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Learning a Coordinated Network for
Detail-refinement Multi-exposure Image Fusion

Jiawei Li, Jinyuan Liu, Shihua Zhou, Qiang Zhang, Member, IEEE and Nikola K. Kasabov, Life Fellow, IEEE

Abstract—Nowadays, deep learning has made rapid progress in
the field of multi-exposure image fusion. However, it is still chal-
lenging to extract available features while retaining texture details
and color. To address this difficult issue, in this paper, we propose
a coordinated learning network for detail-refinement in an end-
to-end manner. Firstly, we obtain shallow feature maps from
extreme over/under-exposed source images by a collaborative
extraction module. Secondly, smooth attention weight maps are
generated under the guidance of a self-attention module, which
can draw a global connection to correlate patches in different
locations. With the cooperation of the two aforementioned used
modules, our proposed network can obtain a coarse fused image.
Moreover, by assisting with an edge revision module, edge details
of fused results are refined and noise is suppressed effectively.
We conduct subjective qualitative and objective quantitative
comparisons between the proposed method and twelve state-of-
the-art methods on two available public datasets, respectively.
The results show that our fused images significantly outperform
others in visual effects and evaluation metrics. In addition, we
also perform ablation experiments to verify the function and
effectiveness of each module in our proposed method. The source
code can be achieved at https://github.com/lok-18/LCNDR.

Index Terms—Image fusion, multi-exposure image, collabora-
tive extraction, attention mechanism, edge revision.

I. INTRODUCTION

IN a daily shooting scene, obtaining a well-performance
exposure image is thorny by modifying the exposure

time and the aperture size of digital cameras. It is a com-
mon phenomenon that the photos called low dynamic range
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Fig. 1. Schematic illustration of the proposed method and
the MEF-SSIM/PSNR comparisons on the SICE dataset [11].
Obviously, our method can generate more stable fused results
with attractive details and suitable luminance.

(LDR) images show poor visual performance and incom-
plete display of core contents. Usually, LDR images ap-
pear non-uniform ranges of exposure, especially in extremely
over/under-exposure regions, so that viewers are unable to spot
the clear details or faithful color. Therefore, the high dynamic
range (HDR) technique is introduced to address this tough
issue effectively. It can ideally present well-exposed HDR
images with better color and luminance. As HDR images
are more appropriate with the human visual system (HVS),
which are widely used in computer vision tasks, such as image
enhancement [1], [2] remote sensing [3], super-resolution
images [4], [5], object detection [6], [7] etc.

Researchers attempted to develop a variety of hardware
devices [8], [9], [10] to acquire HDR images. However, due
to the high cost of these devices, they can not be widely used
in daily life. Thus, as a cost-effective solution, multi-exposure
image fusion (MEF) has become the mainstream method for
generating HDR images. The target of MEF is merging LDR
image sequences with different exposures, extracting features
of these sequences and fusing them into vivid HDR images.

During the past few decades, a large number of MEF meth-
ods have been proposed and applied well. All these methods
can be roughly divided into traditional-based frameworks [12],
[13], [14], [15] and deep learning-based ones [16], [17], [18],
[19], [20]. In traditional methods, feature transformation in the
spatial domain [21] and transform domain [22] is a commonly
used fusion strategy. However, these approaches often rely
on designing complex architectures manually to complete the
fusion process, which reduce the time efficiency and increases
the development costs. To overcome the shortcomings of
traditional methods, researchers introduce convolutional neural
networks (CNN) to realize MEF tasks. CNN-based approaches
have the excellent nonlinear fitting ability and perform well
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in feature extraction. Nevertheless, methods based on deep
learning still remain several limitations during the execution
of MEF: (i) some simple fusion rules such as addition,
multiplication and weighted average are introduced to fuse
extracted features, so that it makes the information utilization
of the proposed network insufficient and causes distortion in
some regions. (ii) in the process of feature extraction, these
methods may degenerate the information extracted from over-
exposed and under-exposed source images, which lead that
the texture details of fused images perform incomplete. (iii)
the existing CNN-based methods rarely pay attention to a
local position. Since global information cannot be closely
combined with local information, fused results may produce
some undesirable local artifacts.

To optimize the problems as mentioned above, in this work,
we propose a coordinated network for detail-refinement in an
end-to-end way. In our proposed method, we put extremely
over-exposure and under-exposed images into the collaborative
extraction and self-attention modules. With the cooperation of
two effective modules, abundant details from source images
can be extracted more efficiently. Besides, by integrating the
edge revision module and extracted feature maps, more edge
information can be retained on the fused results, and the
degenerating information can be relieved. The fused examples
are given on the right side of Figure. 1, and the evaluation
metric comparison of our proposed method with twelve state-
of-the-art methods is on the left side.

Specifically, the contributions and advantages of this paper
can be summarized as the following four points:

• We propose an end-to-end method based on multi-
dimensional coordinated learning to fuse multi-exposure
images. Different from the previous conventional feature
fusion methods, three nonidentical modules are intro-
duced to cooperate for extracting features and guiding
the entire fusion process.

• To improve the quality of the fused images and avoid
halo artifacts in fusion results, the collaborative extraction
module is instituted into the network to optimize features.
With the cooperation of the self-attention module, the
texture, luminance and color of multi-exposure fused
images are more prominent.

• The edge revision module plays a complementary role to
the collaborative extraction module and the self-attention
module. It can reduce the influence of noise on features at
different scales and enhance the texture details of feature
maps in order to ensure the performance of fusion results.

• Extensive qualitative and quantitative experiments on
different datasets validate the superiority of our proposed
method. Both image performance and metric results sur-
pass twelve compared state-of-the-art methods. In addi-
tion, as additional experiments, we utilize optical flow
network optimization on misaligned source images and
fuse images with different exposure levels to enhance the
robustness of the network.

The rest of this paper is summarized as follows. Section. II
reviews the development of MEF methods. Section. III illus-
trates three designed modules, the loss function and the fusion

process of RGB inputs. In Section. IV, we conduct large-
scale quantitative and qualitative experiments on two datasets
separately to present the superiority of the proposed method.
Moreover, ablation analysis and supplementary experiments
are given in this section as well. At last, we draw the
conclusion in Section. V.

II. RELATED WORKS

Our proposed work is inseparable from previous researches.
In this section, we review the related traditional and deep
learning methods in MEF [23].

