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'e purpose of image fusion is to combine the source images of the same scene into a single composite image with more useful
information and better visual effects. Fusion GAN has made a breakthrough in this field by proposing to use the generative
adversarial network to fuse images. In some cases, considering retain infrared radiation information and gradient infor-
mation at the same time, the existing fusion methods ignore the image contrast and other elements. To this end, we propose a
new end-to-end network structure based on generative adversarial networks (GANs), termed as FLGC-Fusion GAN. In the
generator, using the learnable grouping convolution can improve the efficiency of the model and save computing resources.
'erefore, we can have a better trade-off between the accuracy and speed of the model. Besides, we take the residual dense
block as the basic network building unit and use the perception characteristics of the inactive as content loss characteristics of
input, achieving the effect of deep network supervision. Experimental results on two public datasets show that the proposed
method performs well in subjective visual performance and objective criteria and has obvious advantages over other current
typical methods.

1. Introduction

Image fusion is an enhancement technique that aims to
combine images obtained by different kinds of sensors to
generate a robust or informative image [1]. 'is research
sheds new light on military reconnaissance, remote sensing
detection, medical health, computer vision, target recogni-
tion, etc. Mainly, multisensor data such as thermal infrared
and visible images have been used to enhance the perfor-
mance in terms of human visual perception, object detec-
tion, and target recognition [2]. 'e infrared images can
highlight thermal infrared target area characteristics and is
least affected by illumination change and artifact. However,
images often lack detailed information and have low image
contrast, which rarely affects the heat emitted by objects.'e
visible image is captured and used to record the spectral
information of different reflected objects, which can provide
better human visual characteristics. However, the targets in
visible images may not be easily observed due to the in-
fluence of the external environments, such as nighttime

conditions, disguises, objects hidden in smoke, and cluttered
background. 'erefore, fusion technology is to combine the
advantages of infrared and visible images that have abundant
detailed information from the visible image and useful target
areas from the infrared image [3].

According to different image fusion processing domains,
image fusion can be roughly divided into two categories: the
spatial domain and the transform domain. 'e focus of the
fusion method is to extract relevant information from the
source image and merge it. To this end, the researchers
proposed a variety of feature extraction strategies and fusion
rules. 'ey can be divided into seven categories, namely,
multiscale transform [4], sparse representation [5], neural
network [6], subspace [7], saliency [8], hybrid models [9], and
deep learning [10]. In general, the current fusion methods
involve three crucial challenges, that is, image transform,
activity-level measurement, and fusion rule designing [11].
'e three constraints have become increasingly complex,
especially for designing fusion rules in an old-fashioned way,
which sharply limits the development of the fusion methods.
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At present, the existing methods are usually the same
significant characteristics to select the source image to be
integrated into the fusion image, and the fusion image
contains numerous kinds of information. However, the
feature of infrared thermal radiation information is pixel
intensity, while the feature of visible image texture details is
edge and gradient. For these two different situations, the
previous method cannot be chosen to express in the same
way. In order to overcome this problem, Ma et al. proposed a
newmethod called Fusion GAN [11], which was used for the
first time to fuse the information of the infrared image and
visible image by generative adversarial networks (GANs).
Compared with previous studies, Fusion GANwas proposed
in a subversive way. It could avoid the use of manually
designed activity-level measurement and fusion rules like
the traditional method, and the fusion effect was also greatly
improved. On the other hand, for Fusion GAN using a
generative adversarial network to image fusion as the pio-
neer of the field, there are still many things worth learning
and innovating. Although this method has made an ap-
parent breakthrough in vision compared with previous
methods, many current methods generally reduce the
brightness of fused images in the process of retaining the
infrared radiation information and the gradient information
of visible images. In the case of complex model training, the
amount of computation and parameters will be increased,
which will only bring high computing andmemory costs and
reduce the efficiency of computing units (e.g., CPU and
GPU). We hope that the proposed method can be in-
creasingly used on low-computational-cost devices. Con-
sidering the effect and the importance of including the image
information fusion, we proposed a fusion method based on
Fusion GAN improvement. 'is method can save the net-
work effect under the premise that the fusion results retained
sufficient image information; the method can also reflect in
the final result more vivid image contrast. Figure 1 repre-
sents the contrast between thermal targets and the back-
ground. To better compare the differences between the
methods, we framed a part of the regions in the fusion results
of the Fusion GAN and our method to form a more visual
comparison. In our results, it has a higher contrast and can
better recognize the target. At the same time, more details in
the visible image are more explicit (e.g., the lights, the
bushes, and the shelves).

