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Clothing pattern multi—label annotation algorithm based on
multi-layer dictionary learning
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(School of Artificial Intelligence , Beijing University of Posts and Telecommunications , Beijing 100876 , China)

Abstract: As an important symbol of Chinese culture, traditional Chinese clothing has rich image content
and great potential value in the field of image classification. Aiming at the insufficient utilization of
atomic local features in traditional discriminant dictionary learning methods in image classification and
the limitations of single-layer structure in multi-label classification, a multi-layer dictionary learning
algorithm combining global constraints and support vector guidance was proposed to achieve the
transition from single layer to multi-layer to obtain high-level complex semantic information. The
algorithm introduced global constraints to enhance the consideration of similarity between non-adjacent
atoms and more accurately captured the nonlinear relationship of image features; at the same time, the
support vector discriminant term was used to optimize the weight distribution of encoding vector pairs to
improve the generalization ability of the model. Experimental results show that compared with local
constraints and single-layer dictionary learning methods, the classification accuracy of this algorithm on
the Ming and Qing clothing pattern dataset is improved by 3.33% and 1.57% respectively, and it also
shows high classification accuracy on the extended Yale B face dataset.
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Coverage .Ranking Loss . Average Precision PU{~ 4845 T
505151024 0.3207,1.1134,0.2117 F10.7908 . —J7' i,
AHEE TR H R B2 H %) LCDL-SV B3k, R H 4 R
i JGCSVGDL Hl JGCSVG-MDL %4 ¥ 7£ Average Pre-
cision FbR A HISEIL T 1.73% F113.33% (T, Hifth =
MEREUEDA —E R, AR R PR RER I B
o AT AL G S B4R b, i S B A4
SRR 2o L SRy B AR E 29 R A 8. AE 95—
Ifi , A L T JGCSVGDL Huj2 5 L2 > Bk | JIGCSVG-
MDL £ JZ7-#12% > 7€ One-Error ,Coverage ,Ranking Loss
AR BT 2.76% (4.25% . 2.35% HIFEAR , 1M
1 Average Precision f5 b5 3L T 1.57% W37, BI&
OYRUER AR T ST, I, i SR A A
T 2RI ) A T R e o) AR
e BOR A,

AR, XoF S AN AN R BIR 5 A > B30k 22 [ 1Y
PO, TRl 5 I T IR BE 27 ST % L o AR ] i, R
JE 27 o W G AE T A R bn i R A A2kt , 26
I b T 3k 5 5 ImageNet 1 Fb kB (1) £ 45
8o N T REAE T AT b AR S I X e NS Y 15 2
R SR B, AR SCHRAE 7E AlexNet 19 B 4ilt b 47
e M2, FH TR EURMG AR , [R]BF IR X AlexNet 52
RUHEA TR AL 0D T AR I 28 2540 B U 1Y AlexNet
g5k Kol — 2 G AR RN J2 4 i R 2, 3 1Y ]
A nT DL I RS B ) 52 2% i, s/ aod 4005 9 XU

AR S ol Hofiv 4%l AlexNetLite,  S2H6 Ffolf 2 [ f£
FeoF > U E 4 0.001 , batch size % & Hy 64, I 58
SR BB AR

MFE 3 S5 R MEZR], AlexNetLite 7772/ One-Error
Coverage \Ranking Loss , Average Precision 5 57351 b
0.3513,1.1087,0.1917,0.7691., "] LIF i1, AlexNetLite
FEFUAH LT A Z PR s AR B 5 R
FHEZ R BRI T UG T I i 255 AR e IR
15 JGCSVG-MDL ik A ik J2 1 — i 1Y 25 1F
JGCSVG-MDL BATE - kG B 7 5RO/ B 21
PEFAe Bt ST AT A, TR BE A 2] B LB TR
T ImageNet 3¢ P R SR 25 UG EAE i U1, SR i,
ARSI T B B AERAE 5 AT T ANTR] , AR B
PS5 1 B R TP S T KRR 2R R, X
Hahn 7 RSN R0 52 2 s LUk B AR 1 S AR LB AH
XA/, 3 AT e BRI 1R 2 S IR RE Y 7200 K4
I, SR AS AR A TR B 2 2 7 R AR R 22K
PR b EHAT L3 AR AE T /N Z R F R dE e, H:
PERERT B2 8] — R, X — KR IHE— P Wk T
JGCSVG-MDL B7A A8 AN [RI B MU AR 2 42 24
7L EPE . JGCSVG-MDL v RS T ff-Hb kb 3 &2
P UG , RME7E A e A BRI BL R, e Ry
A2 1 B R S R A SR A e

