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CHAPTER 1 

INTRODUCTION 

Target detection is a very specific field of study within 

the general scope of image processing.·The objective is to 

recognize or detect a target from a sequence of images (visual 

images, infrared spectral bands, radiowave image, etc. ) . 

Target detection can be a very difficult task if the 

background signal is very similar to the target signal. 

Statistical pattern recognition is a typical approach used in 

target detection. In this approach, statistical procedures are 

used to compute discriminant function parameters. However, 

this method requires a large representative training set, and 

is not robust enough. In the discriminant function method of 

target detection, the aim is to find a mathematical function 

to determine class membership. Unfortunately, the discriminant 

function method is difficult to apply for exploitation of 

target features. Other methods such as segmentation, feature 

extraction, and expert systems can only solve the target 

detection problem partially. These systems either produce high 

false-alarm rates, do not provide a solution when the target 

signatures, or the backgrounds vary in an unlimited or unknown 

manner [1]. 

Target detection methods should be robust to target 

signature and environmental variations. Neural networks may 

provide an improve method for target detection. Although 
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neural networks still cannot solve the problem of target 

detection satisfactorily, this technology does provide a 

number of tools which could form the basis for a potentially 

fruitful approach to target detection problems. Artificial 

neural networks exhibit characteristics that other target 

detection methods lack. Neural networks can learn from 

experience, generalize from previous examples to new ones, and 

abstract essential characteristics from inputs containing 

irrelevant data. The networks can also modify their behavior 

in response to their environment. A neural network can be 

insensitive to minor variations of its inputs. This ability to 

see through noise and distortion is vital to target detection 

in a real-world environment. For example, a system trained to 

recognize printed letters can still recognize letters which 

are corrupted up to 40% by noise [ 2]. A neural network 

following an associative rule can recognize 80% of a series of 

handwritten characters [3]. A detailed description of some 

neural network architectures will be presented later. 

1.1 Employing Neural Networks 
in Target Detection 

Although only very few products using neural network 

technology are now commercially available, a lot of 

applications for neural networks have been proposed, such as 

pattern recognition, knowledge data bases for stochastic 

information, optimization computation, robot control, decision 
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making and many others [4]. Considerable research effort has 

been directed to the potential applications where human use is 

inefficient and conventional computation is cumbersome or 

inadequate. Potential application for neural networks include 

image processing, vision, speech recognition, fuzzy knowledge 

processing, data sensor fusion, and coordination and control 

of robot motion. Some very encouraging results using neural 

network technology exist commercially and other applications· 

are in an experimental stage [3]. In this report, 

concentration will be on the application of neural networks to 

target detection. 

The main problem in target detection is that real data, 

both with and without an object present, is quite noisy. One 

of the objectives of this study is to detect a target under 

low signal-to-noise ratio conditions. This thesis describes 

the applications of the following neural network models to 

analyze the target identification problem. The specific 

networks used are: a multi-layer perceptron, a high-order 

neural network, a translational invariant high-order neural 

network and its variations (different combination of terms). 

Computer programs have been developed to simulate these 

networks. The performance of these networks are compared with 

both artificial data and real data. Particular attention will 

be paid to the translational invariant high-order neural 

network because of its higher accuracy and its symmetric 
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structure of weights partially solve the combinatorial 

expansion of weights as problem size increases. 
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CHAPTER 2 

NEURAL NETWORKS AND PERCEPTRON 

Neural networks are also called neural nets, 

connectionist models, collective models,· parallel distributed 

processing models, neuromorphic systems and artificial neural 

networks by various researchers. In this chapter, a historical 

perspective of neural network development will be given. The· 

concept of a perceptron will be introduced and some neural 

network models will be discussed. Although there are quite a 

few neural network models, only single-layer and multi-layer 

neural network models will be discussed in this chapter. The 

relationship between the number of nodes in each layer of a 

multi-layer network and the complexity of the problem to be 

solved will be discussed qualitatively. The backpropagation 

training algorithm, its advantages and drawbacks will also be 

discussed. 

2.1 History of Neural Network 

Current research on neural networks is based on a long 

history of effort to capture the principles of biological 

computation. In 1943, Warren s. McCulloch and Walter H. Pitts 

initiated the investigation of neurons as logical devices. In 

1949, psychologist Donald Hebb presented in his thesis that 

neural networks learnt by altering their neuron connection 

strengths rather than changing the inside of the neuron 
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itself. In the 1960's, Frank Rosenblatt introduced the concept 

of the perceptron. It was applied to such diverse problems as 

weather prediction, artificial vision, and decision making. It 

seemed for a time that the key to intelligence had been found. 

However, in 1969, Marvin Minsky and Seymour Papert pointed out 

the shortcomings of the single-layer perceptron ( 5] . They 

proved mathematically that the single-layer networks then in 

use were theoretically incapable of solving many simple · 

problems including the function performed by a simple 

EXCLUSIVE-OR gate. The only problems perceptron could solve 

were linearly separable problems. They also pointed out that 

as problem size grows "linearly, " the neural network grows 

"exponentially. " These effects hindered the usefulness of the 

neural network. This result hindered further research in the 

field, till new learning algorithms and models emerge in the 

early 1980's. Recently, some commercial products using neural 

network technology have emerged (e.g., in 1986, TRW introduced 

the Mark 3-I neural coprocessor for the VAX; in 1987, IBM PC 

AT coprocessor, ANZA neurocomputer was introduced) • Many 

technical papers on neural networks have described a wide 

range of applications. 

2.2 Biological and Artificial Neuron 

Artificial neural networks are biologically inspired. The 

human nervous system is built with cells called neurons. It is 

estimated that there are 1011 neurons with perhaps 1015 
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interconnections in the human nervous system. Signals from the 

brain and various parts of the body are transmitted through 

these interconnections. The transmission paths may range to 

a meter or more. Figure 2.1 shows the structure of a pair of 

typical biological neurons. 

dendrites~ 

/ 

Figure 2.1. Biological Neuron 

As shown in Figure 2.1, dendrites extend from the cell 

body to other neurons where they receive signals at a 

connection point called a synapse. on the receiving side of 

the synapse, these inputs are conducted to the cell body. The 

inputs are summed in the cell body. Some inputs tend to excite 

the cell, while other inputs tend to inhibit the cell firing. 

When the cumulative excitation in the cell body exceeds a 

threshold, the cell fires, sending a signal down the axon to 

other neurons. 
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The collective effect of these simple function neurons is 

supposed to produce the various complex functions of human 

intelligence. Most artificial neural networks model these 

simple characteristics of a biological neuron. Figure 2. 2 

shows the structure of an artificial neuron. 

I 

F 

NEf' 

I 
I 

I 
I 
I 
I 
I 
I 

l f(NEl) 

_)

I 

~----~ I---t--; ~ 

! OOT 
I 
I 
I 
I 

X i n I 

~ts I Artificial Neuron 
~ 

(NET= L x.w) 
I I 

Figure 2.2. Artificial Neuron with Activation Function 

In this model, a set of inputs X1 , X2 , ,xn are 

applied, each representing the output of another neuron (also 

known as processing element, PE). Each input is multiplied by 

a corresponding weight W1 , W2 , •••• ,wn analogous to synaptic 

strengths, and all the weighted inputs are then summed. The 

summation block, corresponding roughly to the biological cell 

body, adds all the weighted inputs algebraically, producing 

and output NET. This may be stated in vector notation as 

Equation 2.1. 
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NET=X·W. '(2.1) 

The NET siqnal is further processed by an activation 

function F (also called a threshold function or squashing 

function) to produce the neuron's output signal, OUT • . 
OUT = F (NET) • (2.2) 

The activation function, F, maps the input to a 

prespecified range in the output. Four common threshold· 

functions used are linear, ramp, step and sigmoid 

functions [6]. Figure 2.3(a) shows a linear function. This 

function is seldom used since the output is unbounded. The 

ramp function, shown in Figure 2.3(b), is described by 

Equation 2.3. 

F(NET) = { 

(a) mar function 

--~-ex 

ex if NET ~ ex 
NET if INETI < ex 

-ex if NET s -ex . 

(b) rarrp function 

(c) signum function (d) sigmoid function 
Figure 2.3. Threshold functions 
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In Equation 2.3 « (or -«) is the processing element's 

maximum (or minimum) output value, a value commonly referred 

to as the s·aturation level. If the threshold function responds 

only to the sign of the input, emitting « if the input sum is 

positive and -« if it is not, then the threshold function is 

called a step threshold function (or signum function). The 

step threshold function is shown in Figure 2. 3(c) and is 

characterized by Equation 2.4. 

F (NET) = OUT = { if NET > 0 
otherwise . (2.4) 

The sigmoid function is the most pervasive threshold 

function used in the literature. The sigmoid (S-shape) 

function, shown in Figure 2 . 3 (d) is a bounded, monotonic, non

decreasing function that provides a graded, nonlinear 

response. A common sigmoid function is the logistic function 

shown in Equation 2.5. 

1 
OUT=--=

l+e-NET (2.5) 

The saturation levels of this function are 0 and 1. Another 

possible sigmoid function is the hyperbolic tangent 

OUT = tanh (NET) . ( 2. 6) 

This sigmoid function has saturation levels at -1 and 1. 

Another variation of the sigmoid threshold function is shown 

in Figure 2.4. 

10 



OUT· 
J 

high vaOO of e 
0 

Fig. 2.4. Sigmoid function, with bias and 
shape modification 

It is characterized by Equation 2.7. 

where 8j serves as a threshold or bias. 

( 2. 7) 

The effect of 6j is to shift the activation function along the 

horizontal axis. The effect of 6
0 

is to modify the shape of 

the sigmoid function. A low value of 6
0 

tends to make the 

sigmoid take the characteristics of a threshold-logic unit, 

whereas high value of 6
0 

results in a more gently varying 

function. 
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2.3 Single-Layer Perceptron 

A single-layer perceptron is also known as a linear 

discriminant or single-layer neural network and can be 

represented schematically in the form of an array of 

multipliers and summing junctions, as shown in Figure 2.5. 

X 

X 
2 

F 

x, 

X 
N fth er 

(Input layer nodes) 

Figure 2.5. Single layer perceptron 

This simple network generated much interest when it was 

initially developed because of its ability to learn to 

recognize simple patterns. A perceptron that decides whether 

an input belongs to one of two classes (denoted A or B) is 

shown in Figure 2.6. The perceptron divides the space spanned 

by the inputs into two regions separated by a hyperplane (a 

line in two dimensions), as shown in Figure 2.6. 
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OUT= 

our 
~ 

1 => cklss A 
-1 =>em B 

A 

A 

,/~/ B B 

t ddnlxmby 

-WI Q 
w2 xi + w2 

Figure 2.6. Classification of inputs by a perceptron 

The equation of the boundary line (2-dimensional case) 

depends on the connection weights and the threshold. 

Connection weights and the threshold in a perceptron can be 

fixed or adapted using a number of different algorithms. The 

objective of the algorithm is to find W in Equation 2.1. 

The weights, w, can be found by the following method [7]. 

Multiplying both side of Equation 2. 1 by the transpose of 

matrix X gives 

(2.8) 

( 2. 9) 

(2.10) 
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where x* is the pseudoinverse, x* and can be obtained as the 

limiting value of the process 

(2.11) 

In practice, however, nonsensical values are obtained if 

the determinant of xtx is vanishingly small. So analytically, 

it is not easy to find W. Also practically the above 

analytical method may not be applicable. Inputs might be 

presented sequentially, one at a time as is the case for a 

biological neural net. So instead of finding W analytically, 

it is better to find it through training. 

The original perceptron convergence procedure for 

adjusting weights was developed by Rosenblatt. The procedure 

is as follows: 

a. Initialize weights and threshold 

Set all initial weights w
1 

and a to small random values. 

b. Present new input and desired output to the network 

Present new continuous valued input along with the 

desired output b(t) to the network. 

c. Calculate actual output 

N-1 

OUT ( t) = F ( r w i ( t) xi ( t) - 8) . 
~ 

(2.12) 

where N is the number of inputs to the perceptron, i is 

the i th input and t is the tth iteration. 
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d. Adapt weights 

w1 (t+l) =w1 (.t) +TJ[b1 (t) -OUT1 (t)]·xi(t). (2.13) 

where TJ is a positive gain term ranges from 0 to 1 and 

b(t) is the desired correct output for the current input. 

Equation 2.13 can be rewritten as 

(2.14) 

where the quantity ~ 1 in Equation 2.14 is equal to (b
1
-0UT

1
), · 

the difference between the desired output, b
1 

and the actual 

output OUT1 produced by the network. The algorithm above is 

also known as the delta training rule. The drawbacks of the 

single-layer perceptron is that it is incapable of solving the 

non-linear separable problem such as the EXCLUSIVE OR 

problem [4]. 

2.4 Multi-layer Perceptron 

Single-layer networks have proved to be severely limited 

(can solve only linearly separable problem). However, neural 

networks using multi-layer architecture can overcome those 

shortcomings. The architecture of a multi-layer neural network 

is shown in Figure 2.7. 

Multi-layer perceptrons are feed forward nets with one or 

more hidden layers of nodes (a layer of nodes between the 

input and output nodes). The capabilities of multi-layer 

perceptrons stem from the nonlinearities used within nodes. If 
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the nodes were linear elements, then a multi-layer perceptron 

could be replaced by a single-layer perceptron. 

Inputs 
X 

X 
2 

X. 
I 

hidden layer j 

output 
~er k 

Figure 2.7. Multi-layer Neural Network 

A two-layer perceptron can be represented mathematically as 

(2.15) 

and Equation 2.15 can be written as 

(2.16) 

where B is the desired output vector. Expression 2.16 is the 

equation for a single-layer perceptron. Thus a two-layer 

perceptron can be replaced by a single-layer perceptron if the 

perceptrons are linear elements. The capability of perceptrons 

with one, two and three-layers that use non-linear threshold 

function is illustrated in Figure 2.8 [8]. 
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1lm LAYER 

Q 

HALF PlANE 
BOUNDED 
BY 
HYPERPlANE 

8 

Figure 2.8. The role of hidden units 
in multi-layer perceptrons 

It can be seen from Figure 2. 6 that a single-layer 

perceptron forms half-plane decision regions. A two-layer 

perceptron can form a, possibly unbounded, convex region in 

the space spanned by the inputs. Each node in the first-layer 

behaves like a single-layer perceptron, each of which divides 

the input space into half-plane regions. Thus convex regions 

are formed from intersections of the half-plane regions formed 

by each node in the first-layer. So the convex regions have, 

at most, as many sides as the number of nodes in the first-

layer. The above analysis provides some insight into the 

problem of selecting the number of nodes to use in a two-layer 

perceptron. The number of nodes must be large enough to form 
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a decision region that is as complex as is required by a given 

problem. But for a two-layer perceptron, no number of nodes 

can separate the meshed class region as shown in Figure 2.8 

for a 3-layer perceptron. 

A three-layer perceptron can form arbitrarily complex 

decision regions and can separate the meshed classes also. 

This can be proven by construction. The proof depends on 

partitioning the desired decision region into small hypercubes· 

(squares when there are two inputs). Each hypercube requires 

2N (N is the number of inputs) nodes in the first-layer, one 

for each side of the hypercube, and one node in the second

layer that takes the logical AND of the output from the first

layer nodes. The second-layer nodes will fire only for inputs 

within each hypercube. Hypercubes are assigned to the proper 

decision regions by connecting the output of each second-layer 

node only to the output node corresponding to the decision 

region that node's hypercube is in. The third-layer nodes 

(output nodes) then perform a logical OR operation on the 

inputs from the second-layer nodes. If all inputs lie within 

a decision region, at least one node in the second-layer fires 

which triggers the firing of the output node. On the other 

hand, if any inputs lie outside the decision region, the 

second-layer nodes will not fire, nor will the output fire. 

This construction procedure can be generalized for arbitrarily 

shaped convex regions instead of small hypercubes and can show 

that the network is capable of generating the disconnected and 
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non-convex regions. This analysis demonstrates that no more 

than three-layers are required in perceptron-like feed-forward 

nets because a three-layered net can generate arbitrarily 

complex decision regions. It also provides some insight into 

the problem of selecting the number of nodes to use in three

layered perceptrons. The number of nodes in the second-layer 

must be greater than one when decision regions are 

disconnected or meshed and cannot be formed from one convex· 

area. The number of second-layer nodes required in the worst 

case is equal to the number of disconnected regions in input 

distributions. The number of nodes in the first-layer must be 

sufficient to provide three or more edges for each convex area 

generated by every second-layer node. The number of nodes in 

the first-layer should be at least 3 times as many nodes as 

those in the second-layer. Similar arguments can be applied to 

multi-output three-layer perceptron. 

Training 

2.5 Training of Neural Networks 
with Backpropagation of Error 

of a multi-layer neural network with 

backpropagation was first described by Werbos (1974). Parker 

independently described a similar method in 1982. In 1986, 

also independently, Rumelhart, Hinton and Williams presented 

a clear and concise description of a backpropagation 

algorithm. 

In the training phase of a network, a pattern XP is 

presented and the weights, W, of the network and also the 
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threshold in the nodes are adjusted such that the desired 

output (target), b , is obtained in the output nodes. Once the 
p 

adjustment·of the weights is made, another pair of XP and bP 

are presented to the network. Again the weights are adjusted 

to match both patterns. This process ·continues until all 

patterns are presented. The weights are adjusted until a set 

of weights and biases that best satisfies all the input and 

output pairs presented to it is attained. With reference to· 

multi-layer perceptron shown in Figure 2. 7, the training 

algorithm can be illustrated below. 

Usually the network output, OUTP, for pattern p will not 

be the same as the target, b . To reduce the difference, a 
p 

method called least mean square (LMS) is used. For each 

pattern, the square of the error is 

(2.17) 

where k ranges from 1 to the number of nodes, c, in the output 

layer and the factor 1/2 is inserted for mathematical 

convenience as shown later. 

The average error for all the input patterns is 

(2.18) 

where m is the number of pattern presented to the network. 

E is the average error of m patterns. For convenience of a 

later derivation, the error of one pattern is used. Thus 

Equation 2.18 can be written as Equation 2.19. 
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(2.19) 

In the actual manipulation of E, the square error of m 

patterns should be summed. To reduce the error E, the 

incremental changes of weights, Awkj' should be proportional 

to -oE/owkj, that is 

(2.20) 

where ~ is a proportionality constant called the gain factor 

or the learning rate. From Equation 2.2, the nonlinear output 

of node k is 

(2.21) 

and from Equation 2.1 

(2.22) 

Using the chain rule, oE/ owkj can be expressed as 

c3E = c3E • ONET~c 
awkj c3NET k awkj 

Using Equation 2.22, equation 2.23 can 

OE: OE: a b 
-- = ·--~ wkjOUTj = 
awkj c3NET k awkj f:1 

If ~k is defined as 

c3E 
~k = - c3NETk • 

then Equation 2.20 can be expressed as 

~wkj = ~~kOUTj • 
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(2.23) 

be expressed as 

(2.24) 

(2.25) 

(2.26) 



To find ~k' Equation 2.25 can be expressed as 

~ = _ aE • c3oUT k 

k OoUT k ONET t • 
(2.27) 

From Equation 2.19, the following expression can be obtained 

(2.28) 

and from Equation 2.21, the following two expressions can be 

obtained 

(2.29) 

(2.30) 

So, for any output layer node k, Equation 2.26 can be 

expressed as 

(2.31) 

(2.32) 

However I the factor aE/ aouTj cannot be evaluated directly. 

Instead, it must be related to known quantities and other 

quantities that can be calculated. 
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OE 
aoUTj 

c 

~j = Fj • (NETj) :E (~k· wkj) • 
k=l 

(2.33) 

(2.34) 

Thus the ~'s in an internal node can be calculated in terms of 

~s at the output layer. To summarize, for output layer nodes 

(2.35) 

For internal nodes j 

c 
~j = E (~kwkj) ·F' (NETj) . (2.36) 

k"'l 

In particular, if the activation function is expressed as 

Equation 2.7 with 6
0
=1, then 

(2.37) 

~k and ~j above can be written as 

~k = (bk-OUTk) OUTk (1-0UTk) • (2.38) 

c 

~j = E (~kwkj) ·OUTj (1-0UTj) • (2.39) 
k•l 
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From the activation function, Equation 2.7, it can be 

seen that the output function depends actually on NETj+ej. Thus 

the thresholds ej are learned in the same manner, as the other 

weights. ej is effectively the weight from a node that always 

has an output value of unity. It is important to note that, 

for the activation function given by Equation 2. 7, a node 

cannot have output value of 1 or 0 without infinitely large 

positive or negative weights. Therefore, in the learning· 

phase, the value 0.9 and 0.1 are used for specifying binary 

target output values. 

In learning wj 1 , it is a good practice to calculate Apwj
1 

for each training pattern p and to take 

(2.40) 

The actual learning procedure consists of the net 

starting off with a random set of weight values, the training 

set patterns are then presented sequentially. Using the 

backpropagation procedure described above, the Apwj
1 

for all 

the weights of the network for a particular pattern p are 

calculated. This procedure is repeated for all the patterns in 

the training set to yield the resulting AWj 1 • After adjusting 

the weights, the entire process is repeated until a 

satisfactory average system error, expressed in Equation 2.18, 

is reached. 