'e contributions of this paper can be summarized as
follows:

(1) We propose a new end-to-end GAN framework,
which can enhance the brightness and contrast of
fused images while maintaining the information of
infrared thermal radiation and visible gradient

(2) We replace all the convolutional layers of the gen-
erator with learnable group convolution to reduce
the high computational and memory costs of deep
networks

(3) We exploit the multilevel residual network as the
fundamental network building unit of the generator
to make the network capacity larger and easier to
train

(4) We use the inactive perception feature as the feature
input of content loss to strongly constrain the overall
information of the source image

'e rest of the paper is organized as follows. Section 2
introduces the background and related work on GAN and
learnable group convolution. Section 3 describes our pro-
posed method. Section 4 validates the superiority of our
model, qualitative and quantitative comparisons are made
on the corresponding datasets, and the running time of
various methods is also compared. Section 5 presents the
conclusion of the paper.

2. Related Work

In this section, several methods for the fusion of visible and
infrared images are briefly introduced along with GANs.

2.1. Infrared and Visible Image Fusion. In the past few years,
many image fusion methods based on deep learning have
emerged. 'ey can be simply divided into seven categories
including multiscale transform [12, 13], sparse representa-
tion [14], neural network [6, 15], subspace [16], and saliency-
based [17] methods, hybrid models [18], and other methods
[19]. Multiscale transform-based methods [19], the most
actively used for fusion, assume that a source image can
decompose original images into components of different
scales. A final target fused image can be obtained by fusing
its layers based on certain particular fusion rules. 'e most
popular transforms used for decomposition and recon-
struction are the wavelet [20], pyramid [4], curvelet [21], and
their variants. Sparse representation image fusion methods
[22] aim to learn an overcomplete dictionary from a large
number of high-quality natural images. It has been found
that an image can be represented by a sparse basis linear
combination, which is a key factor to ensure the good
performance of this method. Neural network-basedmethods
[6] can imitate the perceptual behavior system of the human
brain when dealing with neural information, and the neural
network has the advantages of strong adaptability and fault
tolerance and antinoise capabilities [16]. Subspace-based
methods [23, 24] aim to project high-dimensional input
images into low-dimensional subspaces. For most natural
images, redundant information exists, and low-dimensional
subspaces can help capture the intrinsic structures of the
original images. Saliency-based methods [25, 26] are based
on the fact that the attention is often captured by objects or
pixels that are more significant than their neighbors, and
saliency-based fusion methods can maintain the integrity of
the salient object region and improve the visual quality of the
fused image. Hybrid models [27] combine the advantages of
the different methods and thus further enhance the image
fusion performance.

At present, there are many methods of infrared image
fusion and visible image fusion [28–34], which are well
adapted to the examples and verified. We analyzed several of
these methods. In recent years, Ma et al. proposed the
gradient transfer fusion (GTF) method for image fusion [19]
to retain the main intensity distribution in infrared images
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and gradient changes in visible images. 'e details of the
image are more reflected in the texture, which is the gradient
of the image. 'e visible image has more texture gradient
information than the infrared image, so the gradient of the
fusion image can be inherited from the gradient of the visible
image. In fact, gradient changes do not adequately retain the
useful details contained in the visible image. To address this
issue, Ma et al. proposed Fusion GAN [11] method which
establishes an adversarial game between a generator and a
discriminator, where the generator aims to generate a fused
image with primary infrared intensities together with ad-
ditional visible gradients, and the discriminator aims to force
the fused image to have more details existing in visible
images. 'is enables the final fused image to simultaneously
keep the thermal radiation in an infrared image and the
textures in a visible image. However, only relying on con-
frontation training leads to the loss of detailed information.
'e content loss of Fusion GAN only attaches importance to
the edge information of visible images. It ignores some
information on infrared images, which leads to the blurring
of the target edge of fusion images. Recently, Ma et al.
proposed the latest method [35] to alleviate the problem of
antagonistic learning based on retaining details.'is method
adds two new loss functions: detail loss and target edge-
enhancement loss. 'e fusion image is provided with rich
details of visible images and the effective target area of in-
frared images. Its advantage is to retain some infrared ra-
diation information and gradient information, and its
disadvantage is usually to reduce the brightness of image
fusion.

