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Abstract
The paper introduces a new non-adaptive fault diagnosis
technique for scan-based designs. The proposed scheme
guarantees accurate and time-efficient identification of
failing scan cells based on results of a convolutional test
response compaction.

1. Introduction

It is generally agreed that scan-based designs may allow
efficient silicon debug and fault diagnosis by providing
direct access to many internal nodes of the circuit under
test (CUT). In fact, many of the high-performance VLSI
devices might be relatively easy to diagnose due to a
shallow combinational logic they feature between scan
flip-flops. However, an efficient procedure is required to
isolate these parts of the scan chains which are driven by
cones of logic affected by actual faults. Having provided
this information, one can further trace faulty components
by using diagnostic techniques developed for conven-
tional designs[24].

Several schemes for the identification of failing scan cells
have been proposed in technical literature. In particular,
fault diagnosis performed in a built-in self-test (BIST)
environment has drawn considerable attention through
years. Some of these approaches are capable of identify-
ing error bits up to a pre-specified value [3], [4], [11],
[13], [14], [20], [21] and often incur a substantial hard-
ware overhead [5], [6], [15], [22]. Others require multiple
test sessions [7], [8], [17], [25] or specia agorithms to
process test results [9], [12]. This is because the only data
that can be used to extract fault site related information
are signatures recorded in the process of test-response
compaction [2], [10], [18]. There is aso a separate class
of techniques that rest on fault simulation [1], [23], [24].
Good summaries of the aforementioned approaches are
givenin[8] and [25].

In this paper, we propose a novel fault diagnosis tech-
nigue which meets requirements of production test, and it
is best suited for scan-based designs. This scheme takes
advantage of convolutional compaction of test responses
[16], which, as an embedded test solution, provides effec-
tive means of analyzing error patterns. The described
approach allows for accurate identification of failing scan
cells during a single test session. The essence of the
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method is to select sites of failing scan cells based on
weight functions associated with each scan cell and indi-
cating how likely is that a given cell may capture faulty
signals. Given the architecture of the convolutional com-
pactor, these sites are used by a branch-and-bound tech-
nigue to narrow down search to certain areas of scan
chain, and then to locate scan cells driven by erroneous
signals. Subsequently, the algorithm re-computes the
weight functions so that they can be used to accelerate the
diagnosis process for the remaining test patterns.

The paper is organized as follows. After discussing syn-
thesis of convolutional compactors for diagnostic pur-
poses (Section 2), we introduce a backtracking algorithm
used to decide whether certain scan cells located in pre-
determined scan chains can produce a given signature
(Sections 3 and 4). The approach is supported by a prun-
ing of the search space, as shown in Sections 5 and 6. A
complete diagnostic process is then derived in Section 7
allowing for a time-efficient identification of failing scan
cells. Finally, Section 8 presents experimental results
obtained for benchmark circuits and industrial designs.
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Fig. 1. Example of convolutional compactor

2. Convolutional compactor

Figure 1 shows an example of a convolutional compactor
with 16 inputs (observing 16 scan chain outputs), two
outputs, and six memory elements — three per outpuit.
Every scan cell error can reach memory elements and
then outputs in three possible ways. For instance, the scan
chain no. 7 is connected to bit O of register x, and bits 0
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and 1 of register y of the compactor. As can be seen, the
spatial part of the compactor consists of 6 single-output
XOR networks connected to the registers by means of
XOR gates interspersed between memory elements.

In genera (Fig. 2), aconvolutional compactor can support
arbitrary compaction rate for any number of outputs,
including architectures with single outputs. The total
number M of memory elements, the size m of each regis-
ter, and injector polynomials indicating how the scan
chains are connected to the flip-flops determine the key
properties of a convolutional compactor, including its
ability to handle unknown states. In this paper, we assume
that convolutional compactors employ polynomials of the
form x@ + y* + Z. For example, the second scan chain in
Fig. 1 employs polynomia Py = y° + x* + x°, while chain
14 is connected through Py, = y* + y° + X% Note that a
shifted version of P, i.e,, y' + X* + x*, cannot be used
because errors injected in two consecutive time frames
through such polynomials would cancel each other.
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Fig. 2. Architecture of convolutional compactor

For each scan chain, there are several alternative eligible
polynomials. These polynomials correspond to injectors
with all taps shifted along the compactor memory ele-
ments with each tap remaining connected to the same sub-
register. Only one polynomial from each group can be
used. Otherwise 2-error masking may occur. It turns out
[16] that the best performance is achieved by choosing the
polynomials randomly. The random selection of polyno-
mials also helpsin balancing the XOR networks.

Within each group of aternative polynomials (i.e., among
shifted replicas of a given polynomial) we select one in
such a way that the resulting compactor features a highly
uniform use of its memory elements. This is accom-
plished by employing a stage fan-in histogram which
guides the synthesis process. Given a compactor memory
element, a corresponding entry of the histogram records
the frequency of cell use. In order to connect a new in-
jector polynomial, all possible candidate locations are
examined by computing the value of a cost function. It is
equal to the sum of the current histogram entries corre-
sponding to the successive polynomial taps. The location

with the smallest cost is chosen eventually, and al rele-
vant histogram entries are updated. As a result, virtually
the same number of injector polynomial taps drives all
memory elements of the convolutional compactor.