The back propagation algorithm has been tested with a 

number of deterministic problems and performed well in most 
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cases [8]. However, there are some issues that need. to be 

remembered when such an algorithm is applied. There is no 

known best choice of a value for ~· As might be expected, a 

large ~ corresponds to rapid learning but might also results 

in oscillations. Rumelhart, Hinton, and Williams suggest that 

expression 2. 26 might be modified to include a· sort of 

momentum term as in Equation 2.41 

(2.41) 

The quantity (n+1) is used to indicate the (n+1) step and u is 

a proportionality constant. The second term in Equation 2.41 

is used to specify that the change in wj
1 

at the (n+1) step 

should be somewhat similar to the change undertaken at the nth 

step. In this way, some inertia is built in, and momentum in 

the rate of change is conserved to some degree. A finite u 

tends to dampen the oscillation of system error E but can also 

serve to slow the rate of learning. One drawback of the back 

propagation algorithm concerns the question of whether the 

system might get trapped in some local minimum or at some 

stationary point, or perhaps oscillate between such points, 

as shown in Figure 2.9. Under such circumstances, the system 

error remains large regardless of how many iterations are 

carried out. Suggestions to improve performance and reduce the 

occurrence of local minima include allowing extra hidden 

units, lowering the gain term~' and making many training runs 

starting with different sets of random weights [8]. However, 

there is no fixed method to eliminate the system from being 
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trapped in local minimum or stationary points. All suggestions 

are empirical rather than extracted from theoretical ground. 

system error 
E 

(w} min 

weight space 
(w} local (w} stationary coordinates 

Figure 2.9. Illustration of the possibility of the learning 
procedure being trapped at non-optimum values 

26 



CHAPTER 3 

HIGH-ORDER NEURAL NETWORK 

Early research has shown that single-layer, first-order 

neural networks (perceptrons) can only produce linear 

discrimination boundaries between pattern classes. It has also 

been shown that non-linear discrimination surfaces could be 

derived either by multi-layer first-order networks or by 

single-layer, high-order networks [5]. The term 'first-order' 

is used to indicate that the input values are applied directly 

to the inputs of the neural network. The term 'high-order' 

refers to the creation of a non-linear combination of input 

values (such as products of the input values) , prior to 

application at the network input nodes. Most real world target 

detection problems require non-linear discrimination boundary 

surfaces. Therefore, single-layer, first-order networks are 

not as useful as multi-layer or high-order networks. 

In solving contiguity problems, like the two-three clump 

problem (recognizing the pattern of 2 to 3 groups of ls in a 

string of zeros), a multi-layer perceptron does not perform as 

well as a high-order neural network [9]. For this problem, the 

multi-layer perceptron requires thousands of presentations in 

order to learn the training set and the accuracy is only 

slightly greater than 50%. Also in solving the TC problem 

(recognizing the translational and rotational version of 

letter T and C), a multi-layer perceptron requires over 5000 

presentations of an exhaustive training set. A high-order 
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neural network can solve the above problems with much.higher 

accuracy (100% accuracy for training set contains 1/10 of all 1 

possible patterns in the TC problem) and a shorter training / 

time [ 9 1 • High-order networks can be made to incorporate 

translation, rotation and/or scale invariance by changing the 

network architecture. With these invariances, not only the 

performance for special problems is improved, but also the 

network architecture is simplified. 

3.1 Architecture of High-order 
Neural Network 

The reason a multi-layer perceptron can solve the non

linear separable problem is because of the non-linearities 

produced in the hidden layers. These non-linearities can also 

be produced by nodes in high-order neural network. The output 

of a high-order unit can be represented as: 

OUT = F [ T 0 + T 1 + T 2 + • • • • • • ] 
n n k 

= F [ eo+ E wjixi + E E wjklxkxl + •••••. 1 . 
(3.1) 

i•l k•l 1•1 

where the subscript j indicates the jth output node, i 

indicates the itb input, k and 1 indicate the different 

combinations of inputs in the product terms. The high-order 

weights capture high--order correlations. 

The zeroth--order term T is an adjustable threshold, 
0 

denoted by eo. T
1 

is the first-order term (or linear terms) 

which is the weighted sum of inputs. T
2 

is the second-order 

term which is the linear weighted sum over the second-order 
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product of inputs. A unit which includes terms up to and 

including degree k will be called a kth order unit. It has been 

shown that a second-order neural network can incorporate 

translational invariance and scale invariance in the network 

architecture while a third-order neural network can include 

rotational invariance as well (10]. For the specific type of 

target detection in this work, only translational invariance 

is needed. So only second-order neural networks and second-· 

order neural networks with translational invariant properties 

will be discussed in this chapter. The architecture of a 

second-order neural network is shown in Figure 3.1. The j~ 

node output is represented by: 

(3.2) 

OUT 

(for blat) 

Figure 3.1 Second order neural network 
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As seen in Equation 3.1 and Figure 3.1 a network Mith n 

inputs and one output, using rth order terms, requires C~ 

number of weights (interconnections). c~ is of the order nr. 

So for a high-order neural network, the number of 

interconnections can be extremely large and can quickly become 

impracticable as the input size grows. For example, for a 9x9 

pixel input field, a 3rd order network requires C8~ = 85320 

interconnections while a 128x128 pixel field requires 7. 3x1011 · 

interconnections. This combinatorial explosion is the greatest 

drawback of high-order neural networks. 

3.2 Translation Invariance in 
High-order Neural Networks 

High-order neural networks are better than multi-layer 

perceptrons in many ways. One example is in the solution of 

the contiguity problem (11]. Recent research has shown that 

invariance can be built into the architecture of the high-

order neural network [10]. With these invariance properties, 

the number of weights required can be reduced tremendously 

(e.g., the number of weights in 2nd -order translation 

invariant network is in the -order of n for input size equals 

n). Some other techniques in connectivity, such as local, 

sample, probabilistic and regional connectivity ( 12] have been 

proposed to further reduce the number of weights required in 

the networks. Solving the TC problem by regional connectivity, 

can reduce the number of weights by a factor of 200,000 [12]. 
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It is known that a function y(x) is translationally 

invariant under the transformation g e G iff 

y(x) = y(g(x)). ( 3. 3) 

Suppose g(m) e G is a translation transformation to the input 

( 3. 4) 

Considering a second-order neural network such as that shown 

in Figure 3.1, for translation invariance, the output is given 

by 

OUTj (X) = OUTj (g (m) X) 
= OUTj (x1.m> 

n n k 

= F [ ej + L wjixi+m + E E wjklxk+mxl+m ] • 
i .. l k=l 1=1 

(3.5) 

Assuming that periodic boundary conditions are appropriate or 

that edge effects are negligible, Equation 3.5 can be written 

as 

n n k 

OUTj(X) = F [ ej + rwj,i-~i + EEwj,k-m,l-~tXl] . (3.6) 
f:'{ k•l lal 

Comparing Equation 3.5 and 3.6 indicates the constraint that 

must be placed on the weight matrix to ensure translational 

invariance, is 

wji = Wj, i-m 

wjkl = wj,k-m,l-m 

(1st order weights) 
(2nd order weights) . 

31 

( 3. 7) 



For the first-order translation invariance case, the 

constraint on the weights is wj
1 

= wj,i-m" For translational 

invariance, m in Equation 3.4 can take any value from 0 to n, 

number of inputs. wj1 = wj,i-m for all m implies w
1

' s are the 

same for all i. 

The constraints Equation 3. 7 places on weights for a 

second-order translational invariant networks may be described 

as follows. Assume a pattern composed of two points located at· 

k and 1 (1 at these points, 0 otherwise) exist. The notation 

(k,l) is used to represent that the pattern contains 1's at 

locations k and 1 and O's elsewhere. The translation 

invariance constraint stipulates that w has the same value at 

those two points when evaluated at any pattern (k-m, 1-m) 

which is a translated version of the original pattern (k,l). 

A two point pattern is translationally invariant if the 

pattern is given by the relative coordinate dk=l-k, where ~ 

ranges from 1 to n-1, and n is the number of points in the 

pattern. Different values of dk define a new set of 

translation invariant patterns. That is for every pattern 

(k,l), there is a set of translated patterns 

{(k,k+dk) : ~=1-k, 1 ~ k ~ n}. All patterns in the set should 

have the same set of weights at location k, k+dk. This leads 

to the condition on w that {wjkl : 1 ~ k ~ n, 1 ~ 1 ~ n} is 

equivalent to {wj(dk): dk=l-k, 1 ~ k ~ n, 1 ~ dk ~ n}. In other 

words, the elements in the set {wjkl : 1 :S: k :S: n, 1 :S: 1 :S: n} 

for a fixed ~ =1-k is numerically equal to a single weight 
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wj ( dk). This leads to the condition on w that the set .of wjkl 

can be replaced by weight wj(dk)· 

The implementation of translational invariance is 

equivalent to redefining the weight matrices such that they 

depend only on the relative position,· dk, and not on the 

absolute position, k. The first and second-order invariant 

terms can now be written as 

n 

T 1 (i) = w1 (i)l,;xi. 
1=1 

( 3. 8) 

n n 

T2 (i) = L wi,dk L x~k+dt 
dk=l k•l 

(3.9) 

As is shown in Equation 3. 8 and 3. 9, a translation 

invariant architecture can reduce the number of weights 

required. The architecture of a translation invariant second-

order network is shown in Figure 3.2. 

The training algorithm described in Chapter 2 can be 

applied to train a high-order network. The weight update rule 

is the same as that for training a multi-layer perceptron and 

is given by 

(3.10) 
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(threshold of F) 1 

Figure 3.2 Second-order translation invariant network 

The training procedure for high-order neural networks is 

very similar to that of multi-layer perceptrons described in 

Chapter 2. The only exception is that there are no hidden' 

layers in high-order networks, so the network feeds forward 

only without propagating errors back. 

From Figure 3. 2, it can be seen that the translation 

invariant network basically consists of three categories of 

terms: a linear sum of inputs (linear terms), sums of squares 

of inputs (square terms) and sum of second-order product terms 

(product terms). Different terms may have different effects on 

the performance of the network. To find the effect of these 

terms on the performance of the network, networks with 
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different combinations of terms can be simulated and compared. 

The following variations of translation invariant networks are 

of interest : 

(a) product terms only 

(b) linear and product terms only 

(c) product terms and square terms only 

(d) linear, square and product terms 

The effect of these terms on the performance of the network 

will be discussed in chapter 5 after the simulation procedure 

is described. 
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CHAPTER 4 

SIMULATION OF NEURAL NETWORK 

WITH A COMPUTER 

Although neural network technology is infiltrating 

almost every branch of information science, the number of 

successful applications is still very limited. Implementation 

of neural networks is a topic of considerable research and 

investigation [3]. 

It should be noted that neural network technology is 

still a very young and new technology. Most of the theories 

and proposed applications are the consequence of simulations. 

Simulation of a neural network model is a vital part of its 

implementation. Simulation can be used to test the accuracy of 

the theory involved in developing the neural network model. 

Simulation involves the conversion of a neural network model 

into a computer model. This computer model enables researchers 

to understand precisely what happens in the model during the 

phase of training, self organization and association. This 

understanding can lead to the improvement of the neural 

network model. The computer model can also be used to compare 

theoretical predictions with actual performance of the neural 

network. However, using a digital computer to simulate a 

neural network has some limitations. First, conventional 

computers are serial machines while neural networks exhibit 

massive parallelism. Second, signals in the human nervous 

system are essentially analog, simulating them on a digital 
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machine provides an inherent mismatch and could provide 

results which may differ slightly from the actual situation. 

In the following sections, simulation of the neural network 

models described in Chapters 2 and 3 will be discussed. 

4.1 Method of Simulation 

The theory of the neural network models was discussed in 

Chapters 2 and 3. These network models are represented by· 

mathematical formulas. The training algorithm is also 

expressed in mathematical form. Simulation of neural network 

, models involves the writing of programs to implement the 
I 

mathematical formulas and algorithms. The application of the 

simulated model usually involves 4 stages. The stages include: 

artificial data generation, training of the network with the 

artificial data, comparing the output generated from the 

artificial data to the predicted results, and, finally, the 

testing of real data. The most important and crucial step is 

the training of the network. Training involves the selection 

of parameters, such as the training rate, the number of nodes 

in hidden layers, the momentum rate, the error tolerance and 

others. For most of these parameters, there is no theoretical 

basis for the choice of a particular value. A trial-and-error 

approach is normally used in determining the parameters. 

Unfortunately, there is no guarantee of convergence for a 

given set of training vectors. If the network converges in 

training, the network architecture and weights are saved for 
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future reconstruction of the network. New input patter-ns can 

be fed into the trained network to determine its accuracy. If 

the accuracy is not high enough, another set of training 

vectors with different combinations can be used to retrain the 

network. The above procedure is repeated in an attempt to 

obtain a more satisfactory accuracy. However, there is no 

guarantee that a higher accuracy can be reached with a 

different set of training vectors. If the network does not 

converge during the training phase, the network parameters can 

be adjusted to help the network to converge. However, there is 

still no fixed rule to make the network converge. In this 

project, the simulation programs are written in TURBO C and 

are shown in the Appendix A. The simulation program consists 

of two modules called NNlO.C and LEARNlO.C. The module, 

NNlO.C, is the main module with part of the training modules 

contained in LEARNlO. C. Test data generation will be discussed 

in Chapter 5. The simulation program basically consists of 

training, output generation and a graphical display of data. 

Each part of the program will be described in the following 

sections. 

4.2 Training of Neural Networks 

In the training phase, samples with known output are fed 

into the computer (simulation program). The weights of the 

network are adjusted according to the learning algorithm 

described in Chapters 2 and 3. The simulation program 
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continuously adjusts the weights of the network until the 

error between the expected outputs and the actual outputs 

falls within a certain tolerance limit. When this happens, the 

network is said to converge. The network architecture and the 

weights are then saved in a disk file for future utilization. 

If the network does not converge, the network parameters are 

adjusted and the whole training process starts over again. 

Figure 4.1 shows the basic flow of the training phase. The 

words in capital letters in each box indicate the program 

modules in program NN10. C or LEARNlO. C for performing the 

function described in each box. 

( START ~ JL 

read training data find network o~ut 
USER SESSION( ) FORWARD() 

J1 H 

cha~ wt. of:rrtwoB re~~~~_ilter ANGE 
.u. H 

test termination conditions display training screen 
LEARNSCR() INTROSPECTIVE( ) 

~ y J.l 

set up pointers 

~ I NIT() N 
RGE 

1} ~ 
y 

initialize wt. 
INITWT_{_) dllplay _] save network dataf---

error' mig 
DWRITE() '""' 

11 
u 

i ~~T~l~f=J END / 

Figure 4.1 Flow chart for network training 
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OUT2 

~ threshold In 
output layer k 

~layerj 
threshold 

' 

Awkj (n+l} = T) (tk - OUTk) F' (NETk) OUTk+aAwkj (n) 
where 11 = learning rate, 

tk = target of kth output, 
a =momentum rate, 

Awkj (n+l) =weight change in n+lth iteration 

Figure 4.2 Training of Multi-layer Perceptron 

To train the network, the least mean square training 

algorithm described in Chapters 2 and 3 is used. Figure 4.2 

shows the particulars of a multi-layer perceptron and its 

training formula. It can be seen that the number of .weights 

depends on the number of inputs and number of internal nodes. 

For example, for a two-layer perceptron of nodes equal to i 

and j, the number of weights needed is i*j. For a three-layer 

perceptron of i,j,k nodes in each layer, the number of weights 

needed is i*j*k. However, the formulas for adjusting the 

internal-layer nodes are different, as described in Chapter 2. 

Because of the backpropagation of errors, the training is 

expected to be fairly slow. 
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n n k 

OUTj = F [ ej + E wjixi + L L wjklxkxl] 
l. "'1 k.c1 1 =1 

~wji(n+l) = T} (tj- OUTj)F' (NETj)OUTj+a~wji(n) 
where 11 = learning rate, 

tj = target of j th output, 
a =momentum rate, 

l1wji (n+l) =weight change in n+lth iteration 

Figure 4.3 Training of second-order neural network 

Figure 4.3 shows the particulars of a 2nd-order network 

and the training formula. For n inputs, the number of weights 

needed is 

n + 
(linear term) 

n 
(square term) 

+ en 
2 

(product terms) 
+ 1 
(threshold) 

where n is the number of inputs. As n increases, the number of 

weights needed increases to the order of n2 • Thus this kind of 

architecture is not suitable for a large number of inputs. 
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(threshold of F) 1 

n n-1 n-1 

OUTj = F [ ej + E wjixi + L wjklL xlxl-k ] 
1=0 k=O l=k 

4wji (n+l) = 11 (tj - Otrrj) F' (NETj)OtiTj+a4wji (n) 
where 11 = learning rate, 

tj = target of j th output, 
a = momentum rate, 

4wji (n+l) =weight change in n+lth iteration 

Figure 4.4 Training of translation invariant network 

Figure 4.4 shows a translation invariant network and the 

training formula. When comparing Figure 3.2 with the above 

figure, it can be seen that the architecture for the linear 

sum of inputs (linear terms) is different. There is only one 

weight assigned to the linear sum of the inputs in Figure 3.2, 

while there are n weights for the linear sum in Figure 4.4. 

The architecture shown in Figure 3 . 2 sometimes cannot converge 

when trained with very noisy samples. It was found that when 

real data was used to train the network shown in Figure 3.2, 

the network could not converge to the desired system error. 
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However, the architecture shown in Figure 4.4 can converge 

most of the time and the convergence is fast. In the 

architecture shown in Figure 4. 4, the weights needed for 

linear terms is of order n. Thus the trade off for convergence 

is the additional weights required. Table 4. 1 shows the 

training results for different training samples. A training 

set consists of 16 samples of 25 points is used to train the 
..__ ---· 

networks with different linear term architecture as described 

above. The following parameters are used for the training: 

Learning rate 

Momentum rate 

System error is 

Individual error 

Bias 

Initial weights 

Output function 

set to 

• 0.0 • 

: 0.100000 

: 0.000000 

• 0.001000 • 

. 0.000100 • 

. 1.000000 . 

. sigmoid function • 

It can be seen that the modified linear term architecture 

for translation invariant network can improve the convergence 

and shorten the training time. Thus, the architecture of 

linear terms shown in Figure 4.4 will be used in the rest of 

this report. For n inputs, the number of weights needed is 

n 
(linear terms) 

+ n 
(square terms) 
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Table 4.1 Training results of different 
architecture in linear term 

real data 

training 
data 
corrupted 
with noise 
of level 0.6 

training 
data 
corrupted 
with noise 
of level 0.3 

Translation 
invariant 
network with 
linear and 
product terms 
(Figure 3.2) 

not converge 
in 5000 
iterations 
min. err of 
0.017424 
occurs at 
iteration 94 

not converge 
in 5000 
iterations 
min. err. of 
0.020543 
occurs at 
iteration 120 

converge to 
required 
system error 
in 536 
iterations 

Translation 
invariant 
network with 
all the terms 

(Figure 3.2) 

not converge 
in 5000 
iterations 
min. err. of 
0.017210 
occurs at 
iteration 63 

not converge 
in 5000 
iterations 
min. err. of 
0.020102 
occurs at 
iteration 103 

converge to 
required 
system error 
in 786 
iterations 

Modified 
translation 
invariant 
network with 
all terms 
(Figure 4.4) 

converge to 
required 
system error 
in 1420 
iterations 

converge to 
required 
system error 
in 1181 
iterations 

converge to 
required 
system error 
in 102 
iterations 

The number of weights needed is of order n for n inputs. Thus 

the translation invariant networks is better than the 2nd-

order network and the multi-layer perceptron when the number 

of weights is concerned. 
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4.3 Output Generation of 
Neural Network 

Once the network is trained, it is not difficult to build 

the network with the weights obtained from training. Fig 4.5 

shows the basic flow of the output generation program. 

START 
.u. 

read network architecture data 
DREAD() 

JL 

read network weights 
WTREAD{) 

JL 

read data file 
OUTPUT GENERATION() 

JL 

find output of data read 
FORWARD() 

H 
graphical display of output 

GRAPH() 
u 

(END) 
. 

Figure 4.5 Flow chart for output generat~on 

The output of the network for a sample input is 

calculated with the following formulas: 

(a) multi-layer perceptron 
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(b) 2nd high-order network 

(c) translation invariant network 

(i) product terms only 
n-1 n-1 

NET j = E wjplL xl-pxl + ej • 
p•1 loop 

where subscript jpl indicates the weights of jth node 

with p~ product terms for translation invariant network 

(ii) product terms and linear terms 
n n-1 n-1 

NETj = E wjp~ + E wjplL xl-pxl + ej • 
p=O p=1 l=p 

(iii) product and square terms 
n-1 n-1 

NET j = E wjplL xl-pxl + ej • 
p=O 1-p 

(iv) linear, square and product terms 
n n-1 n-1 

NET j = E wjp~ + E wjplL xl-pxl + ej • 
p=O p•O 1-p 

4.4 Graphical Display of Samples 

A graphical display of data can help in understanding the 

nature of the data. As an example, each sample may contain 25 

points of varying amplitudes. It is natural to have the sample 

displayed with amplitude versus position. Visually, by 
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observing the graphical display, a judgement as to wh~ther a 

target exits or not can be made. The human observation of the 

data can be compare to the output of the neural network as a 

relative measure of accuracy. The basic flow of the graphical 

representation program is shown in Figure 4.6. It should be 

noted that the display of graphics is hardware dependent. In 

the simulation program, the display device is set to EGA, a 

slight modification is needed if an other display device is 

used. Figure 4.7 shows a typical example of graphical display 

of a sample data which contains a target. 

read sample date to be diSplayed 

GRDDAT 

Figure 4.6. Flow chart for graphical 
presentation of data 
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0 
1 2 3 4 5 8 7 8 9 lO 11 12 13 14 15 16 17 18 19 II 21 22 23 24 25 26 

Figure 4.7. A typical sample contains a target 
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Figure 4.8 shows a typical example of graphical display of a 

sample data which does not contain a target. 

