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ABSTRACT

The basic philosophy of random test generation for digital circuits is extended in this
thesis to fault location in combinational logic netivorks using the concept of multistage
binary tree classifier. The suggested approach can solve the fault location problem of
combinational networks for both single and multiple faults.

The proposed approach has two parts:

PART I is to construct a multistage binary tree classifier (preconstructed tree),
cach nonterminal node of which contains a feature set to éontrol the input sequence, and
a threshold level for the decision to be made to go along the subtrees. Each terminal
node has the information to indicate the location of a specified fault.

PART II is the testing stage. It has the information of the preconstructed trce.
There can be only two possible outcomes at each stage of decision making. The statistics
of the circuit under test provides a specified threshold which helps to make the decision
whether to go to the left or to the right along the subtree, the process being followed
iteratively until finally » terminal node is ﬁrived at where it represents the location of
a specific fault.

However, the process of constfu.cting the multistage bina.ry‘tree classifier (phase 1)
is rather complex in general, but once it is successfully completed, all the testing and

location of faults (phase 2) can be performed very easily.
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Chapter 1

INTRODUCTION

1.1 OVERVIEW

Today’s more complex digital circuits demand stringent testing procedures '. The testing
of digital circuits requires two major points to be taken into consideration:
o Accuracy of testing (confidence measure).
. Testing time (cost).
Figure 1.1 illustrates graphically the relation between these ob_:,cctww aned on
 these two objectives , a numbser of testing methods have evolvad over t.he years .
The ﬁrst step in developing a testing strategy involves identifying the type of faults
\\\_\‘f [15,16] . Two broad fault types can be identified for digital systems : one is the soft fault
caused by software problems or by the signals used to operate the units. The other is the
hard fault which comprises thel physical failures caused by the interconnection failures

. between the components, or from the fmlm of the components themselves.

-
¥ The most common fa.ult model for d.lglta.l circuits in use is the stuck fault model

[3] of which combinational networks are the main target for our approach . Figure 1.3
represents a simple example of a combinational circuit with input line A stuck-at-zero

(A-s-0) . The tests which detect this fault are defined by the logical expression fa-.-0
=B. l
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Figure 1.1: Relation between cost and confidence level .

1(A,8)

L1

Figure 1.2: A simple example of a digital circuit .
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A Our goal is to solve the problem of fault testing and diagnosis which consist of solving
both the fault detection problem and the fault location problem . Various approaches
have been developed in the last two decades for the solution of the fault detection and
location problems of combinational networks .

We can classify the different solution approaches to the fault testing problem in
two major categories [16,22] : deterministic and probabilistic (Figure 1.2). There are
several methods available for soiving deterministically the test generation problem for

combinational circuits, viz.

* Fault table methods {(FTM).
(Yields a minimum set of diagnostic tests )
* Path-sensitizing and equivalent normal form methods (PSENF) .
(Works for the class of Tree-Like and some non-Tree-Like circuits )
* Karnaugh map and tabular methods (KM-TM).
(Using FTM with Karnaugh map concept )
* Equivalent-normal-form and Ka.rna.ugh map methods (ENFKM)
* (A heuristic, systematic procedure derived from PSENF )
* Boolean difference methods (BD).
(Detecting single or multiple faults without any fault tables or mapé )
*Spoof methods (SPOOF).
(Det_ectin# single or multiple faults without any fault tables or maps )

Andsoon... .

By using these methods, the amount of computations required to generate the test

a

sets can be extremely large, particularly for more complex LSI or VLSI circuits.

However, probabilistic methods which come under the category of random testing

*
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Figure 1.3: Different methods for testing stuck-at-faults .

- {1,2,19,21] provides a solution to the difficulties arising out of the deterministic methods,
and can reduce the cost of computation in general. Two major appmacheé for test
pattern generation in proba.bilisl;ic testing are : i) random test generation where the
input patterns are generated by a linear feedback shift register (LFSR), and ii) to use
independent random generators (IRGs) to create the input patterns.

| In this thesis, a method based on multistage tree classifier has been used for random
testing. of digital combinational‘circuits using IRGs. The concept of comparing the
output of the circuit under test (CUT) with the output of 2 known good unit (gold
unit) is the basis of this method. Since both the circuits are fed by the same random

test patterns, we can detect the faulty circuit by observing (comparing) their outputs

Fi (Figure 1.4) .
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Figure 1.4: The block diagram of probabi.listic method of test generation .

1.2 THE CONRTIBUTION

In this study we basically extend the concept of random testing for detecting a faulty
logic circuit to locate the faults in faulty combinational networks by using a multistage
binary tree.. By sélecting specific input probabilities (called feature set or feature vccﬁor,
which in our case is the probability of the input being logical.‘l in each of the input ports
of the CUT) at each stage of the tree, the proposed method will have a good prospc;ct

for reducing the classification time in the following stages.
1.3 THE METHOD

The proposed method consists in classifying or grouping the faults; however, the pro-
posed data structure for the solution of the problem is the binary decision tree. In the
grouping approach using a binary tree, there are only two possible outcomes for cach
~node : information, with a link to the left member or a link to the right member. From
the statistics of the outputs (the mean of output distribution) of a f;ircuit under test,
we can decide either to go through the left member or the right member based on the
region of a specified threshold (obtained by minimizing: the error probability aséigncd

to this ﬁode). This process is repeated until the test generation reaches a terminal node
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Figure 1.5: The block diagram for the tree construction phase . .

where it represents a specified fault.
To obtain a solution of the fault location problem in combinational networks, two
phases are identified :
1 . The construction phase .

2. The testing phase .

To obtain an optimal input probabilities for good construction, the concept of fault
distance is introduced [11,13,17] . The concept is baséd on the probability density
function of the distribution of the outputs under consideration [7,8,9,1. I the fault
distance calculated from the observable outputs cannot satisfy a prespecified value, we
have to repeat the process with new selection of the input probabilities until we find a
set which can satisfy the prespecified condition. From this acceptable selection, we can
classify the faults under consideration, and find a suitable threshold for making decision
in the tclsting stage.

Figure 1.5 gives the block diagrﬁ of the construction phase of the binary classifier
trec. The testing phase can be graphically presented as in Figure 1.6 .

The material of this thesis is arré.nged as follows : :

Chapter 1 provides a general overview of the fault detection and lo‘t.:ation‘problems

in logic networks, and the solutions approaches for such problems .

4
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Figure 1.6: The block diagram for testing phase .

Chapter 2 presents the concept of multistage binary tree in probabilistic test gen-
efa.tion . .

Chapteb 3 introduces é. known. concept of proba.bility theory and discusses how we
can use it in ouf approach . A method of stochastic approximation to find the feature
set along with application are also presented. The chapter includes examples .and the
developed algorithms . | |

The binary tree and node information are covered in Chapter 4. The basic concept
of binary decision, rules, grouping, and threshold calculation for decision making are
explained in this chapter. Algorithms and some examples are presented as well .

:Chapter 5 provides the structure (flowcharts and algorithms) for a complete con-
struction of multistage binary tree classifier. Application and computational results are
again included .

The testing phase (ﬂowcha;rts and algorithms) is presented in Chapter 6. The
" preconstructed tree of Chapter 5 is used to provide the results of probabilistic fault
locatlon Application and computational results are included .

Flna.lly discussions and conclusmns are presented in Chapter 7.



Chapter 2
MULTISTAGE DECISION TREE

2.1 INTRODUCTION

This chapter deals with the overall form of the solution, the emphasis being on methods
and associated tools that are suitable for testing combinational networks using a decision
tree classifier .

Here we find that the design description for the method of testing may be described

in terms of three domains, namely :

1. The concept of multistage decision tree .

[~

. The information that each node contains .

[ 2]

. The algorithm of testing .

We will summarize the concept of binary treec and focus on the structure of the

testing level, since it is most important for our purpose .

2.2 CONCEPT OF BINARY TREE o

A conventional description of a bina.rjr tree [24] is that there can be only two possible
outcomes at cach node, except for the terminal node which is the final result . A single

element called the root represents the top node of the tree, and is said to be the father
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Figure 2.1: The structure of : (a) binary tree . (b) complete binary tree .

of two disjoint subsets . These -two subsets are called the left and right subtrees, each
of which is in itself the father of the left and right sons ( or the root of a biﬁary tree ) .
If 2 node that has no sons, it is called the terminal node . |

One important thing in a binary tfee is the level of a node ; the root node of the
tree is in level 0 , then level 1 contains the sons . The level of cach of following node -
is always one more than the level of the father . A complete binary tree 'of N levels is
6ne in which all the nodes in level N have no sons, and all fathers in level N-1 have two
sons; otherwise, it is called a binary t;ree .

OEXAMPLE 2.1 :

Suppose we have a binary tree of 3 levels. ?Figure 2.1 (a) and (b) illustrate respec-

-,} tively, the structures of a binary tree and cbmp]ctcd binary tree.’

The convention that we are going to use in this thesis is:



Terminal node
crminal noce Nonterminal node
Feature sat (FS) | 1st
Location i o
o Information ThresholdH | Number of fault (NF)
the fault ext address Loft | Right

/ \\ Levet o1

Figure 2.2: The fields of the multistage binary tree nodes (terminal and nonterminal
node ) .

O represents a nonterminal node of the binary tree.

(O represents terminal node of the binary tree.

* Node A is the root of the t;,ree and the father of the sons B and C;

* Nodes 1,2 are the sons of node D, and they are terminal nodes.

Fig. 2.1 (a)represents a typical binary tree . O

2.3 INFORMATION ON NODES

In a tree representation, the item in each level is called a node and contains two major
ficlds, the information, and the next address. If we consider each of these fields, we
represent their construction as:

*The information field : holds : (i)- commands for generating the ini)ut data,
such as the feature s;et[P(,‘)] and the input sequence length (ISL). (u)— commands to
analyze the circuit output, such as the threshold level H used for the decision to be ma.de

'to proceed cither along the left or right subtree, and the number of faults under study

*

N
N 10



(NF) to specify if the node pnder consideration is terminal or nonterminal . However,
OVERLAP faults (a faults cannot be well identified by a specified decision rule) arc
considered as part of the faults under study.

* The next address field contains the address of the next node of the next level.
Such address is known as a pointef.

Figure 2.2 (a) and (b) illustrate the construction of terminal and nonterminal nodes
in each level of a binary tree.

OEXAMPLE 2.2:

Suppose that we have a T-input combinational circuit with eight possible fault classes

(single or multiple). Figure 2.3 shows a sample binary tree constructed by our method
to locate faults in a CUT {circuit under test) .0

2.4° METHOD OF TESTING

After the decision tree is constructed, the testing procedure can be applied to circuit
under test, and can be implemented stage by stage. Each nonterminﬂ node contains
the threshold level that helps us to decide if we are to follow leftsubtree or rightsubtree
until we reach the terminal né.de.
Assuming that we have ‘l:.he setup as shown in Figure 2.4 , a.n algorithm for testing
can now be described as follows:
Algorithm

The testing can be done using the following steps:

1. o Generate the input sequence randomly with feature set [Pz = Pzy) = oo =

P(z,y) = 0.5, where n is the number of input lines .

2. o Feed the two units (CUT and GU) with the same input data, (see Figure 2.4) .

11
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Figure 2.3: A smpie of binary tree with 7 possible faults and six inputs .
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Figure 2.4: The block diagram for the testing method using random bit strcams .

3. & Check both sets of outputs by using checking circuit (EX-OR gates or their.

simulation).

4. o Observe the result from the checking circuit after a long scquence of input data

is applied (Input Sequence Length ISL = 10,000 , for example), then check :

- IF NO THEN :
¢ The circuit is not faulty ;
¢ Go to Step 9(a) . ‘
~ IFYES THEN:
e The circuit is faulty ;

e GotoStep 5.

5. ¢ Get from the root of the tree classifier the feature set vector [P(z,), Pozg)s s Pza)ls

-

~and the threshold level H . e
6. e Generate random input data ( with respect to the new feature set) .
7. o Observe the statistical mean Z’s of the outputs of the circuit under test; then

cheék :

13



IF Z less then the threshold ,
THEN GO TO leftsubtree ;
ELSE GO TO rightsubtree .

8. e Check the number of faults in the new node.

IF greater than 1,
THEN :
¢ Get the feature set vector ;
¢ Generate input data;
¢ Go to step 2;
SR ELSE :
e Get the information of the terminal node;

e GO to step 9 (b);

|
|
v
'
:

9. o Stop with the result that,

(a) ¢ The circuit is not faulty;

(b) o The circuit is faulty (with the fault location).

If we assume that the tree is well constructed, we can find the faults very quickly,

because the needed testing stage is almost proportional to:

Ioglcln m

. . N
Togyg 2 ~ (ﬁ) log,q m. (21)

Number of Stages(NS) =log,m =

~ where m is the number of possible faults.

14



To be more general, if we assume that we have an N,, overlap faults, Eq.(2.1)

becomes :

Number of Stages(NS) = (61—5) log,o{m + Noy)- | (2.2)

"The overall Sowchart of testing can now be represented as in Figure 2.5 .

15



Genenate Input sequence
with equal probabilities

Px1)=P(2)=..=P(xn)=05

Yes
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Get the information from node
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The threshold level H

!

* Gencrate input random data
* Observe the statistics of the

CUThas no
faults

output of the CUT

Is

the statistics of the

output Jess than H
?

Go along leftsubtree

Go along rightsubtree

!

y

Figure 2.5: The flowchart for the testing method .
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Chapter 3

THE THEORETICAL STUDY

3.1 INTRORUCTION

Many decisions have to be made that involve uncertainties. Herc the random phe-
nomenon arises from our unwillingness to carry out the deterministic method. In our
approach, probability and statistics can provide the model to help us making decisions
such as locating faults in a circuit that has to be tested within an assigned level of
confidence. .

We shall begin with a review of the basic concepts of the theory of pfobability [18,20]

which forms the basis for describing our approach.

3.2 PROBABILITY ASPECT

Of the different distributions in statistical applications, the normal distribution is per-
haps the most important one for our consideration.

‘Let us begin by defining the concept of the central limit ‘i\:h_egrgm Figure (3.1).

If X is the mean of 2 random sample of size L taken from a population S having
the mean p and the finite variance o, then, the value of a random variable Z whose

distribution function approaéhes that of standard normal distribution as L — co [18] :

17



(3.1)

[o?
However: X =p+ 2 % (3.2)

Therefore, if L — 00 , then X ~ p . Hence X has a standard normal distribution .

The mean of the random variable is:

= —wap - (33)

l'-'l
under the condition that L — o0 .

The variance of sample is given by :

Sample(Var)? = . -X)P =~ 7 ,__,(:n —u)? | (3.4)

l-'l. =i

Then, for large L, the probability density function is defined as:

1 (=
- fo) = ,——2me‘_ =) (3.5)

y

The approximatioh of the theory

Here we shall discuss the approximation for calculating the mean p and.-the variance o2

+
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for observable data. The calculation of i does not pose any problem . From Eq.(3.3),

we have:

L L
1
Approzimation of p = -115— Sz, or peT >z (3.6)
=1 =1

On the other hand, the calculation of Semple(Var)? is rather difficult, if we dircctly

use Eq.{3.4). Instead, we will be going to usc the algebraic equivalent form:

L
Sample(Var)? = 1 S (a2 — 25X + X% (3.7)
(L - 1) i=1
which can be approximated (in our case) as :
L .
Sample(Var)® = %[Z z; — L(X)? (3.8)
i=1

under the conditions that : L tending to infinity, (z:)* = x;, because z; =0 or 1 only .

Then :

L | ‘
Sample(Var)* = % S (X =t (3.9)

=1
in the case that L is the size of random sample, which is taken from a population that
have mean p and variance Sample(Var)?. z; is the value of 2 random variable whose

distribution has the mean yu for samples from infinite populations; the variance of this

distribution is Sample(Var)?/L; therefore, the variance in our case should be approxi-

mated as:

(3.10)

Let us see what happens when this theory is applicd to a combinational circuit. Each
logic circuit consists of an input vector X = (21, T2, 003 Tn) where n is the number of
input lines, and z; =0 or 1, where 1 <: < n. We therefore might have 2* such possible

vectors , 1 <t <n. The proba.Bility of a logic signal z; is expressed as:

" P(z) = Plzi=1) (3.11)
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If an input z; is produced with a probability of P(z;), this will always mean that Z; =1
with probability (1 — P(z:)). For clearer understanding, let us assume that the n-input
circuit has only a single output F. Obviously, the output signal is a function of the
input vector X : F(X) = f(z),z2,n k) Where k represents the length of input sequence,
1<k

We define Z, as the mathematical expectation of the output as:

Zy= E[fX] = E[f(.—., -=z.---.=n.k11° (3.12)

The average of the output over the input sample size L is denoted by the mean Zj,

where Z;, is defined as :

~

1 L 1 L N
Zy= I S iy = I > fiz1mavezak)- (3.13)
TR

k=1

In switching theory the mathematical expectation Zo can be calculated by using the
" assigned input probability vector (P(X}), P(Xz2), ..., P(X,)) of the Boolean function of
the circuit .

In general, for a large circuit, the calculation of Zo may be rather difficult; however,

if L is sufficiently large , the value of Z, can be closely approximated as:

1 & |

Zo® T g flermarmsnd) : (3.14)
Since Zj, is defined as the average of the outputs F over the input‘ sequence length L
(random distribution), then the limit of this normal distribution must be the normal
distribution of Z;, and Z,, will be a random variable. However, if we apply th;e theory
~ of the central limit theorem, fbr very long input sequence, we can approximate the

probability density function of the random variable Zy, as:

1 1tE=m)®
- (-1E=Ro)) .
nz,) = ,-—--—2“026 2 _ (3.15)




where the mean and variance are , respectively :

L
Zo =23 F(21,2, s Tns k) (3.16)
L k=1
1 & 2
(}'2 = E Z(Z[,.; - Zo)" (3.17)
i=1

and Z; is the average for the ith input sequence of length L.

In the approximation that we used for this particular distribution of the outputs

under consideration, the variance ¢* can be obtained as:

o %(z0 — (Zo)?) (3.18)

-

Typically, the mathematical expectation Zg of a designed combinatorial network can
be calculated by using the probability transformation rules (tabulated as formulas) of
logic functions [25], and the Boolean function of the circuit . Thus Zg can be obtained
‘readily . However, the average Z, of the outputs is observable and measurable from the
output data of the network under test. Later on, we will give a relationship between
the calculated and m;asured data .
Let us now tabulate the output probability Pg of some logic gates, assuming that the
input variables are mutually independent. Pr can be calculated from the probabilities
. of all the minterms for which F = 1. Table 3.1 provide the formulas for probabilities

of output variables for some standard logic gates .
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TABLE 3.1 Probability Transformation Formulas (P; = P;=y))

Logic Gate Béolean Function  Qutput probability Pr

NOT F=3a Prp=1-F,

NOR F=a+b+c Pr=(1-P)1-PB)1-PF.)
OR o F = atbdc Pr=1-(1-P.)(1-R)1-F.)
AND F = ab.c Pp=P,.B.P

NAND F =a.bc Pr=1—P,.B.P.

