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Abstract. The paper considers automatic visual recognition of signed
expressions. The proposed method is based on modeling gestures with
subunits, which is similar to modeling speech by means of phonemes. To
define the subunits a data-driven procedure is applied. The procedure
consists in partitioning time series, extracted from video, into subsequences which form homogeneous groups. The cut points are determined
by an evolutionary optimization procedure based on multicriteria quality
assessment of the resulting clusters. In the paper the problem is formulated, its solution method is proposed and experimentally verified on a
database of 100 Polish words.
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Introduction

Automatic vision-based sign language recognition is an important prospective
application of gesture-based human-computer interfaces. The aim of the research
is a system that properly interprets gestures, e.g. translates them into written or
spoken language. Most of such systems described in the literature (see e.g. [1],
[2]) are based on word models where one sign represents one model in the model
database. They can achieve good performance only with small vocabularies or
gesture data sets. The training corpus and the training complexity increase with
vocabulary size. So, large-vocabulary systems require the modeling of signed
expressions in smaller units than words i.e. the words are modeled with subunits,
which is similar to modeling speech by means of phonemes. The main advantage
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of this approach is that an enlargement of the vocabulary can be achieved by
composing new signs through concatenation of subunit models and by tuning
the composite model with only small sets of examples. However, an additional
knowledge of how to break down signs into subunits is needed.
Different vision-based subunit segmentation algorithms have been developed.
Following Liddell and Johnson’s movement-hold model the authors of [3] propose
modeling each sign (word) as a series of movement and hold segments. Kraiss et
al. in [1] present an iterative process of data-driven extraction of subunits using
hidden Markov models (HMMs). Han et al. in [4] define the subunit boundary
using hand motion discontinuity.
In this paper we propose a new approach where the subunits’ boundary points
are considered as decision variables in a multiobjective optimization problem.
The problem consists in finding subunits which can be grouped in clusters of
good quality. The quality is measured by two cluster validity indices, one based
on entropy [5] and another the Dunn index [6], [7]. The indices are optimized
simultaneously using lexicographic ordering [8] and an immune-based evolutionary algorithm [9], [10]. The approach refers to clustering of time series data [11],
[12], multiobjective clustering [13], [14], and cluster-based time series segmentation [15]. The contribution of the paper lies in (1) formulation of the problem
of determining subunits for sign language recognition as a multiobjective cluster optimization, (2) formulation of the problem of modeling signed expressions
with the subunits, (3) proposition of solution methods, and verification of the
approach by experiments on real data.
The rest of the paper is organized as follows. Section 2 formulates the problem of subunits extraction and describes the solution method. Section 3 gives
details of the subunit-based recognition method. The results of experiments with
recognition of 100 isolated words of the Polish Sign Language (PSL) are given
in section 4. Section 5 concludes the paper.
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2.1

A data-driven subsequence extraction method
The input data

Most of the sign gestures are two-handed and dynamic. Let S = {X1 , X2 ,
. . . , Xn } denote a data set, where a sequence Xi = {xi (1), xi (2), . . . , xi (Ti )} of
real valued feature vectors represents a signed word. All vectors xi (t), where
iǫI = {1, 2, . . . , n}, and t is a time sampling point, tǫTi = {1, 2, . . . , Ti }, have
identical structure. They contain features extracted from image sequences registered by a camera. For instance, we use seven manual features for the right hand
and the same features for the left hand: the position of the hand with respect
to the face (three spatial coordinates), the area, orientation, compactness and
eccentricity of a hand (four features as a very simplified information about the
hand shape). Two time sequences Xi and Xj6=i may represent different words or
different realizations of the same word. In modeling signed expressions we should
take into account that the features we are observing appear both sequentially

and simultaneously. For example, the hand shape and hand position can change
independently at the same time [1]. To model parallel processes we will distinguish N groups of features (channels). This is based on the assumption that
the separate processes evolve independently from one another with independent
output. So, we will write xi (t) = [x1i (t), x2i (t), . . . , xN
i (t)] and, in accordance
with it, we will use an upper index to indicate time series related to a group:
Xil = {xli (1), xli (2), . . . , xli (Ti )}, S l = {X1l , X2l , . . . , Xnl }, lǫN = {1, 2, . . . , N }.
During extraction of subunits all elements in a group will be considered jointly,
whereas different groups will be considered separately. For instance, one can assign one channel to one hand (N = 2) or one channel to one of the 14 features
mentioned earlier (N = 14). In general, the number N as well as the assignment
of the features to groups can be a subject of further research.