A. Traditional Methods

Traditional methods can be approximately divided into,
e.g., pixel-based [24], sparse representation-based [25], tone
mapping-based [26] methods, etc., to realize MEF tasks. As
the most widely used traditional method, Pixel-based meth-
ods are separated into multi-scale transform-based, weight-
based and gradient-based methods, respectively. In these three
kinds of pixel-based approaches, researchers commonly need
to implement image transformation, parameter fusion and
inverse matrix transformation in order to complete a fusion
process. Furthermore, pyramid transform [27], wavelet trans-
form [28], shearlet transform [29], contourlet transform [30],
etc., are generally employed in multi-scale transforms-based
approaches.

As a representative, Li et al. [31] introduced a novel guided
filter into MEF and used the weighted average to guide the
base and detail layers for image fusion in the spatial domain.
The proposed method also performed well in multi-focus
fusion and multi-modal image fusion. Mertens et al. [32]
introduced the Gaussian pyramid to multiply the weight matrix
so as to obtain a fusion result with balanced color and contrast.
Multi-resolution images are employed to adjust the brightness
of results. In weight-based methods, the crucial issue is how
to calculate the weight of pixel-level images. Song et al. [24]
calculated weights of images under standard dynamic range
(SDR), LDR and HDR, respectively. Then, they integrated
locally adaptive scene detail capture and the calculated value
of weights to obtain a well-performance image. Retaining
feature gradients in source images is the key to gradient-based
methods. Paul et al. [33] mixed the maximum gradient of each
pixel position with the luminance gradient, and then they used
wavelet transform to get the fused luminance component. As
the non-conservative nature of the resulting gradients in the
fusion process, a Poisson solver is included in each resolution
to remove artifacts. In sparse representation methods, Wang et
al. [34] designed an over-completed dictionary to divide the
corresponding coefficients of the source image. They obtained
fusion results with precise texture details through the inverse
transformation of the dictionary. Shan et al. [35] proposed a
new tone mapping method that can reconstruct a series of LDR
images into an HDR image. On image quality assessment of
MEF fusion results, Xu et al. [36] proposed a novel evaluation
method to implement quantitative calculations. They generated
local and global intermediate references with source images
and used the generated reference features to synthesize in
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different domains, respectively. Finally, the evaluation scores
were synthesized on the multi-scale domain. In addition,
traditional methods also play an important role in dynamic
multi-exposure fusion, which often use real-time matching to
perform fusion. Dong et al. [37] deployed a novel framework
to match exposure images for automatically building dense
correspondences between two source images in a hierarchical
superpixel-to-pixel manner. Qin et al. [38] presented a uni-
form iterative method to match different patches from inputs
and fused them after aligning in a mobile scene.

B. Deep Learning Methods

Deep learning-based methods, e.g., [39], [40], [41], have
developed rapidly in the field of image fusion. The MEF
methods via deep learning have become popular in the last
decade [42]. Researchers often utilize the end-to-end manner
to achieve fusion images. As a representative, Prabhakar et
al. [16] brought deep learning into the MEF field at the
first time. They constructed a novel CNN-based learning
approach called DeepFuse, and used MEF-SSIM [43] as the
loss function to train the proposed network. In the stage of
generating fused images, the network performed feature fusion
on the Y channel only. The Cb and Cr channels are used
to fuse color and brightness of over/under-exposed images,
respectively. Xu et al. [18] addressed multiple fusion tasks
by building a unified fusion framework, including infrared
and visible image fusion, multi-focus image fusion and the
MEF task. Under the challenge of various fusion tasks, the
network automatically assigned the weight of the specified
task to achieve an excellent fused result. Xu et al. [44]
proposed adaptive information preservation degrees to guide
source images for completing different fusion tasks. Han et
al. [45] treated the MEF task as the image enhancement task,
so they proposed a depth-aware enhancement network that
focuses on the color and luminance of the fusion results.

Recently, attention mechanism has made significant
progress in the field of computer vision, which can capture
useful information for observers. Jiang et al. [46] proposed a
novel perceptual network for underwater image enhancement,
which achieved an outstanding performance. The attention
mechanism also plays an important role in MEF. Typically,
Xu et al. [47] employed generative adversarial networks
(GAN) with the attention mechanism to improve the overall
performance of fused images. It is the first time that GAN is
introduced into MEF. Liu et al. [19] presented an attention-
guided global-local adversarial learning network to fuse color
distortions and enhance details in images. As a secondary, they
formulated a novel edge loss function and a spatial feature
transform layer to refine the fusion process. In addition, Deng
et al. [48] proposed a deep coupled feedback network to
solve multi-exposure image fusion and super-resolution tasks
simultaneously by using two coupled recursive sub-networks.

C. Extreme Exposure Fusion Methods

Researchers have also achieved excellent works in extreme
exposure fusion methods, which use one over-exposed image
and one under-exposed image to complete MEF tasks with

deep learning networks. Since the input is only two extreme
exposure images, it is helpful for improving operational ef-
ficiency of these methods. As a representative, Deng et al.
[49] proposed a novel network to present multi-modal image
fusion and restoration. Inspared by multi-modal convolutional
sparse coding, the network can separate shared information
from different source images to fuse unique information better.
Jung et al. [50] introduced a loss function that using the
structure tensor representation of the multi-channel image
contrasts to train network, so that the network can generate
fusion results with the same contrast as source images. Based
on the encoder-decoder model, Qu et al. [51] designed a self-
supervised network structure combined CNN with transformer,
which enables to concentrate on both global and local features.
Yin et al. [52] proposed a novel GAN-based network by
incorporating the pixel information of two source images
into the process of feature fusion. They also introduced a
dual-level loss, i.e., semantic-level loss and pixel-level loss,
to further train the network. Zhang et al. [53] employed a
squeeze-and-decomposition network to realize multiple fusion
tasks, including the MEF task. They took the extraction and
reconstruction of gradient and intensity information as the core
of the fusion problem. During conducting MEF tasks, the
proposed network automatically assigned the corresponding
weights to complete the fusion.

III. METHODOLOGY

We introduce the following proposed method about MEF
in this section, and the flow of the network architecture is
displayed in Figure. 2. First and foremost, three employed
modules, including the collaborative extraction module, the
self-attention module and the edge revision module, are de-
scribed in Section. III-A, III-B and III-C, respectively. Then,
the loss function used in the proposed network structure is
revealed in Section. III-D. At last, in Section. III-E, we discuss
how RGB images are fused in the network.

