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Sketch-based Image Retrieval Using Cross-domain Modeling and Deep Fusion Network
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Abstract: The purpose of this paper is to introduce a new approach for the free-hand sketch representation in the sketch-based image
retrieval (SBIR), where the sketches are treated as the queries to search for the natural photos in the natural image dataset. This task is
known as an extremely challenging work for 3 main reasons: (1) Sketches show a highly abstract visual appearance versus natural photos,
fewer context can be extracted as descriptors using the existing methods. (2) For the same object, different people provide widely different
sketches, making sketch-photo matching harder. (3) Mapping the sketches and photos into a common domain is also a challenging task. In
this study, the cross-domain question is addressed using a strategy of mapping sketches and natural photos in multiple layers. For the first
time, a multi-layer deep CNN framework is introduced to train the multi-layer representation of free hand sketches and natural photos.
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Flickr15k dataset is used as the benchmark for the retrieval and it is shown that the learned representation significantly outperforms both

hand-crafted features as well as deep features trained by sketches or photos.

Key words: sketch-based image retrieval (SBIR); crossing-domain modeling; multi-layer deep fusion convolutional neural network;
feature fusion; deep learning
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Fig.1 Sketch and sketch-based image retrieval
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Fig.2 Cross-domain retrieval and deep fusion model
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Fig.3 Layer-based semantic definition of the sketch
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Fig.4 Different methods of edge detection on natural photos
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Fig.5 Layer-based representations of edge map from the natural photo
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Table 1 Retrieval performance of different methods

F1 AFITERKRERI

ks Eiipa HE Y EES K R E AR mAP
VGG-16 ImageNet 0.1793
VGG-19 IRIE M 4 ImageNet Flickrisk 0.226 1
VGG (BRI R Bdla 4k R UI15) ImageNet 0.288 2
Alexnet ImageNet 0.293 5
Sketch-A-Net(single) o P ol 4 TU-Berlin 0.153 8
AlexNet-Sketch TﬁA%gigi E % TU-berlin Flickr15k 0261 6
VGG-Sketch S -IZ5) TU-berlin 0.265 8
Siamese CNNI™! Flickr15k 0.195 4
Sketch-A-Net(single) Flickrl5k 0.237 4
Sketch-Photo Mode!**"! Flickri5k 0.3617
AlexNet IR 19 2% Flickr15k Flickrisk 0.3811
VGG (K4 Flickrask bl %5) Flickri5k 0.429 3
Quardruplet Network!™! Flickr15k 0.4330
VGG-16 Flickr15k 0.458 2
VGG-19 Flickr15k 0.501 7
Z R BRI 4 A SUHE Y 255 HE 42 Flickr15k Flickr15k 0.557 4

* 1 1 ,Sketch-A-Net(single) % £% £5 44 52 2 % 5| 1 SCHR[L] A AR 199 20 25 50 S DL R R A o — RUBE R IR FE 19 2%,

Iorp A A s — 1 i RBE D 256%256.

M 1 LS BRS8N 2 J2 il 5 AU 4 I 285 11 15 ek 05 1) L 3 3R TR D 22 2 R 1 il A S AL 46 A
28 AR IE F B B X T T 4 B A R (SBIR) AU T+ 4 5 IR A 4R B R LA S I 1L 2 8 0 AR SO L o A
FSC PR AIE 17 2 PG 2R M A 2 RS T 1 AR B DI P B 28, T 2 R ) Allexnet T 458 R VGG HEBEAE, [A)I, %of 1 3
T 20 PR S VI SR I R B A R 2 19 45 (R 1k B AR A RO IR T S Ah 02 3 SR SE S0 b AR SOl I 5 ) AT
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BET T 20 0 R s B K R T VEREAT L4, 0 Sketch-Photo Model™™., Siamese CNNM5 Quardruplet Network294s,
SEI6 S5 R WA S 22 2 A5 B2 10 2% BU [R) 28 07 V& BOAS BRI R R BUER T T 12%~20%. A3 1 1 5256 45 A nl
DA A ST AR T BAT TR A M 45 e b4 Tt
A T AR T2 B R AR R AN [ 2 IR T R AR I R o8 AN ()RR S22 R R R B8 4 SR AT 43 B, S 30 F
EL& R W3R 2.
Table 2 Retrieval results on different layers
®2 AFZRIIKRAR

