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Abstract: Hand gesture is 2 natural mean  of

communication. The use of hand gesture as an efficient
interface leads to a lot of applications in reality, which
motivates more and more researches in modeling,

analyzing and recopnizing hand gestures. In  the
literature, there exists many works in this domain.
Approaches range from using plove-based to vision-
based. Each has some advantages and drawbacks. This

paper gives a review on vision-based approaches for
hand gesture recognition as well as its applications, This
studv helps to compare different technigues for hand
representation and recognition in term of precision and
computational fime. By this way it allows identifying an

appropriate method for a certain specific application
using hand gesture.

Keywords: hand gesture, featurg extraction, machine
fearning, fintan comprier interaction.

. INTRODUCTION

Gesture is an mmtmtive and cfficient mean of
communication between human and human mn order to

express imformation or to interact with environment. In
Human Computer Interaction (HCT), hand gesture can
be an 1deal way that a human control or interacts with
a machine. In that case, machine must be able 1o
recognize human hand gesture, Recently, hand gesture
recognition becomes a hot research topic in the HCI
and Computer Vision field due to its wade applications
such sign hand languape, lie detection., game,
e-learning, human-robot interaction, eic, Approaches
to recognize hand gestures can be divided into 2
categorics: glove-based approach and vision-based

approach.

Glove-based approach (e.g. [1], [2]; [3], [4], [3])
requires the participant to wear a specibc glove. This
glove, built with several sensors, measures the location
and bending of each fnger as well as the global pose
of the hand. The glove 1s connected 1o a server via wird
or wireless connection for data wansmission and
processing. The type of data depends strictly of the
type of sensors 1o be used as magnetic, hghting or
acceleration sensar.

(Gilove-based approach for hand gesture recognition
is very fast and accurate. However, this approach has
some remarkable drawbacks. First, the fact of wearing
glove is not comfortable because this 1s nol a normal

glove but a sensor-based glove. Therefore, the realized
gesture will be no more natural and human reflection is

slower. Secondly, the glove-based method can work
only in a limited environment due to the connection
between devices., Finally, such specific glove 15 very
expensive for experiment,

To aveid these difficulties, vision-based approach
(e [6], [7), (8], [9), [10], [11]), studied smee 20 years
stifl interests a lot of researches. The wvision-based
approach uses only one or several cameras instead of
gloves, The image of hand gesture captured by camera
will be next processed by hand gesture recognition
system  using  image processing/computer  vision
techniques.

Vision-based approach is not evidenmt because of
multiple following reasons, First, as hand posture has
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dypnamic hand gesture must be represented in
temporal-spatial domam.

The recognition of dynamic hand gesture requires
analysis of hand motion. In many works for example
sign hand language or automatic control, static hand
postures are anough to express or o confrol somethng.
However, for imleractive game, moving ohjects
requires to recognize dynamic hand gesture. Therefore.
this paper will study both hand posture classification
and chnamic hand gesture recognition.

C  Mam companenis of a hand gesture recognition
systen

A vision-based hand gesture recognition system is
generally composed of 4 main components: 1) hand
detection; 2) hand modeling: 3) posture classification:
4) dynamic hand gesture recognition. In the following
section, we will detail esch component of the system.

ITl. HAND DETECTION AND REPRESENTATION

A Hand detecrion

Hand deétection amms o determine the presence of
hand regions dand locate them in the image. It allows
removing  non-interest  regions that will be not
considered in the next steps therefore reduces the
computational Hand detection could be
considered as hand region semmentation. The next step

will be assignment of detected hand-regions 1o hand
posture clisses.

tme.

T'he segmentation of hand regions will be based on
hand features (e.g. shape, color, texture, motion) that
allow disungwishing hand from other objects ([23],
[24], [25], {26}, [27), [28]).

The typical technigque for hand detection is based
on active contour or snake [28], The main idea 15 10
represent each object by a set of points (e.g. points on
the contour line) and to fit a contour detected in the
unage with a  predefined hand contour using
deformation techmigue by mummizing a predefined
energy function. Hand detection based on active
contour is not sutable in case of local occlusion or bad

e

image guality. The first problem can be resolved wsing
a hand tracker while the second issue can be carre
out using only key-points on active contour.

Neural network technigue is another solution [o
hand segmentation. A neural network will be tramed 1
learn background images (negative examples) anc
hand images (posiive examples), In [23], the authors
used RGB wector as mput of neural network.
drawback of this techmique 15 the networ

configuration is static, it cannot predict orfand adapt i
changes in data representation.

