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ABSTRACT

High Dynamic Range (HDR) imaging aims to replicate the
high visual quality and clarity of real-world scenes. Due to
the high costs associated with HDR imaging, the literature
offers various data-driven methods for HDR image recon-
struction from Low Dynamic Range (LDR) counterparts. A
common limitation of these approaches is missing details in
regions of the reconstructed HDR images, which are over-
or under-exposed in the input LDR images. To this end,
we propose a simple and effective method, HistoHDR-Net,
to recover the fine details (e.g., color, contrast, saturation,
and brightness) of HDR images via a fusion-based approach
utilizing histogram-equalized LDR images along with self-
attention guidance. Our experiments demonstrate the efficacy
of the proposed approach over the state-of-art methods.

Index Terms— Data fusion, Self-attention, High dy-
namic range imaging, Deep learning, Histogram equalization

1. INTRODUCTION

High Dynamic Range (HDR) imaging [1–3] has been a topic
of much focus in the vision community for the last several
years. Many applications [1, 4] require images as detailed
as real-world scenes, which cannot be captured by standard
Low Dynamic Range (LDR) cameras. The general camera
pipeline [5] captures real-world scenes with a high dynamic
range of intensity values and maps them to a low dynamic
range by performing quantization, non-linear mapping, and
dynamic range clipping. Therefore, the focus in the com-
munity has been to reconstruct HDR images from their LDR
counterparts using sophisticated data-driven methods that aim
to approximate the reverse of the camera pipeline process.
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LDR State-of-the-art HistoHDR-Net

Fig. 1: Our method HistoHDR-Net (right) can recover the text
on the notice board better than the state-of-the-art [6] (middle)
given an extremely over-exposed LDR image (left) as input.

Most methods proposed in the literature utilize Convo-
lutional Neural Networks and Generative Adversarial Net-
works [5, 7–13], where a single LDR image is used as input
to reconstruct the HDR image. Methods based on single-
exposed LDR images often produce unwanted color, con-
trast, saturation, hue, luminance, brightness, and radiance
levels in the resulting HDR images [5, 7–13]. Some meth-
ods [14–17] utilize multi-exposed LDR images (generally
2 or 3) as input but often produce many artifacts in the re-
sultant HDR images [14–17]. In contrast, ArtHDR-Net [6]
uses features from multi-exposed LDR images to reconstruct
the final HDR images without artifacts, but it still lacks nat-
urality in contrast and saturation. Recent methods employ
Neural Radiance Fields [18, 19] drawing inspiration from
physics/optics to replicate implicit color and radiance fields
involved in the general camera pipeline and enable photo-
realistic HDR view synthesis [19, 20]. Dalal et al. [21] used
Diffusion Models and exposure loss to replicate the reverse of
the camera pipeline process through a conditional diffusion
architecture with a noise induction process without requir-
ing any classifier. These advanced methods can reconstruct
high-quality HDR images with increased clarity of both fore-
ground and background. However, further improvements are
still required especially for images with highly contrasting
and saturated regions.
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There is limited study on the impact of histograms [22]
in HDR image reconstruction. Jang et al. [23] proposed
a method using histogram and color difference [24] be-
tween LDR/HDR image pairs to reconstruct HDR images.
Other methods explored image fusion techniques using multi-
resolution [25] and/or multi-exposed [11] images to enhance
contrast levels and remove artifacts in both the HDR and
tone-mapped LDR images. Attention-based methods have
also been explored [3, 9, 26–28]. Li and Fang [9] proposed
a way to tackle the problem of color quantization using a
multi-scale Convolutional Neural Network with an attention
mechanism. The method is capable of reducing the loss of
information in over- and under-exposed regions. In this work,
we propose a technique that combines the capabilities of
histogram equalization and data fusion to reconstruct high-
quality HDR images with better saturation and contrast levels.
Fig. 1 depicts the clarity of the images generated by the pro-
posed method compared to the recent state-of-the-art [6]. The
contributions of our work, HistoHDR-Net, are:

• We design a simple ResNet50 [29] based pipeline to
extract features from ground truth LDR and histogram-
equalized LDR images using two parallel ResNet50
blocks and perform fusion on them. We further per-
form self-attention on the fused feature maps before
employing them for HDR image reconstruction (see
Sections 2.1 and 2.2).

