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Texture and Shape Feature Fusion Based Sketch Recognition

ZHANG Xing-Yuan' HUANG Ya-Ping' ZOU Qi' PEI Yan-Ting'

Abstract Human has a strong ability to recognize hand-drawn sketches. However, state-of-the-art models on
sketch classification tasks remain challenging due to the sparse lines and limited details of sketches. Previous deep
neural networks treat sketches as general images and ignore the shape representations for different categories. In
this paper, we aim to address the problem by an end-to-end hand-drawn sketch recognition model, named dual-
model fusion network, which can capture both texture and shape information of sketches via a mutual learning
strategy. Specifically, our model is composed of two branches: one branch can automatically extract texture fea-
tures from an image-based representation, i.e., the raw sketches, and the other branch can obtain shape informa-
tion from a graph-based representation, i.e., point-based sketches. Moreover, we propose an attention consistency
loss to measure the attention heat-map consistency between the two branches, which can simultaneously enable the
same concentration of discriminative regions in the two representations. Finally, the proposed dual-model fusion
network is optimized by combining classification loss, category consistency loss and attention consistency loss. We
conduct extensive experiments on two challenging data sets, TU-Berlin and Sketchy, for sketch classification tasks.
Our dual-model fusion network significantly outperforms baselines, and achieves the new state-of-the-art perform-
ance.
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Fig.1

The overall framework of our method
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Table 3  Classification accuracy results using two-branch

neural networks (%)

J7ik TU-Berlin Sketchy
LA 25 81.05 83.18
TEAR 2% 70.87 70.43
LAl 2% 82.71 85.75

Table 2 Architecture design analysis for sketch classific-
ation on TU-Berlin and Sketchy (%)

ik TU-Berlin Sketchy
BN 82.71 85.75
BN + GC 83.93 86.49
BN + AC 84.12 87.07
BN + CC 84.75 87.36
BN + GC + CC 85.47 87.64
BN + AC 4+ CC 85.51 87.71
BN + GC + AC + CC 86.12 88.01
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T AN FH 146 AR RN . 2% 31453 2K B8 B0 B 28 3R AT 40
. @I EERT UK I, A8 RS 2 S AT BRI
FRERISREMS IR = 20 SR UEi . 32 R R S B
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® Shape-Net = Texture-Net

® Shape-Net + Texture-Net = Shape-Net + Texture-
Net + Mutual learning
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Fig.4 Classification accuracy of 13 classes
in the TU-Berlin dataset
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Table 4  Classification accuracy results using given
feature levels (%)

ik TU-Berlin Sketchy
{4} 85.83 87.23
{3, 4} 86.01 87.87
{2, 3, 4} 86.06 87.93
{1, 2, 3, 4} 86.12 88.01

RRFERIE R B EE 5 X

KA ) S = B R I S R AE AT LR AE
PR, PFCREESS R 5 Fos, ARSCSEERH T
BIS)RFEFNG . @ OLT, BEVCRIES 2 A4 ikt
g | K Shape-Net £ 5] N T ik 3 A=
[) 735 480 X 26 A T o e 7 2 e A o SR A o) L S 5 &5
REL 5 frox. B3R 5 7T LLE W, 5 KRR AL
KFEAE TU-Berlin F¥E £ 1) 55 18] 53 S 1 26 43 3l
N 86.12% F1 86.09%. 7 ik, BEHL KA 1 5E 2
AEBSIRFEFRY, RN BN LR B A S P

3.5

i BT R BEHLTRE

Bl 5 ol SR £ P R IR 45 SR s A

Fig.5 The point sampling demonstration of two

strategies on the sketch

N T BRAIE AR SR HE (1 B BRI AR B E AN [F R
AECH R, £ TU-Berlin #4541 Sketchy
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TR 1) B R BRI EE n, BE ] 4 Rk 2
FEAWTR) BT 2R R 1000 B, HERRIZRE T
FasE. [FIF, nSFRAE A, BRI KRR SR
KBEAR. B, AR SCBCERFE RUEOA 1024, XFEAE
TRAUETH SRR B TR, R 2Rt Al DA 2 T30 B A

#5 2 FCRERIKESTE TU-Berlin 044152
HER % (%)

Table 5  Classification accuracy on TU-Berlin dataset
using two sampling strategies (%)

J5 DESIRTES
HEIRHE 86.12
BEHLRAFE 86.09

R 6 AFERFE B FUER I (%)
Table 6  Effects of the point number for the
classification accuracy (%)

B T AL TU-Berlin Sketchy

32 81.87 83.37
64 82.75 84.35
128 83.23 84.83
256 84.34 85.90
512 85.42 87.36
600 85.75 87.5
750 86.00 88.00
1024 86.12 88.01
1200 86.13 88.04
1300 86.08 88.01
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