examination of the Replicability of Neural Network 

Solution 
Summary 

V. ILLUSTRATION OF NEURAL NETWORK PARAMETER SPECIFICATIONS 
THROUGH A COMPARISON OF NEURAL NETWORKS AND SHEWHART 
X-BAR CONTROL CHARTS . . . . . . . . . . . . . . 97 

Introduction 
Experimental Design 
Experimental Results 
Summary 

VI. SUMMARY AND CONCLUSIONS 112 

Summary of the Heuristic Procedure for Specifying the 
Parameters of Neural Network Models 

Conclusions 
Research Questions Addressed 
Limitations and Key Assumptions 
Future Directions for Research 
Major Contribution of the Study 

Appendixes 

A. TABLES 136 

B. ILLUSTRATIONS . 164 

C. C COMPUTER PROGRAM FOR CONTROL CHART . . . . . . . 190 

REFERENCE LIST . . . . . . 197 

v 



LIST OF TABLES 

Table Page 

1. XOR Problem . . . . 4 

2„ Comparison of Traditional Computer and 

Neural Network . 41 

3. Parameter Specifications in Simulation Study 1 . . 62 

4. Parameter Specifications in Simulation Study 2 . . 64 

5. Parameter Specifications in Simulation Study 3 . . 65 
6. Performance of Neural Networks for the Different 

Number of Hidden Neurons in the Training Data: 
Simulation Study 1 137 

7. Performance of Neural Networks for the Different 
Number of Hidden Neurons in the Testing Data: 
Simulation Study 1 . . . 13 7 

8. Performance of Neural Networks for the Different 
Number of Hidden Neurons in the Training Data 
and Testing Data: Simulation Study 2 138 

9. Performance of Neural Networks for the Different 
Number of Hidden Neurons in the Training Data 
and Testing Data: Simulation Study 3 138 

10. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.9 and Momentums of 
0.0, 0.1, 0.3, 0.6, and 0.9: Case 2-11 . . . . . 139 

11. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.6 and Momentums of 
0.0, 0.1, 0.3, 0.6, and 0.9: Case 2-11 139 

12. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.3 and Momentums of 
0.0, 0.1, 0.3, 0.6, and 0.9: Case 2-11 140 

VI 



13. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.1 and Momentums of 
0.0, 0.1, 0.3, 0.6, and 0.9: Case 2-11 . . . . . 140 

14. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.01 and Momentums of 
0.0, 0.1, 0.3, 0.6, and 0.9: Case 2-11 . . . . . 141 

15. The Number of Misclassifications on the Training 
Data in the Neural Network with a Learning Rate 
of 0.01 and a Momentum of 0.9: Cases 2-4, 2-5, 
2-6, 2-7, 2-8, 2-9, 2-10, 2-12 142 

16. The Number of Misclassifications on the Testing 
Data in the Neural Network with a Learning 
Rate of 0.01 and a Momentum of 0.9: Cases 2-4, 
2-5, 2-6, 2-7, 2-8, 2-9, 2-10, 2-12 142 

17. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.6 and a Momentum of 
0.9 for Examination of the Replicability of the 
Neural Network Solution: Case 2-5 143 

18. Frequency Distribution of the Number of 
Misclassifications on the Training Data in the 
Neural Network with a Learning Rate of 0.6 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-5 .1 144 

19. Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the 
Neural Network with a Learning Rate of 0.6 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-5 . 144 

20. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.01 and a Momentum of 
0.9 for Examination of the Replicability of the 
Neural Network Solution: Case 2-5 145 

Vll 



21. Frequency Distribution of the Number of 
Misclassifications on the Training Data in the 
Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-5 . . . . . . . . . . . . . . . . . . . . 146 

22. Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the 
Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-5 146 

23. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.6 and a Momentum of 
0.9 for Examination of the Replicability of the 
Neural Network Solution: Case 2-6 147 

24. Frequency Distribution of the Number of 
Misclassifications on the Training Data in the 
Neural Network with a Learning Rate of 0.6 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-6 . . . . . . . . . . . . . 148 

25. Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the 
Neural Network with a Learning Rate of 0.6 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-6 . 148 

26. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.01 and a Momentum of 
0.9 for Examination of the Replicability of 
the Neural Network Solution: Case 2-6 149 

27. Frequency Distribution of the Number of 
Misclassifications on the Training Data in the 
Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-6 

v m 



28. Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the 
Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-6 150 

29. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.6 and a Momentum of 
0.9 for Examination of the Replicability of the 
Neural Network Solution: Case 2-8 151 

30. Frequency Distribution of the Number of 
Misclassifications on the Training Data in the 
Neural Network with a Learning Rate of 0.6 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-8 152 

31. Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the 
Neural Network with a Learning Rate of 0.6 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-8 . 152 

32. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.01 and a Momentum of 
0.9 for Examination of the Replicability of the 
Neural Network Solution: Case 2-8 153 

33. Frequency Distribution of the Number of 
Misclassifications on the Training Data in the 
Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-8 154 

34. Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the 
Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-8 . 154 

v i m 



35. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with 
a Learning Rate of 0.6 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural 
Network Solution: Case 2-11 . 155 

36. Frequency Distribution of the Number of 
Misclassifications on the Training Data in the 
Neural Network with a Learning Rate of 0.6 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2 — 11 156 

37. Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the 
Neural Network with a Learning Rate of 0.6 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2—11 . . . . . . . . . . . . . . . 156 

38. The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network 
with a Learning Rate of 0.01 and a Momentum of 
0.9 for Examination of the Replicability of 
the Neural Network Solution: Case 2-11 157 

39. Frequency Distribution of the Number of 
Misclassifications on the Training Data in the 
Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-11 158 

40. Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the 
Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: 
Case 2-11 . 158 

41. ARL for a Standard Shewhart Control Chart with/ 
without Supplementary Runs Rules 159 

42. Parameter Specifications in the Simulation for 
the Training Data in Control Chart application. . 100 

43. ARL for Neural Network with 5=0 and S=5 for the 
Training Data 160 

x 



44. ARL for Neural Network with 5=0 and 6=6 for the 
Training Data 161 

45. ARL for Neural Network with <5=0 and 5=7 for the 
Training Data . . . . . . . . . . . . . . . . . . 162 

46. The ARLs on the Training Data of 5=0 and 5=5 
with a Cutoff Point of 0.5 for Examination of 
the Replicability of the Neural Network 
Solution . . . . . . . . 163 

XI 



LIST OF ILLUSTRATIONS 

Illustration Page 

1. XOR Problem . 4 

Human Neurons (Source: Reichert 1992, p.15) . . . . 26 

A Fully Connected Feed-Forward Neural Network . . . 28 

Artificial Neuron 29 

Sigmoid Function 31 

Sigmoid Function Derivative 31 

Weight Changes in the Delta Rule Along the 

Gradient of the Hyperparaboloid 34 

8. Forward and Backward Phases 3 6 

9. The Performance of Neural Network and 
Its Training Time . . . . . . . . . . . 49 

10. Learning in Progress When the Pattern of the 
Training Data Set Is Clear . 51 

11. Learning in Progress When the Pattern of the 
Training Data Is Unclear, or the Training Data 
Contain Noisy Data 51 

12. Learning in Progress When the Training Data 
Contain Outlier Data 52 

13. Plot for Performance of Neural Network with a 
Learning Rate of 0.9 and a Momentum of 0.0 
in the Different Training Time: Case 2-11 . . . . 165 

14. Plot for Performance of Neural Network with a 
Learning Rate of 0.9 and a Momentum of 0.1 
in the Different Training Time: Case 2-11 . . . . 166 

15. Plot for Performance of Neural Network with a 
Learning Rate of 0.9 and a Momentum of 0.3 
in the Different Training Time: Case 2-11 . . . . 167 

Xll 



16. Plot for Performance of Neural Network with a 
Learning Rate of 0.9 and a Momentum of 0.6 
in the Different Training Time: Case 2-11 . . . . 168 

17. Plot for Performance of Neural Network with a 
Learning Rate of 0.9 and a Momentum of 0.9 
in the Different Training Time: Case 2-11 . . . . 169 

18. Plot for Performance of Neural Network with a 
Learning Rate of 0.6 and a Momentum of 0.0 
in the Different Training Time: Case 2-11 . . . . 170 

19. Plot for Performance of Neural Network with a 
Learning Rate of 0.6 and a Momentum of 0.1 
in the Different Training Time: Case 2-11 . . . . 171 

20. Plot for Performance of Neural Network with a 
Learning Rate of 0.6 and a Momentum of 0.3 
in the Different Training Time: Case 2-11 . . . . 172 

21. Plot for Performance of Neural Network with a 
Learning Rate of 0.6 and a Momentum of 0.6 
in the Different Training Time: Case 2-11 . . . . 173 

22. Plot for Performance of Neural Network with a 
Learning Rate of 0.6 and a Momentum of 0.9 
in the Different Training Time: Case 2-11 . . . . 174 

23. Plot for Performance of Neural Network with a 
Learning Rate of 0.3 and a Momentum of 0.0 
in the Different Training Time: Case 2-11 . . . . 175 

24. Plot for Performance of Neural Network with a 
Learning Rate of 0.3 and a Momentum of 0.1 
in the Different Training Time: Case 2-11 . . . . 176 

25. Plot for Performance of Neural Network with a 
Learning Rate of 0.3 and a Momentum of 0.3 
in the Different Training Time: Case 2-11 . . . . 177 

26. Plot for Performance of Neural Network with a 
Learning Rate of 0.3 and a Momentum of 0.6 
in the Different Training Time: Case 2-11 . . . . 178 

27. Plot for Performance of Neural Network with a 
Learning Rate of 0.3 and a Momentum of 0.9 
in the Different Training Time: Case 2-11 . . . . 179 

x m 



28. Plot for Performance of Neural Network with a 
Learning Rate of 0.1 and a Momentum of 0.0 
in the Different Training Time: Case 2-11 . . . . 180 

29. Plot for Performance of Neural Network with a 
Learning Rate of 0.1 and a Momentum of 0.1 
in the Different Training Time: Case 2-11 . . . . 181 

30. Plot for Performance of Neural Network with a 
Learning Rate of 0.1 and a Momentum of 0.3 
in the Different Training Time: Case 2-11 . . . . 182 

31. Plot for Performance of Neural Network with a 
Learning Rate of 0.1 and a Momentum of 0.6 
in the Different Training Time: Case 2-11 . . . . 183 

32. Plot for Performance of Neural Network with a 
Learning Rate of 0.1 and a Momentum of 0.9 
in the Different Training Time: Case 2-11 . . . . 184 

33. Plot for Performance of Neural Network with a 
Learning Rate of 0.01 and a Momentum of 0.0 
in the Different Training Time: Case 2-11 . . . . 185 

34. Plot for Performance of Neural Network with a 
Learning Rate of 0.01 and a Momentum of 0.1 
in the Different Training Time: Case 2-11 . . . . 186 

35. Plot for Performance of Neural Network with a 
Learning Rate of 0.01 and a Momentum of 0.3 
in the Different Training Time: Case 2-11 . . . . 187 

36. Plot for Performance of Neural Network with a 
Learning Rate of 0.01 and a Momentum of 0.6 
in the Different Training Time: Case 2-11 . . . . 188 

37. Plot for Performance of Neural Network with a 
Learning Rate of 0.01 and a Momentum of 0.9 
in the Different Training Time: Case 2-11 . . . . 189 

xiv 



CHAPTER I 

INTRODUCTION 

Overview of Neural Networks 

In recent years, neural networks developed as a result 

of the quest for artificial intelligence (AI). AI 

researchers sought to develop a structure that parallels the 

human nervous system in order to create a computer model 

that can independently think and solve problems. One result 

of this AI work is neural networks. These neural networks 

are also called artificial neural systems, connectionist 

systems, neurocomputers, parallel distributed processing 

models, adaptive systems, and self-organizing systems 

(Caudill 1987; Nelson and Illingworth 1991). 

Neural networks are computer-based simulations of 

living nervous systems and have a mathematical basis (Nelson 

and Illingworth 1991). According to Wasserman (1989), 

neural networks learn from experience, generalize from 

previous examples to new ones, and abstract essential 

characteristics from noisy and incomplete inputs. 

A neural network is comprised of simple processing 

elements called neurons that interact with each other using 

weighted connections. A typical neural network has three 

layers of neurons: input layer neurons, hidden layer 



neurons, and output layer neurons. Input values in the 

input layer are weighted and passed to the hidden layer. 

Neurons in the hidden layer produce outputs based on the sum 

of the weighted values passed to them. In the same way, the 

values in the hidden layer are weighted and passed to the 

output layer to produce the final results. In the process 

of learning, the neural network adjusts the interconnecting 

weights. When the outputs produced by the neural network 

are compared to desired outputs, the connecting weights are 

adjusted in the direction of the desired outputs. This 

process, referred to as "learning", is explained in chapter 

3. 

There are two main phases in the operation of a neural 

network: training and testing. Training is the process of 

adjusting the connection weights in response to the amount 

of error that the neural network is generating. Testing is 

the process that examines how well the neural network is 

able to generalize over the data set rather than memorizing 

the sample. 

Various algorithms exist to train neural networks, such 

as perceptrons, back propagation, counter propagation, the 

Brain-State-in-a-Box, the Hopfield network, 

ADALINE/MADALINE, and the Boltzmann machine (Maren 1989; 

Nelson and Illingworth 1991; NeuralWare 1991; Wasserman 

1989). Currently, the most widely used technique to train 

neural networks is back propagation using the algorithm 



known as the generalized delta rule. 

Back propagation is applied to hierarchical networks of 

one input layer, one or more hidden layers, and one output 

layer. The layer that supports a nonlinear function between 

the input layer and the output layer is called the hidden 

layer. The "exclusive OR" or XOR problem is examined to 

illustrate the need for a nonlinear function and its 

associated hidden layer. The XOR problem is a classical 

example of a nonlinear function that is solvable by neural 

networks that contain a hidden layer (Rumelhart, Hinton, and 

Williams 198 6). The XOR problem is described below. 

As illustrated in table 1, if the inputs are the same 

(both 0 or both 1), the output will be 0. If the inputs are 

different (one 0 and one 1), the output will be 1. As shown 

in figure 1, traditional linear functions cannot be used for 

solving the XOR problem because they cannot classify input 

patterns, as in table 1, into two categories with a straight 

line. That is, linear functions cannot create a straight 

line across the grid so that outputs of "zero" are on one 

side of the line and outputs of "one" are on the other side. 

However, a neural network with a hidden layer is capable of 

addressing the XOR problem because the hidden layer allows 

the neural network to classify the nonlinear input patterns. 

Further information on the "exclusive OR" problem is found 

in Nelson and Illingworth (1991) . 



Table 1.—XOR Problem 

Input Output 

(0,0) 
(0,1) 
(1,0) 
(1,1) 

Y 

(0. i) i J \ 

0 

^ * (1. n 

\ y - — «" X 
(0.0) \ u.0) 

\ 

Figure 1. XOR Problem 

Generally, the number of neurons in the input and 

output layers is determined by the number of input and 

output variables. Unfortunately, there are no documented 

procedures for determining the number or structure (one or 

two hidden layers) of hidden neurons that are optimal for 

each problem. In addition, back propagation requires 

deciding the learning rate and momentum for training the 

neural network. The learning rate is a measure of the speed 

of convergence of the current weight vector to the ideal 

weight vector (Caudill 1988a), and the momentum determines 



the effect of past weight changes on the current direction 

of movement in weight space (Rumelhart, Hinton, and Williams 

1986}. Different problems may require different values of 

the learning rate and momentum, but there are no formalized 

procedures for a given problem. 

The performance of the neural network is affected by-

its learning rate, momentum, and number of hidden neurons. 

Furthermore, these parameters are problem-specific. This 

study focuses on providing a heuristic procedure for 

specifying parameters in a neural network configuration for 

Shewhart X-bar control chart applications. The study 

analyzes the performance of the neural network when the 

number of hidden neurons, learning rate, and momentum are 

different, and develops specifications for these parameters 

of neural network models in Shewhart X-bar control chart 

applications because there are no formalized procedures for 

the selection of these parameters. Also, a heuristic 

procedure for specifying these parameters can save time and 

cost for training a neural network, and it can increase 

accuracy and consistency. In addition, this study compares 

the performance of the neural network control chart models 

using the developed heuristic procedure with that of the 

Shewhart X-bar control chart. Therefore, the heuristic 

procedures that are developed for specifying parameters in 

this study are limited to the tested problems of neural 

network control chart applications. 



Applications of the Neural Network 
in Shewhart X-bar Control Charts 

Since W. Edwards Deming visited Japan in 1949 to teach 

the Japanese the use of statistical methods in quality 

control, many Japanese companies have achieved a quality-

based competitiveness. Several researchers (Garvin 1984; 

Hayes 1981; Juran 1978; Takeuchi 1981; Trevor 1986) have 

suggested that the success of the Japanese is significantly 

aided by their pursuit of quality. According to Reitsperger 

(1986), a strategic focus on quality is important in 

maintaining a competitive advantage because quality 

improvements have a favorable impact on cost and 

productivity. 

Garvin (1984) emphasized that the Japanese success in 

quality reflects their well-organized quality control 

system, including utilization of statistical methodologies. 

Braverman (1981) defines the concept of statistical quality 

control (SQC) as follows: "SQC is the application of 

statistical techniques in all stages of an operation in 

order to meet established standards of quality in the most 

economical manner" (Braverman 1981, p.6). Statistical 

quality control (SQC) or statistical process control (SPC) 

is used to find unusual variations and to remove the causes 

of such variations. Although SQC or SPC is frequently 

perceived as the use of control charts in manufacturing, the 

concept of SQC or SPC has evolved into companywide quality 



management (CWQM) and includes all aspects of a company's 

operations—products, marketing, service, planning, etc. 

(Hutchins 1991}. CWQM is also known as total quality 

management (TQM). 

The availability of computer-intensive statistical 

techniques increases as a function of the increasing 

capabilities of computer systems. Such availability 

increases both because existing techniques are easier to 

employ and because new techniques are developed. The 

development of new and better techniques for the analysis of 

data in quality improvement applications enhances the 

opportunities for data analysis to contribute to the total 

quality effort, because such effort results in reduced costs 

and improved quality. For example, by developing new 

statistical quality control techniques, a company can bring 

about dramatic improvements in product quality and a 

reduction of spoilage and rework. 

In recent years, neural networks developed as an 

alternative to classical statistical methodologies such as 

discriminant analysis. In contrast to statistical 

approaches, a neural network approach may succeed under the 

following conditions: 

1. Underlying distributions are unknown or are 

generated by nonlinear processes. 

2. Outliers or irrelevant data exist. 

3. A large number of attributes describes the inputs. 
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4. Noise or distortion complicates analysis. 

5. The chosen model becomes inappropriate (Burke 1991). 

In addition, neural networks do not require the same 

assumptions about the underlying distribution as do 

classical statistical methodologies. 

Shewhart X-bar control charts are widely used in 

statistical quality control. Shewhart X-bar control charts 

identify two types of causes of variation: chance causes and 

assignable causes (Hutchins 1991). When a point is inside a 

control limit, the process is said to be in-control. On the 

other hand, when a point is outside a control limit, the 

process is said to be out-of-control. Appropriate 

assignment of the cause for the out-of-control signal allows 

elimination of the cause and recommendations to prevent its 

reoccurrence. 

This study focuses on specifications for the parameters 

(the number of neurons in a single hidden layer, learning 

rate, and momentum) of neural network models in Shewhart X-

bar control chart applications. Although the number of 

hidden layers is a parameter, a single hidden layer is 

considered in this study because a neural network with more 

than one hidden layer may increase the training time without 

a significant performance improvement (Chang et al. 1991; 

Dutta and Shekhar 1988; Salchenberger, Cinar, and Lash 

1992). Also, as an illustration of the appropriate use of 

the heuristic procedure developed for neural network 



configurations in Shewhart X-bar control chart applications, 

this study compares the performance of neural networks with 

that of Shewhart X-bar control charts. 

Purpose, Problem, and Significance 

The purposes of this study are as follows: 

1. To analyze the performance of neural networks when 

the number of neurons in a single hidden layer, 

learning rate, and momentum are different, and to 

develop specifications for these parameters of 

neural network models in Shewhart X-bar control 

chart applications 

2. To examine the replicability of the neural network 

solution when the neural network is retrained 

several times with a different random initial weight 

each time 

3. To compare the performance of neural networks with 

that of Shewhart X-bar control charts with/without 

supplementary runs rules for detecting shifts in the 

process mean 

Research into developing a heuristic procedure for 

specifying the parameters of neural network models is 

motivated by the lack of a structured approach for 

developing a neural network configuration for a given 

problem. Currently, the most widely used technique to train 

neural networks is back propagation. However, the back 
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propagation technique has a major drawback that requires 

further elaboration. 

It is required that a user have sufficient expertise to 

decide the number of neurons in the hidden layers, the 

learning rate, and the momentum. The selection of these 

factors is problem-dependent and, at this time, there are no 

established methods for identifying the appropriate values. 

Since no documented procedures exist for the development and 

selection of these parameters, experience provides rules of 

thumb that guide the user. Thus, there is a need for 

developing more formal procedures in the selection of these 

factors. 

In addition, whenever a user starts to train a neural 

network, the user needs to select initial weights. One 

option is to randomly select these initial weights. 

However, when a neural network is trained several times with 

the same data, different initial random weights are assigned 

each time although the same momentum, learning rate, and 

number of hidden neurons are used. This difference in 

initial weights results in a different final weight, and the 

solutions from the same neural network configurations may or 

may not be the same. That is, when using a random starting 

weight value, an infinite number of neural network models 

may exist for the same data set and the same neural network 

conf iguration. 

In this study, replicability is defined as the 
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consistency of the results that are obtained from these 

different neural network models for the same data. This 

potentially infinite number of models is the motivation for 

the replicability study because, in application, the 

consistency of the results (e.g., number of 

misclassifications) is more important than the internal 

characteristics of the neural network model. 

Few studies (Pugh 1989, 1991) exist on a comparison of 

neural networks and control charts, and these previous 

studies are limited and unclear. This research into the 

application of neural networks to Shewhart X-bar control 

charts is motivated by the limited number of existing 

studies in this area. 

A neural network without training is useless. Many 

researchers (Gorman and Sejnowski 1988; Hoskins, Kaliyur, 

and Himmelblau 1990; Marquez et al. 1991; Wong 1991) pointed 

out the problems in training that arise when using the back 

propagation technique. The problems addressed include the 

selection of the number of neurons in the hidden layer and 

the adjustment of the learning rate and momentum. However, 

none of these works provides specific recommendations for 

resolving these problems, and they rely on experimental 

results in order to decide the appropriate values. The 

training of a back propagation network without any fixed 

procedures for choosing the number of neurons in the hidden 

layer, learning rate, and momentum will be time consuming. 
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A heuristic procedure for determining these parameters can 

save time and cost, and it can also increase accuracy and 

consistency. In addition, if the neural networks produce 

the same solution when using the same configuration but 

different initial random weights, the results from the 

neural networks will be reliable. 

If neural networks perform better than existing 

Shewhart X-bar control charts, the results will provide 

practical use for the methodology. However, even if the 

performance of the neural network models is at least as good 

as those of the Shewhart X-bar control charts, this 

exploration could be considered useful. In such a case, it 

would assist in defining the limitations of neural networks 

for these applications. Therefore, exploration of the 

applicability of neural networks to Shewhart X-bar control 

charts may provide a major contribution to both the 

literature and to practice. For example, Shewhart X-bar 

control charts are more effective in detecting large shifts 

and are less efficient in detecting small shifts in the 

process mean than are CUSUM charts (Runger and Pignatiello 

1991). If neural networks are found to outperform Shewhart 

X-bar control charts for small shifts and, if they perform 

about as well for large shifts, their practical application 

would be likely. 
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Organization of the Study 

This study is organized into six chapters. Chapter 1 

contains introductory material providing an overview of 

neural networks with Shewhart X-bar control chart 

applications, and it also presents the purpose, problem, and 

significance of the study. Chapter 2 provides a review of 

the literature concerning the application of neural networks 

to problems appropriate for traditional statistical 

methodologies. Chapter 3 presents the background of neural 

network models and Shewhart X-bar control charts. Chapter 4 

provides an analysis of the configurations of neural 

networks and procedures for the selection of neural network 

models in Shewhart X-bar control charts. Also, the 

replicability of the neural network solution is discussed in 

the chapter 4. Chapter 5 provides an illustration of the 

appropriate use of the heuristic procedure developed for 

neural network configurations through a comparison of neural 

networks and Shewhart X-bar control charts. Chapter 6 

presents a summary of the findings, a description of the 

limitations of the study, and suggestions for the future 

direction of research. 



CHAPTER II 

LITERATURE REVIEW 

The primary purpose of this study is to develop 

specifications for the number of neurons in a single hidden 

layer, learning rate, and momentum of neural network models 

in Shewhart X-bar control chart applications. This 

literature review is restricted to published works 

concerning the application of neural networks versus 

traditional statistical methodologies. 

A number of studies (Chow and Yee 1991; Dutta and 

Shekhar 1988; Gorman and Sejnowski 1988; Hoskins, Kaliyur, 

and Himmelblau 1990; Lu and Lu 1991; Nam and Prybutok 1992; 

Raghupathi 1991; Raghupathi, Schkade, and Raju 1991; Rakes 

et al. 1990a; Rakes et al. 1990b; Surkan and Singleton 1990; 

Yoon and Swales 1991a, 1991b) addressed the use of neural 

networks in discriminant analysis. Dutta and Shekhar's 

"Bond Rating: A Non-Conservative Application of Neural 

Network" (1988) is a fundamental study on this subject. 

