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Survey on Sketch Segmentation Algorithm Based on Deep L earning

WANG Jia-Xin"*?, ZHU Zhi-Liang>**, DENG Xiao-Ming®*, MA Cui-Xia"*?, WANG Hong-An'**

'(School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100049, China)

*(State Key Laboratory of Computer Science (Institute of Software, Chinese Academy of Sciences), Beijing 100190, China)

3(Beijing Key Laboratory of Human-Computer Interaction (Institute of Software, Chinese Academy of Sciences), Beijing 100190, China)
*(School of Software, East China Jiaotong University, Nanchang 330013, China)

Abstract: Sketches have always been one of the important tools for human communication. As it can express some complex human
thoughts quickly in a succinct form, the sketch processing algorithm is one of the research hotspots in the filed of computer vision.
Currently, the research on sketches mainly focuses on the recognition, retrieval, and completion. As researchers focus on the fine-grained
operation of sketches, research on sketch segmentation has also received more and more attention. In recent years, with the development
of deep learning and computer vision technology, a large number of sketch segmentation methods based on deep learning have been
proposed. Moreover, the accuracy and efficiency of sketch segmentation have also been significantly increased. Nevertheless, sketch

segmentation is still a very challenging topic because of the abstraction, sparsity, and diversity of sketches. This study organizes,

« BIUH: EXARPHA R (61872346); [H X T A& 1HE1(2016YFB1001200)
WA ) 2020-08-07; &S ) 2020-09-02, 2020-10-13; KB i]: 2020-11-23; jos 54 H AR AT ): 2021-01-15
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categorizes, analyzes, and summarizes the sketch segmentation algorithm based on deep learning to solve the above deficiency. Firstly,
three basic sketch representation methods and commonly used sketch segmentation datasets are shown. According to the sketch
segmentation algorithm prediction results, sketch semantic segmentation, sketch perceptual grouping, and sketch parsing are introduced
respectively. Moreover, the evaluation results of sketch segmentation are collected and analyzed on the primary data sets. Finally, the
application of sketch segmentation is summarized and the possible future development direction is discussed.

Key words: sketch segmentation; perceptual grouping; semantic segmentation; sketch parsing
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Sketch-RNN 55 7 A i HAth 25 (8] 4> B FRYE. SemanticPart H4fi 4 2 th 1 /7 A 58 PRS0 1 (8] 4> B Bcdn 45, 7T LA
PR AS [ P B b i 1], BLARANAT 4 35, Rl 325 44 A\ BikRiE. SketchParse $iH 5 2 24 B ME— ) A JF 35
BT £ B 4, SketchyScene R /& 1 ME— K A FF 3% 5008 U BB 4R, T B T8 S0 0 B8 48 7] i
U AR AR R, BRI RRE W] DUR 36 2R 2 Rk i v

R HE SR L

B 4 R PETEE [ e brE R 2N FFIN E) (4F)
TU-Berlin""! 20 000 250 U 2012
Huang!*!! 300 10 i S5y 2014
Schneider®® 120 6 B Sy E| 2016
SketchParse!*”! 21 448 11 EAEF T 2017
QuickDraw[*") 50 000 000 345 LN RV 2018
SketchyScenel™) 29 000 45 56 o) 2018
SketchSeg-57K*#! 57 000 7 i Sy 2018
SketchSeg-10K 7461 10 000 10 B X5 2019
SketchSeg-150K!*! 150 000 20 W X o 2019
SPGH*! 20 000 25 i Sy 2019
SemanticPart*”! 864 4 5 Sy | 2019

3 ETAREFINEESANER

31 BEENHIEEN

W 2 Frow, o S0 S b S 5 SR nT DAY 1 SO L IR AR R S R, P, 1 U E R
P e 2 1 3 PR R AN EAATE SCRIAREE, 15 8 o ks BE 58 PR RO, AT LUK Xy B3t — 20 0 A3
SCAE Lo A H BRE o] RN IR 2R B v ) S AT A 4, AR LA A S NI R A B
AT ) Ay 2 PG b ) T A 5 35 0 TIE v SRR 2%

EH T AR S o i TR B 2 ) I R 4 B A, TR T VR B 2% 2 O vk S A S R E A S B R (B 1 Bt
TR G G, AR AR OGP BRI STVE AT . R IE 2 ATk, R BUR A R g B Sk A
oF 2. o, SRR 2014-2020 4R, REENE aEIEE K28, b ARREE A TESETEG. ¥
BIFD AR VR 22 ) . Hoh, T30 WX 5 (1) Huang-Auto 85032 5 3 T 4 4F BE KL% 1) Sketch-CRF 832 1 1
PR R, AR O A B R LB JE T MG IR IR B & ) 00 4 PR DR A SR B ol 28 ) 4% 5 14
41 Dual-CNN SR H AN FEFZ K CNN; 2T 550 R B 2 ) i i 15 25 Bodk Sketch-RNN B ] A= i
AT AT of f b ] ) TR0 2 R T s AR IR T 2 ) R AP 4 B AR 4%, 2 ) B E
SERRRAE, X REEIEEAT A B SRERISEA T T ST L A R AR, TR B S SR
TG 3= 515 2 50 55 A2 T AR A A8 BRI TSR, DTS &SR F 38 T 40 07 =8 s B i b
VLT ST BT A AR 3 e RS XhR2E, BRITNE A& R 38 T BUE i 3R 5 5
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w2 HEEIHIE