A. Collaborative Extraction Module

Two extreme exposure images with the same size are
employed as input to our proposed network to ensure accuracy
during training and testing. In Figure. 2, before entering the
core part of our network, we use a 3 × 3 convolutional layer
to perform a global modification that can facilitate subsequent
feature fusion. In the collaborative extraction module (CEM),
we build a multidimensional pooling feature extractor with
coordinate attention(CA) blocks [54] to guide feature learning.
Guided by the CA block, CEM can obtain the most noticeable
feature maps from source images. Likewise, SENet [55], BAM
[56] and CBAM [57] have similar functions and structures
to the CA blocks, but they lack the efficiency and indepen-
dent guidance for spatial feature extraction. Therefore, we
select CA blocks to cooperate the multidimensional pooling
feature extractor for achieving global features. LeakyReLU
and Sigmoid are used as activation functions in the module.
The process of extracting over/under-exposed features F out

CEM
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Fig. 2. The overall framework of our proposed network. The network consists of a collaborative extraction module, a self-
attention module and an edge revision module. With the cooperation of the collaborative extraction and self-attention modules,
the network can extract abundant details from over/under-exposed source images. In the edge revision module, we refine edge
details of feature maps that are concatenated by two former modules.

in CEM can be represented quantitatively by the following
formula:

F out
CEM = P(Ĩi) +

3∑
t=1

Ct(Ĩi), (1)

where i means over or under exposure images and the feature
map extracted from the first 3 × 3 convolutional layer is
indicated as Ĩi. P(·) is the multi-dimensional pooling feature
extractor in CEM. C(·) represents the generated contents from
CA blocks.

In specific, we apply two 3 × 3 and one 1 × 1 con-
volutional layers to perform a shallow extraction from the
inputs. Inspired by [54], the CA block can be regarded as
a computing unit to enhance the representation of extracted
features and improve corresponding feature mapping in the
proposed network. We augment feature extractor simultane-
ously with three such blocks, and concatenate them to ensure
our network can highlight desirable details of the results. In
order to accurately extract complicated representation maps
from different exposure images, the max-pooling and average-
pooling are employed synchronously to compress deep feature
maps. Then, we concatenate different feature sequences which
are generated by two pooling layers to enlarge various feature
details. After repeating the same pooling layer operation,
we employ a 3 × 3 and a 1 × 1 convolutional layers to
modify feature maps for expanding their receptive fields with
upsampling operation. Linear interpolation is introduced as the
primary way of upsampling operations. A larger receptive field

can make the fusion process more convenient. To compensate
for the degeneration of extracted features after upsampling, we
introduce a direct connection from the shallow convolutional
layers to the after-upsampling convolutional layer. In the end,
we combine shallow features with deep complex features
through element-wise addition and concatenation manipulation
to get global features.

B. Self-attention Module

In MEF, due to the change of shooting scenes, over-exposed
and under-exposed images are unable to display complete
details in each photo. In this case, we introduce the self-
attention mechanism [58] to perform feature extraction and
fusion, which can correlate patches of the same location
between fusion results and source images by drawing a global
relationship. As a result, the problem of limited kernel size in
ordinary convolutional layers can be solved effectively.

We redesign the self-attention module (SAM) according
to the characteristics of MEF, which the structure is shown
in Figure. 2. First, we use a 3 × 3 convolutional layer to
obtain original attention feature F0. Next, F0 goes through a
max-pooling layer for improving operational efficiency and
expanding the receptive field by dimensionality reduction.
After passing another 3 × 3 convolutional layer, the structure
is divided into four branches. Three of the branches contain
1 × 1 convolutional layers, and the other branch acts as
an upsampling operation. We achieve corresponding feature
spaces fa and fb from the first branch and the second
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branch, respectively. For the convenience of calculating, we do
flattening and transposing operations to fa and fb for getting
feature weight maps Wa and Wb, which contain abundant
local information. At last, We introduce matrix multiplication
and softmax normalization operation to calculate the attention
map A1 by Wa and Wb. The quantitative formula is as
follows:

A1 = softmax(

k∑
t=1

(f t
aW

t
a × f t

bW
t
b)), (2)

where k means the total number of pixels in feature weight
maps. Similarly, A2 can be acquired on the third branch by
the same approach as above. At the upsampling branch, we
conduct linear interpolation as the upsampling operation to
deal with F0. Finally, A1, A2 and F0 after upsampling are
employed to get the last attention feature map, which can be
quantified as:

F out
SAM = A1 ×A2 + F0. (3)

Furthermore, we add BN layers [59] after all convolutional
layers to prevent exploding or vanishing gradients during
training and use LeakyReLU as the activation function.

C. Edge Revision Module

Before outputting fusion images, the extracted features are
also put into the edge revision module (ERM) to recorrect
the edge texture for ensuring the quality of fusion results. In
Figure. 2, after concating feature maps from CEM and SAM,
we use the ERM to refine edge details of these feature maps.
Specifically, the spatial gradient filter (FG) is employed to
optimize the texture details of edges, which is calculated as
follow:

FGout = max
i∈M

(max
j∈N

(∇E(i+ 1, j + 1),∇E(i, j))), (4)

where M and N mean the range of [1,m) and [1, n), respec-
tively. i is the horizontal pixels of a map and j means the
vertical ones. ∇E represents an edge gradient map E with
the size m× n, and it is defined as:

∇E =

mn∑
t=1

√
(pt − pl(t))2 + (pt − pb(t))2, (5)

where pl(t) and pb(t) are the left and below pixels of pt. FG
is greatly sensitive to the edge features in images and assists
convolutional layers in refining the edge details of the fusion
results. The modification and enhancement of edge by FG
have been widely used in many tasks [60], [61], [62], etc. The
fused image adjusted by ERM has more delicate edge details
and good visual sense. The performance of w/o ERM is given
in Section. IV-F specifically. At last, we put FGout into two
3×3 convolutional layers to complete the refinement of edge.