It is also assured that each polynomial features taps suffi-
ciently spaced, so that the compactor can handle effi-
ciently burst errors injected from adjacent scan cells. It
also provides a better distribution of multiple errors and
reduces masking of multiple even errors. In all experi-
ments reported in this paper, the minimum separation d
between two consecutive taps (connected to the same
register) of each polynomial was chosen to be at least
0.25m, while the total span between the boundary taps of
the same polynomial was kept below the value of 0.75m.

Since any convolutional compactor is a linear circuit, its
behavior can be analyzed based on error test responses it
receives and error signatures it produces. The error test
response is defined as E = Ry + Ry, where Ry and R are
fault-free and faulty test responses [25], respectively, and
+ denotes the bit-wise X OR operation. Similarly, the error
signature S = S + S, where S¢ and S are fault-free and
faulty signatures, respectively. In the rest of the paper, we
will only consider error test responses E and error signa-
tures S unless otherwise stated. The j-th scan cell located
in i-th scan chain may produce an error print of the fol-
lowing form: x&* + )},” + 7 where P, =2 + y* + Z£is
an injector polynomial associated with scan chain i.

In general, the same error signatures can be caused by
different error prints. Indeed, when injecting errors into a
signature, scan cells interact with each other on the com-
pactor registers. Consequently, certain error signals can
be masked, thus leading to ambiguity in selection of the
actual scan sites catching the errors. Even if there is no
error masking, one can ill determine different error
prints which are equivalent causes of a recorded signa-
ture. Therefore, an important decision that has to be made
during the synthesis of a convolutional compactor target-
ing diagnostic applications is selection of its size M as it
impacts directly the diagnostic resolution [16]. Fortu-
nately, in the vast majority of cases, employing a suffi-
ciently large compactor can circumvent the phenomenon
of having indistinguishable solutions. This is best illus-
trated in Tables| and I1.

Table I. The average error masking (370 faulty chips)

d M
48 64 96 128 | 160 | 192 | 256
8 247 | 258 | 267 | 278 | 283 | 282 | 284
16 - 266 | 275 | 282 | 284 | 285 | 289
24 - - 281 | 284 | 285 | 287 | 291
32 - - - 285 | 287 | 289 | 291
40 - - - 286 | 289 | 290 | 291
48 - - - - 287 | 289 | 291
56 - - - - 2.88 | 292
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Table | summarizes results of analysis of fail log infor-
mation collected during production scan testing of an
industrial design. In this analysis, simulation of the actual
silicon failing responses was carried out on M-bit single-
output convolutional compactors working with 100 scan
chains, each 1050-bit long. Each entry in the table was
then obtained by dividing the total humber of erroneous
signals occurring in signatures by the total number of
failing scan cells producing these signatures. Note that no
masking would give the value of 3.0, since only polyno-
mials with fan-out 3 are employed. As can be seen, in-
creasing both the size M of the compactor and the separa-
tion d between polynomia taps results in a diminishing
error masking.

A more detailed breakdown of a mapping between failing
scan cells (for the same experimental data) and the corre-
sponding erroneous signals is given in Table Il. Here the
total number of cases in which a given number F of scan
cells catch errors is further split into scenarios that pro-
duce 0, 1, 2, and 3 ones in signatures. The results are
presented for two single-output compactors (M = 64 and
128) and compression ratio of 128x. Clearly, the increase
in the compactor size results in error signatures having
more erroneous signals.

Table Il. Mapping of scan errors to signatures (%)

M =64 M =128

F 0 1 2 3 0 1 2 3

1 0 0 0 100 0 0 0 100
2 0 0 219 (9781 | O 0 .94 | 99.06
3 0 0 353 | 9647 | O 0 451 | 95.49
4 0 3 585 | 9384 | O 12 | 3.90 | 9598
5 0 .61 824 | 9115| O 30 | 509 | 9461
6 .08 89 | 1225 | 86.78 | O 23 | 636 | 9341
7 .03 | 251 | 1648 | 8098 | O 49 | 1094 | 8857
8 A7 | 319 | 21.03 | 7560 | .04 | 52 | 1453 | 84.91
9 .05 | 399 | 2369 | 7227 | .05 | 1.46 | 16.52 | 81.97
10| .25 | 615 | 2855 | 65.05 | O | 1.30 | 19.40 | 79.30

3. Convolutional compactor representation

A simple data structure presented in this section is a
starting point for implementing a diagnosis algorithm
developed in the following parts of the paper. For the sake
of simplicity, we will focus here on single-output com-
pactors, though any convolutional compactor with more
than one output can be easily represented in a similar
manner. Let S= M + L — 1 be the signature size, where L
is the length of the longest scan chain. Let also N repre-
sent the number of scan chains. The proposed data struc-
ture is based on an S x N matrix, with the entry in row s
and column n defined to be alist of scan cells driving bit s
of the signature and being hosted by scan chain n. Figure
3 depicts an example for a 4-bit compactor driven by 3
scan chains, each 4-bit long. The employed injector poly-
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nomials, associated with the scan chains, are X° + x* + X°,
X+ + X0, and & +x% + X,

