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Abstract

Hand gesture plays an important role in controlling various appliances and gadgets nowadays. Recognition of proper
gestures with the help of multiple techniques is vital for the hardware interfaced with it. Work has been done on various
steps of the process of hand gesture recognition. Starting with video acquisition and pre-processing, hand detection
and tracking, and feature extraction finally lead to classification and recognition. This paper provides a detailed review
of state-of-art techniques used in recent hand gesture recognition techniques. We have also discussed the advantages
and disadvantages of various techniques and the reason behind moving to another method. It is hoped that this study

might provide researchers with a comprehensive description of the hand gesture recognition techniques that may help
in pattern recognition, computer vision, and artificial intelligence.
Keywords: Computer vision, Hand Gesture, Hand Gesture Dataset, Hand Tracking, Machine learning, Recognition.

1. Introduction

In the growing world of artificial intelligence and
image processing, the demand for controlling objects re-
motely and security has been raised a lot. Image pro-
cessing needs to be done for visualization, sharpening of
images & regeneration, retrieval of images, pattern
measurement, and recognition of images. Many algo-
rithms quickly detect and track various gestures in static
conditions but do not support dynamic image recogni-
tion due to multiple challenges like invariant features,
movement between gestures, automatic filtering, feature
segmentation, matching techniques, mixed gestures, and
complex dynamic backgrounds.

Early research on vision-based hand tracking and
gesture recognition usually used markers or colored
gloves (Mistry & Chang, 2009, Wang & Poppovic,
2009). Current research in vision-based hand tracking
and gesture recognition techniques is more focused on
using bare hands and identifying hand gestures without
the help of any markers and gloves. However, obtaining
highly accurate results is challenging for any vision-
based approach (Rautaray, 2012). Systems using bare
hands suffer from some difficulties, such as the user and
camera needing to be independent and invariant against
the dynamic background, transformations, and variable
lighting conditions for real-time performance. Human
hands can change their shape; therefore, there are

chances of difficulty arising in detection and recognition.

47

Work done addressing issues in the research articles re-
lated to vision-based recognition techniques helped the
researchers identify the key issues and problems and
work further on them to reduce and make them more
user-friendly. This paper constitutes the research done in
the existing literature about various steps to be followed
in developing a robust hand gesture recognition system.
This study will help to gain knowledge for the upcoming
researchers about the process that needs to be followed
to develop a system that dynamically recognizes hand
gestures and can help in a wide range of applications.

The papers cited as references have been collected
by first finding the literature associated with the topic.
Various hand gesture recognition system steps have
been categorized, and the related literature has been
searched and analyzed. After the analysis, those papers
were systematically evaluated based on the results and
optimized techniques used in them. If the paper is found
relevant based on the requirements, the paper is selected
and cited. When collecting papers, several factors are
considered, including the research question, the scope of
the study, and the type of publication required. The
search terms used depend on the research question and
the scope of the study. A comprehensive list of relevant
search terms is compiled, which may include keywords,
phrases, and subject headings related to the research
topic. The inclusion and exclusion criteria are developed
to ensure that only relevant studies are selected for the
analysis. The criteria may include factors such as the
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type of publication, the date of publication, the study de-
sign, the sample size, and the quality of the study. After
the initial search, the titles and abstracts of the articles
are screened to determine their relevance to the research
question. The full texts of the relevant articles are then
retrieved and assessed for eligibility based on the inclu-
sion and exclusion criteria. Finally, the selected articles
are read in detail, and the relevant data are extracted for
analysis.

The paper is organized as follows:

Section 2 gives an overall view of the hand gesture
recognition system. Section 3 discusses various types of
approaches used in Hand Detection. Section 4 presents
different types of hand tracking methods. Section 5 pro-
vides a list of various features available in previous pa-
pers for the feature extraction stage. Section 6 presents
classifiers used in machine learning for proper recogni-
tion of gestures. Section 7 provides a final summary of
the survey.

2. Overview of the Hand Gesture Recogni-
tion System

Fig. . 1 shows various steps that play an im-
portant role in the Hand gesture recognition process.
Gesture recognition involves tracking human gestures to
represent them and convert them into meaningful com-
mands Among the various phases of a hand gesture
recognition system, video acquisition, and pre-pro-
cessing steps depend on the applications for which the
system is developed. For contactless handling of devices,
proper tracking and recognition are required in which a
pre-requisite condition of accurate image pre-processing
and detection should be fulfilled. Extracted features
should be meaningful and also need to justify the proper
method of the recognition process.

Image Pre-
Processing

Video
Acquisition

Hand
Detection

Hand Gesture

Recognition
System

Hand
Tracking

Feature
Extraction
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Fig. 1. Overall phases in a hand gesture recognition system

3. Detection

The hand gesture recognition system is initialized
by the process of hand detection and extraction from the
background. Successful execution of this step will lead
to proper tracking and recognition of gestures. Skin
color detection, 3D model-based, and motion-based de-
tection are among the methods available in the literature.
Fig. . ure 2 shows the various color detection techniques
evolving with time.

Motion based
Detection

3D Model based
Detection

Color based
Detection

Fig. 2. Different Approaches for Detection

3.1Color based detection : The skin-colored re-
gion is extracted successfully from the input image to
obtain many researchers' desired hands. Successful de-
tection includes a proper selection of color models, and
a variety of them are available, like Red-Green-Blue
(RGB), normalized RGB, Hue Saturation Value (HSV)
(Saxe & Foulds, 1996), YCrCb (Chai & Ngan 1998,
YUV Yang et al., 1997), etc. The YCbCr color model
distinguished skin-colored pixels from the background
(Yuetal., 2010, Rekha & Majumder et al., 2011, Panwar
& Mehra, 2011). The required hand portion was ex-
tracted using this color model, filtered by a median filter,
and finally processed by a smoothing filter. (Malima et
al., 2006) used the Red/Green ratio to determine the
skin-colored regions for robotic application. Initially,
the center of gravity of the hand was searched, and then
the farthest distance from the center was calculated. In
this way, the fingertips of the hand have been identified.
Manigandan and Jackin (Manigandan & Jackin, 2010)
used the same steps as (Malima et al., 2006), except the
RGB input was converted to HSV color space before
further processing. Fang et al. (Fang & Lu, 2007) ap-
plied the Adaptive Boost algorithm to detect hands from
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the input image captured during image acquisition. This
algorithm was able to detect the overlapped hand. The
Haar-like features were extracted, and other processing,
like face subtraction, skin detection, and a contour com-
parison algorithm, was used to detect the hand region
(Dardas & Georganas, 2011). The experiments were car-
ried out in a cluttered background.

