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Super-resolution (SR) and high-dynamic-range (HDR) enhancement are different image restoration tasks 
and require specialized models to be trained for each task. This work aims to tackle the all-in-one enhance-
ment task that handle both super-resolution and HDR enhancement with a single model. To facilitate re-
search, we construct a new dataset, namely SR-HDRSet, containing over 5,000 training samples. Inspired 
by the conventional 3D lookup table (3D-LUT) theory, deep network, and guided filter, we further propose a 
unified network for joint super-resolution and HDR image restoration model called SR-HDRNet. First, we 
integrated neural networks with 3D-LUT to create an image-guided 3D-LUT learnable module that expand-
ed the color gamut and dynamic range. Next, we introduced a novel deep multi-scale feature improvement 
module designed to extract multi-scale texture features and efficiently expand the receptive field. Finally, 
we developed a learning-guided filter (LGF) module that enhanced the edge details, leading to the final re-
constructed HR-HDR image. On the 2× and 3× experiments, the mean PSNR values of the proposed model 
surpassed the other state-of-the-arts methods by 0.61-1.43 dB and by 0.26-1.71 dB, respectively. Meanwhile, 
the SSIM also achieved competitive values. The comparisons validate that our proposed framework outper-
forms the current state of the art.
KEYWORDS: All-in-one image restoration, High dynamic range, Super-resolution, 3D-LUT, Multi-scale en-
hancement, Guided filter.
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1. Introduction
Image restoration aims to reconstruct high-qual-
ity images from degraded ones. It has been wide-
ly applied in unmanned aerial vehicle (UAV) re-
mote sensing, multimedia, and other fields, where 
displays are increasingly equipped with 4K ul-
tra-high-definition (UHD) and high dynamic range 
(HDR) capabilities to deliver superior visual expe-
riences. However, the high cost of producing UHD 
content and lengthy production cycles remain sig-
nificant barriers. Consequently, high-definition 
(HD) content with lower resolution (e.g., 2K) and 
standard dynamic range (SDR) is still widely used. 
Therefore, converting low-resolution standard dy-
namic range (LR-SDR) images into high-resolution 
high dynamic range (HR-HDR) images with intelli-
gent computational methods has become essential 
at the content production end.
In this paper, we aim to tackle the joint super-reso-
lution and HDR restoration task, which can recon-
struct one HR-HDR image directly from a single 
LR-SDR image. However, such joint SR-HDR is a 
complex problem. To achieve the goal, we need solve 
two problems simultaneously: super-resolution con-
verting from LR to HR and HDR enhancement con-
verting from SDR to HDR. Super resolution focuses 
on solving the problem of spatial detail loss, paying 
attention to the clarity, edge integrity, and texture 
authenticity of images [1, 27]. HDR algorithms aim 
to restore richer brightness levels and color rang-
es in the original scene, compensating for the lost 
visual information in SDR images due to dynamic 
range limitations [21, 11]. Therefore, they are differ-
ent image restoration tasks and require specialized 
models to be trained for each task. Many researchers 
have attempted to cascade SR and HDR algorithms 
to generate HR-HDR images from LR-SDR ones [9, 
19]. However, it is inefficient, as this step-by-step ap-
proach presents shortcomings, including error accu-
mulation, high system complexity, and inconsistent 
training objectives among modules, making achiev-
ing optimal performance complex [34]. For the joint 
SR and HDR task, it is essential to simultaneously 
restore fine-detail and contrast while increasing the 
spatial resolution, dynamic and color gamut range 
when predicting the HR-HDR image from the LR-
SDR input. To solve these drawbacks, we address the 

all-in-one image restoration task to handle multiple 
tasks of super-resolution and HDR enhancement 
with a single model. In our proposed architecture, 
called SR-HDRNet, the LR-SDR images can be di-
rectly reconstructed into HR-HDR format on the 
device. This not only brings benefits to the terminal 
and content production ends, but also reduces the 
required bandwidth.
Drawing inspiration from the conventional HDR al-
gorithm [16] and SR theory [29], we introduce a novel 
all-in-one framework for joint super-resolution and 
HDR image restoration. A traditional 3D lookup ta-
ble (3D-LUT) is an effective structure that is a color 
correction technique primarily employed in lumi-
nance-predicting-ITM [20]. It facilitates efficient 
mapping by sparsely sampling input ranges and re-
cording the corresponding output values within the 
3D lattice [43]. The framework simulates the optimal 
color transformation at the low level but also adapts 
widely varying image content [36]. This study inte-
grates 3D-LUT, enhancement network, and guide fil-
ter to construct a unified SR-HDRNet model. 
Our contributions are as follows:
1	 We introduce a unified network for joint super-res-

olution and HDR image restoration, called SR-
HDRNet that offers low complexity and enables 
end-to-end synchronized enhancement of resolu-
tion and dynamic range. 

