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ABSTRACT A novel method of generating multi-frequency test stimuli for incipient faults is presented
to improve the fault detection accuracy of analog circuits. This paper analyzes the primary cause of low
incipient fault detection accuracy and indicates that the high aliasing between the incipient fault response
and the normal response seriously impairs the fault recognition ability of fault classifiers. Therefore, this
paper builds an aliasing measuring model (AMM) to generate the multi-frequency test stimuli set for
incipient faults. The principle part of the AMM is the aliasing measuring algorithm (AMA), which uses
the response aliasing as the pivotal index to evaluate the test frequency. The test frequencies with smaller
response aliasing will be selected. The other part of the AMM contains the genetic algorithm and the greedy
algorithm, which can advance the AMA to quickly generate the multi-frequency test stimuli set for the
incipient fault and can ensure that the obtained test set covers the entire circuit and contains fewer test
frequencies. The simulation experimental results validate two conclusions: the test frequencies obtained by
the AMM remarkably increase the incipient fault detection accuracy and reduce the time for test frequency
generation and the multi-frequency test stimuli set contains fewer elements. The hardware experimental
results demonstrate that the proposed method is practicable and effective.

INDEX TERMS Analog circuits, incipient fault, multi-frequency test generation, aliasing measuring model.

I. INTRODUCTION

The electronic systems have been applied to many impor-
tant fields including Aerospace Engineering, Arms Industry,
Nuclear Power, etc. In electronic systems, most faults are
caused by analog circuits. Although the area of the analog cir-
cuits is smaller than the digital section, and the fault detection
and diagnosis of analogs circuits is more difficult than that
of digital circuits because of the continuous state, nonlinear
correspondence and component tolerance of analog circuits.
Therefore, fault detection and diagnosis for analog circuits
remains a considerable challenge.

At present, the methods of analog fault detection
and diagnosis mainly focus on the hard fault and soft
fault [1]-[3], caused by large parametric deviations of the
component. These faults result in observable changes of the
circuit state and reach the fault performance threshold; thus,
they have attracted considerable research attention. However,
certain faults may have occurred before reaching the fault
threshold. This type of fault is called the incipient fault
in this paper, and they occur in two stages of the analog

circuit lifecycle. The first stage is the manufacturing inte-
grated circuit (IC). For IC production lines, the structural
test and functional test, as two main test methods, have
been conducted to ensure the analog circuit operate normally.
However, the incipient fault detection is not employed in the
production lines, and the incipient faults may not be detected
by the structural test and functional test. The causes of these
faults are subtle parametric deviations derived from compo-
nent defects and the increasing equivalent resistance derived
from the cold solder joint. When operating in the working
state, ICs existing incipient fault have a higher likelihood of
occurring hard or soft fault and lower reliability compared
with normal circuits. The second stage is applying the cir-
cuit to the actual field. The parameters of the components
will degrade under many types of stresses after the increas-
ing working hours, including voltage, temperature, humidity
and radiation stresses. For example, Kulkarni et al. [4]-[6]
monitored the performance of electrolytic capacitors in
DC/DC convertors for 650 hours. The results showed
that the capacitance decreased and the Equivalent Series
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Resistance (ESR) increased gradually, which led to increas-
ing the ripple amplitude of the output DC signal.

Although the effects of the incipient fault on the perfor-
mance of the analog circuit are barely observed, if the incip-
ient fault is not identified and prevented, then the growing
parametric deviation of the components will increase the
likelihood that the incipient fault develops a sudden circuit
failure. Especially for IC production lines, the effective iden-
tification of the incipient fault can alter the operator and
reduce the impairment of the circuit performance. Mean-
while, the incipient fault detection has no effect on the yield
loss, the fault detection results are considered as the warnings,
which express that ICs with the incipient faults will have
a higher likelihood of occurring hard or soft fault. Hence,
the yield loss will not increase.

The incipient fault usually does not have a significant
influence on the circuit performance, but it still represents a
type of analog fault. Based on the methods improving fault
identification, including the test stimulus and test node selec-
tion strategy, the optimized feature extraction method and
the fault classifier strategy, this paper focuses on test stimu-
lus selection for incipient faults. Generating multi-frequency
test stimuli can increase the difference between the normal
response and the incipient fault response and excite the
subtle incipient fault features to improve the fault detection
accuracy.

In the field of fault detection and diagnosis in analog
circuits, test stimuli can be divided into DC and AC sig-
nals. The DC signal is appropriate for hard faults in linear
analog circuits but does not present the excitation on soft
faults. Milor and Visvanathan [7] and Devarayanadurg and
Soma [8] selected a series of DC signals as test stimuli and
applied them to the test circuit. The pulse signal [9], [10]
is commonly used for AC test stimuli because it can be
decomposed into harmonic waves with different frequencies.
However, when a pulse stimulus excites the incipient fault,
the fault detection accuracy is low and a higher sampling
frequency is needed to obtain the response signals, which can
increase the hardware costs. Based on this situation, many
methods have been proposed to select the test stimulus for
the faults in the analog circuit, such as the sinusoidal waves
corresponding to the selected test frequencies will be used
to excite the faults more efficiently and improve the fault
detection accuracy. Marin [11] adopted a sensitivity analysis
combined with entropy criteria to obtain the optimum set of
frequencies. Sun et al. [12] presented an approach for feature
selection using the criteria for maximum relevance Minimum
Redundancy (MR) and Support Vector Machines (SVMs).
Bentobache et al. [13] showed that minimizing the number
of test frequencies for linear analog circuits can be modeled
as a set-covering problem. Kincl and Kolka [14] proposed a
new control mechanism based on a penalty function that can
give more regularly distributed test frequencies over the entire
frequency band. Yang et al. [15] built a complex field fault
model that can adjust the frequency of the input signal so that
the model can be in an optimum state to select the optimal
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test frequencies. Puvaneswari et al. [16] used multiple fre-
quency measurements to detect multiple soft faults in linear
analog circuits. In [17], the paper presented a methodology
for algorithmic generation of test signals for the detection
and diagnosis of a variety of short and open-circuit defects
in analog circuits.

