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Abstract
This paper surveys recent research hotspots and domestic and international re-
search progress in sign language recognition, primarily covering: according to dif-
ferent input modalities, introducing representative domestic and international
works from both data glove-based and vision-based recognition approaches; sub-
sequently summarizing mainstream recognition methods in current research;
and based on analysis of the research status, identifying persistent challenges
in sign language recognition along with possible countermeasures. Furthermore,
this paper briefly introduces the progress of our research group in related re-
search work.
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Abstract: This paper reviews recent research hotspots and advances in sign
language recognition, covering representative domestic and international work
from two perspectives: data glove-based and vision-based approaches according
to different input modalities. On this basis, we summarize current mainstream
recognition methods. Through analysis of the research status, we identify re-
maining challenges in sign language recognition and possible countermeasures.
Additionally, we briefly introduce the progress of our research group in related
work.
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1 Introduction
With the rapid expansion of computer influence in modern society, high per-
formance, high intelligence, and high usability are widely recognized as the
main directions of current computational science development. Especially to-
day, with the rapid development of computing, communication, and display
technologies, traditional mouse-and-keyboard-based human-computer interac-
tion increasingly reveals its limitations. These limitations become particularly
evident before new display technologies such as virtual reality and wearable com-
puters, making research on multimodal human-computer interface technology
increasingly important in real life. The goal of multimodal human-computer
interface research is to master the core technologies for achieving high intelli-
gence and usability of computing devices, establishing a harmonious and natural
human-computer interaction environment that allows users to conveniently and
naturally use computers in ways familiar to humans. A crucial aspect of this
is enabling computers to accurately perceive different human information ex-
pression modalities, including natural language, gesture language, and facial
language, as well as information jointly conveyed through body gestures, head
movements, mouth shapes, expressions, and other body languages beyond spo-
ken and written natural language. While normal-hearing people primarily use
spoken and written language supplemented by gestures and expressions, sign
language plays an equally vital role in communication among deaf people, just
as spoken language does for hearing individuals.

Sign language is the most natural method for deaf people to exchange infor-
mation and communicate, and it serves as a tool for teaching and conveying
ideas in schools for the deaf. Sign language is a human body language that
expresses thoughts through hand shapes, arm movements, and is supplemented
by facial expressions, lip movements, and other body gestures. It possesses
standardized grammar, clear semantics, and a complete vocabulary system. As
an important branch of sign language, Chinese Sign Language (CSL) consists
of two categories: finger spelling and gesture signs. Finger spelling uses finger
trajectories to describe a Chinese pinyin letter and forms language according to
pinyin rules. Finger spelling has 30 basic units of finger letters, based on writ-
ten language, spelling out words by sequentially forming corresponding finger
letters to represent a sentence. Any word in Chinese vocabulary can be ex-
pressed in finger spelling form. Gesture signs primarily simulate object shapes
and movements, supplemented by postures and expressions. Gesture signs con-
stitute the main part of the language used by deaf people in daily life. Currently,
Chinese sign language textbooks include approximately 5,500 conventional ges-
tures, with each gesture corresponding to a Chinese word. Finger spelling and
gesture signs each have advantages and disadvantages. The advantage of finger
spelling is its simplicity and clarity, being completely consistent with pinyin,
allowing it to accurately express content spoken or written, including function
words, technical terms, and abstract vocabulary that are difficult to express
in gesture signs. Its disadvantage is the lack of intuitive and visual meaning,
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making it less comprehensible. The main advantages of gesture signs are their
vividness, agility, simplicity, and liveliness, making meanings immediately clear.
The disadvantage is that due to the large number of Chinese characters and
words, gestures cannot comprehensively and accurately express their meanings.
Therefore, deaf people in China currently primarily use gesture signs in commu-
nication, appropriately supplemented by finger spelling.

The goal of sign language recognition is to provide an effective and accurate
mechanism through computers to translate sign language into text or speech,
making communication between deaf and hearing people more convenient and
efficient. It has become one of the most important research topics in the human-
computer interface field, attracting increasing attention from experts and schol-
ars. Notably, many developed countries in Europe and America have dedicated
research funding for this area. With over 20 million deaf people in China, re-
search on sign language recognition will undoubtedly directly benefit this group
by providing a more natural and convenient way to communicate with hearing
people, helping them better integrate into society and positively contributing
to building a harmonious society with diverse care.

Sign language recognition research involves multiple disciplines including
robotics, spatial geometry, psychology, physiology, pattern recognition, proba-
bility statistics, and computational linguistics. It is also a typical case study in
pattern recognition, artificial intelligence, and natural language understanding.
From a theoretical and technical perspective, sign language recognition research
not only serves as a platform for practical application of cutting-edge tech-
nologies from various disciplines but also, in turn, drives development in these
research fields. Reproducing and recognizing sign language through computers
represents both a comprehensive test of computational power and knowledge
representation capabilities, and an exploration of the working mechanisms
of human physiological cognitive functions and pattern recognition abilities—
making it a highly challenging scientific research endeavor. Therefore, sign
language recognition research holds significant importance for socio-economic
development and scientific advancement [?][?]:

• Sign language recognition can help deaf people, especially those with lower
literacy levels, communicate with normal-hearing people using sign lan-
guage, which is particularly important in public service institutions such
as hotels, stations, and hospitals.

