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Information interaction linear Transformer network for

infrared and visible image fusion
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Abstract: Objective Transformer-based deep learning techniques have demonstrated excellent performance in infrared
and visible image fusion. However, Transformer-based image fusion networks suffer from low computational efficiency and
require substantial computational resources and storage space during training. In addition, most existing fusion methods

overlook cross-modal information interaction during the encoding phase, leading to the loss of complementary information,
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particularly in complex scenarios, such as low-light conditions or smoke occlusion, where highlighting target features is
challenging. To address these challenges, we propose a fusion network based on an information interaction linear Trans-
former (I2F Transformer). The proposed I12F Transformer reduces computational costs while enhancing cross-modal infor-
mation integration, producing fused images with a clear background and prominent targets. Method In this study, we pro-
pose a novel infrared and visible image fusion algorithm that employs a network structure based on an information interac-
tion linear Transformer, including a dual-branch encoder and decoder. First, the encoder adopts a dual-branch structure to
extract features separately from infrared and visible light images. The encoder extracts shallow features from the source
images by using a 3 X 3 convolutional layer with a stride of 1. Then, these shallow features are input into three cascaded
global information fast interaction modules, where complementary features from infrared and visible feature maps are fur-
ther extracted and integrated through the I12F Transformer to achieve deep integration of cross-modal features. The decoder
consists of five cascaded convolutional modules, with each containing a convolutional layer and an activation function
layer, ultimately reconstructing the fused features into a high-quality fused image. To enhance the model’s training effec-
tiveness, a Fourier transform loss function is designed to preserve critical frequency domain information from the source
images, ensuring the detail and clarity of the fused images. Result Comparative experiments were conducted on the Multi-
spectral Road Scenarios (MSRS) and TNO datasets, comparing 13 traditional and deep learning-based fusion methods. In
the subjective evaluation, the proposed method demonstrated a clear advantage in complex scenarios. With regard to the
objective evaluation, our method achieved optimal values in 5 objective metrics on the MSRS dataset: entropy (EN) ,
visual information fidelity (VIF) , average gradient (AG) , edge intensity (EI), and gradient-based similarity measure
(Q*"). Compared with the best values in the 5 metrics of 13 existing fusion algorithms, an average increase of 0. 75%,
0.15%, 1.56%, 1.52%, and 1.27% are reached. Our method achieved the best values in EN, VIF, AG, and Q**" on
the TNO dataset. Compared with the best values in the 4 aforementioned metrics of 13 existing fusion algorithms, an aver-
age increase of 1. 53%, 3.79%, 0. 17%, and 6. 94% are reached. In addition, we validated the effectiveness of each com-
ponent in the network through ablation experiments. To further validate the computational efficiency of the fusion model,
we analyzed the algorithm’s computational complexity. Conclusion In this study, we proposed a fusion network based on
an information interaction linear Transformer, innovatively introduced a cross-modal information interaction mechanism,
and achieved network lightweighting through linear modules in the I2F Transformer. The experimental results show that
compared with 13 existing fusion methods, the proposed method demonstrates superiority in enhancing visual effects, pre-
serving texture details in complex scenes, and improving computational efficiency.

Key words: image fusion; information interaction; linear Transformer; Fourier transform loss; deep learning
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(entropy, EN) (Roberts &5 , 2008) . 5 #E 2% (standard
deviation, SD) (Rao, 1997) . #8545 B (visual infor-
mation fidelity , VIF) (Han %5, 2013) 386 & (aver-
age gradient, AG) (Cui 55 , 2015) | i1 2% 5 J& (edge
intensity , EI) (Xydeas Fil Petrovié¢, 2000 ) A1 %& F Ff &
B A L M & (gradient-based similarity measure-
ment, QAB/F) (Xydeas 1 Petrovié, 2000) o
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Fig. 5 Comparison of subjective evaluation of MSRS dataset “00537D”
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Fig. 6 Comparison of subjective evaluation of MSRS dataset “01352N”
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Table 1 Comparison of quantitative results of different fusion methods on MSRS dataset

