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Abstract

Content-based image retrieval (CIR) is a strategy to search images from images
data content. Statistical algorithm may help to accelerate the searching process in CIR
especially when the image data are high dimensional with small sample size.

In this research, support vector machine (SVM) were adopted for classification of
30 anime characteristics. This study aims to develop the protocol to train the kernel
function(s) for linear or nonlinear SVM to correctly and efficiently classify anime
images in multiple or binary categories. For classification of multiple categories, we
observed that the nonlinear SVM with radial basis kernel was more accurate than the K-
nearest-neighbor (KNN) method proposed by others after optimizing the model
parameters. In the cases of binary classification, the linear SVM had already achieved
the most accuracy. The results of this study may provide insights and help to improve

the CIR implementation in the future.

Keyword: image retrieval ~ support vector machine ~ multiple categories ~ binary

categories ~ kernel
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range ) > & ;%JFT BRI 7R S BT B R IR PR R % 73 Table
4.4 > j @ {8 3] Polynomial % 3 #c % Cost 5 10 ~ Gamma % 0.01 ~ Degree =
1~ Coef0 % 1 P73 &) 3% 4 (error = 0.405; dispersion = 0.099) ; Radial
Basis % S #ic e Cost % 10 ~ Gamma 5 0.01 ¥ 5 &) %4 (error = 0.422;
dispersion = 0.099) > Sigmoid % & #c & Cost = 10 ~ Gamma 5 0.01 ~ Coef0 =
0 FF3 B %L (error = 0.496; dispersion = 0.045) > 3L B | chddicie &
FRREREFr 2 Sl T2kl FIRE SRS
Polynomial % & #c % 0.99 ~ Radial Basis % S #c % 1 ~ Sigmoid 1% &8 5 0.82
(Table 4.5) -

Z Y S8 e S BcT 4 S PR s error & dispersion % % 4 W) 7
** Tables 4.6 ~ 4.7 ~ 4.8 » B i FEI Bl fffi & 55 % 7[> Table4.9 > ¥ 11
Polynomial ¥ & #c# Cost = 10 ~ Gamma 5 0.01 ~ Degree % 1 ~ Coef0 5 1
FE 3 B g4 (error = 0.496; dispersion = 0.045) ; Radial Basis +% 30 #c
Cost 5 10 ~ Gamma 7 0.01 F¥3 &/ e384 (error = 0.561; dispersion =
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e84 (error = 0.697; dispersion = 0.11) = 34 & ] ehddicie £ (85 21
HELF e T S8R 22 kyy 0 FRIRE EmS > Polynomial % Sk 5
1 ~ Radial Basis 1% & #c % 1 ~ Sigmoid +% S #c 5 1 (Table 4.10) °

Table4.1. Tuning face parameters by kernel of polynomial.

Parameters
Cost Coef0  Gamma  Degree Error  Dispersion
10 1 0.01 1 0.405 0.091
100 1 0.01 1 0.411 0.099
10 2 0.01 1 0.405 0.091
100 2 0.01 1 0.411 0.099
10 3 0.01 1 0.405 0.091
100 3 0.01 1 0.411 0.099
10 4 0.01 1 0.405 0.091
100 4 0.01 1 0.411 0.099
10 5 0.01 1 0.405 0.091
100 5 0.01 1 0.411 0.099
10 1 0.1 1 0.411 0.099
100 1 0.1 1 0.411 0.099
10 2 0.1 1 0.411 0.099
100 2 0.1 1 0.411 0.099
10 3 0.1 1 0.411 0.099
100 3 0.1 1 0.411 0.099
10 4 0.1 1 0.411 0.099
100 4 0.1 1 0.411 0.099
10 5 0.1 1 0.411 0.099
100 5 0.1 1 0.411 0.099
10 1 1 1 0.411 0.099
100 1 1 1 0.411 0.099
10 2 1 1 0.411 0.099
100 2 1 1 0.411 0.099
10 3 1 1 0.411 0.099
100 3 1 1 0.411 0.099
10 4 1 1 0.411 0.099
100 4 1 1 0.411 0.099
10 5 1 1 0.411 0.099
100 5 1 1 0.411 0.099
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0.696
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0.067
0.064
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0.067
0.067
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Table4.2 Tuning face parameters by kernel of radial basis.

