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Abstract

In order to prevent ground bounce, Automatic Test Pattern Generation (ATPG) algorithms for wire interconnects have recently
been extended with the capability to restrict the maximum Hamming distance between any two consecutive test patterns to a
user-defined integer, referred to asSimultaneously-Switching Outputs Limit (SSOL). The conventional approach to meet this
SSOL constraint is to insert additional test patterns between consecutive test patterns if their Hamming distance is too large;
this approach often leads to many more test patterns than strictly necessary. This paper presents an algorithm that generates,
for a user-defined number of interconnect wires, a minimal set of test patterns that respect a user-defined SSOL constraint.
Experimental results show that, in comparison to the conventional approach, our algorithm leads to a significant reduction in
the test pattern count and corresponding test application time. For example, for problem instances with 5000, 6000, 7000,
and 8000 wires, the algorithm reduces the corresponding test application time on average with 45%.

1 Introduction

We consider the situation in which a number of intercon-
nect wires (nets) between two or more digital components
need to be tested. In order to test these nets, combinations
of digital test stimuli are applied to the net inputs, and the
responses are observed at the net outputs and compared to
expected responses. We assume full controllability over the
inputs of these nets, i.e., at the outputs of the components.
Likewise, we assume full observability over the outputs of
these nets, i.e., at the inputs of the components. The typical
problem setting we have in mind is the testing of board-level
interconnect wires between IEEE 1149.1-compliant Bound-
ary Scan ICs [1] on a Printed Circuit Board (PCB). However,
most of the theory described in this paper is also applicable
to other situations of testing interconnect wiring, such as
with interconnect wires between modules within one IC, a
multi-conductor cable, etc.

Throughout this paper, we use the following terms for the
test stimuli.

� Test Pattern. A test pattern is one set of test stimuli that
are simultaneously applied in parallel on all nets of the
interconnect network. In Figure 1, test patterns are the
columns in the set of stimuli. Others [2, 3] refer to test
patterns asParallel Test Vectors (PTVs).

� Code Word. A code word is the list of test stimuli that are
subsequently applied on one individual net. In Figure 1,
code words are the rows in the set of stimuli. Others [2, 3]
refer to code words asSequential Test Vectors (STVs).

Net 1

Net 2

Net 3

Net 4

1     1     1     0     0     0

1     1     0     0     0     1

1     0     1     0     1     0

1     0     0     0     1     1

Test PatternCode Word

Net 5
0     1     1     1     0     0

Test Stimuli

1     1     1     0     0     0

1     1     0     0     0     1

1     0     1     0     1     0

1     0     0     0     1     1

0     1     1     1     0     0

Fault-Free Test Responses

Figure 1: True/Complement Test for five nets.

In the literature, there is a multitude of ATPG algorithms
for wire interconnects [3, 4, 5, 6, 7]. Commonly used test
generation algorithms are based on the Counting Sequence
Algorithm by Kautz [4]. It uses simple binary counting to
generate distinct code words. The True/Complement Test
Algorithm by Wagner [6] doubles the amount of test pat-
terns, by generating code words that consist of the concate-
nation of the original Counting Sequence code words and
their inverted values. True/Complement Tests guarantee de-
tection of single-net opens and multiple-net shorts, while
being free fromaliasing [2].

For k nets, the Counting Sequence Algorithm requires
dlog2 ke test patterns. The True/Complement Test Algo-
rithm doubles that, and hence requires2 � dlog2 ke test pat-
terns. Figure 1 shows an example True/Complement test set
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with k = 5 and2 � dlog2 5e = 6 test patterns. The code
words are111000, 110001, 101010, 100011, and011100,
and they can be arbitrarily assigned to the five nets.

Recently, preventing incorrect Boundary Scan Test opera-
tion due toground bounce has become a new constraint
for test generation algorithms. Ground bounce refers to the
phenomenon of shifting ground and power voltage levels,
for example between the IC-internal ground and power lev-
els and those at the board [8, 9, 10]. The negative effects
of ground bounce can be prevented by introducing an up-
per limit on the Hamming distance between consecutive test
patterns [8]. In this paper, we refer to this upper limit as the
Simultaneously-Switching Outputs Limit (SSOL), denoted
by a user-defined integers.

Many vendors of automatic test pattern generation (ATPG)
tools for board-level interconnects have added this SSOL
constraint into their products [8, 11]. The conventional way
of resolving SSOL violations is by inserting one or more
additional test patterns between two consecutive test pat-
terns that have an SSOL violation. Per inserted test pattern,
s remaining SSOL violations can be resolved. Hence, be-
tween distinct consecutive test patternsp1 andp2, we need
to insertddH(p1; p2)=se� 1 additional test patterns in order
to resolve their SSOL violations (wheredH(p1; p2) repre-
sents the Hamming distance of test patternsp1 andp2). Fig-
ure 2(a) shows an example test pattern set, generated by the
True/Complement Test Algorithm fork = 5.
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Figure 2: True/Complement test set fork = 5 (a) with vi-
olations againsts = 2, and (b) the violations resolved by
inserting two additional test patternsp2i andp5i.

