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A feature representation of sketch based on fusion of sparse coding and
deep learning

ZHAO Peng't, GAO Jie-chao, FENG Chen-cheng, HAN Li
(College of Computer Science and Technology, Anhui University, Heifei 230601, China)

Abstract: In order to overcome that the performance of sketch feature representation and recognition based on purely deep
learning is not very well especially in limited sketch dataset, this paper proposes a feature representation of sketch based
on the fusion of sparse coding and deep learning (FSCDL). Firstly, this method divides the sketch into components and
extracts the features of sketch and sketch components with transfer deep learning. Then, it reduces the feature dimensions
of the sketch and sketch components and clusters the sketch components. The cluster centers of sketch components are
utilized to initialize the dictionary of sparse coding. Finally, the sketch feature representation is obtained by solving the
objective function of sparse coding. Different from the previous work, this paper transfers deep learning to extract the
features of sketches and sketch components, which are introduced to the sparse coding. The dictionary is initialized with
the features obtained from the above transfer deep learning, which combines the semantic information obtained from
deep learning and sparse coding. The proposed method not only improves the performance of the representation of the
sketch, but also makes the sparse coding more interpretable. The experimental results show that the sketch recognition
accuracy of the prposed method is higher than that of the traditional sketch feature representation methods and the sketch
representation methods based on deep learning.
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I EE AT T 0M, A8 2 1 & sketch 73285 SCHR [13] 45
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K] 2% 455 A , 1 MR R ) P A R s PR R AR SRR AIE . AR SO
AT K I AlexNet HEAT f 1, SR FH A B0 S0 Ay X)
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28] DUAS B 5L T 2E 1 2 1 sketch 5 & 1) 4 E bRy

TESCHR [17] &4t 19 52 B 5644 4E (sketch_dataset)
b, A SCHEAT A0 R AL FE: 1 4 X sketch_dataset 42 {3t
()2 T 28 1 22 AR A AT TRAL B, 2R 5 He b 20
S Fp R I M JE ), 4 sketch_dataset HF 5P 431
Bk sk IR AR . B AR A TR N R A AN
stroke1 I stroke2, ‘B 411X} B [ #5254 label; Al labels,
¥ label; = labels, I H strokel H)2& & AL bR IE 1F 2
stroke2 1AL KA BR, A A BATT R A8 T — A4
HB I 2E 1 41, 75 U, stroke 1 i1 stroke2 43+ J& A~ [F] 4 388
o X6 T A R AR ) B B, AR SC R FE AL % AlexNet
28 2L, A S B R AR R AR S ) 3 — Ak
W7 PO N 2 22
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T Se A H PCA J7 i, 1 3T 7% IR FE 2% 2] 3R B
L PR R PR A AR A A4 R B % 256 4, A8 5 PR A
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R A CAE M B e i A B — A ) L
FHEHIEE AR - .

AL HE T A 7 B ()R R e R ASE Y (1) H bR ek AR
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j=1
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i R TR IS RRIER IR S,
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step 3: 1 F 44 & T_comp i id AlexNet, 15 1|34
4 G ARO J 1R 4% 45 #4) AlexNet_Comp;
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end for
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55 1 40 S5 73 il AT /5 1) AlexNet 1 25 A
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Xf T A TE A% VR 2 2 21 3R A5 IR AIE 1) B B 4 28 256 4,
SR G E N SRR G AT oy S2IG 25 RANSR 1 TR,

F1 FEIBRFHEXRE S 2OEMHE IR/

TR T
RRAE 4% HEAEZ BRI RS
HERIZR / e HERH / %o
f11 ]2 (conv Ji7) 66.67 69.33
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f1 2 )2 (relu &) 73.33 74.67
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f3.1 )2 (conv J&) 93.33 98.67
512 f3 2 |2 (relu ) 93.60 97.33
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R fL B RNE A2 E R,
fLolZA i ES L relu G I H, fo 1 ENE2A
BBV, fo 0 BN fo 1 JBE T relu 2 J5 1 45
R, f2 3 JZ N dropout fH M 0.5 I &5 R, f3 1 BN
FINEEILZHRL, fs2 2N fs1 /2 L relu (145

