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Heterogeneous Knowledge Distillation for
Simultaneous Infrared-Visible Image
Fusion and Super-Resolution

Wanxin Xiao™, Yafei Zhang™, Hongbin Wang

Abstract—Recently, infrared-visible image fusion has
attracted more and more attention, and numerous excellent
methods in this field have emerged. However, when the
low-resolution images are being fused, most fusion results
are of low resolution, limiting the practical application of the
fusion results. Although some methods can simultaneously
realize the fusion and super-resolution of low-resolution images,
the improvement of fusion performance is limited due to the
lack of guidance of high-resolution fusion results. To address
this issue, we propose a heterogeneous knowledge distillation
network (HKDnet) with multilayer attention embedding to
jointly implement the fusion and super-resolution of infrared
and visible images. Precisely, the proposed method consists of
a high-resolution image fusion network (teacher network) and
a low-resolution image fusion and super-resolution network
(student network). The teacher network mainly fuses the
high-resolution input images and guides the student network
to obtain the ability of joint implementation of fusion and
super-resolution. In order to make the student network pay
more attention to the texture details of the visible input image,
we designed a corner embedding attention mechanism. The
mechanism integrates channel attention, position attention, and
corner attention to highlight the visible image’s edge, texture,
and structure. For the input infrared image, the dual-frequency
attention (DFA) is constructed by mining the relationship of
interlayer features to highlight the role of salient targets of the
infrared image in the fusion result. The experimental results show
that compared with the existing methods, the proposed method
preserves the image information of both visible and infrared
modalities, achieves sound visual effects, and displays accurate
and natural texture details. The code of the proposed method
can be available at https://github.com/firewaterfire/HKDnet.

Index Terms— Attention mechanism, image fusion, infrared
and visible images, knowledge distillation, super-resolution.

I. INTRODUCTION

HE visual sensor can detect the spatial texture details,
and the infrared sensor can capture the thermal target
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in poor lighting conditions. Therefore, the images from the
same scene obtained by both sensors have complementary
information. If this complementary information can be inte-
grated into an image, the comprehensiveness and accuracy
of the image description for the scene can be improved,
facilitating the subsequent computer vision tasks. Thus,
the infrared—visible image fusion has received widespread
attention [1]-[6].

Some studies on infrared—visible image fusion have
achieved good fusion results when the source images are
high resolution [5]-[7]. When the input images are low
resolution, the fusion results will not be satisfactory. The
stepped processing is commonly used to improve the fusion
results’ resolution. However, this kind of method is inef-
ficient, and the artificial effect produced in the first step
may be spread to the second step, which will affect the
outcome. This issue has been taken into consideration in
the literature [8] to jointly implement low-resolution image
fusion and super-resolution. However, these methods lack the
guidance of high-resolution fusion results, limiting their fusion
performance.

This article proposes a heterogeneous knowledge distillation
network (HKDnet) with multilayer attention embedding to
jointly realize the fusion and super-resolution of infrared
and visible images. The proposed approach consists of a
high-resolution image fusion network and a low-resolution
image fusion and super-resolution network. The former net-
work fuses high-resolution input images and guides the
low-resolution image fusion and super-resolution network to
realize the combination of fusion and super-resolution. It is
noted as the teacher network. The latter network is trained
under the guidance of the teacher network, and it is noted
as the student network. The knowledge required for heteroge-
neous knowledge distillation is the teacher network’s fused
features and fusion images. During the training process of
the entire network, the knowledge in the teacher network will
continue to transfer to the student network. In order to solve
the problem of the lack of high-resolution fusion image labels
during simultaneous image fusion and super-resolution, we use
the high-resolution fusion image generated by the teacher
network as the label to supervise the training of the student
network.

In the existing knowledge distillation works, the teacher
and the student networks usually share the same task. The
teacher network is more complex with higher performance,
while the student network is a lightweight network in terms
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of the network structure. In this work, the task of the teacher
network is different from that of the student network. The
teacher network is only responsible for fusing high-resolution
images, and the student network is responsible for the fusion
and super-resolution of low-resolution images. The teacher
network comprises the encoder, the fusion layer, and the
decoder. The student network includes the modules to realize
the fusion and the super-resolution, which is more complex
than the teacher network. Therefore, the proposed network is
an HKDnet.

We design different attention mechanisms for different
modal images in the student network to highlight their infor-
mation differences. The visible image carries a large amount
of information, such as edge details and texture structure.
The fusion performance could be improved by integrating
the information into the fusion result. For the visible image,
the corner embedding attention (CEA) mechanism is designed
to enable the network to focus on the texture details of the
input visible image. The CEA mechanism integrates channel
attention, position attention, and corner attention to highlight
the visible image’s edge, texture, and structure. Compared with
the visible image, the infrared image carries a large amount
of brightness information of the target, which reflects the
saliency of the object. If the brightness information can be
transferred to the fusion result, it is helpful to improve the
visual effect of the fusion result and highlight the saliency
of the object. Therefore, for the input infrared image, the
dual-frequency attention (DFA) is constructed by mining the
relationship among the layer features to highlight the role of
the salient object of the infrared image in the fusion result.

The main contributions of this work are summarized as
follows.

1) A heterogeneous knowledge distillation model is pro-
posed, which first introduces the idea of knowledge dis-
tillation into the joint implementation of infrared—visible
image fusion and super-resolution to solve the problem
of poor fusion quality due to lack of label guidance. This
model uses a heterogeneous teacher network to gener-
ate pseudo-labels and applies the label and the fused
features to train the student network for simultaneous
image fusion and super-resolution.

2) The different feature extraction branches are designed
for the infrared and visible images. For the feature
extraction of the visible image, the CEA mechanism
is proposed, which integrates corner attention, position
attention, and channel attention to highlight the role of
texture, edge, and structure of the visible image in the
fusion and super-resolution.

3) For the feature extraction of the infrared image, the DFA
mechanism is proposed, which can retain the saliency
information in the infrared image. The mechanism gives
greater weight to the salient areas by mining the rela-
tionship between the features of different layers of the
network to preserve the saliency brightness information
of the infrared image.

The remainder of this article is organized as follows.
Section II presents the related work, and the proposed method
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is described in Section III. The experimental results are
discussed in Section IV before a conclusion in Section V.

