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A Study on Image Classification using Hybrid Method
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Abstract

Classification technology is essential for fast retrieval in large multi-media database. This paper
proposes a combining GA(Genetic Algorithm) and SVM(Support Vector Machine) model to fast retrieval.
We used color and texture as feature vectors. We improved the retrieval accuracy by using proposed
model which retrieves an optimal feature vector set in extracted feature vector sets. The first
performance test was executed for the performance of color, texture and the feature vector combined
with color and texture. The second performance test, was executed for performance of SVM and proposed
algorithm. The results of the experiment, using the feature vector combined color and texture showed a
good performance than a single feature vector and the proposed algorithm using hybrid method also
showed a good performance than SVM algorithm.

» Keyword : Hybrid method, Data mining, GA(Genetic Algorithm), SVM(Support Vector
Machine), Image, Classification
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begin GA
g: =0 generation counter
Initialize population P(g)
Evaluation population P(g)
while not done do
gi=g+l
Select P(g) from P(g-1)
Crossover P(g)
Mutation P(g)
Evaluation P(g)
end
end GA
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2.2 SVM(Support Vector Machine : SVM)
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Fig 1. SVM decision boundary region of two dimensions
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Polynomial #d : k(z,y)= (<z,y>+c)*

SVME o] 43 g8 98k & =RaMe k-fold C
ross Validation 7I'#& A4 m2elE 328 & SVM
S At sVME AdE] faixe HA od A
GHrE ARE A7 BASor B tges SVM
239 249 Cok AdEE EFE Aeslor shew A3
AdgeE 48k colgld BEE Mdsjor & w47t ¢l
e AHE ot M¥or Byt Brbed EAAE
EFHolx] Rairie Y] gtk SVMelM H3ez &
g7t B BAE Fsked AdEe AYESGEE R
BFAYS o3k A9 a2]3 Sigmeid Adel WiEAQ
H, o] 2% Addre] BE7 EAED] wE F7142
2 259 gks Ad™gol vt FAHo2 RBF Ade
1A EAFTeR 9 WEE udFPF o o|FA7)
71 Q& Ay B2t Brbed EAE sjdsked o
R gy o Ade 24 dels 3o1E9 24
o] elo] Fastm ol Hale AZIE RBF Add) H|
& ®o)] 285 ©de] e Sigmoid ALY AL o



82  ®E AFEFREE WOGEE(2006. 12.)

& REsrt Holiltka HaEw Qo wehd & Aol 3AE U AdY Az AHSld ARE st
M RBF #AYg o843 SVM 3¢ 712 2802 A & Sigmoid /YE RBFSF $9% vo| e AT,
3l9dth. RBF Adgs~ SVM =39 3823 433k C Ado] Wz welv|ele] e Halsw ¥ 29 2
g yol et 347} ey i HAe % y

9] gk ARl she AM Zgdo] Fasi) B T4 E 1. 5fold cross validationS 018t grid EMAY Z43}

£ 5-old cross validation ©]&d ZAA2A SPEE & Table 1. A retrieval result of grid using 5-fold cross

validation
datd HA9) C 39| g2 EF3T, ©F olEsiiT
EAYEde FU2HYe 9P v 8ae a3
£ 2201 Ik 2Ued SYUHES o SN eI A A A8 e A A e

ARd $RE PINUT B eRoAE Bl 59

52 Q)7 A40) YA4E W) Aal] GAY S
VM 2uelES A% A GAR o849 57
Age Zg EEe & u HelE oM B wWgE 2% 1708(729(729|69.1|69.1| 67.7| 662 | 662|662 | 66.2
AAgoM Ao S5 AL Bohhol GAS SV
M 2u2ES 289 mde 4% Bol] 9 Rold.

