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Abstract
Test generation procedures based on genetic optimization were
shown to be effective in achieving high fault coverage for bench-
mark circuits. In a genetic optimization procedure, the crossover
operator accepts two test patternst1 andt2, and randomly copies
parts of t1 and parts oft2 into one or more new test patterns.
Such a procedure does not take advantage of circuit properties
that may aid in generating more effective test patterns. In this
work, we propose a representation of test patterns where subsets
of inputs are considered as indivisible entities. Using this repre-
sentation, crossover copies all the values of each subset either
from t1 or from t2. By keeping input subsets undivided, activa-
tion and propagation capabilities oft1 and t2 are captured and
carried over to the new test patterns. The effectiveness of this
scheme is demonstrated by experimental results.

1. Introduction
Test generation procedures based on genetic optimization [1]
were shown to be effective in achieving high fault coverage for
benchmark circuits [2]-[5]. However, as stand-alone procedures,
test generation procedures based on genetic optimization may
fail to achieve complete fault coverage in reasonable time. For
example, in [2], the fault coverages achieved for almost all the
ISCAS-85 benchmark circuits are smaller than those achievable
by deterministic test generation procedures. To alleviate this
problem, test generation procedures based on genetic optimiza-
tion were combined with deterministic test generation proce-
dures [6], [7]. In this work, we address one of the possible
causes of this deficiency of genetic optimization.

In the context of test generation, the genetic optimization
procedure starts with an initial test set (typically, a set of random
patterns). At every iteration, afitnessvalue is ascribed to every
member of the test set. Pairs of tests from the test set are ran-
domly selected and used for creating new tests. The probability
of selecting a test to be part of a pair is proportionate to its fit-
ness value. The selected pairs are used to create new tests by
using the genetic operators ofcrossoverandmutation. The con-
ventional crossover operator [1], [3] proceeds as follows. Con-
sider two test patternsu = [u1u2

. . .un] and v = [v1v2
. . .vn]. A

numberc between 0 andn − 1 is randomly selected. This num-
ber is called thecrossover point. Two new patterns are obtained
by copying the firstc bits of u (v) and the lastn − c bits of v (u)
into the same vector. The two new vectors obtained are
w1 = [u1

. . .ucvc+1
. . .vn] and w2 = [v1

. . .vcuc+1
. . .un]. In [4],

this basic crossover operator is extended to the case where two
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test sequencesu and v are considered, by copying a randomly
determined prefix ofu and a randomly determined suffix ofv
into a new test sequence. In [3] and [5], each individual input is
randomly copied from one of two sequences (uniform
crossover). The mutationoperator complements each bit in the
new tests(s) with probabilitypM . The value ofpM is typically
very small. Mutation creates new solutions and explores parts of
the search space that would not be explored otherwise.

Considering combinational circuits, the crossover opera-
tor is expected to combine useful information from two test pat-
ternsu andv into new test patterns that will detect faults that are
not detected by eitheru or v. However, an arbitrary combination
of values from two different tests may not be useful in detecting
new faults. The crossover procedure in [2] attempts to alleviate
this problem by taking test generation objectives into account.
Given two test vectorsu and v, the procedure first identifies
input values inu andv that are useful in creating circuit activity
in subcircuits that currently have low levels of activity. Activity
is measured by the number of events created during logic simu-
lation of a vector. An input value that creates activity is identi-
fied by complementing it and simulating the resulting vector.
Input values that create activity are copied from the two vectors
u andv to create a new vector. This crossover procedure has the
following disadvantages. (1) It relies on consideration of single
input values, whereas fault detection may require to simultane-
ously assign specific values to specific inputs. (2) Circuit activity
is not an accurate measure of fault detection, and its determina-
tion requires logic simulation.

