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Abstract

By weighing reliability, maintainability, availability and life-cycle cost of equipment which are influenced by
testability. The testability indexes of system level BIT are determined on the basis of maximum system reliability
& maintainability and minimum the life-circle cost. The influence mathematical models of system reliability,
maintainability, availability and life-circle cost are established. According to these mathematical models, the
multi-objective optimization model of system level BIT testability indexes is established. By using Non-
dominated Sorting Genetic Algorithm T to solve the multi-objective optimization of an example, the validity of
the multi-objective optimization model and the feasibility of the solving method are proved
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1T, design for testability

INTRODUCTION

Built-in Test is defined that the automatic test
capability of the system or the equipment which
could provide itself for fault detection, fault isolation
or fault diagnosis (GJB2547-95, 1995; Tian Z& Shi J
Y, 2003). When designing the system level BIT, it is
very necessary to increase physical and operating
characteristic, fault detection and isolation capability.
By using the system level BIT of good testability, the
MTTR (Mean Time To Repair) of system can
decrease significantly, the operational readiness and
the mission success rate can be increased, the support
costs and maintenance manpower can be reduced,
thus the LCC (Life Cycle Cost) of the system or the
equipment can be greatly reduced.

Now, in the field of equipment design, design for
testability is paid to widespread attention. In the early
stage of equipment design, the testability index
determination of system level BIT is the foundation
of the design for testability. In the reference (Lv X et
al, 2008), the mathematical models of system
availability and life-circle cost are established. By
supposing, the testability indexes can be determined
by converting multi-objective optimization problem
into a single objective function extreme problem. In
the reference (Su Y D et al, 2008), considering the
user’s testability requirement and the testability level
that the contractor could achieve. The analytic
hierarchy is applied to work out the weights of
affecting factor, and the means of eclectic quotiety is
used to determine the testability indexes. In the
reference (Qian Y L Qiu J& Wen X S, 2002), the
relation curves of stable availability and testability
indexes gained by utilizing numerical simulation. The
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curves can be the basis of determining testability
indexes. At present, design for testability is still at the
stage of constant improvement, the existing method
of determining system level testability indexes is
quite unitary, which is discordant with CE
(Concurrent Engineering). The contacts between
testability, reliability, maintainability and availability
are ignored, causing the feasibility of testability
indexes and design quality are low, etc. So, in order
to find the relationship between testability, reliability,
maintainability and availability, and determinate the
testability index exactly, the method of testability
index determination for system-level BIT is studied.

In this paper, several effects of system-level BIT,
which influences equipment reliability,
maintainability, availability and life-cycle cost, are
systematic analyzed. By using Non-dominated
Sorting Genetic Algorithm II (Srinivas N& Deb K,
1994; Deb K et al, 2000; Cui X X, 2008), the method
of system-level testability index determination is
researched. The testability indexes of system-level
design for testability includes fault detection
rate(FDR), fault isolation rate(FIR), false alarm
rate(FAR), fault detection time, fault isolation time,
et al. FDR, FIR, FAR are the most commonly used
indexes, this paper focuses on these three indexes
determination method.

Mathematical Model

According to the important link between design
characteristics such as system testability and
reliability, maintainability and availability, four
objectives are considered to determine the BIT
testability indexes. First, maximize the availability of



Journal of Emerging Trends in Engineering and Applied Sciences (JETEAS) 2 (6): 908-913 (ISSN: 2141-7016)

the system. Second, maximize the reliability of the
system. Third, maximize the degree of maintenance
of the system. Fourth, minimize the life-cycle cost.
By weighting theses four objectives, the multi-
objective optimization method is used to adjust the
testability indexes to meet the system availability,
system reliability and maintenance of the largest
degree requirements, and meanwhile minimize the
life-cycle cost of equipment or system. Suppose the
original (non-BIT) mean time between failures
(MTBF) of a system or equipment is MTBFyg, mean
time to repair(MTTR) is MTTRyg, in the system
working time T, the total failure time is N.
Accordingly, the mathematical models of system-
level reliability, maintainability, availability and life-
cycle cost are established.