1~----------------------------------------~1 

0 
1 2 3 4 5 6 7 8 9 lO 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 

Figure 4.8. A typical sample without a target 
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CHAPTER 5 

SIMULATING NEURAL NETWORKS 

WITH TEST DATA 

The objective of this project is to detect a target 

under a very noisy environment. Real systems are frequently 

characterized by a low signal to noise ratio. Techniques like 

statistical pattern recognition and template matching do not 

work well under low signal-to-noise ratio conditions. High

order neural networks have been shown to achieve high 

probabilities of detection in background with more than 20% 

' noise [ 13] . 

A specific example of interest is the study of the 

performance of neural networks on samples consisting of a 

linear array of pixels. In this chapter, the performance of 

different neural networks described in the previous chapters 

will be compared. 

5.1 Simulation Approach 

The performance of a neural network can be judged by the 

complexity of the architecture, the training time, and the 

accuracy in recognizing new patterns. The training time and 

the accuracy of recognizing new patterns for the neural 

networks described in Chapters 2 and 3 has been determined and 

is analyzed in the following sections. The performance of the 

networks under different noise conditions is also presented. 
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Test data with different noise levels is used ta train 

the networks. For each sample set at a different noise level, 

the training time for the networks using the same set of 

parameters and initial conditions is recorded and compared. 

The results are shown in section 5. 3. The trained networks are 

then used to recognize new samples. The accuracy for different 

neural networks in recognizing new samples is compared. 

Training samples corrupted with noise with normalized 

levels of 0.6, 0.7 and 0.8 will be generated. The training 

samples are then used to train the following networks: multi

layer perceptron, 2nd-order network, translatio~ invariant 

network with product terms only, translation invariant network 
,,.., 

with linear and product terms, translation invariant network 

with square and product terms and translation invariant 

network with all the terms. After training, each network will 

be used to recognize test samples with different noise levels. 

The test samples consist of 10 sets. Each set contains 20 

samples as shown in Table 5.1. 

Table 5.1. Test sample sets to be generated 

samples samples samples 
samples corrupted corrupted corrupted 
without with noise with noise of with noise of 

noise of level 0.6 level 0.7 level 0.8 

10 sets of 10 sets of 20 10 sets of 20 10 sets of 20 
20 samples samples samples samples 

Each set of the test samples is fed into the trained 

networks. The accuracy of networks to recognize these samples, 
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as percent correct, is found. The mean and standard deviation 

of the accuracy for every 10 sets are then calculated. 

Statistical methods are used to compare the mean of the 

accuracy for the different networks. The performance of the 

networks trained with samples of different noise levels will 

also be compared. 

5.2 Test Data Generation 

A large input image size can complicate the neural 

network architecture and slow down the training tremendously. 

It is a common practice to reduce the input image size by some 

transformation before applying the image to the neural 

networks. The real data contains of only 25 points in each 

sample. So in the simulations that follow, samples with 25 

points are generated and used. 

The test and training data are generated with a computer. 

The computer first randomly generates a target or non-target 

(the value for a target is 1 and a non-target is zero) 5 

points wide and locates it randomly on a string of 25 zeros. 

Then noise with a certain maximum amplitude is added to each 

point in these samples. If the value of a point is negative 

after noise is added, the point value is set to zero. The 

distribution of the added noise is given by equation (5.1). 
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-(~)2 
noise = sign x amp x (1-e " ) 

where noise = amplitude of noise 
sign = + or - (random) 

amp =maximum amplitude of noise 
x =uniform distribution in (0,1) 
a = the standard devariation of 

the noise distribution . 

(5.1) 

The standard deviation used in the noise generatiori was 0.5~ 

which is a typical value for noise distribution. 

The program for generating the test data is called· 

GENDATA.C and is shown in Appendix A. Figure 5.1 shows the 

flow chart for GENDATA. C. The training data is shown in 

Appendix B. 

START 
1 

input characteristics 
of artificial data 

RDDATA() 
1 

generation of 
random samples 

GENDATA() 

1 
add noise to samples 

ADDNOISE() 

l 
save the samples 

WTDATA() 
1 

(END 

Figure 5.1 Flow chart for GENDATA.C 

Figure 5.2 shows a typical sample with noise at a noise 

level of maximum amplitude equal to 0.6. The ordinate is the 
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amplitude of the signal and the abscissa is the location of 

points in each sample. 

1r-----------------------------------~------~ 

1 2 3 4 5 6 7 8 !I 10 U 12 13 14 15 16 17 18 1!1 20 21 22 23 24 25 26 

Figure 5.2 Sample corrupted with noise 

5.3 Training Time for Different Networks 

To compare the training time for each network, a training 

set consisting of 16 samples of 25 points was generated. Three -------training sets with noise levels 0.3, 0.6 and 0.8 were 

generated. Each sample in the training set consisted of a 

randomly oriented pulse of 5 points with an amplitude of 1 and 

these points were superimposed with noise of levels 0.3, 0.6 

or 0.8. The training set was then used to train the networks. 

The different neural networks are classified as : 

a) multi-layer perceptron 
b) second order network 
c) translational invariant network 

i) product terms only 
ii) linear and product terms 
iii) product and square terms 
iv) linear, product and square terms 
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The letters in the brackets are the abbreviations for the 

names of the networks. 

All training was done with a PC using a 80286 processor 

and a math co-processor. The simulating program was compiled 

by the TURBO C 2.0 compiler. The networks were trained with 

the same set of parameters as listed below: 

Table 5.2 Training parameters 

No. of points in input samples 25 

No. of output units 1 

No. of input sample 16 

Learning rate 0.5 or 0.1 

Momentum rate o.o 
System error is set to 0.001 

Individual error 0.0001 

Bias 1.0 

Initial weights 0 

Output function sigmoid function 

For the multi-layer perceptron, the following hidden layer 

parameters were used: 

No. of hidden layers : 1 
No. of units in the hidden layer : 10 

Table 5.3 shows the training results. The learning rate 

was set to 0.5 for training samples with noise levels of 0.3 

or 0.6. For training samples with noise levels of 0.7 or 0.8, 

the learning rate was set to 0. 1 to make the networks 

converge. 
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Table 5.3 Training time for the networks 

noise level network type No. of iter. Train. T /s 

mul p 133 286 

2nd hi 113 256 

0.3 
inv p 75 87 

inv lp 75 95 

inv sp 73 90 

inv lsp 72 98 

mul p 255 552 

2nd hi 25 57 

inv p 98 113 
0.6 

inv lp 39 so 

inv sp 165 205 

inv lsp 50 68 

mul p 1464 3194 

2nd hi 100 226 

inv p 1416 1634 

0.7 inv lp 286 367 

inv sp 1560 1932 

inv lsp 330 452 

mul p 1663 3608 

2nd hi 96 218 

0.8 
inv p 2723 3500 

inv lp 429 551 

inv sp 5000 (cannot 6201 
converge) 

sys. err. is 
0.001202 

inv lsp 1181 1621 
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The data in Table 5.3 shows that the training time for 

the 2nd-order network is usually shorter than the other 

networks and the number of iterations needed is the least for 

noisy samples. The multi-layer perceptron takes several times 

longer in training time than high-order networks. It will be 

shown in the later sections that these two networks make a lot 

of errors in recognizing noisy samples. The number of 

iterations needed for the translation invariant network to· 

converge indicates that the linear terms play a very 

significant role in the training time. With the linear terms, 

the training time can be reduced significantly. Without these 

terms, the network cannot even converge under very noisy 

conditions (e.g., noise level greater than 0.8). 

5.4 Accuracy of Different Networks 

After the networks were trained with samples at different 

noise levels, test data was then fed into the networks. The 

output accuracy of these networks was then calculated. The 

accuracy figures were then analyzed by statistical methods. 

The test data consists of samples corrupted with the following 

noise levels: no noise, 0. 6, 0. 7 and 0. 8. For each noise 

level, 10 sets of 20 samples were randomly generated 

(altogether, there were 40 sets of 20 samples). These random 

test samples were used to test the accuracy of the networks 

trained with different noise levels (0.6, 0.7 and 0.8). These 

forty sets of samples were fed into each trained network 
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sequentially. The accuracy of the outputs were recorded for 

analysis. Table 5. 4 shows the outputs necessary for the 

analysis. 

Table 5.4. Outputs to be generated 

6 different 6 different 6 different 
networks networks networks 

trained with trained with trained with 
samples of samples of samples of 
noise level noise level noise level 

at 0.6 at 0.7 at 0.8 

10 sets of 20 
test samples 60 sets of 60 sets of 60 sets of 

without noise outputs outputs outputs 

10 sets of 20 
test samples 60 sets of 60 sets of 60 sets of 
with noise outputs outputs outputs 

level at 0.6 

10 sets of 20 
test samples 60 sets of 60 sets of 60 sets of 
with noise outputs outputs outputs 

level at 0.7 

10 sets of 20 
test samples 60 sets of 60 sets of 60 sets of 
with noise outputs outputs outputs 

level at 0.8 

After the outputs were generated, the number of correctly 

detected samples were counted for each set of outputs. A value 

of 0. 5 was used as the classifier for the detection of a 

target (i.e., if the output value was greater than 0.5, a 

target was considered detected). The accuracy of each output 

set was further divided into the accuracy of detecting 

targeted samples and the accuracy of detecting non-targeted 

samples . These accuracy figures were then converted into 

percentages and tabulated in the following tables. The symbols 
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10 

110 

atd 

'tar,' 'non, ' and 'all' used in the following tables represent 

the accuracy in detecting targeted samples, non-targeted 

samples, and the overall accuracy in recognizing the sample 

set, respectively. The accuracy in recognizing targeted 

samples was calculated by finding the ratio of the number of 

correctly recognized targeted samples to the number of 

targeted samples in the sample set. Similarly, the accuracy of 

detecting non-targeted samples was calculated in the same way. · 

The symbols 'mn' and 'std' stand for the mean and the standard 

deviation of the accuracy figures. Each table shows the 

accuracy in percent for the 6 networks, trained with samples 

of a certain noise level, in recognizing samples with a 

specific noise level. 

From Table 5. 5, it can be seen that the multi-layer 

perceptron and the 2nd-order network trained with noisy 

samples made mistakes in recognizing samples without noise. 

1111lp 

tar non 

11 100 
50 100 
55 100 
22 100 
40 100 

0 100 
56 100 
50 100 
50 100 
20 100 

39.7 100 

15.3 0 

Table 5.5. Accuracy of networks (trained with 
samples at a noise level of 0.6) in 

recognizing samples without noise 
2nd hi inv p inv lp I inv sp I 

all tar non all tar non all tar non all tar I non I all : 

60 33 100 70 100 100 100 100 100 100 100 100 100 

75 70 100 85 100 100 100 100 100 100 100 100 100 
75 55 100 75 100 100 100 100 100 100 100 100 100 

65 33 100 70 100 100 100 100 100 100 100 100 100 
70 40 100 70 100 100 100 100 100 100 100 100 100 

80 43 100 80 100 100 100 100 100 100 100 100 100 

80 56 100 80 100 100 100 100 100 100 100 100 100 

75 70 100 85 100 100 100 100 100 100 100 100 100 

85 50 100 85 100 100 100 100 100 100 100 100 100 

60 20 100 60 100 100 100 100 100 100 100 100 100 

72.5 11:~5 ~ 1~0 1
7

8

6

11 
1~0 I 1~0 1 1~0 II 100 

I 
100 1 1 ~

0 

II 
100 I 100 I 1~0 I 8.16 0 0 0 0 
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inv lap 

tar non all 

100 100 100 

100 100 100 
100 100 100 

100 100 100 
100 100 100 

100 100 100 

100 100 100 

100 100 100 
100 100 100 

100 100 100 

100 100 100 

0 0 0 



se 

1 

2 
3 

• 
5 
6 
7 

8 
9 

10 

mn 

std 

But the translation invariant networks accurately recognized 

the target. It should be noted that all networks made no 

mistakes in recognizing non-targeted samples. 

The data in Table 5.6 indicates that for samples with the 

same noise level 1 the mistakes made by the multi-layer 

perceptron and the 2nd-order network are reduced. However 1 the 

translation invariant networks falls slightly but still 

remains above 95%. It is interesting to note that all the 

networks again made no errors in recognizing non-targeted 

samples. 

Table 5.6. Accuracy of networks (trained with samples 
at a noise level of 0.6) in recognizing 

samples at a noise level of 0.6 
mul p 2nd hi inv p inv lp I inv sp I 

tar all tar all tar all tar all tar tar non non non non I non I all : 

60 100 80 40 100 70 100 100 100 100 100 100 100 100 100 100 
71 100 90 42 100 85 100 100 100 100 100 100 100 100 100 100 
63 100 80 54 100 75 82 100 90 82 100 90 82 100 90 82 

60 100 80 50 100 75 100 100 100 100 100 100 100 100 100 100 

88 100 85 63 100 85 100 100 100 100 100 100 100 100 100 100 

50 100 80 25 100 70 88 100 95 88 100 95 88 100 95 88 

63 100 85 50 100 80 100 100 100 100 100 100 100 100 100 100 

75 100 85 67 100 80 100 100 100 100 100 100 100 100 100 100 

100 100 100 100 100 100 100 100 100 100 100 100 89 100 95 100 

75 100 85 67 100 80 92 100 95 100 100 100 92 100 95 92 

70.5 100 85 55.8 100 :79.51196.5 100 98 I 97 I 100 
1938.-25119::.1 I 100 

1

9

3

7

:: I 96.2 

u.s 0 6.24 20.3 n A ? II 6. 2 0 3.3 6.1 0 0 6.2 

60 

inv lsp 

non all 

100 100 

100 100 
100 90 

100 100 
100 100 

100 95 
100 100 

100 100 

100 100 

100 95 

100 98 

0 3.32 
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From Table 5.7 and Table 5.8, it can be seen that when 

the noise level is higher than that of the training samples, 

the accuracy of the translation invariant networks drops 

significantly (from over 95% for test samples of noise level 

of 0.6 to a slightly higher than 70% for test samples of noise 

level of 0. 8). The overall errors made by the translation 

invariant networks are closer to that of the multi-layer 

perceptrons and the 2nd-order networks. However, the accuracy 

Table 5.7. Accuracy of networks (trained with samples 
at a noise level of 0.6) in recognizing 

samples at a noise level of 0.7 
11Ulp 2nd bi inv p inv lp I inv ap 

I tar DOD all tar DOD all tar non all tar DOD all tar I DOD I all tar 

100 67 80 75 92 85 63 100 85 63 100 85 63 100 85 63 
77 57 70 62 100 75 54 85 65 92 100 95 77 100 85 77 
78 81 80 44 100 75 78 100 90 78 100 90 78 100 90 78 
60 70 65 40 100 70 80 100 90 90 100 95 90 100 95 90 
89 82 85 78 100 90 67 100 85 89 100 95 67 100 85 78 
55 89 70 36 100 65 67 100 80 83 100 85 73 100 85 73 
78 91 85 67 100 85 89 100 95 89 100 95 78 100 90 89 
67 38 55 33 100 60 75 100 85 83 100 90 83 100 90 83 
17 71 55 17 100 75 50 100 85 67 100 90 50 100 85 67 

60 50 55 30 100 65 90 100 95 90 100 95 90 100 95 90 

68.1 69.6 70 48.2 99.2 74.5 71.3 98.5 85.5 81.4 100 91.5 74.9 100 88.5 78.8 

21.6 16.34 11.6 19.8 2.4 9.34 12.87 4.5 8.2 10.03 0 3.9 11.72 0 3.9 8.94 

Table 5.8. Accuracy of networks (trained with samples 
at a noise level of 0.6) in recognizing 

samples at a noise level of 0.8 
.ul p 2nd bi inv p inv lp inv ap 

tar DOD all tar DOD all tar non all tar non all tar DOD all tar 

77 38 60 62 57 60 23 100 50 46 100 65 46 100 65 38 

78 36 55 44 82 65 33 100 70 67 100 85 67 100 85 56 

33 100 60 67 75 70 33 100 60 58 100 75 58 100 75 50 

33 100 70 78 91 85 33 91 70 55 91 80 55 91 80 44 

27 100 60 36 100 65 27 100 60 36 100 65 36 100 65 36 

30 100 65 so 100 75 30 100 65 so 100 75 50 100 75 50 

so 100 75 70 70 70 so 100 75 70 100 85 70 100 85 60 
42 100 65 so 75 60 42 100 65 42 100 65 42 100 65 50 

92 29 70 77 86 80 46 100 65 77 100 85 77 100 85 62 
100 33 60 38 92 70 0 100 60 13 100 65 13 100 65 13 

inu 1 ~:' 

DOD 

100 
100 
100 
100 
100 
100 
100 
100 
100 
100 

100 
0 

inv lap 

DOD 

100 
100 

100 
91 

100 
100 
100 
100 
100 
100 

56.2 73.6 64J(57.2 82.8 70 31.7 99.1 64 51.4 99.1 74.5 51.4 99.1 74.5 45.9 99.1 
26.39 32.4 5.8 1114.84 13.06 7.7 13.25 2.7 6.6 17.7 2.7 8.5 17.73 2.7 8.5 13.63 2.7 

61 

all 

85 

85 
90 
95 
80 
85 
95 
90 
90 

95 

96.6 
3.89 

all 

60 
80 
70 
75 
65 
75 
85 
70 
75 
65 

72 
7.1 
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7 
8 
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10 

mn 
std 

of the translation invariant networks to recogniz~ non

targeted samples is much higher than the other two networks. 

Table. 5. 9 shows the accuracy of networks trained with 

samples at a noise level of 0.7 to recognize samples without 

noise. The result is basically the same as that shown in 

Table 5.5 except that the accuracy for multi-layer perceptron 

and 2nd-order network shown in Table 5. 9 are slightly higher. 

Table 5.9. Accuracy of networks (trained with samples 
at a noise level of 0.7) in recognizing 

samples without noise 
mul p 2nd hi inv p inv lp I inv sp I inv lsp 

tar non all tar non all tar non all tar non all tar I non I all : tar non all 

33 100 70 44 100 75 100 100 100 100 100 100 100 100 100 100 100 100 
100 100 100 80 100 90 100 100 100 100 100 100 100 100 100 100 100 100 
56 100 75 73 100 85 100 100 100 100 100 100 100 100 100 100 100 100 
56 100 80 56 100 80 100 100 100 100 100 100 100 100 100 100 100 100 
40 100 70 40 100 70 100 100 100 100 100 100 100 100 100 100 100 100 
43 100 80 43 100 80 100 100 100 100 100 100 100 100 100 100 100 100 
56 100 80 67 100 85 100 100 100 100 100 100 100 100 100 100 100 100 

70 100 85 80 100 90 100 100 100 100 100 100 100 100 100 100 100 100 
50 100 85 67 100 90 100 100 100 100 100 100 100 100 100 100 100 100 

50 100 75 60 100 80 100 100 100 100 100 100 100 100 100 100 100 100 

55.4 100 81.5 61 100 82.51 1~0 I 1~0 1 1~0 II 100 

I 
100 1 1~0 II 100 

I 
100 1 1~0 II 1~0 I 100 11~0 I 17.76 0 8.9 14.2 0 0 0 0 0 0 6.4 

A comparison can be made of the accuracy figures in Table 5.9 

with that in Table 5.5, Table 5.10 with Table 5.6 Table 5.11 

with Table 5. 7, and Table 5.12 with Table 5. 8. This comparison 

shows that the accuracy figures are very close to each other. 