They applied neural networks to a classification problem for 

predicting the rating of corporate bonds. The researchers 

experimented with two different neural network 

configurations. One is two-layered neural networks (input 

layer and output layer), and another is three-layered neural 

14 
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networks (input layer, hidden layer, and output layer) with 

a different number of hidden nodes. The performance of the 

neural networks was compared with regression analysis. 

Dutta and Shekhar also compared the various neural network 

configurations against themselves. Their findings are as 

follows: First, neural networks perform better than linear 

regression for the classification problem in bond rating. 

Second, although the total squared error decreases for a 

neural network with a larger number of layers in the 

learning phase, there are no significant differences in 

results for the testing phase. In this study, the 

comparisons are between neural networks and linear 

discriminant functions. However, it will be meaningful to 

compare the performance of a neural network with that of a 

nonlinear function like quadratic discriminant analysis 

because the neural network has a distinct advantage over a 

linear function in the presence of nonlinearity. 

Surkan and Singleton (1990) indicated how to configure 

and train neural networks for bond rating and compared the 

neural network models with linear discriminant functions. 

They emphasized that, when neural networks are trained to 

generalize from small training sets, it is necessary to 

filter incorrectly labeled data. Also, they suggested that 

fewer prototypical training data with correct labels are 

preferable to larger training data contaminated by a small 

number of errors. Their findings, based on experiments on 



16 

the effects of the number and size of hidden layers, are 

described below. First, they found that the number of 

neurons in a single hidden layer could be varied over a 

relatively wide range without significantly degrading the 

classification performance. Second, they found that neural 

networks with two hidden layers perform better than the 

single hidden layer network using their bond rating data. 

Their comparison of neural networks with linear discriminant 

techniques shows that neural networks with single or 

multiple hidden layers outperformed the linear discriminant 

techniques for rating bonds. Again, in this study, the 

researchers failed to describe why they limited the 

methodologies compared with neural networks to linear 

discriminant analysis. Comparison of neural networks and 

other nonlinear statistical techniques, such as quadratic 

discriminant analysis, may have reduced or eliminated their 

reported advantages of neural networks. 

Rakes et al. (1990a, 1990b) compared neural networks to 

the linear programming (LP) model for two-group discriminant 

analysis. Rakes et al (1990a) generated five data sets for 

a case of end-to-end group orientation, 50 percent overlap, 

and equal variance-covariance matrices. The first data set 

was used for both training the neural network and building 

the discriminant function for the LP model. The remaining 

four sets were used for the testing sets of the two methods. 

They found that, in the testing sets, the neural network was 
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as good as or better than the LP model. Rakes et al. 

(1990b) also considered the effect of sample size on the 

comparison. Their work shows that, as total sample size in 

the training set increases, the performance of the neural 

network is improved at a faster rate than that of the LP 

model. 

Raghupathi, Schkade, and Raju (1991) presented an 

application of neural networks to bankruptcy prediction. 

They collected financial statements for a total of 102 

companies and used thirteen financial ratios on these 

companies as their input variables. They explored two 

different neural network configurations in their experiment. 

One configuration is one hidden layer with 10, 15, and 20 

nodes. The other is two hidden layers with 10 and 15 nodes. 

Their work shows that the configuration with two hidden 

layers provides more correct classifications than the single 

hidden layer. The main drawback to this study is that the 

researchers failed to compare neural networks with 

traditional statistical techniques for a meaningful 

comparison. 

Nam and Prybutok (1992) compared the performance of a 

neural network model with both linear discriminant analysis 

(LDA) and quadratic discriminant analysis (QDA) for the two-

group classification problem. In this work, simulation was 

conducted to investigate empirically the performance of the 

neural network approach against both the linear discriminant 
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and quadratic discriminant approaches to the classification 

problem when sample sizes, populations variances, and group 

dispersion are varied. Their results indicate that the 

neural network approach did slightly better than LDA and 

slightly worse than QDA. 

Two recent works (Salchenberger, Cinar, and Lash 1992; 

Tam and Kiang 1992) compared the performance of the neural 

network with that of statistical discriminant models in 

financial applications. Salchenberger, Cinar, and Lash 

(1992) compared the performance of a neural network model 

with that of the logit model for predicting thrift failures. 

The data consist of financial data on savings and loan 

associations taken from Federal Home Loan Bank Board 

quarterly tapes for the period January 198 6 to December 

1987. Their results show that the neural network performed 

as well or better than the logit model. Also, they found 

that, when the cutoff point was lowered, the reduction in 

Type I errors was accompanied by greater increases in Type 

II errors for the logit model than for the neural network. 

This may be an important result when the cost of committing 

Type I and Type II errors is considered. 

Tam and Kiang (1992) compared the performance of the 

neural network with that of discriminant analysis and the 

logit model in bank bankruptcy cases. The sample data 

consist of the records of Texas banks in the period 1985-

1987. The researchers found that the neural network 
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provides better predictive accuracy than discriminant 

analysis and logit models. However, it is noted that the 

comparison is based on a training data set with an equal 

proportion of failed and nonfailed banks. In fact, 

comparisons of neural networks with the other statistical 

techniques on the training data set were conducted as part 

of this work. The neural network performed better than that 

of the other statistical techniques, and this performance is 

attributed to the ability of the neural network models to 

memorize the training data after a large number of training 

runs. 

The use of neural networks for online process control 

introduces a new research area. Pugh (1989) compared neural 

networks with x-bar control charts on the basis of average 

run length and accuracy. Monte Carlo simulation was used to 

generate data for the experiment. The three-layer back 

propagation network was selected for the experiment with 

five input neurons, four neurons in a single hidden layer, 

and one output neuron. The neural network was trained by 

the repeated presentation of training data that consisted of 

three hundred random sets with an equal likelihood of 

selection from any of three population groups. Pugh's work 

shows that the average run length is about the same for the 

neural networks as for an X-bar control chart with the 

control limits set at two standard deviations about the 

mean. Pugh also found that the percentage error observed 
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for the neural network is comparable to a two-sigma X-bar 

chart. However, as Pugh observed, it is not clear whether 

these results are due to the fact that a two-standard 

deviation shift was used in constructing the training set. 

Pugh (1991) extended his previous work (1989) in a 

comparison of neural networks to the standard control 

charts. A four-layer back propagation network was selected 

with five input neurons, two hidden layers of four neurons 

each, and a single output neuron. Pugh suggested that the 

neural networks can be designed to be approximately equal to 

that of standard X-bar control charts in Type I errors and 

to exceed the performance of standard X-bar control charts 

in Type II errors. 

Research Questions on Neural Network Model Parameters 

Previous literature (Chang et al. 1991; Gorman and 

Sejnowski 1988; Marquez et al. 1991; Salchenberger, Cinar, 

and Lash 1992; Tam and Kiang 1992; Yoon and Swales 1991b) 

emphasized that determining the number of neurons for the 

hidden layer is more an art than a science and that only 

trial and error assist in making this choice. For example, 

Tam and Kiang (1992) pointed out that "deciding how many 

hidden units to use is part of the modeling process itself" 

(p.944) . 

In the application of a neural network for time series 

forecasting, Chang et al. (1991) stated that "to reduce the 
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arbitrariness in choosing the network size, new avenues of 

integrating statistical methods with neural network 

algorithms need to be explored" (p.1718). 

In their study on the performance comparison of neural 

networks and univariate regression models, Marquez et al. 

(1991) noted the following: 

Guidelines are needed to deal with the enormous number 
of choices and decisions the model builder has to make. 
Without these guidelines, the procedure for selecting 
the structure of a neural network will continue to be 
essentially a trial and error process. The selection of 
the training parameters also remains a trial and error 
process. Even the trial and error process itself can be 
done interactively or in batch mode. It is hoped that 
more systematic guidelines will be developed soon. 
(p.133) 

Determining the learning rate and momentum is an 

important factor for training neural networks when the 

pattern of the training data is unclear or noisy, because 

the performance of the neural network is affected by its 

training time. However, no systematic research on the 

analysis of the training time, learning rate, and momentum 

was found. This uncertainty about the choices of neural 

network configuration raises the following research 

questions: How does the number of hidden neurons of a neural 

network affect its performance in Shewhart X-bar control 

chart applications? How is the performance of the neural 

network affected by its training time and training data 

pattern when the learning rate and the momentum are 

different? 
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This study investigates the performance of neural 

networks when the number of neurons in the hidden layer, 

learning rate, and momentum are varied, and it offers a 

heuristic procedure for selecting these parameters in 

Shewhart X-bar control chart applications. 

Research Question on Replicability 

It is the intent of this study to examine the 

replicability of neural network solutions because no 

previous work has addressed this issue, and it is important 

to answer questions about the replicability before 

recommending control chart applications. Thus, the research 

question is described as follows: When a neural network is 

trained several times with the same data, each time starting 

with different initial random weights but with the same 

momentum, learning rate, and number of hidden neurons, do 

neural networks produce the same number of 

misclassifications? 

Research Questions on Shewhart X-Bar Control Charts 

In this study, the performance of neural networks in 

Shewhart X-bar control chart applications is examined to 

demonstrate the capability of neural networks for these 

applications and to illustrate the appropriate use of the 

specifications of the number of hidden neurons, learning 

rate, and momentum developed for training neural networks. 

The performance of a control chart is often evaluated using 
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the average run length (ARL). The ARL is defined as the 

average number of subgroups that are observed from a process 

before an out-of-control signal is given by the chart 

(Runger and Pignatiello 1991). When the process is in 

control, it is desirable to have a large ARL. However, if 

the mean of the process has shifted, it is desirable to have 

a small ARL. The Shewhart X-bar control chart is less 

efficient in detecting small shifts, but it is more 

efficient for large shifts in the process mean than some 

alternative process monitoring techniques such as the CUSUM 

chart (Runger and Pignatiello 1991). Consequently, there is 

a need for new approaches that improve the performance of 

Shewhart X-bar control charts in detecting small shifts in 

the mean (e.g., Shewhart X-bar control charts with 

supplementary runs rules) (Runger and Pignatiello 1991). 

Two articles (Pugh 1989; 1991) were found in the 

comparison of neural networks and control charts. However, 

these studies were unclear and limited. For example, Pugh 

(1989) showed that the average run length of the neural 

network was about the same as that of an X-bar control chart 

with the control limits set at two standard deviations about 

the mean. However, it is not clear if these results were 

due to the fact that a two-standard deviation shift was used 

in constructing the training set. Further research is 

required. Also, Pugh (1989) noted: 
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Although the network performed as well as a traditional 
control chart, sensitivity is not on par with 
sophisticated runs rules. Further investigation is 
clearly called for and has begun, (p.25) 

Thus, research in Shewhart X-bar control chart 

applications results in the following research questions: Is 

the average run length (ARL) using neural networks shorter 

than the ARL using Shewhart X-bar control charts when the 

process is out-of-control? Is the ARL using neural networks 

longer than the ARL using Shewhart X-bar control charts when 

the process is in-control? Is the ARL using neural networks 

equal to or shorter than the ARL using Shewhart X-bar 

control charts with supplementary runs rules when the 

process is out-of-control? Is the ARL using neural networks 

equal to or longer than the ARL using Shewhart X-bar control 

charts with supplementary runs rules when the process is in-

control? 



CHAPTER III 

THEORETICAL FRAMEWORK 

Background of Neural Network 

The Human Brain and Neurons 

Neural networks are computer models that attempt to 

match the functionality of the human brain in an analogous 

manner (NeuralWare 1991}. Therefore, knowledge of the human 

brain is beneficial in understanding neural networks. The 

human brain consists of tens of billions of interconnected 

neurons. A neuron is a nerve cell with all of its 

processes. Most neurons are composed of a cell body, or 

soma, an axon, and one or more dendrites (see figure 2) 

(Nelson and Illingworth 1991; NeuralWare 1991). The soma 

acts as an integrative processing unit by receiving and 

integrating signals from other neurons through input 

processes called dendrites. If the combined signals are 

sufficiently strong, that is, if the incoming signal 

strength is at or above the neuron's threshold, the soma 

sends a new signal to the output path. The output path is 

along the axon, which connects to other neurons or muscle 

cells. When the axon of a neuron connects to dendrites of 

other neurons, the signal must pass through a junction 

called a synapse. Synapses are the gaps between two neurons 
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Figure 2. Human Neurons (Source: Reichert 1992, p.15) 
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in a neural pathway where the end of the axon of a neuron 

comes into close proximity with the dendrites of other 

neurons (see figure 2). Chemicals called neurotransmitters 

transfer the signal across the synapse. The amount of 

neurotransmitters released depends on the strength of the 

synaptic connection. The ability to adjust synaptic 

strengths is a proposed mechanism for learning. For more 

detailed discussion and explanation of the human brain and 

neurons, see Arbib (1989), NeuralWare (1991), and Nelson and 

Illingworth (1991). 

Neural Network Models 

A neural network is comprised of simple processing 

elements called neurons that interact with each other using 

weighted connections. Figure 3 shows a fully connected 

feed-forward neural network. The term fully connected means 

that all processing elements in any one layer are connected 

to all processing elements in the next higher layer. A 

typical feed-forward neural network has three layers of 

neurons: input layer neurons, hidden layer neurons, and 

output layer neurons. Input values in the input layer are 

weighted and passed to the hidden layer. Neurons in the 

hidden layer produce outputs based on the sum of the 

weighted values passed to them. In the same way, the values 

in the hidden layer are weighted and passed to the output 

layer to produce the final results. The neural 
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Figure 3. A Fully Connected Feed-Forward Neural Network 

network learns by adjusting the interconnecting weights. 

When the outputs produced by the neural network are compared 

to desired outputs, the connecting weights are adjusted in 

the direction of the desired outputs (for example, see 

NeuralWare [1991]; Rumelhart, McClelland, and the PDP 

Research Group [1986]; and Wasserman [1989]). 

Artificial Neuron 

Figure 4 shows the activities that take place at the 

artificial neuron. The process of computing that takes 

place in a neural network can best be understood by 

examining these activities. Let xx, x2, ... Xn be the inputs 

and wx, w2/ ... wn represent the associated weights. 

Mathematically, the inputs and the weights can be expressed 

as vectors, such as (xX/ x2, ... x„) and (w2, w2, ... wn) . 
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Y = DESIRED OUTPUT 
NET = (X,W,) + (X W2) + + (X Wn) 
F(NET) = l/(l+e"Nrr) for Sigmoid Function 
F'(NET) = F(NET)*(1-F(NET)) 
ERROR = (Y - F(NET)) 
€ = (ERROR) (F'(NET)) 
AW. = (LEARNING RARE) * e * Xf 
NEW W. = OLD W. + AWf + (MOMENTUM * AOLD W.) 

Where i = 1,2,....n. 
LEARNING RATE = Rate at which weights adjust 

to correct for errors. 
MOMENTUM = A factor used to smooth learning. 

Figure 4. Artificial Neuron 

The total input signal, NET, is the inner product of the two 

vectors {Nelson and Illingworth 1991). Thus, NET is defined 

as : 

NET = E WjXJ . 

NET is then transformed by a transfer function F to produce 

the neuron's output signal, F(NET). There is a variety of 

transfer functions available, such as a hard limiter, 

ramping function, sigmoid function, and hyperbolic tangent 

function {Nelson and Illingworth 1991). The sigmoid 
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function is the most widely used among this group and is 

defined: 

F (NET) = 1/(1 + e"NET) . 

The sigmoid function is shown in figure 5. 

The derivative of this function is given by 

F'(NET) = F(NET)(1-F(NET)). 

As shown in figure 6, this derivative looks like a bell, 

with relatively large values in the midrange and small 

values at either end (Caudill 1988b). 

Several features of the sigmoid function should be 

noted. First, its derivative reaches the maximum when 

F(NET) equals to 0.5 (Rumelhart, Hinton, and Williams 1986). 

Second, since 0<= F(NET) <=1, the derivative approaches its 

minimum when F(NET) approaches zero or one (Rumelhart, 

Hinton, and Williams 1986). Because the amount of change in 

a given weight is proportional to this derivative, very 

large weights can be changed midrange and very small weights 

can be changed at either end. Thus, this derivative 

contributes to the stability of the network (Caudill 1988b; 

Rumelhart, Hinton, and Williams 1986) . 

Figure 4 also shows the eight equations associated with 

the weight updating of all neural activity. These equations 

show that a summation of the absolute value of all weights 

emanating from each input to the hidden layer is directly 

proportional to the specific input's role in the overall 

relative order of significance (Davis and Illingworth 1989). 
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This fis the basis of how the ranking of input variable 

contributions in the neural network is obtained. 

F(NET) 
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Figure 5. Sigmoid Function 

F'(NET) 

Figure 6. Sigmoid Function Derivative 



32 

Back Propagation Neural Network 

There are two main phases in the operation of a neural 

network: training and testing. Training is the process of 

adjusting the connection weights in response to the amount 

of error that the neural network is generating. Testing is 

the process that examines whether the neural network has 

generalized over the data set rather than memorizing the 

sample. There are two basic types of training: supervised 

training and unsupervised training. In supervised training, 

the neural network is fed a set of input values and gener-

ates an output. This output is compared to the desired 

output, and the error is the difference between these two 

values. This error is fed back through the neural network, 

and the weights are changed to reduce its magnitude 

(Wasserman 1989). In unsupervised training, no target 

output is required. Thus, the output of the neural network 

is not compared to any "desired" output. 

Various algorithms exist to train neural networks, such 

as perceptrons, back propagation, counter propagation, the 

Brain-State-in-a-Box, the Hopfield network, 

ADALINE/MADALINE, and the Boltzmann machine (Maren 1989; 

Nelson and Illingworth 1991; NeuralWare 1991; Wasserman 

1989). Currently the most widely used technique to train 

the feed-forward neural networks is back propagation, which 

is known as the generalized delta rule. 

The original training rule that modifies the weights of 
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a neuron by adding a vector of changes to the current vector 

of weights is called the delta rule (Caudill and Butler, 

1992). A neural network that uses a training rule, called 

the delta rule, is called ADALINE (ADAptive LINear Element) 

(Caudill 1988a). A back propagation neural network modifies 

the delta rule to make it appropriate for a multilayered 

neural network, and the result is called the generalized 

delta rule (Caudill and Butler, 1992). 

Developed by Bernard Widrow and Ted Hoff at Stanford 

University in 1960, the delta rule is based on the idea of 

continuously modifying the strengths of the connections to 

minimize the difference (the delta) between the observed and 

the desired output (Caudill 1988a; Caudill and Butler, 1992; 

Harston and Maren 1990). This rule is also called the Least 

Mean Square rule (LMS) because it minimizes the overall mean 

squared error (Caudill and Butler, 1992; Nelson and 

Illingworth 1991). A geometric interpretation of the delta 

rule is described below. The aggregate mean squared error 

is a quadratic function of the weight vector. Therefore, 

the plot of the mean squared error versus the possible 

weight vectors shows a parabola, as shown in figure 7 

(Caudill 1988a). The parabola has only a vertex that 

represents the minimum mean squared error. The weight 

vector with this minimum error is the ideal weight vector. 

This ideal weight vector is obtained by falling down the 

negative gradient of the parabola. Because the negative 
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Gradient of the Hyperparaboloid 

gradient is the steepest descent of the curve at any given 

point, the delta rule takes the most direct route from the 

current weight vector to the ideal weight vector (Caudill 

1988a). 

The delta rule implements gradient descent in sum of 

squared error for linear function. Without hidden layers, 

the delta rule provides a paraboloid-shaped bowl with only 

one minimum, so gradient descent is guaranteed to find the 

best set of weights (Rumelhart, Hinton, and Williams 1986). 

Thus, the delta rule is easy to apply to the output layer 

for computing the error because actual output and desired 

output are known in the output layer. However, the delta 

rule is not applied to the hidden layer for adjusting error 
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because the desired output is unknown in the hidden layer 

(Caudill 1988b; Nelson and Illingworth 1991). 

The neural network that uses the generalized delta 

rule, an extension of the delta rule, is called back 

propagation. Werbos originally published this rule in 1974, 

followed by Parker in 1985, and Le Cun in 1986 (Harston and 

Maren 1990). Rumelhart and McClelland (1986) popularized 

this rule in their book Parallel Distributed Processing. 

Commonly, the generalized delta rule is applied to 

hierarchical networks of one input layer, one or more hidden 

layers, and one output layer. The layer that supports the 

nonlinear function between the input layer and the output 

layer is called the hidden layer. Thus, back propagation 

requires a nonlinear transfer function such as the sigmoid 

function because the derivation of the generalized delta 

rule requires a continuous and differentiable nonlinear 

transfer function. Nonlinear transfer functions used along 

with hidden layers, however, bring in nonconvex error 

surfaces. By keeping the learning rates low, some of the 

nonconvexities may be circumvented. 

The generalized delta rule procedure involves two 

phases: a forward phase and backward phase. During the 

forward phase, the input is presented and propagated forward 

through the hidden layer to an output value. The output 

value is compared with the desired output to compute the 

error (Nelson and Illingworth 1991; Rumelhart, Hinton, and 
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Figure 8. Forward and Backward Phases 

Williams 198 6; Wong 1991). After the appropriate weight 

changes are made from the forward phase, the backward phase 

propagates the errors back from the output layer to the 

input layer through the hidden layer (Rumelhart, Hinton, and 

Williams 1986; Wong 1991) (see figure 8). 

The logical process of the backward phase is explained 

by Caudill (1988b, 1991). Two potential reasons for the 

neurons in the output layer to provide an incorrect answer 

are discussed below. First, the weight assigned from the 

output layer may be incorrect. Second, the hidden layer 

neurons can generate the wrong input signals to the output 

layer. Wrong input signals result because the generalized 

delta rule backpropagates the errors for each output layer 

neuron to the hidden layer, using the same interconnections 

and weights as the hidden layer used to pass outputs to the 
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output layer, and the generalized delta rule calculates an 

error for each hidden layer neuron based on its portion of 

the blame for the error of the output layer. 

Rumelhart, Hinton, and Williams (1986) described the 

generalized delta rule with the following steps. The rule 

for changing weights of input/output pair P is given by 

ApWji = ^TPj - °pj>Xpi = ^eP3XPi' W 

where 7} is a scalar constant which determines the learning 

rate, Tpj is the desired output for jth component of the 

output pattern for pattern p, 0pj is the jth element of the 

actual output pattern produced by the neural network for the 

input pattern p, Xpi is the value of the ith element of the 

input pattern, epJ = Tpj - 0pj, and ApW3i is the change to be 

made to the weight from the ith to the jth element following 

presentation of pattern P. 

Let Ep = constants (Tpj - 0pj)
 2 (2) 

be the measure of the error on input/output pattern P, and 

let E = ZEp be the overall measure of the error. 

The goal of the learning process in the generalized delta 

rule is to minimize E by adjusting W (weight) through 

successive learning iterations. The generalized delta rule 

is a gradient descent algorithm in which weights in the 

neural network are iteratively modified to minimize the 

overall mean square error between desired and actual output 

values for all output units over all input patterns. The 

amount that the weights are to be adjusted for each input 
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pattern is determined by the derivative of the error 

function in equation 2 with respect to the weight as 

follows: 

ApWji = - (constant) * ((SEp/fSŴ ) (3) 

A nonlinear transfer function is one in which 

Op] = F,(NETpj) (4) 

and Fj is differentiable and nondecreasing. That is, the 

output of a neuron in the output layer is a continuous 

function of its input. If a unit is an output unit, its 

error signal (€pj) is given by 

Sj - (TPi " Opj)Fj'(NETp,) (5) 

where Fj'(NETp;|) is the derivative of the nonlinear transfer 

function, which maps the total input to the unit to an 

output value. 

If a unit is not an output unit, its error signal (epj) 

is written by 

e p J = F j ' ( N E T p J ) S e p k W k j . ( 6 ) 

For the sigmoid transfer function in which 

0p] = 1/(1 + e-
NET") , (7) 

its derivative is given by 

SOpj/<$NETpj = 0pj (1 - 0pj) . (8) 

Thus, ep] for an output layer unit is given by 

epj — ~~ ̂ pj)̂ pj (i ~ opj), (9) 

and ep] for the hidden layer unit is given by 

€pj — 0pj (1 — 0pj)2epkwkj. (10) 

The weights are updated using 
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(new) = WjjL (old) + rj * epj * 0pi (11) 

The modified generalized delta rule for increasing the 

learning rate without leading to oscillation is given as 

follows: 

Wji(new) = Wji (old) + rj * epj * 0pi + AW U (old) * a (12) 

where a is a scalar constant that determines the momentum. 

More detailed derivation steps for the generalized delta 

rule are provided by Rumelhart, Hinton, and Williams (1986). 

In summary, back propagation is an example of a 

gradient descent algorithm because the generalized delta 

rule iteratively modifies weights in the network in order to 

minimize the overall mean square error between the desired 

and actual output values for all output neurons. The 

weights are determined by the derivative of the error 

function with respect to the weight. The algorithm for back 

propagation takes the following steps: 

1. Apply the input vector to the network input. 

2. Compute the output of the network. 

3. Compare the output to the desired output. 

4. Compute the error between the network output and the 

desired output. 

5. Adjust the weights of the network in a way that 

minimizes the error. 

