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ABSTRACT

Currently, visible and infrared image fusion (VIF) technology has a wide range of applications in road
safety monitoring, anti-surveillance, etc. However, the traditional image fusion algorithms in the
feature fusion process will have limitations such as part of the information is lost, etc. For this reason,
this paper proposes an infrared visible image fusion algorithm based on the double-branching and
decomposition of the results. The algorithm firstly adopts the dense block method, extracts visible
image features, and uses a feature pyramid network to extract infrared features. The algorithm firstly
adopts the dense block method to extract the visible image features, and uses the feature pyramid
network to extract the infrared features, then, based on the deep learning network structure to extract
the image information of different modalities, and designs the fusion network constrained by the three
loss functions of the gradient loss, intensity loss and decomposition loss, so as to obtain a good fusion
effect of the image. The experimental results show that the proposed algorithm achieves the optimal
value in five indexes, and reaches sub-optimal value in one index, indicating that the proposed
algorithm fuses the images with the optimal value and sub-optimal value. At the same time, the
proposed algorithm retains the main thermal radiation information of infrared images better than
other algorithms such as DenseFuse and IFCNN, which is superior to some extent.

Keywords: infrared image fusion, result decomposition, feature pyramid, deep learning, loss function

1. Introduction

With the continuous development of artificial intelligence technology and image sensing technology,
various types of image sensors are widely used in people's daily life. However, all kinds of image
sensors acquire information both redundant information with the same target and complementary
information, which are scattered in images of different modalities, resulting in the extraction of
effective information becomes difficult [1-2]. Multimodal image fusion is to extract and integrate the
information from different modal images of the same scene, aggregate the effective information,
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remove the redundant information, and improve the information quality of the image and scene
perception, which is conducive to a variety of subsequent advanced tasks [3-6]. Infrared and visible
light image fusion is a typical example of multimodal image fusion. Visible light images have better
resolution and better reflection effect for the texture edge information of the target image, but the
imaging quality is greatly affected by external factors [7-10]. Infrared images can reflect the infrared
band information beyond the human eye, converted to visible information mapped to the image, but
the infrared image contrast and the ability to show details is insufficient [11-13]. Therefore, both
infrared images and visible images have certain limitations, relying on a single type of image can not
meet the actual needs of engineering, while the fusion of the two can make the target to be understood
in the complex environment is still highlighted [14-15].

A variety of infrared and visible image fusion methods have been proposed by related researchers.
They are broadly categorized into traditional image fusion methods and deep learning methods in
terms of fusion framework. Traditional image fusion methods are usually highly interpretable. Li, Z. et
al. proposed a visible and near-infrared image fusion algorithm that fuses the reflection weight model
and transmission weight model for the problem of color distortion and halo artifacts caused by the
loss of spectral features in the fused image, which effectively avoids color distortion while maintaining
the naturalness of the fused image [16]. Zhao, L. et al. emphasized that multi-scale decomposition of
infrared and visible images is the key to fusing images, and designed a new image fusion algorithm to
perform multi-scale decomposition of images in the spatial frequency domain, and to obtain fused
images with high clarity and rich texture by extracting and fusing the significant feature textures of
the images [17]. Ma, ]. and Zhou, Y. constructed a gradient wavelet filter based on a fuzzy gradient
threshold function and global optimization, which was applied to the fusion of infrared and visible
images, and was able to significantly improve the contrast of the fused images and play an important
role in edge blurring and noise processing [18].