S
GRS R E BRlEEITES i
. St RE B ek Huang—Auto[“] 2014 Ref.[41] B4 0K 7
RIETIIE | Gieh-CRF™ | 2016 | Ref[38.41] S AEHEHL
Dual-CNNP¥ 2018 Ref.[38,41] WA FGEIRZ CNN
FastSeg™ 2019 Ref.[38,41] CNN 43 #1J5 RFEARAL
T KB 2DSeg!'" 2019 Ref.[38,41] N L ] P 4
SFSegNet!*) 2019 Ref.[37,41] % () AR A b B AR
Sketch-VGGP7! 2020 Ref.[38,41] NGB SRR B, T
SketchSegNet!*¥ 2018 Ref.[38,41] KT Sketch-RNN 5 4 4% 7> 35 4
e SketchSegNet+*! | 2019 Ref.[38,41] BT Sketch-RNN 5 48249 25 8%
USPG2.0-Pretrain®! | 2019 | Ref.[38,41,43] JEF Sketch-RNN 5 1 5 3
Kaiyrbekov-Seg!*? | 2020 Ref.[41,42] KT Stroke-RNN 347 7 # 5 43 %1
BT MCPNet™ 2018 Ref.[41] AR B S el
T Sketch-GCNEY 2020 | Ref.[38,41,43,44] ] 25 A5 ) 2%
ST AESEE SPFusionNet™"! 2019 Ref.[37] A RS
Hikink HIE LR R ARIEA TS LEPs
VR 2 S vk Edge-PG™") 2015 Ref.[40] H T Rank-SVM 5 [ i
- USPG1.05% 2018 Ref.[34] JR A R R
- USPG2.01*! 2019 Ref.[34,40] Ja 5 4 R SR Ok
L AT
BN R AEY RIS it
r— SketchParse!*] 2017 Ref.[49] WA TFK5 M
i DeepSSPLS 2019 Ref.[49] F IR W 51T 2]
32 EEFIRFEEF —ERENSE

L] 2 1) R v B L R 1 2 G S A s SR LR S, RIASORT B v i) 2 AT 4 2K,
IR A R KRG B AR R BE S B, BRI A G O A, 0 B ] R oA LA Y E
S VR SOy, PR, R T R I R PR B VR TR R 2 S EE TR Ol B ENE ] B TR [ S E ) B
Iy RN EE i AR, A SCRH SRIR SCHR[S91H (W fim 44, 4 B0 18 28 1 1) 25 S0 28R R B2 1T X1, KR 2
5 25 PR T X 2R A B B AT, o P ) o RO BB R I TR B A o) I R R S B,
METRTT R TG T R FAE T R
3.2.1  RUBEEE X0 FH R ITE

B R N v R R %o 5 P A AL P 45 o PR 5 B O i 5 30 47 23 81, T SRR [60—62 145 55 ] 4 21
N FEA U S I 2. AR, Hob, Sezgin 25 N COVF FI 2 i 1 77 ) o R 55 SRARAE, 004 E)
1 3 0 P Kim 25 NSRS AT 430, Pu 2 N2R FH 4% 1) 3L 8 ¥ (radial basis function), 54 5 [ 45 il
S B HEAT 43 #). Sun 25 NS T A W 5t B BERIBEAT A E 0 Tk, ST A8 SRS TE, TR
T 60 B 20, T B DU 1 3 S D AN ) (R0 4. Noris 25 NCHBE T2 B i3 522 H I 51N R B bR 45 8, £
377 MRF R 3EAT 50 43 ). Huang 25 AU 38 20 9 3 9 75 5t e B 40 0 1 L, S N — 9k B, 1 56 )
FHAE R EE I 24 27 ) 43 BT TC o5, T 30 2R SR T A2 DT POt AH 8 it 3R AT TRUAR B, o i o o PRI 2R 28 ) R 46 Ky
R A BEHON L 7 B (mixed integer programming problem)MEAT K fif. %7 it TAEAEZ A B, A LI T 4 R
Motk I, DURC R v 5 1Ak B0 5 5 DU UEVERA . Schneider 25 NPSFIFH A T84T SIFT $FAES
Fisher Vector!®VREfiE #4) 2t P, 3 Jo Pl o) 23 K 22 i £ gy 3 K (0 47 15 HEAT 23 81, IR 38 ik 4% £ B 3% (conditional
random field)' 42 5 P () P8 4 b i B, Ak 401 45 5L
322 HE TG EIE S EI

F T G B ] 2 o S B B BAR SR, KR B AR R S o3 ) SR I B K]
I SCHR[10,54,55, 5714 05 0 P AR S 1 AR PR AR T SC 40 I A R AT B, (H AR Y B A 2 () )
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QiRME R, TR R A A A AT, SRS AL A RREHLYS CRE U5 S I NG R 5 B B R, it K
BSOS OIGAT SRR AL Zha 25 AU L 5 BB B2 M 4, 155 1 AN ERUZ B E KIS S BRUL K
(stride), AT S G 2t 95 H 05 L Y 28 RS iE. AT, Zha 25 AU L T HostSketch BE7L, 43 54 4% 4% 22 i 15
Bk R EURAE NN, S50 SR A 5 RS A R R E B, £ T Sketch-a-Net B & 40 R BRICL splons
M AT . HIREAL, Zhu HAPTIE T AREGR KM VGGL6 HEATIE S S K, $EH T B
Sketch-VGG, KL & DLAEAS 2R ] 2 [ BRI U8 N R 45, I T D 458 0 8¢ 110 i N\ 3 450 A%
HostSketch 15 Sketch-VGG 5 8 [f)12 1T I ()48 T 4L (&1 28 1 0 400 H [ I 5 V] 22 1 ) S0 45 8L SR Tl 4 4%
28 ) 1 R