B 0 1 2 _
X 0ot 0 |
xt 0,1E 1 0
X2l 1,2 0,2 0,1
x¢10,2,3{0,1,310,1,2
x4 1,3E 1,2 E1,2,3
X2 2,3 2,3
| 3 1 3 | 3 |

Fig. 3. An example of matrix representation

As can be seen, we keep track of all the scan cells capable
of changing each signature position on the linked lists that
are associated with that position. We maintain a matrix of
lists so that, given a signature bit and a scan chain, we can
immediately access the respective list. The order in which
items (scan cells) appear on the lists depends on certain
factors described in section 5. It is worth noting that any
list is comprised of at most three elements. For instance,
the first cell ¢, located in scan chain 2 produces the fol-
lowing error print: x> + x* + x*. Then error prints produced
by cells ¢, and ¢, of the same scan chain are X'(0C + x° +
x)=xt+3+ ¢ and x0C + ¢+ xY) = + X+ 3, re-
spectively. Clearly, cells ¢, ¢; and ¢, will appear on the
list (3,2) associated with bit x> of the signature and scan
chain 2. The same reasoning applies to cells from the
remaining scan chains, so as a result, bit x> can be modi-
fied by nine different scan cellsin total (see Fig. 3).

An auxiliary data structure is also used to represent the
scan architecture. It isan N x L matrix Scan_chains of the
scan cells, where each entry determines all signature bits
that can be affected by a given scan cell (an injector list).
Moreover, the same entry carries some additional infor-
mation including the number of signature errors that is
actually caused by the corresponding scan cell and its
status as far as a final diagnostic solution is concerned.
These data will be used to make decisions based on their
values as shown in the subsequent sections.

4. The basic diagnostic search

Given an error signature, the basic task of identifying the
failing scan cells can be solved by using a depth-first
search. The graph to which the depth-first search is ap-
plied is a dynamically generated search tree with vertices
that represent various candidate scan cells atogether with
an error signature they yield. The root consists of the



originally recorded signature with no scan cells selected
yet. The search tree is generated dynamically by selecting
a scan cell which drives the rightmost error signature bit
set to one, updating accordingly the whole signature and
moving from top to bottom by choosing next appropriate
scan cells until the presence of all onesin the signature is
justified. When it is impossible to select a new scan cell
the algorithm returns to the parent node in the tree and
tries another scan cell. Clearly, the presented approach is
a particular form of a backtracking search whose princi-
ples are presented in this section, while several techniques
used to significantly speed-up the diagnosis process will
be described in the subsequent sections.

We implement the backtracking solution of the convolu-
tional diagnosis recursively. The key function is search.
When it is invoked at a certain level, a number of scan
cells have already been chosen, and the corresponding
content of the error signature is equal to a bit-wise sum
modulo 2 of the original (initial) error signature and ones
provided through the injector polynomials associated with
the selected cells. The function search tries then to select
a new scan cell from alist of drivers associated with the
rightmost signature bit set to 1 such that the error signa-
ture becomes eventually the all-zero vector. If it is suc-
cessful, the algorithm can be terminated at this point:

search () {
if (n_Ones == 0) return true
done =fase
ptr = Sgnature [first_one]. drivers
while (not done and ptr z null){
scan = ptr - scan
cell =ptr - cell
ptr = ptr - next
if (not Scan_chaing[scan][cell]. selected){
used cells=used cells+1
Scan_chaing[scan][cell]. selected = true
update (scan, cell)
if (search ()) done = true
ese{
used cells=used cells—1
Scan_chaing[scan][cell]. selected = false
update (scan, cell)

}
}
return done

}

It is worth noting that if search does not succeed in find-
ing a complete list of failing scan cells, it cancels deci-
sions made hitherto (in particular it moves back the error
signature to its previous status) and tries another scan cell
as a possible candidate. If all driver cells have been ex-
amined, the function backtracks by returning to its caller
which repeats the same steps as described here. The final

backtracking solution (recorded in matrix Scan_chains) is
obtained by calling search with n_Ones set to the actual
number of onesin the received signature, and first_one set
to the location of the rightmost erroneous signal in the
same signature.

An auxiliary function update (scan, cell) uses the injector
polynomial associated with the indicated scan cell to
modify the content of the signature. The same function
keeps track of the current value of variable n_Ones, which
is updated accordingly to a new value of each signature
bit being changed. Finally, a new location of the right-
most one in the signature is determined, especialy if the
current rightmost one assumes the value of zero. Thus,
function update can be defined in the following fashion:

update (scan, cell) {
fortap=1to3{
bit = Scan_chaing[scan][cell].injectorg[tap]
Sgnaturelbit] = Sgnaturelbit] O 1
if (Sgnaturefbit] == 0){
n Ones=n Ones—1
locate (first_one)

}
ese{

n_Ones=n Ones+ 1

if (bit <first_one) first_one = bit
}

}

Example: Consider a convolutional compactor driven by 3
scan chains as shown in Fig.3. Let a signature be pro-
duced by errors arriving from cells (0,0), (1,1) and (1,2).
Their error printsare x + x* + X%, x* + x* + x%, and x° + x*
+ %, respectively. Thus, the resulting signature is given
by C+x+xX+ X+ 3+t + X+ X+ =+ + X
We begin at the root of the search tree with this signature.
Since X is the rightmost nonzero signature bit, we try the
first scan cell which drives that bit, i.e., cell (0,0) — see
again Fig. 3. Calling update function yields a new form of
the signature x> + X2 + X2 +xC +xt +xX° = + X3 + @ + X
Bit x* is driven by cells (0,0), (0,1), (1,1) and (2,0). We
pick (0,1) as (0,0) has aready been selected. It resultsin
the following signature: x> + x* + x%. This process contin-
ues in a similar fashion until a solution is found or no
more cells can be used to cancel the first nonzero bit of
the signature. In the latter case, the agorithm has to
backtrack and carry on till obtaining the all-zero vector.