However, using only color as information to seg-
ment the hand can create confusion between the back-
ground objects that have a color distribution similar to
human skin. A way to minimize this problem is to use
the background subtraction technique (Rehg & Kanade,
1994). The first frame of the video was considered the
background for the entire processing of the system
(Hsieh et al., 2012). The first frame did not contain the
target hand. Then, this background was subtracted with
the successive frames of the input video to detect the
moving objects. Finally, skin-colored pixels were ex-
tracted using the CamShift algorithm to detect the hand
from the objects. Tewari and Srivastava (Tewari & Sri-
vastava, 2012) first converted the input RGB image to a
grayscale image. The pixels of the hand regions could
be extracted easily as it was carried out in a controlled
environment where the signer used a black dress and
black bandage with a black background. Salleh and
Ramli (Ramli, 2012) used background subtraction to de-
tect the hand. It was observed that there are three binary-
linked regions, i.e., the face and two hands. The maxi-
mum values of the region connected were identified us-
ing binary linked object (BLOB) analysis to select the
two hands. To solve the background subtraction problem
when the camera and background are in a static position,
some researchers (Utsumi & Ohya, 1998, Blake et al.,
1998) have proposed to make dynamic corrections of
background models.

Human skin color varies naturally, but skin color
variations in images may also result from changing illu-
mination conditions or camera characteristics. Therefore,
the color-based approaches should also consider such
problems for compensating such variability. Some re-
searchers (Yang & Ahuja, 1998, Sigal et al., 2004) pro-
posed a model for detecting skin color independent of
the changes in illumination. Yoon et al. (Yoon et al.,2001)
proposed various Hidden Markov Model (HMM) mod-
els for recognition systems having multiple hand ges-
tures. Detection is done based on skin color and motion.
Features used comprise combined and weighted location,
angle, and velocity. A set of 2400 trained and 2400 un-
trained gestures have been used for training and testing.

49

DOI: 10.6977/1J0S1.202309_7(7).0003

S. Saboo, J. Singha/ Int. J. Systematic Innovation, 7(7),47-70(2023)

Rahman, Purnama, and Purnomo (Rahman et
al.,2014) proposed a new system combining two skin
color models for each pixel, forming a vector containing
Hue, Saturation, Cb, and Cr color elements. From the
proposed detection models, 93.89% true Positif Rate
and 10.75% false Positif Rate are calculated. This paper
describes three categories of skin color detection. The
Explicit Range method determines the pixel class for the
predetermined color range. A nonparametric method
calculates the variance of a single-color model but can-
not handle all kinds of skin color distribution, and the
third one is the Parametric method. The database con-
sists of 50 images with varied sizes and ten images. The
detection phase converts every pixel of an image from
HSV to the YCbCr color model and forms a vector con-
sisting of H, S, Cb, and Cr, which gives results in the
form of mean and covariance. Mahalanobis distance (D)
is calculated using threshold T=0.5T. Yushan et al. (Yu
et al., 2016) used a method in which the image is firstly
pre-processed using Haar-like features. Pixel sum and
difference of particular region are considered such that
the image transforms to a gray image, and then the his-
togram equalization process is performed.

Kaur, Anuranjan, and Nair (Kaur & Nair, 2018)
present a genuine time hand gesture recognition system
that detects hand gestures in midair and controls the ap-
pliance corresponding to input gestures. Real-time hand
detection is done with the help of the Histogram of Ori-
ented Gradients (HOG) feature in MATLAB. Mayyadah
et al. (Mahmood et al., 2018) considered approximately
200 images and captured data images with the help of
HP pavilion dv6. In the detection phase, subtraction be-
tween the Region of Interest (ROI) background and ROI
hand gesture is made, and afterward, the input image is
transformed into a grayscale image. Maleika et al.
([Heenaye-Mamode et al.,2019) developed an applica-
tion to categorize and recognize the classical “Bha-
ratanatyam” dance hand gestures. A customized data-
base of these dance movements was prepared with 900
images, among which 450 were for the training set. An
equal number is taken for the testing set, consisting of
15 instances for each hand gesture. For the detection
process, the use of Chain Codes along with a Histogram
of Oriented Gradients (HOG) was proposed.

3.2 3D model-based detection : The advantage of
the 3D hand models is that they support detection, which
is view independent. Dimensions of the hand in the im-
age should be adapted using 3D models with sufficient
degrees of freedom. Image features are the basic
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requirement for constructing feature models (Rautaray

& Agrawal, 2015). Kinematic hand models employ

point and line features to recover angles formed at the

joints of the hand (Rehg,1995, Shimada,1998, Wu &

Huang, 1999, Wuelt, 2001). There are various 3D mod-

els present in literature by researchers, along with their

advantages and disadvantages. In some of the research,

a framework having a deformable model is utilized to fit

the hand 3D hand model to the available image (Lee &

Kunii, 1995, Heap & Hogg, 1996). The image edge

model gets attracted by the forces guiding the filling,

and other balanced forces are available by which conti-

nuity and evenness are preserved among surface points.