Li 2 NP T 56T 40 A5 % 9 2% (encoder-decoder) ) FastSeg MEMY, il it ©L 45 3D MRS 12 A i [ 3
g, IR B A 20 0 25 0 2 B B AT 98 U, AR T T B 1 SO0 Rk A s ) ) /. {HL iy 3D BB A
BRI Z R A RN Ll B K, Sb 2l A NS S BRI R 2 5, 5 TS EAf
TEH R ZER. B, FET 3D B Az pl i) B B I 2R 2R ) 3] T 2 2 8] 1 P A 1 2 SR i ATRORY . 12 SO ol
Lo 4 4y B R LA L, T R T ) Ak, #F Huang B L, SETF A K5 B (component-
based accuracy) Hi 65.6%42 T £ 73.8%, &5 T 8.3%; £ TU-Berlin £t#i 48 I, T304 HOREE th 71.0%32 7+ 2
79.4%, &= T 8.4%. SR, M T UNEIE S BT B R0 E =, %00 ks R A B T A R
(10 2 1 25310 5 800 BRI Jiang S NP T —ANERXS 55 I () 4 5 B 40 1 I 4% SFSegNet, W1l 11 iR, %
W 28 B A5 UG A4 R 48 FCN 507 5 A8 3 B 25 A4 e, SR FH AL FF) SR gt 2208 7 e A5 38, AT A T 35t
SOFEARALI ST ), 308 0 U7 5 A8 o0 28 R B)), DT AR P il 28 1 el 8. (T4 N E 8 Bl RGB
BTN, I SO o P 2% 45/ 7E ImageNet KMGE &8 BabAT T WU SR, I 70 AH N 5L 1 B 4 b gk AT R iR
(fine-tune). it LG MERZE . WL ZHWAREREMNR, FRGER 6 NS HN AR B sE B, X
K ] Gt R 2% r (R R AE B AT AR, 2 B 4% () A8 i Y 4% (spatial transfromer network) 7O K18 5, 3145 SketchSeg-10K
Ko AT OS2 B0AIE, 2L, P-metric B 89.1%42 715 91.2%, C-metric Hi 86.5%427H £ 88.6%.

ResMNet34 [ F—

| il ]

S ) i % % % % S+

. £ H E & |

BEHE00 x3 x3

m—i@ﬁ l 1230100x100  2Ex10CHI00 *J‘L_E_
HE
ResNet34 [iiEE— &
.8

§i7

l

ResNet34 i =

:

Zou 5 NP AR Y T B K 5oy BB 4 SketchyScene, 3EH S YIS FERIFE A DeepLab-v2, %) 5[]
Y 53 ATE XAy ), I T 5 FCN-8s, SegNet”!), DeepLab-v3 25 [ 4K 845 15 4> B R HEAT % b, 256 4 B0
T E AR B 5 2 FE 1, DeepLab-v3 JIr 5| A B F 30F B TR B 43 #1142 A BE, DeepLab-v2 Bk &
I T B ).

E12:25x2E E12xESx3S 2ExZExIE

11 SFSegNet [ %4 45 1 156

© PEBEERKCEIFR  htps/www. jos. org. cn



2740 AR 2022 55 33 A5 T H

3.2.3 BRI R B A

BT 81 (¥ S 3000 5 P 43 0y e 20 TN ) R0, s o ] G A Ay s (A B S (YR A, PR
IR 0 2 AT KL EE . Wu 25 N0 ORI PR o 28 100 28 1 T 5 P 28 1 43 381, 35T Sketch-RNIN HE & 2 Rl 7
F R X LSTM 4 i 5 (W FF A0 % 21 LSTM #1528, A4 3 L T B K| 28 i ) SketchSegNet /- #IAY. al& 12
J7R, %05 VE T e 5L T WL i PR 04 2 (bidirectional recurrent neural network)! 7> ) 2 fith #5% 45 5 1K) 25 1) 4t L) Ay 2K
WAL F A, BT A8 5 A )4 15 2% (variational autoencoder) H ¥ 71 3| ¢ 51 4 Bt (sequence-to-sequence
model)!7 73k 2 3] 4 i (AR X, HE 20 A B R AR B 1 B N RS 2% VTR BROBOIR A RS, T A RIS
PEFF A2 W 4% (autoregressive. RNN)VOKIMRAL 3%, 4 2 1 IR BaUOIR 25 5 A5 20 K 2B AR SN, I T AT N 22
ERHIE; 5)a, W 2SN Y Softmax WUEJEA BNX LM 17> 2845 H. WHZ T 55300 77 i N I 28 1 )5 51,
WS ) LSTMU 740 5 4 L TR0 (4 43 28 45 L. A A — N2 i () 49 2R 45 ST 2545, B0 mT 45 3060 J A B ]
HITE XAy E 45 R, 5 Sketch-RNN & 25 i B R AH LE, SketchSegNet B[] 43 F 45 UK Af L) 25 53¢ i B0 e S0 VR A5 A
M GMM (Gaussian mixture model) K FEARH 5 i 11 423 3% 2 5 Softmax Pl 2 M I 7 L. Qi 25 A1)
7t SketchSegNet #2 [ Sk it F42 tH T SketchSegNet+#%, H:th, Softmax |24t 57 KA MFFRERIMER, 8GR
Ja BT AT LU 22 S B B EAT 4381, 45 S B S H A KA R R T3 S I BVETE — 17 BB 2 AN R 28 7 4
Jay B A A AT R, TR 2R AX o A AR R A DU IE i B L S RN, 1R R AR R N v SR A A (1 IR
JPs R ZO R, TRV AR EA DL BGOSR I B

