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In high-dynamic-range (HDR) image reconstruction, the background offset among multiple multi-
exposure low-dynamic-range (LDR) images, wide-range movement of targets, and missing edge
structure information in the over-/under-exposure region cause both ghosting and blurring artifacts.
This study proposed a structure-embedded ghosting artifact suppression network (SGARN) to achieve
detailed preservation and ghosting artifact suppression to address this issue. According to the different
image feature maps’ correlation in channels, a channel and multi-head joint attention network (CMAN)
was designed to highlight the features conducive to high-quality HDR image reconstruction. A dense
multi-scale information transfer network (DMITN) was designed to integrate the characteristics of
different combinations of convolution kernels with different receptive fields. In addition, a structure-
embedded network was designed to predict the edge structure to be compensated from the reference
image. The predicted edge was integrated into the reconstructed HDR image. Compared with state-
of-the-art methods, the proposed method can achieve better visual performance and higher objective
evaluation results on three public datasets. The source codes of the proposed method are available at
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1. Introduction

Compared to digital imaging, high-dynamic-range (HDR) imag-
ing aims to reconstruct images with a higher dynamic range.
Owing to its broad application prospects in games, virtual reality,
medical imaging, and other fields, HDR imaging has attracted
widespread research attention. In natural scenes, the dynamic
range perceived by the human visual system is wide. The op-
erating range of sensors directly constrains the performance of
ordinary digital cameras. However, the dynamic imaging range of
ordinary digital cameras is much smaller than the range the
human eye perceives. High-end cameras are used as early-stage
methods to capture HDR images. Although high-end cameras
can capture HDR images, they are not only expensive but also
not conducive to the development of HDR-related techniques.
Therefore, acquiring high-quality HDR images has attracted con-
siderable attention from researchers in recent years.

An HDR image can be reconstructed from a single low-
dynamic-range (LDR) image as an effective method [1-7]. How-
ever, this type of method cannot integrate the complementary
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information of multiple LDR images captured in the same scene,
resulting in poor HDR image quality. The information from mul-
tiple LDR images with different exposures captured in the same
scene is quite different, and each image contains information
from different dynamic range. Therefore, an HDR image can be
obtained by fusing multiple LDR images with different exposure
levels. Owing to various factors in real scenes, such as the offset
of camera position and foreground target movement, the pixels of
multiple multi-exposure LDR images captured in the same scene
are not aligned in the spatial position. If these multi-exposure
LDR images are directly fused using a static multi-exposure image
fusion method, such as [8,9], noticeable ghosting artifacts are
generated, thereby impairing the quality of the fused image.
Many effective methods have been proposed to generate high-
quality HDR images by fusing unaligned multi-exposure images.
Sen and Zimmer et al. [10,17] proposed to first align multiple LDR
images and then eliminate the ghosting artifacts in the fusion pro-
cess. This type of method relies excessively on the preprocessing
step of image alignment. Therefore, the alignment performance
is often poor when the related LDR images involve a complex
scene and wide-range movement of objects, resulting in ghosting
artifacts in the final fusion result. Heo and Jinno et al. [18-20]
proposed first to detect motion areas, then predict areas with
inconsistent information caused by the movement of targets, and
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Fig. 1. Performance comparison of the reconstruction results of three LDR images involving the wide-range movement of the targets obtained by different methods.
(a) three LDR images are to be fused with unaligned image contents. (b) the reconstruction result obtained by the proposed method. The images shown in the three
rows below (a) and (b) compare three local areas extracted from three LDR images and the reconstruction results obtained by different methods. Three enlarged
local areas (marked in red, blue, and green frames) extracted from LDR1, LDR2, LDR3, the reconstructed images obtained by (1) Sen [10], (2) HDRCNN [1], (3)
SingleHDR [6], (4) Kalantari [11], (5) DeepHDR [12], (6) AHDRNet [13], (7) NHDRRNet [14], (8) HDRGAN [15], (9) HDRI [16] and (10) the proposed SGARN, and (11)

the ground truth are shown from left to right.

finally discard them to solve the issue of information misalign-
ment. This method does not fully use the information in non-
reference images; therefore, the image reconstruction process
cannot recover rich details.

In recent years, deep learning has achieved good performance
in image fusion [21,22], image dehazing [23], person re-
identification [24-27] and model parameter estimation [28,29].
Deep learning-based HDR reconstruction methods [12-16,30,31]
can alleviate these issues to some extent. However, the lack of
effective mining and utilization of input image features limits fur-
ther quality improvement of the reconstruction results. Although
attention mechanism-embedded deep learning methods [13] can
effectively alleviate this issue, they do not highlight the role of
the source image information in HDR image reconstruction at
different feature levels. Therefore, their performance could not
be improved further. As shown in Fig. 1, although some existing
methods are effective, there is still room to improve ghosting
artifact suppression and the maintenance and recovery of detailed
information.

The proposed method solves the following three issues: (1)
ghosting artifact suppression in reconstruction results caused by
the misalignment of image pixels, (2) recovery of detailed infor-
mation of over-/under-exposed regions, and (3) edge structure
preservation of source images during the fusion process. From
the perspective of image fusion, if the information conducive to
improving the fusion quality is selected as much as possible for
HDR image reconstruction, ghosting artifacts introduced by the
misalignment of the source image information can be consider-
ably suppressed. However, the loss of detailed information could
be effectively alleviated. In addition, if edge details consistent
with the ground truth can be predicted and generated based on
the edge structure information of the reference image, the loss of
over-/under-exposure image details can be effectively recovered.
Therefore, this study proposes a structure-embedded ghosting
artifact suppression network (SGARN) without registration to

realize high-quality HDR image reconstruction by fusing multiple
multi-exposure LDR images with shifted content.

Specifically, the correlation and importance of different image
feature channels were fully considered. A channel and multi-head
joint attention network (CMAN) is designed to achieve ghost-
ing artifact suppression and highlight the role of information in
improving the quality of reconstructed images. Unlike existing
attention mechanisms, the proposed SGARN highlights the im-
portance of source image information from multiple perspectives
through a multi-head mechanism. Various characteristics can be
extracted from various combinations of convolution kernels with
different receptive fields. Therefore, a dense multi-scale informa-
tion transfer network (DMITN) was designed to integrate various
extracted characteristics to explore the input image information
further. In addition, a structure-embedded mechanism is pro-
posed to recover the lost over-/under-exposure image details
and prevent the loss of detailed structural information from the
source images. This mechanism can predict the detailed structure
compensated by the reference image structure. The predicted
result was integrated into the output of the DMITN to reconstruct
an HDR image. The proposed network transfers source image
information to the reconstructed image and recovers the lost
over-/under-exposure image details, achieving ghosting artifact
suppression (as shown in Fig. 1). The comparative experimental
results demonstrate the proposed method’s effectiveness and its
superiority over state-of-the-art methods on three challenging
public datasets.