EX-OR F =ab+ab Pe=P,+P— gP,Pb

EX-NOR IF = ab+ab Pr=1—(P,+ P,,'— 2P, P,)

OEXAMPLE 3.1
Consider the combinational circuit shown in Figure 3.2 .
Thcdg\utput function can be expressed as: |
fiam = AB+ AB
Tllc @ue of the mathematical expecta.tidn Z, of the output f(,q,a_) can be calculated

T e
from the definition as: - R

1

Zy = E[fiap) =E[AB+AB] .
Zo =(A=0)B = 0)P=0)Pa=0) + (A = 0)(B = 1)Pia=0yP(8=1)
+(A = 1)(B = 0)Pz=1)P(p=0) + (A = 1)(B = 1)P z=yP5=y)

*



1(A,B)

iy

Figure 3.2: A simple combinational circuit .

+HA=0)B = 0)Pa=0)Pg=0) + (A = 0)(B =1)P (4=0F(B=1)
+(A = 1)(E = O)P'(A=1>)P(B=0) + (A = 1)(B = l)P(A=l)P(B=l)

An easy way for calculating the expectation is to take all the combinations of
minterms in the sum-of-products of the function. In our case: AB : 00 01 10 11 and

AB:00011011.
Therefore, if we assume that:
P4=y) = Plizo) = @, and Pg=y) = Pgaoy = b,
- or Pla=0) = Pz=1) = 1 ~a, and Pg=g) = Pg=yy =14,

we have :

Zo =1.0.(1 —a)(1 —b)+0.1.a.b+ 1.0.(1 — a)(1 — b) + 1.1.(1 — a).b
© 40.0.(1 - a).b+ 0.1(1 — a)(1 — b) + 1.0.0b + LLa(1 ~ b)
or Zyg={1-a)bt+a(l—-b)=b—ab+a—ab
or Zo =a+b—2ab
or Zy = 2a — 2a® for:a=b.
Hoﬁever, if we use the formulas from the Table 3.1, Zy can be expressed as:
Z = E\AB + AB) = PigPys |
= AND( NOT(A),B ) + AND( A,NOT(B) )
or  Zo=(l—a)b+a(l—b)
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or Zo=a+b-—-2ab. for: a¥b

or Zy = 2a — 2a?....... for: a=b. |

3.3 FAULT DISTANCE THEORY

Let us start bSr the definition of the word Feature in our study -

Thc word feature here is the feature of the input sequence which is not directly used
for the pattern recognition purposes . It will mean (in our case) the probability vector
: [Pilz1), Pi{z2), - Pi(z0)] of the inputs, where n is the number of the iﬁput lines and i
is the ith approximation of the best feature set. Therefore, for the pattern classification
for fault diagnosis, the measurement of Z;, has been used.

| Furthermore, it should bc; noted that class separability is the separation of two or
mo:;e classes, and the feature selection becomes the prlocess of choosing of those features
which are most effective in showing fault separability in Zo space, where faults represent
classes in our study . _

The most important aspect of the study ié to find the feature set : [P(z1), .P"(!Bz); vy
Pi(zy)] which maximizes some distance measure between two or more faults in the Zo
space,

EUCLIDEAN DISTANCE (denoted by E-distance) may be used as the distance
measure, which is cxpiained byl the following example:

0D EXAMPLE 3.2 | | ~ ”

Let -;15 consider the same circuit of Figure 3.2. Assume as shown in Figufe 3.3 that

we have fault F, with line A stuck-at-zero, and fault F»> with line B stuck-at-one.

To find the feature set to maximize the distance between these two faults, let us
consider the distance in the Zp spa.cé in the form of E-distance.

From the circuit we have:



As-u-l‘lE A |> OA
[} 0 e Fi N 2 F2
i = [=
)— B _X%— |
B S-at-1 !
{n) (b)
Figure 3.3: The circuit for Example 3.2 with line A-s-a 0, and line B-s-a 1.
Fl = B a.nd Fg = x;i
If we assume the feature : [Pia=1y, Pa=n)] = la, b}, then the expectations Z, of the .
i
faults are:
Z(F)=b  and Z(R)=1-a
. Hence the E-distance between Zo(Fy) and Zo(F3) is :
E — distance = \/ (Zo(F)]? + [Zo( F2))? (3.19)
E — distance = 1/b? 4+ (1 — a)? with the contraints :
| 0<akl;
0<b<1.

If we solve this constfa.ined maximization problem, we will havea =b=0,0r a = b = 1, which i
‘the same if we started with the feature Pa=1) = P(g=1) -
- (In our approximation, the starting point is: P(x,) = Pixz) = voe = Px,) = 0.5 )
On the other hand, if we assume the feature [Pra=1y = P=n)} = [a,a], then
Zo(F)) =@ and Z(Fy)=1-a
Then the E-distance will be :
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E — distance = \/a? + (1 — a)?

E — distance = v2a? + 1 — 2a, with the contraint that 0 < a < 1.
E-distance will have the maximum value if we select 2 = 0 or 1; hence the feature will be
[IJ(A=1): P(B:l)] = [0: 0] and [})(A=0):P(B=D)] = [11 1]

&)

This example suggests that the assumption of equal probabilities may be good
enough in many circuits. For large circuits, it is evident that the feature is long and
difficult t6 calculate , and the more the number of fault classes, the more difficult it
gets. Therefore, this assumption will minimize the calculation complexity for finding
the desired feature in many cases.

A major disndva.ntaéc of using the E-distance is that it has no direct relation with
the error probability, or with the means (Zo’s) and variances (c?'s) of the density func-
tions. So our goal is to find such a distance between two classes (faults), which can be
represented By the distance between two density functions corresponding to the density
functions of Z.'s of t{}c two fault classes (since Z;, is a random variable under the ran-
dom input) . Iut.uit.\ivcly, it seems that larger fault distances among faults may result in
low testing error. BHATTACHARYYA DISTANCE (denoted by B-distance) [11,13] is
used here fqr classification, because of its convenient relation with the error probability
where BAYES® rule is applied for the fault separability.

Some interesting properties for B-distance whichg_gay be useful in our study are :

i - B-distance is always a positive qua.'ﬁtitj ,0 SB-dista:;ce <.

i - B-distzm'cel does not obey fhé triangle ineqﬁaxllity . |

it - If we have: @ a set lof systefn parameters with 7; a priori probability, and
- B as another set with =, and B-disance (a) > B-distance(B), then there exists
‘II{m, ) as a set of a priori probabilities for which the f;rror condition is :

¢
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e(a,7) < €(B,7) .

For the particular case where (Z.’s) are assumed to have normal density functions,
B-distance measure depends on (Zo’s) and (02’s) of the density functions. There-
fore, the problem is to minimize the error probability by finding a specified feature
set [Pi(z1), Pi(22), ---» Pi(%n)] that maximizes the distance (B-distance) between the two
fault classes . |

3.3.1 BAYE S’ CLASSIFIER

In some statistical cases, if an outcome of an experiment depends on the outcomes of
various intermediate stages, BAYES' rule is very effective to simplify the study.

To illustrate, suppose that there are'two faults : F with output expectation value

Z,, and F, with Z,, with respect to a prespecified feature set [Pray, (g, if we assume,

that A,B are the inputs of the circuit under study . Also assume that Fj has P as @
priori probability (that the fault exists), and F has P,. |

Using Eq.(3.5), the average values Z(F) and Z(F:) of the outputs of Fy and F;
have the probability density functioris (pdf), respectively, as follows (assuming L is of
fixed length).o -

_1' Zr(Fh)=%) ‘
f(Z:.(f"x))— \/——? ZLLL:PL) (3'20)
. l_z Fa)=2Z
fizurn = W (- EHERD (3.21)
where : ) |
O . 1 L
o] = EZ(Zl i— )~ —(Zl Z3). (3.22)
1 & ‘
o3 =3 2(%ai - zz)*w:-,—;(_zz—z:)- (3.23) -

where : 'L tending to oo .

The pdf fiz,(r) and fiz,(r)) can be graphically represented as in figure 3.3 .

L
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P2 * KZ (F2)) P1*KZ (F1))

e
|
—

Pi/r2

Figw = 34, pdf of faults F} and F.

e

Before decidirllg-‘fgi}gl; decision rule, we should define the meaning of Pla | )
notation. The notation P(e« | B) is used for the conditional probability of an event «
relative to a sample space § , or given that event-§ has occurred. | |

If we have Z as an observation vector (which is a set of numbers obtained through
an obscervation or & measurement process) and if we need it to determine whether 7

belongs to fault Fy or F; , the decision rule which is based simply on probabilities may ‘

be written as foliows:
If P(FR{Z2)2P(F|2Z), then ZeF,; else Ze€Bh (3.24)

The conditional probabilities P(F; | Z) may be calculated from P; (the a priori proba-

bilities). Therefore P(Z | F;) or the conditional density functions can be written as:

' P(Z | F)P
P& 2)= 2ELDR (3:25)
Since Eq.(3.17) could be written as: |
P(Z | )Py P(Z | )P, .(3.26)I

p(z) = P(2)



the decision rule of Eq.(3.17) can be expressed as:

If P(Z|F)P.>P(Z|F)P, then Z €Fy; else ZEFR  (327)

Oor :
I (Z l 12) i 1
L AN 3 2
If BZIF) 2P then Z €Fy; else ZeFRR,  (3.28)
where P(Z l Fl) = f(z,_(pl)) and P(Z I F-;) = _f(zl_(pz)) (3.29)

This decision is optimum in the sense that it is based on the full statistics of the

measurements. This is the well known is BAYES’ classifier .

3.3.2 ERROR DERIVATION

In general, through this decision rule or any other decision rule it is almost impossible
to lead to perfect classification. In order to analyze the confidence level of a decision
making, we must caicula.te the probability of error, which is the probability that Z is

assigned to the wrong class. Then the testing error probability [8] can be expressed as:
¢ = Prob(error) = Prob{error | F{)P, + Prob(error | F2)P, (3.30)

Whenever a sample belongs to Fy or F, an error occurs whenever Z € the regions of
domain &, or & of F; or Fj, respectively .

Therefore: .
€=Prod(Z €& | R)P, + Prob(Z € &, | B2) P (3.31)

To solve this equa.tion,.we use the integration of the density functions of Fy and I%;

O\

therefore, by the help of .Figure 3.3, we have :

A
. Py [Py 1 "Ar
e=P, jo P(Z| R)dz + P f,, i PE\ Y (3.32)
In general: | o
o [P pz Bz P [ (2| B 3.33
e=P [ P(Z|RM:z+P [ P(Z|F)ds (333)
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E= P1€1 + PgEz. (334)

where &,, €2 are the errors of misclassifying samples from faults F) and F;,respectively.

3.3.3 BHATTACHARYYA DISTANCE (Calculation and Ob-
servation)

Let us study the fact that we cannot obtain a closed-form expression for the error
probability. We may scck either an approximate expression, or an upper and/or lower
bound on the error probability.

If we use Chernoff bound theory, the probability of error may be bounded and ex-

pressed as: .
£ < (Py)1=(P) el - (3.35)
where s is a real number, F being the random class vector samples, F; and F; being the
two clements of random vector F, and u(s) is the threshold of the solutions (for given
g). Then : o
e= (P (B} jﬁ P(Z | B)'""P(Z | Fy)'dz (3.36)

where £ is the total range of the domain of Z.

The selection of 0.5 for s, which still gives the upper bound of €, bypasses the problem

of finding the optimum s as well as the relative sensitivity of Z around the optimum

value. Then Eq.(3.36) becomes:

< (P,P,)if? je P(Z | R)V*P(2 | F)dz | (3.37)
or €% (PIP,)V%HW*H ' - (339)
where  p(1/2) = —Ln je [P(Z | F2)P(2Z | Fy)]Vdz (3.39)

’
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This p(1/2) is the well known Bhattacharyya distance and it will be the fault distance

in our study.

In our approach, p(1/2) for the normal distributions of Eq.(3.15) and Eq.(3.16) can

be expressed as:

Bou = B — distancer2 = (1/2) 1(—Zg—+-i—21- 2L I(";;: doita) (340
where Zy, 2, and a2,02 can be obtained by the help of Eqgs.(3.11), (3.16), and(3.17),
respectively .

From Eq.(3.31), we can find a relation between_the testing crror probability and the

B-distance as follows:

Ln(e) < Lnf(PPy)' e+ < (%)gn(P;Pa) — u(1/2) (3.41)
Or  u(1/2) < FLn(PiPy) - In(e) < sIn iyt (3.42)

If we take the equality condition only, the B-distance between the two distributions of
the two fault classes Fy and F, is :

P
Byeq = B — distance; 2 = p(1/2) = —L'np1 2

(3.43)

The cdnclusion that we arrive at is that B-distance has link between the confidence level
(CL) of the testing and the feature set selection. |

Given a spec1ﬁed test conﬁdence level CL, we can relate it to the limiting error
proba.blhty cas: CL>1—e. ‘

We must select a feature set having an observable or measurable fault distance (B~
d.lsta.pce) satisfied by Eq.(3.43), or greater than that value; otherwise, another feature
set should be selected. ':7. ¢ | ..

Note that £romEq(340) we have the cl:alcula.ted distance to be denoted by Beat, and
from Eq.(3.43) we- ha.ve t';he required B-distance to be denoted by By, -

' Then the condition to study is : |
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If Bcuf 2 Brcq
then, accept the feature set as the required feature,

else find another feature set to satisfy the condition.

We are going to use a stochastic approximation method for the solution of this problem.

3.3.4 METHOD OF CHOOSING THE FEATURE SET

The process of choosing the feature set (in previous case) is straightforward except at
the decision point where the assumed feature under test does not satisfy the condition
in Eq.(3.43) .

One way - of choosing a new feature set is to use the discretion and the previous
experimental results. Anotheri way of solving this problem of finding the desired feature
sct satisfying Eq.(3.43) is to use any stochastic gradient method, as for example, the

metliod of stochastic approumatu)n [14,26] |
| Suppose the desired B-distance should satisfy the condition in Eq. (3 36) Let the

approximated (calculated B-distance) at the ith stage be represented as Bi_cq , where:
Bi—cat = F(Pitm)s Pifza)s s Pitza)) (3.44)

" Remembering that B;_. is a function of the feature under test at the ith stage, we

want the root of the ecquation :

Bicat = f(Pizrys Pitea)s oroos Piten)) = Breg = Bumin (3.45)

where Bnin is the desired B-distance satisfying Eq.(3.43)‘. Using the stochastic approx-
imation techniques extended by Kiefer and Wolfowitz {14] , we can form from Eq.(3;45)

the regression function F; as:

F(P(=1).P(=:)......P(:n)) = (-Bc'—oal - Bml'n)2 = F; (3.45)

i
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QOur problem now is to find the root of F; .

If the theory of Kiefer and Wolfowitz is used, the present estimate and the new observa-

tion Pi(z;) is given by:

§F;
Pipa(z;) = Pi(z;) — P'.SP;(:c,-) (3.47)
where 1 < j € n and I} is a sequence satisfying the convergence conditions :
B T = ST = .2
(a): fm T: =0, (b) : D T = oo, (): 3. IM<oo (3.48)

i=1 =1

Eq.(3.482) allows the process to settle down in the limit, Eq.(3.48b) ensures that there

is enough corrective action to avoid stopping short of root, Eq.(3.48c) guarantecs the

variance of the accumulated noise to be finite. More generally, a sequence of the form
I; = (%)" where 1 £ k < %, satisfies Eq.(3.48 a,b,c), and it is not the only possible
sequence .

Hence ﬁ%—(% can be obtained by experimentation as :

§F  _ [Fiaeten = Fige)-aol ,
§P(z;) 2a; (3.49)

where a; is a sequence satisfying the conditions :

(a): ‘_l_jl‘rga,- =0, - (b): i(.:r.;)2 < o0, (c): i(%)" < 00 (3.50)

i=1 =1
Note that Eq.(3.50¢) is to cancel the accumulated noise effects .

Therefore, we measure the derivative experimentally and modify Py (z;) as:

' Fip.(z)wan) — Fipi(zi)—a; "
Pipa(z;) = Pi(z;) -'1".'[ (Rl ')2(1_ (Rilzi) ol (3.51)

Then, for an n-input combinational network, Eq.(3.47) can be extended and gives

the algorithm of the form :

33
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_ - - - f S5
Pii(z1) P(z:1) 8Fi(=1)
T __8F;
Pip1(z2) Pyz,) 8Pi(za)
- = - — 1—". * * (3.52)
| Pipr(zn) | | Pi(zn) | L ng‘-‘:i -
The vector ['u’i.-ﬁ'.')" ﬁiﬁi‘ ...... ) S—I;—f-i—zn—)] can be obtained from Eq.(3.49) as :
L o - F{P{z1)+0:i,Pi (21l Pilza)) = P Pi(z1) =21, Pilza)s oo s Pi{2n)) 7
§Pi(=1) ' 12a¢
5F; F(Pi{21),Pi{z2) 485 e PilZa )= F(Pi(z1). Pi(z2) =aireee Pilzn))
6}’.(1-2) . 2a; ' . .
. = . (3.53)
_L;‘}_ FtP{z1).Pi{z2)..e.. .P.'(zn)+aa):-F(Pe(=|).P.'(xu) ...... ,Bi(zn)—a;i)
| TPy ! o . ]

[P(zy), P(x2), ... ,ﬁ(;z:,;)] will minimize the F funétion in Eq.(3.39) , which means :
i I?(ml)! ] [ P(xl): -|
P($2)'l P(a:?-)!
— . , as i— 00 (3.54)
| P(z.) | | P(zn) |

Although this procedure for finding the desired feature set is str;ightforward, the

cxperimentation needed for the calculations of Eq.(3.53) are quite involved ..
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3.4 ALGORITHM

If we follow the process of Section 3.2, we can easily form (in the case of two faults i
and j) an algorithm for finding the features set .
This algorithm can be described as :

“Algorithm

Stepi :Set the following theoretical data :
€ : The error probability .
P; and P; : The a priori probabilities of F; and Fj, respectively .
(in our case we assume that the faults have equal
probabilities of appearing as i=(NF= Number of faults)
[Po(z1), Po(T2), -y Po(®n)] : The arbitrary feature vector of tﬁe input sequence
(in our case, the sta.rtiné point for the vector is :

[0.5, 0.5,...., 0.5 ]).

Step2 :Find the B~ ~distance;; from Eq.(3.43) which is the thcorct:cal Bregti .,)

Let us say it is the minimum B-distance Bin-
Step3 :Simulate the combinational network with all the possible faults.
Step4 :This step consists of several substeps as :
@) | Generate the input random sequence with respect to the prespecified
feature vector. |
(i) Observe the means Z; and Z; expeﬁmentally with the help of Eq.(3.1_6) .
() Caleulate the variances o? and of from Eq.(318) .
Step5 Ca.lcula.te Bhattacharyya distance (Bij—cat) from Eq.(3.40) .
Step6 Compare the experimental result (Step2) with the theoretical result (Step4)
and make the d'eclsmn as:

if Bij-m! 2;Bij—rcq
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then accept the feature vector as the required feature set;
else use stochastic approximation method to form

the new feature vector, then go to Step4.

If after several trials the stochastic approximation does not give a good result, then we
should start with a new arbitrary feature vector other then [ 0.5,0.5,...,0.5 ], and then
go to Stepd.

The dgoﬁthﬁ is simple up to Step 6 where the assumed feature vector under test
does not satisfy the condition of Eq.(3.43).x Then the input sequenée needed for the
calculation of Eq.(3.52) and Eq.{3.53) can be quite large. Two inportant facts should
be taken into consideration. One is the time for generating the sequence and simulating

the circuit and the second is the rate of convergence which might be rather slow.

