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RATIPORN CHANKLAN : THE IMPROVEMENT OF SUPPORT VECTOR
MACHINE ALGORITHM FOR BIOMETRIC IMAGE IDENTIFICATION.
THESIS ADVISOR : ASSOC. PROF. NITTAYA KERDPRASOP, Ph.D.,
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DIMENSIONALITY REDUCTION/BIOMETRIC IDENTIFICATION/SUPPORT

VECTOR MACHINE

In this research, we study the problem of biometric data classification. The
biometric data classification using support vector machine algorithm is widely used
but the recognition takes long time. To decrease running time, dimensionality
reduction is normally adopted. Dimensionality reduction is preprocessing step before
importing data to the algorithm used in the classification step. In the past, many
researchers have proposed techniques for the classification of biometric data using
dimensionality reduction techniques and most of them are used with face image data.
Model accuracy is the only performance measure metric. Dimensionality reduction
can be applied to several kinds of biometric data and then compare the classification
time. This scheme is however complex. As a result, research work of this kind rarely
appear. We thus propose in this research the improvement of support vector machine
algorithm for biometric identification called the Bio-SVM algorithm. The main
objectives are to increase efficiency and reduce the time for data classification. We
apply linear discriminant analysis (LDA) as a dimensionality reduction technique.
Then, we use LDA with the algorithm support vector machine using linear kernel
function for physiological biometric image identification and use support vector

machine using polynomial function for behavioral biometric image identification. The



implementation and experimentation have been done with the Python language. This
research uses accuracy and time as measurement to evaluate the performance of

biometric data classification.
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>>>print 3,4,3+4
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>>>print 5-1, 10/2
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" 4 linear 94.7 3.600
AYUDYD
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34

% reduce data n_components linear Time(sec)
0.16% 10 0.643 0.466
0.25% 16 0.69 0.472
0.50% 32 0.738 0.461

1% 64 0.738 0.467
2.5% 160 0.738 0.467
5% 320 0.738 0.47
10% 640 0.738 0.464
20% 1280 0.738 0.465
30% 1920 0.738 0.472
40% 2560 0.738 0.461
50% 3200 0.738 0.466
60% 3840 0.738 0.478
70% 4480 0.738 0.47
80% 5120 0.738 0.468
90% 5760 0.738 0.482
100% 6400 0.738 0.477
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% reduce data n_components linear Time(sec)
0.25% 10 0.92 0.523
0.37% 15 0.95 0.544
0.50% 20 0.96 0.542

1% 41 0.98 0.548
2.5% 102 0.98 0.536
5% 205 0.98 0.536
10% 410 0.98 0.54
20% 819 0.98 0.548
30% 1229 0.98 0.573
40% 1638 0.98 0.6
50% 2048 0.98 0.56
60% 2458 0.98 0.572
70% 2867 0.98 0.594
80% 3278 0.98 0.589
90% 3686 0.98 0.618
100% 4096 0.98 0.621
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& Spyder (Python 27) y —

File Edit Search Source Run  Debug Interpreters  Tools View T

Hb‘"" PL’L?%{" Plisa & 2 p H EEIAEl

Editor - C:\Users\mootigger\Documents\Python Saripts\test-new-program|\finger-test\untitted0-2.py 5 X
s — =S == = = —
~a | L™ TEST-csv.py # Thyroid_SVM_grids.py [ —I 2 TEST.py I 2 untitledo-2.py [ A untitledd.py =,
19 -
22 data=[]
21x = []
22 name = raw_input{"\nInput file name (ex. data.csv) : ")
23
24 with open(name , 'rb') as csvfile: §
25 spamreader = csv.reader(csvfile, delimiter=',', quotechar='|")
26 for row in spamreader:
27 data.append(row)
28 =
29
3@ x = np.array(data,np.int)
Sldata = x[:,:]
32 =
33
34
35

36

37
SE def SWM(X_train, X_test, y_train, y_test):

38 t8 = time()

48

41 svm_mode = ['linear','poly']

42 for ex in svm_mode:

43 clf = sym.5VC(gamma=8.881, C=168., kernel=ex)

44 clf.fit(¥_train, y_train)

45 y_pred = clf.predict(X_test)

46 acc = metrics.accuracy_score(y_test, y_pred)

47 print '#EEEEHEEHEREEREREEREREES '

48 print(“done in %8.3f=" % (time() - t@))

49

58 print 'SVM Mode: %s' ® ex

51 print "Accuracy :%8.3f' % acc

52 print ' “n'

53

54

56 x1=@

57 x2=8 i
4| m (3
| Variable explo... I Objectinspec... | Editor - C:Users\mootigger\Documents\Python Scripts\test-new-program|finger-testiuntitiedo-2.

Pe

517 n.4 uaasdroe1a 1dsunsuludaiulda

u
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=nia
C:\Users\mootigger \Documents|Python Scripts - -
Console [ 4
=3 @ python 1 [ 1242 = A
done in @.894s |E

SVM Mode: linear
Accuracy :@.214

done in 8.894s
SVM Mode: poly
Accuracy :8.119

»»» runfile('C:/Users/mootigger/Documents/Python Scripts/test-new-program/finger-test/unti
tled8-2.py", wdir=r'C:/Users/mootigger/Documents/Python Scripts/test-new-program/finger-te
st")

Input file name (ex. data.csv) : data_finger.csv

Data iz Physiological Biometrics

Input component : 2

done in @.518s

done in @.25@s
SVM Mode: linear
Accuracy :8.318

done in @.25@s
SVM Mode: poly
Accuracy :@.895

m

aal [

E3

Console | Breakpoints I Hismrylog—l File explorer | IPython console |
‘ermissions: R End-of-lines: CRLF Encoding: UTF-8 Line: 56 Column: 5 Memory: 83 %

319 n.5 uaasdrega TlsunsuludrumamssuTdsunsu

Input file name {ex. data.csv) : Hata_finger.csv

B o B R e L e  a
Data is Physiological Biometrics , L
S @qunslasn

Input component : 1 29 &
D ani i

done in @.519s

done in @.@94s
SVM Mode: linear
ccuracy :@.214

AVUNANTITU

done in @.189s
SVM Mode: poly
Accuracy :@.119
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luTomasnd

import numpy as np

from sklearn import svm

from sklearn import metrics

import csv

from time import time

from sklearn.cross_validation import train_test_split
from sklearn.decomposition import RandomizedPCA

from sklearn.lda import LDA

Hmmmmmm e read .csv

name = raw_input("\nInput file name (ex. data.csv) : ")

with open(name , 'rb') as csvfile:
spamreader = csv.reader(csvfile, delimiter=",', quotechar="|")
for row in spamreader:
data.append(row)
X = np.array(data,np.int)

data = x[:.:]

# acc by SVM
def SVM(X _train, X_test, y_train, y_test):
t0 = time()
svm_mode = ['linear','poly']
for ex in svm_mode:

clf = svm.SVC(gamma=0.001, C=100., kernel=ex)
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clf.fit(X_train, y_train)

y_pred = clf.predict(X _test)

acc = metrics.accuracy_score(y_test, y_pred)
print "HHHIHIHIHIHIHEHEHEHIHIHTE
print("done in %0.3fs" % (time() - t0))

print 'SVM Mode: %s' % ex

print 'Accuracy :%0.3f' % acc

print ' \n

#

x1=0
x2=0
checkl = False

check2 = False

for x in range(0,len(data)):
check=0
for y in range(0,64):
check=check+data[x,y]
check=check/64

# signature
if check>=220:
checkl = True
if x1==0:
imgarrl = np.array([data[x]])
x1=x1+1
else:
X = np.array([data[x]])
imgarrl= np.concatenate(( imgarrl,X ))

x1=x1+1




53

e face or fingerprint--------------
else:
check2 = True
if x2==0:

imgarr2 = np.array([data[x]])
x2=x2+1
else:
X = np.array([data[x]])
imgarr2 = np.concatenate((imgarr2,X))

x2=x2+1

if check1==True:

print

"\Ildata_ﬁnger.csvlIIIIIIHIIIIIIIHHIIIIHHIIIIIIIHIIIIIIIIII"
print "Data is Behavioural Biometrics"
for x in range(0,len(imgarrl)):
if c1==0:
target]=np.array([imgarr1[x][0]])
cl=cl+1
else:
T1 = np.array([imgarr2[x][0]])
target] = np.concatenate((target1,T1))
cl=cl+1

imgarrl = np.delete(imgarr1,[0], axis=1)

