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Hand Motion Gesture for Human-Computer Interaction
Using Support Vector Machine and Hidden Markov Model
Suharjito, Fitra B. Adinugraha
Abstract – Hand gesture recognition for human-computer interaction has become very popular
in recent times. The main problem of this technology is how the system can recognize the presence
of a gesture in a streaming video. In this paper, we propose a model that can recognize hand
motion gesture in avideo stream using Support Vector Machine and Hidden-Markov model.
Support Vector Machine has the advantage of generalizing classification. On the other hand,
Hidden Markov Model is a statistical model that is capable of modeling Spatial-temporal time
series. This system is divided into two main processes. First, this system recognizes hand posture
using SMV (static gesture recognition) and generates sequence observation which is used for the
second process later. The second process is recognizing dynamic hand gesture with the sequence
observation from the static gesture. The implementation shows that static hand gesture recognition
achieves average accuracy at 91% using testing dataset. Meanwhile,dynamically isolated hand
gesture recognition gets average accuracy at 89% using testing dataset. We also have tested the
system with continuous dynamic gesture using video stream. The system can recognize the gesture
very well with accuracy of 83%. This achievement shows that the model can be used in human
computer-interaction with specific supports such as Vector Machine and Hidden Markov Model
parameter. Copyright © 2016 Praise Worthy Prize S.r.l. - All rights reserved.
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I.

Introduction

After we have acquired static hand gesture, we use the
result to create a feature for the dynamic hand gesture. In
the static hand gesture, we use Support Vector Machine
(SVM) to classify single hand pose image with another
pose. Then, Hidden Markov Model (HMM) is used to
model dynamic hand gesture from the sequence of pose
hand image.

In daily life, gesture becomes one of main elements of
non-verbal communication. We use gesture to convey
some meaningful information. Gesture recognition is the
process in which gestures made by a user is made known
to the system. On the other hand, human-computer
interaction using motion gesture provides something
more natural, innovative and user-friendly [1]. Gesture
recognition has a wide range of applications, such as
virtual reality, augmented reality, sign language
recognition, video games, and medical application [2].
Recognition using the hand can be done using the
glove-based technique, device accelerator-based [3] and
visual-based technique [2]. While glove-based and
accelerator device sensing are very effective tools for
capturing hand motion, they are very expensive,
unnatural, and difficult to calibrate and setup the
procedure. On the other hand, the vision-based technique
provides natural gesture. It is inexpensive but still has
many challenges to improve the accuracy and speed [2].
One of the problems to achieve accuracy is how we
can extract the right feature that represents the hand
shape. Hand gesture recognition can be classified into
two types, static and dynamic. The static gesture is a
configuration or pose of the hand represented by a single
image while the dynamic gesture is represented by more
than one image [2]. In this paper, we focus on problems
regarding both of them.

E

II.

R

Related Work

In the last decades, there has been some research that
performs hand gesture recognition. Some of them
employ device based recognition like glove-based
gesture recognition [4], This glove-based gesture
recognition is very efficient in recognizing gesture
because the glove contains embedded sensors that can
detect motion very well. However, this method is
uncomfortable for the hand because this glove must be
attached to the wire. The other method using devicebased is MEMS accelerator recognition [3]. In this
method, the author tries to recognize motion gesture
through a device that can detect acceleration of hand
motion. Similar tothe glove-based gesture recognition,
this method is also efficient. However, we cannot
recognize the shape of the hand.
SVM is apopular model used for classification and
regression. In gesture recognition, SVM is commonly
paired with another feature extraction or model like HU