II. RELATED WORK

A. Infrared and Visible Images Fusion

The traditional image fusion methods mainly include
multiscale transform-based methods [9], [10] and sparse
representation-based methods [11]-[13]. However, due to
the limited feature expression ability of multiscale transform
and sparse representation, the performance of these fusion
methods still has room to be improved. With the assistance
of deep learning, the salient features of the source image
can be efficiently extracted. With the development of deep
learning, image fusion methods based on deep learning have
been proposed in recent years. Because the salient features
of the source images can be efficiently extracted by deep
learning, the image fusion method based on deep learning has
achieved good performance. In 2017, Liu et al. [14] proposed
a multifocus image fusion method based on convolutional
neural networks (CNNs). The source images with different
blurred parts are used to train the network. Then, a weight map
is generated by the network. The fused image is obtained using
the source images and the weight map. Li ef al. [15] proposed
to decompose the infrared image and the visual image to be
fused into the basic part and the high-frequency part. Then,
the two parts are fused with different strategies to reconstruct
the fused image. Ma et al. [16] proposed FusionGAN for
infrared—visible image fusion. A generator is used to build a
fused image, and the discriminator is used to make the fused
image have more details in the visible image. Li et al. [17]
proposed a convolutional architecture based on dense connec-
tions for infrared—visible image fusion. The encoder composed
of convolution layers and dense blocks are used to extract
image features, and then, the fused image is generated by
fusion strategy and decoder. Ma et al. [18] recently proposed
a multiresolution infrared and visible image fusion method
based on the dual discriminator GAN model, assuming that
the resolutions of the two source images differ by a factor of 4.
Zhang et al. [19] presented a general image fusion framework
based on CNN (IFCNN) to handle different kinds of image
fusion tasks. Lahoud and Siisstrunk [20] proposed to decom-
pose the source images into a base layer and a detail layer for
image fusion. Prabhakar er al. [21] performed a CNN-based
approach for the exposure fusion problem. They proposed a
simple CNN-based architecture that contains two CNN layers
in the encoding network and three CNN layers in the decoding
network.

However, the methods above assume that the source
images are high resolution, and satisfactory fusion results
can be achieved only under this assumption. To this end, the
super-resolution method is usually used to increase the resolu-
tion after the fusion of source images. However, the artifacts
generated in the first step may be spread to the next step,
thereby reducing the visual quality of the final result. In order
to make image fusion more feasible, a unified framework is
required to realize image fusion and super-resolution simulta-
neously.
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B. Joint Implementation of Image Fusion and
Super-Resolution

Yin et al. [8] proposed a method for image fusion and
super-resolution simultaneously based on sparse representa-
tion. It is supposed that the high-frequency components of the
amplified low-resolution source image have the same sparse
coding coefficients as the reconstruction result. The coeffi-
cients are used to reconstruct the high-resolution fusion image.
Igbal and Chen [22] realized simultaneous image fusion and
super-resolution by assuming that the representation coeffi-
cients of the high-resolution image block and its corresponding
low-resolution version are the same. According to the principle
that the fused image has the same or similar structure tensor
with the source images, Li et al. [23] proposed a joint frame-
work for image fusion and super-resolution based on fractional
differential and variational methods. Xie et al. [24] proposed a
residual compensation method for simultaneous image fusion
and super-resolution. Those methods performed well for low-
scale factors. The visual quality is severely reduced for high-
scale (e.g., 4x) factors.

C. Teacher—Student Network

The teacher—student network is a type of transfer learning,
where the teacher network is a more complex network with
better performance and generalization ability. The teacher
network can guide the student network with fewer parameters
to achieve similar performance as it. Li et al. [25] proposed to
use a teacher network and targeted its soft output on unlabeled
data as a small-sized student network. Hinton et al. [26] found
that the additional information encapsulated in the soft output
of the teacher network is helpful to train the student network.
Based on this, Romero et al. [27] proposed a staged training
strategy for the teacher—student network. The student network
first learns the intermediate feature of the teacher network
and then uses the actual soft output of the teacher network
for training. Based on the intermediate feature representation,
Yim et al. [28] proposed applying knowledge distillation from
a DNN to another DNN of identical architecture and reported
that the student model trains faster and achieves greater
accuracy than the teacher. Zagoruyko and Komodakis [29]
forced the student to match the attention map of the teacher
(norm across the channels dimension in each spatial location)
at the end of each residual stage.

The challenge in the joint implementation of image fusion
and super-resolution is the lack of high-resolution fused
images as labels. At present, the simultaneous image fusion
and super-resolution includes traditional methods [23], [24]
and deep learning-based methods [30]. The traditional methods
have low efficiency and are not convenient for practical
application. Due to the lack of supervision of high-resolution
fusion images, the existing deep learning-based method [30]
only has a good effect on the low magnification factor, and
the visual effect of fusion and super-resolution is not good.

Inspired by the knowledge distillation, we propose a het-
erogeneous network with multilayer attention embedding for
the simultaneous fusion and super-resolution of infrared and
visible images. This method comprises a high-resolution
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image fusion network (teacher network) and low-resolution
image fusion and super-resolution network (student network).
Unlike the existing teacher—student networks, the proposed
teacher network in this work has fewer parameters and less
computation. It provides high-resolution fusion image labels
for student network training. The student network needs
to realize image fusion and super-resolution. It has more
network layers and requires heavier computation. After the
student network receives low-resolution infrared and visible
images, it can directly generate the high-resolution fused
image. Compared with other simultaneous image fusion and
super-resolution methods, the proposed method has more
obvious advantages under high magnification factors. The
image fusion and super-resolution are completed on a unified
framework guided by the high-resolution fused features and
image. In addition, we adopt two novel attention mechanisms
(DFA group (DFAG) and CEA) to assist the network to retain
better the pixel intensity information of the infrared image and
the texture detail information of the visible image, which are
helpful to enhance the fusion performance of the network.

II1. METHODS

A heterogeneous knowledge distillation framework with
multilayer attention embedding, as shown in Fig. 1, is pro-
posed to realize infrared—visible image fusion and super-
resolution simultaneously. The framework is mainly composed
of five parts: 1) teacher network; 2) feature extraction module;
3) feature fusion module; 4) super-resolution module; and 5)
loss and training strategy. The teacher network is composed of
an encoder, a fusion layer, and a decoder. The high-definition
fusion label image is obtained by inputting the high-resolution
source images into the pretrained teacher network. The stu-
dent network is composed of the feature extraction module,
the feature fusion layer, and the super-resolution module.
The high-resolution fused image can be obtained by feeding
low-resolution source images into the student network. The
fused features and fusion results of high-resolution source
images in the teacher network are used to guide the training
of the student network.