Color is mmportant information to  distinguish
objects whenever the shape cannot do it Color
mvarant o transformations (1.e. rotation, translation
but quite seasitive 1o occlusion, color tempera
camera sensor. In addition, there are a lot of objects o
same color that confuses the segmentation, To segment
skin color pixel in image, many methods ([23], [24]
[25], [29], [30], [31], [32], [33], [34], [35], [36]) ha
been proposed such as Probability Model, Mixture of
Craussians, Continuously Adaptive Mean-Shift.

Each ‘method of hand ‘detection has its own
advantage and disadvantage. Apan from requirement
to adapt 1o image acquisiton condiion, each method
should be a3 sumple as possible for real-time
applications, Among above studied methoeds,
probability model based hand segmientation scems o
be simple and efficient. Some authors showed that the
true positive rate of segmentation using this technique
could attain to 94% ([25], [37]). Although the result is
promising, these methods cannot distinguish a face
region from hand regions because they are of the same.
skin color.

8 Hand modeling

Hand modeling approaches can be divided mto 2
categories: 3D model and appearance-based model.

1 3D hand moedeling

3D hand modehng approach represents explicitly)
hand posiure through parameters as angles at junchion
point  and hand pose. This  approach allows
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reconstructing 3D hand posture n a4 wvery ‘accurate
manner. The methods of hand modeling 0 this
category -are classified into 2 groups: volumerric madel
andd skeletal madel

Volunietrte model has been wadely used in
compuler graphic to describe 3D visual appeamance of
human . body. In  computer researchers
récogmize 4 hand posture by svothesize 3D model of
this one then varying its parameters until the deformed
synthesized model and the real posture appear as the
same visual mmage [37], [38] To synthesize a 3D
model, a 1ot of authors used simple seometrical
structures like eylinders, super-guadrics to be rendered
in near real-tme,.  There are two problems in
vedumerric. modeling, First, the dimensiomality of the
paramieter space & very high. Secondly, (he
computation of such parameters via computer vision
technique seems 10 be quite complex.

Skelerad model 35 a solution o avoid dealing wath
all parameters of volumelric model. Instead, skeletal
model represemts hand wiath a reduced set of
parameters as joint angles or segment lengths

VISIOI,

In [39], the authers proposed a Digit Eyes system
that uﬂam tracking as a model-based seguential
estimation problem: given a sequence of images and
hand model, they estmate the 3D hand configuration
al each frame. All possible hand configurations are
represented by vectors in a state space, Each hand
configuration generatés @ set of wmage featores, 2D
lines and pomts, by projection via 4 camera model. A
feature measuwrement process extracts these hand
features from gray-scale image hy detecting the
eecluding boundaries of finger lmks and tips. The state
estimate for cach image 15 compuied by finding the
state veclor that best fits the measured leatures, In the
paper, the authors showed the good function of the
system i a constramned condition:: mivanant Tighting,
uniform background The Dignt Eyves system can
recover the state of 27Doks hand model at 10Hz

The authors m [40] proposed to model 30 hand
using Point Distribution Medel (PEM), The PDM 15 &
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deformable model built from swmtistical analysis of
examples of the object bemg modeled. Each hand
posture is represented by a vector of 3D coordinates of
landmarks. To reduce the high dimensionality of
vector space, Principal Component Apalysis (PCA).
technique is used. Real-me tracking s achieved by
finding the closest possibly deformed model marching
the image, The experiments have showed that this
miethod can work at 10Hz with wmform background
mtages on 1 34NMHz workstation

[41] presented a méthod for 3D hand tfracking using
hand model built from troncated quadrics. This allows
for the generation of 2D profiles and for an efficient
method to handle selfl .occhusion, The tracking works at
JHz ona Celeron 433 MHz

We found that the 3D hand model offers a rich
description that allows a wide class of hand gesture.
This approach s ideal for realisnc mteracthions mn
virtual environment. However, it has  some
disadvantages. First, at each frame, the initial
parameters of the model have to be close to the
solution; otherwise it is hable to find a suboptimal
solntion (te. local nunima). Secondly, the fitting
process 15 very sensinve (o noise. Thirdly, as 3D hand
maodels are articulated deformable objects with many
DoFs, a very large nomber of images are required 10
goviz all hand configuratons under different views,
Fimally the 3D model approach cannot handle: the
mevitable self-occlusion of the hand when mapping 11
lo 200 plan, For these reasons, most works based on 3D
model are hand trackmg  becasse the hand
configuration doesn’t ¢hange a lot betwéen 1wo
consecutive frames, |