3.3  Motion based detection: A few pieces of
literature used methods using motion to detect hand.
Motion information provides better results when com-
bined with additional color cues and successfully distin-
guishes hands from other skin-colored objects (Cutler
1998, Martin et al.,1998). The system also works suc-
cessfully under changes in illumination, but the camera
and background require being static for easy detection
of hand. The difference in the luminance of pixels from
two successive frames of the input video is close to zero
for pixels of the background. Thus, moving objects
(hands) are detected well in a static background by
choosing the appropriate threshold. A novel feature
based on motion residue is proposed by Yuan et
al. (Yuan, 2005). It is observed that hands are articulated
objects, so they have non-rigid motion. Therefore, the
hand is detected by exploiting the information that for
hands, appearance among the frames changes more fre-
quently as compared to other objects such as the face,
clothes, and background. Spatiotemporal-based charac-
teristics were generated from the video sequence (Yang,
2010). Frame differencing was performed between suc-
cessive frames of the video sequence, and then skin fil-
tering was performed to extract the skin-colored regions.
Chen et al. (Kim, 2001) proposed combining skin filter-
ing and motion information models. The detection phase
included all the skin-colored objects like face and hand,
and a suitable face detection algorithm resulted in the
extraction of the face. The frame differencing was used
to locate the moving objects in the surroundings. Finally,
the results were combined to obtain the hand region. Ad-
itya Ramamoorthy et al. (Chaudhurya, 2000) developed
a recognition engine that recognizes dynamic gestures
despite individual variations. For shape change detec-
tion, the centroid of the contour points is calculated, and
the variance of the contour points from the centroid is
obtained.
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Table 1. Techniques Used in Detection

Color based Detection

DETECTION
Background subtraction Rehg et al., 1994
HSV Color space Saxe et al., 1996
YCrCb color space Chai et al., 1998
YUYV color space Yang et al., 1998

Dynamic correction of background models.

Utsumi et al., 1998

Color system conversion from RGB to YIQ

Yoon et al., 2001

Red/Green ratio to determine the skin-colored re-
gions

Malima et al., 2006

Adaptive Boost algorithm to detect overlapped
hand

Fang et al., 2007

YCbCr color model detects and extracts skin-col-
ored pixels from the background

Yuetal., 2010

RGB input was converted to HSV color space be-
fore processing

Manigandan et al., 2010

Input RGB image to grayscale image

Tewari et al., 2012

Maximum values of the region connected were
identified using binary linked object (BLOB)

analysis

Ramli et al., 2012

A combination of two skin color models forms a
vector containing color elements of H, S, Cb, and

Cr for each pixel

Rahman et al., 2014

Haar-like features like pixel sum and subtraction

Yushan et al., 2016

Histogram of Oriented Gradients (HOG)

Kaur et al., 2018

Difference between the ROI background and
ROI hand gesture

Mahmood et al., 2018

Combination of Chain Codes and Histogram of
Oriented Gradients (HOG)

Yang et al., 2019

RGB frames combined with hand segmentation
masks

Garcia et al., 2021

3D model
based De-

tection

Use of point and line features to recover angles
formed at joints

Rehg et al., 1995

Use of anatomical data of human hand

Lee etal., 1995

Deformable model framework

Heap et al., 1996

Construction of feature model correspondences

Rautaray et al., 2015

Motion based Detection

Employed changes in interframe appearance

Yuan et al., 1995

Two successive frames pixel luminance differ-

ence

Cutler et al., 1998

Centroid of the contour points and variance cal-

culation

Chaudhurya et al., 2000

Frame differencing

Kim et al., 2001

Spatial information of hand

Bhuyan et al., 2006

Use of spatiotemporal based characteristics

Quan et al., 2010

Use of both color and motion features

Chen et al., 2018

Angular-velocity method

Shantakumar et al., 202
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Ratios of different variances of different shapes are
calculated. It is observed that at the time of shape change,
the ratio of the variance of the predicted and observed
contours will be above the expected value. Based on a
small area of 10*10 pixels, the mean and variance of
hand color are estimated. Ghoan et al. (Bhuyan, 2006)
describe a gesture recognition system that recognizes
broad classes of hand gestures in a vision setup. Firstly,
gestures having only one global motion are recognized
with the help of spatial information of hand in the form
of motion trajectory along with some static and dynamic
features. The concept of object-based video abstraction
is used for segmenting video frames. (Chen et al., 2018)
proposed a hand-tracking method that uses the strategy
of proposal selection based on temporal information,
hand detection, and human pose estimation. Some of the
important techniques have been categorized and shown
in Table 1.

4. Tracking

The detection method can be used for tracking if it
is fast enough to operate at an image acquisition frame
rate. One of the most challenging tasks in a hand gesture
recognition system is tracking due to the variable gestic-
ulation speed of the users. The tracking system should
be robust enough to perform well even when the hand
moves quickly. Tracking provides the interconnection
between the hand appearances of consecutive frames,
thus generating the trajectory of a gesture. The features
are extracted from this trajectory in the later stages.
Tracking also maintains model parameter estimates and
features that can be observed afterward (Rautaray, 2018).

4.1 Color based approach : (Guoet al,, 2011)
suggested a new hand-tracking system that uses skin fil-
tering pixel-based hierarchical feature AdaBoosting and
is used with background cancelation. (Koh et al., 2009)
proposed a color model to track hand gestures with the
help of skin. The active appearance model helps con-
struct a hand appearance model that considers color and
shape information. During the initialization of the sys-
tem, Mahalanobis distance was used, which helps verify
the user’s hand and appearance model. The skin color
model is constructed using Gaussian distribution.

Color histogram was extracted and used as the in-
formation to track an object (Comaniciu, 2003). Mix-
tures of Gaussians were used to develop the model for
the color distribution of the object (Jepson, 2003, Zhou,
2004, McKenna, 1999). However, the drawback of this

52

DOI: 10.6977/1J0S1.202309_7(7).0003

S. Saboo, J. Singha/ Int. J. Systematic Innovation, 7(7),47-70(2023)

color-based technique is that it fails if there is the pres-
ence of things in the background with a similar color as
that of the hand.

4.2 Probabilistic approach: In the last decade, many
researchers have adopted probabilistic approaches to
track hands (Binh, 2005, Imagawa, 1998, Isard, 1998,
Shan, 2007, Weng, 2006, Zhang, 2009, Zheng, 2009).
The blobs are computed in some literature (Binh, 2005,
Imagawa, 1998), which is used for

tracking hands. The following location of the hand
is predicted using the Kalman filter. The measurement
noise used in the Kalman filter is assumed to be Gauss-
ian for the system developed in these papers. Moreover,
the gesticulation should be performed with constant ve-
locity, which restricts the natural speed of the user. Mul-
tiple cameras were used to track the hand using a Kal-
man filter running in each video frame to estimate the
hand postures (Utsumi 1999). Peterfreund (Peterfreund
1999) developed a robust technique to handle the clut-
tered background. The foreground can be separated
from the background by combining the conventional im-
age gradient with optical flow. (Asaari et al.) combined
Adaptive Kalman Filter and Eigen hand features to track
hands under various perplexing conditions. However,
the algorithm is not successful in the presence of large-
scale variations and changes in poses.

