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a b s t r a c t
Image super-resolution technology successfully overcomes the limitation of excessively large pixel size in infrared detectors and meets the increasing demand for high-resolution infrared image information. In this paper,
the super-resolution reconstruction of infrared images based on a convolutional neural network with skip connections is reported. The introduction of global residual learning and local residual learning reduces computational
complexity and accelerates network convergence. Multiple convolution layers and deconvolution layers respectively implement the extraction and restoration of the features in infrared images. Skip connections and channel
fusion are introduced to the network to increase the number of feature maps and promote the deconvolution
layers to restore image details. Compared with the other previously proposed methods for infrared information
restoration, our proposed method shows obvious advantages in the ability of high-resolution details acquisition.

1. Introduction
Modern military operations increasingly require optical imaging systems to be able to obtain detailed information in the theater of operations and make corresponding measures based on this information to
ensure the successful completion of combat missions. High-resolution
(HR) imaging systems have become one of the indispensable key information acquisition equipment for modern military operations. According to the Nyquist sampling theory, the highest spatial frequency
information that an imaging sensor can collect is twice the size of the
detector pixel. Therefore, when the resolution of the infrared imaging
system is ultimately constrained by the pixel size of the infrared detector, the simplest way to improve the infrared imaging resolution is to
increase the resolution by reducing the size of the pixel. However, limited by the manufacturing process of the detector, the pixel dimension
cannot be further machined to a smaller size. Therefore, scholars propose to use computational imaging methods [1,2] to reconstruct an HR
image from one or more low-resolution (LR) images. At present, most
scholars utilize various super-resolution methods [3–8] to enhance the
visual eﬀect of infrared images.
Deep learning [9–14] is an important branch of machine learning
and has been widely applied in the indirect acquisition of information.
The basic principle of deep learning is to construct a representation
∗
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learning structure containing multiple processing layers of a complex
structure, and use a series of nonlinear transformation operations to recombine and extract simple features from the original data, so as to
represent the data more eﬀectively. Compared with traditional methods, deep learning has the advantages of higher accuracy, better robustness, and faster-testing speed. For the past few years, deep learning is
widely used in computer vision [15–18]. In particular, the convolutional
neural network (CNN) has been one of the great technological breakthroughs in various ﬁelds of computer vision, such as target detection
[19,20] and image recognition [21,22], which has aﬀected the domain
of image super-resolution reconstruction. The CNN is introduced into
the domain of super-resolution reconstruction for the ﬁrst time in SuperResolution using Convolutional Neural Network (SRCNN) [23]. In this
network structure, the LR image is ﬁrstly enlarged to the target size by
the bicubic interpolation, then a three-layer network structure is used
to ﬁt the nonlinear mapping, and ﬁnally, the HR image is output. This
method is currently a typical CNN-based super-resolution reconstruction
method.
The concept of Generative Adversarial Networks (GAN) [24] was
ﬁrst proposed in 2014. The generative network and the discriminant network in GAN play oﬀ against each other. When the samples generated by
the generative network are input to the discriminant network, the discriminant network output value is close to 0.5, and the Nash equilibrium
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[25] is reached at this time. In other words, the discriminant network
cannot judge the authenticity of this image. The super-resolution generative adversarial network (SRGAN) [26] applied the GAN to the domain of image super-resolution reconstruction. The mean-opinion-score
(MOS) was added to the evaluation criteria for the ﬁrst time. The peak
signal-to-noise ratio (PSNR) of the SRGAN reconstructed image may not
be the highest, but its visual quality is obviously better than other methods. However, the SRGAN network is diﬃcult to implement the Nash
equilibrium on account of its high computational complexity.
Due to the low resolution and blurred edge of the infrared image,
the super-resolution reconstruction of the infrared image becomes more
diﬃcult, and the result of using the above network directly is not ideal.
In this paper, the super-resolution reconstruction of infrared images
based on a convolutional neural network with skip connections is reported. The role of convolution layers is to extract image details, while
the function of deconvolutional layers is to restore image details. Convolutional layers and deconvolutional layers in the network structure
are connected by skip connections. Therefore, skip connections transmit
convolutional layers information to deconvolutional layers. Skip connections also have settled the problem of gradient disappearance. The
proposed network structure introduces both global and local residual
learning [27–29], which greatly reduces the complexity of the network
and accelerates the network convergence. The number of feature maps
is greatly increased through channel fusion, which is helpful for deconvolution layers to restore image details. When the scales are three and
four, the average PSNR of our results is 1.07dB and 1.31dB higher than
Very Deep Convolutional Networks (VDSR) [30], respectively. Experiment results show that our network structure has excellent infrared
image super-resolution reconstruction capabilities.