2y Appearance-based modeling

Appearance-based modeling represents hand by
nnape isell or us extracted features. In this category,
mode]l parameters are not directly derived from 3D
spafial descoption of the band. The gestures are
inodeled by relating the appéamndée of any gesture (o
the appearance of the set of predefined 1emplate
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pestures. There is a variety of methods of appearance-
based hand modeling,

a) Deformabie 2D template

The deformable 2D template is a set of points on
the outhing of the object used as mterpolation nodes for
object outline approximation. The simplest
interpolation function 5 a piecewise linear function,
The templates consist of average point sets, point
vanety paramelters,

In-a HCI apphcation, [42] proposed to use 2D rigid
model to represent hand, Each model 15 represented by
silhouette contours, wiluch are modeled by splines.
This model 15 simple, permits to reduce the complexity
of the mvolved computations and remains
disciminative enough to track a limited set of hand
postures. To detect hand, the author used skin
segmentation. The confusion between face and hand
(of the same skin color) is resolved by some heunistics.
The recopnition mte attamed to 95% even with
cluttered background.

bi  Elastic graph

In [7], the authors represented hand by 2D elastic
graph. Each vertex of the graph 15 labeled by a vector
of Gabor kemels. Each edge 15 assigned with a
distance between two vertices. A hand posture:is bt
[rom 35 vertices and 70 edges. For ong posture class,
an elastic graph model will be built from 6 1mages (3
subjects x 2 backgrounds).

The model based on elastic graph has been largely
used for object representation and face recogmition.
The fact of building an average graph from multiple
ones allows improving the recogmtion rate when the
background changes. Experiments showed that the
method obtamed 86.2% as recognition rate on complex
background.

Template models or elastic graphs are usually used
for hand tracking. They can be used to classify simple
postures. The trajectory of deformable parameters will
be used to recogmize dynamuc hand gestures,

e ————

¢l fmage features for hand representation

Recently, there i$ an mcreasmg trend in the
research  of siemificomt  featwres  for  object
representation m the field of computer vision. There
are two questions to be posed: What is a good feature?
How many features are enough for representing an
object?

In [43], the author has indicated some cntenia for
evaluating a feature, They are expressivily,
repeatability, invariance, efficiency. Depending  of
application; the criterta will be classified m priority
order. Concerming the number of features, there 15 no
cxact answer for this. A little feature number cannot
represent all information about object. A much more
number of features cause unnecéssary computations.
There are two types of feature we will consider for
hand representation: global fearure and local feature.

Global features:

Global feature is a feature built from all pixels in
the image. This does mot require feature extraction.
The difference between methods for object
representation 1s the measurement used to descnbe the
entire image. Some authors proposed to use the
original 1mage, some others used histogram of gray-
scale / color image or motion history image,

Image-based hand representation: The simplest
method for hand modeling based on appearance is
directly use images of this on¢. The direct use does not
require any feature extraction. However, an nnportant
drawback of this method is the high dimensionality of
the parameter space (Le. image resolution). Therefore
the searching and recognition in this space is very
lime-consuming. To reduce the number of dimensions,
PCA 13 a popular solution (e.g. [9], [44]). Once the
new space is butlt, each hand configuration will be a
point in this space. The difference between (wo
confipurations 15 measured by a Euchdian or
Mahanalobis distance.

Global  orientation  histozram:  Onentation
histogram has been used for hand representation in
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[45]. This histogram is computed for all pixels in the
image: Due 1o the use of orientation, not intensity,
orieniation histogram s quile consistent to illumination
change. 'This approach is simple; fast 1o compute
because no salient region detection 18 necded.

However, this approach has some drawbacks. two
similar  configurationss can  have  differenmt
representations (varianl (o onentation); two different
configutations have the same represemtation. So, the
method is not nvariant o change mn position and
oricntation of the hand.

Muotion featuré: As dynamic gesture is performed
by moving hand, the moton mformation can be used
to represent 2 dynamic hand gesture. The motion can
be detected by subtracting two consecutive frames,

In [30], the author used motion history image to

describe @ gesture. A molion history image is a 2D
image: built by acoumulating motion at each separated
mixel at different times. By this 'way, the intensity of
each pixel'in the motion history image will represent
the movement of mxel belonging 1o the object
n question.

To reduce computational time on the overall image,
m {46] the authors detected only peaks on the motion
history fmage. Position and moment's detected peaks
are copsidered as descnption vector for the Hidden
Markov Model (HMM). This method allows a very
compact descoiption of the moving hand therefore the
computation 1s very fast.

