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In this paper, a functional fault model for analog circuit diagnosis is proposed. A faulty
circuit is modeled as a fault-free module in serial or in parallel with a fault module. To extract
the faults, we adopt an iterative deconvolution technique to deconvolute the impulse response
of the fault module from the faulty response. Such impulse response fault modeling makes the
faults independent of input signals and system function. As the test results show, the input
independent property significantly improves the diagnostic resolution, and the system function
independent property allows single-module fault tables to be applied to multi-module diagnosis.
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1. INTRODUCTION

The dramatic advances in solid state technologies have created many problems with
respect to the testing and diagnosis of very large scale integration (VLSI) circuits. The
increase in device complexity has not been matched by a corresponding increase in the
number of external nodes. As a result, the high level of integration has changed the focus of
testing and diagnosis from circuit level to the macro or functional level.

In general, faults are categorized into two classasistrophic faultsor hard faults
are the opens or shorts of faulty elements wikdeiation faults or soft faults are often
related to the parameter deviation [1]. Hard faults are relatively easy to be detected be-
cause they often produce totally unwanted results. On the other hand, soft faults are more
difficult to detect because the relationship between parameter deviation and performance
degradation can be very complicated. Unfortunately, soft faults are more crucial for digital
communication, such as digital cellular and satellite communications. In the case of analog
communication, soft faults introduce noise and distortion. In digital communication, soft
faults decrease the signal-to-noise ratio (SNR) and increase the bit-error rate (BER). As a
result, they either create reliability problems or cause systems to fail.

For soft fault modeling, there are many ways to define errors. Some describe faults
according to the desired performance, for instance, the rise time, fall time, slew rate, settling
time, peak value etc. [3, 7]. These methods directly model the characteristics that designers
want in circuits. However, they have poor diagnosis resolution because the cause-effect
relationship is extremely complicated. Moreover, the reverse engineering from perfor-
mance degradation to parameter deviation is unlikely to be robust because it relies heavily
on design expertise and requires either a very large fault table or many simulation runs.
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Others describe faults as errors related to fault-free responses, such as maximal errors,
root-mean-square errors, n-th order norm errors etc. [1, 2, 4, 8]. Such methods compare the
differences between fault-free responses and faulty responses to determine the causes of
faults. However, such representations cannot truly reflect the nature of faults. Furthermore,
such small deviations of response caused by soft faults may not be sufficient to identify
fault. Hence, statistical techniques are often used to locate faults [1, 2, 8, 9].

In order to assist testing and diagnosis of analog circuits, in this paper, we propose the
use of serial and parallel fault modules to model faults. A faulty circuit is modeled as a
fault-free module in serial with a serial fault module or in parallel with a parallel fault
module. As a result, the fault model is independent of the system function and the test input
signals. Therefore, the weights of the system function and input signals on the diagnosis are
minimized, and the diagnosis resolution is improved significantly.

In the rest of this paper, we will present the serial and parallel fault models in section
2. The use of deconvolution techniques to extract serial and parallel faults will be studied
in section 3. Here, we will show the completeness of the algorithm and the input signal
independent property of the fault model. In section 4, significant improvement in diagnosis
resolution will be demonstrated using test results on single module diagnosis. In section 5,
we will demonstrate the system function independent property by using the single module
fault dictionary in multiple module diagnosis. Finally, conclusions will be given in section 6.

2. IMPULSE RESPONSE MODELING OF FAULTS

The general approach we have taken is to formulate a fault as a fault module indepen-
dent of the circuit being tested and the input signals. Both circuit level failures and perfor-
mance degradation are modeled as a fault module in parallel or in series with a fault-free
circuit. Fig. 1 shows a fault-free circuit, (a) and two fault models, (b) and (c). Fig. 1(b)
shows theserial fault model A faulty circuit is modeled as a fault-free modiftein series
with aserial fault modulee(t). The faulty responsg(t) is the result of an input signal
passing through the fault-free module and the serial fault module. Fig. 1(c) shows the
parallel fault model A faulty circuit is modeled as a fault-free modiftgin parallel with
aparallel fault moduleg,(t). The faulty responsg(t) is the summation of the outputs of
the fault-free module and the parallel fault module. The corresponding mathematical equa-
tions in the time domain are listed as follows:

y(t) =x(®) = f(t), 1)
Ys(t) = X(8) * £(t) * (1), )
Yor®) = X(t) * (F() + &x(1))- ®)

x(t) yi®  x(® e ®

(@ (b (c)