the details of convolutional layers to deconvolution layers, which can
restore the image with higher clarity.
Based on the successful use of the above neural network, traditional methods such as dictionary learning and wavelet analysis are
combined with deep learning super-resolution [42,43]. Their respective
advantages are used to obtain more precise high-resolution image reconstruction methods. However, these two methods have high computational complexity in image preprocessing, and the restoration of images depends on the pre-deﬁned relationship between input and output
images.
Furthermore, for the low resolution of infrared imaging, largescale super-resolution methods have some limitations. An intermediate scale is established in the low-resolution infrared image and the
high-resolution infrared image, which concatenates two simple deep
networks [44]. Two depth networks with diﬀerent receptive ﬁelds are
trained by the multi-scale loss function. This method reduces the complexity of the network and improves the accuracy of high-resolution
reconstruction, which is a typical case of large-scale image superresolution reconstruction and restoration. In addition, for the lack of
details of infrared data, some scholars use the high-frequency information of visible images in low light to restore and reconstruct the
high-resolution infrared image to improve the image reconstruction effect [45,46]. Nevertheless, both methods are based on the fact that
visible images can provide corresponding high-frequency information.
Unfortunately, in the case of night vision, visible images can not provide relevant information, limiting the application of those methods.
In contrast, an unsupervised depth generator imaging model based on
recurrent attention network [47] is proposed. The biggest diﬀerence
of the network is the unsupervised imaging model, which does not
need to provide the ground truth image for training, and ﬁnally recovers the reconstructed image in line with human visual characteristics.
However, the GAN network model is more complex than the supervised learning network model, and it is more challenging to train. It
is diﬃcult to achieve Nash equilibrium, which is also a problem to be
solved.
Inspired by the above approach and building on our previous research, this paper proposes super-resolution reconstruction of infrared
images based on a convolutional neural network with skip connections,
which contains multiple convolutional layers and deconvolutional layers. The role of convolutional layers is to extract detailed features in
images, while the function of deconvolution layers is to restore image
details. Convolutional layers and deconvolutional layers in the network
structure are connected by skip connections. Therefore, skip connections transmit convolutional layers information to deconvolutional layers. Skip connections also have settled the problem of gradient disappearance. Compared with the RED-Net structure, our net introduced
residual blocks in the network structure to reduce the computational
complexity of the network and accelerate the network convergence. We
change the skip connections mode and increase the image information
by adding the number of feature maps. This method signiﬁcantly improves the ability of deconvolution to recover HR images, which makes
the network more eﬀective in the super-resolution of infrared images.
The experimental results show that when the scale is three and four, the
average PSNR of our results is 1.07dB and 1.31dB higher than that of
VDSR, respectively.

