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Abstract
image retrieval, robotics and industrial inspection.

Material attribute annotation can be broadly applied in many different scenarios in large-scale product
Accurately utilizing the complementarity between different image
features and the decision abilities of classification models is the key factor to improve the final annotation performance.
To address the problem, a novel algorithm called stratified gene selection multi-feature fusion (SGSMFF) for material
Then
any classification model is utilized to compute the estimated probability of each image feature. The traditional effective

attribute annotation is proposed. Both the traditional and deep learning image features are extracted firstly.

range based gene selection (ERGS) algorithm is modified in turn and the stratified priori information (SPI) obtained
from two perspectives is integrated into the modified ERGS algorithm to dynamically compute the ERGS weight of each
estimated probability. Two pooling strategies i.e. Maximum and Average are proposed to complete the final multi-
feature fusion procedure. The proposed SGSMFF algorithm is validated on two different datasets: MattrSet and Fabric.
Experimental results demonstrate that any classification model can be integrated into the innovative SGSMFF algorithm.
Several fundamental factors such as the proposed Average pooling strategy, the hard negative information provided by
the stratified priori information, and the feature combinations including “S + G + L” and “S + V” all help improve the
final annotation performance. Our approach significantly outperforms state-of-the-art baseline about 18.70 % and 15.60 %

on the above datasets respectively.
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Fig.1 Visualization results of MattrSet dataset based on t-SNE (the best results are obtained after parameters tuning)
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Fig.2 Visualization results of Fabric dataset based on t-SNE (the best results are obtained after parameters tuning)
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Fig.3 The proposed material attribute annotation model based on the SGSMFF algorithm

(MattrSet is used as example,

*
p7p7c7n7

“1”, and “0” represent Pu, Polyester, Canvas, Nylon, positive, and negative examples, respectively)
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Pu # 5 &5 ), 1 Polyester #4 )5 5 X 1)
I, 3T LEAE 1 7 2 SRS I SPIy-3: “Pu —
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—EL
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IER AN, RAERERZE. WK, TCKH RN B
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g, BT REMWERI O 2515 B SPLy-5.
KA 4 FPIEA EUGRFAER) 53 50 52 i T t-SNE
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Table 1  The t-SNE cost value of different material (for different dataset, the minimum value of each column is shown
as 1.3079 etc.)
. - t-SNE U E
Gist SIFT LBP VGG (Ml
Pu 1.3079 1.4615 0.7735 0.9142 1.1143
MattrSet Canvas 1.4517 1.7962 0.8653 0.9660 1.2698
Nylon 1.4077 1.7227 0.8333 0.9360 1.2249
Polyester 1.3948 1.7285 0.8318 0.9982 1.2383
Cotton 1.0282 1.2109 1.2102 0.8974 1.0867
Denim 0.4405 0.9569 0.5581 0.4354 0.5977
Fleece 0.2267 0.5844 0.1583 0.1219 0.2728
Nylon 0.2219 0.1730 0.2105 0.1480 0.1884
Fabrc Polyester 0.7151 0.9591 0.7243 0.5471 0.7364
Silk 0.1852 0.3642 0.1944 0.2078 0.2379
Terrycloth 0.2441 0.4616 0.3116 0.1457 0.2907
Viscose 0.2319 0.5017 0.2818 0.1035 0.2797
Wool 0.4072 0.6868 0.4417 0.2565 0.4480

A5 8, BVIE TPy e Edls MAP FE 1 o AR
AR B, B 2 53 0l 3 2] Fabric 84 5216 70
25815 B SPIp-1 5 SPIp-2, SPIg-1: “Silk —
Denim — Terrycloth — Cotton — Viscose —
Polyester — Fleece — Nylon — Wool” (Cotton.
Denim. Fleece. Nylon. Polyester. Silk. Terrycloth.
Viscose. Wool #4 )i [] MAP {87 5 K 67.44 %+
74.20 %+ 63.43 %+ 62.23 % 63.54 %+ 76.79 %-
69.35 %+ 66.07 %~ 58.50 %, T MAP fil% /7 H
7)), SPIg-2: “Nylon — Silk — Fleece — Viscose
— Terrycloth — Wool — Denim — Polyester —
Cotton”.

gi b, R TR 2 Fh 7 ik T LAAS 204 0
PERRTE 05 )2 26 5015 B SPLL 28 2.2.3 1 SGS 5
PR RN Y 2 S 50 A5 8 SPL, 58 A v T 1M T
PERRTE.

2.2.2 WiHe ERGS &%

J5i ERGS S ik001 A 5 Jl 4% 1iF 3k 8, B 3 B
ERGS BUHE & KIRHE, 10 AR E, X 2648
o B RS E B AIE B, S R 5 P A
HEMERE. Aot s ERGSO R AE fil & Sk,
VBT RS BR . E ERGS PPAS 25 H 4 Fr A R AIE
HB 4> AU, DUINA 73 2455 20 i ) 1) P4l it 2, 5%
D2 S 150 V12 O 0 = B8 71 e ol = R B i 112
[ Y2, IXFF A NI KN 00t 5 16— R A 25
GYOE ., B L2 BB RSN
ik feat, € F, z € {1,--- ,n}, n EFHEREL FF
1k feat, 1F c; AR ERAUXIR ER,, # % 3 h

X (1), AT MattrSet H#litE g € {1,--- ,4}, XT
Fabric ##i ¢ € {1,--- ,9}:

Equ: +]_

[r;ﬁrzq -
[fhzg = (1= Pg) ¥0q5 Uzg + (1 — pyg) Y024
(1)

7o, Al RIREHE feat. 1E cg RFEAR EATRK
PR B30 A FIAT wsg B 0y P BIFRRAE
feat, 1€ cg KA LRPPEERBRAER 25 p, A ¢,
FREARIERMR (1 > p, > 0), BIF 1 —p, Wk
(EHRUE R o APHFAER KB L RIS y
LI ) H SRR S B AR, 01,732,

1
P (|F — pix| = vyou) < (2)

?
RIG, THARFIE feat, MEEXIR OA,:

1—

j=1 k=j+1
rio—r, rh >
B -’ _ zq zq° zq zq 4
- (4, 9) { 0. o (4)
ETESXE OA, WHESXIARH AC,:
AC, = OA. (5)

max, (rjq) — min, (r;q)

ot ERGS ik, RURYE & XA AC, 7t
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HFE feat, 11 ERGS AE w,, W (6) Frn:

- A ©)
W= sum {AC; : 1 < j <n}

BEVEBTI e S pa KL, BIRA] ERGS AU A7y
ST i A TR A, G e KB AR R A R
2, PR Bk (7) pros. (7) ASEUREEA
FIRF LR G, 7228 2.2.3 F9K SGS Sk Kext gl
BB, FEILEE 2.2.3 TTAR.

max (p.) = max {sum (p.; x w. : 1 <z <n)}

(7)

g5 L, Ok IS A AR X SR R ik S N R

BiE 1. R A XEERMIEE X

BN KEBEIE: F = {featy, featy, -,
feat,}, feat, CR* 2z € {1,--- n}.

i, EHREFER) ERGS BCEFERE W.

1) ¥iahtk W = 0;

2) repeat;

3) Wk (1) o, tHE feat, 15 ¢, K
AR ER.,;

4) sk (3) Praw, w5 feat, EEBXIK OA,;

5) W= (5) B, tHE feat, & IX R
AC;

6) sk (6) Frow, 5 feat. #) ERGS BUE
Wy;

7) {8 ERGS BHE w, fRFE] W g 2 31;

8) until AEPH5E 4 AL

9) it BMEFFIER) ERGS BCEHFE W,

FEA L1

2.2.3 SGS &%

5L, i SGS HvkH I EES AR, H Ak
Wk 2 FiR.

WK 3 Fion, SGS S50 G R AL, B4
SIFT. LBP. Gist S ZHHE K VGG16 242
FFAE; R HE AR 43 AR A 55 BEGRRAE 1 T4 M % 5
NI, TINGY ISR B M bR Iy, RICKEAE
FRVEM FIREAAE A ), SLAREAAE A e, AT
ZR oo BRI A, S L% ERGS
ke %Eﬁiﬂ*i@ﬁ%ﬁﬁﬂizﬁﬁ ERGS &
(%%W_A% 2.2.2 JT'J‘), Eﬁ}ﬁ, i ER ek — 2k
A (7): S5 FRUA M 256 AT 349 (R b A B e KA b Ak,
[ 4T ERGS WAL, 5E 3% T SGSMFF Hi% 1
EIG M s bRy, X T MattrSet 2 48, 7658
1. 2. 3 253280, ST FIE AL s (1) ERGS
FeRE A (8) ~ (10) Prow. MeAh, X T MattrSet
Ffnde, BT KA SRS 1) ERGS w35 R £

i (11) ~ (13) FizR. Fabric 45 2 AL, A
max (pi1) = { m (ave (pig, i1, Pig+2) X
1<j< c)} (8)
max (p;z) = { ( Vg (Pij, Pij41) X
1<j< c)} 9)
max (pis) — { m (ave (piy x ws,)

1<j< cc)} (10)
%2 SGS FEH IS HE
Table 2 parameter settings of the proposed SGS algorithm
5% T cM s F c
i9'4 KGR BIRES GrRBINAE S B FEA DR B IESE & MR YRR A
P (T1,y1), -, Classifiery,-- -, yCC {feat., feata, -, feat,} C—{er,em i}
(zn,yn) Classifierem feat, CR*, z€ {1,--- ,n}
ZH D T; l N n
=98 PN GRS G REA TR EAREHL FEA S5 RFIE AR
P {feat_comby,--- , feat_comba} \ MattrSet: 4 MattrSet:11021 A
feat_comb; = {feat, -, featc.} Fabric: 9 Fabric: 5064
R k d cc cm
5 9'8 FEIE feat, MIYERE LR R SE YA RFAE AL P~ B (6
Gist: 512 TPRIIARAE: 1
LBP: 1180 RFER G 2
. - PR AHAE . \
SIFT: 800 =R 3
VGG16: 1000 4 FRHERLS: 4
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10 1
max (p;;) = max {sum(max (Dijs Dijt1s Dijr2) X
wlj:1§]§00>} (11)
max (ps2) = max {sum(max (Pijs Dij41) X
ng:1§j§06>} (12)
max (p;3) = max {sum max (p;; X ws;)

1§j§cc)} (13)

o, pijy Dy Dijo INBEASF AT 0 Y 1) T Ay
BE, Wy, way, ws; 43 M 1. 2. 3 J2H ERGS #
H. SGS FEMEL 2 Prow (ML MattrSet #idi il
%, Fabric itk 552 KL, AN EEA—FE):

Bix 2 pREFEMESHHEMESEE

i‘fﬁ)\ T= {(xlayl) ) ($27y2) » T (xNayN)} ’
R 5 A

Wit BRI PR TE.

