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Abstract- Sign language (SL) segmentation breaks a
continuous SL sentence into its basic lexical units by detecting
word boundaries. In Speech signal, silence period between two
words are detected for a reliable speech parsing. Similarly, for
robust SL recognition, majority of direct segmentation approaches
exploit these inter-sign pauses in a stream of hand gestures to
demarcate the word boundaries. The delayed absolute difference
(DAD) signature of the hand positions provides means for
analyzing the segmentation features like pauses, repetitions and
directional variations in unique tool. In this paper, a novel scheme
for detecting pause features is presented.

I. INTRODUCTION

Segmentation is an important stage of any recognition
system, in which a candidate object is extracted out of its
background and recognition algorithms are applied on a
reduced dataset. Segmentation can be viewed as a low cost
classification that reduces the search space for high cost
complex algorithms. In vision based sign language (SL)
recognition, signing articulators (the hands and face) are
extracted out of an entire scene using different appearance
based methods and categorized by their position, shape and
orientation. Similarly, in gesture segmentation (also known as
word or sign segmentation) individual gestures are demarcated
in a continuous stream and then only the data for valid signs
are matched with their model. This resembles the “speech
parsing”, where disjoint speech units are detected by “silence
periods” between them. In continuous SL segmentation, apart
from the trajectory information of hand gestures, there are a
few other unaddressed spatio-temporal cues to mark the sign
boundaries. Some of them include: a sudden change in
articulator’s direction, the sign repetition and a change in non-
manual signs. An effective methodology for gesture
segmentation should utilize most of these features to detect
where a valid sign starts and ends. In this paper, the existing
appearance based direct segmentation techniques will be
reviewed. The proposed direct technique detects variable
length pause segments in a continuous SL discourse.

Section II reviews a few existing SL segmentation schemes
followed by our novel algorithm for detecting pauses in
section III. We test the algorithm on the Boston database and
conclude its efficacy in sections IV and V respectively. The
specific contributions of this paper are an algorithm for
detecting pause features from a delayed absolute difference
signature, and the testing of this algorithm on natural sign
language.
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II. WORD SEGMENTATION

SL is a visual language and its discourse comprises of a
sequences of gestures in which lexical references are encoded
into multiple channels, called manual sign components. These
are the basic gesture parameters like hand shape, movement,
orientation, and location. Most of the existing SL
segmentation approaches model the temporal characteristics of
these gesture parameters. These methods are called direct
methods as sign boundary inferences in these approaches are
independent of any contextual or grammar model. On the
other hand, an indirect boundary demarcation approach
interlinks itself with the recognition stage and a decision is
made on the basis of maximizing the score of a matched
model [1]. Stochastic models can be categorized as hybrid
approaches for sign segmentation which transforms all the
ambiguities into probability distributions using a large number
of training samples along the contextual references from sign
recognition. Due to the scarcity of annotated SL data [2]
direct approaches of SL segmentation are preferred over
indirect ones.

A. Segmentation features

A SL gesture’s trajectory is considered to be the most
significant component of a continuous discourse which
accounts for maximum temporal segmentation. Most of the
existing direct and indirect models utilize the 2D or 3D
trajectories and their temporal derivatives (velocity and
acceleration) as their features. These approaches are analogous
to silence or pause detection based speech segmentation,
where local minima define the word’s end points. Other
approaches focus on the combined movement trends along
with other features over a specific interval of time.

In most of the direct segmentation methods, pause is
considered as a main segmentation feature which is defined by
holding a signing articulator at same position for a specific
duration of time. In other forms of an artificial pause, signing
articulators are brought back to a defined neutral position or
taken out of signing space. To spot a pause feature, an
articulator’s spatial parameters x, y and z coordinates are
monitored to be qausi-stationary for a defined interval of time
and that interval shows the length of a pause.

A natural SL discourse is continuous in articulation and it
has no lexical unit for word segmentation. For improved
recognition, different SL systems use different features for the
sign segmentation before the recognition stage. Energy based
silence detection algorithms are borrowed from speech



segmentation but they fail on a fluent signer. The lexical
boundaries detected from the natural SL discourse of a native
signer results in a high false positive rate due to unclear
“pauses” in the hand movement [3, 4]. The accuracy of most
existing approaches deteriorates without imposing an artificial
pause or exaggeration in normal signing [5]. In addition to the
trajectory information of a gesture, there are a few other
unaddressed spatio-temporal cues to detect the word
boundaries. For example, a sudden change in articulator’s
direction, the articulator’s repetition and a change in non-
manual signs could be exploited for an improved segmentation.
Kong and Ranganath [6] presented a direct trajectory
segmentation method on 27 SL sentences with minimal
velocity and maximum directional angle change. The reported
accuracy is 88% with 11.2% false alarm when initial
segmentation is subjected to a naive Bayesian classifier.