D. Loss Function

According to some past excellent works in MEF [20], [45],
[52], other fusion tasks [63], [64], and the characteristics of
our proposed method, we introduce two kinds of loss functions

to combine for training the proposed network. The total loss
function is employed as follow:

Ltotal = αLSSIM + βLMSE, (6)

where LMSE represents MSE loss. α and β are two hyperpa-
rameters for adjusting the value of Ltotal, which are set before
training. The calculation formula of LSSIM is:

LSSIM = ω1 · (1−SSIMIO,IF)+ω2 · (1−SSIMIU,IF), (7)

where IO and IU mean the over/under-exposed images, and IF
is the fused result. ω1 and ω2 are commonly set to 0.5. The
SSIM [65] is defined as follow:
SSIMIA,IF =∑
IA,IF

2µIAµIF + C1

µ2
IA

+ µ2
IF

+ C1
· 2σIAσIF + C2

σ2
IA

+ σ2
IF

+ C2
· σIAIF + C3

σIAσIF + C3
, (8)

where µ and σ are the average value and the standard devia-
tion. C1, C2 and C3 can keep the metric stable. Particularly,
the structural similarity of inputs and outputs can be measured
by SSIM , which is sensitive to brightness, contrast distortion,
and loss of correlation. During the training process, SSIM
continuously transmits the learned structural information to
our network through back-propagation to improve the quality
of fusion results.

MSE loss is used to calculate the mean squared error
between the source image and the fusion result, which is
introduced as :

MSEIA,IF =
1

CF ·HF ·WF
·

√√√√ 1

2p

p∑
i=1

(IF − IA)2, (9)

where LMSE =MSEIO,IF +MSEIU,IF . CF, HF and WF are
the channel, height and width of the fused image, respectively.
p means the quantity of pixels in one image.

E. Fusion Process of RGB Inputs

The overall fusion process of RGB images is shown in
Figure. 3. The key to RGB image fusion is fusing specific
information on different channels. We convert over-exposed
and under-exposed source images from RGB 3-channel to
YCbCr 3-channel. The decomposed Y channel represents
the luminance channel of source images, which can usually
reflect the content details and texture of images. Moreover,
luminance information on the Y channel is more pronounced
than chrominance information. As a result, Y channel is used
to fuse real information in our proposed network. In other
words, performing image fusion on the Y channel is similar
to fusing gray-scale images on a single channel.

The Cb channel and the Cr channel represent the chromi-
nance information in inputs, which determine the color rep-
resentation of fused results. The figure in Cb and Cr chan-
nels can obtain the chrominance value of the image through
the traditional weighted sum formula [66]. For achieving a
fusion output with abundant color information, the proposed
network employs the formulation to assign more weight to
low-saturation color components and less weight to the high.
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Fig. 3. The fusion process of RGB images in our proposed
method. We convert RGB inputs to YCbCr inputs, fuse re-
spective information in different channels and convert YCbCr
inputs to RGB outputs.

Therefore, the color of fused results can be recovered vividly.
Quantitative calculations are defined as follows:

Cf =
Cbi(|Cbi − τ |) + Cri(|Cri − τ |)

|Cbi − τ |+ |Cri − τ |
, (10)

where Cf is the weighted sum result of the Cb channel and
the Cr channel. Cbi and Cri mean the chrominance values
of different channels in source images, respectively. Based on
previous work experience [18] , [44], τ as a hyperparameter
is set to 128. Finally, we convert the fused YCbCr result into
the RGB result by inverse transformation.

IV. EXPERIMENT

In this section, we sequentially start from the specific experi-
mental settings, evaluation metrics, qualitative and quantitative
comparisons with twelve state-of-the-art methods and our
proposed method on two different datasets, ablation experi-
ments and efficiency analysis to verify the effectiveness of the
proposed method. Furthermore, using an optical flow network
for unaligned source images and fusing source images with
different exposure levels as supplementary experiments are
conducted to generalize the proposed method.

A. Experimential Setup

1) Training Details: Before training, we crop source im-
ages of the training dataset into patches of size 256 × 256,
which the stride is 8. The batch size is set to 16. The Adam
optimizer is used in the network to adjust parameters with the
learining rate 1e-4 dynamically. The whole training process
has 500 epochs. The choice of convolution kernel size and
activation function used in different modules is shown in the
legend of Figure. 2. Hyperparameters α and β are preset to
0.3 and 5, respectively. Pytorch framework is employed during
the whole training process. A PC with a NVIDIA RTX 3060
GPU, a 16GB RAM Memory, and an Intel Core i5-11400F
CPU is utilized as the hardware support.

2) Selection of Dataset: To give prominence to the charac-
teristics of our method, we conduct qualitative and quantitative
experiments on the SICE dataset [11]. The SICE dataset
includes multi-exposure image sequences and corresponding
ground truths in different scenarios. Moreover, the number of
different exposure images contained in each sequence is also

nonidentical. As our proposed method is dedicated to address
the extreme exposure image fusion task, only two source
images with extremely over-exposed and under-exposed are
needed for training and testing per epoch. We also ensure that
the exposure ratio of source images is consistent. To enhance
the diversity of the network, 374 pairs of image sequences in
various scenes are used as the training dataset. 100 image pairs
are selected from the remaining 215 pairs of sequences as the
testing dataset, which contain different typical scenes, e.g.,
river, house, stone, desert, snow, church, etc. Due to complex
and changeable scenes in the test dataset, we can achieve
comprehensive and precise experimental results to compare
with other methods. In addition, we apply the same selection
criteria to arrange 15 pairs of source images in the dataset
[67] without ground truth. The selected image pairs constitute
another test dataset to further verify the performance of our
method through subjective and objective experiments. At last,
several sets of unaligned source images and a sequence of
multi-exposure images from the SICE dataset are served as a
testing dataset for supplementary experiments.

B. Evaluation Metrics

In the field of MEF, Structure Similarity Index Measure
of Multi-exposure Image Fusion (MEF-SSIM) [43] and Peak
Signal-to-Noise Ratio (PSNR) are introduced to conduct quan-
titative analysis, which are commonly used in abundant excel-
lent works, e.g., [19], [47], [48] and [68]. At the same time, we
also introduced Mutual Information (MI) [69] and Correlation
Coefficient (CC) [70] as supplements.