2.2

Sequence partitioning problem

Let us consider a time decomposition Dl , which, for each iǫI, defines a numl
ber kil = kil (Dl ) ≥ 1 and ki−1
cut points tlij = tlij (Dl ), where 1 < tli1 <
l
l
ti2 < . . . < ti,kl −1 < Ti . The decomposition means that Xil is partitioned
i

into kil subsequences. The first subsequence sli1 (Dl ) starts at t = 1 and ends
at t = tli1 , the next subsequence sli2 (Dl ) starts at t = tli1 and ends at t = tli2 ,
and so on until the last subsequence sli,kl (Dl ) which starts at t = tli,kl −1 and
i

i

, s′ln (Dl )}, where
ends at Ti . The resulting data set S ′l (Dl ) = {s′l1 (Dl ), s′l2 (Dl ), . . .P
n
′l
l
l
l
l
l
′l
′l
l
si (D ) = {si1 (D ), . . . , si,kl (D )}, iǫI, contains n = n (D ) = i=1 kil (Dl ) subi
sequences. The length of each subsequence is constrained by the minimal Lmin
and the maximal Lmax number of points. We propose determining a good decomposition into subsequences by solving a multicriteria decision problem, based on
the following main steps: (i) partition the set S ′l (Dl ) into ml (a given number)
l
l
clusters, i.e. S ′l (Dl ) = {C1l (Dl ), C2l (Dl ), . . . , Cm
l (D )}, (ii) evaluation of the del
composition D using a vector of two criteria (indices) J(Dl ) = [J1 (Dl ), J2 (Dl )]
which characterizes the quality of the resulting clusters. The first criterion is the
conditional entropy minimized by the minimum entropy clustering (MEC) algorithm described in [5]. Experiments presented in [5] show that MEC performs
significantly better than k-means clustering, hierarchical clustering, SOM and
EM. Moreover, it can correctly reveal the structure of data and effectively identify outliers simultaneously. To compare discrete sequences we use dynamic time
warping (DTW) [6],[16]. DTW aligns two sequences while attempting to achieve
the minimal difference. The warping path with the optimal distance dDT W can
be obtained by dynamic programming. The second criterion is the Dunn index
DI [6], [7]. It is defined by two parameters: the diameter diam(Cil ) of the cluster
Cil and the set distance δ(Cil , Cjl ) between Cil and Cjl , where
diamCil = maxx,yǫCil {d(x, y)}, δ(Cil , Cjl ) = minxǫCil ,yǫCjl {d(x, y)}

(1)

and d(x, y) indicates the distance between points x, y.
DI = min1≤j≤ml {min1≤i≤ml ,i6=j {

δ(Cpl , Cql )
}}
max1≤k≤ml diamCkl

(2)

Larger values of DI correspond to good grouping with compact and well separated clusters.
2.3

Optimization method

As follows from subsection 2.2 our problem is a multiobjective optimization
problem (MOP) with two criteria. To solve MOPs evolutionary algorithms are
often used. Evolutionary algorithms deal simultaneously with a set of possible
solutions (the so–called population) which allow us to find several members of
the Pareto optimal set in single run of the algorithm [9]. Our approach to solve
the MOP adopts the immune-based algorithm CLONALG originally used for
ordinary optimization [9], [10]. We use lexicographic ordering [8]. Here the single
objective J1 (considered the most important) is optimized without considering
J2 Then the J2 is optimized but without decreasing the quality of the solution
obtained for J1 . In the sequel we shortly describe the algorithm, the encoding
method, and the mutation operator.
CLONALG. The main loop (repeated gen times, where gen is the number
of generations) consists of four main steps: one initial step where all the elements
of the population are evaluated and three transformation steps: clonal selection,
mutation, apoptosis.
1. Evaluation. For each element Dl in the population P compute Ji (Dl ), i = 1, 2
and perform lexicographic ordering of the elements.
2. Clonal selection. Choose a reference set Pa ⊂ P consisting of h elements at
the top of the ranking obtained in step 1.
3. Mutation.
(a) For each Dl ǫPa make c mutated clones Dcj , j = 1, 2, . . . , c, compute their
values J1 (Dcj ), J2 (Dcj ), and place the clones in the clonal pool CP .
(b) Lexicographically order the elements of P ∪ CP , choose a subset Pc ⊂
P ∪ CP containing B best elements, where B denotes the size of P .
4. Apoptosis. Replace b worst elements in PC by randomly generated elements.
5. Set P ⊂ PC .
In the algorithm the current population P is mixed with the clonal pool CP
and the predefined number of best elements (i.e. at the top of the ranking) is
picked up to form new population. The last step of the main loop replaces b
worst solutions by randomly generated elements.
Encoding and mutation. Each element of the population P represents a
decomposition Dl of the set S l into a set S ′l (see section 2.2). It has the form of
the integer valued vector Dl = [tl11 , tl12 , . . . , tl1,kl −1 , tl21 , tl22 , . . . , tl2,kl −1 , . . . ,
1

