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B E SFR BRI EESPRAFIZHNARA S ZH G TN, L T AR Z M % (Convolutional Neural Network.,
CNNO# 2 5 £ AR MBERELFRT 2R, BRAOATEARNERN AL % 5 £ BRHEF I (MIF-CNN) £ 4 £ B %
W HEERHR AL EESERA, AKX PR ET AT CNN R XHFIEE § 5 £ B %53 4E L (MIF-
CNNIF), MIF-CNNIF & —#F & F % AP 45 42 i 4 FL R A7 2 A0 A AE R A R U AR B RAFIE R A2 AR % 5 RE 59 1E
B, EIOASEBARABELERFTESHT TR, LR BIET MIF-CNNIF # & 2 H, MIF-CNNIF # 7T #k £ F . 1) 4% A
T S50 CNN AR 8 £ T B % A4;2) 5 MIF-CNN A8, A 2k B AK T 4542 2 % Fo ih 1) 5 2% % 53) B A )b MIF-CNN
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REESES TP389

MIF-CNNIF : A Multi-classification Image Data Framework Based on CNN with Intersect Features

WANG Pan-hong and ZHU Chang-ming

College of Information Engineering,Shanghai Maritime University, Shanghai 201306, China
Abstract In recent years,image multi-classification task and deep learning have received increasingly attentions,and multi-classi-
fication image data framework based on convolutional neural network (MIF-CNN) has also been widely used. Traditional CNN-
based multi-class image data learning generally has a problem that the image processing is complicated, the feature dimensions are
large.and the time complexity is high. To solve this problem, this paper proposes a multi-classification image data framework
based on CNN with intersect features(MIF-CNNIF). MIF-CNNIF is a framework for performing multi-classification tasks based
on intersect features obtained by multiple feature selection algorithms. Through extensive comparative experiments on 10 multi-
class image data sets,the results validate the effectiveness of MIF-CNNIF. The contributions of MIF-CNNIF are that,1)it avoids
the problem of setting too many parameters with the usage of pre-trained CNN models;2) it keeps features dimension and time
cost after comparing with MIF-CNN;3)it has a better average recognition accuracy than MIF-CNN;4) the effectiveness of com-
bined feature algorithms is verified on multi-class image data sets.

Keywords Convolutional neural network, Feature selection, Intersect features,Image multi-class, Combine feature
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Fig. 1 Structure of MIF-CNNIF model
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Table 1 Description of the used data sets
Data sets No. class No. samples
5_flowers 5 4323

chess 6 553
crop 5 804
dance 8 599
oxford 17 1360
pokemon 5 1000
posture 4 4800
weather 4 1125
wildlife 4 1504
yoga 5 1080

OB E ., FRHF RN 4 Fh CNN BB 5 # %A
s Hd Viggl6, Vggl9 Ml Resnet50 3% 3 Fft (6 45 4 FH 5 )
SRAP AR, CNN ] FHAAF R BUES . SVM A N 43 25 4%
Alexnet [ R AR/ 227 X 227, Ho Ay 3 F W 45 g A K
ANy 224X 224, BRI DAL, O T i — 20 B iE MIF-CNNIF
A S5 S S 06 o 56 R A 4 e R 4R IR R R OB A IR
FETE 1000 2247 . T B9 2B HR7E Pycharm 2019 P,
5 P I T 2 55 Y B4 R G0 64 {2 Windows 10, % H
PE4¢ T NVIDIA GeForce RTX 2060 6 GB i . 345 /% i7-
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Fig. 2 Accuracy of Alexnet,Resnet50,Vggl6 and Vggl9 on seven data sets
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Fig. 3 Precision of Alexnet,Resnet50,Vggl6 and Vggl9 on seven data sets
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Table 2

