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Multi-task Based Approach for Semantic Transfer of Images
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(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: In recent years, Transformer-based visual models (e. g., Swin Transformer) show good prospects in visual tasks, how-
ever, these methods usually focus on reducing signal distortion between original and reconstructed data, while ignoring perceptual quali-
ty. Considering that the conventional Mean Square Error (MSE) loss fails to reflect perceptual and semantic quality effectively, we pro-
pose a weighted loss function combining MSE and Learned Perceptual Image Patch Similarity (LPIPS), and accordingly construct a
Swin Transformer-based semantic communication framework, called Swin Transformer with LPIPS-based Joint Source-Channel Coding
(STL-JSCC) method, which significantly enhances image reconstruction quality and semantic consistency. For performance evaluation,
two semantic-aware metrics are introduced: the Images Semantic Deviation (ISD) value and lamges Semantic Similarity (ISS). These
indicators form a joint perceptual-semantic evaluation system, which breaks through the limitations of traditional evaluation methods.
Experimental results show that the proposed STL-JSCC outperforms other models in all the indexes, verifying the significant potential
and advantages of the proposed method in improving the image reconstruction quality and semantic extraction capability.

Keywords: Swin Transformer; semantic communication; LPIPS; semantic evaluation
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Tab.3 Results of ablation experiments

PGS MSE LPIPS PSNR/dB MS-SSIM/dB Viso Viss

1.0 0 42.49 29.37 -1.02 2.56
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0.5 0.5 40.33 25.16 -1.18 2.29

TRt RRO] MESIET MSE WIS FFRINE  Bobk S AU AR L. & M40 A2 MSE 5 A1 %

TAR R YR 2= B/, ME LU I E X —8hE, 51A
BN S 5, IR PSNR R TFA R, H Vi Fl MS-
SSIM i kst Bz R 4 A A Bh P THE L —

A E R T SGE R R SEERE R G HE , 41 MSE 45
KB BELAAL G abn (T8 SRR RE T AN 5 T B2
MR K 2 S B A U N, i AR

1022

Radio Communications Technology

Vol. 51 No. 5 2025



BT, STL-JSCC #EAIZE PSNR \MS-SSIM 14 4t f5 45 5
Vigp Viss W SCHEFR L YU fe LR I, UESE 1T AR
1% PR A B LD B

VA 1 78 il S 56 78 43 1E B, A SCHE H B BT R
BT EPE T TE: S (5B %) PG it I A AR
B EA W Ak, LPIPS #1R FEAK 4
A (32 pixelx32 pixel ) 35 o X% 18 SCFNEEHN i
Eﬁ%ﬂﬁﬁﬁ%,r%%ﬁ#$(224 pixel X224 pixel )
Yyser , LI BRIE 25 MR/, X AT RS2 T 7
PR EUR h S5 4075 0 2 BRI 545 T 9 i 5
REJT, BN A AR XS 5540
2.3.4 BRI IR 5SS AT

A TEPEAL BT HE H LT Swin Transformer fY
STISCC B FHAUAE AR o BE G 5 T TR E
JEE 5 SR B, AR S0 XK 43 BER (32 pixel x
32 pixel) RIS (224 pixel X224 pixel ) LN
BT T @SR, B TRIRE AR R AR
JETF R T 43 HE5 H 38 N 254, da b 2% 5 fR i 245 19
SEPRUREE S RO A TR A R s S A
BT AR 35 25 5 S5 RSk 4 R, 1R
I3 HEFE(32 pixelx32 pixel) Fi A ST ACHY (1) SLAY
FFFNVE 5 35 580 (Floating Point Operations Per Sec-
ond ,FLOPs) Z1° 0.77 G, S8 & %°h 13.75 M, F
Rk R HE BT [E] 2R 12,60 ms,, 10 FE 55 70 HER
(224 pixelx224 pixel ) AT, Bl 15 2544 1
— M, FLOPs 2 7+ & 69.71 G, Z 8 & K
71. 66 M, F-IHERRIF A 28. 31 ms,

