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Abstract—: In this review paper, we analyse the basic 
components of sign language and examine several techniques 
which are helpful to design a large vocabulary recognition 
system for a sign language. The main focus of this research is 
to highlight the significance of unaddressed issues, their 
associated challenges and possible solutions over a wide 
technology spectrum. 
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I.  INTRODUCTION  
Sign language (SL) is a subset of gestural communication 

used in deaf-muted community, in which postures and 
gestures have assigned meanings with a proper grammar. 
Like any other verbal language, its discourse comprises of 
well structured rendering and reception of non-verbal signals 
according to the context rules of the complex grammar. 
Postures are the basic units of a sign language, and when 
collected together over a time axis and arranged according to 
the grammar rules, they reflect a concrete meaning. 
According to Rung-Hui et al [1], a posture is a static 
gesticulation of an articulator (hand, eyes, lips, body) while a 
gesture is a sequence of postures having defined meaning in 
a particular SL.  For example, finger spelling in any sign 
language is communicated by making postures (static signs) 
for each letter (“a”, “b”, “c” etc) but in the case of continuous 
discourse, most signs comprise of gestures (dynamic signs). 
Apart from the temporal classification of signs, they can also 
be categorized according to their major articulators. Manual 
signs are performed using hands while non-manual signs 
(NMS) mainly include facial expressions, body movement 
and torso orientation. Although manual signs constitute a 
large proportion of sign language vocabulary, NMS also own 
a significant share to convey the whole context. Hence it 
differs from a spoken language in a way that a spoken 
language structure uses the words in a sequential manner but 
the SL structure allows manual and non-manual components 
to be performed in parallel. Another unique feature of SL 
over any spoken language is its capability to convey multiple 
ideas at a single instant of time. For example a signer can tell 
about an incoming person with the help of his left hand while 
his right hand can be used in parallel to report the sitting 
people [NZSL course Book]. Therefore an ideal SL 

recognition system not only requires simultaneous 
observation of manual and NMS but it also needs to 
understand the situations shown by individual articulators 
(multi-modal approach). In the following sections, we briefly 
discuss not only the existing techniques but some of the 
modern methods will also be explored. In the concluding 
section, we will propose some possible solutions on the basis 
of critical analysis of existing systems. 

II. CURRENT APPROACHES 
With a rapid growth of research in gesture recognition, 

new areas are being addressed in all stages of SL i.e. 
analysis, recognition, translation and synthesis. Ong and 
Ranganath [2] discussed some of the important issues related 
to automatic recognition of SL, rendered with both manual 
and NMS. Most of the existing recognition systems work 
with sequentially performed manual actions, due to their 
excessive use in gesticulation and ease of system 
development.  

A. Non-Imaging methods and their challenges 
In a non-image method, there is no image processing 

involved. All detection and recognition is performed on a set 
of data incoming to a processor unit from multiple sensor 
streams. All information related to signing articulators is 
captured by sensors or trackers. Sensors are worn by the 
signer and they may include displacement sensors, positional 
sensors or trackers. When a signer performs signing, 
articulator’s data is captured on a specific rate and fed to the 
recognition stage. Unlike vision based methods, these 
schemes are efficient and robust due to smaller vocabulary 
set. On the other hand, they severely affect the user 
independence due to a dense mesh of installed sensors. 

In the following discussion of a few non-imaging 
methods, we will highlight their important aspects. 

 

1) Embedded sensors based gloves 
Linguistic research in sign language has revealed that 

manual signs mainly consist of four major components: 
posture, position, orientation and motion [3]. A DataGlove 
[4], with multiple electronic sensors (installed on the finger 
joints, wrist and palm) is shown in Fig. 1 [7, 8], which feeds 
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these measurements in real time to a processing unit [2, 5]. 
The processing unit compares the set of static sign samples 
with existing templates and generates output.  

Static signs are easy to incorporate due to their defined 
boundaries but in the case of continuous signing, a 2D 
motion trajectory is formed and matched with an existing 
template or a learnt model. Most of these researches involve 
recognition of a small set of words, mainly static postures or 
finger spellings. In another approach, a glove fitted with 7 
sensors is used for sign detection [6]. Out of 7 sensors, 5 
were dedicated for finger joints and 2 for tilting and rotation 
of hand. Each sensor returns a discrete value from 0 to 4095, 
where 0 indicates fully open and 4095 for the fully bent state. 
The sample rate was 4 Hz and the minimum sign hold 
duration was 750 mSec.  