Abbreviations of randomly combined feature selection algorithms

Combined feature selection algorithm Abbreviation

Combined feature selection algorithm Abbreviation

Chi2+GBDT CG
Chi2 + linearSVC C_L
Chi2+RFE C.F
GBDT+ linearSVC G_L
GBDT+RFE G_F
linearSVC+ RFE LF
RF+ Chi2 R.C
RF+GBDT F._G
RF+ linearSVC R_L
RF+RFE R_F
Chi2+GBDT+ linearSVC CG.L
Chi2+GBDT+RFE CG.F
Chi2+ linearSVC+ RFE CLF

GBDT+ linearSVC+ RFE G_L_F
RF+ Chi2+ linearSVC R_C_L
RF+ Chi2-+GBDT R CG
RF+ Chi2+RFE R_C_F
RF+ GBDT + linearSVC R G L
RF+GBDT+ RFE F_G_F
RF + linearSVC+ RFE RLF
Chi2+GBDT+ linearSVC+ RFE C_G_LF
RF+ Chi2+GBDT+ linearSVC R.CG.L
RF+ Chi2+GBDT+ RFE R.C_G_F
RF + Chi2+ linearSVC+ RFE R CL.F
RF+GBDT+ linearSVC+ RFE R.G_LF
RF + Chi2+ GBDT+ linearSVC+ RFE R CGLF
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* 3 HERIERFER TR
Table 3 Average performance of combine feature selection algorithm
Performance Metrics
CNN Algorithms o Feature .
accuracy precision AUC Time/s
numbers

L_F 0.9089 0.9059 0.9830 1846 61.4032
C_LF 0.9032 0.9021 0.9746 2776 91.8388

Alexnet
C_G_L_F 0.9025 0.9023 0.9713 3866 149.535
R CG.LF 0.9045 0.9055 0.9837 4632 170. 8631
R_L 0.9048 0.9040 0.9781 1774 98.4518
R L F 0.8151 0.8050 0.9248 2682 142.7699

Resnet50

C_G_L_F 0.8138 0.8129 0.9171 3686 188.7625
R CG LF 0.8183 0.8007 0.9103 4478 259.5693
L F 0.9102 0.9084 0.9843 1852 61.4225
CLF 0.9044 0.9010 0.9878 2782 91.7610

Vggl6
C_G_L_F 0.9046 0.8986 0.9789 3761 144.9268
RCGLF 0.9038 0.9010 0.9766 1661 171. 007
L F 0.9114 0.9062 0.9792 1846 62.5855
C L F 0.9060 0.9033 0.9826 2776 93.4730

Vggl9
C_G_L_F 0.9087 0.9047 0.9809 3782 151.5153
R CG.LF 0.9054 0.9019 0.9749 4625 174.3638

VI« R Y 3 1 Bt P 4 A DAL
4.3 EiEEgE LB

9 T 93 B 4 1 9 MIF-CNNIF A skt £ 4 5 1 7
FUORTR MR TE 7 A 80 4 iy F 3 I g 1], o 4
WL FAT1EHE Alexnet 1 Resnet50 WA 7 4% 14 52 36 45 5 3#E 15
JRIR e — S 45 5 R AR F AN R 1 B0k A 45 R i 5k 1
TRy SR g5 A2, 40, CNN+Chi2+ SVM 7EHFE 42 B
Je ) Chi2 iEATHFAF 2k 543 208 1 FR1E 74, 6 SVM
ViR iy 22 b AT 243 2R 5255 s CNN -+ GBDT + SVM 7 51 12
BUE i GBDT kAT 557 fiF 2 £ 43 208 19 R 1F T 48, T
SVM 1E R 43 885 HEAT 2 43 25 5050 . LA 34, I CNN+lin-
earSVC+ SVM, CNN + RF 4+ SVM #l CNN + RFE + SVM