2. Related works
Since high-quality HR images possess rich and valuable details, they
have been broadly used in medical imaging [31–34], satellite imaging
[35,36], and security imaging [37]. Beneﬁting from the development of
eﬃcient hardware capabilities and the progress of complex algorithms,
deep learning has shown obvious advantages in many domains such as
computer vision and natural language processing [38,39]. The singleimage super-resolution network has drawn widespread attention in society because of its high eﬃciency.
SRCNN introduced CNN into the ﬁeld of super-resolution reconstruction for the ﬁrst time. This method is currently a typical CNNbased super-resolution reconstruction. Fast Super-Resolution Convolutional Neural Networks (FSRCNN) [40] is a betterment of the previous
SRCNN. FSRCNN directly inputs the original LR image into the network
without pre-sampling. In addition, it uses a smaller convolution kernel
and more mapping layers. Therefore, FSRCNN has a higher speed than
SRCNN.
The input LR images are similar to the output HR images to a great
extent, so in fact, the net only needs to learn the residual between HR
images and LR images. VDSR is the most direct and obvious learning
residual structure. VDSR sends the interpolated LR image and the original HR image into the network for end-to-end training. The output HR
image of the network is obtained by adding the residual image learned
from the network and the input image. VDSR deepens the network structure by introducing skip connections so that the deeper network model
has a larger receptive ﬁeld. Meanwhile, skip connections also alleviate
the gradient vanishing problem caused by deep networks.
Residual Encoder-Decoder Networks (RED-Net) [41] is composed
of a symmetrical convolutional-deconvolutional layer. As an encodingdecoding framework, it learns the nonlinear mapping from LR images
to original HR images. The network structure uses convolutional layers
to acquire the feature of images while uses deconvolutional layers to restore image details. Skip connections are introduced to settle the gradient disappearance problem. At the same time, skip connections transmit

3. Proposed methods
In this section, we introduce the proposed super-resolution network
in detail. The network diagram is shown in Fig. 1. The network structure includes convolution layers and deconvolution layers. Rectiﬁed Linear Unit (ReLU) [48] layers are added after each convolution layer and
deconvolution layer. To alleviate the problem of network overﬁtting,
dropout layers [49] with a sampling threshold of 0.3 are added after
each convolution layer and deconvolution layer. The number of layers
in the network structure is shown in Table 1.
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Fig. 1. The network structure of the proposed algorithm.

where 𝑋0 is the input infrared image of the network. Speciﬁcally, the
result can be calculated recursively as follows:
(
)
𝑂𝑈 𝑇 = 𝐹𝑐 𝑋25 + 𝑋0
(
)
= 𝐹𝑐2 𝑋24 + 𝑋0
(5)
…
( ( ( ( ( ( (
)))
= 𝐹𝑐2 𝐹𝑑 𝐹𝑐2 𝐹𝑑 𝐹𝑐2 𝐹𝑑 𝐹𝑐 𝑋15 ⊕
( )))
( )))
𝐹𝑐7 𝑋0
⊕ 𝐹𝑐5 𝑋0
+ 𝑋0 .

Table 1
The number of layers in the network structure.
Layer

Kernel Size

Strides

Filters

Numbers

Convolution Layer
Convolution Layer
Deconvolution Layer
Residual Blocks(Res-blocks)

3×3
3×3
2×2
3×3

1
2
1
1

128
128
128
128

12
3
3
4

where
( )
𝑋15 = 𝐹𝑐15 𝑋0 + 𝑋13

3.1. Network structure

=…
( )
( )
= 𝐹𝑐15 𝑋0 + 𝐹𝑐13 𝑋0
(
)
( )
( )
+ 𝐹𝑐11 𝑋0 + 𝐹𝑐9 𝑋0 + 𝐹𝑐7 𝑋0 .

There are four types of layers in the network: convolution, deconvolution, element-wise addition, and channel fusion. Except for the channel fusion, each layer is followed by a ReLU layer. Let 𝑋𝑖 be the input
image of the i-th layer, the convolutional and deconvolutional layers are
expressed as:
(
)
𝐹 (X𝑖 ) = max 0, W𝑘 ∗ X𝑖 + B𝑘 .

The above formula only iterates to 𝑋15 to facilitate the display of the
diﬀerences in the proposed network structure. If there are no residual
( )
blocks in the network structure, 𝑋15 = 𝐹𝑐15 𝑋0 . Compared with the network without residual block, the bottom of our network contains more
details, which can prevent the gradient from disappearing. If there are
no channel fusions, the 𝑂𝑈 𝑇 can be expressed as:
( ( ( ( ( ( (
)))))))
𝑂𝑈 𝑇 = 𝐹𝑐2 𝐹𝑑 𝐹𝑐2 𝐹𝑑 𝐹𝑐2 𝐹𝑑 𝐹𝑐 𝑋15

(1)

Where 𝑊𝑘 and 𝐵𝑘 represent ﬁlters and biases, and ∗ denotes either
convolution or deconvolution operation for the convenience of the formulation. For the element-wise addition layer, the output is the elementwise addition of two inputs of the same size, followed by the ReLU activation:
(

𝐹 X𝑖 , X𝑗

)

(
)
= max 0, X𝑖 + X𝑗 .