The Hamming distances between consecutive test patterns
are depicted as weights of the arrows at the bottom of the
figure. Fors = 2, there are two SSOL violations, one be-
tween patternsp2 andp3, and one between patternsp5 and
p6. These violations are resolved in Figure 2(b) by inserting
two additional test patterns,p2i andp5i, leading to a total of
eight test patterns. The conventional approach is valid, but
often leads to many more test patterns than strictly neces-

sary.

This paper presents an algorithm that generates, for a user-
defined number of nets, a minimal set of test patterns that
respects a user-defined SSOL constraint. The sequel of this
paper is organized as follows. Section 2 describes prior
work in ground-bounce-constrained interconnect ATPG and
defines the problem addressed in this paper. In Section 3,
we prove that SSOL-constrained test sets are only small if
they consist of code words containing few transitions. This
result motivates the definition in Section 4 of an ATPG al-
gorithm for a given number of nets and given code word
length. Then, in Section 5, we show that this algorithm,
when applied with a specially-computed code word length,
is guaranteed to produce a minimal set of test patterns for the
given number of nets and SSOL constraint. Section 6 com-
pares our algorithm with the conventional method and an-
other recently published approach. It shows that we obtain,
for problem instances ranging from 5,000 to 8,000 intercon-
nect wires, on average 45% reduction in the number of test
patterns and corresponding test application time. Section 7
concludes this paper.

2 Prior Work and Problem Definition

In [7, 12], Marinissen et al. show that the conventional ap-
proach of simply inserting additional test patterns to over-
come SSOL violations can lead to an unnecessarily large
test set. They identified two degrees of freedom, that can
be exploited in order to reduce the number of additional test
patterns that need to be inserted, while maintaining all de-
tection and diagnostic properties of the original test set.

The first degree is namedcode word subset selection; in
case the number of nets is not an exact power of two (i.e.,
k = 2

b � r with b 2 IN
+ and0 < r < 2

b�1), we can
freely choose whichk code words will be used out of the
set of2b code words. The number of subsets to be consid-
ered is

�
2b

2b�r

�
. This number can be very large, and hence

[7] proposed two heuristic algorithms for efficient selection
of a code word set, viz. based on eithertransition counts or
difference counts per code word.

The second degree of freedom is that test patterns can be
freely re-ordered. The problem of re-ordering the set of test
patterns such that the Hamming distance of consecutive test
patterns is minimized is similar to the well-knownNP-hard
Traveling Salesman Problem (TSP) [13]. In [7], a greedy
TSPheuristic was proposed to solve this problem.

Marinissen et al. [7] provide equations for theoretical up-
per and lower bounds for the minimal number of test pat-
terns fork nets under SSOL constraints. The difference
between these upper and lower bound is the room for opti-
mization, and is largely determined by (1) the SSOL value
s and (2)r, the difference between the number of netsk
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and the next higher power of two. Experimental results in
[7] show that exploiting these two degrees of freedom for
k 2 f5000; 6000; 7000; 8000g results forspecific values of
s in a reduction of the test pattern count of 45%, when com-
pared to the conventional approach of simply inserting ad-
ditional test patterns. Especially exploiting the first degree
of freedom by means of the transition count heuristic algo-
rithm turns out to be effective. However, for many values of
s, the degrees of freedom do not provide any room for op-
timization. The average reduction of the test pattern count
for k 2 f5000; 6000; 7000; 8000gands varying from 5% to
50% ofk is respectively only 17%, 12%, 9%, and 2%.

The problem addressed in this paper can formally be stated
as follows.

Problem [Minimal SSOL-Constrained Test]
Given k interconnect nets and an SSOL values with s 2
IN

+. Find a test fork nets, such that (1) the test consists of
k distinct code words, (2) each pair of consecutive test pat-
ternsp1 andp2 have a Hamming distancedH(p1; p2) � s,
and (3) the number of test patterns is minimized.

Note that the requirement fork distinct code words guaran-
tees that the test produced provides the same fault coverage
as the Counting Sequence Algorithm by Kautz [4], viz. cov-
erage of all multiple-net shorts modeled as wired-AND or
wired-OR. The problem definition doesnot specify that the
code words need to be generated by counting, and hence
opens the possibility to generate tests in other ways.

Also note that it is easy to extend our approach and cor-
responding algorithm with coverage beyond wired-AND or
wired-OR shorts. Single-net opens modeled as stuck-at
faults can be covered by excluding all-zero and all-one code
words. Aliasing can be prevented by adding a complement
to the test.