2	 Learning from color correction technique, we first 
introduce the 3D-LUT into the SR network while 
expanding the brightness range and color spec-
trum to compensate for the lost visual information 
in SDR images due to dynamic range limitations.

3	 We also develop a novel deep multi-scale feature 
improvement module, which extracts multi-scale 
texture features and efficiently enhance spatial 
resolution with fine-detail. And the model intro-
duces learnable guide filter to further enhance the 
quality of the output images.

2. Related Work
This section briefly reviews the SR and HDR imag-
ing techniques.
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2.1. Super-resolution Method
The field of SR began with Dong’s [10] pioneer-
ing work, which introduced a convolutional neural 
network (CNN)-based model that demonstrated 
impressive performance. Following this, rapid de-
velopment in deep learning and graphics process-
ing unit technology has spurred extensive research 
in deep-learning SR, which can be categorized 
into two types of research: image SR and video SR. 
Many scholars have proposed various innovative 
deep CNN network structures for image SR. Some 
notable examples include deep networks with re-
sidual learning [17, 18], residual Laplacian pyramid 
network structures [44], recursive learning and 
densely connected network structures [32, 33], deep 
back-projection structures [12], and residual dense 
network structures [45]. More recent approaches 
also incorporate transformer structures [25], each 
contributing to significant advancements in visual 
quality. For instance, Wang et al. [37] introduced the 
spatial feature transformation network structure 
and enhanced the super-resolution generative ad-
versarial network (SRGAN) structure, resulting in 
a more realistic and natural visual quality. Hu et al. 
[14] proposed a new method called Meta-SR, which 
is the first to achieve super-resolution with arbitrary 
scale factors by a single model, including non-inte-
ger scale factors. Chen et al. [7] proposed a novel 
hybrid attention transformer model, demonstrating 
robust performance in activating more input pixels 
for enhanced reconstruction. Sun et al. [31] pro-
posed a hybrid CNN-Transformer image super-res-
olution network, introducing the spatial pyramid 
swin transformer and gated convolution modules 
to capture long-range dependencies and multi-scale 
features efficiently; their method outperforms Swin-
IR with higher PSNR, fewer parameters, and lower 
computational costs.
Unlike image SR models, video SR focuses on lever-
aging spatio-temporal information from consecutive 
frames to generate coherent videos. This process 
comprises several essential steps, including motion 
estimation, motion compensation, information fu-
sion, and up-sampling [8, 42]. Li et al. [24] presented 
an innovative loss function and developed a video SR 
model based on generative adversarial networks, ef-
fectively removing temporal artifacts without com-
promising visual quality. Liang et al. [26] proposed 

a novel video super-resolution reconstruction algo-
rithm based on deep learning and spatio-temporal 
feature similarity to address noise, over-smooth-
ing, and visual artifacts. Additionally, Zhu et al. [46] 
pioneered using spiking neural networks (SNNs) 
for video SR reconstruction based on event camer-
as. SNNs are well-suited for large-scale regression 
tasks, as their spiking neurons can extract temporal 
information, presenting promising opportunities for 
low-power applications.

2.2. HDR Method
HDR significantly enhances the display capabilities 
of SDR on TV by offering an expanded color range, 
higher brightness upper limit, and lower brightness 
lower limit. This model enhances image quality in 
terms of contrast and resolution, providing a more 
immersive experience for viewers. The process of 
converting SDR to HDR involves transforming dy-
namic range. Recent advancements in deep learn-
ing-based ITM technology have become a research 
hot-spot [15, 28], proposing various network struc-
tures, such as deep HDR imaging models based on 
CNN [13, 22], U-net models [6], deep reciprocating 
HDR imaging network [40] and HDR model based on 
large foreground motions [39]. Inverse tone mapping 
presents an inverse ill-posed problem, typically cat-
egorized into multi-exposure and single-image HDR 
reconstruction. Multi-exposure HDR reconstructs 
high dynamic range images by merging a series of 
SDR images generated by an optical camera under 
different exposures [30, 3]. This approach requires 
alignment before fusion. Steven et al. [35] devel-
oped an innovative alignment-free network utilizing 
dynamic and static context, integrating spatial and 
channel attention modules to produce remarkable 
results. However, these methods rely on multiple 
exposure images of static scenes and require addi-
tional registration for dynamic scenes to avoid blur 
or ghosts, increasing the model’s complexity. Con-
sequently, single-image HDR reconstruction is still 
the focus of current research [5], aiming to bypass 
the registration and directly use a single SDR image 
to reconstruct the HDR image. Zou et al. [47] pro-
posed an HDR model from a single raw image that 
leverages the unique attributes of raw data to facil-
itate effective mapping from raw data to HDR, suc-
cessfully restoring HDR imaging details in the case 
of underexposure.
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The contemporary approach to converting LR-SDR 
to HR-HDR in a single image generally follows a 
step-by-step process, enhancing resolution through 
SR techniques and dynamic range enhancement via 
HDR methods. Kim et al. [19] was the first to intro-
duce a cascaded network capable of jointly training 
and designing a multi-purpose convolution network 
that performed SR, inverse tone mapping, and joint 
SR inverse tone mapping. In contrast, some scholars 
have researched SR-HDR enhancement of multi-ex-
posure images of the same scene. Deng et al. [9] devel-
oped a deep coupled feedback network that effectively 
achieved high-dynamic-range enhancement and SR, 
demonstrating excellent SR and fusion accuracy. Tan 
et al. [34] created a deep neural network combining 
SR and HDR techniques, successfully reconstruct-
ing HR-HDR images from multiple LR-SDR images 
with varying exposures. Unlike the above mentioned 
approaches, this study emphasizes single-frame im-
ages and proposes a novel joint SR-HDRNet model. 