6. Repeat steps 1 through 5 for each vector in the 

training set until the error for the entire set is 

acceptably low (Wasserman 1989). 
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Characteristics of the Back Propagation Neural Network 

Briefly, there are three major characteristics of 

neural networks: adaptability, parallelism, and 

approximately numerical computation. 

First, the adaptability of the neural network is the 

basis of learning and generalization (Nelson and Illingworth 

1991). Neural networks can modify their behavior in 

response to their environment and learn to produce 

consistent responses (Wasserman 1989). Learning occurs when 

the weighted connections in the neural network are adjusted. 

Generalization is the ability of the neural network to 

respond to noisy or incomplete input data that it has not 

seen before (Nelson and Illingworth 1991). For example, the 

neural network learns the correlation between the input 

values and the desired output, and it then generalizes these 

relationships. After training, the neural network produces 

appropriate output in response to new input (VerDuin 1990) . 

Second, neural networks are structurally parallel. The 

computation of the networks is distributed over more than 

one neuron and is done simultaneously (Nelson and 

Illingworth 1991). 

Third, neural networks cannot do well the numerical 

computations that require exact answers. They give only a 

close value (Caudill 1987). For example, in the traditional 

computer, 1 + 1 = 2 . However, in the neural networks, 1 + 1 

= may be 2.001 or 1.999. Of course, it can also be 2. 
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Table 2 shows the difference between the traditional 

computer and the neural network. 

Table 2.—Comparison of Traditional Computer and Neural 
Network 

Traditional computer Neural Network 

Sequential Parallel 
No learning Learning 
Structured programming required No programming required 
Exact precision answers Close answers 

Current Limitations of the Back Propagation Neural Network 

Although the back propagation network is one of the 

most popular neural networks, it has several disadvantages 

that should be noted. First, back propagation is very slow 

(Caudill 1988b; Jacobs 1988; Nelson and Illingworth 1991). 

It requires many iterations of the input data to learn, and 

each iteration requires two phases (forward and backward) 

through the network (Caudill 1988b; Nelson and Illingworth 

1991). These iterations and phases may require an excessive 

training time (Burke 1991). Jacobs (1988) investigated back 

propagation neural network and analyzed that it may be slow 

to converge. As a result of his investigation, Jacobs 

proposed four heuristics (Steepest Descent, Momentum, Delta-

Bar-Delta, and Hybrid) for achieving faster rates of 

convergence through learning rate adaptation. Also, Ooyen 

and Nienhuis (1992) proposed a modification to the back 
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propagation method for improving the convergence of the back 

propagation algorithm. 

Second, the back propagation neural network requires 

off-line training (Nelson and Illingworth 1991). After the 

network is trained, its weights and connections are frozen 

to handle much higher speed input (Caudill 1988b). Thus, if 

new data or information arises, the neural network requires 

retraining (Burke 1991). 

Third, the back propagation neural network has the 

potential problem of converging at a local minimum. The 

local minimum occurs when the neural network finds an error 

that is lower than the current position but does not finally 

get to the smallest error (Nelson and Illingworth 1991). 

The generalized delta rule is an example of a gradient-

descent rule. The gradient-decent rule is equivalent to the 

hill-climbing problem described by Caudill (1988b). It 

takes the steepest descending route down from the current 

weight vector to the ideal weight vector. However, if there 

is a gully between the current weight vector and the ideal 

weight vector, there is the potential to stop in that gully 

and to go no farther downhill. This means that once in the 

gully, the neural network may converge at a local minimum. 

It should be noted that the local minimum problem may be a 

possible reason for different neural network solutions with 

different initial weights. Suggestions for avoiding the 

local minimum problem include (1) training the neural 
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network many times, each with different initial random 

weights (Caudill 1991; Wong 1991); (2) increasing the 

momentum (Salchenberger, Cinar and Lash 1992); (3) lowering 

the learning rate (Wong 1991); and (4) adding extra hidden 

neurons (Wong 1991). 

Fourth, the longer the neural network learns the 

training data, the closer the neural network gets to 

memorizing the training data. If the neural network 

memorizes its training data, it may give the perfect 

prediction for the training data. However, it may not be 

able to generalize well on the testing data. One method for 

preventing memorization is to add a small amount of random 

noisy data to the training data set (Caudill 1991). 

Fifth, the primary drawback of the back propagation 

neural network is the requirement that a user have 

sufficient expertise to train the neural network. This 

expertise is required to decide the number of hidden layer 

neurons, learning rate, and momentum. The selection of 

these factors are problem-dependent, and, at this time, 

there are no structured procedures for finding the 

appropriate values. The terms of hidden layer neurons, 

learning rate, and momentum are discussed below. 

The Number of Hidden Neurons 

The hidden layers are internal to the neural network 

and have no direct contact with the external environment 
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(Nelson and Illingworth 1991). The hidden layer is used to 

support the nonlinear function from input layer to output 

layer. The linearly nonseparable input data can be 

separated through the hidden layer if the input and output 

patterns are nonlinear or complex (Yoon and Swales 1991b). 

The hidden layer can facilitate generalization and extract 

essential features (Raghupathi, Schkade, and Raju 1991). 

The number of neurons in the input layer and output 

layer is determined automatically by the number of input 

variables and output variables. For example, in 

discriminant analysis applications, it is appropriate to set 

the number of neurons in the output layer at the number of 

dependent variables and the neurons in the input layer as 

egual to the number of independent variables. However, the 

appropriate number of neurons in the hidden layer is 

determined through trial and error because there are no 

formalized procedures for identifying the number of neurons 

in the hidden layer. 

The performance of the neural network is largely 

affected by the number of the neurons in the hidden layer. 

Caudill (1988b), Bailey and Thompson (1990), and Knight 

(1990) found that using a small number of neurons in the 

hidden layer increases the number of iterations required to 

train the network and reduces the predictive ability of the 

neural network. On the other hand, the use of too many 

neurons in the hidden layer extends the training time and 
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allows the neural network to memorize rather than generalize 

the training data. Research (Chow and Yee 1991; Gorman and 

Sejnowski 1988; Hoskins, Kaliyur, and Himmelblau 1990; Yoon 

and Swales 1991b) shows that, as the number of neurons in 

the hidden layer increases, the performance of the neural 

network improves, but only to a point. Beyond that point, 

the performance of the neural network improves very little 

or even becomes worse with the increased number of hidden 

neurons. If the training data contain a noisy and unclear 

pattern, a large number of neurons in the hidden layer is 

required. A small number of hidden neurons is required when 

the pattern of the training data is clear (Dutta and Shekhar 

1988). 

Several rules of thumb are suggested in the literature. 

They include the following: 

1. The number of hidden neurons is equal to 2 * square 

root (number of input layer neurons + number of 

output layer neurons) rounded down to the nearest 

integer (NeuroShell 1991). 

2. The number of hidden neurons falls between the total 

number of input and output layer neurons (NeuralWare 

1991). 

3. The number of hidden neurons should be 75 percent of 

the number of input layer neurons (Salchenberger, 

Cinar, and Lash 1992). 
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Learning Rate 

The learning rate is a measure of the speed of 

convergence of the current weight vector to the ideal weight 

vector (Caudill 1988a). Two features of the learning rate 

should be noted. First, the learning rate should be 

positive. If it is negative, the direction of the delta 

vector is away from the ideal weight vector (Caudill 1988a). 

Second, the learning rate should be between 0 and l. If it 

is greater than 1, it is easy for the delta rule or the 

generalized delta rule to overshoot in correcting the weight 

(Caudill 1988a; Nelson and Illingworth 1991). Thus, the 

neural network may oscillate. 

Until now, there has been no documented procedure for 

determining the learning rate. The greater the learning 

rate, the larger and faster the weight changes (Rumelhart, 

Hinton, and Williams 1986; Wong 1991). However, large 

values of the learning rate may result in large 

oscillations. In fact, the network may never converge when 

the rates are too large (NeuralWare 1991). Small values of 

the learning rate may not correct the error as quickly and 

may lead to very slow learning (Wong 1991); however, they 

tend to prevent oscillations and be more stable (Nelson and 

Illingworth 1991; NeuralWare 1991; Rakes et al. 1990b). The 

ideal criterion for selecting the learning rate is to choose 

the largest rate that does not result in oscillation 

(Rumelhart, Hinton, and Williams 1986). According to 
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Caudill (1988a), the selection of the learning rate depends 

upon the training data. If the pattern of the training data 

is clear, the neural network can be trained quickly with a 

large learning rate. If, however, the pattern of the 

training data is fuzzy and unclear, a lower learning rate 

should be selected. 

In practical settings, the patterns of the training 

data are unknown. A small learning rate offers some 

advantages. If the amount of training data is small, the 

training time of the network is not important because only 

small steps are taken in correcting errors. Even if the 

amount of training data is large, if there is enough time 

for training the data, the small value of the learning rate 

provides a good chance of arriving at the minimum error. 

Also, if the pattern of the training data is clear, the 

network may be trained quickly with the high learning rate 

or reasonably quickly with the low learning rate. 

Thus, a small learning rate should be selected when the 

size of the training data is small, when time for training 

the network is sufficient, and when the pattern of the 

training data is noisy or contaminated. However, it should 

be noted that no specific procedure exists for determining 

the learning rate which applies to all problems. 

Momentum 

Large values of the learning rate may result in large 
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oscillations. A small learning rate can lead to very slow 

learning. One way to allow faster learning without 

oscillation is to include a momentum (Caudill 1991). The 

momentum determines the effect of past weight changes on the 

current direction of movement in weight space (Rumelhart, 

Hinton, and Williams 198 6). Thus, if the past weight change 

is in a particular direction, the momentum tends to make the 

next weight change in more or less the same direction 

(Caudill 1988b). 

The delta rule or the generalized delta rule is an 

example of a gradient-descent rule. Like all gradient-

descent rules, the generalized delta rule has the local 

minimum problem. The local minimum occurs when the network 

finds an error that is lower than the current position but 

does not finally get to the smallest error (Nelson and 

Illingworth 1991). In practice, however, the local minimum 

problem seldom occurs (Duliba 1991). One solution to the 

local minimum is to add the momentum term described earlier. 

The momentum can be sufficient to prevent the neural network 

from falling into the local minimum (Caudill 1988b; Knight 

1990). 

Importance of Training Time in the Back Propagation Neural 
Network 

The performance of the neural network is affected by 

its training time. Figure 9 shows the relationship between 

the training time and performance of the neural network 
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Figure 9. The Performance of the Neural Network and Its 
Training Time 

(Gorman and Sejnowski 1988; Knight 1990; Yoon and Swales 

1988) . 

During the first part of training, the performance of 

the neural network on the training data and testing data set 

improves although the performance of the testing data set is 

never quite as good as that of the training data set (Knight 

1990). During the next part of training, the performance of 

the neural network on the training data set improves 

continuously. However, the performance of the testing data 

set may become worse because the neural network may memorize 

the training data set, and it may cause nongeneralization of 

predictive ability of the neural network on the testing data 

set. 

The learning threshold (or learning convergence point) 

is the criterion for termination of the learning process. 
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The learning threshold measures the sum of the squares of 

the errors of the training data (NeuroShell 1991). For 

example, if the learning threshold is set at 0.001, the 

learning process of the neural network will stop when the 

error for all training data falls below 0.001. In many 

problems, the lower learning threshold provides more 

accurate prediction. However, the best neural networks are 

not always the ones that learn to the lowest threshold 

(NeuroShell 1991}. That is, sometimes, the prediction 

ability of the neural network on the testing data set 

becomes less accurate when the neural network learns the 

training data set for a longer period of time. As mentioned 

above, the longer the neural network learns the training 

data set, the closer the neural network comes to memorizing 

the training data set. Thus, the neural network can make a 

very accurate prediction on the training data set. However, 

it may not be able to generalize well on the testing data 

set. 

If the pattern of the training data set is clear, the 

neural network reaches the learning threshold easily (see 

figure 10). However, when the pattern of the training data 

set is unclear, or the training data set contains noisy 

data, the neural network does not reach the learning 

threshold. When this happens, the neural network may 

continue to oscillate in various error ranges (see figure 

11), or it may reach the threshold except the noisy or 
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Summary of Learning Error Factors 
Error Range Count Percent 

1. 0000 99999.0000 0 0. 00 
0. 5001 1.0000 0 0.00 
0. 1001 0.5000 0 0.00 
0. 0501 0.1000 0 0.00 
0. 0201 0.0500 0 0.00 
0. 0101 0.0200 0 0.00 
0. 0051 0.0100 0 0.00 
0. 0001 0.0050 20 100.00 
0. 0000 0.0001 0 0. 00 

Histogram 

Input nodes: 2 
Hidden nodes: 4 
Output nodes: 2 

Learn rate: 
Momentum: 
Threshold: 

Problem name: Dal 

0.6 Total error: 0.055411 
0.9 Min. total: 0.055411 
0.0001 Events > min: 0 

Presentation: Rotate 

Figure 10. Learning in Progress When the Pattern of the 
Training Data Set is Clear 

Summary of Learning Error Factors 
Error Range Count Percent 

1. 0000 99999.0000 0 0. 00 
0. 5001 1.0000 1 10.00 
0. 1001 0.5000 2 15.00 
0. 0501 0.1000 1 10.00 
0. 0201 0.0500 9 33.33 
0. 0101 0.0200 7 23.33 
0. 0051 0.0100 1 3 .33 
0. 0001 0.0050 0 0.00 
0. 0000 0.0001 0 0. 00 

Histogram 

Input nodes: 2 
Hidden nodes: 4 
Output nodes: 2 

Learn rate: 
Momentum: 
Threshold: 

Problem name: Dal 

0.6 Total error: 0.055411 
0.9 Min. total: 0.055411 
0.0001 Events > min: 0 

Presentation: Rotate 

Figure 11. Learning in Progress When the Pattern of the 
Training Data is Unclear, or the Training Data Contain 
Noisy Data 
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Summary of Learning Error Factors 
Error Range Count Percent 

1. 0000 99999.0000 0 1. 00 
0. 5001 1.0000 1 0.00 
0. 1001 0.5000 0 0. 00 
0. 0501 0.1000 0 0.00 
0. 0201 0.0500 0 0.00 
0. 0101 0.0200 0 0.00 
0. 0051 0.0100 0 0.00 
0. 0001 0.0050 9 90.00 
0. 0000 0.0001 0 0. 00 

Histogram 

Input nodes: 2 Learn rate: 0.6 
Hidden nodes: 4 Momentum: 0.9 

Total error: 0.055411 
Min. total: 0.055411 

Output nodes: 2 Threshold: 0.0001 Events > min: 0 

Problem name: Da2 Presentation: Rotate 

Figure 12. Learning in Progress When the Training Data 
Contain Outlier Data 

outlier data (see figure 12). In this case, training the 

neural network must be stopped artificially when the amount 

of learning is appropriate. 

The most popular default values for the learning rate 

and momentum are 0.6 and 0.9, respectively (NeuralWare, 

1991; NeuroShell 1991). When the pattern of the training 

data set is clear, the neural network with a learning rate 

of 0.6 and a momentum of 0.9 may converge to the threshold 

point quickly because the large learning rate and momentum 

can change weights to find an optimal point quickly. 

However, when the training data set contains noisy data or 

the pattern of the training data set is unclear, the neural 

network with a learning rate of 0.6 and a momentum of 0.9 

may continue to oscillate or may never converge to the 
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threshold point (see figure 11). Also, when a neural 

network is trained with a learning rate of 0.6 and a 

momentum of 0.9 but with a different training time, the 

results from the neural network may or may not be stable. 

Generally, when the learning rate is larger, the weight will 

change to a greater degree with large oscillations 

(Rumelhart, Hinton, and Williams 1986; Wong 1991). 

Sometimes, when the learning rates are too large, the neural 

network may never converge (NeuralWare 1991). Small values 

of the learning rate tend to prevent oscillations and be 

more stable (Nelson and Illingworth 1991; NeuralWare 1991; 

Rakes et al. 1990b) although they may not correct the error 

as quickly and lead to very slow learning (Wong 1991). 

In chapter 4, heuristic procedures for neural network 

configurations in Shewhart X-bar control chart applications 

are presented. These procedures are likely to increase the 

practical applications of neural networks in Shewhart X-bar 

control charts because they reduce the expertise or 

experience required for using neural network models. 

Background of Shewhart X-Bar Control Charts 

Since Walter A. Shewhart at Bell Laboratories 

introduced the control chart in 1924, Shewhart control 

charts have become a powerful tool to monitor the process 

mean and variance where observed data are collected in 

subgroups of size n (Lucas and Saccucci 1990; Ng and Case 
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1989; Vance 1983; Westbrook 1991). Shewhart control charts 

are established with upper and lower control limits around a 

center line (process mean) jx at positions fx ± 3o (Hunter 

1986). Three standard deviations indicate that, if a 

process is in-control, approximately 3 out of 1,000 points 

will fall outside of upper and lower control limits 

(Westbrook 1991). 

Shewhart control charts identify two types of causes of 

variation: chance causes and assignable causes (Hutchins 

1991). Chance causes or natural variations are inherent in 

all processes (Hutchins 1991; Smith 1991). When a point is 

inside a control limit, the process is said to be in-control 

(Montgomery 1985). On the other hand, assignable causes 

represent improperly adjusted machines, operator error, and 

defective raw materials (Montgomery 1985). These causes 

must be removed in the process. When a point is outside a 

control limit, the process is said to be out-of-control, and 

the process is investigated to identify and remove the 

assignable cause (Besterfield 1990), 

Traditional Shewhart control charts are based on the 

assumption that data are independent and normally 

distributed (Berthouex, Hunter, and Pallesen 1978; English 

and Case 1988; Vasilopoulos and Stamboulis 1978). If the 

control procedure is based on the sample average of the four 

or five observations that are taken at each control point, 

the normality assumption is reasonable because the central 
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limit theorem assures that the distribution of the sample 

mean is approximately normal (Hackl and Ledolter 1991). 

However, if the underlying distribution is either nonnormal 

or unknown, the effectiveness and efficiency of the Shewhart 

control charts decrease (Notohardjono and Ermer 1986). 

Although Shewhart control charts are used to remove the 

variation of assignable causes, these charts may also be 

used to monitor a process for the detection of shifts in the 

process mean (Palm 1990). Shewhart control charts, however, 

are less efficient in detecting small shifts in the process 

mean (Runger and Pignatiello 1991)» Consequently, there is 

a need for new approaches to improve on the performance of 

the Shewhart control charts in detecting small shifts in the 

mean. Some of these new approaches include Shewhart control 

charts with run tests and warning limits (Runger and 

Pignatiello, 1991). Numerous works (Champ and Woodall 1987; 

Page 1955; Palm 1990; Walker, Philpot, and Clement 1991; 

Wheeler 1983) describe the effect of supplementing the 

Shewhart control chart with runs rules. 

The Shewhart control chart most commonly used for 

variables data is the X-bar chart. The X-bar chart is used 

to show variation in the process mean and to indicate 

whether shifts occur in the process (Evans and Lindsay 1989; 

Westbrook 1991). If a quality characteristic is normally 

distributed with mean p and standard deviation a, and if x1, 

X2' ... xn is a sample n, where both and a are known, the 
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center line and control limits are established by 

CL = fx 

UCL = fx + za/2ax.bar = fx + za/2cr/Vn (13) 

LCL — fX â/2̂ x-bar ~ M 

where X = (x1 + x2 + ... + xn) /n which is normally 

distributed with fx and o"x_bar = a/Vn, and za/2 is the 

quantile of order (1 - a/2) of the standard normal 

distribution (Montgomery 1985). 

In practice, fx and o are usually unknown, and must be 

estimated from preliminary samples taken when the process is 

thought to be in-control (Montgomery 1985). Suppose that m 

samples are obtained, each of size n. Generally, m ranges 

from 20 to 25, and the sample size n is 4, 5, or 6 

(Montgomery 1985). Let X1, X2, ... Xra be the average of each 

sample, where Xt = (Xi1 + Xi2 + ... + x i n /n. The best 

estimator of jx, the process mean for the Xt chart is 

1 = (X, + X2 + ... + x„ )/m. (14) 

To construct the control limits, an estimate of the standard 

deviation is needed. The range of the sample (R) is the 

difference between the largest and smallest observations. 

Let R1, ..., Rm be the ranges of the m samples. The average 

range is 

R = (R1 + R2 + ... + RJ /m. (15) 

Since W = R/a in the relationship between the range of a 

sample from a normal distribution and the standard deviation 

of that distribution, if the mean of W is d2, an estimate of 
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a is given by 0 = £ ^ (Montgomery 1985) . 

Therefore, the centerline and the control limits are 

CL = X 

UCL = X + 3o /Vn (16) 

= X + 3 (R /d2) fVn 

LCL ~~ rr ^ j X - 3a /vn 

= X - 3 (R /d2)/\/n (Montgomery 1985). 

Traditional Shewhart X-bar control charts use samples 

taken from the process. If a computed sample mean falls 

between the upper control limit (UCL) and the lower control 

limit (LCL), the process is considered to be in control. 

However, if a sample mean falls outside the control limits, 

it is said to be out of control. Montgomery (1985) 

described the traditional X-bar chart as a series of 

hypothesis tests in the process mean as follows: 

Essentially, the control chart is a test of the 
hypothesis that the process is in a state of statistical 
control. A point plotting within the control limits is 
equivalent to failing to reject the hypothesis of 
statistical control, and a point plotting outside the 
control limits is equivalent to rejecting the hypothesis 
of statistical control. Just as in hypothesis testing, 
we may think of the probability of type I error of the 
control chart (concluding the process is out of control 
when it is really in control) and the probability of 
type II error of the control chart (concluding the 
process is in control when it is really out of control). 
(P.103) 

Also, deciding the control limits is equivalent to setting 

up the critical region for testing the hypothesis: 

0 
^ = P-
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M * M° 

where /x° is a target mean. That is, the X-bar chart tests 

this hypothesis repeatedly at different sample means in time 

(Montgomery 1985). 

The traditional X-bar control chart is a linearly 

separable problem (Pugh 1991). In this study, the neural 

network in the control chart applications seems closer to 

discriminant analysis because discriminant analysis is an 

attempt to correctly predict or classify individuals into 

known groups on the basis of a set of measurements (Stam and 

Joachimsthaler 1989). That is, neural network in control 

chart applications is viewed as a special case of 

discriminant analysis. For example, group 1 is in-control 

and group 2 is out-of-control. More detailed discussion for 

neural network applications in Shewhart X-bar control charts 

is given in chapter 5. 



CHAPTER IV 

PARAMETER SPECIFICATIONS FOR NEURAL NETWORK MODELS 

IN SHEWHART X-BAR CONTROL CHART APPLICATIONS 

Introduction 

The purpose of this study is to investigate 

specifications for the number of neurons in a single hidden 

layer, learning rate, and momentum of neural network models 

in Shewhart X-bar control chart applications. This chapter 

deals with the experiments carried out to answer the 

following research questions presented earlier in chapter 2: 

How does the number of hidden neurons of a neural network 

affect its performance in Shewhart X-bar control chart 

applications? How is the performance of the neural network 

affected by its training time and training data pattern when 

the learning rate and the momentum are different? When a 

neural network is trained several times with the same data, 

each time starting with different initial random weights but 

with the same momentum, learning rate, and number of hidden 

neurons, do neural networks produce the same number of 

misclassifications? 

Experiments were conducted to investigate the 

performance of neural networks when the number of hidden 

neurons is varied; to analyze the learning rate and momentum 
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when training time is different; to examine the 

replicability of the neural network solution; and then to 

provide a heuristic procedure for choosing the neural 

network's parameters in Shewhart X-bar control chart 

applications. 

Analysis of the Number of Hidden Neurons 

Experimental Design 

The Shewhart X-bar control chart is a linearly 

separable problem (Pugh 1991). This implies that training 

neural networks in Shewhart X-bar control chart applications 

is similar to the case of discriminant analysis with group 1 

defined as in-control and group 2 as out-of-control. 

Furthermore, this application requires that the neural 

network recognize a pattern for in-control versus another 

pattern for out-of-control. To determine neural network 

configuration in Shewhart X-bar control chart applications, 

the performance of neural networks in discriminant analysis 

applications was investigated because both Shewhart X-bar 

control charts and discriminant analysis involve pattern 

recognition (e.g., in-control for group 1 and out-of-control 

for group 2), the training method of neural networks in 

Shewhart X-bar control chart applications is the same as 

that in discriminant analysis, and neural networks are most 

effectively applied to the pattern recognition (Hawley, 

Johnson, and Raina 1990). 
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Experiments were conducted to investigate the 

performance of neural networks when the number of hidden 

neurons is different. The experiments were restricted to 

the two-group problem because Shewhart X-bar control charts 

consider only two-group cases (e.g., in-control for group 1 

and out-of-control for group 2}. Three simulation studies 

were done to analyze the number of hidden neurons, learning 

rate, and momentum. Normal populations with equal or 

unequal covariances structure were used in these simulation 

studies because the theory of Shewhart X-bar control charts 

is based on normally distributed data (Braverman 1981; Hackl 

and Ledolter 1991; Montgomery 1985). 

Simulation study 1 was conducted to analyze the number 

of neurons in a single hidden layer and to show the effect 

of training time for different learning rates and momentums 

in the two-group problem with two input variables. The 

training data and testing data were generated using SAS. 