NGO, 1) [ tanh S AR
K 12 SketchSegNet [ 45 4 iy 144

324 T RUER M EEITE o RIS

BT RENEER R T R IR GE, R w0 b 28 ) 25 B A TR R 20 0 B 8 EAT Ab B, (R 2208 T
TP AR B T AR A Y 4% 1 B T DL ek A BN S R A A 52 ), T FR 4 R
R BYE. W MCPNet**15Z PointNet!® i %z, H5 i A o BT 1L RAE B ok 4k i, PR A [ K/ 136
MRS 2 g% 55BN L2 RERERE, RE&ERAEIE. KIIEW, 250804 B T4 s %
S5 RREBE. 10 SPFusionNetl 455 s 48 5 MR WAl 75 ) X, — 5 TR SketchNet 2% > ] B 1 2 )2 K
BREFERE, 53— 771 R H SPointNet % 3] 5[] i £ 12 R 5 R 3B VAR AE, 55 38 610 5 5 s A REAE 1o 43 %1
ghi L. i, SketchNet K FH 2w fif 0 45 K, 4h & 25 WA AR M3 5 5% 72 (spatial invariance enhanced residual)#
ACFR R AR, S 2] IR g ig 5 i 2 JUBER Z 45 1E. 1T SPointNet [RIFE 5% PointNet 8 &, %% > I 4wl 5 K 1)
2 JR 5 R AR R,

AT RGP, TEZENSDLSEESD. DS A DA B A 507 1 B 4502 2] 6
HATRESI NS B, Wil 13 T, SketchGONP Oy AR5 B LU S SE T 360, Rl WA N 1 B 450, FI 2 )2
PRGBS E S B RBIE Y >) B 2 75 BURRIE 5 5 2S B AE, TRl IV A AL S PHE 4R 6 3 &1l
LA IR, 7R ORIF S 2 AR E I I, 48 [ 8 I 245 11 2% 20 i 0 5 o 1R 28 1 LI 40 1 1 .
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/%ﬁ DA~ & T HSER T § T ASER § — HEER

f%i% BEBT ; Lpasie &L pasie X L pasi-e

¥
XN
BTLXN
|
&
op
&
o

BILXN

i
ot {Esis EEE] . ZINe \ o
we | TRAME . E® I o 3 . .
= o 5 B 5 = ] .~
8 [ lue 2 om ¢ z | &
(18 Bk EELE
z BEel .
g
. mﬁﬁ é 5%&? .

13 SketchGCN % %4 4 g 120!

33 EEFEBELE L —ERBRMBL

B 28 2 RS R I R A BN AT A A, A AT e R R AIE N E X, R E T
Shik, Wk — A B B A R JE IR B S 1. SCRR[79-81130 A, ARGk 5 ok A -t 6e Dy, RICKS
R £ 2R 55 B R 7R AT B0 43 4 (perceptual grouping) (K] fiE Jy 7 37 76 4% 2015 43 21 1 ) (Gestalt laws of grouping) I,
WK 14 iR, @%*HQB‘TUE AR ZEZEPE . MG PR SRR RS, R HAn R 5 AR g 2,
DRI b, 28 D 0 5 SISt S e 2R 28 (R 4 ). s 5 0 2 9 D i AL P A e 10 05208 5 8R4 o S, R,
E"éﬁ/ﬁ)\UZIEHﬂT EAELEPh IR Rk, SRRSO B A (1) A U o AR AR R R OR,
(2) WA o 2 JE AT A6 R (3) A4l 0 T R e 2 2 ) B T B R R AR, 8 OB I 2 (R A BE 20 (4) 7E2R
EEEARMPTEET, S HAE BT IEREE IR, BT IR B2 W 28 BEATRFAE 2% o) B R SRR 50k, %)
2] [ D ) = A AT AR AR, DRI 27 3T B B AE X DAORAIE: (1) G A, RIET I E bR AT I 4 4
(2) BHEZEX RSS2 A B E AR —BE, MR )EE EAEgm S HEE S N4, £ S
Hgm SO, WALELR EAREINERE S 5L S AR 4L e g5 L.

0 W W - [

et @ ® O C @@ O O
KL @ @ o o @ @ o o Iiﬁ;ﬁ D@m%ﬁ
gaamtr o [ [ o [] [

14 i 2B I A 43 201 7 U

3.3.1 YRR A
ST R P24 2] B R B R SE O H T 3L, (H SR AR IR B2 ) IR R A R X % 1L
GRAREL G RN SRR SA I A DAL, 00ns T4 78 BN 2 AR AR R0 5 22 20 o O T8 20 2 s D v 5% 1) AR
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ALK 2 J R T 20 I 2 B R4 (1 S . Qi 8 B33 T o (0 o vk DU o s 7 B B0 3 P
FEll(graph cut) 57k XS 1 S B Bl 5 B BEAT IR A RS, I Y 2 el o B 2030 K 15 2 S O E IR FE . Lindlbauer
205 NISHIIEE T RH AR ity st 4 Sk P AT R B T 5548 1 2 ) (B B, PO L J2 KR S A7E HAC (hierarchical
agglomerative clustering)3k £ 5 RSG5 L, IRAHBIH P o R0 o el g R e . ol T 5 B AR G il 24
T4 SR 300 % R IO AR, P T 300 % Wl e 3 25 11 B v 1085390 — el m DA Y 1) o R R 2K Qi 25 AR
RankSVM 1418 J01 2 245 f) A A 1 15 328 vk T ) Ay AL B st o PR A R 0 ik 22 s 48 PR 31 ARV L0050 o B kA7 4
. Qi NPl it RankSVM 2% > K 214 T U (1 AU S At e b X8 S U 2 R PR ph 5, 386 T 3 e 5 M1 AT
B N THREE, #0572 hr 2 B R B S R A7 Sk A, TR B A I R K45 R
332 BEXSEECE R AR R EE