Mathematical Model of Reliability
In this paper, the mean time between failures (MTBF)
is considered as an important index to measure the
reliability. According to the definition of MTBF, the
MTBF is
MTBF =1 - T
N N-.+N;+N_,
Where T is the total working time of the system or
the equipment; N is the total number of faults in time
T; Ng is the total number of faults of the system or
equipment itself in time T; Ng is the number of faults
of BIT system in time T; Ng is the the number of
false alarms in time T.

D

Within the time T, the total number of faults of the

system or equipment itself is T . The
T MTBF,,

number of faults BIT detected is N, = N - FDR.

The number of faults BIT isolated is

N; =Nq -FIR=N,-FDR-FIR. The number of

faults of BIT itself is Ny =N -a, where a is

percentage of total faults of BIT itself. The number of
false alarms is

Put the above analysis result into the formula (1), we
can get the formula (2) as follow:

T 1 MTTR (2)
MTBF =— - = e
N: 1, FOR-FAR "~ (1+)-(1- FAR)+FDR-FAR
1-FAR

Mathematical Model of Maintainability

The BIT system can detect and isolate faults
automatically and greatly reduce the faults repair
time. But the faults of BIT and false alarms, which
need maintenance, are also treated as system faults.
There are four types of system faults repair time,
namely, repair time of faults which are detected and
isolated by BIT; repair time of faults which are not
detected by BIT but diagnosed by other methods
repair time, repair time of faults of BIT itself, and

false alarms maintain time. MTTRg; is the mean
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time to repair of system with BIT.
TiM: TIB +TNIB +TB +TFA
Ng+Ng+Ng,

(3

MTTRg, =

Where T,, is the total time to repair faults; T,; is the
time to repair faults isolated by BIT; T, is the time
to repair faults which are not isolated by BIT; T is
the time to repair the faults of BIT itself; TFA is the

time to repair false alarms; N« N.. N;. N,
are as noted above.

Generally, BIT which cannot detect & isolate its own
faults and check & verify false alarms (Except when
BIT can test itself), should use other methods.
Approximately, the time to repair every fault of BIT
itself or false alarm is equal to the mean time to
repair fault of the original system without BIT.

The time to repair faults isolated by BIT is:
T =N, -MTTR;;

The time to repair faults which are not isolated by
BITis: Tyy =(Ng —Ng, )-MTTR g

The time to repair the faults of BIT itself is:
Tg =N -MTTR;;

The time to repair false alarms is: T, = N, -MTTR,; -

Put the above results into formula (3), we may get
formula (4) as follow:

N, «(MTTR, -MTTR,,) (4)

Ng+Ng+ N,

Where MTTRg is the mean time to repair in the case
of the BIT that is completely reliable. The purpose of
designing BIT is to detect faults. With BIT, the time
to detect and isolate faults can be saves. Therefore,
there have the following relations depending on the
complexity of different systems:

MTTRB =0 MTTRNB @l<p<) )]
Where ﬂ is coefficient of MTTRg and MTTRyg.

MTTRg, = MTTR,, +

Mathematical Model of Availability

Availability is comprehensive characterization of
system reliability and maintainability. When only
consider the actual working time and time to repair of
system, availability is expressed as inherent
availability. The inherent availability of system with
BIT is expressed as:

MTBF
MTBF + MTTR,
Where MTBF is the mean time between failures,
which expresses the system work time. MTTRg; is the
mean time to repair, which expresses the time of the
system can not work. By the above equation (6), the
system’s inherent availability can be increased when
the MTBF must be as large as possible and the
MTTRsg must be as short as possible. In other words,
maximize the reliability and maintainability of the

(6)
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system or equipment. From the above analysis, we
can see that the system’s inherent availability can be
improved by increasing reliability and maintainability
of system.

Mathematical Model of Life-Cycle Cost

Life-cycle cost of equipment refers to all the
expenses from research project to retire, that is all
expenses in the whole life-cycle including design,
finalizing the design, production, use, maintenance
and scrap. Generally, the LCC can be divided into
three parts, which are the development costs, the
procurement costs, and the use and maintenance cost
(Tian Z& ShiJ Y, 2003; Lv X et al, 2008; Li D N,
2008).

