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RD-GAN: A High Definition Animation Face Generation Method Combined with

Residual Dense Network

YE Jihua, LIU Kai, ZHU Jintai, JIANG Aiwen
(School of Computer Information Engineering, Jiangxi Normal University, Nanchang 330022, China)

Abstract: With the rapid development of the animation industry, the face generation with animation
characters becomes a key technology. The existing style transfer technology of painting style cannot obtain
satisfactory animation results due to the following characteristics of animation: (1) Animation has a highly
simplified and abstract unique style, and (2) animation tends to have clear edges and smooth shadows and
relatively simple textures, which poses great challenges to the loss function in existing methods. This paper
proposes a novel loss function suitable for animation. In the loss function, the semantic loss is expressed as
a regularized form in the high-level feature map of the VGG network to deal with the different styles
between real and animation images, and the edge sharpness loss with edge enhancement can preserve the
edge sharpness of animation images. Experiments on the four public data sets show that through the

proposed loss function, clear and vivid animation images can be generated. Moreover, in the CK+ data
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set, the recognition rate of the proposed method is increased by 0.43% (Miyazaki Hayao style) and 3.29%
(Makoto Shinkai style) compared with the existing method, increased by 0.85% (Miyazaki Hayao style)
and 2.42% (Makoto Shinkai style) in the RAF data set, and increased by 0.71% (Miyazaki Hayao style)
and 3.14% (Makoto Shinkai style) in the SFEW data set, respectively. The generation effect in the
Celeba data set is also demonstrated. The above results show that the proposed method combines the
advantages of the deep learning model to make the detection result more accurate.

Key words: anime; face generation; style transfer; residual dense network; generative adversarial network
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L(G,D)=E, r [logD(c)]+E, 1 [log(1—D(G(r)))] (3)
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Fig.3 Generate animation images with and without loss of edge sharpness (Miyazaki Hayao style)
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Fig.4 Generate animation images with and without loss of sharp edges (Makoto Shinkai style)
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Table 1 Expression recognition results of anime images with different expressions on CK+ dataset %

P A5 A PR K& AR 1o 2% 5.0 5 B Ty
VGG16 88 90.0 70.0 90 70 83.0 71.0 80.28
Resnet18 90 93.0 70.0 93 73 85.0 74.0 82.57
SCik[ 28 ks 7Y 95 92.5 72.5 95 80 92.5 80.0 86.78
AR SCASE Y (B R R ) 95 92.0 73.0 96 82 92.0 80.5 87.21
AR SR R v ) 97 93.5 78.5 98 86 91.5 86.0 90.07

U\%@1ﬂ[j‘u,ZIKITﬁ’ﬂi’J%ErTﬁ%H@lR%U$,,ﬁ\:q:'%ﬁ 1Pzt B8 0.00 0.80 0.00 2.10 0.00 0.00
Y I SRR B B0 BT B SC L LR IS SR A e B 120 EEEON 050 480 000 0.00 0.00
[ Sy A% S H 0 300 40305 DT 50 5k T Ll e B LA W B 120 150 GERTN 000 850 7.85 245
NG SR N T R AR . MK LR TR . A6 000 130 000 BXNY 000 020 000
1 7R TR B I F A LIS SR JOUOR g, B0 410 000 720 000 [ 000 270
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TP RAR B R A by TE RS BIR EX G0 T AR
fbgetir. P 6 R T A SCHURAE CK -+ 4 g 1 et 0 ii;ifﬁﬁﬁ%ﬁg@“ﬁ%
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. TR o L g e - Fig.6 Confusion matrix of facial expression rec-
0, F2 2 PR Oy A5 070 ™ I R AR 2 L7 A 8 1 T ognition results of CK+ dataset by the
WAL A 8.500 B RV SR B DU O 0 TR R proposed model (Makoto Shinkai style)
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Table 2 Expression recognition results of anime images with different expressions on RAF dataset %

P A A PR R 1R % i 5% Har -3
VGG16 86.0 88.0 70.0 92.0 76.5 85.0 60.5 79.71
Resnetl8 91.0 90.0 71.0 93.0 77.0 86.0 63.0 81.57
SCHR[28 5 7Y 95.0 92.5 72.5 95.0 80.0 92.5 67.5 85.00
AR SRR TR (IR 1) 94.5 94.0 73.0 95.0 81.0 94.0 69.5 85.85

AR SRS TR GBI IR 97.0 94.0 78.0 95.5 82.0 93.5 72.0 87.42
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Fig.7 Confusion matrix of facial expression recogni- Fig.8 Confusion matrix of facial expression recogni-
tion results of RAF dataset by the proposed tion results of SFEW dataset by the proposed
model (Makoto Shinkai style) model (Makoto Shinkai style)

®3 SFEWHERE LEEBRTRARBHIRFNER

Table 3 Expression recognition results of anime images with different expressions on SFEW dataset

P A5 A PR IR E R 1% i v LAV Ty
VGG16 85.5 88.0 70.5 75.5 86.0 84.0 62.0 78.78
Resnet18 92.0 90.5 71.0 93.0 77.5 7.0 63.5 82.07
SCHR[28 1A 95.0 92.5 72.5 95.0 80.0 92.5 67.5 85.00
ARSI (E IR 3R ) 96.0 91.5 72.5 96.5 82.5 92.0 69.0 85.71
AR SCAE I CR i) 97.5 94.0 77.0 96.0 87.0 94.0 71.5 88.14

3.2 MEEIBBERERER

T B UEAR SO R AE [ 8 KRS 32 A% T T A 20O, AR SCAE Celeba 28k £ 2k B0 A A A1 il 348 HR
B AN 0 A P A5 A A AR R R P g R 5 A B R R DA ARRT T  XUAR ) B T8 N AR fi
CycleGAN YN Z5 Az T I g RUAR 1) P15
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(a) Generated image (Miyazaki  (b) Miyazaki Hayao movie image (c) Generated image (Makoto (d) Makoto Shinkai movie image
Hayao style) Shinkai style)
B9 U R S L5 318 B E 1R

Fig.9 Style images and real anime domain images
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(c) Elderly images (Makoto Shinkai style) (d) Elderly images generated by CycleGAN
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Fig.10 Generated effect of elderly images in the Celeba dataset
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(d) Adult images generated by CycleGAN
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Fig.11 Generated effect of adult images in the Celeba dataset
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(b) Child images (Miyazaki Hayao style)
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(c) Child images (Makoto Shinkai style) (d) Child images generated by CycleGAN
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Fig.12 Generated effect of child images in the RAF dataset
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