2.2. Generative Adversarial Network. GAN was first pro-
posed by Goodfellow et al. [36]. 'e main idea of GAN is to
build a minimax two-player game between the learning of a
generator and a discriminator. 'e generator takes the input
information through various convolutional layers and at-
tempts to transform this input into a more realistic image
sample. 'en, we input If with Iv into discriminator D to
judge which of the samples is from the source data. GAN
establishes an adversarial relationship between the dis-
criminator and the generator. 'e discriminator determines
whether the example comes from the model distribution or
data distribution. 'e generator uses the adversarial rela-
tionship to generate samples that the discriminator cannot
distinguish.'e confrontation relationship betweenG andD
is given by

min
G

max
D

VGAN(G, D) � Bx∼Pdata(x)[logD(x)]

+ Bz∼Pz(z)[log(1 − D(G(z))].

(1)

To keep the generator and discriminator in proper
synchronization during training, until the two reach the
Nash equilibrium, at present, many methods are to use the
variant of GAN to achieve the purpose. 'e most widely
used option of GAN is the conditional GAN [37], which
applies GANs in the limited setting and forces the output to
be conditioned on the input. Our method is also based on
GAN variants to achieve image fusion.

2.3. Fully Learnable Group Convolution. In recent years,
many fusion methods based on deep learning have been
proposed and applied to many image-related fields. Liu et al.
[38], adopted CNN to generate a weight map while the
overall process is based on pyramids. In Li et al. [39], source
images are decomposed into base parts and detail content,
and deep learning [40] is used in the detail content to extract
features. In some methods, deep learning is also used for
reconstruction. Ram et al. [34] solved multiexposure fusion
by utilizing a novel CNN. With the development of CNN,
the increasing models are pursuing deeper and larger
convolutional neural networks to improve network per-
formance. In Condensenet [41], a learnable group convo-
lution was proposed to select the input channels for each
group automatically. However, the filters used for group
convolution in each group are predefined and fixed, and this
hard assignment hinders its representation capability even
with random permutation after group convolution. To deal
with all the above limitations once for all, in this work,Wang
et al. [42] proposed a fully learnable group convolution
(FLGC) method; the grouping structure including the input
channels and filters in one group is dynamically optimized.
And in this FLGC, the input channels and filters in one
group (i.e., the group structure) are both dynamically de-
termined and updated according to the gradient of the
overall loss of the network through backpropagation, and it
can be optimized in an end-to-end manner [42].

In a deep network, the convolution layer is computed as
convolving the input feature maps with filters. Taking the
Kth layer for an example, the input of the Kth layer can be
denoted as Xk � xk

1, xk
2, . . . xk

C , where C is the number of
channels and xk

i is the ith feature map. 'e filters of the Kth

(a) (b) (c) (d)

Figure 1: Schematic illustration of image fusion. From left to right: (a) infrared image, (b) visible image, (c) Fusion GAN [11], and (d)
FLGC-Fusion GAN.
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layer are denoted as Wk � wk
1, wk

2, . . . , wk
N , where N de-

notes the number of filters, that is, the number of output
channels, and wk

i is the ith 3D convolutional filter. 'e
output of this convolution layer is calculated as follows:

X
k+1

� W
k ⊗ X

k
� w

k
1 ∗ X

k
, w

k
2 ∗ X

k
, . . . , w

k
N ∗ X

k
 ,

(2)

where ⊗ in this work denotes the convolution between two
sets and ∗ denotes the convolution operation between a
filter and the input feature maps.

Firstly, we formulate the grouping structure in the Kth

layer as two binary selection matrices for input channels and
filters, respectively, denoted as Sk and Tk. 'e Sk is a matrix
for channel selection in shape of C × G, with each element
defined as

S
k
(i, j) �

1, if x
k
i ∈ X

k
j ,

0, if x
k
i ∉ X

k
j ,

⎧⎪⎨

⎪⎩
i � [1, C]; j ∈ [1, G], (3)

in which Sk(i, j) � 1 means the ith input channel is selected
into the jth group. As can be seen, the jth column of Sk

indicates which input channels belong to the jth group.
'en, Xk

j can be simply represented as follows:

X
k
j � X

k ⊙ S
k
(:, j)

T
, j ∈ [1, G], (4)

where ⊙ denotes the elementwise selection operator (the
element here means ∀xk

i ∈ Xk) and T denotes the transpose
of a vector. For filter selection, we define a matrix Tk in
shape of N × G, with each element defined way similar to
Sk(i, j). As a result, the structure of group convolution is
parameterized by two binary selection matrices Sk and Tk.
'erefore, this parameterized group convolution can be
embedded in any existing deep network with the objective
as

min
Wk,Sk,Tk|

K
k�1

1
n



n

i�1
L Yi;

Y|Xi, W
k
, S

k
, T

k
 , (5)

in which Xi denotes the ith input sample, n indicates the
amount of training data, Yi indicates the ith sample’s true
category label, K is the number of layers, and Y is the label
predicted from a network with our group convolution
parameterized by Wk, Sk, and Tk. L(, ) denotes the loss
function (e.g., cross-entropy loss) for classification or
detection, etc. In the above objective, the filters Wk, the
group structure including Sk and Tk can be all auto-
matically optimized according to the overall objective
function.