Parameters
Cost Gamma  Error Dispersion
10 0.01 0.422 0.099
100 0.01 0.422 0.099
10 0.1 0.841 0.063
100 0.1 0.841 0.063
10 0.953 0.036
100 0.953 0.036

Table4.3 Tuning parameter by kernel of Sigmoid.

Parameters
Cost Gamma Coefd Error Dispersion
10 0.01 0 0.496 0.045
100 0.01 0 0.537 0.063
10 0.1 0 0.823 0.084
100 0.1 0 0.844 0.082
10 1 0 0.857 0.062
100 1 0 0.864 0.038
10 0.01 5 0.945 0.043
100 0.01 5 0.945 0.043
10 0.1 5 0.918 0.067
100 0.1 5 0.918 0.043
10 1 5 0.898 0.047
100 1 5 0.905 0.053
10 0.01 10 0.945 0.043
100 0.01 10 0.945 0.043
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10 0.1 10 0.959 0.048

100 0.1 10 0.955 0.056

10 10 0.915 0.056

100 10 0.918 0.063
Table4.4 Best combination of tuning face parameters.

Kernel Cost Gamma Degree Coef0
Polynomial 10 0.01 1 1
Radial Basis 10 0.01

Sigmoid 10 0.01 0

Table4.5 Result of prediction rates for faces in the training dataset.

Method Training Prediction Rate
Polynomial 0.99
Radial Basis 1

Sigmoid 0.82

Table4.6 Tuning eyes parameters by kernel of polynomial.

Parameters
Cost Gamma  Coef0 Degree Error  Dispersion
10 0.01 0.1 1 0.561 0.065
100 0.01 0.1 1 0.561 0.074
10 0.1 0.1 1 0.561 0.074
100 0.1 0.1 1 0.561 0.074
10 0.1 1 0.561 0.074
100 0.1 1 0.561 0.074
10 10 0.1 1 0.561 0.074
100 10 0.1 1 0.561 0.074
10 0.01 1 1 0.561 0.065
100 0.01 1 1 0.561 0.074
10 0.1 1 1 0.561 0.074
100 0.1 1 1 0.561 0.074
10 1 1 0.561 0.074
100 1 1 0.561 0.074
10 10 1 1 0.561 0.074
100 10 1 1 0.561 0.074
10 0.01 10 1 0.561 0.065
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Table4.7 Tuning eyes parameters by kernel of radial basis.

Parameters
Cost Gamma Error  Dispersion
10 0.01 0.676 0.068
100 0.01 0.676 0.068
10 0.1 0.929 0.054
100 0.1 0.929 0.054
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10 1 0.943 0.040

100 1 0.943 0.040
10 10 0.949 0.033
100 10 0.949 0.033

Table4.8 Tuning eyes parameters by kernel of Sigmoid.

Parameters
Cost Gamma  Coef0 Error  Dispersion
10 0.01 0.1 0.697 0.110
100 0.01 0.1 0.720 0.091
10 0.1 0.1 0.878 0.054
100 0.1 0.1 0.865 0.070
10 1 0.1 0.885 0.037
100 1 0.1 0.902 0.043
10 10 0.1 0.882 0.029
100 10 0.1 0.882 0.041
10 0.01 1 0.771 0.073
100 0.01 1 0.849 0.083
10 0.1 1 0.885 0.072
100 0.1 1 0.889 0.070
10 1 0.899 0.032
100 1 0.919 0.052
10 10 1 0.895 0.041
100 10 1 0.885 0.044
10 0.01 10 0.946 0.036
100 0.01 10 0.946 0.036
10 0.1 10 0.943 0.022
100 0.1 10 0.953 0.028
10 10 0.899 0.061
100 10 0.889 0.047
10 10 10 0.902 0.051
100 10 10 0.899 0.045

Table4.9 Best combination of eyes tuning parameters.

Kernel Cost Gamma Degree Coef0

Polynomial 10 0.01 1 1
Radial Basis 10 0.01
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0.1

Sigmoid 10 0.01
Table4.10 Result of prediction rates for eyes in the training dataset.
Method Training Prediction Rate

Polynomial 1

Radial Basis 1

Sigmoid 1
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Table4.11 Results of face classification in the testing dataset.

