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Static gestures can convey certain meanings and act as specific transitions in dy-
namic gestures. Therefore, recognizing static gestures is one of the most important as-
pects of gesture recognition. In this paper, a new approach is presented for recognizing
static gestures based on Zernike moments (ZMs) and pseudo-Zernike moments (PZMs).
The binary hand silhouette is first accommodated with a minimum bounding circle
(MBC). The binary hand silhouette is then decomposed into the finger part and the palm
part by morphological operations according to the radius of the MBC. After that, the
ZMs & PZMs of the finger part and the palm part with different importance, respectively,
are computed based on the center of the MBC. Finally, 1-nearest neighbor techniques are
used to perform feature matching between an input feature vector and stored feature
vectors for static gesture identification. Results show that the proposed approach per-
forms better than previous methods based on conventional ZMs & PZMs in recognizing
static gestures. The proposed technique could be useful in improving the recognition rate
of static gestures.

Keywords: human computer interface, gesture recognition, static gesture recognition,
Zernike moments, pseudo-Zernike moments

1. INTRODUCTION

The use of gestures in human computer interaction (HCI) has been extensively de-
veloped [2, 3, 6, 11-13, 17, 19]. Generally, gestures can be classified into static gestures
and dynamic gestures. Static gestures are usually described in terms of hand shapes, and
dynamic gestures are generally described according to hand movements. Since static
gestures can convey certain meanings and act as specific transitions in dynamic gestures,
recognizing static gestures is one of the most important parts in gesture recognition. Re-
liable descriptors to characterize static gestures are critical.

A number of researchers have developed algorithms to extract features for static
gestures. Banarse and Duller [1] developed a neura network to perform static gesture
recognition and used 2D plane cells as features for hand posture recognition. However,
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the cost of extracting entire plane cells would be too high. Su et al. [15] presented a static
hand gesture recognition system based on the flex angles of the ten fingers. It is effective
and attractive but the control flowchart istoo complicated. In addition, the training phase
is needed to get the classification rule. Wu and Huang [18] presented a view-dependent
hand posture recognition approach and used Fourier descriptors [20] to represent hand
shapes. However, direct extension from 1D to 2D FFT is easy, but it would be inaccurate
for trandlation invariance. Lee and Chung [10] proposed an algorithm that extracts fea
tures to recognize sign language based on orientation histograms of hand postures. How-
ever, the features of the same hand shapes would be affected by rotation. Zhou et al. [21]
presented a bottom-up algorithm for static hand gesture recognition based on local orien-
tation histogram features. This approach has advantages in terms of higher recognition
accuracy and faster speed. However, the local orientation histogram features of static
gestures would be affected by rotation. Schlenzig et al. [14] proposed a hand gesture
interpretation based on the Zernike moments (ZMs) [8, 9, 16] of static hand shapes.
Hunter et al. [7] proposed an algorithm for posture estimation based on the ZMs [7] of
the hand silhouette for gesture recognition. However, ZMs characterize hand shapes
globally and are therefore not applicable for local estimation.

Although these studies have provided many techniques for extracting hand shape
features, there are still many problems in practical application. Further improvements are
often required to extract more reliable hand shape features. In this paper, a new approach
for static gesture recognition based on ZMs and pseudo-Zernike moments (PZMs) is pro-
posed. Using the center of a minimum bounding circle (MBC) for trandation invariance,
more robust static gesture features can be obtained. The proposed approach can extract
weighted ZMs & PZMs of static gestures, thereby describing static gestures globally with
local support and providing a reliable description of static gesture feature. Results show
that the proposed approach performed more accurately than previous methods based on
conventional ZMs & PZMs. The proposed technique may significantly improve the rec-
ognition of static gestures.

Fig. 1 shows a diagram of the proposed approach. First, the binary hand silhouette is
accommodated with an MBC. Then, the binary hand silhouette is decomposed into the
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Fig. 1. Diagram of the proposed approach.
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finger part and the palm part by morphological operations according to the radius of the
MBC. After that, compute the ZMs & PZMs of the finger part and the palm part with
different weights, respectively, based on the center of the MBC. Finaly, use 1-nearest
neighbor techniques [5] to perform feature matching between an input feature vector and
stored feature vectors for static gesture identification.

Therest of this paper is organized as follows: In section 2, related works are briefly
discussed. The proposed approach is presented in section 3. Results are given in section 4.
Analysis and discussion are given in section 5. Finally, conclusions are presented in sec-
tion 6.

2. RELATED WORKS

ZM & PZM descriptors can be utilized for obtaining a quantitative shape feature
description of the hand for recognizing static gestures. In general, ZMs are better in de-
scribing shapes than PZMs, whereas PZMs are less affected by noise than ZMs.

The 2D complex ZMs of order n with repetition m of an image, I(p, 6), in the polar
coordinates are defined inside the unit circle as

A= S V(0 O] 10, 6), =1, )
T 5%

wheren=0, 1, 2, ..., o, [m| £ n, and n — |m| is even. The symbol * denotes the complex
conjugate. The form of orthogonal Zernike basis polynomials, V(p, 6) is defined as

Vam(p, 6) = Rum(0) - exp(=jmé), @)
where the radial polynomials Rym(p) is defined as

(n-jm/2 (n-9)!