2

tln1 , tln2 , . . . , tl1,kl −1 ] composed of the cut points of the original sequences.
n

The mutation process consists of a given number M of mutations conducted
on a population element. The mutation means an operation randomly chosen
from the following variants: (a) add cut point (probability 1/4), (b) remove
cut point (probability 1/4), (c) move cut point (probability 1/2). In all cases a
subsequence is randomly selected and, depending on a drown variant, it is: (a)
divided into two shorter subsequences, (b) joined together with its preceding subsequence, (c) made shorter or longer by shifting its initial point. New cut point
in (a) and (c) is placed in a position randomly chosen from the corresponding
set of feasible points, i.e. the points for which the resulting subsequences satisfy
the length constraints. Similarly, the union in (b) is accepted if the resulting
subsequence is not too long.
l
The optimization results in obtaining a good decomposition Dopt
. We can use
l
l
l
l
it to transform each sequence Xi to a string of labels X̃i = {ei1 , ei2 , . . . , eli,ki },
where elik ǫE l = {αl1 , αl2 , . . . , αlml }, αlk denotes the label assigned to the cluster
l
Ckl , and elik is a label of the cluster the subsequence slik (Dopt
) belongs to. Let us
1
denote by X̃i the string representation of Xi , i.e. X̃i = {X̃i , X̃i2 , . . . , X̃iN } and,
consequently, by S̃ the counterpart of S.
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Subunit–based recognition

Let us assume that a word to be classified is represented by a sequence Y =
{y(1), y(2), . . . , y(Ty )}. The feature vectors y(.) have the same structure as x(.)
and therefore the sequences Y l = {y l (1), y l (2), . . . , y l (Ty )}, where lǫN , will be
considered separately. Two problems have to be solved. The first problem consists
in finding an appropriate string representation of Y l , i.e. Ỹ l = {ely1 , ely2 , . . . , ely,kl },
y

where elik ǫE l and, consequently, the string representation Ỹ of Y . The second
problem is to find N N (Ỹ ) – the nearest neighbor of Ỹ in the set S̃. Then the
unknown word is assigned to the class which N N (Ỹ ) belongs to.
The string representation can be found by solving an optimization problem
with respect to cut points of Y l for each lǫN . Let Dyl = [tly1 , tly2 , . . . , tly,kl −1 ]
y
characterizes a decomposition. As opposed to the previous optimization, now the
Pkyl
criterion to be minimized is J(Dyl ) = k=1
dDT W (k), where dDT W (k) denotes
the DTW distance between the k-th subsequence sly,k (Dyl ) of Y l and its nearest
l
). The optimization task can be solved
neighbor N N (sly,k (Dyl )) in the set S ′l (Dopt
l
by CLONALG. Then eljk is a label of the cluster the N N (sly,k (Dy,opt
)) belongs
to. The procedure is repeated for each lǫN . The second problem is also an
optimization task. Here the so called edit distance [6] is used as a measure of the
difference between two strings. The method resembles DTW. It uses dynamic
programming to find a minimum number of operations (insert, delete, replace)
required to transform one string into the other. Let us denote by dli the edit
distance dED (Ỹ l , X̃il ) between the string Ỹ l and a string X̃il . The similarity
PN
measure between the sequence Y and a sequence Xi is the sum di = l=1 wl dli ,
where wl denotes a weight assigned to the l-th component of the feature vector.