The proposed design was restricted to only hand static 
postures and there were two extra punctuations (for word 
spacing and full stop) which are not available in the sign 
language. 

The performance and effectiveness of these methods is 
heavily dependent on the sensor density; for example, more 
sensors can be added to measure the elbow bends. Rung Hui 
et al [1], proposed a more sophisticated embedded sensor 
based solution for continuous signing in real time situations. 
A more complex hand glove, with 10 finger sensors for one 
hand along with a 3D tracker for orientation, is used for 
detecting continuous hand gestures by their motion 
trajectories. In this method, the motion trajectory of a gesture 
is divided into 10 vectors whose relative cosines, turning 
points and orientations are matched with stored templates.  
Use of accelerometers is a great idea for providing 
complementary information about the hand/wrist rotation 
and orientation [7]. Use of more sensors in a single design 
may increase the burden on the processor but the proposed 
accelerometers work in a master-slave topology with 
increased local computation and reduced load on the central 
processor.  

Wearable sensor based methods are suitable for smaller 
vocabulary recognition systems for static signs but they 
incurs an unavoidable burden of system’s weight and 
interfaces which may affect the natural way of signing. 

 

 

Figure 1.  DataG'oves 

2) Laser based method 
Perrin [8] proposed a low cost and short vocabulary 

single laser-based gesture recognition system in which a 
laser beam is transmitted and the amount of reflected energy 
is correlated with a reference signal to measure the 

displacement from the point of contact. Electronically 
controlled micro mirrors are installed to direct the maximum 
amount of reflected energy towards the receiver. In other 
words, these mirrors align themselves in the direction of 
signing hand. The current hand position is extrapolated using 
the velocity information and the current state of the micro-
mirrors from the previous known states. In continuous 
signing, the 2D hand position is estimated with the help of 
the mirror’s direction while the depth information is 
calculated through the approximation of displacement. For 
recognition, these positional parameters are matched with 
existing templates or fed to other classifiers. This scheme 
doesn’t need any sensor to be worn and is suitable 
exclusively for those manual signs whose meanings are 
mainly reflected by hand or arm motion and velocity, not by 
finger flexion or orientation.  

3) Integration of Non-Manual Signs (NMS) 
Non manual signs (NMS) are those visual signals which 

are not conducted by hand or arms but they are shown by 
facial expressions and body movements.  

They are an important asset of any sign language hence a 
complete sign language system must have provision to 
recognize NMS in parallel with manual signs.  

Fig. 2 best describes the importance of NMS in which the 
left three images show a gestural sign for an American Sign 
Language (ASL) verb “Clean” is being performed only by 
hands. In next three images, the signer horizontally sweeps 
her head repetitively while performing the same action 
(“Clean”) and due to this non-manual movement, this is now 
translated as “Very Clean”. Similarly some NMS may 
include negligible facial expression but they may result in a 
major difference in context understanding.  

 

 

Figure 2.  Sign for "Clean"  and "Very clean" 

 

 

Figure 3.  Facial expressions 

For example, an ASL sign for “You Study Very Hard” is 
shown in Fig. 3 but if the recognizing person or system is 
unable to notice the NMS (Facial expression of signer), they 
may take this sign as “You Study”. Many researchers are 
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trying to incorporate these NMS for a complete recognition 
system. For example some muscular movement based NMS 
(smile, disgust, and fear) and head movement can be detected 
by installing sophisticated sensors in a cap or eye glasses [9, 
10]. 

Embedded sensor based gloves (DataGloves) are quite 
efficient for the detection and recognition of static signs of a 
short vocabulary language but they severely affect the 
natural way of signing by imposing the cumbersome 
electronics to be worn. Moreover these arrangements are not 
suitable to incorporate the non-manual movements of facial 
articulators (eyes, eye-brows etc). The same is true for laser 
based tracking methods. 

