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Abstract—Hand gesture recognition plays a vital role in  due to the large number of degrees of freedom of inter-
developing vision-based communication for human-computer personal human hands that can deform extensively and non-
interaction. This paper presents a novel static hand gesture jdeal imaging environments such as illumination variaion
(2D ZMs) those are considered as effective features when paths changeable distance of camera. Due to these variabilities
in images possess distortions due to rotation, scaling or viewing practice, the dimensionality of the shapes of the hand pestu’

angle. The key contribution of this paper lies in the fact that ! ;
a discriminative set of ZMs are used to represent features of 'S reduced to a small number of features that are effective fo

the hand postures as opposed to traditional features obtained Fecognition.
from heuristic choice of fixed-order moments. The orthogonal
nature of the 2D ZMs allows the estimation of the discrimination In the literature of hand posture recognition, a number of
power of the individual moments by using the inter- and intra-  feature sets such as those based on the principal component
class variances of the features. The nearest neighbor classifier gnalysis (PCA) [1], radial signature [3], centroid distanc
is employed on the discriminative ZMs (DZMs) to recognize the  gignature, histogram of gradients, local binary pattefts;
ha”‘ft postures in alcon}p”taé'odmi"% eﬁ'c'eh”t Wﬁ]y' tEt);‘pe”mema' 4 Tomasi key comers [4], scale invariant feature transform,
results on commonly-referred database show that the propose . :
DzZM-based method provides recognition accuracies better than spee_ded up robust feature_s (SURF), Fourier descriptory (FD
that provided by the conventional principal component analysis, L2): invariants of geometric moments [6], and orthogonal
Fourier descriptor or existing ZM-based methods. moments [7], [8] have been employed to represent the shapes
or silhouettes of hand postures. In [9], the Hu moments and
SURF features are combined, and then postures are recdgnize
Keywords—Discriminative moments, hand gesture recognition, by using th? well kn‘?wnK'neareSt neighbor and support
Zernike moments vector machine classifiers. It has been shown that for pestur
recognition, the features obtained from FD perform bettant
that obtained from the Hu moments [10], [8]. In [6], it is
I. INTRODUCTION reported that the orthogonal 2D Zernike moments (ZMs) as
features of postures provide significantly better recagmit

rescarches have foosed on developing vision-based atiandCCUracy than the Hu moments do. It may be found that to
ping onstruct the features of the hand postures, the ZM-based

hand gesture recognition schemes: This is mamly. due thgecognition method as well as the methods based on other
fact that unlike traditional HCI devices such as mice, key

boards and gloves, hand gestures are less intrusive and m githogonal polynomials (e.g., Tchebichef and Krawtchouk)

(o) . - . ..
convenient for natural way of communication for humans.ﬁfgggﬁs[éﬁigrder of moments heuristically without any-just

The potential applications of hand gesture include the HC
in robotics, assistive systems, sign language commuaitati

and virtual reality [1]. We argue that only the orthogonal moments those have

significant discrimination power may be used to construet th

In general, hand gesture deals with the motion trajecfeature vector instead of choosing moments of an arbitrary
tories of the moving hands with specific shapes defined irorder. In this paper, the complex orthogonal ZMs are chosen
standard vocabulary. A very few research studies considdpr features of posture due to the fact that they show high
three dimensional (3D) model to recognize hand gesturgusinnoise resilience, significantly low information redundgrend
tracking parameters [2]. Due to the low computational com-fficient reconstruction capability in image analysis [Mhen
plexity with appreciable recognition accuracy, commutima comparing with other orthogonal moments. In this conteu, t
between computer and humans through static hand gestucgthogonal 2D ZMs only those have high value of interclass to
has become increasingly popular. In the literature, thatitst intraclass scatter ratio are used to construct the featdifesnd
hand gesture’ is very often referred to as the ‘hand posturgdostures. Experiments are conducted to show the signiticanc
that considers 2D models such as the image contour and thed such approach of constructing the features on the posture
silhouette. Hand posture recognition methods face chgdien recognition accuracy.