Method Correct Prediction Rate Number of Support Vectors
KNN 0.37 None
Linear 0.57 294
Polynomial 0.60 284
Radial Basis 0.61 294
Sigmoid 0.55 285

Table4.12 Result of Eyes classification in the testing dataset.

Method Correct Prediction Rate ~ Number of Support Vectors
KNN 0.28 None
Linear 0.45 290
Polynomial 0.47 290
Radial Basis 0.45 296
Sigmoid 0.45 296
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Table4.13 Tuning parameters by kernel of Polynomial.

Polynomial agonist others

Cost Gamma  Degree Coef0 Error  Dispersion
10 0.001 1 1 0.0350  0.0221
100 0.001 1 1 0.0377  0.0227
10 0.01 1 1 0.0377  0.0227
100 0.01 1 1 0.0270  0.0255
10 0.1 1 1 0.0270  0.0255
100 0.1 1 1 0.0270  0.0255
10 1 1 1 0.0270  0.0255
100 1 1 1 0.0270  0.0255
10 0.001 2 1 0.0350  0.0221
100 0.001 2 1 0.0378  0.0228
10 0.01 2 1 0.0270  0.0180
100 0.01 2 1 0.0323  0.0169
10 0.1 2 1 0.0323  0.0212
100 0.1 2 1 0.0323  0.0212
10 1 2 1 0.0296  0.0235
100 1 2 1 0.0296  0.0235
10 0.001 3 1 0.0323  0.0169
100 0.001 3 1 0.0404  0.0262
10 0.01 3 1 0.0270  0.0180
100 0.01 3 1 0.0270  0.0180
10 0.1 3 1 0.0243  0.0199
100 0.1 3 1 0.0243  0.0199
10 1 3 1 0.0324  0.0279
100 1 3 1 0.0324  0.0279
10 0.001 4 1 0.0323  0.0212
100 0.001 4 1 0.0350  0.0221
10 0.01 4 1 0.0270  0.0180
100 0.01 4 1 0.0270  0.0180
10 0.1 4 1 0.0297  0.0237
100 0.1 4 1 0.0297  0.0237
10 1 4 1 0.0459  0.0257
100 1 4 1 0.0459  0.0257
10 0.001 5 1 0.0323  0.0212
100 0.001 5 1 0.0350  0.0181
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Table4.14 Tuning parameters by kernel of Radial basis.

Radial basis One agonist others

Cost Gamma  Error Dispersion
100 0.0001  0.035 0.031
1000 0.0001  0.040 0.022

100 0.001 0.029 0.019
1000 0.001 0.018 0.02

100 0.01 0.021 0.02

1000 0.01 0.021 0.021

Table4.15 Tuning parameters by kernel of sigmoid .

Sigmoid One agonist others

Cost Gamma Coef Error  Dispersion
100 0.0001 0.001 0.0351  0.0338
1000 0.0001 0.001 0.0431  0.0317
100 0.001 0.001 0.0431  0.0317
1000 0.001 0.001 0.0324  0.0249
100 0.01 0.001 0.0700  0.0478
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1000 0.01 0.001 0.0727  0.0539

100 0.0001 0.1 0.0351  0.0338
1000 0.0001 0.1 0.0431  0.0317
100 0.001 0.1 0.0458  0.0313
1000 0.001 0.1 0.0431  0.0260
100 0.01 0.1 0.0754  0.0488
1000 0.01 0.1 0.0754  0.0488
100 0.0001 1 0.0351  0.0338
1000 0.0001 1 0.0405  0.0387
100 0.001 1 0.0405  0.0387
1000 0.001 1 0.0538  0.0310
100 0.01 1 0.0780  0.0583
1000 0.01 1 0.0807  0.0591

Table4.16 Best result of Tuning parameters.

Method Cost Degree Gamma Coetl
Polynomial 10 4 0.1 2
Radial basis 1000 0.001

Sigmoid 1000 0.001 0.001
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Table 4.17 Result of Correct Prediction Rate.
Method Target Others  Correct proportion Number of Support Vectors

Linear 31 11 0.738 37
Polynomial 31 11 0.738 92
Radial basis 32 10 0.761 44

Sigmoid 32 10 0.761 37
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