This study has three main contributions as follows.

e A CMAN was proposed to highlight the importance of help-
ful information from different perspectives. This network
fully considers the importance of feature channels and uses
a multi-head mechanism to explore feature importance
from different perspectives. Ghosting artifact suppression
and both the enhancement and utilization of the source
image information are effectively realized.
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e A DMITN was designed to achieve both deep mining and
utilization of useful information by employing the charac-
teristics of different combinations of convolution kernels
with different receptive fields. The role of helpful informa-
tion is effectively highlighted to improve the reconstruction
quality.

e A structure-embedded mechanism was proposed to prevent
the loss of structural details associated with the expected
HDR image. The structural details to be compensated can
be predicted from the reference image structure and inte-
grated into the output of the DMITN to reconstruct high-
quality HDR images. This design effectively avoids the loss
of details during the fusion process and recovers the lost
over-/under-exposure image details.

The rest of this paper is organized as follows: Section 2
discusses the related work; Section 3 introduces the proposed
method in detail; Section 4 analyzes the comparative experimen-
tal results; and Section 5 concludes this work.

2. Related work

According to the type of misalignment solution, HDR image
reconstruction can be categorized into alignment-based meth-
ods [17,32-34], motion detection-based methods [18-20], and
deep neural network-based methods [1,2,4,6,11-15,30].

2.1. Alignment-based methods

In image fusion, the fused images suffer from ghosting artifacts
due to misalignment between the images to be fused. There-
fore, it is necessary to perform a registration operation on the
images to be fused before image fusion. Image registration is
accurate guarantee of image fusion [35]. Commonly used image
registration methods include optical flow-based methods [36,37],
SIFT-based methods [38,39], local regions-based methods [40],
etc. The multi-exposure image fusion method based on image
registration is called alignment-based HDR image reconstruction.
Alignment-based methods usually perform alignment processing
on LDR images before performing multi-exposure image fusion.
Ward et al. [32] proposed to align the shifted images by calculat-
ing the overall pixel offset through binary images. Tomaszewska
et al. [33] proposed to use the SIFT algorithm to find the corre-
sponding key points in consecutive frames to register different
frames. Zimmer et al. [ 17] proposed an optical flow-based method
to align images, but did not make use of HDR contents of mis-
aligned regions. Hu et al. [34] proposed to realize alignment of
target motion areas by dividing an image into blocks to find
the connections among the information in the blocks. However,
this type of method cannot usually achieve satisfactory alignment
performance when any target/object has a wide-range movement
in complex imaging scenes or LDR images, resulting in ghosting
artifacts in fusion results.

2.2. Motion detection-based methods

Motion detection-based methods usually first register LDR
images, then divide pixels into offset and unshifted ones, and
finally eliminate offset pixels to prevent ghosting artifacts. Par-
ticularly, Jinno et al. [19] proposed to use Markov random field
to estimate the displacement, occlusion, and saturation regions
and exclude these regions in the final HDR image. Gallo et al. [41]
proposed to first find the relationship between blocks in the
logarithmic domain to identify motion areas, and then average
the radiance estimation value to reconstruct an HDR image. Heo
et al. [18] proposed to detect the regions involving ghosting
artifacts caused by motion through a joint probability density

Knowledge-Based Systems 263 (2023) 110278

function and use graph-cuts to optimize the energy function for
eliminating ghosting artifacts. Raman et al. [42] used super-pixel
grouping to detect scene changes and discarded blocks with in-
consistent information to alleviate ghosting artifacts during HDR
image reconstruction. Both template matching and hole filling
were used by Zheng et al. [20] to detect and remove offset pixels,
thereby suppressing ghosting artifact. The reconstructed images
by such methods often have an LDR in motion areas, because they
usually ignore motion areas rather than making full use of the
information in motion areas.

2.3. Deep neural network-based methods

Deep neural network-based HDR imaging methods have two
main types. (1) An HDR image is reconstructed from a single
LDR image. (2) An HDR image is reconstructed by fusing mul-
tiple LDR images with different exposure levels. For the first
type, Lee et al. [2] used adversarial learning to generate mul-
tiple multi-exposure LDR images from a single LDR image, and
fused these generated LDR images to reconstruct an HDR im-
age. Fotiadou et al. [4] applied sparse auto-encoders to model
different exposure conditions from image block features, and
then reconstructed an HDR image from a single LDR image by
different exposure levels simulated. Eilertsen et al. [1] designed
a deep autoencoder network to recover lost information in the
saturated areas and enhance the details in the reconstructed
image. Due to information loss in imaging process, Liu et al. [6]
proposed an HDR-to-LDR image formation pipeline composed
of dynamic range clipping, non-linear mapping from a camera
response function, and quantization. Then, three convolutional
neural networks (CNNs) were used to simulate inverse process
of the above three steps to realize LDR-to-HDR transformation.
Owing to relatively limited information in a single image, such
methods usually cannot recover image details in the saturated
areas.

For the second type, Kalantari et al. [11] first used an optical
flow method to align input images, and then applied a deep
neural network to reconstruct HDR image. Wu et al. [12] used an
auto-encoder network to recover HDR image details during image
translation. To further alleviate the negative influence of ghosting
artifacts, Yan et al. [13] used a simple attention mechanism to
guide network to suppress potential ghosting artifacts in non-
reference frames. Yan et al. [ 14] applied feature space correlation
to guide network to recover details in occluded areas. Prabhakar
et al. [43] integrated both bilateral guided upsampling and mo-
tion segmentation masks to reconstruct high-resolution ghosting-
artifact-free HDR images with limited computing resources. Al-
though these methods can effectively improve the quality of
the reconstructed images, there is still room to improvement in
recovering detailed information lost in the over-/under-exposed
areas or in suppressing ghosting artifacts introduced by wide
range movement.

