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Abstract—The sign language recognition is an important
research area that aims to increase the integration of deaf
people into society. In this paper, we present a distance and
local alignment based approach for the automatic recognition
of Brazilian Sign Language (LIBRAS). The approach uses a
technique that represents image sequences through strings, where
each character of the string contains the symbolic representation
of the hand’s configuration in each image of the sequence. The
algorithm used in this system is a local sequence alignment that
evaluates the similarity between two strings based on a score
function.
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I. INTRODUCTION

In the last years, there was a growing effort to facilitate
the communication between deaf people and people who
don’t know a sign language, but still there are few accessible
environments for deaf. The number of hearing people who can
express themselves using sign language is very small, making
the communication between them and deaf people extremely
difficult. Moreover, the recognition and translation of sign
language is a quite complex area that is in the early stage
of development.

This paper presents a new approach for Brazilian Sign
Language (LIBRAS) automatic recognition, the official lan-
guage used by the deaf community in Brazil. The goal of
this system is to analyze and recognize dynamic signals from
videos related with LIBRAS and automatically translate the
words expressed in LIBRAS into Portuguese, providing, thus,
a greater inclusion of the deaf with the society, facilitating their
communication with who have no knowledge of LIBRAS.

The remainder of this paper is organized as follows. In
Section II some basic concepts about sign language recog-
nition are presented, in order to introduce the reader to
the subject. Section III presents the state-of-the-art in sign
language recognition. Section IV details the current state of
development and experimental results. Finally, conclusions
and future work are stated in Section V.

II. BASIC CONCEPTS

Sign languages are natural languages used as a means of
communication between deaf. They are not universals, i.e.,
each country has its own sign language, affected by national
culture. Instead of using sounds to communicate, the sign lan-
guages are expressed using a combination of five parameters:

(a) hand configuration (there are 63 different configurations
in LIBRAS), (b) hand’s movement, (c) place of articulation
(local of the signaling space where the signal is performed) [1]
(d) palm orientation [2], and (e) non-manual expressions (e.g.
facial/corporal expressions).

In addition to these parameters, it is also worth mentioning
the signals acquisition methods. Currently, there are two main
approaches in the sign language recognition area: the vision-
based approach, where the data are obtained through a video
camera; and the approach based in electromechanical devices,
such as data-gloves and sensors. The first approach is very
suitable to be applied in everyday life, because it is more con-
venient for the user. Furthermore, the communication through
a video can provide to the deaf a liberty of communication
in far distance. On the other hand, requires a sophisticated
preprocessing. In the second approach there are limitations
and discomforts to the user using a data glove and/or sensors,
but this approach facilitates the recognition, avoiding problems
faced in the first approach, such as segmentation and tracking
of hands. In order to decrease the complexity of preprocessing
of the images obtained by vision-based approach, many stud-
ies utilize controlled environments and/or colored gloves for
recording the video, which considerably facilitates the signals
recognition.

III. RELATED WORK

In order to assess the state-of-the-art in automatic sign lan-
guage recognition, we performed a systematic review focusing
on papers which use visual approach to solve this problem.
The search used two digital libraries which indexes the papers
published in the main conferences and journals of the area:
the ACM Digital Library1 and the IEEExplore2.

The search expression used was “(“sign language” AND
recognition) AND (image OR video)” and it returned 104
papers from which 71 were selected for being fully available
in the internet and because they do not use electro-mechanics
devices for the data capturing (such as data gloves or sensors).
Following we describe the main aspects of this review. As will
be detailed, most of the works recognize only static signals
(i.e., hand configurations) or a very small set of dynamic
signals.

1dl.acm.org
2ieeexplore.ieee.org



Most of the papers use Hidden Markov Models (HMM) [3],
[4], [5], [6], [7] for the recognition, followed by Artificial
Neural Network (ANN) [8], [9], [10], Support Vector Machine
(SVM) [8], [9], [10] and K-Nearest Neighbor (KNN) [11], [12],
[13], [14].

