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Abstract

In this paper, we combine two moments of Hu and Zernike to try improve the
recognition accuracy. And we apply PCA on the Zernike moments to speedup of
recognition without degrading the recognition accuracy. We compare the recoghiti
performance between Hu and Zernike moments. Also we show the recognition a of
new methods with two modified features. We evaluate the recognition accyfa ith two

datasets of hands and digits. For hand recognition, we Iocallze m hand
candidates with improved method against our preliminar ?o%

Keywords: moment invariants, hand shape re , di 1\/ ition, PCA, skin
color segmentation, vehicle license plate K

(HDI) which is a key part of inte com ion applications. Human-device
interaction is more general ter, uman c er interaction (HCI). Technologies
about HDI evolve rapidly tQ& cony! @e of device control for humans. Human
body may be more helpful and“suitable rol device than some operating devices

such as mouse or remote rollers t onventional devices.
Some software libgaNes~equipped with powerful camera systems such as Kinect or

Leap motion se ?\ ows e t performance. The libraries, however, must be
coupled with ¢ ystem a

1. Introduction Q
Shape and gesture recognition is a ant @ep in human-device interaction

e flot only quite expensive against usual web-cam but
also a big ed in @er evices such as smart electric whiteboard system.

It’s ver % ary to shape and gesture recognition in our life. There are some
examples. Gesture r on is used in smart TV for remote control. Digits recognition
in license plates i manned billing center in parking lots. Smart electric whiteboards

for remote con drawing at long distance apart from location of whiteboards need
hand and gest detection [1]. These techniques are useful in robot control and
entertamrﬁidZ]

Alo earch on shape descriptors have been studied and in progress. Some of them
give (QOpd” performance in many applications concerned with pattern recognition and
Copagtiter vision. A moment is a quantitative measure that capture the shape or significant

atdres of a set of points.

Moments are used intensively for many computer vision applications. They are used
for static hand gesture recognition [2-4] or for dynamic gesture [5]. They are also used for
other shape recognition such as Chinses characters [6, 7], iris [8], faces [9] and traffic
signs [10]. Many studies on moments show that moments are very suitable for object
recognition. There was some research to speedup calculation in moments [11, 12].
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In this paper, we compare the recognition performance between Hu and Zernike
moments. There are some studies to recognize hand gestures by using Hu, Zernike,
Tchebichef or Krawtchouk [2-4]. We combine two moments of Hu and Zernike to try
improve the recognition accuracy. And we apply PCA on the Zernike moments to
speedup of recognition without degrading the recognition accuracy.

We use two kinds of dataset for evaluating the performance of recognition, first one
consists of hand and another includes digits from vehicle license plates. For hand shape
recognition, we segment hand regions from input images. Hand regions are segmented
based on skin color detection and remove all unnecessary segmented regions except hand
candidates. In this processing step, we remove faces from the segmented regions based on
skin colors based on LBP cascades that is modified version of Haar cascades [13]. By the
way, a hand candidate can be consisted of not only hand but also wrist or forearm
connected with the hand. So we localize hands from hand candidates with advanced
method against our preliminary study [2]. We show intensive evaluation res ts one
recognition about two dataset.

This paper consists of three parts. We introduce theory of moments and gharagferistics

on Zernike moments in chapter 2. In chapter 3, we sugges a extractlo t hand
candidates and a new localization method of hands from andld we show
intensive evaluation results on recognition and conclude

2. Moment Invariants

A moment is a quantitative measure that e the sh r S|gn|f|cant features of a
set of points. Geometric moments myq of a e are dehﬂ as in Eq. (1) where r=p+q
is called an order of the moment. x¥y7 | \ s function for geometric moments.

rotation. So invariant representati fob;e ith respect to the transformations is very
important. Geometric momen owe er, pendent on the transformations. Central
moments and normallz entral are used for invariance with respect to
translation, and transl d umfg Ilng, respectively. Central geometric moments

Mpg =2 % 1)
Most objects in the |mage§ helr a ance with translation, scaling and

and normalized c ometnc ents are defined as in Eq. (2) and (3). ¥ and ¥ are
centrode of the gl In th we localize the location of extracted objects with
minimum b Ty recta a d so we don’t care for translation invariance but should

consider sca drotat nance
IE}{x Py —¥)if(xy) 2)

#DD}VJ where y = [ :qJ +1 (€))

Hu [3] introtiycéd new moment invariants that are invariant to in-place rotation around
the orirg% moments are also invariant to translation and scaling. Hu’s moment

invaria efined as in Eq. (4).