Different from both alignment-based and motion detection-
based methods, the proposed method does not need to perform
image alignment and motion detection in advance. It can auto-
matically retrieve the information associated with the expected
HDR image reconstruction result. Therefore, ghosting artifacts can
be effectively suppressed. The proposed method is also differ-
ent from existing deep neural network-based methods. It not
only maximally explores the features from different levels and
highlights the role of useful information in HDR images, but also
predicts the structure consistent with the ground truth from the
detailed edge information of a reference image. The recovery of
lost details in over-/under-exposed areas can be realized.
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Fig. 2. Diagram of the proposed framework. The original input LDR images {1, X2, ¥3} and the corresponding images {H{, H,, H3} processed by gamma correction
compose an input image group consisting of X; = [Hy, %11, X = [Ha, X,], X5 = [H3, x3]. {X1, X3, X3} is input into the feature extraction network to extract the
initial feature maps. The obtained feature maps are concatenated on channels and sent to the CMAN. After processing in the CMAN, the relationship between feature
channels of the same and different images can be explored and used, so the feature enhancement can be achieved. When the convolution kernels with different
receptive fields are used in different combinations, they have different characteristics. In the DMITN, these characteristics are used to extract more information that
is conducive to the high-quality HDR image reconstruction. The structure-embedded network (SEN) is applied to realize the recovery of the lost edge structure

information.
3. Proposed method
3.1. Overview of the proposed framework

A set of multi-exposure LDR images {Xi, x>, X3} captured in a
dynamic scene is given. As the goal of HDR image reconstruc-
tion, an HDR image aligned with the selected reference image
x; is reconstructed according to the input non-reference images
{x1, %3}, and the reconstructed image contains detailed informa-
tion in {x;, x3}. According to the settings used in [11], LDR images
{x1, x5, X3} to be fused are preprocessed by gamma correction to
obtain the corresponding HDR images {H{, H,, H5}, and the HDR
image H; can be expressed as:

X
Hi:T’,le{l,Z,B}, (1)
1
where y > 1 is gamma correction parameter. According to
literature [44] and parameter analysis in Section 4.6, y is set to
2.2. t; is the exposure time of the LDR image x;. x; and H; are
concatenated to obtain a tensor X; = [x;, H;] with six channels.
X; = [x;, Hi](i = 1, 2, 3) is used as the network input.

As shown in Fig. 2, the proposed method is mainly composed
of four parts: a feature extraction network (FEN), a CMAN, a
DMITN, and a structure-embedded network (SEN). The feature
extraction network is mainly used to extract the initial features
from the input images X;,i € {1, 2, 3}. CMAN is mainly applied
to highlight information conducive to improving image quality
and reducing the negative influence of ghosting artifacts on the
reconstruction result. DMITN fully uses the characteristics of dif-
ferent combinations of convolution kernels with different recep-
tive fields to explore information from input images. SEN ensures
detailed information in reference image is preserved during the
reconstruction process and lost details in over-/under-exposure
and motion regions are recovered.

3.2. Feature extraction network

As shown in Fig. 2, feature extraction is realized by three
convolution layers. The output of each convolution layer has 16
channels. For an input X; € R{*Wx6 the output of the nth
convolution layer is expressed as:

F}; = conv(X;, k = 3, n), 2)

where k is convolution kernel size. The final output feature F; €
RHXWx48 of the FEN is shown as follows:

F; = concat(F! F?l, nyi). (3)

c,i’

where concat represents concatenation operation.

3.3. Channel and multi-head joint attention network

CMAN realizes enhancement and utilization of features by ex-
ploring the relationship between feature channels. This not only
suppresses ghosting artifacts, but also is conducive to fully using
the information contained in different LDR images to reconstruct
high-quality HDR images. As shown in Fig. 3, CMAM consists
of two branches, namely channel attention (CA) and multi-head
attention (MA). CA is mainly used to highlight the importance
of feature channels of a single image. To highlight salient infor-
mation in feature maps, global average pooling (GAP) and global
maximum pooling (GMP) are integrated. This study assumes the
features of two different images input to CMAN are F; and F;.
In CA, the result obtained after concatenating F; and F; is first
processed by 1 x 1 convolution, and then the corresponding GAP
and GMP are applied to extract the global features f; € R'C

and salient features f L‘ € R'*€ on each channel respectively. The
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Fig. 3. Architecture of channel and multi-head joint attention mechanism (CMAM).

above process can be formulated as:
& = GAP(conv(concat(F;, Fj), k = 1))

0 : (4)
i = GMP(conv(concat(F;, F;), k = 1))

where f‘g- and fg are input to the multi-layer perceptrons (MLP)
¢1 and ¢, composed of two fully connected layers, respectively.

The weights wgep € R™™C and weyp € R™C can be
obtained by sigmoid activation function:

weap = sigmoid(e, ﬁ))

Wemp = sigmoid(coz(ff}))’

(5)

According to wgap and weyp, the feature FgA e RIXWXC that
integrates all the advantages of GAP and GMP is obtained:

F{" = conv(Fy, k = 1) © Weap + conv(Fy, k = 1) © Weyp,  (6)

where F; = concat(F;, F;), © represents element-wise multipli-
cation. Weap € RPWXC and Weyp € RFWXC are the tensors
formed by copying each element of wgsp and wgyp into the
matrix, respectively.

CA only focuses on the importance of different channel fea-
tures of the fused feature maps, while ignoring the importance
of different image feature maps at different levels. Therefore, the
proposed method integrates MA into CA to explore the correla-
tion between different images and highlight the role of useful
information in image reconstruction.

To fully explore the channel connections between F; and F;,
MA first performs a reshape operation on the features processed
after 1 x 1 convolution to obtain F 1’] as follows:

F}; = reshape(conv(Fy, k = 1)). (7)

Fj; € R"W>Cis sent to the multi-layer perceptions 3 and ¢, to
explore the relationship between different channel features. @3
and ¢4 are composed of two fully connected layers, respectively.
The output of this process is expressed as:

Fj = ga(ReLU(¢3(F}))). (8)
To highlight the features conducive to the reconstruction re-

sult, F; is first reshaped to obtain Fﬁ}/' € REXWxC Thep, Fgf’

is divided into two sets of feature maps Q; € RH*WxC'/2 anqd
Q € R *WxC'/2 4t channel level. Next, softmax operation is
performed on them respectively to obtain the multi-head self-
attention weight maps Q; and Q;:

{Q}. Qj} = softmax(split(F}")), 9)

where F}! = reshape(F;) € RHXWxC' ¢’ js the number of
heads, and split is the even division operation of feature maps
by channels.