1) 4 B A% 85 4R SIFT. LBP. Gist K&
VGGI16, #4%| F = {feat,, feats,--- , feat,};

2) KA S Y T 5 RAGURR IR R T4 1 e
Dij;

3) X F MR E S ATA S, 88 D =
{feat_comb,, feat_comby, - - , feat_comb,}, HH
feat_comb; = {feat,, featy, -, feat,.};

4) K5 2.2.1 WIPER IO R SRS IS SPT,

5) repeat;

6) AT ERGS 5% (504 1) tHA AR
BHERTH 1 )7 ERGS BUE wy,:

7) T (8) 8 5L (11), JI ERGS BUFE X Fifh
1‘%% Dij DD*X, ;JDEE% 1 Eﬁ%,

8) PAT M ERGS Bk (L 1) tHAE AR
FHIER)E 2 )22 ERGS BUE ws;;

0) JEF3 (9) 5k 2 (12), F] ERGS I AHHE
TG pyy AL, TERCE 2 2932,

10) $ATEEE Y ERGS Bk (803 1) AR
FRIER)EE 3 /2 ERGS BUE ws;;

11) #F 38 (10) 8¢ 20 (13), J ERGS BUE X4
TEWUE LR py; DAL, S8R 3 J24r 3

12) until &F5%E D P AFREA 5

13) T ZRERLS 45 1, fn it BRI s
PE.

3 KEERROM
3.1 HRKE. BERKEERE

3.1.1 MattrSet EiE&E
LA A ot o 4 0 a2, AR T AR

b S L CS SR o TR N S I = U o O & Rt
AT R 5k S 2R R R, B, 2B Mk
http://www.made-in-china.com/ ${H ISR i
B, EMBLE L IR TR, 462 2 N0 Sl 25
JRike . 32K, Rt AE AL o It B 4 MattrSet,
‘B 11021 5kEME (3t 1.33GB s, Bt c
JF, AT E https://drive.google.com/open?id=
12xXX_MuwlI8hghwXFLtT3sneEzgA4- SN I3k
), MattrSet £ Bags fil Shoes PR & M Pu
(Jz %), Canvas (WAH). Nylon (J& J£). Polyester
(B2) 4 M)l Bags 25 7409 ikEE (Pu BT
1082 . Canvas JE¥ 1948 3. Nylon JEtE 1764
7K. Polyester J& 1 1715 5K); Shoes 2 3612 7KK
1%, Shoes 25 Nylon. Polyester iX P44 i dE
Fidle, & A& Pu fl Canvas M, $z 50
1757 7K A1 1855 7K. MattrSet &4k [ Web,
PR Z, e R AR R S, S B AL I X
50 % HIEHAE R I RAE, T4 50 % H 8 7 il
k.

3.1.2 Fabric &

Fabric #4424 A< ik # & o #0404k
Kampouris 25035 i G TR S (2 H1K 640
X 480) MIZEALAS H MK, Vi 1) SEAA TR JE AR T 2000
ZAA RN LAY T I REAS, JF B 1 72 AR 28 L
JIBKe j 5y, MY Fabric, ‘& & — 200k $odE 48
Fabric $fifAi 1266 MEAS, RAEAFDCI . MM
G, TAFEAR AL S 4 5KIEE, R, Fabric 3%
11 5064 5KIEIMR, 73 HER K/ 400 X 400, 155 9
Mkt R, 43502 Cotton J&TE 2352 7Kk . Wool &
P 360 5K Terrycloth J&1% 120 5K Fleece J& 1 132
5K+ Nylon J&E 200 5K. Silk & 200 5K+ Denim
JEME 648 5K Viscose JEPE 148 5K Polyester &
904 5k (3L 1.7GB ¥, ZEIEL AT, T
Hidik: http://ibug.doc.ic.ac.uk /resources/fabrics).
Fabric s>k B BLSH F A W 504, #FEA 73 A AN
i, H Cotton #4 )5 F1 Polyester #4 )i J&%. SZU
BEALIZI 50 % M8 1R VI R4, 4 50 % 4
PiAE R M.

3.1.3 HEEiER

ATt 5y IR AP kAT R BRI
WEZ # A1) (Stratified gene selection logistic re-
gression, SGS-LR). 73 )= 3R (Strat-
ified gene selection random forest, SGS-RF). 4}
EIERALE K 348 (Stratified gene selection K-
nearest neighbor, SGS-KNN). 7 22 KL 1k ¥ 3%
B (Stratified gene selection decision tree, SGS-
DT). 43 )z KL b 3 DUt Jr (Stratified gene
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selection Naive Bayes, SGS-NB). 7 |23 K LIL
LT PSR (Stratified gene selection gradient
boosting decision tree, SGS-GBDT) 5 4 J= A A
DU R iy b JEE HETHAR (Stratified gene selection eX-
treme gradient boosting, SGS-XGBoost). XLt
S5 ORR, b PRI L SRR AR JLE T
HARR AW T

1) faj i gl: B4R [RIA 09 (Logistic regression,
LR). BEHLARALY (Random forest, RF). K #4557
(K-nearest neighbor, KNN). ###8 (Decision
tree, DT). M3 W79 (Naive Bayes, NB), ‘&
TT1I44E scikit-learn5% sz

2) fliGr A g ERGSE, GBDTH (H
200 N9 53 K 4%). XGBoost!* (H 100 4~55 4 2%
),

3) VRS 2E IR VGG, InceptionResNet V2
(611 | Densenet169 62 % MobileNets 163 &1/ H
A VIR B 2 SR AR SO TmageNet SEIL
TNZx, RGOS HL, 58 bt BB M) 2K;

4) GS KR BT HIL 1 HIA S HH
AUk FERIL R 2 # [0)H (Gene selection lo-
gistic regression, GS-LR). 2 AL & Fifi HL A& AR
(Gene selection random forest, GS-RF). & K{Lik
K i#12l (Gene selection K-nearest neighbor, GS-
KNN). FEREIE P Fi 4 (Gene selection decision
tree, GS-DT). PPk A5 V7 (Gene selec-
tion Naive Bayes, GS-NB). Jt AL LB & $E T+ vk
H M (Gene selection gradient boosting decision
tree, GS-GBDT) & 3t [H 4 6 4% uity B F 42 T A4 164)
(Gene selection eXtreme gradient boosting, GS-
XGBoost);

5) HAb LA Farhadil” 5 2 J6 SVM #i
A1, Adaboost*? . Kampouris®?! [¢) TAE.

3.1.4 EEtrE
SR FHRS Y JE 20 i A 70 1) 45 v M e, DA Mat-
trSet M, Hat 58~ 5K (14) Pros:

TPy + TN
TP+ FPy +TNuy + FNy

“TPy + TNa" s Eskr: I EHE S 4L, T Py &2 1E
bR IES], B1JE T8 5 material (1) EI5 2, 1
T Nan & IEffFREE R 546, BIASJE T8 5T material
MEMGEL, “T Py + F Py + TNy + FNuy» =24
{%/l‘é\ﬁ- TPall\ FPan\ TNall\ FNall E‘Jﬁ‘ﬁﬁlﬂ

Accuracy = (14)

&5 i 46 %5
R prs:
TP =TPpy + TPcoanvast
T Ppotyester + 1" Priylon
T'Nany =T Npy + T Ncanvast+
T Npoiyester + 1T Nnylon
FPy =FPp, + FPcanvas+
F Ppoiyester + F' Prylon
FNa = FNpy + FNcanvast+
F Npoiyester + F' Nnyion (15)

WU PG AN A 43 )2 56560 07 S e br: BV S48
(Mean average accuracy, MAA), {i=\ (16) Pros.

feat € {LBP, Gist, SIFT, VGG16, feat_comb},
FRFFEA A feat_comb TEWEE 4 (FLot 11 ¢, B
Nieat = d = 11), model 5T GS KB (%
£ 4), Npoaer = 7. Accuracysas_ava T SGS
HE (CEEMEMAL) FIRSHERE, Accuracysas max 4%
AT SGS HE (BOREMAL) FIRSHERE. MAA F5
B DB ) A A A Y 2 A AR AE, P 3B A T v
AN B AR A T V5 ) I e THIR B, e — 45
HEFEbR, PTLUROUL . A T PP A B bRy v fg.
3.2 ZLWERRSH

% 3.2.1 TRUAFEA PRI Accuracy; 5
3.2.2 WRGR GS BB (55 4 28HLLk) AIXTIEA S
FERIP) Accuracy $eFHIRAE; 25 3.2.3 1iAUs SGS
A (B KAEMAL) AHXT GS BB E) Accuracy
PETHIRIE; 25 3.2.4 ALK SGS RELA (CFI{E M
&) HHXF SGS AR (e K{EIBAL) 1 Accuracy $2
FHIEE; 25 3.2.5 XF Lh A Accuracy FFAisi A
faj A
3.2.1 EHAK5HEWEE! Accuracy

x 3 KM T MR G KR AR
WOy #F ot J v b RS fE B2, i U (14) G
. Hoh) Ly G 48T VT 4 R OR
LBP. Gist. SIFT. VGG16 X 4 FHEAE (F[H),
“S + G” Xor SIFT $#1E Y Gist FriEfgi &, “S +
G + L” &/ SIFT. Gist. LBP X 3 Pl bl 4,
AR A B i 44 LU S HE.

WM 3 fras: 78 MattrSet ¥4+, 1) “L”
FEAE AR PR M R B iR (A0 7 DMBAU IS 5 A
AL, “G” FHERZ (FE 7 DB P A — A i

Nmodel Nfeat

>~ (Accuracysas_ave (i) (n) — Accuracysas max (i) (1))

MAA — n=1 1=1

(16)

Nmodel X Nfeat
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3 ARG BB RGHELE (KBRS R BN 45.24 SFX0R, 47 %)
Table 3 The accuracy of basic model (for each dataset, the optimal value of each column is expressed as
45.24, etc, unit: %)
% - FEARIFHBR) Accurac
Hebi 4 $1E S Y
DT GBDT KNN LR NB RF XGBoost
L 43.67 61.28 56.33 55.84 40.86 59.76 62.93
S 34.40 52.41 43.73 50.48 48.36 47.96 52.90
MattrSet
G 45.24 60.34 56.05 49.19 43.27 59.32 61.99
\% 42.11 52.17 45.45 35.52 34.51 53.55 54.64
L 47.31 70.02 68.17 69.15 27.17 62.40 70.38
Fabri S 67.10 79.66 37.84 80.85 56.60 75.79 82.03
apric
G 51.90 70.70 71.37 55.63 51.80 68.33 73.42
\% 49.45 65.01 57.46 58.10 46.88 64.34 66.59

P 5 ARAL), RGT “L” M <G” FFEE ) %)

A IE A R R GS

KB R AL F A R

BRI S KA RSO, REES e REe B AAccuracyy avg(Accuracycs)
PR DXy AN TH M 50 PR I DG B R M. T V7 avg(Accuracypasic), B K v BEAL o By ORE

