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Cross-Domain Spatial Co-Attention Network for Sketch-Based
Image Retrieval
Yu Lingzhi', Zhang Xifan
School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China
Abstract  Sketch-based image retrieval uses hand-drawn sketches as input to retrieve corresponding natural images,

allowing users to draw and find desired natural images when no accurate query images are available. Edge maps are
commonly used as an intermediate modality to bridge the domain gap between sketches and natural images. However,
existing methods ignore the inherent relationship between edge maps and natural images. Based on the assumption that
natural images and their corresponding edge maps have similar key regions, this paper proposes a deep learning model
based on a cross-domain spatial co-attention network. The proposed model derives the shared spatial attention mask from
the fused feature of the edge map and natural image, and it combines the loss function and auxiliary classifier for end-to-end
training. When compared with existing representative sketch-based image retrieval methods, the proposed method can
effectively extract the features of sketches and natural images, with mean average precision (mAP) values of 0. 933 and
0. 799 on the Sketchy and TU-Berlin datasets, respectively, outperforming most representative methods.

Key words deep learning; image retrieval; attention mechanism; cross-domain retrieval

3% ik 2z W G5 0 AL BE S 18 o T2 08 I TR TR R AR

Ll H 2 E bR M T 8 LR 4% e 65 % 2R TBIR fi
A O 5 (5 OB R R K TS CBIR 7447 46 9 10 L 3 T 25 18 £ [l (%K 2 (SBIR)
AP AR B T 7 R O PR Ry T R R AU P ) —

AT R R — D E B AR, A ER K
RITEA R T AR EMR KR (TBIR) 3 T %
B % A 2R (CBIR) o AR 1 TBIR K8 K 5 19 A T4
T H 5 52 2 3 WA R B R0 5 15 40 CBIR 75 22
PR MER A CE R RS T R . FLERE
— ol b SCAS A 2 B0 W A o O =X, i L B A

K HEE: 2021-08-30; f&EIHHE: 2021-09-28; RABH
BIS1EE . "yulingzhi777@sina. com

48 SBIR Bk 3 o fie B 1] 14 e LA i /) 141 5 A
R Z ) R AR AT AE I B2 S DU AR 0 3R A k47 181 12
VCIC 58 SRR R o A% S8 R AR AR AR 28 O Js B AT ] T
SBIR ™", {H3 86 75 HLAT5 A REAR S b Akt 48l 2 Sl
KR WM . g T BRI IR A ) O IR AR
Pl AR G TR K R 4 4 o7 JH T 4 R R i, Yu 5T 32

: 2021-10-27

2215009-1


https://dx.doi.org/10.3788/LOP202259.2215009
mailto:E-mail:yulingzhi777@sina.com
mailto:E-mail:yulingzhi777@sina.com

$£59% F228/2022F 11 B/HXtEXBETFEHE

AlexNet Jii & , £ % 5 B AL R KRG B i 2 R
W 2% il G, B2 T R B A 28R TR B A ) R R
(Skech-a-Net) . Yu %" 3% Fj 2 T Sketch-a-Net A9 %:
R 28 9 4% (CNN) 2K $2 BURRAE B = Do 8 R T
SBIR, iF B 3% — J7 3% 0T DL A 200 #b BUAS 35 30 3R R .
Zhang %" G B — BOWE B B A R X BT 4%
(GAN ) S 81 [ 0 P45 33 10 5 e, 1) A B e o 2
MEMGR G — 2 BRSO KBS & % . Lei % FE A
SRR AN 1 2 Ly FH i G i L R T R E S
G N Rt W= i7 PR | e ~E 1 Nl | 3
%, BB THGEE RSP RESH NERYS
H AR G Z 18] 4 B8 25 5, IF A6 R AR Rl A 17 8 2o 38 38
B 20 1 300 2k LR A 8K RS AE Hp 0 A 638 43
AT A P4 R F B 42 30 5 PR AR A EL I R %5 1 AR
BRI G N AR R o

Shy fige o 1 3 ) B, A7 1 7 7 AL R R ) A
AW G & AR SCHE B 2 BIAE R 46 /0 B 8k B
5 ] k2 S ) e T A S B A L I X I 2 A
55 A SR BIAGR 6 EAHRL I I 00 2  WHE T e e
G A A B ALE, LAAS BT 4 19 23 8] = MR AE LA

Avg
pool

Max
pool

G5 B X SR R S B A IS N A B A A =
T AL AR R R R RN 26 A B R 24 R4 Ok O R 1
%5 MEAMB BT T A B R Bl 2> AT 55, il g 45 2R
TR B 2200 UAE B T B HEE T R LB 4G 2 1) 2
A5k

2 I BB s [ U Y PR R A Y

A SCH MR B F (), 15 5 B 0 M A7 4
B {0, 1)", B ] i 2 6% 55 A 1BL A 11 A P14 2 T
SN NTIBEu R AR 2 E VA E P/ EEE S S EI RS RS
FIG Z 18] AU SO EOR A TG Y X, 22 PRI 48 45
T2 BRIV R B 15 5 S RN TR O T 4
NP R IE S B LS R R B RN JC S0 (8 R 4
PR B0 300 % VR R D AR A e ] 2 R DA IR
AR IR 2 Canny 21 G0 A6 I FTRE R I A1) 45 R Bl 5 15
FIHTINZRm i 2 14