Our method reconstructs the HR-HDR image directly 
from a single LR-SDR image and demonstrates strong 
generalization capabilities across diverse images.

3. Approach
3.1. Overall Framework
The challenge of joint learning SR-HDR arises from 
the need to simultaneously enhance dynamic range 
and resolution, which are inherently different tasks. 
The traditional method is conducted by cascading 
SR and HDR algorithms, allowing for synchronized 
enhancement of resolution and dynamic range. Fig-
ure 1(1) illustrates that SR and HDR models are con-
structed for SR, with the HDR model realizing dy-
namic range enhancement. Despite its advantages, 
solving a complex multi-task restoration problem 
through a step-by-step cascading approach has no-
table drawbacks, including error accumulation and 
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and resolution, which are inherently different 
tasks. The traditional method is conducted by 
cascading SR and HDR algorithms, allowing 
for synchronized enhancement of resolution 
and dynamic range. Figure 1(1) illustrates that 
SR and HDR models are constructed for SR, 
with the HDR model realizing dynamic range 
enhancement. Despite its advantages, solving 
a complex multi-task restoration problem 
through a step-by-step cascading approach 
has notable drawbacks, including error 
accumulation and high system complexity, 
making achieving optimal performance 
difficult. In contrast to these methods, this 
study introduces an all-in-one image 
restoration model, called SR-HDRNet, as 
shown in Figure 1(2). This model integrates 
image-guided learnable 3D-LUT, 
enhancement network, and a guide filter. By 
incorporating these components, SR-HDRNet 
enables a seamless end-to-end process for 
synchronized enhancement of both resolution 
and dynamic range.  

 
Figure 1 
Framework of proposed SR-HDRNet. LGF: Learned guided filter; Shared: Network parameter sharing; 
Operations: Mathematical calculation without learned weight parameters. 

              
 

As shown in Figure 1, the main strategies included 
in our model can be illustrated from aspects of 
image-guided 3D-LUT learnable network, deep 
multi-scale enhancement network(DMEN) and 

learned guided filter module. The first 
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enhance and expand color gamut and 
dynamic range, which generates three feature 

Figure 1
Framework of proposed SR-HDRNet. LGF: Learned guided filter; Shared: Network parameter sharing; Operations: 
Mathematical calculation without learned weight parameters.
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high system complexity, making achieving optimal 
performance difficult. In contrast to these meth-
ods, this study introduces an all-in-one image resto-
ration model, called SR-HDRNet, as shown in Figure 
1(2). This model integrates image-guided learnable 
3D-LUT, enhancement network, and a guide filter. 
By incorporating these components, SR-HDRNet en-
ables a seamless end-to-end process for synchronized 
enhancement of both resolution and dynamic range. 
As shown in Figure 1, the main strategies included 
in our model can be illustrated from aspects of im-
age-guided 3D-LUT learnable network, deep multi-
scale enhancement network(DMEN) and learned 
guided filter module. The first network designs three 
trained 3D-LUTs to enhance and expand color gam-
ut and dynamic range, which generates three fea-
ture images from the input LR-SDR image through 
3D-LUT operations. Passing through the main design 
of DMEN, these three feature images undergo fusion 
and achieve rough HR-HDR output by applying a lin-
ear operation with parameters. This module can ex-
tract multi-scale texture features and reconstruct the 
global information and multi-scale local feature in 
input LR-SDR image by expanding the receptive field. 
To further fine-tune and enhance the rough output’s 
edge detail, learned guided filter module is finally ap-
plied, from which the true HR-HDR image can be ac-
complished and shown as the final output.