FRIER A, X & T “V” F#fik & 7E ImageNet %
P Lwiil xRk, 43 BT ImageNet, EH K
e EIFAN M RS2, XT3 VGG AT
TR ZRJa A7 (e (Bias), B2 )5S R 505 2)
XGBoost B [P AR RENE RE AL, B XGBoost
BERUAE pi oy T 9900 K a8 h — Aoy 2838, %00 KA
I e S, ReH AR BIR RIA 8 . 4k
“L” FEAERT, XGBoost 58 bRy K #E R e, X5
62.93 %, ‘EEIXIE (GBDT BLBIIEE “L” FFAE
i) $27F 62.93% —61.28 % = 1.65%. LAk, 148
ERGS FiLMIPEREN 54.94 % (J&T SIFT FFHE, &
U RBF #%). 7£ Fabric £t 1) “S” FRE R %
bR vE RS A (7 MR TP AR 6 MR AL), “G7
FRERZ (T MRS — AN 5 AN dl), 1X
ST “S” M “G” RFEXT BT R « 4T AR
FE A3 A5 BAT — @ ARYE. G “V7 RRAE [ FE R I
A, R 1 2) XGBoost AR 3K bR M BE
ek, JRAE . MIEE “S” FRIERT, XGBoost
bR R AL, 2k 82.03 %, ERIKILE (LR
BRI “S” P AER) $271 82.03% —80.85% =
118 %. UkAh, 164 ERGS Hiktkael 81.87%
(LT SIFT H§fik HiZHX Linear #%).

gr b, K 3 AU IENREAE A 50 1k AR i 45
R, R IERHIEZ TR RO HR, WO HE BE S K 2 10 T
Iy IR M TR ERRE R Accuracy AR ASET
().
3.2.2 GS EEEHEMEKXSLIRER Accuracy

T

*£ 4 Z|mfE MattrSet £ 44 L, GS K
RURSHERE AN X R 3 45 IR AAccuracyyn 5
AAccuracyyz, AAccuracyy; 3 AAccuracyys

B ZEAH. *& 3, 7E MattrSet I £ L,
DT #& B~F 3 O0KS B2 & 41.35%, R 4 ',
GS-DT #& B 7 ¥ K #E ¥ 42.80%, W M
N AAccuracyyn= 1.45%. AAccuracyy=
max(Accuracygs) — max(Accuracygasic), & %% 7~
P f IR HE S 2. 3R 3 1, 7F MattrSet #4452
I, DT B RREHERE 45.24 %, % 4 1, GS-DT
PRI B RORSHESE 46.20 %, WU . AAccuracyy, =
0.96%. AAccuracyy;~ AAccuracyye M IE &R
Accuracy FH#TE. ARG 2R 5. B ZIE{E Fab-
ric 4 b, GS KBRS UERE AN 3 3 45 RN A
AE AAccuracyr; 5 AAccuracypy (7 APAK
1 SPI).

Wk 4 fion: 1) “S + G + L7 FRIEA G 14
O PR bR PR R B A, XU R IEARRRE 2 i) ]
A HAME, BRI “G” Rk AE J) 2 i 803 AR i
PE, “L7\ “S” RHEAE 1D TEAs . DG i 5
AR B AR . X — B AN A BT GE
PRERGUESE; HAbd & “S + G “L + G” 18
AARTERE; 2) “V? FRETT Ry s B A . ik
G E R REABR “S + V7 RRfE 4l & 1 As i
fie (i GS-XGBoost #%, & 56.54 %) TR ik
“S7 (K 3 P LE 52.90 %) B <V (3R 3 AL
f 54.64 %). XUiHH: “S + V7 AAAHA] LLAER
PO MR SUHE, HOW TR AR A B0 “B st 3)
GS-XGBoost R BARFRIEERERE, M1k “S + G
+ L7 FREL G i, AR RS HEREIL 67.67 %, HILZR
3 ARAEIRTT 67.67 % — 62.93% = 4.74%; 4) Lit
& AAccuracyy & A2E AAccuracyne, B KT
0, IXUii: dbn) ERGS &3k (594 1) Az,
RIE S RE Rl A 2 A BAMR BRI, DA S i
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2
%

# 4 MattrSet F4E I, GS FSBIADRE HE S KAHM FEABAN Accuracy 4k (BRAHRANAEU 46.20 FFEKR, BA: %)

Table 4 The accuracies of GS models and the corresponding accuracy variations compared to the basic models in the
MattrSet dataset (The optimal value of each column is expressed as 46.20, etc., unit: %)
i GS BRI Accuracy
GS-DT GS-GBDT GS-KNN GS-LR GS-NB GS-RF GS-XGBoost

S+G+L+V 42.33 59.83 54.89 54.57 49.12 59.14 61.23
S+G+L 46.20 65.13 62.10 58.41 44.87 61.70 67.67
S+G+V 42.40 57.67 51.52 50.72 49.25 57.47 59.27
S+L+V 42.35 57.45 51.33 53.04 39.23 57.29 58.94
L+G+V 42.42 59.09 54.37 52.59 41.66 58.98 59.87
S+ G 45.31 62.48 58.32 53.22 49.61 60.14 64.39
S+V 42.49 53.98 41.76 46.36 47.85 55.13 56.54

S+ L 37.12 62.95 57.56 59.45 46.05 58.92 63.75

L+ G 45.65 63.79 60.90 57.34 40.88 61.75 65.08
L+V 42.26 56.20 50.19 50.43 40.37 56.40 57.52
G+V 42.28 56.40 50.10 47.00 43.49 56.69 57.63

AAccuracym 1.45 2.99 3.52 5.25 3.01 3.36 2.97

AAccuracyme 0.96 3.85 5.77 3.61 1.25 1.99 4.74

# 5 Fabric £idE b, GS RS AERE S HABXTIE ALY Accuracy 80 (BRI LE LT 79.98 538K, i %)

Table 5 The accuracies of GS models and the corresponding accuracy variations compared to the basic models in the
Fabric dataset (The optimal value of each column is expressed as 79.98, etc., unit: %)
- GS A Accuracy
GS-DT GS-GBDT GS-KNN GS-LR GS-NB GS-RF GS-XGBoost
S+G+L+V 58.93 73.46 68.84 68.29 45.06 69.19 78.75
S+G+L 65.64 75.25 62.56 74.12 39.69 69.67 80.57
S+G+V 49.45 71.96 66.90 66.00 48.82 70.85 72.71
S+L+V 47.95 72.12 67.58 69.08 43.84 68.48 72.71
L+G+V 47.43 72.43 71.09 65.17 42.54 68.17 72.24
S+ G 60.35 79.98 57.66 T7.76 57.42 76.58 81.95
S+V 49.45 69.91 59.28 66.94 48.54 70.02 70.62
S+ L 64.69 76.26 41.00 78.28 31.87 71.17 81.71
L+G 48.74 71.64 73.74 66.71 27.29 66.00 73.54
L+V 47.47 69.31 66.63 65.44 42.54 64.34 70.38
G+V 49.45 67.73 63.78 59.64 47.47 67.58 69.04
AAccuracyri —0.34 1.38 4.84 2.92 —2.42 1.56 1.82
AAccuracyrs —1.46 0.32 2.37 —2.57 0.82 0.79 —0.08
FEUHERE, X it SGS 5ik (5% 2) 3w THEEIH  XGBoost B [ 8 R br v M e fef, & “S + G7

fill. Ub4h, GS-LR. GS-KNN “5HEA P e It 2 3,
RSN Z AL AR )5, i e MR SRR A RE SR
FEAEE I 73 R AR

WmE 5 Jis: 1) “S + G FEA A K 5UE
PEARIE PERE SR (7 DB AP 4 AN Rfl), B
R XS AL 2 ) B A B T AN, B <G
R LA ) 20 AL 0 SRR P, ST R AR ) kb
A eI SR DN Z A M s PEARIE K T3, 3X
— HAMEAR B T RCE AR RS HE L. i 45 R ANE T
R4, B[R] Bt A N AN [R] Ry R 2 5 2)
“V?ORRAL 5 AR R AL A A A PR AL SE; 3) GS-

FREA A I, SohRyds Rk FE 1A 81.95 %, MHLLER 3 %
PUAE T % 82.03% —81.95% = 0.08%; 4) kit
AAccuracyy; B2 AAccuracyps, & 5 HEZE LR
PIRT 0, XUt k) ERGS S0 4k B 4L
P54E Fabric FIFEERL, HIEFROLIEE T MattrSet
3.2.3 SGS £iRE (EHAmKEMKL) 3 GS %
EEH) Accuracy Tk

*£ 6 K A(F MattrSet #4li % L, R H
SGS K (Fe KAEMAL) Ja, A K HE B AH X
*£ 4 BB AAccuracyys. AAccuracyys =
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#£ 6  MattrSet HHEAET SGSMAX EAAHXT GS BT Accuracy ZAL1H AAccuracyws
(PERETEIRAN —0.20 PR, #fi: %)
Table 6  The accuracy variations of the SGS_MAX model compared to the GS model in the MattrSet dataset:

AAccuracyms (The performance degradation indicators are marked in —0.20, unit: %)