One of the methods to track the hand position is
particle filters, in which the hand location is modeled
with a particle set. The Condensation algorithm per-
forms better than Kalman filters (Isard & Blake 1998).
This algorithm performs well against cluttered and dy-
namic backgrounds. It uses “factored sampling,” where
a randomly generated set represents the probability dis-
tribution of possible interpretations. This algorithm uses
visual observations and learned dynamical models to
propagate this random set over time. (Mammen et al.
2001) extended the Condensation algorithm to detect
target objects under occlusions. The same algorithm is
combined with color information within a probabilistic
framework by (Perez et al. 2002). This technique pro-
poses a new Monte Carlo tracking algorithm.

(Bhuyan et al. 2006) proposed a new model-based
method for tracking hand motion in complex scenes is
being designed in this paper. The motion vector estima-
tion process takes place in the type of tracking algorithm
used. An object tracker forms the core of this algorithm
which matches a two-dimensional binary model of the
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gesture with subsequent frames using the Hausdorff dis-
tance measure. Frames are segmented in the gesture se-
quence to form object video planes where the hand is
considered a video object. The hand pixels are assigned
a binary value of ‘1°, and the background pixels are as-
signed a value of ‘0’. Then, the trajectory is estimated
using the centroid of the hand being detected by the
above process.

4.3 Appearance based approach : (Comaniciu et
al. 2003) used a color histogram to develop a hand
tracker model. Hand detection is done by calculating
color histogram, which is used as mean shift and locates
hands in video frames and tracking. A new type of algo-
rithm named CamShift (Continuous adaptive mean-shift)
has been proposed as an enhanced form of mean shift
algorithm used for object tracking (Nadgeri 2010, Brad-
ski 1998).

This algorithm tracks the hand efficiently in normal
backgrounds, but it does not provide an accurate result
when the hand occlusion occurs with other skin-colored
objects. The track window’s size is adjusted by the Cam-
Shift algorithm. CamShift algorithm can track any fea-
ture distribution representing the target successfully
(Bradski 2008). There are many techniques where the
CamShift was combined with various other tracking
methods, which led to improved tracking efficiency. For
example, in literature (Wang 2010, Huang 2011), the
CamShift algorithm was combined with the Kalman fil-
ter. The Kalman filter predicts the possible positions of
a target, and then the CamShift is used to search and
match the target in the predicted areas (Wang 2010).

(Shi and Tomasi 1994) chose high-intensity corner
points as features for tracking the target object. This led
to successful tracking and results, but as soon as the
number of frames increased, feature points decreased.
This can be due to illumination changes or changes in
hand appearance. (Kolsch & Turk 2004) introduced an
algorithm based on a tracker based on Kanade Lucas
Tomasi (KLT). However, the KLT tracker does not yield
good results at the time of hand shape change during
gesticulation. (Porikli et al. 2006) proposed a tracker
working on the concept of a covariance matrix (Tuzel et
al.,2006), and the Riemannian manifold was used for
modeling the updated mechanism. In their system, the
target object was represented with a set of features as a
covariance matrix. For every consecutive frame of the
input video, a candidate region searched that had a co-
variance matrix similar to the target object. The model
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then receives the information and updates the system
with the changes in the appearance of the hand. But this
tracker will only respond if the target and background
have a few variations. An Eigen space approach-based
tracking system named Eigen tracking was developed
by (Black and Jepson 1998). This tracker uses subspace
constancy assumptions for estimating hand motion. This
technique requires pre-training of the Eigen basis, which
increases the tracking time of the system. Moreover, the
Eigen basis needs to be updated. Thus the system cannot
work in an environment suffering from illumination
changes.

(Yushan et al. 2016) proposed a method that com-
bines the CamShift algorithm and Haar-like feature de-
tection. This method successfully gives output for track-
ing and classifying hand gestures in images acquired in
a dynamic environment. During the initial stage, a Haar-
like classifier is employed, which acquires the color of
the hand. To track the acquired hand, Camshift, along
with a 2-D Kalman filter, is used. This algorithm solves
the problem of lost tracking due to hand occlusion and
skin color disturbances to a great extent. A recognition
rate of 99.5% is obtained by using the proposed system.

(Xiu, Su, and Pan 2018) Try to reduce problems in
which accuracy decreases because of similar target color
and background color or if the target is covered. The
tracking algorithm is improved and is based on Cam-
Shift, which has the advantage of the Mean shift algo-
rithm, in which the window size can be changed as the
size of the target changes. The proposed algorithm starts
with the Kalman filter, which tracks the target and stores
its motion information by prediction method. The
Bhattacharya coefficient is calculated using the image
histogram features. If any target occlusion exists, the
Kalman filtering algorithm will repeat itself and predict
the target motion in the next frame. After this process,
CamShift will try to find the target near the expected lo-
cation by the probability distribution map of the image.
The target's position can be accurately located by the
size of the tracking window, which should exceed the
threshold value to calculate the perfect target position.
Fig.. 3 shows examples of some of the video gestures
formed using tracking techniques.
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Fig. 3. Tracking of some of the gestures

The problems in the previous two steps are re-
solved by improved CamShift, which means shift oper-
ation is used as a tracking principle. The last frame is
used for the window position search of the next frame.
If the background is, the same tracking fails as the back-
ground starts acting as a target. With the changes made
in CamShift Algorithm, the background is changed due
to the available value of thresholds for the camshaft win-
dow, which decides the background interference prob-
lem. If background interference is detected, the target
contour is extracted by three steps:

e  The image should be binary.
e  Noise interference should be reduced.
e  Canny edge detection is used for target detection.

