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Abstract: The classification of microscopic sandstone images is a basic work in geological research, and it has an important
significance in the evaluation of oil and gas reservoirs. In the automatic classification of microscopic sandstone images, due to their

complex and variable micro-structures, the hand-crafted features have limited abilities to represent them. In addition, since the collection
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and labeling of sandstone samples are costly, labeled microscopic sandstone images are usually few. In this study, a convolutional neural
network based feature representation method for small-scale data sets, called FeRNet, is proposed to effectively capture the semantic
information of microscopic sandstone images and enhance their feature representation. The FeRNet has a simple structure, which reduces
the quantity requirements for labeled images, and prevents the overfitting. Aiming at the problem of insufficient labeled microscopic
sandstone image, the image augmentation preprocessing and a CAE network-based weight initialization strategy are proposed, to reduce
the risk of overfitting. Based on the microscopic sandstone images collected from Tibet, the experiments are designed and conducted. The
results show that both image augmentation and CAE network can effectively improve the training of FeRNet network, when the labeled
microscopic sandstone images are few; and the FeRNet features are more capable of the representations of microscopic sandstone images
than the hand-crafted features.

Key words: feature representation; microscopic sandstone image; convolutional neural network; image augmentation; convolutional

autoencoder
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Fig.1 Different types of microscopic sandstone images
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Fig.2 Comparison between the microscopic sandstone image and natural scene image
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K3 T e D EGR Y

© TEBREEGESIEIFEFDT htp/ www. jos. org. cn



3626 Journal of Software 31 3%k Vol.31, No.11, November 2020

K F A B 1 77 AR AR 7 G ] S5 A7 A0 38 4 A A0 AN 25 58 A AH [R)L 30 Sk o b2 08 Al B A7 48 BY T
AE B WA R ARG D A AR B R A B T 1 A R Y v A e
2.3 FeRNet43{ERR

FeRNet [ 4% 45 1)

N L5 B BARHAE ST B AR 5% 0 45 0 I b A G 38 7 8 46 PR, S e 4l 2k LG b 2 1) v 40008 3L
B HI S0 E B EE 16 B 3 2 FE R A, F T D 25 A SR A R0 A v 1 IR 1, 3 A i TR D 2 4l A5 8
108 228 M DA I IR B 42 I 45 I R R K

Bl ot DA b 0 A SO — PR B2 I 4% FeRNet, H TR -0 4 WA S 1018 A5 B . FeRNet W4 HAT
AEGT 7 BRI 235 H4) A R E S0 2 S 1 PR R AE SR 7R 8 0 R R R AT i o 6K IO 408 %F 7 s A A 90 o ) 22
SK I A LI S A U 1 4 T AR SO ) FeRNet 948 45 K)o 20 61,36 1 1 7 048 40 1 .

23.1

60x48x32  30x24x32
120x96x16

240x192x16

480x384x16
960x768

T
W W E G Conv_1 Conv 2 Pool 1 Conv 3 Conv 4 Pool 2 Fc 1 Fc2 Fc3
Fig.4 Architecture of FeRNet network
Kl 4 FeRNet k2% 45
Table 1 Detailed settings of FeRNet network
F 1 FeRNet M IEHE
] 24 2 = AP K JHiE R I R A i th SR
Conv_1 EHZ 5%5/2 16 ReLu*! 480x384x16 1216
Conv_2 L 5%5/2 16 ReLu!*! 240x192x16 6416
Pool 1 ORI Z 2x2/1 16 - 120x96x16 0
Conv_3 B 5%5/2 32 ReLu?!! 60x48x32 12 832
Conv_4 L 5%5/2 32 ReLu?*! 30x24x32 25632
Pool 2 KL 2 2x2/1 32 - 15x12x32 0
Fc 1 AR - 1 ReLu!*! 1024 5899 864
Dropout _1 Dropout JZ - - 1024 0
Fc 2 AR - 1 ReLu?!! 256 262 400
Dropout_2 Dropout )z - 1 - 256 0
Fc 3 R — 1 Softmax®"! 3 771

Wk 1 PR, A SCHE K FeRNet M 4% 322 11 AW 48 )2 84 1, 2 A dE 4 NG BUZ (Conv), 2 AN Ktk
JZ(Pool). 3 NEIEFZ(Fc)LL M 2 4~ Dropout /=.FeRNet % 4% [ HARZERI PEL /- 440 .