BRI R SR SRV ML AL, TR A SCUTE, TS B A0 5 K 8 5k AT BRI sk, &
TE RN EE I RREE A ERSH M. Lun & AP EANE M N T 88—
R AT IS SRR IR JE G B4 I 4% PatternPG. ‘B H JE A JG 2 4 i3 85 (atomic element encoder)5 45 #)
it 25 (structure encoder)F A, L, FEATE 2 AT 4300 20 I 22 P ) SR AR B R EAT AT, &5 45 S M i 2 42
e RArE 5 RAE R, BRRANBGRIEH T B iU S AL, PatternPG 553 TR 2 ) (R &I 2R
P H BRI, (H 3 BT ph AR P G R B I 26 R T AT Greff 25 AP T 10 2 d K AL BT,
FIFH TAG ¥ 4% %ot S0 BRI AR BEAT 3% A QU G B 2.
333 HEREMMEE

TR R RN TR R R BG Y RS E R, A AU B b R LA AT R, R
TR A P4 X SR 2B . L, Kim 25 APPHE A5 BN 46 PathNet & H MG PR 3 BT AE 42, IR S
PathNet Z5 24U A B BN 4 OverlapNet TN & & X IR, B EFIH MRF %75 BTS84, Jfaid E#
B GraphCut HEAT SRR, &5 AT LLSE BN B (1 4338, 3 m] LUK 53 B Bl P 1R X 3. 3 4, %073
7 3 PSR B 2 (rh SCRT H SCFA4F . S B NI 245 A QuickDraw F2: 55 [E]) EREAT T 500E, JEHUE 778
IOU it 0.8 [ RIF 45 4. {H i T PathNet 75 21247 2 YR T 28 i 2 () (19 A4H 55k, H T840 1% GraphCut 532
FIEAR LK, B (A — LR P R 400 s, A LU B S Y A B K.
3.3.4  HT RIS )RR R

USPG1.0PUir 45 T K AT B SR BHi 4 SPG, H2E T Sketch-RNN B [&] £ b AU 42 HY T 58— AN L T-I5 1% il
5 9 24 1) 38 FH 5 P SRR AY USPG1.0. W18l 15 iR, USPG1.0 4 Sketch-RNN {4y FL A2 sl 4% 43 52, Tl i 7 41
S FF HIA8 43 [ 5 4 i 2 (sequence-to-sequence variational autoencoder)!* "% >) #5 [&] {4 0. USPG1.0 % —A
O3 30 FET A B 48 43 37 TRV AGE - G5 2 T AR DL S 4 % (affinity matrix), F30 e A AR 4 I 5 BB 2 4R M8 1) 4
5o dgE R, USPGLO F 128 it 2 B S R R 4 Jo 58 K05t 2 bR B0 B0 0 Sl 4 2k R B0k A7 DI 4,
AR AR R BT TR AR R M AL A T, T AL B H A SR SR, RS AT DL AT R A 2
Sl L A8 K o B AT DA ARAIE 4 Je) SR S — BT

[51,85,...,8x] Sw _
7 o
[ BRNN | | GMM ] Solunax [+t sidiik]
=

o i
E—
N, 1) [7anh

15 USPGI.0/USPG2.0 [ %1 46 iy g P44

T I INAAN o R 3L, v LK USPG2.0 #RA 5oh T 1 28 118 S 7 W 4% USGP2.0-SEG-PG; il
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TEF AR USPG2.0 7 20451 5% bR B0 e o b 28 40 2K R 4R, T LAAS 1) 2 6] 28 1 ) 9 S 3 #1828 USPG2.0-SEG;
4, BT R B SR AR BEAT RS I, AT DA B 2R Ly HIAR B USPG2.0-SEG+PG+Pre-train. 483
SPG #{ 4 % U6 i, USPG2.0-SEG+PG+Pre-train (P-metric 84.6%, C-metric 79.4%)ft T- USGP2.0-SEG-PG
(P-metric 83.9%, C-metric 78.8%)H! USPG2.0-SEG (P-metric 78.5%, C-metric 72.1%). X3 W] %7 & 552 3] 5
HRAAE AT LA T B [ 05 SCor B MR, JF H BT S ) k.

B P] S ARV AT LGS AN [ A ) ) B PR AT 2 A, T A ) PR AR BRI TR CRAIE 43 I I &5 S B SO
BT o e o I H S X RO AR, Ml DA B 3 R 3 0 2R o . — e A A 5 A6 o %o T & R AT M
B, MET OAMEREED, FEARGI BN S H RO T 3R e &) o AL 45 . USPG 1.0 SRR B AR5
AR BUEA RN, BRI X (8] (AR B AE AR S, RS B R IR Bk, Jiah, REEK
A 5 9 P T S B i 2 1) 1 DX 3 5 I M B PR 4 Bk O R T S0 A DX A AL, T ek A Y 11
JE T 53 AL A58 R e B o L 5 53 R B B I, B S SR S AR e Oy o P 4y BRI
34 BERERRIEEZ——EEEN

H AT (sketch parsing) 52 1R 55 B 23 #1045 2 55 15 AR R IA0E SCor BIAEBL, 5 5 B R 1K 18 45 3% 4 28
Fr&g. HRCEIE SO EH G, B IR AT BE 2 S5 ] vh i) 28, o0 R v g e XL B b, TRV T A
SR EIMGEE o B R N B B AR R SO BRI, IR bR B B R UGS U 3RS SO B 1 Al A A
AT IR, 15 30 20 =] i fir s 2.

Sarvadevabhatla 2% AN H T 58 — MR BE 48 M 45 45 1) SketchParse, X T4 AR AT A Sh g dr.
& 16 TR, SketchParse #5274 AN G N Z M e — 2 0B SLEmgs, — 2 h 2 A0 R P ik
P B KNG R, PN 4% J2 22 1) b — ANl 9 4% )2 (router layer)IE 4%, & BE A% FI FH AN 3 52 19 256 3145 1) e
T 8 0T I 1) G 485, DN T 38 S A 41 i A\ 5 IR (R 2830 - 3 % SketchParse #E4T 4. 5 4b, SketchParse 1] LA
S5kl (object pose prediction) M 454, B W AR B THE R — AN E 22 34T 55, THE s AR 1
PERE. SketchParse A AR K544 4 Pascal-Parts®If COREPA: o & i I HEAT I 25, I 78 355 A B3
HBU2 AT T YGAIE. SketchParse A7 fit 5 b B AR AN AH AT A, I A4 w5 26 1 200 P 100 40 0L 138 P54 2R (fime-

grained sketch-based image retrieval).