3 s n-2s
Rmn(p) = ; = s!((n+|m|)/2—S)!((n—|m|)/2_S)!p ?

and exp(— jmé) is a phase factor.

Pseudo-Zernike basis polynomials are another set of orthogonal basis polynomials
with similar properties to Zernike basis polynomials. The pseudo-Zernike basis polyno-
mials differ from the Zernike ones in that the radial polynomials are defined as

n=|m| _
Rm(p)= 3 (-1 (2n+1-9)! P (@)
s=0

sl(n—|m|-s)!(n+|m|+1-s)!

wheren=0, 1, 2, ..., e, and |m| < n. Similarly, the 2D complex PZMs can be defined in
the same way as Eq. (1).

ZMs & PZMs are defined inside the unit circle. They are descriptors for globally
describing hand shapes but do not have reliable local support. Besides, conventionally,
the original is moved to the centroid of the hand shape to achieve trandation invariance.
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However, the centroid of the hand shape would be unstable while erroneous noises occur.
The computed ZMs & PZMswould not be robust.

Kim et al. [9] imposed weightings on shapes prior to computing the ZMs such that
the inner and outer shape properties could be reflected in the ZMs. This imposition of
weightings is only suitable for symmetrical shapes. However, hand shapes are not sym-
metrical and imposing shape weightings is not much help.

3. THE PROPOSED APPROACH

The primary objectives of this study are to present a new approach for static gesture
recognition. The steps of the proposed approach are as follows.

Algorithm NewSGR

Input: astatic gesture image.

Output: the recognized static gesture image.

Step 1: Segment the input static gesture image into the binary hand silhouette.

Step 2: Accommodate the binary hand silhouette with a minimum bounding circle
(MBC).

Step 3: Decompose the binary hand silhouette into the finger part and the palm part by
morphological operations according to the radius of the MBC.

Step 4. Compute the ZMs & PZMs of the finger part and the palm part with different
importance, respectively, based on the center of the MBC.

Step 5: Calculate distances between the input feature vector and the stored feature vec-
tors.

Step 6: Output the stored static gesture with the minimum distance.

In the first step, an input static gesture image is segmented into a binary hand sil-
houette via the modified color segmentation approach [4]. In the second step, the binary
hand silhouette is accommodated with an MBC. In the third step, the binary hand silhou-
ette is decomposed into the finger part and the palm part by morphological operations
according to the radius of the MBC. Fig. 2 (a) shows an example of an MBC that ac-
commodates the inside of the binary hand silhouette; Fig. 2 (b) shows the finger part and
palm part of the binary hand silhouette.

(b)

Fig. 2. (a) MBC that accommodates the binary hand silhouette inside and (b) finger part and palm
part of the binary hand silhouette.
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In the fourth step, ZMs & PZMs of the finger part and the palm part with different
importance, respectively, are computed based on the center of the MBC. Let F' be the
feature vector of the input static gesture I. The ZMs & PZMs of the input static gesture |
are defined by

F' = (FEAf e [i], FEARn[i]), 5
where FEA . [i] and FEA [i] arethei-th ZMs & PZMs of the finger part and the

palm part, respectively, of an input static gesture I. The importance-driven ZMs & PZMs
of theinput static gesture | are then defined by

Fl = (\Nfinger FEA:‘inger[i]! WpalmFEA;Jalm[i])v (6)

where Winger and Wpam are weights of the finger part and the palm part, respectively.
Let F> be the feature vector of a stored image S The ZMs & PZMs of the stored
static gesture Sare defined by

FS = (FEASge [i], FEAS,H[iD), @

where FEAR . [i] and FEAS,,[i] arethei-th ZMs & PZMs of the finger part and the
palm part, respectively, of a stored static gesture S. The importance-driven ZMs & PZMs
of theinput static gesture Sare then defined by

FS = (\Nfinger FEAﬁnger[i]! WpalmFEAsalm[i])- (8)

In the fifth step, distances between the input feature vector and the stored feature
vectors are calculated. The distance function between the input feature vector and the
stored feature vector is defined by

DiSt(Fl, FS) = VVfinger ) DiStfinger(Fla FS) + Wpalm' DiStpalm(Fly FS)' (9)
where Distinge(F', F°) and Distyam(F', F¥) are defined as

Nfinger_l
Distfnger (F', F3) = D" || FEA] e [i1 - FEAG g L1l (10)
i=0
and

Npaim—1
Distpom(F', F%)= 3 | FEALn i1 - FEAL ]|l (11)
i=0
respectively, where Ninger 8nd Npam are the numbers of ZMs & PZMs of the finger part
and the palm part, respectively.
In the final step, 1-nearest neighbor techniques are used for static gesture identifica-
tion. The stored static gesture with the minimum distance is output.
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4. RESULTS

To evaluate the effectiveness of the proposed approach to static gesture recognition,
several experiments were tested.