Fig. 1. Fault models.
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The corresponding equations in the frequency domain are listed below:

Y(s) = X(9F(9), (4)
Ys(S) = X(9F(ELS), ()
Yo(S) = X()(F(8) + Ex(9))- (6)

As one can see, the fault module is the center of this work. A fault module, serial or
parallel, is either represented by its impulse respeftser its frequency respong«s).
For a fault-free systeniy(s) is 1 andgy(s) is 0. In the time domaim(t) is an impulse of 1
att = 0, ande,(t) remains 0. From equations (1)-(6), one is able to okféjrande,(t)
through mathematical operations. However, the mathematical operations in the time and
frequency domains are not trivial. In the next section, we will discuss their extraction in
detail.

3. FAULT EXTRACTION METHOD

For the extraction of serial and parallel faults, the known terms include the system
functionf(t), the input signak(t), and the observed faulty resporg8. Take the serial
fault model as an examplg(t) = x(t) * f(t) * eft). To extrack(t), we need to use a digital
signal processing (DSP) technique caltgstonvolutiorto deconvoluteey(t) from y(t).
There are two available techniques, homomorphic deconvolution [10-13] and iterative
deconvolution [14].

Homomorphic deconvolutiolecomposes two convoluted signals by means of a se-
ries of DSP operations shown in Fig. 2. The corresponding mathematical equations are
listed as follows:

Complex

DFT IDFT

Logarithm AN
g x(t) + y(t)

X(O)*y() X(s)Y(s) InX(s)+InY(s) Filter
x(Oly (1) X(8)/Y(s) INX(s)/INY(s) PN B
X(O/y(t)
IDFT gggg%'g;;t DFT

Fig. 2. Homomorphic deconvolution algorithm.

Z(t) = x(O)*y(1), (7)
Z(s) = DFT(Z(s)) = X(X)Y(s), (8)
In Z(s) = In X(s) +InY(s),
2(t) = IDFT(InZ(s)) 9)
= IDFT(In X(s)) + IDFET(INY(s))
= X(t) + ¥(t), (10)
X(t) = 2(t) - y(v), (11)
In X(s) = DFT(X(t)), (12)
X(s) = EXP(In X(s)), (13)

x(t) = DFT(X(s)). (14)
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The convolution ok(t) = f(t) is decomposed int@(t) + f(t) in theCeptrum domain
through a series of discrete Fourier transform (DFT)(8), logarithm (In)(9), and inverse DFT
(IDFT) (10) operations. Note that a convolution in the time domain is a product in the S-
domain and an addition in the Ceptrum domain. In the Ceptrum domain, we are able to
perform simple extraction, ditering, to remove eitheg(t) or f(t) (11). Note that the
filtering operation can be as simple as a low pass or a high pass operation. After a series of
inverse operations is performed, including IDFT (12), exponential (EXP) (13), and DFT
(14),x(t) is deconvoluted out.

The most difficult part of homomorphic deconvolution is dealing with the phase in
logarithmandexponenbperations. Note that in the arc-tangent operation, the phase is
limited to -t andn. Therefore, a crucial operation callgldase unwrappings used to
estimate and recover the phase. The well known techniques inclugientipal value
method11], theintegration method11], Bendar's methodi12], and theadaptive method
[13]. We have implemented all four methods, but none of them is suitable for this particular
application. The reason is that the input signal and system functions are not completely
separated in the Ceptrum domain. Therefore, no simple filtering technique can be per-
formed here, and we have to usedirect subtractiorin the Ceptrum domain. As a result,
underflow and overflow in the logarithm and exponent operations together become a major
obstacle.