3.2. Image-guided 3D-LUT Learnable Network

The commonly-used enhancement network cannot 
simultaneously improve both resolution and dynamic 
range, which would result in color distortion. Though 
many works have attempted to cascade SR and HDR 
algorithms to generate HR-HDR images from LR-
SDR ones. However, these methods suffer from heavy 
computational burdens due to complicated optimiza-
tion processes or neural architecture designs [34]. In 
fact, most of the commonly-used enhancement oper-
ations are pixel-independent. They are equivalent to 
three-dimensional color transformation functions, 
which map an input color point to another location 
in the color space. To overcome the computational 
complexity and reconstruct color gamut, the 3D-LUT 
represents a viable data structure for achieving effi-
cient pixel mapping, which cannot be achieved by the 
current enhancement models. In this work, we are the 
first to introduce the learnable image-guided 3D-LUT 

module into the super-resolution enhancement net-
work to enhance and expand color gamut and dynamic 
range. A 3D-LUT defines a 3D lattice that consists of P3 

elements, where P is the number of bins in each color 
channel. Every element of 3D-LUT is defined by pix-
el-to-pixel transformation H(i,j,k) between the input 
RGB color and output RGB color. The 3D LUT opera-
tion is defined mathematically in (1), where O signifies 
the output for 3D LUT with r, g, and b channels. The 
learnable parameters of our method are encapsulated 
within the 3D LUT, consisting of 3P3 parameters.
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where, I defines an indexing RGB color. i,j,k = 
0,1,…,M - 1, and M is set to 33 which is the 
number of bins in each color channel. When 
the 3D LUT lattices are learned, an input pixel 
looks up its nearest sampling points according 
to its color and computes its transformed 
output via interpolation [36]. 

Image-guided learnable network. The weight 
parameters ( LUTLUTLUT

321 ,, ) of 3D-LUT are 
crucial. The image quality assessment network 
is an effective method with a significant 
capacity for image comprehension [41]. Its 
hidden layers are designed to automatically 
learn the image’s abstract information layer by 
layer using numerous data, yielding detailed 
features with rich semantic information. The 
multi-layer perceptron (MLP) architecture has 
demonstrated state-of-the-art performance 
and has been widely applied to visual tasks 
[4]. Li et al. [23] combined MLP and 
convolution to suggest a ConvMLP for vision, 
achieving advanced performance with fewer 
parameters and computations. A new image-
guided learnable model is introduced using 
the ConvMLP and skip connection, following 
the image-quality assessment network 
principle, as shown in Figure 2. The network 
consists of one conv+maxpooling, three 
convMLP+downconv, global average pooling, 
and fully connected layers. The convMLP 
consists of MLP, and Depthwise conv 
introduces locality features and performs local 
information interaction by adding a 
convolutional layer. The skip connection 
propagates the upper feature information to 
the lower feature, obtaining higher abstraction 
and stronger generalization ability. This 
architectural design ultimately enables the 
model to achieve a higher level of abstraction 
and better generalization.

 

Figure 2 

Image-guided learnable network. (S: stride; GAP: global average pooling; FC: fully connected layer; 
ConvMLP:  Convolutional MLP; Concat: dimension concatenation) 
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where, I defines an indexing RGB color. i,j,k = 0,1,…,M 
- 1, and M is set to 33 which is the number of bins 
in each color channel. When the 3D LUT lattices are 
learned, an input pixel looks up its nearest sampling 
points according to its color and computes its trans-
formed output via interpolation [36].
Image-guided learnable network. The weight param-
eters (ω1

LUT, ω2
LUT, ω3

LUT) of 3D-LUT are crucial. The 
image quality assessment network is an effective 
method with a significant capacity for image com-
prehension [41]. Its hidden layers are designed to 
automatically learn the image’s abstract informa-
tion layer by layer using numerous data, yielding 
detailed features with rich semantic information. 
The multi-layer perceptron (MLP) architecture has 
demonstrated state-of-the-art performance and has 
been widely applied to visual tasks [4]. Li et al. [23] 
combined MLP and convolution to suggest a Con-
vMLP for vision, achieving advanced performance 
with fewer parameters and computations. A new im-
age-guided learnable model is introduced using the 
ConvMLP and skip connection, following the im-
age-quality assessment network principle, as shown 
in Figure 2. The network consists of one conv+max-
pooling, three convMLP+downconv, global average 
pooling, and fully connected layers. The convMLP 
consists of MLP, and Depthwise conv introduces lo-
cality features and performs local information inter-
action by adding a convolutional layer. The skip con-
nection propagates the upper feature information to 
the lower feature, obtaining higher abstraction and 
stronger generalization ability. This architectur-
al design ultimately enables the model to achieve a 
higher level of abstraction and better generalization. 
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3.3. Deep multi-scale Enhancement Network
During reconstruction, the enhancement network 
must not only capture strong global information but 
also retain the locality of multi-scale features, thereby 
significantly restoring the rich diversity of the origi-
nal HR-HDR images. However, the commonly-used 
U-Net [2] architecture, which employs a pyramid 
structure with skip connections between the upsam-
pling and downsampling layers, may still compromise 
multi-scale representation capabilities. Inspired by 
the U-net and multi-scale convolution kernel, a new 
deep multi-scale enhancement network (DMEN) is 
proposed, which is shared and designed to optimize 
three channels of the overall model in Figure 1, min-
imizing the overhead by producing the three different 
outputs. This operation can reconstruct the global in-
formation and multi-scale local feature in input LR-
SDR image by expanding the receptive field. 
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Figure 3 shows the expanded view of a DMEN con-
sisting of n-stage modules, one concatenation along 
a channel, and one convolution (Conv). The stage 
modules share the same convolution structure, 
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Figure 3 shows the expanded view of a DMEN 
consisting of n-stage modules, one concatenation 
along a channel, and one convolution (Conv). The 
stage modules share the same convolution 

