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Abstract 
The purpose of infrared and visible image fusion is to integrate images of different modes with different details 

into a result image with rich information, which is convenient for high-level computer vision task. Considering 
many deep networks only work in a single scale, this paper proposes a novel image fusion based on three-scale 
dense network to preserve the content and key target features from the input images in the fused image. It comprises 
an encoder, a three-scale block, a fused strategy and a decoder, which can capture incredibly rich background details 
and prominent target details. The encoder is used to extract three-scale dense features from the source images for 
the initial image fusion. Then, a fusion strategy called l1-norm to fuse features of different scales. Finally, the fused 
image is reconstructed by decoding network. Compared with the existing methods, the proposed method can achieve 
state-of-the-art fusion performance in subjective observation. 

 

1. Introduction 
With the development of imaging devices, a single image 

cannot fully represent whole image information. In this 
condition, infrared and visible image fusion (IVIF) technology 
has become one of the active topics in the field of image 
processing. Its main purpose is to extract features from multi-
source images, and then fuse them to generate fused images 
with prominent infrared target and rich visible details. Up to 
now, many fusion methods have been proposed and can be 
broadly divided into traditional methods [1-2] and deep 
learning-based methods [3-5]. 

The traditional methods include the spatial domain and 
transform domain method. Principal component analysis 
(PCA) [6] and independent component analysis (ICA) [7] are 
the typical methods in the first class. Although they can obtain 
fusion results quickly, the results often suffer from artifacts 
such as low contrast and noise retention. As for the transform 
domain method, scale decomposition-based methods [1] and 
learning-based methods [2] are widely used and have achieved 
good results. However, the common drawbacks are time-
consuming. For example. scale decomposition-based require 
construct a novel decomposition method and use it to 
decompose the input images into several sub-layers. Different 

from scale transformation, dictionary learning requires learn 
an overcomplete dictionary to act on the input images to obtain 
the fused image. 

Recent advances in deep convolutional neural networks 
(CNN) in IVIF has provided better potential to extracting 
high-level semantic information than traditional methods. 
Prabhakar et al. [3] proposed a novel CNN-based fusion 
framework for a multi-exposure image fusion. Li et al. [4] 
proposed a fusion network using dense block in an encoder-
decoder manner. Ma et al. [5] introduced a generative 
adversarial network (GAN) for IVIF task. Though the fusion 
performance of these CNN or GAN methods is better than 
existing methods, there are still some drawbacks such as noise 
and visible texture details. 

Inspired by the above drawbacks, a novel IVIF based three-
scale dense network (TSDnet) is proposed, which obtain a 
good performance and high efficiency. Specially, three filters 
of different sizes to extract image features of the end of 
encoder respectively, so that more deep features of different 
scales are obtained; then, a fusion strategy called l1-norm to 
fuse them. Finally, we cascade the fused features of different 
scales into decoder to obtain the fused image. 

The remainder of this paper is listed as follows. Section 2 
describes the proposed TSDnet in detail. The experimental 
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analysis is given in Section 3. The conclusion is presented in 
Section 4. 

 
2. Method 

In this section, we will introduce the TSDnet structure in 
detail, which are shown in Fig. 1. Assume that A and B 
represent the source images. The TSDnet include encoder, 
fusion strategy, and decoder. The encoder is used to extract 
three-scale dense features from the source images for the 
initial image fusion, respectively. The decoder contains four 
convolutional layers. The output of fusion layer will be the 
input of decoder. 

As shown in Fig.1 and Fig. 2, the encoder contains three 
parts (first layer, DenseBlock, and Three-scale Block) which 
are utilized to extract deep features. The first layer contains 
3×3 filters to extract coarse features and the dense block 
contains three convolutional layers (each layer’s output is 
cascaded as the input of the next layer) which also contain 3×3 
filters. And three-scale block with different sizes to extract the 
deep and fine features under the different dimensions. In this 
block, three filters of different sizes (1×1, 3×3, 5×5) are 

applied to expand the receptive field, so as to fuse image 
features from different channels at the same location. After 
performing the encoder, three sets of multi-channel features 
are obtained. 