There is no significant change in performance when the 

networks are trained with samples of noise level at 0. 6 to the 

noise level at 0.7. The comparison also indicates that the 

accuracy for the translation invariant networks is higher when 

they are trained with noisier samples. 
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Table 5.10. Accuracy of networks (trained with sampl~s 
at a noise level of 0.7) in recognizing 

samples at a noise level of 0.6 
•ul p 2nd bi inv p inv lp inv sp inv lap 

tar non all tar non all tar non all tar non all tar non all tar 

60 60 60 60 100 80 100 100 100 100 100 100 100 100 100 100 
43 100 80 43 100 80 100 100 100 100 100 100 100 100 100 100 
82 75 80 73 100 85 91 100 95 91 100 95 91 100 95 91 
60 90 75 60 100 80 100 100 100 100 100 100 100 100 100 100 
75 92 85 63 100 85 100 100 100 100 100 100 100 100 100 100 
38 92 70 50 100 80 100 100 100 100 100 100 100 100 100 100 
63 100 85 63 100 85 100 100 100 100 100 100 100 100 100 100 
75 100 85 83 100 90 100 100 100 100 100 100 100 100 100 100 
78 91 85 66 100 85 100 100 100 100 100 100 100 100 100 100 
58 100 75 58 100 75 100 100 100 100 100 100 100 100 100 100 

63.2 90 78 61.9 100 82.5 99.1 100 99.5 99.1 100 9941J 99.1 100 99.5 99.1 
13.9 12.39 7.8 10.53 0 4.0 2.7 0 1.5 2.7 0 1.5 2.7 0 1.5 2.7 

Table 5.11. Accuracy of networks (trained with samples 
at a noise level of 0.7) in recognizing 

samples at a noise level of 0.7 

non 

100 

100 
100 

100 
100 
100 
100 

100 
100 

100 

100 
0 

mulp 2nd bi inv p inv lp I inv sp 

I 
inv lap 

tar non all tar non all tar non all tar non all tar I DOD I all tar 

100 58 75 100 75 85 100 100 100 100 100 100 100 100 100 100 
77 43 65 69 100 80 77 100 85 77 100 85 77 100 85 85 
78 73 75 56 100 80 100 100 100 100 100 100 100 100 100 89 
60 60 60 60 90 75 100 100 100 100 100 100 100 100 100 100 
89 82 85 89 91 90 78 100 90 89 100 95 89 100 95 89 
55 88 70 46 100 70 91 100 95 91 100 95 91 100 95 91 
78 91 85 78 100 90 89 100 95 89 100 95 100 100 100 89 
67 37 55 67 88 75 100 100 100 100 100 100 100 100 100 100 
17 71 55 17 86 65 83 100 95 67 100 90 83 100 95 67 
60 50 55 50 80 65 100 100 100 90 100 95 90 100 95 90 

68.1 65.3 68 63.2 91 77.5 91.8 100 96 90.3 100 95.51 /!,I 100 
1946 .. 551 

90 
21.55 17.78 11.2 22.26 8.58 8.7 9.12 0 4.9 10.49 0 4.7 0 9.26 

Table 5.12. Accuracy of networks (trained with samples 
at a noise level of 0.7) in recognizing 

samples at a noise level of 0.8 

non 

100 
100 
100 
100 

100 
100 
100 
100 

100 
100 

100 
0 

IIUl p 2nd bi inv p inv lp I inv sp 

I 
inv lap 

tar DOD all tar non all tar non all tar non all tar I non I all tar non 

77 29 60 77 57 70 100 86 95 100 86 95 100 86 95 100 100 

67 27 45 56 55 55 78 91 85 78 91 85 78 91 85 78 100 

83 25 60 67 so 60 92 100 95 92 100 95 92 100 95 92 100 

78 27 50 67 63 65 78 100 90 78 100 90 78 100 90 78 100 

55 67 60 45 78 60 82 100 90 64 100 80 82 100 90 73 100 

60 50 55 60 70 65 80 100 90 80 100 90 80 100 90 80 100 

90 10 50 80 50 65 80 80 80 70 80 75 80 100 90 70 100 

67 25 50 67 50 60 67 100 80 67 100 80 67 100 80 75 100 

85 57 75 85 71 80 92 100 95 92 100 95 85 100 90 85 100 

88 42 60 75 92 85 63 100 85 75 100 90 50 100 80 75 100 

75 35.9 56.5 67.9 63.6 66.5 81.2 95.7 88.5 79.6 95.7 87.5 79.2 97.7 88.5 80.6 100 

11.51 16.6 8.08 11.41 13.35 8.96 10.69 7.01 5.5 11.16 7.01 6.8 12.8 4.73 5.02 8.79 0 

63 

all 

100 

100 
95 

100 
100 
100 

100 
100 
100 

100 

99.5 
1.5 

all 

100 
90 

95 
100 

95 
95 

95 
100 

90 
95 

95.5 
3.5 

all 

100 

90 
95 

90 

85 

90 
85 

85 
90 

90 

90 

4.47 
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Table 5.13 to Table 5.16 below show the accuracy figures 

of the networks in recognizing samples of different noise 

level when the networks are trained with sample of noise level 

of 0.8. The performance of the translation invariant networks 

exceed that of the multi-layer perceptrons and the 2nd-order 

networks. Even when the noise level of the test samples is 

0.8, the accuracy of the translation invariant networks is 

above 80%, while the other two networks can only attain an 

accuracy of about 60%. 

Table 5.13. Accuracy of networks (trained with samples 
at a noise level of 0.8) in recognizing 

samples without noise 
11Ulp 2nd hi inv p inv lp inv ap inv lap 

tar non all tar non all tar non all tar non all tar non all tar non 

" 100 75 " 100 75 100 100 100 100 100 100 100 100 100 100 100 
70 100 85 70 100 85 100 100 100 100 100 100 100 100 100 100 100 
55 100 75 64 100 80 100 100 100 100 100 100 100 100 100 100 100 
33 100 70 33 100 70 100 100 100 100 100 100 100 100 100 100 100 
40 100 70 60 100 80 100 100 100 100 100 100 100 100 100 100 100 
43 100 80 43 100 80 100 100 100 100 100 100 100 100 100 100 100 
56 100 80 67 100 85 100 100 100 100 100 100 100 100 100 100 100 
70 100 85 80 100 90 100 100 100 100 100 100 100 100 100 100 100 
83 100 95 83 100 95 100 100 100 100 100 100 100 100 100 100 100 

all 

100 

100 
100 

100 
100 

100 
100 
100 
100 

~ 
100 75 70 100 85 100 100 100 100 100 100 100 100 100 100 100 100 

100 79 61.4 100 182.5 100 100 100 100 100 100 

I 
100 

I 
100 1 1 ~0 II 1~0 I 100 11~0 I 0 7.35 15.6 0 6~JI 0 0 0 0 0 0 0 0 0 

Table 5.14. Accuracy of networks (trained with samples 
at a noise level of 0.8) in recognizing 

samples at a noise level of 0.6 

l•a~ tar ~:np I all I 2nd hi inv p II inv lp inv ap inv lsp 

tar non all tar non I all II tar non all tar non all tar non 

1 60 70 65 60 90 75 100 100 100 100 100 100 100 100 100 100 100 

2 57 77 70 43 100 80 100 100 100 100 100 100 100 100 100 100 100 

3 64 100 80 55 100 75 91 100 95 91 100 95 91 100 95 91 100 

4 50 80 65 50 100 75 100 100 100 90 100 95 100 100 100 100 100 

5 63 67 65 63 92 80 100 100 100 100 100 100 100 100 100 100 100 

6 88 58 70 63 100 85 100 100 100 88 100 95 100 100 100 100 100 

7 50 67 60 38 100 75 100 100 100 100 100 100 100 100 100 100 100 

8 67 88 75 67 100 80 100 100 100 100 100 100 100 100 100 100 100 

9 56 73 65 56 100 80 100 100 100 100 100 100 100 100 100 100 100 

10 42 75 55 50 100 70 92 100 95 92 100 95 100 100 100 92 100 

mn 59.7 75.5 67 54.5 98.2 77.5 
1938 .. 431 1~0 I 99 ,. 96.1 100 98 

1929.-71 I 100 
1919 .. 5511938 .. 431 

100 

std 11.86 11.25 6.78 8.82 3.63 4.03 2 II 4. a1 0 2.58 0 0 

64 

all 

100 
100 

95 
100 

100 
100 

100 
100 

100 
95 

I 92 

2 I 
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Table 5.15. Accuracy of networks (trained with samples 
at a noise level of 0.8) in recognizing 

samples at a noise level of 0.7 
IIIUl p 2nd bi inv p inv lp I inv ap 

I 
inv lsp 

tar non all tar non all tar non all tar non all tar I non I all tar 

88 67 75 88 75 80 100 100 100 100 100 100 100 100 100 88 
62 71 65 54 100 70 85 100 90 85 100 90 92 100 95 77 
100 64 80 89 82 85 100 100 100 100 100 100 100 100 100 100 
30 60 45 20 90 55 90 100 95 90 100 95 90 100 95 90 
78 45 60 78 100 80 89 100 95 89 100 95 89 91 90 89 
55 " 50 18 88 so 91 100 95 91 100 95 91 88 90 91 
67 82 75 67 91 80 89 100 95 89 100 95 89 100 95 100 
33 75 50 33 75 50 92 100 95 83 100 90 92 100 95 92 
50 79 70 50 86 75 100 100 100 100 100 100 100 100 100 100 
50 60 55 60 90 75 90 90 90 90 90 90 90 90 90 100 

61.3 64.7 62.5 55.7 87.7 70 92.6 99 95.5 91.7 99 95 93.3 96.9 95 92.7 
21.4 12.3 11.6 24.58 8.26 12.5 5.14 3 3.5 5.9 3 3.87 4.5 4.78 3.87 7.11 

Table 5.16. Accuracy of networks (trained with samples 
at a noise level of 0.8) in recognizing 

samples at a noise level of 0.8 

non 

100 
100 
100 
100 
100 
78 

100 
100 
100 
100 

97.8 
6.6 

all 

95 
85 
100 
95 
95 
85 

100 
95 

100 
100 

95 
5.48 

IIIUl r II 
2nd bi inv p inv lp I inv ap 

I 
inv lap===;J 

~lalllltar all tar all tar all tar I I all tar I an H non non non non non 

77 71 75 77 7l 75 85 86 85 85 86 85 85 86 85 85 86 85 

" 55 so 22 64 45 67 82 75 67 91 80 89 82 85 67 82 75 
33 63 45 50 63 55 83 100 90 83 100 90 83 100 90 67 100 80 
67 64 65 33 82 60 78 91 85 78 100 90 78 73 75 78 82 80 

73 55 65 55 78 65 82 89 85 73 89 80 82 78 80 91 78 85 
60 50 55 60 60 60 70 90 80 80 80 80 80 90 85 80 80 80 
50 60 55 60 70 65 70 70 70 70 80 75 90 60 75 90 60 75 
67 38 55 58 75 65 83 100 90 92 88 90 100 75 90 100 88 95 

69 57 65 46 100 65 69 100 80 69 100 80 69 86 75 77 100 85 

50 75 65 38 83 68 63 83 75 88 83 85 88 75 80 75 75 75 

59 58.8 59.5 49.9 74.6 62.3 75 89.1 81.5 78.5 89.7 83.5 84.4 80.5 82 81 83 81.5 
13.5 10.0 8.5 15.0 11.3 7.66 7.6 9.07 6.34 8.14 7.55 5.02 7.84 10.38 5.57 10.06 11.1 5.9 

When the networks are trained with samples corrupted with 

noise levels of 0.9. The accuracy in recognizing new samples 

drops to about 70%. Since this accuracy is below the desired 

level, the data is only given through noise levels of 0.8. 
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5.5 Summary of Simulation 

The outputs generated in section 5.4 are summarized in 

Table 5.17·through Table 5.19 below. 

5.5.1 Detecting samples without noise 

Table 5. 17, Table 5. 18 and Table 5. 19 show the mean 

accuracy and its standard deviation for networks, trained with 

different noise levels, in recognizing targeted samples, non 

targeted samples and all the test samples without noise 

respectively. Numbers in the first column of these tables 

indicate the noise level of the training samples. For each 

i training set, the first row is the mean and the second is the 

standard deviation. 

Table 5.17. Accuracy of networks in recogn1z1ng 

mn 
0.7 

std 
mn 

0.8 
std 

samples without noise 

1 

1 

Table 5.18. Accuracy of networks in recognizing 
non-targeted samples without noise 

no1se mu p sp 
mn 1 

0.6 
std 

mn 
0.7 

std 
mn 

0.8 
std 

1 1 

1 1 
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Table 5.19. Accuracy of networks in recognizing. 

no1.se 
mn 

0.6 
std 

mn 
0.7 

std 
mn 

0.8 
std 

samples without noise 
p sp 

1 

1 1 1 

From Table 5.17 to Table 5.19 above, it can be seen that. 

the translation invariant networks make no mistakes in 

detecting samples without noise. All the networks can 

recognize non-targeted samples without noise with an accuracy 

of 100%. However, for targeted samples, both the multi-layer 

perceptron and the 2nd-order network have a recognition 

accuracy of only about 50%, which is too low to be useful. For 

this case, the performance of translation invariant networks 

exceeds the other two networks. 

5.5.2 Detecting samples with a noise level of 0.6 

Table 5 . 2 0, Table 5. 21 and Table 5 . 2 2 show the mean 

accuracy and its standard deviation for networks, trained with 

different noise levels, in recognizing targeted samples, non 

targeted samples and all the test samples with noise at level 

of 0.6 respectively. 
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Table 5.20. Accuracy of networks in recognizing. 
targeted samples with noise at level of 0.6 

mn 
0.6 

std 
mn 

0.7 
std 

mn 
0.8 

std 

Table 5.21. Accuracy of networks in recogn~z~ng 
non-targeted samples with noise at level of 0.6 

no~se mu p sp sp 
mn 1 

0.6 
std 

mn 
0.7 

std 
mn 

0.8 
std 

75. 

11. 

Table 5.22. Accuracy of networks in recogn~z~ng 
samples with noise at level of 0.6 

mn 
0.6 

std 
mn 

0.7 
std 

mn 
0.8 

std 1.5 

Table 5.21 shows that the translation invariant networks 

can classify non-targeted samples corrupted with noise levels 

of 0.6 with an accuracy of 100%. From Table 5.20, the accuracy 

of the translation invariant network in detecting targeted 

sample is shown to be over 95%. The other two networks do make 
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mistakes in recognizing non-targeted samples . . Their 

performance is very similar to recognizing samples without 

noise. 

5.5.3 Detecting samples with a noise level of 0.7 

Table 5 . 2 3, Table 5 . 2 4 and Table 5 . 2 5 show the mean 

accuracy and its standard deviation for networks, trained with 

different noise levels, in recognizing targeted samples, non 

targeted samples and all the test samples with noise at level 

of 0.7 respectively. 

Table 5.23. Accuracy of networks in recognizing 

mn 
0.6 

std 
mn 

0.7 
std 

mn 
0.8 

std 

samples with noise at level of 0.7 

Table 5.24. Accuracy of networks in recognizing 

mn 
0.6 

std 
mn 

0.7 
std 

mn 
0.8 

std 

with noise at level of 0.7 
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Table 5.25. Accuracy of networks in recognizing 
samples with noise at level of 0.7 · 

no1.se 
mn 

0.6 
std 

mn 
0.7 

std 
mn 

0.8 
std 

In recognizing targeted samples, the accuracy of the 

translation invariant networks are around 90%. But they do 

make mistakes in detecting non-targeted samples. Anyway, their 

overall accuracy in detecting samples with a noise of level 
I 

1 0.1 is still around 90% which is much better than the other 

two networks, which have an accuracy of only about 70%. It 

should be noted that the standard deviation for the multi-

layer perceptron and the 2nd-order network is quite high 

(exceeding 20%) in detecting targeted sample. Thus those two 

networks are not suitable for detecting sample corrupted with 

noise of level at 0.7. 

5.5.1 Detecting samples with a noise level of 0.8 

Table 5. 2 6, Table 5 . 2 7 and Table 5. 2 8 show the mean 

accuracy and its standard deviation for networks, trained with 

different noise levels, in recognizing targeted samples, non 

targeted samples and all the test samples with noise at level 

of 0.8 respectively. 
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Table 5.26. Accuracy of networks in recognizing. 
targeted samples with noise at level of 0.8 

no1.se 
mn 

0.6 
std 

mn 
0.7 

std 
mn 

0.8 
std 

Table 5.27. Accuracy of networks in recognizing 
non-targeted with noise at level of 0.8 

mn 
0.6 

std 
mn 

0.7 
std 

mn 
0.8 

std 1 . 11. .1 

Table 5.28. Accuracy of networks in recogn1.z1.ng 
samples with noise at level of 0.8 

mn 
0.7 

std 
mn 

0.8 
std 7. 5. 

Table 5.26 through 5.28 show that all networks trained 

with samples of noise level of 0. 6 produce a very high 

percentage of inaccuracy in detecting targeted samples. 

However, when translation invariant networks are trained with 

samples corrupted with noise level of 0.8, they can detect new 

samples with an accuracy of over 80%. It should also be noted 
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that the translation invariant networks have a much .higher 

accuracy in detecting non-targeted samples than the other two 

networks. · 

5.6 Comparing the Performance of 
the Networks 

Using Table 5.17 to Table 5.25, the accuracy performance 

of the networks can be analyzed using statistical means. The 

mean accuracy of each network can be compared by statistical 

methods to determine if a certain type of network is better 

than another in accuracy performance within a certain 

.. confidence interval. In the analysis that follows, the 

following hypothesis are going to be tested: 

H1 : ~1 > ~2 

where ~ 1 and ~2 are the mean accuracies of networks 1 and 2. 

To test the means of two sample sets, the Student's 

T-distribution can be used. The T-distribution is given by the 

expression below. 

t = 
( 5. 2) 

where x
1 

and x
2 

are the mean accuracy of the two different 

networks, N
1 

and N
2 

are the number of samples in the sample 

set, and S
1 

and S
2 

are the standard deviations of the means X1 

and x
2 

respectively. 
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In a T-distribution, a parameter called the degree of 

freedom is used before the testing of hypothesis. The degree 

of freedom of a T-distribution is N
1
+N

2
-2. From the T

distribution table, a value t, which is the area under the T-

distribution, can be found when the degree of freedom and the 

confidence interval are given. If the calculated difference of 

the mean from the statistical data is smaller than the value 

t (from T-distribution table) for a specified confidence. 

interval, the hypothesis H
0 

will not be rejected. Otherwise, 

the hypothesis H
0 

will be rejected. Because there are six 

networks, to compare any two of them from the six networks 

will be tedious (15 comparisons). So only the means of the 

multi-layer perceptron, the 2nd-order network and the 

translation invariant network with all the terms will be used 

for the comparison. Thus the following three sets of 

hypothesis will be tested: 

1) Ho • ~1 (inv lsp) = 1-12 (mul p) . 
Hl 

. 
j.ll (inv lsp) > 1-12 (mul p) • 

2) Ho • j.ll (inv lsp) = 1-12 (2nd hi) • 

Hl 
. 

j.ll (inv lsp) > 1-12 (2nd hi) . 
3) Ho • j.ll (2nd hi) = 1-12 (mul p) • 

Hl • j.ll (2nd hi) > 1-12 (mul p) • 

Table 5.29 to Table 5.31 show the t values calculated 

from the accuracy mean and its standard deviation. The 

confidence interval of 0.95 is chosen for the test (a 

significant level of 0. 05). Since each mean and standard 

73 



deviation in Table 5.17 to Table 5.28 is calculated from 10 

sets of samples, N1 and N2 are both equal to 10. Thus the 

degree of freedom is equal to 18. With the degree of freedom 

at 18 and confidence interval of 0.95, the value for rejecting 

the hypothesis is when t>1.734. 

In comparing the accuracy performance of the three 

networks, the accuracy performance is sub-divided into three 

areas : performance in detecting targeted samples, performance 

in detecting non-targeted samples and overall performance 

(detecting mixed targeted and non-targeted samples). 

The symbol 'T' and 'R' in the tables below indicate that the 

hypothesis H1 is true and rejected respectively. The symbol 

'C' means the converse of the hypothesis is true, i.e. p 2>p1 

is true. Table 5.29 shows the t values calculated for targeted 

samples. Table 5.30 shows the t values calculated for non

targeted samples. Table 5. 31 shows the t values calculated for 

the mixed samples of targeted and non-targeted samples. 
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Table 5.29 t-values for testing the targeted samples 

noise noise of inv lsp inv lsp 2nd hi 
of test training > > > 
samples sample mul p 2nd hi mul p 

0.6 11.8 T 10.26 T 1.01 R 
no 

noise 0.7 7.52 T 8.24 T 0.74 R 

0.8 9.18 T 7.42 T 0.97 R 

0.6 4.80 T 5.70 T -1.76 c 

0.6 0.7 7.61 T 10.29 T -2.24 c 
0.8 9.36 T 13.93 T -1.05 R 

0.6 1.37 R 4.23 T -2.04 c 

0.7 0.7 2.83 T 3.36 T -0.47 R 

0.8 4.18 T 4.34 T -0.52 R 
I 

0.6 -1.04 R -1.68 R 0.10 R 

0.8 0.7 1.16 R 2.64 T -1.32 R 

0.8 3.91 T 5.16 T -1.35 R 

It can be seen from the above table that when the noise 

level of the test samples is smaller than or equal to that of 

the training samples, the performance of the translation 

invariant network is better than the multi-layer perceptron 

and the 2nd-order network. Thus the accuracy of detecting 

targeted samples for the translation invariant network is 

higher than the multi-layer perceptron and the 2nd-order 

network statistically. However, the 2nd-order network does not 

perform better than the multi-layer perceptron in detecting 

targeted samples (the last column of the table) . In some 

cases, the multi-layer perceptron gives higher accuracy in 

detecting targeted samples than the 2nd-order network. 
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Table 5.30 t-values for the non-targeted samples 

noise noise of inv lsp inv lsp 2nd hi 
of test training > > > 
samples sample mul p 2nd hi mul p 

0.6 same same same 
no mean mean mean 

noise 0.7 

0.8 100% 100% 100% 

0.6 same mn=100% same mean same mn=100% 

0.6 0.7 2.42 T 
= 100% 

2.42 T 

0.8 6.50 T 1.5 R 5.74 T 

0.6 5.60 T 1.0 R 5.39 T 

0.7 0.7 5.85 T 3.14 T 3.90 T 

0.8 7.11 T 2.87 T 4.67 T 

0.6 2.35 T 3.66 T 0.79 R 

0.8 0.7 11.58 T 8.15 T 3.90 T 

0.8 4.86 T 1.59 R 3.14 T 

Under the no noise situation, all networks can recognize 

non-targeted samples with a 100% accuracy. In detecting non-

targeted samples, the translation invariant network is 

statistically more accurate than multi-layer perceptrons. 

