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Automatic Makeup with Region Sensitive Generative Adversarial Networks
BAO Ren-Da!, YU Han!, ZHU De-Fa', HUANG Shao-Fei', SUN Yao', LIU Si’

'(Institute of Information Engineering, Chinese Academy of Sciences, Beijing 100093, China)
%(School of Computer Science and Engineering, Beihang University, Beijing 100191, China)

Abstract: Automatic makeup refers to the editing and synthesis of face makeup through computer algorithms. It belongs to the field of
face image analysis, and plays an important role in interactive entertainment applications, image and video editing, and face recognition.
However, as a face editing problem, it is still difficult to ensure that the editing result of the image is natural and satisfies the editing
requirements. Makeup still has some difficulties such as precisely controlling the editing area is hard, the image consistency before and
after editing is poor, and the image quality is insufficient. In response to these difficulties, this study innovatively proposes a
mask-controlled automatic makeup generative adversarial network. Through a masking method, this network can edit the makeup area
with emphasis, restrict the area that does not require editing, and maintain the key information. At the same time, it can separately edit the
eye shadow, lips, cheeks, and other local areas of the face to achieve makeup on specific areas and enrich the makeup function. In addition,
this network can be trained jointly on multiple datasets. In addition to makeup dataset, it can also use other face datasets as an aid to
enhance the model’s generalization ability and get a more natural makeup result. Finally, based on a variety of evaluation methods, more

comprehensive qualitative and quantitative experiments are carried out, the results are compared with the other methods, and the
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performance of the proposed method is comprehensively evaluated.

Key words: generative adversarial nets; automatic makeup; face image editing; deep learning
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Fig.1 Automatic make-up task
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Fig.2 Framework of automatic makeup generative adversarial network using mask

B2 gl (¥ B Bl bt A s 0 0 4 A58 TR A 2 P
Horp MR FAREL B AR A 3 P,

© HFBIERAIEIFIDN  hipsswww. jos. org. en



@Ak FAT RSSRAE RS I %60 A5 Lt ik 899

-
-
IR <18
Tt
" : B
'R R e AR A K
; —
-

e 1B

Fig.3 Structrue of mask-choosen module
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Tabel 3 Quantitative experiment results of mask generation network
3 MR R 4% E B SR 2

R 5% I J& T 7B HAh [X 35 Mean IoU
53 FAG FE (LoU) 0.746 0.769 0.889 0.853 0.815

| R

- | KR eI
Fig.7 Face makeup part segmentation
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Fig.8 Automatic makeup result of CycleGAN and StarGAN and our model (Asia makeup dataset). The first
column shows the input image, next five columns show the makeup results of different makeup style
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Fig.9 Automatic makeup result of CycleGAN and StarGAN and our model (Europe makeup dataset). The first
column shows the input image, next three columns show the makeup results of different makeup style
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Fig.10 Comparison between reconstructed imgae of network using mask or not.
The first column shows the input image, next columns show reconstructed imgaes
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Fig.12 Parts makeup result (II)
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Fig.13 Comparison between results of proposed model training with
multiple datasets and results of proposed model training with single datasets
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Tabel 4 Comparison of quantitative experiment in Asian dataset

T4 WINEHE e SR 45 X T

FID(}) SSIM(1)
CycleGAN 28.115 1 0.548 0

StarGAN 35.968 1 0.621 7
Out Method 24.509 2 0.674 4

Tabel 5 Comparison of quantitative experiment in European dataset

5 WM B e B i g RSt

FID(}) SSIM(1)
CycleGAN 24367 4 0.594 8

StarGAN 28.941 1 0.643 5
Out Method 16.380 1 0.7312
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Fig.14 Comparison with other related works
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