In summary, the above methods mainly focus on hard
and soft faults caused by large parametric deviations of the
components. When these methods are used to select the test
frequencies for incipient faults, the selected test stimuli set
does not present significant excitation on the incipient faults,
which results in low fault detection accuracy. In addition,
the scale of the test stimuli set is too large to be applied to
the actual circuit. The primary reason why these methods are
unsuitable for incipient fault is that the evaluation indexes
used in these methods cannot express the essence of low
incipient fault detection accuracy. Specifically, the essence
is high aliasing between the normal response and incipient
fault response. Even by extracting the fault feature, the fault
classifier still cannot separate the incipient fault feature from
the normal feature very well.

Based on this problem, this paper selects aliasing as
the evaluation index and proposes the Aliasing Measuring
Model (AMM) to generate the test frequencies. The model
analyzes the statistical characteristics of the frequency char-
acteristic curves of normal samples and incipient fault sam-
ples. The analysis results show that the normal samples and
incipient fault samples in a single test frequency approxi-
mately obey a normal distribution, respectively; therefore,
they can be described as two different normal distribu-
tion curves. Overlapping area between two curves indicates
the aliasing will vary when the test frequency changes.
Thus, the Aliasing Measuring Algorithm (AMA), which
is the principle part of the AMM, is presented to select
the test frequency. Then, the AMA is combined with the
Genetic Algorithm (GA) to obtain the test frequencies for all
incipient faults by minimizing the aliasing. Finally, the multi-
frequency test stimuli set is generated with the Greedy
Algorithm (GRA) for the entire circuit. The advantages of the
proposed method are as follows:

1) Exciting all types of faults, especially for incipient faults
presenting excellent excitation;

2) Improving the speed of selecting the test frequencies;

3) Simplifying the multi-frequency test stimuli set without
redundancy;

4) Requiring a lower sampling frequency and hardware
cost than the pulse stimulus;

5) Not needing a complex feature extraction method
(e.g., wavelet analysis) and only needing a transformation
from the time domain to the frequency domain using the Fast
Fourier Transform (FFT).

Il. METHOD OF MULTI-FREQUENCY TEST GENERATION

This paper proposes a method of multi-frequency test gen-
eration based on the AMM. The AMA is the principle
part of the model and calculates the values of the Aliasing
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Function (AF) over all test frequencies. The AMA is com-
bined with the other parts of the AMM, including the
GA and GRA, to quickly generate the multi-frequency test
stimuli corresponding to the minimum total of the AF and
covering the entire circuit.

A. ALIASING MEASURING ALGORITHM

1) MOTIVATION

In analog circuit, the incipient faults may be mainly caused by
the solder joint oxide, cold solder joint, the fracture of PCB
and the parameter deviation of the components. According
to [18]-[20], the effect deriving from the solder joint oxide,
cold solder joint and the fracture of PCB on the analog circuit
can be equivalent to the parameter deviation of the compo-
nents, such as increasing the equivalent resistance. Hence,
the parameter deviation of the components can be consid-
ered as the main source of the incipient fault in this paper.
For each component, there is the maximum allowed nor-
mal parameter deviation, the incipient faults may exist when
the parameter deviation is more than the maximum allowed
normal deviation. In this paper, the maximum allowed nor-
mal deviation is set to the tolerance of each component,
which causes the incipient fault and is used to select the
test frequencies. This ensures that the obtained test frequen-
cies can excite all faults caused by the parameter deviation
that is more than the maximum allowed normal parameter
deviation.

Firstly, to establish the relationship between the output
feature and test frequency, for the normal state and the
incipient fault state caused by the maximum allowed normal
parameter deviation, this paper obtains the frequency charac-
teristic curves consisting of the amplitude-frequency curves
and phase-frequency curves. Which describe the amplitude
and phase, respectively, of the output samples over each test
frequency. Then, it is well known that the parameter in the
tolerance of the component obeys the normal distribution,
and the output response of analog circuit, which is composed
of a certain number of components, approximately obeys the
normal distribution according to the law of large numbers.
Hence, for one incipient fault, when the number of frequency
characteristic curves is sufficiently large. By analyzing the
statistical characteristics of the normal samples and incipient
fault samples in a single test frequency, the samples can be
fitted into two different normal distribution curves. The nor-
mal distributions at different frequencies are obtained through
simulations using an AC sweep and Monte Carlo analysis,
the simulation results can be directly applied into the actual
circuit, because the frequency characteristic curves of the
analog circuit basically remain unchanged between the sim-
ulations and the experimental measurements. For example,
the circuit of the Sallen-key filter is shown in Fig. 1. The
amplitude-frequency curves are obtained using an AC sweep
and 300 Monte Carlo analysis that obeys the Gaussian distri-
bution, the incipient fault is caused by a —10 % parametric
deviation C1, and the amplitude-frequency curves are shown
in Fig.2.
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FIGURE 1. Schematic of Sallen-key Filter Circuit.
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FIGURE 2. Amplitude-frequency curves of the normal and incipient fault
samples.