@ P1 = Mag + Mg,

@7 = (mag— mgy)? + 4my,,
@3 = (map — 3myz)? + (3may —mez)?,
Pq = (Mmgg +myz)? + (M +mgz)?,

@z = (mag — 3myo)(mag + myo ) ((mag + myz) % — 3(may + mgz)?)

+ (3may —mga)(maoy + mpa ) (3(mag + mys)® — (moy + myz)?),
@e = (Mg — Mmoa)((mag +myz)* — (Maq +mgz)?)

+ 4myq(mag +mya)(mag +mpg),

@7 = (3myy —myz)(mgg + myz)(Imap +myz)* — 3(myy +myz)?)
+ (mgp — 3myz)(mag +mez) (3(map + myz)? — (Mag +mez)?) (4)
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Regular moments including Hu’s moments have some problems [14]. First of all, the
basis set x¥+7 is not orthogonal and so the moments contain redundant information. And
as order of x¥y9 increases, high computing power and time is required. We can overcome
these issues by using orthogonal moments that use orthogonal basis sets. Orthogonal
moments require lower computational power against regular. There are several orthogonal
moments such as Zernike, Tchebichef and Krawchouk. Zernike moments are continuous
but Krawchouk moments discrete. Continuous moments can have discretization error but
Zernike moments are very common in computer vision applications.

Zernike moments [14] are defined as Eq. (5) which project f(x, y) onto orthogonal basis
function Vyn(X, y) where n is called ordew( ain.gI rr11 repetition, and x% +y* = 1,

A== Y Y G T

T

x=0 y=0 (5)
The basis function Vym(X, y) is defined as Eq. (6) and (7). Ram(X, V) is called a%adial”

polynomial andn E N*, m € N, (n — |m|) iseven, |m| =n ?\

) —af¥
Vo (69) = R ()™ &) 0 (6)
(m—|ml)/2
Rum(xy)= ) (=D (&}fn-w
=0

Zernike moments are orthogonal moments that are defined on"a disk space. Locations
of points in disk space use polar coordinate @ that r ts locations of points with

radial factor and angular factor. Momént a disk_haveésan advantage that they can
achieve rotation invariants more easil ome‘% rectangle.

The basis function and the radial¥o nike moments in polar coordinate

omial&
system can be changed as Eqg. (9). So thewadial polynomial in polar coordinate
system is called as orthogonal,radia polym@

o LAY Rom ()€™
?\ r@!p = xTN P2, 8 = tan‘l(i) ®)
(n—s) P
RM@QF é@‘g!((n+2|m|_s) !)((H_Tlml_s) !)ph 3
ENT, meEN, (n—|m|)even, |m|=n (9)
3. Recogniti@Hand Shapes
3.1. Ex n of Hand Regions

% ent hand candidates based on skin colors in the images. Color, however, is not so
t to extract hand candidates because color can be changed with lighting conditions
and human race. Skin colors can be segmented if we use the skin color segmentation
method such as in [15] and [16]. And it’s possible to use multiple proposal for and
detection [17]. These methods, however, need much computation time and so are not
adequate for real-time applications.

F@‘ ep in recognition of hand shapes is to detect hand candidates from input images.
rolds

We extract pixels with colors within predefined range of bins in 2D histogram of hue
(H) and saturation (S) in HSV color space to select hand candidates [2]. Sometimes faces
can be one of hand candidates because faces has similar color distribution with hands. We
try to remove faces from hand candidates based on face detection using LBP cascades.
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Face can be detected with Haar and LBP cascades. Detection with Haar cascade is better
than LBP cascades in accuracy but slower in processing time. So we use face detection
method using LBP cascades. After all, some post processing methods such as
morphological operation are performed. Figure 1 shows an example of skin color
detection and the result of removing a face from hand candidates.