structure, consisting of a three-layer 
upsampling convolution structure ( 1_ uLayer ,

2_ uLayer , 3_ uLayer ), a three-layer 
downsampling convolution structure(

Figure 2
Image-guided learnable network. (S: stride; GAP: global average pooling; FC: fully connected layer; ConvMLP:  
Convolutional MLP; Concat: dimension concatenation)

consisting of a three-layer upsampling convolu-
tion structure (Layer_u1, Layer_u2, Layer_u3), a 
three-layer downsampling convolution structure 
(Layer_d1, Layer_d2, Layer_d3), and one multi-scale 
convolution block. Layer_u and Layer_d are given 
by Formula (2), where MN (·) denotes a multi-scale 
convolution block of three layers. The first layer 
used 3×3 conv to extract global features. The second 
layer split four parts along the channel, and each 
part was operated by DWConv with different scale 
kernels (1×1, 3×3, 5×5, 7×7), extracting multi-scale 
texture features of different receptive fields. The last 
layer employs 1×1 convolution to fuse multi-scale 
features, streamlining the model by reducing the 
number of parameters and network complexity.

3.4. Learned Guided Filter Module

Considering the efficiency and performance, the edge 
enhancement is used in our method to improve the 
reconstructed image’s edge detail. Many recent ap-
proaches to high-level visual tasks cascade a guided 
filter behind their original architecture to improve 
the results. The guided filter is an effective type of 
edge protection filter. It is able to suppress the gradi-
ent inversion artifacts, preserving the edge smooth-
ing properties with higher levels of detail. A learnable 
guided filter module is created, as illustrated in Fig-
ure 1. The model comprises a learnable guided filter 
(LGF), an upsampling network, and guided filter op-
eration. The LGF features a three-layer convolution 
network to learn the guided image Ii. Moreover, the 
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Figure 3
Deep multi-scale enhancement network (© denotes concatenation along the channel dimension, Ⓢ denotes split along 
the channel).
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The proposed network is end-to-end trainable. 
Therefore, the loss LMSE, LTM, and LS terms are simulta-
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neously optimized when training our framework. We 
do not introduce any other constraint or loss function 
to the learning of 3D-LUT learnable network, willing 
that it can be image-adaptive for SR-HDRNet. λ and 
λD are the coefficients that balance the different loss 
terms. Following [35], We set λD=0.0001 and λ=0.0001 
based on the experiment and research[36].

5. Experiment
5.1. SR-HDRSet Datasets
In this part, we first collected and built a super-res-
olution and HDR image dataset, namely SR-HDRSet, 
with more than five thousand samples. For the SR-
HDRSet, the images are from 700 4K-HDR (BT.2020 
with PQ-OETF) videos and the corresponding 
4K-SDR (BT.709) videos, ensuring data generali-
ty and diversity. All the videos are publicly available 
to users provided by Tencent AI Lab. Among them, 
the 4K-HDR videos were captured by professional 
cameras, while the corresponding 4K-SDR videos 
were obtained by professional engineers using the 
Reinhard tone mapping method to convert the HDR 
videos into SDR videos. We randomly built the HDR 
datasets from 4K-HDR videos and randomly sam-
pled eight frames of every 4K-HDR video. In total, 
4K-HDR datasets contain 5600 images. Moreover, 
we used the same method to build the SDR datasets 
from 4K-SDR videos containing 5600 4K-SDR imag-
es corresponding to HDR datasets. Among these, 100 
4K-HDR and 4K-SDR image pairs were extracted as 
the validation set, and the rest was used as the train-
ing set. For the purpose of saving storage resources, 
we further processed these 4K frames with a reso-
lution of 3840×2160 into 1080×1080 using a random 
crop. Through the above process, the SR-HDRSet was 
constructed, which can be used as public datasets of 
joint SR-HDR task and is available on website we pro-
vide. The proposed and comparative algorithms were 
trained using the same datasets of SR-HDRSet.
During our training, 4K-HDR images are used as 
the HR-HDR label. And the corresponding 4K-SDR 
images are down-scaled by 2× or 3×, forming the LR-
SDR images as the input. The proposed and com-
parative algorithms were trained using the same 
datasets. Meanwhile, for the test datasets in the 
comparative experiment, we randomly selected 20 

image pairs with a resolution of 3840×2160 from 10 
videos, which was extracted additionally by the Ten-
cent AI Lab and different from training set videos. 
The SDR frames are further bilinearly downsampled 
with 2× and 3×, which are considered to compose the 
LR-SDR inputs. Our dataset is stored in the RGB for-
mat instead of YUV for convenience.