1) MEF-SSIM: MEF-SSIM is based on Structure Similarity
Index Measure (SSIM) to evaluate the structural consistency
of patches. In specific, It detaches the luminance components
of patches, which the statistical results obtained are generally
in the range between 0 and 1. The value of MEF-SSIM is
positively correlated with the quality of fusion results. The
structural comparison element S is defined as follows:

S({xk}, y) =
2σx̂y + C

σ2
x̂ + σ2

y + C
, (11)

where {xk} denotes patches randomly extracted in source
images and y is the patch obtained in the fused image at the
same spatial position as {xk}. σ2

x̂, σ2
y and σx̂y represent the

local variances of x̂, the local variances of y, and the local
covariance between x̂ and y, respectively. C is a positive stable
constant introducted to account for low contrast effects [65].
Due to the use of SSIM in the loss function, the performance
of MEF-SSIM can achieve well in quantitative comparisons.

2) PSNR: PSNR measures the ratio of the peak value power
to the noise power of fused images. In general, the larger the
value of PSNR, the smaller the distortion in the fusion process,
and the more similar the fusion result is to the ground truth.
It is defined as:

PSNR = 10 log10
r2

MSE
, (12)

where r means the peak value of fused images, which is set to
256 in the proposed method after referring to previous works.
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TABLE I
QUANTITATIVE COMPARISON OF OUR METHOD WITH TWELVE STATE-OF-THE-ART METHODS ON THE SICE DATASET. THE

BEST AND SECOND BEST DATA ARE BOLDED IN RED AND BLUE, RESPECTIVELY.

Metric DSIFT GBM DEM MESPD MEF-Net IFCNN MEF-GAN U2Fusion PMGI HALDeR CF-Net SD-Net Ours

MEF-SSIM 0.804 0.930 0.860 0.789 0.906 0.915 0.895 0.875 0.855 0.928 0.940 0.926 0.936
PSNR 13.452 17.248 13.411 12.827 17.106 17.320 18.437 16.810 15.971 19.231 19.413 18.953 19.521
MI 2.216 3.767 2.873 3.142 3.050 2.775 2.794 4.889 4.685 4.592 3.156 5.014 7.176
CC 0.500 0.962 0.583 0.638 0.667 0.942 0.933 0.977 0.953 0.899 0.792 0.843 0.980
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(h) U2Fusion (i) PMGI (j) HALDeR (k) CF-Net (l) SD-Net (m) Ours Ground Truth
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Fig. 4. Qualitative comparisons of our proposed method with twelve state-of-the-art methods on the SICE dataset. The source
images are on the left side. The highlight details are marked with red and green boxes and the patches are shown enlarged
below. Clearly, our results have sharper outlines and vivid edge details, e.g., cloud in the red box and windows in the green
box.

MSE is the mean squared error of the dissimilarity between
the fused image and the ground truth, and it formulates as:

MSE =
1

MN

M∑
i=1

N∑
j=1

[G(i, j)− F (i, j)], (13)

where G and F denote the ground truth and the fused result,
respectively. Because the ground truth is involved in the
calculation, PSNR can only be calculated on the SICE dataset.

3) MI: MI is an evaluation metric based on information
theory. Thus, it measures how much information in final
fused images is transferred from the source images, which
is calculated as:

MI =MIO,F +MIU,F , (14)

where MIO,F and MIU,F represent the total information
transferred from over-exposed and under-exposed images into

fused images. We employ the Kullback-Leibler measure to
compute the two random variables in MI as follows:

MIX,F =
∑

pX,F (x, f) log
pX,F (x, f)

pX(x)pF (f)
, (15)

where pX,F (x, f) denotes the joint histogram of over/under-
exposed image X and the fused image F . pX(x) and pF (f)
denotes the marginal histograms of over/under-exposed image
X and the fused image F . Normally, a larger MI indicates that
the fusion image has more plentiful input information from the
source images, and also means better fusion quality.

4) CC: CC is the degree of linear correlation between
source images and the fused image. A large CC indicates
a strong linear correlation between the inputs and the fused
image, which is defined in mathematics as follows:

CC = ωorof + ωuruf , (16)
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Fig. 5. Qualitative comparisons of our proposed method with twelve state-of-the-art methods on the dataset [67] without ground
truth. The highlight details are marked with red and green boxes and the patches are shown enlarged below. Obviously, our
fused images have well-exposed effects and suitable luminance, e.g., sun on the first example and lamp on the second example.

where ωo and ωu are usually both set to 0.5. rxf is is calculated
as:

rxf =

∑M
i=1

∑N
j=1(xi,j − µx)(fi,j − µf )√∑M

i=1

∑N
j=1(xi,j − µx)2

∑M
i=1

∑N
j=1(fi,j − µf )2

,

(17)
where µx and µf mean the average values of the over/under-
exposed images x and the fused image f , respectively.

C. Comparison Methods

The proposed method is compared with twelve state-of-the-
art methods, including four traditional methods, i.e., DSIFT
[71], GBM [33], DEM [72] and MESPD [73], and eight
deep learning-based methods, i.e., MEF-Net [74], IFCNN
[75], MEF-GAN [47], U2Fusion [44], PMGI [76], HALDeR
[68], CF-Net [48] and SD-Net [53]. Specifically, DSIFT used
scale-invariant feature transform to extract local details and
remove ghosting artifacts for fusion. GBM adopts two fusion
strategies to get fused results in chrominance and luminance
channels. DEM fuses source images in the YUV color space.
MESPD proposes a method based on multi-scale patch de-
composition to realize the MEF task. MEF-Net is a fast
deep learning-based method for random spatial resolution and

exposure number. IFCNN is a fusion framework that utilizes
fully convolutional layers to fuse different kinds of images,
including multi-exposure images. MEF-GAN is a GAN-based
approach to generate fused results. U2Fusion uses a flexible
weight extraction method for guiding the fusion processing
correctly. PMGI can obtain vivid results by designing a
novel loss function. HALDeR employs hierarchical attention
and refinement modules to guide the generation of fused
results. In CF-Net, the deep coupled feedback network is
designed to achieve fusion image with super-resolution. SD-
Net introduces a squeeze-and-decomposition architecture for
implementing MEF tasks. Notably, compared with these state-
of-the-art methods, we conduct following experiments with
two extremely different exposure inputs, i.e., over-exposure
and under-exposure images, to obtain objective and accurate
comparative results.