3.5 m-FAULT CASE

From the 't.}vo fault case the procedure can be extended to the multiple fault case. -

Assume we having a combinational network.with m possible faults. Let us assume
that tllcsc faults can be grouped into two classes A and B with class A containing k
faults, and class B containing (m-k) faults. Let the total error probability be € (specified)
and the pairwise error probability be €;; between faults i and j, respectively.

Then the most important condition to consider is :

ESii E,,Sii By; | | (5.55)

i

where B;; is the B-distance between two faults i and j from the two classes, respectively.

Because ¢ is already specified as (1-CL) where CL is the confidence level, then Eq.(3.55)
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becomes :

For the stochastic approximation, the function to be formed is:

k m .
F'=(_ Y B;—¢) (3.57)

i=1 yj=k+1

Then algorithms in the form of Eq.(3.56) and Eq.(3.57) can be formed to minimize I
and to get the desired feature set vector. These procedures may give risc to a problem

which will be evident in the following example.

DEXAMPLE 3.3
Let us consider a combinational network with five possible faults (i.c, m = 5). Let

those five faults be grouped into two classes, Class 1 with 2 faults (k = 2); Class 2 with
3 faults (m-k = 2). Then Eq.(3.57) becomes:

F' = [(Bis + Bia + Bis) + (Bxa + Baa + Bs) — . (3.58)

where ¢ is the specified error probability. As we know, in general B-distance doces not
satisfy the triangle inequality, so in minimizing F!, the situations in Figure 3.4(a,b)
may result . | |

Moreover, the use of the binary decision classifier with the assumed grouping will
give very poor result. ‘

On the other hand, if the result gives rise to the situation as depicted in Figure
3.5(#), the binary decision will give good result.

One v}aylto ensure that the situation of Figure 3.5(a) will result is to define two

functions F? and F* as:

F2 = Blg ‘ .I: ‘ * (3.59)
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Figure 3.5: Four possibilities for the pdf’s distribution of Example 3.3 .

1;!8 = (B:M + Bas + qu) . (3.60)

Now, if we minimize the functions F!, F?, and F® simultaneously, it is expected that
the situation as in Figurc 3.4(a) is ensured. The problem of minimization can be solved
by minimizing F* first, then F?, and finally F2, and repeating the process until the
convergence 1s reached. O ‘ |

Unfortunatcly, there are two major disadvantages of this metl?od

(1) The time required for the ca.lculatlons is quite long. There is no general proof
of convergence for such a rmnumza.tlon problem. Therefore, for a given proble;m, it is
hopefully e.‘c;;ectcd that the minimization problem will converge. |

From the preceding discussions, it is obvious that the process of ﬁnd.ing the desired

feature is quite involved, and it can be formulated as in Eq.(3.42) and Eq.(3.43). How-

’
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ever, once the feature vector is obtained, the method of testing and locating the faults

becomes rather simple.

Figure 3.5 shows the flowchart of the overall process of finding the desired feature

vector.
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Control Data

* St the error bound
* Set the pairwise probabiliy Pi(FD)
* St the arbitrary feature vector

( PigX1),P5002),—escenmenn PIG) )

Input_Output Data

* Generate Input_Data {randomly) .
* Simulate the combinational network.

* Observe the mean Zi for cach fault

* Caleulate the variances for each fault Sot New Feature

Vector

L. ‘ ( Stochastic approx.)

Data Analysis T :

* Group the faults into 2 dasses
(arbitrarly)
* Calculate the regression function Fl

F1 minimum
.

Save Feature Vector
[ P(x1),P(x2),.......,P(xn) }

o

‘Figure 3.6: The flowchart for finding the desired feature vector.‘
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Chapter 4

TREE CLASSIFIER THEORY

4.1 INTRODUCTION

The present study on faults is based on the use of binary trees which is comprised of
" two phases. The first phase is to build a binary trec and the sccond phase is to traverse
the tree.

In this chapter, we focus 6ur attention to building the tree. It centers around
dassiﬁcatign of the faults, based on the feature vector v&hich has been found to be 'vury

' effective in the classification. We define the rules of grouping the fa.ult.;; with respect to
the threshold which can be obtained from the theory of error calculation.

The binary classifier tree has the propert.jr that the number of faults in each left or
right subtree is less than the number of faults in the root of those subtrees, until tlic
last node ﬁha.t has the fault to be located.

We will use the theory of proBability to -ca.lculé.tc an optimal value of the threshold

and finally present an example to illustrate the theory.

4.2 ‘'FAULT CLASSIFICATION

Assuming the different fault classes are available, the only problem is the development, of

the fault classification rule. For our purpose some of the well known pattern recognition

—
fas
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techniques [4-6] can be used. In general, all the different classification rules do nc:;t lead
to the solution without producing different error probabilities. But to approach more
to the reality of measurement, it is expected that the technique which is more measure-
matched for a given application will lead to the desired goal. Here the binary decision

tree has been adapted to this multi-class classification problem.

4.2.1 DECISION RULE

The starting point of the classification will be established in the root of the tree and the
clussification will be done with the help of a threshold H. Each successive mean of each

fault is then compared to H. If it is smaller, it goes to the left subtree; if it is greater, .

it goes Eo the right subtrec; and if it matches, we call it an overlap fault to be defined
later. |

The threshold H is obtained by minimizing the error probability assigned to the
node of this ;:tilrcsllold. For the accuracy of the overall classification, we note that the
size of tolerable error probability at cach node should be preassigned. So to obtain an

optimal error probability of the whole classifier, we shall have the optimal assignment

of error probability at cach node of the tree.

OEXAMPLE 4.1

For a ;r,iven combinational net\vork, assume we have seven possible faults: F1,F2,3,F4,F5,FG,
and F7, with the means: 0.1; 0.2, 0.3, 04, 0.5, 0.6, and 0.7, respectively. Assume that
the threshold is 0.5 ; therefore , the probability density function of .the normal distfibﬁ-

tion of the cutputs can be sketched as shown in Figui'e 41.0

When an unknown fault F; with mean Z; is to be classified, the decision can be used



Figure 4.1: pdf of the 7 output faults of Example 4.1 (with H = 0.50).

If Av Fi(whichisZ;) < 0.5, then F; € Classl, else F; € Class2. (4.1}

The method of evaluating the threshold H of such a node is based on the theory of error

probability of the node (the calculation will be explained later in the chaptcr) .
4.2.2 OVERLAP FAULTS

DEFINITION : A fault F: is called an overlap fault if it cannot be well identified by a
specified decision rule.

To be more specific, the definition can be explained by the following examplé :

OEXAMPLE 4.2
- Assume that the threshold level in Example 4.1 is 0.57 rather than 0.50 ; then the
pdf of the normal distribution is as shown in Figure 4.2 . The fault F4 is hard to be
identified by this decision rule which means that this is an overlap fault. The decision
process can then be represented by ihe tree structure in Figurc 4.3.
Since F4 cannot be well defined by the threshold H, overlap oceurs in the next stage
of classification. The more the overlap occurs, thc more will be thc number of st'x;,(.s in

the decision tree; so, to find an optimal threshold in each stage is very nmportant.Cl



Figurc 4.2: pdf of the 7 outpu? faults of Example 4.1 (with H = 0.57).

i

Faults ARRBAGRKF

s 04060508 | H
Zi<cH Zi>H '
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Faults FIRBH Faults FF FSF7

B H | B

TN N

Figure 4.3: Tree representatiofl in case of overlap fault .
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4.3 THRESHOLD (H) CALCULATION

Associated with the decision rule, the probability of error is the most effective measure
for the evaluation of the threshold H. In gencral, the calculation of error probability is
very difficult. To illustrate the concept for the derivation of the optimal threshold, we

treat the case of two fault classes first and then extend the result to the case of multiple

faults.

4.3.1 CASE OF TWO FAULTS

Assume that we have two fault classes F1 and F2 with the information from the pre-

ceding Section 3.3.1 . The measurements have the probability density functions (recall
from Eq.(3.20) to Eq.(3.23)) as : .

1 _A{z=a) .
fizumy = e ™ (4.2)
210y i
(2 ?1’ ‘!L\r
1 —_ oo . 1
flzum) = e (4.3)
2703 '
where the variances, respectively, are :
2 1 2 ‘ l‘ .
o6 = ""(zl - Zy) (4.4)
o' = 1( Za) | - (45)
L

Assume also that H is the optimal threshold with a minimum testing crror proba.b:ht.y

Then the error probability can be computed as:

Zy—2)°

T 1 - A | _Lz._,:{zl_z = , |

£E= P;] e M dz+ sz e dz. (4.6)
A H \[2xa? 0 /2702 |

a

By assuxmng By = M we can write Eq (4.6) as
S =m n-z -
L4 1 _f' ag 1 _ﬁ
e=P /"Zf TR [ el )



Pj * KZ E) Pi * Z (Fi))

Figure 4.4: Figure 3.4 reproduced .

Substituting the va.lucs of oy and o, from Eq.(4, \4) and Eq.(4. 5) in Eq.(4.7) , we have :
11
-. B \p

' 1

€= P‘j —\/-]é=e Tdy+ P, f‘\ ‘/_e 5 d-y (4.8)

where : ' |
‘ .
— =2 — 1-2Z,

A= Viz-z)L’ 5 Vz-2Z3/L
_ -2 - H=2Z — Z-Z; ‘

¢= \7(;5,_2;),;, ' D_"" Jeman 2 V= Jasa

by

To find an optimal value of H, we differentiate € with respect to H and equate to zero.
Then we find the value of H from this equation with the restriction that H will be within
Zyand Zy .

Hence :

de —Pll,(-%y,%ns[ H-2) , P i:(—%%-,’,—,_lﬁl (H-2)
dH = fom B [z-2)T Vo B (2~ B)/L

(4.9)
Now if we make : ﬁ, =0, immediately we have :
_ IH—ZEF | - ;R-gf’ :
P, 1 e[ ém—zlml = Pg.—-——}——-e[ %(z:-zg)lr-l (4.10)

Z, — 22 %2 — 22
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Taking logarithms of both sides, we have:
1(H-2,)" YH-2Z) _ 1,

- 4.11
3(Z—2) 2z I (P1 ) (4.11)
To simplify calculation , let :

():2,—2i=a; ():Z-2]=b (iii): Ln( ? ) =c (4.12)
: 1
Then Eq.(4.9) can be written as :
(H—2,2 (H-2,)?* | .
2a + 2b - (4.13)
or:
(a+ b)H? — 2(b2Z; + aZ))H + (aZ] + 2] — abc) = 0. . (4.14)

Therefore, with the constraint 2, < H < Z, , we can easily solve Eq.(4.14) to find the
optimal threshold H .

In the limiting case, if we consider the length of the input sequence L to be very
large (i.e. L— oo), Eq.(4.11) can be approximated as:
2 2 :
= e
which, with Eq.(4.12), ]gecomes : \.\
H-2%) H-2Z) _, "
2a 2b

- Solving this equation, the 6ptimal theeshold H with a minimum testing error probability

(4.16)

(in the case of two fault classes F1 and F2), becomes :

=22
Zz + Zl g:_z%

= | 4.17
: H Zz—-Z’ ( )

14,225

From Eq.(4.17), we have obviously :
Z, < H< 2, : (4.18)

For any assigned input sequence length L, we can easily find an optimal threshold I by
solving Eq.(4.11) . |
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Figure 4.5: pdf for the n-fault case .
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4.3.2 CASE OF n FAULTS

For the case of n fault classes (n > 2) , after grouping, we have two classes. Class 1 has
k faults and Class 2 has (n-k) fauits (Figure 4.5 ) .

The total érror c:mlcn]a.tion can be done as:

er = }: ,,__z an f_ﬂi ¥ dy | (4.19)
\/: =R . =kt '7,"' ‘

where : o; and o; can be obtained from :

gy = \’ %(Z,\ - ZE) i j (4.20)

. N
T S =
Pi————= o= Pj——=¢ i 4.21
§ \/Z 22 j_'—§-l J\[Zj “"Z} ' ¢ ( )

Eq.(4.21) is not very easy to solve for large k and n, and no closed form can be obtained.

By putting %’f =0, we have :

But by using stochastic approximation or any such similar algorithms, an optimal H

can always be obtained, if we denote:

(a):z < H < y; (b) r=Maz. |, Z; (8):y=Min |y, Z; (422

So, the starting point of the algorithm can be reasonably selected so that it converges

| rapidly.
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Figure 4.6: The effect of overlapping faults .

4.4 LARGE ERROR CALCULATION

Now, having the threshold H from Eq.(4.11), we can usc Eq.(4.19) to calculate the

probability of error e .By the decision rulc, if g is lnghcr than the preassigned error

‘bound, the decxsmn with the obtained threshold will not provide good performance .

Therefore, we propose two methods for solvmg this problem.

The first method is called overlap solution method . By looking at the problem,

we propose to take the fault which has the nearest mean to the threshold H oul of
consideration (nearest mean has the hig};er error probability), and to let it. overlap in
the next level of the tree; then we .énd the decision threshold again. This process can
be repea.ted until the total error probability is less than the preassigned error. Figure
4.6 shows the effect of overlapping on the error probablhty ‘ |
The second method is based on the limiting case of Eq (4.20). By mcrcnsmg the

input sequence length L, we can reduce the variances of faults. This will also reduce

the total error probability.
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By recalling Eq.(4.20), we have :

(2: — 2}) = fiz.u)- (4.23)

o] o

ol =
Therfore , Eq.(4.19) becomes :
er = f(z.,z;.L) : (4.24)

If L -—o00, then er — 0.

This .two methods can be applied together to obtain a very low error probability .

4.5 GROUPING TECHNIQUE FOR FAULT CLASSES

Until this point, we are close to defining the algorithm for building the' decision tree.
The only problem lcgt is to find a way out of spreading the faults at a particular node
under consideration into two groups, with respect to the f;aature set selected at this
node. Then Ecis.(4.19) and (4.21) become useful to find if the calculated total error
probability satisfies the prespecified total error.

As illustration, let us consider the study of a particular tree node haﬁng P faults

under consideration. Obviously, the possible combinations of classification in two groups

of faults is:

Possible Combination(PC) = (2°~' — 1) possibilities. (4.25)

: .

It has been shown in Cimptcr 3 that if we arbitrarily spread the faults into two classes
and find the feature which will satisfy the conditions of Eqgs.(3.58), (3.59), and (3.60),
the feature will be optimal for this grouping and this grouping can be used for the
threshold calculation. But as already mentioned, the procedure for finding the feature
sal.tisfying conditions of Eqs.(3.58), (8.59), and (3.60) is quite involved. Now if we assume

that we find the feature which will satisfy only the condition in Eq.(3.58), then any of
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the situations as shown in Figure(3.4) might result. A neced for a regrouping is hence
required before the threshold calculation.

The grouping technique is rather easy and straightforward. After the arbitrary
grouping of the faults into two groups, the optimal feature is obtained which will satisfy
only the conditions in Eq.(3.58). Once it is done, an algorithm to select one good
regrouping can be given as follows:

One way is that the fault classes are regrouped nccordin}g{ to their average values
(mean Z;). The fault classes which will have their mean valucs\\ltcﬁsj’thanos are grouped
_ in one class and the other fault classes into the other class. Then, from Eq.(4.21), we

can obtain the threshold H. Furthermore, from Eq.(4.19), we obtain the total error
probability for this regrouping.

- This regrouping will not be complete until the condition satisfies the preassigned
error probability; otherwise, we find the fault class whose mean value is ncarest to 0.5,

| let it overlap in the next stage of the tree, then recalculate the error probability, and
check whether or not it satisfies the preassigned error probability . This is continued
every time we overlap a fault until we succeed. ‘

‘That this grouping procedure hasrg.n intuitive justification is evident from Eq.(4.23).
Since the variance of the average of the outputs is related to the average value, the
maximum variance will occur when the average value tends to move cither towards zero
or towards 1. The value of variance will be zero when the average value is cither 0 or
1. Thus it is reasonable to group all the faults having average values less than 0.5 to
one group and all others ha.vmg the a.verage values greater than 0.5 to the other group.
(Note here that the faults having average values equal t0 0.5 will be overlapped ) In thls
sxtua.tmn, the threshold value obtained will be near 0.5. Since the fault. classes which
has the average value near to 0.5 will have the most variance va.luc, it is expected that

they will introduce the most error; thus in the casec of select.mg overlap faults, these will
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be selected first.

As far as the distribution of the average values of the outputs for all the fault classes
to be grouped are well spread between 0 and 1, the above method may have good
performance; otherwise, in the case where the average values are within less than 0.5 or
greater than 0.5, then the following procedure may be used.

First, try another arbitrary grouping for the feature selection so that the average
values of the outputs of the fault classes spread over the range 0 to 1. If with several
trials this cannot be obtained, the following procedure is next used .

Assuming that the node under consideration has P faults, after seiefal arbitrary
groupings, let us denote Znis to be the minimum average value and Zmaz to be the.

maximum average value. Then the average of these Limits is

st'n + Zma::

Zpp =
A 2

{4.26)

Therefore, among thc f'm.t classes, all the fault classes having the average output values "
less than Z,4, are to be grouped in Group 1, and the others in Group 2. However to
1cduu. the calculation probability, we use aga.m the overlap techmque, in which the
nearest output zwemge value to ZA,, causes the overla.p fault. It is obvious that th1s |

guess about the ovcrlap tcchmque ma.y not always be correct.

4.6 THE ALGORITHM FOR TREE CONSTRUC-
" TION’

-

So far we have been cxpl_a.ining the process of completing the tree building phase. Therei

fore, ﬁ'grdttpinxglalgo}itlxni is needed to efficiently dei;erf;ﬁne the be;t classiﬁca.tion with
respect to t.he feature s?:t and preassigned error proba.bility In our notation, a grouping
algorithm and a flowchart representatxon toget.her make up a cla.wﬁca.tlon procedure

which is the mechanism for solving the construction problem.



For a given n-input combinatorial network with the set of all possible faults, the

following algorithm is. used for the construction of the decision tree

Step 1:

Step 2:

ALGORITHM

From the feature set algorithm in Chapter 3, select the desired feature vector :

[P(':m P(;z), ..... s P(:,.)]-

Generate randomly the input, with respect to the desired feature vector. Then
from the simulated network under study, observe the average of the outputs

(the mean Z;) . Calculate the variance with respect to the in‘.put sequence

length L.

Regroup the faults based on their averages with 0.5 level, or
with : [-(z"‘Ltz"‘ﬁl] level.

: Obtain the threshold H using any method to solve Eq.(4.21).

With this threshold, calculate the total error probabi‘lity e from Eq.(4.19).

The decision to be made here is :

; Is the total error probability £7 is less than the preassigned error

Step 6:

- probability ?’

\

If yes,7 then go to Step 7 ;

else , go to Step 6 .

Two possible solutions are :

L

(1) Take off the fault of nearest averag;\. to the threshold H {overlap problem),
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or (2)increase the input sequence L to reduce the variances.

Then go to Step 4.

Step 7: Obtain two nodes for the tree with node 1 kaving the faults of Group 1, and
node 2 having the faults of Group 2. Then observe if nodes have only one fault.
If yes, then stop and the decision finished ;

clse, go to Step 1.

The overall flowchart for the decision tree can be represented as in Figure 4.6 . The .
algorithm is simply the interactive application of a classification rule based on the total
crror probability criterion. It is important to note that at each node with an overlap

fault the levels of the tree will increase, and create a need for more classification time.