5.2. Experimental Setup
All experiments were conducted in the RGB chan-
nel. During the training phase, we randomly cropped 
a 480×480 patch from the HR-HDR image as ground 
truth. The corresponding patch in the LR-SDR im-
age was identically cropped and used as the input. 
Data augmentation was performed through random 
rotation and reflection to improve the network’s 
generalization ability. The mini-batch size was set 
to 8. Our framework was trained on an NVIDIA RTX 
3090 GPU. The model was optimized using the Adam 
optimizer with β1 = 0.9 and β2 = 0.999. Training pro-
ceeded for a total of 800 epochs. The initial learning 
rate was set to 1×10-4 and was subsequently down-
scaled by a factor of 0.5 every 100 epochs until 600 
epoch. The model achieving the best performance on 
the validation set was saved for final testing.

5.3. Results
Qualitative and quantitative evaluations were con-
ducted to analyze the advantages of this algorithm. 
To address joint SR and HDR enhancement tasks, 
we computed the mean quantitative metrics PSNR 
and SSIM, which were used to evaluate the quality 
of SR-HDR images.

5.3.1. Ablation Study
Against our final model, we trained the joint SR-HDR 
model for the ablation study to examine the impact of 
stages’ number in a DMEN. We designed three compar-
ative experiments: Ours_x1, Ours_x3, and Ours_x5. In 
this context, “Ours_x1” signifies that the DMEN mod-
ule utilizes one stage; “Ours_x3” employs three stages, 
and “Ours_x5” incorporates five stages. We focused on a 
subset of the ablation study’s validation set, comparing 
the running time, the validation PSNR, and the SSIM 
performance for the joint SR-HDR model with different 
DMEN modules. Figure 4 illustrates the SR-HDRNet 
results of three comparative trials. Meanwhile, qualita-
tive evaluation was performed, as shown in Table 1.
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Table 1  
Quantitative comparison (PSNR/SSIM) for ablation 
study. 

Comparisons PSNR SSIM Running time 
(ms)  

Ours_x1 34.42 0.9740 2.873 

Ours_x3 35.08 0.9774 4.707 

Ours_x5 35.58 0.9797 6.751 

 

 

 

 

 

Table 2  
Quantitative evaluation (PSNR/SSIM). 

Methods 
×2 ×3 

PSNR SSIM PSNR SSIM 

SwinIR+HDR 34.73 0.9709 32.65 0.9266 

SPNet+HDR 34.84 0.9734 33.18 0.9373 

HAT+HDR 34.69 0.9697 32.53 0.9253 

SPNet+SHDR 35.50 0.9706 33.98 0.9461 

SwinIR+SHDR 35.51 0.9717 33.77 0.9420 

HAT+SHDR 35.48 0.9712 33.74 0.9423 

SR-
HDRNet(ours) 36.12 0.9723 34.24 0.9494 

 

 

5.3.2 Comparisons with State-of-the-Art Methods 

Visual comparison. This section compares our 
method with the latest state-of-the-art methods for 
SR and HDR tasks on the testing datasets after 
training with baseline SR-HDRSet. We selected 20 
image pairs from the testing datasets for 
comparison. Figures 5-8 show the visual 
comparison of several restored images of testing 
datasets on 2× and 3×. The classical SR algorithms 
and HDR algorithms are cascaded as the state-of-
the-art methods: SPNet_SHDR method [31, 22], 
HAT_SHDR method [7, 22], SwinIR_SHDR method 
[25, 22], SPNet_HDR method [31, 6], HAT_HDR 
method [7, 6], and SwinIR_HDR method [25, 6]. For 
all these, we used the source code provided by the 

authors with all the comparative experiments 
using the same training set. The reconstructed 
images were magnified locally to compare the 
details of different methods. The qualitative 
assessments reveal that the output of our 
proposed SR-HDRNet algorithm (Figures 5–
8(g)) closely resembles the ground truth 
(Figures 5–8(h)) in terms of image detail and 
color. Notably, the edge lines in our results 
appear sharper and more refined than in other 
results. As highlighted by the green circles in 
Figure 5, the image edges of Figure 5(g) are 
more delicate and align more closely with the 
ground truth in Figure 5(h). However, the 
edges of Figure 5(a–f) were not fragile enough. 
The detailed comparison of Figures 6-8 further 
corroborates the advantages of our approach. 