Then, an effective fusion strategy, l1-norm and soft-max, is 
fuse these features, as shown in Fig. 3. Assume 𝑚𝑚𝑖𝑖

1:𝑗𝑗(𝑥𝑥, 𝑦𝑦) 
represent the feature maps, where 𝑖𝑖 ∈ {1,2} is the number of 
source image, 𝑗𝑗 ∈ {1,2,3, … ,𝑁𝑁}  is the number of feature 
maps. 𝑚𝑚𝑖𝑖

1:𝑗𝑗(𝑥𝑥, 𝑦𝑦) are performed with l1-norm as below, 
𝑛𝑛𝑖𝑖(𝑥𝑥,𝑦𝑦) = ∑ ||𝑚𝑚𝑖𝑖

1:𝑗𝑗(𝑥𝑥,𝑦𝑦)||1
𝑗𝑗
1            (1) 

The fused feature maps 𝑓𝑓𝑘𝑘
𝑗𝑗(𝑥𝑥, 𝑦𝑦) can be calculated: 

𝑓𝑓𝑘𝑘
𝑗𝑗(𝑥𝑥, 𝑦𝑦) = ∑ 𝑚𝑚𝑖𝑖

𝑗𝑗(𝑥𝑥, 𝑦𝑦) × 𝛿𝛿𝑐𝑐(𝑥𝑥, 𝑦𝑦)𝑘𝑘
𝑐𝑐=1      (2) 

𝛿𝛿𝑐𝑐(𝑥𝑥, 𝑦𝑦) = 𝑛𝑛𝑖𝑖(𝑥𝑥,𝑦𝑦)
∑ 𝑛𝑛𝑖𝑖(𝑥𝑥,𝑦𝑦)2
𝑖𝑖=1

            (3) 

Then 𝑓𝑓𝑗𝑗 will be the input to decoder and final fused image 
will be reconstructed by decoder. Fig. 4 show the decoder 
structure. 

In the training stage, the aim is to obtain the optimal weights 
to train the encoder-decoder network, so that it has the ability 
of deeply rich feature extraction and more abundant 
reconstruction. Due to the training data of infrared and visible 
images is insufficient, MS-COCO [8] is used to train our 
model. Therefore, the loss function L is regarded as a weighted 
combination of pixel loss Lp and structural similarity (SSIM) 
loss LSSIM with the weight λ. 
𝐿𝐿 = 𝐿𝐿𝑝𝑝 + 𝜆𝜆 ⋅ 𝐿𝐿𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = ||𝑂𝑂 − 𝐼𝐼||2 + 𝜆𝜆 ⋅ {1 − 𝑆𝑆𝑆𝑆𝐼𝐼𝑆𝑆(𝑂𝑂; 𝐼𝐼)} (4) 

where O and I denote the final fused image and input images, 
respectively. SSIM means the structural similarity of two input 
images. λ represents the tradeoff parameter for total loss to 
build the final output images from source images. In addition, 
this tradeoff parameter is utilized to handle the efficiency 
factor in terms of early training of the network. In this work, λ 
is set to 1000, which leads to the optimal weights with fast 
convergence. 
 
3. Experiments 

To illustrate the effectiveness of the proposed method, in 
this section, five mainstream methods are compared with the 
proposed algorithm. They are VGG-19 and multi-layer fusion 
strategy-based method (VggML) [9], ResNet and zero-phase 
component analysis (Resnet50) [10], Bayesian fusion (BayF) 
[11], algorithm unrolling image fusion (AUIF) [12], dual-
discriminator conditional generative adversarial network 
(DDcGAN) [13], respectively. 

Fig. 5 shows the fused results produced by six different 
methods with the “Jeep” and “Kaptein-1123” image pairs 
from the TNO dataset [14]. From these fusion results, we can 
observe that the contrast of the results produced by VggML, 
Resnet50 and BayF are reduced a lot. While the contrast of 
AUIF and DDcGAN are significantly enhanced, but the detail 
texture is missing. Specially, although AUIF-based have clear 
infrared target, the detail information on the ground is almost 
lost and can be seen in Fig. 5 (f1) and (f2); DDcGAN-based 
has the high contrast under the condition of severe distortion 
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Fig. 1 The TSDnet structure. 
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Fig. 2. Details of dense block and three-scale block. 
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Fig. 3. Diagram of l1-norm fusion strategy. 
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Fig. 4. Details of decoder block 
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of the fused image, which is obviously contrary to the purpose 
of image fusion and is not in line with the human visual system. 
In contrast, our results have a suitable range of contrast, 
preservation of texture structure and maintenance of infrared 
thermal radiation information. 

 
4. Conclusion 

In this paper, a novel IVIF method based on TSDnet is 
proposed. It consists of an encoder, a three-scale block, a 
fusion strategy, and a decoder. Each part is responsible for its 
role. The subjective results observed in the experiment show 
that our method has a better image performance compared to 
several mainstream comparison methods. 
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                         (a) “Jeep” image pairs                    (b) “Kaptein-1123” image pairs 

      
   (c1) VggML           (d1) Resnet50            (e1) BayF           (f1) AUIF           (g1) DDcGAN         (h1) Ours 

      
   (c2) VggML           (d2) Resnet50            (e2) BayF           (f2) AUIF           (g2) DDcGAN         (h2) Ours 

Fig. 5. The fused images by using six different fusion methods with two typical image pairs. (a) is “Jeep” image, (b) is “Kaptein-1123” image. 
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