Existing multi-head self-attention methods directly multiply
weight maps and input feature maps. However, the proposed
method separates the multi-head attention weight maps. The
separated weight maps are multiplied with the corresponding
elements of each channel of the input features F; and F; to obtain

the feature map set {F}, F?, ..., Ff’/z}:
F' =Q{{m} OF;
FI'=Qj{m} OF/
where m = 1,2,...,C'/2, Q{{m} € R"*" and Qj{m} € R"*W
are the weight maps of the mth head of F; and F; respectively. C’

feature maps are concatenated to obtain the feature map F 3-“ of
the multi-head self-attention branch as follows:

MA 1 2 C’/Z 1 2 C’/Z
Fj" = concat(F;,F;,....F; ", F; F;,....F; "), (11)

(10)

where F!* € RHXWx(CxC) I this way, the relationship between
the features of different channels in different images can be
fully explored to reconstruct HDR images, which is conducive to
highlighting the information associated with the expected HDR
image and suppressing ghosting artifacts.

To integrate the advantages of CA and MA, the output feature
F gA of CA and the output feature F g/m of MA are first concatenated,
and then fused through 1 x 1 convolution. Finally, the feature
Ff} € RIXWxK of CMAN-guided feature is obtained:
Ff; = conv(concat(F§", F}"), k = 1). (12)

Assuming that there are three original images to be fused,
the feature maps F%,, F5;, and F/;, and the feature map F, of
the reference image are obtained by CMAN. F},, F4;, and F},
contain the relationship between any two images. Considering
the difference in information carried by F7,, F55, F/;, and F, the
learnable weights a1, o, a3, and o4 are introduced to adjust the
role of F4,, F5,, F4;, and F, in HDR image reconstruction. These
feature maps is integrated as follows:

Foum = concat(a Fy,, aaFys, asF45, asF3). (13)
3.4. Dense multi-scale information transfer network

To ensure the high quality of the reconstructed HDR image,
an effective feature extraction method is first used to maximally
extract the useful information carried by source images, and then
the extracted information is applied to HDR image reconstruction.
For convolution-based feature extraction, the extracted features
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Fig. 4. Structure of dense information transfer block (DITB) in DMITN.

are different when different combinations of convolution kernels
with different receptive fields are used. For example, after ap-
plying the 3 x 3 convolution layer to the output of the 5 x 5
convolution layer, the extracted features show the characteriza-
tion of the image features extracted from the large receptive field
(5 x 5) in the small receptive field (3 x 3). In contrast, after
applying the 5 x 5 convolution layer to the output features of
the 3 x 3 convolution layer, the extracted features show the
characterization of the image features extracted from the small
receptive field (3 x 3) in the large receptive field (5 x 5).

These two feature extraction methods can describe image
features from different aspects. The features extracted by them
have a certain complementarity. Therefore, a dense information
transfer block (DITB) is proposed as shown in Fig. 4, which con-
sists of two branches, upper and lower. The upper branch is
composed of convolutional layers C1, C3 and C5, and the lower
branch is composed of convolutional layers C2, C4 and C6. The
convolution kernels are setto 1 x 1,3 x 3,and 5 x 5 for C1, C3,
and C5, respectively, and 5 x 5,3 x 3,and 1 x 1 for C2, (4, and
C6, respectively. In addition, dense skip connections are added
to the DITB, which helps prevent the loss of shallow features.
Specifically, the convolution layers are divided into three groups,
C1 and C2, C3 and (4, and C5 and C6. After the input feature
Foum1 and Fg,y are processed by 1 x 1 and 5 x 5 convolutions
respectively, the corresponding features F.; and F, are obtained:

Fey = conV(Fgymi, k = 1), F; = conv(Fgym, k = 5), (14)

where Fomi = convi(Foum, k = 1), Faumz = conv(Feum, k = 1).
conv; and conv, denote two different 1 x 1 convolutions.
In the upper and lower branches, the results obtained by
concatenation operation can be expressed as:
Fupl = COl‘lC&t(Fcl, Fe,, Fsuml) (15)
F o1 = concat(Fy, Fe1, Fyuma)
The features obtained by the first concatenation operation are
further extracted using two 3 x 3 convolution layers, and then
the second concatenation operation is performed:
FupZ = COHCElt(FC3, Fc1, Fomi, Feq) (16)
Fdowz = COl‘lC&t(FC3, FCZ» Fsum27 Fc4)
where F¢3 = conv(F 1, k = 3), Fea = conv(Fgo,1, k = 3).
After dense information transfer, the concatenated feature is
obtained:

F oo, = concat(Fs, Fc3, Fq, i:sumla FsumZa Fe, Fe4, F2), (17)

where Fes = conv(Fypy, k = 5), Feg = conv(F gy, kK = 1). Feon
is processed by 1 x 1 convolution to achieve channel fusion, and
the input feature Fy,, is added. The feature F ., is obtained:

Fmerg = COl‘lV(an, k= 1) + Fsym, (18)

where F, is the feature obtained by a DITB. The proposed
method uses a total of three DITBs to extract useful information
for HDR image reconstruction.

In the DMITN, the output features of three DITBs are concate-
nated. The concatenated features are first processed by 3 x 3 con-
volution, and the feature F, of the reference image is added. Then,
the processed features and F, are fused by 1 x 1 convolution.
The fused feature maps are concatenated with the compensation
features predicted by the structure-embedded network. Finally,
1 x 1 convolution is used to fuse the concatenated features on
channels, and 3 x 3 convolution is applied for reconstructing HDR
image.

3.5. Structure-embedded network

In LDR images, some detail is lost in the target motion areas
and over-/under-exposure areas. In HDR image reconstruction,
it is difficult to directly recover lost details in these areas. This
study attempts to use the edge structure in the reference image
to predict the detailed structure of the expected HDR image.
Therefore, SEN is proposed to compensate the detailed structure
information in the reference image to the reconstructed HDR
image.

In SEN, sobel operator is first used to extract edge information
of the three channels R, G, and B of the input image, and then
the extracted edge information is concatenated to obtain a three-
channel structure edge map. The concatenated edge image is
mapped by residual blocks to obtain the edge features Fegge that
need to be integrated. The above process can be expressed as:

Fe4qe = RB(concat(soble(x5), soble(x5), soble(x5))), (19)

where x5, x5, x5 represent the R, G, and B channels of the refer-
ence image X, respectively, and RB represents residual blocks.

Unlike existing HDR reconstruction methods that directly
recover lost information from over-/under-exposure and tar-
get motion areas, the proposed method predicts the detailed
structure that needs to be recovered based on the reference
image x,. The proposed method not only makes full use of
the edge structure information in the reference image, but also
effectively avoids the problem of recovering lost details directly
from over-/under-exposure and target motion areas. Therefore,
the proposed method has a stronger feature recovery ability
compared to existing methods.