SKETCHPARSE T VO

1 Pre-softmax

KE
| mﬂ# - i
L 4 32 28]
. 1 © hEiEH ! i R W3 164) 1
W EER s 1 i
HE(LES - i x4 [32) [
: B L ! L 8
: mieE Softmax  [8]

W’mt{;.-f—* ¢

16 SketchParse 1% 2% 25 #1491

Zheng 25 N\ PSR T 95 5 4 22 B 2% 45 44 DeepSSP (deep semantic sketch parsing)f T2 5 & $EAT AR M. 1
T = w] e AR AT 0 Z IK 50 4, DeepSSP 45 1 FI ] 55 ¥k 48 #t(homogeneous transformation)fi £k 472k
% (domain adaptation)n) /8, MK B R EGE CEE S B FF I 25 5 0 SRR, 248 T — NI 2%
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M # (soft-weighted loss function)ZE fift #1121 S bR TE 5 FEARIL A nl ;R HL 3 2 I 2R 5K M (staged learning
strategy) 7t 73 A H] A B AR I L = 45 |2 5 2 K 2% )=
35 HENEAELRE

Wi 17 Bros, SR A [A) B U431 I 2% 45 4 Tl SegNet, DeepLab 45, 4 Il ZRAs B i N ok B AR R, briE
A AR RS S B0 25 R, B W LUR T B AR UG 8 U BIR H  II GRi B i Ak R L ER, 5
oA B B R B s Ly BIas R, 2081 5Hga, ORI LR R AT R S, B ] L] R
EZ 10 B 0 2008 S IR 24 I G BN i N Ok B B IR, b v o 2 B R IR 1 3 G008 ST 45 R I, A5
RUA] DLHS AR 2 900 SO AT . R BBAE A BB i T 2K, T RS 43 ) JH Ak B 4 P45 1) ol 4 1) 296 A5
REHHE. HE T EERA RGNS 20, W aS T RS E RAEARNE S a8, IS gt Xt
RSO R A 4 ) Rk ) R AT AL T A W 4 SE RN )T AR RS, R BN T AR S k4 IS
R AR OC RAFAE, AN R UM TR B SRR A AN 5 r) R B g 2 ) BEAT INALAR P,
T AR FOBURRCE R E 0, B 2T AR Z (BRI, 0T AR KM B TH 10 24 AEDOL (B 55— 263
R B TR B B A, B R T SR B, IR A B 45 SR A AR Y, T T 4 ) 44
REIFEIG R, HR A B REESEA TR, RN IR G AE LI M AL, AaRHERCR, LA
B 1o 53 (R

&SR

BRI

Convolutional Encoder-Decodar

Pecling Indices

K17 o B R 0y S A I, P SO - R A
A LASL S 5 R UG S5 ) 2 A 7Y

H i e fie 1 500 P 23 3 ik 3 Bt 0 B bR IR S0, RV B T B o H b B S0y Bk
FUAEL N T8 B T2 H bR, ER T e m A 10 07 i ST AN IR 4, AT %) 22 H AR
PREER P Ly 7 A . B P TR 2R R P R T SR AT AR X b, e, B R SRR I 2 X S5 A
MR BV AR SR BE, AR v ARAAE S, J5U U0 b mT DAAE JT A S0 e (] 28 i EAT 70 2, I B FH 812K
BIARFNIA SN, T TR E . B8 Sh s B S50 7 5. i B P A S0 00 58 sl ) 2 1,
AN TR SR E G A E NN, HAT A RNERE TR E, A 2 ) 2 () 3R 47 4 97,
PR AT foe 26 1A D s 1 2R

4 LIGIFLE oA
41 EEIEX D EEETN
R 2B T A B 5T R ) Huang 5 AP B PRI 35 A,

o ETBRENNEE P-metric (pixel-based accuracy), RG4S IE A I L 451
o LTRSS C-metric (component-based accuracy), HVZH R ZEM AT L, 12— AN B
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P 75% UL b (45 22 4555 JEIE 0, kA 4 2 1E .

TR MR R 2, RIE TR R A VRI 7 vk 20 T R34, i el T/ 30 R B B % TR,
DR S 35 1 3 P PR R 88 2 1) T /NP, SR (44,457 70 R A R BN [+ ) 4.

o JLTZE i [¥I K B (stroke-based accuracy), Bl 80%[MIME F 4> I EHAN, 281 4328 IE .

o LT A ¥ K5 B (component-based accuracy), Hfi 24 80%![¥) 45 il 4> #| IEAf I, 41444 %1 IE 4.

