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Image Classification Based on Hierarchical Feature Construction
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Abstract: In this paper, we propose a hierarchical feature construction method for image classification. Our
method has two feature construction stages: (1) feature construction by a combination of existing image pro-
cessing filters, and (2) feature construction by evolved filters. The combination of image filters and evolved
filters are constructed step-by-step using genetic programming. We verify the classification performance of

v 7 e O PRy e RS2 K B

the proposed method on the small bowel images taken from a capsule endoscope.
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REIE I X 20 EEE 213, greedy layer-wise training [10]
EIHEN A HEPIRESNTBY, HEMEETHREINT
FE LD PBEICAM R ESEIN D T PG S
nTws 1],

¥/, BT 07T 37 (Genetic Programming;
GP) [12] = W Ch¥fie & HERESE T 2 T b L IR
SNTEY, HESEMEICBW TR Z DTS, GP
EAWAFETIE, () FHaniER L ogEoM e
SEF IR E AT A FE, (2) EOMFEMEOMAEE
POFZIHE LT 2 FEPEIHITON L.

HI#E OFETIE, GP O AT WG AR O EHE(R 72 <0 1l
GG O FE 7 & OFATICERE L -
TH SN, ENSHEHFEDHFEOMETIZ L - TH
BB A LT 5 [13), [14]. Lol
ICER L ot EOMEE THET L I DLW
M TIEH L WHEHF S E 2 B8N 2 L ESH 5. D7
O, BEOFLED L) ICATTBEHOWFEMHED 572124
BEEHET 2 FLEOERNEENL . AL TIE, BE
DM FAED O R E T HET 2 LWFEZRET 5.

BEDFETIE, GP DATNI AT WG H OWFEE X 7213
WG ERTHE SN, ZNOIT H2HEOMETIZL -
THBEZHEEET 4. Al-Sahaf 513, WfEND O HEZ
b4 28 L, ZOFIRNOMRED S HH L 75T
BEOMAETICL s THEELHET AMELREL TS
D, GP 2V THEEOWE 217> T 5 [15]. Kowaliw 5
I¥, Cartesian Genetic Programming (CGP) [16], [17] %
AT AT WG LTl g2 247\, 23R o mig )
CEHMOBEHFE 2 BT 5 2 L THE OO O R
RRESZ LT A (18], SCHR [19] TIEATIHIE A & DR
L FIFICmaE L3 % Genetic Image Network for
Image Classification (GIN-IC) %#ZF L Tw4. GIN-IC
TUE, BAEOWIEIR 7 1V 7|2 & 5 Fi{G LB O g
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T8 E T17 ) g 2 it 9 5. Hirano 5 b [AARIZ
WRALER T 4V 512 & 2 Wi 22 HD RS i &
RELTVD 20|, NS MIEERIZEED  FegiEFik
(&, BESHHEICBWTENTH A I LATRENTWD,

=77, Thb GPIZ& AHHIEET 0L <3 1 B o
FOEALIC & > THBEZHEL TV L. DFEOREFEEHO
MAERETREINT VD L) 12, FHELHBETLHED
ZlElbetr) 2 L TH—OMEE L ) b BICHER) 2 R
B TEDL LN GP OFHEICBVTHHIfFCE L. %
B2, Agapitos O3S EORELE 1T gD L x
19 2T, 1EBOREL LD S HOBICHR 2 FEE%
BETEH I L ZR LT [21]. Agapitos b DT,
(1) 7 ¥ L7405 K BHIEAHE, (2) GP 2 X 5%
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Fig. 1 Outline of the proposed method.
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Table 1 Image processing filters used in the filtering layer.