In Fig.2, the horizontal axis indicates the frequency and the
vertical axis indicates the voltage amplitude of the output.
The voltage amplitude of the normal and incipient samples
will obey the normal distribution in each test frequency,
such as the fi test frequency and the f> test frequency.
Fig.3 and Fig.4 show the fitting normal distribution curves
of normal samples and incipient samples in the f; and the f>
test frequency.

InFig. 3 and Fig. 4, the horizontal axis indicates the voltage
amplitude and the vertical axis indicates the probability den-
sity function. Obviously, the overlapping area in the f test
frequency is larger than that in the f> test frequency. Thus,
distinguishing the fault and normal samples will be more
difficult in the fi test frequency than in the f> test frequency.
The overlapping area between these two curves will change
in different test frequencies; therefore, this paper presents
the test frequency selection principle based on the AMA.
The selected test stimuli correspond to the minimum of the
overlapping area, i.e., the smallest value of the AF.

2) ALGORITHM PRINCIPLE

The principle of the AMA is as follows. First, the frequency
characteristic curves (amplitude-frequency curves and phase-
frequency curves) will be obtained for the normal state and
the incipient fault state. Then the amplitude and phase of the
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FIGURE 3. Normal distribution curves of the normal and fault samples in
the f; test frequency.
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FIGURE 4. Normal distribution curves of the normal and fault sample in
the £, test frequency.

normal samples and incipient fault samples obey the normal
distribution in each test frequency, and the overlap area is
different. Fig.5 describes this process.

In Fig.5, it assumed that the normal samples obey the
normal distribution N (@1, 012), and the incipient fault samples
obey the normal distributionNV (w2, 0'22). For the entire fre-
quency band, the number of the test frequencies is N, the test
frequencies are denoted as fj . .. fy. Finally, the optimal test
frequency will be selected by comparing the overlapping area,
the calculating process of the overlapping area is as follows.

When the fault happens in analog circuit, which will
result in the performance deviation of the fault state may
be higher or lower than the normal state, so there are two
types of positions between the normal sample curve and the
fault sample curve in Fig.5. x1 and x, express the abscissa of
the intersection points between the normal samples and the
incipient fault samples, and they are then combined with the
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FIGURE 5. Normal distribution curves for the normal samples and two
types of fault samples.

integral of normal distribution curves of the normal and fault
samples to calculate the overlapping area. The expressions of
the normal distribution function of the normal and the fault
samples are shown in Eq. (1) and Eq. (2). The area enclosed
by the normal distribution curve and the horizontal axis can
be calculated using Eq. (3) and Eq. (4), namely the integral of
normal distribution curves. Where, x manifests the amplitude
or phase of output.

1 _(X—/;l)
1) = ——=e i (N
Y (AR 2
1 7(X*M22)
) = ——e 7 6
' o/ 21
+00
SNormal = / yl(x)dx =1 (3)
—00
+00
SFaulr = / y2(x)dx =1 4)
—00

The position of the normal distribution curves between the
normal state and the Faultl state in Fig. 5 indicates that the
performance deviation of the fault state is higher than the
normal state. That means p < uo, the overlapping area S;
is expressed as Eq. (5).

+o00 X1
&=/mmM+/nmm < 6
X —00

The position of the distribution curves between the normal
state and the Fault2 state in Fig. 5 indicates that the perfor-
mance deviation of the fault state is lower than the normal
state. When p1 > o, The overlapping area S, is expressed
as Eq. (6).

X2 “+o00
&=fmmw+/nmmM>m ©)
—00 X2

34727



IEEE Access

Y. Yu et al.: Multi-Frequency Test Generation for Incipient Faults in Analog Circuits Based on the AMM

Then, for each test frequency, fi(i = 1...N), the overlap-
ping area manifests the aliasing between the normal samples
and the incipient fault samples, namely the value of AF,
denotes AF(f;), so AF is defined as Eq. (7).

AF ()

+oo X1
S10D) = [ yi@)dx + [ ya(x(fi)dx, < w2

X1 —00

X2 —+00
()= [ yix@iydx + [ ya(x(fi)dx, puy > po
—0 X
@)

Where, x (f;) means the value of the amplitude or phase
of the output, the value of AF is calculated using the
integral of normal distribution curves, so the value of
AF is in a range of (0,1). The selected test frequency foest
minimizes the AF(f;), which is denoted as AF(fpes), i.€.,
AF(fbesl) = mln(AF(fl))

Every component in the analog circuit has specific effects
on the circuit performance. When the faults are caused
by different components, the sensitive feature (i.e., ampli-
tude or phase) is diverse. Based on this rule, the feature
with a smaller AF(fy.5;) value is chosen as the sensitive
feature. D1 is assumed to be the value of AF(fp.s) obtained
from the amplitude of the samples, and D2 is assumed to
be the value of AF(fpes;) obtained from the phase. When
D1<D2, the amplitude is considered as the sensitive feature
and the frequency corresponding to D1 is selected. Otherwise,
the phase is considered as the sensitive feature and the fre-
quency corresponding to D2 is selected.

B. GENETIC ALGORITHM

When selecting the test frequency, the exhaustive search
increases the runtime and number of calculations because
of the large number of test frequencies. Therefore, the
GA search, which presents an excellent search ability, is used
to quickly select the test frequency. The GA search is
described as follows.

1) The encoded mode of the test frequencies is set as
binary. The number of all test frequencies is N; therefore,
the encoded digit n identifies the least positive integer that
makes 2" > N be reasonable. Every n digits of binary code
represent the gene of the individual.