According to the Ref. (Tian Z& Shi J Y, 2003), the
higher the testability requirements, the higher the
development cost. But with the growth of the
testability requirements, the growth of the
development cost leveled off gradually and
eventually stopped in a certain range. Therefore, the
testability development costs is exponential with the
equipment development costs. The exponential
function is expressed as:

G ={exp(a,- FOR)+exp(a, - FIR)+expla, - (1- FAR)[}<C, (7)
Where @, . a,. @, whose value is between 0 and
1, are the influence coefficients of FDR, FIR, and
FAR. C, is the expense of system(or unit).

The procurement cost is linear with testability, which
can be expressed as follow:

C, =[b, - FDR +b, - FIR+b, - (1- FAR) +1]xC, (8
Where b . b,. b,, whose value is between 0 and

1, are the influence coefficients of FDR, FIR, and
FAR.

The requirement of false alarm rate is usually low.
Assuming the test is reliable, so the cost of use and
maintain is negative correlated with FDR &FIR, and
positive correlated with FAR. The higher the FDR &
FIR, the lower the cost of maintainance. But the
higher the FAR, the higher the cost of maintainance.
The cost of use and maintainance can be expressed as
the formula (10):

C, =[exp(-c, - FDR) +exp(—c, - FIR) +exp(c, - FAR)]xC, 9

Where C;+ C,. C,, whose value is between 0 and

1, are the influence coefficients of FDR, FIR, and
FAR.

Multi-Objective Optimization Model of Testability
Index Determination

Mathematical Description

Testability of systems and equipment has important
influence on reliability, maintainability, availability,
and life-cycle cost. The indexes of FDR, FIR, and
FAR could be determined by weighting reliability,
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maintainability, and availability of systems.

In order to facilitate description, F;is used to express
testability indexes of system with BIT(such as FDR,

FIR, FAR), the model of testability indexes
determination for the system-level BIT is :
Seek feasible solution
F={R.F. R} (10)
s.t

£ (F)=min{f,(F), {,(F), {,(F)} 4y,
Where f,(F) is reliability index of system: mean
time between failure. f,(F) is maintainability index
of system: mean time to repair. f,(F) is the life-cycle
cost of system.

Multi-Objective Optimization Model
According to the above analysis, the final multi-
objective optimization model is made up of three
objective functions and a group of constraint
functions. The multi-objective optimization model is
determined as follow:

Objective function:

min{f,, f,, £,} (12)
f1 is the mean time between failure, which can be
expressed as:

f, = MTBF = MT TRg

(1+a)-(1-FAR)+FDR- FAR
f2 is the mean time to repair, which can be
expressed as:

(13

(1-B)-FDR-FIR (1

1-
(1-FAR)-(1+a)+FDR-FAR

f,=MTTRg :[ ] MTTR,,

f, is the life-cycle cost of system, which can be
expressed as:

f,=C=C,+C,+C, (15)
Due to technology and experience, the FDR and FIR
cannot exceed 100%, the FAR cannot be less than
0%. But these systems must have minimum
testability indexes, which must be higher than the
minimum value. Therefore, the constraint is
A <F . A isthe minimum index value.

According to the constraint relation, we can get
the following Constraint function:

FDR" < FDR <1

FIR"<FIR <1

0 < FAR < FAR"

Where FDR”, FIR and FAR are the requirement
of the system.

(16

Method of Testability Index Determination Based
on NSGA-I11

In most cases, every objective are conflicting each
other in multi-objective optimization problems
(MOP). Improvement of one objective may cause
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performance degradation of other objective. It is
impossible to make many objectives optimal
simultaneously. We can only try to make all objective
functions optimal by weighting and tradeoff. The
optimal solution is no longer the solution which make
all objective functions largest, but Pareto optimal
solution set. The optimal solution of MOP is only a
“not bad” solution acceptable. The number of Pareto
optimal solution in most MOP is more even infinite.
The optimal solution of MOP is a set includes these
Pareto optimal solutions. In practical problem, we
can choose some solutions in a lot of Pareto optimal
solutions in terms of the comprehendible degree and
deciders’ preference. In this paper, the Non-
dominated Sorting Genetic Algorithm II (NSGA-I1I)
is used to solve the multi-objective optimal problem.
Non-dominated Genetic
(NSGA-I1I)