• From a cognitive science perspective, sign language research involves the
mechanisms of human visual language understanding, helping to improve
computers’ability to comprehend human language.

• Sign language research enables us to use gestures to control intelligent
agents in virtual reality, remotely operate multi-joint artificial arms, and
control household appliances such as televisions [?][?][?].

• Sign language research provides demonstration learning functions for
robots [?], while recognition can also provide correction functions for sign
language learners.
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• As an important component of multimodal human-computer interfaces,
sign language recognition can provide a completely new input method.

In summary, sign language recognition research possesses not only profound
theoretical value but also broad practical application prospects.

Research on simple gesture recognition began in the 1980s. Historically, G.J.
Grimes of AT&T obtained the “Digital Data Entry Glove Interface Device”
patent in 1983 [?]. The glove could recognize 72 one-handed letters, making him
the pioneer in gesture recognition research. Sign language recognition research
started later, beginning in the 1990s. In recent years, with the development of
multifunctional perception, intelligent human-computer interfaces, and virtual
reality research, sign language recognition has gained increasing international
attention. Universities, major companies, and research institutions worldwide
have joined the research effort, studying sign languages including at least Chi-
nese Sign Language, American Sign Language, Japanese Sign Language, Ko-
rean Sign Language, Irish Sign Language, British Sign Language, German Sign
Language, Arabic Sign Language, Turkish Sign Language, and Australian Sign
Language.

Currently, implemented sign language recognition systems are mainly divided
into sensor-based systems (such as data gloves + position trackers) and vision-
based systems according to different input modalities. Sensor-based recognition
systems use data gloves and position trackers to measure hand joint angle in-
formation, as well as hand trajectory and temporal information in space for
recognition. The advantage of this method is its ability to conveniently ob-
tain accurate hand shape, position, orientation, and motion trajectory informa-
tion, making it suitable for large-vocabulary sign language recognition with high
recognition rates. However, the disadvantage is that the system requires users
to wear complex data gloves and position trackers, causing inconvenience and af-
fecting the naturalness of human-computer interaction. Additionally, the input
devices are relatively expensive, making large-scale promotion somewhat diffi-
cult. Vision-based recognition methods use digital cameras to capture gesture
video/image information for subsequent recognition processing. This approach
provides better naturalness for human-computer interaction. The difficulty lies
in the fact that current computer vision technology still struggles to reliably
obtain sufficiently detailed gesture feature information from natural images. To
improve system robustness, some systems use gloves with color markers, finger-
tip markers, or gloves with highlighted joint markers as gesture input. Overall,
vision-based methods have relatively lower recognition rates and poorer real-
time performance, making them currently unsuitable for large-vocabulary sign
language recognition. Recently, some researchers have adopted hybrid recogni-
tion methods combining the two approaches [?][?], which serves as a feasible
temporary compromise.

Below, we first review representative domestic and international research work
on data glove-based sign language recognition and vision-based sign language
recognition, then summarize the main recognition methods, and subsequently
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identify the challenging problems that remain in sign language recognition re-
search along with possible countermeasures.

2.1.1 Data Glove-Based Sign Language Recognition

Data gloves can accurately capture hand shape, position, orientation, and mo-
tion trajectory information for sign language, making them suitable for large-
vocabulary sign language recognition with high recognition rates. Currently,
data gloves used in research mainly include: the VPL Data Glove developed by
Thomas Zimmerman in 1985 [?], the low-cost PowerGlove developed by toy man-
ufacturer Mattel in 1989 [?], and the CyberGlove developed by James Kramer
[?].

The VPL Data Glove collects data through fiber optic sensors located on the
back of fingers (two per finger). Finger bending causes the fibers to bend, re-
ducing the amount of transmitted light. Analog signals are sent to a processor
that determines finger bending degrees. The glove is equipped with hand shape
recognition software that maps joint configurations to commands. Hand po-
sition and orientation are measured by a Polhemus 3D position tracker. The
PowerGlove was developed under the influence of VPL. It measures each fin-
ger’s bending degree through damping inkjet sensors, resulting in measurement
inaccuracy. The PowerGlove provides 6-dimensional information about hand
orientation and position through ultrasonic sensors. After developing the Cy-
berGlove, Kramer created Virtual Technologies, specializing in the commercial
sale of CyberGlove data gloves. The CyberGlove has two types: 18-sensor and
22-sensor versions. The 18-sensor CyberGlove model includes two bending sen-
sors per finger, one abduction sensor, one sensor connecting the thumb and little
finger, and one sensor at the wrist, measuring hand and wrist angles during fin-
ger bending/extension, palm curvature, and wrist rotation. The sensor output
range is 8 bits (0-255). This data glove can output very accurate, high-quality
sensor data.

Data glove-based sign language recognition systems can be further divided into
finger spelling recognition, sign word recognition, and continuous sign language
recognition according to the recognition target.

Finger spelling, as a static gesture word, features easy recognition and is suitable
for trying new algorithms, making it a starting point for many early researchers.
Finger spelling recognition algorithms mainly include machine learning methods
such as ID3, NewID, C4.5, CN2, HCV, RIEVL [?], and neural network methods
such as Radial Basis Function (RBF) [?] and Min-Max fuzzy neural network
methods [?]. Representative work includes: Takahashi and Kishino from ATR
Laboratory in Japan [?] designed a VPL data glove-based system that could
recognize 34 of 46 user-dependent Japanese letters using joint angle and hand
orientation encoding techniques. The system integrated principal component
analysis and clustering analysis techniques. C. Lee and Y. Xu from Carnegie
Mellon University (CMU) [?] developed a finger spelling recognition system
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based on Hidden Markov Models (HMM). Using a CyberGlove data glove as
the input interface, the system performed online robot demonstration learning
—learning and recognition of new gestures. The system demonstrated credible
recognition of 14 gestures from American Sign Language letters using only one or
two examples per gesture, showing its potential as part of a robot teleoperation
and example-based planning interaction interface.