(Chen and Zhu 2018) designed a hand tracker with
the self-correcting capability to re-initialize the tracker
position by integrating the human pose and hand detec-
tion information. Hand positions and an approximate
center of the human body in the starting frame are used
for initialization to give a perfect starting point. Hand
tracker uses contour points and Harris corners, a pixel-
based skin detection method to recover the tracked hand
in subsequent frames based on information from the
hand detector and wrist position estimator. Table 2
demonstrates the evolution of tracking methodologies
used in Hand Gesture recognition systems.
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Table 2. Evolution of tracking methodologies used in Hand Gesture Recognition

TRACKING

Comaniciu et al.,

§ Gaussian distribution and Color Histogram 2003

2= o .

=g Use of color distribution of the object Jepson et al., 2003
S @O

— N N "

(3 g glitcl:e Appearance Model and Mahalanobis Dis- Koh et al., 2009

Skin filtering pixel based hierarchical feature Ada-
Boosting

Guo et al., 2012

Probabilistic approach

Kalman filter running in each frame of video

Utsumi et al., 1999

Optical flow along with image gradient

Peterfreund et al.,
1999

Condensation algorithms

Isard et al., 1998

Extended condensation algorithm

Mammen et al.,
2001

Condensation algorithm integrated with color in-
formation

Perez et al., 2002

Computation of blobs and Kalman Filter

Binh et al., 2005

Motion vector estimation

Bhuyan et al., 2006

Adaptive Kalman Filter along with Eigen feature
tracking

Asaari et al., 2015

Appearance based approach

High intensity with corner points is being selected
as features for tracking the target object

Shi et al., 1994

Camshift Algorithm

Bradski et al., 1998

An Eigen space approach based tracking system

Black et al., 1998

KLT tracker

Kolsch et al., 2004

Covariance matrix representation

Porikli et al., 2006

Riemannian manifold

Tuzel et al., 2006

Adaptive mean shift

Nadgeri et al., 2010

CamShift combined with kalman Filter

Xiangyu et al.,
2010

CamShift and Haar-like feature detection

Yushan et al., 2016

Hand tracker having self-correcting capability that
can re-initialize the tracker position

Chen etal., 2018
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5. Feature Extraction

A proper feature matrix consisting of robust fea-
tures is required for improved recognition. A few papers
used a single feature to develop the gesture recognition
system. (Elemicin et al.2008) tried to recognize both
isolated and continuous gestures with the help of the ori-
entation feature. With the help of this feature, gesture
motion direction can be calculated using trajectory
points. The quantization process used code words from
1 to 18 on the orientation angle. (Kao and Fahn 2011)
also used the orientation feature to design a real-time
hand gesture recognition system. Gestures were classi-
fied using HMM after the quantization process.

Location, orientation, and velocity features were
among the most used features by researchers (Bhuyan
2008, Bhuyan 2014, Li2016). (Xu et al. 2015) proposed
a novel hand gesture recognition system for robotic ap-
plications using features like orientation, chain code by
1-8 code words, location, and velocity. (Yoon et al. 2001)
used a combination of location, orientation, and velocity,
as shown in Fig. . 4. The orientation feature calculates
the direction of gesture motion from the center to all

gesture points in the trajectory and between the tra-
jectory points. (Elmezain et al. 2009) proposed the use
of two location features and three orientation features
which were combined with velocity features.

Many researchers have tried to improve the sys-
tem's performance by combining multiple features.
(Bhuyan ef al. 2006) used static and dynamic features to
construct the feature matrix, which helps recognize the
gestures. A few static features include trajectory point
selection, location, trajectory length, orientation, and lo-
cation features. The number of significant curves start,
and end of the gesture trajectory forms the orientation
feature. The dynamic features include the velocity and
acceleration features. Fig. . ures 4 and 5 show samples
of some of the features extracted and used in the feature
extraction process.

(Bhuyan et al. 2008) increased features to be in-
cluded in the feature matrix they used (Bhuyan 2006),
like the standard deviation of the speed feature for ges-
ture recognition. A conditional Random Fields (CRF)
based classifier model was proposed, which helped rec-
ognize continuous hand gestures (Bhuyan 2014 ). In
Fig.. 5, atechnique was used in which the ellipse was
adjusted over every six trajectory points named as
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ellipse fitting technique. From the ellipse, features such
as orientation and major axis length of all ellipses were
extracted. The positioning feature was extracted where
the start and end position of the gesture trajectory was
found and divided into top, middle, and bottom horizon-
tal sections. For isolated gestures, 96% recognition ac-
curacy was achieved. A combination of two types of fea-
tures: hand shape and hand direction, was used by (Li et
al. 2016). Hand shape includes the distance between the
fingers of the hand, and hand direction feature includes
acceleration, velocity, and orientation features

X baseline
(Xi-1, Yie))
0,
L-"(x, ¥)
"/T 9]:
(Cr- Cz)
» X

(b)
Fig. 4. Feature extraction (a) three features: location (Lt), ori-
entation (01t, 02t), and velocity (Vt) (b) chain code
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Fig. 5. Feature extraction (a) orientation of the major axis of
the ellipse (b) region to indicate the position of the hand

Rubine developed 13 features (Rubine 1991), as
shown in Fig.. 6(a). The features are: initial angle sine
and cosine along the x-axis (cosa, sina), bounding box
length and angle (f3 and f4), first and last point distance

(f5), total traversed angle and gesture length, sine-cosine

angle of the angle between first and last point (cosp, sinf)

and duration of the stroke. Features of Rubine 1991 were
extended by (Signer et al. 2011), and 11 new features
were added to the feature list provided by Rubine. Some
of these are the direction of the first and second half of
the stroke (sina and cosy), the number of breakpoints
available, distance from the start to center point to the
diagonal (d1/f3), distance from the beginning to the end-
point to diagonal (f5/f3), the total number and total
length of gestures and stroke distance from each other
along with straightness as shown in Fig. . 6(b).

innovation
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Fig. 6. (a) Rubine features [ (b) E-Rubine features

Another important extracted feature is stated as the
start of the dynamic gesture or end of the same, which is
determined by multiple centroids overlapping each other,
stating the stationary position of the hand. Another fea-
ture is the coordinate vector of the centroid, which is as-
sociated with each gesture, especially alphabetical let-
ters that indicate a timing sequence starting with 1. Ac-
cording to the thumb rule, 5-second gestures have been
used where a complete gesture is recorded in 5-12 s in-
cluding all hand positions at 30 frames per second.