3 Low-Transition-Count Code Words

In this section, we analyse the relationship between the bi-
nary contents of a given test set and the amount of test pat-
terns that need to be inserted to resolve any violations of the
maximum Hamming distance constraint for consecutive test
patterns. We show that the amount of additional test patterns
that need to be inserted is strongly related to the number of
transitions in the code words. Our main conclusion is that
in order to obtain a test set containing few test patterns af-
ter possible insertion of additional test patterns to satisfy the
SSOL constraint, we necessarily have to choose code words
containing few transitions.

Consider a fixed test, represented by a binaryk � b matrix
C, where the rows correspond to thek code words and the
columns to theb test patterns. We denote thek code words
by c1; : : : ; ck. Let Ci;j refer to bit j in code wordci, for

1 � i � k and1 � j � b. We denote the test patterns by
p1; : : : ; pb, wherepj = (C1;j ; : : : ; Ck;j) is thejth column
of C.

As transitions and transition-counts are important in our
analysis, we often refer to an alternative notation of test
C, viz. the one in which a test is represented by a binary
k � (b� 1) transition matrixT andk initial code word val-
uesCi;1. Here, the relation between the matricesC andT
is defined by

Ti;j =

�
1; if Ci;j 6= Ci;j+1;

0; otherwise.

The two alternative test set representations are illustrated in
Figure 3.

b b-1

Test matrix C Transition matrix T

T  = (C   = C      )i,j i,j i,j+1Ci,j

k k

Ci,1

(a) (b)

Figure 3: A test can be encoded by (a) a binaryk � b test
matrixC, or (b) a binaryk� (b�1) transition matrixT and
a set ofk initial code word valuesCi;1.

For j = 1; : : : ; b � 1, let dj = dH(pj ; pj+1) denote the
Hamming distance between consecutive test patternspj and
pj+1, i.e., the number of code words wherepj andpj+1 dif-
fer. For simplicity, we assume that consecutive test patterns
are distinct, that is, we assume thatdj > 0 for all j. (Our
analysis can easily be adapted to the case where some of
the distancesdj are zero.) Given this assumption, if test set
C is used in combination with an SSOL constraints, then
ddj=se � 1 test patterns have to be inserted betweenpj and
pj+1. Hence, after insertion the total number of test patterns
Ps required under SSOL constraints based on the given test
set satisfies

Ps = b+

b�1X
j=1

��
dj

s

�
� 1

�
= 1 +

b�1X
j=1

�
dj

s

�
: (1)

Let �i, for i = 1; : : : ; k, denote the number of transitions
in code wordci, i.e., �i = #fj 2 f1; : : : ; b � 1g j Ci;j 6=
Ci;j+1g.

Our aim in this section is to derive lower and upper bounds
for Ps in terms of the total number of transitions�tot =P

k

i=1 �i in testC. Our analysis is based on the following
simple fact. Define the total distancedtot of the test set by
dtot =

P
b�1

j=1 dj .
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Proposition 1: The total distancedtot is equal to the total
number of transitions�tot, i.e.,dtot = �tot.

Proof: Observe that the number of transitions in a row of
C is given by the number of ones in the correspondingrow
of T , while the Hamming distance between consecutive test
patterns is given by the number of ones in the relevantcol-
umn of T . So�tot anddtot both count the total number of
ones inT ; one does so by rows and the other by columns.

2

We use Proposition 1 to derive upper and lower bounds for
Ps that depend only on�tot.

Theorem 2: Let a test set consisting of code words of
lengthb contain a total of�tot transitions. Then the num-
berPs of test patterns after insertions to satisfy an SSOL
constraints satisfies

1 +

l�tot
s

m
� Ps � b+

j�tot
s

k
: (2)

Proof: By Equation (1), we have thatPs = 1 +P
b�1

j=1ddj=se. So, using Proposition 1, we have on the one

hand thatPs � 1 +
P

b�1
j=1 dj=s = 1 + �tot=s; on the other

hand,Ps < 1 +
P

b�1

j=1(dj=s+ 1) = b+ �tot=s. SincePs is
integer, the theorem follows. 2

From this theorem, we conclude that for fixed code word
lengthb, the total number of test patterns after insertion un-
der an SSOL constraints can be small only by using a col-
lection of code words for which the total number of transi-
tions is small. This conclusion is in line with the observation
in [7] that, of the various approaches considered, code word
subset selection by means of the Transition-Count heuristic
was the most effective.

