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ABSTRACT
In this paper, a sparse coding based framework is proposed for
sign language recognition (SLR), especially for the signer-
independent case. To deal with the inter-signer variation, a
dictionary capturing the common features among different
signers is learnt by considering the semantic constraint. Thus
for a given sign from an unknown signer, the sparse repre-
sentation, which maintains more information of this specific
sign class while neglecting the identity information as much
as possible, can be generated. In our implementation, each
sign is partitioned into a fixed number of fragments and the
features fusing hand shape and moving trajectory are extract-
ed from the fragments. The dictionary learnt from the training
fragments can be taken as the basic subunits of signs and each
fragment of sign video can be coded by these basis vectors.
Finally, the recognition result is achieved through SVM with
the concatenated sparse coding features of the fragments. The
experiments and comparisons show that our method is more
effective for the signer-independent recognition problem than
other baseline methods. At the same time, it also performs
well for the signer-dependent case.

Index Terms— Sparse coding, dictionary learning, sign
language recognition, signer-independent, semantic con-
straint

1. INTRODUCTION

Although the research in sign language recognition has been
somewhat successful, most of the previous work focused on
the signer-dependent situation. In real life, many inter-signer
variations appear in the signing procedure, mainly existing in
different hand shapes and movements. Unfortunately, when
confronted with this kind of variations, the performance of the
traditional signer-dependent SLR system will decrease dra-
matically. So currently, one of the big challenges in SLR is
the signer-independent problem.

For signer-independent SLR, the existing methods can
be broadly classified into two categories. One is to extract
the feature or use the recognition system which is robust to

Fig. 1. Framework of our proposed SLR method.

different signers[1, 2]. Zieren and Kraiss[1] used the fea-
tures normalized for signer-independence and realized the
classification in a HMM framework. The other category for
signer-independent recognition is using the new signer’s data
to adapt the generalized model[3–6]. Borrowing from speech
recognition, Agris et al.[3] used Maximum Likelihood Linear
Regression(MLLR) and Maximum A Posteriori(MAP) for
signer adaptation. Farhadi et al.[4] introduced transfer learn-
ing to signer-independent sign language recognition. They
proposed a comparative feature and obtained recognition rate
of 64.2% on a new signer with 90 signs.

As a sequential problem, currently, the most widely
used model in sign language recognition is HMM or its
variations[6–9]. There are also some other models for SLR,
such as DTW[10], sequential pattern trees[11, 12], trajec-
tory matching[13] and CRF[2]. In this paper, we propose
a new framework for signer-independent SLR based on s-
parse coding and SVM. Sparse coding has been used in many
areas of computer vision such as image classification [14],
action recognition[15] and signal classification[16]. Many
researchers extended conventional sparse coding for differ-
ent scenarios. Yang et al. [17] modeled sparse coding as
a sparsity-constrained robust regression problem. Zheng et
al.[18] added Laplacian regularization to sparse coding.



Fig. 2. Example of the sign Citizen performed by two differ-
ent persons, and its standard illustration figure.

To address the signer-independent problem, a sparse cod-
ing based framework is proposed as shown in Fig.1. By con-
sidering the semantics consistence, the common feature is
learnt in a fragment level for the effective sign representa-
tion while regardless of the inter-signer variation. Thus the
signer-independent codings for the same vocabulary can be
generated for robust representation.

The contribution of our work mainly lies in three folds.
First of all, a fragment-based feature is designed to character-
ize the subunits of signs. Secondly, the semantics constrained
dictionary learning is proposed to discover the typical com-
mon feature. Thirdly, a new sparse coding based framework
to tackle signer-independent SLR. To our knowledge, sparse
coding is introduced into SLR arera for the first time.

The rest of this paper is organized as follows. Section 2
is the basic idea and formulation of our method. Section 3
is the detailed implementation of the proposed SLR method.
Section 4 shows the experimental results to prove the effec-
tiveness of our method. Finally, section 5 is the conclusion.

2. BASIC IDEA AND FORMULATION

In this section, we will first give the overview of the proposed
SLR framework, and followed by the mathematical formula-
tion.