The paper is organized as follows. In Section Il, a brief re-moments may form geometric moments those are invariant to
view of the orthogonal 2D moments based on the Zernike polyeertain distortions. In the proposed method, orthogonakZM
nomials is given. The proposed posture recognition methodre treated as independent features due to the fact that no
using the discriminative ZMs (DZMs) is presented in Sec-specific geometric distortion is ensured to exist in the hand
tion 1ll. In Section IV, experimental results of recognitio posture database. In order to construct the ZM-based &eatur
performance on commonly-referred hand posture database asets for the purpose of posture recognition, only those nésne
given. Finally, concluding remarks are provided in Sectbn that have high discrimination capability are selected.His t

regard, we compute the scatter ratio of interclass to il#sac
II. 2D ZERNIKE MOMENTS: A BRIEE REVIEW variances for each of the moments individually to estimiagért
independent discrimination capabilities, and latter trrs the

In 1934, Zernike proposed a set of complex orthogonaloment-based features for hand posture recognition uking t
polynomials defined on the unit dige® + y?) < 1, where  giscrimination powers.

(z,y) is a spatial location on the 2D Cartesian coordinates

[12]. In the literature, these polynomials are known as the Let A} be the number of training sets of complex ZMs
Zernike polynomials. The complex orthogonal moments obfor certain posture class (k € 1,2,---,N). In order to
tained from the projections of the basis functions those argalculate the discrimination capability of each of the matag
constructed from the Zernike polynomials are known as 2Dwve have calculated the contribution of the variance of the
Zernike moments [13]. Lef(r,6) be the integrable image in- moment within a given class with respect to the total vaganc
tensity function representing the still hand posture irapeb-  of the database. The average of within class varidngeof a
ordinates considering the center of the image as the ofigi@. complex moment is given by

complex 2D Zernike moments of order(n € 0,1,2,--- , 00) "
and repetitionV (¢ € —oco,---,—2,—1,0,1,2,--- ,00) of the 1 Qi ‘ 2
postures are defined as [13] vy = N DX IME(s) - | v=0,1,2,--- . T (6)

Mn@ =

n+1 2 1 .
- /0 /0 f(r,0)Zne(r,0)"rdrdd (1) where|- | represents the absolute value of a complex moment

and p% is the mean of the moment within the claks(k <
wherex denotes the complex conjugaté}, < n, andn — |¢| 1,2,---,N) given by
is even. The complex Zernike polynomials in a unit disk of

polar coordinates are defined as [13] 1 Y
, kE_ _— N =0.1.2.---.T 7
Zna(r,0) = Ryu(r)e™*? ) o= 5 M) v =012 ")

wherei = /—1 and R,,(-) is real-valued orthogonal radial

. : . T
polynomial defined as [13] In a similar fashion, the total variandé¢’ of the moment may

be obtained as

n—|¢|

m (n — m)' n—2m N X, 2
R, = -1 T _ krgy — =
O - - -nf vooraer @

3 _ . : -
3) where p,, is the mean of the moment in the entire training
The posture image may be reconstructed from the estimateghtabase given by
2D complex ZMs as

N AL

n 1
f(?“ﬂ)ZZZMneZne(n@) (4) /@ZWZZML“(S) v=0,1,2,---,I'  (9)

n=0 ¢ k=1s=1

where 7 is the maximum order of moments. In order to In the proposed recognition method, the discrimination grow
improve the readability, the subscript$ will be replaced by D, of ZM is defined as
v in the remainder of the paper to denote eacH afumber

T
of ZMs givenlby D, = %C v=0,1,2,---,T (10)
1 [(n+2)*—1] if nis odd and/ > 0 A high value of D, implies that the complex moment/,
I'= 1 9 . (5) possesses a low within class variability with respect to the