TEHATR L PERE AL B R v AR SCR TR AR DY
T B AN O SR AR A s A, I £ X LCDL-
SV .JGCSVGDL L) }2 JIGCSVGDL-MDL = Ff & ¥ %
TH T AR A XS L S0 o S g i el AR S gt i
TR, NK=30 T4, L) 30 (1 18] b 22 12 A 38 i 22 K
=210, LA BOEAG AN [F] J5t i X 38 e 1k e i B A 52
M), ELAR S BG25 S 3 F s .

FE 3 7 I 52 50 45 IR T8 2 40 S0 g
50307, 7T L& 3 JIGCSVGDL 5 JGCSVG-MDL .3
TEARRF M/ 124065 B2 (AP) #)7 T LCDL-SV
Sk RISl A AR A M 2 BT B PR
Pt BfiE g b NN RN, =R R R 1Y
KB (AP) B R B b T34 302 oA B 2 (1) -
JE - 1T DA A5 S0 A b s i A S5 AR AE AR S, DT
— BTG 0 AT S B e RE . 1 B T
LCDL-SV .JGCSVGDL il JIGCSVG-MDL = 2 Y
- 1K BE (AP) 43 50l 78 J5 F 5 i K=120, K=180, K=
180 (MR BIWEAR . XANALUESE T 42 R AP 2 3R
TR AE $ TSk RE D T A Ak TR T
J2 5 L2 o) HE SR b B A 2 BSCAI A I (%) AR O #
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AR, A T 2 R T ST Y IR A SORE 22 A bR R 71

(E 5 B R, BRI - S BT DA e B
TEBOTERE , (ELIR] It T REAE R 58 5 A A0 1 o i
LA AR o PRI, 76 52 B 0L PP 5 2R B — -y
S DA R A RO R A B iz AL RE

K3 ERRIGESHEHRETHRER

Jrik One-Error Coverage Ranking Loss Average Precision
ML-KNN 0.4015 1.2173 0.2207 0.7341
LLSF 0.3822 1.2599 0.2241 0.7369
LLSF-BR 0.4013 1.2621 0.2307 0.7243
LLSF-CC 0.3889 1.3027 0.2385 0.7378
MDDL-2 0.3765 1.2359 0.2171 0.7431
AlexNetLite 0.3513 1.1087 0.1917 0.7691
CADL 0.3665 1.2113 0.2292 0.7497
SADL 0.3701 1.1917 0.2217 0.7556
SVGDL 0.3663 1.2278 0.2234 0.7492
LCDL-SV 0.3537 1.2523 0.2187 0.7653
JGCSVGDL 0.3298 1.1628 0.2168 0.7786
JGCSVG-MDL  0.3207 1.1134 0.2117 0.7908
0.82
—8— [CDL-5V
—— JGCSVGDL

—&— JGCSVG-MDL
0.80 4

=}
-1
@

FHRE (OP)

0.74 4

0.72 T T T T T T T
30 &0 an 120 150 180 zl10

FHETAH
B3 AREFHTHEEERIGSHEHRE LN THREE

4.4 PRERE B AR B

P RS B AN B A - Ot IS A
N2, b 38 24 32105 1 2414 5K IE T BIA
B2 KA 64 ik EIME . TETAb BBy BOW T A
EUE AT T hR AL R BY 24— T 192x168 18 % .
YA N T DR i A R 2 [R) A R BT T 4 [
R DL RS AE B 3t 405 AU, A S5 R T 3 13 43 A
£ (PCA, principal component analysis ) #F 17451 4
MG 1Y 32256 4E (192%168=32256) [ % 50 4, 7] i}
AR ER TR T XA AN [F A M AR AE 22 2 A5
BB R — 280 DL 401 L1 43 R )i 2R 4 R it