4 ATPG for Fixed Code Word Length

The conventional approach to generate a ground-bounce-
constrained test set fork nets is to createk code words
of lengthb = bmin = dlog2 ke based on straightforward
counting. All violations of the constraint that Hamming dis-
tances between consecutive test patterns should be less than
or equal to SSOLs are resolved by means of inserting addi-
tional test patterns. In [7, 12], Marinissen et al. showed how
additional optimization procedures performed before inser-
tion can reduce the Hamming distance between consecutive
test patterns, and hence reduce the number of additional test
patterns that need to be inserted.

In this section, we explain how to choose almost optimally
k code words of anyfixed lengthb, in order to minimize un-
der a given SSOL constraints the number of patterns that
need to be inserted and overall to minimize the total number
of test patterns required. Note that in order to have at least

k code words available, we must have that2
b � k. So, we

assume thatb � bmin = dlog2 ke.

The analysis in Section 3 suggests to choose thek code
words in such a way that the total number of transitions in
these code words is minimized. To push that idea to the
limit, we propose the following code word selection algo-
rithm. Choose all words with 0 transitions, then all words
with 1 transition, up to all words witht� 1 transitions, and
finally some additional words witht transitions. Heret is
such that the numberk of required code words is larger than
the number of words of lengthb with at mostt � 1 transi-
tions, but not larger than the number of words of lengthb

with at mostt transitions.

Note that the total number of transitions in a test set chosen
in this way does not depend on the particular choice of code
words, and is by construction the minimal number of transi-
tions inany set ofk code words of lengthb. We denote this
number by�tot(b).

In order to analyse this algorithm and to be able to compute
�tot(b), we need the following result.

Proposition 3: The number of words of lengthb with i

transitions is equal to2
�
b�1
i

�
.

Proof: The number of words of lengthb� 1 with precisely
i ones is equal to

�
b�1
i

�
. From the correspondence between

thek� b code word matrixC and thek� (b� 1) transition
matrixT as indicated in Figure 3, we see that each of these
words corresponds to precisely two code words withi tran-
sitions. 2

We can now formalize our method as follows. Letki be the
number of code words withi transitions that are included
in our test set. In order to minimize the total number of
transitions

P
t

i=0 iki in our test set, our code word selection
method chooses as code wordsall words containing at most
t � 1 transitions, andsome of the words containingt tran-
sitions. Soki = 2

�
b�1
i

�
for 0 � i � t � 1 andt is such

that

k =

tX
i=0

ki =

t�1X
i=0

2

�
b� 1

i

�
+kt; with 0 < kt � 2

�
b� 1

t

�
:

(3)

This code word selection method is illustrated in Figure 4.
For both test set representations, the figure shows by means
of gray shading which code words are generated.

For �tot(b) we now obtain the expression

�tot(b) =

tX
i=0

iki =

t�1X
i=0

i � 2

�
b� 1

i

�
+ t � kt (4)

Next we use this code word selection method to derive
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Figure 4: The code word selection method.

bounds on the minimal number of test patternsp(k; s; b) re-
quired in a test set fork nets, using code words of length
b, and satisfying an SSOL constraints. Since we showed
above that there exists a test set (in fact, many test sets) using
code words of lengthb for which �tot = �tot(b) and since
obviously no such test can have a smaller value of�tot, we
conclude from Theorem 2 that

1 +

�
�tot(b)

s

�
� p(k; s; b) � b+

�
�tot(b)

s

�
(5)

Note that any algorithm using this code word selection
method and some specific method to choose thekt addi-
tional code words achieves a total number of test patterns
after insertion that lies within the bounds in Equation (5).
In particular, this holds for the Transition-Count code word
subset selection heuristic algorithm in [7] which is based
on this method. In this paper, we improve the upper bound
in Equation (5) by proposing an algorithm that has a better
worst-case behavior. (And as we show later, although the
algorithm is not optimal for everyb, it is optimal where it
counts.) In fact, we will show the following result.

Theorem 4: Let k andb be fixed, and let�tot(b) be defined
as in Equation (4). Then

max

�
b; 1 +

�
�tot(b)

s

��
� p(k; s; b) � 1+(b�1)

�
�tot(b)

(b� 1)s

�
:

The lower bound in this theorem combines the result in
Equation (5) with the obvious fact thatp(k; s; b) � b. In
the remainder of this section we describe a method based on
our code word selection algorithm which produces at most

1 + (b � 1)

l
�tot(b)

(b�1)s

m
test patterns satisfying SSOLs, thus

establishing the upper bound.

For our algorithm, thetotal distance dtot =
P

b�1

j=1 dj will
always be the same (namely�tot(b)), but the values of indi-
vidual distancesdj depend on the choice of the code words.
Our algorithm fixes the code words with less thant tran-
sitions. The only remaining freedom is the selection ofkt
code words witht transitions.