2) Set the fitness function. In each generation, the fitness
of every individual in the population is evaluated, which is
the value of the fitness function in the optimization problem.
Individuals with greater fitness are stochastically selected
from the current population. The AF is the objective function,
which needs to perform certain mathematical operations to
form the fitness function in this paper. The detailed operation
is described in Eq. (8).

Fitness(f;) = 1/AF(f;) ®)

3) Design the genetic operators. The type of selected
operator is proportionate selection, namely roulette-wheel
selection. The modes of the crossover operator and mutation
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operator are the single-point crossover and simple mutation,
respectively.

4) The test frequency selection process is based on the
AMA combined with the GA as follows.

Step 1: Perform binary encoding and parameter initial-
ization. The parameters include the population, generation,
crossover probability and mutation probability.

Step 2: Calculate the fitness values of the individuals. The
genes will be selected, crossed and mutated to produce the
new generation.

Step 3: Terminate the algorithm when the maximum num-
ber of generations has been produced. The results are the
optimal test frequency and the corresponding AF(fpes:) value.

Step 4: Compare the AF(fpes;) values between the ampli-
tude and phase, and select the smaller value as the sensitive
feature and the corresponding f.s; as the optimal test fre-
quency.

C. GREEDY ALGORITHM

The test frequencies are selected using the AMA combined
with the GA. However, for actual circuits, the number of the
selected test frequencies is too large; therefore, the GRA can
be used to reduce the scale of test frequencies. The incip-
ient fault feature will be the most prominent in its optimal
test frequency, however, the other test frequencies may also
have prominent excitations. For example, the optimal test
frequencies of Faultl and Fault2 in the Leapfrog circuit are
fi=1,147THzand > = 1, 186 Hz. The frequency values are
fairly close; therefore, both Faultl and Fault2 can be excited
by either fi or f>.

The selection of the multi-frequency test stimuli set will
be changed into a weighted set-covering problem. The first
step is building the initial matrix A. The row vectors are the
selected test frequencies, which are denoted as f;(i = 1, 2..m),
and the column vectors are all the incipient faults caused
by the parametric deviation of the components in the analog
circuit, which are denoted as IF;(j = 1, 2..n). Each element
Aj;j indicates the AF value in the corresponding test frequency
for the incipient fault. For example, A1, is the AF value in the
f1 test frequency for/F,. The weight value of the row vector is
the summation of the AF values for all incipient faults in every
test frequency, which are denoted as SAF. An example is
given to describe the initial matrix in Table 1. The number of
incipient faults is five, which are denoted as IF;(j = 1, 2..5),
and the corresponding five test frequencies are denoted
as fi(i =1, 2..5).

TABLE 1. Initial matrix.

1Fy 1F> I1F3 IFy 1F5 SAF
f1 0.0466 |0.9067 |0.8412 |0.0451 |0.4558 |2.2954
fo 0.6420 |0.1387 |0.1386 |0.6513 |0.1116 |1.6822
f3 0.6272 |0.1392 |0.1387 |0.6366 |0.1512 |1.6929
fa 0.0468 | 0.8067 |0.8061 |0.0449 |0.4628 |2.1673
fs 0.6165 |0.6458 |0.5479 |0.6255 |0.0743 |2.5100
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The second step is changing the initial matrix into
a 0-1 matrix B, where element ‘1’ indicates the test frequency
that can excite the incipient fault and ‘0’ indicates the oppo-
site. Two rules are established to change A; into element
‘1’ or ‘0’. First, when theAF(fpesr) for one fault is much
less than 0.1, the test frequencies whose AF values are more
than 0.1 are considered to have no excitation on this fault, and
the corresponding A;; are changed to ‘0’. Second, when the
AF(fpes;) for one fault is more than 0.1, the test frequencies
whose AF values are more than twice the AF(fp,s) are not
taken into consideration. The corresponding A;; are changed
to element ‘0’. The 0-1 matrix B based on the above two rules
is given in Table 2.

TABLE 2. 0-1 matrix.

IFy |IF> |IF3 |IF,y |IFs |SAF |v
f1 1 0 0 1 0 2.2954 | 1.1477
fo 0 1 1 0 0 1.6822 |0.8411
f3 0 1 1 0 0 1.6929 |0.8465
fa 1 0 0 1 0 2.1673 | 1.0837
fs 0 0 0 0 1 2.5100 |2.5100

The objective of the GRA is that the selected row vectors
can successively cover all the column vectors and maintain
the minimum summation of the SAF for the selected row
vectors. The Boolean variable P records the coverage of the
column vectors. When the jth column is covered, Pj = true, or
P; =false (j =1, 2, ...n). In addition, c; is the weight value
(SAF) of ith row vector, and v; is the average weight value,
which is the evaluated index in the GRA, and it is calculated
using Eq. (9).

Ci
Vi =

S — 9
Z?:l,Pj:false Bij ®

The selection principle is shown as follows. For the
0-1 matrix, the row vector (test frequencies) with the min-
imum v is selected to cover the column vectors (incipient
faults). Then, the selected row vector and covered column
vectors are eliminated from the matrix, which will be changed
into a new 0-1 matrix. The selection will continue from
this new matrix until all column vectors have been cov-
ered. All successive selected test frequencies are the multi-
frequency test stimuli set for the entire circuit. To examine
whether the test frequency set contains redundancy, any one
test frequency f is first removed from the set, which leads
to p classes of incipient faults that are not covered.
If one or more elements in the remaining set can cover the
same p classes of incipient faults, then f;, must be eliminated
from the test stimuli set; otherwise, the test frequency set does
not present redundancy.