Table 3 shows the parameter specifications in simulation 

study 1. Twelve training data sets and four testing data 

sets were generated for two bivariate normal data groups as 

functions of changing the relationship between the parent 

populations and/or the sample size. These relationships 

were changed by varying the mean and/or standard deviation 

of population 2 (group 2). The population 1 (group 1) mean 

was set to p = (0,0), and the population 2 (group 2) mean 

was set to ju = (5,0) and (3,0). Standard deviation, which 
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Table 3.—Parameter Specifications in Simulation Study 1 

Sample Standard Sample Size 
Mean Deviation Training Testing 

Case G1 G2 G1 G2 G1 G2 G1 G2 

2-1 (0,0 (5,0) (1,1) (1,1) (10,10) (30,30) 
2-2 (0,0 (5,0) (1,1) (1,1) (25,25) (30,30) 
2-3 (0,0 (5,0) (1,1) (1,1) (50,50) (30,30) 
2-4 (0,0 (5,0) (1,1) (2,2) (10,10) (30,30) 
2-5 (0,0 (5,0) (1,1) (2,2) (25,25) (30,30) 
2-6 (0,0 (5,0) (1,1) (2,2) (50,50) (30,30) 
2-7 (0,0 (3,0) (1,1) (1,1) (10,10) (30,30) 
2-8 (0,0 (3,0) (1,1) (1,1) (25,25) (30,30) 
2-9 (0,0 (3,0) (1,1) (1,1) (50,50) (30,30) 
2-10 (0,0 (3,0) (1,1) (2,2) (10,10) (30,30) 
2-11 (0,0 (3,0) (1,1) (2,2) (25,25) (30,30) 
2-12 (0,0 (3,0) (1,1) (2,2) (50,50) (30,30) 

G1 = group 1 
G2 = group 2 

is used as a measure of overlap between groups and an 

indicator of noisy patterns in the training data and testing 

data, was held at two levels, 1 and 2. For example, table 3 

shows that six cases contain populations with equal 

variance-covariance matrices (2-1, 2-2, 2-3, 2-7, 2-8 and 2-

9) and six other populations that contain unequal variance-

covariance matrices (2-4, 2-5, 2-6, 2-10, 2-11, 2-12). For 

the training data, samples of size 10, 25, and 50 were 

generated from each population using SAS and were used for 

constructing the classification rule. The testing data 

consists of 60 observations, 3 0 for group 1 and 3 0 for group 

2. Four sets of testing data were generated to correspond 

with the combinations created by two choices for the mean 
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and two for the standard deviation. The training data and 

the testing data were generated independently with identical 

distributions. However, the same testing data were used for 

each choice of sample size at a given mean and standard 

deviation. For example, the same testing data set was used 

for cases 2-1, 2-2, and 2-3. 

Simulation study 2 was presented to examine the 

performance of the neural network when the number of hidden 

neurons is varied in the two-group case with three input 

variables. The training data and testing data were 

generated using SAS. Table 4 shows the parameter 

specifications in simulation study 2. The data sets were 

generated for two normal data groups with three variables as 

functions of changing the mean and/or standard deviation of 

the population. The population 1 (group 1) mean is set to /x 

= (0,0,0), and the group 2 mean is set to fi - (3,3,3) and 

(2,2,2). Standard deviation is maintained at two levels, 1 

and 2. Table 4 shows that cases 3-1 and 3-3 contain 

populations with equal variance-covariance matrices and 

cases 3-2 and 3-4 contain unequal variance-covariance 

matrices. For the training data, 2 5 samples of training 

size were generated from each population using SAS. The 

testing data consist of 200 observations, 100 for group 1 

and 100 for group 2. The training data and testing data 

were generated independently with identical distributions. 

In simulation study 3, the training data and testing 
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Table 4.—Parameter Specifications in Simulation Study 2 

Case 

Sample 
Mean 

G1 G2 

Standard 
Deviation 
G1 G2 

Sample 
Training 
G1 G2 

Size 
Testing 
G1 G2 

3-1 (0,0,0)(3,3, 3) (1,1,1)(1,1, 1) (25,25) (100,100) 
3-2 (0,0,0)(3,3, 3) (1,1,1)(2,2, 2) (25,25) (100,100) 
3-3 (0,0,0)(2,2, 2) (1,1,1)(1,1, 1) (25,25) (100,100) 
3-4 (0,0,0)(2,2, 2) (1,1,1)(2,2, 2) (25,25) (100,100) 

G1 = 
G2 = 

group 1 
group 2 

data were generated by SAS in the two-group problem with 

five input variables. Five input variables were used 

because the subgroup size of n = 5 in Shewhart X-bar control 

charts is popular in practice (Smith 1991}. Table 5 

exhibits the parameter specifications for simulation study 

3. The data were generated for two bivariate data groups by 

changing the mean of group 2. The mean of group 1 was set 

to n = 0 for each input variable, and the mean of group 2 

was held at five levels, /JL = 1.3416, 1.7888, 2.23607, 

2.68328, and 3.13 049. The means for group 2 were computed 

by the formula (S = \n - fi01 / (o/Vn)) (Palm 1990). These 

calculated values for group 2 correspond to indicate a shift 

in the process mean as simulated for studies of Shewhart X-

bar control charts. In simulation study 3, five different 

shift values (S = 3, 4, 5, 6, and 7) in the training data 

were considered. Very small shift values (e.g., <5 = 0.2, 

0.4, ..., 1, 2) were not examined because selected trials 
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Table 5.—Parameter Specifications in Simulation Study 3 

Sample Standard Sample Size 
Mean Deviation Training Testing 

Case G1 G2 G1 G2 G1 G2 G1 G2 

4-1 (0) (1. 3416) (1) (1) (50, 50) (50, 50) 
4-2 (0) (1. 7888) (1) (1) (50, 50) (50, 50) 
4-3 (0) (2. 2361) (1) (1) (50, 50) (50, 50) 
4-4 (0) (2. 6833) (1) (1) (50, 50) (50, 50) 
4-5 (0) (3. 1305) (1) (1) (50, 50) (50, 50) 

G1 = group 1 
G2 = group 2 

show that neural networks do not learn with high overlap 

data sets or high noisy pattern between two groups. 

Standard deviation was maintained at one with equal 

variance-covariance matrices because a standard deviation of 

one is the convention in simulation studies for Shewhart X-

bar control chart applications (Runger and Pignatiello 1991; 

Walker, Philpot, and Clement 1991). Also, judgments about 

control are independent of the magnitude of the standard 

deviation because the judgments are based on the number of 

standard deviations. For the training data and testing 

data, 50 samples of training size were generated from each 

group. The testing data consist of 100 observations, 50 for 

group 1 and 50 for group 2. The training data and testing 

data were generated independently with identical 

distributions. 

The number of input layer neurons and output layer 

neurons was determined by the number of input variables and 
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output variables. For example, in simulation study 1, two 

input layer neurons and two output layer neurons were used 

because there were two input variables and two output 

variables (classification into group 1 or 2). In these 

simulation studies, a single hidden layer was used because a 

neural network with more than one hidden layer may increase 

the training time without a significant performance 

improvement (Chang et al. 1991; Dutta and Shekhar 1988; 

Salchenberger, Cinar, and Lash 1992). 

To investigate the performance of neural networks for 

different numbers of hidden neurons in each simulation 

study, the experiments were conducted with 1, 2, 3, 4, 5, 

10, 20, and 3 0 neurons in a single hidden layer. In these 

experiments, 0.6 and 0.9 for learning rate and momentum, 

respectively, were used because these two numbers are the 

most popular default in the commercial neural network 

programs (NeuralWare 1991; NeuroShell 1991). 

A PDP back propagation learning algorithm (Rumelhart, 

Hinton, and Williams 1986) was appropriate for the neural 

network model in this study because it is based on solid 

mathematical principles, provides a method for adjusting the 

weights in a network with many layers, and has produced a 

number of successful applications in statistical problems. 

Since the pairing of each input vector with a target vector 

representing the desired output is provided, a supervised 

training network was the proper choice. A sigmoid nonlinear 
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activation function was used to transform the input at each 

neuron. The generalized delta rule was used for error 

correction. The back propagation neural network in this 

study was trained using NeuroShell 4.1, by Ward Systems 

Group, Inc., because it is based on the back propagation 

algorithms described by Rumelhart, Hinton, and Williams 

(1986), the generalized delta learning rule, and the sigmoid 

transfer function. The NeuroShell program was run on a 25 

MHz IBM 38 6 compatible computer with 16KB cashe. NeuroShell 

permits the user to interact with the learning process. 

The performance of neural networks was evaluated on the 

basis of the number of misclassifications on the training 

data and testing data. 

Experimental Results 

The results for simulation study 1 are summarized in 

tables 6 and 7 (appendix A). Table 6 displays how the 

different number of neurons in the hidden layer affect the 

performance of the neural network on the training data sets. 

For populations with no overlap between the two groups 

(cases 2-1, 2-2, and 2-3 in table 6), the performance of the 

neural network on the training data was identical with a 

different number of hidden neurons. That is, the number of 

misclassifications on the training data for cases 2-1, 2-2, 

and 2-3 is the same (zero) when the number of hidden neurons 

is different. For the data with the overlap between groups, 
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neural networks provide a different number of 

misclassifications without a pattern of increasing or 

decreasing the number of misclassifications when the number 

of hidden neurons is increased (see cases 2-5, 2-8, 2-10, 2-

11, and 2-12 in table 6). For example, as shown in case 2-

11 for training data, the number of misclassifications with 

1 hidden neuron was 7; with 2 there were 6; with 3 there 

were 7; with 4 there were 9; with 5 there were 10; with 10 

there were 8; with 20 there were 8; and with 3 0 there were 

10. The number of misclassifications on the training data 

for case 2-7 is the same (one), and the number of 

misclassifications on the training data for cases 2-4, 2-6, 

and 2-9 is almost the same when the number of hidden neurons 

is different. 

As illustrated in table 7 for the testing data sets, 

neural networks provide the same number (zero) of 

misclassifications for testing data sets with no overlap 

between groups (cases 2-1, 2-2, and 2-3 in table 7) when the 

number of hidden neurons was changed. The neural network 

was affected by the small number of hidden neurons. That 

is, as seen in case 2-4 for testing data in table 7, a 

single hidden neuron reduced the discriminant ability of the 

neural network because the number of misclassifications 

(nine) on the testing data with a single hidden neuron is 

much larger than that with other multiple hidden neurons. 

In case 2-10, with a small amount of training data and high 
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overlap between groups, the range of the number of 

misclassifications on the testing data is wider than that in 

cases 2-11 and 2-12 when the number of hidden neurons is 

varied. For example, in case 2-10 for the testing data, 

when the number of hidden neurons is 20, the number of 

misclassifications is 7, and when the number of hidden 

neurons is 3, 5, and 30, the number of misclassifications is 

14, The number of misclassifications on the testing data 

for cases 2-5, 2-6, 2-7, 2-8, and 2-9 is almost the same 

when the number of hidden neurons is different. 

The results for simulation study 2 are presented in 

table 8 (appendix A). As shown in table 8, the number of 

misclassifications in the training data and testing data for 

cases 3-1 and 3-2 is the same when the number of hidden 

neurons is greater than one. As illustrated in table 8 for 

cases 3-1 and 3-4 in the testing data, using a single hidden 

neuron reduced the discriminant ability of the neural 

network on the testing data set. That is, in case 3-1 for 

the testing data, the number of misclassifications is 1 with 

a single hidden neuron and zero with other multiple hidden 

neurons. Also, in case 3-4 for the testing data, the number 

(39) of misclassifications with a single hidden neuron is 

much larger than that with multiple hidden neurons. When 

high overlap between groups exists, as in case 3-4, the 

neural network produces a wide range of the number of 

misclassifications without a pattern of increasing or 
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decreasing the number of misclassifications in the training 

data and testing data when the number of hidden neurons is 

varied. 

The results for simulation study 3 are described in 

table 9 (appendix A). Again, for normal population data in 

two-group problems with no overlap between groups (cases 4-

3, 4-4, and 4-5), the neural network with the different 

number of hidden neurons produces the same number (zero) of 

misclassifications in the training data and testing data. 

However, when overlap between groups exists as in case 4-1, 

the neural network produces a different number of 

misclassifications without a pattern of increasing or 

decreasing the numb€*r of misclassif ications when the number 

of hidden neurons is different. 

Analysis of the Training Time, 

Learning Rate, and Momentum 

Experimental Design 

An experiment was conducted to investigate the 

performance of the neural network when the learning rate and 

momentum are varied, with a fixed number of hidden neurons 

but with a different training time. In this experiment, 

simulation study 1, described earlier in this chapter, was 

used. The more detciiled description for generating the 

simulation data is shown in table 3 in this chapter. 

Cases 2-2 and 2-11 in table 3 were selected to examine 

the performance of the neural network when the learning 
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rate, momentum, and training time are varied because the 

simulation data sets for cases 2-2 and 2-11 show no and high 

overlaps between the two groups, respectively. Four neurons 

in a single hidden layer were used because the performance 

of the neural network was not greatly affected by variation 

in the number of hidden neurons in the results of simulation 

studies 1, 2, and 3 drawn earlier, and the default value for 

these data sets was four in the NeuroShell program. The 

experiment was conducted with learning rates of 0.01, 0.1, 

0.3, 0.6, and 0.9, and with momentums of 0.0, 0.1, 0.3, 0.6, 

and 0.9. The learning rates of 0.01, 0.1, 0.3, 0.6, and 0.9 

are sufficient to cover lower, medium, and higher learning 

rates. The five different values for momentum (0.0, 0.1, 

0.3, 0.6, and 0.9) were selected to cover the zero, lower, 

medium, and higher ranges of momentum. In all other cases 

(cases 2-1, 2-3, 2-4, 2-5, 2-6, 2-7, 2-8, 2-9, 2-10, and 2-

12), the learning rate of 0.01 and momentum of 0.9 was 

implemented. Ten seconds, 20 seconds, 3 0 seconds, 40 

seconds, 50 seconds, one minute, 2 minutes, 5 minutes, 10 

minutes, 2 0 minutes, and 3 0 minutes were used for different 

training times. The performance of neural networks was 

evaluated on the basis of the number of misclassifications 

on the training data and testing data. 

Experimental Results 

The performance of the neural network is not affected 
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by the different values of the learning rates and momentums 

for data with no overlap between groups, as in case 2-2, 

when the training time is increased because, if the pattern 

of the training data is clear, the neural network may 

converge to the threshold point rapidly with any 

configuration of the neural network. That is, when the 

training time is changed with learning rates of 0.01, 0.1, 

0.3, 0.6, and 0.9, and momentums of 0.0, 0.1, 0.3, 0.6, and 

0.9, the number of misclassifications on the training data 

and testing data in the neural network is zero. The neural 

network with a learning rate of 0.01 provides a large number 

of misclassifications on the training data and testing data 

during the beginning part of training. For example, when 

the training time is 20 seconds, the number of 

misclassifications on the training data and testing data in 

the neural network with a learning rate of 0.01 and a 

momentum of 0.3 is four for the training data and six for 

the testing data. However, after a 20-second training time, 

the numbers of misclassifications on the training data and 

the testing data in the neural network with a learning rate 

of 0.01 and a momentum of 0.3 is zero. The large number of 

misclassifications occurs during the beginning part of 

training with a learning rate of 0.01 because small values 

of the learning rate (e.g., 0.01) may lead to very slow 

learning, and the lack of the neural network's learning may 

reduce the discriminant ability of the neural network. 
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Table 10 (appendix A) show the performance of neural 

networks for case 2-11, when the training times are changed 

with a learning rate of 0.9 and momentums of 0.0, 0.1, 0.3, 

0.6, and 0.9. As exhibited in figure 13 (appendix B) for a 

0.9 learning rate and a 0.0 momentum, the performance of the 

neural network on the training data was affected by the 

training time and was not improved when the training time 

was increased. This result did not agree with prior 

research (Gorman and Sejnowski 1988; Knight 1990). That is, 

according to Gorman and Sejnowski (1988) and Knight (199 0), 

the performance of the neural network on the training data 

improves continuously when the training time is increased. 

However, as seen in figure 13, the performance of neural 

network on the training data does not improve continuously 

when the training time is increased because the neural 

network with a learning rate of 0.9 and a momentum of 0.0 on 

the training data provides a different number of 

misclassifications without a pattern of decreasing the 

number of misclassifications when the training time is 

increased. Also, the neural network with a learning rate of 

0.9 and a momentum of 0.0 on the testing data provides a 

different number of misclassifications with different 

training times because the performance of the neural network 

on the testing data depends on the performance of the neural 

network on the training data. That is, the number of 

misclassifications on the testing data is varied when the 
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training time is changed. 

As illustrated in figures 14 through 17 (appendix B), 

when the value of the momentum is increased for a learning 

rate of 0.9, the performance of the neural network is 

affected by the training time. For example, as shown in 

table 10, and figure 17, the neural network with a learning 

rate of 0.9 and a momentum of 0.9 on training data and 

testing data provides a different number of 

misclassifications when the training time is increased. The 

results show that the neural network with a learning rate of 

0.9 and a momentum of 0.9 provides more unstable solutions 

than that with a learning rate of 0.9 and a momentum of 0.0 

when the training time is varied because the range of the 

number of misclassifications in the neural network with a 

learning rate of 0.9 and a momentum of 0.9 is wider than 

that with a learning rate of 0.9 and a momentum of 0.0. 

That is, the range of the number of misclassifications on 

the training data in the neural network with a learning rate 

of 0.9 and a momentum of 0.9 is between 8 and 25, and the 

range of the number of misclassifications on the training 

data in the neural network with a learning rate of 0.9 and a 

momentum of 0.0 is between 6 and 10. Also, the range of the 

number of misclassifications on the testing data with a 

learning rate of 0.9 and a momentum of 0.9 is between 7 and 

30, and the range of the number of misclassifications on the 

testing data in the neural network with a learning rate of 
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0.9 and a momentum of 0.0 is between 5 and 11. 

Table 11 (appendix A) shows the performance of neural 

networks for case 2-11 when the training time is changed, 

with a learning rate of 0.6 and momentums of 0.0, 0.1, 0.3, 

0.6, and 0.9. As displayed in figures 18 through 22 

(appendix B) for a learning rate of 0.6 and momentums of 

0.0, 0.1, 0.3, 0.6, and 0.9, the results show that the 

neural network with a learning rate of 0.6 and momentums of 

0.0, 0.1, 0.3, 0.6, and 0.9 on the training and testing data 

produces a different number of misclassifications without a 

pattern of decreasing or increasing the number of 

misclassifications when the training time is increased. 

When the values of the momentum are increased with a 

learning rate of 0.6, the range of the number of 

misclassifications in the neural network with a learning 

rate of 0.6 and a higher momentum (e.g., 0.9) is wider than 

that with a learning rate of 0.6 and a lower momentum (e.g., 

0.0 and 0.1). For example, the variation (6 through 25) in 

the number of misclassifications on the training data in the 

neural network with a learning rate of 0.6 and a momentum of 

0.9 is wider than the variation (6 through 10) in the number 

of misclassifications on the training data in the neural 

network with a learning rate of 0.6 and a momentum of 0.0. 

Also, the variation (6 through 3 0) in the number of 

misclassifications on the testing data with a learning rate 

of 0.6 and a momentum of 0.9 is wider than the variation (5 
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through 11) in the number of raiselassifications on the 

testing data with a learning rate of 0.6 and a momentum of 

0.0. 

As shown in table 12 (appendix A) and figures 2 3 

through 27 (appendix B), when the training time is increased 

with a learning rate of 0.3 and momentums of 0.0, 0.1, 0.3, 

0.6, and 0.9 for case 2-11, the neural network shows a 

different number of misclassifications without increasing or 

decreasing the number of misclassifications. However, the 

variation of the number of misclassifications in the neural 

network with a learning rate of 0.3 and momentums of 0.0, 

0.1, 0.3, and 0.6 is narrower than that with a learning rate 

of 0.3 and a momentum of 0.9. That is, the variation of the 

number of misclassifications on the training data in the 

neural network with a learning rate of 0.3 and a momentum of 

0.9 lies between 6 and 25, and the variation of the number 

of misclassifications on the testing data with a learning 

rate of 0.3 and a momentum of 0.9 lie between 5 and 30. 

However, the variations of the number of misclassifications 

on the training data and testing data in the neural network 

with a learning rate of 0.3 and momentums of 0.0, 0.1, 0.3, 

and 0.6 are steady relative to the variation of the number 

of misclassifications with a learning rate of 0.3 and a 

momentum of 0.9. For example, as illustrated in figure 23, 

the neural network with a learning rate of 0.3 and a 

momentum of 0.0 shows that, after a 30-second training time, 
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the range of the number of misclassifications on the 

training data is between 6 and 9, and the range of the 

number of misclassifications on testing data is between 5 

and 7. 

Table 13 (appendix A) and figures 28 through 32 

(appendix B) show the performance of neural networks for 

case 2-11 when the training time is changed with a learning 

rate of 0.1 and momentums of 0.0, 0.1, 0.3, 0.6, and 0.9. 

The variation of the number of misclassifications on the 

training data and testing data in the neural network with a 

learning rate of 0.1 and momentums of 0.0, 0.1, 0.3, 0.6, 

and 0.9 remains stable relative to the variation of the 

number of misclassifications with learning rates of 0.3, 

0.6, and 0.9, and a momentum of 0.9, when the training time 

is increased. For example, after a 30-second training time, 

the range of the number of misclassifications on the 

training data in the neural network with a learning rate of 

0.1 and a momentum of 0.9 is between 6 and 7, and the range 

of the number of misclassifications on testing data is 

between 5 and 9 (see figure 32). These results show that 

the variation of the number of misclassifications on the 

training data and testing data in the neural network with a 

learning rate of 0.1 and a momentum of 0.9 is narrower than 

that with learning rates of 0.3, 0.6, and 0.9, and a 

momentum of 0.9. Also, the performance of the neural 

network with a learning rate of 0.1 and a momentum of 0.9, 
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or a learning rate of 0.1 and a momentum of 0.0 is similar 

to that with a learning rate of 0.3 and a momentum of 0.3. 

That is, the variation of the number of misclassifications 

on the training data and testing data in the neural network 

with a learning rate of 0.1 and a momentum of 0.9, or a 

learning rate of 0.1 and a momentum of 0.0 is similar to 

that with a learning rate of 0.3 and a momentum of 0.3. 

When the values of the momentum are increased with a 

learning rate of 0.1, the variations of the number of 

misclassifications on the training data and testing data in 

the neural network are stable. That is, the performance of 

the neural network with a learning rate of 0.1 is not 

affected by the different values of the momentum. 

As presented in table 14 (appendix A) and figures 33 

through 37 (appendix B), when the training times are 

increased with a learning rate of 0.01 and momentums of 0.0, 

0.1, 0.3, 0.6, and 0.9 for case 2-11, the neural network 

shows a different number of misclassifications. As shown in 

table 14, the neural network with a learning rate of 0.01 

and momentums of 0.0, 0.1, 0.3, and 0.6 provides a large 

number of misclassifications on the training data and 

testing data during the beginning part of training because 

small values of the learning rate may lead to very slow 

learning, and the lack of the neural network's learning may 

reduce the discriminant ability of the neural network. For 

example, when the training time is 4 0 seconds, the number of 
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misclassifications on the training data and testing data in 

the neural network with a learning rate of 0.01 and a 

momentum of 0.0 is 2 5 for the training data and 3 0 for the 

testing data. However, after a 2-minute training time, the 

number of misclassifications on the training data and the 

testing data in the neural network with a learning rate of 

0.01 and a momentum of 0.0 is steadier and smaller than that 

before 1-minute training time. Although, for a learning 

rate of 0.01 and momentums of 0.0, 0.1, 0.3, and 0.6, the 

neural network provides a large number of misclassifications 

on the training data and testing data during the beginning 

part of training, the variation of the number of 

misclassifications on the training data and testing data in 

the neural network with a learning rate of 0.01 and 

momentums of 0.0, 0.1, 0.3, 0.6, and 0.9 remains stable 

relative to the variation of the number of 

misclassifications with learning rates of 0.3, 0.6, and 0.9, 

and a momentum of 0.9 when the training time is increased. 

Also, the variation of the number of misclassifications on 

the training data and testing data in the neural network 

with a learning rate of 0.01 and a momentum of 0.9 is 

narrower than that with a learning rate of 0.01 and 

momentums of 0.0, 0.1, 0.3, and 0.6 when the training time 

is changed. When the values of the momentum are increased 

with a learning rate of 0.01, the performance of the neural 

network is not affected by the different values of the 
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momentum. That is, the variations of the number of 

misclassifications on the training data and testing data in 

the neural network with a learning rate of 0.01 are stable. 