To alleviate the shortcomings of the crossover operators
used in [2]-[5], we propose the following approach. We find
subsets of inputs that determine the values of internal lines in the
circuit. In test patterns that detect one or more faults, such sub-
sets of inputs contribute to the activation and/or propagation of
faults within the subcircuits they affect. During crossover, we
consider these subsets as whole entities, and we copy the values
of all the inputs in a subset together into new test patterns. The
new patterns created in this way maintain the activation and
propagation capabilities of the original patterns, and are likely to
detect additional faults. In addition, no logic or fault simulation
is required during crossover. To comply with the genetic algo-
rithm terminology [13], the proposed approach can be viewed as
a representation scheme, as follows. Conventionally, a test pat-
tern is represented as a bit vector. In the proposed scheme, a test
pattern is defined over precomputed subsets of inputs. For
example, consider a four-input circuit with inputsx1, x2, x3, x4.
Let the input subsets be {x1, x2, x3} and {x3, x4} (note that the
subsets are overlapping). Then the test pattern conventionally
written as (0011) is viewed under the proposed scheme as the
pattern (001)(11), where the inputs (x1x2x3) assume the pattern
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(001) and the inputs (x3x4) assume the pattern (11).
The proposed representation scheme is embedded into a

test generation procedure for combinational circuits that uses
uniform crossover and mutation to generate new test patterns,
starting from randomly selected ones. The input subsets are com-
puted in a preprocessing step. Alternatively, it is possible to com-
pute them dynamically during the test generation process. For
comparison purposes, the conventional representation scheme of
test patterns as bit vectors using several crossover operators [1],
[3], [5] are also embedded into the same test generation proce-
dure. Comparison of the results demonstrates the advantages of
the proposed scheme in terms of fault coverage and/or the num-
ber of iterations required to achieve the fault coverage. Prelimi-
nary results for synchronous sequential circuits are also pre-
sented. We expect that embedding of the proposed representa-
tion scheme into the test generation procedures of [3]-[5] would
result in similar improvements.

The paper is organized as follows. In Section 2 we show
an example to motivate the proposed scheme. Section 3
describes the selection of input subsets. In Section 4 we describe
the test generation procedure for combinational circuits. In Sec-
tion 5 we present experimental results of the proposed procedure
and compare it to several other schemes. In Section 6 we show
preliminary results for synchronous sequential circuits. Section
7 includes concluding remarks.

2. An example
For illustration, we use the circuit of Figure 1. In this circuit, the
following subsets of inputs determine the values of internal lines.
The subset of inputs {1,2} determines the value of line 9; the
subset of inputs {3,4} determines the value of line 10; the subset
of inputs {5,6} determines the value of line 11; and the subset of
inputs {7,8} determines the value of line 12. Thus, these input
subsets may be effective in activating and propagating faults.
Given two tests that detect some faults in the circuit, we would
like to maintain the values of these input subsets and create new
tests that include them. For example, the testt1 = (11101101)
detects the faults 9 s.a. 0 and 11 s.a. 0. The testt2 = (01111011)
detects the faults 10 s.a. 0 and 12 s.a. 0. If we take the values of
inputs {1,2} from t2, the values of inputs {3,4} fromt1, the val-
ues of inputs {4,5} fromt2, and the values of inputs {6,7} from
t1, we obtain the patternt = (01101001), that detects the faults 1
s.a. 1, 4 s.a. 1, 6 s.a. 1, 7 s.a. 1, 13 s.a. 1 and 14 s.a. 1. Thus, by
maintaining the values of the pairs of inputs above intact, we can
detect six additional faults after crossover. The conventional
representation scheme may not readily lead to such a new test.

3. Selecting input subsets
In this section, we describe the selection of the input subsets
whose values will be manipulated as single entities during
genetic optimization.