Gesture recognition faces problems like occlusion,
and to solve this problem, a new feature Comp-LOP, has
been developed (Cen 2017). The new feature extracted
is a complex form-local orientation plane (Comp-LOP)
based on complex form. This feature provides a more

" 1ACH .
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elaborated version of the orientation using the complex
form with an angle of 45°. It is better than a histogram
of oriented gradients and local binary patterns. It re-
duces the occlusion problem as the representation of ori-
entation pixels gives a precise direct relationship be-
tween them. (Tang ef al. 2018) used the corner point po-
sitions of arbitrary trajectories as structured information
and assigned different weights to feature space. Position
and orientation features are combined with a Dynamic
time warping approach to make trajectories more dis-
criminative.

(Singla et al.2019) have taken the normalized se-
quence of captured 3D space coordinates as input, and
the sequence of features is computed along the trajectory.
Gesture direction, curvature, aspect, curliness, slope,
and lines are some of the features that have been calcu-
lated and used to develop feature space and recognition.
(Misra et al.2019) presented novel spatiotemporal tra-
jectory features that provide output as the gestures'
structural values. These features include Area of two-
halves (ATH), Local geometrical area ratios (LGAR),
and curve-area features (CAF). The gesture is divided
into two halves equally, and the Area of each half gives
the output as an ATH feature. For calculating the LGAR
feature, the ratio between enclosed areas in each case of
the stroke length is measured. The Area between them is
the starting point, and the first point representing a sharp
transition is measured as CAF. Some of the features used
in existing literature have been tabulated in Table 3.
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Table 3. Various features used in the Feature Extraction process

FEATURES

Initial angle sine and cosine along the x-axis (cosa, sina), bounding box
length and angle (f3 and f4), first and last point distance (f5), total trav-
ersed angle and gesture length, sine-cosine angle of angle between first
and last point (cosp, sinf) and duration of the stroke

Rubine et al., 1991

Location, orientation, and velocity feature combination

Yoon et al., 2001

The direction of the first and second half of the stroke (sinocand cosy),
number of breakpoints available, distance from the start to centre point
concerning the diagonal (d1/f3), distance from start to the end point
with respect to diagonal (f5/f3), the total number and total distance of
gestures and stroke distance.

Signer et al., 2007

Orientation Feature

Elmezain et al., 2008

Length of trajectory, selection of trajectory points, location, orienta-
tion features; significant curves and orientation of start and end of the

gesture trajectory, Standard deviation of the speed feature

Bhuyan et al., 2008

Distance between centre to trajectory points and start point to trajectory

points

Al-Hamadi et al., 2009

Quantized orientation feature

Kao et al., 2011

Orientation between consecutive trajectory points (1-8 code words), lo-

cation, and velocity

Xuetal., 2014

Orientation of the major axis of each ellipse, major axis length of each

ellipse

Bhuyan et al., 2014

Distance between the fingers of the hand; acceleration, velocity, and
orientation features

Lietal., 2016

Centroid coordinate vector

Prashan et al., 2017

Complex form-local orientation plane

Cen et al., 2017

Corner point positions of arbitrary trajectories

Tang et al., 2018

Gesture direction, curvature, aspect, curliness, slope, and linearity.

Singla et al., 2019

Area of two-halves, Local geometrical area ratios, and curve-area fea-
tures

Misra et al. 2019

Euclidean Distance, Instantaneous velocity, and polarity

Yadav et al., 2021

Shape matching, Velocity change,
Displacement of centroid between successive frames

Choudhary et al., 2021

59




(2 wos

6. Modelling And Recognition of Gestures

Researchers have worked and addressed recogni-
tion techniques which are as follows a) Hidden Markov
Model (HMM) b) Neural Networks ¢) SVM d) k-NN e)
Finite State Machine (FSM) f) Classifier fusion g) Naive
Bayes and Extreme Machine Learning (ELM) Neuro-
Fuzzy (NF) and Voronoi based Classifier.

6.1 Hidden Markov Model : After the introduction
of HMM in the early 1990s quickly became one of the
most widely used recognition methods due to its inher-
ent solution to the segmentation problem. In the HMM
model, Markov chains are used simply as finite-state au-
tomata with a probability value associated with each arc
(Rabiner 1986). Circular segment likelihood estimations
leave a single state whole to one state. A Markov chain
without the above Markov chain restriction is an HMM
(Charniak 1993). HMMs are non-deterministic as the
same output symbol represents more than one arc. An
HMM can be defined as a combination of states which
comprises the initial state, output symbols, and state
transition.

With regards to hand motion acknowledgment,
each state represents a lot of conceivable hand positions.
(Chen et al.2003) distinguished the best probability sig-
nal model using HMM-based recognizers. Patterns hav-
ing fewer likelihood values were filtered out using an
HMM-based threshold model, and the hand movement
direction was used for representing the sequences of
gestures.

(Marcel et al. 2000) extended the HMM algorithm,
which resulted in the development of the Input/output
Hidden Markov Model (IOHMM) used for hand gesture
recognition. The IOHMM uses supervised discrimina-
tion learning with input/output sequences, observations,
and gesture classes. IOHMM directly models posterior
probabilities as compared to the HMMs. However, they
performed the experiments for only binary classes. (Just
and Marcel 2009) performed experiments for an exten-
sive database with 7 to 16 classes. The study resulted in
the recognition of all types of hand gestures. A compar-
ative analysis of HMM and IOHMM established that for
a large number of classes, HMM performed better than
IOHMM.