The results from the overall study for the building phase of the decision tree can be

illustrated in the following example.

J e

i
'V
.,,
_‘_\.

u| D}\AMPLE 4.3

Assumc that a 4-input combma.tlonal network has a nine possible faults. After
grouping (using the feature vector 0.4, 0.7, 0.8, 0.5, for example) we get these faults
into 2 classes, Class lzlcontaining 5 faults: F1, F2, FS, F4, and F5, while Class 2
conlfaﬁllillg 4 faults : F6, FT, ‘-}FS and F9, as shown in Figure 4.6(a). H, is ob;ained as
‘the optimal threshold and the decision stage is as in Figure 4.6(b).

If we ﬁnd that the calculated tota.l error proba.b:hty T by thls decision rule is higher
than the prmssxgned error probabxhty, we should find the. fa.ult which has the higher
error and let it.overlap in the following stage of the tree. Suppose, in our e;ca,mple. , the
fault FS5 yields the maximum errc;r p:obability: So F5 is taken out of consideration and

the decision threshold is found as H,. Figure 4.9 illustrates the solution in j‘.Lhe case of

F
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Figure 4.7: The flowchart for the decision tree .
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Figure 4.8: (a): pdf representation, and (b): decision tree representation for Example
43.
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Figure 4.9: (a):pdf representation, and (b): decision tree rcf:reintntion, with fault F5
out of consideration(F5 is overlapped) .

large error probabilities .
If the error as calculated is lower than-the error bound, wc. blflid_ up the tree . Thus
we create two nodes and_ then we check these nodes if they have one fault each . I the
answer is yes, we stop; if not, we apply the above procedures of t.hc“al'gorithm to the
“node which needs further expansion . |
Figure 4.10 shows the decision tree generated for our Example .
Note that the balancing of the trce reduce the aﬁcrﬁge classification time. To il-

lustrate this fact, let us consider the previous example with 9 faults. If in the first

57



Level

F  |Fault Under Study]
FS | Feature Set||
H  1Threshold M}

-
I I Nonterminal node

O Terminal node

< (Note: This tree Is for a non specific network )
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Figure 4.10: The overall decision tree representa.tion‘ for Ex;imple 43.
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classification , we had Class 1 with seven faults rather than five faults, it needs at least
three levels for the classification to be completed with balance and without overlap.
However , from Figure 4.9 , it is easy to sce that for detecting fault F9 we need six
classification levels with unbalanced tree (case b) rather than 4 levels with the balanced

tree (case a). 0

Once the decision tree is obtained from the building phase, the testing procedure
which is the search phase can be implemented as explained in Chapter 2. If the trec
is well constructed (balanced and less overlapping), we can find the faults very quickly,
because the needed number of testing stages is almost proportional to:

. log,omt -
Noof Testing Level(NTL) = log,n = ———— (4.27)
‘ log,q 2 .

where n is number of possible faults of the network under test .

kS

Y
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Figure 4.11: (a.)':f Illustration of balanced tree, and (b): illustration of unbalanced tree .
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Chapter 5

STRUCTURE AND
IMPLEMENTATION OF THE
TREE CONSTRUCTION PHASE

5.1 INTRODUCTION

In this chapter we focus our attention on the structurc and implementation of Lh(
tree _ponstruction phase - tree classifier - which has been developed in the prcccdit{g
chapter. We now develop algorithms and provide ﬁowcharts for the implementation of
this structure and show how easily they can be realized in software.

For our purpose it is convenient to lsplib the discussio:h of our implementation nto
two mal.jor categories which correspond closely to the major aspects of the programmming

structure .

1 - Algorithm The way of defining the action of an opcrati'on. It specifies how
to compléte t;he $olutioq for any given problem.
2- Flowcha.rﬁ :The interface between the programming language and the
algorithm of the solution method. In another words it is the
graphical representation of a proposed solution method.

Figure 5.1 shows some of the standard symbols.

i
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— ) <>C>

Terminal Input/Output Processing Dedislon Logic Subroutine
Point Operation -
@ ‘ (b) © @ (o)

Figure 5.1: Some standard flowchart symbols .

5.2 THE OVERALL PERFORMANCE

The overall performance will have three major stages :

STAGE 1 : Input data - Input data from and for the circuit under study -.

STAGE 2: \Data analyses - Classification of faults - . ' |

STAGE 3 :\'Output data - Inserting data in tree - .

Pigure 5.2 illustrates the overall arrangement of those stages. A set of procedures
or subroutines forms the structure of each of them . These procedures are sufficient to
define the programming logic (Appendix A). |

Note that we used PASCAL as high level programming language in the implemen-
tation because of its flexibility in rcalizing'trce structures [2).

We are mainly concerned in the folloﬁ‘ring sections about the algorithm and the

flowchart of each step.

5.3 PROCEDURES OF LEVEL 1

Level 1 is a set of starting procedures; it consists of input data and the data analysis
procedure (Const-Tree).
In the input data, we have to set : the error permissible for our design (Error-Ass),

the input sequcﬁce length (ISL), and the number of possible faults of the circuit under
study (Fa.ult;). -



. Sy

Set: ISL, Fault¥

Mean_In_Order - Insert_Root Save_Info

4
Input_Qutput_Data Info_More_Fault - @
Simulate_Circuit Verify_Distribution

Get_Total_Error Take_Off_Fault Save:

Stoch_Approx
. &
Get_Class_Sep Stop with H Sct_New_Prob. Repeat_Arbit.Group
O Procedure calling another procedure .
{1 Terminal procedure l <
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Const-Tree deals with the data analysis for constructing the tree or in other words,
classifying the faults. This procedure can be implemented by the following algorithm.
Note here that each step starting with a "0” means that it is defined earlier as an
algorithm, and with a ”e” means it could be done inside the procedure itself.

CONST-TREE ALGORITHM .

1 o Assign a reference number for each fault (Fi) (Figure 5.3).

2 0 Get the information for the classification aspect .

3 o Assign the root node of the tree . B

4 « Insert the information in the root node .

5 ¢ Save the information in output file .

6 O Insert in the tree (Insert-Preorder) means that the first analyses should be in

the root, then left nocic, then right node .

For example, the seven nodes are constructed recursively in the order 1,2,....,7 as
shown in Figure 5.5 .‘ Figure 5.4 shows the structure of the nonterminal and terminal
nodes; refer to thq pdf distribution of the faults . Finally, Figure 5.6 illustrates the

flowchart of the previous algorithm .

5.4 PROCEDURES OF LEVEL 2

This level has two procedures :
(1) Getting the information that is used for classification (Get-Info).
~ (2) Inserting preorder in the tree (Insert-Preorder) .

To be more precise, we are going to develo_p the structure of each one of the above .
54.1 GET-INFORMATION (Get-Info) .

The steps forming this procedure will be as follows :
I )
L

1 o'Sclect arbitrary feature set [Po(21), Po(x2), ey Poz)] -
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Overlap faults (OVLE).

Fault of Max. Lt Fault of Min.right.

NF = Number of fault = m \ /

‘__, Fl R ... Flrnax M Flmin  ..... Fovl  Fm
- EEw®E f \\’{ STENER
| A
T;__ ZReffl ZRef2  ..... ZRLmax " ZRRmin e ZRceff(m-1) ZReff{m)
0 " threshold (THILD)
( Non_terminal node )
L|R]| THLD | NF ZLmax ZRmin | ovLD Faults
mRi{FR]...... | FRn
Left Ri represents the reference
Right vectorof fault Fi.
Threshold H
Number of faults . # of faults overlapping
Mean of max left L——  Moanof min. right
’ (a)
Ternminal node
L R NF FZroff(i)
‘Left =nil . *
R . Right = nil
"Numberof The content of Zreff(i)
faults =1 - has the location of the fault
( b ) x =

Figure 5.3: Reference names for computing purposc' .
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BEN

b

Figure 5.4: Preorder construction of the tree .

\ Open Output File (ToRead) /

L

Set references (Z-ref(i))

. < - Get_Information )

L

Insert in root tree,
Then save data in
Output file(ToRead)

A

<' : lnscrt_PrcordE)
‘ A 4
\ Close Qutput File /

Figure 5.5: The 1st level procedure .
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In our case we assign the same probability to all the inputs as [0.5,0.5,....,0.5] .
2 D Generate input data, then observe the average output data (Input-Output-Data),
X-in[l] as an input, MeanfI] as an average output .
3 O Select the average output, Mean(l] in order from lower to higher (Mecan-in-Order) .
4 o Verify the condition of not having a limit problem with Mean(of first fault] = 0
or mean(of:last fault] = 1. If we have one of these two conditions,
then go to Step 2;
else go to Step 5 .
5 o Get the information for a node of more than one fault.

The flowchart of forming the (Get-Info) procedure is given in Figure 5.7 .

4.;
R
L

5.4.2 INSERT IN THE TREE

This procedure is to save the data in tree form that will be néeded for the testing phase.

It consists of the following phases : | Ce
‘ 1 o Insert information in the root node .

2 e Save the information in output file.

What ive need to save for the root node is :
The input sequence length (ISL).
The number of faults (NF).
Th;e order of faults by their reference numbers (Z-Ref).
The threshold level (H) for decision making.

This result can appear as :

10,000 <= Input Sequence Length

6 <= Number of faults
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Figure 5.6: Flowchart for Get-Info procedure .
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" Sclect arbitrary feature
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-]

)

.

The means Z;

in order

>0.501 <= Threshold H

* 30 Complete the construction of the tree .

The flowchart for this process is shown in Figure 5.8 . A

5.5 PROCEDURES OF LEVEL 3

Two sets of procedures for forming this level are given below .

SET 1 cons1sts of the followmg procedures

() O Genera.tmg input data and obtmnmb output results (Input Out.put. -Data ).

(b) » Arranging the output averages (Mean-In- -Order) .

(c) O Data analysis for the information of more faults (Info-More-Fault) .

SET 2 consists of the followmg procedures . R
{ a) e Saving the data by msertmg in the root (Savc~1nfo)

(b) o Insertlng the rest of the node in preorder form (Insert -Preorder) .
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5.5.1 INPUT-OUTPUT DATA

This procedure can be realized in the following steps :

le

9 o

Assign 4 reference for each output.
Assuming that we have the input probability vector, generate the input data by
using one of the following two methods :
- Standard PASCAL random generator function , or
R procedure called Coding-Decoding input data (as explained later on).
Simulate the network under consideration (Figure 5.10).
Our simulation consists of a set of functions as shown in Table 5.1.

Table‘S\.l Simulation of Logic Gates .

Gate Condition for output F
NORG . - e If x+y+4z = O, thenF=1;elseF=0
ORG “ If x+y+2=0,then F=0;clsc F = 1
ANDG If x+)lr+z =3,thenF=1;clseF =0
NANDG If x+y+z =0, then F=1; else F =0
NOTG Ifx=1,t{1an=o';elseF=1
EX-ORG Ifx =y, then F = 6. olse F = 1 |
EX-NORG . © Ex=ythnF=1;csF =0

=
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F = EX-NORG(x,ANDG(NORG(x,0,y),1,2))-

Figure 5.8: Example with the simulation functions .

4 o Repeat Steps 2 and 3 until the preassigned input length ISL is completed.

5 e Obtain the output average Z; .

The flowchart of the above algorithm is presented as in Figure 5.9.
Because of the constraint imposed by storage location that we need to use to save
~ (ISL * N-input) line matrix of logic representation, we decided to use coding and decod-

ing of data which consists of representing cach decimal numbef in 2 bits length rather

than 16 bits. |
| But this mcf.hod rcquires trex}lendous amount of tlme for generating, coding, and.
decoding data length (10,000 points for example). Therefore, in our approach we used
the standard random generator in PASCAL to eliminate tile time problem. But we
have to keep in mmd that the scquences of numbers generated by a computer are'
deterministic, each number other tha.n the first depends on the number that precedes 1!'.
However, this is sufficient for our purpose . Therefore, from our experimental results, if
we assign a 0.60 probability for the input X; for length of 10,000 , we get a.pprox:mately
5500 to 6500 1's out of 10,000 .

The preceding result explains that our input data will be generated with +5% error

RIS
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(From Get_Info; K
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* Sct the Input Sequence Lenght (ISL)

= Sot the feature vector (FS)
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e | _simulie the circuit with
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| AN
. .
Is
P>ISL

No

rP=P+1

?

Yes

Calculate Zi

Figure 5.9: Input-output data flowchart.
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in faster time (as compared to the time of first method) .

The logic representative (PASCAL) of this method is as follows :

If random(ISL) < Abs {P(z:) * (ISL))
then input X; =13

clse input X; =0.

The random (ISL) is obtained from the following equation:

Ny =(a* N; + C) Mode m
with the constraints that N, a,and C are > 0 ; and m > Np, a, and C ; N; and Niy, are
the previous and the next numbers, respectively ; a, ¢, and m are arbitrary numbers.

Mt;dulcs (m) determines the range of the random numbers which should be fairly large.

5.5.2 MEAN-IN-ORDER

From previous explanations, we have a reference number for each fault. Assume the

following example with 6 faults:

i = 1 e 3 4 5 6
mean Z{i] Zi]  zZil ozl ozl ozl zie) ¢
Z-Reli] 1 23 4 5 6
Vale . 05 08 01 05 09 03

To sclect those means in order form, we sh'ould follow Steps'1 to 7 as:
1. Save Z[i] and its.rcfercnce i.
2. Vérify if Z[¢] > Z[z + 1], then switch means and references as :

Z[i} becomes Z[i+1) ;

‘Z[i+1] becomes Zfi] ,



Z-Reffi] becomes Z-Reffi+1] ;
Z-Reffi] becomes Z-Ref[i+1] ;
3 . Repeat Step 2 (m-1) times where m = number of faults = 6 in this example .
4 . Repeat Step 3 (m) times.
5. Calculate the variance for the ordered mcans .

The result after this arrangement for the same example is :

i= 1 2 3 4 5 6
mean Z[i] z(]  Zi2l 23]zl 25z
Z-Ref[i] 3 6 1 4 2 5
Vaue . 01 03 05 05 08 09

For example, if we have i=2, then Z-Ref[2] = 6 mcans that ‘we have 0.3 as value of mean
7[2], which refer to fault number 6 from the original information.

Graphically, the flowchart of this procedure can be illustrated as in Figure 5.12+
5.5.3 INFO-MORE-FAULTS

We now present the most importaﬁt procedure for constructing the tree . This procedure
consists of the following steps : L{:T
1 o Verify if the distribution of Z{s covers 0 to 1.
2 O Group the faults arbitrarily into two groups.
30 Regroup the faults and obtain the threshold level H .
4 o Calculate the total error problabil';_ty €.
' 5 e Verify the condition :
If error calculated > error assigned.

then go to Step 6 ;

N . 75
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@y_lhe_Distn‘butic)

-

3
<Arbitrary_Crouping>

Increase ISL or
h Change the feature

set .
Cakulate & & Take_Off_Fault > Foverlap=0.

Figure 5.11: Flowchart for the procedure : Info-More-Fault.

else go to Const-tree .
6 O Take off ;'aults (overlap) if fault overlap > 2, or increase the input sequence léngl.l:,
or change input probability vectorif : .~
Number of faults - Number of overlap faults = 2.
7 & Repeat from Step 3.

Figure 5.12 represents graphically the flowchart of the processes . -
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5.5.4 INSERT IN THE TREE (Insert-Preorder)

This is done recursively in order of father node first, then left child, then right child .
The algorithm is given as follows :
1 » Get the set of faults under study which is the class of the root node {from
Section 5.3 : Algorithm : Step 67 ). For starting, X is the class one of the root. .
9 o Check if the number of faults is greater than one. If yes, then go to Step 4 ; else
go to Step 3.
3 » Insert the information in terminal node and save the data in the output file.
"4 @ Get the input and output information {Get-Info) as in the previous section.
5 e Insert the information in a new left node, then save it in the output file. Then this
new node bccomcs':t\l;.c root for Step 1. Start again with X = 1.
6 o Insert the information in new right node, then save it in the onitput file. Then this
new right node becomes the root for Step 1. Start again with X = 2. |
This process will continue until all the terminal nodes have each only one fault.

In graphical form the flowchart becomes as in Figure 5.12 .

5.6 PROCEDURES OF LEVEL 4 -

We now prescnt the set of procedures of level 4 as :
(a) i- Group the fault arbitrarily into two classes.
ii- Regroup by sctting the threshold level H.
(b) Tuke off the closest fault to the threshold or increase ISL.

(¢) Use stochastic approximation to obtain the desired feature set . /

5.6.1 . GROUPING ARBITRARY

Grouping the faults arbitrarily can be refined in the following algorithm .



S = Root
X w1l
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Qutput
File
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Figure 5.13: Flowchart for arbitrary-grouping procedure .

1 e Get the class scparability by setting the threshold H to 0.5
or to (Zmar + Ziin)/2, and finding the group classes.
2 e Calculate F! . . .

3 O Use stochastic approximation method to minimize F! . -

5.6.2 - REGROUPING AND SET-THRESHOLD H

-The algorithm can be illustrated as:
1 o Calculate Eq.(4.21) with H from the arbitrary, grouping .
2 e Docs H satisfy Eq.(4.21) ? If yes, stop ; if not, go to Step 3.

i
1

3 e Calculate the derivative of Eq.(4.21) as .o . 2
By recalling Eq.(4.21), we can form the H function as : _ '
. -1 HezZ: 2 n ' ) -ltﬂ_z.)z' .
f(H)—ZP L_ A st 7 s
= \Z; - 22 =k %5 — Z;

(See Eq.(4.2i) in Chapter 4 for details )

Then assuming :
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ﬁo: Eq. 417 apply Newton’s method ) f,—:Jl
& ’

Figure 5.14: Flowchart for setting threshold H .

A= zi-22 ’ J B RV
C=sg=zn-2d D=ggy,
the derivative of f(H) becomes :
. ‘ n '
FI(H) ==Y 24C(H - 2:)e~CW-20 4. 3~ 2BD(H — Z;)cP1-%) (5.2)
i=1 I=k+1 . ‘

4 » Apply Newton’s method to find a new threshold H by using its standard equation
as : '

I ¢:0) |
) H.'+1—1|‘Ix FICH) \‘ (5.3)

5 e Repeat from Step 2.
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5.6.3 STOCHASTIC APPROXIMATION

Only one procedure at this level which called stochastic gpproximation method is used
to select the feature set vector. The algorithm can be given as:

1 O Set a new probability for the feature by using Kiefer and Wolfowitz method.

2 e Generate input data and obtain cutput averages (Z’s) .

3 o Group the means in ordered form . |

4 ¢ Calculate FY, .

5 e Verify if F,, is less then F} (the previous function) :

If yes, repeat from Step 1 ;

if not, save the featuré set of F} .

5.7 EXAMPLE AND APPLICATION .

An cxample of application of the tree classifier method can be provided by building
n binary tree to locate faults in the ALU (Arithmetic Logic Unit) SN54LS181 (see
- Figure 5.15). We illustrate this application for constructiqn by computer simulation in
PASCAL on an IBM-PC .

Because of storage limitation, consider only 7 primary input lines X; where i = 1,
2, 3,...,7, with a total of 22 lines having either stuck-at-one or stuck-at-zero types of

faults. From those 22 lines we have 28 different output functions as tabulated in Table

9.2.

TABLE 5.2 : 28 Different Qutput Functions with faults s-a-0/1 .