1) BWANE

Oy 8 s DAT V] 150 4 T A5 D DR 3 8 180 8008 453 % AL B PR R 58 Bl Bl AR AN 15 AT A ] i T AR B, B N
FeRNet [ 2% KL, 199 2 B N 2 UG 8 RSS2 960768 AHAE A W 2% 2 i, 7 ZOR b W i B R i R 3 0 — Ak

Z[0, 1156, 7 (E 5.

(2) BHIE

N AR S S A P ABR F)  SCAR G, [ g 3 e LA e AN AL 38 Fe L 9005 FeRNet 1 26 A0 55 4 A LR AR ELIR
IR SE T AT ek 2D 99 2% 1K) 2 B8 AR
25 o0 Bl R B 2R BT B AR BRI RS 535 A BUZ LB ), D A BN 2,150 /N6 A2 3l T 20

BEAE R 2% FeRNet 19 2% 15 CRAIE XS 10 dak 1o P A R A

16,5 P 32.

— p

7N He

W FH IR B b A3 Sigmoid®¥. TanhB7U1 ReLuY. 5 Sigmoid A1 Tanh #8348 o, ReLu B8 H0HH 50177 80,48

© hFFeE

e FFTERT

http:// Www. jos. org. cn



B AR T AR Z NS0 5 BB AR T 7 ik 3627

9 286 1| i I B A7 T8 I (R WAL ST R, ELAS A 7 68 R A R i) 7. DRtk FeRNet I 2 45 R 2 38R ) ReLu R 5015 0 0S
BRI HE U
ReLu(x)=max(0,X).

(3) ALz

hy BEAR BSR4 P2, 07 1 S 0 04 A0 AN R 2 5 N — A S R AK 2 0 R AE TR AT SR
R A 2 SRR G BB 2SR H 2x2 KN KB 1A OO R AiE B R AT S KTk B4 )5 it AR A 161 2% S i
AR 1/2.

@) EERE

TERE W B 28 2 it 4k )2 4 )RR AE B B AR A bR D 25 0] FeRNet JLEL7 3 M2 01
PRS2 248 F ReLu 45 D 005 R 280 5 HH 4R BE 4300 ok 1024 1 256 350 J5 — A E = 8 FeRNet 19 26 ¥ %
28T 032, KM SoftmaxB Wy Ml s 8, Heog Xk

X

Softmax(x) = ———,

Xn
n=l1

N R A 4 T B AR SO N=30 N T 3 Aib s ARG AL RIK AT b . 28 T 028 A Db

(5) Dropout =

N T HE— 2D B R S HO A AR R A2 2 G A8 — A Dropout J2P7E Ik BE bR 2 4
L 50% (1 2 bl AL W - g A\ 0 28 .

FeRNet P 4% ] F Ar @& X b2 o 3k A3EAT R A 3 7, 5 B HL o SOA5 RN DRI I 7 199 4 U1 o 2 b B A IO 8%
J2¥% 5 W 4% 2500 25 A0 R AE S B B, U 5 5 Dropout 2 Fl Fe 3 2 K58 2 N2 Fe 2 1E U ER
s O R AR A B I AR R E 2 7 . DR I AR SC SR HR I 256 4TS SURFIE SR iR b B EHA.

2.3.2 FeRNet M4l £

QT TR, 5 bR A A R G B T R T R S ) 55 A0 2 S A PG T A B 6T b ) B, b S i
BG4 14 F0 FeRNet [ 4% &5 K PRI AN 7 I3 A 0 7 S8 A 18 A FeRNet W 4% 1l 2k 1) £ BEEAT ALK ZE FeRNet
R 2% 1 25 2 Wi, TS 5 AN 3500 G g 45 BO) (1 Bk FeRCAE), H T- #1441k FeRNet 4% (AL 2, # 1k FeRNet
I 45 (1) % 3] .FeRCAE W45 (1741 B AR R 2 oI,