Through the feedforward network, the student network
directly learns the mapping function Sy, with the parameter
0O,

I = S, (I Iy) (1)

ir> “vis

where I and I',. are low-resolution infrared and visible

images, respectively, and I; is the high-resolution fused image
generated by the student network. The student network is
optimized by

0, = argmin L (I’f , I;) 2)

s

where L; is the loss function of the student network and I, is
the label generated by the teacher network. Specifically, Iy is
generated by the mapping function 7j, of the teacher network

I, = T, (I 1) 3)

ir> “vis
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Fig. 1.

Heterogeneous knowledge distillation framework with multilayer attention embedding. It consists of a teacher network and a student network. The

teacher network is composed of an encoder, a fusion layer, and a decoder. It provides the labels and the intermediate layer fusion features for the training of
the student network. Two feature extraction branches are used to extract image features of infrared and visible source images. The DFAG and CEA are used to
assist the student network in retaining the thermal radiation information of the infrared image and the texture detail of the visible image. The super-resolution

module is used to generate high-resolution fused images.

where Iihr, Ii’is, and I’f are high-resolution infrared, visible

image, and fused image, respectively. Ty, is optimized by

0, = argmin L,(0O, I) 4)
0,

where O and I are the output image and input image of the
teacher network during training, respectively, and L, is the
loss function of the teacher network.

A. Teacher Network

The teacher network comprises the encoder, the fusion layer,
and the decoder. The encoder consists of a 3 x 3 convolutional
layer and a densely connected block [31]. The convolutional
layer is used to extract shallow features. The densely con-
nected block contains three convolutional layers. The output
of each layer is cascaded as the input of the next layer to
avoid information loss and further enhance high-frequency
information. The decoder consists of four convolutional lay-
ers. The structure of the teacher network is similar to the
DenseFuse network [17]. However, the fusion results of the
DenseFuse suffer from severe brightness loss, so we use a
residual connection to input the source image features to the
decoder as well. In addition to the fused features, the features
of the infrared and visible source images are also fed into the
decoder. Let Fi, Fi, and F; represent the infrared source
image feature, visible source image feature, and fused feature,
respectively. The output I’f of the decoder can be expressed

as
I, = D((Flr + aFyis + Ff)a WZ) (5)

where W, is the weight set of decoder D and « is a balance
parameter that controls the input ratio of the infrared and
visible image features. In order to make the fusion result
supplement more pixel intensity information of source image,
the value of a is maintained between 0 and 1.

B. Feature Extraction Module

In image fusion, the saliency information of the source
images plays a vital role in improving the quality of the
fused image. Since the information in the infrared and visible
images is very different, two different extraction branches are
used to form a feature extraction module. DFA is embedded
into the infrared image feature extraction branch to help the
network extract pixel intensity information in the infrared
image. CEA is introduced into the visible image feature
extraction branch to support the network extracting the tex-
ture detail information and context information in the visible
image. In the infrared image feature extraction branch, a 3 x
3 convolution layer is used to extract the shallow features F;,
of the low-resolution infrared source image I'.. The in-depth
features Fidr are obtained through a residual group (RG) [32].
Finally, the enhanced features F, are obtained by the DFAG
composed of six DFA blocks (DFABs). In the visible image
feature extraction branch, a 3 x 3 convolution layer is used to
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Fig. 2. Architecture of the DFAG.

A

extract the shallow features F°. of the low-resolution visible

Vis
source image I, and the in-depth features F%_ are obtained
through two cascaded RGs. Finally, the enhanced features F{;
are obtained by the CEA module.

The frequency of image features varies with the network
depth [33]. If the features of adjacent network layers are com-
bined to extract the correlation between different frequency
features, the correlation can enhance the image features. In the
infrared image, the intensity represents the thermal radiation
information [34]. Inspired by the knowledge that the different
frequency features have complementary information, the fea-
tures of adjacent network layers are fused by the Hadamard
product. Then, the DFA map is obtained through softmax.
As the network is trained, the correlation of the features
from adjacent layers will be adaptively encoded into the DFA
map. By weighting the features of the infrared image with a
DFA map, the region with higher intensity will be assigned
a more significant weight to enhance the thermal radiation
information.

Based on the above idea, we proposed the DFAG, which
contains six DFABs. The specific structure of DFAB is shown
in Fig. 2. The feature F is input into two cascaded RCAB [32]
to obtain the feature D € RE*#*W with stronger representa-
tion capacity. Then, D is fed into three convolutional layers
to obtain D; € RE*F*W D, ¢ REXHXW and D3 € REXHXW,
After the Hadamard product of D; and D, passes through a
softmax layer, the DFA map Mpga € RE*#*W can be obtained

Mpga = softmax(D1 ® D2) (6)

where the element in Mpga represents the saliency of the fea-
ture of the object, which increases with the object brightness.
The weighted feature E € R€*#*W is obtained

E = 6Mpra © D3 @)

where 0 is the weight parameter learned from 0. The saliency
of the brighter object has been enhanced in E. As can be seen
from Fig. 2, the enhanced feature F{ is obtained after the
infrared image feature F;jr passes through the DFAG.

For visible images, it will be beneficial to preserve the
saliency information of source images if more attention is
given to the features corresponding to the texture and edges.
A better feature representation can be obtained by capturing
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Harris: Harris Corner Detection
Algorithm

1X1 Conv

Fi,

Channel attention module

Fig. 3. Architecture of the proposed CEA.

the contextual relationships between objects in the visible
image. Therefore, we design the CEA mechanism to predict
the weights of visible image features in different spatial
locations and capture the feature relationship in spatial and
channel dimensions. As shown in Fig. 3, the CEA mechanism
integrates the channel attention, the position attention, and the
corner attention. F&_ is the input of CEA. F, € RO*HxW jg
obtained when F¢ passes through a 1 x 1 convolution. F,
are fed into the corner, position, and channel attention module,
respectively.

