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Generation Model of Gender-forged Face Image Based on Improved CycleGAN
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Abstract Deepfake can be used to combine human voices,faces and body movements into fake content,switch gender and change
age,etc. There are some problems of gender-forged face images based on generative adversarial image translation networks such
as the irrelevant image domain changes easily and insufficient face details in generated images. To solve these problems,an gene-
ration model of gender-forged face image based on improved CycleGAN is proposed. Firstly,the generator is optimized by using
the attention mechanism and adaptive residual blocks to extract richer facial features. Then, with the aim to improve the ability of
the discriminator, the loss function is modified by the idea of relative loss. Finally,a model training strategy based on age con-
straints is proposed to reduce the impact of age changes on the generated images. Performing experiments on the CelebA and IM-
DB-WIKI datasets, the experimental results show that,compared with the original CycleGAN method and the UGATIT method,
the proposed method can generate more real gender-forged face images. The average content accuracy of fake male images and

fake female images is 82. 65% and 78. 83% ,and the average FID score is 32. 14 and 34. 50, respectively.
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Fig. 1 Structure of model
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Table 2 Content accuracy of Inception v3 dassification model on

real images

A&k HEFH
CelebA 0.972 0.856
WA R Imdb 0.971 0.979
Wiki 0.987 0.973
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Fig. 8 Facial gender forgery for old people face images
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Fig. 9 Facial gender forgery for young people face images
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Fig. 10  Comparison of multiple image translation methods
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Table 3 Content accuracy under different conditions

CycleGAN CycleGAN+ CycleGAN+
CBAM CBAM+ AdaLIN

CelebA 0.877 0. 896 0.941

B E L Imdb 0.691 0.716 0. 871
Wiki 0.670 0.762 0.893

CelebA 0.387 0.516 0.712

L B Imdb 0. 344 0. 486 0. 686
Wiki 0. 364 0.478 0.703

# 4 AREFMT FID AR5 XTI

Table 4 FID score under different conditions

SyeleGA SyeleGA
CycleGAN (cheB;\NII | CB(X;/IiA:]aI)JN
CelebA 37.26 33.71 30. 31
B E] L Imdb 38. 41 36. 46 34.42
Wiki 36. 54 34. 36 32.16
CelebA 13.35 36. 23 33.97
St E B Imdb 13.16 38. 24 35. 27
Wiki 140.16 36. 26 36. 16

i FH 2538005 e 51 (Class Activation Mapping, CAM) 7] #1
AT B Rk E SR IS R RO PERE I 25 45 SR AN R 11 FroR L 408 X
B RN R BT A AR 4 . CycleGAN W 28 X T Ak
HHS R E D, K 2 ek K FHEREFR. ]
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Fig. 11 CAM heatmaps generated by each improved strategy
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Table 5 Content accuracy under different methods

CycleGAN UGATIT KX F #*
CelebA 0.877 0.872 0.941
BE Lk Imdb 0.691 0.824 0.871
Wiki 0.670 0.741 0.893
CelebA 0. 387 0.472 0.712
i E| B Imdb 0. 344 0.432 0.686
Wiki 0.364 0.453 0.703

#* 6 ARET7EM FID 155X Lt
Table 6 FID score under different methods

CycleGAN UGATIT AXF %
CelebA 37.26 51.69 30. 31
R b Imdb 38.41 50. 46 34.42
Wiki 36.54 52.36 32.16
CelebA 43.35 52.90 33.97
bR Imdb 43.16 51.24 35.27
Wiki 40.16 48. 26 36. 16

T R AN R B A bR S B 45 R T LUE . IMDB-WIKI
g b YA ER R A FID 484345 25 T7E CelebA S &
SRR HA AKX AT RE S IMDB 1 WIKI 4 4
NI BB X 57 AR R XN 2 RS R A 6. fE Rk
B A o, R A 2 R v A U L (9 32 b R

BRGSO S IR B A AR R AT O 31 P i
B AR . B e TR AR BT X 1R 45 CycleGAN 1Y 2 il
B RMT PRl A A B R WL A R AR 22 e NI
P ) O 3 P A A Y 5 R SR TR 457 % ) B AR B i 45
BRI SR T HIAIER B A B R s s L BRI T R T AR IR AR
BB ALY 25y vk L 0/ T AR W R AL X A R R . SR
55 R WY R T A SO W A2 IR TG A 531 P i el P A S 1
R ERYFRITE N 6

BARARSCTAR S & 1 fh 8 PGB0 B o (HAR SR TR 1 52 42
B G TG 5 T A5 3o A L OR R A BB 6 B2 e A58 2R A RS RE AN
1Z AL BE J K LT 20 G Al I Ja P 10 A it o ) i 7 B2
3 3 7. 2% il NG I A A i Y o 4

2 % X W

[1] BAO Y X,LU T L,DU Y H. Overview of Deepfake Video De-
tection Technology[ J]. Computer Science, 2020, 47 (9); 283-
292.

[2] Deepfakes[ OL]. https://github. com/deepfakes/faceswap.

[3] FaceSwap[ OL]. https://github. com/MarekKowalski/ FaceSwap/ .

[4] THIES J,ZOLLHOFER M.STAMMINGER M,et al. Face2-
face: Real-time face capture and reenactment of rgh videos[C]//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. 2016:2387-2395.

[5] Faceswap-GAN[OL]. https://github. com/shaoanlu/faceswap-
GAN.

[6] ISOLA P,ZHU J Y.ZHOU T,et al. Image-to-image translation
with conditional adversarial networks[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
2017.1125-1134.