Function | Description
Ave3, 5 Averaging filter with 3 x 3, 5 X 5 window
Max3, 5 | Maximum filter with 3 x 3, 5 x 5 window
Min3, 5 Minimum filter with 3 x 3, 5 X 5 window
Sob3, 5 Sobel filter with 3 x 3, 5 x 5 window
Lap3, 5 Laplacian filter with 3 x 3, 5 X 5 window
Gau3, 5 | Gaussian smooth filter with 3 x 3, 5 X 5 window
Laplacian of gaussian filter
LoG3, 5 | ith 3 x 3, 5 x 5 window
Exp Expansion processing
Con Contraction processing
Gabor filter with 7 x 7, 11 x 11 window
Gab0 with orientation of 0 degree
Gabor filter with 7 x 7, 11 x 11 window
Gab45 with orientation of 45 degree
Gabor filter with 7 x 7, 11 x 11 window
Gab90 with orientation of 90 degree
Gabor filter with 7 x 7, 11 x 11 window
Gab135 with orientation of 135 degree
Add Add input two images pixel by pixel
Sub Subtract input two images pixel by pixel
Mul Multiply input two images pixel by pixel
Div Divide input two images pixel by pixel
Absolute subtraction of input two images
Abs pixel by pixel

EHRSNEGILIET 1+ V8 % GV CEEEREIT) .
B 7 — FIZATIEHRIH LCTEHR — 8 & v Cljfg 2
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Transformed feature maps

B 3 GP CHHESNIZT74LY E2HWT 8 x 8 KD 3 KOE#
Yy TR 8 x 8 WHED 2 MOMM~ v TIERT 2 EWE O

Bl ATDEEHBEFED 3 x 3 x 3 EHFOWEHETH S
Fig. 3 Example of the transformation layer that transforms
8 X 8 x 3 feature maps into 8 x 8 X 2 feature maps using
the evolved program. The inputs are the 3 x 3 x 3 pixel

intensity values surrounding a target pixel.
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Table 2 Function set used in the transformation layer.

Function | # Inputs | Description

+ 2 Add two inputs

- 2 Subtract two inputs

X 2 Multiply two inputs

- 2 Divide two inputs

Max 4 The largest value of inputs

Min 4 The smallest value of inputs

Ave 4 The average value of inputs

log 1 Take the natural logarithm for an input
Sqrt 1 Extract a square root of an input
x2.0 1 Multiply an input by 2.0

x0.5 1 Multiply an input by 0.5

x0.1 1 Multiply an input by 0.1

2.5 AFEE (O)

SHREIE hx hxm O~y 7% AJ1&$ 5. hxhxm
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B, MOENHBELR LI E=912%E L.
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#RT. LT, (w/p1) x (w/p1) x n OF~ v 7 &4
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. ZOLEOMEEE S Y v NI B 0HEE % KK
DFIEE L LTHWS, B 1 EROR#ELICE T, kB
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552 BIE O FoE b T, [ — Fhest = PL =T — P, — C
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TIE (w/p1) x (w/p1) x (n +4) DFL~ v THAT S
M, (w/p1) x (w/p1) x d DR~y THRER SIS, £
LT, SN~y 737 v 7Bt Lk- T
(w/(p1p2)) x (w/(p1p2)) x d DFFR~ v TR S, k
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Fig. 4 Examples of small bowel images taken by a capsule en-

doscope.
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BOA X =T %R 4 1TIRT2, HEERTIZ/NG®mE 220
LD HILER 256 x 256 W FHE A5 64 x 64 WFE DOV A X TY)
DHLz70y 2 BHEHEMTOREPIEEPD 27 5 A
GHEEAT- 72, 0 BT RTO/NGEIZIIEEMRICE - T
Sx8WFEN Ty 7 TEIZRE, EFDT T 75 S
NTWAE720, 64x 64 HEDT A ATY YV H L7y
TGN O LR 75 7 OEEEHVCRE 70y
Wif%, EF7Oy ZEEEER L. KR TE, BE7
SWNEDLEE 01U Lo Ta Yy 2 EigE R Ty
ZWg, FNDAOTO Y ZEEEIEF 7Oy 72 WL E
FLZ. AxAHFZEDOTAXTYYH L2710y 7 Hi§
W2 LT, AR, 90° §ToEE & B & TR i {4
M E SAEICHR L, fERLAK 7 TANL T V¥ A
1,000 L2070 v 7 Wi % &0, FHWELy M, B
AEWifg -t N, 7T A MYy N ERVER L2, Rim STt
S LREONL, KEERE (HaxEd5) BLUE
BEMRZE (BRERE2ET5) THoD.