Fault|i] Line #,stuck-at-0/1 Fault[i) Line #stuck-at-0/1
1 (1,0); (10,0) 15 (5,0)
2 (1,1) 16 (8,1)

3 (2,0); 10,0) 17 (9,0); (15,0)
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Figure 5.15: Flowchart for stochastic approximation .
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TYPES SKb64181, SN54LS181, SN545181, SN74181, SN74LS181, SN74S181

ARITHMETIC LOGIC UNITS/FUNCTION GENERATORS
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" Figure 5.16: The Arithmetic Logic Unit (ALU) SN54LS181 .
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4 (2,1) 18 (9,1)

5 (3,0) 19 (:0,1); (11,1); (15,1); (16,1):
(17,0); {19,0); (21,0)

6 (3,1 20 (12,0)

7 (4,0) 21 (12,1); (13,1); (14,1); (18,0);
(20,0)

8 (4,1) 22 {13,0)

9 (5,0) | 23 (14,0)

10 (5,1) 24 (16,0)

11 (6,0) 25 (17,1)

12 (6,1) 126 (19,1)

13 (7,0) 27 ' (18,1); (20.1); (21,1); (22.0)

14 (T,i\) 28 (22,1) |

x

Two major prd&mmxping results were obtained and are described below .

1 sResults with Fixed Featurec Set

The simplest technique to reduce the time in the constructio:? phase is through fixing,
the input feature set vector to equal lprobability [P(:c.) = 0.5]. Figure 5.17 shows the
flowchart of this approach. Based on this approach, we have the results  shown in

Figures 5.18 and 5.19 with 28 faults under consideration .



Set B,P(x)=05,I5L
and the number of faults(NF)

A If ISL increases
bl
Cencrate data input,
simulate the circuit, and
calculate Zi sand g i's.
{f taldng off fault
Iy
Caleulate ET Take O Fult or >
4
No
Get new
Non_Terminal
node

all nodedhave

Figure 5.17: Flowchart to construct the multistage binary _trée with fixed feature vector
[0.5, 0.5, ....., 0.5] .
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2 ¢ Results with Stochastic Approximation

A more efficient technique with longer time for construction is to use the Kiefer and
Wolowafitz method of stochastic approximation to obtain the desired feature vector. The

following pages illustrate some results.

Figure 5.25 : (a) and (b) shows the relation between the computing time required for

the construction phase, the confidence level, and the number of faults under considera-

tion . It also depicts how the computing time will increase if we nced higher confidence

mcasure .

Further discussions of these results are provided in Chapter 7. Appendix A has the

program listings used for the purpose .
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=

Figure 5.20: Multistage binary tree classifier for the ALU circuit wath : 70 % confidence
level, 7 possible faults, and 2000 input sequence length . .
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Figure 5.21: Multistage binary tree classifier for the ALU circuit wﬂ.h : 99 % conficence
level, 7 possnble faults, and 2000 input sequence length .
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Conf. level Computing time for tree construction
for 7 faults for13 faults
£0% 1.5 h 4.5
70% 35 11,3
90% 4.2 19.5
99% 7.7 272
* The Unit is relative to the speed of the system .
(PCormainframe).
(a)
Confidence
level %
100 NF=13
80
60
40 NF: Number of fault

— Experimental

20 ama Close appmximaﬁoﬂ v

— T T

40 Time (Unit)

Figure 5.24: The relation between the confidence level and the computing time
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Chapter 6

STRUCTURE AND
IMPLEMENTATION OF
TESTING PHASE

6.1 INTRODUCTION

In.the previous chapter we developed a program to find the tree ;:lassiﬁcr. Still, we have
not discussed how to use this information in the real world applications. Qur program
until now have been limited to constructing the trec and storing it in spccific file. in this
Chapter, we will present the application of our tree classifier method in the second phase
of implementation {traverse phase). TI;\:{S implementation illustrates traversing through
large amounts of data (data from chapter 5) to find a particular picce of information.
As we shall see, because of the t;.vq-way decisions that must be made at cach point in
the process, binary traversing is the most efﬁc\i'\ent method of traversing. The help of
the thres‘.hc;ld level H in each node of the tree lea.dsi‘us to locate the fa.plt. of the faulty
circuit under study. |
If we recall the rﬁethod of testing from Chapter 2, Figure 2.5, the result of traversing

our predesigned binary tree is presented in Figure 6.1.
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Root

NodeS

Nodeé Node8

Node7

Assuming line x is faulty rb@ °

Figure 6.1: Traversing a tree to test if line X is s-a-0 .

6.2 THE OVERALL PERFORMANCE

Traversing a tree is completed by following three major steps:
1 e Get input information which consists of getting information from Chapter 5 .

2 e Do data analysis for the network under test which consists of analyzing infor-

mation
and making decision along the binary tree.
3 e Get output result which consists of the answer that we are searching for.

Figurc 6.2 presents graphically the interconnection of this design in order to form 2

levels of connections.

6.3 PROCEDURES OF LEVEL 1

Level 1 is a collection of two procedures: insertion to form the tree classifier (Insert-

Tree-Info), and the decision making to go along the tree {Decision-Making). Each of
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<lnsert_Tree_into > <Decision_Making >

Gat Information Gat Test Result

from Fila
{ Insert_Preorder > <Get_Mean () >

Insart-Left,_Right
or _End_Node : Input_Output_Data

Figure 6.2: The overall performance structure.
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Insert In Root Node

A

<lnsert_Prcorder >

Figure 6.3: Flowchart for Insert-Tree-Info procedure .

these procedures can be implemented as:

6.3.1 INSERT-TREE-INFO

To complete'this procedure we have to implement the following algorithm :
1 o Assign the root node for the tree. .
2 » Get the information from output file of Chapter 5. Then insert them in root .
3 O Complete the insertion in preorder form (Iﬁsért-Preorder) .

This algorithm can be graphically presented as in Figure 6.3.

6.3.2 DECISION MAKING

Making decision is the most important step that allows us to do the test, if we have a
faulty network under test. The algorithm to go along the tree is as follows :

1 & Get the feature sct for the input data.
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9 O Qenerate input data, then obtain the average output Zo of the circuit under
test.
3 oIf Z, = 0 or 1, then assign a reference number to the result, and go to Step 8.
elsc go to Step 4.
4 » Compare Zg with the threshold H of the node :
If less, go to left node; else, go to right node.
5 e Check the number of faults in the new node :
If = 2, then read the length of the input sequence(ISL);
If = 1, then read the result reference number from this terminal
| node, and go to Step 8 .
6 & Get the new feature sct. |
7 o Get the average Z; of the output and go to Step 5.
8 O Get-Test-Result (case of result number with the number of line and condilion
of being stuck at Qor 1) . | |

Graphically, Figure 6.4 presents the flowchart of this algorithm,

6.4 PROCEDURE OF LEVEL 2

This level consists of two procedures:
le Insert data in preorder form which means the rcaditig from the output file of
Chapter 5.
Then arrange the information in tree form. The insertion method (Algorithm
Flowchart) is the same as in Chapter 5. Figure 6.5 illustrates the principle more clearly.
. ) .
2 O Get the average of the output by generating the input data to the circuit
under study and observing the output response.

This procedure has an algorithm of two steps.
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! .
Construct T’a"em
Tree J; rec
Phase 5 Phase

§1 (PreConstructed)

Bulting the tree (Read_Information)
in preorder form, Insert in preorder
(Save_Information) form

Figure 6.5: Transfer of data.

1 » Generate input output data and observe the mean Zg .
2 e Verify if the difference between the mean Zo and threshold level H is very
small : If yes, repeat Step 1 5 if not, stop .

The flowchart can be graphically presented as in Figﬁ}.‘c 6.6 .
6.5 APPLICATION

Let us continue with our discussion of the application of these methods to the ALU for
which we have a classifier tree in Chapter 5 . Suppose that line 5 is stuck-at-0 (Fig.
6.7). If we run the program of Appendix B and set the mformat:on of Fig. 5.8, we can
follow the reading on the screen as in Fig. 6.8. Howcver, if we follow Lhc sleps on the

tree, it is easy to observe the way of solution. We can also observe the number of levels

in the tree defining the testing time results .
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>
Work file name: a:testalus

Loading A:\TESTALUS.PAS

Compiling
488 lines
Code: 0200 paragraphs ( 8192 bytes), OB28 paragraphs free
Data: 0018 paragraphs ( 384 bytes), OFC4 paragraphs free
Stack/Heap: 6527 paragraphs (414320 bytes)
Running |
GIVE ME THE NUMBER OF THE CIRCUIT UNDER TEST ....... 9
..... THANK YOU , WELL I AM TESTING IT AND , THEREFORE.... ~

erreraae 1 AM DOING THE Root NODE
..1 FINISH FROM LEVEL <O0> AND I AM IN LEVEL <1>...
..I FIXISi FROM LEVEL ¢1> AND T aM Is‘LEVEL <2>...
.. FIHISH FROM LEVEL <2> AND I AM IN LEVEL <3>...
..1 FINISH FROM LEVEL <3> AND I AM IN LEVEL <b4>...

..I FINISH FROM LEVEL: <4> AND I AM IN LEVEL <5>...

<+++.BUT LEVEL <5> HAS NO CALCULATION AND THE ANSWER IS
11 THE RESULT FROM THE BINARY DECISION TREE IS : 132
THE FAULT LOCATION IS THAT Line # 5 ..... «ee« S_A O

----------------------------------------------------------------

-
L = = I I I IR R T T T T e S R

-

Figure 6.8: Testing phase result for line 5 stuck-at-0.
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Chapter 7

- CONCLUSIONS

Referring to the theory and application of the proposed method, we denote that the
overall performance of the classifier depends on the total error committmenter of all
faults to be classified at each node of each stage. By the definition of Eq{4.6), e can

be expressed as :

ET = ZP;E; ' (7.1)

i=1

where m represents the number of faults under consideration, and ¢; is the error com-
mittment by fault Fi (summation of errors committed by Fi in each stage) .

Until now, the most important thing after a tree classifier is constructed is Lo restrict
the error probability at each nonterﬁﬁnd node below a certain satisfactory bound so
as to make the overall error probability no more than the tolerable bound. But Lhe
questions to be taken into consideration are : How to find these satisfactory bounds |
at each node ? If ey is the preset total error for the classifier, how lo find the error
probability tolerable at each nonterminal node ? |

Suppose we have a tree classifier with X nonterminal nodes, and each one of them
has a probability Py, , where : |

Py;= >, P(F) : (7.2)

FieNodei
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The total error committment of the tree classifier is less than or equal to:

X
E’I’otal S ZPN.E(Nt) (73)

(N:) being the conditional error probability, because misclassification regions of different
stages may be overlapped partially. Since, for a given problem, the values of X, Py,.
and E(NV;) are not known a priori, the assignment of the error bound at each of the
stages cannot be done analytically before the generation of the tree. If the tolal error
of the tree classifier is less than a certain bound er, how to find the dynamic bound for
all terminals is very important. If now we are dealing with nonterminal node of the Kth
level of the tree, and we have (X - K) more nonterminal nodes, the error bound for the
current node can be :
. 1 k-1
E(Ny) = (T_—T)'(ET - ; E(N) (7.4)
Tlu. purposﬁ is o make the error probability at each nonterminal node equal. By fault
vcllap or controlling of the input lcngth L, we can always ha.ve the error probability
at nonterminal node N; less than the conditional error probability E(N;) as described
: |i1'c\'i01lsl)'. Here again X being unknown, the problem cannot be solved a priori .
Let us approach the problem by taking some approximation or observatiér;. for X as
the number of nonterminal node levels, and K as the Kth level. If m is the number of
faults under considcmt_bn, from Eq.(2.2), Elogio(m + N,,) node levels are needed to

cover all the classifications (N,, is the number of overlapping faults). This means : -

x> '61— log(m + Nay) - (7.5)
And Eq.(7.3) becomes :
Ew, < - (er - Z E(N )) ' - (76)
= (G5log(m + Nyy) — K) =
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For the root node of the tree where K = 0, E(y,) becomes :

E < —_— '-'.—
(Fe) = b%log(m +Now) =0 gzlog(m + Noy) (w0

If we denote that this probability is equal at cach nonterminal node we can define

the error probability as :

ET
Ewg € 1

7.8
oglog(m + Nyy) (7.8)

. at any nonterminal node .

For example, in our case m = 28 faults, and suppose we need 80% confidence level

or (67 = 0.2); therefore, the data from Table 7.1 approaches Eny < 0.04 .

TABLE 7.1 : Eqy,) Relative To N,, With m = 28 Faults, ez =0.2..

Tree Case N, # of Levels Eq.(7.5) Ewvy
Very well construction 0 5 0.04
Good construction 4 5 0.04

. Poor construction 8 9 0.04
6 0.033

Very bad construction 16

An interesting approach to the solution that forms an acceptable constructed tree has

the error bound Ey) for each nonterminal node deﬁnéd as':

(7.9)
One way to reduce the average classification time is the balancing of the tree where

each child of a nonterminal node has almost equal number of fa.ulf.s after the grouping.
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100 — NF=13
80 T eas caman
...... NF>13
60
40 NF: Number of fault
Experimental
20 .~=~ Close approximation
— T T T T
30 40 Time (Unit)

Figure 7.1: Confidence level vs construction time for the multistage. binary tree classifier,

However , this is an important factor to control the stability of the tree levels in relation
to Eq.(5.5), which makes the approach of Ejy) acceptable .

From the experimental results, it is easy to discover that if we are looking for higher
confidence level, the more overlap faults occurs, which increases the classification time
and the number of lcverlg:‘:of the tree, resulting in a longer testing time (Figure 7.1). |

Another important observation that the input sequence length can control the error
probability makes it less than the error bound, but the process is quite long to obtain
a well constructed trec with less levels for testing phase .

The most important point is";jf.he cdmputing time for both phases of constructions

and testing. and this is related to the system we use, IBM-PC or the main frame systems.

It the present study we did all the computations with a simulated circuit {CUT and
the gold unit), and simulated one random gencrator for all the N inputs. However, in
real applications we ca.n>us¢ N generators for the N inputs. This will decrease the time

for generating the input data or the computation time .
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Appendix : The construction phase

program

114



{(SU+) :

{

The program shown here enables us to construct a binary decision
tree for any combinational network that has 5 input gates . ( we
have to take the size of the systems memory in consideration). If
we use m-input rather than S-input gates , we must do some
modification to the simulation functions .

The input data for this program are :

. The confidence level that we need for our design. For example,
if our confidence level is 95 § , our data in should be 0.95 .

. The number of faults under consideration ( Number of faults for
the root node ) .

. The input sequence length {(which defines the size of the input
data to our network ).

. The network simulation procedure .

After we set these data , the program will follow the structure
of Chapter 5 . ..cceececcccsnnnannn sacecasesa st et sesennnsesananna *)

PROGRAM FAULT_LOCATION (INFILE, OUTPUT) :

1

CONST ‘ o |
N_Input = 7 ; { Number of input line to the network }
N_ Fault = 26 ; { Number of possible fault (stuck at 0/1) }
TYPE )
Node = “~NodeRec ;
NodeRec= Record
Left : Node ;
Right : Node ;
TH : Real ; {The threshcld level H }
NF : Integer :; {Number of fault under study. )
‘ZLmax : Integer ; {(Mean Z for Left Max. }
ZRmin : Integer ; {Mean Z for Right Min. }
. Overlap: Integer ; {Number of faults that overlaping)
F : Array[l..N_Fault] of Integer ;  (Fault Fi
Pr : Array[l..N_Input] of Real ;{Input Probability)
End;

{The followin paragraph contains the.global variable for our structure.

We can define.them as :

Infile2 : Is to save the tree information that we need for
the testing phase {TestALU.pas program) .

Input line .

Fault refference number . -

X
Z_Ref



PROB_XIN : The input probability .

MEAN : Output average (Zi) .

VARI : Output variance .

BHAT CAL : Bhattacharrya calculated distance .
Error_Ass : Error required or assigned .

Error_Cal : Error calculated .

L_Error : Left error from right class fault .
R_Error : Right error from left class fault .
F_THRLD : Function of threshold H .

DF_THRLD : The derivative of F_THRLD function .

F1 : Function with calculated Bhattacharrya distance .
OPER_a : Operators for stochastic approximation .
OPER_s : Operators for stochastic approximation .
THRLD : The threshold level H .

N : Number of input lines.

Fault : Number of faultsunder concideration .

B : Increment counter for stoch. approx.
SEP_CLASS : Class seperation to group the faults
IsL : Input sequence length at each node .
SAVE_ISL : The starting ISL .

Foverlap : Number of overlap faults .

Lmax : Last mean in the left group .

Rmin : First mean in the right group .

Root : The top node of the tree . }

VAR .
Infilel,Infile2 : text ;
X ! ARRAY [1..N_Input]  OF INTEGER ;
CFl : ARRAY [1..N_Fault] OF INTEGER ;
Z_Ref : ARRAY [1..N_Fault] OF INTEGER ;
PROB_XIN : ARRAY [1..N_ _Input] OF REAL ;
MEAN : ARRAY [l..N_FAULT] OF REAL ;
VARI : ARRAY [1..N_FAULT] OF REAL ;
BHAT_CAL : ARRAY [1..N_FAULT,l..N FAULT] OF REAL ;
BHAT_MIN : i

ARRAY [1..N FAULT, 1..N_FAULT] OF REAL
Error Ass,Error_Cal,L_ Error,R _Error : Real ;

F THRLD DF THRLD F1, F2 OPER_a, OPER s,THRLD : Real ;
Flt N, NX Fault B,II,SEP CLASS 0K, ISL SAV? _ISL,Foverlap,
Lmax len : INTEGER.

Root : Node ;

(*.. Several functions to simulate the network .......