2% | 61.3|61.1|685|688|67.7| 662|662 | 662|662 | 66.2

77 |782|802[ 706|77.7| 75.4 602|662 | 66.2| 65.2| 662

Aol B4 g Ty olgs 2AL WBEAAZI] 2' |782|826(800|799| 754|602 66.2| 66.2{ 662|662
93l QAE B =8 xs 5 QAES 3

A 84Tl & wReME olefR ARSE 2l 2 |782| 867| 869| 34| 821 | 71.1| 678 e62| 62| 662
Fitness Function® AFTo2H 22 E39e ¥

£ Bo} VM B4 L FAT & |782| 866|874|882(855(71.1|71.1|71.1 | 648|678

2 |&4|84.11687.4|903(89.1{769| 71.1| 71.1| 71.1{ 724

3.1 Cross Validation
oM UL FHAI)E o]g 2L vlgel HolHE 2 |&4]854]903|927|91.4|847|847]802| 802|794
o taiM & AL Wy Asirelt 2 4%S 7R
SVM 2dl-g dntsle] o|gj g Fojof gt =FelAe k-f
old cross-validation& ©|&3ld duisle] AHE FAF 2% | 82485.4| 936|946 94.3|89.4(86.0| 79.6| 80.4| 806
€ 349 glers Tl
dlole] % &S A% dlelHE 80%E At v
A 20%e ATE dolHZ ANt} B} dytsid A7
AZE A7) s B d7dlMe S-cross validation ¥
S Ao mdeby B Aol A delHE 571 d
olg] Aoz o] 4749 ElojH ez RS Ak,
veiA] siuel sleld Moz AFsie #HFE 5w ks Kemel c
et olefle] F 16) BEo] Cg} v o] 2117 2-3Y
o cross validation® d&A437t 718 $53 Aoz 4
Ebgton] ojue) A= 95.9%°]¢t. Polynorial ol o3 3
H9] o} v AL 73 F 0|5 0|83 FF& U
ot Ao tale g obA Fsta, HFHLE SV
M E25718 AT F 3ZE dHoHg giog 4548 Sigmoid 2" 2° -
2 Ao ogkd Ade] B4% RBF Al
A48 cok v & FYA A&sln Ak 1, 2, 3 (c]d. re 12 nFILL)
A2 s s P3G o] F M L EAE B

2" |gp4|854|942(959(934|87.8|87.2| 807|807 | 804

2 |82.4|854|839(91.1191.0|83.4|853(80.7| 80.4| 804

E 2. SVMolMe] ol mE TietEt A
Table 2. Parameter setting for each SVM kernel

Linear 2 - -

RBF 2! 2° -
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Table 3. Image Class

image class learning Training Testing
Airplane 200 160 40
Eagle 200 160 40
Horse 200 160 40
Rose 200 160 40
Polar Bear 200 160 40
Sunset 200 160 40
Valley 200 160 40
Dolphin 200 160 40
Tiger 200 160 40
Bear 200 160 40
Sum 2000
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Table 4. Total performance comparison

fomres | ool |of oles) 50 | TS99

Linear 10 90.00 88.09

e Polynomial 10 92.82 90.36

RBF 10 94.06 91.96

Sigmoid 10 92.76 90.64

Linear 10 83.36 80.34

a7t Polynomial 10 85.33 82.65

RBF 10 86.91 83.68

Sigmoid 10 86.76 83.43

Linear 10 92.49 90.83

Aarm zizto| | Polynomial 10 96.84 93.21
ottt RBF 0 | o1 | essr |
Sigmoid 10 95.90 | 94Mog~

B Training(%)
B Testing(%)

Joint color
and texture

Color Texture

a7l 3 Ay 2t
Fig 3. Experimental result
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Table 5. Performance Comparison to SVM and proposed
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algorithm
image class SVM(%) GA+SVM(%)
Airplane 92.7 94.2
Eagle 941 96.2
Horse 92.7 99.5
Rose 94.1 95.9
Polar Bear 99.0 99.0
Sunset 96.6 99.4
Valley 81.9 87.0
Dolphin 93.2 96.2
Tiger 92.7 94.5
Bear 94.7 96.8
Average 93.27 95.87
i
'::‘ E1SVM(%)
B GA+SVM (%)

J2l 4 SYME AMiokel ekng|Ee| A5 H|m
Fig 4. Performance Comparison to SVM and propose
algorithm
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