43 MR8 linearSVC, RF M RFE k17 F7AF 28 545 3 (987
MAEAE F 45, 7 FhOR W A9 5 % A4 5 MIF-CNNIF, CNN +
SVM.CNN-+Chi2+ SVM, CNN+ GBDT 4 SVM, CNN+lin-
earSVC+ SVM, CNN + RF+ SVM Fl CNN + RFE+ SVM,
oAty LA Bt S AE AR SC B LSS FRARBIY . A 4 T L
B TR — SR MIF-CNNIF A X H Al B 5 5 i
[A] 7 #E B /N 5 2) Alexnet Fil Resnet50 P Fh X 45 7E posture 4
8 1A SR B 7% 3 0T BB R T ROHE A A B O LB AR X AR K
— Mok U B LB R K, 4R A AR E kR 2, AT I AR T £
RO 2R (8] 5 3) A X Alexnet P44, Resnet50 P44 7E 7 P ¥E 4
B R T R S R R, 33k B R 32 L R % 5 A R IR B TR

%4 T Alexnet Fl Resnet50 B 7 AN %4 8 A I 25 sk fa) % b

Table 4 Comparison of training time of 7 data sets based on Alexnet and Resnet50

CFLAT ¢ s)
M-C C+S C+C+S C+G+S C+L+S C+RF+S C+R+S
Data sets
M-C C+S C+C+S C+G+S C+L+S C+RF+S C+R+S
3.2817 43.8335 6.1599 12.1505 7.8239 5.7537 6.4176
dance
14,9880 29.3446 7.2039 11.3843 7.9503 12.8951 11.5512
ford 8.0993 133.3116 18.6520 42.1248 28.4784 17.3698 28.0224
oxfor
23.5158 61.2069 21.8871 30.0349 29.4926 16.8153 43.2425
0.6523 31.4284 6.6784 7.6015 9.1943 5.8313 7.5906
pokemon
6.7409 8.8321 11.0266 10. 2613 14.2591 10.2379 11.1454
44,5556 661.1273 103.4660 131.9631 133.5356 89.7665 110.7720
posture
284.3855 86.3123 110. 4063 163.0517 146. 6502 110. 8028 122.7991
2.8165 43.5449 5.8463 7.6807 4.6057 4.6057 6.0465
weather
24.3640 23.7367 11.9916 15. 8144 9.0458 9.3897 13.2847
it 6.2275 89.3432 12.5243 13.3092 14.4300 10. 0484 12.6536
wildlife
54.3364 21.8656 25.0841 36.9530 32.3535 22.8997 33.9108
6.1374 77.6431 12.8949 20.2969 13.0257 9.7760 11.4887
yoga
29.4424 26.6646 14.4115 13.7587 17.4408 14.0252 14.9748

AT LE#4r 2R Alexnet fZ5 R . F2FE#4r 2R Resnet50 B9 450, X [WH LA MIF-CNNIF, CNN+ SVM, CNN+ Chi2+ SVM, CNN
GBDT+SVM, CNN+ linearSVC+SVM.CNN+RF+ SVM Fl CNN+RFE+ SVM, 4 M 145 M-C,C+S,C+C+S,C+G+S.C+L+S.C+

RF+S fil C+R+S %75
4.4 FEHLLR
M4 Bl CNIN KR B 25 1 R 7 G A R AE 19 4 2 2
RS . RRAEEE £ 9 B AR T — A B 0 R 4R AR 1 ROk

PR TR AR R AR 4 DT 76 R 25 25 JRUR SO0 1 5B O R
RAERE . iRy, /8 5 45l T 7 D EUESETE Vaglo Ml
Vgl b Ay 5246 45 8 L H Al 20 55 09 52 98 25 R 75 [ A 1 0
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TR .

N 5 B4 BB L LR W AR . D) BRAE e B Y 1] LA
W AT 4 iF 24 BE , AH Lt MIF-CNN, MIF-CNNIF 1 {4 3¢ X 4% 1F
AT B T AR K BEAIG 5 2) AR U A1 I 19 43 T - MIF-CNNIF 76
7 S KA 2 B A ) Bt B UE T o 2 M R AE — s R AR
R3O MR AE R 3 P RRIE A H L M 4L A R AE SIS MIF-
CNNIF B ReAE 2 B 7F — & o [ N A B W F B3, DT g — 25
IUE T B A b

. 4500
8 4000
£ 3500 = MIF-CNNIF
2 3000 = CNN+Chi2+SVM
g 2500 = CNN+GBDTt+SVM
E fggg CNN+linearSVC+SVM
é ol = CNN+RF+SVM

