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Abstract. Gesture recognition is one of the key technologies in the field of
computer vision, and hand gesture recognition can be divided into static hand
gesture recognition and the dynamic hand gesture recognition. This paper pre-
sents a new static gesture recognition algorithm based on hidden markov model.
It uses two kinds of new shape features, the specific angle shape entropy feature
and the upper side contour feature. They are firstly used for parameters training
of hidden makov model, and then identify gesture categories hierarchically. In
order to further improve the recognition effect for those small shape differences
gesture, this paper adopts wavelet texture energy feature which can reflect the
internal details of the gesture image, and makes the final correction estimation
based on minimum total error probability. The experimental results show that
the method has good recognition effects for gestures no matter the shape dif-
ferences are big or not, and it has good real time performance as well.

Keywords: Static gesture recognition � Shape entropy feature �
Texture energy feature � Minimum total error probability � HMM

1 Introduction

Hand gesture recognition is one of the important technologies in the field of computer
vision, it has many applications such as: Motion Simulation Games, Sign Language
Communication, Virtual Reality and so on. Hand gesture recognition can be divided
into static hand gesture recognition and the dynamic hand gesture recognition, and
static hand gesture recognition is the recognition from a single image. So far, there are
many works on static hand gesture recognition, and various classification methods have
been adopted [1, 2].
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Ren et al. [3] used depth threshold to remove simple background, extracted finger
distance as feature, and used template matching to identify 10 kinds of gestures. Singh
et al. [4] used Radon transform to recognize the skeletal representation of gestures,
extracted features in the transform domain, and then used K-means clustering algorithm
to classify gestures. Jiang et al. [5] set up a standard sample base of gestures based on
the model of hand geometric relationship and data glove, and then they implemented
the gesture recognition based on BP neural network. Dardas et al. [6] used subtraction,
skin color detection and contour comparison to track and detect gestures in complex
background, they used HSV space to segment gestures, extracted features, and then
used multiclass SVM to recognize gestures.

HMM classifier is a successful classifier for gesture recognition. It has flexible and
efficient training and recognition algorithm. Xu et al. [7] established the HMM model
for ten Arabic numerals (0–9) gestures, and implemented the real-time recognition
system of gesture trajectory. In this paper, we present a HMM static hand gesture
recognition method based on combination of shape features and wavelet texture fea-
tures. The algorithm has good recognition effects for gestures with big shape differ-
ences and slight shape differences.

2 Static Hand Gesture Feature Extraction

2.1 Preprocessing

Preprocessing is the first stage for our algorithm which mainly contains ROI (region of
interest) detection and denoising. The skin color is firstly detected by histogram
statistics and threshold setting, and the denoising can be effectively processed by the
mathematical morphology method. Figure 1 shows the preprocessed static hand ges-
ture images.

2.2 The Shape Feature Extraction

The Specific Angle Shape Entropy Feature Extraction of Hand Gesture. For this
feature extraction method, the hand gesture edge should be firstly detected. We adopt

Fig. 1. Preprocessed static hand gesture images.
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the Pretty differential operator method to detect the hand gesture edge, and then cal-
culate the centroid pixel coordinate OðOX ;OYÞ of the hand gesture region as shown by
the Eq. (1).

Ox ¼
Psum
i¼0

xi

sum
;Oy ¼

Psum
j¼0

yi

sum
ð1Þ

Where ðxi; yiÞ denotes the coordinate of the pixel on the hand gesture contour, sum
denotes total number of the pixels on the hand gesture contour, and the hand gesture
region can be divided n parts with uniform angle division as shown Fig. 2.

Based on these processing, we define the specific angle shape entropy to describe
the uncertainty of the hand gesture contour so as to distinguish the different hand
gesture. We firstly define a probability measurement regarding the specific angle shape
of the hand gesture contour as the Eq. (2).

pij ¼ dijP
ði;jÞ�LC

dij
ð2Þ

Where Lc denotes the set of the pixels on the on the hand gesture contour within the
specific angle divided part, and dij denotes the distance between the pixels on the
contour of the specific angle part and the centroid of the whole contour. With this
probability measurement, the specific angle shape entropy can be naturally defined as
Eq. (3). The specific angle shape entropy of every part of the whole contour can be put
together to form an n dimensional feature vector. For instance, we divide the whole
hand gesture contour with every 30° in our experiment, we then obtain 12 dimensional
feature vector for a hand gesture.