B. Vision based methods and their challenges 
In order to increase signer independence, researchers 

have started to think of vision based methods for 
interpretation, in which a signer needs to perform in front of 
a camera and software then interprets and translates to other 
spoken languages. This arrangement is termed as the second 
person view. Some other researchers have worked on a first 
person view [10], in which, the signer needs to wear the 
camera (in their hat, or eye glasses) covering the person’s 
natural signing space. The camera arrangements and images 
can be seen in Fig. 4 [13]. We will mainly focussing on 
second person view. 

1) Skin colour based method 
Akmeliawati et al [11] proposed a short vocabulary SL 

interpreting system which recognises manual signs. Hands 
are detected using their natural skin colours along with 
various other features (position, velocity etc) and matched 
with an existing set of templates. Other important methods of 
recognition include hidden Markov model (HMM) [9, 12, 
13] and artificial neural network (ANN) classifiers [14]. Alvi 
et al [5] use a stochastic language model for sentence 
formulation by rearranging individually recognized static 
signs. Davis and Shah [15] use Finite State machine to 
recognise a smaller set of dynamic gestures.  Skin colour 
detection systems are severely affected by varying 
illumination, complex background, the signer’s ethnicity 
(skin colour), and articulator occlusion. To eliminate the 
lighting problem, instead of RGB, fixed threshold ranges for 
Cb and Cr (YCbCr space) were utilized in a controlled 
environment [6].  

This system may seem suitable for laboratory 
experimentation due to tightly controlled lighting but it will 
result in a large error rate if installed at public places like 
hospitals, courts and shops. 

2) Coloured gloves method  
To avoid the false positives in skin colour recognition, 

colour coded gloves were introduced. There were different 
colours on different parts of gesticulated hand (palm, fingers 
and back) [16] so that each part can be identified 
independently. These sorts of schemes, although they restrict 
signer’s independence, are more robust as compared to skin 
colour based methods. 

 
Figure 4.  Hat mounted camera 

3) Occlusion 
Irrespective of skin colour or coloured gloves, occlusion 

in hand gesticulation is a normal phenomenon in which 
articulated parts (hands, face, and body) combine to form a 
posture. 

 It also requires a recognition system to keep track of 
articulators even when they are occluded (one hand with or 
behind the other hand, or face). In case of inter-hand 
occlusion, instead of individual hand detection, classical skin 
colour based approaches yield a single larger blob. To solve 
this problem, Qiang et al [17] developed an adaptive skin 
model which classifies the targeted skin pixels out of a larger 
set of skin similar pixels. Skin similar pixels are those pixels 
which can belong to a wide range of skin colours. In an input 
image, true skin colour is detected by Gaussian modelling. 
Two separable Gaussians model both the classes with the 
prominent Gaussian for skin pixels and the weaker one for 
false skin pixels in skin similar space. In another approach, 
2D Hand Shape Model  [18], a Shape Transition Network 
(STN) is composed of 2D hand models interconnected by 
links which represent the transition from one shape to other. 

A simple STN is shown in Fig. 5. In case of occlusion, 
the hand gesticulation is predicted by the previous hand 
positions and the transitions (learnt in the training stage). In 
training, either different signers sign in front of the system or 
annotated sign language databases [3] are used. These video 
databases contain a number of sign language sentences with 
different signers, lighting conditions and backgrounds. These 
benchmarks are recorded and annotated for training, 
development and testing of SL recognition systems. 

 

Figure 5.  Shape transition network 

4) Lack of depth information 
Apart from occlusion, some manual signs (e.g. ”Ask”) 

involve the hands motion towards the observer which 
requires depth information to be incorporated. Similarly 
temporal information (i.e. past, future) of a sign can also be 
incorporated by performing it in spatially different location. 
This is a very challenging situation especially for vision 
systems because 2D images are unable to present 3D scenes.  
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5) Stereo vision 
To overcome this issue, a stereo-vision based method 

was devised to incorporate depth information associated with 
a sign. Stereo imaging uses multiple images of the same 
scene taken from different camera locations. Disparity is 
defined as the relative movement of an object between two 
or more views, with the disparity being a function of depth. 
A dense disparity map is computed between both acquired 
images by applying an affine transform on corresponding 
points in images [19]. Objects closer to the camera have a 
greater disparity of movement between two images, and this 
is used to calculate the distance to the objects [20]. If same 
techniques are applied in a SL recognition system, a large 
number of signs can be recognized by analyzing the 3D 
trajectory instead of 2D. Because of computationally 
expensive nature of stereo vision, the direction of research 
has shifted to alternative range finding methods.  