500 = CNN+RFE+SVM

0 = MIF-CNN
2 3 4 5 6 7
Datasets
(a)Vggl6

. 4500
g 4000
2 350 = MIF-CNNIF
2 3000 = CNN+Chi2+SVM
5 2500 = CNN+GBDTt+SVM
§ fggg CNN+linearSVC+SVM
G'? 500 = CNN+RF+SVM

500 = CNN+RFE+SVM

0 = MIF-CNN

1

2 3

4 5 6
Datasets

7

(b)Vggl9
AR bR RN X 7T B 4E L B 1-dance. 2-oxford, 3-pokemon., 4-posture .
5-weather, 6-wildlife and 7-yoga
K5 3T Vgl Fl Vggl9 By 7 4K 48 1 R5AE 4L

Fig. 5 Features number of seven data sets based on Vggl6 and

Vggl9
4.5 BEESH
TE AT AT S i — 2P AT AR UE T MIF-CNNIF J5 ik

Xt 20 FEURAT 55 1 BTk . W EMEAM T E AR +test™
F1 Friedman-Nemenyi statistical test™®, 3 X t-test > i
o RERTANE A BUREE LA R 22 8] 2%
W,
Friedman #5652 M T i Bk e 2 N8R E L 2 S
AETE 35 25 5 1] Nemenyi 8230 FE N T4 PiM B IETESL
AR 2 R RS DY,

(D FEXT t-test, BN t-test'®) 32 B F 4 #r 99 Fh A [
BB A HFEE W ERERRE, HEEZHAWE
FIWT AR I 5 L A 2 0 N EIRG R EEH
BEZES., BEELT .M sig ok Fn W50 5 EH
PEZREER ., — R, sig R ERE R 0.05, KT
0.05 W, RARPIMEETERN N FiR B A B HELER,
fiZU’Uﬁ%@ﬁi%ﬁ%j@r[mo sig (/N , Fm B L Z A
M 25 5k i 2. AR 8, B Alexnet F1 Vggl9 M Ff
CNN BRI R A B Y 45 2R . B 6 45t T CNN -+ SVM
1 MIF-CNNIF P Fp & 1 2 T Alexnet fl Vggl9 fREI7E 10
AR FRBCN ttest G55, IR 6 LI E] D HEF
Alexnet Fl Vggl9, W Fi 55 vk 76 K 22 80 4 1 1Y 22 & A8 AR

5t Friedman-Nemenyi statistical test |fij 5 ,

53 ;2) MIF-CNNIF 1 %f CNN+SVM i, 2% R #H N
B3, W RRTF MIF-CNNIF F1 55 — fl 8 32 ok 35, I sig 18
TERZHARE LE/NTF 0,05, FE UL, 3 F R ttest KT
IEBR T B4 B9 MIF-CNNIF J7 3t 2 A 2089 .

035

= Alexnet
030 " Vggl9
025
0.20
015
010
0.05
-

0 -

2

P cgov &\& ,&Og 5 5\&
QO

¢ &@‘ e,\s‘@ 10??

o¥
o

6 CNN-+SVM #l MIF-CNNIF Wi ff 8% 3T Alexnet
Vggl9 BERITE FT A7 B 5 EAYECXT t-test 25
Fig. 6 Paired t-test of CNN+SVM and MIF-CNNIF based on

Alexnet and Vggl9 on all date sets

Mk A Fried-
man-Nemenyi statistical test ¢ 73 87 T H X} b B %k 7 2 4~ 40
WELHERERRE. BT EI LI I I 40, 3%
I T Resnet50 M HEAT AR, 55 41 3 Fft CNIN B 5 3 25 2R
WAL, X F AL S MIF-CNNIF, Resnet50 + SVM, Res-
net50+ Chi2 + SVM, Resnet50 + GBDT + SVM, Resnet50 +
linearSVC + SVM, Resnet50 + RF + SVM Hil Resnet50 +
RFE+SVM, Friedman £ % 2 5t T 4 4> £ 4 52 AR 48 57 2 4k
AE A SR AT HET L R AP I S HE A O 1 R B F
RIHEZ SR 2, DA e 3R 5 Bn i, Bk iR & 4y Y
He2 FT- e e, & Lol ATE N DMEURE T IE @ g
W bk P ; R RERHEA . TN TEE ;R