Evaluation of global features: Global features
have some advantages such as they are simply
computed and they don't require feature extraction.
However, they have several disadvantages. While
mﬂdehng ohject p:».i;els they model also background
pixels. In addition, as they use all pixels of the entire

image, feature 5|:|ﬂnﬂ is of high dimeénsionality. Some

feature types cannot distinguish two different images
(c.g. histogram), Finally, they are not robust to
occlusion, scale and view point change,

l.ocal features:
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To deal with above problems of global features,
local features have been studied. The local features
encode information ‘about object that will be very
difficull to learn from raw daw There are three
principal steps for representing an object (hand) using
local features: 1) salient region detection; 2) region
description; 3) feature space building for an efficient
scarching, The ditfference between methods depends of
the choice of description vector,

There 15 a discussion about f salient regmons
detection 15 really mnecessary, In [47], the anthors
showed that the use of all dense intérest pomts can
five better recogmition rate of object. However, there
are sull very much works that do the salient regron
detection before further processing. There are some
reasons for this: although salient region detection 15
hme-consuming and sensitive o npoise; they allow
keeping only saliency of the object. Therefore, in the
following, we will presemt methods winch require or
not salient regon detection and methodes o' compute
description vector of the surrounded region,

Haar like features: Haar like feature has been
widely used for face detection and hand detection (e.g.
(48], (49], [50]). Haar like feature is a rectangle
composed of black and white rectangles of different
artentation and size. Each Haar hke feature 18
represented by a value that s the difference of sum of
all pixels value in the winte rectangle and the sum of
all pixels valve i the black rectangle. These features
represent an edge or a centre lme of the object.

Haar like feature is very good for representing
object when 1ts shape doesn’t change. As hand is an
articulated object with a lot possible configurations,
the number of classifiers thar must be leamt to
consider all confipurations of the hand 15 numerous.

Local orientation  histogram  baved on Scale
fuvariant  Feature Transform (SIFT): To aveid
disadvantages of global orientation histogram for hand
representation that takes all pixels of the image mio
account, some authors proposed 1o detect salient
features as SIFT that have been shown very robust (o
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ranstormations, illumination and scale change [51].
SIFT 15 uwsed in [11] to detect and recopnize hand
POSTUTES.

Structured features (ridge, blob) for hand
represeration: Ridge and blob are features studied
from the year of 90 to describe natural lines (ridge) or
around regions (blob) in image [52], [53], [43]. [43]
showed that ridge and blob are good features for
representmg m a semantic ways structured objects like
text, human, face, hand.

Blob and ridge have been used to hand tracking in
[54]). The mam 1dea is to represent hand at mtrinsic
scales such that nidges and blobs detected at sparse
scale represent  overall structure of the hand
while ridges and blobs detected at smaller scales
represent fingers.

The main advantages of the method 15 that the
model represents semantically the structure of the
hand. The approach works at 10Hz on a Pentium 111
Acon 3530 MHz on even complex background.
However, this method has some drawbacks: it is
assumed that po skin like object appeared on the
image. In addition, the ridge and blob detection is quite
lime consuming and most importantly, the analysis of
ridies at intrinsic scales 15 very difficult.

Multimodal features for hand representation:
Each feature type for representing hand has ils own
drawback. Combining some types of feature improves
recognition performance, In [55], authors used a set of
following features for hand representation: original
image, image filtered from Sobel vertical, horizomtal,
and magnitude, derivatives, motion energy, mofion
history 1mage, skin color. The combination of several
features allows a better recogmition wa.t [46]. The
recognition rate attains 1o 92%.

To summarnize, there are two. approaches for band
modelling: 3D model and appearance-based model. 3D
models give an accurate representation of hands and
allow rebuilding hand in 3D space, s0 very suitable for
interaction application. However, the fact of fitting
model n the image is very sensitive to noise and

experiments have been camed out only im ideal
environment, The problem of local optima appears
guite frequently when the mitialization is far from the
configuration of the hand in question. Therefore, the
3D hand model is suntable for hand tracking when the
configurations do not change a lot between two
consccutive frames.

The appearance-based modehng approach, like
almost approaches based on image features, 8 an
exphicit representation because it doesn't express any
information about a 3D hand. The feature extraction 1s
not a simple problem. However, the use of image
features allows representing a vanety of hand
configurations under illumination, scale change.

IV. STATIC HAND POSTURE CLASSIFICATION

A, 3D model posture classification

When hand gesture is represented by 3D model, the
30 parameters of the model will be learnt. The
recognition will be cammied out by projecting the 3D
model on the image that we need to detect hand, The
recognition consists of looking for a transformation
that mumimizes the difference between points on
contour lines of image in question and the projected
model.

B, Appearance based posture classification

Instead of learning 3D model parameters, the
approach of this kind learns features extracted from
images of hands. In the following, we will study some
methods for learming image features based hand
models and hand posture classification.