As can be seen from equation (5), the group structure in
this method is automatically optimized rather thanmanually
defined. Furthermore, different from those methods only
considering the magnitude and impact of the connection in
one or two layers, the group structure is determined
according to the objective loss of the whole network.
'erefore, the group structures of all layers in our method
are jointly optimized.

3. Method

'is section introduces the method proposed in this paper.
First, the structural framework of the model is described,
and then we will introduce the practical methods of our
application in detail in conjunction with the model
framework.

3.1. Problem Formulation. Considering that the complex
model can reduce the amount of calculation during the
training process, it can efficiently maintain the thermal
radiation information of the infrared image and the rich
texture information of the visible image, while also im-
proving the overall brightness and contrast of the fused
image. In order to keep the thermal radiation information of
the infrared image and rich texture information of the visible
image, the overall brightness and contrast of the fused image
can be improved. We have made further improvements to
our latest fusion strategy. On the whole, GAN is still used to
transform the fusion problem of infrared image and visible
image into the generation confrontation problem, as shown
in Figure 2. First, we connect infrared image Ii and visible
image Iv to the channel dimensions. During the training
phase, two images are stacked on the channel dimensions
and then entered into generator G, a multilevel residual
network structure. Under the guidance of the loss function,
generator G can generate the original fused image If. In the
fusion problem, there is no exact fusion image in the dataset
to provide a reference for the discriminator, so the next step
is to input the original fused image If and the original visible
image Iv into the discriminator D. 'e structure of the
discriminator D is similar to VGG-Net [43] used to de-
termine which sample came from the sample data source
and give the corresponding probability. 'e confrontation
training was carried out between G and D until they reached
Nash equilibrium, and the discriminator cannot distinguish
the fused image from the visible image. In this way, the
generator has a strong ability to generate fusion images; the
generator and discriminator of the model gradually mature
in the whole training stage. 'e resulting fused image has a
more realistic image effect and other features of the fused
image (e.g., pixel intensity contrast, saturation, and
brightness) are significantly improved. In the test phase, we
input the visible image and infrared image concatenate into
the trained generator to get the final fusion image.

3.2. Network Architecture. 'e network architecture of this
model is mainly realized based on the generation coun-
termeasure network, which is mainly composed of two parts,
namely, generator and discriminator. 'e architecture of
each part is based on a learnable grouping convolutional
neural network.

3.2.1. Network Architecture of the Generator. Our network
architecture of the generator GθG is presented in Figure 3. As
shown, GθG is based on the multilevel residual network
design. First, we replace all convolutional layers in the
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network with learnable packet convolution, as shown in
Figure 4(a). 'ey can automatically select input channels for
each group, and the filters used in each group of channels are
learnable. In actual use, the filters would need to be reor-
dered with an index-Recording layer to align them in a
group. Secondly, considering that the input channel is also
the output channel of the previous layer, we combine the
index of the output channel of the previous layer and the
index of the input channel in this layer into a single index to
obtain the correct input channel order as shown in
Figure 4(b). We deepened the generator’s network with

dense connections [44] and multilevel residuals, and the
original residuals were replaced by residuals dense blocks
(RRDB). Each RRDB block is composed of a 3-layer dense
block, and the internal structure of the dense block is
connected by a learnable multilayer grouping convolution in
the form of multilevel residuals. Additionally, there is no BN
layer in the Dense block to prevent the calculation of lag in
the deeper network training. Instead, we make the initial
parameter variance smaller so that the residual network is
more comfortable to train. Activation functions inmultilevel
residuals in each layer use parameterized modified linear
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Figure 2: General architecture of the infrared and visible image fusion model.
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units (PReLU) rather than the typical ReLU, which can be
seen as a variation of leaky ReLU, some of which are
common with adding a linear term to negative input. 'e
key difference between the two is that the slope of this linear
term is learned in model training. We use the features of the
first convolutional layer as the input of each layer. In other
words, the features before activation are used as the feature
input of content loss, so as to constrain some possible
factors; the pixel intensity of thermal radiation information
of infrared images and texture information of visible images
are strongly monitored. As dense 1× 1 convolution takes up
a lot of computing cost, leaving much space for further
acceleration, we use the FLGC layer to replace the con-
volutional layer 1× 1 with the number of filters greater than
96 to construct a complete convolutional network. Also, we
only need to double the span of the first layer and add an FC
layer.