To ensure that input subsets are effective in activating and
propagating faults in the circuit, we select the input subsets such
that each one of them is the input cone of some line in the cir-
cuit. The input cone cof line g is the set of all the primary
inputs that drive lineg. We exclude from consideration input
cones of primary inputs since they have size 1; input cones of
fanout branches since they are the same as the cones of the
fanout stems; and input cones of outputs of single-input gates
since they are the same as the cones of the gate inputs. To illus-
trate the procedure for selecting the input cones we use
ISCAS-85 benchmark circuitc17, shown in Figure 2. The input
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Figure 1: An example circuit
cones of all the lines in the circuit excluding primary inputs and
fanout branches are shown in Table 1.
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Figure 2: Circuit c17
Table 1: The input cones ofc17

line input cone line input cone

8 1,3 15 3,6,7
9 3,6 16 1,2,3,6

12 2,3,6 17 2,3,6,7

Several considerations are used in selecting the input
cones (or input subsets) for the proposed representation scheme.
(1) Regarding the sizes of the input subsets, we would like the
input subsets to be large enough to capture activation and propa-
gation information. At the same time, we would like the input
subsets to be small enough to allow a large variation in the gen-
erated test patterns due to crossover. In the proposed procedure,
we use a parameterNPI,max to determine the maximum size of
the input subsets considered. We setNPI,max to be as low as pos-
sible, but not lower than another constantNPI,INIT . In our experi-
ments,NPI,INIT = 10. (2) We require that every primary input of
the circuit would participate in at least one input subset. This
ensures that when a new test is generated, every one of its input
values is determined. (3) We allow an input to participate in
more than one cone. This is required since in some cases, it is
impossible to avoid overlapping input cones. Crossover using
overlapping input subsets is considered in Section 4.

The procedure for selecting the input subsets proceeds as
follows. We set an upper boundNPI,max on the size of an input
cone that will be considered. The value ofNPI,max is initialized to
a constantNPI,INIT , and it is increased until a subset of input
cones can be selected, that includes all the inputs. For a given
value of NPI,max, we execute Procedure 1 shown in Figure 3 to
select a set of input cones. In Procedure 1, we assume that the
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lines in the circuit are numbered 1, 2,. . . , L in increasing order
from inputs to outputs. The lines in the circuit are considered
from primary outputs to primary inputs. The cone of lineg is
selected by Procedure 1 if its size does not exceedNPI,max. Sup-
pose that the cone of lineg is selected. Leth be a line that drives
g. Then the input cone ofh is contained in the input cone ofg,
andh is not considered by Procedure 1. Of the cones selected in
this process, some may be redundant. A cone is said to be
redundantif all its inputs are also included in other cones. We
use a greedy procedure in Step 4 of Procedure 1 to find an irre-
dundant coverCirr of the set of conesC produced in Steps 1-3.
For c17 with NPI,max = 3, Procedure 1 selects the set of cones
{{3,6,7}, {2,3,6}, {1,3}} belonging to lines 15, 12 and 8, respec-
tively. All the primary inputs are included in these cones. None
of the cones is redundant.
____________________________________________________
Procedure 1:Finding input cones forNPI,max

(1) Unmark every line in the circuit. Mark the primary out-
puts. Setg = L. SetC = φ .

(2) If (a) g is a primary output or the output of a multi-input
gate, (b)g is marked, and (c) the size of the input cone of
g does not exceedNPI,max:

Add the cone of lineg to the set of conesC.
Else, mark all the lines that immediately drive lineg (line
h is said toimmediately driveline g if h is an input of a
gate with outputg, or if h is a fanout stem with a branch
g).

(3) Setg = g − 1. If g ≥ 1 go to Step 2.
(4) Find an irredundant coverCirr of C.
(5) ReturnCirr .
____________________________________________________

Figure 3: Procedure 1
Procedure 1 is called repeatedly with increasing values of

NPI,max, until for every primary inputI , there is a conec ∈ C
such thatI ∈ c. The following observations are used to shorten
the search for an appropriate value ofNPI,max.

Consider the set of all input conesCall of all the lines in
the circuit excluding primary inputs, fanout branches and outputs
of single-input gates (e.g., Table 1 showsCall for c17). For each
primary inputI , let NI ,min be the number of inputs in the smallest
cone that includes inputI . To allow input I to be included in
some cone inC, we must haveNPI,max ≥ NI ,min. We can thus
start with NPI,max = max {NPI,INIT , NI ,min: I is a primary input}
(NPI,INIT was defined to ensure that the cones are not too small).
For example, forc17 with NPI,INIT = 1, NPI,max = 3 since the
smallest cone that includes input 2 (7) is of size 3 (cf. Table 1).