However, it may not perform better than 2nd-order networks in 

recognizing non-targeted samples as can be seen in the 2nd 

column of Table 5.30. From the last column of the table above, 

it can be concluded that the 2nd-order network performs better 

than the multi-layer perceptron basically in detecting non-

targeted samples. 
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noise 
of test 
samples 

no 
noise 

0.6 

0.7 

0.8 

Table 5.31. t-values for mixed targeted and 
non-targeted samples 

noise of inv lsp inv lsp 
training > > 

sample mul p 2nd hi 

0.6 10.14 T 9 T 

0.7 6.24 T 8.20 T 

0.8 8.57 T 7.7 T 

2nd hi 
> 

mul p 

0.92 R 

0.27 R 

1.05 R 

0.6 5.55 T 6.28 T -1.61 R 

0.7 8.12 T 11.94 T 1.54 R 

0.8 13.54 T 14.42 T 3.99 ... T 

0.6 6.52 T 6.57 T 0.9 R 

0.7 7.0 T 5.76 T 2.01 T 

0.8 7.59 T 5.49 T 1.32 R 

0.6 2.62 T 0.57 R 1.87 T 

0.7 10.85 T 7.01 T 2. 48 ' .. T 

0.8 6.38 T 5.94 T 0.73 R 

From the above table, it can be concluded that for the 

accuracy in recognizing new samples corrupted with noise up to 

a level of 0. 8 is concerned, the accuracy in identifying 

samples for translation invariant networks is higher than 

multi-layer perceptrons and 2nd-order networks. But it is not 

justifiable in suggesting that a 2nd-order network performs 

better than a multi-layer perceptron. 

5.7 Training and Testing of Real Data 

Figure 5. 3 shows the training samples of real data 
r 

graphically. It can be seen that it is hard to classify 

samples with or without targets. By comparing Fig 5.3(h) and 
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Fig 5.3(j), it can be noticed how difficult it is to identify 

a target in a noisy sample. 

• 1:",--t-. --t-...... t:--".t:--".~.:-t:.:-':.--t,.::+ .. :+: .. :+: .. :i,-:.-4 .. -::-+ .. -:+,.::+ .. :-+:,.:+:_ ..... >:-:,:i_'::::"'_::-t .. ::-t_:::-t:_~ 

(a) (b) 

-~----------------------------------------------- . 
• 

{1. 1\ 
I \ I \ • 
I v \ . 

l v . ' . . . . . . . . .. •••• p •• d ... , ...... - •• - - .. - -

(c) (d) 

-~-------------------------------------------

e I a a ... e ,. e e 

(h) 

Figure 5.3 (a)-(h) are training samples that contain targets 
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·r--------------------------------------------
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( 0) 

Figure 5.3 (i)-(p) are non-target training samples 
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All the training was done with a 80286 machine with a 

math co-processor. Except for the translation invariant 

networks which could not converge to the desired system error 

( 0. 001), the networks were trained with the same set of 

parameters as listed below (the system error and the 

individual error for the translation invariant networks were 

set to 0.003 and 0.0003 respectively): 

Learning rate (~) : 0.100000 
Momentum rate (a) : 0.000000 
System error is set to : 0.001000 
Individual error : 0.00010 
Bias (9 ) : 1.000000 
Initial

0
weights : 0.0 

Output function : sigmoid 

For the multi-layer perceptron, the additional parameters are: 

No. of hidden layers : 1 
No. of units in the hidden layer : 10 

The following tables shows the training results. 

The data of Table 5. 32 indicates that the number of 

iterations and training time is larger and longer than the 

samples corrupted with noise to a level 0. 8. So the noise 

level of the real data may be higher than 0.8. 

Table 5.32 Training results 

No. of iterations Training time Is 

mul p 595 1269 

2nd hi 233 498 

inv p 1030 1070 

inv sp 2905 3275 
v 

inv lp 425 493 

inv lsp 1420 1774 
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It:> was found that the translation invariant networks 

could not converge to the required system error of 0.001 no 

matter how the parameters were adjusted. In a 10,000 iteration 

training phase, the system error fluctuated at first and then 

slowly converged to the lowest limit of about 0.0016 (over 

5000 iterations). Further iterations then made the system 

error rise again and this lowest limit could never be reached 

again. From the training results, it was found that the choice 

of ry is very critical for convergence. If ~ is too large, the 

total error just fluctuates and does not converge. It has been 

pointed out that small weight adjustments can give a higher 

chance of convergence [14]. However, a very smaller ~will 

make the training time impracticable long. 

The trained networks were then tested with translated 

samples. The training samples above were translated 

deliberately, with each sample rotated by 8 to 16 points. Then 

these translated samples were fed into the trained network. 

The outputs generated are shown in Table 5. 33 below. The 

symbol '<-' is used to indicate the errors made. The 

classifier value is set to 0. 5. It can be seen that the 

translation invariant networks can recognize most of the 

translated data correctly but not the multi-layer perceptron 

and the 2nd high order network. However, it seems that the 

translated invariant network with linear and product terms 

makes mistakes in recognizing the translated data. 
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Table 5.33. Result of recognizing translated dat4 

Required translated data 
Output 

inv p inv lp inv ap inv lap mul p 2nd hi 

0.900 0.903683 0.838648 0.890691 0.958254 0.001604<- 0.008853<-
0.900 0.881131 0.342927<- 0.886011 0.908289 0~008188<- 0.211116<-
0.900 0.999990 0.786286 0.999989 0.999972 0.001436<- 0.000449<-
0.900 1.000000 1.000000 1.000000 1.000000 0.001324<- 0.000021<-
0.900 0.995438 0.733443 0.995932 0.994526 0.001682<- 0.007210<-
0.900 0.899431 0.661797 0.892081 0.959936 0.001402<- 0.000560<-
0.900 1.000000 0.999990 1.000000 1.000000 0.001550<- 0.004869<-
0.900 0.903410 0.338334<- 0.909033 0.908507 0.008250<- 0.185058<-

0.100 0.000000 0.231990 0.000000 0.000000 0.001509 0.001225 
0.100 0.080214 0.171777 0.026365 0.009691 0.104592 0.232991 
0.100 0.000000 0.000037 0.000000 0.000000 0.001750 0.000001 
0.100 0.000721 0.190491 0.000282 0.000761 0.029406 0.446296 
0.100 0.038649 0.181755 0.027644 0.032202 0.021468 0.253713 
0.100 0.000000 0.406173 0.000000 0.000000 0.001598 0.002227 
0.100 0.173886 0.595015<- 0.110537 0.215364 0.059486 0.399706 
0.100 0.000000 0.994344<- 0.000000 0.000000 0.003374 0.042236 

error 0 4 0 0 8 8 

There is another set of real data supplied by the Naval 

Air development Center. This set of data (called nn002.dat) 

contains 1178 records. The pre-processing procedures may be 

different from those of the training set ( testo1) above, 

because the maximum amplitude of these samples is only about 

0.5 which is much less than that of the testo1.dat -data set 

(maximum amplitude is about 4). In this data, not all the 

records are well defined, only a very small part of the 

records (8 records) is sure to contain a target. Some of them 

are ambiguous (16 records), some of them (68 records) are sure 

to be non-targeted samples and the status of the other records 

is unknown. After the networks were trained with the training 

set above (testo1), the networks were then used to recognize 

the samples of nn002.dat. The networks were then trained with 

82 



the samples of nn002.dat. The networks were then trained with 

the samples extracted from the nn002 with known status. After 

the training, the trained networks were then used to recognize 

the other samples of nn002. Table 5.34 shows the accuracy made 

by the networks trained with different training sets in 

recognizing the samples with known status. Only the outputs 

from translation invariant networks are shown. 

at a 
Table 5. 34 Ac.cu.racy of networks in 

1 d recogn1.z1.ng rea 

inv p inv sp invlp invlsp 

testol 
'ls' 25 37.5 25 25 
'Os' 97.0 92.6 79.4 92.6 

nn002 
'ls' NA NA NA NA 
'Os' 80.9 80.9 89.7 89.7 

From the results above, the accuracy of recognition for 

the translation invariant networks is above 80%. However, the 

training samples from testol.dat (Figure 5.3) may be biased, 

since all targeted samples are located at the right hand side 

of the array. Also the number of targeted samples in nn002.dat 

is not large enough (only 8 samples) for training and testing. 

The NA (not applicable) in Table 5. 34 indicates that all 

targeted samples are used for training and no targeted samples 

can be used to test the accuracy of the networks. So the 

results above are not conclusive. More test data is needed 

before conclusive results can be drawn. 
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5.8 Simulation Summa~ 

From Table 5.3, it can be seen that the training time for 

2nd high-order network is usually short and the number of 

iterations needed is the smallest. However, from the accuracy 

tables (Table 5. 5 - Table 5.16), it can be seen that the 

perce~:tage of errors made by this kind of network .is quite 

high. So together with its high number of connections, its 

usefulness is very limited. The multi-layer perceptron takes. 

several times longer in training time than the high-order 

network. Its accuracy in recognizing noisy samples is no 

better than that of the 2nd high-order network. So it can be 

concluded that multi-layer perceptrons and 2nd high-order 

networks are not sui table for application in the area of 

target detection under a low signal-to-noise ratio condition. 

From the accuracy tables, it can been seen that the 

translation invariant networks produce the most reliable 

results among the three kinds of networks. The statistical 

analysis from Table 5.29 to Table 5.31 reflect this result. 

From the training results, it can be observed that the 

linear terms play a very significant role in training time. 

With the invariant linear term (equation 3. 8 and equation 

3. 9) , the networks cannot converge if the training samples are 

very noisy (noise level high than 0. 6) . So the modified linear 

terms (shown in Figure 4 . 4) should be used to make the 

networks converge on training with noisy samples. With the 

modified linear terms, the training time can be reduced 
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significantly. Without these terms, the network cannot . 
converge under very noisy conditions (see Table 5 . 3) . It seems 

that linear terms in translation invariant networks can 

improve the convergence and shorten the training time. 

The accuracy tables indicate that errors made by 

translation invariant networks with different terms differ 

very slightly. In addition, the square terms seems to prolong 

the training time of the network, but do not improve the. 

accuracy. It seems that the translation invariant network with 

product and linear terms is the best combination in this area 

of target detection with samples of noise levels up to 0.8. 

However, it was shown in section 5. 7 that the translation 

invariant network with linear and product terms only makes 

mistakes in recognizing translated version of the samples 

while the other translation invariant networks do not. So it 

can be concluded that the translation invariant network with 

all terms is the best network in target detection under a very 

noisy environment. 

From the output generated data, it can be seen that 

sometimes by adjusting the classification value (other than 

0.5), a higher accuracy can be achieved. However, there is no 

current method in determining this value. By looking at the 

accuracy tables, it can be further observed that all networks 

make more errors when they are used to recognize samples that 

are noisier than the training set. From the simulations above, 

it seems that if the noise level of the sample is higher than ( 
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0.6, errors in recognizing samples is inevitable. It can also 

be seen that translation invariant networks make fewer errors 

in detecting non-targeted samples than targeted sample. 

However, the error made in detecting non-targeted samples 

increases with the noise level of the test samples. 

To summarize, the translation invariant netwbrks are 

better then multi-layer perceptrons and 2nd-order networks in 

target detection under a noisy environment. These networks can · 

classify noisy samples with a high percentage of accuracy (an 

accuracy is over 90% for noise level up to 0.6 and over 80% 

1 
for noise level of 0.8). Translation invariant networks with 

I 

linear and product term have the shortest training time but 

makes mistakes in recognizing translated versions of the same 

sample set. When high accuracy and short training time are of 

concern in target detection under a very noisy environment, a 

translation invariant network with all terms is the best 

choice. 
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CHAPTER 6 

CONCLUSION 

This thesis has described a method of target detection 

using neural network technology. The objective is to detect a 

target under a very noisy environment. Several neural network 

models have been used to detect the target. These models 

include the multi-layer perceptron, the 2nd-order network, the· 

translation invariant network and its variations. The 

architecture of these neural networks has been described. The 

1 
training procedures using the least mean square algorithm have 

I 

also been described. The performance of each neural network in 

target detection is compared under different noise levels. 

Particular attention is given to the translation invariant 

networks because of the smaller number of weights required and 

higher accuracy in recognizing noisy samples. 

The least mean square algorithm is used throughout in the 

training phase of all the networks. The drawback of this 

algorithm concerns the question of whether the system might 

get trapped in some local minimum or at some stationary 

points, or perhaps oscillate without convergence. 

Some researchers have shown that the multi-layer 

perceptron does not perform as well as the high-order neural 

network in some problems. The training time is longer and the 

accuracy in recognizing new samples is lower. It has been 

shown in this thesis and other papers that the training time 
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for a high-order (2nd-order in this thesis) neural network is 

shorter than that of the multi-layer perceptron. \However, the 
l 

number of weights needed for the high-order neural network 

increases as the square of inputs. So this combinatorial 

explosion property of the high-order neural network limits its 

applications to problems of very small input size. 

To solve the problem of combinatorial explosion of 

weights in the high-order networks, invariance can be built· 

into the architecture of the high-order neural network. With 

these invariance properties, the number of weights required 

1 
can be reduced tremendously. In this thesis, only the 

I 

translation invariant properties were included in the high-

order networks. For the translation invariant networks, the 

number of weights required grows linearly with the input size. 

The translation invariant networks contain three terms: linear 

terms, square terms and 2nd-order product terms. The effects 

of these terms in the network performance have been 

investigated. The translation invariant networks that have 

been investigated include: network with 2nd-order product 

terms only, a network with linear and 2nd-order product terms, 

network with square and product terms, and a network with all 

the terms. However, with the translation invariant linear term\ 

derived mathematically, it seems that the network cannot 

converge when trained with very noisy samples. To overcome 

this problem, a modified linear term structure is proposed. 
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With some more weights (also grows linearly with the. input 

size), the network can converge most of time. 

All the networks are simulated with test samples 

generated by a computer. Simulation results show that the 2nd-

order network requires the least training tim~~ However it 
. -------------· ·-·· ...... -

makes a lot of mistakes in recognizing new samples .. Training 

time for multi-layer perceptron is several times, or sometimes ) 

over 10 times, longer than the 2nd order network. But its· 

accuracy in recognizing new samples is no better than 2nd- \ 

order network. When these networks, trained with noisy l 

, samples, are presented with samples without noise, their 
I 

accuracy in detecting targeted sample is only around 50%. In 

recognizing samples of noise level 0. 6, their accuracy is only 

around 70%. So these two networks are not very suitable in 

detecting a target in a noisy environment. However, when 

translation invariance is incorporated in the 2nd order 

network, its performance is improved significantly. When 

trained with noisy samples, it makes no mistakes in 

recognizing samples without noise. The translation invariant 

networks, trained with noisy samples (noise level of 0.8), can 

attain an accuracy above 90% and 80% in recognizing samples 

corrupted with noise level at 0. 6 and 0. 8 respectively. 

Statistically, it can be shown that the translation invariant 

networks outperform the multi-layer perceptrons and 2nd-order 

networks in recognizing noisy samples when the accuracy is 

concerned. The difference in performance of the translation 
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invariant network is small in target detection under noisy 

conditions. However, the linear term do affect the training 

time of the network. This term can shorten the training time. 

Translation invariant networks with linear and product terms 

have the shortest training time among the variations of 

translation invariant networks. However, it is the only 

translation invariant network that makes mistakes in 

recognizing translated versions of the same sample
1
set. So it 

.J 
can be concluded that translation invariant network with all 

terms is the best choice in target detection under a noisy 

environment. 

Since only a very limited amount of real data is 
-

available for training and testing,\;o conclusive result on 

real data can be made. So more real data is needed for further 

training and testing. With more real data, the performance of 

the networks can be analyzed statistically. Under that 

circumstances, conclusive results can be drawn. 
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APPENDIX A : Simulation Programs 

NN10.C 
I************** Revision 2-18-91 ********************I 
I** Program Description: 

* 

This program contains 3 networks 

1. Multi-layer Perceptron 
This program allows a user to build a generalized 
delta rule net for supervised learning. User can 
specify the number of input and output units, number 
of hidden layers and the number of units in each 
hidden layer. 

After the net is built, learning takes place in the 
net with a given set of training samples. User 
specifies values of the learning rate eta, the 
momentum rate alpha, maximum tolerance errors and 
maximum number of iterations. 

After learning, all the information relevant to the 
structure of the net, including weights and 
thresholds are stored in files. 

Outputs can be generated for new patterns by reading 
from file and by reconstructing the net. 
Training set samples and additional samples for 
processing are stored in files. 

* 2. High order neural network 
The network contains linear terms, product terms and 
square terms. 

* 3. Translational invariant network 

**I 

The network can be configured to contain : 
a) product terms only, 
b) product and square terms only 
c) linear and product terms only, and 
d) linear, square and product terms 

The trained network data is save in 
a) xx_v.dat - holds network structure data 
b) xx_w.dat - holds network weight data 
c) xx_x.dat - output generated by the trained network 

where xx is the file name of the samples 

#include <stdio.h> 
#include <math.h> 
#include <ctype.h> 
#include <graphics.h> 
#include <stdlib.h> 
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#include <string.h> 
void init(); 
void forward(int); 
void change(); 

I* define constants used throughout functions */ 

#define NMXUNIT 30 I* max no. of units in each layer 
#define NMXHLR 1 I* max no. of hidden layers 
#define NMXOATTR 2 I* max no. of output features 
#define NMXINP 300 I* max no. of input samples 

*I 
*I 
*I 
*I 

#define NMXIATTR 30 I* max no. of pts. in input sample*/ 
#define SEX IT 3 I* exit successfully *I 
#define RESTRT 2 I* restart *I 
#define FE XIT 1 I* exit in failure *I 
#define CONTNE 0 I* continue calculation *I 

I* Data base: declarations of variables */ 

float eta; I** learning rate **/ 
float alpha; /** momentum rate **/ 
float err_curr; I** normalized system error **I 
float maxe; I** max allowed system error **I 
float maxep; /** max allowed pattern error **I 
float bias; I** constant bias value **/ 
float weint; /** initial weight values as 0 or random **/ 
int yfunc; /** operation on output sum - choice of three **/ 
int ntype; /** network type - choice of three **/ 
int weights;/** number of terms for the higher order net **/ 
float *wtptr[NMXHLR+1]; 
float *outptr[NMXHLR+2]; 
float *errptr[NMXHLR+2]; 
float *delw[NMXHLR+1]; 
float target[NMXINP][NMXOATTR]; 
float input[NMXINP][NMXIATTR], ep[NMXINP]; 
float output[NMXINP][NMXOATTR]; 
int nunit[NMXHLR+2], nhlayer, ninput, ninattr, noutattr; 
int result, cnt, cnt num; 
int nsnew, nsample; -
char task name[20]; 
FILE *fp1,-*fp2, *fp3, *fopen(); 
int fplot10; /* for showing training set data */ 
unsigned int ts,tf,tl,y; /* ts=start time, tf=finish time 

* tl=loop time y=y pos on screen */ 
I* iteration at which min err occurs */ int min_iter; 

float minerr; 
int invtype; 

I* holds mininmum error *I 
I* invtype holds invariant network type : 

0 - product terms only 
1 - linear and product terms 
2 - product and square terms 
3 - linear, square, and product term *I 
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I****************** MAIN **********************************I 
main () 
{ 

char select(2], cont[lO], showgraph[2]; 
strcpy(task_name, "*********"); 

r o {clrscr(); 
printf("\n\n **Select \n\n L (earning) "); 

I printf("\n 0 (utput generation and graph display)"); 
printf("\n D (isplay sample set graphically)"); 
printf("\n\n option : "); 

0 { 
scanf("%s", select); 

l
switch(select[O]) { 

case 'o': 
case '0': 

output_generation (); 
I result=!; I* display of output *I 
I printf ( "\nSee samples graphically (yIn) ? ") ; 

scanf ("%s",showgraph); 
if(showgraph[O]=='y' :: showgraph[O]=='Y') 

graph(); 
break; 

case '1': 
case 'L': 

learning(); 
break; 

case 'd': 
case 'D': 

result=O; I* temp variable *I 
I 1

1 

I* for target display *I 

I 
strcpy(showgraph,"Y"); 

r-do{ 

I I I grddata(); I* read data for graphing *I 
graph(); I* display graph *I 

I I I printf ( "\nSee another sample set? (YIN) : "); 
I I I scanf ( "%s", showgraph) ; 

I I ~}while(showgraph[O]=='y': :showgraph[O]=='Y'); 

I I break; 

I I 
default: . I t" ") 

printf("\nanswer learn1ng output genera 1on ; 

LL} break; 

} while ((select[0]1='o')&&(select[0]1='0') 
&& (select[O]l='l')&&(select[O]l='L') 
&& (select[O]l='d')&&(select[O]l='D')); 

printf("\nDo you want to continue? "); 
scanf("%s",cont); 

} while ((cont[O]=='y') :: (cont[O]=='Y')); 
printf("\nit is all finished •• "); 
printf("\n Good bye "); 
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L_} 

/******************* main body of learning *****************/ 

learning() 
{ 

int result; 

user_session(); 
set_up(); 
init (); 