SPIn  SGS #ifd

all

AAccuracyys = Accuracysas_max - Accuracygs
S+G4+LS+G+VS+L+VL4+G+VS+GS+VS+LL+G

L + vV G + \Y% Avgmodel

DT
GBDT

cp*n
pep KNN
SP11\4—1

SPIn-3
SPIn-4

XGBoost

DT
GBDT
pnp*c  KNN
SPIy-2 LR
SPIu-5 NB
RF
XGBoost

DT
GBDT
KNN
LR
NB
RF
XGBoost

p*ncp
SPIy-6

DT
GBDT
KNN
LR
NB
RF
XGBoost

p*pen
SPIy-7

DT
GBDT
KNN

cpp*n LR

SPIn-8

RF
XGBoost

DT
GBDT

KNN
npcp*

SPIm-9
RF
XGBoost
AVgFeat

14.27
12.81
12.45
22.96
16.21
14.81
12.00

14.89
9.71
9.62
5.75
6.15
8.22
9.00

10.98
3.97
3.31

—0.20
3.59
2.27
4.66

15.50
8.79
8.68
6.42

10.76
7.79
9.02

14.32
13.89
13.31
22.94
18.71
16.08
12.89

15.30
9.33
9.71
6.06
6.59
7.90
8.71

10.48

10.02
12.51
8.93

17.03
16.61
16.84
10.15

10.05
7.75
6.15
7.54

15.10
8.04
6.48

7.08
3.03
2.83
0.89
13.89
1.51
2.69

9.71
7.08
5.50
7.79
17.81
6.30
6.55

11.16
12.09
9.96

17.77
19.44
16.44
9.60

12.20
6.75
6.13
6.57

14.25
6.64
5.83
9.54

14.11
13.29
13.01
24.25
20.44
14.94
12.47

14.03
10.76
11.34
8.29
3.65
9.33
10.31

10.71
4.08
4.48
0.00
2.14
2.81
4.81

15.31
9.22
10.18
8.47
6.39
8.49
9.60

14.25
15.30
14.19
23.78
22.45
16.45
13.77

14.67
10.47
11.40
8.31
4.19
9.31
10.31
11.09

14.19
13.71
13.16
24.29
22.00
15.17
12.76

14.28
11.00
11.35
7.03
15.43
9.35
10.33

10.58
4.41
5.18
0.33
8.17
2.78
5.45

15.65
9.99
10.22
7.35
17.91
9.09
10.22

14.52
15.07
14.69
23.36
24.18
16.43
13.72

14.70
10.89
11.33
7.32
17.84
9.27
10.40
12.26

14.21
12.30
12.34
23.83
23.92
13.83
12.34

15.63
10.00
10.40
7.06

13.87
9.02

10.54

10.62
4.64
4.13

—0.40
2.43
3.34
5.77

15.05
9.76
9.73
.77

13.36
8.62
9.92

14.29
13.72
13.48
22.81
22.96
15.21
13.03

14.90
9.80
10.25
4.08
15.01
8.64
10.22
11.49

12.98
13.23
10.60
20.06
11.49
16.77
11.34

11.32
9.20
8.41
8.86
7.41
8.09
8.64

8.95
3.18
5.27
0.71
10.76
1.43
3.63

13.76
7.75
8.28
9.48

11.22
6.61
7.49

13.34
13.61
10.42
21.22
15.25
16.33
11.76

13.25
8.60
8.17
8.61
7.81
7.59
8.09

10.02

14.00
14.69
20.50
27.81
21.65
15.08
12.95

12.09
12.40
18.47
11.11
3.85

10.87
10.79

8.64
4.78
10.92
0.00
4.12
3.57
6.08

14.73
16.25
17.25
11.15
8.39

9.78

10.57

14.27
16.07
19.92
26.76
23.32
16.72
13.89

13.94
12.33
18.31
11.15
4.86

10.60
11.00
12.99

14.56
13.92
10.46
16.04
12.18
19.21
13.83

15.30
8.22
8.13
9.33

12.98
7.01
8.46

11.06
2.38
5.46
1.83

13.74
0.85
3.12

15.88
8.19
6.83
8.15

14.47
6.57
7.99

15.09
13.82
11.69
16.41
15.78
19.10
13.81

19.79
7.24
8.84
8.04

10.22
6.85
7.66

10.73

13.58
11.29
9.84

14.89
16.17
14.89
10.87

13.98
9.18
9.19
9.73

13.43
9.28
9.62

9.99
5.10
5.10
2.43
10.62
3.27
5.24

14.85
8.82
8.11
9.79

17.15
7.57
8.25

13.11
11.00
10.35
15.60
16.99
15.00
10.87

14.12
8.82
8.80
8.75

14.05
9.03
9.16

10.66

14.85
13.27
13.83
25.06
16.83
14.16
12.89

15.16
11.45
12.02
7.95
14.09
10.76
11.28

10.20
5.52
6.23

—-0.20
2.65
4.32
6.58

15.90
11.20
12.05
8.67
15.70
10.24
11.19

14.23
14.38
14.40
23.61
24.22
15.61
13.55

14.86
11.02
11.71
8.40

14.10
10.22
11.04
12.27

14.68
13.29
14.23
26.72
20.53
14.34
12.89

14.57
11.53
12.54
10.89
4.47

10.44
11.40

10.05
5.30
5.54
0.01

0.00
4.21
6.39

15.92
10.60
12.09
11.10
4.50

9.66

10.91

15.10
15.05
15.70
24.94
35.93
15.86
13.89

14.99
11.38
12.82
10.98
4.58

10.18
11.15
12.18

13.77
13.12
12.67
22.09
18.00
15.46
12.23

13.75
10.11
10.69
8.50
10.04
9.13
9.71

9.90
4.22
5.31
0.49
6.56
2.76
4.95

14.75
9.79
9.90
8.74

12.51
8.25
9.25

13.97
14.00
13.46
21.75
21.75
16.29
12.80

14.79
9.69
10.68
8.02
10.32
8.75
9.42

/
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Accuracysgs max — Accuracygg, AAccuracyys A
B & SGS KM T GS KA. )2
Je K15 B SPIy-1. SPIy-3 Al SPIy-4 HIF: “Pu
— Canvas — Nylon — Polyester”, ‘& #% 4i & 4
pep*n (p* B Polyester, n B} Nylon, ¢ B Can-
vas, p Bl Pu). HAth 5 Ff SPT J7 E£K IR A: p*nep
( EH d5 A 3 5 Sy bR 44 5T, B SPIy-6) cpp*n (74
W p £ E, Bl SPIy-8). npep* (n A%, HI SPIy-
9). p*pen (p* Hi#g, BRI SPIy-7) # pnp*c (Rl SPIy-
2. SPLy-5), 4% Il pep*n. & 6 B Jg— 41
(AVEmoder) &N FIBERLEE TR FEIE, K 6 e fa—
1T (AVErear) A AN [AVRFAIE 46 THIR B2, [ 38, wf
3 Fabric B EEM LR, Wk 7 s, K7
B35 AAccuracyps, AAccuracyps N I1E1H R 7~
SGS KR T GS KEA. X T Fabric %4
A, W 1 B t-SNE AR IE 23 ) 3K By 2
B B SPIg-1 1 SPIp-2, SPIp-1 4 sdtcvpfnw,
5 2 M “Silk—Denim— Terrycloth— Cotton—
Viscose—Polyester—Fleece—Nylon—Wool”.  [f]
#, 3 SPIp-2 A nsfvtwdpe.

k6 Proas: 1) B ERbs (&I p*nep
UEIRES EN NN E2 P M2 DA LN (P NE i
AAccuracyys FRAR N IEMH, X785 B SGS 592
A7 Rk, By 2 5e 5005 8 SPT A8 EIG M 5 & VA
WP R TEEEN. MR, o5 % (p*nep 7%)
(PR A AN T DR MR B2 bR v RS v B, e ik

LR AN, o0k e I o8 PRLtk, mT 79 H &5
18 EFE p*nep TERF, SPIy X2 PHESABIRH Bh A
X.

2) £ MAA $8FrI4320: cpp™n (SPIy-8) J5
ZOFIET 16.30 %, $ETHIE B 5K pep*n (SPIy-
1. SPIy-3. SPIy-4). p*pen (SPIy-7). pnp*c
(SPIy-2+ SPIy-5). npcep* (SPIy-9) %5 J7 % 43 il
SEHETE 15.35 % 10.47 %~ 10.29 %~ 10.25 %, i
p*ncp (SPIy-6) #&THIE /. X )5t Pk
I3 RN 2 e mAny P fg, J6 i) Pu 8% Canvas (Tl
W p BEc), ARERSHEE R ME TR T, RIIX Py AN o AH
X} Polyester 1 Nylon FHA7 S B (1) 2 345, SPI
h o R PRAE T AR A A SR 69,
I, SGS 878 53 AN [FREAE [ () EAMYE (GS J
) K SPT Fr i (R 3E 73 FEAE R, ORI 50 44 5t
JEPEFRFEERE. SPIy-1 (88 SPIy-3 8% SPIy-4) 77
AR, B R AR R AR, XAF
HNKIEMINED. SPIy-2 (2% SPIy-5) 77 E M4
THGEEAT IR, BPTH8 n 5 PERESRTHAN 3. p* Wi FS
Ji, p¥nep MR AT, SPTy WAT 4570 RAK
R S ARG B (s o p IREH, M
FRIERVEERCR, Z W4 1).

3) & oy R 1P B 4R TR B, SGS-
DT. SGS-GBDT. SGS-KNN. SGS-LR. SGS-
NB. SGS-RF. SGS-XGBoost 255 53 5] °F- 1) &
T+ 13.49 %+ 10.16 % 10.45 %+ 11.60 % 13.20 %-

#£ 7 Fabric ¥4 SGSMAX BHRIAXT GS FAAIN) Accuracy BAH AAccuracyrs (PEREREIRUT —3.47 PR,
A %)

Table 7

The accuracy variations of the SGS_MAX model compared to the GS model in the Fabric dataset:

AAccuracyrs (The performance degradation indicators are marked in —3.47, unit: %)

AAccurac
SPI. SGS Hi .

Accuracysags.max — Accuracygs

al S+G+LS+G+VS+L+VL+G+VS+GSH+HVS+LL+GL+V GH+V AvZuodel

DT 8.01 6.32 16.62 18.40

GBDT  15.36 15.31 16.35 15.99

KNN 6.79 0.59 8.34 0.63

SPIp-1 LR 18.87 15.97 20.18 19.07
NB 33.47 24.49 29.70 30.65

RF 18.33 18.72 16.55 17.74

XGBoost  11.26 11.25 16.86 15.88

DT 7.74 5.57 15.56 18.24

GBDT 0.87 3.23 1.70 1.73

KNN 6.24 19.00 5.61 3.63

SPIg-2 LR 0.94 4.12 0.82 2.05
NB 6.32 29.15 1.02 6.75

RF —-17.81 5.09 0.79 2.22

XGBoost —3.47 —0.16 2.09 1.30
AvVgreat 8.07 11.33 10.87 11.02

13.00 5.80 36.41 9.24 39.14 11.22 10.86 15.91
13.98 11.25 16.78 14.02 15.80 15.92 17.06 15.26
13.82 1.98 6.30 3.19 12.08 12.36 17.97 7.64
18.36 11.73 20.54 12.79 15.83 18.37 20.85 17.51
27.92 15.41 28.71 35.55 23.46 27.68 27.57  27.69
16.86 12.99 15.45 16.55 19.19 18.60 16.82 17.07
15.48 10.27 15.24 10.00 15.64 15.32 17.18 14.03
15.88 8.05 17.18 9.36 12.16 14.10 12.24 12.37
—1.18 1.10 446 486 131 091 277 1.98
2.33 22,55 991 3945 5.64 237 719 11.27
—0.52 2.02 478 442 173 128 1.77 2.13
6.43 19.99 3.79 45.58 32.86 6.59  1.27 14.52
0.43 1.38 261 415 165 296 1.38 0.44
0.75 142 422 083 166 1.22 3.31 1.20
10.25 9.00 13.31 15.00 14.15 10.64 11.30 /
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10.11 %~ 9.73%. SGS-DT RS- FA5 2 Tl 3 55K
SGS-NB ## ¥k 2, SGS-XGBoost M 2. i
SR, SPLy A1 1 SRR 35 By B . m K JIH A 00):
SPIy A2 EFEA > A (AR PEAS B (HEFER), B
X LRI e — PP Uf TR AR 7.