Further in Proposition 5, we prove that the part of the dis-
tancesdj on code words with at mostt� 1 transitions is in
fact constant, independent ofj. Therefore thekt additional
code words we still have to choose determine the resulting
distancesdj and consequently determine the resulting num-
ber of test patterns after insertion, as seen in Equation (1).
Subsequently we explain how to choose the remainingkt
code words such that thedj values remain about equal.

First, we writedj =
P

t

`=0 dj;`, wheredj;` is the part of
the Hamming distance betweenpj andpj+1 on code words
containing̀ transitions, that is

dj;` = #fi 2 f1; : : : ; kg j Ci;j 6= Ci;j+1 and �i = `g:

Proposition 5: The part of the distancesdj on code words
with ` � 1 transitions and beginning with a fixed value is
equal to

�
b�2
`�1

�
. So we have thatdj;0 = 0 anddj;` = 2

�
b�2
`�1

�
for ` = 1; : : : ; t� 1, independent ofj 2 f1; : : : ; b� 1g.

Proof: There are only two code words with 0 transi-
tions, viz. the all-zero and the all-one code word, and hence
dj;0 = 0. The number of words inT of lengthb� 1 with `
ones that contain a 1 in a given positionj 2 f1; : : : ; b�1g is�
b�2
`�1

�
. Since each such word inT corresponds to two code

words inC with ` transitions (one beginning with a 0, the
other with a 1) that each contribute one todj;`, the result
follows. 2

As a consequence, we have that

dj =

tX
`=0

dj;` =

t�1X
`=0

2

�
b� 2

`� 1

�
+ dj;t; (6)

Next, consider the choice of thekt code words containingt
transitions. In casekt �

�
b�1
t

�
, we choose in addition all

words witht transitions and starting with a zero. Note that
due to Proposition 5, the part of the distancesdj due to the
code words chosen up to now is constant, independent ofj.
Now, letk�

t
be defined by

k�
t
=

�
kt; if 0 � kt <

�
b�1
t

�
;

kt �
�
b�1
t

�
; otherwise.

(7)

For later use, we note that0 � k�
t
�
�
b�1
t

�
. Then, we still

have to choosek�
t

additional code words witht transitions
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(all starting with 0 ifkt <
�
b�1
t

�
and with 1 ifkt �

�
b�1
t

�
),

or, equivalently,k�
t

words of lengthb� 1 containingt ones
(representing the transitions in the code words). For conve-
nience, we identify words of lengthb� 1 containingt ones
with subsets off1; : : : ; b � 1g of sizet. Then, in terms of
sets, we still have to choosek�

t
distinct subsets of sizet from

f1; : : : ; b� 1g. Note that the (variable) part of the distance
dj on positions corresponding to thesek�

t
words becomes,

in the terms of sets, the frequencyfj of the occurrence of the
elementj in thesek�

t
sets. We need the following definition.

Definition 1: A vectorf = (f1; : : : ; fn) is calledbalanced
if there is an integere such thatfi 2 fe; e + 1g for all
i = 1; : : : ; n. 2

We now ensure that the remainingk�
t

code words are chosen
in such a way that the part of the distancesdj on thesek�

t

code words is balanced. That is, in terms of sets, we ensure
that the frequenciesfj are balanced. Our algorithm is based
on the following result.

Theorem 6: Let 1 � t � n. Suppose we are given
a balanced integer vectorf = (f1; : : : ; fn) with weight
f1+ � � �+ fn = mt such that0 � m �

�
n

t

�
. Then there is a

collectionS = fS1; : : : ; Smg of m distinct subsets of sizet
of f1; : : : ; ng such that eachi occurs infi of the setsSj .

It seems highly unlikely that either the above result or our
method of proving it is new, but at the time of writing we
were not aware of any suitable reference. In Appendix A,
we prove this resultconstructively, that is, we describe an
algorithm to actually construct these setsS1; : : : ; Sm. We
use this algorithm to choosem = k�

t
code words, by choos-

ingm t-subsets fromf1; : : : ; b�1g such that the frequencies
f1; : : : ; fb�1 are balanced.

Summarizing, our algorithm BALANCED(k; s; b) does the
following. First, choose numberst and kt according to
Equation (3). Next, determine the numberm = k�

t
from

Equation (7). Now, we take as code words all words of
lengthb with at mostt � 1 transitions, and ifm 6= kt also
all words of lengthb with t transitions and beginning with
a 1. Finally, determine anotherm words of lengthb with
t transitions and beginning with a 0 (ifm < kt) or a 1 (if
m � kt) by using the algorithm in Appendix A. Here, if
mt = q(b�1)+ r, we choosefi = q+1 for r indicesi and
fi = q for the remainingb� 1� r indicesi. This algorithm
then ensures that the distancesdj are balanced.