Conditional Random Fields (CRF) is a widely used
tool nowadays. It is advantageous compared to HMM
because CRF does not consider solid independent
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assumptions about the observations and can be trained
with fewer samples than HMM (Yang 2006). (Beh et
al.2014) uvsed HMM as the classifier. The hand motion
trajectories are a combination of straight and curved seg-
ments. A state-splitting algorithm was proposed by (Sid-
diqi et al.2007) based on an expectation-maximization
algorithm. A method was developed by (Ulas and Yildiz
2009) to find the optimum structure of HMM. For this
purpose, they increased the number of states, subse-
quently measured the possible values, and tried to find
the optimal structure.

6.2  Neural Networks :  Neural Networks are
upcoming classifier models that provide good pattern
recognition results (Bishop 1995 [98], Haykin 2009,
Bamwenda 2019 [100]). Gradient features per alphabet
from the hand gesture images can be trained, tested, and
validated using Artificial Neural Networks (ANN)
(Bamwenda 2019 [100]). Artificial Neural Networks
(ANN) refer to the simulations performed on the com-
puter to complete several machine learning tasks such as
pattern recognition, clustering, and classification. The
time delay neural networks (TDNN) are one of the latest
available models, which are counterfeit neural systems
working with constant information making the engineer-
ing versatile to online systems and henceforth favorable
to continuous applications. For 2D motion trajectories,
TDNN networks have been used (Suykens 1999, Go-
palan 2009). TDNN supports dynamic order as there is
a little window of the information movement design. A
process based on a double-channel convolutional neural
network (DC-CNN) is suggested to improve the recog-
nition rate (Mohammed 2011). The steps include the
preprocessing, removal of noise and edge location of
images to obtain hand-edge pictures. CNN separates the
hand motion and edge pictures and denotes them as two
different information channels. Each channel has a dif-
ferent weight but the same number of convolutional lay-
ers. Lastly, all the features are fused, and the Softmax
classifier classifies the output.

6.3  Support Vector Machine : SVM is a super-
vised learning model in which optimization of class sep-
aration hyperplane such that there is the maximum dis-
tance between the hyperplane and the available pattern.
The class separation hyperplane is optimized to maxim-
ize the space between the pattern and the hyperplane
separating the classes (Dominio 2014, Thirumuruga-
nathan 2010). (Gopalan and Dariush 2009)

cropped the regions corresponding to the ex-
tracted skin-colored pixels. Some of the extracted fea-
tures include distance and angle, which utilize contour
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points by connecting each other through an inner shape
distance context algorithm, leading to the recognition of
gesture by SVM. In the testing stage, the detected hand
gesture is classified by a multiclass SVM classifier. A
recognition rate of 96.23% under diverse, challenging
environments like variable illumination, dynamic back-
ground, etc., was obtained.

A Library of SVM (LIBSVM) was used to recog-
nize hand gestures (Dominio 2014). The parameters
used for SVM were Radial Basis Function (RBF) as the
kernel function. A grid search approach and cross-vali-
dation on the training set tuned the other classifier pa-
rameters. (Parama Sridevi et al. 2018) presented a new
sign language interpreter which verbalizes American
Sign Language. Features of real-time video sequences
of hand gestures were compared with the stored features
of database images for better accuracy. MATLAB is
used for generating output and depends on predicting the
values representing the highest resemblance. This model
also helps fill the communication gap between speaking
and hearing-impaired people and those without them.
For classification purposes, Quadratic SVM is used,
which provides about 85% accuracy.

6.4  K-Nearest Neighbour : This method clas-
sifies objects based on feature space training examples.
K-Nearest Neighbor (k-NN) is a kind of instance-based
learning in which the function is approximated locally,
and all computations are delayed until classification (Ge
2008, Oka 2002). This classifier solves classification
and regression problems using supervised machine-
learning methods. This algorithm assumes that similar
things are available in close proximity and thus captures
the idea of similarity. Training and testing have been
done for different values of K. The k-NN algorithm must
be run several times to select the correct and appropriate
value of K. The value of K, which reduces the number
of errors while making predictions accurately, is se-
lected. The value of K is chosen to be odd if the numbers
of classes are odd to avoid the situation of the draw of
votes.

The maximum vote of its neighbors characterizes
an object, and the item is allotted to the class that be-
longs to its k closest neighbors where k is a positive
number. If k=1, an object is assigned to its nearest neigh-
bor class. Relapse also uses a similar technique and al-
lows the property estimation for the item to the normal
estimations of k closest neighbors. The neighbors are
taken from items of the correct order. Euclidean separa-
tion can be used to distinguish neighbors and leads to
the nearby structure of the information.
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6.5 Finite State Machine : FSM is a technique
that consists of a finite number of possible states. It can
help develop a tool for solving problems and describing
solutions for developers and maintainers. The gestures
were decomposed into four fixed-order distinct phases
resulting in the development of an FSM model for clas-
sification (Davis 1994). A sequential signature of hand
motion is extracted, after which the hand gestures are
classified using an FSM (Yeasin 2000). The dominant
motion was estimated from an image sequence using
motion energy. The FSM model was developed using
the positions of the user’s hand and head centers (Hong
2000). For the recognition of a continuous hand gesture
recognition system, features like hand motion chain
codes, the relation between the two hands according to
their position, and the relation between face and hands
were given as input to the dynamic Bayesian network
model (Suk 2010).

6.6 Classifier Fusion : Recognition accuracy
obtained by traditional individual classifiers can be im-
proved using classifier combining techniques (Thai
2012, Kang 2009). (Dinh et al. 2006) developed a hand
gesture recognition system that used a cascade of classi-
fiers trained by AdaBoost and Harr wavelet coefficient
features. (Burger et al. 2008) recognized hand shapes by
proposing a belief-based method for SVM fusion. This
method outperforms the classical methods by reducing
the mistakes by 1/5.

A combination of HMM and Recurrent Neural
Networks (RNN) was used by (Ng et al.2002), which
provided improved performance compared to the perfor-
mance of the individual classifier, such as HMM or
RNN. Features used are based on Fourier descriptors
and act as input to the RBF network. HMM, and RNN
take motion information and pose likelihood vector
from the RBF network as input. The final result is ob-
tained from the combination of the classifiers' outputs.
A combination of AdaBoost and rotation forest was used
by (Wang et al.2012) for the recognition of hand ges-
tures. Improved performance of the fusion technique is
being observed. A combination of HMM and ANN mod-
els is being proposed and provides better results by im-
proving the accuracy by 2-3% (Corradini 2002).