L5 S Friedman A6 56 3 1 5F 2 HE 44

(2) Friedman-Nemenyi statistical test,

X FRUNIANIS *(*)

27}, Friedman SEit#E06 A d A £—1 (020 5525 NOFI &
FEMERI , SEBR b T 4 B R 53— RS A B ROCR T

e
: 12N . kG
b = G+ [;RJ I ] L
2
N—1
Fp=NZDIT 2
NG—1)—

XSG EEEHREANE—1 M (=1 (N—1DHF
A, g FE T LA AR — A it B iR E . &
Friedman £ %6t . 45 Fr 09 K Tl SHF, (K— 1. (K—1)
(N— D) B 48 F AR & . BITE 2 A B8 48 b B A3 % L33 ik
ZHWZESFEDEWN, P o &EFEKE. Y0 4% R
WG W EEHAT I —F G H K5, W Nemenyi #2524
JIT A AR AT HE R AT R B G SR R Ok
Xof L - 4 HE 44 22 T) 3 0 A A i SR (E 22 e DU T RN A R AE
AR E LR AEARENER.

k(k+1)
6N

CD=q., (€))

o i S8 g, 2 0 2 F I B GETHBR DAV2 3R (L3R 6) .
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TE W, 4 . MIF-CNNIF ;. —Fl 22 T CNN 158 XARE 1Y 22 43 25 B G B0 4R AE 40

# 5 TE Resnet50 M4 Ay SEAL b, A R H 78 10 A B0 b 19 23 ZE o S F0ur i HE 44

Table 5 Classification accuracy and corresponding ranking of different algorithms on ten data sets

b M-+1+F R+S R+C+S R+G+S R+L+S R+RF+S R+R+S
Data sets
rank rank rank rank rank rank rank
0.8122 0.7705 0.7647 0.7504 0.7451 0.7821 0.7358
5_flowers
1 3 4 5 6 2 7
0.7889 0.7821 0.7486 0.7641 0.7694 0.7847 0.7956
chess
2 4 7 6 5 3 1
0.8581 0.8537 0.8571 0.8385 0.8532 0.8224 0.8447
Ccro
P 1 3 2 6 4 7 5
0.8131 0.7700 0.7967 0.7438 0.7222 0.7269 0.7500
dance
1 3 2 5 7 6 4
0.8735 0.7991 0.7769 0.7885 0.7582 0.7895 0.7651
oxford
1 2 5 4 7 3 6
0.7900 0.7875 0.7800 0.8323 0.7800 0.7810 0.7490
pokemon
2 3 6 1 5 4 7
0.9144 0.9104 0.9142 0.9262 0.9070 0.9141 0.9135
posture
2 6 3 1 7 4 5
0.8458 0.8444 0.8449 0.8444 0.8553 0.8427 0.8436
weather
1 5 3 4 2 7 6
0.7815 0.8077 0.7810 0.7757 0.7811 0.7807 0.7805
wildlife
2 1 4 7 3 5 6
0.7778 0.7750 0.7730 0.7759 0.7721 0.7759 0.7731
yoga
1 4 6 2 7 3 5
0.8255 0.8100 0.8037 0.8040 0.7934 0.8000 0.7951
Average
1.4 3.4 4.2 4.1 5.3 4.4 5.2

1+ 4% Fh 529 40 45 MIF-CNNIF, Resnet50 + SVM, Resnet50 4 Chi2 + SVM, Resnet50 + GBDT + SVM, resnet 50 + linesve + SVM, Resnet50 + RF +
SVM Al Resnet50+RFE-+SVM, 2 5145 5 M+1+F,R+S,.R+C+S,R+G+S,R+L+S,R+RF+S fl R+R+S Fii . 45 14 5 (445 5