SRR, STISCC BEBIAEAN [R) g A\ 73 D3
TYEA RAFATTHRERCR 5 SRR
F4 EXESIRESTER

Tab.4 Analysis results of complexity and real-time

performance
EUE RS/ ) e FRHT
RE FLOPs/G  Z%UR/M N
pixel [E]/ms
32%32 2 0.77 13.75 12. 60
224x224 3 69. 71 71. 66 28. 31
3 HRiE

EF XL S8 Transformer #HAK 1 19 1% 58 MSE $i
RAUKFG R ZD ) TRZE  MELUBFNE SR B, A8 3C
B T BN -2k B KA Pk Y38 15 4248 STL-JSCC,
F R T MSE 5 LPIPS (W fInAZH &40 2% pR L, e st
IRGAR R — 35 = Gl A5 e — 30k, B 3 4 T

LM AR b AL EH KNG

TEMRE R R SR R T A
ek PG SR T B2 R T 454 ISD 5 1SS 1Y
VAR v M IR A SRR -1 S PP A 1A 1, DT 28
W T AR GTARHE RO LS8 TR A B, SEI0 2
WL, 7E AWGN 5 Raylelgh fFiip, STL-JSCC 7
PSNR MS-SSIM | Vg, Viss S5 HR E AT T A J7

22U UE T TR VA AE MG I SCOR ECRI A% i 6
ﬁmﬁﬁn;‘%

AR T 21 THIR AR W LU 25 R T 10 1% i o
It R R AT R AR B | 38 3 AR K 2 vy
RO T F A, A8 B2 538 15 P R 14 7] B 406 sk
A, B 3 S AR RGeS

& % X o

[1] YE H,LIANG L,LI G Y et al. Deep Learning-based End-
to-End Wireless Communication Systems with Conditional
GANs as Unknown Channels[ J]. IEEE Transactions on
Wireless Communications,2020,19(5) :3133-3143.

(2] FRAEME, A, 0 A&, . @ @5 LB 43 0945 1 R
BEMEEZELEM T EAL[]]. RALBEFHK,
2024,50(3) :519-527.

[3] SHANNON C E. A Mathematical Theory of Communica-
tion[ J]. The Bell System Technical Journal, 1948, 27
(3) :379-423.

[4] FRESIA M, PEREZ-CRUZ F, POOR H V, et al. Joint
Source and Channel Coding[ J]. IEEE Signal Processing
Magazine ,2010,27(6) :104—113.

[5] BOURTSOULATE E, KURKA D B, GUNDUZ D. Deep
Joint Source-channel Coding for Wireless Image Transmis-
sion[ J]. IEEE Transactions on Cognitive Communications
and Networking,2019,5(3) :567-579.

[6] TUNGT Y,KURKA D B,JANKOWSKI M, et al. Deep-
JSCC-Q: Constellation Constrained Deep Joint Source-
Channel Coding[ J]. IEEE Journal on Selected Areas in
Information Theory,2022,3(4) :720-731.

[7] TUNG T Y, GUNDUZ D. DeepWiVe: Deep-learning-ai-
ded Wireless Video Transmission[ J]. IEEE Journal on
Selected Areas in Communications,2022,40(9) :2570—
2583.

[8] YANG M Y,BIAN C H,KIM H S. OFDM-guided Deep
Joint Source Channel Coding for Wireless Multipath Fa-
ding Channels[ J ]. IEEE Transactions on Cognitive Com-
munications and Networking,2022,8(2) ;584-599.

[9] KURKA D B,GUNDUZ D. Bandwidth-agile Image Trans-
mission with Deep Joint Source-channel Coding[J]. IEEE
Transactions on Wireless Communications,2021,20(12) .

8081-8095.

2025 FFF 51 HEH 5 M

FTARBTEIRA 1023



LM Kl Bk b AAEE ARG

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

XU J L,Al B,C W,et al. Wireless Image Transmission
Using Deep Source Channel Coding with Attention Mod-
ules[ J]. IEEE Transactions on Circuits and Systems for
Video Technology,2022,32(4) .2315-2328.

ZHANG P,XU W J,GAO H,et al. Toward Wisdom-evolu-
tionary and Primitive-concise 6G:A New Paradigm of Se-
mantic Communication Networks [ J]. Engineering, 2022,
8.60-73.