Ho---- Split into a training set and a test set using a stratified k fold
X train, X_test, y_train, y_test = train_test_split( imgarr1, targetl, test_size=0.25,

random_state=42)
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t0 = time()
SVM(X train, X test, y train, y test)

print("done in %0.3fs" % (time() - t0))

if check2==True:

print

print "Data is Physiological Biometrics"
for x in range(0,len(imgarr2)):
if c2==0:
target2=np.array([imgarr2[x][0]])

c2=c2+1

else:
T2 = np.array([imgarr2[x][0]])
target2 = np.concatenate((target2,T2))
c2=c2+1

imgarr2 = np.delete(imgarr2,[0], axis=1)

X train, X_test, y_train, y_test = train_test_split( imgarr2, target2, test_size=0.25,

random_state=42)

# -mmmmmmmes Use dimension reduce by LDA
componentl = int(raw_input("\nInput component : "))
t0 = time()
n_component =[component]]

print "\n"
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for ¢ in n_component:
lda = LDA(n_components=c)
lda.fit(X train,y train)
X _train = lda.transform(X _train)
X test = lda.transform(X_test)
print("done in %0.3fs" % (time() - t0))

SVM(X train, X test, y train, y_test)
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Male-Female Face Classification Using Support Vector Machine Algorithm
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FAWS YUNTNAU , BYATY WIYIWNA, AARANA LiRUsvawn, dae Nadsvan
Ratiporn Chanklan, Anusara Nunyuang, Kittisak Kerdprasop, Nittaya Kerdprasop
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Fnwaauduiliimsuiuugluea uamsnnaeanuimsuiuuglumadeisnisdmdanlund
Andaisiutadioltlulumalvanuaiudaiuan 50% u 85%
Aavdhdey: nsdwunlumissvinmeues vy, dumesannmeiuundu, nulnseu

Abstract

This research demonstrates a method of classification between male and female
faces using support vector machine algorithm. It focuses on improving the model to
detect faces that are difficult to detect and if the number of some pictures is limited,
the method is able to classify faces with hich accuracy. The proposed techniques to
improve classification accuracy are balancing male-female ratio, using cbvious female
face shape, and using unobvious female shape. To evaluate efficiency of the proposed
techniques, we compare classification accuracy of the models obtained from the
proposed three techniques against the traditional face classification method. From the
experimental results, we found that the use of obvious female face shape can improve
model accuracy from 50% to 85%.
Keywords: classification between male and female faces, Support Vector Machine,
Python language

ariyrimnssueeninaed drdnlyrianssumans uminedumelulagasn? uassudan 30000
School of Computer Engineering, Institute of Engineering, Suranaree University of Technology,
Nakhon Ratchasima, Thailand.
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2.2 danaitumsduumisziom (Classification Algorithm)
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UssiiSeuiuuiinaions (Supervised Leaming) aunsowaduneuiBmssauuny ssmildiy
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ity fldTapuazauuiudun waniaanay danasldlueedulumsuingmsians
Igunsihdredaannsouinguldiada uwieslszazvauiioudroua (Small margin) wivin
isudanldlunadvmadannmeduusiulumsiingy s lisun il Swenenezuingy
eaadldudiu TuaadniliAnsz vrvauiinSududndae (Large marein)
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Small Margin

Support Vectors
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2.3 Confusion Matrix

Confusion Matrix [1] Asmsusziliunadwdnisvinnavaaluma wianadnionlusunsy
(Predicted Labels) Wisuiiouriusainsesen ivlasay wiooneaoasimswmiiwioder
fouua (Actual Labels)

Tunsdliifeyaduunisznldidu 2 aduia Positive uax Negative #filiiann Confusion
Matrix 91 4 f1 (U 2) leiud

True Positive (TP) fis Adfilusunsuinneiadues auuaniniusds fodwdumsviunegn

True Negative (TN) fis Afilusunsvinneitlisiwasauuenitiiilieds fedwdumsiniegn
False Positive (FP) fia Ailusunswinneindaudruenitlisss ferndunmvinnefia

False Negative (FN) A Asiilusunsivinnerithinswsauuaniieds dadudunsinnein

Confusion
4 Predited Lables :
ﬁ True False
T True TP FN
P
< False| FP TN

gﬂ'ﬁ 2 m15 W Confusion Matrix
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TurmATetutlasldimsiairnldan Confusion Matix e/ 3 wmsin laud
Accuracy, Recall Wiz Precision
231 Accuracy Al aruiviueniilusunsinng awnsaairilumailiviunedeyal i
gngawnaln

Am A aadld o (TP + TN) / (TP + TN +TP + FN)

2.32 Recall (True Positive Rate) g Aisz@nfivendiilusunsuhuneldhdeyadudszion
positive 934 Wudnsamuwitlsvedoyasidlungy positive visvun
\ = & s v
Aseinid Ananddan TP /(TP + FN)

233 Precision fia Aapmuiinsiuandilusunsuinneirdeyaifiuszim positive lmmmma
wndaeiedn In amsmmammzmwaumﬂu positive mmauaumnh Lfwiadediu
negative avasmalFAL B A NS EARR

Fmnuiioad Fnnaldan TP /(TP + FP)

3. Sunpuduiuenidy
1A gudioy afBusulumihauen http:/Awmw.cl.cam.ac.uk/research/dte/
attarchive facedatabase. html 1 400 51 husdlundirdanediuau 360 sukas 40 U7
wdafugUTuninguids Svtivmn a00 guifiaamandeon sax6a pixels (4096 pixels) luina
Suunlumiluenaded ssiiufauiuensilumirseninae-uds Taglddanaiiy svm
wandonlusaillfandana®fy sum dilunadaedinsaaiy (Tradiional Method) 91nt
Aifeviintsviudsinunmnisduunatlinaie o q 3 38Ae IEnsuiudnseau
gwirmthwie-ndWiauga (Balancing Male-Fermale Ratio), 33nmsmdonlunthimdsd
wiutafieldluliuea (Using obvious female face shape) uaz Fennsdndantuntivwiily
wiudmiialdlulinma (Using unobvious fermale face shape) wauawarsALiiuLandl® fy
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feunql Vector Maching
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female face shape)
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X A _salitifaces. dota, facedbarges, 05t aisesd.i
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4.1 Fnrshadin (Traditional Method) 1¥AEmsililuaaidanlunthunyiins train uaz test
wugudwadnsitleife umavineldrmmgnasationuan agi 50% uardiulvgjseuvine
Joyalmiliifulumi e somauaiid Swnluwhivetisesnitlunigudgunn ez
wiuldhersein (Recall) uagrrmmmidios (Precision) saniusih daazituldannnsud 5 uavwnn
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A Comparative Study of Techniques to Improve Image Classification Model
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Abstract

The case study in this research is about male-female image classification using
Support Vector Machine (SVM). This research demonstrates a comparison between pre-
processing techniques including Principal Component Analysis (PCA), Linear Discriminant
Analysis (LDA) and Feature Selection based on Chi-square. We also compare the
efficiency of image recognition and classification among four kinds of kernel functions,
that is, Linear Function, Polynomial Function, Radial Basis Function, and Sigmoid
Function. From the experimental results, we found that the classification accuracy of
PCA technigue with 3 components and trained with the RBF kernel function is 95%. This
is the highest accuracy of compared to all techniques studied in this research. The
increase is 10% from the baseline 85%, which is the accuracy of male-female
classification without any pre-processing technique.
Keywords: Image recognition model, Classification between male and female faces,
Support Vector Machine, PCA, LDA, Feature Selection
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Positive sample

Negative sample .