Unlike static finger spelling, sign word expression is a dynamic time series that
must consider its temporal characteristics in recognition and modeling. Repre-
sentative work includes: S.S. Fels and G.E. Hinton [?][?] used VPL data gloves
and Polhemus position trackers as input devices and neural networks as gesture
classifiers. Based on features including hand motion trajectory, hand shape,
hand movement direction, hand offset, and hand movement speed, they formed
five functional networks to recognize 203 sign words. J.L. Hernandez et al. [?]
used AcceleGlove to recognize 176 American Sign Language words. They di-
vided sign language into 42 hand shapes, 6 orientations, 11 positions, and 7
motion units, then used conditional template matching to synthesize probabili-
ties from these data, achieving a 95% recognition rate.

In continuous sign language recognition, representative work includes: R.H.
Liang and M. Ouhyoung [?] implemented a continuous Taiwanese Sign Lan-
guage recognition translator using Hidden Markov Models. The system tar-
geted basic vocabulary and practice sentences from Taiwanese Sign Language
textbooks, with a vocabulary size of 71-250, and sign language data was col-
lected using VPL data gloves. However, to detect boundaries between words,
sign language had to be performed slower than normal speed. H. Sagawa and M.
Takeuchi from Hitachi Laboratory in Japan [?] used changes in hand shape, ori-
entation, and position information to detect boundaries in continuous Japanese
Sign Language words, achieving approximately 83% recognition rate on 200
sign samples consisting of 10 sign language sentences. Recently, the system has
been extended and applied to establish Japanese Sign Language recognition in-
formation kiosks in government departments [?][?]. The system can recognize
268 Japanese Sign Language words and 52 types of sign language sentences,
enabling hearing-impaired people to easily search for various information and
services they need. Surveys indicate that most users highly approve of the sys-
tem. Gao Wen et al. [?][?][?] used dynamic programming methods to obtain
context-dependent models for recognizing continuous Chinese Sign Language.
The system used data gloves as input and stream-tied Hidden Markov Models
as the recognition method. It achieved 94.8% accuracy in recognizing 5,177 sign
language words and 91.4% accuracy in recognizing 200 sentences composed of
words from this vocabulary set.

2.1.2 Vision-Based Sign Language Recognition

Due to occlusion, projection, and lighting effects in 2D visual images, vision-
based methods struggle to accurately track finger bending information for each
finger. Consequently, vision-based sign language recognition research has fo-
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cused on small to medium vocabulary sizes. According to different recognition
targets, vision-based sign language recognition systems can be further divided
into gesture recognition, sign word recognition, and continuous sign language
recognition.

Compared with sign language recognition research, gesture recognition research
started earlier. Gestures encompass a very broad range. In some literature,
finger spelling and sign words are collectively referred to as gestures. Here, we
use“gesture”to refer to those gestures beyond standard sign language vocabulary
with clear definitions. Gesture recognition research primarily focuses on using
gestures for control. References [?][?] provide a relatively comprehensive review
of vision-based gesture recognition research history, which will not be repeated
here.

Unlike gestures, sign words are more structured gestures with precise meanings
in sign language dictionaries. However, algorithmic research for both is very
similar, as both involve recognizing time series problems. Representative work
includes: C. Charayaphan and A. Marble [?] used image processing methods
to understand 31 isolated gesture words in American Sign Language, correctly
recognizing 27 of them. Y. Cui [?][?] adopted multi-class high-dimensional dis-
criminant analysis to automatically select the most discriminative features for
sign language classification, implementing a visual sign language recognition sys-
tem that could recognize 28 American Sign Language words using a recursive
partitioning tree for sign classification, achieving a 93.2% recognition rate. M.H.
Yang et al. [?] used motion trajectories to extract and classify 2D motion from
image sequences, then used time-delay neural networks to recognize 40 Ameri-
can Sign Language gestures, achieving a 98.14% recognition rate. K. Grobel and
M. Assan from Germany [?] used Hidden Markov Model methods to recognize
262 isolated Dutch Sign Language words, achieving a 91.3% recognition rate.
The system was vision-based, requiring signers to wear colored gloves, then ex-
tracting 2D features from video. Dublin City University in Ireland conducted
research on Irish Sign Language recognition. A. Shamaie and A. Sutherland
[?] proposed a hierarchical sign language recognition algorithm that recognized
100 sign words with the help of solid-color gloves, achieving an 89.6% recogni-
tion rate. J.W. Deng and H.T. Tsui from the Chinese University of Hong Kong
[?] used a PCA/MDA (Multiple Discriminant Analysis, an extension of Linear
Discriminant Analysis) combination method to recognize 100 sign words. To
simplify gesture segmentation, the system used colored gloves. In reference [?],
they further studied the system, using parallel Hidden Markov Models to rec-
ognize 192 American Sign Language words. The method consisted of two steps:
first, using nine defined motion primitives to select candidate vocabulary with
similar motion and position; then, unifying three channels of information (left
hand motion, right hand motion, and right hand shape information) under the
parallel Hidden Markov Model framework to select the word with the highest
matching score from the candidate vocabulary in the first step.