ik EN SD VIF AG EI QM
SeAFusion 6.5257 39.600 4 0.689 7 3.503 5 37.478 0 0.6718
SegMiF 6.000 0 33.764 1 0.602 4 3.076 9 32,6140 0.565 5
CrossFuse 5.048 0 28.167 7 0.368 8 29373 31.066 1 0.4173
TarDAL 6.346 2 35.492 6 0.544 4 3.116 0 32.244 7 0.4307
RFN-Nest 6.1958 29.077 6 0.516 5 2.115 1 23.094 0 0.3953
TUFusion 6.085 5 26.406 1 0.401 4 1.719 3 18.760 9 02184
SwinFusion 6.5179 43.004 3 07233 3.5414 37.850 7 0.6715
SEDRFuse 6.418 7 35.087 0 0.6137 3.096 0 32.7775 0.544 1
GANMcC 6.118 6 26.339 4 0.429 8 1.9970 213326 0.307 7
U2Fusion 5.0423 20.342 0 0.333 4 22636 24.130 0 0.344 2
SwinFuse 4.236 4 29.719 6 0.304 6 1.9383 20.463 7 0.180 6
FPDE 5.9910 23.986 0 0.393 7 2.688 4 28.048 8 0.491 1
MSVD 5.954 6 23.7772 0378 1 22455 22.818 6 03521
A3 6.574 5 42.544 6 0.724 4 3.596 7 38.4252 0.680 3
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Fig. 7 Comparison of subjective evaluation of TNO dataset “Kaptein_1654"
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Fig. 8 Comparison of subjective evaluation of TNO dataset “soldier_behind_smoke”
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Table 2 Comparison of quantitative results of different fusion methods on TNO dataset

Tk EN SD VIF AG El QF
SeAFusion 6.714 7 41.1114 0.408 1 4.650 6 47.065 9 0.508 5
SegMiF 6.996 2 44.434 6 0.5517 44313 44.009 7 0.590 8
CrossFuse 7.175 6 49.756 4 0.429 8 4.489 3 45.053 2 0.538 5
TarDAL 6.847 5 44207 3 0.450 6 27639 292723 0.309 0
RFN-Nest 6.544 0 31.4614 0.306 3 2.161 0 23.308 0 0.201 2
TUFusion 6.4617 26.558 0 0.291 3 1.791 6 19.295 3 0.2259
SwinFusion 6.865 0 37.828 8 0.376 5 3.849 1 38.208 4 0.404 1
SEDRFuse 6.953 5 45.204 8 0.388 5 4.1332 42.021 6 0.2509
GANMcC 6.254 5 277122 0.2250 2.080 6 215305 0.182 1
U2Fusion 6.579 8 28.704 7 0.3528 37311 38.205 3 0.4111
SwinFuse 6.767 0 42.404 8 0.390 5 43019 43.661 3 03223
FPDE 6.3318 27.408 4 0.258 3 3.165 1 31.228 1 0.249 2
MSVD 6.319 1 27.178 5 0.2610 26215 25.583 1 0.218 6
KNS 7.285 6 47.8415 0.5726 4.658 6 46.848 0 0.6318
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Fig. 9  Comparison of qualitative results of ablation experiments
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Table 3 Comparison of quantitative results of ablation experiments

WIRFS EN SD VIF AG El QNP
w/o FFT loss 5.6193 27.966 3 0.498 1 3.3775 35.374 6 0.623 5
w/o 12 branch 6.4829 39.2116 0.690 5 3.4830 36.9359 0.686 9
wlo focused linear 6.453 2 38.320 0 0.674 3 3.5740 37.866 1 0.6755
AL 6.574 5 42.544 6 0.724 4 3.596 7 38.4252 0.6803
T KL T RN A 03 R & 9 e b IR AR R
T 10 B, 38 18 R0 25 S8 44 Transformer HP Y Q(R™K") V:Nxd,
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Fig. 10 The computation graph of MILF attention mechanism
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Table 4 Comparison of FLOPs and inference time
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Table S Comparison of parameter and inference time for

different fusion methods

between the proposed method and module w/o S SRR SR )/
focused linear MSRS TNO
Tri: SPERIGFE FLOPS/G HERRI ] /ms SeAFuison 0.16 0.22 0.06
w focused linear 32 x32 3.5 6.2 SegMiF 0.99 0.82 0.28
w/o focused linear 32x32 9.6 16.0 CrossFuse 1.16 0.14 0.07
w focused linear 64 x 64 6.3 6.5 TarDAL 0.29 0.42 0.27
wlo focused linear 64 % 64 25.6 45.4 RFN-Nest 30.10 0.20 0.13
w focused linear 96 x 96 142 12.4 TUFusion 76.28 022 0.05
w/o focused linear 96 X 96 111.9 220.6 SwinFusion 0.93 244 1.39
) SEDRFuse 3.31 2.22 2.23
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