5 43% 51 8 BT 5 fF B % ik Vol. 43No. 8
20214E8 H Journal of Electronics & Information Technology Aug. 2021

ETaiSRZHENEENZREEZMEHEGRIZHR

FHRYY Y #Y
OrmigitEnsaFE %% &T  530004)
D BHSBARBREEREEATEERE ST 530004)

7 OE: s E G A R EUR R R, %SO R B R g A s AT e, [RIER T 2 R R
Bt RTINS o AR A AR M GEE T T, R AR PRI (B AR ) R (SK Block) (K3 5 1832 B AL
SRRl A 2E R 3 R A LSRR IR A 22 R (S 8., A BARAE 0 22 RURE (5 SR Bl 25 B 52 7 M sk 43 0 (B AR i
A AT UM 4 (SK-GAN) . 5404 sl Lk, SK-GANCAZhA RS2 B3R 2 N {5 B A e R s 1 2B ik
KGR E. fE2ALESE RO, 5T SK-GANTE S K4 BB L RMEAT 1R 1A 51 S BB e Bebk (B A7) %
1A LN BT 28 (GSK-GAN) . 1ZBAVF 51 3 B4 18 SR BG4, @i 515 B D 23 1R 85| 5 B8R
fiE, SRJ5 HZHUE RS (PG FURHE R 2 (FT) 4 51 3 BURRHE RS B B A A . IBAh, 12 OCESR XU 3
G143 UG RS 3% AP i e B B (i e 70, DLCRIF 513 R R B AR 8 437 S B BEATLRE X R A . SEB
B, Db A s A B IR R AE B R R, SK-GANTEZ MRS A EHAERER . GSK-GANAY
PRIE T AE MR R, R ReA: il 2 R R B

XEER: B ZREER: IR HIENRHEE R

FESS: TNI11.73; TP391 XEAFRIRES: A TEHS: 1009-5896(2021)08-2386-09
DOI: 10.11999/JEIT200675

Adaptive Multi-scale Information Fusion Based on Dynamic
Receptive Field for Image-to-image Translation

YIN Mengxiao®®  LIN Zhenfeng®  YANG Feng®®

@(School of Computer and FElectronics Information, Guangzi University, Nanning 530004, China)

®( Guangzi Key Laboratory of Multimedia Communications and Network Technology,
Guangzi University, Nanning 530004, China)

Abstract: In order to improve the quality of the generated images by the image translation model, the generator in the
translation model to obtain high-quality generated images is improved, the diversified image translation is explored and
the generation ability of the translation model is expanded. In terms of generator improvement, the dynamic receptive
field mechanism of Selective Kernel Block (SKBlock) is used to obtain and fuse the multi-scale information of each up
sampling feature in the generator. With the help of multi-scale information of features and dynamic receptive field, the
Selective Kernel Generative Adversarial Network (SK-GAN) is constructed. Compared with the traditional generator,
SK-GAN improves the quality of the generated image by using dynamic receptive field to obtain multi-scale information.
In terms of diversified image translation, the Selective Kernel Generative Adversarial Network with Guide (GSK-GAN)
is proposed based on SK-GAN in sketch synthesis realistic image task. GSK-GAN uses the guided image to guide the
source image translation and extracts the guide image features through the guided image encoder. Then transmits
information of the guided image features to the generator by Parameter Generator (PG) and Feature Transformation
(FT). In addition, a dual branch guided image encoder is proposed to improve the editing ability of the translation
model. The random style image generation is realized by using the latent variable distribution of the guide image. The
experimental results show that the improved generator is helpful to improve the quality of the generated images, and
SK-GAN can obtain reasonable results in multiple datasets. GSK-GAN no only ensures the quality of the generated
images, but also generates more styles of images
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