JUn 1 ssuumeadndulavesduwednanmedusrdy (A, Shamsuddin and Ismail, 2011)

nsiasieiasAusenauvan (Principal Component Analysis : PCA ) [4] Wu38nns
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fian neiifuraunisihando 1) shmswadessadsuaindoyalufiunnmeium 2)
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X2(t) = avgZ {X%(t, ¢} )
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Abstract

This research aims at studying the identification accuracy and execution time that are
affected by dimensionality reduction of biometric data. We comparatively study the finger
scan, face image and handwritten signature data. Dimensionality reduction has long been
realized as an important factor to decrease the running time of image recognition. We thus
study the two dimensionality reduction techniques: principal component analysis (PCA) and
linear discriminant analysis (LDA). The algorithm that has been used to train and identify
the images is a support vector machine with two different kernel functions: linear and

polynomial functions. Experimental results showed that LDA dimensionality reduction by
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using a linear function is more accurate and takes less time than not use PCA this

technique is suitable for physiological biometric data. We found out is that only 1% of

original image data dimensions is adequate for the accuracy and speed up identification.
Keywords: dimensionality reduction, biometric identification, support vector machine,

principal component analysis, linear discriminant analysis
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Abstract

In present an implementing fingerprint has been used
widely. Such as fingerprint scanners first used your phones,
used fingerprint scanner to save working hours. But the
performance for implementing fingerprint also mistake. We
assume that the fingerprint images to edge detection of the
image to make the image more clearly, and may cause
performance image recognition to better. We thus study the
four edges detection: sobel, prewitt, robert and canny. For
faster classification we apply two dimensionality reduction
techniques: principal component analysis and linear
discriminant analysis. Then, we identify biometrics with
the algorithm support vector machine using kemel function
linear. Experimental results showed that pre-processing
fingerprint images using canny edge detection with
principal component analysis the rate increased accuracy
and highest from 64.3% to 88% and using canny edge
detection with linear discriminant analysis the rate
increased accuracy and highest from 73.8% to 88%

Keywords: fingerprint, edge detection, support
vector machine, principal component analysis, linear

discriminant analysis

1. Introduction

The combination of biological, medical and computer
technology together by using the unique features of each
person used to identify the person. And bring unique
features to compare the unique features that have been
recorded in the database for identify them from others. The
system is called system identification biotechnology or
biometric. The physical characteristics of the people do not
change over time but the physical behavioral may have

changed. Thus identify the person by physical
characteristics are reliable more than physical behavioral.
In present fingerprint identification used to access devices
such as cell phones is popular. The biometric system is not
security enough, because the accuracy can’t be a hundred
percent. In the past, many researchers proposed edge
detection techniques used to enhance the recognition.
Improved performance the recognition by the application of
wavelet transform with prewitt edge detection'”. Have
taken edge detection used with gray level watershed
approach makes fast data classification and better
performance”. Edge detection is important to recognize
the fingerprint. It influences on the image extraction and
affects the matching of images. The algorithm should be
chosen according to the characteristics of the image is
detected to be implemented perfectlym.

We thus propose edges detection, which is important in
image processing and widely used to enhance recognition.
We uses fingerprint images in the experiment. However,
fingerprint images each individuals will look very similar it
making classification difficult. First, we should be
separation element of image. The element is maintaining
characteristics of fingerprint. We used separation element of
image by finding four edges detection method: sobel,
prewitt, robert and canny. Because it make a fingerprint
images look clear. And we apply two dimensionality
reduction techniques: principal component analysis and
linear discriminant analysis. Dimensionality reduction is
making a classification less time and save a memory. Then
dimensionality reduction image data into the algorithm that
is used in the classification. We identify by support vector
machine with linear kernel and compared the performance
of each model.

© 2015 The Institute of Industrial Applications Engineers, Japan.
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2. Theories

2.1 Edge detection

Edge detection™

is to find line around the object in the
image. When we know line around the object, we can
calculate the area {size) or recognition type of the object.
However, finding correct image edge detection perfect not
an easy task. In particular, finding edge of image with low
quality or uneven light is even harder. Edges can be
detected by the difference of light intensity from one point
to another point. If there is much difference of light
intensity, the edges can be outhned clearly. If the difference
of light intensity is low the edges are not clear. Edge
detection techniques can be divided into two main groups:
Gradient method and Laplacian method.

In this study, we use four gradient methods: sobel edge
detection, prewitt edge detection, robert edge detection, and

camny edge detection.
2.1.1 Sobel edge detection

Sobel™ is used to find change of colors in image
between object and background. The gradient value in
each band is calculated by convolution image with
filter of size 3X3. The result applying Sobel edge
detection is show in Fig. 1.

{a) Original image {b) Sobel edge detection image

Fig. 1. Demonstration of Sobel edge detection

2.1.2 Prewitt edge detection

Prewitt®

performs edge detection by calculating
gradient vector of each point on the original image. The
higher gray level intensity shows border between
object and background. Gradient is calculate by filter
of size 3X3. Example of Prewitt edge detection is show

mn Fig. 2.

6@
..

{a) Ongmal image

{b) Prewitt edge detection image
Fig. 2. hstration of Prewitt edge detection
2.1.3 Robert edge detection

Robert* edge detection technique is similar to the
Sobel edge detection. But use filter at smaller size of
2X2. Example of applying the Robert edge detection

techniques is show inFig, 3.

{a) Omgmal image

{b) Robent edge detection image

Fig. 3. Robert edge detection form samples image

2.1.4 Canny edge detection

Canny'™*! edge detection applies adjustments to
smooth image with Gaussian filter to remove noise in
the image. It makes a better edge finding. Then
calculate magnitude size and orientation of gradient.
The next step is to use non-maxima suppression with
Gradient magnitude to make the edges thinner. Finally
fv edge
pixels and connect consecutive edges. Demonstration

use double thresholding algorithm to ide

of Canny edge detection to the sample image is shown

in Fig. 4.

{a) Original image {b) Canny edge detection image

Fig. 4. Example of applying Canny edge detection
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2.2 Dimensionality Reduction

Dimensionality reduction is an action to replace
onginal data with a new set of compact data. It reduces
memory usage and uses less time for classification
Classification or recognition over a set of compact data
should produce the same result as or equivalent classifying
the original data.

In this study, we use two dimensionality reduction
techniques: principal component  analysis  and  linear

discriminant analysis.
2.2.1 Principal Component Analysis (PCA)

PCA® is the techn ique of multivariate data
analysis without segmenting variables. It s commonly
used to reduce size of the matrix of vanables to smaller
size appropriate for the further analysis of data. PCA
will create a new wvariable, which i1s made up of
variable or the varance of a combination of original
variables. Finding relations among image normally
uses the matrix of covariance from image data to build

an Eigen faces instead of the vector (Eigenvector).
2.2.2 Linear Discriminant Analysis (LDA)

LDA  is a technique used for supervised learning.
It is commonly used for dimensionality reduction over
data variables and also for classifying data. It uses a
function to project data onto a subspace in such a way
that data coming from different classes are well
separated, and data from the same class are formed
closer together to allow easy classification. It considers
a distribution within group and distribution between the
groups. LDA can identify picture that are affected by
factors such as lights and shooting characteristics.

2.3 Support Vector Machine (SVM)

SYMB s process of selecting the optimal model for
inducing the patterns. Support vector machine is popular in
pattern recognition and data classification. Support vector
machines for classification use optimal hyperplane in
classifying data. Hyperplanes can be created in various
ways. But therewill be the one optimal hyperplane that can
maintain the greatest distance between two groups. The
optimal hyperplane can be found by locating the support
wector that 1s used as representative of the entire data set.
This support vector 1s used to divide the data by taking a
plane that can separate the two datagroups as much as

possible. Then find a plane with maximum margin and
assume that plane a suitable one for classification.

We assume a set of n data points, {x, ¥, ..., (o, 30)
when x € R™, v € {—1, 1}. When m is dimension, x is data
input, and y is class =1 or +1. Creating a plane to split data
can be calculated using Equations land 2.