In particular, all the weights are equal to one. The sequence Y becomes assigned
to the class Xj belongs to, where j = arg miniǫI (di ).
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Experiments

In this section we present the results of experiments based on real sequences
obtained for signed Polish words. The sequences represent 100 words which can
be used at the doctor’s and in the post office. Each word is characterized by
a vector of 14 features mentioned in section 2.1. We used a data set consisting of sequences of feature vectors for 40 realizations of each of the 100 words.
Gestures have been performed by two signers. One person is a PSL teacher,
the other has learnt PSL for purposes of this research. Each signer repeated
each word 20 times. The data have been registered with the rate 25 frames/s.
To perform cross–validation we divided the data set into four disjoint subsets.
Each subset consisted of data corresponding to 10 repetitions of each word (5
repetitions performed by each signer). We performed four experiments using
three subsets as the training set S and the remaining subset as the test set.
The experiments have been labeled with A, . . . , D. In each experiment the data
in S were used to extract the subsequences as described in section 2 and the
remaining elements were classified by the method described in section 3. Sample results of recognition are given in table 1. Subunits for each feature were
extracted independently (N = 14), thus 14 symbolic transcriptions were assigned to each word in S. Parameters used by immune algorithm were as follows:
B = h = 10; c = 5; b = 2; M = 2; gen = 5; Lmin = 4; Lmax = 8. We solved the
optimization task for ml = 10 clusters. Exemplary subsequences, obtained for
the horizontal placement of the right hand center, extracted from words in the
training set, with related symbolic transcriptions are shown in fig. 1. Automatically determined subsequences’ boundaries are marked with crosses. Resulting
symbolic transcriptions based on ten subunits are given in brackets. Immune
algorithm for creating symbolic transcriptions of the sequences from the test set
used identical parameters as those for extracting subunits. Table 1. shows the
recognition rates. Results are quite promising and comparable with the results
we obtained on the same dataset using heuristic definitions of visually-oriented
subunits and related parallel hidden Markov models [18].
Table 1. Results of the cross–validation test. Recognition rate in %. Because of randomness of the optimization algorithms each test was repeated ten times.

Minimum
Maximum
Mean
StDev

A

B

C

D

82,0
85,7
84,2
1,6

92,4
94,2
93,0
0,7

91,8
95,2
93,0
1,3

89,4
92,1
90,3
1,0

Cross–validation mean

90,1

2

2

0

0

0

−1

−2

−2
0

10
20
[9 6 5 0 4 4 4]

30

0

2

2

0

0

−2

−2

20
40
[6 6 9 7 7 7 7 7 7]

−2

0

10
20
[2 6 9 9 9 9]

30

0

10
20
[2 0 4 9 4 8 8]

30

4
2

0

10
[9 9 5 4 4]

20

0
0

10
20
[6 5 4 6 2 2]

30

−2

Fig. 1. Sequences representing six chosen words from a training set (from left to right,
from top to bottom: pharmacy, audiogram, angina, ambulance, parcel, man)
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Conclusions

Large-vocabulary systems of sign language recognition require the modeling of
signed expressions in smaller units than words. However, an additional knowledge of how to break down signs into subunits is needed. In vision-based systems
the subunits are related to visual information. As linguistic knowledge about the
useful partition of signs in regard of sign recognition is not available, the construction of an accordant partition is based on a data–driven process when signs
are divided into segments that have no semantic meaning – then similar segments
are grouped and labeled as a subunit. In this paper we propose a new approach to
determining the subunits. Subunits’ boundaries are considered as decision variables in a multiobjective optimization problem. We use two objective functions,
entropy and the Dunn index, as measures of cluster quality. These functions
are optimized simultaneously. The method has been successfully verified using a
database of 100 Polish words, but there remain some open questions concerning
eg. the number of clusters, cluster validity indices, optimization methods etc. We
will consider these issues in future research. A next step will be related to more
advanced experimentation including recognition words and sentences of PSL. Interesting questions concern the choice of features and assignment of the features
to groups during definition of subunits (section 2.1), as well as dependence of
new words recognition on signer and size of training sets.
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