+ 𝑋0 .

(2)

(3)

For the convenience of expression, we use 𝐹𝑐 and 𝐹𝑑 to represent
convolution and deconvolution operations and temporarily omit the activation function ReLU behind each layer. The proposed network has 26
layers. According to the above equation, we can express the output of
the network structure as follows:
(
)
𝑂𝑈 𝑇 = 𝐹𝑐 𝑋25 + 𝑋0 .

(7)

Compared with our network, many image details are missing, which
will reduce the ability of deconvolution to recover HR images. By fusing
image information of diﬀerent layers, the ability of deconvolution layers
to recover HR images can be improved.
Speciﬁcally, LR infrared images are exactly up-sampled to the target
image size and then send to the convolutional neural network for end-toend supervised learning. Convolution layers in the network are applied
as feature extractors to extract features from infrared images. Convolution with a stride of two is devoted to diminishing the dimension of
feature images. Deconvolution layers can up-sample feature maps and
recover the detailed information. Skip connections in the structure connect the ﬁrst half and the second half of the network so that the image information can be transmitted from the front end of the network
to the back end. Skip connections also solve the problem of vanishing

Where 𝑋𝑖 and 𝑋𝑗 represent the input images of the (i+1)-th layer
and the (j+1)-th layer respectively. For the channel fusion layer, the
output is the sum of two input channels of the same size:
(
)
𝐹 𝑋𝑖 , 𝑋𝑗 = 𝑋𝑖 ⊕ 𝑋𝑗 .

(6)

(4)
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Fig. 2. The change curve of the PSNR on the training set in the veriﬁcation experiment. (a) Test1: the inﬂuence of feature map dimensionality reduction method
on super-resolution capability. (b) Test2: the inﬂuence of feature map fusion mode on super-resolution capability. (c) Test3: the inﬂuence of residual blocks on
super-resolution capability.

gradient. Our net combines global residual learning with local residual
learning, which reduces the computational complexity and accelerates
the convergence of the network. Global residual learning means that the
network only needs to learn the residual part between HR images and
LR images, so it can greatly reduce the complexity of the network. The
target HR image is obtained by adding the output image of the network
and the input LR bicubic interpolation image.

is obviously better than max-pooling. Therefore, the convolution can be
applied to reduce the dimension of feature maps, which is helpful to
obtain higher resolution results.
Convolutional layers and Deconvolutional layers are located at the
front and back ends of the network structure, respectively, and they
are symmetrical. The convolution reduces the dimensionality of feature
maps, and then the deconvolution can up-sample feature maps to the
corresponding size. The change of image size can extract image features
of multiple dimensions. Besides, the information of convolutional layers
is transferred to deconvolutional layers through skip connections, which
can greatly enhance the HR image reconstruction ability of deconvolutional layers.

3.2. Convolution and deconvolution
The proposed network structure contains a large number of convolutional layers and deconvolutional layers. The function of convolutional
layers is to extract features from images. In previous works, AlexNet
[50] uses some large convolution kernels, such as 11×11. The large convolution kernel has the advantage of a large receptive ﬁeld and can extract the information of a large neighborhood of input images. But the
large convolution kernel causes the network calculation to skyrocket.
In consideration of deepening the network structure and enhancing the
calculation performance, our net chooses 3×3 convolution kernels. We
set the stride of convolutional layers to one and the padding to SAME in
order to keep the image size unchanged in the feature extraction part.
In addition, the network contains image dimensionality reduction processes. The reason why those processes do not use max-pooling operation for future maps dimensionality reduction is that max-pooling operation will eliminate image details. Max-pooling will reduce the performance of image restoration and reconstruction, which is contrary to
the purpose of super-resolution. Therefore, using a convolution operation with a stride of two to reduce the dimensionality of images can
retain the spatial information of feature maps with the most signiﬁcant
probability.
We take an experiment in Test 1 to verify the inﬂuence of the feature
map dimensionality reduction method on the network super-resolution
ability. In this veriﬁcation experiment, the bicubic interpolation method
is utilized to up-sample three times of the LR image as the input image
and then keep parameters of the network structure consistent except the
dimension reduction method. During the training process, the change in
the PSNR is shown in Fig. 2 (a). The test results are shown in Fig. 3. In the
network structure, the method of using convolution to reduce dimension