Figure 1. An Example of Skin Color Detection and the Result of Re

Face @
As you can see in Figure 1, it’s very common that %n’didat% e extracted

along with wrists and forearms. The wrists and forearprs incgease difficulty in
recognition process and degrade the accuracy of g€eegdnition. In su ases, we should
collect larger training samples to consider a gre ety ofx of hands. Figure 2

shows some examples of segmented hand candidates. As you cardsee in the figure, hand
candidates contain not only hands but also d/or %5

L 2
& QY

xamples of Segmented Hand Candidates

accuracy in the=teCegnition. The removing process consists of two steps — finding

s in which the wrists are placed in the hand candidates and detecting
een hands and wrists. To finding the location of forearm in a hand
candida Q Ve use distance transformation [18] that calculates the distance between
foregrownd pixels and their closest background ones. We can find most inner or centroid
i of the candidate by the distance transformation. And then we calculate a
um distance (dmin) between the centroid and contour pixels of the candidate. We
draw a circle centered in the centroid and with radius of o dn, where o is a predefined
constant. Next, we count the number of objects that meet with circumference of the circle
and calculate length of the objects. Along the main direction of the arm, a hand is located
at end of the candidate and a wrist is on the opposite. Location of forearms can be decided
by following rules. When one side of the candidate satisfy rule 1, then hand located in the
side of the candidate. Rule 2 is for forearm location.

1. If there are more than two objects that meet circumference of the circle

We should re;@vrists and forearms from hand candidates for improving the

locations of for
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2. If length of object is within range of § - 2d,;, < d < f§ - 2d,;;;,. When length of
all objects in two direction are fallen within the range, we draw a circle again with
increasing a and repeat to check rule 2.

Figure 3 shows an example of a hand extraction result. Figure 3(a) and 3(c) are a
segmented hand candidate by using skin color detection and a hand detection result by
removing the forearm from the candidate, respectively. In Figure 3(b), you can see the
centroid of the object. Rectangle of @ in Figure 3(b) is a minimum bounding box along
the main direction (@® in the Figure 3(b)) of an arm. Distance in © shows a minimum
distance between centroid and contour pixels of the object.

Next step to remove the forearm from the candidate to detect the boundary between a
hand and a wrist. First, a line is selected. The line is vertical to the main direction of the
arm and passes a point that is apart from centroid by dy;, toward the wrist of the arm
(Figure 3(b)). Then curvature is calculated in two pixels that is located at the end of each
side of the line and also in the neighbor pixels of the end pixels. We selected twoNixels
from candidate pixels in each side of the line, which are located in the Ioc h
maximum curvature. We decided a line that is a boundary between a han rlst by
following the three rules below. Regions that are located ou |de of the are/removed
from the candidate. %

1. When the maximum curvature values of tW j excee e predefined

threshold, select a line that connects two po

2. When just one value of curvature exceeds t shold I|ne that is vertical

to the main direction of the arm and pa the point of the maximum curvature.

3. When neither points exceed the thr elect a@hat is vertical to the main

direction of the arm and passes a t at is apartNfrom centroid by dp, toward
the wrist of the arm. .

You can see the case correspond uIe 2 e 3(b). The line @ in Figure 3(b)
shows direction and also distange he centroi ard main direction of the arm. The
line © is a line that is a boupda weent nd and the wrist. So we can remove the
region below the line. Figure 3 sho after removing the wrist.

@) (b) ()
@Figure 3. Extracting a Hand by Removing the Forearm from a Hand
Candidate. The First Image is the Segmented Result by Skin Color
Detection. The Second Shows Some Metrics for Removing Forearm (Refer
to Text). and The Third Shows an Extracted Hand after Removing the
Forearm

3.2. Classification of Hand Shapes

After localizing hands from hand candidates, we calculate feature vectors that represent
hand shapes effectively. Two kinds of moment invariants are used to represent the shapes
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— Hu and Zernike moment. Then we create a new feature by fusing the two existing
features.