1) Corner Attention Module: According to the gradient
change in different directions of each region, the image can
be divided into smooth, edge, and corner regions. The corner
contains key directional cues and controls the appearance of
edges and textures. In areas with dense corners, there are also
lots of edges and textures [35]. Therefore, paying attention
to the corner region is equivalent to paying attention to the
texture edge details of the image. Inspired by the above ideas,
we propose a corner attention module. The feature F, is input
into the corner attention module, which is processed by the
Harris algorithm [35] to obtain the corner point attention map
MCOA c RCXH xW

N 1, Harris(Fﬁij ) > y Max (Harris(Ff)))
M, = (®)
0, Harris(Ff)” ) < y Max (Harris(F¢))

wherec=1,2,...,C,i=1,2,...,W,and j =1,2,..., H.
M¢{, = 1 means that the position (i, j) of the cth channel of
F, belongs to the corner point region and, vice versa, does not
belong to the corner point region. F; denotes the cth channel
of F,. Harris(x) represents that x is processed by the Harris
function. The larger the value, the closer x is to the corner
area. y is a coefficient between 0 and 1.

Meanwhile, the feature F, € RE*7>*W is inputintoa 1 x 1
convolution to obtain a new feature B € RE*#*W  Then, the
dot product of Mcoa and B is applied to obtain the enhanced
visible image feature C € RE*#*W The final output Fcop is
obtained by adding the elements of F, and C. The element
F&l, in Fooa can be expressed as

Feon = BBIMEG, + FeY )

where f is initialized to 0, which will be assigned a larger
value as the network’s ability to extract features increases.
As can be seen from (9), all the locations of the feature F,
are weighted by the corner attention map Mcoa. Therefore,
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the edge corner areas of the visible image have received more
attention.

2) Position Attention Module: Discriminant features are
important for image processing, obtained by capturing
long-distance context information [36]. Based on this, the
self-attention mechanism is used to capture the context in the
visible image. The structure of the position attention module
is shown in Fig. 3. F, is reshaped into F,, € R®*"N, where
N = H x W. The matrix multiplication is used between the
transpose of F, , and F, ., and then, the pixel-level softmax
function is adopted to calculate the correlation between the
position i(i =1,2,...,N) and j(j =1,2,...,N)

S exp[(FL, xF,,)(, j)]
ij = T
va=1 Z?l=1 eXP[(Fz{,r X Fv,r)(” J)]
where F, , (i, j) represents the feature of position j on the ith

channel of F,,. Finally, the enhanced visible image feature
Fpoa € ROH>W can be obtained by

(10)

Froa = F, x Q+F, (11)

where Q € RV*N s the matrix composed of w; ;. It can be
seen from (11) that Fppy is the weighted sum between the orig-
inal feature F, and the enhanced feature by position attention.
Therefore, similar semantic features in F, can enhance each
other, which improves the discrimination of features.

3) Channel Attention Module: For visible images, the fea-
ture maps of each channel can be regarded as a mapping
of the image, and the mapping in the different channels
is usually different [30], [37]. By mining the dependencies
between different channels and assigning greater weights to
those channels with larger mapping values, we can obtain the
feature map with a stronger representation ability. Based on
this idea, the channel attention module is used to capture the
dependence between different channels, which is shown in
Fig. 3. Similar to the position attention module, F, is also
reshaped into F,, € R“*". The matrix multiplication is used
to model the dependence among different channels for F, , and
its transpose FZ . and a pixel-level softmax function is used
to calculate the influence of the ith(i = 1,2, ..., C) channel
on the jth(i =1,2,...,C) channel

_ exp[(F, < F )G )]
Ziczl Z?:l CXp[(FU,r X Fz?,r) (i’ ])]

Finally, the feature of channel attention enhancement can
be formulated as

Vi, (12)

Fecua =Y xF, +F, (13)

where ¥ € R is the matrix composed of y; ;.

The features Fcoa, Fpoa, and Fcya are fused to obtain better
feature representation. Then, a 1 x 1 convolution is used to
obtain the enhanced feature F¢

vis*

C. Feature Fusion Strategy and Super-Resolution Network

It is assumed that F;, € RE*W and F,;; € REXHxW
represents the feature of the infrared and visible images. C
is the number of channels. H and W are the numbers of rows
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and columns, respectively. After obtaining Fj. and Fy;, a fea-
ture fusion strategy is needed to fuse them. As investigated
in [17], ly-norm and softmax are used to fuse F;, and Fi;.
The same fusion strategy is adopted for the fusion layer in
teacher and student networks. Specifically, the /;-norm of all
channel features at each position of F;; and Fy;s is calculated,
respectively, to obtain the activity level map M;, € R7*W and
Mvis € RHXW

M (i, j) = |[FECG, )], MG, ) = [FECG ], (14

where i =1,2,...,H and j =1,2,..., W.

Then, a 3 x 3 neighborhood averaging of M;; and M is
performed to obtain M, and M,;;. The weighting coefficients
W, and W, for the infrared and visible features are obtained
by performing softmax on M;, and My

_ Mir Mvis
1\_/[ir + 1\_/[vis ' 1\_/[ir + 1\_/[vis .
Finally, the features of each channel of Fj and F,; are

weighted and summed by W;. and W, to obtain the fused
feature

ir vis = (15)

(16)

vis

Fcf =W;© Ficr + Wi © F{

where ¢ = 1,2,...,C. Fcf denotes the cth channel of the
fused feature F . © denotes dot product.

In the student network, the high-resolution fusion image
can be reconstructed by feeding the fused feature into the
super-resolution module. In order to ensure the effectiveness
of the super-resolution and to control the parameters of the
total network, we select RCAN [32] as the basic network
of super-resolution. Different from RCAN, only five RGs are
used in our super-resolution module, while there are ten RGs
in RCAN. In addition, the high-resolution feature extraction
and image reconstruction in our super-resolution module is
guided by the teacher network.

D. Loss Function

The original infrared and visible images are real images,
and their low-resolution versions are used as input for model
training. In order to realize better performance and feature
learning capabilities, the loss function enables student net-
works to perform fusion and super-resolution simultaneously
using multitask learning. Due to the lack of real data as
labels for simultaneous fusion and super-resolution, the teacher
network generates the corresponding pseudo-labels to train the
student network.