With the development of deep learning techniques, various deep learning methods are applied to
image fusion tasks. Li, H. and Wu, X. ]. established a deep learning architecture for the infrared and
visible image fusion problem, which is capable of extracting the relevant features in the source image
and fusing them, and subsequently reconstructing the fused image through a decoder to achieve better
infrared and visible image fusion [19]. Junwu, L. et al. introduced the LSWT-NSST fusion algorithm,
which utilizes the lifting smooth wavelet transform (LSWT) to decompose the infrared and visible
images and the non-subsampled shear wavelet transform (NSST) to extract the target and detail
features of the images, which shows good visual perception in the fusion of infrared and visible images
[20]. Tang, L. et al. simultaneously considered the visual quality of infrared and visible image fusion
and the high-level visual task requirements, and proposed a semantic-aware real-time image fusion
network algorithm (SeAFusion), which utilizes semantic loss to guide the high-level semantic
information back to the image fusion module, complementing the gap between image fusion and high-
level visual tasks [21]. Zhang, L. et al. proposed a ResNet-152 based fusion algorithm for infrared and
visible images, which utilizes the ResNet-152 network to process the multilayer features of the high-
frequency portion on the basis of the original image decomposition, and the reconstructed fused image
effectively reduces the artifacts and noises and presents more details of the fused image [22].

In addition, the image fusion algorithm based on double branching and result decomposition
consists of intra-channel branching and cross-channel branching, and then the results of the two
branches are superimposed, and the fused image can retain more image information, which
guarantees the diversity of the fused image features and realizes better fusion effects. However, there
are few studies on the fusion of infrared and visible images using image fusion algorithms based on
double branching and result decomposition, and further research is urgently needed.

Although methods based on deep learning have made great progress in theory and application in
recent years, there are still some shortcomings. Firstly, using fixed network structure to extract image
features of different modes will lead to partial information loss. Many algorithms based on deep
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learning use the same network structure to extract information in different modal images, which
cannot obtain the most effective features and may lead to information loss. Secondly, previous
algorithms have never considered using the images obtained after fusion to guide the fusion process.
As the output result, the quality of the fused image is closely related to the source image and the fusion
process. The previous algorithm did not try to use the fusion result to add to the training of image
fusion.

2. The Algorithm Model

2.1. Network Model

The proposed algorithm network is mainly divided into four parts: encoder, fusion layer, decoder and
decomposition network. Firstly, infrared and visible images are input to the encoder. After feature
extraction, the features fused by the fusion layer are input to the decoder to obtain the fusion image.
Finally, the fused image is input into the decomposition network to obtain the decomposed infrared
and visible image, and the decomposed image will be input into the loss function to guide the training
of the network. The overall framework structure of the network is shown in Figure 1.
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Fig. 1. Overall Network Structure

In the network, the infrared image and visible image are input to the encoder, processed by the
fusion layer, and then transmitted to the decoder. The fusion image is input to the decomposition
network, and the decomposed infrared visible image is obtained through the decomposition network.
In the two feature extraction branches of the encoder, two convolution layers with the size of 3x3 and
activation function of ReLU are first designed to extract shallow features. Then, the infrared feature
extraction branch and visible light feature extraction branch are designed. The two branches include
three pyramid blocks (PB) and three dense blocks (DB) respectively, which are used to extract features
from images of different modes. These two modules are described in sections 2.2 and 2.3.
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Then the extracted features are sent to the fusion layer, and the two features obtained are fused by
means of splicing in the fusion stage. Then a decoder is used to process the fusion features. In the
decoder, the features are reconstructed using four convolution layers with the size of 3x3 and the
activation function is ReLU to obtain the fusion image.

After that, the purpose of using the result decomposition network is to decompose the fused image
to obtain the sum of the external and visible images. First, a common 1x1 convolution layer is used to
extract features from the fused images, and then decomposition is achieved using two branches, each
of which uses three convolution layers with 3x3 convolution kernels. In this part, except for the last
convolutional layer using tanh as the activation function, other convolutional layers use ReLU as the
activation function. The difference between the decomposed infrared and visible images and the
source images is smaller and smaller by comparing the two resulting images with the source images
and inputting the comparison results into the loss function for training. It allows the decomposition
results to better align with the source image. This consistency of decomposition can make the fusion
result contain more details and reduce the information loss in the fusion process.

To prevent information loss, the step size of all convolutional layers in the network is set to 1. Except
for the first and last layers, the fill of all convolutional layers is set to 1, and the fill of the first and last
layers is set to 0.