(w+x)+ b>0 where y,= +1 (1)

(we*x,)+ b <0 where yy= =1 (2)

These equations classify data into either a class +]1 or
-1, depending on the data attribute value, weight{w), and
bias(b). Example of creating a hyperplane to gain a

maximum margin 15 shown in Fig. 5.
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{a) Find hyperplane
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Fig. 5. Optimal hyperplane for classification
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3. Research Process

This research  used Fingerprint  data  set  from
http/ffvs sourceforge net/download html. It contains 168
fingerprint images of all 21 fingers; 1 finger has & images
with a resolution of 80x80 pixels (6400 pixels).

In this study edges detection and dimensionality
reduction have been applied to improve accuracy and to
speed up the recognition. The process of experimentation 1s
shown in Figure 6.

Fig. 6. The process of fingerprint recognition.

The fwst step of our comparative study 15 the
application of 4 edges detection methods: sobel, prewitt,
robert and canny. The implementation uses matlab program
and python language with spyder editor to convert images
data to array. Color in each pixel is convert to array |
dimensional array. Then we apply dimensionality reduction
techniques. In the last step, we use support vector machine
algorithm to classify image data.

4. Experimental Results

This research measures the performance of the model
by comparing the accuracy of the data classification with
support vector machine algorithm. The experimental results
before and after applying the edges detection techniques are
shown in table 1, 2 and 3. Examples of fingerprint images
obtained from each edge detection technique are illustrated
mFig. 7.

() Fingerprint image after applying prewitt edge detection.

Fig. 7.

Fingerprint image samples.
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4.1 Fingerprint Recognition Accuracy of Non-edge
versus Edges Detection

We split data into two datasets: training data containing
126 images and test data consisting of 42 images. Then
perform  classification using support vector machine
algorithm with linear kemel. The classification accuracy is
52.4%,. This is the base line for comparison because it is the
classification performance of the original image data. After
applying edges detection: sobel, canny, and perwitt the

classification accuracy increase.

Table 1. Before applying Dimensionality Reduction

edge detection accuracy
Sobel BET %
Canny 714 %
Robert 1%
Prewitt 524%
Mon- edge 524 %

4.2 Recognition Accuracy of Full Feature Fingerprint
versus Dimensionality Reduction

Table 2. Before applying edge detection

Dimension reduce | component ACCUracy
LDA 32 T3.800
PCA 8 64.30%

When we use dimensionality reduction techniques, the
classification accuracy increase significantly. LDA can
increases accuracy from 52.4% to 73.80% and PCA

increases accuracy from 52.4% to 64.30%.

43 Accuracy Improvement with Edge Detection and

Dimensionality Reduction

Table 3. After applying LDA with edge detection

edge detection component accuracy
Sobel 32 BEY
Canny 32 T1.4%
Robert 16 40.5%
Prewitt 32 45.2%

Table 4.  After applying PCA with edge detection
edge detection component ACCUTACY
Sobel 7 B
Canny 10 83.3%
Robert [ 52.5%
Prewitt 16 T1.4%

We have shown results before and after edge detection
with two dimensionality reduction technique: principal
component analysis (PCA) and lmear disciminant analysis
(LDA), as a graph in Fig. 8.

LDA+SVM

pa—— =—4#—L0A ==sobeliDA —d—canny+LOA ===—robertsLDA —=—prewitt+L0A4
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(a) Thiz graph shows the accumcy with the components by edges
detection and LDA.

PCA+SVM

=+—=PCA ==acbebPCA —ar—(anmpePCA —==robertePlA —=—prewiisPlA

(b) This graph shows the accumcy with the components by edges
detection and PCA.

Fig. & Graph shows all results.




88

Fig. & is a graph showing the accuracy i accordance
with the number of components. We are interested in the
most accuracy model by comparing between edge detection
method  and non-edge  detection  method.  Non-edges
detected LDA + SWVM gives the most accurate model at
73.8%. After using sobel edge detection + LDA + SVM,
model’s accuracy increases to 88%. Non-edge detected +
PCA + SWVM has the highest accuracy at 64.3%. After using
sobel edge detection + PCA + SVM the accuracy increase
to &8%. The accuracy is increased after applying edge
detection because the fingerprint images can be noticed
clearly. It can be seen from examples in Fig. 7 that the sobel
edge detection technique converts prominent ridges into
gray scale that can facilitate the classification algorithm.

4 Conclusions

The fingerprint recognition technology 1s widely used
in many real-life applications such as the access to mobile
devices, border control, entering building, and so on
Adopting fingerprints for identification and authentication
is, however, still inaccurate. We propose in this paper the
improvement of fingerprint image recognition through the
use of edge detection and dimensionality reduction
techniques. We use four edge detection methods: sobel,
prewitt, robert, and canmy. We apply dimensionality
reduction techniques to help faster identification using two
principal
discriminant analysis.

techniques: component  analysis  and  linear
Then classify fingerprint image
with support vector machine using linear kernel. In a series
of experimentation, we use fingerprint images of size
fingerprint image size BO0x80 pixels (6400 components).
The dataset contains of 168 mmages obtamed from 21
people. The experimental results showed that LDA + SVM
gave a classification model that has the highest accuracy at
73.8%. After using sobel edge detection + LDA + SV M the
And PCA + SVM, model has
the highest accuracy 64.3%, after using sobel edge detection
+ PCA + SWM model accuracy mcreased to 88%. The

results can be summarized as sobel edge detection when

increased accuracy to 88%.

used in conjunction with dimensional reduction technique:
principal component analysis or Imear discriminant analysis,
the recognition of fingerprint image can be significantly
enhanced.
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Abstract

Traffic sign classification system is a part of driving
assistance system that automatically alerts and instructs the
driver about the meaning of traffic signs. In this paper, we
proposed the idea for classifying automatically each type of
traffic signs. The proposed method has been tested with a
publicly available Traffic ~ Sign
Recognition Benchmark (GTSRB). We use 360 images for
testing by grouping traffic signs into 12 groups and images

dataset: German

are taken by short distance from camera. In the first stage of
our method, we have to separate particular traffic sign from
background using color analysis, edge detection, and region
of interest (ROI). In the process of ROI, we use Hough
Transform algorithm to detect the different shapes of circle,
square, and triangle. After we obtained edge images and
images from ROI, in the subsequent stage we use 75% of
images for training and 25% of images for testing using
support vector machine classification algorithm. From ROI
image we use feature extraction to get normal direction
from edge image and also use support vector machine
(SVM) to classify and compare results between ROI and
ROI with normal direction feature. In our experimental
results, using ROl and SVM can improve the efficiency of
classification which has the accuracy 73%, ROI with
normal direction feature and SVM can improve the
efficiency of classification which has the accuracy 88.60%,
when compare with the original involved background
67.80%. The improvement from SVM is about 5% and
20.8% respectively.

Keywords: image classification, support vector machine,
hough transform, feature extraction, ROL.

1. Introduction

Image segmentation is the important process to
subdivide an image into several regions. It is an important
topic in computer vision and image processing. The result
of segmentation is objects that are separated from
background. The separated objects can decrease processing
time and processing steps. Nowadays image segmentation
has been widely used in several kinds of applications such
as industrial images, geography and traffic safety. In this
paper, we propose the experiment results of classification
for several kinds of traffic signs by performing
segmentation using image processing technique and
classifying with support vector machine.

Traffic sign was designed for human to recognize and
interpret the meaning of the abstract sign which using
uncomplicated shape, character and symbol. The
development of traffic sign recognition has been used for
automatic driven vehicle or warning system for driver.
Then it is an interesting task to make the computer identify,
distinguish, and recognize the traffic sign correctly.

Color space is primarily used to obtain image
information and detection. The Hue-Saturation-Value®
(HSV) color space has been the most popular one as it
based on human color perception. In addition it is
considered largely invariant to illumination changes and
also used to classify traffic sign by color separation. Many
researchers use Red-Green-Blue (RGB) color space™ to get
image information and then convert it to a gray scale image
to find edge contour of traffic sign region. However RGB is

not a good representation with color separated between

© 2015 The Institute of Industrial Applications Engineers, Japan.
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objects and background. Thus, the conversion of RGB to
gray scale image is required and then uses gray scale image
to find contour edge. The contour edge can describe the
shape properties of object and finally the position of object
can be derived.