Non-dominated Sorting Genetic Algorithm (NSGA)
is proposed by Srinivas and Deb in 1994(Cui X X,
2008). The algorithm is similar to Standard Genetic
Algorithm (SGA), just the operators are different. So
it is very appropriate to solve multi-objective
problem. In 2000, Deb improved NSGA and
proposed Non-dominated Sorting Genetic Algorithm
IT(NSGA-II), which greatly reduced the running
time.

Sorting Algorithm

The NSGA-II is a multi-objective genetic algorithm
based on Pareto. It is formed on the basis of
improvement on NSGA. In each generation, first
getting population Q by making genetic operation on
population p; second forming new population p after
merging the two group and Non-dominated sorting
and crowding distance sorting, repeated until the end.
This algorithm does not need to niche optimized
parameter values with elite strategy, greatly reduces
the complexity of the algorithm.

NSGA-11 solution

Encoding

Encoding is the first problem of genetic algorithm.
Through the encoding, the feasible solution to the
problem can be replaced to the search space in which
the genetic algorithm can handle. Because all he
feasible solutions of objective functions, which are
determined by testability indexes, are decimal
between 0 and 1. By using floating-point encoding in
the algorithm, each individual gene of the
chromosome is correspond with solutions, not only
intuitive to express, easy to mutate and cross, and can
effectively control the number of infeasible solutions.
Selection

The selection process makes the solutions optimize at
he direction of Pareto optimal solution and spread
evenly. The selection operator is very important to
avoid the loss of effective gene, make high-
performance individuals with greater probability of
survival, improve the global convergence and search
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efficiency. The commonly used operators are
tournament selection, roulette selection and ranking
selection. Tournament selection operator has a better
convergence and computation time complexity, so we
use the tournament selection operator. The basic
operation is randomly selecting n individuals from
the group each time, making the individuals with
better fitness inherit to next generation group.
Individual number n is called league scale, whose
general value is 2.
Crossover
Crossover operation is making part gene of the parent
individuals replaced and recombined by new
individuals. Generally, crossover neither destroys the
fine quality model in the individual string, nor can
effectively produce some good new individual model.
In this paper, we construct arithmetic crossover
operation to cross according to the encoding method
and the condition range of solutions. To construct
arithmetic crossover, first randomly match between
two individuals of parent generation, then make
arithmetic crossover operation on any pair of
(UL,Uty at the crossover probability of .. The
crossover operation is as follow:

Um=2-Ul+@-2)-U}

Ut=1-Ul+@1-2)-U}
Where is constant between 0 and 1.
Mutation
The basic function of mutation operator is changing
gene values of some individual genes, which can
improve the local search ability of algorithm and
maintain the diversity of population. Because the
solutions are at the fairly small range between 0 and
1, the uniform mutation operators are adopted to
mutate in this paper. Uniform mutation refers to the
original gene values of each individual are replaced
by random numbers which are uniformly distributed
in a certain range. Uniform mutation makes that the
search can move freely throughout the whole search
space, which can increase the diversity of the
population. The mutation operators are designed as
follow:

k k

t+1 k
uk _umin +(umax _umin)xr (18)

Where, T refers to a random number distributes

uniformly between 0 and 1. ui*l

k k
’ umin

from ui. [Upax ] refers to the value range of
the gene in the string of genes.