Based on the above selection principle and examina-
tion method, the first selected frequency for the matrix
in Table 2 is f,. Then, the second row and the second and
third columns are eliminated. The second selected frequency
is fa, and the third one is f5. All columns have been covered
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by these three frequencies; therefore, the test frequency set is
{f>, fa, f5}. The resulting summation of the SAF is 6.3595.
According to the examination method, this test frequency set
does not present redundancy.

D. PROCEDURE OF MULTI-FREQUENCY TEST
GENERATION

The detailed procedure of the multi-frequency test generation
based on the proposed AMM is described in Fig. 6.

Obtain the frequency characteristic curves in the normal
state and the component tolerance state respectively

Combine the AMA with GA and compare the AF value for
every test frequencies

I

Obtain the selected test frequencies

v

Select smaller value of AF(f;.) as the sensitivity feature
and fj., is the optimal test frequency

v

Generate multi-frequency test stimuli for all
incipient faults

v

Use the GRA to simplify the set

v

Generate the multi-frequency test stimuli set for the entire circuit

End

FIGURE 6. Procedure of multi-frequency test generation.

First, the frequency characteristic curves in the normal
state and the component tolerance sate are obtained from the
analog circuit. Then, the AMM generates the multi-frequency
test stimuli set for the entire circuit. The AMA, as the pivotal
component of the AMM, is combined with the GA to select
the test stimuli set for every incipient fault. The GRA further
simplifies the test stimuli set. Finally, multi-frequency test
generation will be realized for all incipient faults in the entire
circuit.

Ill. SIMULATION EXPERIMENT

A. LEAPFROG FILTER

A Leapfrog filter is a benchmark circuit of ITC97 that con-
sists of 13 resistors, 4 capacitors and 6 operational amplifiers.
The nominal values for all components are labeled in Fig. 7.
The tolerance of the resistors and capacitors are set to 10%
and 5%, respectively.

In section II, the maximum allowed normal deviation is set
to the tolerance of the component, and the faults caused by
the tolerance are shown in Table 3, denoted as F1-F17. The
selected test frequencies excite all the incipient faults caused
by more than the maximum allowed normal deviation. In this
paper, all faults are caused by the fault parametric deviations
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FIGURE 7. Schematic of leapfrog filter circuit.

TABLE 3. Sensitivity feature and optimal test frequency for all faults in
the leapfrog circuit.

Fault | Fault Sensitive Optimal test | AF (fpest)
component feature frequency(Hz)
F1 Cl Phase f1=3069 0.00001
F2 C2 Phase fo=1147 0.03395
F3 C3 Phase f3=1186 0.03461
F4 C4 Phase fa=4054 0.00001
F5 R1 Amplitude f5=851 0.07440
F6 R2 Phase f6=5000 0.00347
F7 R3 Amplitude f7=885 0.05525
F8 R4 Amplitude fa=635 0.11418
F9 R5 Phase fo=1207 0.03372
F10 R6 Phase f10=753 0.02749
FI11 |R7 Amplitude f11=1182 0.08217
F12 |RS8 Amplitude f12=611 0.11544
F13 R9 Amplitude f13=5000 0.11944
F14 |[R10 Amplitude f14=603 0.08975
F15 |RI11 Phase f15=5000 0.01908
F16 |RI2 Amplitude f16=878 0.05956
F17 |RI3 Amplitude f17=467 0.03093

that is more than the maximum allowed normal deviation.
To demonstrate the multi-frequency test stimuli exciting all
faults caused by the different fault parametric deviations, it is
assumed that the faults are divided into three types according
to the degree of the fault parametric deviations. They are
as follows: incipient fault [tolerance-£+20%]; common fault
[£20%-450%]; and serious fault [£50%-+100%].

The amplitude and phase-frequency curves of the normal
and incipient fault samples are obtained using an AC sweep
analysis and Monte Carlo analysis with the Pspice 16.7 soft-
ware. The amplitude of the AC sweep source is 5 V, and
the sweep range is set to [300 Hz, 5 KHz], according to
the Leapfrog filter pass band. Three hundred Monte Carlo
analysis runs are performed for two types of samples using
a Gaussian distribution. The AMA is combined with the
GA to obtain the AF(fp.s;) of the amplitude and phase.
The smaller AF(fpes;) is selected as the sensitive feature, and
the corresponding test frequency is the optimal test frequency.
The results from the Leapfrog circuit are shown in Table 3.

In Table 3, every optimal test frequency can excite all
faults caused by the fault parametric deviations of the
corresponding component. Therefore, these 17 test

34730

frequencies can cover all the faults in the entire circuit.
However, the large number of available test frequencies
cannot be applied to an actual circuit. The GRA selects
the multi-frequency test stimuli set from the 17 optimal
test frequencies to cover the entire circuit. The first step in
the GRA is to build the initial matrix. Then, the developed
matrix will be converted into a 0-1 matrix based on the rules
shown in Section III. The ‘1’ elements are replaced by the
corresponding incipient faults shown in Table 4.

TABLE 4. Matrix of the test frequencies covering incipient faults.