3.2.2. Network Architecture of the Discriminator. 'e design
of the discriminator DθD is based on the VGG network [43],
as shown in Figure 5. Five convolution layers and five max-
pooling layers are used in VGG11. However, for this net-
work, there is a batch normalization layer behind each
convolutional layer, which is used to improve the network
training speed and performance. In addition, we use the
leaky ReLU activation function to replace the general PELU
in the first five layers to adjust the degree of leakiness during
backpropagation. Unlike the VGG network, we add another
convolutional layer at the end of the network to reduce the
size. 'e final linear layer is used mainly for classification.

3.3. Loss Function. 'e loss function of our FLGC-Fusion
GAN consists of two parts, that is, the loss function of
generator GθG and the loss function of discriminator DθD. In
the following, we will introduce them separately.

'e generator loss function of this method is composed
of four types and is given by the following equation, in-
cluding content loss, detail loss, target edge-enhancement
loss, and adversarial loss:

losstotal � Limage + αLgradient√√√√√√√√√√√√√√
content loss

+βLdetail + δLtee + cLadversarial,

(6)

where the content loss constrains the fused image to one
with similar pixel intensities as those of the infrared image
and similar gradient variation as that of the visible image.
'e detail loss Ldetail and adversarial loss Ladversarial aim at
adding more abundant detailed information to the fused
image. 'e target edge-enhancement loss Ltee is for
sharpening the edges of highlighted objectives in the fusion
image. During this process, the accuracy of both models is
improved. 'en, we use the weight parameters of α, β, δ,
and c to trade off among different items in the generator
loss.

'e pixelwise image loss Limage is given by the following
formulafd7; the image loss in terms of pixel intensity dis-
tribution makes the fused image consistent with the infrared
image:

Limage �
1

WH


W

x�1


H

y�1
Ir(x,y)

− If(x,y)
 

2
, (7)
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Figure 4: A block convolutional layer example used in GθG. (a) 'e FLGC convolution, in which grouping structures including input
channels and filters are dynamically learned. 'e octagon represents the input channel, and the circle represents the filter. (b) 'e structure
drawing for the index-recording layer to rearrange the channels in a practical application for grouping convolution.
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where Ir is the original infrared image, If is the final output
of the generator, and W and H denote the width and height
of the image.

'e gradient loss is given by formula (8). In the fusion
problem, we hope that the fusion image can fuse more
texture information in the visible image:

Lgradient �
1

WH


W

x�1


H

y�1
Dv(x,y)

− Df(x,y)
 

2
, (8)

where Dv(x,y) denotes the gradient of the visible image and
Df(x,y) means the gradient of the fused image.

We define the difference of the discriminator feature
map between the fused image and the visible image as the
detail loss as follows:

Ldetail � 
N

i�1


M

j�1
ϕv(i,j)

− ϕf(i,j)
 

2
, (9)

where ϕ depicts the feature map obtained by the convolution
within the discriminator, ϕv and ϕf denote the feature
representations of the visible and fused images, andN andM
denote the width and height of the result, which is the input
image computed by conventional feature maps.

'e target edge-enhancement loss is given by the fol-
lowing formula:

Ltee �
1

WH


W

x�1


H

y�1
Ir(x,y)

− If(x,y)
 

2
· G(x, y), (10)

in order to make target boundaries more sharpened, a
weight map G is designed to pay more attention to the target
boundary area and multiplied to Limage.

'e adversarial loss is adopted for our generator network
with a discriminator to generate better-fused images. 'e
adversarial loss is defined based on the probabilities of the
discriminator logDθD(GθG(Imix)) over all the training
samples given by the following formula:

Ladversarial � 

N

n�1
1 − logDθD

GθG
I
mix

   , (11)

where Imix is the stack of the infrared and visible images,
logDθD(GθG(Imix)) is the probability of the fusion image
like a visible image, and N is the size of the batch.

'e discriminators are trained to discriminate between
the real data and the generated data.'e adversarial losses of
discriminators can calculate the JS divergence between
distributions to determine whether the pixel intensity or
texture information is true. 'e adversarial losses of the
discriminators are defined as follows:

LD �
1
N



N

n�1
DθD

Iv(  − b 
2

+
1
N



N

n�1
DθD

If  − a 
2
,

(12)

where a and b denote the labels of fused image If and visible
image Iv, respectively, and DθD(Iv) and DθD(If) denote the
classification results of the visible and fused images,
respectively.