Assaleh et al [3] developed one of the first approaches
using Hidden Markov Model in the recognition of signs in
Arabic Sign Language. The approach is based on computer
vision without the need of gloves and which results achieved
an average accuracy of 94%. Liwicki and Everingham [4]
achieved an accuracy of 98.9% in the recognition of British
Sign Language using videos recorded in a studio. The work
presented in [5] used videos with colored gloves to recognize
numbers in Filipino Sign Language, achieving an average
accuracy of 85.52%. The best accuracy was achieved in [6]
(99.2%) in the recognition of American Sign Language, but
the authors did not specified the HMM model used.

The use Artificial Neural Network (ANN) showed promising
results in the recognition of static signals. Isaacs and Foo [15]
developed a system able to recognize the signals of the
alphabet from American Sign Language with an accuracy of
99.9% employing a two layer feed-forward neural network
using Levenberg-Marquardt training. The ANN was also used
in [16] and [17] obtaining an accuracy of 90% and 92.07%,
respectively, in the Malay Sign Language recognition.

Considering the use of Support Vector Machine (SVM), Ari
et al [8] developed a system which includes the recognition of
seven facial expression and the head movements achieving an
average accuracy of 90%. In [10], it is presented an automatic
skin segmentation and tracking for sign language recognition
achieving an accuracy of 98%.

It was found one project [11], [12], [13] and [14] which
uses a distance based method for the recognition. This project
aims to increase the use of automatic sign language recognition
in real life situations by not restricting the recognition only in
videos recorded in studio with a stationary background. In [11]
the authors identified isolated signs using simple classifiers and
KNN, with an accuracy of 96.8% in a dataset of 23 signs in
Arabian Sign Language. In the subsequent studies, the authors
combined KNN and Bayesian classifiers and obtained 97%
of accuracy, a value compatible with the ones obtained using
HMM in the same dataset.

It is important to note from the related papers the problem of
automatic sign language recognition is being widely studied,
but the main results lay only in static signs recognition (hand’s
configurations) or recognition of sing recorded in controlled
situations (inside an studio with static and monochromatic
backgrounds). The majority of the approaches consider only
few of the five parameters used in the sign language commu-
nication, in fact, only one work used them all [5].

IV. CURRENT STATE OF THE DEVELOPMENT AND
RESULTS

This section presents our proposed approach to LIBRAS
automatic recognition, detailing the preprocessing, database,
implementation issues and the current state of development.

A. Preprocessing

The current version of the system uses an extension of the
semi-automatic (supervised) segmentation algorithm proposed
by Digiampietri et al [18]. This algorithm uses a set of manu-
ally segmented images as the reference set and the algorithm
aims to segment the remaining images in six regions: the five
fingers and the palm.

The segmentation process is composed of two activities.
On the first, the hand is tracked in each frame of the video
and a sub image is produced with the hand in its center. The
second activity is responsible for the images’ segmentation.
Since the process is supervised, some images must be man-
ually segmented to serve as reference for the classification
algorithm. This process classifies each pixel from an image
as background, one of the five fingers or palm using the
Rotation Forest algorithm [19]. In the original algorithm, the
classification was made in one step and achieved an accuracy
of 93.07%, in our extension, it was divided in two steps:
background identification and fingers and palm segmentation,
and the accuracy was improved to 95.06%. The accuracies
presented correspond to the average accuracy using 10-fold
cross-validation.

Fig. 1 presents an example of the preprocessing of one
frame. The left image represents one frame of the original
video. The image in the center corresponds to the sub image
produced after the hand tracking. The image in the right is the
resulting segmented image.

Fig. 1. Preprocessing example

B. Signals Database

The signals database used in this work contains images from
five videos of an expert signing LIBRAS and an additional
video with the 63 different hands configurations, all of them,
using a colored glove on the right hand. The expert signed, in
each video, 39 basic words (such as day, night, and light). The
choice of the words was made by the expert and all words were
signed once in each video. The videos were recorded using a
personal digital camera, operating in the automatic mode, and
without a tripod. Each video has 25 frames per second with
the resolution of 480 x 640 pixels.

The images were preprocessed using the approach presented
in Subsection IV-A. The resulting segmented images were



used for the test and validation of the automatic sign lan-
guage recognition system as it will be presented in the next
subsection.

