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Infrared and visible image fusion combined with brightness
perception and dense convolution

QU Haicheng', WANG Yuping', XIE Mengting', XIAO Wei’

(1. School of Software, Liaoning Technical University, Huludao 125105, China; 2. Fuxin Depot of China Railway Shenyang Bureau
Group Co., Ltd, Fuxin 123100, China)

Abstract: To solve the problem of poor fusion quality of infrared and visible images under weak illumination, we pro-
pose an infrared and visible image fusion method (BPD-Fusion) combining brightness perception and DenseNet. First,
the brightness of the visible image is evaluated to obtain its weight and enhance the brightness of the dark area. Then,
the enhanced visible and infrared images are input into the generator after concatenating, and DenseNet is embedded
after the Convl1 stage to obtain more abundant source image features. Finally, to achieve stronger image reconstruction
and generation ability, a multi-loss function is established to construct the end-to-end image fusion process. The fusion
quality is evaluated on the TNO dataset and the challenging KAIST dataset. In subjective evaluation, a good visual ef-
fect is observed in the proposed method. In objective evaluation, the difference correlation sum, information entropy,

mutual information, and average gradient of our method are better than those of the contrast method.
Keywords: image fusion; brightness perception; dense convolution network; GAN; infrared image and visible image;

information entropy; mutual information; sum of difference and correlation
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Fig.1 Entire process of FusionGAN
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Table 1 Brightness sensing mechanism and network structure
24 M2 ks o HIA , Hiih WA WOn A
Conv 11 3X3 1 1 VIS 64 11 VALID ReLU
Zpr Conv 2 3X3 1 64 11 256 2 VALID ReLU
BH gy 3x3 1 256 v 1 wxVIS VALID  ReLU
Add - - — VIS — VIS*  VALID ReLU
BWIANJZ  Convl 5%X5 1 2 Concat(IR, VIS) 44 Netl VALID LeakyReLU
Densel 3X3 1 44 Netl 44 Net2 SAME LeakyReLU
» Dense2 3X3 1 88 Concat(Netl, Net2) 44 Net3 SAME LeakyReLU
gg Dense3 3X3 1 132 Concat(Netl, Net2, Net3 ) 44 Net4 SAME LeakyReLU
Dense4 3X3 1 176 Concat(Netl, Net2, Ne3, Net4 ) 44 Net5 SAME LeakyReLU
Dense5 3X3 1 220 Concat(Netl, Net2, Net3, Net4, Net5) 44 Net6 SAME  LeakyReLU
Conv2 5X5 1 264 Concat(Netl, Net2, Net3, Net4, Net5, Net6) 128 Net7 VALID LeakyReLU
gg Convd 3X3 1 128 Net7 64 Net8 VALID LeakyReLU
Convd 3xX3 1 64 Net8 32 Net9 VALID LeakyReLU
BE convs  Ix1 1 32 Net9 1 AEEE VALID tanh
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VIS* Jy Fiab BRE 5 Al WO

®2 HIRBE MR

Table 2 Overall structure of the discriminator network

PR I 4 )2 k s n A ", LT WA T PREUARAE
Conv2 1 3x3 1 1 VIS/ IR 32 Netl VALID LeakyReLU
i Conv2 2 3x3 1 32 Netl 64 Net2 VALID LeakyReLU
B Conv2 3 3x3 1 64 Net2 128 Net3 VALID LeakyReLU
Conv2 4 3x3 1 128 Net3 256 Net4 VALID LeakyReLU
GES Line 5 — — 256 Linear(Net4) 1 FH — matmul
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Fig. 3 Structural diagram of the brightness sensing module
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Fig. 4 Structural diagram of the dense convolution module
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Fig. 5 Fusion results of “house and vehicle” in TNO dataset
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Table3 Mean value of the objective evaluation of the fu-
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