In the teacher network training, both the pixel loss and
structural similarity loss are used to make the input image
and the reconstructed image have similar pixel intensity and
structure. Since texture details in the visible images are mainly
represented by gradient changes [34], gradient loss is used to
constrain the reconstructed image, making its gradient changes
similar to the input image. In addition, perceptual loss [38] is
used to realize better visual effects of reconstructed images.
The total loss of teacher network can be expressed as

L = Lpixel + pt Lssim + Lgrad + Lpercep (17)
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where L;, Lpixel, Lssims Lgrads and Lpercep represent the total
loss, pixel loss, structural similarity loss, gradient loss, and
perceptual loss, respectively. u is the weight parameter, which
balances the contribution of structural similarity loss to the
total loss. Pixel loss Ly, structural similarity 10ss Lgim,
gradient 10ss Lgaq, and perceptual 10ss Lpercep are defined as

Lpixel = ”O - I||2 (18)
Lgim = 1 — SSIM(O, I) (19)
Lgraa = VO — VI (20)
Lpercep = ||¢i,j (0) - ¢i,j (I)”Z (21)

where |- || represents the /,-norm. SSIM(+) [39] represents the
structure similarity function. For gradient loss, first, calculate
the gradient of the input image and the output image, and
then, the Euclidean distance between them is used to obtain
the gradient loss value. V represents the gradient operator.
For perceptual loss, the input and output images are fed
into the pretrained VGG16 network to obtain their respective
feature representations. The Euclidean distance between them
is defined as the perceptual loss. ¢; ; represents the feature
map obtained by the jth convolution (activated) before the ith
maximun pooling layer in the VGG network.

After the pretraining of the teacher network is completed,
we start the training of the student network. Since the student
network is complicated in structure, only the fusion part
is trained in the first 60 epochs to make it have prelimi-
nary fusion ability to provide the fusion features with the
better representational knowledge for the subsequent super-
resolution. At this stage, the low-resolution infrared and visible
light source images are fed into the student network and
the teacher network. The output of the penultimate layer
of the teacher network decoder is F’f, which is used as a
label for low-resolution feature fusion of the student network.
The output of the fusion part of the student network is the
low-resolution fused feature st Between F; and F’f the
[ loss is used to train the fusion part of the student network

Lo (F). Fy) = [~y . )

Since the loss of mean square error will cause the out-
put image blurred [40], /; loss is used to provide better
convergence for the student network. To transfer the rich
high-resolution fusion feature knowledge from the teacher
network to the student network, /; loss is also used in the
middle layer features of the two networks. The total loss of
the student network is calculated by

L 1) = 1~ 1 +0 > T =8,

(m,n)eH

(23)

where I’f and Pj; are the labels generated by the teacher
network and the high-resolution fusion image generated by
the student network, respectively, ¢ is a balance parameters,
T™ is the feature of the mth layer in the teacher network, and
S" is the feature of nth layer in student network. H is a set
of candidate feature pairs. We use two feature pairs in the
proposed method. The first feature pair is the features of the
second-to-last layer in the teacher network and the student
network, and the second feature pair is the feature of the

5004015

Algorithm 1 Training Procedure of HKDnet

Input: Given data: If‘r, Iﬁm Ifr, Iluis ;Parameters: a, y, u,
@; The total training epochs of the teacher
network N; = 100, The total training epochs of
the student network Ny = 250, the epochs that the
fusion part of the student network is trained first
Ny = 60, batch size m = 64, the number of the
samples for the teacher network training
M,; = 12000, the number of the samples for the
teacher network training M; = 12000, the step
number of each epoch k.

Output: High-resolution fusion image T’

1 Training teacher network:

2fory =1:N, do

3 | fork=1:M;/m step do

4 Select m source images {IV, ..., 1™} from
training set;
5 Input the selected source images into the teacher

network to generate I',; Update teacher network by
AdamOptimizer: Vg, (L;)

6 Training student network:
7 for 1, =1: N, do
8 | for k =1: M;/m steps do

9 Select m infrared image {Ig) e, If:,") ;
10 Select m visible image {Il():)g, e, Il()'l'?},
1 if < Ny then
12 L Update fusion part by AdamOptimizer: Vg, (L)
13 Update the student network by AdamOptimizer:
L Vo, (Ls)
14 end

fourth-to-last layer in the teacher network and the feature of
third-to-last layer in the student network.

E. Training Strategy

The training is of two steps: 1) the teacher network training
and 2) the student network training. At the training stage of
the teacher network, we only train the encoder and decoder of
the network, where the fusion layer is not trained. After the
teacher network is trained, the generated labels are used to
supervise and train the student network. During the training
of the student network, we use a two-stage: 1) training the
fusion part in the first 60 epochs and 2) training the entire
student network with L, as described in the HKDnet training
process shown in Algorithm 1.

1V. EXPERIMENT
A. Datasets and Training Details

The FLIR' and KAIST? datasets are commonly used for
training models in infrared—visible image fusion. FLIR con-
tains 14452 infrared and visible image pairs, and KAIST

Uhttps://soonminhwang.github.io/rgbt-ped-detection/
2https://www.flir.ca/oem/adas/adas-dataset-form/
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Fig. 4. Six pairs of source images. Top row: infrared images. Bottom row: visible images.

Fig. 5.

contains 95000 pairs. A total of 12000 image pairs are
randomly selected from the two datasets as the training set.
Another 400 image pairs are selected as the validation set to
verify the fusion and reconstruction capability of the network
in each iteration. The visible RGB image in the dataset is
converted into a grayscale image. In the test phase, the test
set is composed of 15 pairs of infrared and visible images
from the TNO? dataset and 15 pairs of infrared and visible
images from the VLIRVDIF* dataset. Six samples of these
images are shown in Fig. 4.

The high-resolution infrared and visible images are cropped
in the training phase to obtain a high-resolution source pair of
128 x 128. Then, it is downsampled by the bilinear interpola-
tion algorithm to obtain low-resolution images of various sizes.
The teacher network is first trained. We only train the encoder
and decoder to reconstruct the input image [17]. When the
weights of the encoder and decoder are fixed, the fusion layer
is used to fuse the infrared and visible image features extracted
by the encoder, and then, the fused image is reconstructed
through the decoder. The trained teacher network serves as
a pretraining model to provide training labels for the student
network. The high-resolution fused images generated by the
teacher network are shown in Fig. 5.