FUNCTION NORG (U;W,X,Y,2.: INTEGER ) + ‘INTEGER ;
BEGIN

IF U+W+X+Y+Z = 0 THEN NORG := 1 ELSE NORG := 0
END; '

FUNCTION ORG (U,W,X,Y,Z : INTEGER ) : INTEGER ;
BEGIN -

-e
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IF U+W+X+Y+Z = 0 THEN ORG := 0 ELSE ORG := 1 ;
END;
FUNCTION NANDG (U,W,X,Y,2 : INTEGER ) : INTEGER ;
BEGIN
IF U+W+X+Y+Z = S5 THEN NANDG := 0 ELSE NANDG := 1 ?
END; .
FUNCTION ANDG (U,W,X,Y,Z : INTEGER ) : INTEGER ;
BEGIN
IF U+W+X+Y+Z = 5 THEN ANDG := 1 ELSE ANDG := 0 ;
END:
FUNCTION NOTG (X : INTEGER ) : INTEGER ;
BEGIN _
IF X=1 THEN NOTG := 0 ELSE RNOTG := 1 ;
END:;
FUNCTION EX_ORG (X,Y : INTEGER ) : INTEGER ;
BEGIN
IF X=Y THEN EX ORG := ELSE EX ORG := 1 ;
END:;
FUNCTION EX_NORG (X,Y : INTEGER ) : INTEGER :
BEGIN
IF X=Y THEN EX_NORG := 1 ELSE EX NORG := 0 ;
END;
(*.. Procedure to simulate the ALU logic circuit ... .iciiiiiiiiiiinnn *)
PROCEDURE SIMULAT CIRCUIT ;
VAR
Fl1 : ARRAY [1..N_Fault] OF INTEGER A
A, E ¢,D,E,F,G,H,J : INTEGER :
3
BEGIN ,
FOR J := 1 TO Fault DO
BEGIN ‘
CASE Z_Ref{J] OF
(veveennnnnn Ceeaean for line (#1,0) or (#10,0) eceveseccconcennanann y
l:BEGIN

A := NORG(0,0,0,0,ANDG(1,1,X[6],X{2],NOTG(X(51)));

B := NORG(0,0, ANDG(l 1,1, NOTG(X{S]) X[3)). ANDG(1,1,1,X[4], x[5]),x[ 1)
D := NORG(0,0,0, ANDG(1,1,1,NOTG(X{7]),X{3)),ANDG(1,1,1,X(4],X[7]))7
F1[1] :=. NORG( 0,0,0,B, ANDG(l 1,1,A,D) ):

IF F1[1] = 1 THEN CFl[l] := CF1(1] + 1 ;

END;

(teeveenannnen e raemaa for line (#1,1)ece.. eeeenaes ceemenesaaanes ¥ ’
2 :BEGIN

A := NORG(0,0,0, ANDG(1,1,X[5],1,X(6]), ANDG(1,1,4[6],%X[2],
NOTG(X[5])) ):

NORG (0,0, ANDG(1,1,1,NOTG(X[5]),X([3]), ANDG(1,1,1,X[4),X(5]},X{6]):
NORG(0,0,0, ANDG(1,1,1,NOTG(X(7]),X[3]), ANDG(1,1,1,X(4],X(71)):
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F1[2] := NORG( 0,0,0,B, ANDG(1,1,1,A,2} );:
+

IF F1[2] = 1 THEN CF1{2] := CF1(2] :

END;

for line (#2,0) or (#11,0) .. ccccrccacaccccennnn )

3:BEGIN

A := NORG(0,0,0, ANDG(1l,1,X[{S]),X[1],X(6])., 0):

B := NORG(0,0, ANDG(l 1,1,NOTG(X[5]).X{3]), ANDG(1,1,1,X[4],.X(5)).
X(6)):

D := NgRG(O 0,0, ANDG(1l,1,1,NOTG(X(7]),X[3]), ANDG(1,1,1,X(4],X[71}):

F1[3] := NORG( o 0,0,B, ANDG(l 1,1,A,D) );

IF F1{3] = 1 THEN CF1[3] := CF1[3] + 1 :

END;

{eeneccacacassncacasnns for line (#2,1) .cvieancececsaanancannsnns }

4:BEGIN .

A := NORG(0,0,0, ANDG(1,1,X{5),X[1],X(6]), ANDG(1,1,X[6],1,
NOTG(X[S])) Yi
B := NORG(0,0, ANDG(1,1,1,NOTG(X[5]),X(3])., ANDG(1,1,1,X[4],X(5]),

X[61):
D := NéRé(O 0,0, ANDG(1,1,1,NOTG(X[7]),.X{3]), ANDG(1,1,1,X(4],X([(7])):
Fl[d] 1= NORG( o 0,0,B, ANDG(l 1,1,A,D)):
IF F1[4] = 1 THEN CF1[4] i= CF1[4] + 1 ;
END;
(cesecnennnnnnnnnsannan for line (#3,0) c.iceeincsacesnnncannccssns }
5:BEGIN .

A := NORG(0,0,0, ANDG(1,1, X[S] X[1],X(6]1), ANDG(1,1,X[61, X[2].,
NOTG(X[SJ))).

B := NORG(0,0,0, ANDG(1,1, 1 X[4].X{5]), X[s]),

D := NORG(0,0,0,0, ANDG(1,1,1,X[4],X[71)):

F1[5] := NORG( o,o,o,a, ANDG(1,1,1,A,D))

IF F1{5] = 1 THEN CF1[5) := CF1(5]'+ 1 ;

END;

{eereeaeencanannnnnnnns for 1ling (#3,1) cvecenoceccaonnnncanes N |
6:BEGIN

‘A := NORG(0,0,0, ANDG(1,1,X{5],X[1],X[6]), ANDG(1,1,X[6],X{2],
NOTG(X{5]1)) )i |

B := NORG(0,0, ANDG(1,1,1,NOTG(X[5]),1), ANDG(1,1,1,X[4],X[5]).X[6]):

D := NORG(0,0,0, ANDG(1,1,1,NOTG(X(7]),1), ANDG(L,1,1,X[4],X[7]))}

" F1(6] := NORG({ 0,0,0,B, ANDG(l,1,1,A,D)):
IF F1[6] = 1 THEN CF1{6] := CFl{6]) + 1 ;
END; . :
{eeececnicatnnnsnannnan for line (84, O) cesveemsessttemannnne e eean ).
7 : BEGIN . .
A := NORG(0,0,0, ANDG(l 1, X[*:,xr15;.[61), ANDG(1,1,X[6]-%[Z2],

NOTG (X[51)) );
= NORG(0,0, ANDG(1,1,1,NOTG(X[5]),X[31),0, X(6]);
= NORG(0,0,0, ANDG(1,1,1,NOTG(X[7]}),X(3]).0):

B 1
D :
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F1[7]) := NORG( 0,0,0,B, ANDG(1l,1,1,A,D)

):
IF F1{7] = 1 THEN CF1{7] := CF1(7] + 1 ;
END; _
{eeccocnncanacasnas weee TOr line (#4,1) ceeriniiceenntannenannennn }
8:BEGIN

A := NORG(0,0,0, ANDG(1,1,X[5]),X[{1]),X{6]), ANDG(1,1,X{6},X(2],
NOTG(X[S])) ):

B := NORG(0,0, ANDG(1l,1,1,NOTG(X[S]),X[3]), ANDG(1,1,1,1,X(5]).,X[6]):

D := NORG(0,0,0, ANDG(1,%,1,NOTG(X[7]).X[3]), X[(71):

F1[8] := NORG( 0,0,0,B, ANDG(1,1,1,A,D}):

IF F1[{8] = 1 THEN CFl[B] :t= CF1(8] + 1 :

END;

S for line (#5,0) .cicieceniacvnnsnnnnas SR
9:BEGIN

A := NORG(0,0,0,0, ANDG(1l,1,X[6],X[2],1) ):
B := NORG(0,0,X[3],0,X[6]):
D := NORG(0,0,0, ANDG(1,1,1,NOTG(X[7]),X(3]), ANDG(1,1,1,X[41,X[71));

F1[9] := NORG( ¢,0,0,8B, ANDG(l 1,1, A,D));

IF F1{9] = 1 THEN CF1[9] = CF1[9] + 1 ;

END;

{eceenninnecnsnannnnnan for 1ine (#5,1) ......... e eeaecateccaanana }
10:BEGIN '

A := NORG(0,0,0, ANDG(1,1,1,X[(1],X(61), 0);

B := NORG(0,0,0.X[4],X[6]):

D := NORG(0,0,0, ANDG(1,i,1,NOTG(X[7]),X[(3]), ANDG(1,1,1,X[4],X[71));:
F1[10] := NORG( 0,0,0,B. ANDG(1,1,1,A,D)):

IF F1{10] = 1 THEN CFl[lO] := CF1[10] + 1 ;

END; ‘

[ et iianacencanannnnn for line ($6,0) ccuiccnnincnncnsnnnnnnnnns }
11:BEGIN

A 1= 1-;

B := NORG(0,0, ANDG(1,1,1,NOTG(X[5]), X[3])- ANDG(1,1,1,X[4],X[5]),0):
D := NORG(0,0,0, ANDG(1,1,1,NOTG(X[7]), x[3]), ANDG(1,1,1,X[4],X(7]1)})};
. F1{11] := NORG( 0,0,0,B, D).

IF F1{11] =1 THEN CFl[ll] := CF1[11] + 1 ;

END;

[eevevecoannannannnnnnae for line (#6,1) ..ccescccsecvcansnsssacsss }
12: BEGIN

A := NORG(0,0,0, ANDG(1,1,X[5], X[l] 1), ANDG(l 1, 1 X[Z],

NOTG(XISI)) ):
B := 0 ; - ‘
D := NORG(0,0,0, ANDG(i,i,1,NOTG(X{7]1).X[31). ANDG(l 1,1,X[4], xlv]),.
F1[12] := NORG( 0,0,0,0, ANDG(1,1,1,A, D)).
IF F1l[12] = 1 THEN CF1[12] =:= CF1[12] + 1 ;
END;
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{ceesocenanonnsannans e. fOr line (#7,0) iicinecccaansncns crenenan)
13:BEGIN
A := NORG(0,0,0, ANDG(1,1,X{5],X[1],X[6}), ANDG(1,1,X{6],X[2],
NOTG(X([5]}) )s
B := NORG(0,0, ANDG(1l,1,1,NOTG(X{5)),X[3}), ANDG(1,1,1,X[43,X([5]),
ANDG(1,1,2,1,X[6])):

D := NORG(0,0,0,0,X[3]);

F1(13] := NORG( 0,0,0,B, ANDG(1,1,1,A,D)):

IF F1[13] = 1 THEN CF1[13] := CF1{13] + 1 ;

END;

{--teetoncennannananann for line (#7,1)cceiciieccncnccenncannannens }
14:BEGIN

A := NORG(0,0,0, ANDG(1,1,X(S],X{1],X(6]), ANDG(1,1,X[6],X[2],
NOTG(X[S])} )i

B := NORG(0,0, ANDG(1,1,1,NOTG(X[S]),X[3]), ANDG(1,1,1,X[4],X(5]),
X[(6]1):

:= NORG(0,0,0,0,X[4]):

F1{14] := NORG( 0,0,0,B, ANDG(1,1,1,A,D)):;

IF F1{14] = 1 THEN CFl[14] := CF1[14) + 1 ;

END;

[emeicennsannnasnnnannns for line (#8,0) ..iciiirieinnnnnnnnnenosnns }
5:BEGIN

NORG(0,0,0, ANDG(1,1,X[5],X{1],X([6]).0):
NORG(0,0,0, ANDG(1,1,1,X{4),X([5]).X{6));
= NORG{0,0,0, ANDG(1,1,1,NOTG(X[7]),X[3]), AN
X[(41)) s

F1[15] := NORG( 0,0,0,B, ANDG(1,1,1,A,D));

IF F1[15] = 1 THEN CFl[lS] 1= CF1[15] + 1 ;
END;

-
-
-
-
-
-
-
-

un

1
A
B
D

{oerrmceannncacnnans ... for Yine (#8,1) -........ eemeteccseeneatan }

16:BEGIN

A := NORG(0,0,0, ANDG(1,1,X([S],X[L1],X[6]), ANDG(1,1, X[G] X[23.,1) ):

B := NORG(0,0,X{3), ANDG(1,1,1,X[4],X[(5))., X(6]):

D := NORG(0,0,0, ANDG(1l,1,1 NOTG(X[?]) X3, ANDG(l 1,1,X(4],
X(71)):

F1{16] := NORG( 0,0,0,B, ANDG(1,1,1,A,D));

IF F1{16) = 1 THEN CF1[16]) := CF1{1l6] + 1 ;

- END:

{eecevieenennenannenees for line. (#9,0) Or (#15,0)ccccecccccncaaal

17 : BEGIN ’ o '

A -= NORG({M",0,0, ANDG(1,2 %[5],X[1],X[6]), ANDG(1,1,X[6],X[2].,
NOTG(XESJ;} ):

B := N?RG(O 0, ANDG(1,1,1,NOTG(X(5]),X[3]), ANDG(1,1,1,X[4], X[S]),

, X(6)): -

D := NORG(0,0,0,0,ANDG(1,1,1,X[4]1,X(7)}):

/'j
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F1{17)

:= NORG( 0,0,0,B, ANDG(1,1,1,A,D)):
IF F1{17] =

1 THEN CF1[17] 1= CF1[17] + 1 ;
END;
(R teseenasenanassse for line (#9,1) cenvacecueancescansonnanas )
18: BEGIN

A := NORG(0,0,0, ANDG(1,1,X(5).X[1],X[61), ANDG(1,1,X(6],X(2]),
NOTG(X[SJ)) )i
B := NORG(0,0, ANDG(1,1,1,NOTG(X{5]),X[3]), ANDG(1,1,1,X[4].X(5]),

X(6]):
:= NORG(0,0,0,X[3], ANDG(1,1,1,X(4].X[71)):

F1[18] := NORG( 0,0,0,B, ANDG(I 1,1,A,0)):

IF F1[18] = 1 THEN CF1[18] := CF1[18] + 1 ;

END;

{cnconann . for line (#10,1) OR (§11,1) OR (#17,0) .cevecuvnnecnn- )

{eeecennnnnnn or ($15,1) OR (#16,1) OR (#19,0)..c.civncnnnnnnnnns )

19 :BEGIN i

A := : L

B := NORG(O 0, ANDG(l 1,1,NOTG(X[5]).X[(3]1), ANDG(1,1,1, X[4] X(51),
X[{6]);:

D := NORG(0,0,0, ANDG(l,l,l,NOTG(X[?]),X[B]), ANDG(1,1,1,X[4].X(7])):

F1[19] := NORG( 0,0,0,B, ANDG(1,1,1,A,D));

IF F1[19] = 1 THEN CF1[19] := CF1{19] + 1 ;

END;

{caoneen et cssesccannan for line (#l2,0) «.ecvnececacncronsnannanl

20:BEGIN ‘

A := NORG(0,0,0, ANDG(1,1,X[5],X[1},X[6]), ANDG(1,1,X[6],X[2],
NOTG(X[5]))).

B := NORG(0,0,0, ANDG(1,1,1,X[4],X[(5)), X[6]):

D := NORG(0,0,0, ANDG(1,1,1,NOTG(X[7]},X(3]), ANDG(1,1,1,X[4], X[(71)):

F1(20] := NORG( 0,0,0,B, ANDG(l 1,1,A,D));

IF F1[20] = 1 THEN CF1[20] = CF1[20] + 1 ;
END;

{«..... for line (#12,1) OR (#13,1) OR (#14,1) OR (#18,0) or (#20,0)..

21:BEGIN.

A := NORG(0,0,0, ANDG(L,1,X[5).X[1]1,X(6]), ANDG(1,1,X(6],X(2],
NOTG(X[5])) ):

B := H

D := NORG(0,0,0, ANDG(1,1,1,NOTG(X{73),X{3]), ANDG(1,1,1 x[4],X[7})).
F1[21] 1= NORG( 0,0,0,B, ANDG(l 1,1,A,D));

IF F1[21] = l‘THEN CF1[21] = CF1[21] + 1 ;

ENI;

{eeecncecnncnnsannnunnns for line (#13,0) ..ccnineaercrennnarcencanas }
'22:BEGIN
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A := NORG(0,0,0, ANDG(1,1,X{5},X(1]1,X(6]1), ANDG(1,1,X{6],X[2].
NOTG(X({5])) ):

B := NORG(0,0, ANDG(1,1,1,NOTG(X[5]),X(3)), O, X[6])7

D := NORG(0,0,0, ANDG(1,1,1,NOTG(X{71),X[3]), ANDG(1,1,1,X[4],X{71])):
F1{22] := NORG( 0,0,0, B, ANDG(1,1,1,A,D));

IF F1[22] = 1 THEN CF1(22] := CFi[22) + 1 :

END;

(ceceeccaononannnnnanns for line (#14,0) . .iiineieennensncoannannns }
23:BEGIN T

A := NORG(0,0,0, ANDG{1l,1,X[5].X[1],X[6]), ANDG(1,1, X[G] X{21,
NOTG(X[5])) )i

B := NORG(0,0, ANDG(1,1,1,NOTG(X{5)),X[3]), ANDG(1,1,1,X[4},X(5])),0):
D := NORG(0,0,0,ANDG(1,1,1,NOTG(X{7]}),X(3]), ANDG(1,1,1,X[4],X[7])):
F1[23] := NORG( 0,0,0,B, ANDG(1,1,1,A,D));

IF F1[23] = 1 THEN CF1[23] := CF1[23] + 1 ;

END;

[ ieeiaionennonannannnnnns for line (§16,0) ..cceieanesstcnacannanannnns }
24 : BEGIN

" A := NORG(D,0,0, ANDG(1,1,X[5].X{1],X[(6]), ANDG(1,1,X(6],X[2],
NOTG(X[5]1)) ):
B := NORG(O,0, ANDG(L,1,1,NOTG(X[S]),X(3]), ANDG(1,1,1,X[4]1,X{S)),

X[(6]);

D := NORG(0,0,0, ANDG(1l,1,1,NOTG(X[7}),X(3]1}, 0};

F1[24] := NORG( 0,0,0,B; ANDG(1,1,1,A,D)):

IF F1(24] = 1,THEN CF1(24] := CF1l(24] + 1 3

END;

{eeenenenannansnmananna for line (#l7,1) .cceuieiiennnsnssasassusssnsns }

25:BEGIN

B := NORG(0,0, ANDG(1,1,1,NOTG(X[5]),X(3]), ANDG(1,1,1,X[4],X(5]),
X[(6]1):

D := NORG(0,0,0, ANDG(1l,1,1,NOTG(X[7]),X[31), ANDG(1,1,1,X{4],X[7]1)):
F1[25] := NORG( 0,0,0,B,D):

= = o+ by /_,’_’; . 4}
§§0?1[25] 1 THEN CF1([25] CF1{25] i %:y/ LA
H ' . ‘ \\ M «_',‘/
{ermeeineninansnnnnanns for line (#19,1)-ccccccicciacacnsansnasnn '}

26:BEGIN

A := NORG(0,0,0, ANDG(1,1,X[5],X(1],X[6]), ANDG(1,1,%{6],X[2],
NOTG(X[5])) )i
B :=.NORG(0,0, ANDG(1l,1,1,NOTG(X[5]),X[(3]), ANDG(1, 1,1,X[41,X(51),

X[61):

F1(26] .:= NORG( 0,0,0,B,A):

IF F1(26] = 1 THEN CF1[26] := CF1[26] + 1 ; B

END; : ' 4 )
END; (.... END OF CASE ...... b

~END; { ....END FOR J...} '

END;



{.. Procedure to generate input data and obtain output information ...}

PROCEDURE INPUT_OUTPUT_DATA ;

VAR X,P : INTEGER ;

BEGIN
FOR I
FOR P

:= 1 TO FAULT DO CFl{Z Ref({I]] := 0 ;
b 1
BEG

TO ISL DO
N
ORI := 1 TO N DO
BEGIN |
IF RANDOM(ISL)+1 <= ABS(Prob Xin[I] * ISL)
THEN X{I] :
ELSE X[I] :

oIl

END;
SIMULAT CIRCUIT;
END;
FOR I := 1 TO FAULT DO MEAN[{I] := CF1{Z_Ref(I]]}/1ISL ;
END; '

{.. Procedure to group the means in order form .............. e e e }
PROCEDURE MEAN IN ORDER ;
VAR -7

- D_MEAN : REAL ;

"D Ref,I,J : INTEGER :

BEGIN
FOR I := 1 TO FAULT DO
BEGIN _ ‘ o ‘
FOR J := 1 TC FAULT-1 DO
BEGIN | :
D_MEAN := MEAN[J] ;
D _Ref := Z Ref[J] :
IF MEAN[J]}. > MEAN[J+1] THEN
BEGIN
MEAN(J) := MEAN[J+1] :
' MEAN{J+1] := D _MEAN ;
Z_Ref{J] := Z_Ref(J+1] :
. 2Z_Ref[J+1] :%= D_Ref ;
END;
END;
_ END; = _ : .
FOR I := 1 TO FAULT DO VARI{I] := (MEAN[I]-SQR(MEAN[I]))/ISL ;
END; - '
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(*.. Procedure for experimental Bhattacharrya distance ............. *}

PROCEDURE GET_BHAT_CAL ;

VAR
I,J : INTEGER ;
R,2,V : REAL ;
BEGIN
FOR I:= 1 TO Lmax DO
FOR J := Rmin TO FAULT DO
BEGIN
IF MEAN[I) = MEAN{J) THEN BHAT_CAL[X,J] := 0
z ELSE BEGIN
IF (VARI[I] = 0) OR (VARI[J]}=0)
THEN BHAT_ CAL{I,J] := 100
ELSE BEGIN
R := SQR(MEAN{I] - MEAN[J]}) :
2 := VARI{I] + VARI{J] :
V := SQRT(VARI{I] * VARI[{J])
BHAT CAL{I,J] := (0.25*R/Z)+0.5*LN(0.5%Z/V);
END:
END; S
END;
END;
{.. Procedure to find function F1l .......ctiitecennaaaoscnsaccnennns }
PROCEDURE GET Fl :
VAR -
I,J7 : INTEGER ;
FB : REAL ; '
BEGIN
FB = 0 ;
FOR I := 1 TO Lmax DO
FOR J := Rmin TO FAULT DO

FB := FB + BHAT CAL[I,J] :
F1 := SQR(FB - ERROR_ASS);

{.- Pracedure to find the class separability ....ccecceiieccenanane. }

PROCEDURE GET_CLASS SEP ; - . : )
VAR A : INTEGER ; -
BEGIN | '
IF FAULT = 2 ,
THEN BEGIN o .
THRLD := (MEAN({1] + MEAN[2]) / 2 ;
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Lmax
Rmin
FOverlap :
END
ELSE BEGIN
THRLD := ;
FOR A := 1 TO FAULT bo THRLD := THRLD +
THRLD := THRLD/FAULT :

MEAN([A] ;

IF (MEAN([1] = THRLD) OR (MEAN{FAULT] = THRLD)

THEN THRLD := (MEAN[1] + MEAN{FAULT])/2 :

=1 ;
WHILE A < FAULT DO
BEGIN
IF MEAN([A] > THRLD
THEN BEGIN
SEP_CLASS :=
A := FAULT +
END
ELSE A := A + 1 ;

A L
1

-
L4

END:
IF A = FAULT THEN SEP_CLASS := FAULT -~ 1
Lmax := SEP_CLASS ;
Rmin := SEP_CLASS + 17
END;
END;

{.. Procedure to set a new feature set ....