Constraint handling

The penalty function method is used to solve the
multi-objective problems with constraints, which can
convert multi-objective problems into unconstrained
multi-objective optimization problems. General the
performance of penalty function method to deal with
the constraint condition to a large extent depend on
penalty coefficient setting (Wang Y X et al, 2005;
Qian W Y& Duan H Y, 2010). When using penalty
function method, penalty values are pro rate to all

an

is a gene mutated
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objective function. All the constraint and objective
functions must be standardized. So, Deb et al
proposed constraint domination principle (Deb K
Pratap A & Meyarivan T, 2002) to solve constraint
problems in algorithm as follow:

Defining a solution X; which can constrain and
dominate another solution X if and only if the
following conditions are met:

(1)  Solution X; is feasible, while solution ins
infeasible;

(2)  Both solution X; and are infeasible, but the
general constraint conflict of solution X; is
less than solution XJ. X

(3) Both solution X; and solution X; are

feasible, and solution X; can dominate

solution X i
In this paper, in order to get a quantitative degree of
constraint conflict of solution X;, the constraint
conflict value is defined as follow:

3 2

W(Xi)ZZ[min{o,gJ(xi)}} +

K 2
=t k=

> [max{0,h, (x)}]
(19

Where g;(X) and h,(x) are the inequality

constraint of optimization problems (greater than or

less than). J and K are the number of the
inequality constraint.

Analysis of Examples

Take the determination of one type excavator
electrical BIT system for example, the mean time
between failure of the original system(without BIT)
is expressed as: MTBFyg=50h, the mean time to
repair is expressed as: MTTRyg=40min. The NSGA-
Il is used to determinate the testability indexed of this
system. The values of objective function are as
follow: According to the statistics before and after the

system improvement, a =2%, ﬂ =0.2,
a,=a,=0.5, a,=0.5, b=b,=0.3, b,=0.5,
c,=C,=0.6, €,=0.5, C,=5 (10  thousand) ,

FDR" =0.90, FIR"=0.92, FAR" =0.05. The
number of groups is set 100, the iteration number is
100.

A group of Pareto optimal solution is got by applying
NSGA-II to solve the example. According to the
minimum of objective functions f;, f, and f3, three
groups of optimal solution set are chosen as the
determination results which are show( As shown in
Table 1) .

Table 1 Determination results of BIT indexes of
system

Result

m\ FDR  FIR  FAR f; f, s
1 09231 09482 00010 39.2193 11.7556 452165
2 09935 0.9877 0.0189 39.2349 8.4332 455673
3 09410 0.9362 0.0427 39.3457 116148  45.0695
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By analyzing the Pareto optimal solutions, we can
know that: NSGA-II can be used to solve MOP and
get many groups of determination index results. The
influence degree on reliability, maintainability,
availability and life-cycle cost of different results are
different. This method can weight reasonably and
determinate the testability indexes. The designer
could choose the testability index results according to
the design requirements.

CONCLUSION

With the increase of contents which are weighted and
analyzed in the process of design for testability of
equipment, multi-objective optimization problems are
more and more outstanding. In this paper, by
weighing reliability, maintainability, availability and
life-cycle cost of equipment which are influenced by
testability, the testability indexes of system level BIT
are determined on the basis of maximum system
reliability & maintainability and minimum the life-
circle cost. The influence mathematical models of
system reliability, maintainability, availability and
life-circle cost are established. According to these
mathematical models, the multi-objective
optimization model of system level BIT testability
indexes is established. By using Non-dominated
Sorting Genetic Algorithm II to solve the multi-
objective optimization model, the testability indexes
of system-level BIT are determined.

This method compared with the existing methods of
testability indexed determination has the following
advantages:

(1) Through introducing the multi-objective
optimization algorithm, overcoming the problems as
follow: the solution is not precise enough when the
multi-objective function is converted into single
objective optimization problems, and only one
solution can be got when running one time in Ref.
(Lv X et al, 2008).

(2) Through establishing multi-objective optimization
model, overcoming the problems as follow: It is of
strong subjectivity when using the means of eclectic
quotiety in Ref.[4], and the uncertainty problem when
the indexes are determined according to the relation
curves in Ref.( Su'Y D et al, 2008).

Through the example verification, the validity of the
multi-objective optimization model and the feasibility
of the solving method are proved. The method can be
used to solve some multi-objective optimization
problems in the process of design for testability, and
can be applied to determinate the indexes of the
system-level, subsystem-level BIT. By using this
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method, the designers are provided for a good
selection.
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