Tables 15 and 16 (appendix A) show the performance of 

the neural network on the training and testing data for 

cases 2-4, 2-5, 2-6, 2-7, 2-8, 2-9, 2-10, and 2-12 with a 

learning rate of 0.01 and a momentum of 0.9 when the 

training time is increased. In these cases, a learning rate 

of 0.01 and a momentum of 0.9 were used because the results 

for case 2-11 show that, when the training time is 

increased, the variation of the number of misclassifications 

on the training data and testing data in the neural network 

with a learning rate of 0.01 and a momentum of 0.9 is narrow 

and stable relative to the variations of the number of 

misclassifications on training data and testing data in the 

neural network with the other values of the learning rate 

and the momentum used in this study. As shown in tables 15 

and 16, the variations of the number of misclassifications 

on the training data and testing data in the neural network 

with a learning rate of 0.01 and a momentum of 0.9 for cases 

2-4, 2-5, 2-6, 2-7, 2-8, 2-9, 2-10, and 2-12 are narrow and 

stable. When the training time is changed for data with no 

overlap between groups, as in cases 2-1 and 2-3, the number 

of misclassifications on the training data and testing data 

in the neural network with a learning rate of 0.01 and a 

momentum of 0.9 is zero. 
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In summary, for data with no overlap between groups, 

the performance of the neural network is not affected by 

different values of the learning rates and momentums because 

the number of misclassifications on training data and 

testing data in the neural network with learning rates of 

0.01, 0.1, 0.3, 0.6, and 0.9, and momentums of 0.0, 0.1, 

0.3, 0.6, and 0.9 is the same (zero). However, for data 

with overlap between groups, the performance of neural 

network on the training data and testing data is affected by 

different values of the learning rates and momentums when 

the training time is increased, because the neural network 

with different values of the learning rates and momentums 

provides a different number of misclassifications without a 

pattern of decreasing or increasing the number of 

misclassifications. When the value of the momentum is 

increased with a higher learning rate (e.g., 0.9 or 0.6), 

the performance of the neural network is affected by the 

training time because the variation in the number of 

misclassifications on the training data and testing data in 

the neural network with a higher learning rate (e.g., 0.9 or 

0.6) and a higher momentum (e.g., 0.9) is wider than that 

with a lower learning rate (e.g., 0.1 or 0.01) and a lower 

momentum (e.g., 0.0 or 0.1). The variation of the number of 

misclassifications on training data and testing data in the 

neural network with a lower learning rate (e.g., 0.1 or 

0.01) and a momentum of 0.0, 0.1, 0.3, 0.6, or 0.9 remains 
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stable relative to the variation of the number of 

misclassifications with a higher learning rate (e.g., 0.3, 

0.6, or 0.9) when the training time is increased. When the 

values of the momentum are increased with a lower learning 

rate (e.g., 0.1 or 0.01), the variations of the number of 

misclassifications on the training data and testing data in 

the neural network are stable relative to that with a higher 

learning rate (e.g., 0.6 or 0.9). Finally, when the 

training time is increased, the variation in the number of 

misclassifications on the training data and testing data in 

the neural network with a learning rate of 0.01 and a 

momentum of 0.9 is narrow and stable relative to the 

variations of the number of misclassifications on training 

data and testing data in the neural network with the other 

values of the learning rate and the momentum used in this 

study. 

Examination of the Replicability of 
Neural Network Solution 

Experimental Design 

Whenever a neural network is trained, the weights are 

initialized. However, when a neural network is trained 

several times with the same data, different initial random 

weights are assigned each time even though the same 

momentum, learning rate, and number of hidden neurons are 

used. This difference in initial weights results in a 

different final weight, and the results may or may not be 
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the same. Thus, an experiment was conducted to investigate 

the replicability of the neural network solution. In this 

study, replicability is defined as the ability of the neural 

network model to produce the same results (the same number 

of misclassifications). Simulation study 1 was used, and 

five cases (2-2, 2-5, 2-6, 2-8 and 2-11) were considered. 

To investigate the replicability of the neural network 

solution, each neural network was trained 50 times, with the 

neurons identically positioned, using the same algorithms, 

and the same training time in each case. In this 

experiment, one-minute training time was used. Four hidden 

layer neurons were used in this experiment. A learning rate 

of 0.6 and a momentum of 0.9 were examined because these two 

values are the default values. Also, 0.01 for learning rate 

and 0.9 for momentum were used because the neural network 

with these two values was not sensitive to training time 

relative to the other values of the learning rate and the 

momentum used in the study for analysis of the training 

time, learning rate, and momentum. The replicability of the 

neural network solution is examined on the basis of the 

number of misclassifications on the training and testing 

data sets. 

Experimental Results 

When the neural network with a learning rate of 0.6 and 

a momentum of 0.9, or a learning rate of 0.01 and a momentum 
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of 0.9 was trained 50 times for data with no overlap between 

groups, as in the case 2-2, the neural network replicates 

the same number of misclassifications (zero) on the training 

data and testing data. The results show that, when the 

initial weights are different, the neural network with a 

learning rate of 0.6 and a momentum of 0.9, or a learning 

rate of 0.01 and a momentum of 0.9 for the case 2-2 data set 

can produce the same number of misclassifications on the 

training data and testing data with different final weights. 

Table 17 (appendix A) illustrates the number of 

misclassifications for case 2-5 when a learning rate and a 

momentum are 0.6 and 0.9, respectively. Table 18 (appendix 

A) shows the frequency distribution of the number of 

misclassifications for case 2-5 on the training data. As 

seen in table 18, 1 misclassification occurs 11 times, 2 

occur 13 times, 3 occur 14 times, 4 occur 9 times, 5 occur 2 

times, and 2 3 occur 1 time. Table 19 (appendix A) shows the 

frequency distribution of the number of misclassifications 

on the testing data. The results show that 2 

misclassifications occur 8 times, 3 occur 14 times, 4 occur 

17 times, 5 occur 3 times, 6 occur 6 times, 7 occur 1 time, 

and 2 6 occur 1 time. As shown in tables 18 and 19, the 

neural network with a learning rate of 0.6 and a momentum of 

0.9 did not replicate the same number of misclassifications 

on the training data and testing data for data with overlap 

between groups, as in the case 2-5 data set. Thus, the 
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neural network with a learning rate of 0.6 and a momentum of 

0.9 for the case 2-5 data set may produce different 

solutions when the initial weights are different. 

Table 2 0 (appendix A) reports the number of 

misclassifications on the training data and testing data for 

a learning rate of 0.01 and a momentum of 0.9 with case 2-5. 

As illustrated in tables 21 and 22 (appendix A), the neural 

network with a learning rate of 0.01 and a momentum of 0.9 

did not replicate the same number of misclassifications on 

the training data and testing data for data with overlap 

between groups, as in the case 2-5 data set. However, the 

results show that the neural network with a learning rate of 

0.01 and a momentum of 0.9 may have better replicability 

than that with a learning rate of 0.6 and a momentum of 0.9 

when initial weights are varied because the range of the 

number of misclassifications on the training data and 

testing data in the neural network with a learning rate of 

0.01 and a momentum of 0.9 is narrower than that with a 

learning rate of 0.6 and a momentum of 0.9. Also, as shown 

in table 22, only two different numbers (3 and 4) of 

misclassifications on the testing data occurred, and 70 

percent of 50 observations on the testing data had the same 

number (4) of misclassifications. 

Table 2 3 (appendix A) shows the number of 

misclassifications on the training data and testing data for 

case 2-6 when a learning rate and a momentum are 0.6 and 
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0.9, respectively. Table 2 6 (appendix A) shows the number 

of misclassifications on the training data and testing data 

for a learning rate of 0.01 and a momentum of 0.9. The data 

for case 2-6 were selected to examine the replicability of 

the neural network solution when sample sizes are varied. 

In case 2-6, the training data set consists of 100 

observations, 50 for group 1 and 50 for group 2. For case 

2-5, a sample of training size 25 was generated from each 

group. 

In a comparison of the results in tables 18 and 19 for 

a learning rate of 0.6 and a momentum of 0.9, the results in 

tables 24 and 25 (appendix A) show that, when the training 

size is increased, the neural network can produce better 

replicability with different initial weights because the 

range of the number of misclassifications on the training 

data and testing data in the neural network with a larger 

training size is narrower than that with a smaller training 

size. Also, as shown in tables 24 and 25, 70 percent of 50 

observations on the training data and 60 percent on the 

testing data had the same number (three) of 

misclassifications. As presented in tables 21, 22, 27, and 

28 (appendix A) for a learning rate of 0.01 and a momentum 

of 0.9, the results agreed with those for a learning rate of 

0.6 and a momentum of 0.9. Also, the results in tables 27 

and 2 8 show that the neural network replicates almost the 

same number of misclassifications on the training data and 
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testing data for the case 2-6 data set. That is, as shown 

in table 30, the neural network replicates the same number 

(3) of misclassifications for training data in case 2-6. 

Also, as shown in table 28, 98 percent of 50 observations on 

the testing data have the same number (3) of 

misclassifications. 

Table 29 (appendix A) shows the number of 

misclassifications on the training data and testing data for 

case 2-8 when a learning rate and a momentum are 0.6 and 

0.9, respectively. As shown in tables 3 0 and 31 (appendix 

A), the neural network with a learning rate of 0.6 and a 

momentum of 0.9 on the training and testing data did not 

replicate the same number of misclassifications for data 

with overlap between groups, as in the case 2-8 data set. 

The results show that the neural network with a learning 

rate of 0.6 and a momentum of 0.9 for the case 2-8 data set 

may produce different solutions with different initial 

weights. Table 3 2 (appendix A) reports the number of 

misclassifications on the training and testing data for a 

learning rate of 0.01 and a momentum of 0.9 with case 2-8. 

As illustrated in tables 3 3 and 34 (appendix A), the neural 

network with a learning rate of 0.01 and a momentum of 0.9 

did not replicate the same number of misclassifications on 

the training and testing data for data with overlap between 

groups as in the case 2-8 data set. However, the results 

show that the neural network with a learning rate of 0.01 
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and a momentum of 0.9 may have a better replicability than 

that with a learning rate of 0.6 and a momentum of 0.9 when 

initial weights are varied because, for case 2-8, the range 

of the number of misclassifications on the training and 

testing data in the neural network with a learning rate of 

0.01 and a momentum of 0.9 is narrower than that with a 

learning rate of 0.6 and a momentum of 0.9. Also, as shown 

in table 34, 84 percent of 50 misclassifications on the 

testing data have the same number (3) of misclassifications. 

Table 35 (appendix A) shows the number of 

misclassifications on the training and testing data for case 

2-11 when a learning rate and a momentum are 0.6 and 0.9, 

respectively. As shown in tables 3 6 and 37 (appendix A), 

the neural network with a learning rate of 0.6 and a 

momentum of 0.9 on the training and testing data did not 

replicate the same number of misclassifications for data 

with overlap between groups as in the case 2-11 data set. 

The results show that the neural network with a learning 

rate of 0.6 and a momentum of 0.9 for the case 2-11 data set 

may produce different number of misclassifications on the 

training and testing data when initial weights are 

different. Table 38 (appendix A) shows the number of 

misclassifications on the training data and testing data for 

a learning rate of 0.01 and a momentum of 0.9 with case 2-

11. As shown in tables 39 and 40, although the neural 

network with a learning rate of 0.01 and a momentum of 0.9 
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did not replicate the same number of misclassifications on 

the training data and testing data for data with overlap 

between groups, as in the case 2-11 data set, the results 

show that the neural network with a learning rate of 0.01 

and a momentum of 0.9 may have a better replicability than 

that with a learning rate of 0.6 and a momentum of 0.9 when 

initial weights are varied, because the variations in the 

number of misclassifications on the training data and 

testing data in the neural network with a learning rate of 

0.01 and a momentum of 0.9 is narrower than that with a 

learning rate of 0.6 and a momentum of 0.9. 

Summary 

The purpose of chapter 4 is to analyze specifications 

for the number of neurons in a single hidden layer, learning 

rate, and momentum of neural network models in Shewhart X-

bar control chart applications. Thus, in chapter 4, data 

were selected from two normally distributed populations in 

the two-group problem with two, three, and five input 

variables that were generated to investigate the performance 

of the neural network when the number of hidden layer 

neurons was varied. 

According to previous investigators (Bailey and 

Thompson 1990; Caudill 1988b; Chow and Yee 1991; Gorman and 

Sejnowskki 1988; Knight 1990; Raghupathi, Schkade, and Raju 

1991; Yoon and Swales 1991b), when the number of hidden 
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neurons increases, the performance of the neural network on 

the training data and testing data improves. However, the 

addition of more than the optimal number of hidden neurons 

does not improve the performance of the neural network 

significantly. In analysis of the number of hidden neurons 

for normal population data in the two-group problem with 

two, three and five input variables, the findings are 

summarized below. 

First, for populations with no overlap between two 

groups (cases 2-1, 2-2, and 2-3 in tables 6 and 7), the 

number of misclassifications on the training data and 

testing data is the same (zero) when the number of hidden 

neurons is different. Second, generally, for data with 

overlap between groups, neural network provides a different 

number of misclassifications on the training data and 

testing data without a pattern of increasing or decreasing 

the number of misclassifications when the number of hidden 

neurons is increased (see cases 2-8, 2-10, 2-11, 2-12, 3-4, 

and 4-1 in tables 6, 7, 8, and 9). Third, as shown in case 

2-4 for the testing data in table 7 and case 3-4 for testing 

data in table 8, a single hidden neuron should be avoided 

because, sometimes, the neural network with a single hidden 

neuron never learns, and the predictive ability of the 

neural network is reduced. In general, the different number 

of hidden neurons did not influence the performance of the 

neural network for the data selected from normally 
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distributed population as described in the simulation 

studies 1, 2, and 3 in this chapter because, for data with 

no overlap between two groups, the number of 

misclassifications on the training data and testing data is 

the same (zero); and, for data with overlap between groups, 

neural networks provide a different number of 

misclassifications on the training data and testing data 

without a pattern of increasing or decreasing the number of 

misclassifications when the number of hidden neurons is 

increased. 

The results for analysis of the training time, learning 

rate, and momentum with normal population data between the 

two groups presented in simulation study 1 show that the 

performance of the neural network was affected by the 

training time. According to prior research (Gorman and 

Sejnowski 1988; Knight 1990), the performance of the neural 

network on the training data improves continuously when the 

training time is increased. However, this literature also 

shows that the performance on testing data initially 

improves as training time increases and then, as training 

time increases further, becomes worse. The results from 

this study on the performance of the neural network for the 

different training times do not completely agree with this 

prior research and are discussed below. 

First, the performance of the neural network is not 

affected by different values of the learning rates and 
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momentums for data with no overlap between groups, as in 

case 2-2, when the training time is increased. That is, the 

number of misclassifications on the training data and 

testing data in the neural network with learning rates of 

0.01, 0.1, 0.3, 0.6, and 0.9, and momentums of 0.0, 0.1, 

0.3, 0.6, and 0.9 is the same (zero). 

Second, for data with overlap between groups, as in 

case 2-11, neural network on the training data produces a 

different number of misclassifications without decreasing 

the number of misclassifications when the training time is 

increased. Also, the neural network on the testing data 

shows a different number of misclassifications with 

different training times because the performance of the 

neural network on the testing data depends on the 

performance of the neural network on the training data. 

Third, when the value of the momentum is increased for 

a higher learning rate (e.g., 0.9 or 0.6), the performance 

of the neural network is affected by the training time. For 

example, the neural network with a learning rate of 0.9 and 

a momentum of 0.9 provides more unstable solutions than that 

with a learning rate of 0.9 and a momentum of 0.0 when the 

training time is varied because the range of the number of 

misclassifications on the training data and testing data in 

the neural network with a learning rate of 0.9 and a 

momentum of 0.9 is wider than that with a learning rate of 

0.9 and a momentum of 0.0. 
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Fourth, the variation of the number of 

misclassifications on training data and testing data in the 

neural network with a lower learning rate (e.g., 0.1 or 

0.01) and a momentum of 0.0, 0.1, 0.3, 0.6, or 0.9 remains 

stable relative to the variation of the number of 

misclassifications with a higher learning rate (e.g., 0.3, 

0.6, or 0.9) when the training time is increased. 

Fifth, when the values of the momentum are increased 

with a lower learning rate (e.g., 0.1 or 0.01), the 

variations of the number of misclassifications on the 

training data and testing data in the neural network are 

stable relative to that with a higher learning rate (e.g., 

0.6 or 0.9). That is, the performance of the neural network 

with a learning rate of 0.1 or 0.01 is not affected by the 

different values of the momentum. 

Finally, when the training time is increased, the 

variation of the number of misclassifications on the 

training data and testing data in the neural network with a 

learning rate of 0.01 and a momentum of 0.9 is narrow and 

stable relative to the variations of the number of 

misclassifications on the training data and testing data in 

the neural network with the other values of the learning 

rate and the momentum used in this study. 

In the results for examination of the replicability of 

the neural network solution, the neural network replicates 

the same number of misclassifications (zero) on the training 
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data and testing data when groups are distinct with no 

overlap, as in the case 2-2 data set. The neural network 

may produce different solutions with different initial 

weights for the data set when the groups overlap. However, 

the neural network with a learning rate of 0.01 and a 

momentum of 0.9 shows better replicability than that with a 

learning rate of 0.6 and a momentum of 0.9 when initial 

weights are varied. That is, although the neural network 

with a learning rate of 0.01 and a momentum of 0.9 did not 

produce the same number of misclassifications on the 

training data and testing data, the variation of the number 

of misclassifications on the training data and testing data 

in the neural network with a learning rate of 0.01 and a 

momentum of 0.9 is narrower than that with a learning rate 

of 0.6 and a momentum of 0.9. Also, different weights in 

the neural network with a learning rate of 0.01 and a 

momentum of 0.9 result in smaller differences in the number 

of misclassifications on the training data and testing data 

than those with a learning rate of 0.6 and a momentum of 

0.9. 

It should be noted that, when the training data set 

size is increased, the neural network may produce better 

replicability with different initial weights because the 

range of the number of misclassifications on the training 

data and testing data in the neural network with a larger 

training size is narrower than that with a smaller training 
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size (see tables 17 through 28). 

In summary, the training process for a back propagation 

neural network in Shewhart X-bar control chart applications 

with normally distributed data should take the following 

steps: 

1. Collect data. The data should consist of two parts 

(one for in-control and the other for out-of-control). 

2. Determine the number of input layer neurons and 

output layer neurons. The number of neurons in the input 

layer and output layer is determined automatically by the 

number of input and output variables. 

3. Determine the number of hidden layer neurons. 

Avoid too small a number of hidden neurons (e.g., one in 

this simulation study). In addition, while a large 

number of hidden neurons (e.g., 20 or 30 in this simulation 

study) may be selected, the training time for a large number 

of hidden neurons is longer than that for a small number of 

hidden neurons. Thus, a number of hidden neurons falling 

near the total number of input and output layer neurons is 

an effective compromise. For example, if the input neurons 

are 5 and the output neuron is 1, the number of hidden 

neurons with 5 or 6 will be effective. 

4. Determine a learning rate and a momentum. If you 

know that the pattern of the training data is clear (no 

noise or overlap between groups), use the default values for 

a learning rate of 0.6 and a momentum of 0.9 because the 
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neural network with a learning rate of 0.6 and a momentum of 

0.9 may produce the same solution with different initial 

weights, does not depend on the training time, and may have 

a short training time. 

A learning rate of 0.01 is recommended when (a) the 

pattern of the training data is unknown; (b) the size of the 

training data is small; (c) the pattern of the training data 

is noisy or contaminated because the neural network with a 

very low learning rate (e.g., 0.01) provides a stable 

solution with different training times. Also, although the 

neural network with a learning rate of 0.01 does not produce 

the same solution with different initial weights, the neural 

network with a learning rate of 0.01 may produce better 

replicability than that with a learning rate of 0.6 in this 

study. Furthermore, a momentum of 0.9 is recommended to 

avoid the local minimum problems. 

5. Begin training the neural network. 



CHAPTER V 

ILLUSTRATION OF NEURAL NETWORK PARAMETER SPECIFICATIONS 

THROUGH A COMPARISON OF NEURAL NETWORKS AND 

SHEWHART X-BAR CONTROL CHARTS 

Introduction 

The purpose of this chapter is to show that neural 

networks are capable of performing in Shewhart X-bar control 

chart applications and to illustrate the appropriate use of 

the heuristic procedures developed for neural network 

configurations. This is achieved through a comparison of 

neural networks and Shewhart X-bar control charts. In this 

chapter, experimental evidence is provided to answer the 

following research questions described earlier in chapter 2: 

Is the average run length (ARL) using neural networks 

shorter than the ARL using Shewhart X-bar control charts 

when the process is out-of-control? Is the ARL using neural 

networks longer than the ARL using Shewhart X-bar control 

charts when the process is in-control? Is the ARL using 

neural networks equal to or shorter than the ARL using 

Shewhart X-bar control charts with supplementary runs rules 

when the process is out-of-control? Is the ARL using neural 

networks equal to or longer than the ARL using Shewhart X-

bar control charts with supplementary runs rules when the 
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process is in-control? Thus, neural networks with rules for 

neural network configurations developed in chapter 4 are 

compared with Shewhart X-bar control charts with/without 

supplementary runs rules for detecting a shift in the 

process mean. 

If the process is in-control, the subgroup averages 

from the output of the process belong to a normal 

distribution with a target mean \xQ and a standard deviation 

a. When the distribution of the subgroup averages changes 

with a different mean ja ju0) and the same standard 

deviation o, it is called a shift in the process mean (Palm 

1990). The standardized shift value 8 is defined below 

(Palm, 1990): 

5 = 1 n - M01 / (cr/v̂ri) 

where 

pt0 = process mean before shift 

ju = process mean after shift 

o - process standard deviation 

n = subgroup size. 

The performance of a control chart is often evaluated 

on the average run length (ARL). The ARL is defined as the 

average number of subgroups that are observed from a process 

before an out-of-control signal is given by the chart 

(Runger and Pignatiello 1991). When the process is in-

control (or 8 = 0), it is desirable to have a large ARL. 

However, if the mean of the process has shifted (or 8 ^ 0), 
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it is desirable to have a small ARL. Table 41 (appendix A) 

shows the ARL for the Shewhart X-bar control chart 

with/without supplementary runs rules (Champ and Woodall 

1987; Crowder 1987; Palm 1990). 

Experimental Design 

In this chapter, a simulation was conducted to 

determine the ARL of the neural network. The training data 

for the simulation is generated by SAS. Table 42 shows the 

parameter specifications in the simulation for the training 

data. 

In this simulation, data for normal populations with 

equal standard deviation were generated because the theory 

of Shewhart control charts assumes that parent populations 

are normally distributed (Braverman 1981; Hackl and Ledolter 

1991; Montgomery 1985). Standard deviation was held at one 

because numerical studies used one standard deviation in 

simulations including Shewhart X-bar control chart 

applications (Runger and Pignatiello 1991; Walker, Philpot, 

and Clement 1991). Furthermore, judgments about control are 

independent of the magnitude of the standard deviation 

because the judgments (control limits) are based on the 

number of standard deviations (limits are typically + 3 

standard deviations). Samples of size five were drawn from 

each normal distribution because subgroup size of n=5 in 

Shewhart X-bar control charts is popular in the practical 
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Table 42.—Parameter Specifications in the Simulation for 
the Training Data in Control Chart Application 

Shift 
<5 CT 

Training 
Sample Size 

0.0 0.00 1 200 
+/-5.0 ±2.24 (nominal 2 .0) 1 200 
+/-6.0 ±2 .68 (nominal 2 .5) 1 200 
+/-7.0 ±3.13 (nominal 3 .0) 1 200 

applications (Hunter 1986; Smith 1991). Also, if the 

control chart procedure is based on the sample average of 

four or five observations that are taken at each control 

point, the central limit theorem suggests that the 

distribution of the means is approximately normal (Hackl and 

Ledolter 1991). 

Two hundred subgroups of size five from the target 

process mean (in control) for training data were generated 

from a normal distribution with N(0,1). Three different 

shifts (<$ = ±5, ±6, and ±7) (out of control) for training 

data sets were considered in the experiment. Other shifts 

(e.g., 8 = ±1, ±2, ±3, ±4) for training data were not 

studied because selected trials using smaller shifts 

indicate that out-of-control points in the training data 

show high overlap between two groups (in-control and out-of-

control) . For example, the in-control ARL for the training 

data set of 5=0 (in-control) and 5=±4 (out-of-control) was 

24.40. That is a too small ARL for the in-control process 

mean. Therefore, the neural network may not learn the 
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training data with a noisy pattern. For each shift, 200 

subgroups of size 5 were generated. For example, 100 

subgroups of size 5 for iV(2.24,l) and 100 subgroups of size 

5 for N(-2.24,1} were generated to indicate 6=±5 shift. In 

table 42, jx is computed by the formula described above (6 -

IM ~ Mo I / (aA^n)) • A target mean {fx0) was set at zero 

because the literature used zero for the target process mean 

in the simulation study of control charts (Crowder 1987; 

Runger and Pignatiello 1991; Walker, Philpot, and Clement 

1991). 

The neural network is trained with 5 input neurons 

(subgroup size} and 1 output neuron. Five neurons in a 

single hidden layer were determined by the heuristic 

procedure for the neural network configurations in Shewhart 

X-bar control chart applications developed in chapter 4. In 

this experiment, 0.6 and 0.9 for learning rate and momentum, 

respectively, were used for two training data sets of 6=0 

(in-control) and £=±6 (out-of-control), and 6-0 (in-control) 

and 6~±1 (out-of-control) because no overlap between two 

groups existed (that is, the patterns of the training data 

are clear). A learning rate of 0.01 and momentum of 0.9 

were used for the training data set of 6=0 (in-control) and 

6=±5 (out-of-control) because there is an overlap between 

groups, and, thus, patterns of the training data are noisy. 

The output was set to be zero if the data were from the 

target process mean (i\T(0,l)) and one if the data were from 
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the mean after shift (#(+2.24,1), N(±2.68,1), and 

N(+3.13,1)). 