3.6. Loss function

According to the settings in literature [11], both ground truth
HDR image H and network prediction image H are processed
by the tone mapping function before calculating the loss. The
differentiable w-law function for tone mapping is defined as:

_log(1+ uH)

TiH)= log(1+p) (20)
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where p as a parameter determines the degree of compression,
which is set to 5000 according to [11]. T(H) is the tone mapped
image of the HDR image H. In the proposed method, I;-loss is
used to ensure that the reconstructed HDR image H is consistent
with the ground truth H:

Lyixet = IT(H) — T(H)|1 (21)

where T(H) represents the ground truth after tone mapping.

In the SEN, [;-loss is applied to the output of SEN and edge
structure of the ground truth. Therefore, the network can accu-
rately predict the edge details that need to be compensated for
the reconstructed HDR image:

Lstr = ”Flabel—s[r - Fs[r”l, (22)

where Fge_sr iS the edge structure of H detected by soble
operator, and Fg, is the output of SEN.

The structural similarity (SSIM) [45] is used to measure the
structural similarity between two images. When the value of
SSIM increases, the structure of the two images becomes more
similar. The loss function L, is used to ensure that the structural
similarity between the reconstructed image and ground truth is
high.

Losim = 1 — SSIM(T(H), T(H))
Creren ey + 120 @y + 72)

2 2 2 2
(W) + Mgy + 71070 + 07 ) + 72)

, (23)

where pr@) and Mgy Tepresent the mean values of T(H) and
T(ﬁ ) respectively. Oreuyriry Tepresents the covariance of T(H) and
T(H). UTZ(H) and ‘TTZ,} represent the variance of T(H) and T(H)

. ) .
respectively. ; ané 7, are constants. The total loss function can
be expressed as:

L= Lpixel + oLy + BLssim. (24)

where « and 8 are hyperparameters.

4. Experiments
4.1. Dataset

Training dataset: Kalantari's dataset [11] is commonly used in
HDR image reconstruction, including training and test sets. The
training set of Kalantari’s dataset is used to train the model in
this study. Specifically, the training dataset contains 74 image
sets taken in different scenes, and all images is resized to 1500 x
1000. Each image set contains three LDR images with different
exposure levels and one HDR image captured in the same scene.
In each image set, the medium exposure image among three LDR
images is selected as the reference image, and the HDR image
is used as the ground truth. The reference image and ground
truth contain the same scene content, and the two images are
strictly aligned. To increase the number of the training samples
and avoid model overfitting, the training images are randomly
cropped, horizontally and vertically flipped using the method
in [12] to obtain 512 x 512 image blocks as the training samples
of the proposed model.

Testing dataset: This study uses Kalantari’s [11], Sen’s [10]
and Tursun’s [46] datasets to verify the effectiveness of the pro-
posed method. Kalantari’s dataset [11] includes 15 testing sample
sets, and each set contains three LDR images to be fused and one
ground truth HDR image. Sen’s [10] and Tursun’s [46] datasets
without ground truth are used as the testing sets to verify the
generalization ability of the proposed method. For these two
datasets, the comparative experimental results show the visual
effect of the reconstructed HDR images obtained by different
methods, and blind image quality assessment is performed on the
reconstructed images.
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4.2. Implementation details

In the training phase, Adam optimizer [47] is used, and batch
size is set to 3. The learning rate is adjusted by warm-up to
achieve the effective network training. First, the initial learning
rate is set to 1073 and used until the 1500th epoch. Then, the
learning rate decays to 1074, and to 10~ at the 2500th epoch.
Finally, 10~ as the learning rate is used until the end of train-
ing. The proposed model is trained for a total of 3100 epochs.
PyTorch is used as the implementation platform of the proposed
framework. The proposed entire network model is trained on a
PC equipped with an Intel i10 CPU, 36 GB memory, and an Nvidia
GeForce RTX 3090 GPU.

4.3. Evaluation metrics

PSNR-L, SSIM-L, PSNR-x, SSIM-u, and HDR-VDP-2 [48] are
used to evaluate the reconstruction results obtained by different
methods on Kalantari’s testing dataset. In addition, UDQM [46]
and BTMQI [49] are two metrics of blind image quality assess-
ment to measure the performance of different methods on Sen’s
and Tursun’s datasets. PSNR-L and SSIM-L are used to measure
the similarity between the reconstructed HDR image and ground
truth in the linear domain. PSNR-x and SSIM-u are used to
evaluate the quality of the reconstructed HDR image in the p-law
domain. HDR-VDP-2 is used to measure the visibility and quality
of the reconstructed HDR image under different brightness con-
ditions. UDQM is used to comprehensively evaluate the ghosting
artifact suppression of the reconstructed HDR image from four
aspects Qg (blending metric), Q¢ (gradient inconsistency metric),
Qy (visual difference metric), and Qp (dynamic range metric).
BTMQI is used to evaluate the overall image quality by measuring
the information entropy, naturalness, and structure information
of tonemapped HDR images.

4.4, Comparison with state-of-the-art methods

The proposed method is compared with the state-of-the-art
methods on Kalantari’s, Sen’s, and Tursun’s testing datasets to
verify its effectiveness. The comparative methods can be di-
vided into three categories: (1) patch-based method, Sen [10],
(2) single-frame reconstruction-based methods, HDRCNN [1] and
SingleHDR [6], (3) deep neural network-based methods, Kalan-
tari [11], DeepHDR [12], AHDRNet [13], NHDRRNet [14], HDR-
GAN [15] and HDRI [16]. Specifically, Kalantari’s method requires
optical flow to preprocess image alignment before images are
fed to the network, and DeepHDR needs to use homography
transformation to align the background of the input images.
AHDRNet, NHDRRNet, HDRGAN, HDRI and the proposed method
do not require any image preprocessing.