Next, consider the case where the set of conesC selected
for NPI,max does not include all the primary inputs. We observe
that unless we increaseNPI,max sufficiently to allow new cones to
be included inC, that were not included based on the previous
value ofNPI,max, we will obtain the same set of cones again. Let
g be the line with the smallest conec that is larger thanNPI,max.
We increaseNPI,max to the size ofc. The complete procedure for
finding the set of cones is shown in Figure 4.

4. Test generation
The test generation procedure is described in this section and
summarized in Procedure 3 shown in Figure 5. In the proposed
procedure, a single test is anindividual in the genetic optimiza-
tion terminology. All the tests together form thepopulation. The
tests that detect any new faults are carried over from one itera-
tion (or generation) of the genetic optimization procedure to the

____________________________________________________
Procedure 2:Finding input cones for test generation
(1) Let NPI,max = NPI,INIT .
(2) For each primary inputI :

(a) Let NI ,min be the number of inputs in the smallest
cone that includes inputI .

(b) If NI ,min > NPI,max, setNPI,max = NI ,min.
(3) Call Procedure 1 withNPI,max to obtain a set of conesC.
(4) If, for every primary inputI , there exists a conec ∈ C

such thatI ∈ c, returnC.
(5) Let g be the line with the smallest conec that is larger

thanNPI,max. SetNPI,max equal to the size ofc.
(6) Go to Step 3.
____________________________________________________

Figure 4: Procedure 2
next. Thus, we have a test setT that grows from one iteration to
the next by adding new tests that detect yet-undetected faults.
Only fault dropping simulation is performed to determine the
effectiveness of a test (itsfitness functionvalue). The fitness
function value of a testt is equal to the number of yet-undetected
faults detected byt when it is first entered into the population
(the fitness of a test can also be determined by using non-fault
dropping simulation, however, this would require larger simula-
tion times). In addition, each test in the population is simulated
only once throughout the iterations. This is accomplished by
maintaining a single fault list that initially contains all the target
faults, and dropping detected faults from this list every time a
new test is added to the population. Since the fitness values tend
to decrease as more tests are produced and the fault list shrinks,
we distinguish between three levels of fitness (instead of consid-
ering specific fitness values). Tests that do not detect any new
faults when they are generated are given a fitness value of 0, and
are not used for producing new tests. Tests that detect large num-
bers of faults are selected to create new tests with twice the prob-
ability of tests that detect low numbers of faults. This selection
process is explained below.

Test generation starts by creating an initial test set. The
initial test set is created by simulating a constant numberNT,MAX

of random patterns. The patterns effective in detecting any yet-
undetected faults are kept in a test setT. The other patterns are
discarded. Eliminating patterns that do not detect any new faults
is equivalent to giving them a fitness function value of 0, and not
selecting them for crossover to create new tests. The initial test
set T is generated in Step 2 of Procedure 3. Several iterations
follow, where new patterns are generated based on the existing
patterns inT. Each new pattern is simulated, and if it detects
any new faults, it is kept inT. At most NT,MAX patterns are gen-
erated, or until the size ofT reachesNT,MAX. Generation of new
patterns is controlled by Steps 3-6 of Procedure 3.

New patterns are generated in Proceduregen_test(). The
procedure uses uniform crossover over the proposed representa-
tion of test patterns. The procedure accepts the current test set
T, and the following subset. Let the test setT before the begin-
ning of the current iteration beT′. We define a subsetT′best of T′,
that contains the tests that detect the larger numbers of faults in
T′. Tests are included inT′best starting from the tests that detect
the largest number of faults, followed by the tests that detect the
second-to-maximum number of faults, and so on, until the size
of T′best is at leastT′best,MIN . In our experiments,T′best,MIN = T′/3.
New patterns are created using two testst1, t2. The testst1 and
t2 are randomly selected either out ofT or out of T′best, as fol-
lows. First, eitherT′best or T is selected with probability12. Then,
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two tests are randomly selected out of the selected set (T′best or
T). SinceT′best ⊂ T, the tests inT′best have twice the probability
of being selected over the tests inT − T′best. Thus, this selection
scheme gives higher probability to the selection of tests that
detect larger numbers of faults, yet it allows every test inT to be
used with non-zero probability. The selection oft1 and t2 is
done in Steps 1 and 2 of Proceduregen_test().