PROCEDURE SET_NEW_PROB (VAR B : INTEGER):
VAR
A ARRAY [1..2] OF REAL ;
NEW_PROB ARRAY [l..N_INPUT] OF REAL
OPER_a,OPER_s,DERIV,OLD_PROB : REAL ;
i,FF,SV : INTEGER
BEGIN
OPER_s := 1/EXP(B - 1) i
OPER a  :="EXP(-1/3*LN(B)) :
FOR NX := 1 TO N DO :
BEGIN
WRITELN(' I AM SETING THE NEW PROB FOR X_In
OLD PROB := PROB _XIN[NX] ;
A[1] := OLD_PROB + OPER a ;
A{2] := OLD_PROB - OPER_a
IF A[1] > 1 THEN L \[1] :
IF A(2)] < 0 THEN \i(2} :
FOR FF := 1 TO 2 DO -
BEGIN _
TROB_XIN[NX] := A[FF] ;
INPUT OUTPUT_DATA ;
MEAN IN ORDER ;
GET_BHAT. CAL ;

e %

w4

' NX);



GET_F1 :
A(FF] := F1 :
END ;

NEW_PROB{NX] := OLD_PROB - OPER_s * (A{1] - A[2])/(2*OPER a):
IF NEW PROB([NX] >= 1 THEN NEW PROB[NX] := 0.9 ?
IF NEW PROB[NX] <= 0 THEN NEW_PROB{NX] := 0.1
PROB_XIN[NX] := OLD_PROB ;
END;
FOR FF := 1 TO N DO PROB XIN{FF} := NEW_PROB[FF] ;
FOR FF := 1 TO N DO WRITELN('THE NEW P t,FF,' = ', ,NEW PROB[FF])
END:
(.. Procedure for the stochastic approximation .......iieeaaan R }
PROCEDURE STOCH_APPROX ;
VAR
SAVE_PROB : ARRAY({1l..N_ INPUT} OF REAL ¢
B, I : INTEGER ¢
OLD_F1 : REAL ;
BEGIN ’
= 2 7
OLD F1 := F1 ;
WHILE B > 0 DO
BEGIN
FOR I := 1 TO N DO SAVE PROB(I] := PROB_XIN(I] :
SET_| NEW’ PROB(B} H
INPUT OUTPUT DATA
GET__ BHAT CAL H
GET F1l ;
WRITELN(® ') |
WRITELN('I AM IN STOCH. APPROX OLD _F1 = ',OLD_F1:5:5,' NEW F1 = ',
F1:5:5);
IF F1 < OLD_ F1
THEN BEGIN
OLD_Fl1 := F1 ;
B:=B+ 17
END
ELSE BEGIN \ :
FOR I := 1 TO N DO PROB_XIN[I] := SAVE_PROB[I):
t=0 ; '
END;
END; ' '
END;

‘.. Procedurée to qroup the faults arbitrarily ..

------ @ s B w el eeesss s

) PROCEDURE ARBITRARY_GROUPING ;-
VAR I,S :INTEGER ;

A,
«



BEGIN
GET_CLASS_SEP
GET_ BHAT CAL ;

GET Fil :

writeln(' '):

writeln(*:s:z:z::::::: i starting stoch.approx for more fault z::::::'):
STOCH_APPROX ;

writeln(¥:z::::::::: i finished stoch.approx for more fault z::::::'):

INPUT OUTPUT DATA

MEAN IN ORDER;

GET__ CLASS SEP ;
END;

{.. Procedure to verify if the distribution is done between 0 and 1 ..}

PROCEDURE VERIFY THE DISTRIBUTION }

VAR
S,I,J : INTEGER /
BEGIN
S =1 :
WHILE S > 0 DO
BEGIN
IF (MEAN{1] < O. 5) AND (MEAN{FAULT) > 0.5)
THEN S :—'0
ELSE BEGIN
INPUT_ OUTPUT_ DATA ;
MEAN IN ORDER :
S :1=8S + 1 ;
TF S = 3 THEN § = 0 ;
END:;
END;
END;
{.. Procedure to calculate the function Oof H teeeccrnrinssaanaanansans

PROCEDURE GET F THRLD. ;

VAR T '
SS,X1,X2,0VER,RX : REAL ;
I, : INTEGER ;

BEGIN
X1 =0 ; . o
FOR I := 1 TO Lmax DO
. BEGIN _
IF MEAN{I] = 0 IHEXN RX :=0
ELSE BEGIN

OVER := SQR(THRLD-MEAN([I})*ISL
SS  := MEAN[I] - SOR(MEAN[I])

-y W



IF OVER/(2%tss) >= 16 THEN RX := 0
ELSE
RX :=((1/FAULT)/SQRT(SS))*EXP(—OVER/(2*SS)):

END;
X1 := X1 + RX ¢
END;
X2 :=0 :
FOR I := Rmin TO FAULT DO
BEGIN
IF MEAN[{I] = 1 THEN RX := 0
ELSE BEGIN
OVER := SQR(THRLD-MEAN([I])*ISL : )
Ss := MEAN{I] - SQR(MEAN(I]} : e
IF OVER/(2*SS) >= 16 THEN RX := 0
ELSE )
RX :=((1/FAULT)/SQRT(SS))*EXP(-OVER/ (2*SS}):
END;
X2 1= X2 + RX ;
END;
F_THRLD := X1 - X2 ;
END?
i
{.. Procedure to calculate the derivative of the function of H ...... }
PROCEDURE GET_DF_THRLD;
VAR
A,B,SS,X1,X2,0VER,RX : REAL ;
I,J : INTEGER ;
BEGIN
Xl == 0 ?
FOR I := 1 TO Lmax DO
BEGIN
IF MEAN[I] = 0 THEN RX := 0
ELSE BEGIN
OVER := SQR(THRLD-MEAN[I])*ISL ;
SS := MEAN[X] - SOR(MEAN[I]) :
A := OVER/(2*SS) ;
B := (1/FAULT)/SQRT(SS) :
IF A >= 16 THEN RX := 0
ELSE RX := —B*((THRLD-MEAN[I])*ISL/SS)*EXP(-A);
END;
X1l := ¥1 + RX ; ‘ i s
END;
X2 =0 ;
FOR I := Rmin TO FAULT DO
" BEGIN .
IF MEAN[X]- = 1 THEN RX := 0

ELSE BEGIN
OVER := SQR(THRLD-MEAN[I])*ISL
:= MEAN[I] - SQR{MEAN([I})
= OVER/ (2*SS) ;
= (1/FAULT)/SQRT(SS)

S5
A
B
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IF A >= 16 THEN RX := 0
ELSE RX := B*((THRLD-MEAN{I1})*ISL/SS)*EXP(-A):

END:;
X2 = X2 + RX ;
END;
DF_THRLD := X1 + X2 ?

END;

{.. Procedure to find a good H, then to regroup the faults

PROCEDURE REGROUPING SET_THRLD;

VAR
A,H : ARRAY([1l..2] OF REAL ;
s, I : INTEGER;
SAVE H : REAL;
BEGIN
k S :=1.;
WHILE S > 0 DO
BEGIN
GET_F_THRLD ;
IF ABS(F_THRLD) < 1/100000.
THEN S =0
ELSE BEGIN
§ :=85+ 1 ;
IF S = 10 THEN S := 0 -
ELSE BEGIN .
GET_DF_THRLD ;
THRLD := THRLD - F_THRLD/DF_THRLD ;
END; ‘
END;
END;
END; ‘

{.. Procedure for the total error calculation
PROCEDURE GET_TOTAL_ERROR_LR

VAR

INTEGER ;

+AREA, INTERVAL,L Error,R_Error,RX,RE : REAL

r
FOR I := 1 TO Lmax DO
BEGIN

IF MEAN(I] = 0 THEN RE := 0
ELSE BEGIN
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:= (THRLD - MEAN([I])/SQRT{(VARI(I]) ;
:= (L - MEAN{I])/SQRT(VARI[I]) :
NTERVAL := ( ¥ - X }/50 ;

IF ABS(X) >= 8. THEN RX := O
ELSE RX := (EXP(~SQR(X)/2))*INTERVAL ;
AREA := AREA + RX
:= X + INTERVAL

LY}

-~

END;
RE := ((1/FAULT)/SQRT(2*PI))*AREA ;
END;
L Error := L Error + RE ;
END;
RE ::= 0 ;
R_Error := 0 ;
FOR I := Rmin TO FAULT DO
BEGIN
IF (MEAN[I] = 1) OR (MEAN[I] = O) THEN RE := 0
ELSE BEGIN
X := - MEAN{I]/SQRT(VARI[I]) :
Y := (THRLD ~ MEAN[I])/SQRT(VARI[I]) :
INTERVAL := { ¥ - X )/50 ;
AREA := 0 ;
WHILE ¥ <= Y DO
BEGIN
IF ABS(X) >= 8. THEN RX := _
EISE RX := EXP(-SQR(X)/Z)*INTERVAL ;
AREA := AREA + RX ;
X := X + INTERVAL ;
END;
RE := ((1/FAULT)/SQRT(2*PI))*AREA ;
, END;
S R _Error := R_Error + RE ;
' END;
ERROR_Cal := L Error + R_Error ;

'END;

{.. Procedure to take the closest fault to H out of consideration .-}

PROCEDURE TAKE _OFF_FAULT ;
VAR LDiff, Rlef SD : REAL ;
I,3,CC : INTEGER H
BEGIN
IF FAULT - FOverlap = 3 THEN CC = 3 . C.
o ELSE IF Lmax = 1 THEN CC := 2 ) o
ELSE IF Rmin = FAULT THEN <CC := 1
ELSE EBLGINM

LDiff := THRLD - MEAN({Lmax])
RDiff := MEAN{Rmin] - THRLD
IF LDiff < RDiff THEN CC :=

‘-

j=t ne w
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ELSE CC := 2 ;
END;
CASE CC OF
1: BEGIN
FOverlap := FOverlap + 1 ;
Imax := Lmax - 1;
END;
2: BEGIN
FOverlap := FOverlap + 1
Rmin := Rmin +
END;
3: BEGIN
FOverlap := FOverlap + 1
Lmax : H
Rmin :
END;
END;

]

END;

(.. Procedure to find the node information ......c.iciceecicecnnens }

PROCEDURE INFO_MoreFault ;

VAR <
ERROR_BOUND : REAL ;
I,C,ccc : INTEGER ;
BEGIN _ :
cce 1= 1 ; _
IF FAULT = FLT THEN VERIFY THE_DISTRIBUTION ;
REPEAT
FOverlap := 0 ;- '
GET CLASS_SEP ;
c =1 :
WHILE C > 0 DO
BEGIN

REGROUPING_SET THRLD ;
GET_TOT. L_ERROR IR ; ' i
IF FAULT - FOverlap = 2 THEN ERROR_BOUND := ERROR_ASS
ELSE ERROR BOUND := ERROR_ASS /ROUND(LN(Flt)/LN(Z)) ;
IF ERROR_CAL <= ERROR_BOUND '
THEN BEGIN
' C :=0
CCC :=

P
.!-

END
ELSE BEGIN
c:=C+ 1 -
. : IF (C = 2) OR (C = 4) THEN ARBITRARY_ GROUPING
T - ’ ELSE IF {(C = 3) OR (C = 5)
. - THEN BEGIN :

ISL := ISL + SAVE_ISL ;
FOR I := 1 TO N DO

PROB _Xin[I):= 0.5;
INPUT_OUTPUT_.DATA ;
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MEAN IN ORDER
GET_: CLASS SEP
END
ELSE IF FAULT-FOverlap > 2
THEN TAKE OFF_FAULT

ay wy

EISE C := 0 ;
END;
END;
CCC := CCC + 1 ;
IF CCC < 4 THEN BEGIN
FOR I := 1 TO N DO

PROB_Xin[I] := 0.1 + RANDOM(8)/10;
INPUT OUTPUT_DATA ;
MEAN_IN_ORDER ;
END;
. UNTIL CCC >= 4 ;

END;

{.. Procedure to start serching for information ..........c.coiiian }
PROCEDURE GET_INFO ;
VAR I,J1 : INTEGER ;
BEGIN
FOR I := 1 TO N_Input DO Prob Xin[I] := 0.5
J1 =1 ; '
REPEAT
" INPUT OUTPUT_ DATA ;
MEAN IN ORDER ;
IF (MEAN[1]>0) OR (MEAN[FAULT]<1)
THEN J1 := 0
ELSE BEGIN
J1 :=J1 + 1 ;
IF J1 = 3 THEN BEGIN
WRITELN('...I GENERAT INPUT DATA 3 TIHES AND T
STILL GETING');
WRITELN(' 2(1] AND Z[FAULT] AS ' ,MEAN[1]:5:3,' ',
MEAN{ FAULT]) ;
JL := 0 ;
END;
END;
UNTIL J1 = 0 ;
INFO_MoreFault ;
_END; : ‘

{.. Procedure to save the information in output file.................

PROCEDURE Save TreeNode(var S : Node):
var I : 1nteger ; '



Begin
WRITELN('.....Don't turne me off please, I am still inserting ....');
WRITELN(INFILE2,S~.NF):

IF S~.NF = FLT THEN FOR I := 1 TO FLT DO WRITELN(infile2,S~.F({X]):
IF S~.NF > 1
THEN BEGIN
WRITELN (INFILE2, ISL);
WRITELN(infile2,S~.TH:5:5);
FOR I := 1 TO N_INPUT DO WRITELN(infile2,S~.PR[I]:5:5);
END

ELSE WRITELN (INFILE2,S5~.F(1]):
end;

{.. Procedure to insert information in left subtree .......... e eeeaa }

PROCEDURE INSERT Left(VAR g : NODE);

VAR
S : Node ;
Y : INTEGER ;
BEGIN
IF g~.Left = NIL THEN
BEGIN
NEW (S) : '
S~.Left := NIL ;
S~.Right := NIL ;
.8~.TH ":= THRLD ;
S4.ZImax := Lmax ;
S~.ZRmin := Rmin ;
S~.overlap := FOverlap ;
S~.NF := FAULT ;
FOR I := 1 TO S~.NF DO S~.F[I] := Z_Ref{I] :
FOR I := 1 TO N_INPUT DO S~.Pr(I] := Prob_Xin[I] :
Save_TreeNode(S); o
: gr.Left := 8 ;
END;

END;

{.. Procedure to insert information in right subtree ................ }

PROCEDURE INSERT Right(VAR q : NODE): )

VAR - .

"S : Node ; . . : o 1 ' -
. I : INTEGER ;- ‘ ; ’
BEGIN | x
IF g~.Rignt = NIL THEN |
BEGIN :

NEW(S) ;

S~.Left := NIL :

P -
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S~.Right := NIL ;
S$~.TH := THRLD ;
S~.2ZLmax := Lmax ;
S$~.ZRmin := Rmin ;
S* Overlap = FOverlap H
.NF := FAULT ;
FOR I := 1 TO S~.NF DO S~.F[I] := Z _Ref(I] :
FOR I := 1 TO N_INPUT DO S~.Pr[I] := Prob Xln[I] H
Save TreeNode(S):
g~.Right := 8§ 7
END;
END:
{-. Procedure to insert information in terminal node ............... }

PROCEDURE INSERT END NODE(VAR q : NODE);

VAR
S : Node ;
I : INTEGER :
BEGIN
NEW(S) ;
S~.Left := NIL ;
S“ Right:= NIL :
- TH = =1 3
S‘.ZLma 1= -1 ;
S~.ZRmin := -1 ;
S~.0Overlap := -1 :
S~ .NF =1 ;
S~.F[1] := Z_Ref[FAULT] :
FOR I := 2 TO N_FAULT DO S~.F[I} := -1 ;
FOR I := 1 TO N INPUT DO S~. Pr(I] := -1 ; A
Save TreeNode(S).
q :=8 ;
END;
{.. Procedure to arrange information in preordered fOorm .....e.eeeee..