R IR NER
%6 MJE Nemenyi £ % bn fEH

Table 6 Critical values for two-tailedNemenyi test

No.

algorithms
90.05 1.960 2.343 2.569 2.728 2.8
90.10 1.645 2.052 2.291 2.459 2.5

3 4 5 6 7 8 9 10

50 2.949 3.031 3.102 3.164
89 2.693 2.780 2.855 2.920

HRPEE 5 IS 45 5, i F 09 R A 7 R S R
10 PR & R T 7 2K (2) F128 (3) #5497 Friedman £ 56,
BIXe=22. 41 R Fr = 5. 37, Mo 5h. Fr 206 A i EH 7—1=6
M= XA0—1)=54 f F 5045, I FAE F. (6,50 B4
WF .

Fa<6,54>:{2'28’ =000 “

1.89, «=0.10

ME. > 2,28 FFHF->1.89 i, M &E4F M. KRG
4T Nemenyi 8 56, 24 «=0. 05 B, I FAH qo.0s 52 2. 949
(LK 6) 524 a=0. 10 W, G FAE qo.10 A 2. 693CHLIK 6) . XL
B CDE 4R -

(}D:{z.ss, a=0.05 .

2.60, a=0.10

M CD=2.85 W, 11T 1.4+2.85=4.25>3. 4,4, 25>
4.2 3 H 4. 25>4. 1, H tk MIF-CNNIF #f It Resnet50 +
SVM, Resnet50+Chi2+ SVM Fl Resnet50+GBDT+ SVM,
P HEZ 2 T AN B, HOR R T LA 3
PooX Fp 2 5 MR B3, A Resnet50 + linearSVC +
SVM, Resnet50+RF+ SVM Hil Resnet50+RFE+ SVM,

Y CD=2.60 B, T 1.4+2.60=4.0>3.4,FH L7 LA
A3 MIF-CNNIF #H [t Resnet50+SVM 7EF¥H4 |k W
EMEER, HREML TSI LF L, X2 5 AR B,
Resnet50+Chi2+ SVM, Resnet50 + GBDT+ SVM, Resnet50 -+
linearSVC+ SVM, Resnet50 + RF + SVM fil Resnet50 +
RFE+ SVM,

GERIE RSN P48 G5 i MIF-CNN J5 3 77 76 ) A
JEL P T — AR AR IR B o k. Wk, — AT
CNN 1Y 28 3P AE 19 22 43 28 1815 %048 HE 28 ¢ 52 L B MITF-
CNNIF, @i fE2 D2 0 K KGR Bt Ar KX e st
By I W T 5 7 R A A A - 1) 38 A {8 P TR 45 4 9 CNIN A
B, MIF-CNNIF G845 2% Hi o o 3 508 2 09 W 4% S 80 2) 4
MIF-CNNIF Hfiff B 38 SCRFAE AR RS 5 4R ¢ 1E . 5 MIF-CNN AH
I, MIF-CNNIF A 2 B IR T 45 AF 4 B2 5 3) SOk 3, MIF-
CNNIF # HH A FE T CNN A5 b8 78 A sk w2 0 2%
43 2Pk B Y IR Bt /N T B i) A 2% B L S G B kA 4G MITF-
CNN,CNN+Chi2+ SVM, CNN+ RF+ SVM #l CNN+ GB-
DT-+SVM;4) i i i 47 & 35 P 4 # 55 5%, 1iE B MIF-CNNIF
AR HA R B B 22 5 :5) linearSVC M RFE 4L &
FRAE IR PR 77 1 BB R = 2 0 JE R 1 3 2R R

SR PTIR T 1 T A TE B B b IR SR A ALY
TBRAIIRA — A 0] R EEAE AR R TAE T e . B2 4L 2
0 A 7 St S g )i (R B R R 1 A v R
FET 22 AR B 2 Ok 36 TE T 4 4 19 MIF-CNNIF B A 201
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