A new testt is created by selecting some input cone val-
ues out oft1 and some values out oft2. The source of the values
is determined by the variables {from_test(c): c ∈C} in Step 3 of
Proceduregen_test(). For each input conec, we randomly deter-
mine whether its values will come fromt1 or from t2. The val-
ues are assigned intot in a random order (Steps 4 and 5 of Pro-
ceduregen_test()), for the following reason. Consider a circuit
with 5 inputs {x1, x2, x3, x4, x5} and two cones,c1 andc2, with
inputs {x1, x2, x3} and {x1, x4, x5}, respectively. Let
t1 = (00000) and lett2 = (11111). Let from_test(c1) = t1 and let
from_test(c2) = t2. If we assign the values tot in the order
<c1, c2>, we first assign 0s tox1, x2, x3, and then assign 1s to
x1, x4, x5. The result is the pattern (10011). If we assign the val-
ues tot in the order <c2, c1>, we obtain the pattern (00011). We
obtained two different patterns, depending on the order in which
the input cone values were assigned. This is a consequence of
the overlap between the subsets of inputsc1 and c2. To avoid
giving preference to the input values of certain cones, we ran-
domly permute them before determiningt.

The probability of mutation in our implementation of the

genetic optimization procedure is
1

NPI
, whereNPI is the number

of circuit inputs. Probability values that are inversely proportion-
ate to the number of bits in a solution were found to be effective
in [8]. Mutation is done in Step 6 of Proceduregen_test().

Note that the value ofNT,MAX in Procedure 3 must be
larger than the minimum test set size, otherwise, after finding
NT,MAX tests that detect any faults, no additional patterns will be
considered. We experimented with various values ofNT,MAX as
reported in the next section. It is also possible to dynamically
increase the test set size beyondNT,MAX if it contains close to
NT,MAX tests. We did not explore this option.

5. Experimental results
Experimental results of the proposed procedures are reported in
this section for ISCAS-85 benchmark circuits [9]. The circuit
c6288 is omitted since it is testable by a small number of pure-
random patterns.

Information about the input cones generated by Procedure
2 is shown in Table 2. After circuit name we show the number of
primary inputs, the value ofNPI,max for which a set of cones was
found, and the number of cones after removing redundant cones.
Note thatNPI,max is the maximum number of inputs in a cone,
and that there may be a large number of cones with smaller num-
bers of inputs. For example, inc432, we have (after removing
redundant cones) one cone with 18 inputs, and 18 cones with
two inputs each. Thus, there is overlap between the inputs in
different cones. Procedure 3 was designed to handle such over-
lap.

Results of the proposed test generation procedure using
the cones reported in Table 2 are also shown in Table 2. We used
NT,MAX = 1, 000 in this experiment and allowed at most 1,000
iterations. Under columndet.able we show the number of
detectable stuck-at faults in each circuit. Under columndet.ed

____________________________________________________
Procedure 3:Test generation
(1) Let F be the set of target faults. LetT = φ . Let C be the

set of cones produced by Procedure 2.
(2) RepeatNT,MAX times:

(a) Generate a random patternt.
(b) Simulatet. Let F(t) be the set of faults detected

by t.
(c) If |F(t)| > 0:

(i) Add t to T.
(ii) Set F = F − F(t).

(3) SetNiter = 1.
(4) SetT′ = T. Let T′best contain at leastT′best,MIN tests out of

T that detect the larger numbers of faults.
(5) RepeatNT,MAX times, or until |T| = NT,MAX:

(a) Generate a new test,t, by calling procedure
gen_test(T, T′best).

