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Sketch Simplification Using Generative Adversarial Networks

LU Qian-Wen" TAO Qing-Chuan® ZHAO Ya-Lin* LIU Man-Xiao'

Abstract Sketch simplification is a critical part of cartoon drawing. To some extent, the existing approaches already have
basic ability of sketch cleanup, but still have limitation in some situations because of the diversity of sketch drawing methods
and complexity of sketch contents. In this paper, we present a novel approach of building a model for sketch simplification,
which is based on the conditional random field (CRF) and least squares generative adversarial networks (LSGAN). Through
the zero-sum game of generator and discriminator in the model and the learning restriction of conditional random field,
we can obtain simplified images more similar to standard clean images. At the same time, we build a dataset containing
a large number of pairs of sketches and clean images in different painting ways and contents. Finally, experiments show
that our approach can obtain better results than the state of the art approach for sketch simplification.
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Fig.1 Original sketches and output images of model
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Table 1 Sketch simplification model based on the conditional random field and
least squares generative adversarial networks

FFE JR B AN WIE FF5 JERM B P2 T
0 Input — - 1 20 Up-convolution 4x4 1/2x1/2 128
1 Down-convolution 5X5H 2x2 48 21 Flat-convolution 3x3 1x1 128
2 Flat-convolution 3Ix3 1x1 128 22 Flat-convolution 3x3 1x1 48
3 Flat-convolution 3x3 1x1 128 23 Up-convolution 4x4 1/2x1/2 48
4 Down-convolution 3x3 2x2 256 24 Flat-convolution 3x3 1x1 24
5 Flat-convolution 3x3 1x1 256 25 Flat-convolution 3x3 1x1 1
6 Flat-convolution 3x3 1x1 256 26 Convolution 5x5 1x1 20
7 Down-convolution 3x3 2x2 256 27 Convolution 5x5 1x1 50
8 Flat-convolution 3x3 1x1 512 28 Convolution 4x4 1x1 500
9 Flat-convolution 3Ix3 1x1 1024 29 Convolution 5x5 2x2 500
10 Flat-convolution 3x3 1x1 1024 30 Convolution 5x5 2x2 500
11 Flat-convolution 3 x3 1x1 1024 31 Convolution 5x5 2x2 500
12 Flat-convolution 3 x3 1x1 1024 32 Convolution 5x5 2x2 500
13 Flat-convolution 3x3 1x1 1024 33 Convolution 5x5 2x2 1000
14 Flat-convolution 3x3 1x1 1024 34 Convolution 5x5 2x2 1000
15 Flat-convolution 3x3 1x1 512 35 Convolution 4x4 2x2 1000
16 Flat-convolution 3x3 I1x1 256 36 Fully-connected 1x1 1x1 2
17 Up-convolution 4x4 1/2x1/2 256 37 Dloss - — -
18 Flat-convolution 3 x3 1x1 256 38 Gloss — — —
19 Flat-convolution 3Ix3 1x1 128
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Fig.5 Images dataset construction
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Fig.6 The comparison of lines in sketches drawed on digital tablet and real paper
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Fig.9 The comparison of outputs from our model, LSGAN model and the model combined with LSGAN and CRF
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Table 2 Time needed for generating a simplified
image by the generator
B R KA (1B E) R EAEL GPU (Nvidia gtx980ti) (s)
500 x 500 250000 1.377
1500 x 1500 2250000 11.632
2000 x 2000 4000000 21.431

AR AR o, W AR
S S5 0 S AR T P9 A 3 1) 20 45 30 23 B R 1)
(TP). =Bl (FP). BBl (TN) . BB (FN)Y
s .

AR (P) MAWER (R) & XWT:

TP

P= TP+ FP (17)
TP

R= TP+ FN (18)

F1 g A AR A GRS (AAEA
ZMREEENHLT, HEEHEEERNEE
HEFARIT R A FL, DA FL. ZZE4E
R ZEAEMERMZE FL AT

1 n
P=-3"P 19
macro - (19)

=1

[ li=4

==
N

PR
N 2
e N T
e = ot
- ’ =G

T 5 AR SO RS 7 ) A ]

Fig.12 Fake images generated by our generator using different sketches
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Table 3 Test results of macro-R, macro-P and macro-F1 of output images of Simo-Serral
simplification model and output images of our model using test dataset
i esi=| Simo-Serra BRILER K] AR R R
FEER (JEHHR 5 4K X5 BEK) 0.6660 0.7278
TEWER B 5 4K x5 BEK) 0.7105 0.7078
% F1 (RN 5 8% x5 BE) 0.6875 0.7181
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Fig.13 Experiment on the influence of range change on
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