Co { initwt(); 
result= rumelhart(O,ninput); 

} while (result== RESTRT); 

[

if (result== FEXIT){ 
printf("\n Max number of iterations reached,"); 
printf("\n but failed to decrese system"); 
printf("\n error sufficiently"); 

} 

} 

dwrite(task name); 
wtwrite(task_name); 

/************* initialize weights with random 
numbers between -0.5 and +0.5 ******************/ 

initwt () 
{ 

} 

int i,j; 

if (ntypel=O) { 

[

for (j=O; j<weights*nunit[1]; j++) { 
*(wtptr(O]+j) =· weint*(rand()/pow(2.0,15.0) - 0.5); 
*(delw[O] + j) = 0.0; 

} 
} 

l
else { 
r--for (j = 0; j < nhlayer + 1; j++){ 
1 . r--for (i=O; i < (nunit[j] + 1) * nunit[j+1]; i++) { 

I I I *(wtptr(j]+i) = weint*(rand()/pow(2.0,15.0)- 0.5); 
l__l__~}*(delw[j) + i) = 0.0; 

} 
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learnscr() 
{ 

char netype[20],ofn[20]; 
char invmsg[25]; 

clrscr (); 

I* ofn - output funtion name *I 
I* invariant net type message *I 

if (ntype == 0) strcpy(netype,"Back Propagation"); 
if (ntype == 1) strcpy(netype,"High Order"); 

l
if (ntype == 2){ 

strcpy(netype,"Invariant"); 
if (invtype == 0) strcpy(invmsg,"product terms only"); 

I if ( invtype == 1) strcpy ( invmsg, "linear & product terms") ; 
if ( invtype == 2) strcpy ( invmsg, "square & product terms") ; 

I 
if (invtype == 3) strcpy(invmsg,"lin, sq. & product 

terms"); 
I printf ( "\t Learning with invariant network ( %s) ", invmsg); 
L_} 

else printf("\t Learning with %s network",netype); 

printf( "\n\n Sample file name 
printf("\n No. of points in input samples 
printf("\n No. of output units 

%s ",task_name); 
: %d",ninattr); 

: %d",noutattr); 
: %d",ninput); printf("\n No. of input sample set 

printf("\n\n Learning rate 
printf("\n Momentum rate 
printf("\n System error is set to 
printf("\n Individual error 
printf("\n Bias 

: %f",eta); 
: %f",alpha); 
: %f",maxe); 
: % f " , maxep ) ; 
: %f\n",bias); 

if (weint==O) printf(" Initial 
else printf(" Initial weights : 

weights : 0.0"); 
random"); 

if (yfunc==O) strcpy(ofn,"sgn"); 
if (yfunc==l) strcpy(ofn,"tanh"); 
if (yfunc==2) strcpy(ofn,"sigmoid"); 
printf("\n Output function: %s \n",ofn); 

[

if (ntype == 0) { 
printf("\n No. of hidden layers : %d",nhlayer); 
printf("\n No. of units in the hidden layer: 

%d\n",nunit[l]); 
} 

} 

ts=time (); 
cnt=O; 
err curr=O.O; 
minerr=l; 
printf("\n Iteration : %d error : %f min. err : %f 

time : %d",cnt,err_curr,minerr,tl); 
y=wherey ( ) ; 
printf("\n Min. error occurs at iteration: "); 
printf("\n No. of iterations set : %d Processing, 

waitl",cnt_num); 
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set up() 
{ 

/************* specify architecture of net and 
values of learning parameters ****************/ 

int i; 
char ans[2]; 

eta = 0.9; 
printf("Learning rate eta (default= 0.9)?: "); 
scanf("%f",&eta); 

alpha = 0.7; 
printf("Momentum rate alpha (default= 0.7)?: "); 
scanf("%f",&alpha); 

maxe = 0.001; maxep = 0.0001; 
printf("\nMax total error (default= 0.001)?: "); 
scanf("%f",&maxe); 
printf("Max individual error (default= 0.0001)?: "); 
scanf("%f",&maxep); 

cnt num = 1000; 
printf("Max number of iterations (default= 1000)?: "); 
scanf("%d", &cnt_num); 

printf("Bias value (1 or 0)?: "); 
scanf("%f", &bias); 

weint=O; 
printf("Initial weights (0 or 1 for random)?: "); 
scanf("%f", &weint); 

printf("Output fn y = f(x),Sgn() = 0 Tanh()= 1 Sigmoid() 
= 2"); 

printf(" Function type?: "); 
scanf("%d", &yfunc); 

printf("net type : Standard= 0 Higher order= 1 Invariant 
= 2"); 

printf(" Network type?: "); 
scanf("%d", &ntype); 

if (ntype ==2){ 

} 

printf("\nProduct terms only= 0 
terms = 1"); 

printf("\nProduct and square= 2 
terms = 3"); 

printf("\n option (0/1/2/3): "); 
scanf ("%d",&invtype); 
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if (ntype==O) { 
printf("Number of hidden layers (max. 1) ? : "); 
scanf ( "%d", &nhlayer) ; 

[

for (i=O; i<nhlayer; i++) { 

} 

printf("Number of units for hidden layer %d?: ",i+1); 
scanf("%d",&nunit[i+1]); 

} 

[
else { 

nhlayer = 0; 
} 

} 

printf("Create error file? If so type 1, or type 0 : "); 
scanf("%d",&fplot10); 
nunit[nhlayer+1] = noutattr; 
nunit(O] = ninattr; 
learnscr(); 

/************* read file for net architecture and 
learning parameters. File name has 
suffice v.dat ********************/ 

dread (taskname) 
char *taskname; 
{ 

int i,c; 
char var_file_name[20]; 

strcpy(var_file_name, taskname); 
strcat(var_file_name, "_v.dat"); 

[

if(( fp1 = fopen(var_file_name,"r"))==NULL){ 
perror("\n Cannot open data file"); 
exit(O); 

} . 
fscanf(fp1,"%d%d%d%f%f%d%d",&n1nput,&noutattr, 

&ninattr,&eta,&alpha,&nhlayer,&cnt_num); 

fscanf(fp1,"%d%d%d%f%f%f%f%f%d",&ntype, 
&invtype,&yfunc,&bias, 

&weint, &maxe,&maxep,minerr,min_iter); 

for (i=O; i<nhlayer+2; i++) 
fscanf(fp1,"%d",&nunit[i]); 

rewind(fp1); 

if ( ( c=fclose ( fp1) ) 1 = 0) 
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L print£ ( "\nFile cannot be closed in dread %d" 1 c) ; 
} 

/********************* read file containing weights 
and thresholds. File name has 
suffix _w .dat ****** ***** **** *************I 

wtread(taskname) 
char *taskname; 
{ 

int i 1 j; 
char wt_file_name[20]; 

strcpy(wt_file_name 1 taskname); 
strcat(wt_file_name 1 "_w.dat"); 

[

if ((fp2 = fopen(wt_file_name 1 "r")) ==NULL){ 
perror("\n Cannot open data file"); 
exit(O); 

} 

r--if (ntype!=O) { 
I /* values for n and i provide for single weights on product 

terms 

} 

i.e. only off diagonal elements on one side of diagonal of 

} 

product weight matrix */ 

(j=O; j<weights*nunit[l]; j++) { 
fscanf(fp2 1 "%f" 1 &*(wtptr[O] +j)); 

else { 

(i=O; i<nhlayer+l; i++) { 
for (j=O; j<(nunit [i]+l)*nunit[i+l]; j++) 

fscanf(fp2 1 "%f" 1 &*(wtptr[i]+j)); 

rewind(fp2); 

if ( (£close ( fp2) ) 1 = 0) 
printf("\nFile can't be closed in wtread for 

%s" wt file name); 
I - -
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/*************** create file for net architecture and learning 
parameters. File name has suffice v.dat **********************/ 

dwrite(taskname) 
char *taskname; 
{ 

int i, j; 
char var_file_name[20]; 

strcpy(var_file_name,taskname); 
strcat(var_file_name, "_v.dat"); 

[

if ((fpl = fopen(var_file_name,"w+")) --NULL){ 
perror("Cannot open data file"); 
exit(O); 

} 
fprintf(fpl,"%u %u %u %f %f %u %u\n",ninput,noutattr, 

ninattr,eta,alpha,nhlayer,cnt_num); 

fprintf(fpl,"%u %u %u %f %f %f %f %f 
%u\n",ntype,invtype,yfunc, 
bias,weint,maxe,maxep,minerr,min_iter); 

for (i=O; i<nhlayer+2; i++) 
fprintf(fpl,"%d ",nunit[i]); 

fprintf(fpl,"\n%d %f", cnt,err_curr); 
fprintf(fpl,"\n"); 

[

for (i=O; i<ninput; i++){ 
for (j=O; j<noutattr; j++) 

fprintf(fpl,"%f ",output[i][j]); 
fprintf(fpl,"\n"); 

} 
rewind ( fpl) ; 

if ( ( fclose ( fpl) ) 1 = 0) 
printf("\nFile cannot be closed %s",var_file_name); 

} 

/********* create file for saving weights and thresholds learned 
from training. File name has suffix w.dat ******************/ 

wtwrite(taskname) 
char *taskname; 
{ 

int i, j, k; 
char wt file name[20]; 
strcpy(wt_file_name,taskname); 
strcat(wt_file_name, "_w.dat"); 

r-if ((fp2 = fopen(wt_file_name,"w+")) --NULL){ 
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} 

} 

perror("Cannot open data file")~ 
exit(O)~ 

0~ 
(ntypel=O) { 
for. (j=O; j<weights*nunit[l]~ j++) { 

[
~f(k == 8) { 

k = 0~ 

} 

fprintf(fp2, "\n")~ 
} 
fprintf(fp2,"%f ", *(wtptr[O] +j))~ 
k++~ 

else { 

} 

for (i=O~i<nhlayer + 1; i++){ 
for (j=O~ j<(nunit[i] +l) * nunit[i+l]~ j++) { 

} 
} 

[

if(k == 8) { 
k = 0~ 
fprintf(fp2, "\n")~ 

} 
fprintf(fp2,"%f ", *(wtptr[i] +j))~ 
k++~ 

fprintf(fp2, "\n")~ 
rewind(fp2)~ 
if ( ( fclose ( fp2) ) 1 = 0) 

printf("\nFile cannot be closed %s ", wt_file_name); 
else 

printf("\nFiles written")~ 

/******************* several conditions are checked 
to see whether learning should terminate ******/ 

int introspective (nfrom,nto) 
int nfrom~ 
int nto~ 
{ 

int i,flag~ 
I* reached max. iteration ? *I 

if (cnt>=cnt num) return(FEXIT); 
/*-error for each pattern small enough ? *I 

nsnew = 0~ 
flag = 1~ 

[

for (i=nfrom~ (i<nto) && (flag==!)~ i++) { 
if (ep[i]<=maxep) nsnew++~ 
else flag = 0~ 

} 
if (flag-- 1) return(SEXIT)~ 

I* system total error small enough ? *I 
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if (err_curr<=maxe) return(SEXIT); 
return(CONTNE); 

/**************** threshold is treated as weight of link 
from a virtual node whose output value is unity *****************/ 

int rumelhart(from_snum,to_snum) 
int from_snum; 
int to snum; 
{ 

int i,j,k,m,index; 
char *err_file = "criter.dat"; 

cnt = 0; 
result = CONTNE; 

if (fplotlO==l){ 

} 

[

if ((fp3=fopen(err_file,"w+")) ==NULL){ 
perror("Cannot open error file"); 
exit(O); 

} 

~0 

{ err_curr = 0.0; 

I r-for(i=from_snum; i<to_snum; i++) { /*for each pattern */ 

forward(i); /*bottom up calculation*/ 
change(i); 

} 

I* common program error evaluation *I 

ep[i] = 0.0; 

[

for (m=O; m<nunit[nhlayer+l]; m++) { 
ep[i] += fabs(target[i](m] -

(*(outptr[nhlayer+l]+m))); 
} 
err_curr += ep[i] * ep[i]; 

I* normalized system error *I 

err curr = 0.5 * err curr/ninput; 
gotoxy ( 2 8 , y) ; -
printf("%f",err_curr); 
if (err curr < minerr){ 

minerr = err curr; 
min iter=cntT 
gotoxy(S2,y); 
printf("%f",minerr); 
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gotoxy(35,y+1); 
printf("%d",min_iter); 

I* save errors in file to draw the system error with plot10 *I 

if (fplot10==1) 
fprintf(fp3,"%1d,%2.9f\n",cnt,err curr); 

cnt++; -
gotoxy ( 14 , y) ; 
printf("%d",cnt); 
gotoxy ( 7 1 , y) ; 
tl=time()-ts; 
printf("%ds",tl); 

I* check condition for terminating learning *I 

result= introspective(from snum,to snum); 
} while (result== CONTNE); - -

I* update output with changed weights *I 

for (i=from_snum; i<to_snum; i++) forward (i); 

gotoxy ( 1 , y+ 2 ) ; 
printf(" 
getch (); 

press any key to display results 

for (i=O; i<nhlayer+1; i++) { 
index = 0; 
for (j=O; j<nunit[i+1]; j++) { 

printf("\nWeights between unit %d of layer 
%d",j,i+1); 

printf(" and units of layer %d\n",i); 
for (k=O; k<nunit[i]; k++) 

II ) ; 

'L'L} 
printf(" %f",*(wtptr[i]+ index++)); 

printf("\n Thershold of unit %d of layer %d 
j, i+l, *(wtptr[i] +index++)); 

is %f", 

} 
for (i=O; i<ninput; i++) 
for (j=O; j<noutattr; j++) 

printf("\n sample %d output %d = %f target %d = %f", 
i,j,output[i][j],j,target[i][j]); 

printf("\n\nTotal number of iteration is %d",cnt); 
printf("\nNormalized system error is %f\n",err_curr); 

[

if (fplot10==1) { 
rewind(fp3); 
if ((fclose(fp3)) 1= 0) 

printf("\nFile cannot be closed %s ", err_file); 
} 
return(result); 
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{ 

/********************** read in the input data file specified 
by user during the interactive session ****************/ 

user_session() 

int i, j, c, showdata; 
char fnam[20], dtype[20]; 

clrscr (); 
printf("\nStart of learning session\n"); 

I* for task with name task_name, input data file of the task 
is automatically set to be task_name.dat by the program */ 

printf("\nEnter the task name (without extension) : "); 
scanf("%s", task_name); 

printf("No. of features in input pattern (max. %d) : ", 
NMXIATTR); 

scanf("%d",&ninattr); 

printf("No. of output units (max. %d) : ",NMXOATTR); 
scanf("%d", &noutattr); 

printf ("Total number of input samples (max. %d) : ", NMXINP) ; 
scanf("%d",&ninput); 

strcpy(fnam, task_name); 
strcat ( fnam, ". dat") ; 

[
if (( fpl = fopen(fnam,"r"))==NULL){ 

printf("\nFile %s does not exist",fnam); 
} 
printf("\nDo you want to look at data just read?"); 
printf(" Answer yes or no : "); 
scanf("%s",dtype); 
showdata = ((dtype[O] == 'y') I I (dtype[O] == 'Y')); 
for (i=O; i<ninput; i++) { 

[

for (j=O; j<ninattr; j++) { 
fscanf(fpl,"%f",&input[i][j]); 
if (showdata) printf("%f ",input[i][j]); 

} [for 
} 

} 
rewind(fpl); 

(j=O; j<noutattr; j++) { 
fscanf(fpl,"%f",&target[i][j]); 
if (showdata) printf("%f\n",target[i][j]); 
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L[if ((c=fclose(fpl)) 1= 0){ 
pr~ntf("\nFile cannot be closed in user_session %d",c); 
exl.t(O); 

} 
} 

I************* main body of output generation **************I 
output_generation() 
{ 

char ans[lO], char dfile[20], out file name[20]; 
int i, m, c; - -

I* If task is already in the memory, data files for task do not 
need to be read in. But, if ti is a new task, data files 
should be read in to reconstruct the net *I 
printf("\nGeneration of outputs for a new pattern"); 
printf("\n\t Present task name is %s", task name); 
printf("\n\t Work on a different task? "); 
printf("\n\t Answer yes or no: "); 
scanf("%s", ans); 
if ((ans[O]=='y') :: (ans[O]=='Y')){ 

printf("\n\t Type the task name (without extension) : "); 
scanf("%s" task name)• ' - ' dread(task_name); 
init (); 
wtread(task_name); 

} 
strcpy(out_file_name,task_name); 
strcat(out_file_name, "_x.dat"); . 

I* input data for output generat1.on are created *I 
printf("\nFile name for patterns to be processed (without 

extension) : "); 
scanf("%s",dfile); 
strcat(dfile, ".dat"); 

[

if ((fpl=fopen(dfile,"r"))==NULL){ 
perror("Cannot open dfile"); 
exit(O); 

} . d printf("\No. of pat. for process1.ng (max. % ) :",NMXINP); 
scanf("%d", &nsample); 
printf("\nProcessing, please wait 1"); 

[

if ( (fp3 = fopen(out_file_name, "w+")) == NULL) { 
perror("Cannot open data file"); 
exit(O); 

} 
fprintf(fp3,"\n sample output "); 
for (i=O; i<nsample; i++) { 

for (m=O; m<ninattr; m++) 
fscanf(fpl,"%f",&input[i][m]); 
I* output generation calculation starts *I 

forward(i); 
for (m=O; m<noutattr; m++) 

fprintf(fp3,"\n %d %f", i, output[i][m]); 
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L__} 

if ( (c=fclose(fp1)) 1= 0) 
printf("\nFile cannot be closed in out_generation %d",c); 

if ( (£close ( fp3) ) 1 = 0) 
printf("\nFile cannot be closed %s ", out_file_name); 

} 
graph () 
{ 

I* This program is used to show the graph of the samples 
of training set or test set 

*I 

The graph is scaled automatically 
Only EGA and VGA mode can be used 

int driver,mode,sno,scan; 
int i,hpix, vpix, orgx, orgy, xintv, yintv,mb,x1,x2,y1,y2; 
float ymax; 
char gs[3],exit[2]; 

I* nsample - no. of samples in *I 
I* the sample file. *I 
I* ninattr - no. of points in each sample *I 
I* sno - sample no. *I 

I* orgx - x position of orgin 
orgy - y position of orgin 
xintv - no. of pixels for 1 unit in x-axis 
yintv - no. of pixels for 1 unit in y-axis 
mb - no. of pixels of x-axis from bottom of screen 
x1, y1- x and y coordinate of the point 1 for graphing 
x2, y2- x and y coordinate of the point 2 for graphing 
scan -hold scan£() condition, 0 for read int fail 
gs - grid scale (hold no. on the axis) 
exit - hold exit condition 

*I 

driver = DETECT; 
initgraph(&driver,&mode,""); 
mode= getgraphmode(); 

mode = EGA; 
vpix = 349; I* no. of pixels vertically 
hpix = 639; I* no. of pixels horizontally 
orgx = 20; I* x-coordinate of 
mb = 35; I* margin bottom 

I* VGA mode 
driver = VGA; 
mode = VGAHI; 
closegraph ( ) ; 
initgraph(&driver,&mode,""); 
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vpix = 479; 
hpix = 639; 
orgx = 20; 
mb = 50; *I 

orgy = vpix - mb; I* y-coordinate of origin *I 
o{ 
gotoxy(S,25); 
printf("Display graph of sample no. (0-%d) , E to exit :" 

,nsample-1); 
scan= scanf ("%d",&sno); 
if (scanl=1) scanf("%s",exit); 
cleardevice(); 

setcolor(63); 
line(orgx, orgy, hpix, orgy); 
line(orgx, orgy, orgx, 0); 

I* white *I 

I* calculate horizontal distance between sample points *I 

xintv = (float) ((hpix-orgx) I (ninattr)); 

I* calculate vertical scale *I 
ymax = 0; 
for (i=O; i<ninattr; i++) 

if (input[sno][i] > ymax) ymax = input[sno][i]; 
if (ymax < 0.5) yintv = 280; 
else yintv = (float) ((vpix-mb) I (ymax+O.S)); 

I* draw y grid *I 

for (i=O; i*yintv<orgy; i++){ 

} 

y1 = (float) (orgy- i*yintv); 
line(orgx, y1, hpix, y1); 
itoa(i,gs,10); 
outtextxy(orgx-1S,y1,gs); 

I* draw x grid **/ 

[

for (i=O; i<=ninattr; i++){ 
line(orgx+i*xintv, orgy+S, orgx+i*xintv, orgy-5); 
itoa(i+1, gs, 10); 
outtextxy(orgx+i*xintv, orgy+15, gs); 

} 
I* draw graph *I 

setcolor(62); I* yellow *I 

'

for (i=O; i<ninattr; i++){ 
y1 =orgy- input[sno][i]*yintv; 
x1 = (float) (orgx + xintv*i); 

r--if (i 1= ninattr-1){ 
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y2 = (float) (orgy- input[sno][i+l]*yintv); 
x2 = (float) orgx + xintv*(i+l); 
line(xl,yl,x2,y2); 

gotoxy(lO,l); 
if (result==l) 

printf( 11 Graph of sample %d network 
%f 11 ,sno,output[sno](O]); 

output = 

else { 

[if 
} 

(target(sno][0]==-999) { 
printf( 11 Graph of sample %d without target 11 ,sno); 