3.3. Skip connections
Only by increasing the depth or width can the network model be
suitable for more complex mapping functions. Unfortunately, the cost of
increasing width is usually higher than that of depth. Therefore, deepening the network structure is a better way in most cases. The deeper network structure model means better nonlinear expression ability, which
can learn more complex feature transformations and ﬁt more complex
mapping functions. Based on this, we design a deep residual network
with skip connections structure to preferably learn the high-frequency
details information between the interpolated LR image and the ground
truth image.
Nevertheless, the deeper the network structure is, the better the
super-resolution performance will not be. There may be two reasons.
Since convolution processes make the image features more and more
abstract, a lot of image details may be lost in the network with more
convolutional layers. It is very diﬃcult to restore and reconstruct the
HR images with only a small amount of image details. In addition, the
gradient vanishing problem is often encountered in the deep network
structure. To address the above problems, skip connections are added
to the network structure, which connects convolution layers of the ﬁrst
half of the network with deconvolution layers of the latter half of the network. The speciﬁc structure is shown in Fig. 1. Skip connections transfer
a large number of image details of convolution layers to deconvolution
layers, promoting the image super-resolution reconstruction ability of

Fig. 3. Test1: the inﬂuence of feature map dimensionality reduction method on super-resolution capability.
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Fig. 4. (a) Test2: the inﬂuence of feature map fusion mode on super-resolution capability. (b) Test3: the inﬂuence of residual blocks on super-resolution capability.

deconvolution layers. Next, skip connections also have the advantage of
backpropagation of gradient to the bottom layer, which solves the gradient disappearance problem. Consequently, training deeper networks
becomes easier.
Compared with Image Super-Resolution Using Very Deep Residual
Channel Attention Networks (RCAN) [51], the local residual and global
residual modules are only built on the network structure at the same
scale. The global residual is to ﬁnd the smallest error in multiple local
residual models and gradually approach the ground truth. The diﬀerence is that our network structure is analogous to the pyramid imaging
model. A local residual module is added to the bottom layer of the network, so that an initial value of the high-resolution infrared image can
be obtained at the starting point of the high-resolution image restoration. The high-resolution images of diﬀerent scales are recovered by a
step-by-step up-sampling and skip connection model. Moreover, the local residual model can reduce the network parameters at the bottom
of the network, making the operation more eﬃcient. Furthermore, we
add the global residual module at the top of the network and add the extracted high-frequency information while retaining more low-frequency
information of the image itself, which can restore the high-resolution
image of the target to the greatest extent. The global residual learning
structure and the local residual learning structure are shown in Fig. 6.
On the contrary, only using the residual structure in the same dimension
increases the computational complexity and lacks the extraction of highfrequency details in diﬀerent dimensions, resulting in a decrease in the
quality of reconstruction. Therefore, our paper combines global residual learning and local residual learning further to improve the overall
performance of the network model super-resolution.
The results of Test2 and Test3 verify that the method of introducing
residual block and changing feature fusion is eﬀective in improving the
super-resolution ability. The control variable method is introduced to
ensure that the conditions other than the veriﬁcation object remain unchanged. The curves of PSNR during training are shown in Fig. 2(b) and
(c), and the experimental test results are shown in Fig. 4(a) and (b). The
results show that the network structure proposed in this paper is more
suitable for infrared image super-resolution.