Test Covering the incipient faults SAF
Frequency(Hz)

f1=3069 {F1 F4 F6 F15} 0.03647
fa=1147 {F1 F2 F3 F4 F9 F10} 0.28310
f3=1186 {F1 F2 F3 F4 F9 F10} 0.26462
fa=4054 {F1 F4 F6 F15} 0.02514
f5=851 {F5 F8 F11 F12} 0.19156
f6=5000 {F1 F4 F6 F15} 0.02256
f7=885 {F5 F7 F8 F12 F13 F16 F17} 0.45460
fs=635 {F5 F7 F8 F12 F13 F16 F17} 0.45376
fo=1207 {F1 F4 F9 F10} 0.05570
f10=753 {F1 F2 F3 F4 F9 F10} 0.30085
f11=1182 {F2 F3 FAF11 F12} 0.27908
f12=611 {F5 F7 F8 F12 F13 F14 F16 F17} 0.44262
f13=5000 {F1 F4 F8 F11 F13} 0.14313
f14=603 {F5 F7 F8 F12 F13 F14 F16 F17} 0.43995
F15=5000 {F1 F4 F6 F15) 0.02256
f16=878 {F5 F7 F8 F12 F13 F14 F16 F17} 0.45215
f17=467 {F4F7 F8 F12 F13 F14 F16 F17} 0.44407

According to Eq. (9) and the selection principle of the
GRA, the successively selected test frequencies are fg, f9, fs,
f14, and f3, which form the test stimuli set {5000 Hz, 1207 Hz,
851 Hz, 603 Hz, and 1186 Hz}, respectively, for the Leapfrog
circuit. The summation of the SAF is 0.97438.

To illustrate the advantages of the multi-frequency test
stimuli set, the following experiments are performed.

1) COMPARISON OF THE EXCITATION EFFECT ON THE
INCIPIENT FAULT

The selected test frequencies can excite the incipient fault
samples separated from the normal samples, and the sepa-
ration state can evaluate the test stimulus.
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The incipient fault is caused by a +20% parametric devia-
tion of R1 in the Leapfrog circuit. Two types of test stimuli are
compared: the multi-frequency test stimuli set and the pulse
stimulus. 300 normal samples and incipient fault samples
are extracted using the FFT. The amplitudes of the samples
are set to the comparison values, and Fig. 8 describes the
comparison results. The most appropriate extraction method
for the pulse stimulus is the wavelet analysis. Therefore,
300 normal samples and incipient fault samples for the same
two types of stimuli are extracted using the wavelet analysis.
The comparison value is set to the fifth layer of the wavelet
coefficients, and the results are shown in Fig. 9.

32 T T T T T
o normal samples

3L + incipient fault samples excited by pulse stimulus

+ incipient fault samples excited by optimal test stimuli set
----- maxmum of normal samples
— minmum of normal samples

N
=3
T

0
(=2}

o T
:

N
i

N4
S}

Voltage Amplitude of Response

; ; : .
0 50 100 150 200 250 300
The Number of Samples

FIGURE 8. Comparison of the amplitudes of the normal and incipient
fault samples.

T T T

T
o normal samples
02 + incipient fault samples excited by pulse stimulus
+ incipient fault samples excited by optimal test stimuli set
----- maxmum of normal samples
0.15F — minmum of normal samples

Fifth Layer of Wavelet Coefficients

-0.05 L L L L
0 50 100 150 200 250 300

The Number of Samples

FIGURE 9. Comparison of the fifth layer of the wavelet coefficients for
the normal and incipient fault samples.

Both Fig. 8 and Fig. 9 express that the separation state
using the multi-frequency test stimuli set is better than that
from the pulse stimulus. The paper proposes two indexes
to quantify the separation state. One index is the distance
between the normal and the incipient fault samples, and it is

VOLUME 6, 2018

calculated as the absolute value of the difference between the
average values of the normal and incipient fault samples and
denoted as the D-value. The corresponding formula is shown
in Eq. (10).

D-value = |() NA; — > FAj)/n (10)

i=1 i=1

Where n represents the number of samples, NA; represents
the amplitude or fifth layer of the wavelet coefficients of
the normal samples, and FA; represents the amplitude of the
incipient fault samples.

In Fig. 8 and Fig. 9, the distribution of the normal samples
forms one data band between the maximum and minimum
values; therefore, a second index shows the number of points
of the incipient fault samples that fall into the normal data
band, which is denoted as the P-value. This value can evaluate
the aliasing between different samples. The values of the
D-value and P-value corresponding to Fig. 8 and Fig. 9 are
given in Table 5.

TABLE 5. The values of two indexes.

Corresponds | Index Multi-frequency test | Pulse stimulus &

to figure stimuli set & FFT | FFT
Figure 8 D-vaule 0.4169 0.0729
P-value 0 107

Corresponds | Index Multi-frequency Pulse stimulus &

to figure test stimuli set & | Wavelet Analysis
Wavelet Analysis
Figure 9 D-vaule 0.0334 0.0127
P-value 0 103

The experimental results shown in Figs. 8 and Fig. 9 and
Table 5 demonstrate that the multi-frequency test stimuli set
dramatically increased the distance and decreased the aliasing
between the normal samples and incipient fault samples,
regardless of the feature extraction method.

2) COMPARISON OF FAULT DETECTION ACCURACY

The incipient faults are caused by the parametric deviation of
the components, and one or more components may simultane-
ously exist the parametric deviation, the selected test stimuli
set can excite the incipient fault as well as common and
serious faults. The fault sets are shown in Table 6.

For the faults sets in Table 6, a comparison of the fault
detection accuracy is conducted between the multi-frequency
test stimuli set and the pulse stimulus. The Support Vector
Data Description (SVDD) is chosen as the fault classifier.
First, the sine waves corresponding to the multi-frequency
test stimuli set excite the faults in Table 6. Then, 600 normal
samples and 300 fault samples of every type of fault
are extracted using FFT. The 300 extracted normal sam-
ples are used as the training data of the SVDD, and
another 300 extracted normal samples and faults are used
as the testing data. Fault detection is performed using a
pulse stimulus combined with a wavelet analysis as the
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TABLE 6. Fault sets in leapfrog circuit.