2.2. Dense Block Structure

Because the visible image and infrared image contain different mode information, different structures
are used in the two feature extraction branches according to their mode characteristics. The use of
dense structures in image fusion was first proposed in DenseFuse, where each layer is connected to all
previous layers. This connection enables information to be transmitted quickly and allows the network
to fuse the features of different layers at an earlier stage, which is conducive to reducing the loss of
details when extracting the features of visible light images. In this paper, three dense blocks are
designed to extract visible light features. The structure of dense blocks is shown in Figure 2.
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Fig. 2. Dense Block Structure

The dense block contains four convolution layers, where the first three convolution layers, and the
size are 3x3, and the last convolution layer is 1x1 for dimensionality reduction. In these four
convolutional layers, the input of each layer is a cascade of the output of all the previous layers. This
structure can realize inter-layer interconnection, reduce information loss, and is suitable for extracting
detailed features of visible light images.

2.3.  Pyramid Block Structure

For infrared images, more attention should be paid to the significance information, so it is necessary
to use a structure that is more conducive to extracting edge features to extract features. In the infrared
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feature extraction branch, this paper adopts the pyramid block structure for feature extraction, which
was first proposed and is used in semantic segmentation tasks.
The pyramid block structure is shown in Figure 3.
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Fig. 3. Pyramid Structure

The pyramid module can divide the input feature map to obtain grids of different sizes, and carry
out average pooling in each grid respectively. Such a structure can obtain global information by
aggregating information from different regions. In the pyramid module, the input features are first
divided into 1x1, 2x2, 3x3 and 6x6 grid areas, where the 1x1 division represents the average pooling
of the entire input features. Similarly, the other three divisions represent dividing the input features
into 2x2, 3x3, and 6x6 subregions, and then average pooling of each subregion. After this, each pooled
output is convolved 1x1, reducing the number of channels to the original 1/N, where N is the level of
the original pyramid, 1, 2, 3, and 6 respectively. Then bilinear interpolation is used to upsample the
convolution low-dimensional feature graph, and the feature graph with the same size as the original
feature is obtained. Finally, the features of different levels are spliced to get the final features.

The edge parts of the features passing through the pyramid module can be extracted effectively,
which is conducive to the feature extraction of infrared images, so it is used in the infrared branch of
the feature extraction network.

2.4. Result Decomposition Network

Since the information in the fusion image obtained by infrared visible image fusion is completely from
the source image, the gap between the two images obtained by decomposition of the fusion image and
the source image to some extent represents the information loss in the fusion process. Therefore, a
result decomposition network is designed to decompose the fusion results to obtain infrared and
visible images. The gap between the source image and the decomposed image is then input into the
loss function. The loss function can reduce the gap through continuous training, and the information
loss in the fusion process can be continuously reduced through the requirement of consistency
between the decomposed image and the source image. The result is an image rich in information. The
result decomposed network structure is shown in Figure 4.
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Fig. 4. Result Decomposition Network

In the result decomposition network, the input fusion image first passes through a 1x1 convolution
layer, which is used to extract features from the fusion image. Then the extracted features are input
into two branches consisting of three 3x3 convolution blocks, and the two branches will decompose
the features to generate the decomposed infrared image and visible image. With the exception of the
last convolution layer which uses the tanh activation function, all the other convolution layers use
LeakyReLU as the loss function. In the initial stages of training, the output of the two branches may be
exactly the same, but after that the results are compared with the source image and the comparison
results are entered into the loss function. With the progress of training, the loss function becomes
smaller and smaller, and the decomposition result will be closer and closer to the source image, so the
information loss of the source image will be smaller and smaller in the process of image fusion.

2.5. Loss Function Design

The loss function of the fusion network in this paper uses gradientloss ( L,,,, ), intensity loss ( L,

nt

) and

decomposition loss (7, ) to constrain the training process. The formula of the loss function is defined

rad

as follows:
L= Zngrutl + A’ZLinl + de (1)

where, 4 and A4, arethe weights of gradient loss and strength loss.