Wk 3 PR, BRS8N T3 UHREAE 9 7775 Huang-Auto™®' 5 Sketch-
CREP®, 21, Sketch-a-Net SR VR B 11 26 194 2% 1547 50 B TR, 2D Segt O 2L A ph 4k 20 B e P28 i, 5
W JLAT 55 oh R B U0 SOk S ETE SOy ). BTN B 2 A R AR B, I AT, R [R] 2 i AR AS )
2 v BAT R 88 SUARZS, RIGIL P-metric 76 Huang B34 FAGAF] 70%, % T 65 B 22 5] 43 81 )5
Sketch-CRF. 2DSeg 5 Sketch-VGGP V7 iy A\ BAN 22 i 1) [7] B iy N B 5K 75 ], il 452500 181 4 40 (1) P-metric 7 Huang
s LikT) 82.8%1 83.4%. T Huang 5 Schneider 4 8 A /N, T EIG ) 5 ¥L U Sketch-VGG
FI IR 2% 20 7] ARG YIS B i Al e 2ok, skt — @ B bk redTh, g i 3L fh 75 5. SPG 5
SketchSeg-150K H £ MBI K, 3T BRI S U I J772: W1 Sketch-GON 75 75 2280 2 I 80 ) Rl i, B
SE SR RRAE 2% 2 8 D), BRIk Sketch-GCN A 842 IL L IHI 1Y) P-metric ¥ T 95%. X F- A3 44 o3 #1456 R 1 V7
W C-metric WK 4, 53K 3 FA—F, MEXT 748 EBHEIE o310 B vt i M 24588 DeepLab 7F Huang 24 4R
b P-metric_LiEF| W45 76.2%, {H C-metric {4 66.7%, Uit DeepLab 2% 5 78 /N4 I I 43 284 %, USPG2.0
BRI D) 4545 SR N 43 21 548 S5y %1, 7F P-metric 5 C-metric 338 THT =045 9. HAT, B4 30800 g s
BRI R BR, 2100 SPG a2 10 25 25, [, 50 T8 S 401 75 B2 700 500 ) iy o P P44 (1 288 o 730k — 2D k4T
A5y, 249 B 5 2 R0 P S BT, S SR 1 E e DL

* 3 P-metric FEARVEINEE R, (H ORI WIROR Mg (%)

Huang Schneider SPG SketchSeg-150K
Huang-Auto'*"! 67.9 - - -
Sketch-a-Net!”! 70.0 82.3 - -
Sketch-CRF?! 73.2 83.0 - -
SFSegNet!*®) 74.2 - - -
MCPNet™*®! 75.1 - - -
Dual-CNNP#! 75.7 86.2 - -
DeepLab!'¥! 62.7-76.2 84.2 80.5 -
Sketch-GCNY 79.5 89.3 97.6 98
Sketch-GCN+GCE" 81.3 89.8 - _
FastSeg+GC 80.6-81.4 83.6-84.8 86.2 95
2DSeg!"" 80.4-82.8 91.8-91.9 - =
Sketch-VGGP! 82.0-83.4 93.8 . X
USPG2.01! 83.9-84.6 88.8-89.0 84.9 =
SketchSegNet!**! - - - 90

* 4 C-metric Fabr VIG5, (E BN I R 8L (%)

Huang Schneider SPG SketchSeg-150K
Huang—Auto[“] 55,3 - - -
Sketch-a-Net!”! 66.4 77.7 - -
DeepLab!' 50.0—-66.7 78.8 66.1 -
Sketch-CRFP®! 67.0 81.8 - -
Sketch-GCNEY 69.2 82.2 95.6 98
Dual-CNNP# 69.3 78.8 - -
FastSeg+GC 73.8-74.7 78.4-79.4 77.4 92
Sketch-GCN+GCEY 76.0 84.4 - -
Kaiyrbekov!*? 77.1 - - -
2DSeg!” 76.1-71.9 90.8-91.2 - -
USPG2.01*! 78.8-79.4 85.2-85.8 77.6 -
Sketch-VGGP"! 83.3-85.3 92.8 - -
SketchSegNet!*!! — - — 88
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42 BEERMBLEEZTN

o A 75 E R A VOI (variation of information), PRI (probabilistic rand index)fl SC (segmentation
covering) bR, I, VOI Bt AN 43 21 10) 11 3 2 PR EE 25, PRI & 5 AN /) 43 201 2 [ 2 1 A AR 260, SC
FEEAFRSHZMMEZE. WK 5 JiR, £ SPG 5 Edge-PG 4L I, T IREH A USPGL.0 5
USPG2.0 {1 AR B 2 > J7i% Edge-PG. it DeepLab R [ S & INZR )5 3, 7554 C a8
(Rt 25 Lt 84, {H USPG1.0 Fl USPG2.0 7E BV AR A2 5 B 45 N bi L3948 T DeepLab #57Y, [A]
I, JCFEARAE CATRUR F 25 L 22508/, USPG2.0 E AR AN _E (1 VOISR bR L A0 T AR, X vt Wk Y
USPG1.0 il USPG2.0 Xt CLA12 I L % 518 S0 IR IR RFAE 2 S BE Ty, RN, X HARFZER % R A4r
fIHES L. USPG RAIBIALSE & GAN YIZRHESE, X o [ e AR B AT i, PRI R ml REANARE, T DURIRCE RS €
F v T AR AL 2 9 7 XA A8 00 9 i ) 2%

5 AN ISR VRIS B, T IR X B PR AR R A U2 SR T,
LR 6 ik AR/ D) 28 SR A

- SPG L AICR A3 Edge-PG

gk VoI PRIT scT VoI PRIT scT
DeepLab! 1.20(-) 0.73(-) 0.65(=) - - -
Edge-PG!" 1.03(1.13) 0.75(0.69) 0.65(0.61) 1.69 0.62 0.53
USPG1.08% 0.59(0.64) 0.87(0.86) 0.79(0.77) 0.96 0.78 0.71
USPG2.01*) 0.55(0.54) 0.91(0.89) 0.84(0.83) 0.81 0.82 0.76