The trained neural network provides the control limits 

for in-control and out-of-control training data. For 

example, in the training data set for <5=0 and 6=±6, the 

lower control limit for no shift was 0.0, and the upper 

control limit for no shift was 0.17. The lower control 

limit for process mean after shift was 0.80, and the upper 

control limit for process mean after shift was 1.0. The 

area between 0.17 and 0.8 0 are neutral zone. Neural 

networks classify a shifted mean if the output neuron values 

exceed a cutoff point. In the case of the training data for 

<5=0 and S=±6, cutoff points can be 0.2, 0.3, 0.4, 0.5, 0.6, 

0.7, and 0.8 because they are sufficient to indicate low, 

medium, and high cutoff points. Lowering the cutoff point 

increases the probability of committing a Type I error 

(concluding the process is out of control when it is really 

in control), but reduces a Type II error (concluding the 

process is in control when it is really out of control), and 

increasing the cutoff point increases the probability of 

committing a Type II error, but reduces the probability of a 

Type I error. 

A modified program written in C provided by the run-

time option of NeuroShell is used to estimate the ARL for 

the neural network (see appendix C). For example, suppose 

that the cutoff point is 0.5. After the neural network is 
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trained, the neural network will classify between in-control 

and out-of-control. If the value of the output neuron falls 

between 0.5 and 1, it is called "out-of-control or shifted," 

and an action signal occurs. The number of subgroups 

created since the previous action signal is recorded, and 

the number is the "run length." If the value of the output 

neuron falls between 0 and 0.5, it is called "in-control or 

centered." Another value of subgroup mean is generated and 

tested, and so on. This procedure is repeated until the 

1,000th action signal occurs. The average of these 1,000 

run lengths is the ARL for a particular shift. In this 

experiment, the ARLs below one are included to allow 

comparisons. Note that, when each value of subgroup mean is 

judged as out-of-control, the ARL will be zero. 

The ARL of neural networks from the experiment is 

compared with the ARL of Shewhart X-bar control charts 

with/without supplementary runs rules using fixed control 

limits (pre-set at + 3-sigma limits). In this comparison, 

the ARL of Shewhart X-bar control charts using fixed + 3-

sigma control limits is used because the comparison using 

fixed control limits provided by Champ and Woodall (1987), 

Crowder (1987), and Palm (1990) is more appropriate than 

that using the calculated limits proposed in recent work of 

Bajgier (1992) or Harvey (1993). Neural networks must be 

trained before this control chart application. In this 

study, 2 00 subgroups of size 5 from the target process mean 
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(in-control) and process mean after shift (out-of-control), 

respectively, for training data were generated from a normal 

distribution. After the neural network is trained, its 

weights and connections are fixed to compute the ARL. This 

presetting with the training data in the neural network 

models is similar to fixing or presetting the ±3-sigma 

control limits in the Shewhart X-bar control charts. Nine 

different shifts (0, 0.2, 0.4, 0.6, 0.8, 1, 2, 3, 4) were 

examined to compare the performance of neural networks with 

that of Shewhart control X-bar charts without supplementary 

runs rules. Also, eight different shifts (0, 0.2, 0.4, 0.6, 

0.8, lr 2, 3) were used to compare the performance of neural 

networks with that of Shewhart X-bar control charts with 

supplementary runs rules because prior work considers these 

shifts values and provides comparisons. 

Experimental Results 

The ARLs of the trained neural network with <5=0 and 

£=±5 are shown in table 4 3 (appendix A) . In Cn504, Cn505, and 

Cn506, the neural networks are more effective in detecting 

both small and large shifts in the process mean than 

Shewhart X-bar control charts without supplementary runs 

rules. However, the neural networks also reduce the ARL at 

the target value /j,ot and thus result in more false alarms. 

The performance of the neural network for Cn505 is similar to 

the performance of the Shewhart X-bar control chart with 
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supplementary runs rules for C1234 under conditions with the 

approximately similar ARL values for no shift in both 

charts. The neural networks for Cn505 were more effective in 

detecting large shifts (see 5 = 2.0 and 3.0 for Cn505 and 

C1234) and less effective in detecting small shifts than C1234 

Shewhart X-bar control charts with supplementary runs rules. 

However, both types of charts tend to detect small shifts 

quickly relative to the Shewhart X-bar control chart without 

supplementary runs rules. When the cutoff point was 

increased beyond 0.6 (e.g., the cutoff point is 0.7), the 

neural network was less effective in detecting small and 

large shifts than the Shewhart X-bar control charts 

with/without supplementary runs rules (see neural network 

for Cn507) . It should be noted that, when there is a very 

large shift (i.e., S > 2) in the mean, the ARL values for 

neural networks fell sharply (see table 43). Also, the ARLs 

of neural networks were increased when the cutoff points 

were increased. 

As seen in table 44 for neural networks with 5=0 and 

S=±6, ARLs of neural networks for Cn602, Cn603, Cn604, Cn605, Cn606, 

and Cn607 were less than those of Shewhart X-bar control 

charts without supplementary runs rules. That is, the 

neural networks were more effective in detecting small and 

large shifts in the process mean with reducing the ARL for 

the target process mean. When the ARLs of neural networks 

are compared with those of Shewhart X-bar control charts 
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with supplementary runs rules, neural networks were more 

effective in detecting large shifts in the process mean 

(e.g., 8 > 3) and less effective in detecting small shifts 

in the process mean (e.g., S < 2) than Shewhart X-bar charts 

with supplementary runs rules under conditions with the 

approximately similar ARL values for no shift in both 

charts. For example, the performance of the neural network 

for Cn605 is similar to the performance of the Shewhart X-bar 

control chart with supplementary runs rules for C14. Again, 

however, both types of charts detect these small shifts 

quickly relative to the Shewhart control chart without 

supplementary runs rules. The in-control ARL for Cn608 is 

424.16, and thus results in fewer false alarms than the 

Shewhart X-bar control charts. Also, the neural networks 

for Cn608 were more effective in detecting large shifts 

(e.g., <5 > 3) in the mean than the Shewhart X-bar control 

chart without supplementary runs rules. In addition, the 

performance of the neural network for Cn608 was as good as 

that of the Shewhart X-bar control chart without 

supplementary runs rules to detect small shifts. 

Table 45 (appendix A) displays the ARL values for 

neural networks with <5=0 and 6=±7. In this study, only 0.1, 

0.2, 0.3, and 0.4 cutoff points were used because, when the 

cutoff point was increased beyond 0.3, the ARLs of neural 

network were increased, and the neural networks were 

ineffective in detecting any shifts in the mean (see ARLs 
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for Cn704 in Table 45) . The ARLs for Cn701 are approximately 

equivalent to the ARLs for Cn505 in table 43. The results 

from Cn702 and Cn703 show that the neural networks yielded 

smaller ARLs with more false alarms than the Shewhart X-bar 

control chart without supplementary runs rules. The neural 

networks for Cn702 were more effective in detecting large 

shifts (e.g., S = 2.0) and less effective in detecting small 

shifts than C79 Shewhart X-bar control charts with 

supplementary runs rales. The in-control ARL for Cn704 is 

576.48, and thus results in fewer false alarms than the 

Shewhart X-bar charts without supplementary runs rules. 

However, the neural networks for Cn704 are less effective in 

detecting small shifts in the mean. However, both types of 

charts quickly detect very large shifts. 

Finally, an experiment was conducted to investigate the 

replicability of the neural network control chart. In this 

case, replicability is defined as the ability of the neural 

network model to produce the same number of ARLs. To 

investigate the replicability of the neural network control 

chart, the neural network on the training data of 6 - 0 and 

S = ±5 with a cutoff point of 0.5 was trained five times, 

each time starting with different initial random weights but 

with the same configuration and the same training time. As 

shown in table 46 (appendix A), the neural network with a 

learning rate of 0.01 and a momentum of 0.9 did not produce 

the same number of ARLs for each training run. For example, 
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as illustrated in table 46, the in-control ARLs for Cn505 are 

91.54,, 93.47, 93.68, 92.32, and 93.38. The results in table 

46 show a different ARL for each training run because there 

is an overlap between two groups in the training data for <5 

= 0 and S = ±5, and, as shown in the results for examination 

of the replicability of the neural network solution in 

chapter 4, the neural network may produce different 

solutions with different initial weights for the training 

data with an overlap between groups. 

Summary 

In this chapter, data from normal populations with 

equal standard deviation were generated to compute the ARLs 

for neural network control chart applications. As 

illustrated in tables 43, 44, and 45, three different shifts 

(6 = ±5, ±6, and ±7) (out of control) for training data sets 

were examined with different numbers of control limits. In 

general, when the shift value for the training data is 

increased with the same cutoff point, the ARL for the neural 

network is increased for both in-control process mean and 

out-of-control process mean. For example, as shown in 

tables 43, 44, and 45, the in-control ARL for Cn504 is 49.85, 

the ARL for Cn604 is 121.61, and the ARL for Cn704 is 576.48. 

Generally, if the cutoff point, which provides a 

control limit for the neural network, is increased, neural 

networks are less sensitive to shifts and produce fewer 
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false alarms, and, if the cutoff point is decreased, neural 

networks are more sensitive to shifts but also produce more 

false alarms. However, generally, neural networks quickly 

detect very large shifts (e.g., 6 > 2) with any cutoff 

point. That is, when there is a large shift (e.g., S > 2) 

in the process mean, the ARL values of the neural network 

fall sharply. In this study, moving the cutoff point seems 

equivalent to using multiple supplementary runs rules in the 

Shewhart X-bar control chart. That is, when the cutoff 

point is decreased, the ARL for the neural network is 

reduced for in-control process mean and out-of-control 

process mean. Also, in-control and out-of-control ARLs for 

the Shewhart X-bar control chart with supplementary runs 

rules are decreased with additional runs rules. 

In general, as reported in tables 43, 44, and 45, the 

neural networks are more sensitive to small shifts in the 

mean as compared to the Shewhart X-bar control charts 

without supplementary runs rules. Also, the neural networks 

are more effective in detecting large shifts in the mean 

than the Shewhart X-bar control charts, but both types of 

charts tend to detect large shifts quickly. However, the 

neural network reduces the ARL at the target value t̂0, and 

thus results in more false alarms than the Shewhart X-bar 

control charts without supplementary runs rules (see C1, 

<-'n504' ^ 5 0 5 ' ^11506 > *-"n602' ^ n 6 0 3 ' <"'n604' ^n605 f ^ n 6 0 6 ' ^11607/ <~'n702' a n c ^ 

Cn703 in tables 41, 43, 44, and 45). 
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Overall, neural networks perform less effectively than 

Shewhart X-bar control charts with supplementary runs rules 

to detect small shifts under conditions with the 

approximately similar ARL values for no shift in both charts 

(e.g., Cn505 in table 43 and C1234 in table 41). However, both 

types of charts tend to detect small shifts quickly relative 

to the Shewhart X-bar control charts without supplementary 

runs rules. The neural networks give out-of-control signals 

more quickly than the Shewhart X-bar control charts with 

supplementary runs rules to detect very large shifts (e.g., 

6*3). 

In practice, the use of Shewhart X-bar control charts 

with supplementary runs rules is popular because they can 

improve on the power of the Shewhart X-bar control charts to 

detect abnormalities in the process (Walker, Philpot, and 

Clement 1991). However, increasing the number of runs rules 

results in an increased complexity in using the Shewhart X-

bar control charts. Also, the objective of the neural 

network applications to Shewhart X-bar control charts is to 

improve on the poor performance of the Shewhart X-bar 

control charts without supplementary runs rules in detecting 

a small shift. The performance of Shewhart X-bar control 

charts with supplementary runs rules and the performance of 

neural networks in detecting a small shift in the process 

mean are better than the Shewhart X-bar control charts 

without supplementary runs rules. However, control charts 
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for neural networks, like Shewhart X-bar control charts with 

supplementary runs rules, also increase the probability of a 

Type I error while they reduce the probability of a Type II 

error. Therefore, it is crucial to consider the relative 

importance or costs associated with both the Type I and Type 

II errors. 



CHAPTER VI 

SUMMARY AND CONCLUSIONS 

Summary of the Heuristic Procedure for Specifying 
the Parameters of Neural Network Models 

One purpose of this study is to provide a heuristic 

procedure for specifying parameters for neural network 

configurations (e.g., learning rate, momentum, and the 

number of neurons in a single hidden layer) in Shewhart X-

bar control chart applications. As an illustration of the 

appropriate use of the developed heuristic procedure for 

neural network configurations in Shewhart X-bar control 

chart applications, this study compares the performance of 

neural networks with that of Shewhart X-bar control charts. 

To determine neural network configurations in Shewhart 

X-bar control chart applications, the performance of neural 

networks in discriminant analysis applications was 

investigated because both Shewhart X-bar control charts and 

discriminant analysis involve classification (e.g., in-

control for group 1 and out-of-control for group 2). Also, 

the training method of neural networks in Shewhart X-bar 

control chart applications is the same as the training 

method in discriminant analysis. Simulation studies were 

conducted in the two-group discriminant problem because 

Shewhart X-bar control charts consider only two-group cases 

112 
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(e.g., in-control for group 1 and out-of-control for group 

2). Normally distributed populations with equal or unequal 

covariances were used in these configuration simulation 

studies. Traditional Shewhart X-bar control chart assumes 

normally distributed populations. In this study, the 

simulation data for the control chart applications is from 

normally distributed populations with consistence variances. 

The number of hidden neurons for normal population data 

in the two-group problem with two, three, and five input 

variables was considered, and the results are summarized 

below. In general, the simulation studies show that the 

different number of hidden neurons did not influence the 

performance of the neural network for the data selected from 

normally distributed population. For data with no overlap 

between the two groups, the number of misclassifications on 

the training data and testing data is the same and zero in 

all cases. For data with overlap between the groups, the 

neural networks provide a different number of 

misclassifications on the training data and testing data 

without a pattern of increasing or decreasing the number of 

misclassifications when the number of hidden neurons is 

increased. However, in all cases, a single hidden neuron 

should be avoided because, sometimes, the neural network 

with a single hidden neuron never learns, and the predictive 

ability of the neural network is reduced. The following 

heuristic procedure for specifying the number of neurons in 
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a single hidden layer has resulted from this investigation: 

1. Too small a number of hidden neurons (e.g., one in 

this simulation study) should be avoided in order to ensure 

the predictive ability of the neural network. 

2. While a large number of hidden neurons (e.g., twenty 

or thirty in this simulation study) may be selected, the 

training time for a large number of hidden neurons will take 

longer than for a smaller number of hidden neurons. 

3. Selecting a number of hidden neurons falling near 

the total number of input and output layer neurons is an 

effective compromise. For example, if the input neurons are 

five and the output neuron is one, five or six hidden 

neurons would be optimum. 

The importance of training time in developing a back 

propagation neural network was discussed in chapter 3 of 

this study. The results for analysis of the training time, 

learning rate, and momentum with normal population data 

between the two groups are as follows: 

The performance of the neural network is not affected 

by different values of the learning rates and momentums for 

data with no overlap between groups when the training time 

is increased because the number of misclassifications on the 

training data and testing data in the neural network with 

learning rates of 0.01, 0.1, 0.3, 0.6, and 0.9, and 

momentums of 0.0, 0.1, 0.3, 0.6, and 0.9 is the same (zero). 

For data with overlap between groups, a neural network 
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with a different learning rate and momentum produces a 

different number of misclassifications for both the training 

and testing data without a pattern of decreasing the number 

of misclassifications when the training time is increased. 

When the value of the momentum is increased for a higher 

learning rate (e.g., 0.9 or 0.6), the performance of the 

neural network is affected by the training time. The 

variation in the number of misclassifications on the 

training data and the testing data in the neural network 

with a lower learning rate (e.g., 0.1 or 0.01) and a 

momentum of 0.0, 0.1, 0.3, 0.6, or 0.9 remains stable 

relative to the variation in the number of 

misclassifications with a higher learning rate (e.g., 0.6 or 

0.9) when the training time is increased. When the values 

of the momentum are increased with a lower learning rate 

(e.g., 0.1 or 0.01), the variations in the number of 

misclassifications on the training data and the testing data 

in the neural network are stable relative to that with a 

high learning rate (e.g., 0.6 or 0.9). 

Finally, when the training time is increased, the 

variation in the number of misclassifications on the 

training data and the testing data in the neural network 

with a learning rate of 0.01 and a momentum of 0.9 is narrow 

and stable relative to the variations of the number of 

misclassifications on the training data and the testing data 

in the neural network with the other values of the learning 
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rate and the momentum used in this study. 

In examining the replicability of the neural network 

solution, this work shows that the neural network replicates 

the same number of misclassifications (zero) on the training 

data and the testing data when groups are distinct with no 

overlap. The neural network may produce different solutions 

with different initial weights for the data set when the 

groups overlap. However, the neural network with a learning 

rate of 0.01 and a momentum of 0.9 shows better 

replicability than that with a learning rate of 0.6 and a 

momentum of 0.9 when initial weights are varied because, 

although the neural network with a learning rate of 0.01 and 

a momentum of 0.9 did not produce the same number of 

misclassifications on the training data and the testing 

data, the variation in the number of misclassifications on 

the training data and the testing data in the neural network 

with a learning rate of 0.01 and a momentum of 0.9 is 

narrower than that with a learning rate of 0.6 and a 

momentum of 0.9. Thus, the following heuristic procedure 

for specifying a learning rate and a momentum has been 

developed for determining a learning rate and a momentum: 

1. If the pattern of the training data is known to be 

clear (no noise or overlap between groups), the default 

values should be used for a learning rate of 0.6 and a 

momentum of 0.9 because the neural network with a learning 

rate of 0.6 and a momentum of 0.9 may produce the same 



117 

solution with different initial weights, does not depend on 

the training time, and may have a short training time. 

2. A learning rate of 0.01 and a momentum of 0.9 are 

recommended when (a) the pattern of the training data is 

unknown; (b) the size of the training data is small; and (c) 

the pattern of the training data is noisy or contaminated 

because the neural network with a very low learning rate 

(e.g., 0.01) provides a stable solution with different 

training times. 

3. Although the neural network with a learning rate of 

0.01 and a momentum of 0.9 does not produce the same 

solution with different initial weights, the neural network 

with a learning rate of 0.01 and a momentum of 0.9 may 

produce more consistent results (exhibit better 

replicability) than that with a learning rate of 0.6 and a 

momentum of 0.9 in this study. 

4. A momentum of 0.9 is recommended to avoid the local 

minimum problems. 

To show that neural networks are capable of performing 

in Shewhart X-bar control chart applications and to 

illustrate the appropriate use of the developed heuristic 

procedure for neural network configurations in Shewhart X-

bar control chart applications, a simulation was conducted 

to determine the ARL of the neural network models in control 

chart applications. In this simulation, data from normal 

populations with equal standard deviation were generated to 
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compute the ARLs for neural network control charts. The 

neural network is trained with five input neurons (subgroup 

size) and one output neuron. Five neurons in a single 

hidden layer were determined by the developed heuristic 

procedure for the neural network configurations in Shewhart 

X-bar control chart applications. 

In this experiment, 0.6 and 0.9 for learning rate and 

momentum, respectively, were used for two different training 

data sets of 5=0 (in-control) and 6~±6 (out-of-control), and 

5=0 (in-control) and <S=±7 (out-of-control) because no 

overlap between two groups existed (that is, the patterns of 

the training data are clear). A learning rate of 0.01 and 

momentum of 0.9 were used for the training data set of <5=0 

(in-control) and 6=±5 (out-of-control) because there is an 

overlap between these groups, and, thus, patterns of the 

training data are noisy. 

Conclusions 

Research Questions Addressed 

This study addresses a number of research questions 

regarding a heuristic procedure for specifying parameters in 

neural network models for Shewhart X-bar control chart 

applications. 

Research Questions on Neural Network Model Parameters 

How does the number of hidden neurons of a neural 

network affect its performance in Shewhart X-bar control 
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chart applications? How is the performance of the neural 

network affected by its training time and training data 

pattern when the learning rate and the momentum are 

different? 

In simulation studies 1, 2, and 3 for normal population 

data sets in the two-group problem with two, three, and five 

input variables, it was shown that a single hidden neuron 

should be avoided because, sometimes, the neural network 

with a small number of hidden neurons never learns and the 

discriminant ability of the neural network is reduced. 

Also, evidence for not using a single hidden neuron is 

provided by the XOR problem because the neural network with 

a single hidden neuron cannot address nonlinear 

relationships, as shown in figure l. 

In general, for normally distributed population data 

sets described in simulation studies 1, 2, and 3, the 

different number of hidden neurons did not influence the 

performance of the neural network because, for data with no 

overlap between two groups (cases 2-1, 2-2, 2-3, 4-3, 4-4, 

and 4-5 in tables 6, 7, and 9), the number of 

misclassifications on the training data and the testing data 

is the same (zero), and, for data with overlap between 

groups (cases 2-8, 2-10, 2-11, 2-12, 3-4, and 4-1 in tables 

6, 7, 8, and 9), the neural network provides a different 

number of misclassifications on the training data and the 

testing data without a pattern of increasing or decreasing 
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the number of misclassifications when the number of hidden 

neurons is increased. 

In simulation study 1 for normal population data sets 

in the two-group problem with two input variables, the 

performance of the neural network is not affected by 

different values of the learning rates and momentums for 

data with no overlap between groups, as in case 2-2, when 

the training time is increased. That is, the number of 

misclassifications on the training data and the testing data 

in the neural network with learning rates of 0.01, 0.1, 0.3, 

0.6, and 0.9, and momentums of 0.0, 0.1, 0.3, 0.6, and 0.9 

is the same (zero). However, for data with overlap between 

groups, as in case 2-11, the neural network on the training 

data produces a different number of misclassifications 

without decreasing the number of misclassifications when the 

training time is increased. Also, the neural network on the 

testing data shows a different number of misclassifications 

with different training times because the performance of the 

neural network on the testing data depends on the 

performance of the neural network on the training data. 

For data with overlap between groups, as in case 2-11, 

when the value of the momentum is increased for a higher 

learning rate (e.g., 0.9 or 0.6), the performance of the 

neural network on the training data and the testing data is 

affected by the training time. For example, the neural 

network on the training data and the testing data with a 
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learning rate of 0.9 and a momentum of 0.9 provides more 

unstable solutions than that with a learning rate of 0.9 and 

a momentum of 0.0 when the training time is varied, because 

the range of the number of misclassifications on the 

training data and the testing data in the neural network 

with a learning rate of 0.9 and a momentum of 0.9 is wider 

than that with a learning rate of 0.9 and a momentum of 0.0. 

The variation of the number of misclassifications on 

the training data and the testing data in the neural network 

with a lower learning rate (e.g., 0.1 or 0.01) and momentums 

of 0.0, 0.1, 0.3, 0.6, and 0.9 remains stable relative to 

the variation of the number of misclassifications with a 

higher learning rate (e.g., 0.3, 0.6, or 0.9) when the 

training time is increased. When the values of the momentum 

are increased with a lower learning rate (e.g., 0.1 or 

0.01), the variations of the number of misclassifications on 

the training data and the testing data in the neural network 

are stable relative to that with a higher learning rate 

(e.g., 0.6 or 0.9). That is, the performance of the neural 

network with a learning rate of 0.1 or 0.01 is not affected 

by the different values of the momentum when the training 

time is increased. 

Finally, when the training time is increased, the 

variation of the number of misclassifications on the 

training data and the testing data in the neural network 

with a learning rate of 0.01 and a momentum of 0.9 is narrow 
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and stable relative to the variations of the number of 

misclassifications on the training data and the testing data 

in the neural network with the other values of the learning 

rate and the momentum used in this study. 

En general, if the neural network's training time is 

short, the neural network does not learn because the lack of 

the neural network's learning may reduce the discriminant 

ability of the neural network. However, the longer the 

neural network learns the training data set, the closer the 

network comes to memorizing the training data set. Thus, 

the neural network can make a very accurate prediction on 

the training data set. However, it may not be able to 

generalize well on the testing data set. When the pattern 

of the training data set is unclear, or the training data 

set contains noisy data, the neural network does not reach 

the learning threshold (see figure 11). When this happens, 

the neural network may continue to oscillate in various 

error ranges. In this case, the user needs to stop training 

the neural network artificially when the amount of learning 

is appropriate. 

In this study, a learning rate of 0.01 is recommended 

when (a) the pattern of the training data is unknown; (b) 

the size of the training data is small; and (c) the pattern 

of the training data is noisy or contaminated because the 

neural network with a learning rate of 0.01 provides a 

stable solution with different training times. That is, 
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when the training time is increased, the variation of the 

number of misclassifications on the training data and the 

testing data in the neural network with a learning rate of 

0.01 is stable relative to the variations of the number of 

misclassifications on the training data and the testing data 

in the neural network with the other values of the learning 

rate used in this study. Furthermore, a momentum of 0.9 is 

recommended to avoid the local minimum problems. 

Research Question on Replicability 

When a neural network is trained several times with the 

same data, each time starting with different initial random 

weights but with the same momentum, learning rate, and 

number of hidden neurons, do neural networks produce the 

same number of misclassifications? 

The simulation study presented in chapter 4 shows that 

the neural network with a learning rate of 0.6 and a 

momentum of 0.9, or a learning rate of 0.01 and a momentum 

of 0.9 for data with no overlap between groups can produce 

the same number of misclassifications (zero) on the training 

data and the testing data with different initial weights. 

However, the neural network with a learning rate of 0.6 and 

a momentum of 0.9, or a learning rate of 0.01 and a momentum 

of 0.9 did not produce the same number of misclassifications 

on the training data and testing for data with overlap 

between groups. That is, the neural network may produce 
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different solutions with different initial weights. 