Iterative deconvolutiofil4] employs S-domain operations to achieve deconvolution.
The most critical part is obtaining the inverse of a Laplace function. For this purpose, a
compensating filter functio@(jw), defined as follows, is used to replace direct division:

L X*(jw)

) =+ (15)
Here, an iterative algorithm is used to find the optilmidhat yields the best estimate of the
signal. Bennia and Riad partitioned the transfer function into several frequency intervals
based on the degree of information in each interval. In the successive step, they used the
minimum root-mean-square error criterion to fiid The most significant drawback of
inserting of\ is that it distorts the spectrum where the signal is small. In most cases, this
happens at high frequencies. For fault extraction, equations for the deconvolution in the S-
domain derived from (2), (3), and (6) are as follow:

Y; (s)

E(9)= o

(s)F(s)
_Yi(9)
Y
_ Y*(s)
=Y;(s) |Y(S)|2 A (16)

Y; ()= Y(s)

Ep(S) = T

X*(s)
= (Y, (9) - Y(9)) ———5—+——F(3).
(¥ (9= Y(s) [X(s)|” +A © 17)
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The time domain fault extraction procedures for serial and parallel faults are shown
in Fig. 3. An example of serial fault extraction for a second order low pass filter is shown in
Fig. 4. Fig. 4(a) shows the time domain fault-free respgftsand four faulty responses of
the Q factor deviations af10% andt20%. Fig. 4(b) shows the impulse responses of the
four serial fault®y(t). In order to check the correctness of the deconvolution, we perform
convolution onx(t), y(t), andey(t) according to (2). As expected, the result matgh{Bs
exactly. Note that as long as a full period is sampled, the serial faults are independent of the
starting position of the sampled waveform. For instance, if we use the period statt in (5
1, 15x 1), the extracted faults remain the same as Fig. 4(b). This is a valuable property
because it puts fewer constraints on the test equipment used to sample input and output
signals.

lterative | Es(s ie®
Deconvolution IDFT :
- e
lterative | Ep(s 16(
Deconvolution IDFT
(b) Parallel Fault Extraction
Fig. 3. Serial and parallel fault extraction procedure.
Lowpass Output ( Q fault ) Lowpass Serial Q fault
15
1l
0.5
ol
-0.5-
Al
15 2 5 B 10 12 14 o 01 02 03 04 05 06 07 08 09 1
X105 X104
(a) Faulty and fault-free responses (b) Extracted serial faults

Fig. 4. Example-Serial fault extraction.

Having presented the fault model and fault extraction, we believe that there are two
advantages in separating the fault, input signal, and fault-free modules. First, by modeling
the impulse response of the fault module only, the diagnosis resolution can be improved
significantly. Second, based on the linear properties of the fault models and the extraction
algorithm, it can be extend to multi-module system diagnosis. In the next two sections, we
will use two test cases to prove these two assertions.
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4. SINGLE MODULE DIAGNOSIS BY A FUZZY NEURAL NETWORK

In this section, we will demonstrate the significant improvement in diagnosis resolu-
tion obtained by using the proposed fault extraction technique. The diagnosis tool we use
is a fuzzy min-max neural network proposed by Simpson [15]. Before we present the test
case, we will briefly describe the FNN.

4.1 Fuzzy Min-Max Neural Network

Fuzzy min-max neural networl@&NN) are a new breed of object classifiers. A FNN
uses hyperboxes to construct a pattern space. Each Hyperbox is defined by a pair of min-
max points and uses a membership function to create a fuzzy subset of the n-dimension
pattern space. By means of the membership function, the class of a given object can be
decided. FNNs have the following advantages. First, they learn new classes and refine
existing classes quickly without destroying the information of old classes. Second, the
decision regions can separate classes of any shape and size. Third, the decision boundaries
are built in a single pass. Fourth they support both soft and hard decisions. Fifth, they do
not limit the number of classes; rather the number of classes grows to satisfy the demands
of the problem.

The architecture of the FNN implemented here is shown in Fig. 5. Itis a three-layer
neural network. The size of this FNN grows dynamically to satisfy the demands of the
problem. F, nodes are input nodesg nodes are hyperbox nodes, &hdodes are class
nodes. The connections betwégmodes anég nodes are min and max points stored in V
and W matrices, respectively. The connections betwWg@&odes and- nodes are binary
values (0/1) stored in the matrix U. The contents of U, V, and W are adjusted during the
learning process.