The training of the student network is completed after
250 epochs. The super-resolution part is frozen in the first
60 epochs, and the loss L, is used to train the fusion
part. In the latter 190 epochs, the fusion part and the
super-resolution part are trained together under the constraint
of loss L. The learning rate is set to 1 x 107*, the parameter
o issetto 0.5, y is set to 0.7, u is setto 1 x 103, and @ is set
to 1. The model is trained by using the ADAM optimizer [41],
and the batch size is set to 64. The PyTorchl.7 framework is
selected to implement the proposed network, which is trained
by using an NVIDIA RXT3090 GPU. The convergence curves
of the training loss during the training of the total student
network for scale 4 magnification are shown in Fig. 6(a).

3https://figshare.com/articles/TNO Image Fusion Dataset/1008029
“http://www02.smt.ufrj.br/ fusion/

iy 5,11?‘ * “3
: . ™ ' .

Six high-resolution fusion images generated by the teacher network.

0.30

0.25 4

o
N
o

Training Loss

o
=
(]

0.10 A

0.05 4

60 80 100 120 140 160 180 200 220 240
Iterations

(a)

1.0

0.8

o
o

Validation Accuracy
o
»

0.2 1

0.0 T T T T T T T T T T
60 80 100 120 140 160 180 200 220 240
Iterations

(b)

Fig. 6. (a) Training loss curve and (b) validation accuracy curve during the
training of the total student network for scale 4 magnification.

As can be seen from Fig. 6(a), the training loss gradually
decreases as the number of training increases. When reaching
200 epochs, the loss curve converges. The validation accuracy
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Fig. 7. Fusion results of different methods on the six examples with scale x2. From top to bottom: results on the “Marne,” “Movie,” “Camp,” “Vessel,”
“manl,” and “man2” examples. From left to right: results generated by CNN+EDSR, CNN+4RCAN, DenseFuse+RCAN, Yin’s method, Li’s method, Cen’s
method, and our method.

Fig. 8. Fusion results of different methods on the six examples with scale x3. From top to bottom: results on the “Marne,” “Movie,” “Camp,” “Vessel,”
“manl,” and “man2” examples. From left to right: results generated by CNN+EDSR, CNN+RCAN, DenseFuse+RCAN, Yin’s method, Cen’s method, and
our method.
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Fig. 9.

Fusion results of different methods on the six examples with scale x4. From top to bottom: results on the “Marne,” “Movie,” “Camp,” “Vessel,”

“manl,” and “man2” examples. From left to right: results generated by CNN+EDSR, CNN+RCAN, DenseFuse+RCAN, Yin’s method, Cen’s method, and

our method.

curve for scale 4 magnification on validation dataset is shown
in Fig. 6(b). As can be seen in Fig. 6(b), the validation
accuracy improves as the number of training increases, which
indicates that the difference between the fused images of the
student network and the teacher network becomes smaller with
training.

B. Objective Evaluation Metrics

In this work, six objective evaluation metrics are used:
FMIg., FMI,,, SCD, MS_SSIM, AG, and CC. FMIg [42] and
FMI,, [42] calculate the mutual information of discrete cosine
and wavelet features, respectively. SCD [43] evaluates the
effect of image fusion by calculating the sum of the correlation
difference between the source image and the fused image.
MS_SSIM [44] measures the retaining of local structure on a
fine-scale and captures the brightness consistency on a coarser
scale. They are used to evaluate the image perception quality
of the fusion and super-resolution results. AG [45] quantifies
the gradient information of the fused image and represents
its detail and texture. The larger the AG metric, the more
gradient information the fused image contains, and the better
the performance of the fusion algorithm. CC [46] measures
the degree of linear correlation of the fused image and source
images. The larger CC value indicates more similarity of the
fused image to the source images. For all mentioned indicators,
the higher the objective evaluation value, the better the fusion
and super-resolution quality.

C. Comparative Analysis of Fusion and Super-Resolution
Methods

In order to verify the superiority of the proposed method,
it is compared not only with the simultaneous fusion and
super-resolution methods but also with the stepped methods
for fusion and super-resolution. In terms of the simultaneous
fusion and super-resolution method, the proposed method is
compared with three representative methods: 1) the method
based on fractional differential variation (Li’s method [23]);
2) the method based on sparse representation (Yin’s
method [8]); and 3) the method based on deep learning (Cen’s
method [30]). For the stepped methods for fusion and super-
resolution, the low-resolution fusion images are obtained first
through excellent fusion algorithms such as DenseFuse [17]
and CNN [14]. Then, powerful super-resolution algorithms
are used, such as EDSR [40] and RCAN [32] to obtain
high-resolution fused images.

The results of 2x, 3x, and 4x fusion and super-resolution
obtained by the three existing simultaneous fusion and super-
resolution methods, three stepped methods for fusion and
super-resolution, and the proposed method are shown in
Figs. 7-9. Since only 2x fusion and super-resolution can be
realized by Li’s method [23], the results of 3x and 4 x fusion
and super-resolution obtained by the other six methods are
displayed. Due to the space limitation, we use six image pairs
to evaluate the relevant performance on each scale.
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Fig. 10. Quantitative evaluation of the results of all the comparative methods on each pair of test images.
TABLE I

QUANTITATIVE EVALUATION RESULTS OF ALL COMPARISON METHODS. THE BEST RESULTS ARE BOLDED AND THE SECOND BEST RESULTS ARE
MARKED IN BLUE