However, the neural network with a learning rate of 0.01 and 

a momentum of 0.9 may have a better replicability than that 

with a learning rate of 0.6 and a momentum of 0.9 when 

initial weights are varied. That is, although the neural 

network with a learning rate of 0.01 and a momentum of 0.9 

did not produce the same number of misclassifications on the 

training data and the testing data, the variations of the 

number of misclassifications on the training data and the 

testing data in the neural network with a learning rate of 

0.01 and a momentum of 0.9 is narrower than that with a 

learning rate of 0.6 and a momentum of 0.9. 

The simulation study shows that, when the training size 

is increased, the neural network may produce a better 

replicability with different initial weights. That is, the 

range of the number of misclassifications on the training 

data and the testing data in the neural network with a 

larger training size is narrower than that with a smaller 

training size (see tables 17 through 28). 

Research Questions on Shewhart X-Bar Control Charts 

Is the average run length (ARL) using neural networks 

shorter than the ARL using Shewhart X-bar control charts 

when the process is "out of control"? Is the ARL using 

neural networks longer than the ARL using Shewhart X-bar 

control charts when the process is "in control"? Is the ARL 
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using neural networks equal to or shorter than the ARL using 

Shewhart X-bar control charts with supplementary runs rules 

when the process is "out of control"? Is the ARL using 

neural networks equal to or longer than the ARL using 

Shewhart X-bar control charts with supplementary runs rules 

when the process is "in control"? 

In a comparison with Shewhart X-bar control charts 

without supplementary runs rules, neural networks were 

generally more effective in detecting small and large shifts 

in the process mean. However, the neural networks reduced 

the ARL at the target process and, thus, resulted in more 

false alarms. That is, the ARL using neural networks is 

shorter than that using Shewhart X-bar control charts when 

the process is both in-control and out-of-control. For 

example, as seen in tables 43, 44, and 45, the ARLs of 

neural networks for Cn504, Cn505, Cn506, Cn602, Cn603, Cn604, Cn605, 

cn606> cn607> cn702' anci Cn703 were less than those of Shewhart X-

bar control charts without supplementary runs rules. That 

is, the neural networks were more sensitive in detecting 

small and large shifts in the process mean with reducing the 

ARL for the target process mean than Shewhart X-bar control 

charts without supplementary runs rules. 

The neural networks provided better results than 

Shewhart X-bar charts with supplementary runs rules under a 

very large shift (e.g., <5 > 3) (see tables 41, 43, 44, and 

45). However, the neural networks were less effective than 



126 

Shewhart X-bar charts with supplementary runs rules in 

detecting small shifts in comparison with approximately 

similar ARL values for the no shift in both charts (e.g., 

Cn505 in table 43 and C1234 in table 41) . However, both types 

of charts tend to detect small shifts quickly relative to 

the Shewhart X-bar control chart without supplementary runs 

rules. 

In the results for examination of the replicability of 

the neural network control chart, as shown in table 46, the 

neural network with a learning rate of 0.01 and a momentum 

of 0.9 did not produce the same number of ARLs for each 

training run. For example, as illustrated in table 46, the 

in-control ARLs for Cn5Q5 are 91.54, 93.47, 93.68, 92.32, and 

93.38. The results in table 46 show a different ARL for 

each training run because there is an overlap between two 

groups in the training data for 6=0 and S = ±5, and, as 

shown in the results for examination of the replicability of 

the neural network solution in chapter 4, the neural network 

may produce different solutions with different initial 

weights for the training data with an overlap between 

groups. 

In general, if the cutoff point is increased, neural 

networks are less sensitive to shifts and produce fewer 

false alarms, and, if the cutoff point is decreased, neural 

networks are more sensitive to shifts but also produce more 

false alarms. Generally, however, neural networks quickly 
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detect very large shifts (e.g., S > 2) with any cutoff 

point. That is, when there is a large shift (e.g., 6 > 2) 

in the process mean, the ARL values of the neural network 

fall sharply. In this study, moving the cutoff point seems 

equivalent to using multiple supplementary runs rules in the 

Shewhart X-bar control chart. That is, when the cutoff 

point is decreased, the ARL for the neural network is 

reduced for in-control and out-of-control process mean. 

Also, in-control and out-of-control ARLs for the Shewhart X-

bar control chart with supplementary runs rules are 

decreased with additional runs rules. 

In this study, three different shifts (6 = ±5, ±6, and 

±7) for the training data were used to indicate out-of-

control points. In general, when the shift value for the 

training data is increased with the same cutoff point, the 

ARL for the neural network is increased for both in-control 

process mean and out-of-control process mean. For example, 

as shown in tables 43, 44, and 45, the in-control ARL for 

Cn504 is 49.85, the ARL for Cn604 is 121.61, and the ARL for 

Cn704 is 57 6.48. 

The objective of the neural network applications to 

Shewhart X-bar control charts is to improve on the poor 

performance of the Shewhart X-bar control charts without 

supplementary runs rules in detecting a small shift. The 

performance of Shewhart X-bar control charts with 

supplementary runs rules and the performance of neural 
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networks in detecting a small shift in the process mean are 

better than the Shewhart X-bar control charts without 

supplementary runs rules. However, control charts for 

neural networks, like Shewhart X-bar control charts with 

supplementary runs rules, also increase the probability of a 

Type I error while they reduce the probability of a Type II 

error., Therefore, it is crucial to consider the relative 

importance or costs associated with both the Type I and Type 

II errors. 

Limitations and Key Assumptions 

The limitations of this study are discussed below. 

First, the parameters (momentum, learning rate, and the 

number of hidden neurons) of a neural network were 

determined through experimentation. These parameters were 

selected as those that provide the best results in the 

experiments. 

Second, the training algorithm of neural networks in 

this study is back propagation, and it has the potential to 

converge at a local minimum because it is a form of a 

gradient-descent rule. In practice, however, the local 

minimum problem seldom occurs (Duliba 1991), and, in this 

work, the local minimum problem is ignored. 

Third, the study does not develop a new quality control 

technique in illustrating the appropriate use of the rules 

for neural network configurations through a comparison of 
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neural networks and Shewhart X-bar control charts. Rather, 

this study examines the appropriateness of applying a 

relatively new technology (neural networks) as an 

alternative to existing statistical control charts. 

The limitations of this study do not impact either the 

ability to complete the research or the likelihood that the 

results are an important contribution. However, the 

recognition of these limitations is an important component 

of properly conducting the study and of identifying the 

potential paths for future work. 

The above limitations result primarily from the 

originality of this work. This originality means that the 

results of the study will provide information about 

guidelines for the development of neural network models and 

the appropriateness of applying neural networks to Shewhart 

X-bar control chart applications. However, considerable 

opportunity exists for future work to explore additional 

limitations in the application of neural networks. 

Future Directions for Research 

The findings of this study can be expanded by the 

investigation of a number of related research issues. 

1. In automated process, the neural network is 

promising, but this study is insufficient to show or define 

its advantage. The simulation study performed here was 

restricted to a single subgroup size (n = 5) in Shewhart X-
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bar control charts. Further research is needed in Shewhart 

X-bar control chart applications with different numbers of 

subgroup sizes. Also, neural networks can be compared with 

Cusum charts or with EWMA charts for more meaningful 

comparison. In addition, the main assumption of Shewhart X-

bar control charts is that parent populations are normally 

distributed. Further research is needed in neural network 

applications to traditional control charts when data are 

nonnormal or autocorrelated, because the neural network may-

perform well when underlying distributions are unknown or 

are generated by nonlinear processes and when outliers or 

irrelevant data exist. 

2. This study was restricted to control chart 

applications. Research on the neural network may be 

extended to other statistical quality control applications. 

For example, further investigation is needed to compare 

neural networks with regression analysis in the presence of 

outliers, multicollinearity, heteroscedasticity, and 

autocorrelation, because neural networks perform well when 

underlying distributions are unknown and outliers or 

irrelevant data exist (Burke 1991). 

3. In this study, only one paradigm, back propagation, 

was used to train neural networks. However, various 

paradigms have been developed to train neural networks, such 

as counter propagation, learning vector quantization, 

probabilistic neural networks, self-organizing maps, the 
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Brain-State-in-a-Box, and the adaptive resonance theory 

(Nelson and Illingworth 1991; NeuralWare 1991). Different 

paradigms are effective in solving different types of 

problems. When a user uses a neural network in a given 

problem, the user needs to decide the correct paradigm. 

Thus, further research is needed to compare back propagation 

with other paradigms and to find strengths, limitations, and 

applications for each paradigm. 

4. Recently, the genetic algorithm has been used to 

synthesize appropriate network structures and values for 

learning parameters. Genetic algorithms are search 

algorithms based on the mechanics of natural selection and 

natural genetics (Goldberg 1989). Genetic algorithms have 

recently become an important research topic because they 

provide a tool that offers an efficient, effective means of 

searching through a vast array of possibilities (Caudill and 

Butler 1992). Basic genetic algorithms use three key 

operators (reproduction, mutation, and crossover) to explore 

their search space (see Goldberg [1989] for more detailed 

information). As mentioned above, the genetic algorithms 

can be used to search a space of possible neural network 

configurations. The importance of genetic algorithms in the 

application of neural networks is worthy of consideration 

once their practical use is expanded. The genetic 

algorithms generally find nearly global optima in complex 

spaces (Montana 1991). That is, the back propagation 
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technique for training neural networks has the potential to 

become stuck at a local minimum. However, if each genetic 

synthesis of neural networks, which corresponds to a 

possible configuration, is evaluated using the back 

propagation training algorithm, genetic algorithms will 

retain and combine good configurations in the next 

generation (Tam and Kiang 1992}. The evolutionary nature of 

the genetic algorithms enables the search for good 

configurations and reduces the possibility of local minimum 

problems. The use of the genetic algorithms for training 

neural networks is very new and is not yet out of the narrow 

realm of the toy problems (e.g., XOR Problem [Potts and 

Giddens 1993]). However, their potential is fascinating. 

5. Further examination of the relationship between 

neural networks and expert systems may yield benefits to 

both areas of study. Expert systems suffer from knowledge 

acquisition limitations because knowledge from the expert 

systems can be obtained only through the laborious process 

of interviewing experts. Neural networks can obtain the 

knowledge from learning. This is done by adjusting the 

weight values in a highly connected network based on the 

sample data. However, neural networks lack the ability of 

expert systems to explain their decisions. Further research 

might include an expert system to provide explanations for 

the behavior of the neural network by merging the two 

technologies (NeuralWare 1991; Salchengerger, Cinar, and 
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Lash 1992). For example, after the neural network is 

trained using the back propagation training technique, the 

expert system can be used to make a final decision. 

6. Further research is needed to explore the potential 

of on-line real time applications so that the applicability 

of results to manufacturing is established. 

Major Contribution of the Study 

In the past few years, neural networks have received a 

great deal of attention and are being explored rapidly for 

their appropriateness in statistical applications. The 

neural network is a computer program that simulates the 

processes by which human learning and intuition take place 

(Hawley, Johnson, and Raina 1990). Numerous statistical 

applications of neural networks have been documented. Such 

applications include discriminant analysis, regression 

analysis, forecasting, and control charts. 

One of the major contributions of this study is to 

provide a heuristic procedure for appropriate selection of 

the number of hidden neurons, learning rate, and momentum in 

Shewhart X-bar control chart applications because no formal 

procedures exist for determining these factors in the 

literature. This heuristic procedure is likely to increase 

the practical use of neural networks in Shewhart X-bar 

control chart applications because it reduces the expertise 

or experience required for developing the neural network 
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models. Also, results from the research on training time 

with different learning rates and momentums, and on the 

replicability of the neural network solution may increase 

the understanding of the limitations and advantages in the 

development of the neural network models. 

As an illustration of the heuristic procedure developed 

for the neural network models, exploration of the 

applicability of neural networks to Shewhart X-bar control 

charts provides a contribution to the literature and may 

promise a contribution to practical applications. For 

example, neural networks were found to outperform Shewhart 

X-bar control charts for small and large shifts. Thus, a 

practical application is suggested for automated process 

control when it is more important to correctly identify an 

out-of-control process than it is to incorrectly classify an 

in-coritrol process as out-of-control. 

The potential use of neural networks is illustrated 

further through consideration of a food-production process. 

In the manufacture of food products, it is costly to 

overfill products such as custard pies because of the cost 

of ingredients. However, it is even more costly to fill 

below label weight because regulations prohibit the sale of 

the product to consumers as first grade merchandize. 

Therefore, when using a process control chart for pie 

weights, it is more costly to decide that the mean weight of 

the pies has not varied (especially decreased) when it 
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really has changed (Type II error) than to decide that the 

mean is changed when it is actually stable (Type I error). 

In general, the results of this study provide the decision 

makers the option to choose neural network over Shewhart X-

bar control charts when the cost of committing a Type I 

error is small relative to the cost of Type II error. 
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Table 6.—Performance of Neural Networks for the Different 
Number of Hidden Neurons in the Training Data: Simulation 

Study 1 

# of 
Hidden 
Neurons 

Number of Misclassifications 
in the Training Data 

2-1 2-2 2-3 2-4 2-5 2-6 2-7 2-8 2-9 2-10 2-11 2-12 

1 0 0 0 1 3 3 1 6 5 3 7 18 
2 0 0 0 0 4 3 1 3 5 4 6 13 
3 0 0 0 0 3 3 1 5 6 4 7 14 
4 0 0 0 0 2 3 1 3 7 4 9 11 
5 0 0 0 0 3 3 1 5 5 4 10 11 

10 0 0 0 0 3 3 1 4 5 3 8 10 
20 0 0 0 0 3 3 1 5 5 3 8 15 
30 0 0 0 0 2 4 1 6 5 5 10 14 

Table 7.—Performance of Neural Networks for the Different 
Number of Hidden Neurons in the Testing Data: Simulation 

Study 1 

# of 
Hidden 
Neurons 

Number of Misclassifications 
in the Testing Data 

1 2-2 2-3 2-4 2-5 2-6 2-7 2-8 2-9 2-10 2-11 2-12 

1 0 0 0 9 4 3 4 3 3 8 6 6 
2 0 0 0 5 4 4 4 3 1 11 6 7 
3 0 0 0 5 3 4 4 5 3 14 5 10 
4 0 0 0 5 3 4 4 2 3 13 6 11 
5 0 0 0 5 3 3 3 4 3 14 7 10 

10 0 0 0 4 3 4 3 4 3 10 6 8 
20 0 0 0 5 3 3 4 4 3 7 6 7 
30 0 0 0 6 4 3 3 5 3 14 7 10 
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Table 8.—Performance of Neural Networks for the Different 
Number of Hidden Neurons in the Training Data and Testing 

Data: Simulation Study 2 

Number of 
Hidden Neurons 

Training Data Testing Data 
3-1 3-2 3-3 3-4 3-1 3-2 3-3 3-4 

Number of Misclassifications 

1 0 0 2 6 1 8 9 39 
2 0 0 2 7 0 8 7 28 
3 0 0 2 7 0 8 9 28 
4 0 0 2 6 0 8 6 28 
5 0 0 2 6 0 8 7 29 
10 0 0 0 6 0 8 6 33 
20 0 0 1 7 0 8 7 28 
30 0 0 2 8 0 8 7 23 

Table 9.—Performance of Neural Networks for the Different 
Number of Hidden Neurons in the Training Data and Testing 

Data: Simulation Study 3 

Number of 
Hidden Neurons 

Training Data Testing Data 
1 4-2 4-3 4-4 4-5 4-1 4-2 4-3 4-4 4-5 

Number of Misclassifications 

1 9 0 0 0 0 5 3 0 0 0 
2 9 0 0 0 0 4 3 0 0 0 
3 6 0 0 0 0 3 3 0 0 0 
4 8 0 0 0 0 6 3 0 0 0 
5 8 0 0 0 0 7 3 0 0 0 
10 11 0 0 0 0 8 3 0 0 0 
20 9 0 0 0 0 9 2 0 0 0 
30 10 0 0 0 0 5 2 0 0 0 
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Table 10.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.9 and Momentums of 0.0, 0.1, 0.3, 0.6, and 0.9: 

Case 2-11 

Training Data Testing Data 
0.0 0.1 0.3 0.6 0.9 0.0 0.1 0.3 0.6 0.9 

Number of Misclassifications 

10 second 10 8 13 10 11 9 7 15 6 8 
20 second 6 9 7 8 8 6 6 6 6 7 
30 second 8 6 6 10 25 6 6 6 6 30 
40 second 6 7 6 13 10 5 7 6 16 8 
50 second 10 12 6 8 25 7 12 5 6 30 
1 minute 6 6 7 8 25 6 6 7 7 30 
2 minute 6 7 6 7 8 5 7 5 6 7 
5 minute 7 6 7 6 13 6 5 8 6 15 

10 minute 6 7 9 7 25 6 7 13 7 30 
20 minute 6 8 12 7 11 5 7 15 6 15 
30 minute 10 6 23 10 14 11 7 21 10 17 

Table 11.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.6 and Momentums of 0.0, 0.1, 0.3, 0.6, and 0.9: 

Case 2-11 

Training Data Testing Data 
0.0 0.1 0.3 0.6 0.9 0.0 0.1 0.3 0.6 0.9 

Number of Misclassifications 

10 second 7 8 11 10 6 6 7 16 11 6 
20 second 7 9 8 6 6 6 7 6 5 6 
30 second 10 13 10 8 6 10 12 9 6 6 
40 second 6 10 10 10 25 5 12 9 11 30 
50 second 8 6 6 6 8 6 5 5 6 6 
1 minute 10 10 7 7 7 7 10 6 6 10 
2 minute 7 7 6 6 25 7 6 6 6 30 
5 minute 6 6 6 7 25 6 6 6 6 30 

10 minute 6 7 20 6 12 6 6 25 9 15 
20 minute 9 5 6 11 25 11 8 6 16 30 
30 minute 6 5 8 10 9 5 10 7 11 11 
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Table 12.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.3 and Momentums of 0.0, 0.1, 0.3, 0.6, and 0.9: 

Case 2-11 

Training Data Testing Data 
0.0 0.1 0.3 0.6 0.9 0.0 0.1 0.3 0.6 0.9 

Number of Misclassifications 

10 second 9 7 10 7 6 7 6 12 5 5 
20 second 7 10 6 10 10 7 9 5 11 10 
30 second 10 7 8 10 7 11 6 7 12 6 
40 second 7 6 10 8 25 5 6 9 7 30 
50 second 6 10 8 7 9 5 10 7 6 7 
1 minute 9 8 6 7 6 6 6 5 7 5 
2 minute 8 7 6 7 6 7 7 5 7 5 
5 minute 6 6 7 6 6 7 7 5 5 6 

10 minute 6 6 6 6 8 5 6 6 7 9 
20 minute 6 6 6 6 22 6 6 6 6 21 
30 minute 6 7 6 6 19 5 8 5 6 21 

Table 13.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.1 and Momentums of 0.0, 0.1, 0.3, 0.6, and 0.9: 

Case 2-11 

Training Data Testing Data 
0.0 0.1 0.3 0.6 0.9 0.0 0.1 0.3 0.6 0.9 

Number of Misclassifications 

10 second 11 10 9 9 10 9 11 6 7 6 
20 second 10 7 9 7 9 12 7 8 7 7 
30 second 9 10 9 9 10 7 9 12 7 10 
40 second 6 7 10 7 6 5 5 11 6 5 
50 second 7 10 7 7 7 5 11 5 7 6 
1 minute 6 9 7 7 6 5 7 5 6 6 
2 minute 8 8 10 7 7 7 7 11 6 6 
5 minute 8 10 7 6 6 7 7 6 5 5 

10 minute 6 7 6 6 6 6 6 5 5 6 
20 minute 6 6 6 6 7 5 6 5 7 9 
30 minute 6 6 6 5 6 6 5 5 7 8 
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Table 14.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.01 and Momentums of 0.0, 0.1, 0.3, 0.6, and 0.9: 

Case 2-11 

Training Data Testing Data 
0.0 0.1 0.3 0.6 0.9 0.0 0.1 0.3 0.6 0.9 

Number of Misclassifications 

10 second 25 21 25 25 9 30 30 30 30 6 
20 second 25 21 25 9 9 30 30 25 8 8 
30 second 25 25 25 11 7 30 29 29 7 5 
40 second 25 12 12 9 9 30 16 12 6 7 
50 second 13 7 9 9 9 19 6 6 7 7 
1 minute 10 7 7 7 7 12 6 6 7 7 
2 minute 7 9 7 10 8 6 7 5 9 7 
5 minute 9 9 9 7 8 7 7 7 7 7 

10 minute 9 9 9 10 6 7 7 7 7 5 
20 minute 9 10 10 7 6 7 10 10 6 7 
30 minute 9 9 8 6 6 7 7 7 6 6 
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Table 15.—The Number of Misclassifications on the Training 
Data in the Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9: Cases 2-4, 2-5, 2-6, 2-7, 2-8, 2-9, 2-10, 

2-12 

Number of Misclassifications in the Training Data 
2-4 2-5 2-6 2-7 2-8 2-9 2-10 2-12 

10 second 1 6 4 3 5 7 3 37 
20 second 1 2 3 1 2 6 4 15 
30 second 0 2 4 1 4 5 3 14 
40 second 0 3 3 1 4 6 3 13 
50 second 0 4 3 1 5 6 2 15 
1 minute 0 3 3 1 3 6 3 18 
2 minute 0 4 3 1 3 6 3 18 
5 minute 0 3 3 1 2 6 3 14 

10 minute 0 4 2 1 2 6 1 10 
20 minute 0 3 3 1 2 6 1 10 
30 minute 0 4 3 1 1 5 1 9 

Table 16.—The Number of Misclassifications on the Testing 
Data in the Neural Network with a Learning Rate of 0.01 and 
a Momentum of 0.9: Cases 2-4, 2-5, 2-6, 2-7, 2-8, 2-9, 2-10, 

2-12 

Number of Misclassifications in the Testing Data 
2-4 2-5 2-6 2-7 2-8 2-9 2-10 2-12 

10 second 3 4 3 5 4 4 11 19 
20 second 4 5 3 3 3 3 9 7 
30 second 3 5 4 4 4 3 10 9 
40 second 5 3 3 4 3 3 11 7 
50 second 5 4 3 4 4 3 9 9 
1 minute 4 3 3 3 3 3 10 6 
2 minute 5 4 3 3 3 3 11 5 
5 minute 5 3 3 4 3 3 9 10 

10 minute 5 4 4 4 3 3 9 7 
20 minute 4 4 3 4 3 3 10 7 
30 minute 4 3 3 5 3 3 11 8 
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Table 17.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.6 and a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: Case 2-5 

Training Testing Training Testing 
# Data Data # Data Data 

1 4 3 26 3 4 
2 1 2 27 1 2 
3 1 2 28 3 3 
4 1 3 29 2 6 
5 1 3 30 4 4 
6 3 6 31 4 4 
7 2 4 32 1 2 
8 2 2 33 2 6 
9 2 4 34 3 3 

10 1 4 35 4 3 
11 1 3 36 3 3 
12 4 3 37 2 3 
13 2 3 38 3 4 
14 2 3 39 2 5 
15 4 4 40 1 2 
16 1 2 41 3 6 
17 3 7 42 3 4 
18 2 4 43 5 4 
19 3 5 44 1 2 
20 2 3 45 4 4 
21 23 26 46 3 6 
22 4 4 47 5 3 
23 4 4 48 3 4 
24 3 4 49 3 4 
25 2 5 50 2 6 

** Training Size : ; 25 for each group 
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Table 18.—Frequency Distribution of the Number of 
Misclassifications on the Training Data in the Neural 
Network with a Learning Rate of 0.6 and a Momentum of 0.9 
for Examination of the Replicability of the Neural Network 

Solution: Case 2-5 

# of Misclassifications Frequency 

1 11 
2 13 
3 14 
4 9 
5 2 
23 1 

** Training Size : 25 for each group 

Table 19.—Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the Neural Network 
with a Learning Rate of 0.6 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural Network 

Solution: Case 2-5 

# of Misclassifications Frequency 

2 8 
3 14 
4 17 
5 3 
6 6 
7 1 

26 1 

** Training Size : 25 for each group 
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Table 20.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.01 and a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: Case 2-5 

Training Testing Training Testing 
# Data Data # Data Data 

1 2 5 26 3 4 
2 2 4 27 3 4 
3 2 4 28 3 4 
4 2 3 29 4 4 
5 4 4 30 2 4 
6 2 3 31 2 3 
7 2 4 32 2 4 
8 2 4 33 2 4 
9 2 3 34 4 4 

10 2 4 35 3 4 
11 4 4 36 3 3 
12 2 3 37 3 4 
13 4 4 38 3 4 
14 2 3 39 3 3 
15 2 4 40 4 4 
16 2 4 41 2 4 
17 2 4 42 4 4 
18 2 4 43 2 4 
19 2 4 44 2 3 
20 3 4 45 4 4 
21 3 3 46 3 4 
22 3 4 47 2 4 
23 2 4 48 2 3 
24 4 4 49 3 3 
25 2 3 50 3 4 

** Training Size : 25 for each group 
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Table 21.—Frequency Distribution of the Number of 
Misclassifications on the Training Data in the Neural 
Network with a Learning Rate of 0.01 and a Momentum of 0.9 
for Examination of the Replicability of the Neural Network 

Solution: Case 2-5 

# Of Misclassifications Frequency 

2 27 
3 14 
4 9 

** Training Size : 25 for each group 

Table 22.—Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the Neural Network 
with a Learning Rate of 0.01 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural Network 

Solution: Case 2-5 

# of Misclassifications Frequency 

3 15 
4 35 

** Training Size : 25 for each group 
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Table 23.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.6 and a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: Case 2-6 