Currently, there are many researches in traffic sign
segmentation and recognition that using several algorithms.
Amplitude segmentation methods is the simplest method to
separate the region of traffic sign using a proper threshold
value, but the result is not good since the intensity of image
and background are similar. Boundary detection method"”
is rather be popular and get good efficiency result of image
segmentation is edge detection. This method takes quite a
long time in processing, because after obtaining edge

contour, the next step is to find the arbitrary shape in image.
2. Related Work

Many methodologies and researches have been
proposed for traffic sign classification system. Sekanian
et al.® proposed the detection of Norwegian speed limit
signs. They design for 3 steps. Color classification using
HSV color space, position detection of speed limit sign
using template matching, and speed limit number
recognition using neural network. Liu et al.””’ proposed
vision-based stop sign detection and recognition systems
for intelligent vehicle based on HSV color space, size
analysis, and ratio of traffic sign. They used neural network
technique in recognition process. Huda et al.”proposed
real-time detection and recognition of Indian traffic signs
using matlab. They also used gaussian filter and median
filter to remove noise in image and used YCbCr color space
in segmentation process. In the next step they used feature
extraction before classification and recognition using
multi-layer perceptron neural network method. Another
method has also been proposed by Surinwarangkoon et al.”
based on thresholding. They use RGB color space in
segmentation process. They also use feature selection
before classification process in traffic sign recognition

system in poor condition.
3. Characteristics of Traffic Sign

Since traffic signs provide important information for
driver about caution and hazard, their color and shape are
chosen by ftraffic authorities to make them easy to
understand by humans. In this paper, we selected traffic

signs from German Traffic Sign Recognition Benchmark

Table 1.  Different categories of traffic signs from
GTSRB.
Traffic Sign Image Traffic Sign Image
Types Types
Speed limit Speed limit
(30 km/h) (120 km/h)
Speed limit No overtaking 7 |
(50 km/h)
nd
Speed limit No overtaking
(60 km/h) by lorries .
Speed limit Right of way
(70 km/h) at the next |
crossroads o
Speed limit Priority road
(80 km/h)
Speed limit Give way
(100 km/h)

(GTSRB). The dataset used in our experiment contains 360
images, which are separated into 12 categories. There are
mainly 3 shapes of traffic signs in our experiment such as
circle, square, and triangle. Short distance photos were
taken in shady, normal and bright light conditions by
camera for every image. The size of the traffic signs were
normalized to 80 X 80 pixels for size testing of signs.
Different category of traffic signs from GTSRB are shown
in Table 1.

4. Materials and Methods

4.1 Canny Edge Detection

In this paper we use canny edge detection to compute
gradientdirection of image. Canny edge detection enhances
the image using smoothing process by Gaussian filter to
blur image for eliminating noises in image. Then compute
the gradient magnitude and gradient orientation using
first-order derivative. Next step is to use non-maxima
suppression and gradient magnitude to find thinnest
contour. The last step is to use double thresholding
algorithm to specify contour pixels and make the contour
continuously.

Noise reduction is the first step using Gaussian filter.




91

Fig. 1. Normal direction of edge pixel.

Given that I[1,j] is the image which require edge contour,
G[i,j, o] is Gaussian smoothing filter, and o is the variable
to control the distribution of smoothing. The smoothing

process is as follows:
Slij1= Glij o] =10 j] M

When smooth the image with noise reduction, the next
step is to take the S[i, j] image to compute x, y partial
derivatives P[i, j] and Q[i, j] respectively

Pli,jl = (SLij+ 1] =S, j1 + S+ 1,5 +1] - S[i + 1,/])/2 (2)
Qlijl = (Slij] = Sli+ L +Slij+ 1 =Sli+1j+1D/2  (3)

In the final step P[i, j] and Q[i, j] can be compute by
converting rectangular coordinates to polar coordinates to

find the size and direction of gradient.

Mli, j1 = /P, j1* + Q[L.))* )

6li, j] = arctan(Q[1,j1, P[i, j] (5)

Thus the normal direction of edge pixel can be compute
in the process of Canny edge detection. These normal
direction values are the feature extraction that has been
used in image segmentation by support vector machine.

Normal direction on each edge pixel shown in Fig.1.
4.2 Region of Interest (ROI)

Region of Interest is the method to crop the specific
region of object in the image by eliminating background.
ROI can be obtained by using binary edge contour image to
find the position of circle, triangle, and square in image.
The Hough transform is the algorithm to find the position
of object. Since this paper uses 3 shapes of traffic sign, thus
2 methods of Hough transform algorithm were used to find
sign position: Hough transform for circle detection and
Hough transform for line detection to detect triangle and
square.

(a) Hough transform for circle detection
Circle detection using Hough transform is the method

(a) Circle (b) Line

Fig. 2. Coordinate of circle and line.

for circle detection in image. Every edge pixel in binary
image was substituted in geometric circle equation called
Hough space to obtain a center of circle and radius in an

image using maximum vote value of Xc, Yc, and .

Xc=x+rcosh (6)
Yec=y+rsing (@]

Where Xc and Ye are the possible center point of circle
(range of Xc is 1 to image width, Yc is 1 to image height), x
and y are edge pixel coordinate, r is radius of circle (range
of r is 1 to half diagonal distance of image), and & is
possible angle when measure along x coordinate (0-360
degrees) as shown in Fig. 2.

(b) Hough transform for line detection

Line detection using Hough transform is the method for
line detection in image. Every edge pixel in binary image
was substituted in geometric line equation called Hough
space to derive the maximum vote of each line. If there are
3 maximum votes and 3 intersection in Hough space the
object is triangle. Likewise, if there are 4 maximum votes
and 4 intersection in Hough space the objects is square.

d = xcosf + ysiné (8)

Where d is distance from the origin point when
perpendicular measuring from specific line, 6 is possible
angle (0-360 degrees) of line when dragging from origin
point to perpendicular with line along x coordinate, x and y

are coordinates of edge pixel as shown in Fig. 2.
4.3  Support Vector Machine (SYM)

In this section we introduce some basic concepts of
SVM and different types of kernel function.

(a) Overview of SVM

Support vector machine is supervised machine
learning algorithm used for classification and regression
problems by generating the optimal separation

hyperplane in a multi-dimensional space. The basic idea
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—

Fig. 3. Optimal hyperplane with maximum margin.

of SVM is to find the optimal hyperplane to separate
datasets. Two parallel hyperplanes are constructed on each
side of the hyperplane that separate the data. The separating
hyperplane is the hyperplane that maximizes the distance
between the two parallel hyperplanes. An assumption is
made that the larger of margin or distance between these
parallel hyperplanes, the better of classification as shown in
Fig. 3.
We consider 2 datasets of the form

D={(xy,y) .., C,y) hx €ER™y €{-1,1} (9

Where [ denote the amount of dataset, i denote the
sequence of data, m is number of dimensions, and y is
classification result consisting of +1 and -1 to denote each
group of dataset after separation process.

If the training data are linearly separable, we consider
the dataset by specifying x; to be data of x; and value is
positive.  Likewise X, is data of x; and value is negative.
This can be written as

(w#*x;)+ b>0 where, yi=+1 (10)
(w*x,) + b <0 where,yi=-1

Where w denotes weight of vector, x; is positive data

vector, X, is negative data vector, and b denotes bias value.

(b) Kemel Function of SVM
Training vectors can be represented in a higher
dimensional space. There are many kernel functions
available in SVM. So how to select an optimal kernel
function is also a research problem. However, for general

purpose, there are some popular kernel functions:

® [inear kernel:
K (e xjy=27 x; (1
® Polynomial kernel:
K(xx)=@xrx +1)%  y>0  (12)
® RBF kernel:
I((xi,xj) = exp(—y“xi - j||2), y>0 (13)
®  Sigmoid kernel:

K(xi,xj) =tanhy x;r x;+7) (14)
Here, y, rand d are kernel function parameters.
5. Proposed Work

A framework of proposed work for segmentation and
classification of traffic sign is shown in Fig. 4. The main
stages of our implementation are: image pre-processing
using edge detection, image pre-processing using Hough
transform to get region of interest (ROI), and classification
process using support vector machine with different kinds
of kernel functions.