1) Eigenspace-based classification

Eigenspace has been widely used in classification
problem or object poses deterrmnation [56]. This
approach has been used for face detection and
recognition. The main idea 15 with a set of many
examples, only eigemimages that represent
approximately the variation in the set of examples will
be used as basis vector of eigenspace

8-
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The cigenspace approach uses enlire image as
global feature, so does not require feawre extraction.
Each iniage 1s represenfed by an intensity vector. A
posture 15 represented by a sel of all images of the
same configuration of the hand, observed in different
condiions, The recogmtion is done by projecting. the
image of the hand in question to the eigenspace. The
nearest configuration in the eigenspace will be the
posture 1o be recognized. In reality, recognizing hand
I @n OMage requires some pre-processings as hand
region segmentation to lmil region of non mterest.
normalization of candidate regions following size,
Hlumimation before projecting in the eigenspace:

Figure I, 4 posture classe wused in [44]

[n [44], 100 images belonping to 4 classes of
posture (Figure 1) have been wused to build the
eigenspace of 25 D.

The ‘authors have experimented the recognition
system with 100 images rotated of 15 pixels. Euclidian
distance has been used o deternune the nearest
candidate mn the eigenspace. However, the authors
demanstrated only the good working but not the
quantitative’ evaluation of recogmition rate of the
system. Beside, learning and testing: images. are of
uniform  background. Hand size does not change
between images, Constant illumination is considered

[n [9], eigenspace approach is used to recognize a
set of 25 postures for hand sign language. Each posture
represents 4 character in the alphabel. The Euclidian is
used for measuring the distance in eigenspace.
Iraiming and testing images are both of uniform
background. without arm ocelusion.

Training data compose of 1000 images and testing
dita compose of 1500 images with resolution
236x248. A threshold is used for extracting hand
region. The recognition rate 1s very significant 9944

Felume E-1, No.4(8)

(only 6 false recognitions), The frame rate 15 about
14H=z.

Eigenspace 15 a simple approach because il uses
global features (ie. entire image). However, this
approach cannot recognize hand postures when they
are partially occluded or there is a view pount change.
The papers reporied only results when testing with
uniform background image in ideal lighting condition
and obtained very high recognition rate, If Images. are
taken I an unconstramed condition, recognition rate
will be significantly reduced

21 Newral nerwork for classification

Neural network 15 trained to do the task of
classification by regulaung weights of the netwark
The complexity of the network depends of the number
of nodes, the transfer function and the commection
between nodes of the network.

In |8] authors used neural network to learn.a set of
command gestures in a robot controlling apphication.
The number of inputs and outputs equal to (he sample
resolution (20x20, 18x20 or 18x30). To recognize
hand posture o the image, an active window will be
determoned. It is a region containing face. The skin
detection will locate hand in the image based on the
relative position between hand and face and hand
posture will. be classified using the trained neural
network. The classificaton 1s carmied out by computing
the distance of the example to the posiure set.

To evaluate the algorithm, the authors have buill a
database of 6 posture classes corresponding to A. B, C.
3, Point, V. Each posture 15 used to execute a
command 0 -8 system for locaung and tracking
individual speaker (LISTEN). A thousand images have
been  taken in different conditions of lighting,
background, view, scale.

When the images are of uniform background,
the recogmition rate obtains  94% while o 15
reduced significamtly to omly 75% m case of
complex background.

. 9.
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The algorithm has been also evaluated with Jochen
database of grayscale images with resolution 128x128,
of 10 pestures taken from 24 different subjects on
white-black or complex background [57] The
recogmiion rate attains 93.7% with simple background
images and 84.4% with complex background images

(Figure 2).

N T A |

Figure 2, Examples of hand postures image in
database of Jochen wused by Marcel [§]

In [38], Neguven ef af proposed a method for
gestureé recognition by combimng neusil network and
furzy ARTMARP. The nceural network consists of 4
layers, Instead of wsing a vector composed from all
pixels of the orignal image, the authors divided 1mage
into blocks to reduce the dimensionality of the mput
vector. Each anput of the network 15 a binary value
taken from binarized hand ymage,

The training and testing data are binary images of
36 postures. For each posture class, they ook 200
samples. The total number of samples in the dataset is

7200 mages. The authors evaluated the algonthm on
3438 images and obtamed 92.19% as recognition rate.

The hand posture classification using neural
network bas following advamtages: the neural network
can model more complex disimbution of data than
iraditional methods. However, it has some drawbacks,
First, 1t 15 not able 1o describe the model of the data.
This is why one cannot explain why in some cases 1t
works well but not other cases. In addition, 1t is very
hard to extract rules (rom neoral network 1o help
analyzer to explain the results. As all other methods, if
the traiming data are not signibicant, the network cannot
give good response,

3)  Buoosting approgeh

Adaboost 15 an approach that reduces the number of
non-significent features for representing an object.

