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Target semantic hierarchy driven infrared and visible image fusion

TAO Yuzhuo, LUO Yuting, ZHAO Fan’
(College of Physics and Electronic Technology, Liaoning Normal University, Dalian 116000, China)

Abstract: Infrared and visible image fusion aims to retain the complementary features of different
modalities to achieve robust perception of complex scenes, and it plays a crucial role in numerous fields
such as security monitoring, military reconnaissance, and autonomous driving. However, existing image
fusion algorithms focus on enhancing the visual effects of images, leading to the ineffective preservation of
key semantic information during the fusion process, which in turn affects the application performance of
fused images in high-level visual tasks. Although existing methods attempt to cascade the fusion task with
high-level visual tasks (segmentation, detection, etc.) , this sequential connection has limited
enhancement on semantic information. To balance visual effects and downstream tasks, this paper
proposes a semantic-driven infrared and visible image fusion network, SDFusion. First, a shared feature

encoder is adopted to perform multi-level cross-modal feature extraction for infrared and visible images,
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fully mining the useful information in both modal images. Then, through the parallel collaborative
optimization of the image fusion decoder and the semantic segmentation decoder, while hierarchically
injecting encoded features into decoded features to enhance feature representation, the joint modeling of
fusion features and semantic features is achieved. Experimental results on public datasets show that
compared with traditional methods, this method significantly improves seven objective evaluation
indicators. Specifically, EN is improved by 3. 7%, SD by 7.3%, MI by 45.3%, VIFF by 18.5%, and
Q™" by 7.2%. The fusion results of this method demonstrate superior performance in downstream
segmentation tasks compared to traditional approaches. These experiments fully demonstrate the
effectiveness of the SDFusion method. The fusion results not only achieve obvious improvement in visual

effects but also greatly promote the development of high-level visual tasks, providing new ideas and

methods for the development of infrared and visible image fusion technology.
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Tab.1 Evaluation metrics of different fusion algorithms based on the TNO dataset. Bold and underline indicate the best

and second-best values, respectively.

EN SD MI VIFF QT
SwinFusion 6.886 5 39.6128 2.599 2 0.716 0 0.546 7
YDTR 6.3205 26.704 0 1.7157 0.544 7 0.398 3
LRRNet 7.009 4 42.697 8 1.9576 0.554 6 0.404 0
U2Fusion 6.8358 34.7624 1.477 2 0.540 1 0.4617
PIAFusion 6.9210 41.3514 2.3867 0.773 6 0.554 9
CrossFuse 6.9730 41.697 2 2.2231 0.718 6 0.470 2
TC-MoA 6.876 7 38.1135 1.992 8 0.652 2 0.5329
Ours 7.1209 45.8333 3.7714 0.916 2 0.594 9

%* 2 ETFRoadscene BEBEMAE A EEZNTMIER. HEMTUES AR TREETREE.
Tab.2 Evaluation metrics of different fusion algorithms based on the Roadscene dataset. Bold and underline indicate the

best and second-best values, respectively.

EN SD MI VIFF QY
SwinFusion 7.0547 44.8380 2.3773 0.6752 0.498 6
YDTR 6.776 1 33.238 2 2.1379 0.616 5 0.468 0
LRRNet 7.002 1 40.067 6 1.977 7 0.494 1 0.348 3
U2Fusion 6.7129 29.0314 1.6714 0.5375 0.4797
PIAFusion 6.982 6 44.073 3 2.480 3 0.697 0 0.466 7
CrossFuse 7.1231 45.329 1 2.3156 0. 604 0 0.367 4
TC-MoA 7.124 1 42.274 7 2.284 2 0.6725 0.5377
Ours 7.466 3 58.912 7 3.3529 0.850 1 0.5210

®3 ETPotsdam HIBEM AR S EEZHNITMNIER. HENM T LA R TR EBERER.
Tab.3 Evaluation metrics of different fusion algorithms based on the Potsdam dataset. Bold and underline indicate the best

and second-best values, respectively.

EN SD MI VIFF QT
SwinFusion 6.892 4 38.380 1 3.3206 1.5633 0.7333
YDTR 6.466 3 26.889 3 3.1785 1.3477 0.801 2
LRRNet 6.757 7 34.3477 2.7829 1.1321 0.599 0
U2Fusion 6.793 2 32.1014 2.7432 1.448 7 0.696 2
PIAFusion 6.8455 35.673 9 3.4711 1.5510 0.793 2
CrossFuse 6.638 4 28.8730 2.8304 1.3411 0.7511
TC-MoA 6.707 4 31.048 5 3.328 1 0.652 2 0.5329
Ours 6.9203 36.1329 4.1430 1.5796 0.8127
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Table 4 Comparison of different fusion algorithms in terms of inference time

SwinFusion YDTR LRRNet  U2Fusion PIAFusion CrossFuse TC-MoA ours

e B ] /s 0.5716  0.1054 0.0581  0.6546 0.267 4 0.3044  0.1628 0.1306
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Fig. 8 Segmentation results of different fusion methods on the Potsdam dataset using Segmenter
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Fig. 5 Segmentation results per class for different fusion algorithms on the Potsdam dataset. Bold and underlined values in-

dicate the best and second-best performance, respectively.
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Tab. 6 Quantitative evaluation results of ablation studies on the TNO dataset. Bold indicates the best results.
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Tab. 7 Quantitative evaluation results of ablation studies on the TNO dataset. Bold indicates the best results.
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