Table 2 Detailed settings of FERCAE network
% 2 FeRCAE M %141 & &

EEA JERM PR K BB WU B i R SR
Conv_1 HRUZ 5x5/2 16 ReLul?*! 480x384x16 1216
Conv_2 ERZ 5x5/2 16 ReLu?*! 240x192x16 6416
P Pool 1 O RAL )2 2x2/1 16 = 120x96x16 0
Conv_3 LRZ 5%5/2 32 ReLu*! 60x48x32 12 832
Conv_4 HRZ 5x5/2 32 ReLu! 30x24x32 25632
Pool 2 R 2 2x2/1 32 - 15x12x32 0
UpSampling_1 R 2x2/1 32 - 15x12x32 5899 864
DeConv_1 RAEBBZE 5x5/2 32 ReLul!! 30x24x32 25632
i DeConv_2 RERZ 5x5/2 32 ReLu?!! 60x48x32 25632
UpSampling_2 R 2x2/1 16 - 120x96x16 0
DeConv_3 RAGBZ 5x5/2 16 ReLul*! 240x192x16 12816
DeConv_4 BERE 5%5/2 16 Sigmoid®®*! 480x384x16 1203

FeRCAE [ 45 () iy A\t 259 0 b A UG, R/ A 960x768. 4 T4 Tk 5 i N b o B i MR 15 = M1
AL [0, 1]V FL R 2 B, FeRCAE W 4% G i i A0 A2 6% 8 91 948 2 24 Bl S D 45 (140 FRD 8 B A\ PR R 5
Tl P B s 4 2 NI AR IR AR 3R 7 22 1A G (b S P PR B 1 SR R b s 8 4 B RUZ M 2 i
KA, M2 B S FeRNet W28 AT [A] A5 % 1) H 1K) i AR 40 2 A 25 i 1) 8 SCRF Ik s A H A0 S ol

© TEBREEEEIEDT  htp/ www. jos. org. cn



3628 Journal of Software 31 3%k Vol.31, No.11, November 2020

15 SR 245 2 A SR KBE 2 (UpSampling) A 4 AN & 547 2 (DeConv)! .

FRAEEM RGN AT,

(1) FREE

SRR 0 H R R EE S A Ak AR 2 BT K /N FeRCAE W48 v, 1 SRAY: 22 R S A0 4 (v 0
AR R 2. 1 5 BT R, S AR AR V2K R AR AT Bl v 25 s R AR 3 (B8 S R AE B vp B i A
RIRFE. FRAEZ B RAZ G I AR)R ) 2x2 KN, B KB 1.

111]212

1|2 | w811 |2]2
B —

3104 31344

30344

2x2 4x4

Fig.5 An example for nearest neighbor upsampling

K5 AR R 7R

2) REBERE

KA FREA R ST 2, H S R0 BEIE SRR AE P B AT & AR E 2 AT 15 L. FeRCAE 45 Bt
HIRERZRA RS R 5xS BB G ER), L KIBEN 2,87 3 AN RERUZ R ReLu #05F 6 8 55 — A
JRARUZ R Sigmoid T bR 3, H A 24 o H B A% 32 A 4 8048 [0, 17X 1), 5 N PG O0H R

FeRCAE MW %% L4 H b 2 i /MG R 0 A B R S N R 2 I 22 5 AR SCR I TR 24BN
FeRCAE ¥ 45 (145 2% ok 0, 35 H b s H0% 404

N |
mlnlmlzeEH 1-0|3,

el RO 43 5 oR FeRCAE W 2% [ i N R HE b2 S 4 B 15 48 FeRCAE 4844k b B b, 0k 1) e Kk AR
BB AR 2R bR HUAE /N T 0 B I 45 1 YN e A S e 8 e Rk AR 3k 100,

WIZR 2 Fr7R,FeRCAE 4% (1) 4 i %5 34> 55 FeRNet W 4% (45 B4 358 59 45 4 — B MUAE FeRCAE W 4% 1 k52 )ik
J5 4 G 45358 43 (K1 24U T FeRNet W 235 B 43 (A T W) 4 14, 2 At i A e A5 AR 500 S A2 S5 1Y 48 )1 5 1 5%
Wi, 5 35 FeRNet [ 4% (¥ U1l ZR a8 AR