4) MYE Avgpea HATHE “S + V7 BFAEAA
(P 32 TR B 2 (12.99 %), “G + V” HHE
HEWRZ, “S + G + L7 HE P4 THIE L i
(9.54%). XULM: 76 SGS BRI rh ¥R E 2% 2]y
TE V7 BALRGERAE “S7 L “GY L “LY ZERE T I i
£ SPLy, AT ESCE A TS PEAR RS HEE. T <V
JE— P AR PR AL, MUX A — AN T 56 T
SPIy & AR gt A5 B

5) VT R iR E. 1E p*nep T EH,
I “S + G + L7 FREd & & SGS-XGBoost 15
R FR v M A e i, 35 70.36 %; 7 cpp*n 7 &,
WHL “S + G 4 L7 $F1EA A K SGS-RF BRI
HPERE AN, 1X 78.14 %:; 7E npep* Ji &, BEH “L
+ G BHE A K SGS-XGBoost #AY I Frid 1 fig
WAL, 1k 74.24 %; {F pnp*c HET, I L + G”
FrfE 4 & S SGS-XGBoost A5 78 i) A v P fE 5% 48,
15 74.70 %; £ pep*n FTET, EHR “S + G + L
FRAEA A M SGS-RF BRI brvE vk RE AL, 52
78.54 %, B AR 6 TR, LK 4 H R
Tt 78.54% — 67.67% = 10.87 %, PEREETF AR W
ES

WR T Fros: 1) B EdEAx Bk 2
bh, 4R 24 AAccuracyps N IFAE, XdE—2 3
B SGS H k&, B4 25 A SPI 18
YRR BT SR bR TP R T EEAEH; 2)
T MAA $RFsAT AT 2], SPIE-1 J7 ZL T SPIp-2
Ji %, SPIp-1 [V 3542 TH e B2 B K, 75 5] 16.44 %,
XU B3k T D7 s e ) SPT X M TR T bR i
(B AT Ty N E I T S SR A8 1) D A R W SIS W
K 3) THE S o A T 8 4 T R R, SGS-
DT. SGS-GBDT. SGS-KNN. SGS-LR. SGS-
NB. SGS-RF. SGS-XGBoost 24 #4443 5l SF- 24 T
14.14 %~ 8.62 %+ 9.46 %+ 9.82 % 21.11 %+ 8.76 %
7.62%. SGS-NB B3R T1 IR e K. SGS-DT
WA R 2 SGS-XGBoost Bl f 7. AR, itk
Yl kr Bl 4R Fabric, 38 & KU 5l 48 MattrSet,
SPI S T-2R MM B E K. 4) H Avgpea: H
AL RS S + L BRI TR A B3
(15.00%), “L + G” k2, “S+ G + L + V" f/h
(8.07%), IXUiW]: 7F SGS MM b ki f Kot 2
(IR B 2 SV REE R SPT HIRCR — 8 5) PPk %7
I, 4 SPIe-1 Al SPI-2 J5h, HEHL “S +
G HEH G M SGS-XGBoost FEEA I dnyd 4 e 3y

A, 23k 92.22 % Fi1 83.37 %, SPIp-1 J5 &K
BAUEA R 5 P ERERT 92.22% — 81.95%
= 10.27 %, MERede T AR W3

3.2.4 SGS £iRB RATHEMRK) EMNHEXE
LAY Accuracy Tk

*£ 8 FI/n: {F MattrSet #¥atEt, R SGS
R CEIMEMAL) 5, TR P R 1 B AH
X% 6 AR AAccuracyys, 2 AAccuracyyy
= Accuracysgs.ave — Accuracysgsaax, A1
AAccuracyyy A 1EAE 2 B A A A T 45 oK
e Ak, BT SEER S5 RART 2, AN 6 T fErIMN
Pl SPTy; 7 % pep*n (SPIy —1) F cpp*n (SPIy —8)
KRS R, R HEn 33K 9, ‘BRI 1E Fabric
B tEd, KM SGS MR (CPIEMAL) 5, MR
JEPEPRE RS A R 7 B WAE AAccuracyy,,
VTR AAccuracyyy.

WK 8 frzn: 1) Bk 1 A AAccuracyyy Fabrs
JRAL, AL A IEAE. X BIAE SGS R R, -1
AL T e AR (2 WK (8) ~ (10)), X H
2 R AR A ) 5 2) AREE Avemeda 1H
Al SGS-NB. SGS-KNN AR (134 $¢ TR
T3, M, SGS-XGBoost 1Y )1 $4) 4 Tt
e/, IXBE— 2B UG I SPLy Ja, A2 [ A
TERTHERE 22 A i/, RIS G PR (KNN B5Y
NB) e 3k BB = AR EPERE; 3) R4 Averear
fEAT 50 FFAEALE “L + V7 P8 THiE 5 i 8
# (10.01 %), “Al” w2 (957%), “L + G” /b
(5.94%). WA, 5IN SPIy ZJ&, “V” ¥Rk I4EH]
ORI 4) HET20 (16) 15 MAA 545, pep*n
(8.61 %) W&HET cpp*n (8.07 %), BIi%k T34 {E ith
1k, EL38 M FR T8N HE RN (1) SPTy-1 J5 AR
5) WAL % 7 i AL, 7E pep*n Ji % (SPIy-1)
w, JEH “S + V7 4l K GS-NB AR B bR
et A, ik 86.37 %; £ cpp*n 7 EH, HHL “S +
V” FRIEA S M SGS-NB BRI pvd: PE Re fefl, 12
86.37 %. ZmMAEAHILFK 6 WAL 86.37 % —
78.54 % = 7.83 %. BLAh, “V” FRAEMI/EH @hn ok,
Mg 2R A SGS-LR SGS-NB {44 )i & 1 73 2%
HRORIE T O ER.

Wik 9 fron: 1) B 2 A~ AAccuracypy fabriE
JRAL, FoAIE R IEAE. X BEIHTE SGS R, S
EMALL T B KAEAL; 2) MRS Avemoda 1H RT A
SGS-KNN & FHi B e b B3, O 14.99 %, SGS-
GBDT #&FHIEE &/, K 6.63 %, XiE—2 3 5]
AN SPIg J&, RIS 24 R A (KNN) 1 BE SR
R IPRETERE; 3) MR Avgpea AT “All” ¢
TEAL A 0P 3B TR B 3% (13.01%), “S + L +
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Table 8 The accuracy variations of the SGS_AVG model compared to the SGS_MAX model in the MattrSet dataset:

AAccuracyma (The performance degradation indicators are marked in —3.82, unit: %)

AAccuracyms = Accuracyscs_ave - Accuracysas_max

SPIn  SGS #ifd
all S+G+LS+G+VS+L4+VL+G+VS+GS+VS+LL+GL+V G+ YV AvZuode

DT 7.75 14.72 5.32 3.56 6.88 9.54 0.18 15.28 10.11 0.14 0.13 6.69

GBDT 8.39 5.62 9.13 8.95 8.28 6.26 880 6.58 5.19 8.77 8.60 7.69

KNN  10.95 9.17 11.13 11.59 10.76 828 9.11 9.62 7.66 10.40 10.11 9.89

SPIy-1 LR 7.91 6.95 8.91 8.17 8.33 7.30 10.65 6.54 7.08 9.73  9.53 8.28

NB 18.30 6.72 16.61 15.26 18.94 7.28 16.87 7.48 0.37 27.23 20.48 14.14

RF 8.50 5.78 8.60 8.95 7.93 6.28 9.22 631 6.02 873 831 7.69

XGBoost 7.04 4.75 6.80 6.74 6.35 5.56 6.11 581 4.16 5.77 594 5.91

DT 8.92 11.26 4.00 3.49 5.06 9.57 0.20 14.83 1044 7.12 0.22 6.83

GBDT 7.37 7.26 7.14 7.78 7.15 6.65 7.73 697 6.15 9.51 T.17 7.35

KNN 11.32 9.77 11.13 10.53 10.26 9.51 10.67 9.69 7.98 11.78 9.04 10.15

SPIn-8 LR 8.30 6.68 9.78 9.42 9.72 6.65 12.01 6.70 6.69 5.59 12.16 8.52

NB 15.11 6.36 14.60 13.03 19.90 7.84 1520 —-3.82 0.14 19.25 5.08 10.24

RF 7.55 6.78 7.35 7.71 7.13 721 777 680 6.50 829 7.30 7.31

XGBoost 6.62 5.76 6.07 6.54 6.37 530 5.65 6.16 4.68 7.87 5.61 6.06
Avgreat 9.57 7.68 9.04 8.69 9.50 7.37 858 7.50 594 10.01 7.83 /

% 9 Fabric By, SGS_AVG ZEHIRIAHNT SGS.MAX FARTI ) Accuracy ZBLMH AAccuracyra
(PEREEIR T —16.36 Kom, Hfi: %)
Table 9  The accuracy variations of the SGS_AVG model compared to the SGS_MAX model in the Fabric dataset:

AAccuracyps (The performance degradation indicators are marked in —16.36, unit: %)

AAccuracyrs = Accuracysas_avea - Accuracysas_Max
al S+G4+LS+G+VS+L+VL+G+VS+GS+VS+L L+G L+V G+YV Avgnode

SPIr SGS fi#d

DT 20.94 14.41 17.74 19.12 19.90 15.88 —4.58 6.56 —16.36 10.86 12.75 10.66

GBDT 7.19 5.14 7.42 7.39 8.42 4.27 829 4.63 6.08 845  8.73 6.91

KNN 19.31 29.86 18.99 24.29 11.06 30.25 24.03 40.25 9.28 14.89 13.06 21.39

SPIg-1 LR 10.31 7.46 11.06 9.32 10.98 6.93 9.36 6.17 11.93 10.54 12.32 9.67

NB 15.94 25.04 16.39 18.64 13.11 17.85 16.31 6.55 24.37 10.31 6.00 15.50

RF 9.48 8.41 9.64 10.58 11.65 7.39 11.22 849 10.66 13.03 11.89 10.22

XGBoost 7.34 5.10 7.71 8.49 8.49 4.42 10.63 4.66 6.08 9.24 8.53 7.34

DT 8.88 8.21 5.61 4.98 4.03 4.19 225 4.07 4.82 2,17 2.84 4.73

GBDT 7.98 8.01 7.62 7.90 5.61 5.69 525 597 5.76 4.74  5.33 6.35

KNN 10.23 7.46 10.47 11.02 9.08 751 6.21 6.24 7.35 9.48  9.32 8.58

SPIg-2 LR 12.56 11.73 12.01 12.84 8.02 798 861 9.01 9.29 729 7.03 9.67

NB 13.15 10.27 12.80 13.80 8.65 0.91 10.51 3.47 0.24 10.23 3.12 7.92

RF 29.74 8.38 9.72 10.64 8.93 6.60 7.31 8.25 8.85 8.81  8.57 10.53

XGBoost 9.08 8.93 8.61 8.85 6.59 6.44 6.12 6.99 6.67 5.41  5.89 7.23
Avgreat 13.01 11.32 11.13 11.99 9.61 9.02 8.68 8.67 6.79 8.96 8.24 /