Visual evaluation on dataset with ground truth: Figs. 5 and
6 show the reconstruction results obtained by different methods
on two testing sample sets of Kalantari’s dataset. All HDR images
displayed in this section are tonemapped using Photomatix [12].
Figs. 5(a)-(c) and 6(a)-(c) are LDR images. Owing to the move-
ment of the foreground targets and the over-/under-exposure
of local areas in the images to be fused, some local areas in
the images lose partial details. This poses a great challenge for
high-quality HDR image reconstruction. To recover lost details
based on the reference image (shown in Figs. 5(b) and 6(b)),
the information in LDR images must be integrated into the re-
constructed HDR image. In addition, due to the movement of
targets, ghosting artifacts appear in the fusion result. Therefore,
ghosting artifact suppression and image edge detail restoration
and maintenance are two key issues that should be solved in HDR
image reconstruction. Figs. 5(d)-(m) and 6(d)-(m) compare the
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Fig. 5. Reconstructed HDR images obtained by different methods on the parking lot scene-1 image in the testing dataset of Kalantari dataset. (a)-(c) are three LDR
images with different exposures and (b) is selected as the reference image. (d)-(m) are HDR images reconstructed by different methods. (n) is the ground truth.

visual effects of tonemapped HDR images obtained by different
methods. Partial local areas of these HDR images are enlarged for
further comparison.

As shown in Fig. 5(d), although Sen’s method can reconstruct a
HDR image, it cannot ideally recover the lost details. Additionally,
when this method fuses the images shown in Fig. 6(a)-(c), it
not only causes unsatisfactory detail recovery (shown in the en-
larged background area marked in the red frame of Fig. 6(d)), but
also introduces distortion (shown in the enlarged area marked
in the blue frame of Fig. 6(d)). As a main reason, this block-
based method mismatches some blocks from the saturated areas
of different images. Although HDRCNN and SingleHDR as two
single-frame reconstruction-based methods can avoid the intro-
duction of ghosting artifacts and distortion, they cannot obtain
necessary information from non-reference images to reconstruct
edge details. Therefore, the reconstructed images have blurred
artifacts. As shown in the areas marked in blue and green frames
of Figs. 5(g) and 6(g), the reconstructed image obtained by Kalan-
tari’s optical flow-based method has color distortion and ghost-
ing artifacts, which are caused by the deviation of optical flow
alignment.

Although DeepHDR and NHDRRNet achieve better visual ef-
fects, slight ghosting artifacts appear on human face, which are
marked in the green frames of Fig. 5(h) and (j). Additionally,
the enlarged areas marked in red frames of Fig. 6(h) and (j) are
over-bright, and the partial details of the objects appearing at the

local image edges are weakened. Although AHDRNet introduces
an attention mechanism to alleviate ghosting artifacts to a certain
extent, it fails to highlight the role of key information in non-
reference images. Therefore, slight ghosting and blurring artifacts
appear in the enlarged areas marked in the red and green frames
of Fig. 5(i). Additionally, as shown in the enlarged areas marked
in the red and green frames of Fig. 6(i), not only oversaturation
is introduced, but also some image details are lost. Owing to the
unstable training of Generative Adversarial Network (GAN), the
results of the HDRGAN method suffer from slight ghosting arti-
facts (shown in the region marked in the blue frame in Fig. 5(k)
and the region marked in the green frame in Fig. 6(k)). According
to the region marked in the blue frame in Fig. 5(1), ghosting
artifacts appear in the experimental results of the HDRI method
due to the serious oversaturation area in the scene. Compared
with the above existing methods, the proposed method highlights
the useful information and predicts the detailed structure infor-
mation of the expected HDR image based on the edge structure
of the reference images. Therefore, the proposed method can
effectively suppress ghosting artifacts and recover image details.

Visual evaluation on dataset without ground truth: This
study compares the performance of different methods on Sen’s
and Tursun’s datasets to verify the generalization ability of the
proposed model. The reconstruction results of two scenes of each
dataset are demonstrated. Fig. 7 show the four sets of LDR images
to be fused from Sen’s and Tursun’s datasets. Fig. 8 show the
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Fig. 6. Reconstructed HDR images obtained by different methods on the parking lot scene-2 image in the testing dataset of Kalantari dataset. (a)-(c) are three LDR
images with different exposures and (b) is selected as the reference image. (d)-(m) are HDR images reconstructed by different methods. (n) is the ground truth.

tonemapped HDR images obtained by different methods on the
two scenes of Sen’s dataset shown in Fig. 7. As shown in the
enlarged area marked in the red frame of Fig. 8(a), owing to the
movement of the hand in the non-reference images, Sen’s method
introduces ghosting artifacts. Additionally, this method not only
fails to effectively recover the handwriting shown in the enlarged
areas marked in the red frame of Fig. 8(k), but also introduces
slight noise in the lower jaw. The single-frame reconstruction-
based methods HDRCNN and SingleHDR cannot integrate the
information of all LDR images, resulting in poor performance on
the recovery of image details and even partial over-exposure (as
shown in Fig. 8(b) and (c)).

Owing to the simple network structure, Kalantari’s method not
only introduces ghosting artifacts shown in the enlarged areas
of Fig. 8(d), but also fails to effectively recover the details. As
shown in the enlarged area marked in the green frame of Fig. 8(n),
this method also introduces noise into the reconstruction result.
In addition, as shown in the enlarged areas marked in the red
frames of Fig. 8(e)-(g) and (0)-(q), DeepHDR, AHDRNet, and
NHDRRNet fail to recover lost details. DeepHDR and NHDRRNet
also introduce slight grid effect in the fusion results (shown in
the enlarged area marked in the green frames of Fig. 8(0) and
(q)). DeepHDR and NHDRRNet are developed based on the U-
net structure, deconvolution operation tends to introduce grid
effect. The attention-guided method AHDRNet does not make full
use of the information in the non-reference images, resulting
in unsatisfactory details of the reconstruction results. Although

HDRGAN achieves better visual effect, it introduces slight noise as
shown in the marked region in Fig. 8(h). According to the region
marked in red in Fig. 8(s), noise appears in the experimental
results of HDRI, when dealing with scenes with a large dynamic
range. In contrast, the proposed method fully explores the useful
information of all LDR images, and makes full use of the edge
details of the reference images, so high-quality HDR images can
be reconstructed.