YANG M Y,KIM H S. Deep Joint Source-channel Coding
for Wireless Image Transmission with Adaptive Rate Con-
trol[ EB/OL]. (2021-10-09) [ 2025-04-29 1. https: //
arxiv. org/abs/2110. 04456.

ZHANG W Y,ZHANG H J,MA H, et al. Predictive and
Adaptive Deep Coding for Wireless Image Transmission in
Semantic Communication[ J ]. IEEE Transactions on Wire-
less Communications,2023,22(8) :5486—-5501.

HAN K,WANG Y H,CHEN H T,et al. A Survey on Vi-
sion Transformer [ J ]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2022, 45 (1)
87-110.

YOO H J,DAI L L,KIM S K, et al. On the Role of ViT and
CNN in Semantic Communications: Analysis and Prototype
Validation[ J |. IEEE Access,2023,11:71528—-71541.

X4k BX B . %4 CNN #= Transformer 9 AL BEAE A
xR []]. aFaE5 M E F4R,2023,37(5)
223-229.

YANG K,WANG S X,DAI J C,et al. WITT: A Wireless
Image Transmission Transformer for Semantic Communica-
tions[ C] //ICASSP 2023-2023 IEEE International Con-
ference on Acoustics, Speech and Signal Processing.
Rhodes Island ; ICASSP,2023;1-5.

LIU X Y,WU Y,LIANG W K, et al. High Resolution SAR
Image Classification Using Global-local Network Structure
Based on Vision Transformer and CNN[ ] ]. IEEE Geoscience
and Remote Sensing Letters,2022,19.1-5.

BLAU Y, MICHAELI T. Rethinking Lossy Compression;
The Rate-distortion-perception Tradeoff[ C ] //International
Conference on Machine Learning. Long Beach: PMLR,
2019.:675-685.

[20]

(21]

(22]

(23]

[24]

[25]

[26]

LEDIG C,THEIS L, HUSZAR F et al. Photo-realistic Sin-
gle Image Super-resolution Using a Generative Adversarial
Network [ C ] //Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Honolulu:
IEEE,2017.4681-4690.

ZHANG R, ISOLA P,EFROS A A, et al. The Unrea-
sonable Effectiveness of Deep Features as a Perceptual
Metric[ C]//2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Salt Lake City: IEEE,
2018:586-595.

LIU Z,LIN Y T,CAO Y,et al. Swin Transformer; Hierar-
chical Vision Transformer Using Shifted Windows[ C] //
2021 IEEE/CVF International Conference on Computer
Vision(ICCV) . Montreal : IEEE, 2021 :9992-10002.

DING K Y,MA K D, WANG S Q, et al. Comparison of
Full-reference Image Quality Models for Optimization of
Image Processing Systems [ J]. International Journal of
Computer Vision,2021,129(4) ;1258-1281.

ZHOU W ,SIMONCELLI E P,BOVIK A C. Multiscale Struc-
tural Similarity for Image Quality Assessment[ C]//The Thri-
ty-Seventh Asilomar Conference on Signals,Systems & Com-
puters. Pacific Grove:CIEEE 2003 :1398-1402.

ZHANG Z J. Improved Adam Optimizer for Deep Neural Net-
works[ C] // Proceedings of 2018 IEEE/ACM 26th Interna-
tional Symposium on Quality of Service (IWQoS). Banff.
IEEE 2018 1-2.

THECKEDATH D, SEDAMKAR R R. Detecting Affect
States Using VGG16, ResNet50 and SE-ResNet50 Net-
works[ J]. SN Computer Science,2020,1(2) :79.

&

W

HX

WAL

H b5

B,

mEER B, (1968—) Wi+, ##%Z, H+4EF0H, FE
JrI) REE ) R BE TR R,

Hifm 5 (2000—) B0+ AF o A2, EEHEGE T I
S,

FWEE 5B, (2000—) B0 A, FEEHEGE T

23] 55 R IGRT,

HHER B, (1998—) WL WFIT A, FBEWFIET Ih
23 G5 RKME R,

TER B,(1999—) 8- AFs A, BB 5.
LioRillEEN

1024

Radio Communications Technology

Vol. 51 No. 5 2025