C. Implementation

The video processing is viewed as the processing of a
sequence of images, taking advantage of the order in which
these images were recorded, in order to describe and recognize
some characteristics of the video. In our approach, the charac-
teristics of each image (in this case, the hand’s configurations)
were represented as strings (one character for each of the 63
hand’s configurations). Fig. 2 presents all the LIBRAS hand’s
configurations and the characters used to represent them.

Fig. 2. LIBRAS hand’s configurations and their representation in our system

Each signalized word corresponds to a set of images (frames
from the video), thus, each word is represented as a string.
Fig. 3 contains two representations of the word “good”,
signalized in two different videos.

The identification of the hand’s configuration from each
image was made automatically using the image descriptor
proposed by Digiampietri et al [18], which is specific for
describing hands segmented in six parts (the palm and the five
fingers). The palm orientation identification is made implicitly
by this descriptor.

Fig. 3. Representations of the word “good” signalized in different videos

In order to identify the similarity between words (and,
given a new word, identify its meaning based on the previous
registered ones), initially, it was used the Levenshtein Distance
Algorithm [20] in which insertions and deletions have equal
cost and replacements have twice the cost of an insertion.
This algorithm presented two main limitations: it is not able
to identify words inside a text (the words must be previously
separated); and the use of a fix cost for replacements does
not suit well for the hand’s configuration (because some
configurations are very similar and others are not). These
limitations drove the accuracy to only 52.22% (using words
that were manually trimmed).

In order to solve the second limitation, we replaced the
Levenshtein Distance Algorithm with a global alignment al-
gorithm, with different cost between each pair of characters
(hand’s configurations) in order to provide different scores
according to the dissimilarity (or similarity) of the two config-
urations that are being compared. We also tested different costs
to insertions and deletions. Thus, a global alignment algorithm
is executed in order to measure the score between the new
word and the words in the database and the average accuracy
was improved to 75%.

One of the great challenges in sign language recognition
(considering dynamic signs) is to identify, automatically, the
start and the end of a sign. In order to do this, we replace
the global alignment algorithm with a local alignment algo-
rithm [21]. This kind of algorithm is able to locate in a text
the words registered in the dataset allowing approximate string
matching. With this algorithm we were able to correctly find
and recognize 70% of the words in our dataset. Fig. 4 presents
the alignment of two instances of the word “light” in the
codification of a video where this word was signed.

Fig. 4. Identification of the word “light” using local alignment

Fig. 5 presents the codification of a video with 1,574 frames.
The signed words identified in this video were highlighted with
rectangles.

V. CONCLUSION AND FUTURE WORK

This paper presented the current state of a local alignment
based Brazilian Sign Language Recognition System.

The use of local alignment to classify new sequences
(strings or words) according to the ones in a database is
being successfully used in bioinformatics in the last twenty



Fig. 5. The 39 words correctly identified in a video

years [22]. Due to the advances of this kind of algorithm,
it is possible to compare thousands of sequences in few
seconds and combine the results using KNN in order to
identify/classify, with a high precision, the new sequences.

The current accuracy of 70% is a promising result, con-
sidering the recognition of dynamic signs, but there are still
several aspects to be improved. One of them is a review of
the preprocessing step. We notice that the segmentation is not
working well in frames where there are focus problems (and
it occurs frequently since the videos are intentionally recorded
with personal video cameras and are not recorded in a studio).
Other factor that should increase the precision of the system
is the enlargement of the database. The bigger the number of
examples for each word, the bigger is the chance to correctly
identify this word. For example, when we tested the current
approach with only 3 examples of each word the average
accuracy was 54%, with 5 examples it increased to 70%.

ACKNOWLEDGMENT

This work was partially financed by the Tutorial Education
Program (MEC/SESu), FAPESP and the Brazilian National
Council for Scientific and Technological (CNPq). The authors
would like to thank LIBRAS’ professor Maria Carolina Casati,
who provided the videos used in this research and helped in
images annotation and system validation.

REFERENCES

[1] W. C. Stokoe, “Sign language structure: An outline of the visual
communication systems of the American deaf,” Journal of Deaf Studies
and Deaf Education, vol. 10, no. 1, pp. 3–37, 2005.

[2] E. Klima and U. Bellugi, The signs of language. Cambridge University
Press, 1979.