Copyright © 2016 Praise Worthy Prize S.r.l. - All rights reserved

DOI: 10.15866/irecos.v11i5.8641

374

Suharjito, Fitra B. Adinugraha

moments feature extraction. It has been used to classify
hand shape for static hand gesture [5].This pairing
method has an advantage of extracting moment of the
hand efficiently, such as hand orientation, angle, center
moment. The other method that has been paired with
SVM is Fourier descriptor used by Gamal et al. [2].
This method has some advantages, including HU
moments with additional fast processing because Fourier
descriptor only uses a limited number of feature for each
image. SVM is also often used to be combined with
another classification model as proposed by Demidova.
He combines SVM and fuzzy clustering algorithms [6].
Then, AbAzziz, who combines Fast Artificial Immune
and SVM for maximum load margin improvement [7].
The other method like HMM has been used to develop
Arabic continuous hand gesture from color image
sequence by applying trajectory of a single hand [8].
Malgireddy et al. [9] develop dynamic hand gesture.
They suggest a model explicitly (gesture grammar) and
use it to learn a model for each gesture. This method
divides gesture to sub-gestures and then uses the subgestures to recognize the start point and end point of
gesture. With this method, Malgireddy uses HMM that
has been modified to use multiclass model and compare
HCRF. Hsiang-Yueh [10] and Hui-Shyong Yeo [11]
suggestthe use of YCrCb color space and convexity
defect character point to extract fingertip position and
perform robust dynamic hand gesture recognition with
simple algorithms. SVM HMM is also commonly used to
be combined with other classification models, like
proposed by Regan and Srivatsa.
They present a hybrid Canny Edge Detection and
Weibull Probability Density Function based on
Hierarchical Dirichlet Process HMM [12]. In this paper,
we focus on combining the base on these effective
methods. First, we suggest combining these advantages
from the previous research, such as using sub-gesture
from Malgireddy [9] with little modification.
We only use a single image to detect static gesture and
then perform the static gesture usingSVM. Second, the
used method is performing extract feature using
convexity defect method from Hsiang-Yueh to get robust
finger detection. Then, we also use HMM to recognize
continuous dynamics hand motion gesture. This process
will be explained in the methodology.

We segment image color using YCrCb color space
information first and select the appropriate threshold
algorithm with additional threshold configuration to be
calibrated in the current environment. The default
threshold in the Eq. (1) [11]. Later, we will remove the
noise using dilate and mean filtering to smooth the
images. This process left the image of binary color:
77 ≤ Cb ≤ 127 and 133 ≤ Cr ≤ 173
(1)
where Y Cb Cr,, [0,255]

T
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Figs. 1. Hand Segmentation,(a) original image, (b) filter color image
(c) smooth image

The next step iscalculating contour of the hand
forfurther use in feature extraction.
Image Frame

E

Capture
Video

Filterd Image

Image Filtering

Feature Extraction

(YCrCb, MEDIAN,
COUNTOUR)

(CONVEX HULL, CONVEXITY
DEFECTS, FINGERTIP)

Feature Vector
1:50 2:32 3:40 ...
1:52 2:31 3:42 ...

Class Label

R

(1-5-5-2-1-1-2)

Motion Classification

Gesture
Prediction

(HMM)

Hand Classification
(SVM)

(Left Click)

Models
Topology HMM
(A, B,

III. Methodology
In this section, we will present the proposed model of
human-computer interaction using hand motion gesture
recognition. The system is divided into four processes.
There are preprocessing, feature extraction, hand static
gesture and hand dynamic gesture recognition. Fig. 2
shows the proposed model.

Models SVM
(alpha, bias, SV, Kernel)

)

Module Training
Motion Classification

Module Training
Hand Classification

(HMM)

(SVM)

Fig. 2. Proposed model of hand motion gesture recognition

III.2. Feature Extraction Using Convexity Defect
Our proposed feature extraction method evolved from
previous research regarding hand tracking and gesture
recognition system [10], [11]. The result of preprocessing
is the contour of the hand. The contour is a list of the
point that represents a curve in an image.

