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Table 3  Performance analysis of face sketch synthesis datasets and results

Bl FEA S VlEYRIIREN ik SSIM FSIM NLDA FID
Pix2Pix!*] 0.711 0.931 43.2
CycleGAN['®] 0.581 0.723
CUHK(88/100) BPGAN (2] 0.691 0.931 86. 1
CUFS 606 i ZAVf; (52301/0 ‘:)3/ >195) SS-GANI3] 0.546 0.726 0.982
SCA-GAN [¥] 0.716 0.957 34.2
Col-Nets [3°] 0. 645
MDAL [37] 0.528 0.728 0.968
Pix2Pix [ 0.728 0.710 29.2
CycleGAN['®] 0. 706
CUFSF 1194 250/944 BPGAN [26] 0. 682 0. 675 42.9
SS-GAN[3! 0. 409 0.716 0.780
SCA-GAN [¥] 0.729 0. 780 18.2
MDAL 37 0. 382 0.708 0.671
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Performance analysis of existing face caricature

Table 4

synthesis models on the WebCaricature dataset

SR Z IR FWPEAN
Ik By (W5 10 43)
COTS  SphereFace MG ik
0 0.948 0. 908
Fogm 0.413 0. 458 7.70 7.16
WarpGAN A AU 0. 790 0.727 5.61 4.87
CycleGAN Z Ji 18 i 2.43 2.27

YONNO

“f ) ( \' \ 4 ! g ’
.::;. / > 7t pnd /
4 7 5 2 ) f

SCA-GAN

';}ﬁ?,
\
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Col—Nets Col-cGAN  Ground truth
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SCA-GAN ,Col-Nets , Col-GAN A= i {5 , LA I 3 92 imi %
Fig. 9 Illustration of synthesized face sketches.From left to right:input photo, Pix2Pix,
CycleGAN,SCA-GAN, Col-Nets,, Col-GAN ,and the ground truth sketches
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B NZE BRI i AR R CycleGAN & LA S WarpGAN

AR =AEER (EHREUA WarpGAN©!)

Fig. 10 Illustration of synthesized face caricatures, from left to right:input photo,CycleGAN, three results of WarpGAN'*"!
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Table 5 Age estimation results of age progression models on the Morph and CACD datasets

[68]

) Morph CACD
AR
31~40 41~50 =51 31~40 41~50 =51
FETHAER 5 EEMR 38. 60 47.74 57.25 38.51 46.54 53.39
LIRS CH AR 38.47 47.55 56.57 33,88 47. 42 54.05
CAAE [®] 10. 08 15.49 21.42 5.76 11.53 17.93
BAEI S 4E  GLCA-GAN (66] 0.23 3.61 8.61 1.72 2.07 2.85
ZIE) Y 2% 57 PAG-GAN 65 0.38 0.52 1.48 0.70 0.22 0.57
AFAW-GAN 18] 0.13 0.19 0. 68 0.37 0.58 0. 66
xR 6 EHEHBEKIEEZ Morph 1 CACD HUIEE S B BFELER®
Table 6 Face verification results of age progression models on the Morph and CACD datasets'®’ %
Morph CACD
AR

31~40 41~50 =51 31~40 41~50 =51
~30 95.77 94. 64 87.53 93. 67 91. 54 90. 32
BGET g 31-40 95.47 98. 53 91.74 90. 54
41~50 90. 50 91. 12
CAAE [ 15.07 12.02 8.22 4. 66 3.41 2.40
. GLCA-GAN (60 97. 66 96. 67 91.85 97.72 94.18 92.29

B VGRS B
PAG-GAN [65) 100. 00 98.91 93. 09 99. 99 99, 81 98.28
AFAW-GAN [68] 100. 00 100. 00 98. 26 99. 76 98.74 98. 44
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Fig. 11 Illustration of face age progression,the first column shows the input image and the corresponding age,and the other

columns show synthesized results by Dual ¢cGAN [ and the corresponding ages (all images are from[ 67])
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Fig. 12 lustration of face beautification, the first column
show the input faces,the last column show the reference
makeup, and the three columns in the middle show the
transferred faces with light makeup to heavy makeup

(all results are from PSGAN!*?))
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Heterogeneous face synthesis via generative adversarial networks .
progresses and challenges
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Hangzhou Dianzi University , Hangzhou 310018
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Abstract Heterogeneous face synthesis aims at generating visually realistic and identity-preserving portraits of dif-
ferent modality, such as sketches, caricatures, etc. Heterogeneous face synthesis is of great significance for both
public security and digital entertainment, and has attracted numerous attention. Recently, inspired by the dramatic
progress in generative adversarial networks ( GANs) and their great successes in image-to-image translation tasks,
researchers have proposed a number of new heterogeneous face synthesis methods based on GANs.In this paper,we
briefly introduce the development of heterogeneous face synthesis,and detailed recent progresses in terms of devel-
opments of applications, architectures of GANs, performance evaluation approaches, datasets, and qualitative
analysis.Finally ,we summarize the challenges and some prospects of heterogeneous face synthesis.

Key words generative adversarial networks; heterogeneous face synthesis; image style transfer; deep learning;
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