PROCEDURE INSERT _PREORDER(VAR T : NODE):
VAR I : INTEGER ;
BEGIN
ISL := SAVE ISL :
FAULT := T~.ZLmax -+ T“.Overlap
IF FAULT > 1
THFEN BEGIN - ' '
FOR I := 1 TO FAULT DO 2 Ref({I] := T~.F{I] ;
GET_INFO ;
Insert_Left (T) ::
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INSERT PREORDER(T~.Left)
END -
ELSE INSERT_END_NODE(T~.Left);
FAULT := T~.NF - T~.ZLmax H
IF FAULT > 1
THEN BEGIN
FOR I := 1 TO FAULT DO 2Z Ref(I} := T~.F{I+T~.ZLmax] ;
GET_INFO ;
Insert _Right(T)
INSERT_PREORDER(T~.RIGHT)
END
ELSE BEGIN
FAULT := T~.ZRmin ;
INSERT_END_NODE(T“.Right):
END;
END:;

(.. Procedure to start constructing the tree .........ccciiicirnnennn

PROCEDURE 'CONSTR TREE ;

VAR I : INTEGER ;

BEGIN ,
ISL := SAVE_ISL ;
FOR I := 1 TO FAULT DO Z_Ref[I]
GET_INFO ; '
NEW(Root) ;
Root~.Left := NIL
Root~.Right:= NIL
Root~.TH := THRLD
Root~.NF := FAULT
Root~.ZLmax := Lmax ;
Root~.ZRmin := Rmin ;
Root~. Overlap i= FOverlap H '
FOR I 1 TO N_FAULT DO Root~.F[I] := Z_Ref(I] :

FOR I := 1 TO N INPUT DO Root~.Pr[I] := Prob Xin[I] : -
save TreeNode(Root), PP WE HAVE TO FILE THISE DATA ........ }
Insert . Preorder(Root),

END;

|
-t

wg mg wa W

{.. THE MAIN PROGRAMM e H

................................................

BEGIN
A551gn(Inf11e2 'ToRead2sS. pas )i ’
Rewrite(infile2);

N := N_Input ;



fi

WRITE(' SET THE ERROR REQUIRED TO ......ccoccviceancanas y:
READ({ERROR_ASS) ;

WRITELN(' '):

WRITE(' SET THE INPUT SEQUENSE TO .--cciccnccccvonnanan DT
READ(SAVE ISL):

WRITELN(' '}:

WRITE(' SET THE NUMBER OF FAULTS UNDER TEST .......... '}
READ(F1lt)

Fault := Flt ;

WRITELN(' '):

writeln ('.-..... oh whawo i am fenctioning ........eeiiiiaaan. Y
WRITELN(' '):

Constr Tree;

Close(infile2);

writeln ('.... finally i finish the tree ......... ¢t J:

(.. This program will save the data in output file (called
ToRead2s.Pas). However, this file will have the input data for
the program of testing phase .....ccecieciciiiieicaiientosnnnnonnn }
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Appendix B

Appendix : The testing phase
prograim
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{su

Pro
Con

“Typ

(..

var

. This program shown here enables us to use a preconsrtucted tree

from appendix A (tree informations are in “"ToRead2s.pas" file)
in this testing phase .

For the application of this program we simulate a faulty circuit
(at different lines, once at the time) . The input data for this
program are :

- The information of the tree ( ToRead2s.pas file }.

- The number of the faulty circuit simulation .

+}

gram TestingTree(Input,Qutput);
st
N Input = 7 ; { We having 7 input circuit }

N:Fault 26 ; { We having 26 possible faults + 2 whene the output
is always 0 or 1

2

Node = -NodeRec ;

NodeRec = Record

Left : Node ; { Pointer to left subtree }
Right: Node ; { Pointer to right subtree }
TH : Real ; { Threshold level }
A NF : Integer ; { Number of Eault of each node }
L : INTEGER ; E Input sequence legth

Fault: Integer Number of fault under study }

ZRef : Array [l..N Fault) Of Integer ;{Fault refference}

Prob : Array [l..N_Input] OF Real ;{Input probabilities}
End;

The global wvaribles that we are going to use are :
ISL : Input Sequence Length .
NFault : Number of faults under consideration .
CF : Counter for fault F. :
RESULT . The value of this result indicate the faulty line .
Flt : To indicate the faulty circuit
MEAN + The mean Z of the output under test .
THRLD : Threshold level H .
%z _Ref : The references of the faults . B
Prob_Xin : Probability of the input data .
InFile : To read the preconstructed tree data .
Root : lst node of the tree
X : Input data . )

[SL,NFault,CF,RESULT,F1t : Integer ;
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MEAN, THRLD : REAL

Z_Ref :
Prob Xin :
InFile : Text
Root : Node
X :

{ SEVERAL FUNCTIONS USED TO SIMULATE A LOGIC NETWORK

ARRAY [1..N_FAULT] OF INTEGER
ARRAY [1..N_INPUT] OF REAL

-
r
-
r

Array (1..N_Input] Of Integer

{_ -—
FUNCTION
BEGIN
IF
END;
FUNCTION
BEGIN
IF
END;
FUNCTTION
BEGIN
IF
END;
FUNCTION
BEGIN
iF
. END:
FUNCTION
BEGIN
IF
END;
FUNCTICON
BEGIN
IF
END;
FUNCTION
BEGIN
‘ IF
END;

{.. A PROCEDURE TO SIMULATE SOME FAULTS IN ALU CIRCUIT .. }

PROCEDURE SIMULAT CIRCUIT
VAR A,B,D,F : INTEGER;

BEGIN

{evnnnenn

1:BEGIN

U+W+X+Y+2Z

ORG (U,W,X,Y,Z

U+W+X+Y+Z

NANDG (U,W,X,Y,2

U+W+X+Y+2

ANDG (U,W,X,Y,%

U+W+X+Y+;

NOTG (X :

X=1 THEN NOTG :=
EX_ORG (X,Y : INTEGER )
X=Y THEN EX ORG := 0 ELSE EX_ORG := 1
EX_NORG (X,Y : INTEGER )

X=Y THEN EX NORG := 1 ELSE EX _NORG := 0

CASE flt OF

teevsese.. fOr line (#1,0) or (#10,0)

INTEGER )

L1

INTEGER

0 THEN NORG := 1 ELSE NORG

INTEGER ) INTEGER

0 THEN ORG := 0 ELSE ORG

(2]
Il
e

INTEGER ) INTEGER

S THEN NANDG := 0 ELSE NANDG := 1
INTEGER ) : INTEGER
S THEN ANDG := 1 ELSE ANDG
INTEGER
0 ELSE NOTG

INTEGER

INTEGER

---------------------



Nonc(b,o,o,o,ANDG(l,l,X[e],X[z},NOTG(X[S]))):

A =

B := NORG(0,0, ANDG(1,1,1,NOTG(X[5]),X[3]), ANDG(1,1,1,X[4],X[5]),
X(61):

D := NORG(0,0.0, ANDG(1,1,1,NOTG(X([7]),X[3]).ANDG(1,1,1,X{4]1,X(71)):

F := NORG( 0,0,0,8, ANDG(1,1,1,A,D) ):

IF F= 1 THEN CF := CF + 1 :

END;

{eoccencacacennassnnans for line (#3,1) cccrecemncananancensonnnnn }

6:BEGIN

A := NORG(0,0,0, ANDG(1,1,X[5],X[1],X[(6)). ANDG(1,1,X[6],X(2],
NOTG(X[5])) )+

NORG(0,0, ANDG(1,1,1,NOTG(X[5]),1), ANDG(1,1,1,X[4],X[5]).X[6]):

NORG (0,0,0, ANDG(1,1,1,NOTG(X[7]),1), ANDG(1l,1,1,X[4],X[(71)):

NORG( 0,0,0,B, ANDG(1,1,1,A,D));

= 1 THEN CF := CF + 1 ;

ol
|

m-TOoE

(ot e e eeaaaaaannnn for line (25,0) eeeeeavenn e eeeeeaneeanana }

NORG{0,0,0,0, ANDG(1l,1,X[6],X[2],1} ):

NORG(0,0,X{3],0,X[6]):

MORG(0,0,0, ANDG(1,1,1,NOTG(X[7]),X[(3]). ANDG(1,1,1,X[4].X[7])):
NORG( 0,0,0,B, ANDG(1,1,1,A,D)):

= 1 THEN CF := CF + 1 ;

tonoi

se 3 01|

...................... for line (#8,0)

5:BEGIN

:= NORG(0,0,0, ANDG(1,1,X[S5),X[1].,X[6]1),0);
NORG(0,0,0, ANDG({1,1,1,X[4],X[5]).,X[61);:

NORG(0,0,0, ANDG(1,1,1,NOTG(X(7]).X[31),

NORG( 0,0,0,B, ANDG(1,1,1,A,D)); .

= 1 THEN CF := CF + 1 ;

wnn

-
-
-
-
-
-
.

-~

(.; ........... ceeeesess for line ($#9,1) ..c..-..

A := NORG(0,0,0, ANDG(1,1,X[5],X[1],X[6]), ANDG(L,1,X[6],X{2],
NOTG (X[5))) )

B := NORG(0,0, ANDG(1,1,1,NOTG(X[5]),X[3]), ANDG(1,1,1,X(4], X[51),
X(6))

= NORG(0,0,0,X(3], ANDG(1,1,1,X[4),X(71));

= NORG( 0,0,0,B, ANDG(1,1,1,A,D));

F =1 THEN CF := CF + 1 ;

EMD;({ .. TMD CASE ...}

!!\
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{.. PROCEDURE TO GENERATE THE INPUT SEQUENCE ..}

PROCEDURE INPUT OUIPUT_DATA ;
VAR I,P : INTEGER :

BEGIN
CF := 0 :
FOR P := 1 TO ISL DO
BEGIN
FOR I := 1 TO N_Input DO
BEGIN
IF RANDOM(ISL)+1 <= ABS(Prob_Xin{I]*ISL)
THEN X([I] := 1 ‘
ELSE X[I] := 0 ;
END;
SIMULAT CIRCUIT:
END;
MEAN := CF/ISL ;
END;
{..PROCEDURE TO VERIFY THE CONTENTS OF A NODE ..}

PROCEDURE WRITE_NODE( g : NODE );
VAR I : INTEGER ;

BEGIN : ‘
WRITELN ( ! THE NUMBER OF FAULT = ',Q~.NF):
IF Q~.NF > 1
THEN WRITELN(® THE THRLD LEVEL = ',Q".TH:5:4)
ELSE WRITELN{' THE CIRCUIT UNDER TEST HAS FAULT? ',Q~.FAULT):
END;

(.. PROCEDURE TO INSERT INFORMATION IN THE TREE NONTERMINAL NODE ..}

PROCEDURE INSERT (Var q : Node);

var
S : Node ;
I : Integer ;
BEGIN
New(S) :
S<.Left := NIL ; ; - '
<~ . Right:= NIL_; . )
« :NF := NFault ;

READLN (INFILE,S~.L) ;
Readln(InFile,S~.TH);
FOR I := 1 TO N_Input DO Readln(InFile,S~.Prob{I1]):
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END

{.. PROCEDURE TO INSERT INFORMATION IN THE TREE TERMINAL NODE ..}
PROCEDURE INSERT_END NODE (Var ¢ : Node):;

var S : Node ;
BEGIN
New(S) :
S~.Left := NIL
S+~ .Right:= NIL

s W

S~ .NF := NFault
Readln(InFile,S~.Fault);
q :=8 ;

END;

4

{__ﬁPROCEDURE TO RECONSTRUCT THE TREE OF CONSTRUCION PHASE .-}

PROCEDURE INSERT_PREORDER (Var T : Node) ;
Var I : Integer ;
BEGIN
Readln(InFile, NFault):
If NFault > 1
Then BEGIN ' 3
INSERT(T~.Left};
INSERT_PREORDER(T~.Left);
END
Else INSERT_END NODE(T~.Left);
Readln{InFile, NFault);
If NFault > 1
Then BEGIN
"INSERT{T~.Right):
. INSERT_PREORDER(T“.Right):
END . .
Else INSERT_END NODE(T~.Right);
END; '

{.. PROCEDURE TO INSERT INFORMATION IN THE ROOT NODE ..}

PROCEDURE (NSERT_WRLE_.WY'0 ;
Var I : Integer ;
BEGIN

New(Root) ;



Root~.Left := NIL;
Root~.Right:= NIL ;
Readln(InFile,Root~.NF):
FOR I := 1 TO Root~.NF DO Readln(InFile,Root~.ZRef{IX]):
READLN(INFILE,Root~.L); :
Readln(InFile,Root~.TH):
FOR I 1 TO N_Input DO Readln(InFile,Root~.Prob(I1]):
INSERT_PREORDER(Root) H

END;

. {.. PROCEDURE FOR THE RESULT OF TESTING ..}

PROCEDURE GET_TEST_RESULT ;

BEGIN
WRITELN(' *):
WRITELN (
o 6 8 «a o & 8 % 8 4 55 & 684 8358 6¢ 5% 84 %%6%eessss 593020 nsssssssaavsss 2T T
WRITELN (
1 ewwa
WRITELN( -
Y1z THE RESULT FROM THE BINARY DECISION TREE IS : 113:'):
WRITELN(
o ase
CASE RESULT ?F

1: WRITELN(

! THE FAULT LOCATION IS THAT Line #1 OR #10.... S_A_0O
2:  WRITELN(

' THE FAULT LOCATION IS THAT Line § 1 ......... S Al
3:  WRITELN(

' THE FAULT LOCATION IS THAT Line #2 OR #11.... S_A_ 0O
4: - WRITELN( o _
. 1 THE FAULT LOCATI(N IS THAT Line # 2 ......... 5 a1
S:  WRITELN(

' THE FAULT LOCATION IS THAT Line # 3 ......... S_AO
6:  WRITELN( - : .

' THE FAULT ‘LOCATION IS THAT Line # 3 ......... S Al
7:  WRITELN( _ o :

' THE FAULT LOCATION IS THAT Line # 4 ......... S AO
8:  WRITELN( o

' THE FAULT LOCATION IS THAT Line § 4 ......... S_A_1
9:  WRITELN( '

' THE FAULT LOCATION IS THAT Line # 5 ......... S A0
10: WRITELN( , :

' THE FAULT LOCATION IS THAT Line # 5 ......... S_A_1

“11: WRITELN( ) . : ;

: ' © THE FAULT- LOCATTON IS THAT Line # 6 .. ...-- S A0
12: WRITELN( : '

' THE FAULT LOCATION IS THAT Line § 6 ......... S_A 1l
13: WRITELN( .

t THE FAULT LOCATION IS THAT Line # 7 ......... S AO
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tTowea
- e e

WRITELN (
]

- a e a
- w v e

14: WRITELN(
' THE FAULT LOCATION IS THAT Line # 7 ...... e.. S A1 Y):
15: WRITELN({( .
' THE FAULT LOCATION IS THAT Line # 8 ......... S_A 0 '):
16: WRITELN(
' THE FAULT LOCATION IS THAT Line # 8 ......... S Al Y):
17: WRITELN({(
! THE FAULT LOCATION IS THAT Line #9 or #15.... S A 0 '};
18: WRITELN(
' THE FAULT LOCATION IS THAT Line £ 9 ......... S Al ");
18 :BEGIN
WRITELN (
' THE FAULT LOCATION IS THAT : ‘'):
WRITELN (
' Line #10 or #1l or #1S or #16....... S_ A1l '"):
WRITELN ‘
! OR THAT Line #17 or #19 or #21 ............. S_ A 0 ")
END; '
20: WRITELN(
! THE FAULT LOCATION IS THAT Line # 12......... S_ A0 %),
21:BEGIN
WRITELN ( _
! THE FAULT LOCATION IS THAT : '):
WRITELN ( ' :
' Line #12 or #13 or #14..c.caencennnn S Al ‘'):
WRITELN {
! 3 OR THAT Line #18 Or #20.ccccceeetcncanacanas S A0 ');
END; -
22: WRITELN( . ’ .
! THE FAULT LOCATION IS THAT Line # 13 .......... S_ A0 ");
23: WRITELN( '
' THE FAULT LOCATION IS THAT Line # 14 ...ucieaaan S A0 ");
24: . WRITELN( -
' THE FAULT LOCATION IS THAT Line # 16 .......... S AOD ');
25: WRITELN( , -
: ! THE FAULT LOCATION IS THAT Line # 17 .......... S A1l '):
26: WRITELN( \ -
: ' THE FAULT LOCATION IS THAT Line # 19 .......... S Al '):
27 :BEGIN . . ;
WRITELN (
v THE FAULT LOCATION IS THAT : '):
WRITELN ( -
! Line §18 or #20 or #21.............. S_ A1l "):
WRITELN (
' OR THAT Line #22 ...ieviceencnceaccanceceai-.8 A 0 ');
END; .
28: WRITELN( '
' THE FAULT LOCATION IS THAT Line # 22.......... S A1l ‘')
END; (... End Cases ..... }
WRITELN ( B



WRITELN (

(1]
[ 1]
a8
*

[ EEEEEEEREN] -
------------------------------------------------------------ M

{.. PROCEDURE TO OBSERVE THE MEAN OF THE FAULTY CIRCUIT OUTPUT ..}

PROCEDURE GET_ MEAN
VAR
COUNT : INTEGER ;
SAVE. MEAN,SAVE DIFF,DIFF : REAL ;
BEGIN
Count :=1 ;
SAVE MEAN :=
SAVE_DIFF :
REPEAT
INPUT_OUTPUT DATA ; ‘
DIFF := ABS(MEAN - THRLD)
IF DIFF > SAVE_DIFF

“y

100 ;
0

-

THEN BEGIN
SAVE_MEAN := MEAN ;
SAVE_DIFF := DIFF ;
- END;
IF DIFF < 1/100
THEN BEGIN -
Count := count + 1 ;
. IF Count = 4 THEN COUNT := 0 ;
WRITELN(' I AM REGENERATING INPUT BECAUSE DIXIFF = ',
DIFF) :

END ‘ !

ELSE Count := 0

UNTIL Count = 0 ;

MEAN := SAVE MEAR
END;

{.. PROCEDURE FOR THE DECISION TO BE MADE ..}

PROCEDURE DECISION_ MAKING ;

VAR

S : Node ; :

I,LEVEL : Integer ; ‘ . < .
BEGIN . ' . - :

- FOR I := 1 TO N_Fault DO Z_Ref[I] := Root~.ZRef[I] ‘
FOR I 3= 1 TO N_INPUT ulL Prob_Xin(I] := Root~.Prob {) ;
ISL := Root~.L ; ‘

S := Root ;

WRITELN(' ') ;



)

WRITELN('.......... I AM DOING THE Root NODE ....... sesesasnecasas '
INPUT_OUTPUT_DATA;
IF MEAN = 0 THEN RESULT := 27
ELSE IF MEAN = 1 THEN RESULT := 28
ELSE BEGIN
LEVEL := 0 ;
WHILE S~.NF > 1 DO
BEGIN
IF MEAN < S~.TH
THEN S := S~.Left
ELSE S := S~.Right ;
WRITELN(' '):
WRITELN('..I FINISH FROM LEVEL <',6LEVEL,'> AND I AM IN LEVEL <',
LEVEL+1, '>..."');
IF S~.NF > 1
THEN BEGIN
ISL :
THRLD :
FOR I :

S~.L ;
sS~.TH :;
1 TO N_INPUT DO
ob_Xln[I] := S~.Prob[I] ;
GET_MEAN ;
LEVEL := LEVEL + 1 ;
END, )
END;
WRITELN('..... BUT LEVEL <',LEVEL+1l,
'*> HAS NO CALCULATION AND THE ANSWER IS '):
.RESULT := S~.Fault ;
END;
GET _TEST _RESULT ;
END; '

{.. THE MATN PROGRAM ..}

BEGIN
Assign (InFile, 'ToRead2S.Pas');
Reset (Infile);
INSERT_ TREE_INFO ;
WRITE(' GIVE ME THE NUMBER OF THE CIRCUIT UNDER TEST ..eeeee ");
READ(F1t):

- WRITELN(' '); oo . ‘
WRITELN('..... THANK YOU , WELL I AM TESTING IT AND , THEREFORE...."')
DECISION_MAKING ; = ‘
Close(InFile) ;

END.
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