} 

} 

else printf( 11 Graph of sample %d Target = 
%f 11 ,sno,target[sno](O]); 

}while(toupper(exit[O]) 1= 1 E 1
); 

closegraph(); 

grddata () 
{ 

I* read data for graph display *I 

char tar(2],filename(l5]; 
int i,j; 

clrscr (); 
printf( 11 \n Graphical Presentation of Data\n\n 11 )i 
printf( 11 \ninput file name for data graphing (without 

extension) : 11
); 

scanf ( 11 %S 11 ,&filename); 
strcat(filename, 11 .dat 11 )i 

printf( 11 \n\nNo. of samples 
scanf ( 11 %d 11

1 &nsample); 
printf( 11 \nNo. of points in 
scanf ( 11 %d 11

1 &ninattr); 
printf( 11 \nDoes the samples 
scanf ( 11 %S 11

1 &tar); 

• II ) • . ' 
sample vectors : 11

); 

contain targets ? (yin) 

[

if(( fpl = fopen(filename, 11 r 11 ))==NULL){ 
perror( 11 \n Cannot open data file 11

); 

exit(O); 
} 

I* read data into the array *I 
for (i=O; i<nsample; i++){ 

for (j=O; j<ninattr; j++) 
fscanf(fpl, 11 %f 11 ,&input[i][j]); 

if (tar [ 0 ] == 1 Y 1 I I tar [ 0 ] == 1 y 1 
) 

fscanf(fpl, 11 %f 11
, &target[i][O]); 
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I l__ else target[i][0]•-999; 

l ~ewind ( fpl) ; 
} 

I* Learn10.c 
neural network learning subroutine */ 

#include <alloc.h> 
#include <math.h>; 

I* for declaration of calloc() on PC *I 

I* define constants used throughout functions */ 

NMXUNIT 30 I* max no. of units in each layer *I 
NMXHLR 1 I* max no. of hidden layers *I 
NMXOATTR 2 I* max no. of output features *I 
NMXINP 300 I* max no. of input samples set *I 

#define 
#define 
#define 
#define 
I define NMXIATTR 30 I* max no. of pts. in input sample*/ 

extern 
extern 
extern 
extern 
extern 
extern 
extern 
extern 
extern 
extern 

int nhlayer, ntype, yfunc, weights, invtype; 
int nunit[NMXHLR+2], ninput, ninattr, noutattr; 
float eta, alpha, bias; 
float *wtptr[NMXHLR+1]; 
float *outptr[NMXHLR+2]; 
float *errptr[NMXHLR+2]; 
float *delw[NMXHLR+1]; 
float target[NMXINP][NMXOATTR]; 
float input[NMXINP][NMXIATTR]; 
float output[NMXINP][NMXOATTR]; 

/******** allocate dynamic storage for the net *********/ 

init () 
{ 

int len1, len2, i,n; 
float *p1, *p2, *p3, *p4; 

len1 = len2 = 0; 
nunit[nhlayer+2] = 0; 

I* ntype 1= 0 corresponds to a higher order, invariant net *I 
I* this requires w(i,j,k) weights where i= I of outputs and 

j and k vary over the number of inputs; includes squared 
terms linear terms and a constant bias term */ 

r--if (ntype==1) { 
I weights= ((nunit[0]+1)*nunit[0]/2+nunit[0]+1)*noutattr; 
L_} 

r--if (ntype==2) { 
1 if (invtype == 0 ) weights = nunit[O]*noutattr; 
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} 

if (invtype -- 1 weights = (2*nunit[O])* 
noutattr; 

if (invtype -- 2 weights = (nunit[0]+1)* 
noutattr; 

if (invtype -- 3 weights = (2*nunit[0]+1)* 
noutattr; 

} 
if (ntypel=O) { 

} 

len1 = weights*nunit[1]; 

[
for (i=O; i<(nhlayer+2); i++) { 

len2 += nunit[i] + 1; 
} 

else { 

[

for (i=O; i<(nhlayer+2); i++) { 
len1 += (nunit[i] + 1) * nunit[i+1]; 
len2 += nunit[i] + 1; 

} 
} 
p1=(float *) calloc(len1+1,sizeof(float)); 
p2=(float *) calloc(len2+1,sizeof(float)); 
p3=(float *) calloc(len2+1,sizeof(float)); 
p4=(float *) calloc(len1+1,sizeof(float)); 

I* weights *I 
I* output *I 
I* error *I 
I* delw *I 

I* set up initial pointers *I 
wtptr[O] = p1; 
outptr[O] = p2; 
errptr[O] = p3; 
delw[O] = p4; 

I* set up rest of pointers *I 

[

for (i=1 ; i < (nhlayer + 1) ; i++) { 
wtptr[i] = wtptr[i-1] + nunit[i] * (nunit[i-1] 
delw[i] = delw[i-1] + nunit[i] * (nunit[i-1] + 

} 
(i=1; i<(nhlayer+2); i++) { 
outptr[i] = outptr[i-1] + nunit[i-1] + 1; 
errptr[i] = errptr[i-1] + nunit[i-1] + 1; 

+ 1); 
1) ; 

I* set up thershold outputs (bias values) *I 

for (i=O; i<nhlayer+1; i++) 
*(outptr[i] + nunit[i]) =bias; 
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I******************* bottom up calculation 
of net for input pattern i ******************I 

void forward(i) 
{ 

int m, n, p, 1, offset; 
float net, net1; 

I* input level output calculation *I 
for (m=O; m<ninattr; m++) 

*(outptr[O]+m) = input[i][m]; 
I* hidden & output layer output calculation *I 

offset = -1; I* for higher order net *I 
for (m=1; m<nhlayer+2; m++) { 

for (n=O; n<nunit[m]; n++) { 

I I II 

net = 0.0; 
for (p=O; p<nunit[m-1]+1; p++) { 

I* ntypel=O corresponds to higher order net *I 
if (ntype==1) { 

} 

I** higher order network **I 
if (p==O) { 

[

for (1=0; l<nunit[0]+1; 1++) { 
offset += +1; 
net+= *(wtptr(O]+offset)*(*(outptr[O]+l)); 

} 
} 
net1=0.0; 
if (p<nunit[O]){ 

[

for (1=0; l<=p; 1++){ 
offset += + 1; 
net1 += *(wtptr[O]+offset)*(*(outptr[O]+p)) 

*(*(outptr[O]+l)); 
} 
net += net1; 

} 

I** translational invariant net **I 
if (ntype==2) { 

if (invtype == 0){ I* product terms only *I 

[

if (p==O) { I* threshold *I 
offset++; 
net +=*(outptr[O]+nunit[O])* 

(*(wtptr[O]+offset)); 
} 

I* product terms only *I 
if (pl=O && p<nunit[O]) { 

net1 = 0.0; 
r--for (l=p; l<nunit[O]; 1++) { 

~~~:--~~~:;~+;7~:~~::::::~::::::::::tptr[O]+l)); 
} 
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I II 

I I II 

I I II 

I I II 

I I II 

r--if ~invtype == l){ I* linear & product terms *I 
I r--~f (p==O) { I* linear terms & threshold *I 

} 

[

for (1=0; l<nunit[O]+l; 1++){ 
offset++; 
net += *(outptr[O]+l)* 

(*(wtptr[O]+offset)); 
} 

I* product terms only *I 

l
if (pl=O && p<nunit[O]) { 

netl = 0.0; 
r--for (l=p; l<nunit[O]; 1++) { 