6) Time of flight camera 
Latest technological development has resulted in the 

advent of the state-of-the-art Time of Flight (ToF) cameras 
[21] which can acquire not only intensity image but also a 
depth image of the scene with precision of a few millimetres. 
Currently a few ToF camera based solutions are proposed 
which accurately spot the movement and orientation of 
articulators in 3D [22, 23]. Although a ToF camera can 
produce intensity image, it normally has low lateral 
resolution which is unsuitable for processing fine details. 

Vision based methods have the added potential of 
incorporating NMS along with the hand gesticulations due to 
on-going research on visual gesture recognition.  Although 
many researchers work on the recognition of facial 
expressions and head movement classification, very few 
have focussed on the integration of NMS with existing sign 
language interpreting systems [2].  The main challenge is due 
to the lack of local information to capture NMS along with 
hand/fingers flexion. With a standard VGA resolution, we 
can detect global movement (hand, arm, head and body) but 
detection of local movements (eye, eyebrow, forehead 
muscles) and finger gesticulations using lower local 
resolution may lead to undesired results. A possible solution 
is to use a higher resolution camera. 

 

Figure 6.  Intensity image and depth image 

7) Foveal vision 
Gesture recognition in a higher resolution image takes 

more computational time and result in a noticeable drop in 
video frame rate. The situation becomes worse when 
complex recognition or iterative learning algorithms are 
implemented. To cope with this situation, a biologically 
inspired foveal vision [24] technique can be adapted. In this 
technique, an image is sub-sampled around a fixation point 

in such a way that resolution decreased for the area away 
from the fixation point. At one or more fixation points, 
image resolution is sufficiently high to detect minor NMS 
related to facial components and expression (eyes, mouth, 
cheeks and forehead) [25]. These techniques have been 
successfully deployed in face recognition and facial 
expressions and have potential to work with SL recognition. 

C. Grammar Models 
In a SL, continuous signs are detected and re-arranged in 

an appropriate order for a discreet context. Grammar models 
are very important referential models for complete syntax 
and semantics of a formulated sentence. 

1) Dynamic gestures 
In the real world, all signers sign in a natural and 

continuous way with a specific signing frequency and 
transition delay. Most of the existing systems work fine with 
static postures but due to insufficient training, their error-
rates are higher for dynamic gestures. Dynamic signs can be 
sub-divided into a set of basic movements which can be 
analysed in higher recognition layers with the support of a 
powerful grammar model or Markov chain [26].  Due to 
division of a gesture into basic units, it is possible to 
represent a huge range of sign gestures. Another advantage 
of this scheme is that some undetected or erroneous units can 
simply be skipped. However the requirement of a powerful 
grammar model will result in a computationally expensive 
solution. 

2) Pointing gestures 
Current recognition systems are unable to understand 

pointing gestures (deictic and anaphora). These are important 
signs (called classifiers) used in, for example, telling a story 
or to refer to a person, object or place which is available or 
absent from signing space [2]. In order to incorporate the 
signals, an intelligent grammar model needs to be applied in 
algorithms that can differentiate these classifiers from other 
manual signs. 

III. SUMMARY AND CONCLUSION 
The study of sign language recognition uncovers the 

importance of a complete system that can interpret a large 
vocabulary of manual and non-manual signs. Existing 
techniques mainly focus on the detection of only static 
manual postures (without NMS) or those dynamic gestures 
which do not involve any motion in the third dimension. The 
advent of ToF range camera can be beneficial to aid the 
practical development of such a system but because of its 
lower resolution intensity images, fine details of signers are 
unavailable e.g. the camera can detect a moving hand in 3D 
but local details of NMS (eye-movements, eyebrows etc)  are 
not captured with high resolution. 

A number of other hybrid schemes may be used to 
augment the existing systems e.g. a few simple embedded 
sensors can be used with vision based approaches which can 
aid the system to spot the articulators in a complex or 
cluttered background. Similarly a combination of 3D 
arrangement and a powerful grammar model can 
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significantly augment the vocabulary of SL recognition 
systems. With such systems, a signer can express himself 
with more freedom of discourse and with fewer restrictions. 
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