(b) Simulatet. Let F(t) be the set of faults detected
by t.

(c) If |F(t)| > 0:
(i) Add t to T.
(ii) Set F = F − F(t).

(6) Set Niter = Niter + 1. If Niter ≤ Niter,MAX and F ≠ φ , go to
Step 4.

Proceduregen_test(T, T′best):
(1) Let type1 be a random number out of {0,1}.
(2) If type1 = 0, select two testst1 and t2 randomly out of

T′best.
Else, select two testst1 andt2 randomly out ofT.

(3) For every conec:
(a) Lettype2 be a random number out of {0,1}.
(b) If type2 = 0, set from_test(c) = t1.

Else, setfrom_test(c) = t2.
(4) Let cone_order = < ci1, ci2, . . . , ciNC

> be a random per-
mutation of the input cones inC.

(5) For j = 1, 2,. . . , NC:
Copy the input values of conecij in test
from_test(cij ) into t.

(6) For every primary inputi :
Select a random numbercompl out of
{0, 1, . . . , NPI − 1}. If compl= 0, complement the
value of inputi in t.

(7) Returnt.
____________________________________________________

Figure 5: Procedure 3
we show the number of faults detected by the proposed proce-
dure. The number of patterns simulated by Procedure 3 before
the final test set was obtained is shown under columnpatt. The
number of simulated patterns is computed as follows. If Proce-
dure 3 goes throughn iterations, simulatingNT,MAX patterns at
every iteration, then the total number of simulated patterns is not
larger than (n + 1)NT,MAX (including the construction of the ini-
tial test set). Note that the final fault coverage may be reached
before an iteration is completed, however, we count the number
of simulated patterns in multiples ofNT,MAX. Under column
testswe show size of the test set derived. It may be possible to
further compact the test set, e.g., by reverse order fault simula-
tion. It can be seen that the proposed procedure detects all the
detectable faults in all the circuits.

In Table 3, we compare the proposed test generation pro-
cedure to several other procedures. The number of faults
detected in [2] is shown under column [2] of Table 3. Next, we



-- --

Table 2: Results usingNT,MAX = 1, 000

circuit inp NPI,max cones det.able det.ed patt tests
c432 36 18 19 520 520 2000 76
c499 41 10 8 750 750 2000 67
c880 60 18 16 942 942 3000 115
c1355 41 10 8 1566 1566 3000 109
c1908 33 15 8 1870 1870 3000 176
c2670 233 14 108 2630 2630 138000 187
c3540 22 22 6 3291 3291 24000 276
c5315 178 17 91 5291 5291 4000 221
c7552 207 21 25 7419 7419 787000 389

show the number of faults detected by applying up to 1,000,000
pure-random patterns (this is also the number of patterns simu-
lated by the proposed procedure in 1,000 iterations). We also
show the number of patterns that needed to be applied before the
reported number of detected faults was reached. For example,
for c432, 520 faults were detected after 1,190 random patterns
were applied. Under columnconv. 1point we show the results
of test generation using Procedure 3, except that the conven-
tional representation is used and the crossover operator uses a
single crossover point. Under columnconv. uni we show the
results of test generation using Procedure 3, except that the con-
ventional representation with uniform crossover are used. This
implies that each input value in a new test is randomly selected
out of one of two tests.

Table 3: Comparison with other procedures

pure random conv.1point conv.uni
circuit [2] det.ed patt det.ed patt det.ed patt
c432 519 520 1190 520 2000 520 2000
c499 749 750 1159 750 2000 750 2000
c880 937 942 10102 942 3000 942 3000
c1355 1556 1566 2529 1566 3000 1566 3000
c1908 1852 1870 6742 1870 5000 1870 4000
c2670 2290 2357 128000 2630 827000 2630 360000
c3540 3277 3291 37686 3291 96000 3291 40000
c5315 5258 5291 3934 5291 4000 5291 4000
c7552 7120 7270 128000 7366 587000 7376 699000

