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Abstract: The fusion of infrared and visible light images can generate images containing more information in
line with human visual perception compared with the original images, and is also beneficial for downstream
tasks. Traditional image fusion methods based on signal processing have problems such as poor generalization
ability and reduced performance of complex image fusion. Deep learning is capable of features extraction and
provides good results. However, its results have problems such as reduced preservation of textural details and
blurred images. To address these problems, this study proposes a fusion network model of infrared and visible
light images based on the multiscale Swin Transformer and an attention mechanism. Swin Transformers can
extract long-distance semantic information from a multiscale perspective, and the attention mechanism can
weaken the insignificant features in the proposed features to retain the main information. In addition, this study
proposes a new hybrid fusion strategy and designs brightness enhancement and detail retention modules
according to the respective characteristics of the infrared and visible images to retain more textural details and
infrared target information. The fusion method has three parts: the encoder, fusion strategy, and decoder. First,

the source image was input into the encoder to extract multiscale depth features. Then, a fusion strategy was

kS HEA: 2022-07-30; {&iTHHEA: 2022-09-13.

EE®AY: FHE (1985 , 5, WL, Bz, WLAESN, EEFFTAEEGAE., 30R . E-mail: bc@zut.edu.cn.

HEEWE: EXREARFEEESTIIE (61901537, 62072489); 44 B N ARFRM I E BBIZ 2 P EE L ERIFERE ST FEB (2020M672274);
FEZR TS SRR ST RITIE (2019059); H i T4 e 54 B T BUMRE 7R 1HRI (2019XQG04); 5 T 22 2= A5 4R il S 45 5 -l
(SD202207).

721



F45E H T
2023 4F 7 H

ANPNES PN
Infrared Technology Jul. 2023

Vol.45 No.7

designed to fuse the depth features of each scale. Finally, the fused image was reconstructed using a decoder

based on nested connections. The experimental results on public datasets show that the proposed method has

a better fusion performance compared with other state-of-the-art methods. Among the objective evaluation

indicators, EI, AG, QP, EN, and SD were optimal. From a subjective perspective, the proposed infrared and

visible light image fusion method can preserve additional edge details in the results.

Key words: image fusion, infrared and visible light images, Swin-transformer, feature aggregation, attention

mechanism.
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Table 2 Average values of image evaluation indicators before and after ablation

SCD MS-SSIM MI VIFF
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Ours 1.579132302  0.864855029 13.82841411 0.365041201
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Fig.10 Fusion results of infrared and visible images
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Fig.11 Fusion results of infrared and visible light images from MSRS dataset
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Table 3 Average value of 21 pairs of image evaluation indicators in TNO dataset
EI FMI_dct QP VIF AG EN SD
GTF 32.52770 0.10836 0.02177 0.45364 3.35874 6.63534 31.57911
TIF 39.23519 0.19743 0.11410 0.74760 3.89565 6.52602 28.24174
ADF 35.26416 0.28190 0.16059 0.31281 3.67947 6.27304 23.42029
VggML 24.00504 0.40463 0.28970 0.29509 2.42635 6.18260 22.70687
FusionGAN  22.14833 0.36334 0.09887 0.45354 220517 6.36285 26.06731
DenseFuse  23.30637 0.40727 0.28615 0.28695 2.35330 6.17403 22.54629
RFN-Fuse 29.14734 0.10639 0.01774 0.34545 2.73375 6.84134 35.27043
DeepFuse 34.73729 0.41501 0.28615 0.28695 2.35330 6.17403 33.65323
Dual-branch  25.07866 0.30116 0.29138 0.35070 2.47084 6.33231 27.02308
CSF 36.81830 0.25636 0.24811 0.71146 3.60953 6.79053 35.71607
Ours 50.76634 0.254905 0.303399 0.684504 5.38937 6.91420 38.77089
# 4 MSRS 4 21 X BB FabsT31E
Table 4 Average value of 21 pairs of image evaluation indicators in MSRS dataset
EI FMI _dct QP VIF AG EN SD
GTF 28.45466 0.19621 0.15700 0.44730 2.71035 5.73625 24.19185
TIF 43.39727 0.22136 0.33786 1.04271 4.09034 6.58252 35.54339
ADF 32.29431 0.21340 0.29474 0.45374 3.08234 6.29048 28.62276
VggML 26.05613 0.38575 0.40246 0.45717 2.46865 6.24643 28.33981
FusionGAN 16.97583 0.31703 0.13058 0.33249 1.59356 5.60325 19.71231
DenseFuse 30.93252 0.09862 0.02089 0.13650 3.16776 5.65645 24.04045
RFN-Fuse 16.06580 0.26362 0.35816 0.53009 1.47516 5.60288 25.07045
Deep-fuse 28.63384 0.39021 0.39733 0.59795 2.70763 6.42196 32.44943
Dual-branch ~ 26.34184 0.28525 0.36961 0.50415 2.47727 6.21497 31.06896
CSF 28.93600 0.24274 0.34685 0.58995 2.71384 6.25018 32.16605
Ours 55.88537 0.35160 0.47274 0.74274 5.66437 6.73437 41.75073
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