Fig. 9 shows the reconstruction results obtained by different
methods on the two sets of LDR images shown in the last two
rows of Fig. 7. Sen’s method introduces ghosting artifacts shown
in the enlarged area marked in green frame of Fig. 9(a) and
(k), which affect the visual effect of the reconstruction results.
HDRCNN and SingleHDR cause the color distortion of the recon-
struction results. As shown in Fig. 9(d) and (n), the reconstruction
results obtained by Kalantari’s method have severe deformation
and ghosting artifacts (shown in the enlarged area marked in
green frame of Fig. 9(d) and (n)). As a main reason, Kalantari's
method cannot solve the misalignment caused by the optical
flow method. As shown in Fig. 9(e), (f), (o), and (p), the results
obtained by DeepHDR and AHDRNet not only cause the distortion
of edge details but also introduce ghosting artifacts. Mesh effect
is introduced to the reconstruction results obtained by DeepHDR
and NHDRRNet, and ghosting artifacts as shown in Fig. 9(o) and
(q) are not effectively suppressed. The region marked in green
in Fig. 9(h) is slightly blurred. This is because HDRGAN uses a
cascaded structure to design the generator, which may cause the
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Fig. 7. Four sets of LDR images from Sen’s and Tursun’s datasets. LDR1, LDR2 and LDR3 images are shown from left to right. The first and second row are from

Sen’s dataset, and the third and fourth row are from Tursun’s dataset.
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Fig. 8. Comparison of the reconstruction results obtained by different methods on the two sets of LDR images from Sen’s dataset.

loss of some details in the reconstruction process. As shown in the ghosting artifacts caused by the movement of the car but cannot
regions marked in red and green in Fig. 9(i), HDRI eliminates the recover the details of the over/under-saturated areas, resulting in

10
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Fig. 9. Comparison of the reconstruction results obtained by different methods on the two sets of LDR images from Tursun’s dataset.

Table 1
Performance comparison of the proposed method and state-of-the-art methods
on Kalantari’s testing dataset.

Methods PSNR-p SSIM-;¢ PSNR-L SSIM-L  HDR-VDP-2
Sen [10] 416114  0.9831 40.9453  0.9805 60.4599
HDRCNN [1] 13.8351 0.7800 13.9231 0.4682  51.0721
SingleHDR [6] 12.2975  0.8491 9.6874 0.3358 53.2721
Kalantari [11] 42.7423  0.9877 40.7217  0.9824  63.0420
DeepHDR [12] 41.6377  0.9869 40.8801 0.9857 64.9001
AHDRNet [13] 43.6172  0.9900 41.0390  0.9702 63.8429
NHDRRNet [14]  42.4143  0.9887 37.4557  0.9838 61.2107
HDRGAN [15] 43.8435  0.9907 41.4845  0.9871 64.4497
HDRI [16] 43.1807  0.9892 41.6862 09864  64.4560
Proposed 43.9609  0.9907 415123 09874  65.2112

color distortion and discrete details in the experimental results.
As shown in the enlarged areas marked in Fig. 9(j) and (t),
the proposed method truly reconstructs scene structure, clearly
recovers image details, and effectively avoid ghosting artifacts.
Quantitative evaluation: Since the samples in Kalantari’s test-
ing dataset have the corresponding ground truth, five evaluation
metrics PSNR-L, SSIM-L, PSNR-u, SSIM-u, and HDR-VDP-2 are
used to evaluate the quality of the results obtained by different
methods. Table 1 shows the average values of all evaluation
results obtained by each method. The proposed method achieves
the best performance on PSNR-u and SSIM-p, because it not only
effectively suppresses ghosting artifacts but also effectively re-
covers the missing edge details and avoids introducing noise. For
HDR-VDP-2, the proposed method also has obvious advantage.
The reconstruction results of the proposed method have better
visibility and quality. Fig. 10(a) and (b) show the average UDQM
and BTMQI values of the reconstruction results obtained by dif-
ferent methods on Tursun’s dataset, respectively. Sen’s dataset
lacks the real exposure time of LDR images, so UDQM cannot be
calculated. Only the average BTMQI values of the reconstructed
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images obtained by different methods on Sen’s dataset is shown
in Fig. 10(c). According to the results shown in Fig. 10, com-
pared with other methods, the proposed method achieves better
performance.

4.5. Ablation study

The proposed method consists of three core modules, CMAN,
DMITN, and SEN. In ablation study, the model without these three
modules is used as Baseline. After adding channel attention to the
Baseline, the model is named as Baseline+CA. After adding CMAN
to the Baseline, the model is named as Baseline+CMAN. After
adding DMITN to Baseline+CMAN, the model is named as Base-
line+CMAN+DMITN. After adding SEN to Baseline+CMAN+DMITN,
the model is called Baseline+CMAN+DMITN+SEN. The settings
of all experiments in ablation study are the same as those in
Section 4.2. Fig. 11 compares the local visual effects of the results
obtained by models under different settings when the LDR images
shown in Fig. 1 are used to reconstruct the corresponding HDR
image.

Effectiveness of CA: As shown in Fig. 11(b), compared with
Baseline, Baseline+CA reduces ghosting artifacts to a certain ex-
tent. Since CA adjusts the different roles played by different
channels of the reference image and other LDR images in HDR im-
age reconstruction, ghosting artifacts are effectively suppressed.
The values of objective evaluation indicators shown in Table 2
further verify the effectiveness of CA.

Effectiveness of CMAN: Baseline+CMAN is obtained by adding
MA to Baseline+CA. Compared with Fig. 11(b), ghosting artifacts
shown in Fig. 11(c) are further weakened. MA can highlight
the useful information of the reconstructed image from differ-
ent levels of the feature maps, so ghosting artifacts are further
suppressed. According to objective evaluation metrics shown in
Table 2, when CA is replaced by CMAN, the performance of all
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Table 2
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Quantitative comparison of the performance of different module combinations in the proposed model.

Methods PSNR-1¢

SSIM-

PSNR-L SSIM-L HDR-VDP-2

42.3734
42,9481
43.3701
43.7415
43.9609

Baseline

Baseline+CA

Baseline+CMAN
Baseline+CMAN+DMITN
Baseline+CMAN+DMITN+SEN

0.9847
0.9896
0.9903
0.9905
0.9907

40.0215
40.5967
41.1520
41.3672
415123

0.9856
0.9868
0.9870
0.9873
0.9874

63.4450
64.3538
64.7209
64.8741
65.2112

0431115
0.426003

0.419232
0.414749

0.411828
0.409813

0.398432
0.393879

UDQM Value
e
]

0.380895
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4.16287
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3.72424 3.68775 3.64733

Kalantari AHDRNet

(c)

Fig. 10. Comparison of UDQM and BTMQI obtained by different methods on
Tursun’s and Sen’s datasets.

Sen HDRCNN Si HDRGAN  HDRI  Proposed

objective evaluation metrics is further improved. Therefore, the
effectiveness of CMAN is confirmed.
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Table 3
Impact of different values of C’ on model performance.