Now if �tot(b) is the number determined as in Equation (4),
then the average distancedav is equal to�tot(b)=(b � 1);
hencedj � d�tot(b)=(b� 1)e and therefore

�
dj

s

�
�

�
�tot(b)

(b� 1)s

�
:

We conclude that this algorithm produces a test set such that,

after insertions to satisfy an SSOL constraints, the total
number of patterns is (at most)1 + (b � 1)d �tot(b)

(b�1)s
e, thus

proving the upper bound in Theorem 4.

5 ATPG for Variable Code Word Length

In the previous section we already remarked that in order to
have at leastk code words available, the code word length
b has to be chosen such thatb � bmin := dlog2 ke. How-
ever, if we chooseb equal to this minimumbmin, then nec-
essarily a lot of code words contain many transitions. Now
we make the following crucial observation. According to
Proposition 3, the number of available code words of length
b with i transitions is given by2

�
b�1
i

�
. Hence the number

of available code words withi transitionsincreases when
the value ofb increases. So we conclude that by choosingk

code words containing the minimum number of transitions
as in our code word selection method in Section 4, the result-
ing total number of transitions�tot(b), and hence certainly
the quantity�tot(b)=(b�1) figuring in Theorem 4, decreases
with increasingb.

Proposition 7: The function�tot(b) is a non-increasing
function of b for b � bmin, that is, if bmin � b < b0, then
�tot(b) � �tot(b

0
).

This observation suggests that

p(k; s) = min
b�bmin

p(k; s; b);

the minimal number of test patterns required in any test set
for k nets and satisfying an SSOL constraints, is realised
for a valueb that is often much larger thatbmin.

To indicate the behavior of the bounds in Theorem 4 for
varying b, we have plotted in Figure 5 fork = 6000 and
s = 600 both the upper bound

U(b) = 1 + (b� 1)

�
�tot(b)

(b� 1)s

�

and one of the lower bounds

L(b) = 1 +

�
�tot(b)

s

�
;

for b � bmin.

It is intuitively obvious that the best choice forb is close
to the smallest valueb� of b for which the average distance
�tot(b)=(b � 1) is at mosts. Note that for this valueb�, we
have thatU(b�) = b�. This idea is vindicated by Figure 5.
In Appendix B, we give a rough estimate of the value ofb�

and hence for corresponding total number of test patterns
p(k; s; b�) = b�, givenk ands.

It turns out that the optimal value ofb, that is, the value ofb
that minimizesp(k; s; b), is in fact alwaysequal to the
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Figure 5: Upper and lower bounds forp(6000; 600; b), for
b � bmin.

numberb� as defined above, that is, we have the following
result.

Theorem 8: Let k ands be positive integers, withk � 2.
the function�tot(b) as in Equation (4). Letbmin = dlog2 ke,
and define the numberb� to be the smallest integerb � bmin

for which �tot(b) � (b � 1)s. Then the minimum number
p(k; s) of test patterns required in any test set fork nets and
satisfying an SSOL constraints satisfiesp(k; s) = b�.

Proof: First we show thatp(k; s) � b�. Suppose that
b = p(k; s) and thatC is ak � b matrix with distinct rows
satisfying the SSOL constraint, that is, forj = 1; : : : ; b� 1,
the distancedj between thedj -th and thedj+1-th column
satisfiesdj � s. SSOL constraint. Then, using Proposi-
tion 1, we have that�tot, the total number of transitions in
the matrixC, satisfies�tot = dtot � (b � 1)s. Since obvi-
ously�tot(b) � �tot, we conclude that�tot(b) � (b � 1)s,
and hence thatp(k; s) = b � b�.

Next, we use our algorithm BALANCED(k; s; b�) to show
thatp(k; s) � b�. Suppose that�tot(b) � (b�1)s. Again by
Proposition 1, we see that ak � b matrix containing�tot(b)
transitions has an average distancedav satisfyingdav � s.
The algorithm BALANCED(k; s; b) delivers a matrix where
the distancesdj satisfy dj 2 fbdavc; ddaveg, hence with
dj � s for all j. So whenever�tot(b) � (b � 1)s, we have
thatp(k; s) � b. In particular, we have thatp(k; s) � b�.

2

As a result of this theorem, to generate a test set fork nets
that satisfies an SSOL constraints and contains a minimum
number of test patterns, proceed as follows. First, determine
the numberb� as defined in Theorem 8. Then apply the al-
gorithm BALANCED(k; s; b�) as described in Section 4 to
generate a test set withb� patterns where consecutive pat-
terns have a distance of at mosts.

6 Experimental Results

This section presents experimental results for our new
SSOL-constrained ATPG algorithm and compares those

with other methods. We use True/Complement Tests [6] as
the basis for our comparison. This is motivated by three
reasons.

� True/Complement Tests provide complete fault detection
for the most-commonly used fault models (multiple-net
wired-AND and wired-OR shorts and single-net stuck-at
opens) and prevent aliasing.