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

Figure 4
Ablation comparative experiments. (a) 1920×1080SDR_Input. (b) 3840×2160HDR_GT. (c) Image details of SR-
HDRNet with Ours_x1. (d) Image details of SR-HDRNet with Ours_x3. (e) Image details of SR-HDRNet with Ours_x5. 
(f ) Image details of Ground truth. 

As illustrated in Figure 4 and Table 1, increasing 
the number of stages substantially enhances visu-
al effects and higher quantitative comparison val-
ues (PSNR and SSIM). For example, the PSNR and 
SSIM values of Ours_x5 improved by 0.5 and 0.0025, 
respectively, compared to Ours_x3 and by 1.16 and 
0.0057 compared to Ours_x1. Visually, with more 
stages, the SR-HDR results increasingly resem-
ble the ground truth, as demonstrated in Figures 4 
(c)–(f ). However, adding more stages deepens the 
network structure, increases the model’s time com-
plexity, and demands additional device memory and 
GPU computing power, which will limit the process-
ing of large images. Consequently, we used the SR-
HDRNet model with the DMEN module of Ours_x3 
to achieve the best trade-off between SR-HDR per-
formance and training time.

5.3.2. Comparisons with State-of-the-Art Methods
Visual comparison. This section compares our 
method with the latest state-of-the-art methods for 
SR and HDR tasks on the testing datasets after train-
ing with baseline SR-HDRSet. We selected 20 image 
pairs from the testing datasets for comparison. Fig-

Comparisons PSNR SSIM Running 
time (ms) 

Ours_x1 34.42 0.9740 2.873

Ours_x3 35.08 0.9774 4.707

Ours_x5 35.58 0.9797 6.751

Table 1 
Quantitative comparison (PSNR/SSIM) for ablation study.

Methods
×2 ×3

PSNR SSIM PSNR SSIM

SwinIR+HDR 34.73 0.9709 32.65 0.9266

SPNet+HDR 34.84 0.9734 33.18 0.9373

HAT+HDR 34.69 0.9697 32.53 0.9253

SPNet+SHDR 35.50 0.9706 33.98 0.9461

SwinIR+SHDR 35.51 0.9717 33.77 0.9420

HAT+SHDR 35.48 0.9712 33.74 0.9423

SR-HDRNet(ours) 36.12 0.9723 34.24 0.9494

Table 2
Quantitative evaluation (PSNR/SSIM).
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ures 5-8 show the visual comparison of several re-
stored images of testing datasets on 2× and 3×. The 
classical SR algorithms and HDR algorithms are cas-
caded as the state-of-the-art methods: SPNet_SHDR 
method [31, 22], HAT_SHDR method [7, 22], Swin-
IR_SHDR method [25, 22], SPNet_HDR method 
[31, 6], HAT_HDR method [7, 6], and SwinIR_HDR 
method [25, 6]. For all these, we used the source code 
provided by the authors with all the comparative 
experiments using the same training set. The recon-
structed images were magnified locally to compare 
the details of different methods. The qualitative as-

sessments reveal that the output of our proposed 
SR-HDRNet algorithm (Figures 5–8(g)) closely re-
sembles the ground truth (Figures 5–8(h)) in terms 
of image detail and color. Notably, the edge lines in 
our results appear sharper and more refined than 
in other results. As highlighted by the green circles 
in Figure 5, the image edges of Figure 5(g) are more 
delicate and align more closely with the ground truth 
in Figure 5(h). However, the edges of Figure 5(a–f ) 
were not fragile enough. The detailed comparison of 
Figures 6-8 further corroborates the advantages of 
our approach.

  

Figure 5   

2×SR-HDR—visual comparison 1. (a) SwinIR_HDR. (b) SPNet_HDR. (c) HAT_HDR. (d) SwinIR_SHDR. (e) 
HAT_SHDR. (f) SPNet_SHDR. (g) Proposed method. (h) Ground truth. 

3840×2160HDR_GT (e) (f) (g) (h)

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

1920×1080SDR_Input

 
 

Figure 6   

2×SR-HDR—visual comparison 2. (a) SwinIR_HDR. (b) SPNet_HDR. (c) HAT_HDR. (d) SwinIR_SHDR. (e) 
HAT_SHDR. (f) SPNet_SHDR. (g) Proposed method. (h) Ground truth. 

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

(e) (f) (g) (h)

1920×1080SDR_Input

3840×2160HDR_GT  
 
Figure 7   

3×SR-HDR—visual comparison 1. (a) SwinIR_HDR. (b) SPNet_HDR. (c) HAT_HDR. (d) SwinIR_SHDR. (e) 
HAT_SHDR. (f) SPNet_SHDR. (g) Proposed method. (h) Ground truth. 