3.2 RERETE
RETFETHWIGP O/8F A — 5 &R 3 IIRT. #ir
PEL U CRIZ PSS 2 — RS L ZENER T VB,
RS TIIE D b D 72812 GPU 12 & o TRLEE % AT
9. GPUDOT U I L%l T5FFEL LT, compute
unified device architecture (CUDA)*3% fiv»%. GPU 7
U7 ILETTANT ) v 7T =) 7, ki [25]
T BB ZFER T 5 2 8T, TRTOWEIH L TE
o DI 2N ETT 5.
REFEOHANIEEWGET 5720, RITRT 7 2OFE
http://olympusmedical.com.sg/products/all-products/
endoscopes/capsule-endoscopes/endocapsule-10-system/

index.html, ENDOCAPSULE
https://developer.nvidia.com/cuda-zone, CUDA Zone
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® 3 RETHETHVZ GP /8T A—%
Table 3 Parameter settings for GP of the proposed method.

Parameter Value

Number of generations (first evolution) 5000

Number of generations (second evolution) | 5000

Generation alternation model MGG*
Population size 50
Children size 10
Ratio for uniform crossover 0.8
Mutation rate 0.1

*Minimal Generation Gap [24]

2 & B/NGEGE OG5 FERE AT 5 72,

(1)I->F—P -T— P,—C OfEEHCIRET
% (Proposal 1). 74 NV% V) v J7lg FIZBT AR
i) — FEu 40, B/ — FEUs s, ZBHE T 128
JFHAN 7 — FEIE 108 (=3 x3x12), RZHM /) —
FEiZ 60, 2 — F&iz16, =) YR P, Py
2B AY 4 Y PO A ZXBLOALTAL FiZENZ
Npr =2, pp=21FEL72. ML LT, kil
THW DA FVORICEIT 4,096 XILTH 5.

(2) &Rk L Proposal 1 LAk TH B25, 7= v 7
& P, P, I2BFAY 4 Y R A XBLFALTA N
BENENp =2, po =32 LXE L7 (Proposal
2). KFEL LT, kiLEETHVIHEHZ Lok
TLEIE 16 RILTH 5.

(3) Agapitos HAHEE L T A HEEx V72458 [21). 2
2T, I — Fandom — P = T — Py, — C Ok
EHWA. Fondom T YT LT 4NEY) v TlEx
L, 50DT v L7407 2L TSNS, &
TUYFTNTANETIEE X5 MEOZHE 2L, 500
534 U(-1.0,1.0), U(-5.0,5.0), UD(1,5), N(1.0),
NGO) 2oZNENI0MWMO T ¥ ¥ LT 1)y &L
L7z, Ula,b) & [a,b] OO FEKMEO—FRELEL,
UD(a,b) & [a,b] DFFHDEELEAED —HEIL, N(a) &
0, BEERAE o OFEBESERT. HRELTT
YHENTANE Y V@ Frandom & 50 DK~ v
TR S, B T ICBIF5 AT/ — FEiE 450
(=3x3x50), AL — N 200, 1)/ —F
B3 16 1RE L7z, g T OfE 3R EF L L F
DT 4 —=F7 47— D77 7Er Hwiz, 7—
VYU P, PB4 Y Ry A ABLOA
N4 FIZENENp =2, po =2 1TFFE L7, 58
BIRETHRLEFAMIC k=9 O kifEdEE v/,

(4) Convolutional neural network (CNN) [22] & F\»7243
¥, ONN I ZER¥EHO—FhETH Y, WigrEE
ZBWTEWAEMELZRL TV [26]. KX TH
W72 CNN OfE 23R 4 1RT. BiAAE (convolu-
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£ 4 CNN Ok
Table 4 Structure of CNN.

# layer type Wisr;;jg " | stride Ol;g)eu ‘

0 data 64 x 64 x 3
1 convolution 5x5 1 64 x 64 x 8
2 max pool 2x2 2 32x32x8
3 convolution 3x3 1 32 x 32 x 32
4 max pool 2 X2 2 16 x 16 x 32
5 convolution 3x3 1 16 x 16 x 64
6 max pool 2 X2 2 8 X 8 X 64