Two kinds of moment invariants and their fusion are used as like in our previous study
[2] and we verify the performance of these features in hand shape recognition. In the
previous study, we supposed that hands could be extracted without any connected
forearms but it is a very illogical condition. In this paper, we improve the performance by
removing forearms from hand candidates. Also we try to reduce dimension of feature
vectors. Dimension of feature vectors in Hu moments is fixed but one of Zernike
moments is increased rapidly with higher orders. So it needs to reduce the dimension of
the feature vectors.

Principal component analysis (PCA) can transform a set of data into a set of linearly
uncorrelated components. So we can use just fewer principal components than original
feature vectors to train classifier or to test unknown patterns. Principal component with
larger Eigen-values can contribute in the classification much more than smaller ones,

We train artificial neural network by using four types of feature vectors — twg _Daéic
moment invariants of Hu and Zernike, fusion of them and transformed versigm of\Zernike
by PCA. We compare the performance of the four types of the vectors. Ad W@ analyze
the effect on accuracy according to orders in Zernike moménts and ¢0 the“filumbers of
principal components.

We use seven kinds of classes of hand shapes tgstegin, artificial nédral’network. Figure
4 shows selected examples of the classes. Four,of $even classesare for rock-paper-
scissors game and the others for robot control.

b o
¥ &
2 A
® 3
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Figure 4. Selected Examples of Training Images of Classes. We Use Seven
Classes to Train Hand Shapes. Four Classes among them are for Rock-
Paper-Scissors Game and the others for Robot Control

3.3. Classification of Digits

We try to classify another set of data i.e., digits from vehicle license plate. We don’t
consider characters in the plate because character recognition is beyond the ability Of this
study. Figure 5 shows selected examples of train images of the ten classes in digits fataset.

Figure 5. Selectegixamples, Of Thaining Images of Classes in Digits

We use the samesfeatutes set with hand shape recognition but except PCA version of
Zernike momentss, Sg“we trainfartifigial neural network by using three types of feature
vectors. We=alst, cOmpare_the performance of the three types of vectors according to
orders in Z&rnike moments,

4. Experimental‘Rgsults

We classified fand shapes into seven classes, and digits into ten classes. For evaluating
accuracy,we captured the hand images by using webcam and the images of vehicle
license plawe™by using infrared camera. We segmented digits from the plate images
manually. Hand dataset consists of 630 color images from three different persons. Each
band\shape class consists of 90 images of size 300x300 from segmented input images of
siZe 1280x720. We assessed recognition accuracy with n-fold cross validation. In the case
of digit recognition, we trained neural network classifier by using 1000 images consisting
of 100 images per each digit class and evaluated performance with new 500 images.

The accuracy of Hu moments in recognition of hand shapes and digits are 87.5% and
79.0%, respectively. Figure 6 show recognition accuracy according to orders in Zernike
moments for two kinds of dataset. The number of attribute in Zernike moments according
to orders shown in Table 1. The accuracy is increasing continuously until the order of 10
but it does not show the salient improvement above the order. Figure 6(a) is for hand
shape and 6(b) for digits. If we use order of 3 or above in Zernike moment for recognition,
Zernike moment and the fusion with Hu outperform the Hu moments. We can assess that
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fused features show better accuracy against Zernike moments and in the lower orders
especially. When we use Zernike moments for recognition in hand dataset, the best
accuracy is 97.1% with order of 9. And it’s 98.4% with order of 20 in digit dataset.
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@ order of Zernike moments

(b) Recogition Accuracy in Digit Recognition
Flg&ecogmtlon Accuracy According to Orders of Zernike Moments by

Using Feature Vectors of Zernike Moments

—@—Zernike —@—Hu+Zernike
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Table 1. Number of Attributes According to Orders in Zernike Moments

112|3|4|/5(6|7|8|9|10(11|12|13(14|15/16(17| 18 | 19 | 20

#(2|416(8(12|16(20|25|30(36|42|49|56|64|72|81(90|100|110|121

Table 2, 3 and 4 show the classification results on hand dataset. The results are
represented with confusion matrices. Class 0 in the tables corresponds to hand shape of
rock and the others are same sequences in Figure 4. In Table 3 and 4, the order of Zernike
moments is 9 which show the best results in Figure 6(a).