4. Experiments

In this section, we first briefly introduce the fusion metrics
used in this paper, then demonstrate the efficacy of the
proposed method on public datasets, and compare it with
eight state-of-the-art fusion methods including curvelet
transform (CVT) [18], dual-tree complex wavelet transform
(DTCWT) [45], guided filtering-based fusion (GFF) [4],
gradient transfer and total variationminimization (GTF) [19],
and Fusion GAN [11]. In Section 4.1, several common image
fusion evaluation indexes are introduced. In Section 4.2, the
fusion performance of this method is experimentally verified.
'e first part introduces the dataset and the corresponding
training settings since this experiment. 'e second and third
parts, respectively, introduce the experimental results based
on the TNO dataset and the RGB-NIR Scene dataset. On the
basis of the results of the experiment, qualitative and
quantitative performance comparisons aremade, respectively.

4.1. Fusion Metrics. It is often difficult to judge the fusion
performance by only subjective evaluation.'us, we also use
objective fusion indicators for objective evaluation. In this
paper, we choose six objective evaluation indexes including
spatial frequency (SF) [46], cosine similarity (COSIN) [47],
information entropy (EN) [48], structural similarity index
measure (SSIM) [49], standard deviation (SD) [50], and the
correlation coefficient (CC) [51].
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Figure 5: Discriminator network framework.

Mathematical Problems in Engineering 7



EN is a statistical feature form that reflects the average
amount of information in an image. EN is mathematically
defined as follows:

EN � − 
L−1

l�0
pllog2pl, (13)

where L represents the image’s gray levels and pl represents
the proportion of pixels with gray value l in the total pixels. A
larger EN means that an enormous amount of information
exists in the fused images.

COSIN converts the corresponding image into a vector
and calculates the cosine similarity between the vectors, and
the mathematical formula of COSIN is defined as follows:

similarity � cos(θ) �
A · B

‖A‖‖B‖
�


n
i�1 Ai × Bi���������


n
i�1 Ai( 

2


×

���������


n
i�1 Bi( 

2
 .

(14)

'is method has a large amount of calculation, while the
result is more reliable than SSIM. 'e larger the COSIN
value, the more similar the pixels in the image.

SF is based on the image gradient to reflect the details
and texture of the image. First, the horizontal frequency RF
and vertical frequency CF are calculated, and then the SF is
calculated. 'e larger the value, the richer the edge texture
information. 'e mathematical formula of SF is defined as
follows:

RF �

�����������������


M

i�1


N

j�2
xi,j − xi,j− 1 

2




, (15)

CF �

�����������������


M

i�2


N

j�1
xi,j − xi− 1,j 

2




, (16)

SF �

���������

RF2 + CF2


. (17)

'e SSIM considers image distortion by comparing
changes in image structure information, thereby obtaining
an objective quality evaluation. 'e mathematical definition
of SSIM is as follows:

SSIM(X, Y) �
2μxμy + c1

μ2x + μ2y + c1

⎛⎝ ⎞⎠

α

·
2σxσy + c2

σ2x + σ2y + c2

⎛⎝ ⎞⎠

β

·
σxy + c3

σxσy + c3
 

c

,

(18)

σxy �
1

N − 1


N

i�1
xi − μx(  yi − μy , (19)

where x and y are the reference image and fused image,
respectively; μx, μy, σ2x, σ2y, and σxy represent the mean value
and variance and covariance of images x and y, respectively;
and c1, c2, and c3 are small normal numbers to avoid having

a denominator of zero. Parameters α, β, δ, and c are used to
adjust the proportions.

In SD, formula (20) is an objective evaluation index to
measure the richness of image information. 'e larger the
value is, the more information the image carries and the
better the fusion image quality is. 'e mean value mea-
surement formula (21) is an indicator that reflects the
brightness information. If the mean value is moderate, the
fusion image quality will be better. 'e mathematical def-
inition of SD is as follows:

SD �

����������������������

1
MN



M

i�1


N

j�2
[H(i, j) − H]

2




, (20)

where H represents the mean value and can also be used to
evaluate fusion images:

H �
1

MN


M

i�1


N

j�2
H(i, j) . (21)

'e CC measures the degree of linear correlation be-
tween a fused image and infrared and visible images and is
mathematically defined as follows:

CC(X, Y) �
Cov(X, Y)

�������������
Var(X)Var(Y)

 , (22)

where Cov(X, Y) represents the covariance of X and Y and
Var(X) and Var(Y) represent the variance of X and Y,
respectively. 'e larger the CC is, the higher the degree of
correlation between the fused images and visible and in-
frared images is and the higher the similarity is.