D. Comparisons of Results on The SICE Dataset

1) Qualitative Comparisons: We select two typical test
image sequences on the SICE dataset to compare with the
twelve state-of-the-art MEF methods. To make an adequate
comparison, we examine the overall visual effect and local
feature details separately in Figure. 4. In the first set of image
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TABLE II
MEF-SSIM COMPARISON OF 15 IMAGE PAIRS SELECTED ON THE DATASET [67]. RED AND BLUE MEAN THE BEST AND

THE SECOND-BEST SCORE, RESPECTIVELY.

Image sequence DSIFT GBM DEM MESPD MEF-Net IFCNN MEF-GAN U2Fusion PMGI HALDeR CF-Net SD-Net Ours

Balloons 0.926 0.919 0.906 0.875 0.892 0.842 0.890 0.834 0.873 0.906 0.931 0.935 0.941
BelgiumHouse 0.940 0.920 0.947 0.900 0.929 0.873 0.908 0.929 0.925 0.909 0.935 0.941 0.943

Candle 0.937 0.928 0.874 0.909 0.736 0.905 0.832 0.967 0.927 0.953 0.922 0.947 0.948
Cave 0.935 0.933 0.944 0.822 0.940 0.853 0.799 0.774 0.909 0.845 0.935 0.891 0.952

ChineseGarden 0.965 0.946 0.963 0.904 0.961 0.911 0.629 0.906 0.948 0.921 0.955 0.937 0.966
House 0.894 0.932 0.881 0.870 0.554 0.873 0.765 0.968 0.829 0.909 0.753 0.902 0.913
Kluki 0.940 0.928 0.945 0.897 0.912 0.872 0.647 0.937 0.851 0.903 0.953 0.934 0.944
Lamp 0.909 0.907 0.907 0.893 0.898 0.869 0.811 0.897 0.919 0.890 0.928 0.934 0.935

Landscape 0.929 0.909 0.931 0.944 0.918 0.847 0.717 0.934 0.916 0.925 0.962 0.951 0.950
LightHouse 0.930 0.914 0.935 0.914 0.926 0.894 0.757 0.941 0.857 0.926 0.949 0.941 0.951

MadisonCapitol 0.917 0.917 0.936 0.889 0.871 0.854 0.891 0.955 0.907 0.893 0.906 0.932 0.942
Memorial 0.924 0.905 0.932 0.853 0.906 0.830 0.673 0.940 0.905 0.878 0.828 0.934 0.926

Office 0.927 0.932 0.949 0.925 0.893 0.829 0.715 0.929 0.873 0.913 0.910 0.938 0.964
Tower 0.951 0.935 0.957 0.891 0.927 0.868 0.739 0.892 0.802 0.895 0.958 0.930 0.956
Venice 0.929 0.953 0.941 0.898 0.910 0.885 0.676 0.916 0.910 0.886 0.879 0.936 0.954

Mean 0.930 0.925 0.929 0.892 0.878 0.867 0.763 0.914 0.896 0.903 0.914 0.932 0.945

TABLE III
QUANTITATIVE COMPARISONS OF OUR METHOD WITH TWELVE STATE-OF-THE-ART METHODS ON THE DATASET [67]. THE

BEST RESULTS ARE MARKED IN BOLD RED.

Metric DSIFT GBM DEM MESPD MEF-Net IFCNN MEF-GAN U2Fusion PMGI HALDeR CF-Net SD-Net Ours

MI 4.197 3.991 4.460 4.192 5.520 2.809 4.039 5.440 5.153 4.592 3.156 5.014 6.872
CC 0.706 0.870 0.714 0.805 0.689 0.837 0.887 0.908 0.900 0.899 0.792 0.843 0.924

sequences, DSIFT, DEM, MESPD and MEF-Net have distinct
local dark regions in the sky. Moreover, GBM, IFCNN and
CF-Net are over-exposed during the fusion process. U2Fusion
and PMGI are still flaws in color performance. Although the
overall visual effect of MEF-GAN is high-quality, the details
are still blurred and edge artifacts appear clearly. HALDeR
appears over-saturated performance in this example. SD-Net
is similar to the ground truth in visual effect, however, there are
still some texture information that are not well recovered, e.g.,
the back of tiger. In contrast, our proposed method produces
attractive fusion results both in detail and color. In enlarged
patches of the first sequence, compared with the ground
truth, (a), (b), (c), (d) and (e) emerge obvious overexposure
phenomenon. The contrast of (f) and (k) is excessively high
that is unconformable to HVS. (g), (h) and (i) have moderate
exposure and contrast, but these patches lose some texture
features in the final results. (k) and (l) are still lacking in
saturation and detail performance. However, in our method, the
texture patterns on the walls are shown clearly with suitable
contrast and the color of the palette is restored vividly by the
cooperation of CEM and SAM. Furthermore, due to the use
of ERM, the outlines of clouds are highlighted in our method.

2) Quantitative Comparisons: In addition to subjective
qualitative analysis, we use objective quantitative metrics
MEF-SSIM and PSNR to evaluate the performance of fusion
results. Meanwhile, CC and MI are introduced to reflect the
comprehensiveness of quantitative comparisons as well. We
sample 29 pairs of test image sequences in 100 pairs of the
test dataset for computation, which all quantitative results
are presented in Table. I. Obviously, the results obtained
by our proposed method have achieved the highest average

value among PSNR, MI and CC and second best value
in MEF-SSIM. The higher MEF-SSIM value indicates that
fused results are able to provide better visuals and are more
similar to the source image. Although our quantitative result
on MEF-SSIM are slightly lower than CF-Net, it has no
effect to the performance of our fused results. The better
performance in PSNR represents precise texture details that
are almost consistent with the pixel distribution of the ground
truth. Furthermore, the high-level performance of CC and MI
indicates that our method achieves better linear correlation
and more information transfer between the source and the
fused. As a result, our method can make the fusion image
less distorted and more closely related to the source images.

E. Comparisons of Results on Dataset [67]

1) Qualitative Comparisons: To further validate our
method, we also compare the proposed method with other
methods in the dataset [67], which owns over/under-exposed
image sequences in various scenes without ground truth. The
qualitative comparison results of two typical sequences are
shown in Figure. 5. Although the state-of-the-art methods
get better-performed results than the source images, there are
still some problems. In the first comparison sequence, DSIFT,
GBM, DEM, MESPD, MEF-Net and SD-Net all show local
low exposure to varying degrees, and the phenomenon of local
over exposure appears in MEF-GAN. Due to the high contrast,
the visual perception of IFCNN is unreal. U2Fusion and PMGI
are far worse than our proposed method in color. Moreover, the
saturation of fusion images in HALDeR and CF-Net performs
too high, which can not match corresponding real scenes.
In the second sequence, halos around lights and indistinct
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Fig. 6. Qualitative ablation analysis of each module on two representative image pairs from the SICE dataset. Each module
plays a positive role for the proposed network to generate a well-performance fused image.