3 IRt

AR VG Ui WS90 Ve vt 7 58, A 35 K SR VE D8 A 5 A SO AT 9 32 BEHRGT 3 A )il
o RQU:E AT E SCRAEAH B, ASC FeRNet W) 2648 HRIK A5 AL AE D 4 ARG A1 8 23 S i p 2 1 AT B
L R TN RE?
o RQ2: 55 M At i /N WU Ao £ 1) PG5 AIE 23 T VA AT B, AR SC FeRNet W 264 UKD o Sl 1Sl 45k ik
T HAT A T e 2
o RQ3:A3C FeRNet ¥ 2% $1 HU IR b St ol e A5 AR5 AIE 5 Wk 23 SRS 20 25 5 BE 6 A9 S8 47 1) 00U 78 2
3.1 WERWMEGEIES
ANTL3%E PR A VU 4 AN () M DX R A S Al Tl Pl B ) ke Bl B 3R AT S B T . S 06 IR A 344 5k el
B AR 33 3K E TSP 206 5K A7 90 105 7K A K A B8 el — AN BT R A o i SR SR TR, 1
AEE AT SR B IR 19201536 4 3%,
Wi BB AR R R IR e R B R B D R R KA i B SEHE DL . FeRNet 1 2% )1 2R 114
B R TR AR SOR AR (D S A 18 20 W A e, H R AT BT SO AR, SO 2R 2.2 ik (v B 1
PR AR L B T 68 S PG AT B I T 1 ORI AR A R O U T B e/ Bl ()
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G5 (KA 0k P B Ml B RO AR E ANE R 2545 DL R8RSR USRI 174 K/ K3 3 67 DO T4
TR AT BT R BT 5 1 R/ 960x768 15 35,37 1 el 45 Kicdis 19 [R) e, )R n] e PRk 1B 1= R ) 1 X
H R OREEAE,

N PRALE S 36 1A 5 BRAE, AR SORE LR S e T AR Bl SR 380 00 D P 23 A B — B 7 0 o BB 8 HT T FeRNet
W25 KI5, B 9 CNN YITZRER; 55— B 20 FH AN TR v (¥ S 36 0F LU, B D 6 ik B0 4. 6F - CNIN I R v (R Ak
b PR T B Bl OV 7K R0 R BT o) %414 10 2 RV 5K S IR b Wl Sl P B i B ol 100 5K58 1 7 B 5.
R EG Y S P BES ,CNN VI ZRAE 1) P B ECR A 18 O SR 18 100 A5 00 T 30 E i 48 v b St P 2,
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14, DRALE S50 vh AR T W TR b S A1 I AN AR [R). 2% 3 21 AN IR B0 T b ol A AR i B 1 P 4 15 L.

Table 3  Number of microscopic sandstone images in different cases

R 3 OAFENOL SR B R 1 K

B8 B
Kaws AE A e ES Mt
JR AR A AR 33 206 105 344
CNNIIZ4E 1700 (17x100) 10300 (103x100) 5300 (53x100) 17 300
IOIE B A 64 (16x4) 412 (103x4) 208 (52x4) 684

3.2 FEMIEFR

WL 3 B, A SO R (i 5k PR 15 5 B A7 A0 S 0 R ST e 0. Ay o AR SR P 2R B A8 o S 1) S 0
FEL AR AE Ry DRI HE b, 725 00 3t P 0 AS [R] 7 925 (0 500 22 200 95 Pt 3000 i e 083 T - %6 AN~ 287 S50 3 T 7 e (1)
At AR RS 10 2 (accuracy) Fe bR iF 8L Ak

n
Accuracy = — & x acc,,

n

c=1 ¢C
Ferpne Al ace, 73 R R 5 ¢ FERD A W R (K FEAS B0 20 JOR N s b o S0 B B, AR SO N=3.
B F1 s vk 2 500

Flo N, 2TP,

meﬂH+Fm+F&’
L TP, FP A FNg 43 Jill 7R 55 ¢ 2800 5 S As EIAR M 0 T ST 1) 2 490 A L A8 TR S A9 A5 AR 50 B TR RS 1
FEFRARAN F1 F8AR IR A VG R X 2R [0, 1], HAE BRI 73 SRR HE A, R AIE 8 s B ) BT
3.3 It