It can be seen that in most cases, the fault coverage
achieved by the proposed procedure is higher than the fault cov-
erage achieved by the procedure of [2]. Circuitsc432, c499,
c1355 andc5315 are testable by small numbers of random pat-
terns, and the genetic optimization procedures do not perform
better than pure random patterns. Forc880 andc1908, fewer pat-
terns are simulated by using the genetic optimization procedures
than when pure random patterns are used. All three genetic opti-
mization procedures perform the same forc880. Forc1908, the
proposed procedure requires the smallest number of iterations.
Circuit c3540 is random pattern testable by approximately
37,000 patterns. The genetic optimization procedures based on
conventional representation require more patterns to detect all
the faults; however, the proposed procedure requires only 24,000
patterns to be simulated. Circuitsc2670 andc7552 are not ran-
dom pattern testable. After 1,000,000 random patterns, not all
the faults are detected. Forc2670, the proposed procedure
requires less than half the number of patterns than when the con-
ventional representation and uniform crossover are used, and less
than a fifth of the number of patterns when conventional repre-
sentation and single point crossover are used. All three proce-
dures detect all the faults within 1,000 iterations. Forc7552, the
two genetic procedures with the conventional representation did
not detect all detectable faults after 1,000 iterations (no addi-
tional faults were detected after iterations 586 and 698). The

proposed procedure detected all the faults after simulating
787,000 patterns (or 786 iterations).

To capture variations in the results due to the initial ran-
dom set ofNT,MAX tests, we repeated 10 times the test generation
process for c2670. In each of the 10 runs we used
NT,MAX = 1, 000, but we started the random pattern generation
for the initial test set from a different seed. The proposed proce-
dure achieves complete fault coverage in all 10 runs, whereas the
procedure with uniform crossover achieves complete fault cover-
age in 9 out of 10 cases. In all but one case, the proposed proce-
dure requires simulation of fewer patterns to achieve complete
fault coverage. On the average, the number of patterns simulated
by the proposed procedure is three times smaller than that of the
procedure with uniform crossover.

Next, we checked the effect of varyingNT,MAX on the
fault coverage obtained by Procedure 3, using uniform crossover
with the conventional representation and with the proposed rep-
resentation. We consideredNT,MAX = 200 using 10 different
seeds for the initial random pattern generation. The results for
c2670 showed that uniform crossover did not result in complete
fault coverage for any seed, whereas the proposed procedure
resulted in complete fault coverage for 9 out of 10 seeds. The
results reported above clearly indicate the superiority of the pro-
posed representation compared to the conventional one.

The goal of the next experiment is to demonstrate that the
proposed test generation procedure may generate tests to detect
faults that are aborted by a deterministic test generation proce-
dure. For this purpose, we considered the circuit SQR from [10].
The circuit has 12 inputs and 6 outputs. It has 1750 faults in its
collapsed fault list. The deterministic test generation procedure
from [11] fails to generate completen-detection test sets for
n ≥ 6. An n-detection test set is one that detects each target
stuck-at faultn times, byn different tests. If a fault hasm < n
different tests, a completen-detection test set should contain all
m tests for the fault. The importance ofn-detection test sets is
that they allow the stuck-at fault model to be used in generating
tests with high defect coverages [12]. Information about the
number of detectable faults in the circuitSQRfor n between 1
and 10 is shown in Table 4, as follows. Each row corresponds to
a different value ofn. Following n we show the number of faults
that have at leastn different tests. For example, from the entry
for n = 5, 1628 faults each has at least five tests. Next, we show
the total number of fault detections if each fault is detected by
eithern tests or by the maximum number of tests if the fault has
fewer thann tests. For example, forn = 1, we have 1630 fault
detections; forn = 2, we have 1629 faults that can be detected
twice (contributing 1629⋅ 2 = 3258 to the number of detections),
and one additional fault that can be detected only once, for a
total of 3259 detections. In general, ifki faults havei tests,
1 ≤ i ≤ n, then the number of detections of ann-detection test set

