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UMGN : An Infrared and Visible Image Fusion Network Based on Unsupervised Significance Mask
Guidance

LI Dongyang, NIE Rencan,PAN Linna and LI He

School of Information Science and Engineering, Yunnan University, Kunming 650091, China

Abstract In challenging shooting environments,it is difficult to capture clear and detailed texture information and thermal radia-
tion information using a single infrared or visible image. However, infrared and visible image fusion allows the preservation of
thermal radiation information in infrared images and texture details in visible light images. Many existing methods directly gener-
ate fused images in the fusion process,ignore the estimation of pixel-level weight contribution of source images,and emphasize the
learning between different source images. For this reason,an infrared and visible image fusion based on unsupervised significance
mask guidance network is proposed, which uses DenseNet structure to extract comprehensive features from source images. It pro-
duces a weight estimation probability to evaluate the contribution of each source image to the fused image. Since infrared and visi-
ble images lack ground truth,it is difficult to use supervised learning. UMGN also introduces the significance mask to facilitate
the network to focus on learning the thermal radiation information and visible light texture information of infrared images. A
weighted fidelity term and gradient loss are also introduced in the training process to prevent gradient degradation. A large num-
ber of comparative experiments with other advanced methods prove the superiority and effectiveness of the proposed UMGN
method.

Keywords Unsupervised learning, Significance mask, Weight estimation probability.Infrared and visible image fusion
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Table 1  Averag quantiative results on TNO and Roadscene for different methods
Datasets TNO datasets Roadscene datasets
Metric VIFP Qy NMI QABE VIFP Qy NMI Qagr
GTF 0.2567 0.6584 0.4322 0.3879 0.2484 0.6188 0.4390 0.3401
LatLRR 0.2841 0.7282 0.2742 0.4082 0.2747 0.7138 0.3833 0.4324
DenseFuse 0.2796 0.6747 0.3288 0.3435 0.3003 0.7026 0.4374 0.4038
GANMcC 0.2744 0.6287 0.3102 0.3143 0.2659 0.6075 0.4394 0.3625
IPLF 0.2047 0.6279 0.2751 0.4172 0.2470 0.6233 0.3170 0.3882
PIAFusion 0.3897 0.8604 0.4819 0.5183 0.3476 0.7959 0.5009 0.4524
SSL-WEIE 0.4512 0.8313 0.5878 0.5165 0.3804 0.7712 0.5523 0.5240
CUFD 0.3495 0.7598 0.4982 0.3990 0.2659 0.6075 0.4395 0.3625
SOSMaskFuse 0.4577 0.7887 0.5521 0.4562 0.3646 0.7940 0.4896 0.4048
ours 0.4692 0.8461 0.6011 0.5253 0.4184 0.7813 0.6558 0.5388
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Fig. 6 Average metrix of different methods in 43 pairs of images
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Table 2 Average metrics of different threshold
Parameter VIFP Qy NMI QABF
A=0 0.4161 0.8267 0.4492 0.5079
A=5 0.4446 0.8372 0.5568 0.5155
A=10 0.4692 0.8461 0.6011 0.5253
A=15 0.4342 0.8223 0.5865 0.5060
A=20 0.4315 0.8137 0.5212 0.4851
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Table 3 Average metrics of different parameters

Parameter VIFP Qy NMI Qapr
B=5 0.4319 0.8129 0.4844 0.4894
p=10 0.4434 0.8335 0.5919 0.5086
p=15 0.4692 0.8461 0.6011 0.5253
p=20 0.4506 0.8417 0.5258 0.5208
p=25 0.4089 0.8002 0.5242 0.4714
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Table 4 Comparison of our method and its degraded versions

Parameter VIFP Qy NMI QApr
No Maskg 0.4531 0.8384 0.5661 0.5224
No weight 0.3354 0.7380 0.3359 0.4410
Ly 0.4138 0.8095 0.5961 0.4879
Loy 0.4418 0.8383 0.5186 0.5143
UMGN 0.4692 0.8461 0.6011 0.5253
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