Under-exposed image Ground TruthOver-exposed image

Fig. 7. Qualitative ablation analysis about the number of CA blocks. The patches of different fused results are shown in the
middle. As the number of CA blocks increases, the performance of details becomes more abundant.

details in dark places become inevitable shortcomings of other
methods. However, the cooperation of CEM and SAM in our
proposed network can enhance color performance and avoid
artifacts. Moreover, the introduction of ERM can correct edge
problems during fusion, which produces an excellent fused
image.

2) Quantitative Comparisons: As shown in Table. II, we
separately calculated MEF-SSIM for the 15 generated fusion
results. The proposed method achieves 7 highest scores, 5
second-highest scores and the best average value. Therefore,
it illustrates that our method has better visual perception both
in terms of overall perception and local structural details.
The values of MI and CC in Table. III also obtain the best
scores compared to other methods, which represents that fused
images can get more features and information from source
images and more correlated with source images.

TABLE IV
QUANTITATIVE ANALYSIS OF ABLATION EXPERIMENTS
ABOUT DIFFERENT MODULES ON THE SICE DATASET.

C E S Metric
MEF-SSIM PSNR MI CC

M1 0.916 18.848 6.890 0.952
M2 0.866 13.787 5.714 0.948
M3 0.925 19.153 6.963 0.957
M4 0.936 19.521 7.176 0.980

F. Ablation Experiments

1) Analysis of Different Modules: We conduct research on
different modules to demonstrate that each designed module
has a significant presence in the network. C, S and E denote
the collaborative extraction, self-attention and edge revision
modules, respectively. As shown in Figure. 6, the images fused
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TABLE V
QUANTITATIVE ANALYSIS OF ABLATION EXPERIMENTS

ABOUT THE NUMBER OF CA BLOCKS ON THE SICE
DATASET.

Quantity Metric
MEF-SSIM PSNR MI CC

1− CA 0.930 19.387 7.025 0.972
2− CAs 0.933 19.493 7.108 0.976

3− CAs(All) 0.936 19.521 7.176 0.980

TABLE VI
QUANTITATIVE COMPARISON ABOUT FEATURE TRADEOFF.

THE BEST RESULTS ARE BOLDED IN RED.

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

MEF-SSIM 0.886 0.816 0.902 0.936
PSNR 13.787 10.706 18.753 19.521
MI 6.023 6.068 7.105 7.176
CC 0.864 0.801 0.912 0.980

by different modules and the full model are clearly displayed,
which can be easily seen that each module in the network is
helpful to improve the image quality. Compared with the full
model, without the participation of C, the visual perception
of the image is darker and lower in brightness. In the first
set of examples, the cloud in the red box has halo artifacts
around it without C. The reason for this phenomenon is that
the network are unable to fully extract global information. A
similar situation also occurs in example 2. S has an intuitive
effect on texture detail, image color and contrast, which are
shown in leaves and stones of the compare sequences. In
addition, when there is no E in the network, the fused image
presents an over-exposed state. Thus, the introduction of E
can correct the edge details of the fused image to achieve
better performance. As a word, using the three modules C,
S and E putting into the network simultaneously to work
together can reach the highest quality of the fused images.
The quantitative comparisons between different modules are
also shown in Table. IV. From the quantitative result, it is easy
to notice that the use of each module improves the quantitative
scores of fused images.

2) Analysis of the CA Blocks Number: The number of CA
blocks in the CEM also affects the performance of fusion
results. As shown in the middle part of Figure. 7, it is an
enlarged view of the details in the fused image produced using
one CA, two CAs and three CAs (all), respectively. Obviously,
as the number of CA blocks used increases, the detailed
texture and contrast of the fused image are also improved,
because the CA block modifies the information in fused
images according to the human visual attention mechanism.
However, considering factors such as network complexity and
training efficiency, only three CA blocks are used in our
proposed method. The quantitative analysis in Table. V can
illustrate that MEF-SSIM, PSNR, MI and CC have a positive
increase when the number of CA blocks is added.

3) Analysis of Color Correction: The color representation
of fusion results is an important step to enhance fusion quality.
Due to the coordinated working mechanism of CEM and SAM,
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Fig. 8. Ablation analysis about color correction. We display
fused results and corresponding RGB proportion. From left to
right: (a) w/o coordinated working mechanism, (b) ours, (c)
ground truth.

O/U exposed images (a) (b) (c) (d) (e)

Fig. 9. Ablation analysis about feature tradeoff. From left to
right: (a) only use addition operations, (b) use the addition
operation at the end of over-exposed branch and the multipli-
cation operation at the end of under-exposed branch, (c) only
use multiplication operations, (d) ours, (e) ground truth.

the ability of color calibration can be greatly improved. We
disscuss the effect on the color performance of fusion results
with or without this working mechanism in Figure.8. The
proportion of each color component in different results and the
ground truth is also calculated for analyzing. We can notice
that (a) appears obvious color distortion and the proportion is
different from the ground truth. In our proposed method, (b)
presents vivid color, which means the coordinated working
mechanism of CEM and SAM plays a positive role in color
correction.

4) Analysis of feature tradeoff: In the proposed network,
the addition operation is used to reuse former features for
preventing pixel loss. We also employ the multiplication oper-
ation to attach a weight to the feature to highlight details and
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TABLE VII
EFFICIENCY COMPARISON OF DIFFERENT METHODS ON THE SICE DATASET. RUNTIME MEASURED IN SECONDS.

Method DSIFT GBM DEM MESPD MEF-Net IFCNN MEF-GAN U2Fusion PMGI HALDeR CF-Net SD-Net Ours

Platform Matlab Matlab Matlab Matlab Pytorch Pytorch Tensorflow Tensorflow Tensorflow Pytorch Pytorch Tensorflow Pytorch
Runtime 1.907 1.655 0.416 0.183 0.047 0.731 1.007 1.156 0.612 0.086 2.619 0.267 0.079

Network

Network

Network

Network

Image sequence (Ⅰ) Image sequence (Ⅲ)

Network

Image sequence (Ⅱ)

Intermediate result Intermediate result

Fusion result (Ⅰ) Fusion result (Ⅱ) Fusion result (Ⅲ)

Fig. 10. The process of fusing multi-source inputs. Obviously, our proposed method can also well perform with more than two
images.