5.1 Image

Pre-processing using Canny Edge

Detection

In Canny edge detection process; the first step is to
decrease the dimensions of color space by converting color
image to gray scale image to the remaining of only 256
colors, since much color is not necessary to find edge. Then
the Canny edge is detected from gray scale image, as shown
in Fig. 5

5.2 Image Pre-processing using Region of Interest

In the process to finding region of interest (ROI) by
climinating background, there are two main steps to detect
region of traffic sign: convert color image to gray scale
image and edge detection using canny edge detection,
because it can remove noise from image by blurring to
improve the quality of edge image. After that, the edge
image is then sent to Hough transform to detect circle,
triangle, and square. So, we can obtain the region of interest
of traffic sign and then in the final step, region of interest
has been sent to classification process using support vector

machine as shown in Fig. 6.
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5.3 Feature Extraction

After we obtained the edge image we also obtained the
normal direction feature. The normal direction of gradient
or normal vectors are derived from the line that drags to
touch every edge pixel from edge image which we call
tangent vector, and then draw the perpendicular line with
tangent vector. We will get the normal direction degree
when measure angle along x axis. The normal direction in
every edge pixels are the feature that will use in SVM
classification process. Because normal direction feature can
represents the shape and curve of object in degree of angles

(0-360). Normal direction feature is shown is Fig.7.

54  SVM Classification

In SVM training process, we have 3 models for training
images including original images that are converted to gray
scale, ROI and, ROI with normal direction feature. All 3

Traffic sign color image

[

Color to gray scale

|

Canny edge detection

L

Max vote from Hough space

l

Circle and line detected

v

Region of Interest (ROT)

3> B> &

Fig. 6. Find ROI using Hough transform.

Fig. 7. Normal direction feature on every edge pixel.

models were trained from 270 images. In classification
evaluation process, 90 images were used for testing. These
tested images had been performed with image processing
steps the same as those in the training process. Finally, we
use 4 kernels functions (Linear, Polynomial, Sigmoid, and

RBF) in SVM classification process.

6. Experimental Results

In this paper, we use 360 images from 12 categories
and 3 different shapes such as circle, triangle, and square.

We use Matlab for pre-processing images and Pyhon
2.7 use for the classification process. SVM is the efficiency
method that has been widely used for classification and we
also use 4 kernel functions in classification process as
shown the experimental results in Table 2.

Linear kernel function gives rather high accuracy when
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compared with other kernel functions. The accuracy rates
are ranging between 67.80% - 88.60%. But original image
gives low accuracy.

Polynomial kernel function obtains medium accuracy
between 46.70% - 54.50%. Original image gives low
accuracy for this kernel function.

RBF and sigmoid kernel function get very low
accuracy in all methods of pre-processing image. The
accuracy rates are between 4.40% - 28.70%.

The accuracy of classification when using ROI with
linear kernel function is 73% and the accuracy of
classification when using ROI with normal direction feature
is 88.60%. The results of Polynomial , RBF and Sigmoid
kernel functions are rather low as shown in Table 2.

In Table 2, we found that the classification accuracy of
linear kernel function with region of interest (ROI) and
region of interest with normal direction feature techniques
is rather good on 3 methods of image pre-processing.
Accuracy of original image is 67.80%, ROI 73% and, ROI
with normal direction feature 88.60%. A comparative graph
of classification accuracy using image pre-processing

techniques with 4 kernel functions is shown in Fig. 8.

7. Conclusions

Traffic signs classification using support Vector
machine and image segmentation is the main contribution
presented in this paper. The image segmentation algorithm
namely region of interest (ROI) and region of interest (ROT)
with normal direction feature using SVM linear kernel
function is quite efficient for classification. It can improve
the accuracy of classification from 67.80% to 73% and
88.60%; the increase is about 5% and 20.8%. This increase
is due to the fact that ROI will crop image only the region
of traffic signs and eliminate the unnecessary background.
We also use feature extraction with normal direction and
bring the results to compare with ROI and original image.
The accuracy of original image when used in classification
process is not good. We found that the classification result
using original image get low accuracy because original
image consists of noisy background. On the other hand,
ROI and ROI with normal direction feature are the gray
scale image which has possible 256 intensity values, and
we crop the specific region of traffic sign and also eliminate
noisy background from image. Hence, ROI and ROI with
normal direction feature when using with SVM linear
kernel function already shows good accuracy in terms of

segmentation and classification.

Table 2. Classification results for each method.

SVM Original ROI Normal
direction
Accuracy Accuracy Accuracy

Train Test Train Test Train Test

Linear 1.000 | 0.678 1.000 0.730 1.000 0.886
poly 1.000 | 0467 1.000 0.511 0.958 0.545
RBF 1.000 | 0.067 1.000 0.067 1.000 0.365

Sigmoid | 0960 | 0.044 0.096 0.044 | 0.0975 | 0.287

1
0.9 >
08 ad
07 -—PL
0.6 g Linear
05 4.?_.4
0.4 il P ly
gi 7 RBF
01 J/ i i
0 T T T d
Original ROI ROI with
Normal
direction

Fig. 8. Accuracy of classification using image.

In future work, we will mainly focus on improving the
efficiency of the traffic sign segmentation and classification
in order to use other information in image such as texture
feature and morphological features. We will also apply
feature extraction and feature selection before classification
process to improve accuracy and reduce misclassification
data.
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Abstract

In this research we demonstrate the improvement
for handwritten recognition using edge detection technique
and our novel technique of adding intensive data. We
collect totally 600 signatures from 30 people. Then we
transform the hand written signatures images to be image
file and resize to 144 x 38 pixels along the width and the
height, respectively. Every pixel is encoded its intensity
value from 0 to 255. The value 0 is the highest intensity
(black) and 255 is white. Next, we use 4 different
algorithms:  Support Vector Machine (with linear,
polynomial, radial basis, and sigmoid kernel functions),
k-Nearest Neighbors, Perceptron, and Naive Bayes (using
Gaussian, multinomial, and Bernoulli density functions).
From the experiment result, SVM with polynomial kernel
function shows the highest accuracy (95.33%). Then we use
4 techniques of edge detection:Sobel, Prewitt, Robert,
Canny and Thinning technique. WithSobel edge detection
technique, we found that the accuracy is gained to 96%
(higher than the highest of original data). We also observe
that Sobel technique can improve the accuracy of k-NN
with a significant level (from 78.67% to 91.33%).
Moreover, we try to append the high intensity color data.
And by this technique, we notice significant improvement
of k-NN accuracy up to 96%. In SVM with linear function,
after applying our technique the accuracy is improved to

98.00% which is the highest accuracy of this research.

Keywords:image recognition, handwritten signature,

support vector machine, k-nearest neighbor, naive Bayes
1. Introduction
The use of biometric in authentication or individual

identification receives much attention in the current. It

provides convenience of not having to carry identification

documents, which reduces the problem of document
falsification. The signature is external identity which is
widely used for identifying individual. Signature of a
person is distinct and it is hardly to be forged or
counterfeited.

Vargas et al™

reviewed the handwritten signatures
focusing on the grey-scale measurement and co-occurrence
matrix technique and local binary pattern base on
MCYT-75 and GPDS-100 databases. The result was that the
EER (Equal Error Rate) = 16.27%.

Guerbai et al.“proposed the powerful use of OC-SVM
for handwritten signature verification. The result from the
experiment was 5-7% AER (Average Error Rate) in
CEDAR dataset, whereas 15 - 17% AER in GPDS dataset.

Frias-Martinez et al®'demonstrated the handwritten
recognition based on the Support Vector Machine (SVM)
and compared to a traditional classification technique like
Multi-Layer Perceptron (MLP). The experimental results
showed that SVM could provide up to 71% accuracy rate,
which isbetter than the MLP technique.

Zheng et al “conducted edges and gradients
detection, which was an innovative method for finding
clearer edges. They used Least Squares Support Vector
Machine (LS-SVM) with radial basis kernel function and
Sobel and Canny edge detection. The outcome revealed that
these techniques were even more effective than applying
only a single machine learning technique.