Training Testing Training Testing 
# Data Data # Data Data 

1 3 4 26 3 3 
2 3 4 27 3 3 
3 3 4 28 3 3 
4 2 4 29 3 3 
5 3 4 30 3 3 
6 3 3 31 3 3 
7 2 4 32 2 4 
8 6 6 33 3 4 
9 3 3 34 6 6 

10 3 4 35 3 3 
11 3 3 36 4 3 
12 4 3 37 4 4 
13 3 3 38 3 3 
14 3 3 39 3 3 
15 3 3 40 3 3 
16 3 4 41 3 4 
17 3 4 42 4 3 
18 3 3 43 2 3 
19 3 3 44 3 3 
20 3 4 45 2 4 
21 4 3 46 5 4 
22 6 5 47 3 3 
23 4 4 48 3 4 
24 3 3 49 3 3 
25 3 3 50 3 3 

* * 1 Training Size : 50 for each group 
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Table 24.—Frequency Distribution of the Number of 
Misclassifications on the Training Data in the Neural 
Network with a Learning Rate of 0.6 and a Momentum of 0.9 
for Examination of the Replicability of the Neural Network 

Solution: Case 2-6 

# of Misclassifications Frequency 

2 5 
3 35 
4 6 
5 1 
6 3 

** Training Size : 50 for each group 

Table 25.—Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the Neural Network 
with a Learning Rate of 0.6 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural Network 

Solution: Case 2-6 

# Of Misclassifications Frequency 

3 30 
4 17 
5 1 
6 2 

** Training Size : 50 for each group 
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Table 26.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.01 and a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: Case 2-6 

Training Testing Training Testing 
# Data Data # Data Data 

1 3 3 26 3 3 
2 3 3 27 3 3 
3 3 4 28 3 3 
4 3 3 29 3 3 
5 3 3 30 3 3 
6 3 3 31 3 3 
7 3 3 32 3 3 
8 3 3 33 3 3 
9 3 3 34 3 3 
10 3 3 35 3 3 
11 3 3 36 3 3 
12 3 3 37 3 3 
13 3 3 38 3 3 
14 3 3 39 3 3 
15 3 3 40 3 3 
16 3 3 41 3 3 
17 3 3 42 3 3 
18 3 3 43 3 3 
19 3 3 44 3 3 
20 3 3 45 3 3 
21 3 3 46 3 3 
22 3 3 47 3 3 
23 3 3 48 3 3 
24 3 3 49 3 3 
25 3 3 50 3 3 

** 1 Training Size : 50 for each group 
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Table 27.—Frequency Distribution of the Number of 
Misclassifications on the Training Data in the Neural 
Network with a Learning Rate of 0.01 and a Momentum of 0.9 
for Examination of the Replicability of the Neural Network 

Solution: Case 2-6 

# of Misclassifications Frequency 

3 50 

** Training Size : 50 for each group 

Table 28.—Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the Neural Network 
with a Learning Rate of 0.01 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural Network 

Solution: Case 2-6 

# of Misclassifications Frequency 

3 49 
4 1 

** Training Size : 50 for each group 
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Table 29.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.6 and a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: Case 2-8 

Training Testing Training Testing 
# Data Data # Data Data 

1 1 2 26 1 3 
2 4 9 27 4 4 
3 2 2 28 2 3 
4 2 2 29 4 8 
5 5 7 30 5 6 
6 6 4 31 4 7 
7 1 3 32 4 4 
8 2 3 33 4 4 
9 1 3 34 1 2 

10 2 2 35 5 3 
11 1 3 36 4 3 
12 2 3 37 4 3 
13 2 2 38 2 3 
14 1 3 39 7 11 
15 5 4 40 2 3 
16 6 3 41 4 3 
17 5 4 42 2 3 
18 4 3 43 4 3 
19 4 7 44 1 2 
20 6 3 45 4 4 
21 1 3 46 2 2 
22 3 3 47 4 4 
23 3 3 48 2 3 
24 1 3 49 7 3 
25 2 2 50 1 3 

** Training Size : 25 for each group 
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Table 30.—Frequency Distribution of the Number of 
Misclassifications on the Training Data in the Neural 
Network with a Learning Rate of 0.6 and a Momentum of 0.9 
for Examination of the Replicability of the Neural Network 

Solution: Case 2-8 

# of Misclassifications Frequency 

1 13 
2 11 
3 2 
4 14 
5 5 
6 3 
7 2 

** Training Size : 25 for each group 

Table 31.—Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the Neural Network 
with a Learning Rate of 0.6 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural Network 

Solution: Case 2-8 

# of Misclassifications Frequency 

2 9 
3 25 
4 8 
6 1 
7 3 
8 1 
9 1 
11 2 

** Training Size : 25 for each group 
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Table 32.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.01 and a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: Case 2-8 

Training Testing Training Testing 
# Data Data # Data Data 

1 4 3 26 2 3 
2 3 3 27 4 3 
3 1 3 28 4 4 
4 3 3 29 1 3 
5 4 4 30 4 3 
6 1 3 31 3 4 
7 4 3 32 4 3 
8 4 3 33 3 3 
9 4 4 34 4 3 

10 2 2 35 2 3 
11 4 3 36 2 3 
12 4 3 37 2 3 
13 1 3 38 3 3 
14 4 3 39 2 3 
15 4 3 40 4 3 
16 4 3 41 1 3 
17 4 4 42 1 3 
18 4 4 43 1 3 
19 4 3 44 1 3 
20 3 3 45 4 3 
21 2 3 46 4 3 
22 4 4 47 4 3 
23 1 3 48 4 3 
24 4 3 49 3 3 
25 1 3 50 1 3 

* * 1 Training Size : 25 for each group 
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Table 33.—Frequency Distribution of the Number of 
Misclassifications on the Training Data in the Neural 
Network with a Learning Rate of 0.01 and a Momentum of 0.9 
for Examination of the Replicability of the Neural Network 

Solution: Case 2-8 

# of Misclassifications Frequency 

1 11 
2 7 
3 7 
4 25 

** Training Size : 25 for each group 

Table 34.—Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the Neural Network 
with a Learning Rate of 0.01 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural Network 

Solution: Case 2-8 

# of Misclassifications Frequency 

2 1 
3 42 
4 7 

** Training Size : 25 for each group 
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Table 35.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.6 and a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: Case 2-11 

# 
Training 

Data 
Testing 
Data # 

Training 
Data 

Testing 
Data 

1 10 7 26 25 30 
2 7 6 27 11 12 
3 9 6 28 25 30 
4 6 6 29 10 8 
5 7 7 30 25 30 
6 10 17 31 8 8 
7 8 6 32 25 30 
8 7 6 33 8 6 
9 7 6 34 25 30 

10 10 7 35 11 6 
11 10 6 36 8 6 
12 7 7 37 9 7 
13 6 6 38 25 30 
14 25 30 39 6 5 
15 10 7 40 13 16 
16 8 6 41 6 5 
17 6 9 42 8 6 
18 7 6 43 7 6 
19 10 6 44 10 9 
20 11 10 45 25 30 
21 8 6 46 6 5 
22 8 6 47 6 5 
23 8 6 48 10 6 
24 6 5 49 10 6 
25 10 11 50 12 13 

** Training Size : 25 for each group 
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Table 36.—Frequency Distribution of the Number of 
Misclassifications on the Training Data in the Neural 
Network with a Learning Rate of 0.6 and a Momentum of 0.9 
for Examination of the Replicability of the Neural Network 

Solution: Case 2-11 

# of Misclassifications Frequency 

6 8 
7 7 
8 9 
9 2 
10 11 
11 3 
12 1 
13 1 
25 8 

** Training Size : 25 for each group 

Table 37.—Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the Neural Network 
with a Learning Rate of 0.6 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural Network 

Solution: Case 2-11 

# of Misclassifications Frequency 

5 5 
6 21 
7 6 
8 2 
9 2 
10 1 
11 1 
12 1 
13 1 
16 1 
17 1 
30 8 

** Training Size : 25 for each group 
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Table 38.—The Number of Misclassifications on the Training 
Data and Testing Data in the Neural Network with a Learning 
Rate of 0.01 and a Momentum of 0.9 for Examination of the 
Replicability of the Neural Network Solution: Case 2-11 

Training Testing Training Testing 
# Data Data # Data Data 

1 7 7 26 7 5 
2 9 7 27 9 7 
3 10 11 28 9 7 
4 10 11 29 8 7 
5 9 7 30 8 6 
6 8 6 31 6 6 
7 11 12 32 7 7 
8 8 6 33 8 7 
9 7 7 34 10 9 

10 8 7 35 10 11 
11 9 7 36 7 6 
12 10 8 37 10 8 
13 6 6 38 9 7 
14 10 11 39 9 7 
15 7 6 40 9 7 
16 7 6 41 9 7 
17 7 7 42 6 5 
18 10 9 43 8 7 
19 9 7 44 6 6 
20 9 12 45 10 9 
21 7 7 46 10 9 
22 9 7 47 8 6 
23 7 7 48 10 9 
24 10 11 49 7 5 
25 9 7 50 7 7 

it it 1 Training Size : 25 for each group 
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Table 39.—Frequency Distribution of the Number of 
Misclassifications on the Training Data in the Neural 
Network with a Learning Rate of 0.01 and a Momentum of 0.9 
for Examination of the Replicability of the Neural Network 

Solution: Case 2-11 

# of Misclassifications Frequency 

6 4 
7 12 
8 8 
9 13 
10 12 
11 1 

** Training Size : 25 for each group 

Table 40.—Frequency Distribution of the Number of 
Misclassifications on the Testing Data in the Neural Network 
with a Learning Rate of 0.01 and a Momentum of 0.9 for 
Examination of the Replicability of the Neural Network 

Solution: Case 2-11 

# of Misclassifications Frequency 

5 3 
6 10 
7 23 
8 2 
9 5 
11 5 
12 2 

** Training Size : 25 for each group 
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Table 43.—ARL for Neural Network with 5=0 and 6=5 for the 
Training Data 

Shift S n̂504 n̂505 1̂1506 Cn507 

0.0 49.852 92. 610 174.708 353.486 
0.2 42.152 81. 970 169.725 376.308 
0.4 32 .240 59. 560 120.042 262.448 
0.6 21.590 39. 510 80.323 168.491 
0.8 15.220 27. 070 48.699 105.918 
1.0 10.488 16. 780 31.491 63.118 
2.0 1.724 2. 910 4.504 7.510 
3.0 0.382 0. 630 0.882 1.346 
4.0 0.057 0. 110 0.168 0.268 
5.0 0. 005 0. 010 0.025 0.030 
6.0 0. 000 0. 000 0. 002 0.007 
7.0 0.000 0. 000 0.000 0. 000 

* c — 
urt504 ~ 

(0<In~Control<0 •4) and (0. 4<Out-of-•Control<l) 
* C = 

"̂11505 
(0<In-Control<0 .5) and (0. 5<Out-of-Control<l) 

•J* si 

1̂1506 — (0<In-Control<0 .6) and (0. 6<0ut-of-•Control<l) 
* Cn5Q7 = (0<In-Control<0 •7) and (0. 7<Out-of-Control<l) 

Note: Cn504 describes a neural network with a shift of 5 and 
a cutoff point of 0.4 
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Table 44.—ARL for Neural Network with 5=0 and 6=6 for the 
Training Data 

Shift 5 n̂602 n̂603 <-'ri604 Cn605 Cn606 Cn607 n̂608 

0.0 68.27 88.34 121 .61 154 .23 206.47 289.64 424. 159 
0.2 58.55 80.02 103 .79 123 .86 163.66 219.23 315. 026 
0.4 43.88 58.56 71 .41 88 .86 113.14 144.56 188. 394 
0.6 30.19 38.28 46 . 4 6 57 .97 71.46 93.65 120. 522 
0.8 21.46 26.47 31 .39 38 .24 44.76 58.36 73. 057 
1.0 13 .99 18.99 21 .15 24 .57 30.33 34.53 47. 195 
2 . 0 2.73 3.17 3 .46 4 . 19 4.81 5.69 6. 548 
3.0 0.68 0.71 0 .85 1 .06 1.12 1.26 1. 502 
4.0 0.13 0.16 0 .22 0 .24 0.24 0.30 0. 361 
5.0 0.02 0. 02 0 . 03 0 . 04 0.05 0.04 0. 072 
6.0 0. 00 0.00 0 .00 0 .01 0.00 0.00 0. 013 
7.0 0. 00 0. 00 0 . 00 0 .00 0.00 0.00 0. 000 

* n̂602 = (0<ln-ControKO. 2) and (0. 2<Out-of-Control<l) 
* n̂603 = (0<ln-ControKO. 3) and (0. 3<Out-of-Control<l) 
* *̂n604 s= (0<ln-•ControKO. 4) and (0. 4<Out-of-Control<l) 
* n̂605 = (0<ln-•ControKO. 5) and (0. 5<Out-of-Control<l) 
* c 

"̂rteoe 
= (0<ln-ControKO. 6) and (0. 6<Out-of-Control<l) 

* n̂607 = (0<ln-ControKO. 7) and (0. 7<Out-of-Control<l) 
* (0<ln-ControKO. 8) and (0. 8<Out-of~Control<l) 
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Table 45.—ARL for Neural Network with 5=0 and 6=7 for the 
Training Data 

Shift 8 n̂701 1̂1702 Cfi703 n̂704 

0.0 93.368 182.69 325.53 576.48 
0.2 78.717 161.75 284.76 497.98 
0.4 54.635 104.06 191.34 341.72 
0.6 38.974 71.23 120.55 205.53 
0.8 23.784 43 .58 73.24 120.64 
1.0 16.508 27.72 47.78 68.43 
2 . 0 2.783 4.41 6.20 9.25 
3 . 0 0. 638 0. 84 1.25 1.79 
4 . 0 0.115 0.18 0.27 0.36 
5.0 0. 018 0. 03 0. 04 0.05 
6.0 0. 001 0.00 0.00 0. 01 
7 . 0 0. 000 0. 00 0. 00 0. 00 

* n̂701 ̂  (0<In-Control<0.1) and (0. l<Out> -of-Control<l) 
•k P — un702 ~~ 

(0<In~Control<0.2) and (0. 2<Out--of-Control<l) 
^ p 

n703 
(0<In-Control<0.3) and (0. 3<0ut--of-Control<l) 

* n̂704 = (0<In-Control<0.4) and (0. 4<Out--of-Control<l) 
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Table 46.—The ARLs on the Training Data of 5=0 and 5=5 with 
a Cutoff Point of 0.5 for Examination of the Replicability 

of the Neural Network Solution 

Runs 
Shift S #1 #2 #3 #4 #5 

0.0 91.541 93.467 93.684 92.322 93.383 
0.2 81.210 84.146 85.126 83.998 84.141 
0.4 60.563 61.228 62.605 61.195 61.836 
0. 6 38.136 40.874 41.164 39.968 41.072 
0.8 25.065 27.157 27.822 26.698 26.931 
1.0 16.889 17.083 17.320 16.900 17.149 
2 . 0 2 . 692 2 .790 2 .819 2.768 2.755 
3 . 0 0.568 0.587 0.597 0.556 0.579 
4.0 0. 103 0.113 0.103 0. 099 0.107 
5.0 0. 013 0.020 0. 009 0.013 0.011 
6.0 0. 000 0. 000 0. 000 0.000 0.000 
7.0 0. 000 0. 000 0. 000 0.000 0. 000 
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Figure 13. Plot for Performance of Neural Network with a 
Learning Rate of 0.9 and a Momentum of 0.0 in the 
Different Training Time: Case 2-11 
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Figure 14. Plot for Performance of Neural Network with a 
Learning Rate of 0.9 and a Momentum of 0.1 in the 
Different Training Time: Case 2-11 
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Figure 15. Plot for Performance of Neural Network with a 
Learning Rate of 0.9 and a Momentum of 0.3 in the 
Different Training Time: Case 2-11 
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Figure 17. Plot for Performance of Neural Network with a 
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Different Training Time: Case 2-11 
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Figure 18. Plot for Performance of Neural Network with a 
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Different Training Time: Case 2-11 
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Different Training Time: Case 2-11 
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Figure 20. Plot for Performance of Neural Network with a 
Learning Rate of 0.6 and a Momentum of 0.3 in the 
Different Training Time: Case 2-11 
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Figure 21. Plot for Performance of Neural Network with a 
Learning Rate of 0.6 and a Momentum of 0.6 in the 
Different Training Time: Case 2-11 
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Figure 23. Plot for Performance of Neural Network with a 
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Different Training Time: Case 2-11 
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Different Training Time: Case 2-11 
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/include <stdlib.h> 
/include <stdio.h> 
/include <math.h> 
/include <time.h> 

/define inputs 5 /* the number of input nodes */ 
/define hidden 5 /* the number of hidden nodes */ 
/define outputs 1 /* the number of output nodes */ 
/define MU 0.3 57771 /* the mean of the normal distribution */ 

/define SIGMASQ 1.0 /* the variance of the normal 
distribution */ 

FILE *fp; 

float arrayin[inputs] ; /* pass these to the neural 
network */ 
float arrayout[outputs]; /* the neural network sends these 
back */ 
/* the output threshold below may be used if needed 
float threshold = { 5.000000e-01 }; */ 

void goshell(float *input, float *output); 
float activate(float x); 
float scalein(float value, float min, float max); 
float scaleout(float value, float min, float max); 

jk 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * 
* * * * * j 

void main () 
{ 
register i; 
float ranO (time__t * ); 
float gasdev(time_t *); 
time_t * idum; 
unsigned long int total_rl = 0L; 
unsigned int counter=0, rl=0; 
float arl; 

/* char filename[] = "ARL.OUT"; */ 
if ((fp = fopen(11 arl.out" , "w")) == NULL) { 

printf("\nCould not open file "); 
exit(l); 

} 

*idum = -time(idum); /* sets the seed */ 

while (rl < 1000) { 
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cputs (" .11) ; 
for (i=0; i<inputs; i++){ /* assign the random number 

to the input */ 
arrayin[i] = (float) (MU + sqrt(SIGMASQ) * 

gasdev(idum)); 
} 
goshell(arrayin, arrayout); /* now apply the neural 

network */ 

if (arrayout[0] >= 0.0 && arrayout[0] < 0.7){ 
counter += 1; 
} 
else { 
rl += 1; 

rl); 
fprintf(fp, "\n %f, %lu, %lu", arrayout[0], counter, 

total_rl += counter; 
fprintf(fp, "\n Total-rl = %luM, total_rl) ; 
counter = 0; 
} 

/* *idum = -time(idum); Reset the seed 
*/ 

} /* while */ 

arl = (float) total_rl / 1000.; 
for (i=0; i<80; i++) cprintf(" "); 
cprintf("\r\nThe average run length is %.5f", arl); 
fclose(fp); 
exit(1); 

} /* main */ 
/* 
if ((fp = fopen(filename, "w")) == NULL) { 

printf("\nCould not open file %s", filename); 
exit(l); 

} 
fclose(fp); 
exit(0); 

*/ 
/* Returns a uniform random deviate between 0.0 and 1.0 
using the 

system supplied routine rand() 
Set idum to any negative value to initialize or 

reinitialize 
the sequence. 

*/ 
float ran0(time_t * idum) 
{ 

static float y, maxran, v[98]; 
float dum; 
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static int iff=0; 
int j; 
unsigned k; 

if(*idum < 0 || iff == 0) { 
iff = 1; 
maxran = RAND_MAX + 1.0; 

srand(*idum); 
*idum = 1; 
for (j = 1; j <= 97; j++) dum = rand(); 
for (j = 1; j <= 97; j++) v[j] = rand(); 
y = rand(); 

} 
j = 1 + 97.0 * y/maxran; 

/* This is where it starts if not initializing. Use the 
previously saved 

random number y to get an index j between 1 and 97. Then 
use the 

corresponding v[j] for both the next j and as the output 
number. 
*/ 

if (j > 97 |] j < 1) puts("RAN0: This cannot happen."); 
Y = v [ j ] ; 
v[j] = rand(); 
return y/maxran; 

} 
/* Returns a normally distributed deviate with zero mean 
and unit variance, 

using ranO(idum) as the source of the uniform deviates 
*/ 
float gasdev(time_t * idum) 
{ 

static int iset = 0; 
static float gset; 
float fac, r, vl, v2; 

i f (iset = = o ) { /* Don't have an extra deviate 

do { 
/* Pick two uniform numbers in the square extending from -1 

*/ 
/* 

to 
+ 1 in each direction */ 

vl = 2.0 * ranO(idum) - 1.0; 
v2 = 2.0 * ranO(idum) - 1.0; 
r = vl * vl + v2 * v2; 

/* See if they are in the unit circle, and if they are not, 
try again */ 

} while (r >= 1.0); 
fac = sqrt(-2.0*log(r)/r); 

/* Now make the Box-Muller transformation to get two normal 
deviates• 
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Return one and save the other for the next time. 
*/ 

gset = vl * fac; 
iset = 1; 
return v2 * fac; 

} 
/* Have an extra deviate handy, so unset the flag and 
return it */ 

else { 
iset = 0; 
return gset; 

} 
} 

void goshell(float *input, float *output) 
{ 
/* minimum characteristic values 

*/ 
static float minimum[inputs+outputs]={ 

-5.500000e+00,-5.7Q0000e+00, - 5.000000e+00, - 5.500000e+00,-5.0 
00000e+00, 
0.000000e+00 

}; 
/* maximum characteristic values 

•k j 

static float maximum[inputs+outputs]={ 
5.500000e+00, 5.500000e+00, 5.0Q0000e+00, 5.500000e+00, 
5.OOOOOOe+OO, 
1.000000e+00 

}; 

register i,j,k; 
float inputsum; 
static float input__node[ inputs+1] ; /* the input nodes 

*/ 

static float hidden_node[hidden+l]; /* the hidden 
nodes */ 

static float output_node[outputs+l]; /* the output 
nodes */ 

/* weights between the input layer and the hidden layer */ 

static float weightl[inputs+1][hidden+l]={ 
0 . 000C)00e+00, 6 . 389740e-01, -1. 575688e+00,1.151587e+01, 
2.212169e+01, 
-1.6512 96e+00,0.000000e+00, 
-2.00064Se+00,-1.508131e+00,-4.397535e+00, 
-7.677548e+00,-1.079218e+00,0.000000e+00, 
-2.345698e+00,-1.74712le+00, 
-8.845717e+00,-1.231832e+01,-1.42 4 612e+00,0.000000e+00, 
-2.620726e+00, 
-1.92 052 4e+00,-6.471953e+00,-1.24 92 08e+00,-1.3 05759e+00,0.00 
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ooooe+oo , 
-1.79873le+00,-1.3 25506e+00,~5.013579e+00,-8.931173e+00,-1.1 
32975e+00, 
0.000000e+00, 
-1.901561e+00,-1.361704e+00,-4.5292 77e+00,-5.5939 07e+00, 
-1.32 2162e+00 

}; 
/* weights between the hidden layer and the output layer 

•k j 

static float weight2[hidden+1][outputs+l]={ 
0.000000e+00, 4.477525e+00, 0.Q00000e+00, 2.479118e+00, 
0.OOOOOOe+OO, 
6.144 964e-01, 0.000000e+00, 9.594956e+00, 0.000000e+00, 
-1.027096e+01, 
0.000000e+00, -1.6562 50e~01 

}; 

/* move the values into input nodes, scaling as we go 
*/ 

for (i=0;i<inputs;i++) 

input__node[i+l]=scalein(input [i],minimum[i] ,maximum[i]) ; 

/* set bias nodes */ 

input__node [ 0 ] =hidden_node [ 0 ] =1. ; 

/* compute the hidden nodes from the input values 
*/ 

for (j=l;j<hidden+l;j++) /* starts at 1 to exclude 
computing bias */ 

{ inputsum-0.OF; 
for (i=0;i<inputs+l;i++) 

inputsum+=input__node [ i ] *weight 1 [ i] [ j ]; 
hidden_node[j]=activate(inputsum); /* fire hidden 

node */ 
} 

/* compute the outputs from the hidden nodes 
*/ 

for (j=l;j<outputs+l;j++) /* start at 1 to exclude 
computing bias */ 

{ inputsum=0.OF; 
for (i=0;i<hidden+l;i++) 

inputsum+=hidden_node[i]*weight2[i][j]? 
output_node[j]=activate(inputsum); /* fire 

output node */ 
} 

/* move output nodes to output array, unsealing as we go 
*/ 
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for (i=0;i<outputs;i++) 
output[i]= 

scaleout(output_node[i+1],minimum[i+inputs],maximum[i+inputs 
]> ; 

return; 
} 

/* 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * 
* * * * * * * * / 

/* The logistic activation function (a sigmoid function) 
*/ 

float activate(float x) 
{ static float k; 
k= (float)(1./(l.+exp((double)-x))); 
if (k<le-020F) return O.QF; else return k; 

} 
/* 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * 
* * * * * * * * / 

/* map the inputs from (minimum,maximum) to (0.0,1.0) 
*/ 

float scalein(float value, float min, float max) 
{ if (value<min) value=min; 
if (value>max) value=max; 
return (value-min)/(max-min); 

} 
j * 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * 
* * * * * * * * j 

/* map the outputs back to (minimum,maximum) 
*/ 

float scaleout(float value, float min, float max) 
{ static float x; 
x=(value-.IF)/.8F*(max-min)+min; 
if (xcmin) x=min; if (x>max) x=max; 
return x; 

} 
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