tion method is used to up-sample LR infrared images to the target size.
Infrared images are cut into 128×128 pieces and sent to the network for
training.
Learning the end-to-end mapping from LR images to HR images
needs to precisely estimate the weights 𝜃 represented by the convolutional and deconvolutional kernels. Speciﬁcally, there are 𝑁 training
sample pairs {𝑋 𝑧 , 𝑌 𝑧 }, where 𝑋 𝑧 is the LR image and 𝑌 𝑧 is the HR version as the ground truth. We minimize the following Mean Squared Error
(MSE):
𝐿(𝜃) =

𝑁
1 ∑
‖𝐹 (𝑋 𝑧 ) − 𝑌 𝑧 ‖2 .
𝑁 𝑧=1

(8)

In the network, the batch size is set to 16, and the epoch is set
to 200. Empirically, we use Adam optimizer to optimize the network structure, and the initial learning rate is set to 10−4 . The hardware platform of the network for model training is Intel Core TM i79700K CPU @ 3.60GHz×8, the graphics card is RTX2080Ti. The software platform used is TensorFlow 1.1.0 under Ubuntu 16.04 operating
system.
The total training time of our network is 10.44 hours, and the average test time for each image is 0.57 seconds. In order to show the superiority of our network model, the results obtained by training with the
network structure of this paper are compared with SRCNN and VDSR.
The PSNR curve during training is shown in Fig. 5.
Table 2 shows the test results of each network under three diﬀerent
scales (scale=2, 3, 4). When the scale is two, the average PSNR of our
net result is 6.43dB higher than the bicubic interpolation result, 0.90dB
higher than SRCNN, and 0.07dB higher than VDSR. When the scale is
small (scale = 2), our average PSNR is signiﬁcantly higher than that of
bicubic interpolation. Compared with VDSR, our PSNR is not evidently
improved, and there are even cases where the PSNR is lower than VDSR.
The reason for those situations may be that the scale is small, so that
most of the information in the LR image is still retained. Therefore, it
is not diﬃcult to restore and reconstruct the HR image. When the scale
is three, the average PSNR of our result is 3.37dB higher than the bicubic interpolation result, 1.89dB higher than SRCNN, and 1.07dB higher
than VDSR. When the scale is four, the average PSNR of our result is
2.91dB higher than the bicubic interpolation result, 1.69dB higher than
SRCNN, and 1.31dB higher than VDSR. When the scale is large (scale=3
or 4), the average PSNR improvement value of our results is not as good
as when the scale is small, because it becomes diﬃcult to restore HR images at this time. Compared with SRCNN and VDSR, our average PSNR
has improved signiﬁcantly, showing the superiority of our network in
super-resolution reconstruction. In terms of structural similarity (SSIM),
our results are slightly improved compared with SRCNN and VDSR. Part
of the results is shown in Figs. 7, 8, and 9. Finally, we compare the results

4. Experiment and results
The infrared image data sets (DOI:10.6084/m9.ﬁgshare.14706183;
https://ﬁgshare.com/s/2121562561211c0a8101) used in this experiment are all taken by the telescope in the thermal imaging mode. Typical training and test sets are shown in Figs. 11 and 12. The ﬁeld of view
(FOV) of the telescope is 16◦ . The image size of the infrared data set
used in this experiment is 600×800. Down-sampling obtained images to
acquire corresponding LR infrared images. Then, the bicubic interpola5
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Fig. 5. Under diﬀerent up-sample scales, the PSNR change curve of each network during training. (a) Scale=2. (b) Scale=3. (c) Scale=4.

Fig. 6. Global residual structure and local residual structure.

Fig. 7. Experimental results with an up-sampling scale of two.

Fig. 8. Experimental results with an up-sampling scale of three.
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Fig. 9. Experimental results with an up-sampling scale of four.

Fig. 10. The comparison of super-resolution imaging results with diﬀerent networks (Scale=4).

Fig. 11. Ten representative groups of data in the training set.
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Fig. 12. Ten representative groups of data in the testing set.
Table 2
Test set results under three diﬀerent scale factors (scale factors=2, 3, 4). The bold text indicates the best result.