Simple as it is, the presented backtracking algorithm isin
fact afairly robust way of pointing out scan cells that may
produce a given signature. In fact, since the diagnostic
reasoning (as described above) is basically dependent on
the ones present in the signature, the same algorithm
could be used to recreate all possible scan cell configura
tions that might yield a given signature. However, with
the increasing size M of the compactor, the number of
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scan chains, and the number of scan cells, the respective
search tree grows quickly, thus leading to unacceptable
processing time. Hence, certain constraints are required to
allow for pruning of the solution space, thus resulting in a
time-efficient and yet accurate diagnostic process.

5. Theweight functions

As shown in the previous sections, one can use a smple
backtracking algorithm to determine failing scan cells.
However, because of its inherent complexity, our primary
objective is now to accelerate the diagnostic process so
that a solution, which matches the actual locations of
faulty scan cells can be obtained as quickly as possible.
This goal can be achieved by deploying a measure of
likelihood that particular scan cells can capture the actual
errors, and subsequently by pruning the search space.

In order to determine the most likely locations of failing
scan cells, the scan cell selection process is guided by
weight functions associated with every scan cell. A
weight of a given cell is proportional to the probability
that this cell belongsto the actual error pattern. In general,
the weight of cell ¢ is given by the following formula:

Wc) =B § (1+C)

Here B; accounts for the number of ones that the cell may
set in a signature, while the remaining two factors account
for a proven presence of the same cell in other error
patterns obtained for test vectors applied earlier.

Computation of coefficients B; is based on individual
counters associated with each scan cell. We call this
number the weight of the scan cell. It is defined as the
total number of ones in a signature which are effectively
set by an error arriving from cell ¢. The value of B, is
then determined by summing the weights over all scan
cells having the same time frame as that of cell ¢.. The use
of cumulative statistics B; rather than individual cell
weights results from an observation that the latter ones
may often misguide the scan cell selection process. Thisis
best illustrated by the next example.

Example: Consider again the convolutional compactor
shown in Fig. 3 with the same error pattern comprised of
three scan cells: (0,0), (1,1), and (1,2). Computation of the
weights yields the following val ues:

121 4
101 2
221 5
011 2

As can be seen, the weights associated with cells that
capture errors are not necessarily the largest ones (count-
ers corresponding to the failing cells are printed in bold).
If used directly to indicate the most likely sites of errors,
these numbers would lead to a computationally less effi-
cient diagnostic process. This is why the algorithm does
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not distinguish particular scan cells as far as the same
time frame is concerned. Nevertheless, the priority is
given to those cells that belong to time frames with the
largest weights.

The scan cell selection process can be further improved
by allowing coefficients B; to carry information obtained
during signature preprocessing phase. This phase is aimed
at detecting several generic scenarios in which scan cells,
when injecting errors into a signature, interact with each
other in the compactor register in particular ways. There-
fore, if a scan cell is recognized as a likely part of the
actual failing cell set, its individual weight is increased,
accordingly. A detailed analysis shows that errors occur
in signatures mostly due to the following origins:

» asingle scan cell produces three ones due to an error
print of the form:
El = )(a + yb + ZC
* two scan cells yield four ones as their error prints as-
sume the following forms:
El = X + yb + £
E,= X2+ yd + Z
* two scan cells output two ones after mutual masking
of the remaining elements of their error prints:

Ei= X+ V+ 7
E2 = ¥+ yb + Zd
« three scan cells produce five ones for they interact as
shown below:
El = )(a + yb + ZC
E2 = )(a + yd + Ze
E;= X+ + 7

* three scan cells yield three ones provided their error
prints are aligned as follows:

E.= X + yb + 7
E,= Ve + yd + Z
E;= X + Y+ F

* three scan cells can also leave a single one in a sig-
nature either as follows:

E1: )(a + yb+ ZC

E, = X+ yb + Zd

Es= X+ £+ 7
« orinthefollowing fashion:

Ei= X2+ V+ £

E,= X2+ yb + Zd

Es= x2+ £+ £

« four scan cells, among various cases, can produce six
ones by masking the entire error print of one of them,
i.e., by using the following pattern:

E:= Ve + yb + £

E2=Xa +yd + £
E;= X+ _ + 2
E,= X! +y+ 72



The fault diagnosis results obtained for the previous test
patterns are also considered in the weight computation. A
large body of experimental evidence shows that for many
stimuli faults propagate to the same scan cells or, at least,
to the same scan chains. One can take advantage of this
observation by preferring cells located in scan chains
hosting cells already declared as failing ones. The coeffi-
cients § are employed to account for these events in the
following manner:

e § =B, if ascan chain containing cell ¢; has appeared
in the previous solutions more than a pre-specified
number of times T (T must be greater than 1),

 §=1, otherwise.