[3] K. Assaleh, T. Shanableh, M. Fanaswala, H. Bajaj, and F. Amin, “Vision-
based system for continuous Arabic Sign Language recognition in user
dependent mode,” in Mechatronics and Its Applications, 2008. ISMA
2008. 5th International Symposium on, may 2008, pp. 1–5.

[4] S. Liwicki and M. Everingham, “Automatic recognition of fingerspelled
words in british sign language,” in Computer Vision and Pattern Recog-
nition Workshops, 2009. CVPR Workshops 2009. IEEE Computer Society
Conference on, june 2009, pp. 50–57.

[5] I. Sandjaja and N. Marcos, “Sign language number recognition,” in INC,
IMS and IDC, 2009. NCM ’09. Fifth International Joint Conference on,
aug. 2009, pp. 1503–1508.

[6] T. Starner and A. Pentland, “Real-time american sign language recog-
nition from video using hidden markov models,” in Computer Vision,
1995. Proceedings., International Symposium on, nov 1995, pp. 265–
270.

[7] D. Van Hieu and S. Nitsuwat, “Image preprocessing and trajectory
feature extraction based on hidden markov models for sign language
recognition,” in Software Engineering, Artificial Intelligence, Network-
ing, and Parallel/Distributed Computing, 2008. SNPD ’08. Ninth ACIS
International Conference on, aug. 2008, pp. 501–506.

[8] I. Ari, A. Uyar, and L. Akarun, “Facial feature tracking and expression
recognition for sign language,” in Computer and Information Sciences,
2008. ISCIS ’08. 23rd International Symposium on, oct. 2008, pp. 1–6.

[9] G. Awad, J. Han, and A. Sutherland, “A unified system for segmentation
and tracking of face and hands in sign language recognition,” in Pattern
Recognition, 2006. ICPR 2006. 18th International Conference on, vol. 1,
0-0 2006, pp. 239–242.

[10] J. Han, G. Awad, and A. Sutherland, “Automatic skin segmentation and
tracking in sign language recognition,” Computer Vision, IET, vol. 3,
no. 1, pp. 24–35, march 2009.

[11] M. El-Jaber, K. Assaleh, and T. Shanableh, “Enhanced user-dependent
recognition of Arabic Sign Language via disparity images,” in Mecha-
tronics and its Applications (ISMA), 2010 7th International Symposium
on, april 2010, pp. 1–4.

[12] T. Shanableh, K. Assaleh, and M. Al-Rousan, “Spatio-temporal feature-
extraction techniques for isolated gesture recognition in Arabic Sign
Language,” Systems, Man, and Cybernetics, Part B: Cybernetics, IEEE
Transactions on, vol. 37, no. 3, pp. 641–650, june 2007.

[13] T. Shanableh and K. Assaleh, “Video-based feature extraction techniques
for isolated Arabic Sign Language recognition,” in Signal Processing
and Its Applications, 2007. ISSPA 2007. 9th International Symposium
on, feb. 2007, pp. 1–4.

[14] ——, “Time sensitive and non-time sensitive feature extractions in
Arabic Sign Language recognition,” in Signal Processing and Commu-
nications, 2007. ICSPC 2007. IEEE International Conference on, nov.
2007, pp. 979–982.

[15] J. Isaacs and S. Foo, “Optimized wavelet hand pose estimation for
american sign language recognition,” in Evolutionary Computation,
2004. CEC2004. Congress on, vol. 1, june 2004, pp. 797–802.

[16] R. Akmeliawati, M.-L. Ooi, and Y. C. Kuang, “Real-time malaysian sign
language translation using colour segmentation and neural network,” in
Instrumentation and Measurement Technology Conference Proceedings,
2007. IMTC 2007. IEEE, may 2007, pp. 1–6.

[17] M. Paulraj, S. Yaacob, H. Desa, C. Hema, W. Ridzuan, and W. Ma-
jid, “Extraction of head and hand gesture features for recognition of
sign language,” in Electronic Design, 2008. ICED 2008. International
Conference on, dec. 2008, pp. 1–6.

[18] L. A. Digiampietri, B. Teodoro, C. R. N. Santiago, G. A. Oliveira, and
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