HRAEA SC FeRNet P48 0 b WA G IR AIE 3 7 BB 7, A SCHE T35 3.1 719 I 1) 300 I 250 s AR R AT S 36
3BT % H BRI 0] B A SCRREUE 3 AN SE I HEAT 50 UE AR5 45X 5 A 5256 1) TR 4l 1 B EAT A A
3.3.0 A TE R

EEXEIFTT ) R 1, AR SCIR N 3 28 I N T 5 SURFAE A et e . O3B T 550K FEAR (R AiE )

(1) BifaFfE(RGB. HSV Al Gray)

BUEFFEELES RGB. HSV B BR8] T R MU RFE FRAE SR bR & OB . 722 P s A8 I
PR M ZE . DU e IR kL B REE. R RS 13 AN G E TR IERE T A
B B R B 43 AT LT B T A B AN RS 7 R) R PRV R AE 48 2 43 70 ol 39,39 il 13.

(2) SUHEFAE(GLCM f1 Wavelet)

SUHURFAIE AL 475 B T A L A B (GLCM) R T /)N Y AR 45 (Wavelet) PR RFAIE, 333 R A0 Sl Al Pl % £ 2 R ]
Bt B9 3 BE T B e A B 1) BB AR AE 5 S v SEAL 8 % F 43 0 2R (1,0),(1,1),(0, )R (=1, 1) [¥) 4 AN 2R L AR A
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K BE PG BEAT /Nl o0 i A5 BN BB . BB A 27 T o 2 B AR A0 40 Bk F /N D 2R B0 B 1 0 U 43T 4
NRBGEREIE . T2 PIEEE 13 ANEAETR AR, RN SCERE IR (R 4E 52 43 5k 16 1 52,

(3) F&T PRI AR (¥ R#1iE (Grain-based)
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(1) Gen-aug:il i X 70 B0 EMR AT ROBEAR 3 . 80, 7K1 R 20 800 6 2500 P 10 50 7 1 43 78 3

AR JL T 75 BRI 25 FeRNet W 4% 42 B 2 16l o P45 AR 1
(2) VGG-ft: LA TmageNet $#i4E FHIIZRIK VGG16 M4 4 FAl K IR VGG16 R i) 4 35 2 2 4k
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333 Al
BE AT 0] 3, SR B 27 ) v 28 1) 4y SR AR A 3 4 A R ST FeRNet A 55 A ] 43 A 1Y
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RERAE N AT B AR B R 2 I R AR R W SR SRS AR 3R A 2 DU 0T DL B A AR 3R K
A0 2 MG 2 S BERAR R, 22 2 AL N A28 I 45 (R4 2 B AL AR AR RT AdaBoost 2 4 B2 2] B2, 32
F i L SE T A% o OB AR AR DL LAY L300 w5 WA 2% S0 v B 2 YRR (10 8 AN 26700 AT BE AR AIE S 3 &5
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E A DA B 6. BT S 56 R D 10 728 SCIAE TH 5 485 51 g i N AL ME B AN S B8 T 10 PP I br i Sl
231

4 KHER

AT AL IE o0 T S2 6 45 R DA RS2 56 v 1) AL 1 4, K B FeRNet W 28 42 HURD 5 6 3k 45 AR A 36 T 32
S 1) R LR A R U 43 SR TR AT S0, I 5 N e SCRFAE AN UL P4 T 1 /0 MEASE 0 B 45 R VR B 1B 2% )RR AiE ik
AT %5 LE, R 9T FeRNet AL b B BRI R IR BE 1 AR 5 B 10 B 5 11 FeRNet R ik 5 AN [R] 43 4 7Y &4
B REAT SR, A S 6 48 SR R TR R 43 AR R B A B8 T 1) TN PE R
41 SAIEXFENEE

R E N L E XHFFAEA b FeRNet W 4% 472 B 1) 435 10 2E /0 i B AR % B 320 2 H 1 T 1 B, AS SCHRBUAR
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Table 4 Prediction performance (Mean+Std) of different features based on SVM classification model