The value of threshold T is determined as a certain frac-
tion of all appearances of scan chains identified so far as
receiving erroneous signals. All experiments reported in

this paper assume that T = 0.02A, where A is a sum of
occurrences in the earlier solutions over all scan chains.

Finally, we take account of individual scan cells by using
coefficients C;. In principle, these components indicate
the number of times a given cell was found to be a part of
solutions for test patterns applied earlier. However, in
order to prevent these factors from an infinite grow, they
are further divided by the total number of test patterns
deployed so far.

It is important to note, that the weight information with
respect to coefficients § and C; is incrementally updated
after successive solutions are obtained, resulting in a very
efficient diagnostic procedure. Indeed, the proposed ap-
proach resembles a process of learning from experience,
where the diagnostic algorithm modifies its processing
based on newly acquired data.

6. Pruning the search space

The depth-first backtracking algorithm described in Sec-
tions 4 may traverse the entire search space. However, it
often appears that a given node in the search tree does not
lead to a solution because al its successors are infeasible.
In such cases, this node and its successors need not be
considered. As a result, we can prunethe solution tree,
thereby reducing the number of options to be considered.

Selection of scan cells. There is a number of factors that
can be taken into account when implementing a branch-
and-bound type of convolutional diagnosis. One of the
most straightforward techniques is to limit arbitrarily the
number of scan cells that may capture errors. Let
max_cells be such a number. Then, as soon as the number
of selected scan cells (recall that this quantity is repre-
sented by variable used _cells) exceeds the user-set value
of max cells, the diagnostic agorithm backtracks.
Moreover, even if the number of selected cells remains
less than max cells, it may become apparent that the
number of ones (n_Ones) till present in the current sig-

nature is too large given the number of cells C already
chosen. If those cells were supposed to reduce the number
of onesto at least P, but thisis not the case, the algorithm
may backtrack even earlier. The beginning of search
function can be therefore rewritten as follows:

search () {
if (n_Ones == 0) return true
if (used_cells> max_cells) return false
if (used cells>Candn_Ones>P) return false
done = false

}

The weight function, as described in the previous section,
can be also used efficiently to prune parts of the search
space which are unlikely to contain a solution. In fact, it
suffices to use the following instruction:

if (Scan_chaing scan][cell]. weight < min) continue

which should be placed right after designating a next scan
cell as a possible part of the failing cells set (inside the
while loop). If the cell weight is smaller than the value of
the acceptable minimum, then the algorithm carries on by
selecting the next cell from the same list of drivers unless
thelist is already exhausted, what |eads to backtracking.

Selection of scan chains. One of the most effective means
of pruning the search space is to limit the number of scan
chains that host the failing scan cells. It can be done in a
manner similar to that of scan cell selection discussed
earlier. Within the framework of the algorithm presented
in Section 4, however, it is also possible to designate
directly certain scan chains, and to confine the entire
selection of scan cells to these locations only. The matrix
representation of Fig. 3 can be used conveniently to im-
plement this approach. In the case of failure, one can
choose another subset of scan chains of the same size, or
the number of target chains can be increased, as demon-
strated in the next section.

Zero zones. As illustrated in the last example, errors in-
jected into compactor registers may cancel each other,
thus leaving a diagnostic procedure even with cells fea
turing zero weights. These cells cannot be ignored, how-
ever, as they may comprise the actual solution. On the
other hand, there are scan cells with weights equal to zero
which are likely to never be a part of any error pattern. It
applies primarily to cells located in time frames where all
cells have zero weights, and adjacent frames comprise
scan cells with zero weights, too. These areas are called
zero zones, and their occurrence is a result of error clus-
tering, i.e., a frequent phenomenon where only neighbor-
ing scan cells are affected by faults. In order to differenti-
ate the zero zones from other scan cells with zero weights,
al cell weights in these areas assume the value of —1.
Subsequently, the algorithm omits a large portion of scan
cells and backtracks using instructions shown earlier.
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7. Thefault diagnosisalgorithm

Finding the set of failing scan cells proceeds by iteration
with respect to results obtained when applying successive
test patterns. Starting from the simplest cases, the algo-
rithm gradually attempts to solve more complex problems
based on information gained in the previous steps. Here is
how the entire algorithm looks all together:

1. For each test pattern t; applied to a circuit under test
record the corresponding signature S.

2. For each signature S obtained in step 1, determine the
value of variable n_Ones and the initial location of the
rightmost onein S;.

3. Sort signatures S in an ascending order with respect to
the number of onesthey feature.

4, Seti=1

5. Select the first scan chain as a possible location of
failing scan cells.

6. Given the number of onesin S, set the initial number
of failing scan cellsto[ n_Ones/ 3.

7. Invoke function search.

8. If there is no solution, increase the maximum number
max_cells of failing scan cells provided it is not greater
than a pre-selected upper limit yet, and go to step 7. If
a solution exists, then store it, update the weight in-
formation, increase i, and proceed to step 5 unless all
error patterns have been already examined.