Gradient loss can enrich the texture information contained in the fused image, and the calculation
formula of gradientloss L, is

Lgrad:%LG(If’ll)-‘r%LG(If’]Z) (2)

1
L;(x.») ZW”W—WE (3)

where, I, is the fusion image, 7, isthe infrared image, I, isthe visible image, H and W represent

the height and width of the image, V is the Sobel gradient operator, and ||||§ is the L2 norm.
The intensity loss can make the fused image have a similar intensity distribution to the source image.
The calculation formula of strengthloss L, is

L. =%L, (If,ll)+%L1 (1,.1,) (4)
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1
L (x.9) =, 5)

where, H and W are the height and width of the image.
Decomposition loss can compare the decomposed image with the source image, and calculate the
gap between the two. The calculation formula of decomposition loss [, is

1 ’ 2
ch = WZ Zj: (Ildew B ]li.j ) * ([2""1./’ B [2131 ) (6)

where, 1, and I, are the decomposition results of the fused images, and /, and 7, are the

source images.

Gradient loss can preserve rich texture details in the fused image. Intensity loss preserves the target
distribution in the source image. Decomposition loss can minimize the information loss of source
image. Good fusion results can be obtained by using these three loss functions to constrain fusion
networks.

3. Experimental Results and Analysis

3.1. Experimental Parameters and Environment Configuration

1) Data set: The training data set in this chapter also uses the SSIM data set mentioned in the previous
chapter, and 20 pairs of images selected from MSRS are used as the test data set.

2) Training details: The training process in this chapter is run in the Pytorch framework in Windows
on the NVIDIA GeForce GTX3070 GPU. The programming language is Python3.7, the batch size is 8, the
learning rate is set to 0.0002, and then it decays exponentially. A total of 100 cycles were trained, and
the model parameters were updated using the Adam optimizer. The hyperparameters A4, and A4, in
the loss function are set to 1 and 10, respectively.

3.2. Ablation Experiment

In order to verify the rationality of the algorithm in this chapter, three experiments are set up to
compare with the algorithm in this chapter. In the feature extraction stage, Experiment I does not use
pyramid blocks and only uses dense blocks. In Experiment II, dense blocks are not used in the feature
extraction stage, only pyramid blocks are used. The third experiment removes the decomposition loss
in the loss function and removes the influence of the decomposition network during training. The
specific experimental settings are as follows as Table 1:

Table 1. Experimental Setting Table

Dense Block Pyramid Block Decomposition Network
Experiment 1 - v v
Experiment 2 v - v
Experiment 3 v v -
Algorithm in This Chapter v v v
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(a) Infrared Imagery (b) Visible Image (c) Experiment 1

(d) Experiment 2 (e) Experiment 3 (f) Algorithms in This Chapter
Fig. 5. Fusion Results of Ablation Experiment

Figure 5 shows the fusion results of Experiments I, Il and III with the algorithm in this chapter on
the same image. Among them, Figure 5 (a) and Figure 5 (b) are infrared and visible images. Figure 5
(c) is the result of Experiment I, which only uses dense blocks in the feature extraction stage, and dense
blocks have better retention of visible light information but weak ability to extract infrared features,
so the infrared features in the fused image are not obvious enough. Figure 5 (d) shows the results of
Experiment II, where only the pyramid module was used to extract features. Because the pyramid
block has better extraction ability for infrared features, the infrared features are more obvious in the
fusion result. In experiment 3, dense blocks are used to extract visible image features and pyramid
blocks are used to extract infrared image features, but no decomposition network is used, which has
better retention of infrared features and visible light details. However, the results of the complete
algorithm are significantly better than the experimental results.

Next, the three experiments will be compared from the objective evaluation indicators, and the
comparative analysis results of the objective evaluation indicators are shown in Table 2.
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Table 2. Quantitative Analysis of Ablation Experiments

EN SD SF VIF MI SCD Q.