2.1. Basic Idea

In real life, the inter-signer variation usually appears in the
forms of different motion trajectories and different hand
shapes. An example of the same sign performed by different
signers is shown in Fig.2. So the features directly extracted
from the sign videos of different signers will have big diver-
sity and lead to the wrong classification. The basic idea of
our method is to get common features which are robust to
different signers. In other words, we want to get the robust
feature representation, which only relates to the class of the
sign, while being irrelevant to the signer. Therefore, a sparse

coding based framework is proposed to tackle SLR, which is
capable of handling inter-signer variation by considering on
the semantic constraint in dictionary learning stage.

As shown in Fig.1,in our method, first of all, each sign
sequence from both training data and the probe is partitioned
into multiple fragments equally and the fused feature is ex-
tracted accordingly. With the fragment-based feature of train-
ing data, a semantics constrained dictionary is learnt.The dic-
tionary can capture the common feature of all the fragments
from different signers and it can be seen as the standard ba-
sis vectors for sign fragments representation. With this learnt
dictionary, any probe sign can be represented by concatenat-
ing the sparse coding coefficients of its multiple fragments.
Finally, a linear SVM is used for sign classification.

2.2. Formulation

Suppose we have the gallery data X = [x1, ..., xn] ∈ Rm×n,
which is composed of n data points and each column xi is m-
dimensional feature vector extracted from a sign. Note that
all samples of the same sign might come from different sign-
ers. B = [b1, ...,bk] ∈ Rm×k is a dictionary matrix learnt
from X and each column of B is a basis vector. Given a
probe feature xp, it can be recovered from the dictionary B as
xp = Bsp+ ε , where sp ∈ Rk is the reconstructed coefficient
vector, ε is the residual term. So a sparse representation sp of
probe feature xp is gotten with the dictionary B.

In the traditional sparse coding framework, the dictionary
B can be learnt by optimizing:

min
B,S
‖X −BS‖2F + λ

n∑
i=1

|si|1

s.t.‖bd‖2 ≤ c, d = 1, ..., k ,

(1)

where S = [s1, ..., sn] ∈ Rk×n is the coding matrix of gallery
data X , regularization parameter λ could control sparsity
so that only a sparse number of elements in S is nonzero.
‖bi‖2 ≤ c is a norm constraint for basis vectors and c is a
constant value.

In our method, the target is to learn a dictionary that could
capture the common feature of the signs so that the codings
represented by this dictionary are insensitive to inter-signer
variation. Therefore, we assume that the codings of the fea-
tures with same semantics performed by different signers
should be similar. Based on this assumption, a graph G is
constructed and each coding si is a vertices of graph G. The
weight Wij of the edges between si and sj in graph G is
either 0 or 1. If si and sj correspond to the same semantics,
Wij = 1 , otherwise, Wij = 0. The detailed explanation of
semantic constraint is given in Section 3.2.

So our semantic constraint regularization can be defined
as

∑
i,j (s

i − sj)2Wij , which characterizes how similar the
fragments with same semantics are. So the dictionary that



captures the intrinsic feature of the signs could learnt by in-
corporating semantic constraint regularization to convention-
al sparse coding objection function:

min
B,S
‖X −BS‖2F + γ

∑
i,j

(si − sj)2Wij + λ

n∑
i=1

|si|1

s.t.‖bd‖2 ≤ c, d = 1, ..., k

(2)

where γ ≥ 0 is a tunable parameter for semantic constraint
regularization.

Define a diagonal weight matrixD andDii =
∑n

j=1Wij .
L = D−W is the Laplacian matrix. Referring to [19], it can
be proved that 1

2

∑
i,j (s

i − sj)2Wij = tr(SLST ). Then (2)
can be written as:

min
B,S
‖X −BS‖2F + γtr(SLST ) + λ

n∑
i=1

|si|1

s.t.‖bd‖2 ≤ c, d = 1, ..., k.

(3)

Expression (3) is not convex in B and S together but it
can be solved by alternatingly optimizing with respect to B
and S while fixing the other one. This optimization is similar
with that in [18]. Because of the limitation of paper length,
detailed optimization algorithm is omitted.