[7] ZHU ] Y,PARK T,ISOLA P,et al. Unpaired image-to-image
translation using cycle-consistent adversarial networks[ C] //
Proceedings of the IEEE International Conference on Vomputer
vision. 2017:2223-2232.

[8] KIM J,KIM M,KANG H,et al. U-GAT-IT :unsupervised ge-
nerative attentional networks with adaptive layer-instance nor-
malization for image-to-image translation [ J . arXiv: 1907.
10830,2019.

[9] WANG Z.TANG X,LUO W.et al. Face aging with identity-
preserved conditional generative adversarial networks[ C]//Pro-
ceedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition. 2018:7939-7947.

[10] ARJOVSKY M,CHINTALA S,BOTTOU L. Wasserstein ge-
nerative adversarial networks[ C] // International Conference on
Machine Learning. PMLR,2017:214-223.

[11] MAO X,LI Q,XIE H,et al. Least squares generative adversarial
networks[ C] // Proceedings of the IEEE International Confe-
rence on Computer Vision, 2017:2794-2802.

[12] GULRAJANI I,AHMES F,ARJOVSKY M,et al. Improved
training of wasserstein gans[J]. arXiv:1704. 00028,2017.

[13] UPCHURCH P, GARDNER J, PLEISS G, et al. Deep feature

interpolation for image content changes[ C]// Proceedings of the



£ 385 T EE CycleGAN [ G PE 591 B8 3 % 2 A 70 39
IEEE Conference on Computer Vision and Pattern Recognition. [25] PENG Y F,WANG K X,MEI J Y,et al. Image style migration
2017.:7064-7073. based on cycle generative adversarial networks[ J]. Computer

[14] PERARNAU G,VAN DE WEIJER J,et al. Invertible conditio- Engineering & Science,2020,42(4) ;699-706.
nal gans for image editing[ ] ]. arXiv:1611. 06355,2016. [26] BAO J,CHEN D,WEN F,et al. CVAE-GAN:fine-grained

[15] WANG S M,LI S F. Multi-domain image conversion method image generation through asymmetric training[ C]// Proceedings
based on feature vector transformation GAN[]]. Journal of of the IEEE International Conference on Computer Vision.
Yunnan University ( Natural Sciences Edition), 2020, 42 (6) 2017.2745-2754.

1080-1090. [27] WOO S,PARK J,LEE J Y,et al. Cham:Convolutional block at-

[16] LIU M Y.BREUEL T,KAUTZ ]. Unsupervised image-to- tention module[ C]// Proceedings of the European Conference on
image translation networks[]J]. arXiv:1703. 00848,2017. Computer Vision (ECCV). 2018:3-19.

[17] HUANG X,LIU M Y,BELONGIE S, et al. Multimodal unsu- [28] HU J,SHEN L,SUN G. Squeeze-and-excitation networks [ C] //
pervised image-to-image translation[ C] // Proceedings of the Eu- Proceedings of the IEEE Conference on Computer Vision and
ropean Conference on Computer Vision (ECCV). 2018:172-189. Pattern Recognition, 2018:7132-7141.

[18] PARK D Y.LEE K H. Arbitrary style transfer with style-atten- [29] ULYANOV D,VEDALDI A,LEMPITSKY V. Instance nor-
tional networks[ C]// Proceedings of the IEEE/CVF Conference malization; The missing ingredient for fast stylization[J]. arXiv:
on Computer Vision and Pattern Recognition. 2019 :5880-5888. 1607. 08022,2016.

[19] XIAO T,HONG J,MA ]J. Elegant: Exchanging latent encodings [30] BA J L,KIROS J R, HINTON G E. Layer normalization[ ] ].
with gan for transferring multiple face attributes[ C] // Procee- arXiv:1607. 06450,2016.
dings of the European Conference on Computer Vision (EC- [31] JOLICOEUR-MARTINEAU A. The relativistic discriminator:a
CV).2018:168-184. key element missing from standard GAN [ ]]. arXiv: 1807.

[20] CHO W,CHOI S,PARK D K.et al. Image-to-image translation 00734,2018.
via group-wise deep whitening-and-coloring transformation [32] KINGMA D P.BA J. Adam: A method for stochastic optimiza-
[C]//Proceedings of the IEEE/CVF Conference on Computer tion[ J]. arXiv:1412. 6980,2014.

Vision and Pattern Recognition. 2019:10639-10647.

[21] MA Z.L1]J.WANG N.et al. Semantic-related image style trans- SHI Da.born in 1997, master. His main
fer with dual-consistency loss[ ] ]. Neurocomputing. 2020, 406 : ‘:a research interests include cyber security
135-149. \ = and artificial intelligence.

[22] CHOI Y.CHOI M.KIM M.et al. Stargan: Unified generative -
adversarial networks for multi-domain image-to-image transla-
tion[ C]J // Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition. 2018:8789-8797. LU Tian-liang, born in 1985, Ph.D, asso-

[23] SANAKOYEU A,KOTOVENKO D,LANG S.et al. A style- ciate professor, is a member of China
aware content loss for real-time hd style transfer[ C]// Procee- ( p Computer Federation. His main re-
dings of the European Conference on Computer Vision search interests include cyber security
(ECCV). 2018:698-714. and artificial intelligence.

[247 WU H M.,LIU Q R.WANG Y H. Face image translation based

on generative adversarial networks[ ]J]. Journal of Tianjin Uni-

versity : Science and Technology,2019,52(3) :306-314.

(STAE 2 48 - Wi 28D