Fa - Input Nodes

Fig. 5. Architecture of fuzzy min-max neural network.

To use an FNN to perform diagnosis, we must supply the FNN with a set of training
patterns. From the patterns, the FNN can learn how to classify objects in three steps.

e Expansion: It identifies expandable hyperboxes and expands them. If none is found, it
adds a new hyperbox for that class.

e Overlap Test: It checks for overlaps of different classes.

e Contraction: It eliminates overlaps through minimal adjustment of the overlapping
hyperboxes.
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After the learning process, the decision boundaries of the predefined classes are
determined. Each class contains several hyperboxes, like the ones shown in Fig. 6. For a
given test pattern, depending on the hyperbox in which it is located, the FNN determines to
which class it belongs. In fact, this is very similar to the fault tables in conventional simu-
lation-before-test diagnosis approaches. Analogous to the fault tables, each fault defines a
class, and faulty responses are used as training patterns. The only difference is that we use
the FNN as the classifier instead of using conventional entry elimination or set intersection
techniques.

I_|_
I:I w | Class 2

Fig. 6. The classes and hyperboxes of fuzzy min-max neural network.

4.2 Test Case 1
Next, we will present a simple example to demonstrate the powerful of our fault

extraction technique. We will use a second order low-pass filter as an example. The trans-
fer function is shown below, and the properties are listed in Table 1:

Table 1. Test case 1: training and test patterns.

Circuit a 0N Q
Fault Free 1 %10 2
Training (x5%) +25% +25% +25%
Testing (+3%) +30% +30% +30%
2
w
f(9) = —

2 wo 2"
S +6S+w0

The training faults are single parameter variatioreg,afy, andQ between -25% and +25%

in 5% increments for a total of 30 training patterns and 30 fault classes. For the test patterns,
we apply the responses of faulty filters with parameter deviations between -30% to +30%
in 3% increments for a total of 60 test patterns. Next, we will show how well the FNN
performs. To be counted correct, the FNN must classify the test pattern as its nearest train-
ing pattern. For example, for the case of +12% deviation,dhe FNN must identify it as

+10% ofw, because it is the closest pattern. The class of +15%isfconsidered to be a
misclassification.
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We are unable to supply the FNN with complete waveforms because doing so would
require a very large network. Therefore, we supply the features of the waveforms only.
There are two methods that can be used to obtain features. Fig. 7(a) shows the system
without fault extraction. The features g@eakandsettlingpoints of the faulty module step
responses. As one can see, this is similar to a conventional performance oriented diagnosis
approach. Fig. 7(b) shows the system with fault extraction. The impulse responses of the
serial fault modules are extracted first from the step responses of faulty modules. Then, the
minimum and maximum points are extracted as the features to the FNN.

—>| FCircuit 1

1 1 1
! ' >{FeatureExt— (a) Diagnosis without
— i , ' Fault Extraction
FCircuit 2 T —=>|FeatureExt
! ! ! Fault
= ! ! a ! Fuzzy |Class
o ! ! o ! Neural >
— i i i Network
'->| FCircuit n T T—>|FeatureExt
~ : : LR
L L L
Input ! ! !
—E | pemmmmmo e R
" Fault Ext =>|FeatureEx "
1 1 1
X N | | |
>—>| FCircuit 1 X Fault Ext X FeatureExtl—:—> Fuzzy
1 1 1 —
'—>| FCircuit 2 l—:—>| Fault Ext l—:—>|FeatureExt|—:—|_) N'\(‘aiyvroarlk Fault
o H ) H ) H Class
o 1 o 1 o 1
o o
— | ' ' (b) Diagnosis with
—>| FCircuit n ' Fault Ext ' FeatureExt] '

Fault Extraction
FNN Classifier

Circuit Simultion  Fault Extraction Feature Extraction

Fig. 7. Test case 1: the fuzzy min-max neural network diagnosis processes.

