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Abstract

The study of the fine grained classification of images continues to develop, but the study of object recognition for animals with
polymorphic properties is proceeding slowly. Using only pet images corresponding to dogs and cats, this paper aims to compare
methods using image processing and methods using deep learning among methods of classifying species of animals, which are fine
grained classifications. In this paper, Grab-cut algorithm is used for object segmentation by method using image processing, and
method using Fisher Vector for image encoding is proposed. Other methods used deep learning, which has achieved good results
in various fields through machine learning, and among them, Convolutional Neural Network (CNN), which showed outstanding
performance in image recognition, and Tensorflow, an open-source-based deep learning framework provided by Google. For each
method proposed, 37 kinds of pet images, a total of 7,390 pages, were tested to verify and compare their effects.
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1. A5 =2

AA FElgh oW e Z2 sfelol A Fe] gk A zke] o)
ol He T3 Al s dste AAek 1 ARl uy
Ao FeHe Aotk aFEQl AA <14e S AA
v e T2 St & =53 $9Y% Oxford-

IIT pet dataset!'” Blo]€] A& o] &a e ApMoMe
AA Fee A& 2t vk B =RellAe AA &

=
2]2 93] Grab-cut L7 ZL0L ALL

U728 EL Graph cuts 7|WHOZ = At

(a) input image

(b) Grab-cut image

J2! 1. Grab-cut 12|Z H29| 0of
Fig. 1. Examples of applying Grab-cut Algorithm
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1A E 2 =79 48940l Grab-cut ¢354 53l S HolX Atk tiEAR] dEE & 24 A BRE
AA g A5 Bz 98t MNIST dlo]E] Alell CNNS ARS-3ted, 2012 0.23%

2329 MY 248 ARE V12342 Ytk
2. 2134 CNN B2 719 26} FFo] shu} B o2 7l e] EEF
A Z+(convolutional layer), % Z(pooling layer), £ <1
G AE EF Q1AE e e gy e ERH 2 Z(fully connected layer) 2.2 4501t CNN Eg
F29 o] SAHe AHEY F23 RE SARES o] RE A7 GAre] EAS EZals BB oS B
JN2S flal AR A Eeo] WAl A 2 A o] Bas REO 2 s 4 ) WA 9are] ERL 223}
o o2 sl Adsty] SlsiME 5 HEE S FAEH 7] 98 ZEZAH ZoE DES ALl ZEZHL
M, EARES) A FolE L AHEe BB ol Alaely 1 A9E 5% W(fature map)S AT 23
o] @ A=l g B =Rl s 2l 3 EAS A FrZ 25 o|n]x|e] AL HwIth =
A59S f18] Fisher-Vector & AH&-3HeH Y Zol M ZEFA 2 Alolol A shetulele] fut AR
Fisher-Vector(FV)<= Fisher-kernel & 719FC.2 3l= %574 2kS A a31817] Qe Afo] 22 ZoZET) o] 2 R3] the
IFY WHOE S YO ERE GMM(Gaussian Mixture 12213 Sashy, SMTEE 288 5 Atk o
Mode) & 48t QIE SHNEIE A RO 4 = oaps 2R 8l A A FoM FUES BE

Sahe WHelth ol W A8 RS ALSRithe sl HEAHoR 9 BRET

el sl B =Rt 1 33 2ol ONN @& AA sk
AAS B9 5719 2574 T, @493 RelU, 3709

9 5 019 &4 94 SoE st
Il. CNNS 0|23t A & B wA A A 2EFA 2 RGBAES AL dE
64x647719] oIPAE Y olmAZ AREFITE 5x5 At
1. Convolutional Neural Network(CNN) 22| kemel 2 BH I3} 64719] 64x6401mA, 54 W=
AT AAE olw A9l biasE BslL B4 ¥4 ReLU
2 =7 A AH-3F Convolutional Neural Network(CNN)!'" £ ARG o] % E8 Foll Al 2x2 Abo] 29 kernel £ Max

2 Deep Neural Network(DNN)9] &+ £7 2, 2219 dlo]g pooling ZHHZ #-8-so] 64719] 32x32 o|m| A7} A H Tk

Output

Abyssinian
Bengal
Samoyed

Convolution Pooling Convolution Pooling Fully Connected

T2l 2. CNN 2Elo| 714
Fig. 2. Configuration of CNN model
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Input Image 64x64x3

I

Convolution 1
3 -» (kernel 5x5) -> 64

!

RelU

!

MaxPooling
(kernel 2x2)

|

Convolution 2
64 -> (kernel 3x3) -» 64

64 x 64 x 64

32x32x64

32x32x64

RelU

.

MaxPooling
(kernel 2x2)

.

Convolution 3
64 -> (kernel 3x3) -> 128

!

RelU

16 x 16 x 64

16x 16 x 128

T2 3. CNN ZEo| Ay
Fig. 3. Design of CNN model
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Convolution 4
128 -> (kernel 3x3) -> 128

.

RelU

!

Convolution 5
128 -= (kernel 3x3) -> 128

}

RelU

}

MaxPooling
(kernel 2x2)

!

Fully-Connected 1 384
8192 -» 384

!

RelU

16% 16x 128

16x 16x 128
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Fully-Connected 2
384 -= 37

!