R, f3 3 /Z Ndropout Z J5 45 . R 1H: 15 NIT
Fo IR P 2 2 Hh 3R AT B RFAIE [ 52 (1) 4E 40, 565 2 71
FRAEE RS VR T 2 ST HRRE 2, 25 3 51N AS [F) 3 N RFAE
TN AN FH AR AL 1 AT S (1 A 8 2 B (1 5 ]
KIEHAZE, 55 4 5 A SCHE 1) 5 T34k = L A i
b R > R IR

12 1 AT %, Bl O RS VR 2 5] IR BRI R AE 2
YRR BRAR, 1 2 R M o 2 TR 38 MR R 4
N 4096 4, 1024 4, 512 4EIS, A S T7 110 °F 35 4y
FUETRE 2> BN T2 % 95.11 % F198.22 %o. 4% N KF
fiE N 4 096 4E I}, 75 PCA B 4 i F2 v, 4 0% 4 3ok K,
R T AETCRFFIE, S8 R IEHF B 2
FRAELERE N4 096 1), f1 1 25 fi_o EHRHIE TN, AHX T
AN FB AR AR (0 BE AL T 7, AR SRR I T
BB LE T 81 5 93 B o SR UE R R 4 ) i 2.66 %0 A
1.34%. MUEFAE4EE N 10241, fo 1 By foo BVA I
fo 3 ERFAE R AR T AN FH S0 AR AE (1 B AL 3 7
R, R SCHR ) B T A B T R ) A SRR 3R
239 75 H 2.67 Yon 1.34 G0 A14.53 Go. 2HFHELESE H 512
I, fs 1 B~ fo 2 JZCAJ f3 3 ZRHAE T, AH XS T-BEAL 7
BT, AR SCHR HH R 2 T B A 7 ) T 1) 3 S
R4y 5.34 %0 3.73 % A1 6.72 Yo. 15 B A SCHE
{10 5 T S 1 7 B 5 VR AR T AN FH A R AL (1 B
WL 47515, BENS T 4 1 3808 B R B O R 0 HHE UAE
JEL, B B e ) B PR UG SR AT T A 1 73 R

55 2 2H S50 2 B0 0E B 5 G A AR L A [ 2 BOIU{E
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EA RS e S
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80 | T,
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IEFE /%
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T, S R B R E LS H = 0.01,1%
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KAH 98.67 Yo, 4 o HUAH 4k B2 38 KB, ) LAT 45 1 1D £
B AE fe /NG H b R 0 P o 00 R K, S
EMMEET & BB I /), S BUSE R ) o R AE R E 0 T
B SR JE, LI P B B IEW S 5 a = 0.1,/
$n = 50, A HEUE A {0,0.001,0.005,0.01,0.05,0.1,
0.5, 1}. X = O, B 73 KR UEH F N 94.67 %o, 1X S
P L P AS B P B M R 5 T N = L B
TG RLE R, S TR s AR LA R, 3
BARIEFR TSN = 0.000, 0K IEHRN
98.67 %o, TN = OB A R IEFHRIEF T 4 %,
e W BRI 1) 2 550 B B R i b £ B R R B AR 1 L
AR, SO IR B T M v, 3 BORAR A R R AR
TR,

55 3 2H 92 U0 2 B0 1IE - BB KO0 A5 Y 1 R 1 2
Wi FH - AR SO I G B9 5 2% A e, T
HBAF 7 4 & H Kmeans 28 298 o0 14 38 1), A S2 36 %%
HL 11 7 L R 5 A R 2 0 P A S, BB 2 Sl 12
300,500, 700, 900, 1 000, 545 45 F 4n 4 2 fros. & 2
F2HRTEA N 7 IR EC T IR I RIEHI 2R, 28 3
B AN ) 1) S FEEBORT 5 8 G R 5 — IR AR T
SRR B ().