In continuous sign language recognition, representative work includes: T.
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Starner et al. from MIT Media Laboratory [?] conducted research on American
continuous sign language recognition. They used feature vectors of hand shape,
orientation, and motion trajectory information as input to Hidden Markov
Models to recognize American Sign Language. To facilitate tracking, users
were required to wear colored gloves (yellow for the right hand, orange for
the left). Testing was conducted on short sentences randomly composed of 40
vocabulary words, with a system recognition rate of 91.3%, which increased
to 98% real-time recognition after adding certain grammatical constraints. B.
Bauer and H. Hienz [?] used a color camera as the input device and Hidden
Markov Models as the recognition method to recognize continuous German
Sign Language sentences composed of 97 vocabulary words, achieving a 91.7%
recognition rate. The system was further developed based on Grobel and
Assan’s system. Additionally, they used K-means clustering algorithms to
automatically acquire basic units in sign language, then used these primitives
for continuous sign language recognition [?]. Experiments on 12 different
gesture words obtained 10 primitives through clustering, achieving an 80.8%
recognition rate for continuous sign language using these primitives. In
reference [?], they experimented with a 100-sign vocabulary set composed of
150 primitives, achieving a 92.5% recognition rate. The method achieved an
81% recognition rate when recognizing 50 untrained sign vocabulary words.
C. Vogler and D. Metaxas [?] studied American Sign Language recognition,
using a position tracker and three mutually perpendicular cameras as gesture
input devices, employing computer vision methods to extract 3D parameters
of signers’arm movements, and using Hidden Markov Model recognition
technology to complete recognition of 53 isolated words and 486 continuous
American Sign Language sentences. In their experiments, they used basic
units of sign language rather than sign vocabulary [?]. Experimental results on
sentences composed of 22 words showed that this method’s recognition rate was
similar to traditional methods. Additionally, Vogler and Metaxas pointed out
that the challenging issue in sign language recognition is developing a scalable
recognition method for sign language vocabulary. They proposed using parallel
Hidden Markov Models [?] to solve this problem. In parallel Hidden Markov
Models, each data stream is processed independently, allowing each stream to
be trained independently without considering their combination. Research on
a 22-sign vocabulary set showed that this method could improve recognition
robustness.

Domestic research in this area is relatively limited, mainly including: Hangzhou
University studied preliminary recognition of finger spelling letters based on
vision; Harbin Institute of Technology Computer Science Department used edge
detection, neural networks, and other methods to implement a vision-based
gesture recognition system that could recognize 13 static gestures and a simple
vision-based continuous dynamic gesture recognition system [?], which did not
require users to wear any additional devices; Tsinghua University also conducted
extensive research on vision-based gesture recognition [?][?].

Additionally, some work has been conducted on viewpoint-independent
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recognition. Since images change when the viewpoint changes and viewpoint-
independent features are difficult to extract, most vision-based sign language
recognition research restricts the viewpoint between users and digital camera
equipment. Restricting viewpoint is not conducive to user experience or the
promotion of sign language recognition systems, making it necessary to research
viewpoint-independent sign language recognition technology. Among existing
sign language recognition technologies, three approaches can be attempted to
address viewpoint variation: first, 3D feature-based methods [?]—3D features
are independent of viewpoint and can achieve viewpoint-independent sign
language recognition, but reliably extracting 3D feature information of moving
hands through vision is not easy; second, carefully designed appearance-based
learning methods [?]—this approach has some feasibility for static finger spelling
but is difficult to apply to dynamic sign language; third, semantic feature-based
recognition methods [?]—from the perspective of semantic features themselves,
this approach can achieve viewpoint-independent sign language recognition,
but no good solution has been found for how to extract viewpoint-independent
semantic features from visual channels. There is still a long way to go to
achieve viewpoint-independent sign language recognition. Notably, in the field
of activity analysis, researcher C. Rao et al. cleverly solved the viewpoint varia-
tion problem in activity matching using epipolar geometry technology [?]. This
epipolar geometry-based approach to handling viewpoint variation has good
reference significance for viewpoint-independent sign language recognition.

Furthermore, sign language recognition researchers have mainly focused on small
to medium-scale vocabularies (according to speech recognition research classifi-
cation standards: vocabulary size less than 100 is called small vocabulary, 100
to 500 is medium vocabulary, and over 500 is large vocabulary) and have limited
research to specific individuals. For non-specific person sign language recogni-
tion, P. Vamplew [?] used data gloves as input devices, employing four neural
network modules for feature extraction of hand shape, orientation, position,
and motion, then using nearest-neighbor decision classification to recognize 52
isolated sign words. Since the system used only one data glove, it could only
recognize one-handed sign words. Another non-specific person work is by S.
Akyol and U. Canzler [?], who used Hidden Markov Model methods to reliably
recognize 16 German Sign Language words with the help of solid-color gloves.
The system calculated hand features using the signer’s head position as the
reference coordinate system, using data from 7 people for training and 3 people
for testing, achieving a 94% recognition rate.