HLC ¼ �
X

ði;jÞ�Lc

pij logapij ð3Þ

Fig. 2. The specific angle contour illustration.
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Upper Side Contour Feature Extraction of Hand Gesture. The upper side contour
of the hand refers to the contour above the horizontal line through the centroid pixel,
and experiment shows that the hand gesture difference mainly depends on the upper
side contour of the hand. We can calculate the vertical distance between a specific pixel
on the upper side contour and the centroid pixel Dy as shown in Fig. 3. Considering the
width of the hand contour, a 42-dimensional feature vector can be properly formed.

2.3 Wavelet Texture Energy Feature Extraction

Wavelet Transform. One of the most popular application of wavelets has been to
image decomposition. However, images are two-dimensional and decomposition can
be illustrated as Fig. 4. The Discrete Wavelet Transform decomposes an image into a
multi-resolution expression and it can be shown in Fig. 5. The spatial subbands LL1,
HL1, LH1 and HH1 can be got with a two-dimensional image wavelet decomposition.
The first subband contains the main information of the image and the other three
subbands are the additional information of the image in the horizontal, diagonal and
vertical directions. And the spatial subbands LL2, HL2, LH2 and HH2 can be got after
a further two-dimensional image wavelet decomposition to LL1. When LL2 is further
decomposed, a growing quad-tree can be got [8].

Wavelet Texture Energy Feature Extraction. Many research works show that the
wavelet energy feature is an effective feature in gesture recognition, it can be defined by
the coefficients of wavelet decomposition to a cutting gesture image. A cutting gesture
image is a part of an image cut off from an image containing a gesture. According to the
characteristics of the gesture, Images containing gesture are grouped to several groups

Fig. 3. Dy distance illustration
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Fig. 4. Subband decomposition of an image.
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by the similarity, for instance, gesture g and gesture t, gesture n and gesture q, gesture u
and gesture r for editing and cutting, so that most of the resulting cutting gesture image
can have differences. The ith level of the wavelet energy in the horizontal, vertical and
diagonal directions of a cutting gesture image can be expressed as the Eq. (4) [9, 10]:

Eh
i ¼

XM
x¼1

XN
y¼1

Hiðx; yÞ½ �2

Ev
i ¼

XM
x¼1

XN
y¼1

Viðx; yÞ½ �2

Ed
i ¼

XM
x¼1

XN
y¼1

Diðx; yÞ½ �2

ð4Þ

Where Hi; Vi; Di is the ith level wavelet decomposition of the cutting gesture image
in three directions. Considering the size of the cutting gesture, the cutting gesture is
applied to 5-layer haar wavelet transform. In this way, each cutting gesture image can
get 1 � 15 dimensional texture feature vector.

3 Static Hand Gesture Recognition Algorithm

The Hidden Markov process is a double stochastic process as shown in Fig. 6, one is
hidden, and another is observation sequence. The notation k ¼ ðp;A;BÞ denotes the
parameter set of the model [11], where p indicates the initial probability distribution of
the hidden state, A indicates the state transition probability distribution, and B indicates
the observation symbol probability distribution at given state. The HMM model can be
trained using empirical data, and this leads to the model parameters achievement.

HL2

LH2 HH2

LH1

HL1

 HH1

LL2

Fig. 5. The subband structure of image.
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Fig. 6. A hidden Markov process.
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4 Gesture Recognition Correction Based on Minimum Total
Error Rate

The extraction of wavelet energy features is to distinguish the gesture groups with
similar contour. For the two types of gestures that are easily confused with the contour,
the weighted city block distance [12] is used to classify the gesture based on the
minimum total error rate.

Let V and U be the wavelet energy features of the two gesture images, M be the
total levels of wavelet decomposition, and the ith level wavelet energy features of V and
U are the weights of the ith level wavelet energy features. Then the definition of wavelet
energy features similarity measurement based on the weighted city block distance is
given by the formula (5)

DðV ;UÞ ¼
XM
i¼1

ci
X3
j¼1

V
ðjÞ
i � U

ðjÞ
i

����
����

 !
ð5Þ

The weighted city block distance calculation mainly depends on the influence to the
recognition results by the wavelet energy features at each level. The larger the influence
of the wavelet energy features is, the larger the corresponding weight ci is chosen. In
the experiment, we extracted the energy features with 5 levels wavelet transform.
Figure 7 shows the matching distance of each wavelet transform level of gesture g and
gesture t. It can be seen that the 5th-level energy features can most obviously distin-
guish these two types of gestures, so its weight is set to be the maximum value.

Considering the gesture g and the gesture t, the gesture n and the gesture q, the
gesture u and the gesture r, we calculate the reciprocal of the intersecting graphic area

Fig. 7. The matching distance between hand gestures g and hand gestures t
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of each wavelet transform levels matching distances curve, and the ci values can be
obtained as shown in Table 1. With the determined weights, we can recognize the
gesture in the corresponding gesture group with the following steps. We firstly cal-
culate the wavelet energy features of the gesture, and the matching distance D can be
then calculated according to the similarity formula (5). Finally based on the criterion of
the minimum overall error rate, the gesture class can be determined as the class with the
smaller D value.