Most researches on signature recognition often
focused on a comparative study to find algorithms suitable
for the signature recognition. However, we often encounter
problems of a similar signature of different individuals or
slightly different signatures of the same individual. Due to
various environmental conditions, the accuracy of signature
identification turns derogated. We have realized the
importance of pre-processing. It is the importance step that

can affect the accuracy rate. This paper proposes a

© 2015 The Institute of Industrial Applications Engineers, Japan.
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technique to enhance the signature recognition by focusing
the improvement of signature images.The signature images
will be improved by edge detection technique and thinning
edgetechnique. In addition, we propose a novel concept,
which is never seen in any previous signature recognition
researches; that is, to append the interesting area of
imagedataset. And in this case is high intensity color data.

2. Related Theorems and Algorithms

2.1 Pattern Recognition

The pattern recognition(S)is the study about object
classification with respect to “Feature” of each “Class.” The
method can be applied to various fields, for example, the
individual identification using biological data, e.g.
fingerprint, face, iris, DNA, or even a signature, as well as
the recognition of documents, e.g. pattern recognition of
spam mail.

Issues related to pattern recognition and classification
have been of great interest at present. As a result,
technology and various advanced tools have been
developed to be applied.The classification often requires
knowledge of various branches, e.g. data mining, artificial
neural network, machine learning, data improvement
processes such as image-data improvement by edge

detection.
2.2 TImage Edge Detection

The image edge detection®is used to detect lines
showing around the shape of an object by cutting away any
other details, e.g. color or streaked. The image used to
represent the shape of the object is represented as a “Binary
Image.” Edge detection can be done in a variety of ways
with similar principles; that is, to find the difference of
color between the “Gray Scale” of one point and the other
point. If the light intensity is very different, the edges will
be clearer; however, if the color difference is less, the edges
can be vague. The edge detection can be applied in
computer vision, e.g. boundary separation betweenobject

and background orobject recognitionetc.
2.2.1 Sobel Edge Detection

Sobel edge detection®is the edge detection
method by using the 2 filters with the size 3 x 3 called “Sx”
and “Sy” to separate objects and background. The gradient
values of each band will be computed and create the filters.

Example of Sx andSy filter are in figure 1.

-1 0 1 1 2 1

210 2 o]0 0

-1 0 1 -1 -2 -
Sy Sy

Fig.1.Sobelfilter.

The calculation of sobel gradient value is shown

Sobel gradient = |(5,>+5,°)(1)

2.2.2 Prewitt Edge Detection

in equation 1.

Prewitt edge detection'is detection technique
using the same concept as the Sobel edge detection.The

differential is the value in the filters that shown in figure 2.

10 |1 -1 A

10 |1 0|00

] 0|1 1 1 1
hy hJ’

Fig.2.Prewitt filter.

Prewitt gradient can be calculated as shown in

Prewitt gradient = |(h,” + h,*)(2)

2.2.3 Robert Edge Detection

equation 2.

Robert edge detectionis a technique using 2x2
size filters called “Gx” and “Gy”. The concept of this edge
detection is to calculate the gradientof an image which is
summarized from the differences between diagonally
adjacent pixels. The filter of Robert edge detection is shown

in figure 3.

Fig. 3.Robert filter.

Robert gradient can be calculated as shown in

equation 3.

G(FGN) = IfG+1j+1)—fGNI+
FG+1L0—-fFG7+ Dl (3)
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2.2.4 Canny Edge Detection

® is to

The first step of Canny edge detection
eliminated noise. Noise can be removed by using Gaussian
Filter to clear the speckles and smooth the edge of image.In
the second step, a gradient operator will be applied to
achieve the gradient’s intensity and direction. Then, The
non-maximum suppression is used for thinning the images’
edge by determining if the pixel is a better candidate than
its neighbors. The final step is using doublethresholding
algorithm to specify contour pixels and make the edge
continuous.

The calculation of Gaussian Filterwhich is
applied in Canny edge detection can be explained by
equation 4.

Sli,j1 = G6li,j, ol = 1[4, j] 4
whereS[i, j] is image after filtered,
I[i, j] is image for finding edge detection,
Gli, j,o] is Gaussian filter, and

cisa variable to control the distribution of smoothing

the image.

The image S[i, j] is used in equation5 and 6 to
find the x, y partial derivatives P[i, j] and Q[i, j].The size
and direction gradient are explained in equations 7 and 8,

respectively.

Pli,jl = (S[i,j+ 11 = S[i,j1 + S[i+1,j + 1]

~Sli+ 1])/2 2

Qli /1 = (S[t.j1 = Sli+ 1,j1+ S[ij + 1]
- S[i+1,j+1])/2

Mli, j1=/P[i,j]? + Q[i,j)? N

0li,j] = arctani¥Qli, j1, P, j] 8)

2.3 Thinning Edge

The edge thjnning“’)is an important preparation process
(pre-processing) that is widely used to slenderize image
with thick edges, which is produced from the edge
detection. This is to remove the excessively thick edge
pixels. Usually, excessively thick edge slenderizing is used
in character recognition and signature recognition to
eventually generate thinnest edge lines with only one pixel.

The thinning edge operation can be done by using P1
and P2 filters. The first step in doing that is to use the P1
filter; using the 3x3 template to scan the image data and
then decide whether or not the pixels around the edges can
be deleted. If the pixels can be deleted, mark them but do
not delete them yet. After scanning throughout the
image,delete the marked pixels. In the final step, P2 filter is
used as when using the P1 filter. After deleting the marked
pixels, repeat these steps until no more image data can be
deleted.

2.4  Perceptron

"% i one of the most popular algorithms

Perceptron
used in classification. This algorithm is based onbasic linear
function model to classify the data with centroid as
representative  population. The linear function model
mechanism is tocreate a line connecting the centroid of two
groups and then create a perpendicular line to break the
groups apart. Perceptron employs this method of linear
function model as an initiative separation line. After that,
the algorithm will check for the misclassified data point. If
a fault exists, the counterbalance to weight of that data
point to achieve the accurate classification, or to achieve
classification with least erroneous data.

Another advantage of the Perceptron is that we can
tune the learning rate to determine for the algorithm’s
accuracy. If learning rate is too small value,the weighting in
erroneous data will be also small and we will see gradual
changes of the separation line. On the other hand, if the
learning rate is too high in value, it will result in too
aggressive changes that will affect other data and that data
must be classifiedmany times. This can explainby figure 4,
where 1) is the learning rate values.




=02

&

= o 0 2 3
(c) learning rate=1.0

Fig. 4.The difference between 3 cases of learning rate in

Perceptron algorithm'™

2.5  Support Vector Machine

Support Vector Machine”"”or SVM is an algorithm
based on a linear function model, which is developed from
the Perceptron algorithm. It is a way to increase flexibility
of classification to acquire large margin as much as
possible. The concept of this algorithm is to place the data
onto feature spaceand draw lines connecting the edges of
each group.And then, the algorithm uses these data points
on the edge to represent groups. The nearest data points of
each group are called “support vector”. Then data
separation lines of both groups are created to classify the
data with the largest margins as possible, that shown in
figure 5. In some cases, this algorithm can allow for
misclassification to achieve the lager margin byusing slack
variable.

Support Vector

Support Vector
L]

Fig. 5.The support vectors and classification in
SVM algorithm

Another advantage of the Support Vector Machine is
that the processing time is less than Perceptron algorithm
because Support Vector Machine does not require all the
data points to be calculated. In addition, the Support Vector
Machine provides various kind of functions, called kernel,
to fit a specific type of data distribution. These kernel
functions include linear, polynomial, radial basis, and

sigmoid.

2.6  Naive Bayes

Naive Bayes”'g‘“’

is an algorithm that uses the Bayes
theorem to assist in classification. It is based on the
assumption that the attributes of the sample are independent.
The algorithm is suitable for the set of large sample. The
modeling is in the form of conditional probability. The
advantage of this method of learning is that we can use the
data and “Prior knowledge” to help in learning. This
algorithm gives good performance when compare with the
other algorithms. In terms of the calculation, the principles
of probability will be used and will be based on the theory
ofBayes.