Additionally, inspired by adaptive recognition ideas in speech recognition re-
search, some scholars have conducted work on adaptive sign language recogni-
tion, hoping to use adaptive techniques to solve the non-specific person problem
in sign language recognition. Representative work includes: S.C.W. Ong and
S. Ranganath from National University of Singapore [?] recognized 6 isolated
words and 5 implied words, achieving a relative error rate reduction of 75.7%
using less adaptive data; U.V. Agris et al. from RWTH Aachen University in
Germany [?] used Maximum Likelihood Linear Regression and Maximum A Pos-
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teriori (MAP) probability combination methods to adapt 153 one-handed words,
achieving a 41.6% relative recognition rate improvement using 80 adaptive data
sequences.

2.2 Main Recognition Methods

Currently, commonly used sign language recognition models/technologies
mainly include: Hidden Markov Models, Temporal Template Matching (TTM),
Artificial Neural Networks (ANN), and Artificial Neural Network/Hidden
Markov Model hybrids.

Hidden Markov Model is an extension of Markov models. A general Markov
model describes a random process—transitions between states; Hidden Markov
Model describes two random processes: one describes the probabilistic rela-
tionship between output symbols and states, i.e., output symbols are random
process functions of states; the other describes the transition relationship be-
tween states. From an external observer’s perspective, only output symbols
can be seen, not state transitions—hence state transitions are hidden. Hidden
Markov Models have become the mainstream method in current sign language
recognition research due to their excellent ability to model temporal signals and
capability for unsupervised learning. However, Hidden Markov Models them-
selves have some defects: 1) Traditional Hidden Markov Models assume that
the density distribution of all individual observation variables follows a Gaus-
sian mixture density or autoregressive density, which often differs from reality;
2) The Markov assumption may not hold; 3) The output independence assump-
tion may not hold; 4) Due to limitations in training criteria and algorithms,
Hidden Markov Models have relatively poor pattern recognition capabilities.

Template matching is the simplest classification method, typically including two
processes: template establishment and classification. By collecting representa-
tive samples for each category, one or a set of templates is established for each
gesture. Classification determines the input’s category based on similarity be-
tween the input and each template. Typically, the similarity function is defined
as the Euclidean distance between the template and observed input data. Dur-
ing recognition, a similarity threshold is usually set—the input is recognized as
the class with the closest distance within the threshold, while inputs above this
threshold are rejected. The advantage of this method is that templates are
easy to establish and improve, and template rules are intuitive, clear, and easy
to understand. The disadvantage is that due to noise and ambiguity between
different classes, classification results lack robustness when recognizing many
categories. Gesture word recognition can also use template matching for simi-
larity calculation, but this requires solving the time alignment problem: each
basic gesture word in sign language contains some fundamental gestures, and
the duration length of each sample of the same word collected varies randomly.
How to measure similarity between gestures of different lengths is a time align-
ment problem. To solve this problem, two typical temporal template matching
methods have been proposed in literature: Dynamic Time Warping and Finite
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State Machines.

Artificial Neural Network is a complex information processing network formed
by extensively connecting a large number of simple processing units, where pro-
cessing units and their interconnection patterns are designed by borrowing from
human neuron structures and connection mechanisms. This network has learn-
ing, memory, knowledge generalization, and input information feature extrac-
tion capabilities similar to the human brain. Since the 1980s, artificial neural
network research has experienced a new boom, attracting great attention due
to its nonlinear, adaptive, robust, and learning characteristics. Although sta-
tistical model methods dominate sign language recognition, neural networks’
unique advantages and strong classification and input-output mapping capa-
bilities are highly attractive in sign language recognition research. Currently,
commonly used neural networks mainly include Multi-layer Perceptron (MLP),
Self-Organizing Feature Map (SOFM), Radial Basis Function networks, Time
Delayed Neural Networks (TDNN), and Recurrent Neural Networks (RNN).
Since typical neural networks cannot process temporal signals, early sign lan-
guage recognition applications of neural networks mostly focused on static ges-
ture word recognition. However, Time Delayed Neural Networks and Recurrent
Neural Networks can transform temporal information into spatial information,
enabling direct dynamic gesture language recognition of temporal signals. Nev-
ertheless, due to their structure, artificial neural networks lack the ability to
model long-distance dependencies and thus cannot serve as a general framework
for recognizing large-vocabulary, continuous sign language.

Artificial Neural Network/Hidden Markov Model hybrids utilize artificial neural
network characteristics to compensate for Hidden Markov Model defects, using
the unified framework of Hidden Markov Models and the pattern recognition
capabilities of artificial neural networks to produce optimized results. Addition-
ally, regarding hybrid model research for Hidden Markov Models, there are also
combinations such as HMM/SVM [?]. However, how to combine sub-models in
hybrid models requires further research.