This is the case of vsing Haar hke fenture because th
number of Haar like features extracted from an imag
is very big.

To speed up Adaboost, some authors proposed ¢
build Cascaded Adaboost. The mam idea 15 as ther
arc a lot of regions in the image which do not contai
hand, some classifiers will be used to remove non
interest regions rapidly in order to concentrate more o
difficult  examples. The principle of Cascade

Adaboost 15 1o put several Adaboost classifiers 1
consecutive laver.

FUb. BB

Figure 3, 4 posture classed are considered and
recognition results [50]

In [50], the suthors wsed Cascaded Adaboost fc
hand posture classificabon using Haar like features. -
postures are considered (Froure 3),

The dataset are taken with webcam at resolutio:
i20x240. Each posture class has 450 samiples takeén a
(ifferent scale, angle view on sunple background. SO
non-hand images are taken as negative images 1o tral
the Cascaded Adaboost classifiers.

Each Cascated Adaboost classifier s tramned 1
recognize a posture. class. To classify postures, th
parallel structure of Cascaded Adaboost wall be buih
The recogmition rate 15 about 98% for each postur
class when testing with 100 images. The algorithn
works well even there 15 & rotation of 15 degree o
the hand.

In [59], Haar hke features are inputs of Cascades
Adaboost, 6 classes of postures have been learn
ciosed, sidepoint, victory, open, Lpabn, Lback. Thes
postures are taken in varying conditions.

Tao detect hand in tmage, image will be scanned 2
several seales. To evaluate the algorithm, the authon

have taken 2300 images of nght hand of 10 men an
10 women with 2 different canweras i indirect har

= 1) -



lighting condition. Images are then normalized to

rotation and size. The authors showed that the
Cascaded Adaboost built from 100 weak Adaboost
classifiers gives recognition rate 92.23% with false
recognition rate 1.01*107,

As Haar like features are not invariant to rotation,
strong change in illumination and seale, [11] computed
SIFT featires and used SIFT descriptor as input vector
tor Adaboost. 3 hand postures are considered: Palm
Fist and Six, which are acquisitioned in different
conditions, 642 training images are taken from Massey
dataser [60], 450 images of the Fist posture and $31
mages of the Six posture are taken at different lighting
conditions. Background image are taken from 830
images from internet and 149 images taken by the
authors. To evaluate the algorithm, 275 images have
been taken from webeam 320x240. The recognition
rate obtamed with Adaboost is 95.4% in average.

The duthors showed that the combination of SIFT-
Adaboost 1s better than Haar-Adaboost, mostly when
there is poise and the background is complex, The
SlFT-ﬁdﬂbnﬁal: works still well when the hand rotates
an angle of 40 degree. We found that Adaboost is a
good classificaion method for hand posture
classification. SIFT-Adaboost is still better than Haar-
Adaboost due to some intercsting properties of SIFT
features. However, SIFT is very time consuming
therefore not suitable for real-time application.

4 Suppart vécior machine (SVA)

SVM has been used for object classification and
recognition. In [61], the authors used active contour
algorithm 10 determine the human body and hand
contour hnes: Seme heuristics are used to determine
hand on this active contour, The feature vector is then
built from the coordmates of the 4 points: top of head
and  fingertip, feet position and the shoulder
2 subjects panticipated, into expenimentation. 3 videos
are captured. The SVM is used (o recognize “Pointing”
gesture and obtained recognition rates 71% when hand
is observed from side camers and 94.4% in case of
frontal camera
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V. TEMPORAL GESTURE MODELING AND

HECOGNITION

section IV presented methods for hand posture
classification. In this section, we will study methods to
recognize dynamic hand gestures.

A Hidden Markov Model (HMM)

HMM is a statistical model to represent random
signal, In [62] the authors resolved the problem of 3D
object control m virtual environment using HMM, 3
dynamic hand gestures "Greate”, "Ouote”. "Trigger"
have been considered For preparing data, the authors
use CyberGlove. Each posture is represented by a state
vector of 20 elements representing joint angles.

bach dynamic hand gesture is represented by
a HMM and each state of HMM is a posture
represented by a vector 20 elements. At the end of the
traning process, 3 HMM corresponding to 3 gestures
are obtamned. Recognizing 2 gesture returns to finding
& HMM having the biggest probability given
the observation.

[62] showed that HMM is suitable for dynamic
band gestures. However, the aulhors have
expenmented with data taken by glove: it will be more
difficult to obtain these observations with camera.