V7 k2 (11.99%), “L + G” /b (6.79%). & EW “S + G + L7 $fEA A & SGS-LR 5 ik
R, ET A, SIN SPIe 25, “V7 RRIE bREEMEBEEAR, b 97.55%; {E SPIe-2 J7Eh, %
I FBORBOR; 4) 26T50 (16) A MAA fi5bs, W “S + L7 $FAEA & M SGS-LR LI b id v
SPIp-1(11.67 %) LT SPIp-2(7.86 %), BIEEHCF R, A 91.71%. SGS_AVG B A fE A LL
B Ak, FLE A b 37 N HE DRI ¥ SPLe-1 5% SGSMAX KB AR E#ETF 97.55 % — 92.22 % =
Bty 5) VEAL &7 b A, 78 SPIp-1 Jr b, 5.33%. “V” RRIERIME R AN 23
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K] 4 KIR: 78 MattrSet ZidadE, SGS JepAY
B HU P it Ak 7V TS BT A B RO UE R (AT £k,
AP 1 BEX EEAS [F] R4k Sk 1] 4 (a) AT 4 (b)
ZH SGS FEBIFRGHEEIIE; K 4 (c) A 4(d)
Z I REAE2H A R HE RS, Fabric it 5228
L, ANEER. Wi 4 Fros: 1) o R R 8
PR BT AR IR AL A, 1S4 (R It A ) T 4 3 7 B
KA 22 b, RIS T v i, X
% 8 i), HIK, pep*n. cpp*n LT HALTT &,
p*nep 7 E ik 2z, BB PE LSS bR e B TR AR R
(Pu 8% Canvas), nJ LA ZIME S AEAAE B, MR bR
FEUMERE KIESRE T, X5 6 4516 —%0. 2) K 4 (a)
I 4 (b) nJ40: SGS-LR, A & Ry v 2 g S A,
SGS-RF #iR k2, RN 2 RAE B G, gtk n

| —#— p'ncp —+— pep’n —#— cpp’n —=— npep” —e—pnp'cl

BRI
(a) “FHME L
(a) Average pooling

—#—p'ncp —#— pep'n —#— cpp’n —=—npcp” —&—pnp’c

~N
o FEAEAL S
(o) “FHME ML
(c) Average pooling

R GESRIDCE AL e 25T 4 (¢) W4 “S+ L
FRIEA A IbRE e AL (pep*n T%), “S + G +
L + V? FHEA G R Z (cpp*n FTH), ©ILT “S +
G + L7 e A, KR V7 R AAG B T
B T E AR RE. JE TR 4 (d) A S +
G + L” FHEA A AR EERER AL (cpp*n ), “S
+ G” FHIEA A IRZ (cpp*n T H).
3.2.5 ZFEMEEIE) Accuracy LB

7E MattrSet £i#litEH, SGSMFF 5k 5k
KEUERE A 86.37 % (EHL pep*n HE K “S + V7
FRAEA &, HPAT P IE M4 1) SGS-NB #iAY),
WeE S REELRNAEIE, g8 mE 10 i, &
4 1, GS-XGBoost B AEEE “S + G + L7
FRAE AL A AR vE PR Re e, W3R 10 TheE s kol

| —#— pncp —#— pcp’n —#— cpp’n —=— npcp’ —&— pnp'cl

80 70 -,

PR
(b) KL

(b) Maximum pooling

I —#— p’ncp —#+— pep’n —#— cpp’n —=— npcp’ —E— pnp’c

~N
o FEGELL A
(d) s KAk,

(d) Maximum pooling

Bl 4 TRAFI SGS HEY BiAN [FRFAELH 75 (KR P 208 LAt
(a) A1 (b) AR, (c) A (d) AR A

Fig.4 The mean accuracy comparisons of different SGS models or feature combinations

(a) and (b) are different models, (¢) and (d) are different feature combinations
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Table 10  The best accuracy of each baseline in the MattrSet dataset is compared with the proposed model (The best

value is marked as 86.37, etc., unit: %)

Model Accuracy Model Accuracy
1) SVM-S 50.83 2) GS-DT-SGL 46.20
3) GBDT-L 61.28 4) GS-RF-LG 61.75
5) Adaboost-L 61.54 6) GS-KNN-SGL 62.10
7) XGBoost-L 62.93 8) GS-LR-SL 59.45
9) VGG16 33.98 10) GS-NB-SG 49.61
11) InceptionResNetV2 52.09 12) GS-GBDT-SGL 65.13
13) Densenet169 59.77 14) GS-Adaboost-SGL 66.11
15) MobileNets 33.98 16) GS-XGBoost-SGLI64 67.67
17) p*ncp-a-SGS-XGBoost-SGL 75.71 18) p*ncp-m-SGS-XGBoost-SGL 70.36
19) cpp*n-a-SGS-NB-SV 86.37 20) cpp*n-m-SGS-RF-SGL 78.14
21) p*pcn-a-SGS-XGBoost-SGL 80.00 22) p*pcn-m-SGS-XGBoost-SGL 74.22
23) pcp*n-a-SGS-NB-SV 86.37 24) pcp*n-m-SGS-RF-SGL 78.54
25) pnp*c-a-SGS-GBDT-SGL 80.05 26) pnp*c-m-SGS-XGBoost-LG 74.70
27) npcp*-a-SGS-GBDT-SGL 79.71 28) npcp*-m-SGS-XGBoost-LG 74.24

“GS-XGBoost-SGL”. “m” Fnf KEtilh, “a”
Lo MAL. @l EH cpp*n TR M “S +
V7 RHEA A, $ATFEE AL SGS-NB H84 4
FKRA “cpp*n-a-SGS-NB-SV”, HAbK AL 4y 44 DL
FeHE. [P, /& Fabric £ditE, SGSMFF $% 1)
BAAURTAEE A 97.55 % (IEHX SPIR-1 TR K “S + G
+ L7 FREA &, HPATFIMib i) SGS-LR ##
), Re S SR AR IUE T, g5 Rk 11 Pk,
R 10 JBARI: 1) 76 SGS KE A “m”
A “a” #AA 6 A, HXTHORSHERE 4000, ~F
A 7 X EL, X EE 4. £ 8 45w 2)
7E SGS F#iMh XGBoost BiMAE 6 4 (6/12 =
50 %) SEE AR, ‘B5 SGSMEF HEZERET Uf 4545
AR A TR “pep*n-a-SGS-NB-SV” il “cpp*n-
a-SGS-NB-SV” $ARREL T e AR PR RE, RGHERE
ik 86.37 %, ‘R A ML IR TT (10.89 % + 7.81%)
— 18.70%. “pnp*c-a-SGS-GBDT-SGL” ik
P, BRI NSAER 73 2 5e 505 B 5, ) BB 4 GE 3R
A N R I, N SPT A4y R fit gk
LR VE I ME N FE ARG B, IX L5 BN H M8 T bR
PEfE; 3) “S + G + L7\ “S + V" 44L& s
FEVEREIRAL. “V” RHIES “S” RREA R B AME, &
AR BT DLAERR 00 BRSO, Ho TR AR A
RO CEBETE”; 4) WREESE I BIRRBUR AN (50 %
vs 50 % MR 3R BE 22 ) MR 70 % HIIZRFEAR,
30 % WA FEAS. TR 2] Ja I |24 id 8 2k
T SHIM, SEM o), X EATZ A5
PR BN BRI T rp NS AL R A 22 R
KAl ACGAN FIRLIOET MG FEA, 1118 HI VR FE

25 )RR SE RN T & AR B) epp®n Al pep*n 1X
PG S Se 50 A DA BT S L 58 B R s PEFR v
gr b, SR A U 2 R, BE AR OK HE G
FEUREL 2 E0HH £ (R Ay R 1 L

% 11 nf & 1) 78 SGS HK M, 11y
EM AL T8 REML, X5FR 9 4518 —3; 2)
“sdtcvpfnw-a-SGS-LR-SGL” & (1) b v 1 fE %
P, BPGI N R SE 50 o 245 RGBSR Rt A
R NI ISR, Gut el SPIp Ao it
TARLR MM FEAAE B, IXLfE BN H 8 T
FryEtEfE; 3) “S+ G + L7, “S+ G” fl “S + L7
SERFIEAL A bR R RE SR L, X U B ) T4 ks Bk
P iR, fE SR Al 2 (A 2L AT B ol AN, 4) SR BE2E )
R PR AT (50 % vs 50 % I3 R B 22, i
KH 70 % WUNZRFEAS, 30 % HIMRAFEA, T/ )
JE NP 2 ARG 2 AT S E0, 56 M i 25,
RS TR) b 25 1 A R R 5 1 20 S e A
K ] A0 240 P 500 4 AR v E P .

3.2.6 1EEE LMK

7t MattrSet 24k, % SGSMFF LA fiA
R AL IR, LU 2 SGSMFF vk & 458 (GS
Hk. SGS #Hik. AVG ik, SPI) Y #H % 5 %2
PE. B 10 R BEA P RBIAS Ky GS i
e, PREERESRTE 4.74% ((16) — (7)); GS JsAbir
AR SGS_MAX EHM 5, briktEaete - 10.87%
((24) — (16)); SGS_MAX K#iMAE l SGS_AVG 2%
B J, FRTEPEREARTT 7.83 % ((23) — (24)); 24432
U7 p*nep (%) A pep*n (k) &, A
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Table 11  The best accuracy of each baseline in the Fabric dataset is compared with the proposed model (The best

value is marked as 97.55, etc., unit: %)

Model Accuracy Model Accuracy
1) SVM-S 77.92 2) GS-DT-SGL 65.64
3) GBDT-S 79.66 4) GS-RF-SG 76.58
5) AdaBoost-S 76.86 6) GS-KNN-LG 73.74
7) XGBoost-S 82.03 8) GS-LR-SL 78.28
9) VGG16 46.22 10) GS-NB-SG 57.42
11) VGG-M[33] 79.60 12) GS-GBDT-SG 79.98
13) Densenet169 46.22 14) GS-AdaBoost-SL 78.16
15) MobileNet 46.22 16) GS-XGBoost-SGI[64] 81.95
17) sdtcvpfnw-m-SGS-XGBoost-SG 92.22 18) sdtcvpfnw-a-SGS-LR-SGL 97.55
19) nsfvtwdpc-m-SGS-XGBoost-SG 83.37 20) nsfvtwdpc-a-SGS-LR-SL 91.71

HMERERETE T 10.66 % ((23) — (17)). %L, {F Mat-
trSet F#i4E b, SGSMFF ik i & 45 iy () TE 2 1
B HES: SGS > SPI > AVG > GS.

& Fabric 54, X SGSMFF $32: fij sl 74
A ALIER. B3R 11 rTRURI: BEABAIE . GS 28
PG, bRvEPEREIR T — 0.08 % ((16) — (17)); GS
PRy SGS_MAX AL )5, M RESR T 10.27 %
((17) — (16)); SGS_MAX FHiM A5 )y SGS_AVG %
B JG, FREEREAR T 5.33 % ((18) — (17)); 4025
577 % H nstvtwdpe (57%) & sdtevpinw (5fl)
JG, PRETERERR T 5.84% ((18) —(20)). &L, £
Fabric ¥4 I, SGSMFF $y: rp & gty ity B g vk
B FHES: SGS > SPI > AVG > GS.