Methods
Bicubic
SRCNN
VDSR
Ours
Bicubic
SRCNN
VDSR
Ours
Bicubic
SRCNN
VDSR
Ours

Scale
2
2
2
2
3
3
3
3
4
4
4
4

Image 1

Image 2

Image 3

Image 4

Image 5

Image 6

Image 7

Image 8

Image 9

PSNR/SSIM
37.21/0.80
43.41/0.86
45.15/0.87
45.33/0.87
33.64/0.67
35.23/0.69
36.97/0.70
38.55/0.71
30.65/0.53
31.82/0.57
32.99/0.60
34.30/0.61

PSNR/SSIM
37.64/0.86
43.76/0.90
44.66/0.90
44.88/0.90
33.85/0.76
35.53/0.78
35.95/0.77
36.64/0.78
30.76/0.66
31.95/0.68
31.85/0.68
33.45/0.70

PSNR/SSIM
40.16/0.88
45.64/0.92
46.23/0.93
46.42/0.92
36.41/0.78
37.66/0.80
38.75/0.81
39.36/0.81
33.38/0.68
34.74/0.71
35.19/0.73
36.35/0.74

PSNR/SSIM
41.39/0.87
46.26/0.91
46.14/0.91
46.34/0.91
37.74/0.79
39.55/0.79
39.93/0.79
40.76/0.80
34.55/0.69
36.47/0.72
36.67/0.72
37.34/0.73

PSNR/SSIM
36.43/0.87
41.77/0.88
44.36/0.89
44.47/0.89
32.80/0.78
33.96/0.78
35.04/0.79
36.41/0.79
30.17/0.69
30.83/0.71
31.48/0.72
32.80/0.73

PSNR/SSIM
38.69/0.88
44.48/0.91
44.86/0.92
45.01/0.92
35.02/0.79
36.72/0.80
36.59/0.80
38.12/0.81
31.53/0.68
32.50/0.71
32.77/0.71
34.27/0.73

PSNR/SSIM
40.92/0.88
46.24/0.90
46.80/0.91
46.77/0.90
37.19/0.81
38.75/0.81
40.15/0.81
41.45/0.81
34.06/0.73
35.27/0.75
35.43/0.75
37.38/0.76

PSNR/SSIM
38.32/0.87
44.69/0.91
45.13/0.92
45.26/0.91
34.76/0.77
36.75/0.78
36.71/0.79
37.62/0.80
31.48/0.66
32.55/0.69
32.89/0.69
34.26/0.70

PSNR/SSIM
42.95/0.83
47.17/0.86
47.27/0.87
47.41/0.87
39.50/0.73
40.10/0.73
41.54/0.73
42.37/0.73
36.47/0.64
37.93/0.66
38.22/0.66
39.10/0.66

Writing - original draft. Bowen Wang: Conceptualization, Formal analysis, Supervision, Writing - original draft. Yan Hu: Formal analysis, Supervision, Writing - original draft. Qian Chen: Supervision, Writing original draft.

with Deep Wavelet Residuals CNN (DWCNN) [43], Cascaded Deep Networks with Multiple Receptive Fields (CDNMRF) [44], Multi Auxiliary
Network (MultiAUXNet) [45], Auxiliary Convolution Neural Network
(AUXCNN) [46], Attention Mechanism Generative Adversarial Network
(AMGAN) [47], and Discriminative Dictionary and Deep Residual Network (DDRes) [42], as shown in Fig. 10, respectively. Compared with
other methods, our network has excellent super-resolution reconstruction capabilities at multiple scales.
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5. Conclusion
This paper proposes the super-resolution reconstruction of infrared
images based on a convolutional neural network with skip connections.
Image features are extracted by convolution layers, and deconvolution
layers recover image details. Meanwhile, skip connections, and residual
blocks are introduced to solve the problem of gradient vanishing and
improve super-resolution performance. Moreover, the number of feature
maps is signiﬁcantly increased by channel fusion, which improves the
super-resolution reconstruction capability of deconvolution layers. The
up-sampling factor is set in three and four, and the average PSNR of our
net is 1.07dB and 1.31dB higher than VDSR, respectively. Experiment
results show that our network structure has excellent infrared image
super-resolution reconstruction capabilities.
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