4.2. Experimental Validation of Fusion Performance. In this
experiment, we first focus on qualitative and quantitative
comparisons on the fusion performance of different
methods on the surveillance images from TNO Human
Factors. We selected 45 pairs of infrared and visible images
from the publicly available TNO image fusion dataset.
Besides, we also test our method on the RGB-NIR Scene
dataset. 'is dataset consists of 477 images in 9 categories
captured in RGB and near-infrared (NIR). 'e images were
captured using separate exposures from modified SLR
cameras, using visible and NIR filters. 'e scene categories
are country, field, forest, indoor, mountain, old building,
street, urban, and water [52]. Our training parameters are
set as follows: the batch image size is 64, the number of
training iterations is 400, and the discriminator training
step is 2. 'e parameters α, β, δ, and c are set as follows:
α� 100, β� 0.2, δ � 5, and c � 0.005. 'e learning rate is set
to 10−5. In the training phase, 88 × 88 random crops are
used as input to the original image pair in each iteration.
'e Adam solver is used to optimize the loss function, and
the generator and discriminator update their parameters
with each iteration. In the testing stage, we put the stacked
images of the same proportion of infrared and visible
images into the generator, and GθG generates a fusion
image of the same size as the input. 'e experiments are
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Figure 6: Qualitative fusion results on five typical infrared and visible image pairs from the TNO database. From left to right: Bunker,
Kaptein_1123, Kaptein_1654, Marne_07, and Tank. From top to bottom: (a) the visible image, (b) the infrared image, (c) CVT [18], (d)
DTCWT [45], (e) GFF [4], (f ) GTF [19], (g) Fusion GAN [11], and (h) FLGC-Fusion GAN.
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conducted on a computer with 3.7 GHz Intel 10900x, GPU
RTX 2080Ti with 11GB memory.

4.2.1. Results on TNO Database. Considering giving some
intuitive results on the fusion performance, we select five
typical image pairs for qualitative evaluation: Bunker,
Kaptein_1123, Kaptein_1654, Marne_07, and Tank. 'e
fusion results of the proposed method are compared with
those of Fusion GAN and other methods, as shown in
Figure 6. 'e first two rows present the original visible
images and infrared images, the third to the sixth rows
present the fusion images of other methods, the seventh row
shows the fusion images of Fusion GAN, and the last row is
the fusion results of our methods. From the results, we see
that all methods can well fuse the information of the visible
image and infrared image to some extent. For example, in
the Tank, both the Fusion GAN and our approach incor-
porate the thermal radiation target well. However, the Fu-
sion GAN effect does not seem to highlight the target.
Besides, our method retains obvious heat source informa-
tion and outlines obvious detail edge information in all five
groups of images. In contrast, other methods have some
mottled artifacts in the fusion results. By comparing Fusion
GAN with our method, it can be found that the scene in-
formation in our method can be clearly seen, each part has a
prominent contrast effect with the surrounding environ-
ment, and the brightness also improves significantly. Nev-
ertheless, in our proposed method can appear extremely
individual image edges slightly blurred.'is is due to the fact
that, in order to preserve the source information and image
contrast of the image during the training process, the pixel
intensities of some areas in the fused image may be changed
during training. In order to verify the authenticity of this
conclusion, we use six image fusion indicators to illustrate.

We use some qualitative evaluation indexes to show the
quality of fusion images objectively. We further use the
above six fusion indicators to conduct a quantitative com-
parison between any ten pairs of infrared images and visible
images in the TNO dataset, as shown in Table 1. Of the 20
image pairs tested, ourmethod was the largest in terms of the
average value of the evaluation index. Our method obtains
the best SF, EN, CC, COSIN, SD, and SSIM for most image
pairs, and the average values for six evaluation metrics,
including CC, are the largest relative to the other methods.
'e largest SF indicates that our fused image has richer edges
and textures. 'e largest EN demonstrates that our fused
image has much more abundant information than the other

seven competitors. 'e largest CC shows that our fused
image is strongly correlated with the two source images. 'e
largest COSIN indicates that the distortion of the fused
images is small, and the whole image is closer. Among them,
SSIM is higher in our proposed method, but not as good as
DTCWT. 'is indicates that our few fused images do not
achieve the best-expected results with the source image in
terms of brightness, contrast, and structure so that the total
SSIM score is not the highest. 'is also verifies that the edges
of people in our fusion image in the second column of
Figure 6 are slightly blurred, but this does not affect the
overall effect of our fusion method. Compared with the six
fusion methods, there are two indicators SD, and SF is more
prominent than the other four results. 'is shows that our
fusion image has higher contrast and richer edge texture
overall.