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

(e) (f) (g) (h)

1280×720SDR_Input

3840×2160HDR_GT  
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(e) (f ) (g) (h) 

Figure 5
2×SR-HDR—visual comparison 1. (a) SwinIR_HDR. (b) SPNet_HDR. (c) HAT_HDR. (d) SwinIR_SHDR. (e) HAT_
SHDR. (f ) SPNet_SHDR. (g) Proposed method. (h) Ground truth.
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3×SR-HDR—visual comparison 1. (a) SwinIR_HDR. (b) SPNet_HDR. (c) HAT_HDR. (d) SwinIR_SHDR. (e) 
HAT_SHDR. (f) SPNet_SHDR. (g) Proposed method. (h) Ground truth. 
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Figure 6
2×SR-HDR—visual comparison 2. (a) SwinIR_HDR. (b) SPNet_HDR. (c) HAT_HDR. (d) SwinIR_SHDR. (e) HAT_
SHDR. (f ) SPNet_SHDR. (g) Proposed method. (h) Ground truth.
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3×SR-HDR—visual comparison 1. (a) SwinIR_HDR. (b) SPNet_HDR. (c) HAT_HDR. (d) SwinIR_SHDR. (e) HAT_
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Figure 8   

3×SR-HDR—visual comparison 2. (a) SwinIR_HDR. (b) SPNet_HDR. (c) HAT_HDR. (d) SwinIR_SHDR. (e) 
HAT_SHDR. (f) SPNet_SHDR. (g) Proposed method. (h) Ground truth. 
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Quantitative results. Table 2 presents the 
quantitative comparison of our method against 
other state-of-the-art techniques. Our approach 
demonstrates competitive results under all scaling 
factors. The mean PSNR values of the proposed SR-
HDRNet model surpass those of other methods by 
0.61–1.43 dB on 2× and by 0.26–1.71 dB on 3×. We 
also observed superior mean SSIM values, 
reinforcing our method’s effectiveness. Thus, the 
visual and quantitative evaluations confirm that 
our proposed algorithm achieves exceptional 
results. 

66.. CCoonncclluussiioonn  
In this paper, we presented SR-HDRNet, an end-to-
end framework for joint super-resolution and HDR 
enhancement. First, it introduced the three learned 
3D-LUT lattices into a unified network to enhance 
spatial resolution and dynamic range. Then, the 
novel (deep multi-scale enhancement network) 
DMEN module advanced the understanding of 
feature reconstruction through a receptive field 
expansion mechanism that captures both global 
information and multi-scale local features. In 
addition, considering the SR-HDR task is an issue 
of high-frequency reconstruction and local high 
dynamic range enhancement, we designed a 
learned guided filter module that combines the 
enhanced output and the original input as the final 
output. Experiments demonstrate that SR-HDRNet 
surpassed the other state-of-the-art methods by 
0.61–1.43 dB on the 2× factor and by 0.26–1.71 dB on 
the 3× factor, with stable performance across 
diverse image types. Future research could focus on 
further optimizing the model for real-time 
performance and exploring various tasks in remote 

sensing and multimedia fields such as super-
resolution, motion deblurring, dehazing and 
underwater/low-light enhancement. 
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Quantitative results. Table 2 presents the quan-
titative comparison of our method against other 
state-of-the-art techniques. Our approach demon-
strates competitive results under all scaling factors. 
The mean PSNR values of the proposed SR-HDRNet 
model surpass those of other methods by 0.61–1.43 
dB on 2× and by 0.26–1.71 dB on 3×. We also observed 
superior mean SSIM values, reinforcing our meth-
od’s effectiveness. Thus, the visual and quantitative 
evaluations confirm that our proposed algorithm 
achieves exceptional results.

6. Conclusion
In this paper, we presented SR-HDRNet, an end-to-
end framework for joint super-resolution and HDR 
enhancement. First, it introduced the three learned 
3D-LUT lattices into a unified network to enhance 
spatial resolution and dynamic range. Then, the nov-
el (deep multi-scale enhancement network) DMEN 
module advanced the understanding of feature re-
construction through a receptive field expansion 
mechanism that captures both global information 
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and multi-scale local features. In addition, consid-
ering the SR-HDR task is an issue of high-frequen-
cy reconstruction and local high dynamic range 
enhancement, we designed a learned guided filter 
module that combines the enhanced output and 
the original input as the final output. Experiments 
demonstrate that SR-HDRNet surpassed the other 
state-of-the-art methods by 0.61–1.43 dB on the 2× 
factor and by 0.26–1.71 dB on the 3× factor, with sta-
ble performance across diverse image types. Future 
research could focus on further optimizing the mod-

el for real-time performance and exploring various 
tasks in remote sensing and multimedia fields such 
as super-resolution, motion deblurring, dehazing 
and underwater/low-light enhancement.
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