Based on HMM, [63] used data obtaimed from the
Cosine transformation of images taken from camera.
Al each time, image 15 segmented and hand is detected
as blob in the image, Kalman filter is used to track
hand in the video,

The -authors have experimented with 36 hand
gestures on uniform and complex background. The
recognition rate is about 98% but it 1s very difficalt 1o
evaluate quantitatively and explan this result,

In [46], the authors have used HMM combining
with analysis result of motion image. To reduce the
number of dimensions of state space, they used only
mountain regions on difference image between frames.
Each mountain region is characterized by a vector of 7
elements corresponding to coordinates and deviations,
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hstanee betwieen mountain COntres 1
homzontal/vertical onentation and motion mdex.

In [64], the author proposed also HMM to
recognize alphabets (A-£) and numbers (0-9) from
sterco’ image sequences. There -are '3 stages m the
system: segmentation and pre-processmmg  for  hand
regions; feature extracuon and classification, In the
first stage, color and 3D depth map (due to the use of
stereo images) are used to detect hand, then Mean-shift
and Kalman filter are used to track the trajectory of the
hand movement. In the second step, feature extraction
combines 3 types of features: location, orientation and
velocity with respected to Cartesian systems, then K-
means 15 employed for HMMs codeword. To tran all
parameters of HMM, Baum-Welch algorithm is used.
The method is tested with 240%320 sequences, 30
sequences for traiming and 20 sequences for wesung for
cach pesture. This approach works well in real-time
even in ¢ase of cluttered background and partial
overlapping.

8. Hvbrid recognizer

In [653], -8 hvbrid approach has been proposed to
mmprove the recognition rate of HMM approach. This
is the combipation of HMM with Artificial Neural
Network (ANN) coming from the idea that ANN
represents the non-linear local dependence of postures
while HMM allows processing the change in time.

In the paper, the authors used state vector of 15
clements composed of second order moments of the
region representing hand, angle between x axis and the
straight line connecting right hand center and Jeft hand
center, the length of this stmaight bne, normalized
vector of movement of the hand. Following this
principle, cach hand gesture is represented by a HVIM,
ANN 15 ramned 1o classify state vectors which are
randomly distributed,

90 wvideos for each gesture at resolution [20x90
have been used for wramng and testing. Recognition
mte 15 about %1%, which 15 better than using only
HMM presented in their previous works.

To summarize, the using of ANN helps to umpros
recognition  tate of hand gestures, Howoever,
drawback of this method 151t 15 time consuming due 1
the computations performed on the image. A solutio
for that 15 to detect only cancidate regions (han
detection) before hand recognition.

¢ Conditional Random Field (CRF) and Finite Stap
Machine (FSM)

HMM is a powerful generative model that includs
hidden state strocture, this generative model assume
that observations are conditionally  independen
This restriction makes it difficult or impossible ¢
accommodate  long-range  dependencies amon
phservalions,

CRF, a discriminative model, was first mtroduce
in natural language processing for wsks such as now
co-reference resolution, name entity recognition an
information  extraction. Recemtly, there has bec
increasing interest m usmg CRF i vision communits
CRF uses an exponential distribution to model th
entire: sequence  given the observiiion - sequencs
allowing to avoid theé indeépendence assumplio
between.  observations, and  allows  non-locs
dependencies between state and abservations.

In [66], the authors compared gesture recognitio
using HMM, CRF amd Hidden CRF (HCRF). Hidde
CRF 15 CRF with hidden variables. A HCRF aliow
modeling the conditional probability of a class labs
given a set of observations. In the case of gestur
recognition, users were asked to perform these gesture
m fromt of & stereo camera. From cach mmage frams
a 3D cylindrical body model, consisting of a heas
torso, armé and forcarms was estimated, The jour
angles and relative coordinates of the joint and the ar
are used as observation. 6 arm gesture classes (labels
are considered as in Figure 4, The experimental resuli
showed that the HCRF outperforms HMM and CR
for certain bead gesture recogmition tasks (727
(HCRF) against 65.33% (HMM) and 66.53% (CRF
m term of recognition accuracy). In case of han
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Finite State Macline (FSM), a behavior model
canposed of 3 finite number of states, transitions
berween those states, and actions has been used to
model dynamic hand gesture [67], Features, computed
from the input video images, used for input to gesture
madehng and recognition are the 2D positions of the
centers of the user's face and hands, which are
determined by skin color based segmentation. A
gesture is defined as'an ordered sequence of states in
the spatial-temporal space. Each state has 5
parameters. The FSM is tramed for each hand gesture
via 2 phases: 1) spatial clustenng phase determines the
number of states for each hand gesture; 2) temporal
phase  builds the state sequence
corresponding o the data Sequence. Each state
Sequence 15 a FSM recognizer for a gesture. When o
new feature vector dmves, each gesture recogmizer
decides whether to stay at the current state or to jump
to the next state based on the spatial parameters and
the time variable, When a recognizer reaches it final
state, the gesture iEITﬂqEﬂml.‘-d.- This method is quite
similar to HMM-based method. The difference 1s that
with HMM, the number of states and the structure of
the HMM ‘'must be predefined The FSM does not
define the number of States because the gesture model
is produced thanks to the segmentation and alignment
of waming data. Unfortunarcly, o the paper, the
authors did not  mention the performance of hand
gesture using FSM,

alignment

FA iy EY. 7L Pa B

Fivure 4. llusiration of 6 gestures tlasses [66]