#z2 FHERAEBRETHMSRIEHE

TR A e SIRER FERT /s
300 93.33 8.92
500 94.67 22.32
700 98.67 38.69
900 97.33 112.39
1000 98.67 166.39

FH 2 2 0] 1, B 5 5 L 0 3 T, 4 R HE A R
50 AT 0, [ B 5 05 4 R SR AR B R 2R AR T RE T
RGN, X R BT S B R B A
() /0N, T BB N E B /N B, AN B AR U ks A
AEACL B3R A 2 T, 5 B0 30 A 1 = i 43 2 I g o
BAR. - BRSO ] DATE G b AE AL 35 4R SR
] — 28, A AL AR 23 AN R 26, E = 28 N A7 T
SRR 77, BN FE AR . M R RO
700 B, 73 SR ALl T B A RS e (B RERT I IR AR K. M
BHEHR 500 B, AR AT R 40300, 20 K IER R K T
1.34 %o, FEIT Y0 T 29 2.5 1% 247 $L L EH 700 1), A
B EEHUN SO0 B 1 73 SR IE A R I K T 4 %o, KERT 1Y
I0T 2 1.73 ;10 24 7 BUIEHCH 900 I, e AH R T ik
O TO0 RS, 73 R IERZE T B 1 1.34 %o, KBRS NN 0 1

Z12.91%5; 247 8L I XN 1000 I, & AT 3508 900
I, 73 8 IE R BARIE K T 1.34 %0, {H & FERS 38 T
29 1.48 £, 1M1 7 S F H0R 1000 B R 510K B 5 7 i
TR 700 B (1) 53 28 TE B R 01 FE RS 12 4.3 £%.
I, A TSP oy R HE R 2R S A, - R T DL
£ 500 ~ 700 2 [H].

5 4 2H SIS B IE AR S BT i FSCDL J7 V4 1 24
PE. 23 K AR S5 5 5 A DRI 6 Fl 2 I B IR AIE R
TN VEIEAT X L 3 6 F 43 il 9 HOG-SVMUS),
SIFT-Fisher Vector!!%!, Deep-sketch!'”!, sketch-a-net!!#!,
SCE20 F1 GraphSC2!, s 45 F ik 3 iR,

®3 AMREBWNFGEREREEIRA G ERIXIEE

2487k HERER / %
HOG-SVM 56.00
SIFT-Fisher Vector 61.50
Deep-sketch 69.15
sketch-a-net 74.67
SC 88.10
GraphSC 93.33
FSCDL 98.67

H1 2% 3 7T &N, A SCHR H 977 5 FSCDL 3R 45 1 73
AL 3 LU AR Gt (9 55 &R 7 75 HOG-SVM., STFT-
Fisher Vector 43 5l ¥ K T 42.67 %, 37.17 %. HOG-
SVM J5 VA% FH 77 7] s 55 L 077 PR 8 B e ) ) AR i
B, FAE A SVM #E 4T 43251 1. SIFT-Fisher Vector
T A% R RE AN AR YGAE RN B 4 K [ 8 1Y) SR AN AR
PRHCR R AE. TR o ) SR I 2 o 5
1) B R SR I 286 () i N, 2 e TS A e M,
T ELAE ZINERCHE w0 A el P VR 2 2 ) 110 P 1 R
FEABEAE. Deep-sketch F FH 7GR Z M3 AN A 842
J2 DGR JEE 19 % 0k 2 ] EETAR i3E AT R 432K, sketeh-a-net
FIH —Fh 22 RFE 2 18 18 I VR FE 6 AR ph 48 I 4%, I 25
G DU 7 o3 R As Ah B 22 ROBE IR SEE0 45 R BoR,
ASTHR H I FSCDL J7 V43K 45 1) 43 28 TEAf 28 LU B T
¥ %% 31 1 77 1 Deep-sketch. sketch-a-net 43 7l B K T
29.52 %Yo, 24 Yo. S 3% W : A STAL H A A A1k 4l B 58
B I IR A B I B RO, U AR N R S
U A, FSCDLFl G 1 B2 % 2 S g i, 3845 1
B R By RIERRZE, SCAEE T Wb 1, 7 S 2 BEAL
WG A1), GraphSC AN T J& 1 W i 11, iE PR B T &
GRHFAE 7S (8] T () LRI e P, (- AT SR A2 BE M LT 46 4
(K. A SCH H ¥ FSCDL Hh R i 2 B 5 O B AR 8t
Rl & 7 R 35 UE B FSCDL 1) 7 K HE i
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T SR H BE AL A6 4, T AR MR R 2, BLARE
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