is
n

i=1
Σ ki . Under columndetections GAwe show the number of

detections by an extension of the proposed genetic optimization
based procedure that generatesn-detection test sets. This exten-
sion maintains new tests that detect faults which are not yet
detectedn times. The number of fault detections by the test gen-
eration procedure of [11] is shown in the last column. It can be
seen that the proposed genetic optimization procedure detects
every detectable fault the required number of times. The proce-
dure of [11] aborts on several faults forn ≥ 6.
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Table 4: Results forSQR

detections
n detectable GA [11]
1 1630 1630 1630 1630
2 1629 3259 3259 3259
3 1629 4888 4888 4888
4 1629 6517 6517 6517
5 1628 8145 8145 8145
6 1628 9773 9773 9768
7 1626 11399 11399 11388
8 1618 13017 13017 13003
9 1615 14632 14632 14603
10 1615 16247 16247 16209

6. Preliminary results for sequential circuits
The proposed representation was incorporated into a test genera-
tion procedure based on genetic optimization for synchronous
sequential circuits. The procedure is different from the procedure
for combinational circuits in the following points.

(1) Input cones are defined only over the primary inputs
of the circuit, i.e., present-state variables that affect an internal
line g are omitted from the input cone ofg. (2) The test
sequence length is increased during the test generation procedure
as follows. The procedure starts with random test sequences of
length 5. At the end of an iteration where no new faults are
detected, the length of all the test sequences currently in the pop-
ulation is extended by adding 5 randomly selected vectors. Test
length is increased at most up to 200. (3) New test sequences
and extended test sequences are simulated only over the yet-
undetected faults. Thus, the number of faults detected by each
sequence can only increase, and never decrease even if the faults
it detects are detected by other sequences in the population. (4)
When crossover is performed between two test sequencesT1 and
T2, the values of each cone are randomly copied either fromT1
or from T2 independently for each vector. (5) At the end of each
iteration, new input sequences are randomly generated and added
to the population if they detect any new faults. This is required to
ensure that the population is rich enough to support effective
evolution of new solutions. (6) The initial population is created
by selecting effective test sequences out of 100 randomly gener-
ated sequences. The total number of test sequences per iteration
(the population size) is also limited to 100. If the number of test
sequences reaches 100 in a given iteration, it is reduced at the
end of the iteration by performing the following procedures. (i)
Reverse order fault simulation is used to drop test sequences that
do not detect any faults beyond the ones detected by the test
sequences appearing after them in the population. (ii) The
remaining test sequences are simulated by decreasing order of
the number of faults they detect. Sequences that do not detect
any new faults are dropped.

In Table 5 we show some preliminary results we obtained
using this procedure for ISCAS89 benchmark circuits. We show
the number of iterations and the number of detected faults by the
proposed procedure. The numbers of detected faults reported in
[2] and [3] are also included for comparison ([5] uses reset and
later procedures combine genetic optimization with deterministic
test generation; thus, no direct comparison is possible).

7. Concluding remarks
We described a representation scheme suitable for test generation
based on genetic optimization. The proposed scheme considers
subsets of inputs as indivisible entities, and copies all the values
of each subset from a single test. The input subsets were selected

Table 5: Results for synchronous sequential circuits

proposed det.ed
circuit iter det.ed [2] [3]
s386 68 309 292 295
s420 28 155 145 NA
s1238 61 1282 1229 1274

based on structural preprocessing of the circuit, where input
cones of internal lines in the circuit were used to define candi-
date input subsets. This scheme was based on the observation
that maintaining subsets of values that determine values of inter-
nal lines helps maintain activation and propagation properties
that may be useful in detecting new faults. The effectiveness of
this scheme was demonstrated by incorporating it into a generic
procedure based on genetic optimization. With the proposed
scheme, complete fault coverage was achieved for all ISCAS-85
benchmark circuits. Preliminary results of the incorporation of
this scheme into a test generation procedure for synchronous
sequential circuits were also presented.
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