Model Scale FMIgeq FMIy, SCD MS_SSIM AG CcC

CNN+EDSR [14], [40] 2 0.1535 0.2011 1.7023 0.8903 0.0112 0.4243
CNN+RCAN [14], [32] 2 0.1458 0.1939 1.6972 0.8973 0.0099 0.4232
DenseFuse+RCAN [17], [32] 2 0.1609 0.1986 1.6225 0.8633 0.0073 0.4907
Yin [8] 2 0.1373 0.1707 1.4010 0.7573 0.0106 0.3856
Li [23] 2 0.1396 0.1750 1.5839 0.8150 0.0107 0.4715
Cen [30] 2 0.1303 0.1888 1.4961 0.7412 0.0127 0.4014
Ours 2 0.1684 0.2016 1.7941 0.9060 0.0121 0.4932
CNN+EDSR [14], [40] 3 0.1310 0.1716 1.6946 0.8668 0.0104 0.4231
CNN+RCAN [14], [32] 3 0.1298 0.1693 1.6908 0.8602 0.0093 0.4220
DenseFuse+RCAN [17], [32] 3 0.1279 0.1677 1.6128 0.8460 0.0061 0.4780
Yin [8] 3 0.1185 0.1615 1.3868 0.7254 0.0087 0.3819
Cen [30] 3 0.1146 0.1663 1.4610 0.7165 0.0116 0.3961
Ours 3 0.1329 0.1735 1.7745 0.8713 0.0115 0.4894
CNN+EDSR [14], [40] 4 0.1124 0.1582 1.6767 0.8434 0.0081 0.4197
CNN+RCAN [14], [32] 4 0.1105 0.1583 1.6773 0.8437 0.0081 0.4197
DenseFuse+RCAN [17], [32] 4 0.1006 0.1565 1.6037 0.8329 0.0053 0.4656
Yin [8] 4 0.1017 0.1557 1.3762 0.6960 0.0072 0.3791
Cen [30] 4 0.1076 0.1548 1.3937 0.6770 0.0105 0.3847
Ours 4 0.1186 0.1617 1.7554 0.8548 0.0101 0.4840

The fusion and super-resolution results obtained by Yin’s
method and Li’s method contain many artifacts, and many
salient objects are unclear, such as people, houses, roads, and
branches. On the contrary, the result obtained by the proposed
method has fewer artifacts and noises and contains more
texture details. Compared with the fusion and super-resolution
result obtained by Cen’s method, the contour of the object in
the result obtained by the proposed method is more apparent
and more natural in visual appearance, as shown in the red
box in Fig. 7. The fusion and super-resolution results obtained
by CNN+EDSR and CNN+RCAN have almost no visual

difference compared with the proposed method. However,
in the red and blue boxes in Fig. 7, we can find that our
method produces clearer results, implying the superiority of
the proposed method. The proposed method retains more
pixel intensity information than the fusion and super-resolution
result obtained by DenseFuse+RCAN. Figs. 8 and 9 show that
even in large-scale fusion and super-resolution, the proposed
method can still retain the salient and detailed information in
the source images. The proposed method performs better than
other methods, indicating that the method has more significant
advantages in large-scale fusion and super-resolution.
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TABLE 11
EFFECTIVENESS ANALYSIS OF THE DFAG AND CEA. THE OPTIMUM VALUES ARE BOLDED AND THE SECOND BEST RESULTS ARE MARKED IN BLUE

Model Scale EFMIgeq FMI, SCD MS_SSIM AG CcC

Baseline 2 0.1676 0.1986 1.7515 0.8839 0.0110 0.4668
Baseline+DFAG 2 0.1713 0.2009 1.7678 0.8841 0.0119 0.4873
Baseline+CEA 2 0.1696 0.2001 1.7532 0.8935 0.0127 0.4883
Baseline+DFAG+CEA 2 0.1684 0.2016 1.7941 0.9060 0.0121 0.4932
Baseline 3 0.1305 0.1728 1.7496 0.8655 0.0107 0.4617
Baseline+DFAG 3 0.1311 0.1730 1.7435 0.8761 0.0114 0.4843
Baseline+CEA 3 0.1332 0.1725 1.7407 0.8794 0.0113 0.4851
Baseline+DFAG+CEA 3 0.1329 0.1735 1.7745 0.8713 0.0115 0.4894
Baseline 4 0.1149 0.1592 1.7169 0.8474 0.0095 0.4589
Baseline+DFAG 4 0.1192 0.1606 1.7239 0.8467 0.0091 0.4803
Baseline+CEA 4 0.1177 0.1609 1.7191 0.8513 0.0093 0.4793
Baseline+DFAG+CEA 4 0.1186 0.1617 1.7554 0.8548 0.0101 0.4840

The average values of the six metric values of 30 fused and
super-resolution images of various magnifications obtained
by all methods are shown in Table I. The best values are
highlighted in bold, and the second bests are highlighted
in blue. The proposed method has five best averages and
one second-best average value. It shows that our results are
effective and can retain the structural information in the source
image. This is mainly because the model is trained in multitask
learning (fusion and super-resolution), making the network
perform feature learning better and reducing error propagation
in the network. Fig. 10 shows a more recognizable comparison
of the objective performance of different fusion and super-
resolution methods. In this article, we only show the 2x
fusion and super-resolution results. The scores obtained by
the same method on 30 source image pairs are plotted as a
curve for each indicator FMIy., FMI,,, SCD, MS_SSIM, AG,
and CC. It can be seen from Fig. 10 that the proposed method
outperforms the others on the entire testing set in terms of
stability and is convenient for practical application.

D. Ablation Experiment

In this section, the influences of the DFAG and CEA on
the model are further verified. The model without those two
modules is taken as the Baseline. The Baseline with DFAG
is noted as Baseline+DFAG, the Baseline with CEA is noted
as Baseline+CEA, and the Baseline with DFAG and CEA is
noted as Baseline+DFAG-+CEA. Table II shows the average
value of the objective evaluation results of each model in the
entire test set. The visual effects of Baseline, Baseline+DFAG,
Baseline+CEA, and Baseline+DFAG-+CEA are shown in
Fig. 11.

1) Effectiveness of DFA: In order to prove the effec-
tiveness of DFAG, the fusion and super-resolution results
obtained by the Baseline model are compared with those
of the Baseline+DFAG model. Table II shows that the
Baseline+DFAG model has advantages in most evaluation
indicators compared with the Baseline model. Among them,
most evaluation indicators of Baseline+DFAG are higher than
Baseline, which indicates that DFAG successfully improves
the fusion effect of the model. DFAG assigns a higher weight
to areas with high intensity to better retain the pixel intensity

Fig. 11.  Effectiveness validation of DFAG and CEA. From left to right:
the results of “Baseline,” the results of “Baseline+DFAG,” the results of
“Baseline+CEA,” and “Baseline+DFAG+CEA.”

Fig. 12.
images. The second row is the heat map of the DFAG. The third row is the
visible images. The fourth row is the heat map of the CEA.

Heat maps of the DFAG and CEA. The first row is the infrared

information in the infrared source image. As shown in Fig. 11,
the brightness of the fusion result of Baseline+DFAG is higher
than that of Baseline. The above results prove the effectiveness
of DFAG in the fusion framework.