6.7 Naive Bayes and ELM : (Singhaet
al.2016 [122]) classified dynamic gestures using the Na-
ive Bayes classifier based on the Bayes theorem, which
operates independently between the features. Assuming
the feature vector represented by x = [xa... xn] T and the
class one of ¢ classes wl...wc. For the model proposed,
n=40 and c=40. Minimum classification error is assured
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if the class with the largest posterior probability P is de-
cided upon. Kernel and multivariate multinomial distri-
bution (MVMN) are the two distributions that can be
used in the training phase to obtain the highest accuracy
model. A cross-validation process using 5-fold was also
performed for testing. Extreme Learning Machine
(ELM) based classification uses the feed-forward neural
networks and nonlinear mappings that use a gradient de-
scent approach for weights and bias optimization (Mo-
hammed 2011, Liu 2016, Chen 2015).

6.8  Neuro-fuzzy classifier (NF) and Voronoi
diagram-based classifier (VDBC) : A new type of
classification model named Voronoi diagram-based
classifier (VDBC) and neuro-fuzzy (NF) classifier was
proposed, and the accuracy was improved (Misra 2019).
Multiple layers like fuzzy membership, fuzzification,
defuzzification, normalization, and output are present in
the neuro-fuzzy classifiers. NF model is developed by
the linguistic hedges (LHs) formed by the fuzzy sets.
VDBC uses the ad-hoc approach of classification in
which all the classes are handled at the same time.
VDBC is designed using the Voronoi diagram model in
which the training space is divided into multiple regions
with a seed set which is S =51, s2... sn, also known as
discriminative functions.

(Yang and Liu 2019) have tried to improve the
recognition accuracy by introducing an online classifier
that adjusts each feature value in the tracking target
model in accordance with the object change and situa-
tion. The learning algorithm produces a sequence of
classifiers, which are F= (fi...... fr), where the video im-
age frame becomes accessible one frame by one frame.
Using the first frame information, f; is trained,
and f; (for i > 1) is the i-th classifier learning after seeing
the i-th frame image. Table 4 shows different classifiers
used in the recognition methods of hand gesture recog-
nition systems.
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Table 4. Different Classifiers used in the recognition method

RECOGNITION

HMM

Use of Markov Chain having probabilistic value

Rabiner et al., 1986

HMM without Markov chain restriction

Charniak, 1993

HMM based threshold model

Lee et al., 1999

Input/output Hidden Markov Model (IOHMM)

Marcel et al., 2000

HMM based recognizers for identifying the best likelihood
model

Chen et al., 2003

Conditional Random Fields (CRF)

Yang et al., 2006

Expectation-maximization algorithm

Siddiqui et al., 2007

Comparison of HMM and IOHMM model

Just et al., 2009

Optimum HMM by incrementing the number of states

Ulas et al., 2009

Use of HMM as a classifier

Beh et al., 2014

Neural Net-
works

Dynamic TDNN

Yang et al., 1998

Time delay neural networks

Ahuja et al., 2002

Artificial Neural Networks

Bamwenda et al., 2019

Double Channel CNN

Wu et al., 2019

Support Vec-
tor Machine

Multiclass SVM classifier

Suykens et al., 1999

Class separation hyper plane

Hsu et al., 2002

Library of SVM (LIBSVM)

Dominio et al., 2014

Quadratic SVM

Sridevi et al., 2018[121]

k

-NN

k-Nearest Neighbor (k-NN) (Lazy or instance-based learn-
ing)

Thirumuruganathan, 2010

FSM

FSM model by decomposing the gestures

Davis et al., 1994

FSM model by temporal signature of hand motion

Yeasin et al., 2000

FSM model with the help of the position of centers of user's
hand

Hong et al., 2000

Dynamic Bayesian network model

Suk et al., 2010

CLASSIFIER

FUSION

HMM and ANN based models

Corradini, 2001

Fusion of HMM and Recurrent Neural Networks (RNN)

Ngand et al., 2002

Boosted cascade of classifiers trained by AdaBoost and in-
formative Haar wavelet coefficients

Dinh et al., 2006

SVM fusion (Belief based)

Burger et al., 2008

Traditional Single classifier

Hai et al., 2012
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AdaBoost and rotation forest fusion
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Wang et al., 2012

Naive Bayes and ELM

Singha et al., 2016

NF and VDBC classifiers

Misra et al., 2019

7. Conclusions

Hand gesture recognition has great potential to ex-
tend the application in contactless Human-computer in-
teraction (HCI), which is currently done with the help of
keyboards, mice, or joysticks. To increase flexibility in
the application for disabled people, these systems pro-
vide a good and developing platform. HCI systems will
be easy to use; user-friendly and can provide easy access
to a vast range of applications.

The initial step in any hand gesture recognition is
to detect and extract the hand from the background.
There are various difficulties during this phase, such as
a cluttered background, illumination problems, occlu-
sion, etc. The second problem is the tracking of the hand.
To achieve the correct gesture trajectory, the hand must
be tracked correctly in every video frame. This phase is
affected by different scenarios like varying gesticulation
speed and pattern.

The third problem is detecting and removing un-
wanted hand movements, which may be intentional
(self-co-articulation) or unintentional (hand trembling).
Detecting these unwanted strokes will make the system
easier to recognize. The fourth problem is to develop a
robust feature set for the system. The last issue is to de-
velop a system that should be able to recognize a contin-
uous sequence of data that are connected by self-co-ar-
ticulation, movement epenthesis, and other unwanted
hand movements.

Multiple researchers worked to solve these issues
differently. This paper briefly surveys most of the sig-
nificant work carried out in hand gesture recognition.
The various models proposed by the researchers to de-
sign the hand gesture recognition system and the tech-
niques to improve the performance have been presented.
This survey has tried identifying more than one hundred
and thirty research publications. A lot of potential is pre-
sent in the hand gesture recognition system inspiring the
researchers to design efficient and accurate gesture
recognition systems.
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