~~~:--~~~:;~+;(~:;~:::~::::::::~::::tptr[O]+l)); 
} 

r--if (invtype == 2){ I* square and product terms *I 

[

if (p==O) { I* threshold *I 
offset++; 
net+= *(outptr[O]+nunit[O])* 

(*(wtptr[O]+offset)); 
} 

I* square and product terms only *I 

l
if (p<nunit[O]) { 

netl = 0.0; 
r--for (l=p; l<nunit[O]; l++) { 

~~~:--~~~:;~+;(~:;~:::~::::::::~::::tptr[O]+l)); 
} 
if (invtype == 3){ 

if (p==O) { I* linear terms & threshold *I 
r--for (1=0; l<nunit[O]+l; l++){ 
1 offset++; 

I I I net+= *(outptr[O]+l)*(*(wtptr[O]+offset)); L L_} 
} 

I* product and square terms *I 

I I II I 
l

if (p<nunit[O]) { 
netl = 0.0; 

r--for (l=p; l<nunit[O]; l++) { 

I~L--~~~:;~+;,:;:;~:::::::::::~:::::tptr[OJ+l)); 

} 

} 
} 
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} 

} 

I* regular hidden layer type net here */ 

(ntype==O) { 
offset = (nunit[m-1]+1) * n + p; 
net += *(wtptr[m-1]+offset) 

*(*(outptr[m-1]+p)); 

if (yfunc==O) { 
if (net>=O.O) 

*(outptr[m]+n) = 1.0; 
else 

*(outptr[m]+n) = -1.0; 
} 

if (yfunc==1) 
*(outptr[m]+n) = tanh(net); 

if (yfunc==2) 
*(outptr[m]+n) = 1.0/(1.0+exp(-net)); 

} 

for (n=O; n<nunit[nhlayer+1]; n++) 
output[i][n] = *(outptr[nhlayer+1]+n); 

/**************** error, delta weights and new weights 
for higher order net*********************/ 

int change(i) 
{ 

int l,m,n,p,offset; 
float out, err1; 
I** general higher order rietwork **/ 
if (ntype==1) { 

offset = -1; 
for (m=O; m<nunit[1]; m++) { 

out= *(outptr[nhlayer+1]+m); 
if (yfunc==O) 

*(errptr[nhlayer+1]+m) = target[i][m]-out; 
if (yfunc==1) 

*(errptr[nhlayer+1]+m) = (target[i][m]-out) 
* 1/(cosh(out)*cosh(out)); 

if (yfunc==2) 
*(errptr[nhlayer+1]+m) = (target[i)[m)-out) 

*(1-out)*out; 
r--for(l=O; l<nunit[0]+1; 1++){ /*linear & threshold*/ 

L 
offset += +1; 

} 

*(delw[O]+offset) = eta*(*(errptr[1]+m)) 
*(*(outptr[O]+l))+(*(delw[O]+offset))*alpha; 
*(wtptr[O]+offset) += *(delw[O]+offset); 
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} 

r--for(p=O; p<nunit[O]; p++) { /*product and square */ 

'

for (1=0; l<=p; 1++) { 

} 

offset += + 1; 
*(delw[O]+offset)=eta*(*(errptr[1]+m)) 

I I *(*(outptr[O]+p))*(*(outptr[O]+l)) 

L L +(*(delw[O]+offset))*alpha; 
} *(wtptr[O]+offset) += *(delw[O]+offset); 

} 

I** translation invariant net **/ 

if (ntype==2) { 
offset = -1; 
for (m=O; m<nunit[1]; m++) { 

out= *(outptr[nhlayer+1]+m); 
if (yfunc==O) 

*(errptr[nhlayer+1]+m) = target[i][m]-out; 
if (yfunc==1) 

*(errptr[nhlayer+1]+m) = (target[i][m]-out) 
* 1/(cosh(out)*cosh(out)); 

if (yfunc==2) 
*(errptr[nhlayer+1]+m) = (target[i][m]-out) 

*(1-out)*out; 

'

if (invtype == 0){ 
offset++; 
*(delw[O]+offset) = eta*(*(errptr[1]+m))*( 

(outptr[O]+nunit[O]))+(*(delw[O]+offset))*alpha; 

} 

*(wtptr[O]+offset) += *(delw[O]+offset); 

for (p=1; p<nunit[O]; p++) { 
err1 = 0.0; 

[

for (l=p; l<nunit[O]; 1++) { 
err1 += (*(outptr[O]+l-p))* 

(*(outptr[O]+l)); 
} 

} 

offset += + 1; 
*(delw[O]+offset)=eta*(*(errptr(1]+m))*err1 

+(*(delw[O]+offset))*alpha; 
*(wtptr[O]+offset) += *(delw[O]+offset); 

if (invtype == 1){ 
for (1=0; l<nunit[0]+1; 1++){ 

offset++; 

} 

*(delw[O]+offset) = eta*(*(errptr[1]+m)) 
*(*(outptr[O]+l))+(*(delw[O]+offset))*alpha; 
*(wtptr[O]+offset) += *(delw[O]+offset); 
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} 
} 

l
for (p=1; p<nunit[O]; p++) { 

err1 = 0.0; 
r--for (l=p; l<nunit[O]; 1++) { I I err1 += (*(outptr[O]+l-p))*(*(outptr[O]+l)); 
L_} 

} 
} 

offset += + 1; 
*(delw[O]+offset)=eta*(*(errptr[1]+m))*err1 

+(*(delw[O]+offset))*alpha; 
*(wtptr[O]+offset) += *(delw[O]+offset); 

if (invtype ==2){ 
offset++; 
*(delw[O]+offset) = eta*(*(errptr[1]+m)) 
*(*(outptr[O]+nunit[O]))+(*(delw[O]+offset)) 

*alpha; 
*(wtptr[O]+offset) += *(delw[O]+offset); 

for (p=O; p<nunit[O]; p++) { 
err1 = 0.0; 

[

for (l=p; l<nunit[O]; 1++) { 
err1 += (*(outptr[O]+l-p))* 

(*(outptr[O]+l)); 
} 
offset += + 1; ILIL} *(delw[O]+offset)=eta*(*(errptr[1]+m))*err1 

+(*(delw[O]+offset))*alpha; 
*(wtptr[O]+offset) += *(delw[O]+offset); 

} 
if (invtype == 3){ 

l
for (1=0; l<nunit[0]+1; 1++){ 

offset++; 
*(delw[O]+offset) = eta*(*(errptr[1]+m)) 

I I *(*(outptr[O]+l))+(*(delw[O]+offset))*alpha; 
L__ *(wtptr[O]+offset) += *(delw[O]+offset); 

} 

} 

for (p=O; p<nunit[O]; p++) { 
err1 = 0.0; 

[

for (l=p; l<nunit[O]; 1++) { 
err1 += (*(outptr[O]+l-p))* 

(*(outptr[O]+l)); 
} 

} 

offset += + 1; 
*(delw[O]+offset)=eta*(*(errptr[1]+m))*err1 

+(*(delw[O]+offset))*alpha; 
*(wtptr[O]+offset) += *(delw[O]+offset); 
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} 

if (ntype -- 0) { 

} 

I* top down error propagation *I 
I* output level error *I 

for (m=O; m<nunit[nhlayer+1]; m++) { 
out= *(outptr[nhlayer+1]+m); 
if (yfunc==O) 

} 

*(errptr[nhlayer+1]+m) = target[i][m]-out; 
if (yfunc==1) 

*(errptr[nhlayer+1]+m) = (target[i][m]-out) 
* 1l(cosh(out)*cosh(out)); 

if (yfunc==2) 
*(errptr[nhlayer+1]+m) = (target[i](m]-out) 

*(1-out)*out; 

I* hidden & input layer errors *I 

for (m=nhlayer+1; m>=1; m--) { 

} 

for (n=O; n<nunit[m-1]+1; n++) { 
*(errptr[m-1]+n)=O.O; 

} 

for (p=O; p<nunit[m]; p++) { 

} 

offset = (nunit[m-1]+1) * p + n; 
*(delw[m-1]+offset)=eta * (*(errptr[m]+p)) 

*(*(outptr[m-1]+n)) 
+alpha*(*(delw[m-1]+offset)); 

*(errptr[m-1]+n) += *(errptr[m]+p) 
*(*(wtptr[m-1]+offset)); 

*(errptr[m-1]+n) = *(errptr[m-1]+n) * 
(1- *(outptr[m-1]+n))*(*(outptr[m-1]+n)); 

I* weight changes *I 

for (m=1; m<nhlayer+2; m++) { 
for (n=O; n<nunit[m]; n++) { 

} 

[

for (p=O; p<nunit[m-1]+1; p++) { 
offset = (nunit[m-1]+1)*n+p; 
*(wtptr[m-1]+offset) += *(delw[m-1]+offset); 

} 
} 

117 



I* GENDATA.DAT */ 
I* Program to generate samples with a pulse for neural network */ 
I* Two types of samples can be generated */ 
I* a) samples for training (target attached at the end of each 

sample) */ 
I* b) samples for testing (targets attached at the end of file)*/ 
I* samples can be added with noise with noise level from 0 - 1 */ 

tinclude <stdio.h> 
tinclude <math.h> 
tinclude <stdlib.h> 

I define 
I define 

sam no max 100 
sam size 30 

I* max. no. of samples */ 
I* sample size */ 

int samples, npts, pulwd; /* samples - no. of samples in */ 
I* the sample file. */ 
I* npts - no. of points in each sample */ 
I* pulwd - no. of points in the pulse */ 
I* noiamp - noise amplitude 0-1 *I 

float noiamp, sample[sam_no_max] [sam_size] ,target[sam_no_max]; 
FILE *fp1, *fp2; 

main{) 
{ 

char cont[2]; 
0 { 

rddata(); /*input sample parameters *I 
*I 

generated */ 
file */ 
(y/n) "); 

gendata(); /*generate data 
addnoise(); /*add noise to samples 

wtdata(); /*save samples to disk 
printf("\nGenerate another set of data ? 
scan£ ("%s",&cont); 

~---}while(cont[O]=='y' I I cont[O]=='Y'); 
} 

rddata{) 
{ 

clrscr (); 
printf("\n Artificial data generation"); 
printf("\n\nNo. of samples : "); 
scan£ ("%d",&samples); 
printf("\nNo. of points in sample vectors : "); 
scan£ ("%d",&npts); 
printf("\nNo. of points in a pulse : "); 
scan£ { "%d", &pulwd) ; 

} 
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gendata () 
{ 

int i,j,onepos; I* onepos - starting position of pulse */ 
float temp; 

} 

for(i=O; i<samples; i++) 
{ 

} 

temp= (float) rand()/32767; 
onepos = 1000.0; 
while ((npts-pulwd)<onepos) 

onepos = (float) rand()/32767*npts; 
for (j=O; j<onepos; j++) 

sample[i][j]=O.O; 
for (j=onepos; j<=onepos+pulwd; j++) 

{ 

} 

if (temp>=O.S) 
sample[i][j]=1.0; 

else 
sample[i][j]=O; 

for (j=onepos+pulwd; j<npts; j++) 
sample[i][j]=O.O; 

if (temp>=O.S) 
target[i]=0.9; 

else 
target(i]=0.1; 

addnoise () 
{ 

int i,j,sign,noisetype; 
float random noise,var,temp; 
char noise[2]; 
printf("\nAdd noise to the sample (y/n) ? "); 
scanf ("%s",&noise); 

printf("\nType of noise : 0- white noise, 1- Gaussian 
scanf ("%d",&noisetype); 
if (noise(O]=='y' I I noise[O]=='Y'){ 

printf("\ninput the noise amplitude (0-1) : "); 
scanf ( "%f", &noiamp); 

[

if (noisetype==1){ 
printf("\nVariance of Gaussian distribution : 
scanf ("%f",&var); 

} 
for (i=O; i<samples; i++){ 

for (j=O; j<npts; j++){ 
if ((rand()/pow(2.0,15.0)) > 0.5) 

sign = 1; 
else 

sign =-1; 
r--if (noisetype==O){ 
I random_noise=1.0; 
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} 
} 

} 

L 
while (random_noise > noiamp) 

random_noise = rand()/pow(2.0,15.0); 
sample[i][j] = fabs(sample[i][j] 

+sign*random noise); 
} -

} 

else{ 
random_noise=l.O; 
while (random_noise > noiamp) 

random_noise = rand()/pow(2.0,15.0); 
temp=l-exp(-(random_noise/var) 

*(random_noise)/var); 
sample[i][j] = fabs(sample[i][j] 

+sign*noiamp*temp); 
} 

wtdata() 
{ 

char filename[20],tar[2]; 
int i,j; 
strcpy(filename,"********·***"); 
printf("\ninput file name for saving data : "); 
scan£ ("%s",&filename); 
printf("\ninclude target at the end of each sample vector ? 

(y/n)"); 
printf("\n(Y- targets attach to each vector 

at EOF) "); 
scan£ ("%s",&tar); 
if ((fpl = fopen(filename,"w+")) ==NULL) [{ 

} 

printf("\nCannot open data file"); 
exit(O); 

for (i=O; i<samples; i++) 
{ 

} 

for (j=O; j<npts; j++) 
fprintf(fpl,"%f\n",sample[i][j]); 
if (tar[O]=='Y' II tar[O]=='y') 

fprintf(fpl,"%f\n",target[i])~ 

if (tar [ 0] ==' n' I I tar [ 0] == 'N' ) 

[
{ for (i=O; i<samples; i++) 

fprintf(fpl,"%f\n",target[i]); 
} 

rewind ( fpl); 
if ( (£close ( fpl) ) 1 =0) 

N - targets 

printf("\nFile cannot be closed %s",filename); 
} 
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APPENDIX 8 : Test training data 
Training set corrupted with white noise of level equals 0.6 0. 0.362030 0.190033 0.416168 0.042999 0.452881 0.054077 0.484314 0.036469 

0.414246 0.105865 0.512878 0.040833 0.141479 0.110107 0.525024 0.002075 
0.228180 0.497131 0.234436 0.102417 0.465942 0.115723 0.029694 0.019806 
0.417023 target=0.100000 

1. 0.499054 0.408264 0.336212 0.047729 0.573273 0.012390 0.156464 0.208618 
0.132263 0.395508 0.351379 0.108795 0.153839 0.252472 0.050079 0.452026 
0.419403 0.210663 0.353882 0.426819 0.472748 0.095306 0.515594 0.234253 
0.419098 target=0.100000 

2. 0.154907 0.268860 0.573730 0.883057 0.751526 0.924255 0.722809 0.578461 
0.425568 0.370941 0.418793 0.028595 0.284271 0.063934 0.044067 0.371643 
0.097198 0.510925 0.260956 0.012665 0.202881 0.477692 0.367371 0.086731 
0.132385 target=0.900000 

3. 0.563354 0.502319 0.310272 0.316681 0.181854 0.546295 0.519775 0.245697 
0.105957 0.526825 0.499756 0.211975 0.318542 0.371521 0.404999 0.505219 
0.153137 0.340454 0.290375 0.086945 0.238495 0.182861 0.029083 0.456848 
0.568146 target=0.100000 

4. 0.092438 0.505981 0.253082 0.385345 0.327484 0.515381 0.238800 0.013123 
0.483429 0.305115 0.789795 0.725739 0.618744 0.839722 0.740021 0.335358 
0.080170 0.309235 0.534698 0.184235 0.578430 0.284698 0.263794 0.440033 
0.282074 target=0.900000 

5. 0.439484 0.278625 0.187347 0.303986 0.246735 0.060364 0.346924 0.147430 
0.187775 0.336884 0.105682 0.108032 0.572418 0.413788 0.109070 0.571991 
0.279205 0.297729 0.337402 0.049103 0.581451 0.558594 0.546173 0.022827 
0.550934 target=0.100000 

6. 0.035156 0.410858 0.524994 0.284180 0.210419 0.137695 0.583832 0.054779 
0.279114 0.469177 0.276184 0.485748 0.239990 0.532990 0.506165 0.449097 
0.611359 0.938446 0.511749 0.020233 0.067291 0.259521 0.047424 0.436401 
0.267578 target=0.900000 

7. 0.150116 0.384033 0.160919 0.102722 0.002136 0.138885 0.386902 0.031830 
0.431244 0.085266 0.403839 0.598450 0.033875 0.501678 0.143829 0.094543 
0.014862 0.547913 0.145050 0.302490 0.059540 0.399170 0.223694 0.072754 
0.330719 target=0.100000 

a. 0.061493 0.312836 0.462189 0.007050 0.123047 0.858124 0.549988 0.693573 
0.924896 0.976776 0.535461 0.183960 0.067871 0.080353 0.047180 0.002533 
0.461151 0.163666 0.451569 0.576996 0.463013 0.599976 0.148376 0.263824 
0.169952 target=0.900000 

9. 0.357147 0.269684 0.476746 0.386932 0.341339 0.127502 0.068512 0.249237 
0.068146 0.590485 0.077576 0.256561 0.423889 0.357697 0.408997 0.223969 
0.135345 0.291046 0.245117 0.542114 0.507050 0.159241 0.244049 0.295654 
0.050537 target=0.100000 

10.0.227539 0.109924 0.061218 0.573578 0.468964 0.241119 0.188385 0.235321 
0.156372 0.011444 0.171234 0.170746 0.146606 0.350555 0.144409 0.410339 
0.925171 0.758209 0.669769 0.831146 0.238800 0.211884 0.025452 0.217377 
0.403839 target=0.900000 

11.0.521790 0.544983 0.214447 0.075867 0.134033 0.224030 0.429352 0.563293 
0.582642 0.562256 0.319275 0.234070 0.179382 0.119934 0.409515 0.189484 
0.220184 0.116821 0.543518 0.051514 0.032593 0.466675 0.497223 0.085236 
0.167572 target=0.100000 

12.0.055939 0.325714 0.234131 0.403900 0.525604 0.482208 0.258484 0.076111 
0.132721 0.415100 0.518463 0.149231 0.354492 0.084351 0.434479 0.020325 
0.126831 0.020721 0.360870 0.034210 0.048828 0.076569 0.202576 0.143707 
0.104858 target=0.100000 

13.0.514984 0.037842 0.529480 0.034454 0.197601 0.120300 0.318787 0.401947 
0.076691 0.344208 0.021637 0.234497 0.280334 0.513306 0.590179 0.285217 
0.267517 0.321594 0.790955 0.530273 0.662720 0.647736 0.506500 0.565094 
0.139496 target=0.900000 

14.0.442474 0.437347 0.170197 0.282074 0.264160 0.217529 0.324463 0. 541168 
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0.479553 0.231842 0.227814 0.395752 0.116760 0.073090 0.368591 0.557831 0.328644 0.090851 0.470673 0.558716 0.267334 0.222168 0.117432 0.277252 0.026886 target=0.100000 
15.0.347168 0.100006 0.610840 0.574280 0.461151 0.588287 0.824432 0.580200 0.147797 0.319244 0.287720 0.272736 0.035889 0.112549 0.578033 0.038330 0.382233 0.432678 0.256378 0.554291 0.465057 0. 419800 0.327332 0.013611 0.298035 target=0.900000 

Training set corrupted with white noise of level equals 0.8 

o. 0.406189 0.671234 0.491089 0.344482 0.264404 0.423065 0.163696 0.645477 
0.003052 0.268921 0.386536 0.581116 0.279816 0.294983 0.408630 0.413971 
0.494080 0.001617 0.069733 0.254303 0.355103 0.197144 0.211670 0. 758118 
0.735931 target=0.100000 

1. 0.531555 0.130585 0.483978 0.253204 0.701324 0.042755 0.510712 0.771088 
0.217010 0.335480 0.132843 0.031067 0.212708 0.629089 0.732391 0.571594 
0.332367 0.614716 0.737549 0.295380 0.285797 0.492401 0.559174 0.774475 
0.650848 target=0.100000 

2. 0.144897 0.654449 0.709320 0.661377 0.421112 0.376709 0.014648 0.452301 
0.546356 0.626282 0.583282 0.432495 0.715973 0.457214 0.644470 0.698517 
0.309814 0.072174 0.612762 0.727112 0.493744 0.680847 0.354706 0.244537 
0.419525 target=0.100000 

3. 0.145813 0.322357 0.624359 0.269501 0.754303 0.914612 1.265289 1.655273 
0.483459 0.738312 0.547729 0.064209 0.729919 0.681335 0.115784 0.252350 
0.020325 0.001221 0.247192 0.422821 0.459503 0.204651 0.008789 0.455261 
0.117523 target=0.900000 

4. 0.059540 0.019806 0.570618 0.085297 0.203705 0.266174 0.973328 1.154388 
1.020020 0.275238 1.607941 0.589264 0.573151 0.310852 0.209076 0.064789 
0.537842 0.116516 0.188629 0.489685 0.091736 0.349091 0.128815 0.261414 
0.549713 target=0.900000 

5. 0.144806 0.650665 0.383453 0.235596 0.217804 0.664276 0.184204 0.597351 
0.545624 0.329956 0.053711 0.327698 0.591248 0.509125 0.781647 0.691833 
0.594116 0.793579 0.395477 0.694794 0.029846 0.716278 0.568115 0.600647 
0.780029 target=0.100000 

6. 0.695404 0.091278 0.080933 0.403137 0.507355 0.521454 0.283417 0.229706 
0.153931 0.615692 0.561249 0.412384 0.034424 0.348022 1.653625 0.976349 
0.605682 1.101288 0.470856 0.715820 0.082031 0.293213 0.515350 0.593048 
0.130554 target=0.900000 

7. 0.371552 0.666656 0.569214 0.336914 0.641449 0.498108 0.196381 0.219177 
0.172882 0.523254 0.488129 0.254120 0.278412 0.518433 0.445404 0.152313 
0.485321 0.259735 0.093811 0.374817 0.747192 0.398193 0.377502 0.329895 
0.610260 target=0.100000 

8. 0.717010 0.635132 0.573120 0.399841 0.241455 0.637268 0.782349 0.379883 
0.273956 0.328796 0.522247 0.625732 0.532135 0.639252 0.732452 0.585327 
0.055359 0.946625 0.957458 1.293488 0.382294 0.658875 0.493530 0.198730 
0.682373 target=0.900000 

9. 0.792572 0.079132 0.358154 0.192383 0.741913 0.293793 0.343201 0.223969 
0.088470 0.219025 0.165344 0.126434 0.773651 0.270294 0.619507 0.619598 
0.639130 0.508179 0.032806 0.447144 0.287659 0.321625 0.616669 1.142334 
1.446381 target=0.900000 

10.0.299927 0.166534 0.412384 0.675568 0.716156 0.827667 0.937378 0.537384 
0.829926 0.539581 0.597137 0.214172 0.189209 0.500549 0.253418 0.378632 
0.307068 0.052277 0.743469 0.472015 0.262451 0.591370 0.079590 0.257019 
0.503876 target=0.900000 

11.0.062561 0.778992 0.280396 0.020264 0.307098 0.005707 0.797791 0.488068 
0.060181 0.192902 0.647614 0.480499 0.785370 0.115295 0.199554 0.754242 
0.321167 0.218689 0.068939 0.533356 0.643311 0.402710 0.024414 0.362762 
0.617462 target=0.100000 

12.0.120575 0.261932 0.545898 0.193085 0.697052 0.285126 0.201508 0.711517 
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0.143066 0.389954 0.292542 0.611786 0.508881 0.488190 0.130676 0.732758 
0.391754 0.337128 0.799133 0.166595 1.724121 1.354797 0.677856 0.354523 o. 719116 target=0.900000 

13.0.502045 0.607697 0.138245 0.700836 0.357849 0.524384 0.633545 0.416565 0.213959 0.336823 0.604980 0.261993 0.610779 0.624847 0.400848 0.486786 
0.237305 0.503387 0.317322 0.259186 0.513367 0.356171 0.490295 0.512634 
0.332275 target=0.100000 

14.0.317474 0.244568 0.035126 0.703735 0.495789 0.308563 0.240234 0.162964 
0.554810 0.513702 0.551178 0.545898 0.255920 0.164368 1.295166 0.894318 
1.769196 1.223297 0.590088 0.290955 0.615448 0.166962 0.455383 0.663727 
0.240387 target=0.900000 

15.0.683136 0.566498 0.191406 0.634277 0.169769 0.554199 0.243378 0.294922 
0.495605 0.050995 0.404266 0.081329 0.389587 0.547607 0.383331 0.428680 
0.081940 0.574768 1.037262 1.765106 0.215179 0.560822 0.767029 0.065369 
0.280731 target=0.900000 

Training set corrupted with noise of level equals 0.6 

0. 0.289876 0.356560 0.432084 0.146366 0.306760 0.060985 0.000022 0.150716 
0.269935 0.444577 0.161332 0.176366 0.292334 0.297693 0.374014 0.000006 
0. 011558 0.136758 0.237676 0.086388 0.098445 0.343860 0.002980 0.340736 
0.455755 target=0.100000 

1. 0.030703 0.004371 0.388627 0.136154 0.119821 0.433583 0.002312 0.099328 
0.422606 0.064031 0.387809 0.167229 0.372513 0.428218 0.272114 0.037530 
0.218340 0.304819 0.259883 0.000515 0.335293 0.418200 0.446138 0.316072 
0.339982 target=0.100000 

2. 0.432454 0.108650 0.012372 0.015876 0.373715 0.191111 0.127643 0.303240 
0.048918 0.204056 0.151276 0.128716 0.017246 0.147216 0.016453 0.419289 
0.009814 0.022237 0.220723 0.262290 0.383536 0.000004 0.130103 0.306517 
0.342155 target=0.100000 

3. 0.092548 0.000185 0.338122 0.032249 0.991552 0.999059 1.436876 0.982790 
0.908237 0.148067 0.001705 0.054563 0.000961 0.179850 0.450395 0.438755 
0.192348 0.096251 0.009990 0.411361 0.031714 0.079596 0.370073 0.019861 
0.231488 target=0.900000 

4. 0.038531 0.143503 0.420856 0.048272 0.266786 0.119461 0.896297 1.425934 
1.076150 0.543972 1.417617 0.211829 0.006884 0.209516 0.451789 0.387254 
0.025174 0.289261 0.279039 0.002134 0.258600 0.435006 0.026215 0.019667 
0.015516 target=0.900000 

5. 0.286797 0.385718 0.397797 0.164877 0.114164 0.054255 0.023967 0.429808 
0.296103 0.002837 0.230389 0.227500 0.002160 0.024124 0.404227 0.015934 
0.174598 0.392613 0.453048 0.039543 0.254592 0.124944 0.327917 0.010500 
0. 377599 target=0.100000 

6. 0.085771 0.104892 0.067610 0.399313 0.368669 0.136585 0.159955 0.395240 
0.328655 0.053173 0.366126 0.141903 0.020754 0.257942 0.681503 0.982289 
1.260696 0.788233 0.954520 0.177282 0.069462 0.283464 0.124804 0.075539 
0.341113 target=0.900000 

7. 0.263134 0.155602 0.210641 0.398466 0.178534 0.359150 0.041093 0.447602 
0.007310 0.006799 0.004328 0.174872 0.315742 0.004223 0.000001 0.001772 
0.138660 0.377896 0.153643 0.240817 0.082564 0.175177 0.225428 0.109080 
0.018494 target=0.100000 

8. 0.104760 0.062153 0.037165 0.152045 0.136126 0.447013 0.002577 0.330335 
0.265632 0.377572 0.266662 0.046704 0.329599 0.181321 0.063002 0.296103 
0.119682 0.876259 0.835755 0.713820 0.957590 1. 343023 0.455881 0.100578 
0.080052 target=0.900000 

9. 0.379757 0.135925 0.261853 0.188517 0.006523 0.353901 0.144495 0.451875 
0.015012 0.139324 0.382681 0.009320 0.161902 0.000985 0.188548 0.000078 
0.292211 0.000313 0.008629 0.082978 0.638272 0.998810 0.592550 0.797159 
0.895531 target=0.900000 

10.0. 011299 0.407700 0.174172 0.286365 0.001429 1.245559 1.033897 0.856001 
1.417836 0.916876 0.247285 0.002506 0.089950 0.047166 0.273420 0.173928 
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0.366818 0.387043 0.368724 0.039615 0.068556 0.141874 0.014853 0.342734 0.455713 target=0.900000 
11.0.006485 0.314421 0.006011 0.381074 0.453664 0.044158 0.022224 0.049705 0.125393 0.216962 0.300287 0.100396 0.218873 0.144057 0.208798 0.284483 0.367454 0.121012 0.382253 0.198922 0.141381 0.390913 0.238776 0.370622 0.390284 target=0.100000 
12.0.214207 0.199077 0.127671 0.002954 0.375538 0.190030 0.123685 0.060469 0.424844 0.391202 0.422008 0.417836 0.138285 0.061459 0.176549 0.026215 0.108490 0.293623 0.172347 0.209610 0.661762 1.123825 0.566210 1.081788 0.890087 target=0.900000 
13.0.015725 0.049409 0.176305 0.375375 0.006209 0.287937 0.015667 0.273047 0.419192 0.266662 0.312316 0.015899 0.439948 0.003323 0.178229 0.085623 0.323830 0.051537 0.162232 0.206270 0.060190 0.034482 0.314541 0.037008 

0.284236 target=0.100000 
14.0.136873 0.090830 0.383108 0.399441 0.007415 0.101363 0.082152 0.005210 

0.098834 0.310990 0.341316 0.058931 0.028788 0.020095 0.845794 0.925492 
0.924156 1.018156 0.677537 0.015160 0.034114 0.423537 0.095686 0.401383 
0.169103 target=0.900000 

15.0.119019 0.401434 0.001873 0.186729 0. 407700 0.000012 0.023543 0.080701 
0.004421 0.335848 0.006978 0.365210 0.003183 0.026304 0.390494 0.046167 
0.400796 0.112805 0.881588 1.024653 0.968705 0.999059 1.300744 0.378436 
0.218246 target=0.900000 

Training set corrupted with noise of level equals 0.8 
0. 0.386502 0.668054 0.495114 0.302329 0.195154 0.409013 0.081313 0.648884 

0.000030 0.200954 0.359913 0.592770 0.215110 0.235155 0.389779 0.396924 
0.498686 0.000008 0.015410 0.182344 0.316902 0.115185 0.131260 0.719710 
0.708327 target=0.100000 

1. 0.541626 0.052748 0.486540 0.180965 0.688147 0.005828 0.518169 0.725834 
0.137356 0.289993 0.054524 0.003083 0.132437 0.635716 0.706401 0.583469 
0.285734 0.623537 0.709196 0.235684 0.222971 0.496684 0.570957 0.727371 
0.653035 target=0.100000 

2. 0.064441 0.655772 0.693081 0.660936 0.406426 0.346510 0.000686 0.447057 
0.557599 0.633383 0.594851 0.421429 0.697060 0.453310 0.648097 0.686374 
0.255062 0.016497 0.621837 0.703471 0.498286 0.674739 0.316357 0.170190 
0.404320 target=0.100000 

3. 0.065224 0.272075 0.631773 0.201702 0.828379 0. 917005 1.196288 1.656393 
0.475161 0.709605 0.559052 0.013085 0.705038 0.675072 0.041769 0.179894 
0.001321 0.000005 0.173471 0.408690 0.456207 0.123398 0.000247 0.450829 
0.042999 target=0.900000 

4. 0.011264 0.001254 0.582501 0.022946 0.122351 0.197422 0.997727 1.072751 
1.001281 0.297855 1.617592 0.600526 0.585007 0.256464 0.128334 0.013320 
0.548482 0.042285 0.106128 0.493430 0.026481 0.308651 0.051375 0.191338 
0.561141 target=0.900000 

5. 0.064363 0.652894 0.355715 0.159281 0.138270 0.663058 0.101534 0.608038 
0.556823 0.282439 0.009179 0.279355 0.602386 0.516339 0.730542 0.682072 
0.605055 0.735573 0.372052 0.683992 0.002845 0.697240 0.580008 0.611046 
0.729836 target=0.100000 

6. 0.684385 0.026222 0.020688 0.382396 0.514290 0.530396 0.219836 0.152219 
0.072341 0.624383 0.573077 0.394805 0.003783 0. 307185 1.655149 0.998212 
0.629519 1.032165 0.461030 0.696970 0.021246 0.232797 0.523484 0.604064 
0.052724 target=0.900000 

7. 0.339455 0.664782 0.581105 0.291956 0.645718 0.503465 0. 114362 0.139857 
0.090146 0.532417 0.491558 0.182114 0.213273 0.526986 0.438207 0.070897 
0.488168 0.189204 0.027672 0.343923 0.714251 0.375726 0.347594 0.282355 
0.619642 target=0.100000 

0.350845 8. 0.697671 0.640660 0.584977 0.377952 0.166405 0.642383 0.730846 
0.207469 0.280855 0.531287 0.632924 0.542263 0.643971 0.706434 0.596802 
0.009747 0.990935 0.994230 1.233163 0.373880 0.702274 0.498031 0.116903 
0.675777 target=0.900000 

0.145439 9. 0.735160 0.019789 0.321090 0.110086 0.711511 0.233569 0.300571 
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0.024658 0.139680 0.082870 0.049553 0.726999 0.202726 0.627662 0.627740 
0.643874 0.515245 0.003437 0.440447 0.305098 0.326956 0.644451 1. 062271 
1.439465 target=0.900000 

10.0.241761 0.084002 0.394805 0.671099 0.697168 0.539868 0.674821 0.587265 
0.912593 0.542637 0.607842 0.134105 0.106736 0.506343 0.181233 0.349137 
0.251356 0.008697 0.712326 0.471867 0.192660 0.602500 0.020016 0.185766 
0.510241 target=0.900000 

11.0. 012427 0.729381 0.215869 0.001313 0.251398 0.000104 0.737277 0.491485 
0.011506 0.110637 0.650545 0.482304 0.732144 0.041427 0.117799 0.717806 
0.270455 0.139292 0.015065 0.543600 0.647187 0.381821 0.001905 0.327411 
0.625910 target=0.100000 

12.0.045196 0.191998 0.557114 0.110832 0.685441 0.222086 0.119934 0.694408 
0.062888 0.364560 0.231904 0.620982 0.516057 0.491632 0.052820 0.706601 
0.367005 0.292249 0.737812 0.084061 1.701780 1. 316483 0.728216 0. 351116 
0.783491 target=0.900000 

13.0.508099 0.617376 0.058878 0.687840 0.320671 0.533680 0.639371 0.400383 
0.133861 0.291831 0.614954 0.192076 0.620099 0.632183 0.379311 0.489939 
0.161349 0.509671 0.265229 0.188508 0.521218 0.318367 0.494163 0.520379 
0.285609 target=0.100000 

14.0.265436 0.170228 0.003938 0.689652 0.500718 0.253373 0.164913 0.080625 
0.566459 0.521602 0.562677 0.557114 0.184380 0.081946 1. 235399 0.965047 
1.724964 1.144653 0.608503 0.229796 0.624172 0.084410 0.450985 0.662657 
0.165100 target=0.900000 

15.0.676293 0.578387 0.109051 0.639967 0.087111 0.565826 0.168763 0.235073 
0.500501 0.008278 0.383916 0.020889 0.364063 0.558923 0.355549 0.416422 
0.021199 0.586598 1.004431 1.723057 0.268091 0.569851 0.843878 0.013558 
0.216309 target=0.900000 
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