The test results in Table 2 show that the method with serial fault extraction is much
superior to the one without fault extraction. It has a correct rate of 95% as compared to that
of 63 % for the method without fault extraction. Moreover, using only two features for
each class, the correct rate of 95% is obtained. In order to understand to what extend the
fault extraction method resolves faults, let us look at Fig. 8. Figs. 8(a) and (b) show the
faulty responses of frequency and Q factor errors, respectively. Figs. 8(c) and (d) show the
arithmetic difference of faulty and fault-free responsg$){y(t)) of Figs. 8(a) and (b).

Figs. 8(e) and (f) show the serial faults of Figs. 8(a) and (b). As one can see, (e) and (f) can
be easily distinguished, while (c) and (d), or (a) and (b), cannot. This result coincides with
our expectation: diagnosis resolution is improved significantly by using the fault extraction
method.

Table 2. Test case 1: the single module FNN test results.

FNN Inputs Step Response Serial Fault
Training Patterns 30 30
Test Patterns 60 60
Missed Cases 22 3
Correct Rate 63% 95%
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Lowpass Output ( Q fault )
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(e)e(t) frequency errors
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x104

(f) e(t) Q factor errors.

Fig. 8. Comparison between cases with and without fault extraction.
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5. MULTIPLE MODULE DIAGNOSIS BY 1-NEAREST
NEIGHBOR CLASSIFIER

In this section, we will show that the faults extracted from a single module can be
used to diagnose the same faults in a multi-module environment. We will use the single-
module fault table to diagnose multi-module faults. In this way, we can reduce the compu-
tation complexity of generating the fault table. In the rest of this section, we will study the
fault extraction method in a multi-module environment, discuss the primitive 1-nearest
neighbor classification method, and present the test results.

5.1 Multiple Module Fault Extraction

A multi-module system is modeled as a serial system or a parallel system. Fig. 9
shows the fault model for serial systems (a) and for parallel systems (b). The mathematical
operations required for serial and parallel fault extraction in the frequency domain are listed
as follows. For serial fault extraction, they are

: Faulty Module : :
H . X ol Ypf
—»X(S); F1(s) 9@ : F2(s) YSIE) © : Pre)
T F2(s)
@ (b)
Fig. 9. Single-module and multi-module systems.
Y{(s) = X(9)F1(9)F(9), (18)
Y(S) = X(s)F1(S)EL(5)F(9), (19)
E. (S) = YSf_@
R ACH (20)
For parrallel faults extraction, they are
Yo(9) = X(9) (Fu(9) + F«(9), (21)
Yor(S) = X(5)(Fu(S)+Ex(5)+F2(S), (22)
Yy ()~ Yo(9)
E,(s) = S'T (23)

As we can seegy(s) andE,(s) extracted here will be the same as those in (16) and (17)
mathematically. Note that the operations used to perform multiple module fault extraction
here, (20) and (21), and to perform single module extraction, (16) and (17), are the also
same. This mathematical derivation serves as a solid foundation for applying the single
module fault table to multiple module fault diagnosis.
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To demonstrate the feasibility of our method, we will first show that the serial faults
extracted from the single module are close to the same faults extracted from the multi-
module system. The circuit being tested is a band-pass filteFwitking a low-pass filter
andF, a high-pass filter. The faults are the deviation ofQHactor of the low pass filter.

Fig. 10(a) shows the serial fault extracted from the faulty response of the low-pa$s.filter
Fig. 10(b) shows the serial fault extracted from the faulty response of the band-pass filter
which containd=;. As one can see, they are very similar and indistinguishable with the
naked eye. However, they are not identical due to the fact that the power spect(gm of

is not uniformly distributed. In the extreme case, the input skfigpls a single frequency
sinusoidal waveform. In this case, the extracted fault has zero power in all other frequency
components except the fundamental frequency.

Lowpass Serial Q fault
0.0 Bandpass Serial Q1 fault

0 o0l 02 03 04 05 06 07 08 09 1 0.0

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
x104

(a) Single module faults (b) Multiple module faults

x104
Fig. 10. Single and multiple module fault extraction.