BT o) T = AR R B SR BT T S G
RO, W28 G5 RIS 1 B o I 2% B B A = ool
S A D Bl A, 5 A R R S AR IEHR T S
WG E RN IEREAR R IFZE ARG T KL 4 4]

auxiliary
encoder  classifier

residual

positive negative

spatial attention

spatial co-attention

blocks

der auxiliary
encoder | lin

SA: spatial attention
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FC_1: 1* fully connected layer
Fi/F}/F%: low level feature of sketch/image/edge map

F*/F}}: fused low/high level feature of image/edge map
F3/FL/F%: high level feature of sketch/image/edge map

MM, spatial attention mask of F} /F"
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Fig. 1 Network architecture of the proposed method
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Table 1 mAP of different methods on Sketchy and TU-Berlin
datasets

Method Sketchy TU-Berlin
3D shape'™"! 0.084 0.054
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Proposed method (discrete ) 0.932 0.797

Proposed method (continuous) 0.933 0.799
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Table 2 Ablation study on Sketchy dataset

Method mAP

w/o edge map branch 0.899
w/o spatial co-attention 0.923
w/o intra-class loss 0.928
w/0 quantization loss 0.931
Full model 0.933
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Table 3 Evaluation of auxiliary classifier on Sketchy dataset

Input of auxiliary classifier Precision mAP
High-level feature 0.996 0.911
Code 0.999 0.933

4 45 B

Bt T O 5 s 1A R N = e 2 R 2% Y

P A A 2R A 1 3 3l vy 1) g I R A AU S B T AR 47 Y
KR M Re . WESE 45 R R A o T R Y RS R R AT
g5, 5l A h Gk AR R b BB S A B TNk 22 5 7
LR F 302k B 5 9K BRI G 25 [R] T R H ok 52
PR B AL A A A s MR L g b 4
18 R 3l Bl 43 2 2% 69 Fay A 0T LAl 2 At O B R 2 1018 U
S5 IO S P B 2 SR A R R B BE E — B R TS
Wk REAPERE . WK RS R AT LLE B
PR R RE A UK R B 5 2 1R 5 R SCR 6 % B AH A
1 H 2R E 1%, 7E Sketchy A1 TU-Berlin 24 £ I (1) M 6B
e AR TR ZHAC R M7k L Uk B pr e Ak 2
— PP R FE T R R BG R R T . Z R T Canny
A I Ty 9, AR SCN AT R i S s M e (40 |l )
P EMR B S KM R i 2, — e FR B Lsgm T
A R 2 1 PG A SRR AIE B B, I 2 iR A 5 iT DA 22K
A 3 B A5 A 7 6 4R B 2 T T E — 2P 3 = ke R
e -

& % x M

[1] Chang S K, Hsu A. Image information systems: where
do we go from here? [J]. IEEE Transactions on Knowledge
and Data Engineering, 1992, 4(5): 431-442.

[2] Saavedra ] M, Bustos B. Sketch-based image retrieval
using keyshapes[J]. Multimedia Tools and Applications,
2014, 73(3): 2033-2062.

[3] Hu R, Collomosse J. A performance evaluation of
gradient field HOG descriptor for sketch based image
retrieval[J]. Computer Vision and Image Understanding,
2013, 117(7): 790-806.

[4] Hu R, Wang T H, Collomosse J. A bag-of-regions
approach to sketch-based image retrieval[C]/2011 18th
IEEE International Conference on Image Processing,
September 11-14, 2011, Brussels, Belgium. New York:
IEEE Press, 2011: 3661-3664.

[5] SaavedraJ M, Bustos B. An improved histogram of edge
local orientations for sketch-based image retrieval[M]//
Goesele M, Roth S, Kujper A,
recognition. Lecture notes in computer science. Heidelberg:
Springer, 2010, 6376: 432-441.

[6] Hu R, Barnard M, Collomosse J. Gradient field
descriptor for sketch based retrieval and localization[C]/

et al. Pattern

2010 IEEE International Conference on Image Processing,
September 26-29, 2010, Hong Kong, China. New York:
IEEE Press, 2010: 1025-1028.

[7] Yu Q, Yang Y X, Song Y Z, et al. Sketch-a-net that
beats humans[C]/Proceedings of the British Machine
Vision Conference 2015, September 7-10, 2015,
Swansea. Durham: BMVA Press, 2015: 1-12.

[8] YuQ, LiuF, Song Y Z, et al. Sketch me that shoe[C]/
2016 IEEE Conference on Computer Vision and Pattern
Recognition, June 27-30, 2016, Las Vegas, NV, USA.
New York: IEEE Press, 2016: 799-807.

[9] Schroff F, Kalenichenko D, Philbin J. FaceNet: a unified
embedding for face recognition and clustering[C]//2015

2215009-5



$£59% F228/2022F 11 B/HXtEXBETFEHE

[10]

[12]

[13]

IEEE Conference on Computer Vision and Pattern
Recognition, June 7-12, 2015, Boston, MA, USA.
New York: IEEE Press, 2015: 815-823.