3. IMPLEMENTATION

3.1. Fragment based Feature

Intrinsically, sign language can be regarded as a temporal en-
semble of some action subunits. Inspired from this point, a
fragment based feature is proposed to characterize the approx-
imate subunits.

First of all, a sign is partitioned into N fragments equally.
For each fragment, trajectory feature and hand shape feature
are extracted respectively, and then fused into a whole feature
vector.

Kinect is taken as the capture device in our work, and the
3D coordinates of 5 skeleton joints (left hand, right hand, left
elbow, right elbow and head) provided by Kinect are used for
trajectory representation. There are two steps in the trajectory
feature extraction: normalization and resampling, as illustrat-
ed in Fig.3. For visualization, the 3D coordinates are project-
ed to x − y plane. In the normalization step, all the points
are normalized using head point as reference. The points of
four joints in the fragment could form four trajectories. Then
resampling is performed along each trajectory by equidistan-
t linear interpolation. Finally, we get L equally distributed
points in each trajectory. In our implementation, L = 10, and
the dimension of the trajectory feature for each fragment is
120 (4×10×3).

The hands in each frame can be well segmented with the
adaptive skin color model and the depth constraint. HOG[20]
feature is extracted from the segmented hand and the dimen-
sion of HOG is reduced from 324 to 51 by PCA technique. In

Fig. 3. Fragment-based trajectory feature extraction.

each fragment, only one typical frame is selected to describe
the appearance of the hand, which is most similar to the aver-
age of all the hand regions in the fragment.

Finallya 171 dimensional vector is generated to describe
each fragment by concatenating the trajectory and hand shape
feature.

3.2. Semantics Constrained Dictionary Learning

To get a completed dictionary, a large training set is used,
which can be denoted as Xtr = {X1, X2, ..., Xn}, where n
is the total number of training samples. Each sign sample is
Xi = {x1

i , x2i , ..., xN
i }, where N is the fragment number for

each sign. Thus totally N × n fragments are collected for
training the dictionary B with our proposed semantics con-
strained dictionary learning method. For two fragments xij
and xp

q , if Xj and Xq correspond to the same sign and i = p,
then these two fragments have the same semantics. Further,
the semantic constraint means that the sparse codings of the
fragments with same semantic should be as consistent as pos-
sible. The final dictionary is generated by optimizing expres-
sion (3).

3.3. Sign Language Recognition

With the learnt dictionary B, each fragment of training data
xij can be coded as the coefficients sij . Then the sparse rep-
resentation of a sign is generated by concatenating the coeffi-
cients of the N fragments, i.e., Si = [s1i

T
, s1i

T
, ..., sNi

T
]T . In

our implementation, the training data for dictionary learning
is also used for classifier training with a linear SVM.

For a given probe sign Xp = {x1
p, x2p, ..., xNp }, the sparse

representation for each fragment can be gotten by optimizing
minsip{‖x

i
p −Bsip‖2 + λ|sip|1} , where i = 1...N , and B is

the pre-learnt dictionary. Thus the whole feature vector of the
probe sign can be represented by concatenating these codings.
With the input feature vector, the final recognition result can
be obtained by the trained SVM classifier.

4. EXPERIMENTS

In this section, we conduct experiments on two 3D sign
language datasets to evaluate the proposed method on both
signer-independent and signer-dependent SLR tasks. Below,



Table 1. Parameters evaluation on Dataset II.
Accuracy λ = 0.01 λ = 0.05 λ = 0.1 λ = 0.5
γ = 0.01 0.897 0.930 0.909 0.416
γ = 0.05 0.754 0.947 0.912 0.427
γ = 0.1 0.370 0.940 0.901 0.394

we first introduce two SL vocabulary datasets and the exper-
iment settings. Then the proposed method is evaluated with
comparisons to other baseline methods.