SoftMax 37
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2. Tensorflow

2o 2e oA /st Q242 7|9 g 2
219191 Tensorflow!'?o]l thale] 27 gkc}. Tensorflows
CHAd2 A=A, FHo] W (Python) 58§ Z2 T2
olE|H| o] 2 & A F3IT}. Tensorflows W2 FA3le] 2~
HlE ZoA 9E ¢ AS BN ol vlolE AlE A

To=E T oMm=E T

gel AFHANE S 5 ek w4, ol B2
JeEg Fo B BAY] shssihs W AN 7
2 BE P40 RN AFOE vR ARG A
Frhe 542 23 At Y WAL T HE 9
B3 GPU 714 Hio] itk Qb ML ol HFEl)
HE ART 5 Arkes el YO, GPU 7k mae



GPGPUE A3 ek GALS mEA

(Jihae Kim et al.:

24 E.?(]—B‘]—]j—h: Z}- o] it}

= =l A

L
L

E 1. HloJE] Mo

Table 1. Composition of Dataset

Sasime 4 n

No Species #images
1 Abyssinian 200
2 American_bulldog 200
3 American_pit_bull_terrier 200
4 Basset_hound 200
5 Beagle 200
6 Bengal 200
7 Birman 200
8 Bombay 200
9 Boxer 200
10 British_shorthair 200
11 Chihuahua 200
12 Egyptian_mau 200
13 English_cocker_spaniel 200
14 English_setter 200
15 German_shorthaired 200
16 Great_pyrenees 200
17 Havanese 200
18 Japanese_chin 200
19 Keeshond 200
20 Leonberger 200
21 Maine_coon 200
22 Miniature_pinscher 200
23 Newfoundland 200
24 Persian 200
25 Pomeranian 200
26 Pug 200
27 Ragdoll 200
28 Russian_blue 200
29 Saint_bernard 200
30 Samoyed 200
31 Scottish_terrier 199
32 Shiba_inu 200
33 Siamese 200
34 Sphynx 200
35 Staffordshire_bull_terrier 191
36 Wheaten_terrier 200
37 Yorkshire_terrier 200
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O

HIT pet dataset!' & AHE-3I9ITE ©] HloJE] Al 79} e
o] 370l tlal F 73907<] om|AE EFFsIH, 7} J Aol
sl 9 3271, FES] 22, W A Foll disf oyt
Al ge] =Hololth & 1A dlolE Ale] FAS Ko
T3 STk

=

ekl WS AMEES W] YR 3
3 29] A= Fisher-Vector(FV) Al-g-ol w2
o531 2tk BoW W T ARSI S W= 35.46%, FVE
A AHEEIAE W 51.24%2) AEE, 15.78% A5H

AYLE AT 5 AUtk

Ol 2e AA F2 W o8 mE & ol &
A71901% A8E APk IH 4o E B =E0A
A orst= W el Grab-cut S1EEFS A Lol w2
AEEE IHPZE HAFI QU ()9 2o Grab-cut &
FYEFE HL8A ZEUS We 51.24%°] FJSFEE, (b)
o} 7ol A L39S mE 53.98%2 AILE FAT F
ATk Agtst= WY AL Fol 2.74% P AEgEE
ele 4 Stk

F 2. Fisher-Vector(FV) AR20| M2 Asiznt
Table 2. Experimental Results of using Fisher-Vector(FV)

Accuracy

BoW 35.46 %

BoW + FV 51.24 %
T 9ede o1& A4dAdelr & =2dAe
W2 s S8l HolE Al AL 64 * 640] FAT 7]

[S]
2 Resizingdte] AHEallom o2 AxgE dsA &
Ath. S5 WHE 31(training step)= 5003] X138kl o™
9 SelM = i 317 Srhel wheh FEwrt et
AL ST 4 Ak o B H4E 1008 APAS
mol = 14.45%2] AL 5003 A EAL wo]=
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(a) wlo Grab-cut : 51.24 %
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AP %%
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class cass

(b) w Grab-cut : 53.98 %

72! 4. Grab-cut 2112|1Z M0 =2 AsiZn}

Fig. 4. Experimental Results of Grab-cut Algorithm Application
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. Accuracy by number of repetitions of learning

100
90
80
70
60
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él-g Hi=

—=

S0 WE Fae

a0

88.44%7HA] dsd Ae EAT F Stk T 3. CNN M3iT =8 2z}
o]} 7to] &yl RHlS ALL-sle] oJoj7 MA S 507 Table 3. Accuracy measurement results of CNN

9] EﬂiE @l ] EH%H Xéi}—l;—g %7@’5‘}%‘:} %‘ﬂ A3 7 50 test set Accuracy

33 7o) HA 95.4%, A 982%= HF 96.68%°] A& Min 954 %

8 9918 5 Utk 19 6olME A Ao AR Mex %2 %

AR BHAFT 9Tt Average 96.68 %
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Scottish_terrier Japanese_chin

Leonberger

Bombay

American_bulldog

Abyssinian

Keeshond

Siamese Russian_Blue

Japanese_chin

Abyssinian

21 6. CNN &8 Zutol of
Fig. 6. Example of experimental results using CNN
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