Zhang J Y, Shen F M, Liu L, et al. Generative domain-
retrieval[M ]/
Ferrari V, Hebert M, Sminchisescu C, et al. Computer

migration hashing for sketch-to-image

vision-ECCV 2018. Lecture notes in computer science.
Cham: Springer, 2018, 11206: 304-321.

Lei JJ, Song Y X, Peng B, et al. Semi-heterogeneous
three-way joint embedding network for sketch-based
image retrieval[J]. IEEE Transactions on Circuits and
Systems for Video Technology, 2020, 30(9): 3226-3237.
KICTE, RIRA, K, F TR R L
il ) 20 B 1AL A% 80 J7 vk [T] ok & 4 i, 2020, 40(17):
1710001.

Zhang W X, Zhu Z C, Zhang Y H, et al. Cell image
segmentation method based on block and
attention mechanism[J]. Acta Optica Sinica, 2020, 40
(17): 1710001.

WAEND, EIER, R BT 2 RUE AR 25 1 M4
fihy BE T 5] 568 43 A0 o Bk (1), WOt 5ot Tt
J'&, 2020, 57(16): 161012.

XuZ G, YanJJ, Zhu H L. Mural image super resolution

residual

reconstruction based on multi-scale residual attention
network[J]. Laser & Optoelectronics Progress, 2020, 57
(16): 161012.

Bghok, BUL, EME, & omEG RN EZ R
JE B ARSI E (7], D2z 244, 2020, 40(13): 1315002.
JuM R, Luo J N, Wang Z B, et al. Multi-scale target
detection algorithm based on attention mechanism[J].
Acta Optica Sinica, 2020, 40(13): 1315002.

Woo S, Park J, Lee J Y, et al. CBAM: convolutional
block attention module[M]/Ferrari V, Hebert M,
Sminchisescu C, et al. Computer vision-ECCV 2018.
Lecture notes in computer science. Cham: Springer,
2018, 11211: 3-19.

Song Y X, Lei JJ, Peng B, et al. Edge-guided cross-
domain learning with shape regression for sketch-based
image retrieval[J]. IEEE Access, 2019, 7: 32393-32399.
Sangkloy P, Burnell N, Ham C, et al. The sketchy

(18]

[19]

[20]

(21]

(23]

[24]

[25]

2215009-6

database: learning to retrieve badly drawn bunnies[J].
ACM Transactions on Graphics, 2016, 35(4): 1-12.

Liu L, Shen F M, Shen Y M, et al. Deep sketch
hashing: fast free-hand sketch-based image retrieval[C]/
2017 IEEE Conference on Computer Vision and Pattern
Recognition, July 21-26, 2017, Honolulu, HI, USA.
New York: IEEE Press, 2017: 2298-2307.

Eitz M, Hays J, Alexa M. How do humans sketch
objects? [J]. ACM Transactions on Graphics, 2012, 31
(4): 1-10.

Zhang H, Liu S, Zhang C Q, et al. SketchNet: sketch
classification with web images[C]//2016 IEEE Conference
on Computer Vision and Pattern Recognition, June 27-
30, 2016, Las Vegas, NV, USA. New York: IEEE
Press, 2016: 1105-1113.

Wang F, Kang 1., Li Y. Sketch-based 3D shape retrieval
using Convolutional Neural Networks[C]/2015 IEEE
Conference on Computer Vision and Pattern Recognition,
June 7-12, 2015, Boston, MA. New York: IEEE Press,
2015: 1875-1883.

Dalal N, Triggs B. Histograms of oriented gradients for
human detection[C]//2005 IEEE Computer
Conference on Computer Vision and Pattern Recognition,
June 20-25, 2005, San Diego, CA, USA. New York:
IEEE Press, 2005: 886-893.

Saavedra ] M. Sketch based image retrieval using a soft

Society

computation of the histogram of edge local orientations
(S-HELO)[C]//2014 TEEE International Conference on
Image Processing, October 27-30, 2014, Paris, France.
New York: IEEE Press, 2014: 2998-3002.

Saavedra J M, Barrios J M. Sketch based Image
Retrieval using Learned KeyShapes (LKS)[C]//Proceedings
of the British Machine Vision Conference 2015,
September 7-10, 2015, Swansea, UK. Durham: BMVA
Press, 2015: 7.

Qi Y G, Song Y Z, Zhang H G, et al. Sketch-based
image retrieval via Siamese convolutional neural network
[C]/2016 IEEE International Conference on Image
Processing, September 25-28, 2016, Phoenix, AZ,
USA. New York: IEEE Press, 2016: 2460-2464.



	1　引 言
	2　跨域联合空间注意的图像检索模型
	2.1　网络结构
	2.2　针对跨域检索数据的损失函数
	2.3　量化损失

	3　实验与结果分析
	3.1　数据集及评价指标
	3.2　实验环境与设置
	3.3　与代表性方法对比及检索样例
	3.4　消融实验

	4　结 论