(1)

O/U exposed images with different EV

(2) (3) (4) (5)

(a) Ground Truth

Fused results

(b) (c) (d) (e) (f)

Fig. 11. Five fusion results of our proposed method generated by different-exposure inputs. The source image sequence is
shown on the top row and the results are shown on the second row. The results (a) ∼ (f) are fused by (1) and (3) ∼ (2) and
(5), respectively.

textures. In order to achieve vivid fusion results, we perform
multiplication and addition operations at the end of the over-
exposure and under-exposure branches, respectively. The fused
results produced by different operations are given in Figure.9,
which can obviously notice that our proposed method is in the
lead. Due to excessive feature reuse, fusion results in (a) occur
partially overexposed phenomenon. In (b), high contrast leads
to appear undesirable artifacts. In addition, owing to adding
more weights from under-exposed images, the performance
of color in (c) is not ideal. We also conduct a quantitative
comparison in Table. VI and our proposed method achieve
the best score.

G. Efficiency Evaluation

The operating efficiency of models is a key factor in eval-
uating performance. In Table. VII, we test the twelve afore-
mentioned compared methods on the SICE dataset, which the

traditional methods, e.g., DSIFT and GBM, are all operated
on Matlab by an i5-11400F CPU, and the deep learning-based
methods are operated on Pytorch/Tensorflow by a NVIDIA
RTX 3060 GPU. From the results, our proposed method is
intensely competitive with others. With the use of the end-
to-end manner in our network, the fusion process can avoid
adjusting strategies complicatedly, so that the time efficiency
is improved. In addition, unlike other networks that add
more convolutional layers to enhance the capability of detail
extraction, the network we proposed uses different modules
collaboratively to extract features and fuse images on the same
level, which further reduces runtime. As the fastest approach,
MEF-Net operates source images by continuous downsam-
pling to improve running efficiency. Although our method is
slightly inferior to MEF-NET, we do not downsample the size
of feature maps to improve time efficiency, in order that it can
guarantee the quality of fused images.
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Fig. 12. Comparisons of results with/without introducing the optical flow network. The first row shows the source images
and the result before misalignment. The second row shows the optical flow map aligned from the over-exposed image to the
under-exposed (O-to-U) image, the optical flow map aligned from the under-exposed image to the over-exposed (U-to-O) image
and their corresponding alignment fusion results, respectively.

O/U exposed images DSIFT GBM DEM MESPD MEF-Net IFCNN

MEF-GAN U2Fusion PMGI HALDeR CF-Net SD-Net Ours

Fig. 13. The fusion results of O-to-U images about 12 state-of-the-art methods. Our method achieves a better performance in
the comparison, e.g., windows of the building.

H. Supplementary Experiments

1) Multi-source Inputs: In a sequence of source images
containing multiple exposures, we try to fuse them sequentially
for getting a more informative fused image. For example, when
the input is three, we first fuse two source images in our pro-
posed method, and then fuse the obtained intermediate result
with another source image to achieve the final fusion result. In
Figure. 10, image sequence (I) and (II) contain source images
with different exposure value and show their respective fusion
results below. As the number of input images increases, the
information of fused images is more than that obtained with
only two source images. Furthermore, the selection of source
images with different exposures also affects the information
about the performance of fused images. In a word, our method
can fuse any number of source images and obtain various fused
results with different inputs.

2) Different-exposure Inputs: The method we proposed is
to fuse two images with large differences in exposure, which
are over/under-exposed images. To further investigate the
results produced by our method, we conduct experiments by
using images with varying exposure value (EV). In Figure. 11,
We choose five source images of the same scene with different
exposure ratios, including two under-exposed and three over-

exposed images. Six different fusion results are generated by
these source images. Since the source images with the same
EV as (2) and (4) are selected for training in our proposed
network, the performance of the fused result (e) by them is
more similar to the ground truth. Although there are some
differences between the fusion result (d) and ground truth,
the performance of (d) in saturation is still outstanding. (c)
also performs vivid in terms of color reproduction. In a word,
the fusion results generated by other exposed images differ
from the actual results and the ground truth, but they are still
meaningful in some ways. As a result, our method can fuse
image sequences with different exposure settings.

3) Unaligned Multi-exposure Image Fusion: During the
shooting of a scene, subject movement and camera shake are
unavoidable. If these unaligned images are fused, the result is
bound to appear blurry and artifacts. In order to solve such
problems, we apply a pre-trained optical flow network called
RAFT [77] before our proposed method and use the calculated
optical flow maps to align source images before fusion. In
detail, RAFT first extracts each pixel features from a source
image. Then, we employ these extracted to establish multi-
scale 4D correlation volumes for finding misaligned pixels on
the corresponding unaligned image. By constantly iterating the
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flow field for these misaligned pixel, RAFT can finally obtain
a aligned image pair to perform MEF tasks.

After registration, we fuse aligned source images, i.e.,
over-exposed-to-under-exposed (O-to-U) and under-exposed-
to-over-exposed (U-to-O) aligned images to obtain different
results. Obviously, We can notice the ghosting in the fusion re-
sults generated without the optical flow network in Figure. 12.
In contrast, the method including the optical flow network
can effectively suppress the appearance of artifacts. Moreover,
as the case of O-to-U source images, we also compare the
aforementioned 12 state-of-the-art methods with our proposed
method in Figure. 13. Notably, although there are still some
unavoidable artifacts in fusion images after registration, our
results are still perform better than others.

V. CONCLUSION

In this paper, we propose a novel multi-exposure image
fusion method based on the deep learning framework by
constructing a coordinated network with the collaborative
extraction module, the self-attention module and the edge
revision module. Each module has an outstanding contribution
to the performance of fusion results in displaying vivid texture
details and attractive visual perception. Our proposed method
and other twelve state-of-the-art methods are compared on two
publicly available datasets. The results show that our method
outperforms in image quality and leads the way in quantitative
metrics. As a result, our method is helpful for the development
of MEF.
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