9. If parameter max_cells exceeds the upper limit, and a
solution has not been found, determine a next combi-
nation of scan chains that may host failing scan cells
and go to step 6.

The major steps of the above procedure are explained in
the following paragraphs.

Initial phase (steps 1 — 3). Once al signatures for a given
test set are collected, a preprocessing phase is carried out.
The number of ones occurring in each signature provides
arough estimation of error pattern complexity, and thus a
degree of difficulty one may face when trying to locate
the failing scan cells. Indeed, various experiments indi-
cate that in a vast majority of cases more complex error
patterns imply more ones in the corresponding signatures
(see also Table I). Given a self-learning behavior of the
proposed scheme, it is therefore desirable to have all
signatures put in order by the number of ones they fea
ture. Conseguently, diagnosis can be first performed for
cases in which an expected number of failing scan cellsis
relatively small. Subsequently, resting on earlier results,
the scheme may try to identify components of error pat-
terns with alarger number of failing cells.

Beginning of the main loop (steps 4 — 6). In this phase, a
single scan chain is chosen as a first possible location of
failing scan cells. In a sequel, the algorithm will examine
other scan chains appearing in various configurations as
shown in step 9. However, if scan cells that catch errors
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are located in a relatively small number of chains, they
can be quickly identified due to a very aggressive pruning
of the search space. Furthermore, the principle exempli-
fied in the algorithm isto maintain alist of the most likely
locations of cells receiving errors, which can be subse-
guently used to get more complex solutions. Clearly, the
reason for doing so is essentially heuristic: experience
shows that the same scan cells affected by faults show up
in many error patterns of the increasing complexity. It is
also worth noting that the minimal number of scan cells
that must be involved in producing a given number of
ones cannot be lesser than[n_Ones/ 31. This is why the
initial value of max_cellsis set to this quantity.

The actual diagnosis phase (step 7). Here the main algo-
rithm calls the basic diagnostic procedure whose func-
tionality is discussed in the previous sections atogether
with its use of pruning techniques. Note that search is
executed for a given set of scan chains and a fixed num-
ber of scan cells that cannot be exceeded. Other parame-
ters include variables C and P (see Section 6) which, for
all experiments reported in this paper, assume the values
of 0.4 max_cellsand 0.7 n_Ones, respectively.

Choosing new parameters (steps 8 — 9). It is possible that
for a given number of scan cells located in a predeter-
mined scan chains there is no adequate error pattern that
could produce signature S. In such a case, the algorithm
increases by one the maximum number of scan cells that
should be considered and invokes search function again.
Note that at this stage the list of scan chains that may host
failing scan cells remains unchanged. This process con-
tinues until the maximum number of scan cells reachesits
upper limit, beyond which the processing time is regarded
as unacceptable.

If the algorithm still fails to identify a set of scan cells
receiving errors, then it moves back to step 6, which is
equivalent to beginning the scan cell selection process
anew. This is preceded, however, by selecting a new set
of scan chains that now will form a base for the next it-
eration comprising steps 7 and 8. The new candidate scan
chains are determined as follows. Suppose, there are s
scan chains that have been identified hitherto (from the
previous test patterns) as locations of errors. Every time
the algorithm reaches step 9, it selects a next subset of s
scan chains with k members, for k=1, 2, ..., r. In other
words, all k-subsets of the s-set, taken over al possible
values of k up to r, are examined. In the experiments
presented in this paper r < 4 was found to suffice to en-
sure a high quality of diagnosis. Using this technique one
may assure that a preference is given to those scan chains
that are regarded as the most likely parts of the final solu-
tion based on their occurrence in the former solutions.

Clearly, an error pattern may consist of scan cells located
in scan chains not recorded previously, and therefore not
targeted in the manner shown above. Thus, once al k-



subsets are examined, we start checking single scan
chains from the remaining N — s scan chains for possibil-
ity of having error patterns there, and subsequently the
same chains are added to all k-subsets examined earlier to
form new (k + 1)-subsets of scan chains. The same ap-
proach is also used for al pairs of scan chains taken over
all N —schains. If a newly examined scan chain occurs a
predetermined number of timesin identified error patterns
(see Section 5), it eventually joins the s-set of scan chains
forming anew (s + 1)-set. Note that initially s= 0, and the
algorithm attempts to locate failing scan cells in one (or
two) of the N scan chains with no additional guidance.

It is worth noting that the algorithm presented above can
be modified so that in many cases the average successful
diagnosis time remains bounded as the number of onesin
a signature increases. This is based on a quite common
fact that erroneous signals occur in signatures as several
clusters separated by a large number of bits not affected
by faults. Consequently, the proposed algorithm can be
performed individually for each cluster rather than for the
whole signature. In order to isolate such clusters quickly,
one can use the scan cell counters (weights). If all count-
ers associated with a given time frame (or consecutive
time frames) are equal to zero, then the corresponding
error-free positions in the signature can be regarded as
indicative of how to decompose the diagnosis process.