4.3 EEBHEXIEN

PR AT Sk T B ARG E ) TOU (intersection over union)fiAn. Wi 6 7R, SketchParse
Wi LT DeepLab 5 Sketch-a-Net #5% 7F SketchParse £ 42 _FH(AS T 44 10U Jy 64.45%1 4745 B Gl
FEFREL B B DeepSSPL® Ky Sk, s A T J5 50 45 B 63.17%). DeepSSP MITE S, 7685 [ fidr b, 7T LU 55 4%
Heff PeIT A 27 20 1) R, A RIS 2R B B Ak B R AN Y 0 ), AT R o o RS . T AR AR M =
H 7 AR AT AR X B b, [m b, B R AT S 5 B AR EGAE 31 i AR 2 AR Ty, EEMX
TAE T B AT v BB e 2B T AL g, TR ORI AR TS 3 1 (B R EBIE L EIFY) 10U Febrik 2
T 80%LA ). H AR, BRI ORIREAA L A . Wi 9 FroR, BATEERR T S EKRIX
W, T EAT RS HZ S, A s X IRAR /N, DT 25 2 10 2 ) i R rh gl 2. [l i, B IR eh, — BB
S A 2, AP 9 TR TR IR 5 T, X R R T R P AT RS 1 B

F 6 FLEMRAT RTINS R, E KR I RO T (%)

Cow  Horse Cat Dog  Sheep  Bus Car  Bicycle Motorbike Airplane  Bird  Average
DeepLabl™  66.01 67.77 6637 6741 6737 6580 63.15 59.15 50.43 5295 4457  60.74
SketchParse*’  68.78 6935 69.60 71.18 70.81 68.00 6735  62.66 55.04 5734 5089 6445
DeepSSP™! 7042 7281 6994 7257 72.02 67.88 70.88  63.30 55.69 59.96 5438  66.25

5 EESENA

] 3 S Ay S N 40 PR 0 4 £ ), BT O A B P . Huang %5 N RARRI ] 43 IG5,
T 2D FE AR 3D B, Sl vE 2D B T RO ) 3D AL, AT BLEE & o B SE RBEAT A, B AL O B
¥) 3D B[], Harbi 5 NPSHR Y, al BLGS 45 55 1] 23 R0 5 o0 Bl il ik 4 SR0EAT 49 1, P 4545 T LI, 520
S R SR B0 ET 4y, e W O N T R TR PR A AR ). Qi A5 AP et 1 4R B Y
LSRG RIEAT WIS, REBR AR 1 G A5 B R B, R 1 R B R R T I R T R 1 A RS
PEVIBRAR 2R, AT JRE S e K78 ] - 1 AR TRl A0 i 2 RO A, [ B T ] ) A, R S5 2R 1y 17 D 1P
Bl 18 o T kT R PR IR A B AR B B G Ak R PR I . Schineider 25 AP BAR: 7R 78 3 b 43 )
(D0, AT AR B P 23 SRS 2R f A5 5 P R AT 20 1, 45 AR A48 A B 55 B, PR P DG S S 45 2R
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JSE [y 3D AR A, 55 i R FH 4 45 (part assembly) HVE A4 3D B Kaiyrbekov 25 A2 AR B 3% T 52
Sy, N 2 IR B AT A, PR R R SO0 N B AR R S I R, e ST BRI
PSR 2R, B T LA B SRS AR B N, B 1 43 80— T 1w DASE ik g 2 ] 23 B Sk A e AL, 455 GAN
BUG A 5 e e e AR D B W8] b I8 e T R ) I ) S R (R A 5 1) B B DB, B i PR S T O
J3—J7 M, BT A RIEOR, AR UK P N R R AT 4, G W] DA 1 5 R A R AR AUl ) 4
PRIEAT /38, SEILEE T R R 2R R S AR PR G 22 A A, T3 I A vk DA S kb ] o o
JEA T, T R TR EAT et A B A TS s ik T S e s R ], R BAE
Pl 43 BB A T v () 35 Sk 5 X SEAT X 43, AT P 22 o R i R AT A R 5 i P,
UL Loh | BER % SES

( M

EREE
Bl 18 A R ph P 4R A il e )

6 & 4

ASORERE R ] R RN, NEEINR R SE0 B PRI, B
L] 7 S 2T A5 A SOGB4 B P 2 I ST DUBEAT T B TR A S I SVA AL AR OR i T R
(3 FHAL, FET GCN, RNN L 82 (975 3 B Y B FON B4 (i 731098 0 55 45 R

P 23 FIARSK AT RE R T 1)

1) e AT A AR EMER 2 $1 80 2 5 AN 20 BUARVE 10 P B SR DI R P U PR S e R

ATHIAA 0 G5 K RF AL, AT DA 7S 7 I P I 1) P B AN e 0 U 3 1) P e oI 3 e o X 2R o ]
S Al AR 1 R

2)  JFBOAEE T2 H s REE R 281 BT IR A 5 H be 13 S e N B 32 2078 2 BRI, A8
TPIEIAEET, ARG AR F 250 1 55 B H AR AT 70 U A2 2 HARI ST, v 2[RI 22 B2 1) 5 1
HARREAT 50 S8 5 M E 2 o3 1.

3) W TREZREEE SR di AR A TR Y R A AL, AU TR AT XA
s JEL ) o P I 2 S P AN R R R IR L i AT AN [ R R AR 5 T 7 )

4)  FEREEAE BRI — SORpBRAE AT LRl ASRAS I ) AN A S R SO AT, e
(K773, 3w o B RORS B L L.

5)  FETFowENDEIG G RARN I SO0 A BT A BE L A pl sl i LA P AT LU IR i
S R bRAE T LURLIG 7 D Ge vt B3 . lElL SRR AR W, i KSR By, A
MG m A, Herh, 5 BRI R A GE SR S5, T URs gt R R S R I
fifé Sy ELAR (IR R P AT BE X PR AGAL B, 55 4k, AR i A 2z i AR B S TR T e R S R
AAAEEEH 5 6 SCE IR AR, mT LB AN R S22 4R 0 o 5 5 P T 5 PR AT 6 1, 6 AN TRl 2 11
SR B AEAT I AR e B S g i, kTR B SR R B 5 X R
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