For the purpose of recognizing a static gesture feature represented by feature pa-
rameter F', a database, including a plurality of feature parameters F° corresponding to
reference static gestures, was provided. In general, a static gesture can be used to repre-
sent a certain digit. For example, the index finger represented digit “1,” the index finger
plus middle finger represented digit “2,” the five fingers of a hand represented digit “5,”
and so on. The experimental images were 320 x 240 pixel color images of 6 static ges-
tures, namely, Zero, One, Two, Three, Four, and Five, as shown in Fig. 3. The database
consists of 6 different static gestures formed by 10 subjects. Each subjects’ static gesture
was captured 10 times, each time with different translation, scale and rotation. The total
number of static gesture images in the database was 600. The images were divided into
two sets: 1) a stored set containing 300 images and 2) a testing set containing 300 im-
ages. The experimental platform was a PC with an Intel® Pentium® 4 CPU 2.80GHz CPU
running Microsoft® Windows X P Professional OS.

(b)
(€

(c
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&

(d)
Fig. 3. Six static gestures, namely, zero, one, two, three, four, and five, respectively.

()

The effects on the recognition rate of the proposed approach with different values of
pair (Winger, Wpaim) Were done in the first experiment. The order n was fixed to be 7. Ta
ble 1 displays the results of the proposed approach with different values of weights. In
this table, different values of pair (Whinger, Wham) are displayed in the first column; the
second column shows the recognition rate of the proposed approach. From Table 1, the
best recognition rate when pair (Winger, Whaim) Was set at (0.7, 0.3) was 97.3%); the worst
recognition rate when pair (Winger, Wpam) Was set at (0.9, 0.1) or (0.5, 0.5) was 95.0%.

The effects on the recognition rate with different values of order n were done in the
second experiment. It was compared the previous method with the proposed approach.
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Table 1. Results of the proposed approach with different values of weights.

(Wiingers Whaim) Recognition Rate (%)
(0.9, 0.1) 95.0
(0.8,0.2) 97.0
(0.7,0.3) 97.3
(0.6,04) 96.3
(0.5,0.5) 95.0

Table 2. Comparison of the previous method and the proposed approach with different
values of orders.

n Recognition Rate (%)
Previous Method Proposed Approach
6 95.0 97.0
7 95.0 97.3
8 95.0 97.3
9 94.7 97.0
10 94.7 97.0

The pair (Wiinger, Weaim) Was fixed to be (0.7, 0.3). Table 2 displays the results of the pre-
vious method and the proposed approach with different values of orders. In this table,
different values of order n are displayed in the first column; the second column shows the
recognition rate of the previous method; the last column shows the recognition rate of the
proposed approach. From Table 2, the best recognition rate of the proposed approach
when order n was set at 7 or 8 was 97.3%; the worst recognition rate of the proposed
approach when order n was set at 6, 9 or 10 was 97.0%. For each order n, the recognition
rate of the proposed approach is better than that of the previous method. Hence, the pro-
posed approach does improve the recognition rate of static gestures.

5. ANALYSISAND DISCUSSION

This paper has proposed a new algorithm for static gesture recognition based on
ZMs & PZMs.

Based on the center of the MBC, the projections of hand silhouettes on Zernike and
pseudo-Zernike bases could be computed accurately. Besides, the radius of the MBC can
be used to accurately decompose the binary hand silhouette into the finger part and the
palm part by morphological operations. Hence, the proposed approach can extract reli-
able hand features.

It is not easy to determine the appropriate parameters for the proposed. From Table
1, pair (Winger» Whaim) Was set at (0.7, 0.3) was can get the best recognition rate, heuristi-
cally. Since the finger part of the hand-shape plays deformable role for determining the
hand-shape, more importance to the finger part of static gestures is reasonable. From
Table 2, the order set at 7 for the proposed approach can achieve a trade-off between
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computation complexity and accuracy. Higher orders would not contribute to the recog-
nition rate but to the computation cost.

The results show that the proposed approach performs well in recognizing the 6
static gestures. However, there are some instances of failure for the proposed approach.
After analyzing the negative results of the proposed approach, the main reasons for the
negatives are as follows. First, two adjacent fingers of a static gesture are too close and
the segmented hand silhouette would be undesirable. Hence, this leads to the negative
results. For example, Fig. 4 shows (@) input static gesture and (b) the undesirable silhou-
ette of the input. Second, some static gestures are similar. The distance between the fea-
tures of the similar silhouettes would be the smallest sometimes. For example, some
static gestures Five recognize some static gestures Four.

€) (b)
Fig. 4. (8) Input static gesture and (b) the undesirable silhouette of the input.

6. CONCLUSIONS

A new approach for static gesture recognition based on ZMs & PZMs has been pre-
sented. The main contributions of this paper are as follows: &) using the center of the
MBC for trandation invariance, more robust static gesture features can be obtained; b)
the proposed approach extracts weighted ZMs & PZMs of static gestures, thereby de-
scribing static gestures globally with local support and providing a reliable description of
static gesture features; c) the proposed approach performs better than previous methods
based on conventional ZMs & PZMs.

This approach takes a step toward extracting reliable features for static gesture rec-
ognition. Experiments similar to those reported here would be done using a wider variety
of static gesturesin future research.
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