A BTSRRI AL AR R AN R AL P TR P BE (S (bR )

j:/ﬂE /{‘%Eﬁﬁi F1
’ KAbE HIEW eSS KA R EER VS

RGB 0.783+0.080 0.907+0.006 0.825+0.008 0.602+0.139 0.921+0.029 0.886+0.052
HSV 0.866+0.172 0.905+0.052 0.845+0.053 0.653+0.126 0.927+0.023 0.897+0.025
Gray 0.616£0.169 0.880+0.055 0.630+0.125 0.451+0.069 0.889+0.032 0.687+0.084
GLCM 0.550+0.158 0.742+0.073 0.540+0.115 0.370+0.091 0.791+0.048 0.544+0.067
Wavelet 0.716£0.158 0.922+0.032 0.765+0.108 0.683+0.142 0.911+0.017 0.793+0.056
Grain-based 0.166+0.223 0.825+0.048 0.700+0.094 0.142+0.167 0.868+0.030 0.667+0.091
FeRNet 0.916+0.088 0.938+0.035 0.870+0.075 0.805+0.135 0.948+0.015 0.899+0.042

Table 5 Prediction performance (Mean+Std) of different features based on LR classification model

5T EHEA 7 SBER A [FRFAL ) PO RE (P (AR HE 22)

o Wi Fl
! KA EIE i Krins  HRbE  ARDE
RGB 0.850++0.183 0.912+0.024 0.810+0.077 0.678+0.146 0.926+0.032 0.847+0.061
HSV 0.850+0.145 0.885+0.057 0.830+0.054 0.615+0.102 0.915+0.035 0.870+0.044
Gray 0.666+0.176 0.882+0.029 0.610+0.074 0.435+0.071 0.901+0.027 0.687+0.053
GLCM 0.633+0.153 0.710£0.105 0.470+0.132 0.349+0.052 0.775£0.075 0.497+0.111
Wavelet 0.733+0.179 0.857+0.057 0.770+0.082 0.585+0.091 0.879+0.033 0.788+0.071
Grain-based 0.600+0.196 0.825+0.060 0.560+0.107 0.390+0.125 0.863+0.037 0.601+0.095
FeRNet 0.867+0.131 0.933+0.044 0.880+0.042 0.781+0.077 0.940+0.031 0.881+0.038

M 4 T2 ] SCRF 1) LA DA 2 BT I A L N T S B AIE, A SC FeRNet 199 2% 41 1A 45 40E £ BT
AT S ST L PP I o v 350 MR A5 e B OO R A N T8 SCRFAE HH HSV R AR AN T /N A2 4 ) 0 By
U RGN 2 B LA 55,24 A FHDORG 8 BEA1 D PRI B I HS VB 5 AL AE AT 0 3 AT b SR T T R L
B TN AR IR SUBRFAEAE 5 S W R R A do i T PR 4 A0 L B D0 PRI AR I, 2 T A e
He ) SO AEAE K AT DA SRIE TIN R BL 5 4 HSV B ML AR5 8 4005 AT St TR SR A5 o i TN 1 e 4R
T, 707 A5 FH WOl PP 35 b, FeRNet 199 2% 312 UKD SRR AR AE 3 Bl SR R0 (R T R LI O T B3 el N T X
RFAIE AR ) A A D e S R T P SR AT S 25 B TH AR TN 8 SCRFAIE 3R A5 (1 B M REF bR, FeRNet 19 2%
SR P R AEAE RS A BEAT B L DPIUFE b5 b 20 550 3RAT 5% AN 12.2% K P e TT

INZE S T L, A Y8 R [V DAy 43 BRI A LN 5 OB RFAE, A5 SC FeRNet [ 25 412 UK R fiE 75 T A1
W5 2R R PP bR o [RD A HAS o e 1 PN A B A N 58 SCRFEH,RGB A1 HSV PR (5 e 11 000 46 B e
e BART A RDR I LA 0 VR AR I RGB B AR (AT b Rl o b2 SR P R DL i, HSV
PR A AE AT W0 R S o SRR AT iy T PR e 2 A F LB D0 PRI AR I ,RGB B E R AR 4TS 7E I
ATRD 5 R T B0 5 SR o TR DLt A HS VR il A A S b SR TR SR A do o T Ak E AR 1T, 5 2% T SVM
TP RIS 2R — 2L FeRNet [ 2% 2 B SRR AEAE 3 T S R0 S f) T 0 D48 W Sl AE T di R N T 5 SCHFALE.
(ELAR U W (02 75 AP A 23 BRI AT N T3 SCPBARFAE, A SC FeRNet 199 25 $i PRy i 4k 24 SR B i e £
T L E.