7 fully connected 1 x1x 256
8 softmax 1x1x2

tion) 2B B IEMEALEIEIE ReLU % fiV:72. epoch #&
(X 100 1IZREE L, 2Ny FH A X100 D I =Ny F5
BEATH . FHFEOERICEsEL Y PO Y -4
MEzMH L, MEORMEIZIZ Adam & [27] Z W
7o Adam BED/ST A — % & LT, STk [27] THV S
NTwb a=0.001, 31 =009, #=0.999, ¢e=10"%
ez, F72, BFEE P 729012 dropout [28] &
EAEERIT L CHEA L7z, 2= oEHHE p E
SHk [26] THWV STV 2 p=0.5 2 M L7
(5) Fine-tuning % 17 o 72 AlexNet [26] % 727730, X
ik [26] TIRE S N72FEEAD CNN (AlexNet) D
NI XA =5 ZglfEs LTHY, MEE&EE L
THENEHRECIL2FE e EDL. Z0LE, X
ik [26] THEBEIZH TV 2 FH G & ARG TR
WEBHEOWEY A A0 ERe b 2L EGHT 57 7 A%
WERZDZENE, KL TII/NGEER Z 63 x 63 H
FIZVHA XL, E512 AlexNet D7 =1 ¥ 7k &
B OB DOLE 24T > Th H/NEGEIG & v 7258
iTo7z. BARMIZIE, 1HFERO T =) ¥ F AL % i
BL, 2®%BOT—) Y FRBEIZBE TS 1 ¥ P
A X% 2, ANIA N LIZENENELL. F72,
BEOBNBOW L=y M a/NGEIGEO 5 T
AHTHBH 2 IZZH L7z, epoch $id 100 1IZ5%E L,
INY FHA D100 DX =Ny FERELTD . FHEE
22O E/MEIIE Adam 5 [27) 2 vy, Adam i
DIST A—H1E, a=0.0001, B =09, By —0.999,
e=10"8 27,
FWETHR# R & uniform local binary pattern (ULBP)
FE [29) # V72088, C 2 TR 4RO W FEE D
PEE, ROAE, mME, hOdE, 51U, 5
3L, BEMERAE, RAE, 55 1o WHES, % 30
SRR, LY (ROKEFRE & /N FRAE O #253E)
O 11 FHOMEHE & 10 KILO ULBP $#8% RGB 7

*4 http://caffe.berkeleyvision.org/model_zoo.html,Caffe Model
Zoo

—
(=}
~—
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Table 5 Accuracy results of each method on test images.

Best Average

Proposal 1 0.816 0.807
Proposal 2 0.837 0.831
Agapitos [21] 0.658 0.632
CNN 0.788 -

AlexNet+fine-tuning | 0.809 -
Tl e+ ULBP 0.759 -
EWig+7 = > 7 0.661 -

7 — GO KRS0 6 FNENEH L7225 63 KL
F#ET kORI AN T A E TR ). A
7OV NS TR E N & [l L 72 A% 5 {5 % Hir
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Wb, FITRBLTIE, BEERD S O
= & LBP ##i & M A2 12k L 72 ULBP $5#x H
W5,

(7) iM% 2 V725088, RS (REGGTIS,  fku sy
%, BBOWTG, 7V—A7—)Vlifg) Fhzhiat
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YT RATV, BB O KB R RN PV E LT
kRIS K o THEEAT ) .k BE TRV 2 R
N7 MVORICENE 1,024 KTCTH 5.
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xR 6 RETFLLEEPAFLEOGHEI AL
Table 6 Time costs of the proposed method and deep learning

methods.
Training Applying
Proposal 1 4.0 x 10%[sec] | 6.0 x 10~ ![sec]
Proposal 2 3.1 x 10*[sec] | 4.5 x 10~ [sec]
CNN 7.7 X 10'[sec] | 1.2 x 10~ [sec]
AlexNet-+fine-tuning | 5.3 x 10%[sec] | 8.9 x 10~ ![sec]
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Fig. 5 Transition of the fitness of the proposed method.
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Fig. 6 Example of the GP filter constructed by the transfor-

mation layer T'.
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Fig. 7 Test accuracy of the proposed method with changing

the number of feature maps in the transformation layer
T.

xR 7T OROE(LTIEIET B 5 ERE O
Table 7 Test accuracy of the proposed method with several

optimization methods.

Best Average

Proposal 1 0.8160 | 0.8072
Proposal 1 (—¥if#{k) | 0.8010 0.7974
Proposal 1 (#HH.i%:#{k) | 0.8010 0.7969
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