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Abstract

With the continuous increase in themplexity of electronic systentise issue of testing such
systems is becoming an increasingly diffictistsk. The large number of constituent
components on a printed circuit boaadd their internatomplexity rules outraditional
simulation-based techniquemnd emphasispon using techniques which akemsed on
artificial intelligence. Thisvork is a continuation of research carried outAoglan et al. [2]

in which diagnosis is performed using example failure reports produced by Automatic Test
Equipments (ATEs). Thevork of Arslan hasalso illustratedthat expert system-based
techniques could be used ftire diagnosis procedureowever,the construction of expert
systems is a lengthy procedward theirsubsequent customisation for different circuits and
ATESs require significant modifications to both knowledge-lzastrule-baseThis taskcould

only be performed by experienced knowledgmineers. In this paper these of artificial
neural networks is investigated in the diagnpsess. A number ofeural architectures are
investigated mainly based upon Multi-Layer Perceptiamd Learning/ector Quantization.
Artificial neural networks are designed sublatthey process tesfata output from ATEs and
indicate possible faults which may cause the failure of a given printed circuit board. The paper
describesthe neural network architectures investigaiad thediagnosis performance
achieved. In addition the paper reports onabh#ity of the neural networks in dealing with
noise and duplicate reports that are a characteristic of failures represented in the test data.
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1 Introduction

Electronic products and components araraéggral part of oureverydaylife.

Their applications extend from leisure to major safety critical ones such as
medicineand defencé&or this reason testing electronic systems is an important
task and is increasinglyecoming an integradart of thedesignprocedure as in
Wilkins [1]. Testing involves applying a set of input stimuli which will result in a
different response fdhe faulty and fault-free circuits. Ithe past, thesaput
stimuli were generatedananually; however, as circuicomplexities increase
manual methods are replacedully or partially) by test patterngeneration
programs and the testing procedures are performed by computer-based
equipment, termed automatestequipmenf{ATE). One of thecomplex issues

in the testing procedure is the processsofating faultycomponentssoming

from a manufacturing line or those failed in use, see Arslan et al. [2].

The complexity of the fault isolatigmocedurehas increased dramatically by
the recent development in VLSI technologhich has lead to a significant
reduction in component size @t levels(chip and PCB) with aaccompanying
increase in complexity. This increase in complexity matkes traditional
intuitive approach to testing, based on testing sifjoal through thecircuit
with theaid of instruments such as oscilloscopes and voltmetefigctive as
explained in Wilkins [1].

Typical examples giroductsmanufactured currently amulti-chip systems
in which the following are major components:

1) ICs containing mixed analogue digital circuitry.
2) Pure digital or analogue ICs.
3) Individual analogue components (inductors, capacitors, etc.).

Interaction among the above componentlsighly complex specifically
among those iil) and (2). This makebe process of testing such circwiesy
complex even when advanced ATEs are used. The large combination of possible
failuresassociated with systems suchtfzss abovenakes a functional approach
to testing more common. During functional testing ATE is programmed to
apply inputstimuli which exercisehe circuit input undetypical operation
conditions ancexamineexternal andest outputs adgescribed in Arslan et al.
[3]. This process usually produces a failure report for each failed system or PCB
indicating the failed tests. Due to theomplexnature of such systemiiled
tests do notirectly correspond to exadailed components and hence require
further analysis bytestengineers irorder toisolate theindividual component.
This analysiprocedure isengthy and time consumirdye to thecomplexity of
the unitsinvolved and theihigh degree of interaction. Teshgineers require a
greatdeal of experiencboth with the PCB circuit and thest procedure to
identify the failures. For this reason and iorder toincrease speed déult
isolation andmaintain yield even iftest engineers of less experience are
employed, the possibility of an Al-based technique was considered.
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The work ofArslan et al[2] illustratedthat the use of an expesystem is
well suited for an application such as above andpraduce goodliagnosis
yield. However, the construction of such an expsystem is a lengthy
procedure and its customisation fdifferent systems and ATES require
additional modifications téhe knowledge-base and rule-baBeis couldonly
be performed by a knowledge-engineer. The use aftditial neuralnetwork
(ANN) for fault isolation requiresninimum customisation once the network
architecture is selected.