III.1. Preprocessing
The purpose of this process is to prepare images for
the next phase.
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First, we calculate polygon represented the
approximate to build contour [11]. Second, it is to extract
interior of the hand contour to gain more information
about hand shape image. This process can be done by
calculating palm center, and extracting convex hull and
convexity defect. Palm Center is an area determined as
the maximum inscribed circle inside the contour.
We calculate the maximum inscribed circle using
Voronoi diagram [13]. The maximum point of inscribed
circle lies on the point generated from the Voronoi
diagram. Next, the convexity defect will be illustrated in
Fig. 3. In this paper, we only use several convexity defect
points that match the following criteria:
- Depth point (Pd)and start point (Ps) must be above
the center of maximum inscribed circle (Ca)
- Each start point (Pa) and end point (Pe) must be
above Depth Point (Pd)
- Depth of each defect (ld) must be longer than palm
center radius (ra)

This method has andisadvantage. When the class that
will be classified multiplies, the time to classify will
increase, that can affect the performance of the
application. Moreover, the strategy of one-vs-all SVM
does createa model in which the model will detrain with
all class of existing dataset so that the decision will
depend on the model [14].The other ability of the SVM is
providing a transformation dataset from dimensional data
for other higher dimensional data defined by kernel
function [6].
Now, we have a set of feature hand shape images.
Then, the next step is to run the SVM classifier model
and get the best parameter to classify the images. SVM is
a supervised machine learning method used for
classification and regression.
The SVM algorithm separates the training data in
feature space by a hyperplane, which maximizes the
margin between two data. Hence, it is also known as
maximum margin classifiers [2]. SVM is based on the
principle of structural risk minimization (SRM). The
SRM induction principle has two main objectives. First,
it is to control the empirical risk on the training data, and
the second is to control the capacity of the decision
functions used to obtain this risk value [14].
There is an immediate problem arising from the
SVM’s original hyperplane formulation. It is not very
obvious how to make the model applicable to more than
two classes. Several approaches have been proposed to
overcome this limitation. Two of them are known as the
1-vs-1 and 1-vs-all strategies for multiple class
classification. For the decision problem over classes, 1vs-all requires the creation of classifiers.
Each is trained to distinguish one class from the
others. The decision is taken with a winner-takes-all
approach. However, there is no clear indication that this
approach results in an excellent decision. In the 1-vs-1
strategy, the problem is divided into c (c – 1) / 2 subproblems considering there are only two classes at a time.
At the decision phase, each machine casts a vote for
one of the classes and the label with the highest number
of votes wins.
This leaves the problem of evaluating an increased
number of machines every time a new instance is
classified – which can become troublesome or
prohibitive in time sensitive applications easily [15].
In this paper, we train and test four kernel types: RBF,
Linear, Polynomial, and sigmoid. Then, we propose ten
poses of static hand gesture as illustrated in Fig. 4. We
use multiclass classifier of SVM to classify ten classes of
static hand gesture. Fig. 4 shows static hand gesture
representing sequence observation label. This static
gesture is not used for human-computer interaction.
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Fig. 3. Convex hull and convexity defect extracted from [11] hand
tracking and recognition system for human-computer interaction using
low-cost hardware

E

The next step is calculating or extracting the feature
from convexity defect that matches the criteria. In this
paper, we use two feature vectors.
The first feature is taken from the angle between depth
point (Pd) and end point (Pe) of each convexity defects
(θa), whilethe second one is taken from the depth
distance (distance between depth point and end point).

R

III.3. Static Gesture Recognition Using SVM
Support vector machine is a supervised classification
model that is often used to classify and regress. The basic
algorithm SVM is to separate the feature of training data
with a line or field separator, which is called hyperplane.
The function of the hyperplane is to maximize the
distance between the two pieces of data [2].
Basically, SVM is used to classify the two pieces of
data or classes. However, the application of SVM applied
is to classify more than two classes using method 1-vs-1
and 1-vs-all strategy 1-vs-1 by comparing one class with
another class so the class that has the highest value will
become the solution.