4.1. Datasets and experiment settings

To evaluate the performance of the proposed method, we col-
lect two 3D SL vocabulary datasets with Kinect. Dataset I
contains 1000 signs of standard Chinese Sign Language. The
data is performed by 7 deaf students and each signer per-
formed once. This dataset is used for the signer-independent
test. Dataset II with vocabulary size of 370 is performed by
one deaf student with five repetitions, which is designed for
the signer-dependent test. In sparse coding related methods,
the dictionary size is fixed to be 256. Based on our experi-
ence, the number of fragments N is fixed to 5.

4.2. Evaluation on Different parameters

In this section, we evaluate the effectiveness of parameter-
s γ and λ, which are semantic constraint regularizer param-
eter and sparsity parameter respectively. The experiment is
conducted on Dataset II (370 vocabularies) by leave-one-out
cross-validation, and the accuracy is the average recognition
rate of cross validation. All the experiments in the follow-
ing are conducted with leave one out cross-validation strate-
gy. The results with different parameter values are listed in
Table 1. It shows how the parameters affect the performance.
Since the best performance is obtained when γ = 0.05 and
λ = 0.05, the paraments are fixed as γ = 0.05 and λ = 0.05
in the following experiments.

4.3. Performance Evaluation and Comparisons

4.3.1. Baseline methods

We set HMM and Dynamic Time Warping (DTW) as our
baseline method because they are two classic models for
sign language recognition. The input of HMM is the dense
frame-based features composed by concatenating hand shape
feature and trajectory feature. HOG is extracted as hand shape
feature. In terms of the trajectory, we tried two different fea-
tures. One is the point-based coordinate feature, referred
as HMM(Point). Another is skeleton pairwise feature[21],
referred as HMM(Pair). The input data for DTW is same
as HMM(Pair). Besides HMM and DTW, the convention-
al sparse coding algorithm (SC) and Graph sparse coding
(GraphSC)[18] are also used as comparisons.

Table 2. Signer-independent SLR on Dataset I.
Group 1 2 3 4 5 6 7 Avg

HMM(Point) 0.55 0.50 0.51 0.55 0.54 0.65 0.49 0.54
HMM(Pair) 0.57 0.57 0.59 0.56 0.56 0.61 0.47 0.56

DTW 0.62 0.61 0.67 0.61 0.34 0.49 0.16 0.50
SC 0.58 0.53 0.49 0.65 0.41 0.64 0.49 0.53

GraphSC 0.63 0.62 0.50 0.64 0.50 0.69 0.53 0.59
Our Method 0.66 0.68 0.58 0.69 0.56 0.74 0.62 0.64

Table 3. Signer-dependent SLR on Dataset II.
Group 1 2 3 4 5 Avg

HMM(Point) 0.910 0.943 0.964 0.935 0.929 0.936
HMM(Pair) 0.924 0.945 0.951 0.948 0.913 0.936

DTW 0.927 0.935 0.973 0.940 0.875 0.930
SC 0.913 0.935 0.951 0.918 0.932 0.930

GraphSC 0.912 0.958 0.953 0.937 0.947 0.941
Our Method 0.935 0.967 0.959 0.935 0.940 0.947

4.3.2. Experiments on Signer-Independent SLR

To validate the effectiveness of the proposed method on
signer-independent SLR, we carried out the experiment on
Dataset I. Table 2 gives all the recognition accuracy cor-
responding to each group and also the average accuracy.
The results clearly show that our method outperforms oth-
ers significantly and the proposed framework is effective for
signer-independent SLR problem.

4.3.3. Experiments on Signer-Dependent SLR

This subsection gives the experiment on the signer-dependent
SLR conducted on Dataset II. The results are given in Table 3.
From this table, we can see that even for the signer-dependent

SLR test, our method can also have sightly advantage over
other methods.

5. CONCLUSION

In this paper we build a novel framework to introduce sparse
coding technique into sign language recognition for the first
time. A fragment-based feature including both trajectory and
hand shape information is designed to characterize the sub-
units of signs. On these fragment-based features, a dictio-
nary is learnt. To explore the common feature irrelevant to
different signers, a semantics constrained dictionary learning
algorithm is proposed. The experiments convincingly show
that our method outperforms many other methods on signer-
independent SLR and it also works well on signer-dependent
SLR.
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