Fault Number of | Fault type | Fault Parameter
fault components | deviation
components ratio

Fautl | Single Incipient Cl1 -10%

Faut2 | Single Incipient C4 -9%

Faut3 | Single Incipient R1 +10%

Faut4 | Single Incipient R2 +12%

Faut5 | Single Incipient R11 +15%

Fault6 | Multiple Incipient Cc2 -8%

R6 +10%

Fault7 | Multiple Incipient C3 -10%

RS +12%
Fault8 | Multiple Incipient R3 +11%
R8 +15%
Fault9 | Multiple Incipient R4 +14%
R12 +13%
Fault10 | Multiple Incipient R7 +20%
R9 +10%
Faultl1 | Multiple Incipient R10 +15%
R13 +10%

Fautl2 | Single Serious C1 -60%

Fautl3 | Single Serious C3 -85%

Fautl4 | Single Common R3 +23%

Fautl5 | Single Common R6 +35%

Fautl6 | Single Common R13 +48%

comparison experiment. The comparison results are given in
Table 7 and Table 8.

The results from Table 7 and Table 8 can be summa-
rized as follows. (1) The multi-frequency test stimuli set can
excite the incipient fault regardless of the number of the
fault components. (2) The excitation of the incipient fault
of the multi-frequency test stimuli set is stronger than that
of the pulse stimulus. The average fault detection accuracy
reaches 97.64%, which is 45.65% higher than that of the
pulse stimulus. (3) The multi-frequency test stimuli set has
the same strong excitation on common and serious faults,
where the average fault detection accuracy reaches 99.13%.
(4) The average normal detection accuracy cannot reach
100% because of the fall-out ratio of the SVDD. The above
conclusions strongly demonstrate that the multi-frequency
test stimuli set can excite all faults and dramatically increase
the incipient detection accuracy.

3) COMPARISON OF THE RUNNING TIMES OF THE
GENERATED TEST FREQUENCY

The method of selecting the test frequency based on the
AMM is a GA search instead of an exhaustive search
to decrease the running time. The comparison experi-
ment is conducted between the GA search and exhaus-
tive search for Faultl in Table 6. The results, including
the running time and fault detection accuracy, are shown
in Fig. 10 and Fig. 11, respectively. The running time for
the GA search is far less than that of the exhaustive search,
with the former approximately one tenth the value of the
latter; however, the incipient fault detection accuracy is
unaffected.
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TABLE 7. Incipient fault detection accuracy with two types of test Stimuli.

Fault Multi-frequency test Pulse stimulus
Sets stimuli set & FFT & Wavelet

NSA (%) IFSA(%) NSA (%) IFSA(%)
Faut1 96.33 97.67 95.33 45.33
Faut2 96.33 98.33 94.67 55.32
Faut3 96.33 98.47 94.67 35.27
Faut4 96.67 97.33 95.33 40.55
Faut5 96.33 95.67 94.67 50.78
Faut6 96.33 99.67 94.67 60.75
Faut7 96.33 95.45 95.33 55.42
Faut8 96.67 97.87 94.67 50.95
Faut9 96.33 96.85 95.33 61.55
Fautl0 |96.67 97.25 95.33 57.75
Fautll |96.67 99.43 95.33 58.25
Average |96.45 97.64 95.03 51.99
Accuracy

NSA manifests the normal samples accuracy.
IFSA manifests the incipient fault samples accuracy.

TABLE 8. Fault detection accuracy with two types of test Stimuli.

Fault Multi-frequency test Pulse stimulus
Sets stimuli set & FFT & Wavelet

NSA (%) |IFSA(%) |NSA (%) |IFSA(%)
Fautl2 |96.33 100.00 96.25 100.00
Fautl3 |96.33 100.00 95.67 100.00
Fautl4 |96.33 97.33 95.33 65.27
Fautl5 |96.67 98.33 96.33 77.25
Fautl6 |96.33 100.00 95.67 95.67
Average |96.39 99.13 95.85 87.64
Accuracy

NSA manifests the normal samples accuracy.
IFSA manifests the incipient fault samples accuracy.

Time(s)
1674
2000 -
1500
1000
163.511
500 -
0
GA Seach Exhaustive Search

FIGURE 10. Comparison of the running time between the GA search and
the exhaustive search.

B. SALLEN-KEY FILTER
The method of multi-frequency test generation is compared
with another novel method mentioned in the literature [12],
and its experimental circuit is the Sallen-key filter circuit
shown in Fig. 1.

Sun et al. [12], the Sallen-key filter circuit consists
of 4 resistors, 2 capacitors and 1 operational amplifier. The
nominal values for all components are labeled in Fig. 1.
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FIGURE 11. Comparison of the fault detection accuracy between the GA
search and the exhaustive search.
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FIGURE 12. Comparison of average fault detection accuracy by different
methods.

The tolerance of the resistors and capacitors are both set
to 5%. The parametric deviations of all components causing
faults are set to +50%, and the type of fault is set as single,
which forms 10 fault sets. The test stimuli will be selected
using two different methods. Fault detection accuracy evalu-
ates the validity of the methods based on the SVM fault clas-
sifier. The selected test stimuli set of the method mentioned in
Sun et al. [12] are {5 KHz, 200 KHz, 80 KHz, 10 KHz, and
25 KHz}. However, using the method in this paper selects
the test stimulus that is a single frequency of 6,856 Hz.
Fig. 12 describes the comparison results of the average fault
detection accuracy using different methods, and they indicate
that the test stimulus obtained by the method in this paper
has the lower number of test frequencies and the higher aver-
age fault detection accuracy than the homogeneous method
in [12], which demonstrates that the method proposed in this
paper has a better effectiveness and practicability.