� True/Complement Tests are the basis of many profes-
sional (commercially available) ATPG tools for wire in-
terconnects.

� Previous publications to which we can compare ourselves
are also based on True/Complement Tests.

We compare three methods.

1. Conventional Method.
This method generates a True/Complement Test by
means of conventional counting, followed by comple-
menting. Subsequently, the SSOL constraint is met by
conventional insertion of additional test patterns. This
method is the basis of many professional (commercially
available) tools. In [7], it is referred to as “T/C+I”.

2. Best Method of Marinissen et al. [7].
This method generates a True/Complement Test by
means of conventional counting, followed by comple-
menting. Subsequently, transition-count-based code
word subset selection and test pattern re-ordering are
applied. Remaining SSOL violations are resolved by
means of conventional insertion of additional test pat-
terns. This method is the one that performed best from
the various methods described in [7], and in that paper is
referred to as “T/C+T+R+I”.

3. ATPG for Variable Code Word Length.
This method generates a “True” test set as described in
Section 5 of this paper. This test is guaranteed to be free
of SSOL violations and hence does not require insertion
of additional test patterns. Subsequently, the “Comple-
ment” part is generated by adding the complementary
test set, which, again, is free of SSOL violations. At the
border between “True” and “Complement” test patterns,
usually a few additional test patterns need to be inserted.

The left-hand side of Figure 6 shows experimental results
for a problem instances withk 2 f5000; 6000; 7000; 8000g
nets. For SSOL values varying between 5% and 50% of
k, Figure 6 plots the test pattern countp(k; s) for all three
methods. The right-hand side of Figure 6 shows the im-
provements in test pattern count of theT/C+T+R+I method
and our new ATPG for Variable Code Word Length relative
to the base-line conventional methodT/C+I.

Figure 6 shows that, for all SSOL valuess, the conventional
method yields the highest number of test patterns.
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(a)k = 5; 000

(b) k = 6; 000

(c) k = 7; 000

(d) k = 8; 000

Figure 6: Test pattern countp(k; s) and relative test pattern count reduction fork 2 f5000; 6000; 7000; 8000gnets and SSOL
s varying from 5% to 50% ofk.

Paper 13.4

376



For some values ofk and s, the T/C+T+R+I method
of [7] provides substantial improvement over the conven-
tional method; however, there are also many values of
k and s where T/C+T+R+I does not yield any improve-
ment at all. Our new ATPG for Variable Code Word
Lengths clearly outperforms the other approaches; fork =

5000; 6000; 7000; 8000, the average relative improvement
over the conventional method is respectively 46%, 46%,
45%, and 44%. Our new ATPG algorithm also consistently
improves on the conventional method for all values ofk and
s.

7 Conclusion

In this paper, we have presented an ATPG algorithm that
generates, for a user-defined number of netsk, a minimal
set of test patternsp(k; s) that respect a user-defined SSOL
constraints.

The number of test patterns after insertion is strongly re-
lated to the number of transitions in the code words. Hence,
in order to obtain a valid test set with a small number of
test patterns, we have to select code words with few transi-
tions. Based on the above observation, we have presented
an algorithm that, for givenk, s, andb, chooses as code
words all words of lengthbwith at mostt�1 transitions and
subsequently carefully selects some words of lengthb with
t transitions, such that we obtain a total of exactlyk code
words, with balanced Hamming distances between consec-
utive test patterns. The resulting test set consists of the test
patterns thus obtained, plus additional test patterns inserted
to resolve remaining SSOL violations. Using the first algo-
rithm as a subroutine, we have presented a second algorithm
that, for givenk ands, finds a valueb = b� such that if the
subroutine is invoked for thisb�, we can guarantee that no
additional test patterns need to be inserted to meet the SSOL
constraint; moreover, we have shown that this second algo-
rithm generates provably minimal test sets.

Using the commonly-usedTrue/Complement Test algorithm
as an example, we have presented experimental results for
k 2 f5000; 6000; 7000; 8000g and s varying from 5% to
50% ofk. The experiments show that our algorithm yields
on average 45% reduction in the number of test patterns
when compared to the conventional method.
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A Proof of Theorem 6

For a vectorf = (f1; : : : ; fn), we define its weightw(f)
and its average coefficientav(f) as

w(f) =

nX
i=1

fi; av(f) = w(f)=n:

We need the following simple result on balanced integer
vectors.Lemma 1: Let the integer vectorf 2 Z

n be bal-
anced, and letM� andM+ be integers. Then we have
M� � fi � M+ for all i = 1; : : : ; n if and only if
M� � av(f) �M+. 2

Proof: If M� � fi � M+ for all i = 1; : : : ; n, then ob-
viously alsoM� � av(f) � M+. The converse follows
immediately from the observation that iff is balanced, then
fi 2 fbav(f)c; dav(f)eg for all i = 1; : : : ; n. 2

In what follows, we prove Theorem 3 by describing a recur-
sive procedure

set list solution(intn, int t, int m, int vectorf )

that, given integersn; t;m with 1 � t � n and 0 �
m �

�
n

t

�
and a balanced integer vectorf = (f1; : : : ; fn)

with weightw(f) = mt, delivers a (reversely lexicograph-
ically ordered) list of setsS =< S1; : : : ; Sm > of m dis-
tinct subsets off1; : : : ; ng, each of sizet, such that each
i 2 f1; : : : ; ng occurs in preciselyfi members ofS.