1 [n+2] if n is even and’ > 0 total variability. In other words, a high value @, indicates

a high discrimination capability of the corresponding moine

I1l. DISCRIMINATIVE ZERNIKE MOMENTS FORHAND Thus, it is expected to attain the maximum recognition rgte b
POSTERRECOGNITION constructing the feature vector of posture images suchthieat

feature vectors comprise only those ZMs that have signitigan

In this section, we consider a hand posture recognitior’high discrimination power.

algorithm such that postures of class lalielare stored in
terms of the ZMs denoted a&/* (v € 0,1,2,---,T") (k € Hence, we select as features only those ZMs that cor-
1,2,---,N) in a database, where total number of posture classespond to then (o« <« T') largest values ofD,, «a being

is V. It is noted that predefined linear combinations of theseahe number of moments selected for classification. In such a



TABLE I. RESULTS CONCERNING THE RECOGNITION ACCURACY OF HAND POSTURBECONSIDERED IN THE EXPERIMENTS

Experimental Accuracy in Percentage Number of
Methods Aer =4 ‘ Atr =6 ‘ Atr = 8 ‘ Aer = 10 Features
PCA [1] 76.61 89.26 93.96 96.65 Atr

FD [5] 90.11 93.33 95.03 95.68 20
ZM [6] 90.95 93.64 95.33 96.37 34
Proposed DZM|| 96.16 97.30 97.69 98.51 34

Fig. 1. Four samples for each letter of English alphabets, ¥z ‘B’, ‘E’,
‘G, ‘H’, 'I"and ‘7’ in the MUGD database as per the guidelin®f the ASL.

case, the feature vector for theth image of class labek

(ke1l,2,---,N) is given by

T
@’; = |:¢llcs’¢]2€s7¢§s’ T 7¢Zs]

(11)

where T denotes the transpose of the vector apfl €

{MF(s) : v = 0,1,2,---,T'} is the complex moment cor-

responding to the-th element of the vector

T
Dsort: |:D17D27"' aDOuDOé-‘rla"' aDFi| (12)

posture image an important parameter is dhthat determines
the length of the feature set. In the proposed method, wetsele
only those moments that have within class variance at least
(r > 1) times lower than the total variance of the training
database. In other words, the parametas chosen in such a
way that

In practice, the number of image samples available for each
class are comparable with the number of total classes of
hand postures, and hencé), provides a good clustering
performance. In the proposed method, with a view to rec@gniz
the posture image in test in a computationally efficient viag,
complex feature® is used in the well-known non-parametric
classification algorithm, viz., the nearest neighbor.

IV. EXPERIMENTAL RESULTS

Extensive experimentations are carried out to investigate
the performance on recognition accuracy of the hand posture
images using the proposed DZM method as compared to
the existing methods. In this paper, we present the results
that are obtained using one of the most exhaustive hand
gesture databases, viz., the Massey University Gestui@sBiat
(MUGD) 2012 [14]. The database consists of 26 static gesture
of English alphabet and 10 numeric gestures as per the guide-
lines of the American Sign Language (ASL). There are 2425
color images of hand postures obtained from five individuals
The images have notable variations in terms of illumingtion
scaling, as well as rotation both in-plane and out-of-plane
Since the posture images in the database are of different
sizes, all the images are normalized to pixel sizéofx 64.
Although experiments are carried out for all the 36 clasges o
hand postures, as representative results, only the reamyni
performance of 10 alphabetical gestures, namely, ‘A, ‘B’,
‘C’, ‘D, 'E', 'F, ‘G, ‘H', ‘I' and ‘J’, are presented in this
paper. Fig. 1 shows four samples of grayscale hand postures
of representative seven letters in the database. It candye se
from this figure that the samples of gestures of ‘A" have both
the scaling and in-plane rotations and that of ‘B’ have bbth t
out-of-plane rotations and illumination variations. Itristed
that the samples of gestures of ‘I’ and ‘J’ are very challaggi
to recognize, especially since one is approximately thaeteat
version of the other.