DAL, TGV 2 A0 b B i A, 3 SRR B4k
&, 2 BA SGS i EE, HyoR ek s B SPL, &
Ja s P E AL AVG, B a2 2 REIEmLA AR GS.
X HAE T SGSMFF Sk &bt
3.3 HERMREMESHXAEMN

IR AR PE AT A R — PR e R AT 26
Fw IR ETE X, WARPIKIE B R )
IRVENE B BE . X LEPR 2 v SOt pR s s Ik, AH B
KGR I L, e ATTE T AR, SEHAME
WK, MO R AL . EM R L

FEBUF FAE S B 214 g ) My nER 12 AN
13 P is suE v S v 1) R e 56 &

Wik 12 FIR 13 Fin: /£ - JaB &, 8
PEREIR A 07 BE <17, #dn, 7F MattrSet $di 8,
Pu MBI K ERRIE R 17 £ox Pu MR AR
IKPE, T O R RR T B k. RN U e &
b B IR S R P, PR B O, b
SRR Y 5 R R R . T R A R,
7E MattrSet H e, BmfEEEA “4”, 7F Fab-
ric B EH Em R EAE N <97, Hilln, 7 MattrSet
e, Canvas M IEIMERRIL N “4” Fos:
Canvas M FBUHIESIEAER 12 1 4 Fbd b dgc i,
1M Polyester # B ES MR ZE, U “17, “1 < 47,
g 3 A A X JE e bRy, ez e
PERIFREE RN, AHEE Zoo@ e 28 & M . FSE
JE PR, T NS, AT L AR A B
R A8 ARG 10200,

2 b, IR e T JCHL OGRS AN B OC R,
BT Z0 A o 1 b s J P TR i SCOGTRR, 3K
A e L R R () AR, A BT AT 4
TTHGAJA U E PR, BRI, IERfRR R S T JE P
PR SLURZE S (SEH B PE) arHE. £ Bl s e 1k
(24, NATME A 38— A0 2 A 5 &

12 MattrSet £fade b s L S s 2 18] (1 6 R

Table 12 The relationship between the material attributes and their utility attributes in the MattrSet dataset
R R A :EH%%%% ‘ A *HXJ‘W%?H?‘Q%
B 7K P B FHIE JKVENE TR B 41 B K BN FRE IKUETE iRy P
Pu (J¥E) 1 0 0 0 0 4 2 1 1 1
Canvas (IAf) 0 1 0 1 1 1 4 2 4 4
Polyester (%4) 1 0 1 1 0 3 1 4 2 3
Nylon (%) 0 0 1 1 0 2 3 3 3 2




2210 A Zf) (4 ¥ [ 46 &
% 13 Fabric $aArhp 5 15 S H s 1 2 18] s ¢ 21

Table 13 The relationship between the material attributes and their utility attributes in the Fabric dataset

o ‘JT;HM&T?‘%L% ) LERSIUS TSP )
B Kk 1 B ER ¢ T 1% bipiSEs BN FHIE i B

Wool (%) 0 1 1 0 1 8 8 1
Denim (4:474i) 0 0 0 1 8 1 1 8
Viscose (HillReT4k) 0 1 1 1 7 7 6 9
Cotton (#i1k) 0 1 1 0 4 5 5 3
Silk (24 0 1 1 0 5 9 9 5
Polyester (%4) 1 0 1 0 9 2 3 7
Nylon (Jé) 0 0 1 0 6 3 2 6
Terrycloth (M) 0 1 1 1 3 4 4 4
Fleece (fHi%R) 0 1 1 0 2 6 7 2

PEANEE R, & X ImageNet [1)F i #h7e, H ALl
FRFAH L TREHR N 0, 72 RKUB SR &R
BLAS APLHE AR W A5 4 4 JE B H

4 HERRE

BUGA T E HEPRVEAE TR 45 Hlas ARLSE . T
I 0 A5 A ek S 5L A7 A LS R . R
T IR IR I 2 FRAE k5 (SGSMEF) 11 G+
JUE PEAREMLE: SR 3. RO S5 A 0 i 3R
JZ5es s I SPL, Mk 48 ERGS 59k, veitor 23
RIS, SEIZRRER G, SEE0R 1. SGSMFF
FL A R SPT SRR LR MM 2> FEAE S, B ATk
PR th BE IR E AR H ANES 10 o 28 v RE, b, 7E
MattrSet ##i4E I, pep*n. cpp*n X P SPI #x
fIt; 1E Fabric ¥4 I, sdtevpfnw 77 £, K
Sk, BRI 2 2 3k B AT B 3K B A4 5 N 2]
SPI H; ik, SGSMFF 2 FE5% B G REAE AT Rl &
7F MattrSet ¥t “S+ G + L7, “S + V7 %%
FEAE A1 70 2> FE P 9y OCEE M (0 7F Fabric 2044
b, “S 4+ G + L7, “S + G ZRRRAE 4 & 5 g
AN T) P 55000 B I S I AR AIE 4 75 20 e S 2R T 4k
WA AT %0 £ SGSMFF Sykrh, 4 )2 AR o i 5
HUGE LKA B, ARG T ¥k, ZH &
JOAR S IR L. T8 VP, 7F MattrSet 2idi4E I,
SGSMFF 53245 f i S R NG HE B 4 =7 18.70 %; 7E
Fabric $#i4E I, SGSMFF $73:85 5t it B 28 1 b v
R 15.60 %. fa, 2T MR Tk — A8 i
HAR TR ZTE X (SEHENE), DAEAH . 2R
I T E A RR R, 8 A o 3 R U )
JAAE, X ImageNet [ ik 72,

Zx b, SGSMFF 8y HA kM e —1k . g
PEJ RS 4 RARFRe . ARRBFFUTT M) 1) 15
SGSMFF Sk k5] Nvk & L], LSRG
HOCEALE 2, BRAECR B BRI s T3 2)

ZIER) V7 RHERAER (W pep*n-m-SGS-NB-SV
BiAY), 223K H ResNet. DenseNet %575 15
J5 2% STHREAE, B A b 2 i SRS N 2%, TS R4
REIE MR 2 Al LA T M 0 P AR PR BE; 3)
SGSMFF SLik N ]2 B 4R TE 5 AL B AT i
P PG U S5 0, gk — 5 J L R Y.

References

1 Krishna R, Zhu Y K, Groth O, Johnson J, Hata K, Kravitz
J, et al. Visual genome: Connecting language and vision
using crowdsourced dense image annotations. International
Journal of Computer Vision, 2017, 123(1): 32—73

2 Pietikdinen M, Hadid A, Zhao G Y, Ahonen T. Com-
puter Vision Using Local Binary Patterns. London: Springer
Berlin, 2011.

3 Oliva A, Torralba A. Building the gist of a scene: The role
of global image features in recognition. Progress in Brain
Research, 2006, 155: 23—36

4 Lowe D G. Distinctive image features from scale-invariant
keypoints. International Journal of Computer Vision, 2004,
60(2): 91-110

5 Simonyan K, Zisserman A. Very deep convolutional net-
works for large-scale image recognition. In: Proceedings of
the 3rd International Conference on Learning Representa-
tions. San Diego, CA, USA, 2015. 1—-14

6 Chandra B, Gupta M. An efficient statistical feature se-
lection approach for classification of gene expression data.
Journal of Biomedical Informatics, 2011, 44(4): 529—535

7 Farhadi A, Endres I, Hoiem D, David F. Describing objects
by their attributes. In: Proceedings of the 2009 IEEE Con-
ference on Computer Vision and Pattern Recognition, 2009:
1778—1785

8 Kumar N, Belhumeur P, Nayar S. FaceTracer: A search en-
gine for large collections of images with faces. In: Proceed-
ings of the 10th European Conference on Computer Vision.
Marseille, France: Springer, 2008. 340—353

9 Kumar N, Berg A C, Belhumeur P N, Nayar S K. Attribute
and simile classifiers for face verification. In: Proceedings
of the 12th International Conference on Computer Vision.
Kyoto, Japan: IEEE, 2009. 365—372



1034 SRETRAE: He T3 2 R DR L6 22 R AIE Rl A5 (R UG B b 2211
10 Jayaraman D, Grauman K. Zero-shot recognition with un- 24 Liu X, Wang J, Wen S L, Ding E R, Lin Y Q. Localizing by

11

12

13

14

15

16

17

18

19

20

21

22

23

reliable attributes. In: Proceedings of the 27th International
Conference on Neural Information Processing Systems.
Montreal, Quebec, Canada: MIT Press, 2014. 3464—3472

Berg T L, Berg A C, Shih J. Automatic attribute discovery
and characterization from noisy web data. In: Proceedings
of the 11th European Conference on Computer Vision. Her-
aklion, Greece: Springer, 2010. 663—676

Gan C, Yang T B, Gong B Q. Learning attributes equals
multi-source domain generalization. In: Proceedings of the
2016 IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas, USA: IEEE, 2016. 87—97

Liu Z W, Luo P, Wang X G, Tang X O. Deep learning
face attributes in the wild. In: Proceedings of the 2015
IEEE International Conference on Computer Vision. San-
tiago, Chile: IEEE, 2015. 3730—3738

Tang P, Zhang J, Wang X G, Feng B, Roli F B, Liu W
Y. Learning extremely shared middle-level image represen-
tation for scene classification. Knowledge and Information
Systems, 2017, 52(2): 509—530

Bradley C, Boult T E, Ventura J. Cross-modal facial at-
tribute recognition with geometric features. In: Proceed-
ings of the 12th IEEE International Conference on Au-
tomatic Face & Gesture Recognition. Washington, USA:
IEEE, 2017. 891—-896

Liu Z W, Luo P, Qiu S, Wang X G, Tang X O. DeepFashion:
Powering robust clothes recognition and retrieval with rich
annotations. In: Proceedings of the 2016 IEEE Conference
on Computer Vision and Pattern Recognition. Las Vegas,
USA: IEEE, 2016. 1096—1104

Qi G J, Hua X S, Rui Y, Tang J H, Mei T, Zhang H J.
Correlative multi-label video annotation. In: Proceedings
of the 15th ACM International Conference on Multimedia.
Augsburg, Germany: ACM, 2007. 17—26

Parikh D, Grauman K. Relative attributes. In: Proceedings
of the 2011 International Conference on Computer Vision.
Barcelona, Spain: IEEE, 2011. 503—510

Kovashka A, Grauman K. Attribute adaptation for person-
alized image search. In: Proceedings of the 2013 IEEE Inter-
national Conference on Computer Vision. Sydney, Australia:
IEEE, 2013. 3432—3439

Kovashka A, Parikh D, Grauman K. WhittleSearch: Interac-
tive image search with relative attribute feedback. Interna-
tional Journal of Computer Vision, 2015, 115(2): 185—210

Yu A, Grauman K. Just noticeable differences in visual at-
tributes. In: Proceedings of the 2015 International Con-
ference on Computer Vision. Santiago, Chile: IEEE, 2015.
2416—2424

Cheng Y H, Qiao X, Wang X S, Yu Q. Random forest classi-
fier for zero-shot learning based on relative attribute. IEEE
Transactions on Neural Networks and Learning Systems,
2018, 29(5): 1662—1674

Yuan B D, Tu J, Zhao R W, ZhengY B, Jiang Y G. Learning
part-based mid-level representation for visual recognition.
Neurocomputing, 2018, 275: 2126—2136

25

26

27

28

29

30

31

32

33

34

35

36

37

38

describing: Attribute-guided attention localization for fine-
grained recognition. In: Proceedings of the 31st AAATI Con-
ference on Artificial Intelligence. San Francisco, California,
USA: AAAI 2017. 4190—4196

Ledig C, Theis L, Huszar F, Caballero J, Cunningham A,
Acosta A, et al. Photo-realistic single image super-resolution
using a generative adversarial network [Online|, available:
https://arxiv.org/abs/1609.04802, September 15, 2016.