B. Delayed Absolute Difference (DAD)

The DAD signature is a distance matrix that quantifies the
degree of intra-signal disparity without adding any
mathematical bias [7]. Absolute differences of each signal’s
sample with its previous values transforms the sign parameters
into a more useful representation (DAD signature) where the
segmentation features are encoded into distinctive patterns.
DAD is a time domain analysis. It preserves the temporal
information about prominent signal trends, such as where it
changes significantly, when and for how long it stays
stationary or which signal segment has repetitions. DAD
signature reduces the entire search space into a few
manageable natural features that can be subjected for
subsequent classification. A qualitative investigation of a few
DAD segmentation features is presented in [7].

In order to get the segmentation features from a continuous
stream, it must be transformed into a DAD representation
(DAD matrix):

DAD(n,d) =|X[n]- X[n-d]| d=1:D )

where X is a continuous stream of SL spatio-temporal
parameters and D is a delay window. For any sample of X (at
time n) equation (1) results in a vector of length D, comprising
of its differences with D previous samples. Accumulation of
all the DAD vectors results in a DAD matrix called DAD
signature shown in figure 1.

III. DAD’S PAUSE FEATURE

Movement pauses in a SL stream provide the most
prominent clue for any temporal segmentation of a continuous
SL sentence. Most of the existing trajectory segmentation
approaches exploit the inter-sign pause as a marker for sign
boundaries [8-11]. The DAD signature transforms these pause
periods into black triangular patterns (figure 2) which indicate
the temporal characteristics (location) of each candidate pause.
Similarly the length of pause feature determines how long a
sign component is in hold (not moving).
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Figure 1: DAD matrix

A. Derivation

Suppose a quasi-stationery segment (pause) of length K at
point n=n, ends with a significant break in a continuous sign
parameter stream. The DAD vector at any point # inside the
pause segment comprises of K-(n,-n) approximately zero
values which correspond to its maximum resemblance with
K-(np-n) previous samples. So the resulting DAD’s feature
grows as a black inverted triangle (shown in figure 3). The
sum of all the DAD matrix values within the pause triangle
stays very small until it reaches a point n=n, which is
dissimilar to the previous samples in the analysis window.
Equation 2 is the sum of the differences within a pause
triangle of length K ending at n=n,:

Kk
Tri(ny,K) =Y. DAD(n, +k, K, k,) ()
k=1 ky=1
On the edge of triangle n=n,+1, the DAD vector sum
should abruptly increase as compared to the triangular region
because the articulator has begun to move again, resulting in
an increase in disparity. Equation (3) calculates the strength of
edge column at n=n,+1.

Col(n,,K) = f DAD(n, +1, k,) 3)

kg=1
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Figure 2: DAD signature and segmentation features
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Figure 3: Triangular pause feature

The end of the triangular uniformity defines the time when
a pause finishes. The smaller the value of the Tri(ny,K), the
better the quality of the pause, because there is less change in
articulator parameter during the interval. On the other hand,
the larger the value of Col(ny,K), the more certainty there is
that the pause has ended. Therefore, a good figure of merit for
the end of pause would be the difference of these two
quantities:

FOM (np,K)=Col(np,K)—Tri(np,K) 4)

Local maxima of FOM greater than zero are considered as
candidate pauses. To find all the candidate end points of pause
segments, minimum triangular discontinuity is located by
choosing a small possible value of K=K, in equation (4).

Once all the candidate transitions are known, the length of
pause can be estimated by expanding the size of the column at
each candidate point and comparing its strength with the
strength of the adjacent triangle of same height. At the
optimum length of pause, the FOM in equation (4) would drop
below zero and decrease rapidly because the sum of non-zero
values after K will increase due to the large number of
dissimilar values along the triangle’s hypotenuse.