For later use, we first derive two bounds on the components
fi of f . First note that by our assumptions onm andf , we
have that

0 � av(f) = mt=n �
t

n

�
n

t

�
=

�
n� 1

t� 1

�
;

hence using Lemma 1, we conclude that

0 � fi �

�
n� 1

t� 1

�
(8)

for all i = 1; : : : ; n. Similarly, consider the vectorf� =

(m� f1; : : : ;m� fn). Note thatf� is again balanced, and
av(f�) = (nm � w(f))=n = (n � t)m=n. So by our as-
sumption onm, we find that

0 � av(f�) = (n� t)m=n �
n� t

n

�
n

t

�
=

�
n� 1

t

�
;

so using Lemma 1, we conclude that

0 � m� fi �

�
n� 1

t

�
(9)

for all i = 1; : : : ; n.

First, we handle the cases wheret = 1 or t = n. By (8), in
these cases we have thatfi 2 f0; 1g for all i. So if t = 1,
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we can takeS =< fig j fi = 1 >; similarly, if t = n, then
we have thatm = 0 or m = 1, so we can takeS = ; (if
m = 0) orS = f1; : : : ; ng (if m = 1).

Next, we handle the cases where1 < t < n by recursion.
The idea behind our method is to think of the listS that is
to be generated as a unionS = S0 [ S1, whereS0 consists
of them � fn sets inS that do not containn andS1 con-
sists of thefn sets inS that containn. Now S0 and the list
S 01 =< Snfng j S 2 S1 > can be considered as a collection
of subsets off1; : : : ; n � 1g of sizet or sizet � 1, respec-
tively. So to generate the listS recursively, we need to write
the vectorf 0 = (f1; : : : ; fn�1) as a sum of two balanced
vectorsg (for S0) andh (for S 01) with w(g) = t(m � fn)

and w(h) = (t � 1)fn; note that by (8) and (9), both
m � fn andfn already satisfy the required bounds. Once
we have found such vectorsg andh, we obtain the desired
list S from recursive calls solution(n� 1; t;m� fn; g) and
solution(n� 1; t� 1; fn; h).

To construct the vectorh, write w(h) = (t � 1)fn =

q(n � 1) + r with 0 � r < n � 1. We constructh to
haver components equal toq + 1 andn � 1 � r compo-
nents equal toq, so thath is balanced and has the desired
weight. Moreover, in order to ensure thatg = f 0 � h is also
balanced, we choose the set ofr components ofh whereh
is maximal to be a subset of the positions wheref is max-
imal, if the number of these latter positions is at leastr, or
to include all the latter positions, if their number is less than
r. It is not difficult to see that this construction guarantees
thatg indeed is also balanced. Sincew(g) = w(f 0 � h) =

w(f 0)� w(h) = (mt� fn)� (t� 1)fn = t(m� fn), the
vectorg automatically has the desired weight.

B An estimate ofb�

Let the numberk of codewords and the SSOL values be
fixed. As we saw earlier, for eachb the value oft is chosen
such that

k � 2

�
b� 1

t

�
; (10)

so that by Stirling’s approximation [14]

log2 k � 1 + (b� 1)h(t=(b� 1)); (11)

where

h(x) = �x log2 x� (1� x) log2(1� x):

Also, for the total distance we have that

dtot = �tot � tk: (12)

So we have thatdtot � (b� 1)s if

t=(b� 1) � s=k: (13)

Combining Equations (11) and (12), we obtain that

P �
= b� � 1 + (�1 + log2 k)=h(s=k): (14)

As it turns out, this estimate forb� is somewhat too small,
but always at least about 80 % of the true value.

References
[1] IEEE Computer Society.IEEE Standard Test Access Port and

Boundary-Scan Architecture - IEEE Std. 1149.1-2001. IEEE,
New York, NY, USA, July 2001.

[2] Najmi Jarwala and Chi W. Jau. A New Framework for Ana-
lyzing Test Generation and Diagnosis Algorithm for Wiring
Interconnects. InProceedings IEEE International Test Con-
ference (ITC), pages 63–70, October 1989.
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