Experiment 1 6.535 45.457 9.911 0757 | 3.898 | 1.556 0.46
Experiment 2 6.576 | 42.714 8.395 0678 | 3.478 | 1509 | 0426
Experiment 3 6.582 42.623 9.664 0.767 | 3935 | 1447 | 0.532
Algorithms in This Chapter 6.854 | 50.724 | 12,523 | 0.877 | 3.952 | 1762 | 0.611

Table 2 shows the average objective performance indicators of the fusion results obtained by 10
pairs of test images in the three experiments and the algorithms in this chapter. Seven evaluation
indexes were used in quantitative analysis. In the table, the best values are shown in red bold and the
next best values are shown in blue italics. It can be observed that the algorithm in this chapter obtains
optimal values on all 7 indexes. The results obtained by the algorithm in this chapter are better than
the other three experiments.

Through subjective and objective evaluation indicators, it can be seen that the complete algorithm
has a better effect than the other three ablation experimental algorithms, and the proposed dense
block and pyramid block and decomposition network are effective.

3.3. Contrast Test

In order to verify the superiority and feasibility of the algorithm in this chapter, the algorithm in this
chapter is compared with other 6 representative algorithms from two aspects of qualitative and
quantitative analysis. The comparison algorithms include: DenseFuse, IFCNN, U2Fusion, FusionGan,
GANMcC and SDNet. In the image the red rectangle box is used to mark the infrared target and the
green rectangle box is used to mark the detailed texture and is enlarged in the lower right corner.

As in the experiment in the previous chapter, the RGB image is converted to the YCbCr image, and
the three channels Y, Cb and Cr are separated. The infrared image and visible image of the Y channel
are combined with the Cb and Cr channels and finally converted to RGB images.

(a) Infrared Imagery (b) Visible Image (c) DenseFuse

(d) FusionGan (e) GANMcC (f) IFCNN
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(g) SDNet (h) U2Fusion (i) Algorithm in This Chapter

Fig. 6. Experimental Result 1 of Qualitative Analysis of the Algorithm in This Chapter

(a) Infrared Imagery (b) Visible Image (c) DenseFuse

(d) FusionGan (e) GANMCcC (f) IFCNN

(g) SDNet (h) U2Fusion (i) Algorithm in This Chapter

Fig. 7. Experimental Result 2 of Qualitative Analysis of the Algorithm in This Chapter
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(b) Visible Image (c) DenseFuse

(d) FusionGan (e) GANMCcC (f) IFCNN

(g) SDNet (h) U2Fusion (i) Algorithm in This Chapter

Fig. 8. Experimental Result 3 of Qualitative Analysis of the Algorithm in This Chapter

(a) Infrared Imagery (b) Visible Image (c) DenseFuse
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(d) FusionGan (e) GANMCcC (f) IFCNN

(g) SDNet (h) U2Fusion (i) Algorithm in This Chapter

Fig. 9. Experimental Result 4 of Qualitative Analysis of the Algorithm in This Chapter

Figure 6, Figure 7, Figure 8 and Figure 9 show the subjective comparison results of the proposed
algorithm with DenseFuse, IFCNN, U2Fusion, FusionGan, GANMcC and SDNet, which are based on deep
learning. The green box marks the details and is enlarged in the lower right corner.

Figure 6 and Figure 7 are the fusion results of daytime images. It can be seen that road pedestrians
are not obvious in visible images, while details and textures such as tree trunks and branches are not
obvious in infrared images. The infrared information of DenseFuse, FusionGan and GANMcC is not
obvious enough to highlight the outline of pedestrians on the road in the infrared image, and the
texture information and overall clarity of the image are poor, and there is more noise information in
the image with low brightness. The fusion result of FusionGan also has the problem of color distortion,
and the trunk of the vehicle has obvious artifacts. The fusion results of IFCNN, SDNet and U2Fusion
have a good retention effect on the infrared information, but the description of the information in the
green box is slightly insufficient. The overall brightness of the image is low, the loss of detailed texture
information is serious, and the details of the tree trunk in the shadow cannot be clearly displayed. It
shows that these two algorithms have poor effect on information retention in visible image. However,
the infrared information of pedestrians on the road can be prominently observed in the image
obtained by the algorithm in this paper, and the texture of the details in the visible image has a better
retention effect.