4.2.2. Results on RGB-NIR Scene Database. In order to verify
the versatility of FLGC-Fusion GAN and further observe the
effect of this method on different datasets. We test our
method on the RGB-NIR Scene dataset, which is trained on
the TNO dataset. In this way, we can verify the universality
of FLGC-Fusion GAN. Figure 7 is a sample of six scenarios
from the dataset (i.e., country, field, forest, old building,
street, and water). Figure 7 illustrates that the fusion result of
each scene has a clear and bright outline.'e fusion image as
a whole well fuses the thermal radiation information of the
infrared image while maintaining consistency with the
visible RGB image. 'e improvement of this paper is based
on the Fusion GAN model. Compared with the previous
methods, Fusion GAN has better evaluation results in every
aspect. 'erefore, we make a quantitative comparison be-
tween the Fusion results of datasets on this model and those
on Fusion GAN.'e Fusion indicators were still SF, COSIN,
EN, SSIM, SD, and CC. 'e comparison results are fully
reflected in Table 2. 'e results intuitively show that the
average evaluation index of our method is the best regardless
of the dataset. For some evaluation indexes, we, respectively,
refer to the infrared image and visible image for evaluation,
and the evaluation results are superior to the Fusion GAN.
'erefore, our proposed method retains enough visible
image texture information while keeping more infrared
thermal radiation information, and the brightness of the
fusion image is significantly improved compared to the
previous way.

We also present the run-time comparison of the six
methods in Table 3. Compared with the other five methods,

Table 1: 'e average evaluation index value of all methods on the 20 images of the TNO dataset.

Methods SF EN CC COSIN SD SSIM
CVT 6.9696 6.2151 0.4023 0.9118 28.7006 0.394
DTCWT 6.9266 6.6617 0.3892 0.9549 32.6006 0.4652
GFF 7.0902 7.1238 0.3711 0.8683 43.2243 0.3763
GTF 7.2161 7.1464 0.3622 0.9739 44.3197 0.3858
Fusion GAN 7.4707 7.377 0.4473 0.9715 48.5708 0.4132
FLGC-Fusion GAN 8.0068 7.5199 0.4861 0.9801 50.6215 0.4541
'e number in each column indicates the average value of the evaluation index.
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our method has achieved considerable efficiency by using a
learnable grouping convolution.

5. Conclusion

In this paper, we propose a new method of infrared image
and visible image fusion network based on GAN. 'is
method is an end-to-end fusion model, the characteristic of
the proposed method is to enhance the saliency of targets in
the fused image, which can perform a variety of different
image fusion tasks well. 'e main contribution of this paper
is to design a new generator network, which adopts the
grouping convolution to realize high efficiency and good

fusion effects. We use the learnable grouping convolution in
the generator network to optimize the group structure in all
layers at the same time in an end-to-end manner, acceler-
ating the training of the model.'e use of multilevel residual
networks deepens the depth of the network and prevents the
BN layer from having a certain influence on the stability in
the deep network training process. Moreover, the inactive
perception feature is used as the feature input of content loss,
so as to constrain the pixel intensity of thermal radiation
information of the infrared image and the texture infor-
mation of the visible image. 'rough experiments on two
standard datasets, FLGC-Fusion GAN can adapt to different
image Fusion tasks, and the result can retain approximately
the maximum amount of information in the source image.
Qualitative and quantitative experiments show that com-
pared with the existing methods, our FLGC-Fusion GAN
has advantages in various image Fusion tasks and is faster
than Fusion GAN.
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Figure 7:'e fusion image is generated on the RGB-NIR Scene dataset using the proposed method. From left to right: country, field, forest,
old building, street, and water. From top to bottom: (a) the RGB image, (b) the NIR image, and (c) fused results of our FLGC-Fusion GAN.

Table 2: 'e average evaluation index value of all methods on the
20 images of the RGB-NIR Scene dataset.

Methods SF EN CC COSIN SD SSIM
Fusion GAN 5.5027 7.0204 0.7481 0.9896 43.8332 0.722
FLGC-Fusion
GAN 6.4792 7.3313 0.809 0.9935 45.5027 0.7814

'e number in each column indicates the average value of the evaluation
index.

Table 3: Run-time comparison of six methods on the TNO
datasets.

Method TNO
CVT 1.46
DTCWT 3.32×10−1

GFF 3.18×10−1

GTF 4.82
Fusion GAN 4.61× 10−2

FLGC-Fusion GAN 3.07 × 10−2

'e CVT, DTCWT, GFF, GTF, Fusion GAN, and FLGC-Fusion GAN are
performed on GPU while all the others are performed on CPU. Each value
denotes the mean of the run time of a certain method on a dataset (unit:
second).
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