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Table 1 The table of network structure

Layer Size Stride Input Output Activation
Conv 3 1 1 16 ELU
Encoder
Dual path block X 3 — — — — -
Res Conv 3 1 32 16 ELU
Conv 3 1 64 64 —
Den Conv 3 1 64 32 —
Decoder
Conv 3 1 32 16 ELU
Conv 3 1 32 16 —
General
Conv 3 1 16 1 Tanh
Res: 16 32
Conv 1 1 ELU
Den: 16 32
Res: 32 32
Dual path block Conv 3 1 ELU
Den:32 32
Res:32 32
Conv 1 1 ELU
Den:32 32
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Fig.4 Infrared and visible light fusion results of different channels
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Table 2 The table of mean quantitative values of experimental evaluation indexes for ablation

Metrics Different channels Different fusion strategies
Res Dense Dual Path Add Avg Max Dual path attention
SSIM 0.906 0 0.912 3 0.923 6 0.9123 0.9059 0.8918 0.928 9
SCD 1.712 9 1.702 8 1.718 9 1.696 5 1.5554 1.5350 1.860 5
PSNR 63.601 1 65.391 8 65.682 8 59.621 6 64.248 6 62.230 5 66.072 7
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Fig.6 Fusion results of “pedestrian”
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Fig.7 Infrared and visible light fusion results of each algorithm
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Table 3 The average quantitative value of each evaluation index
- Methods
Metrics - -
MST-SR GTF IFCNN PMGI UZ2Fusion  DenseFuse  Res2Net  FusionGAN Ours
SD 32.5764 29.3751 39.1228 32.6415 36.6150 32.877 3 39.870 9 24.3255 40.747 1
cC 0.577 8 0.437 1 0.585 3 0.561 6 0.598 3 0.610 2 0.558 6 0.493 5 0.604 5
PSNR 65.9036 63.6229 65.8246 63.4052 65.111 5 64.650 7 64.632 0 62.664 9 66.072 7
MS-SSIM 0.9429 0.854 6 0.940 1 0.9126 0.923 3 0.906 6 0.892 2 0.784 9 0.932 4
SCD 1.760 3 1.024 8 1.900 5 1.8735 1.872°8 1.606 4 1.668 1 1.596 4 1.884 9
MI 1.879 3 2.398 9 2.413 6 2.139 3 2.178 6 2.4387 2.823 2 2.070 4 3.1238
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Infrared and Visible Image Fusion Based on Dual Channel Residual
Dense Network

FENG Xin, YANG Jieming, ZHANG Hongde, QIU Guohang

(School of Mechanical Engineering, Key Laboratory of Manufacturing Equipment Mechanism Design and Controlof
Chongqing, Chongging Technology and Business University, Chongqing 400067, China)

Abstract: In the infrared and visible image fusion task, the visible image contains a large amount of texture
and background information, while the infrared image contains obvious target information. The two
complement each other and can effectively and comprehensively represent the visual information of a scene.
In order to improve the problem of partial feature loss between infrared and visible fusion image and source
image, and fully extract the feature information in infrared and visible image, this paper proposes an
improved dual channel deep learning auto—encoder network for infrared and visible image fusion. The
encoder is composed of three cascaded dual channel layers, and they are composed of the cascaded residual
and dense connection modules. The source image is divided into two paths and input the residual connection
network and the dense connection network at the same time. The residual connection network has a good
effect in highlighting the target features. And the dense connection is good at preserving the texture details
of the source image, so the encoder structure can fully extract the multi-level features of infrared and
visible images. In the design of fusion layer, the spatial L1 norm and the channel attention mechanism are
respectively used to fuse the cascades of residuals and dense channel features. The spatial L1 norm fusion
strategy uses the L1 norm to calculate the value of activity level measurement and lays more emphasis on
the fusion of spatial information. The channel attention mechanism obtains the weight graph of each channel
through the global pooling operation. The information contained in each channel can be measured by weight
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so that the channel information can be fused effectively. Finally, the corresponding decoder is designed to
reconstruct the fusion feature image, and the decoder processes the dense and residual features differently
according to the characteristics of the encoder. The dense feature layers in high dimension are deeper, so
more convolutional sampling layers are used to restore the features; the residual feature layers in low
dimension are sharer, so the number of convolutional layers is reduced. In this way, the features of different
channels and levels are combined to obtain the final fusion result. In the network training stage, the fusion
layer is removed, and 5 000 images are randomly selected from the ImageNet data set as the training set for
the auto—encoder network. Meanwhile, the sum of pixel loss, gradient loss and structural similarity loss is
used as the loss function to guide the optimization of network parameters. In the experimental phase, the
network structure and fusion strategy of the ablation experiment. In terms of network structure, the
comparison with single residual or dense channel network proves that the two—channel network structure
indeed improves the feature extraction ability. In terms of fusion strategy, the comparison with classical
fusion strategies such as addition, mean and maximum proves that the dual path fusion strategy can give
play to the advantages of the dual channel structure. It can effectively integrate the salient features and detail
features of the source image. Finally, the proposed method is compared with the traditional and the latest
deep learning algorithms in recent years. The results show that the proposed method can better reflect the
target features and background contour information subjectively, and can maintain the information balance
between infrared and visible images in most fusion scenes, so as to obtain high—quality fusion images. In
the objective indicators CC, PSNR and MI is in the lead, the rest of the indicators are also in the middle
level, with excellent comprehensive performance.

Key words: Infrared and visible image fusion; Dual channel parallel network; Residual dense module;
Attention model; Auto—encoder network
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