2) Effectiveness of CEA: As an important module in the
fusion framework, CEA encodes context information into local
features, thereby improving the representation ability of local
features. It also detects the texture detail areas of visible
images to enhance these areas’ features further. The baseline
model is compared with the Baseline+CEA model to verify
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Fig. 13.

Fusion results of different o values on the teacher network.

TABLE III

QUANTITATIVE COMPARISON OF FUSION RESULTS WITH DIFFERENT u
VALUES. BEST VALUES AND SECOND BEST VALUES ARE HIGH-
LIGHTED IN BOLD AND IN BLUE, RESPECTIVELY

TABLE IV

QUANTITATIVE COMPARISON OF FUSION RESULTS WITH DIFFERENT y
VALUES. BEST VALUES AND SECOND BEST VALUES ARE HIGH-
LIGHTED IN BOLD AND IN BLUE, RESPECTIVELY

m FMI4, FMI, SCD MS_SSIM AG CcC ¥ FMI4, FMI, SCD MS_SSIM AG CcC

1 0.3270 0.3569 1.8517 0.9304 0.0142 0.4982 03  0.1185 0.1621 1.7532 0.8535 0.0101 0.4832

10 0.3810 0.4027 1.8528 0.9321 0.0142 0.4983 0.5  0.1188 0.1602 1.7578 0.8541 0.0105 0.4830

100 0.3943 0.4112 1.8568 0.9331 0.0141 0.4984 0.7  0.1186 0.1611 1.7613 0.8549 0.0105 0.4847

1000 0.4015 0.4195 1.8582 0.9335 0.0141 0.4984 09 0.1186 0.1617 1.7560 0.8538 0.0103 0.4831
TABLE V

the effectiveness of CEA. Table II shows that the average
value of most fusion and super-resolution evaluation indicators
increases when CEA is used. Among them, most evaluation
indicators of Baseline+CEA are higher than Baseline. More-
over, as shown in Fig. 11, the edge of the Baseline4+CEA fused
result is more evident than that of the Baseline. It proves that
CEA can improve the local feature representation capability
and strengthen the characteristics of texture detail area.

Moreover, the DFAG and CEA heat maps are shown in
Fig. 12. The infrared images, the heat map of the DFAG, the
visible images, and the heat map of the CEA are in the first,
second, third, and fourth rows, respectively. The red indicates
that the area receives more attention in the heat map, and the
blue indicates that the area receives less attention. As shown
in Fig. 13, the regions with greater brightness in the infrared
images and the edges in the visible images have attracted
more attention. It further proves the effectiveness of DFAG
and CEA.

E. Parameter Sensitivity Analysis

This section analyzes the sensitivities of a and u in
HKDnet. It is found that satisfactory performance can be
achieved by selecting parameters in a particular range. In the
experiment, we change the value of one parameter within a
certain range with the other parameters fixed.

The fusion layer of the teacher network will inevitably cause
information loss in the feature fusion of infrared and visible

QUANTITATIVE COMPARISON OF FUSION RESULTS WITH DIFFERENT ¢
VALUES. BEST VALUES AND SECOND BEST VALUES ARE HIGH-
LIGHTED IN BOLD AND IN BLUE, RESPECTIVELY

© FMI4., FMI, SCD MS_SSIM AG CcC

0.1  0.1164 0.1607 1.7580 0.8536 0.0103 0.4830
0.5  0.1170 0.1608 1.7587 0.8539 0.0101 0.4832
1 0.1179 0.1619 1.7638 0.8531 0.0101 0.4837
5 0.1162 0.1597 1.7604 0.8424 0.0103 0.4834

images. The subfigure in Fig. 13 with no residual is obtained
when the effects of Fj; and F;s are removed in (5). As shown
in Fig. 13, the brightness information in the fused image with
no residual label is significantly reduced. Therefore, F;. and
F,is are directly into the decoder of the teacher network to
enhance the brightness information of the fused image, and
their input ratio is controlled by the parameter a. In order
to test the influence of the a on the fusion result, the value
of a is set to 0.1, 0.3, 0.4, 0.5, 0.6, 0.7, and 0.9. The fusion
results obtained with different values of a are shown in Fig. 13.
It shows that with o increase, the pixel intensity in the fused
image decreases, and the texture details increase. The value
of a is set to 0.5 to balance the pixel intensity information
and texture detail information in the fused image. x4 is the
weight coefficient of the loss function of the teacher network.
Because the dataset used by the teacher network is different
from that in [17], we analyze the influence of x value on
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the fusion performance of the teacher network. The value of
w is set to 1, 10, 100, and 1000. Since the change of u does
not significantly impact the visual effect of fusion results, the
average values of six metrics of fusion results in the whole test
set obtained with different values of x are shown in Table III.
Table III shows that when u is 1000, the teacher network
performs better, so u is set to 1000.

y 1is a threshold between O and 1 used for the corner
attention module in CEA. We set it to 0.3, 0.5, 0.7, and
0.9 in the experiment to select the appropriate value of y. The
average values of quality metrics with the different values of
y are listed in Table IV. It can be seen from Table IV that
when y is set to 0.7, the proposed network has the optimal
performance, so we set y to 0.7. ¢ is the balance parameter
in the total loss function of the student network. In order to
analyze the influence of different ¢ values on the network
performance, we set ¢ to 0.1, 0.5, 1, and 5. When ¢ takes
different values, the average values of quality metrics are
shown in Table V. It can be seen that when ¢ = 1, most
of the quality metrics values have the highest value, so we set
@ to 1.

V. CONCLUSION

A heterogeneous knowledge distillation with multilayer
attention embedding is proposed to jointly implement the
fusion and super-resolution of infrared and visible images. The
proposed method generates a pseudo-label through the teacher
network to supervise the training of the student network. The
student network consists of the fusion part and the super-
resolution part. The input of the fusion part is low-resolution
infrared and visible images. The two source images extract fea-
tures through two branches. Then, they get the fusion feature
through a fusion layer. Finally, the low-resolution fused feature
is obtained by using a decoder. The super-resolution part based
on the RCAN takes the features obtained from the fusion part
as input and generates a high-resolution fused image. The
experimental results show that the proposed method is optimal
in infrared—visible image fusion and super-resolution.
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