III.4. Dynamic Gesture Recognition using HMM
This step requires the recognition ofdynamic hand
gesture since the process considered is the dynamic
process and needs to be handled with the learning model
that can be accommodated with temporal time.
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(a)

(b)

T

Fig. 4. 10 static hand gesture pose (later this pose used for sequence
observation label for dynamic hand gesture)

We propose HMM model [16] to accommodate this
dynamic motion gesture model. Hidden Markov Model is
one of the models based on the statistic. HMM is often
used in applications that intersect with time. HMM
possesses three main parameters, λ = (Π, A, B) [17],
where Π represents the vector beginning, A is the matrix
of transition while B is the matrix emission. Furthermore,
HMM has three major problems, which are Evaluation,
Decoding, and Training. However, these three problems
can be solved using the method of Forward-Backward
algorithm, Viterbi, and Baum-Welch [17].
In the application, HMM is often implemented using
three topologies. There are main Fully Connected
(Ergodic model) where all the states are connected as a
whole between the states; (Left-Right model) where each
state can only be returned to the state itself and in the
next state; (Parallel-Left-Right model) where each state
can only be repopulated themselves or towards the next
state. Shown in Figs. 6, the input of the model is the
result of sequence classification static hand gesture from
SVM. Figs. 5 show dynamic hand gestures in this
system.
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Left Click

Right Click

Swipe
Right

Swipe
Left

E

R

Grap

(c)

Figs. 6. (a) ergodic, (b) left-right, (c) parallel-left-right [18] extracted
froma tutorial on hidden markov model

In this process, we train HMM model with HMM type
Ergodic and left-right then for each type of HMM.We
train it usingthe total hidden state from 2 until 9.

IV. Result and Discussion

Our proposed system is implemented in .net using
EmguCV wrapper library, libsvm, and accord hmm.
Fig. 7 shows the system implementation screenshot.
We use the standard webcam with 240 × 320 pixels
resolution. Moreover, we use conditional indoor lighting
environment. In this process, we use three scenarios to
test the system.
The first scenario that we find is the matching of SVM
parameter C and γ with the value from -3 to 3 for C
parameter and -15 to 3 for γ parameter.
We use four kernels (RBF, Linear, Polynomial, and
Sigmoid) in here.

(a)

(b)

(c)

(d)

(e)

Figs. 5. 5 Dynamic hand motion gesture that replacing mouse
functionality (random sample images from frame 1 until the end of
videos), (a) gesture for “Left Click”,(b) gesture for “Right Click”,(c)
gesture for “Swipe Left”,(d) gesture for “Swipe Right”
(e) gesture for “Grap”

Fig. 7. Hand motion gesture recognition system
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TABLE III
RESULT TEST SCENARIO 1 USING LINEAR KERNEL SVM
HMM
Number of
Training
Testing
Topology
Hidden State
Accuracy (%)
Accuracy (%)
Ergodic
2
51.34
38.67
Left-Right
2
94.67
83.34
Parallel-Left-Right
2
98
82

The second scenario we see is the matching of HMM
parameter topology (Ergodic, left-right, and parallel-leftright) and we test the number of the hidden state with the
value from 2-9. In this scenario, we will test it using
isolated hand motion gesture.
The third scenario is that we will test the best
parameter of SVM and HMM with continuous hand
motion gesture. Then, we calculate the accuracy with the
following equation:

TABLE IV
RESULT TEST SCENARIO 1 USING POLYNOMIAL KERNEL SVM
Number of
Training
Testing
HMM Topology
Hidden State Accuracy (%)
Accuracy (%)
Ergodic
2
45.34
41.34
Left-Right
2
98
94
parallel-Left-Right
4
98
94.67

(2)
We use two datasets that were created by our camera.
The first dataset contains 50 images used to train and 50
images to test each static gesture.
In this dataset, every image has various orientation
and scale. The second dataset contains 30 videos used to
train and 30 videos to test each isolated dynamic gesture
recognition.
On the other hand, we have two videos to test the
continuous dynamic hand gesture. One video has five
gestures that are performed sequentially, and another
video contains five gestures done randomly. In other
words, our dataset contains 1000 images and 302 videos.
Table I shows that kernel RBF with parameter C = 3 and
γ = -1 achieves maximum accuracy training at 100% and
93.4% for the testing dataset.