Introducing language models into the recognition process is an important ap-
proach. Language models attempt to reflect, record, and use natural language
patterns to improve the performance of various natural language applications.
Common linguistic models include N-gram models, part-of-speech-based lan-
guage models, decision tree language models, variable-length memory language
models, maximum entropy language models, and structure-based language mod-
els. These methods have different characteristics: N-gram models are linear
symbol co-occurrence-based language models that can only describe surface lan-
guage information, not language structure. Part-of-speech-based language mod-
els reduce data sparsity problems in statistical models through part-of-speech
information and enhance model generalization capability, but they also cannot
describe language structure. Decision tree language models function similarly
to N-gram models, dividing the current word’s context environment into several
equivalence classes, but they differ in classification criteria: N-gram classifica-
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tion is based on the previous N-1 adjacent words, while decision tree language
models only select context features with representational significance, making
them more suitable for describing language patterns than N-gram. Variable-
length memory language models avoid the exponential parameter space growth
of N-gram models with increasing N values. The context length used to predict
the next word in this model is not fixed but adaptively extends according to
its contribution to the model, enabling increased description of long-distance
language relationships. Maximum entropy language models can unify multi-
ple knowledge sources and integrate structural knowledge of language models
within their framework, but their parameter training is computationally inten-
sive. How to organically integrate computational linguistic knowledge such as
syntax and semantics into maximum entropy language models and extract rel-
evant features under reasonable computational complexity is key to applying
maximum entropy language models to natural language processing. Structure-
based language models are structured statistical language models that can de-
scribe natural language structure, but they depend on syntactic analysis results
and have difficult parameter learning, so they are usually used as language
feature extraction components under the maximum entropy language model
framework.

Currently, commonly used search algorithms in sign language recognition mainly
include the Viterbi algorithm, stack decoding algorithm, and Multi-Pass algo-
rithm. The Viterbi algorithm is a dynamic programming-based breadth-first
search algorithm that can obtain a globally optimal path using the minimum
cost method among all paths. However, since it only preserves local optimal
backtracking for each state, it cannot produce the top N solutions (although
improved Viterbi algorithms can obtain top N solutions by preserving N local
backtrackings, the storage space required is huge and rarely used). The A* stack
decoding algorithm belongs to depth-first search, with the advantage that the
algorithm’s path retains all prefixes (while Viterbi algorithms can typically only
utilize one or two previous contexts), making it particularly suitable for decod-
ing problems in sign language statistical models that require the entire context.
However, its time and space complexity are high. Multi-pass search is a widely
used method in speech and sign language recognition, organically combining the
previous two algorithms to produce a better search strategy. For example, the
commonly used forward-backward search algorithm is a strategy that combines
A* stack decoding and Viterbi algorithms to generate N-best sequences.

2.3 Existing Problems and Possible Solutions

Obviously, an ideal sign language recognition system should be able to handle
all vocabulary defined in sign language itself to maximally meet users’actual
needs; it should be able to recognize in real-time, accurately, and reliably in
complex environments; and the system should be able to serve non-specific users.
Currently, sign language recognition research has nearly 20 years of history and
has made great progress, but many challenging problems remain to be solved.

chinarxiv.org/items/chinaxiv-201611.00012 Machine Translation

https://chinarxiv.org/items/chinaxiv-201611.00012


These are briefly summarized as follows:

1. Establishing transition models between gestures in continuous
sentence recognition. When two gestures are performed sequentially,
an extra gesture movement inevitably occurs between them, transitioning
from the end state of the first gesture to the initial state of the second
gesture. The transition model between gestures is a key challenge in con-
tinuous sign language recognition.

2. Finding scalable sign language recognition methods for large vo-
cabularies. The difficulty of large-vocabulary recognition lies in the huge
search space and the need to distinguish many categories. As vocabulary
size increases, potential inter-word similarity increases, making discrimi-
nation more difficult. Simultaneously, as vocabulary size increases, system
search computational overhead and storage overhead increase, leading to
reduced recognition speed and decreased recognition rates. Taking Chi-
nese Sign Language as an example, there are approximately 5,500 conven-
tional gestures. Obviously, training a recognition model for each gesture is
unrealistic. Researching scalable sign language recognition methods could
become a breakthrough point. A possible approach is to use primitives.
Defining the minimal recognition primitives for gestures and automatically
finding these minimal recognition primitives is necessary work in this area.
However, sign language does not have ready-made linguistically defined
primitives like speech, so finding such primitives suitable for computer
sign language recognition is currently a research hotspot.

3. Finding ways to utilize non-hand features such as facial expres-
sions and lip movements. Sign language itself is a multi-channel lan-
guage: besides hand movements, some sign words and certain tones require
coordination from facial, lip, and even upper body joints. Research shows
that facial expressions and lip movements play very important roles in
sign language understanding. However, current research has paid little
attention to this aspect. Another angle requiring attention is how to fuse
these different sign language representation channels to further improve
sign language recognition rates.

4. Achieving non-specific person sign language recognition. Due to
individual differences in hand size, shape, arm length, and sign language
performing styles among different signers, non-specific person sign lan-
guage recognition presents greater difficulties and challenges compared to
specific person recognition. One possible approach is to analyze common
and personalized information in data. Since different people perform sign
language in very different ways, data diversity makes extracting effective
common features from non-specific person sign language recognition data
extremely difficult. Another possible direction is to directly conduct adap-
tive research for sign language recognition, performing self-learning based
on a universal sign language model using small amounts of data from spe-
cific users during use to achieve model transfer, enabling the system to
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better recognize specific persons’sign language at specific times. Simul-
taneously, the system’s self-learning capability should not be limited to
specific users to maintain the system’s universal service nature.

5. Establishing sign language language models. Previous research
shows that introducing language models can improve sign language recog-
nition rates. However, currently used language models almost all come
from hearing people’s language corpora, which obviously cannot well re-
flect sign language’s own language model characteristics. In-depth research
on sign language language models and how to introduce these models into
sign language recognition to improve recognition rates is a fundamental
aspect of sign language recognition research.

