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Infrared and visible aerial image fusion via dynamic environmental
brightness perception

TIAN Feng'?, HAN Zhuohan'?, LIU Fang'?, ZHANG Yan'?, XIE Hongtao'?,

GAO Fan'?, HUANG Bin'?, LIU Zongbao®
(1. School of Computer and Information Technology, Northeast Petroleum University, Daqing 163318, China; 2. Heilongjiang Pro-
vincial Key Laboratory of Oil Big Data & Intelligent Analysis, Daqing 163318, China)

Abstract: To address the issues of inadequate brightness-adaptive fusion and insufficient mining of complementary fea-
tures in existing infrared and visible image fusion methods under UAV aerial conditions, this paper proposes a fusion
method based on dynamic environmental brightness perception. First, an environmental brightness perception module is
designed to dynamically reorganize visible features, reducing the interference caused by varying illumination conditions
on network learning. Second, a cooperative high- and low-frequency attention mechanism is constructed to enhance the
model’s ability to capture edge details from infrared images and highlight salient targets in the fused results. Finally, a
discrete wavelet cross-attention block is introduced to facilitate efficient fusion of complementary features through
cross-modal interaction. Extensive experiments on public datasets with multiple evaluation metrics demonstrate that the
proposed method achieves adaptive brightness fusion of infrared and visible aerial images under UAV scenarios, yield-
ing superior qualitative and quantitative results. Moreover, it is verified that the fused images generated by our method
can effectively enhance ground target detection in UAV applications.

Keywords: image fusion; unmanned aerial vehicles; environmental brightness adaptation; infrared image; high-fre-

quency information enhancement; feature fusion; cross attention; object detection
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Fig. 1 Infrared and visible aerial image fusion network based on ambient brightness perception
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Fig. 5 Qualitative results of various fusion algorithms on
the RGBT-Tiny datasets
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Table 1 Quantitative results of comparative experiments on the RGBT-Tiny dataset

fREAY Aoy EN SD VIF SF FMI SCD
FusionGANP" 2018 5.785 40.530 0.632 7.075 1.047 1.419
IFCNNI'1 2019 5.974 36.528 0.493 7.128 0.904 1.398
U2Fusion” 2020 4.968 44.837 0.584 10.147 0.963 1.428
Coconet!™ 2023 5910 43.940 0.739 10.963 1.075 1.693
PSFusion®” 2023 6.539 46.816 0.954 11.267 1.167 1.668
CoMofusion®" 2024 6.544 45.962 0.738 11.379 1.098 1.671
CrossFuse!'? 2025 6.576 45.821 0.817 11.561 1.170 1.685
KI5k — 6.647 46.367 0.983 12.493 1.239 1.713
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Table 2 Comparison of computational efficiency of differ-
ent models on test data

FEETRY FPS/(vi/s) FLOPs Params
Coconet!® 32.70 176.17 44.940
PSFusion® 40.28 117.63 47.723
CoMofusion™ 37.52 194.72 63.890
CrossFuse!'” 42.73 329.82 51.970
AR5k 43.39 115.79 42.637
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Fig. 6 Qualitative comparison results of ablation experiments
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Table 3 Quantitative comparison of ablation experiments

F5AEY EN SD VIF SF FMI SCD
HLIC+DWTC  5.695 39.394 0.910 7.315 1.258 1.385
EBPM+DWTC  6.118 44.029 0.931 7.036 1.283 1.492
EBPM+HLIC  5.830 41.598 0.916 9.180 0.922 1.487

EBPM+HLIC+DWTC 6.287 44.834 0.937 9.753 1.371 1.510
0 RN X RAEA SRR e
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Fig. 7 Object detection results of infrared, visible and fu-
sion images in the RGBT-Tiny dataset
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Table 4 Object detection performance in low-light scenes

(e) IFCNN

Tk i % (TUN NG mAP@0.5 Y
Infrared 0.493 0.539 0.490 0.479 0.500
Visible 0.339 0.419 0.379 0.333 0.367
IFCNNI' 0.498 0.542 0.493 0.482 0.503
FusionGANE" 0.496 0.536 0.502 0.480 0.503
U2Fusion®? 0.509 0.544 0.536 0.513 0.525 o

CocoNet™! 0.513 0.549 0.532 0.501 0.523 fikser
PSFusion®” 0.521 0.561 0.579 0.519 0.545
CoMofusion” 0.511 0.553 0.573 0.510 0.536
CrossFuse!'” 0.514 0.557 0.580 0.513 0.541
ARSI 0.542 0.577 0.601 0.673 0.598
Infrared 0.502 0.541 0.479 0.273 0.448
Visible 0.487 0.402 0.258 0.280 0.356
IFCNNU 0.519 0.546 0.481 0.291 0.459
FusionGAN®" 0.518 0.544 0.484 0.281 0.456

U2Fusion!*” 0.525 0.550 0.483 0.274 0.458 -

CocoNet*”! 0.519 0.549 0.498 0.279 0.461 gEs
PSFusion'*” 0.541 0.555 0.549 0.391 0.509
CoMofusion* 0.538 0.548 0.519 0.313 0.479
CrossFuse!'” 0.547 0.552 0.534 0.337 0.492
AT 0.598 0.587 0.591 0.473 0.562
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