Vi. CONCLUSIONS

In this paper, we reviewed techniques for hand
gestures  recognition methods  used i  different
applications ranging from robotic, control devices Lo

definition of hand pestures and s classification. The
framework of an overall system for hand gestures
recognition is proposed. Following this framework, we
presented cach component: hand detection,  hand
representation; posture classification and dynamuc hand
pesture recognition.

Hand detection 15 an optuonal step that helps 1o
remove all non interest regions i the image to be
processed later therefore reduce the computational
time, The technique most frequently used 1s skin
segmentation. However this lechmgue requires more
data for traming and depends a lot of hghting condition
and human origin. Even obtaining a segmentation rate
to 94%, skin segmentation remams a big challenge.

Concerming hand  representation, there are 2
categories of approach: 30)-based modelmg and
apprarance-based modehing. 3D based-model based on
3D parameters of a hand (e.g. joint angles, length
finger) so it is good to recover the 3D hand for
interactive applications {e.g. moving object in a virtual
environment). However, the fact of determuning model
parameters and the searching for the most simlar
model in the image 15 an eplimization process and can
casily return to a local extreme. Therefore, 3D model
15 gencrally apphed in hand tracking because the hand
configuration does not change a lof between two
consecutive frames. Appearance-based model seems 10
be more convenient because 1t used features computed
from mmages Appearance models do not give an
explicit representation about hand structures, bul lead a
ot of methods for hand recogmition. Features range
from plobal (e.g. entire image; PCA techmgue) to local
(e.2. Haar like featurc), static to motion features,
numeric (¢.g. oremed histogram) to structured features
(c.gz. elastic graphic, ridge and blob). Global [eatures
mive a simple learning and recognition but they are not
robust 1o occlusions. Local features as Haar like give
the good resulls of recogmtion. In addition, the
computation 15 very fast. However, Haar hike features
require more examples for waimng and depend
strongly of hand subjects to be learnt. Ridge and blob
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are good leatures for representing structured objects

but blob and ridge extraction 15 quite sensilive to noise:

{when connecting rge at mirmsic scale) and

{ime - consuming,

Techniques for hand gesture recognition depend of
features and the method used for hand representing.
PCA is suitable for global features to reduce the high
dimensionality. Cascaded Adaboost 5 a  good
accompany of Haar like features, first to reduce the
number of features to be considered, secondly, 10 reject
rapidly non-candidate hand gestures. The recognition
rate is abowt 92%, The combination of SIFT and
Cascaded Adaboost gives better recognition rale than
Haar like features and Cascaded Adaboost. However,
SIFT 15 time-conswming and not widely used for real-
time applications. 8VM is a typical classifier for all
types of numeric features. However, currently the
using of SVM for hand gesture recogmition does nol
obtam good result. Newral network s used in some
cases and give quite good results.

For -dynamic hand gestures, HMM 15 commonly
used in signal processing and alse ‘in hand gesture
recognition. Generally, cach state of HMM represents
a configuration of hand (hand posture) and the number
of nodes in HMM represents key  configurations
representing dynamic hand gesture, The using of ANN
m . the choosing of the best state that fits the
observation data is a good solution in the framework of
HMM. It gives a betier recognition rate (90%) than
using only HMM. However ANN 15 ime consuming.

In conclusion, there is no exact answer for the
question: which method is the best for hand geswre
recognition. The recogmifion rate reported in the cited
papers 18 pot cvaluated on the same database.
Therefore, this mfaormation 15 just for reference.
However, we have some qualitative conclusions as
follows: For posture classification, Haar like features
are good sccompanied to Cascaded Adaboost To
avold muss detection, it would be possibile to regular
some parameters of Cascaded Adaboost then remove
false detections by verifving if the candidate regions

satisfy criteria on some properties of Hu moments or
skin color. For dynamic hand gesture recogmition,
HMM 15 a typical model. The difterence belween
methods is the features used to model states of HMM.
The comexigal mformation could be imegrated into the

process to improve the recognition rate.
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