6. For vision-based sign language recognition, particularly impor-
tant is achieving complete and accurate visual feature infor-
mation acquisition. Unlike simple gesture recognition (which only re-
quires simple feature description) and data glove-based recognition meth-
ods (where sensing devices themselves can quickly obtain accurate hand
information), vision-based sign language recognition for larger vocabular-
ies requires front-end visual processing to provide as complete and use-
ful feature information as possible for subsequent high-level recognition
stages. Therefore, how to effectively and quickly extract accurate feature
data from video is the bottleneck. Specifically: how to reliably and ac-
curately obtain bare hand information; how to ensure robust detection of
hand shape and position information based on skin color under complex
backgrounds and different lighting conditions; how to identify and inter-
pret occlusions between hands and between hands and face; and how to
achieve fusion of different visual channel information such as two-hand
shape, position, orientation, facial expressions, lip movements, and body
posture.

7. Seeking ways to achieve viewpoint-independent recognition.
Since human visual recognition is viewpoint-independent, we theoretically
hope that computer-provided sign language recognition algorithms are
also viewpoint-independent. However, under current technical conditions,
most vision-based sign language recognition algorithms restrict camera
capture viewpoints, typically limiting them to frontal views. The practical
difficulty arises because image features change when capture viewpoints
change. As is well known, extracting viewpoint-independent features is
relatively difficult. Viewpoint-independent sign language recognition is
an important aspect of vision-based sign language recognition research.

3 Our Work
This section focuses on introducing some research work of our group in sign
language recognition. First, we introduce research on data glove-based sign
language recognition and the integrated sign language recognition and synthe-
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sis translation (dialogue communication) system for deaf and hearing people
developed based on this. Second, we introduce several other related research
works.

3.1 Data Glove-Based Sign Language Recognition

In data glove-based sign language recognition: In 1999, we implemented the ba-
sic architecture of a sign language recognition and synthesis system that could
recognize 1,065 sign vocabulary words and 80 continuous sign language sen-
tences with a recognition rate of 95.2% [?][?]. In 2001, the HandTalker system
jointly developed by Harbin Institute of Technology and the Institute of Com-
puting Technology, Chinese Academy of Sciences, could recognize 5,100 sign
words and 200 continuous sign language sentences, and synthesize 5,500 sign
words. The word recognition rate was 94.8%, and it could also recognize 200
sentences composed of words from this vocabulary set with 91.4% accuracy
[?][?]. In 2004, based on this foundation, the HandTalkerII system could recog-
nize 5,100 vocabulary words composed of data from 6 different signers with a
recognition rate of 91.6%, and recognize 1,500 samples composed of 750 differ-
ent sentences with a recognition rate of 91.9%. Simultaneously, it implemented
a highly realistic synthesis system with coordinated lip movements and facial
expressions synchronized with sign language, where the average intelligibility of
finger spelling, word, and sentence synthesis were 92.95%, 88.23%, and 87.58%
respectively [?]. Additionally, research was conducted on scalable sign language
recognition methods and minimal recognition primitives for sign language recog-
nition [?]. Through analysis of sign language dictionaries, over 2,400 radicals
were summarized and organized, implementing a radical-based recognition sys-
tem and comparing this method with gesture word-based methods. Research
on large-vocabulary sign language recognition [?] used Self-Organizing Feature
Maps to implicitly extract sign language features, transforming data into a com-
pact, important low-dimensional representation as input for continuous Hidden
Markov Models, partially solving the non-specific person recognition problem.
A transition model-based method was proposed to solve large-vocabulary con-
tinuous sign language recognition, achieving good results in large-vocabulary
continuous sign language recognition.

3.2 Integrated Sign Language Recognition and Synthesis Dialogue
System

With the development of multimodal human-computer interface technology,
communication based on heterogeneous language modes has become possible.
Heterogeneous mode communication refers to communication between different
languages. Unlike general spoken language communication between different
languages, communication between hearing people (specifically referring to hear-
ing individuals with spoken language ability) and deaf people should mainly be
conducted through spoken language and sign language. However, most hearing
people cannot understand sign language, while most deaf people cannot hear
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spoken language. Using computer technology to build a bridge enabling free
communication between deaf and hearing people allows direct communication
between them with computer assistance. For deaf people, the system translates
hearing people’s speech into sign language for display; for hearing people, the
system converts deaf people’s sign language into speech.

Based on data glove sign language recognition work, we developed and improved
the structural block diagram of the sign language recognition and synthesis sys-
tem as shown in Figure 1 [Figure 1: see original paper]. The system provides
a bidirectional translation (dialogue) system for barrier-free communication be-
tween hearing and deaf people—enabling direct communication between hearing
people who speak and deaf people who use sign language. Hearing people can
speak or express their thoughts in speech form via telephone. This speech first
enters the speech recognition module and is recognized as text sentences. Then
these texts are synthesized into sign language through the sign language syn-
thesis module for deaf people to watch. Simultaneously, hearing people’s facial
images are captured and, through facial expression and lip movement synthesis
modules, synthesize human expressions and lip movements, maintaining syn-
chronization between sign language movements and facial expressions. What
appears before deaf people is thus a virtual human with rich facial expression
changes, using fluent sign language to express thoughts. After deaf people un-
derstand these signs, they respond using sign language. These signs enter the
sign language recognition system through input devices, allowing the machine
to understand the meaning of deaf people’s sentences. These recognized sen-
tences are then synthesized into human speech through speech synthesis mod-
ules. Through two agents—speech-to-sign conversion and sign-to-speech conver-
sion—natural communication between deaf and hearing people can be achieved.