Having shown that the faults extracted from a single module and from a multi-mod-
ule system are theoretically identical and practically indistinguishable, we can use the fault
extracted from a single module to diagnose faults in a multi-module system. A question is
raised here since an extracted fault can be associated with any module. For example, a serial
fault Eq extracted froni can originate from eithd¥, or F,. However, the impulse re-
sponse of a fault has its own distinctive features, as shown in Figs. 11(e) and (f). In other
words, a fault ir-; and a fault i, would look different. This conjecture will be verified
later in the test case study. Hence, we are able to identify system faults by single-module
fault tables. Before presenting the test case is shown, we will briefly discuss a simple
classifier.

5.2 1-Nearest Neighbor Classifier

The 1nearest neighbor classifigl6] is based on the minimum-distance concept,
which was one of the earliest and is still one of the simplest concepts in pattern recognition.
The mathematical foundation of the 1-nearest neighbor classifier is as follows. Chhsider
pattern classes represented by the prototype pateras (.,Zy). The Euclidean distance
between an arbitrary pattexrand ith prototype is defined as follows:

D, =[x-3]|=+/(x-2)"(x-32). 4)
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Lowpass Serial wo fault
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Fig. 11. Comparison between single faults and multiple faults.
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The test patterr is classified as of Classif D, < D; for 1 <i <M, and ifi # k.

5.3 Test Case 2

In test case 2, we will use the 1-nearest neighbor classifier to classify serial system
faults according to single module fault protocols. The test circuits are theedet band-
pass filters in Butterworth, Chebyshev, and Bessel structures, respectively. A general band-
pass filter is composed of a low-pass filefs) and a high-pass filtd¥,(s). Their transfer
functions are

0)2
— 1
R 2o
2
S
() =—s——.
2() SZ+%S+(A)§ (26)

The circuit parameters and testing patterns are summarized in Table 3. The test vectors for
the circuit being tested include two square waveforms, one with a shorter period for lowpass
function testing and one with a longer period for highpass function testing.

Table 3. Test case 2- three band-pass filters.

Filter Type o, Q. w, Q>
Butterworth 10 0.707 10 0.707
Chebyshev 5x10¢ 0.864 5x16 0.864
Bessel 10 0.577 16 0.577
Training (+5%) +25% +250% +25% +2504
Testing (£3%) +30% +30% +30% +309

The test results shown in Table 4 indicate that such a primitive classifier is able to
achieve an average correct rate of 99%. To see how this high correct rate is achieved, let us
compare the faults extracted from a single low/high pass filter and from the combined band
pass filters. Fig. 11 shows all the faults extracted from the single modules (a), (b), (c), and
(d), and the faults extracted from the multiple modules (e), (f), (g), and (h). As one can see,
the results verify our conjectures. The same faults extracted from the single module and
from the multiple modules are identical. Moreover, the faults of different errors look
different. From the results, we assert that we can built fault tables based on single module
fault extraction and use it to diagnose faults in a multi-module environment. As a result, the
construction of fault tables is minimized significantly.

Table 4. Test case 2: the multiple module test results.

FNN Inputs Butterworth | Chebyshev Bessel
Prototypes 40 40 40
Test Patterns 80 80 80
Missed Cases 1 1 0
Correct Rate 98.75% 98.75% 100%
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6. CONCLUSIONS

This paper has proposed a functional faulty model for analog circuit diagnosis. A
faulty module is modeled as a fault-free module in serial or in parallel with a fault module.
To extract such a fault module, we have implemented an iterative deconvolution algorithm
to deconvolute the impulse response of the fault module from the faulty response. The
completeness of the mathematical operations is reassured by the inverse operation used to
reconstruct faulty responses from input signals, the fault-free module, and the extracted
serial faults. The test results show that the diagnostic resolution is improved significantly
due to the separation of the fault and the system function. Moreover, this fault model
allows single-module fault tables to be applied to the diagnosis of multi-module systems.
We have shown that the faults extracted from multiple modules are identical to those ex-
tracted from single module. As a result, the diagnosis complexity is reduced significantly.
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