B. Algorithm

DAD’s based pause detection is a two pass algorithm which
initially searches best features in the direction of n while it
searches in the direction of K in the second phase. Overall
strategy is shown in following 3 steps.

a) Fora given D, get DAD matrix of signal X[n]

b) Go in the direction of n and use the transition equation
(4) to find all the points n=n, where a triangle of a
minimum length ends

¢) On every n=n, go in the direction of K and find the
optimum length of the pause feature using equation (5)
by growing K/~K;intAK

IV.EXPERIMENTAL VALIDATION

In our experiments, the DAD based algorithm is tested using
the Boston database [12] of American Sign Language (ASL)
videos where the spatial coordinates of the signer’s dominant
articulator were taken as the sign parameters and its DAD
signature is acquired according to equation (1). The sign
signal and its DAD representation for one sequence is given in
figure 4. Selection of D is derived from a detailed study
related to the intra and inter-signer variation which shows that

average signing frequency does not undergo large variation for
different signers and stays nears 2.5 signs/sec over a long
interval of signing [13, 14]. This means, over an interval of 1
second (30 frames) we can expect at least one transition
between two adjacent lexemes. So by using D=30, we
construct a DAD signature which matches each sample with
30 previous samples.

Once the DAD signature has been acquired, next step is to
find all the candidate pauses. For that, a minimum pause
length is chosen (K,;;,=6) based on the assumption that a sign
pause of less than 1/5™ of a second is negligible. The DAD is
subjected to equation (4) and FOM is constructed for all points
n (fig 5). The symbol @ indicates all the possible points
where a pause of minimum length 6 is detected e.g. pause
feature at n=57 has a peak of 90 and similarly pause feature at
n=87 has a peak of 70.

Once all the candidate boundary points have been estimated,
next stage is to determine the length of each quasi-stationery
interval. This not only gives the prominent segmentation
features but also locates the start of each pause segment.
Figure 6 shows the optimum value of pause feature (length) on
a candidate point n= 87 where it significantly drops at K; =10
to a negative value.
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Figure 4: Articulator’s parameter and its DAD signature
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Figure 5: Spotting all the candidate points
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Figure 6: Top: Optimal feature length at n=87

A. Discussion

Computer based SL segmentation is a challenging task that
requires a powerful set of a multitude of different spatio-
temporal features. It is not a trivial job even for a native signer
to provide a trustworthy ground truth. The availability of
benchmarks for SL segmentation validation is a great
challenge in itself due to the variability even of human experts
in determining the precise location of pauses [1, 3, 4, 9]. This
might be the reason that we could not find any ground truth
data which could be used for segmentation validation.

Moreover, the DAD signature assumes that the parameter
streams (hand spatial coordinates) are acquired with little or
no noise. The presence of outliers in the sign parameters could
trigger false alarms due their larger variations. For a clean
analysis on DAD signatures, we use an annotated dataset from
Boston database which is comprised of short sentences of
ASL (videos) recorded at 30 fps.

DAD’s pause features are detected for 6 different sentences
that comprise of different signs with different pause lengths
and all the detected pauses are fully consistent with the real
pauses found in the signals. For example, figure 7 shows a
pause of length 10 at ending at 87" frame which is detected in
figure 6. The sign parameter in this signal holds from frame
number 77 to 87 followed by a small movement in the next
frame.

Pause segmentation features are the main focus of many
direct sign language approaches. DAD signatures, however,
encapsulate these pause features with other features related to
the articulator’s movement pattern like directional variation
and repetition. A necessary assumption about the pause in
many signal energy measurement approaches is that they
account for maximum segregation between two adjacent signs.
So, in order to detect a word boundary, we need to detect two
aspects of a pause; the total duration of a pause and when it
diminishes. The duration of pause controls the degree of
confidence about that boundary and reduces the chances of a
false alarm. However, natural signing does not always
includes long pauses. In that case, the accuracy of pause
detection highly depends upon the initial candidate points that
were detected with a minimum pause length. As we start with
a Ki,in=6 which means that the end points of all the prominent
featured triangles get detected. Conversely, a large K,,;, may
cause more false negatives due to missing some important
candidate points due to their relatively small feature triangles.
Figure 8 clearly shows that the numbers of candidate points
(@) decreases with increasing value of K,,;, from 8 to 12.
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Figure 8: Top: Number of candidate points detected with different
Kmin =8 (top) and Kin =12 (bottom)

V. CONCLUSION

The DAD signature transforms a continuous stream of sign
parameters into a manageable set of segmentation features
which reduces the search space for sign boundary detection.
The pause feature detects when the sign is held stationary for
any duration, which is closely related to the temporal
segmentation of two SL words. DAD’s segmentation features
are deterministic and they gave better performance than
human detection when detecting pauses in a continuous sign
language discourse. DAD is not only a pause detection
approach but it has potential to provide a unified platform in
future where other segmentation features like signal
repetitions and directional variations can also be analyzed.
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