Thispaper describes the results of furtimeestigation tahe use oANNs
in thediagnosis of multi-module PCBs. Results producedvhich indicate the
efficiency ofANNs when used for fault isolation in such an environm&NiNs
have been successfullysed as a tool in fault diagnosis in a number of
application fields. One applicati@mea is fault diagnosis for chemical processes
as would be seen in theork of Venkatasubramanian & Ché], Sorsa et al.
[5], Fan et al[6] and Hoskins et al. [7]. Othapplicationsare in thefield of
powersystemsge.g. Ranaweera [8], Fernado & Watson Bhen & Voumard
[10], Sagar etl. [11] andGuglielmi etal. [12]. In addition,ANNs have been
applied to fault diagnosis of electronic components and digital or analogue
electronic circuits by Meador et 4l.3], Collins et al.[14], Reeder & Koos
[15], Kagle et al. [16] and Ruthkowski [17].

Thispaper describes the neuradtwork architecturegvestigated and the
diagnosis performance achieved. In additloa paper reports on tlability of
the neural networks imlealing with noise and duplicateports that are a
characteristic of failures represented in the test data.

2 Test data and representation

The ANNSs directlyprocess test data output from tR€Es. The data consist of
large amounts afeports, each repodescribes a number of failéests (test 1
to test n)where n is theumber of failedests in the data (a total of 131 tests).
The reportausuallypoint to one or more of the faulfault 1 to fault m, where
m is thenumber of possible faults dhe PCB (a total of 18 faults). The data
also contain some ambiguities and noikat are believed to bedue to
misdiagnosis by test engineers and continuous updates in the circuit.

In this study a printed circuiioard was usedonsisting of different
components, such as I@scluding analogue and digital circuit€gpacitors,
fuses, etc. Faults in these components are associateduaptits of the ANN
whereas thefailed tests are associatedith the input of the ANN. The
percentage distribution of tests in each fault is shown in figure 1.
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Figure 1: Percentage distribution of tests in each fault.

Different methods of representirtbe data were considered, our
investigation showethat the best is to represenput data by a When atest
failsand 0 when gestpasses. Outputs representfagltsare coded in anatrix
with 1 in thediagonal elements and Ostire remainder. Figure 2 illustrates the
use of ANNSs in the fault diagnosis environment.
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Figure 2: Block diagram of the diagnosis environment.
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3 Network architectures

Two types of neural networks have been investigaitdii-Layer Perceptron
(MLP) with backpropagation algorithm aridearning Vector Quantiziation
(LVQ), see Pham & Liu [18] and Wasserman [19].

The MLP network was structured suhbht itconsists of 131 neurons in the
input layer eacltorresponding to one of the 131 tegghteen neurons were
used in theoutputlayer eachcorresponding to thdifferent components in the
circuit. The network was found to perform besth thefollowing attributes: a
single hidden layer with 26eurons, momentumate = 0.4and learningate =
0.9. The network was trained from anmitial weight of -2s and +2s. Figure 3
shows the configuration of the network used in this study.

Fault 1 Fault 2 Fault 3 Fault 18

output layer

hidden layer

input layer

Test 1 Test ? Test 3 Test 4 Test5 Test 131

Figure 3: Three layers MLP network.

The LVQ network used theame number of inputs aodtputs as for the
MLP. One hundred and eight Kohonen neurons were used withoegoht
having 6 vectors.

4 Results

The MLP with backpropagation algorithm was investigated wlifferent
number of parameterthe results of theimulationare shown in table 1. The
best diagnosis performance 89.1 % with the following parametervalues:
number of hidden layers = 1, number redurons in thehidden layer = 25,
momentumrate = 0.4and learningate = 0.9.While the worstdiagnosis
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performance is 63.3 Mith the same learning and momentuates and three
hidden layers with 15, 10 and 5 neurons respectively.