Methods PSNR-10 SSIM-p PSNR-L SSIM-L

C'=0 43.4031 0.9903 41.3565 0.9868
C'=4 43.5144 0.9904 41.3206 0.9869
C'=6 43.6385 0.9904 41.3953 0.9871
=8 43.9609 0.9907 41.5123 0.9874
C’'=10 43.7171 0.9905 41.4056 0.9873
C'=12 43.6826 0.9902 41.2674 0.9868

HDR-VDP-2

64.5939
64.7306
64.9576
65.2112
65.1734
64.5693

Effectiveness of DMITN: The results obtained by
Baseline+CMAN and Baseline+CMAN +DMITN are compared to
prove the effectiveness of DMITN. Compared with Baseline+CMAN,
ghosting artifacts are effectively suppressed, and local details
(e.g. branches) are recovered in the result obtained by Base-
line+CMAN+DMITN (as shown in Fig. 11(d)). DMITN can further
explore the useful information in the input images to recon-
struct HDR image by using different combinations of convolution
kernels. According to the values of objective evaluation metrics
shown in Table 2, compared with Baseline+CMAN, the overall
performance of Baseline+CMAN+DMITN is improved. Therefore,
the effectiveness of DMITN is proved.

Effectiveness of SEN: SEN is mainly used to recover the
lost details. After SEN is added to Baseline+tCMAN+DMITN, Base-
line+CMAN+DMITN+SEN improves obviousness and richness of
the reconstructed image details. Since SEN can predict the miss-
ing details based on the edge structure in the reference image, it
not only alleviates the difficulty of recovering lost details in HDR
image reconstruction, but also suppresses the negative influence
of ghosting artifacts on visual effects. Similarly, the results of
objective evaluation metrics shown in Table 2 also prove the
effectiveness of SEN.

The impact of the number of heads used in CMAN: The
proposed method uses MA to explore the key information of
features from different levels. The impact of the number of heads
C’ on performance is analyzed. The performance of the proposed
method is analyzed on Kalantari’s dataset when C’ is set to 0, 4, 6,
8, 10, and 12. According to Table 3, when the value of C’ increases
from 4 to 8, the values of most evaluation metrics increase. The
values of all evaluation metrics decrease when C’ increases from
8 to 12. Therefore, C’ is set to 8 in all experiments of this study.

The impact of batch size on model performance: In this sec-
tion, ablation experiments are performed to select an appropriate
batch size. In the experiments, the batch size is set from 1 to
5. The models with different batch size are tested on Kalantari’s
testing dataset. Fig. 12 show the impact of batch size on the
model performance. As shown in Fig. 12, when batch size is 3,
the performance of the model is optimal. Therefore, batch size is
set to 3.

4.6. Parameter selection and analysis

In Eq. (24), the values of two hyperparameters « and 8 need to
be determined. They are analyzed on Kalantari’s testing dataset.
On the premise of fixing one parameter, another parameter is
adjusted by manual search. « and B are set to 0.01, 0.05, 0.1,
0.5, and 1, respectively. Fig. 13 illustrates the PSNR-L/SSIM-L
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Fig. 11. Influence of each module in the proposed method on the visual performance of the reconstructed HDR images. (a) Partial effect of the result obtained by
Baseline, (b) Partial effect of the result obtained by Baseline+CA, (c) Partial effect of the result obtained by Baseline+CMAN, (d) Partial effect of the result obtained
by Baseline+tCMAN+DMITN, (e) Partial effect of the result obtained by Baseline+CMAN+DMITN+SEN.

Table 4
Performance comparison of the proposed method and state-of-the-art methods on the number of model parameters and the inference time.
Methods Sen HDRCNN SingleHDR Kalantari DeepHDR  AHDRNet NHDRRNet HDRGAN HDRI Proposed
Params(M) - 29.40 83.30 0.30 20.40 1.24 38.10 2.56 6.70 0.89
Time (s) 6181  0.44 13.08 29.14 0.28 0.30 0.31 0.69 2061 053
LG 9:9876 5. Conclusion
) 0.9874
i /A/ /\A 09872 This study proposes a structure-embedded ghosting artifact
D414 N\ 0.9870 suppression model consisting of three modules, CMAN, DMITN,
E \ GiseEE and SEN, to achieve HDR image reconstruction from multiple
%413 : - § LDR images involving the target motion. The proposed mo_del
g, 09568 2 not onlyv solves the information loss'caused by the occlu51_on
: ' and motion of targets but also effectively suppresses ghosting
40 —4—PSNR-L 09862 artifacts generated in HDR image reconstruction. The designed
ssiL | 0-9860 CMAN can highlight useful information about the reconstructed
41.0 5 , \ . 0.9858 image, which is conducive to ghosting artifact suppression and
1 2

Batch Size

Fig. 12. Impact of batch size on model performance.

curves when each hyperparameter changes. As shown in Fig. 13,
when « 0.5 and B 0.1, PSNR-L and SSIM-L obtain the
optimal values. Therefore, this study sets « and g8 to 0.5 and 0.1,
respectively.

In addition, the influence of the calibration coefficient y in
Eq. (1) on model performance is analyzed. The models with dif-
ferent values of y are tested on Kalantari’s testing dataset. Fig. 14
shows the PSNR-L/SSIM-L curves when y changes. According to
Fig. 14, when y is 2.2, the model achieves the best performance.
Therefore, this study sets y = 2.2.

4.7. Time cost and parameter amount

This section compares the time cost and parameter amount
of different methods. Table 4 shows the corresponding results. In
Table 4, “-” means no correlation, “Time” means the inference
time, and “Params” means the model’s parameter amount. The
inference time is the average time to process images from 15
scenes in Kalantari's testing dataset.

The block match-based Sen’s method consumed much more
time than the other methods. In neural network-based methods,
Kalantari’s method took more time due to preprocessing by op-
tical flow. The proposed method took moderate inference time.
However, it uses fewer model parameters and has better fusion
performance at the same time consumption level. Therefore, such
results are acceptable. In general, the proposed method balances
the inference time and the number of model parameters well, and
achieves better visual performance and quantitative results.
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recovering lost details in saturated areas. The proposed DMITN
ensures the richness of feature information and provides the
extracted features with a strong characterization ability, which
plays a positive role in ghosting artifact suppression. In addition,
because the proposed SEN can predict the edge details of the re-
constructed HDR image from the detailed edge information of the
reference image, it not only preserves the existing edge details
but also achieves the recovery of missing detailed information.
The proposed method is superior to state-of-the-art methods on
three public HDR datasets.
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