JEX JAK L JEK 2 JZIK 3
mAP 0.4101 0.458 2 0.529 8

TR 2 v S0 T R RS RAFAE S VGG-19 4% FCT IHRFAE 1) & 7R e D 12 i) 38 SUE RS 1
J2 RAT TR BAR RAS 2R 52 1 6 FLAT 5 A0 S0 SO SR 22 ()45 2 1058 3 JR 3RS T 52.9% I 22 R 15, I AX
BUAS L 0 22 J2 Rl B 26 AR A 28 I 246 /D 39 FRDRS JEZ. 1] IR, 32X 2 AR SC AR AR AIE i 75 SRS A A0 FRE 1.

N T BRFR AN () IR R IE Rl 2 S 0 T T 45 0 PR 22 (SBIR) IR 5 M), FAT 0SS [+ 10 il 45 SR WS HEAT 77 S50 ) B,
S AR I 3.

Table 3 Impacts of different feature fusion strategies on retrieval results
F 3 RRAEADLE SN 0 TR ER 45 RS

REAIE il 75 ife Il B il
mAP 0.360 4 0.557 4 0.4381

M3 AT AN [ R AIE Rl £ ST 8 T B far IR A S e 28 (10 5 A A1 1) B PR 90 0 7 26 T AR K0
S, U — AN ZE R R SRS RE K A DU 2 JRHF AR AL BB E AN 55.74% [ MIRE] 36.04%. T LA, — >
() REAIE R SRS K T 22 J2 R A 4 R 28 I 4 16 T B T R IR B I R X

5,2 JE A BB 45 6 Flickrl5k A 4R (KR = 45 B 1l 6 FioR.

INEEERIST =
RAAERLRL
S+ ABREE LN Y
EEEscBae
IV 7T v D s
X N R 2B

Fig.6 Retrieval performance of multi-layer fusion CNN on Flickr15k
B 6 ZZEAEHRMEMEKLA Flickrlsk bR REN
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W 6 o, “x o R KA R 45 R I i m AT RETs (1 E 2 J2 il A U 22 M 4 B ZE AR R AR B, 2 B
FEA D Flickrl5k Hs 48 Hh IX S P A K I 25 B A A2 1R 2.

4 BESREKRIE

FEARTCH, 2 2 M — LR R v 23 S T ) 08, 1 £ S523RBS SO 22 SR L e R AB TvE N T
2R B AR B A s 0 (R ) B RN A SO B R AR AR AR T R A [ AR R
J (AL 2 B AT EATT R B2 B R, AT A AL BB 2R SR 36 v AR S B SR AL AR IR O 7R T X
RS

KT WE D D2 e e R 0 T2 S BORURE €8 B R B o 110 )2 O 6 K T 8, A S 1 552 56 AR A TIE 1)
T2 RRIB NG PP Wi AR, I AT R T EEREAT 5 2 10 S 56 DR A 25 3K A ) R 1 AR SC IR S8 43 P
7 il B (K R B R, £ R PR IR 3 G 11 P R 5 e 5 At 2D P A JRAT 06 B AE S — S B I I il 5 2 IR RE
ARG A S U (L B TR AR I 7k

AN SRR A SR FH TR AR A 5 SR 2 B0 1 B, 5 0 T I A A 5 o Bt 2 488 i 22 S22 2 B 48 I 4% (1) e 24
REALE (4 9 50 0 K0 G BEFA S T B, — P S A RS AL Rl 5 T 0K 4 D T4 55 I R 2R (SBIR) 1 G 2RO i oK KT
Tt
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