The key technology for implementing the sign language recognition and synthe-
sis system lies in automatic sign language recognition. This is an extremely
challenging topic and an important component of multimodal human-computer
interface technology research. Our system recognized 5,113 Chinese Sign Lan-
guage words collected from 6 sign language teachers and recognized 1,500 sam-
ples of continuous sign language sentences composed of 750 different sentences
from this vocabulary set, achieving good recognition performance. Besides auto-
matic sign language recognition technology, other major technologies involved
include sign language synthesis, 3D face synthesis, synchronization of lip move-
ments and facial expressions with sign language, speech recognition, and speech
synthesis [?][?]. Integrating these technologies provides a new approach for
barrier-free communication between deaf and hearing people.

3.3 Other Related Research

Two approaches for front-end visual processing in vision-based sign language
recognition are 2D-based methods and 3D model-based methods [?]. How-
ever, due to high computational costs or poor 3D model recovery performance,
3D model methods are difficult for back-end high-level recognition applications,
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making 2D methods the mainstream for visual pre-processing. Typically, the
capture field of view in vision-based sign language recognition is the signer’s
upper body, and hand detection usually utilizes color, motion, and/or edge in-
formation. Among these, color cues are used in two ways: one directly uses skin
color to segment hands, but one problem to solve is how to distinguish them
from faces; the other uses colored gloves to assist hand detection. Overall, hand
detection/tracking (especially for both hands) is still relatively coarse, currently
typically only obtaining bounding boxes of hands. Since our goal is recogni-
tion oriented toward medium or even larger vocabularies, we need to obtain
as complete target and feature descriptions as possible at the visual front-end.
Therefore, we attempted a hybrid solution combining block matching and active
contour-based occlusion handling [?].

We also conducted research on viewpoint-independent sign language recognition
in single-camera environments [?]. Since sign language has smaller scales, richer
detailed variations, more diverse rotations, and more categories compared to
human actions, various viewpoint-independent recognition methods introduced
above are not easily directly applicable. 3D methods can be attempted, but
reliably recovering 3D data through a single camera is very difficult. Using
simple invariants contained in 2D image point sets is insufficient to effectively
distinguish numerous sign language words. Viewpoint-independent recognition
methods using 2D appearance templates from few viewpoints can typically only
be applied to human action recognition with fewer categories, larger scales, and
mainly considering only horizontal rotation. Methods based on multi-viewpoint
2D appearance templates can be considered, but due to the large variety of sign
language, multiplied by viewpoint variations, the space cost for template storage
and time cost for matching are very considerable. Achieving effective viewpoint-
independent sign language recognition in single-camera environments requires
new recognition ideas and methods. Our idea is that since two sign language
sequences of the same sign from different viewpoints can be interpreted as being
simultaneously captured by a stereo vision system, viewpoint-independent sign
language recognition can be achieved by verifying whether two sequences satisfy
epipolar geometry constraints. The advantage of this approach is that it does
not require 3D data recovery and can achieve effective viewpoint-independent
sign language recognition based on templates from only a few viewpoints. Prob-
lems to be solved include how to calculate the fundamental matrix between
sequences and how to verify it. The main challenge is that when sequences are
not aligned, point correspondences are not easily obtained directly. On a fully
automatic dataset (with feature points automatically extracted by computer)
containing 100 Chinese Sign Language words collected using self-designed col-
ored gloves, the Sample-Consensus recognition method achieved a Top-3 recogni-
tion rate of 53.5%. The decreased recognition rate is mainly due to fewer visible
feature points and missed feature point detection caused by viewpoint varia-
tion, resulting in insufficient feature points for effective viewpoint-independent
recognition analysis. This situation is called data missing. Future work will
focus on researching more robust viewpoint-independent sign language recog-
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nition methods for data missing situations, while also considering introducing
statistical theory to integrate multiple viewpoint templates for more effective
viewpoint-independent sign language recognition.

Training reliable and accurate non-specific person models requires collecting suf-
ficient data from enough signers, which is relatively easy to achieve for small vo-
cabulary sets. However, the Chinese Sign Language dictionary defines over 5,000
basic vocabulary words, making it practically impossible to collect sufficient
data from enough signers. Therefore, training accurate and reliable non-specific
person models is not a good solution for this problem. Another approach is to
train specific person models for users, which also encounters problems. First,
users need to collect sufficient training data before using the system, which is
unacceptable for most users and affects system promotion; second, user data
may differ across different stages, making models trained on data from one time
period likely unsuitable after some time. Therefore, we propose using learning
and adaptation to solve these problems, i.e., adopting adaptive sign language
recognition technology [?] to address the non-specific person problem in sign
language recognition.

4 Conclusion
This paper reviews recent research progress in sign language recognition: in-
troducing some representative work (implemented prototype systems), summa-
rizing main recognition technologies, analyzing remaining challenging problems
(also current research hotspots), and proposing some possible countermeasures.
It should be noted that as a direct “by-product”of sign language recognition
research, it has promoted gesture recognition research and applications to some
extent (especially in recent years, as industry continues to follow up). Addition-
ally, this paper briefly introduces our progress in related research work.
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