Singh K K, Lee Y J. End-to-end localization and ranking
for relative attributes. In: Proceedings of the 14th European
Conference on Computer Vision. Amsterdam, The Nether-
lands: Springer, 2016. 753—769

Liu X G, Yu Y Z, Shum H Y. Synthesizing bidirectional
texture functions for real-world surfaces. In: Proceedings of
the 28th Annual Conference on Computer Graphics and In-
teractive Techniques. New York, USA: ACM, 2001. 97—106

Leung T, Malik J. Representing and recognizing the visual
appearance of materials using three-dimensional textons. In-
ternational Journal of Computer Vision, 2001, 43(1): 29—44

Varma M, Zisserman A. A statistical approach to texture
classification from single images. International Journal of
Computer Vision, 2005, 62(1—2): 61—81

Heera M M, Divya J K, Varma M S, Divya R A, Agrawal
D V K. Minimum variance optimal filter design for a 3x3
MEMS gyroscope cluster configuration. IFAC-Papersonline,
2016, 49(1): 639—645

Sharan L, Rosenholtz R, Adelson E. Material perception:
What can you see in a brief glance? Journal of Vision, 2009,
9(8): 784

Liu C, Sharan L, Adelson E H, Rosenholtz R. Exploring
features in a Bayesian framework for material recognition.
In: Proceedings of the 2010 IEEE Computer Society Con-
ference on Computer Vision and Pattern Recognition. San
Francisco, USA: IEEE, 2010. 239—246

Hu D E, Bo L F, Ren X F. Toward robust material recog-
nition for everyday objects. In: Proceedings of the 2011
British Machine Vision Conference. Dundee, UK: BMVA
Press, 2011. 1-11

Sharan L, Liu C, Rosenholtz R, Adelson E H. Recognizing
materials using perceptually inspired features. International
Journal of Computer Vision, 2013, 103(3): 348—371

Kampouris C, Zafeiriou S, Ghosh A, Malassiotis S. Fine-
grained material classification using micro-geometry and re-
flectance. In: Proceedings of the 14th European Confer-
ence on Computer Vision. Amsterdam, The Netherlands:
Springer, 2016. 778—792

Dong J Y, Chantler M. Capture and synthesis of 3D surface
texture. International Journal of Computer Vision, 2005,
62(1-2): 177—-194

Jian M W, Yin Y L, Dong J Y, Zhang W Y. Comprehensive
assessment of non-uniform illumination for 3D heightmap
reconstruction in outdoor environments. Computers in In-

dustry, 2018, 99: 110—118

Jian M W, Dong J Y. Capture and fusion of 3d surface
texture. Multimedia Tools and Applications, 2011, 53(1):
237—-251



2212 H ]|

¥ {1 46 %

39

40

41

42

43

44

45

46

47

48

49

50

51

52

Jian M W, Lam K M, Dong J Y. Illumination-insensitive
texture discrimination based on illumination compensation
and enhancement. Information Sciences, 2014, 269: 60—72

Van Der Maaten L, Hinton G. Visualizing data using t-
SNE. Journal of Machine Learning Research, 2008, 9(11):
2579—2605

Friedman J H. Greedy function approximation: A gradient
boosting machine. The Annals of Statistics, 2001, 29(5):
1189—-1232

Hou Jie, Mao Yao-Bin, Sun Jin-Sheng. Online boosting algo-
rithms based on exponential and 0-1 loss. Acta Automatica
Sinica, 2014, 40(4): 635—642

(A, PR, INGAE. BETHREE AN 0-1 HiK M4 Boosting
Hk AR, 2014, 40(4): 635—642)

Vu H T, Gallinari P. Using RankBoost to compare retrieval
systems. In: Proceedings of the 14th ACM International
Conference on Information and Knowledge Management.
Bremen, Germany: ACM, 2005. 309—310

Chen T Q, Guestrin C. XGBoost: A scalable tree boost-
ing system. In: Proceedings of the 22nd ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data
Mining. San Francisco, USA: ACM, 2016. 785—794

Feng J, Yu Y, Zhou Z H. Multi-layered gradient boosting
decision trees. In: Proceedings of the 32nd Conference on
Neural Information Processing Systems. Montréal, Canada:
2018.

Vedaldi A, Gulshan V, Varma M, Zisserman A. Multiple ker-
nels for object detection. In: Proceedings of the 2009 IEEE
12th International Conference on Computer Vision. Kyoto,
Japan: IEEE, 2009. 606—613

Xia H, Hoi S C H. MKBoost: A framework of multiple ker-
nel boosting. IEEE Transactions on Knowledge and Data
Engineer, 2013, 25(7): 1574—1586

Zhang Z Y, Lyons M, Schuster M, Akamatsu S. Comparison
between geometry-based and gabor-wavelets-based facial ex-
pression recognition using multi-layer perceptron. In: Pro-
ceedings of the 3rd IEEE International Conference on Au-
tomatic Face and Gesture Recognition. Nara, Japan: IEEE,
1998. 454—459

Bai S, Sun S'Y, Bai X, Zhang Z X, Tian Q. Smooth neigh-
borhood structure mining on multiple affinity graphs with
applications to context-sensitive similarity. In: Proceedings
of the 14th European Conference on Computer Vision. Am-
sterdam, The Netherlands: Springer, 2016. 592—608

Xu Dan-Lei, Du Lan, Liu Hong-Wei, Hong Ling, Li Yan-
Bing. Joint feature selection and classification design based
on variational relevance vector machine. Acta Automatica
Sinica, 2011, 37(8): 932—943

(B, fh22, %l MR, b, — R348 53 A0 5C ) SALIY
FHIEERERI 92K 4567575, AELFIR, 2011, 37(8): 932—943)

Liu Z Q, Wang S J, Zheng L, Tian Q. Robust ImageGraph:
Rank-level feature fusion for image search. IEEE Transac-
tions on Image Processing, 2017, 26(7): 3128—3141

Mafarja M, Aljarah I, Heidari A A, Hammouri A I, Faris H,
Al-Zoubi A M, et al. Evolutionary population dynamics and
grasshopper optimization approaches for feature selection
problems. Knowledge-Based Systems, 2018, 145: 25—45

53

54

55

56

57

58

59

60

61

62

63

64

65

66

Faris H, Mafarja M M, Heidari A A, Aljarah I, Al-Zoubi
M, Mirjalili S, et al. An efficient binary salp swarm algo-
rithm with crossover scheme for feature selection problems.
Knowledge-Based System, 2018, 154: 43—67

Emary E, Zawbaa H M, Grosan C, Hassenian A E. Fea-
ture subset selection approach by gray-wolf optimization.
In: Proceedings of the 1st International Afro-European
Conference for Industrial Advancement. Cham, Germany:
Springer, 2014. 1—-13

Cox D R. The regression analysis of binary sequences. Jour-
nal of the Royal Statistical Society: Series B (Methodologi-
cal), 1958, 20(2): 215—232

Ho T K. Random decision forests. In: Proceedings of the 3rd
International Conference on Document Analysis and Recog-
nition. Montreal, Canada: IEEE, 1995. 278 —282

Altman N S. An introduction to kernel and nearest-neighbor
nonparametric regression. The American Statistician, 1992,
46(3): 175—185

Quilan J R. Decision trees and multi-valued attributes. Ma-
chine Intelligence 11. New York, USA: Oxford University
Press, 1988. 305—318

Kononenko I. ID3, sequential Bayes, naive Bayes and
Bayesian neural networks. In: Proceedings of European
Working Session on Learning. 1989. 91—-98

Garreta R, Moncecchi G. Learning Scikit-Learn: Machine
Learning in Python. Birmingham, England: Packt Publish-
ing, 2013.

Szegedy C, Ioffe S, Vanhoucke V, Alemi A A. Inception-
v4, inception-ResNet and the impact of residual connections
on learning. In: Proceedings of the 31st AAAI Conference
on Artificial Intelligence. San Francisco, California, USA:
AAALI, 2017. 4278—4284

Huang G, Liu Z, Van Der Maaten L, Weinberger K Q.
Densely connected convolutional networks. In: Proceedings
of the 2017 IEEE Conference on Computer Vision and Pat-
tern Recognition. Honolulu, USA: IEEE, 2017. 2261—2269

Howard A G, Zhu M L, Chen B, Kalenichenko D, Wang W J,
Weyand T, et al. MobileNets: Efficient convolutional neural
networks for mobile vision applications [Online], available:
https://arxiv.org/abs/1704.04861, April 17, 2017.

Zhang H B, Qiu D D, Wu Rv Z, Deng Y X, Ji D H, Li T.
Novel framework for image attribute annotation with gene
selection XGBoost algorithm and relative attribute model.
Applied Soft Computing, 2019, 80: 57—79

Chen W H, Chen X T, Zhang J G, Huang K Q. Be-
yond triplet loss: A deep quadruplet network for person
re-identification. In: Proceedings of the 2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition. Hon-
olulu, USA: IEEE, 2017. 1320 —1329

Odena A, Olah C, Shlens J. Conditional image synthe-
sis with auxiliary classifier GANs. In: Proceedings of the
34th International Conference on Machine Learning. Syd-
ney, Australia, 2017.



10 44 GRECARAE: B0 SRR ILIE 2 e i il 15 (1 L BB oI AR v 2213

SKETH AR AT R A R A 27 Bt B 8%,
FEREFIT W AT EBHUL S, ARG S
AbER, HERF R GG ASCBAG RS
E-mail: zhanghongbin@whu.edu.cn
(ZHANG Hong-Bin Associate
professor at the Software School, East
China Jiaotong University. His research

interest covers computer vision, natural
language processing, and recommendation system. Corre-
sponding author of this paper.)

BRARAR R AR AT KA B 2 e
FUA. BT N R B, TS
R, Hless .

E-mail: diedie888888@163.com

(QIU Die-Die  Master student at
the Software School, East China Jiao-
tong University. Her research interest

covers image understanding, computer
vision, and machine learning.)

SRIEE M AR S R o e -
FUAE. RIS ) kbR G R, v
SHULSE, Hldsas>].

E-mail: renchw5@163.com

(WU Ren-Zhong  Master student
at the Software School, East China
Jiaotong University. Her research in-

terest covers tumor image recognition,
computer vision, and machine learning.)

BFR R e b L
FUE. RIS ) kbR SR, T
BNBERL, L.

E-mail: a320jzInf430a@163.com
(JIANG Zi-Liang  Master student
at the Software School, East China
Jiaotong University. His research inter-
est covers tumor image recognition, im-

age captioning, and machine learning.)

KB AR A Bt Lt
FUE. BRI RN RS, AR
AR, BLdRE.

E-mail: wujinpeng920421@163.com
(WU Jin-Peng  Master student at
the Software School, East China Jiao-
tong University. His research interest
covers question answering, natural lan-

guage processing, and machine learning.)

L T N E P R R o e £
. FHEOFT ARG AT, ARIES
AbER, HlLasa 2.

E-mail: dhji@whu.edu.cn

(JI Dong-Hong Professor at the
School of Cyber Science and Engineer-
ing, Wuhan University. His research
interest covers public opinion analysis,

natural language processing, and machine learning.)