5 Experimental Results and Analysis

The gesture database used in the experiment was derived from the Thomas Moeslund
gesture recognition database of the Aalborg University, Denmark. The gesture
recognition database images are TIF format, resolution 248 � 256, the gestures are in
different scales and different rotation plane, and it contains small contour differences
but belongs to different classes of gestures. So, it is suitable for gesture recognition.
24 kinds of original images are shown in Fig. 8. There are 40 images in each class of
gesture A–F and 100 images in each class of gesture G–Y. We select the first 20 groups
of images in 24 kinds of gestures as training samples, and the rest of the images are
used for recognition test. All experiments take matlab.2012a as an experimental
platform.

Table 1. Gesture group weights at all levels.

Gesture group c1 c2 c3 c4 c5
Gesture g & gesture t 0.3764 0.5388 0.0024 0.0020 0.0804
Gesture n & gesture q 0.5787 0.0692 0.0817 0.0933 0.1771
Gesture u & gesture r 0.8977 0.0645 0.0277 0.0036 0.0065

Fig. 8. 24 groups of original gesture images

HMM Static Hand Gesture Recognition Based on Combination of Shape Features 193



When HMM statistical model is used as classifier, the computation complexity is its
drawback. For the two kinds of shape features extracted before, it is desirable that the
specific angle shape entropy features can have an advantage in recognition, or a single
feature can get a good recognition result. Therefore, without considering the combi-
nation of features, HMM is trained using specific angle contour entropy features and
upper contour features separately. Tables 2 and 3 shows the results of the recognition
rate respectively, and it illustrates that the special angle contour entropy features out-
perform the upper contour features in terms of the recognition rate. However, the
recognition failure will not occur using the upper contour feature when it fails using the
special angle contour entropy features.

So, in order to improve the recognition effect, the shape entropy features and upper
side contour features are combined. The former recognition is firstly implemented
using shape entropy features, and then we judge whether the recognition rate can be
increased further using upper side contour features. Finally, the secondary recognition
is implemented if necessary.

After the gesture recognition based on the combination of the shape entropy fea-
tures and upper side contour features, there are still some wrong recognition gestures as
shown in Fig. 9. So, following the multiple features combination strategy, recognition
correction based on texture wavelet energy feature was implemented by the steps as
shown in Fig. 10. Most wrong recognition gestures are wrongly judged as gestures that
are very similar to the outline of gesture classes. For example, gesture r and gesture
u are different only in fingertip overlap and fingertip tiling. In order to distinguish such
gestures, the texture wavelet energy features are additionally extracted, and finally the
recognition results are corrected according to the similarity of the texture wavelet
energy features. The correction results are shown in Table 4, it can be seen that only
two gesture recognition failures after the correction based on the principle of minimum
total error rate of texture wavelet energy for the gesture n, gesture t and gesture u with

Table 2. Recognition results using the specific angle shape entropy feature

Gesture group Recognition rate (%)

1–6 95 100 100 100 95 85
7–12 80 100 100 100 100 100
13–18 100 100 100 100 85 95
19–24 100 100 85 95 100 100

Table 3. Recognition results using upper side contour feature.

Gesture group number Recognition rate (%)

1–6 95 95 95 100 70 100
7–12 85 100 100 100 80 100
13–18 100 95 85 35 100 85
19–24 100 100 100 100 55 50
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Fig. 9. Wrong gesture recognition distribution (# gesture number means misrecognition as the
number).
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Fig. 10. Static gesture recognition flow chart based on shape features and wavelet texture
features.
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low recognition rate of shape feature. The recognition rate has been improved from
80.83% to 99.16%, and the overall recognition rate of all gestures reached 98.78%.
However, it only increases the use time of 10.018 s, so it shows the performance
improvement is significant. It also reflects that the distance between classes of texture is
much larger than that between shapes for these specific groups of gesture images.

6 Conclusion

Hidden Markov Model trained by static gesture feature has space scale invariance. The
algorithm we presented works well even for gestures whose shape difference is not big
and provides an independent training for each gesture class which is good for system
expansion. Two new features we presented complement each other and recognize
gestures step by step. However, it is not good enough for some special gestures who are
easily confused in shape. Focusing on those unsatisfied results, this paper adds texture
energy feature which can reflect the internal details of the gesture image and make his
final correction estimation based on minimum total error probability. The experimental
results show that the method has good recognition effect for gestures whose shape
differences are small and has good real time performance as well.
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