8. Experimental results

The primary objective of the experimental analysis pre-
sented in this section was to study the feasibility of the
proposed scheme. The prime target in all experiments was
the ability of the scheme to recreate, based on collected
test responses, original sites of failing scan cells for suc-
cessive test patterns The experiments were conducted on
severa large ISCAS 89 benchmark circuits and industrial
designs. Their characterigtics, including the number of
gates and scan cells, as well as the number of scan chains
are given in Table Il1l. A commercial ATPG tool gener-
ated test sets used in the experiments. A diagnostic cover-
age was employed as a basic figure of merit to access
performance of the scheme.

Given atest set T, diagnostic coverage is defined as the
percentage of faults that are diagnosable [25]. A fault is
said to be diagnosable if al scan cells affected by this
fault can be correctly identified using a diagnostic algo-
rithm. Note that the test set can detect every fault several
times, and subsets of affected scan cells may differ each
time. Let T(f) O T be a subset of test patterns that detect
fault f; and yield different error petterns. Let also C(f;, t))
be the set of scan cells affected by fault f; when test pat-
tern t; O T(f;) is applied, and D(f;, t;)) be the set of failing
scan cells as determined by the diagnostic procedure. The
diagnostic coverage can be then measured in the follow-
ing two different ways.

Basic diagnostic coverage. A fault is declared success-
fully diagnosed if there is at least one test pattern for
which the corresponding faulty scan cells are correctly
identified in their entirety. Hence, the basic diagnostic
coverage (BDC) is given by the following formula:

F
BDC=F ‘12 d,
i=1

where F isthe total number of faults, d; = 1 provided there
exists t; such that C(f;, t)) = D(f;, t;), and d; is equal to O
otherwise.

Compound diagnostic coverage. Alternatively, given test
patterns from T(f;) which detect fault f;, diagnostic capac-
ity is determined as a fraction of error patterns, i.e., sets of
failing scan cells that can be correctly identified. In this
case, this compound diagnostic coverage (CDC) can be
expressed as follows:

F 9
CDC=F ‘12 w,‘lz d;
i=1 j=1

where o is the number of different error patterns caused
by fi when test patterns from T(f) are applied, dj = 1 if
C(fi, t) = D(fi, ;), and d; is equal to O otherwise. Recall
that the second summation is governed by index j indi-
cating test patterns that yield different error patterns.

In al experiments reported in Table 11l for ISCAS 89
benchmark circuits, several single-output M-bit convolu-
tional compactors with a minimum span between poly-
nomial taps equal to M/4 were employed in each case.
Thisisto illustrate how crucial it is to select an appropri-
ate architecture of convolutional compactor such that
neither the diagnostic time efficiency nor the quality of
diagnosis are compromised. For each compactor, the
number of memory elements M used to create its sequen-
tia part is given.

For each circuit, the following information is provided:
the number of gates and memory elements, and the num-
ber of faults that propagate to the scan chains. Subse-
guently, for each convolutional compactor the corre-
sponding basic diagnostic coverage and the compound
diagnostic coverage are given. As demonstrated in Table
11, very high basic diagnostic coverage (BDC) was
achieved for al examined circuits. Moreover, only
dlightly lesser compound diagnostic coverage (CDC) was
observed, despite a variety of error patterns produced by
those faults that were detected many times.

Further experiments were conducted on five industrial
designs. Some representative results are presented in the
bottom part of Table 11l assuming that 1,000 faults were
randomly selected in each case for the purpose of this
experiment, and all sources of unknown states were
masked. For each design, similar information is provided
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Table lll.

Diagnostic coverage for ISCAS’89 circuits and industrial designs

Size (M) of single-output convolutional compactor

CuT 16 32 48 64 128

Name | Gates Scan Faults | BDC | CDC | BDC | €cDC | BDC | €cDC | BDC | CDC | BDC | CDC
s5378 | 3629 9x20 3878 | 96.11 | 91.32 | 97.22 | 9462 | 9737 | 9532 | 97.96 | 96.96 | 97.96 | 96.97
9234 | 6577 10x22 | 6700 | 9549 | 8812 | 9625 | 90.26 | 9642 | 91.61 | 9639 | 91.85 | 96.42 | 92.00
s13207 | 10920 | 20x32 | 10806 | 94.92 | 9127 | 9583 | 9260 | 9582 | 92.86 | 9598 | 9341 | 9598 | 93.58
s15850 | 10840 | 20x27 | 11934 | 91.80 | 84.70 | 92.89 | 8650 | 9303 | 87.33 | 9317 | 87.75 | 93.18 | 87.89
$35932 | 16065 | 32x54 | 35545 | 99.78 | 99.73 | 99.86 | 99.76 | 99.96 | 99.86 | 99.96 | 99.88 | 99.96 | 99.91
$38417 | 29394 | 32x52 | 34406 | 9864 | 9344 | 9940 | 96.80 | 9952 | 97.41 | 99.60 | 98.07 | 99.68 | 98.82
$38584 | 25865 | 32x45 | 36073 | 9526 | 91.99 | 9547 | 9246 | 9642 | 9383 | 9645 | 9415 | 96.46 | 94.39
D1 506K | 50x373 | 1000 | 1000 | 84.68 | 100.0 | 9658 | 1000 | 97.38 | 1000 | 9759 | 1000 | 96.99
D2 271K | 160x 259 | 1000 - - 98.28 | 9343 | 9878 | 9583 | 9899 | 9644 | 98.68 | 95.88
D3 1095K | 160 x 470 | 1000 - - 1000 | 99.86 | 99.90 | 99.85 | 99.90 | 99.90 | 99.90 | 99.90
D4 302K | 160x 116 | 1000 - - 98.90 | 9298 | 99.70 | 96.93 | 9950 | 96.95 | 99.50 | 97.80
D5 496K | 160x 283 | 1000 - - 9476 | 8800 | 9415 | 8690 | 9446 | 8655 | 9353 | 85.86

as before. As can be seen, very high basic and compound
diagnostic coverage was achieved in all cases.