B P LA B nT 3 5 N e SCEHGARRAEAT LG, FeRNet 19 2% £ (1 B R AE AR b 8 i MR B 8 7 Kb e
5 AR AT d S X R R PH SR W) AR AR L 0 B B AR AN L S U0 T A SCER Y1 FeRNet P25 RERS A7
R S WA o 0 Al P A5 1 v 0 SCHREAIE, DA 23 SRABE IR 1) I 25 A0 00 i S S 530 P 0 455 G, B e A R £ 00
PERE.
42 SEE/NRIREENREBEIFEN

AT RG2S RS ECHE 4R (R BE 1 27 SRR AEAR EE, FeRNet 169 2% 42 1 RFAE AERD 5 S A K% B 8l 23 28
PR FREIN Ak B, AR SCEE T 3 bl L 1 /N KA Rl B Pl AR R A 2 7s U5 126, 4 4 SO ) SR LA AR [P] JE 7) SRASE R 5
AT S, USRI 45 R 3R 6 IR 7 23 I 51 H A S5 g EEAUANZ S B AR D 2 BRI AN RIS AEXT 3 Fh
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Table 6 Prediction performance (Mean+Std) of different deep self-taught features

based on SVM classification model

R 6 TSR RN AR AN IR A 2% SR R P00k BE (F (AR E 22)

5 R Fl
‘ EhnE  nRbE bR | BADE  BRDE  GEDE
Gen-aug 0.633+0.221 0.92540.033 0.845+0.116 0.605+0.179 0.918+0.029 0.877+0.089
VGG-ft 0.351+0.148 0.83440.051 0.658+0.058 0.2544+0.097 0.858%+0.013 0.680+0.034
VGG-ft-gen | 0.348+0.197  0.848+0.058 0.682+0.070 | 0.255+0.125 0.865+0.015 0.701+0.051
FeRNet 0.916+0.088 0.938+0.035 0.870+0.075 | 0.805+0.135 0.948+0.015 0.899+0.042

Table 7 Prediction performance (Mean+Std) of different deep self-taught features

based on LR classification model

RTBLT RPN MR A FIVRBE B 27 S REAL O TIU00 P BE () (AR HE %)
i R L
[ RnpE __wEwE DR | KEDE _BREBE _ARDE
Gen-aug | 0.600:0.211 0.893+0.041 0.860£0.052 | 0.53120.184 0.904+0.027 0.869%0.032
VGG-ft 0.416+0.072  0.808+0.042  0.668+0.072 | 0.256+0.078  0.845+0.031  0.679+0.049
VGG-ft-gen | 0.393+0.088  0.796+0.047  0.694%0.079 | 0.301+0.073  0.842+0.022  0.688+0.058
FeRNet 0.867+0.131  0.933+0.044  0.880+0.042 | 0.781+0.077  0.940+0.031  0.881+0.038

Journal of Software 31 3%k Vol.31, No.11, November 2020

MR 6 AT UL, A8 B SRR ) S AR by 43 A RIS A LY A T o /) A0S 5040 B PR BE 180 27 30 1 28 4 H 17 (€]
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Ik, A 3C FeRNet 194 25 RIS 0ok P AR AR5 A P A7 R S S 2R R D U Ao v TR A 4 10 TU e B A
AR 27 SRR, Gen-aug J7 VA SIS AR A U T 1 BE.V GG-ft Ml VGG-ft-gen J5 28 MU Ak T
RHUARIT, 70 AAEAS RIS 1 AU RAT i T J5 VIR bR 5 2 T SVM 70 REERY G 45 2R3 FeRNet M 2% X
(B BRFIEAE 3 PSS B 1A TGN 2 L 130 W) S A0 T AR B2 | = ST AL