TABLE V
RESULT TEST SCENARIO 1 USING SIGMOID KERNEL SVM
Number of
Training
Testing Accuracy
HMM Topology
Hidden State Accuracy (%)
(%)
Ergodic
2
94
77.33333
Left-Right
2
96.66667
82.66667
Parallel-Left-Right
4
95.33333
82

T
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TABLE I
RESULT TEST SCENARIO 1 FOR SVM PARAMETER
Training
Testing
C Value
γ Value (2x)
Kernel Type
Accuracy (%) Accuracy (%)
(2x)
RBF
3
-1
100
93.4
Linear
3
-15
99.4
89.4
Polynomial
0.5
1
76.6
79.4
Sigmoid
3
-3
97
83.8

Fig. 8 below shows the result of graph in finding the
best topology and number of hidden state in HMM.
The last scenario is to test the best model of SVM and
HMM for continuous dynamic hand gesture recognition.
The system shows a good result, that continuous hand
gesture with convergent dataset testing (videos that
contain only one gesture variance) can classify the
gesture with achievement up to 83%. Otherwise, testing
with videos that have random gesture achieves 63%. This
happens because convergent gesture videos have the
same sequence of image observation over all. Therefore,
HMM gets high probability to choose the same sequence
of image observation. If we test it with videos that have
the random sequence of gesture, the system gets false
recognition.

E

In Table II topology parallel-left-right gets the
maximum accuracy from training HMM with the number
of hidden state = 4 and kernel SVM Polynomial.
On the other hand, Figs. 8, 9, 10, 11 show that the best
accuracy for hand motion gesture is HMM with topology
Parallel-Left-Right and with 2-4 number of hidden state.
The highest accuracy is achieved by using SVM
kernel polynomial with parameter C = 0.5 and γ = -1.
Then, Ergodic topology has the worst accuracy in all
SVM kernel.This is because the sequence observation
only needs various three sequences for each gesture,
whileErgodic topology, which has more transitions than
lef-right topology,was used to solve more complex
problem [17].

R

Fig. 8. HMM topology and number of hidden state testing result
for kernel RBF SVM

TABLE II
RESULT TEST SCENARIO 1USING RBF KERNEL SVM
Testing
HMM
Number of
Training
Accuracy (%)
Topology
Hidden State
Accuracy (%)
Ergodic
Left-Right
Parallel-LeftRight

2
2

94
97

80
89.34

4

99

89.34

Fig. 9. HMM topology and number of hidden state testing result
for kernel LINEAR SVM
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[6]

[7]

[8]

[9]
Fig. 10. HMM topology and number of hidden state testing result
for kernel POLYNOMIAL SVM
[10]

[11]

[12]

[14]

Fig. 11. HMM topology and number of hidden state testing result
for kernel SIGMOID SVM

[15]

Conclusion and Future Works

This paper suggests a system for human-computer
interaction using hand motion gesture. This system
achieves an average accuracy of about 97%. The highest
accuracy of static hand gesture is obtained from SVM
with kernel RBF, C = 3 and γ = -1.
On the other hand, the highest accuracy for dynamic
hand gesture is from HMM with topology parallel-leftright using kernel polynomial with parameter C = 0.5 and
γ = -1. It reaches 98% of accuracy.
By using HMM topology parallel-left-right with four
hidden states, the system presents 97% of accuracy.
In the future, our system will focus on recognition
gesture spotting using a depth camera to create effective
skin color segmentation.

[16]

[17]

E

[18]
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