The next group of experiments verified the proposed
technique by using the same fail log information that was
deployed in Tables | and 11 (100 scan chains, each 1050-
bit long) and simulating convolutional compactors. Table
IV gives a more detailed breakdown of error patterns
collected for 370 faulty chips. As can be seen, the table
provides the percentage of cases (error patterns) in which
a given number of failing scan cells have occurred in a
certain number of scan chains (S). For instance, an entry
in row 3 and column 5 indicates that error patterns com-
prised of 5 scan cells and located in 3 different scan
chains one could observed in 17.55% cases.

Table IV. The error patterns breakdown

The number of failing scan cells

S 1 2 3 4 5 6 7 >8

1 | 100 | 61.18 | 41.71 | 40.75 | 41.73 | 42.38 | 40.78 | 34.47
2 - 38.82 | 46.57 | 41.31 | 3464 | 34.18 | 37.17 | 33.24
3 - - | 1172|1483 | 1755 | 1551 | 13.73 | 18.78
4 - - - 311 | 531 | 6.18 | 594 | 6.79
5 - - - - 077 | 1.29 | 143 | 2.78
6 - - - - - 046 | 052 | 0.90
7 - - - - - - 043 | 051
=8 - - - - - - - 2.62

The experimental results with respect to the diagnostic
coverage (DC) for al the examined chips are shown in
Table V. In all cases, a single-output 128-bit convolu-
tional compactor was simulated. Each row of the table
corresponds to a given multiplicity mE of error patterns
(as indicated in the first column), i.e., to the number of
failing scan cells that constitute the recorded error pat-
terns. The second column #E provides the number of
observed error patterns of a given size. The next four
columns report the corresponding diagnostic coverage in
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various forms. Here, the first two columns give the abso-
lute number of cases diagnosed correctly altogether with
the corresponding percentage, while the second pair of
columns reports a cumulative diagnostic coverage, i.e.,
the number of successfully identified error patterns of
multiplicities up to a value represented by a respective
row of the table. As can be seen, for the error patterns of
size up to 3, the complete diagnostic coverage was
achieved. For larger error patterns, the diagnostic cover-
age dlightly decreases, but it still remains above 95%.
Only in afew cases of large error patterns, the diagnostic
coverage drops below 90%.

Table V. Diagnostic coverage for 370 faulty chips

mE #E Diagnostic coverage Cumulative DC
1 4760 4760 100.0 4760 100.0
2 5112 5111 100.0 9871 100.0
3 4426 4426 100.0 14297 100.0
4 4009 3904 97.4 18201 99.4
5 3436 3326 96.8 21527 99.0
6 3192 3085 96.6 24612 98.7
7 2612 2512 96.2 27124 98.5
8 2160 2061 95.4 29185 98.2
9 1877 1822 97.1 31007 98.2
10 1543 1470 95.3 32477 98.0
11 1250 1171 93.7 33648 97.9
12 1024 939 917 34587 97.7
13 951 873 91.8 35460 97.5
14 879 796 90.6 36256 97.4
15 776 707 911 36963 97.3
16 582 513 88.1 37476 97.1
17 410 362 88.3 37838 97.0
18 303 258 85.1 38096 96.9
19 216 165 76.4 38261 96.8
20 156 112 718 38373 96.7

It is worth noting that the total number of error patternsin
all examined chips amounts to 41117 (the identical pat-



terns for the same chip are counted only once). Among
them there are 1503 (i.e., 3.65%) errors of multiplicity
greater than 20. 35% errors from this group were also
correctly identified.

9. Conclusions

In this paper, we introduced a new fault diagnosis method
for scan-based designs. It is enabled by the convolutional
test response compaction scheme and has several proper-
ties matching extremely well the requirements of embed-
ded deterministic test [19]. The scheme supports very
high quality of test by providing ability to identify failing
scan cells directly from the compacted test responses of
the faulty circuits. Contrary to various techniques intro-
duced earlier, the proposed solution does not repeat the
same test experiment many times, and it collects all diag-
nostic data during a single application of test patterns.
This feature greatly ssimplifies the tester requirements and
the manufacturing test flow. Experimental results con-
ducted on several large ISCAS' 89 benchmark circuits as
well as on industrial designs demonstrate feasibility of the
proposed approach. In particular, we have shown that
even with high compression ratios, exceeding 100x, it is
possible to figure out exactly where the errors come from.
Excluding catastrophic defects that produce massive
numbers of scan cell errors, in more that 95% of the error
patternsit is possible to determine precisely and in atime-
efficient manner the scan cells where the erroneous sig-
nals originated from. The scheme is also consistent with
the multi-site testing methodology, as it can dramatically
reduce the number of outputs.
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