Figure 8 and Figure 9 are the fusion results on the night image. The silhouette of pedestrians cannot
be displayed in the visible image, and the illumination and brightness information of street lights and
landmarks on the road are almost completely invisible in the infrared image. Among them, the results
of DenseFuse, U2Fusion and FusionGan algorithms are not obvious enough for the display of the main
pedestrian infrared information in the red box, and the details in the green box are also vague. There
is alot of noise information in DenseFuse, while the infrared characteristics of GANMcC and IFCNN are
relatively obvious, but the infrared information in IFCNN fusion results has obvious color distortion
compared with the original infrared image. Moreover, the infrared information in the results of
GANMCcC is dimmer than that of IFCNN, and the texture information in the results of these two
algorithms has a weak ability to retain, and neither can clearly show the details of the texture such as
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trees and Windows in the dark. The fusion effect of SDNet is better than that of the previous algorithms,
but the overall image is dark, and the shadow of the part illuminated by the street lamp cannot be well
displayed in the fused image. Although the algorithm has a good effect on retaining the ground
information of infrared and visible images, the overall image quality is not as good as the algorithm in
this paper. The results of the algorithm in this paper are better for the retention of details and textures
such as pedestrians in the dark, branches and Windows, which indicates that the algorithm in this
paper has less information loss, and the overall effect of the fusion result map of the algorithm in this
paper is better, with higher resolution and good visual effects.

In order to further illustrate the effectiveness of the algorithm, the quality of the fused images of
different algorithms will be analyzed from an objective point of view. Table 3 shows the average index
of 15 images fused by different algorithms, where the red bold indicates the optimal value and the blue
italic indicates the suboptimal value.

Table 3. Mean Values of Performance Indicators of Different Algorithms

EN SD SF VIF MI SCD Qs

DenseFuse 6.854 | 30.466 6.729 0659 | 2711 | 1322 | 0363
FusionGan 5895 | 25.789 5.329 0411 | 2144 | 0878 | 0.164
GANMcC 6.204 | 33.097 6.424 0578 | 2482 | 1.626 | 0.299

IFCNN 6.669 42.04 12.853 | 0744 | 2642 | 1432 | 0586

SDNet 5.74 36.199 7.964 0431 | 2467 | 1363 | 0.205

U2Fusion 5351 | 23.582 7.021 0485 | 2044 | 0971 | 0.303
Algorithms in This Chapter 6.31 50.724 | 12523 | 0.877 | 3.952 | 1761 | 0.611

As can be seen from the table, the proposed algorithm achieves the optimal value in five indicators
and the sub-optimal value in one indicator, indicating that the fused image of the proposed algorithm
has rich information and texture. The retention effect of the main thermal radiation information of
infrared images is also better, and the information loss of the algorithm in this chapter is less than that
of other algorithms.

4. Conclusion

In this paper, an infrared visible road image fusion algorithm based on dual branch and result
decomposition is proposed. Due to the large modal difference between infrared image and visible
image, using the same structure for feature extraction of the two images may not obtain good results.
Therefore, a dual-branch structure is proposed to realize the feature extraction of the two kinds of
images. In the visible light branch, three dense blocks are used to extract the feature of the visible light
image. The dense connection structure in the dense block can realize the interconnection between the
convolutional layers and reduce the loss of detail information in the visible image during feature
extraction. In the infrared branch, three pyramid blocks are used to extract infrared image features.
The pyramid block can divide the input features into grids of different sizes and carry out average
pooling, which is conducive to obtaining global information. This structure has a good effect on the
extraction of edge features in infrared images. In addition to this, an outcome decomposition network
is designed. The output fused image is input into the result decomposition network, and the
decomposed infrared and visible images are obtained. Since all the information in the fused image
comes from the two source images, the infrared and visible images obtained by the decomposition of
the fused image are compared with the source image, and the comparison results are input into the
loss function, so that the network can continuously reduce the gap between the decomposed image
and the source image in the training process, and the information loss in the fusion process will also
be continuously reduced. Experimental results show that compared with the other six comparison
algorithms, the proposed algorithm has better results in subjective and objective evaluation, and the
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fused image contains more information.
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