2.7 k-Nearest Neighbors

k-Nearest Neighborsm‘”)or k-NN is a popular
classification algorithm in the field of pattern recognition.
The concept of this algorithm is classifyingthe new data
base on the k closest training examples. And the class of
new data will be assigned by the majority class label of the
k closest training data.
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Fig. 6. The example of k-NN algorithm when k=1, 2 and 3

Figure 6 shows the classification of k-Nearest
Neighbors with the different k values. Results will vary
depending on the number of the closest k, for example
when k=1 for the incoming data (represented by x) will be
classified as (-). When k=2, the incoming data can be
classified as either (-) or (+). When k=3,the incoming data
will be classified as (+).

The objectives of this research are:

)To study and effectiveness  of

hand-written signature recognition models from 4 learning

compare the

algorithms: Perceptron, SVM, Naive Bayes, and k-NN.

2)To improve the accuracy of hand-written signature
recognition model by using image improvement and by
addition of high intensity data.

3. Research Framework

This  research consists of 6  stages (and
diagrammatically shown in figure 7) as follows:

1)Collecting 600 signatures from 30 university students
who use the hand-written signature in daily life and turn to
images file by scanning device. We adjust the image’s color
to black and white. Then, equalize their size.The rawdata of
all hand-written signature image files are storedat the main
author’s website:
https: /isites. google.com/site/nhinganusaracpesut/signature/
datasets

2)Using of edge detection technique and thinning edges
to sharpen signature images.

3)Converting the data into a numeric table in
accordance with color intensity, and then converting the
numeric table to the array data.

4)Input the array data to the 4 learning algorithms to

recognize correct owner of each signature. Studying and

comparing the performancesand drawing the initial
conclusions.

5)Adding each image data with high intensity area
appending to the original image and choosing edge
detection technique that gives highest accuracy in the image
improvement process (the experimental results show that
the Sobel edge detection technique gives highest precision).

6)Comparing the learning accuracy of models that are
created flom a training data set annotated with high
intensity area. Then observe results and draw the

conclusions.

Collect Handwritten Signature

Image Improvement by
Image pre-porcessing

Edge Detection

i Thinning |
o~ | G| |
Sobel Canny Robert Prewitt | Thinning

Convert image file to numeric data
base on intensity level

‘ Transfrom data to be array ‘

¥

Effectiveness comparison
between 4 algorithms :
Perceptron
SVM (4 kernel functions)
Naive Bayes (3 distribution functions)
k-Nearest Neighbors

¥

{ Additional Intensive Data
Technique

)

Effectiveness comparison
(after adding intensive data)
between 4 algorithms :
Perceptron
SVM (4 kernel functions)
Naive Bayes (3 distribution functions)

k-Nearest Neighbors

Fig. 7.Research framework
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4. Experimental Results

With all 600 signatures from 30 individuals, we use
Python 2.7 Language on Editor Spyder to predict the results

of signature recognition.

The image improvement at the second step of our
proposed frameworkyields the results as shown in figure 8.

From table 1, the four algorithms used in this study
include Perceptron algorithm, Support Vector Machine
algorithm (Linear Function, Polynomial Function, Radial

Basis Function, and Sigmoid Function), Naive Bayes
algorithm (Gaussian Function, Multinomial Function, and
Bernoulli Function), and k-Nearest Neighbors algorithm.
These algorithms are used in comparative test. The results
obtained indicate that, in using the original image files, the
SVM-Polynomial Function provides the highest accuracy
of 95.33% and we see 94.67% by SVM-Linear Function.
The Naive Bayes algorithm with Multinomial Function
gives 82.67% of accuracy, and the k-Nearest Neighbors
algorithm gives 78.67% of accuracy.

Original

Sobel Edge Detection

Prewitt Edge Detection

Robert Edge Detection

Canny Edge Detection

Thinmng

& o

Fig. 8. Example images after applying edge detection and thinning techniques to signature images of three persons

Table 1. Experimental results of signature recognition with image improvement techniques

Algorithm | Function |Original| Sobel | Prewitt |Robert | Canny [[hinning
Perceptron linear 68.67% | 86.67% | 65.33% | 72.00% | 64.00% | 45.33%
linear 94.67% | 96.00% [ 82.00% | 89.33% | 83.33% | 86.00%
SVM poly 95.33% | 94.00% | 2.00% | 14.67% | 2.00% [ 88.67%
rbf 0.67% 0.67% 0.67% 0.67% 0.67% | 0.67%
sigmoid 0.67% | 0.67% 0.67% [ 0.67% | 0.67% | 0.67%
gaussian 56.67% | 20.67% | 65.33% | 72.00% | 65.33% | 71.33%
Naive Bayes| multinomial | 82.67% | 89.33% | 87.33% | 86.67% | 85.33% | 75.33%
bernoulli 0.67% | 17.33% | 68.67% | 72.00% | 67.33% [ 0.67%
kNN k=3 78.67% | 91.33% [ 8.00% | 28.00% | 6.00% | 9.33%
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Table 2. Experimental results when using additional intensive data technique

Sobel Edge +
Original Sobel Edge Additional Intensive
Algorithm | Funetion Data Method
Accuracy Accuracy Accuracy
Train Test Train Test Train Test
Perceptron linear 100% | 68.67% | 100% 86.67% 100% 38.67%
linear 100% | 94.67% | 100% 96.00% 100%
SVM poly 100% | 95.33% | 100% 94.00% 100% 96.67%
rbf 100% | 0.67% 100% 0.67% 100% 0.67%
sigmoid 422% | 0.67% | 4.22% 0.67% 4.22% 0.67%
gaussian 100.0% | 56.67% | 99.56% | 20.67% | 99.56% 21.33%
Naive Bayes | multinomial | 97.33% | 82.67% | 94.00% | 89.33% | 99.73% 92.67%
bernoulli 4.22% | 0.67% | 49.78% | 17.33% | 48.44% 18.00%
kNN k=3 92.67% | 78.67% | 98.22% | 91.33% | 99.11% 96.00%
Accuracy comparison
100.00% E e —
B000%
60.00%
4000%
20.00% ||
8.00%
Peceptron SVM-Linear SVM- Naive Bayes - k-NN
Polynomial Multinomial
O OriginalData  MSobelEdge Detection  MSobel & Add Intensive data

Fig. 9. Accuracy comparisons of original signature image data recognition, recognition from Sobel edge detected data, and

recognition from both Sobel and additional intensive data techniques

The accuracy improvement of learning algorithms
after using image processing with edge detection technique
and thinning reveal that k-Nearest Neighbors algorithm’s
accuracy is increased by 12.66%; that is, from 78.67% to
91.33% with the use of Sobel edge detection technique.
This increment is very significant. The accuracy of
SVM-Linear Function is increased by applying the Sobel
edge detection technique as well and the improved accuracy
is 96.00%.

processing technique applied prior to the

Sobel edge detection is the best image
signature
recognition with learning algorithms.

Table 2 shows the results of using the additional
intensive data technique with Sobel edge detection:

SVM-Linear Function provides the accuracy of 98.00%,

which is the highest accuracy in this research. Moreover,
we also found that the k-Nearest Neighbors algorithm
provides higher accuracy by using the additional intensive
data; that is the accuracy increases from 91.33% to 96.00%
(which is higher than the maximum value of the original
data).

The accuracy comparisons of signature image
recognition without any other techniques, recognition with
edge detection technique, and recognition with both edge
detection and our additional intensive data techniques are
shown in figure 9. It can be noticed that the combination of
Sobel edge detection technique and our novel proposed
additional intensive data technique yields the highest

recognition rate at 98%.
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5. Conclusions

We study the problem of handwritten signature
recognition with the main objective of devising techniques
to improve recognition accuracy rate. According to the
signatures collected from hand-written users for this
research, the SVM-Linear Function is the most suitable
learning algorithm for modeling the signature recognition
with the edge detection technique applied for image
improvement and the additionalintensive data technique
newly proposed for accuracy improvement. This
combination of edge detection and additional intensive data
techniques provides the accuracy rate of up to 98.00%. For
the technique of image improvement, the researchers note
that we have possibility to achieve higher accuracy if we

study more advanced techniques of image processing.
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