£ o APRUESE IR 25 S 1Y ] S, FE T IR SR,
X R S B 45 B AT TR B S e i S5
Eak R, SR AR v R B LR 2 L R A 2R
%, 4445 CADL .SADL .FDDL .SVGDL . AlexNetLite .
LCDL-SV .JGCSVGDL #1 JGCSVG-MDL .1

AR EE NG 4 R . Wl WE 58T, AT LA
&I LCDL-SV . JGCSVGDL il JGCSVG-MDL = f%4
AR IZ B L A HE A Lb T At 7 2 5] BR A
JEBL T AL, i ELA I R fa) e He A B,
T TR AR FEAIE JIGCSVG-MDL 57k % A
HELH 5 22 25 g ) 1 S S0 2R R K ) 30
%o ML TR R E 29 1 LCDL-SV 8.3, i T
JGCSVGDL B3L5 | A T &R, e JF IR ik T % &
FEFHERIETZ AR , EARIX S8 T YN ZRE Rl s o,
{EHK T o3 SR R EE Tt . K10, JGCSVG-MDL 5.
e 2 R s R T A sl e o L 2 [ S
AR alAH G T IGCSVGDL &4 1 W W il 4,
(T KRN 22858, 2 ST RHE R s 3K, r LA
YR} ] 23t LCDL-SV HLZZE MRS il — o5 (HJR 25 G
KA B2 N S B[] 004k s i) 252 22 TR R (4
JGCSVG-MDL AR R RE A1 . R4 RR T
AlexNetLite Fk LI E5F LB EAGEE] T e i
HERR R 1 HL YNGR TR R 1 X 2B EE T 4%
FHAH £ M 2% (CNN, convolutional neural networks ) 75 2.
PR EUGAYZAT 55 h B s iERE . SR (EA A,
S CNN7EAR AT 55 LRI @, (A7EAb B 2 hR%s
SyZIR R PTRE S TG — 2Pk iR, AL R, BT
2 > B RS T bl I SR P AR 2 oy 2 s L
SETEZHRE AT S v , FLR WG PEALE N P AR
B, AR RS ANMUIIE T JGCSVG-MDL H7A 7
e BAEAE L ATEREIE S it — 5 T R IR B A
ARV AT S5 P R3S PR RNECR AR5 7 12
T HENENS%,

x4 TREBPEB ARBIEELHLER

Fik Accuracy(%)  Training Time(s)  Testing Time(s)
CADL 96.3 235 1.3e-3
SADL 95.1 27.2 1.3e-3
FDDL 92.8 352.6 3.4
SVGDL 95.7 29.8 1.3e-3
AlexNetLite 98.9 2.1 1.3e-3
LCDL-SV 96.5 23.7 1.3e-3
JGCSVGDL 97.1 87.3 1.3e-3
JGCSVG-MDL 98.2 372 1.3e-3
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LRSI i, FIAZ )R T 2] 5 LSk A TR —
SR R REAS 14 G B i 3 52 B — B s A [
e AN () SR AS G 5 1 k1) T B, A E— 2k
AT i o e A PR I RS 52 BN A SR
A o 7 1 G i s P A R e S R e B B M P 4
Holln e B IEATXS HESE G, JGCSVG-MDL 3 2 1 PE g
T AR BL I TR B R E T AR TR
ARRLRE 24 ROMI B2 7 i ST T 5, 4 R AR DL JBE 249 SR
2 2 7 o) BUR HE S /N IUBAL G S 2 hn 2
Ptk o EIRIZATEIC A A —E W kot 23 18], LA BE o
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