BT LA A5 5 A i /N BB KCHR 4R VR TE A 27 >0 PR AL AH L FeRNet I 2% 31 B B R 5 AL AE
W S R A 37 K RE 0% RS B (1 T PE E. F SR W), (1) 1T 5 TmageNet $odl 42 b B A7 78 22 572,
W TN R E 14 2% 10 5870 2 BOAS e 808 s LR U o R ik B SCRRIE P RES(2) P8 . g 25 T T 2
Py 389 7 R AR BE AR SCHR HH AR T3 s T R G B AL BT ik, RE S DR B EE 2 (G RS R A B TR S
BRI R R,

4.3 TR AL TN 1ERE

A T HRGT FeRNet 194 2% 41 045 A0E A A5 P Ao Ao 73 I ASE 2 I % A3 S8 2 10 900 78 3 , A SO FeRNet #5341k 73
WS LNEFI R 3T R SR S 20 M o) SRR 25 15 AT S, BB S0 45 L IR 6 81 ik T AN [l 79 2R B FeRNet
REAE ) TR A i, P v S0 32 T R 7R B 4.

W 6(a) 7S, 24 A58 RS ff B2 A 2 VDU 5 b I FeRNet 5 1E B A — 5 I @ 1V, 55 4% 2 FEBE R 5 5 3 ) 3R A3
BABPR) PRGN A AT EU G Ay 23 SRR A 32 DL ek S50 R0 B AT AR b 4 o S 2R A SRS 36 PP U 6 A 140 77 22 /0N, Ui )
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SE e AR T B S e 3 A [ ST (1 S P R A P AT R rp RO AN SR (AT LN T SCHE R
ik, FeRNet i AIEA5 AT 5 o 10 F0 00 44 0 — 2P UE ) FeRNet R AIE X D 3 8 1 SR K 7R g )
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Fig.6 Prediction performance of FeRNet features based on different classification models
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Fig.7 Comparison of prediction performance of FeRNet features with and without image augmentation
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Table 8 Prediction performance (Mean+Std) of FeRNet features based on different activation functions

F 8 T AT pR K FeRNet 5 AE (¥ TN PE B (A (E AR HE )

e SVM LR

i h Rinis Fl i Fl

Sigmoid 0.82240.019 0.834+0.018 0.810+0.019 0.823+0.020
Tanh 0.73140.024 0.788+0.034 0.71740.026 0.789+0.044
ReLu 0.929+0.034 0.925+0.031 0.900+0.031 0.90520.030

Wik 8 Jion, oA A Pl o FEAE LRIV I F5 b5, 5 Sigmoid BRI R Tanh B8 E0HH LU, A8 A ReLu oA B0V A3
T BRU B FeRNet 99 2 52 BURRFAE AR 1D B 0 B8 B 30 7 24 v 4 ¢ B A S 4 1) T 428 . 4 181 9 s, 70438 /S
b R R ST FeRNet 24 HEAT AR AL, 5 Sigmoid B $0F1 Tanh B8 50AH Lb, R ReLu B8 #5258 R () i
S RN S AR B A A e WL ZE A Sigmoid BRI Tanh B8 0 FeRNet W 25 0 S50 & A1 X 2% 1, H A3 5%
{H7E 0.4~0.5 Ze A7 By R T R8N 5 B AR 10 4 FH ReLouw /B 20 307 B8 20, FeRNet 19 25 (1 )1 25458 2 45 TT 4R A0 AL

© TEBREEGESIEIFEFDT htp/ www. jos. org. cn



3636 Journal of Software 31 3%k Vol.31, No.11, November 2020

R kN B 24T 0.2 Ze A I TR

1.2 5
Tanh
1.0 ——Sigmoid|
’ ——ReLu
0.8 Q
» .
2 06 s
-8 1 el
: ‘\ "W‘&GWMMM%
. A
02 %WMM L A S—
0.0 . . . . . . . . ; —
0 10 20 30 40 50 60 70 80 90 100

Epoch

Fig.9 Comparison of coverage speed of FeRNet network using different activation functions
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