IV. HARDWARE EXPERIMENT

The experimental environment of the software is too ideal
to simulate the real environment where a circuit operates.
This paper builds a hardware experiment platform to verify
the effectiveness of the multi-frequency test stimuli using the
incipient fault detection accuracy. Fig. 13 and Fig. 14 show
the Leapfrog filter hardware circuit and the experiment
platform.
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FIGURE 13. Leapfrog filter hardware circuit.

FIGURE 14. Hardware experiment platform.

TABLE 9. Fault sets in hardware experiment.

Fault Number of | Fault type | Fault Parameter
fault components | deviation
components ratio

Fautl | Single Incipient Cl -10%

Faut2 | Single Incipient C3 -9%

Faut3 | Single Incipient R6 +10%

Faut4 | Single Incipient R11 +12%

Fault5 | Multiple Incipient Cc2 -12%

RS +15%

Fault6 | Multiple Incipient R3 +11%

R8 +15%

Fault7 | Multiple Incipient R4 +14%

R10 +13%
Fault8 | Multiple Incipient R7 +15%
R13 +10%

Faut9 | Single Serious Cc2 -80%

Fautl0 | Single Serious C4 -55%

Fautll | Single Common Cl1 +32%

Fautl2 | Single Common R4 +25%

Fautl3 | Single Common R12 +45%

The hardware experiment platform consists of several
major instruments. The DC signal source Agilent E3631A
supplies the £15 V power to the amplifiers, the signal genera-
tor Agilent 33220A generates the input signals corresponding
to the multi-frequency test stimuli set, and the oscilloscope
Keysight MOS404A is used to export the output data into
the computer. Table 9 indicates the fault sets injected into the
hardware circuit.

First, the signal generator provides sine waves based on
the multi-frequency test stimuli set. Then, the output time
domain signals are exported and stored in the computer using
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TABLE 10. Incipient fault detection accuracy in hardware experiment.

Fault Multi-frequency test Pulse stimulus
Sets stimuli set & FFT & Wavelet

NSA (%) IFSA(%) NSA (%) IFSA(%)
Fautl 95.67 95.25 94.33 40.35
Faut2 95.67 95.43 93.67 50.34
Faut3 95.67 95.32 93.25 45.25
Faut4 95.89 94.65 92.33 43.15
Faut5 95.33 96.12 93.17 48.75
Faut6 94.65 94.75 92.67 55.65
Faut7 96.67 96.25 93.43 47.42
Faut8 95.65 95.35 94.35 45.95
Average |95.63 95.39 93.40 47.11
Accuracy
NSA manifests the normal samples accuracy.

IFSA manifests the incipient fault samples accuracy.

TABLE 11. Fault detection accuracy in hardware experiment.

Fault Multi-frequency test Pulse stimulus
Sets stimuli set & FFT & Wavelet

NSA (%) IFSA(%) NSA (%) IFSA(%)
Faut9 96.33 100.00 95.33 100.00
Faut10 96.67 100.00 95.57 100.00
Fautl1 96.67 97.42 95.25 74.25
Faut12 96.89 96.65 95.33 63.27
Faut13 96.33 100.00 95.57 94.75
Average |96.58 98.81 95.41 86.45
Accuracy
NSA manifests the normal samples accuracy.

IFSA manifests the incipient fault samples accuracy.

the oscilloscope. The number of output normal samples and
fault samples for every fault are 200 and 100, respectively.
After the feature extraction using the FFT, 100 extracted
normal samples are used as the training set of the SVDD and
100 extracted faults samples and another 100 normal samples
are used as the testing set. The comparison experiment is still
set to a pulse stimulus combined with a wavelet analysis. The
detection accuracy is shown in Table 10 and Table 11.

The results show that the average incipient fault detection
accuracy reaches 95.39%, whereas that with the pulse stim-
ulus reaches 47.11%. Thus, using the multi-frequency test
stimuli set can increase the incipient fault detection accu-
racy by more than 48.28%. Meanwhile, the test stimuli set
increases the hard and soft fault average detection accuracy
to 98.81%. These results adequately demonstrate that the
multi-frequency test stimuli can increase the detection accu-
racy for all types of faults, especially for incipient faults in an
actual circuit; thus, this method has great practical value.

V. CONCLUSIONS

This paper presents a novel method of multi-frequency test
generation for incipient faults based on the AMM. The model
uses the AMA combined with the GA to select the test
frequencies for every incipient fault. The multi-frequency test
stimuli set without redundant frequencies for the entire circuit
is generated by the GRA. The selected multi-frequency test
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stimuli set has the better excitation of the incipient fault
than the general pulse stimulus, and it greatly increases the
incipient fault detection accuracy. Meanwhile, the test stimuli
set can excite the serious and common faults. Compared
with the homogeneous method mentioned in Sun et al. [12],
the selected test stimuli set has fewer elements and higher
fault detection accuracy. When the multi-frequency test
stimuli set is used in the hardware circuit, the average
fault detection reaches 95.39%. All of the results demon-
strate that this novel method can quickly obtain simplified
multi-frequency test stimuli, and it remarkably excites the
subtle features of the incipient fault and is beneficial for
fault detection and diagnosis in analog circuits. The pro-
posed method is appropriate for applications that require the
rapid detection of incipient faults and has great practical
value.
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