Table 2. Classification Results of Hand Shapes in Confusion Matrix Based
on Hu Moments

Pred. V

Actual ol1|2]3]4]|5]6 ?\
0 89 | 1 0
1 87| 3 e *
2 1] 4 |69]15 N
s [+ [P LN\
4 9] 2 \\\/
5 11|75 6Y
6 2 2 N2LDs5

\J N
Table 3. Classification Results \d n Confusion Matrix Based
rhike M (S

Y
Pred.

Actua 0 ‘1\\\% 314 ]5]6

& S

N {\ 1 \ Mg | 2
N\
Q ~OP 5
O R =k

5 1 89

v 6 2 | 2 86

Table 4. Classification Results of Hand Shapes in Confusion Matrix Based
on the Fusion of Hu and Zernike Moments

O Pred.
O Actual o|1|2[3|4]|5]6

@ 0 89 1
1 87 3
2 90
3 89 1
4 1 89
5 2 88
6 1 3|2 |84
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Table 5, 6 and 7 show the classification results on digits dataset. The results are
represented with confusion matrices. Class 0 in the tables corresponds to digit 0. In Table
6 and 7, the order of Zernike moments is 20, show the best results in Figure 6(b). In Table
5, you can see that digit 6 and 9 can’t be distinguished because two digits are very similar
in their shape and differ in the direction.

Table 5. Classification Results of Digits in Confusion Matrix Based on Hu

Moments
Pred.
0 39 3 8
1 50
2 4 34112 .
3 10 | 40 \/
4 1|49 Q )
5 1 2 |1 43 3|, O
e o K
; ";,\\ go N
8 8 JN 41
9 NS (a9 [ N
>
Table 6. Classification Results of in Corﬁ@on Matrix Based on
Zerni om
Py X3
Pred. =4 NN
Actual 0 é» 2 Ns e |78 |9

0

Y i
I

%
ZNn
2R
zoll
gl e

50

50

O
e

50

49

49

7

45

&
O
¥
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Table 7. Classification Results of Digits in Confusion Matrix Based on the Fusion of Hu and
Zernike Moments

Pred.
Actual 0|12 |3 |4|5|6|7]|8]|09
0 50
1 50
2 49 | 1
3 50
4 50
5 50
6 50
7 50
8 50 .
9 5 45 ?y

ments. Fi ows the

We also evaluate the performance of PCA on Zernike
onents g,hand dataset.

recognition accuracy according to the number of princip
Recognition result with Zernike moments show best er of 9. With
order of 9, there are 30 of properties. We assess t cy of ecMn by increasing
the number of principal components that are used ining \%lfler The accuracy
is 94.66% when we use just 7 of 30 co ents, and ? ue is kept with more

components. When we use 7 components 9% of t ergy is used. So we can
reduce the number of feature for tralnlng‘\ ier an he performance.

&

100

w
o

accuracy

12 34567 8 910111213141518 212427 2930

# of compoments

@igure 7. Recognition Accuracy According to the Number of Principal
Components with Zernike Moments

5. Conclusion

We explored the contribution of moment invariants in pattern recognition of hand
shapes and digits. Hu and Zernike moments could show good performance but were not
enough to satisfy the requirement of some applications. Hu moments gave a little low
accuracy in digit dataset and Zernike moments were with the lower orders. We could
increase the accuracy by fusing the Hu and Zernike moments. The fused feature could
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give improved accuracy especially in the lower orders of Zernike moments. By applying
the PCA on the Zernike moments, we could reduce the dimension of feature vector
without degrading the ability of Zernike moments.
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