No. of hidden layers | No. of neurong RMS error | Performance %
1 10 0.1005 87.5
1 25 0.0909 89.1
2 40/10 0.1156 83.9
3 15/10/5 0.1697 63.3

Table 1: Results of MLP network.

Table 2 showsthe confusiommatrix [20] which represents thediagnosis
performance for each fault (f1 to f18) and its confusion wifitferfaults. Some

of the faults wereclassifiedcorrectly 100 % such daults 5, 16, 9, f11, f12,

f13, f15 and f17. Others such as f8, 10, f14, wdessified withsmaller
performance rates. For example, in the case of f8 the diagnosis performance was
71.4 % because it has six failure reports two of which are duplicated with f6 and
f7. The lowestlassification performanogas 25 % as in f16 because taislt

has relatively few example failuré$) some of which have been duplicated in
other faults (f4 and f9).

f1|f2|f3|fa|f5| f6 | f7|f8]fo|f10|f11|f12[f13|f14 |f15]f16|f17 |18 |Perf.%
f1[29:1:2:2:0/0:0:0:0. 0: 0:0:0:0:0:0:0:0 [8539
f2]2:i30{1:0i{0/0:0i0i0i0:0:0:0i0:i0:0i{0i0]o
f3|0:0i64:3:0/0:2:0/0:0:0:0:0:i0:i0:0i{0i0][928
f4]0:0{1200{ 0:0i0{0; 0:0:0:0:0:0:0i0: 0][9524
f5/0:0:0:0:/3:0i0:00:0:0:0:0:0:0:0:0:0 |100
f6/0:0{0:0i{0{5:0i{0i0{0:0:0:0i0:0:0{0;i0|100
f7|0i0i0:0i0i1:17:0/{0: 0:0:0:0i0:i0:0:i01i1[89.47
f8]0:0i0i00:{1:150:0:0:0:0:0:0:0i{0:0]|714
f9l0:0:0:0:0:0:i0:0:8 0:0:0:0:0:0:0:0:0 |100
f10/0i0i1{1:0/0:i0i0{1:7i0:0:0:0:0:i0:{00][70
f11/0i0i0i0:0/0:0i0i0: 0i5:0:0:0:i0:0!0¢i0|100
f12|/0:0:0:0{0: 0:0:0{0: 0 {0 :10: 00 :0: 0 : 0} 0 |100
f13]/0:0:0:0:0: 0 :0:0i0: 0 :0:0:2:0:0:0:0;:0 |100
f14|0i0i0i{0:i0/0:i0:i0{0: 0i0:0:i0:7i0i0:{01][875
f15/0i0i0i0:0/0:0i0i0: 0 0:0:0:0i1:0!0¢i0|100
f16/0i0:0:2{0: 0:i0:0{1: 0i0:0:0:0:0i{1:0:0]|25
f17]/0:0:0:0:0: 0:0:0i0: 0:0:0:0:0:0:0:3:0 [100
f18/0i0:i0{0:0:/0{0:i0{0: 0 0:0i{0:i1i1{0:0:4][667

Table 2: Confusion matrix of MLP network.
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Two groups of data wergelected randomlypne fortraining the ANN
(learningdata) and thether for testing theliagnosis performance tdie ANN
(testing data), sefgure 4. Theaim is tocompare the performance of the ANN
with that of the tesengineer at different stages of experience with circuit.
For example with 80 % of data used lEarning and 20 % afatasubsequently
used for testing the ANN, 92 % of tlhearningdata and 56 % of the testing
data were diagnosed correctly.
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Figure 4: Performance of ANN with different learning and testing data.

Similar investigations/ere carriecbut with the LVQ network however a
maximumdiagnosis performance of 87 % was achieved. dbes nocompare
favourably with that of the MLP network (89.1 %).

5 Conclusion

This paper reports on work done in investigating the use of ANNSs for the
diagnosis of complex PCBs by training the network with previous examples of
failure reports produced by ATEs.

Both MLP and LVQ networks have used in this investigation. The MLP
network using the backpropagation algorithm produced the best diagnosis
performance.
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