Four hand posture recognition methods, viz., the PCA
[1], FD [5], existing ZM [6] and the proposed DZM-based
methods are considered in the experiments. In the case of
PCA-based method, the number of eigenvectors for gengratin

which comprises the discriminative powers arranged in defeature set is chosen as 10% of the total number of training
scending order. Note that to construct the feature vebtfor a

images, since such a choice provides an optimum recognition
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Fig. 2. Receiver operating characteristics curves shottirgcomparison of
correct recognition rates as a function of false alarm ratgained from the
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methods considered in the experiments whep = 10. :

Fig. 3. Confusion table showing the classification resuttsvided by the

proposed DZM method considering, = 10.
performance [15]. The number of points in the boundary of
the posture shapes are taken as 20 for the FD-based method as
recommended in [5]. The existing ZM-based method employed Fig. 2 shows the receiver operating characteristics (ROC)
the nearest neighbor distance of the feature vector caiside curves showing the comparisons of correct recognition rate
the magnitudes of the entire set of moments up to order 10f the class of hand postures as a function of false alarm rate
except the first two [6]. In the case of the proposed metha, thobtained from the methods considered in the experimentawhe
discriminative complex moment-based features are cortetiu )\, = 10. The results in terms of ROC curves reveal that the
by choosing a value of in such a way that the number of probability of correct recognition provided by the propdse
moments equal to that of [6]. These moments are selected frodMZM method is always the highest for any false alarm rate
an entire set of moments those are obtained from choosings compared to that provided by the other methods. Fig. 3
the highest order ZM to be 15. In order for the results toshows the confusion table depicting the classification ltesu
be statistically robust in terms of accuracy,. number of obtained by the proposed DZM method usikg = 10. From
training postures are chosen randomly from the database arlis figure, it can be seen that even for this small number of
the rest as the test postures. The recognition accuracy tgaining posture images, the proposed method is capable of
measured as the percentage of test postures those classiffgbviding a recognition accuracy of more than 97% for all
accurately. The results presented in the paper considér theases. The challenges arise in the recognition of two pairs,
such recognition accuracies are averaged over 20 rand@m sefz., ‘B and E’ and ‘I and J' due to the fact that the postures
of training images. for these pairs appear to be very close to each other [14]. In

the experiments, it is found that such an error does not excee

Table | shows the recognition accuracies in percentagenore than 2.5% in the case of the proposed DZM method.

obtained from the methods considered in the experiments
for varying number of training posture images. This table
also shows the number of features used for each of the
methods. It can be seen from this table that the recognition This paper presents a novel static hand gesture recognition
accuracies increase with the number of training images foalgorithm, which has many potential applications related t
all the methods. The results shown in the table reveal that imision-based communication in the area of HCI. Orthogonal
general ZMs are effective for recognizing the hand postases 2D ZMs have been chosen to construct the features of posture
compared to the PCA [1] or FD-based [5] methods. Furtherimages due to their well known properties of invariance to-
the proposed DZM method that selects only the discriminantvards the rotation, scaling and shifting of the patterne Réy
moments for construction of the features provides more thamontribution of the paper lies in the fact that instead oéstihg
3% recognition accuracy on average as compared to the heuristic set of higher-order ZMs, the posture feature® ha
existing ZM-based method [6]. Since the DZM and ZM-basedbeen obtained using only those moments possessing significa
methods use same number of features, the execution peri@mnount of discrimination capabilities. Due to the orthogjon
for obtaining the decision on the hand postures is the same fmature of the moments, the discrimination capabilitieshef t
both these methods. The proposed method requires additionmoments have been evaluated individually using the ratio
computational load only in the enroliment process to find theof inter- and intraclass variances. Experiments carried on
discriminant moments. commonly-referred hand posture database have shown that

V. CONCLUSION



the proposed DZM method, which selects the discriminative
moments in constructing the features results in significant
improvement in the recognition accuracy as compared to the
existing methods. As a further work, the investigations ban
conducted to improve the recognition accuracies of the hand
postures those have very similar patterns.
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