• We design a novel loss function based on Weber’s
law [30], Multi-Scale Structural Similarity Index Mea-
sure [31–33], and Color [34, 35] to guide the network
for better and reliable HDR image reconstruction (see
Section 2.3).

• We perform a thorough analysis of the proposed loss
function, different combinations of fusion and attention
mechanisms, and feature extraction backbones, to es-
tablish the contribution of each of the components (see
Section 4).

2. METHOD

The proposed method employs two ResNet50 [29] backbones
for feature extraction (encoders), a feature fusion module, a
self-attention block [27] for weighing feature relevance, and a
fully connected convolutions block (decoder) [6,36] for HDR
image reconstruction. Fig. 2 illustrates the proposed archi-
tecture. We also propose a novel loss function that employs
Weber’s law [30] based Peak Signal-to-Noise Ratio (PSNR),
Color information using the ∆E∗ score [34, 35], and Multi-
Scale Structural Similarity Index Measure (MS-SSIM) [31–
33] to supervise the model in reconstructing reliable, artifact-
free, and realistic HDR images with appropriate contrast and
saturation levels. To the best of our knowledge Weber’s law
is not used as a loss in HDR reconstruction tasks so far.

Encoder

Encoder

LDRGT

LDRHis

Loss

Self-Attention Decoder

HDRGTHDRRec

Fig. 2: Architecture of the proposed HistoHDR-Net method.

2.1. Fusion Module

Histogram equalization is a process to improve the contrast
and saturation levels. The frequent intensity values of pixels
are spread out across 256 bins (i.e., 0 − 255) which leads to
intensity range equalization. In the case of images with heav-
ily under- and over-exposed regions, equalization may lead to
revealing hidden or non-perceivable areas of the images due
to extreme lighting conditions or shadows and darkness. We
use OpenCV [37] for performing histogram equalization of
LDR images (see Fig. 3 for examples). We denote the origi-
nal LDR images by LDRGT and the histogram-equalized LDR
images by LDRHis. The feature maps extracted by the two
ResNet50 blocks from LDRGT and LDRHis are denoted as
fGT

LDR and fHis
LDR, respectively. �Then, the output of the fusion

module i.e., ffuse(·) can be represented as:

ffuse(f
GT
LDR, f

His
LDR) = fGT

LDR ⊕ fHis
LDR, (1)

where ⊕ represents the concatenation of feature maps.

2.2. Self-Attention Module

The fused feature maps are passed through a simple self-
attention mechanism [27] with the intention to further im-
prove the efficacy of the method. This process increases
the receptive field by allowing the new value of a pixel to
be influenced by all other pixels in the image. However,
the main characteristic of the self-attention module is to add
weights to the different features in the extracted feature maps.
Henceforth the feature importance is considered for adjust-
ing the amount of influence it will have on the HDR image
reconstruction. We represent the output of the self-attention
module as fatt(·). Hence, the output of this module can be
represented as fatt(ffuse(f

GT
LDR, f

His
LDR)). The output of the self-

attention module is added to the output of the fusion module
to produce the self-attention feature map. This information
is used by the decoder block to reconstruct the HDR image
from a single-exposed LDR image.

2.3. Loss Functions

All loss functions use tone-mapped versions of the recon-
structed HDR (HDRTM

Rec) and ground truth HDR (HDRTM
GT ) im-
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LDRGT LDRHis Histograms

Fig. 3: Original and histogram-equalized LDR images. The
green and orange histograms are for the original LDRGT and
histogram-equalized LDRHis images, respectively.

ages. Tone-mapping is based on the µ-law [38] and miti-
gates the influence of high intensity pixel values in the HDR
images. The tone-mapping operator T (·) is formulated as:

T (HDR) =
log(1 + µHDR)

log(1 + µ)
, (2)

where HDRTM is the output of the tone-mapping operation
T (HDR) and µ specifies the amount of compression, which is
set to 5000 following [36].

We designed a novel loss function consisting of five
components. The L1 (LL1) and Perceptual (LV GG) losses
are commonly used in LDR to HDR reconstruction methods.
Apart from these losses, we introduce a loss based on Weber’s
law (LW ), MS-SSIM metric (LSIM ), and Color information
(LC) using the ∆E∗ score. The final loss is calculated as:

L = αLL1 + βLV GG + δLW + γLSIM + λLC , (3)

where α, β, δ, γ, and λ are scaling factors which are empiri-
cally set to 0.18, 0.5, 0.82, 0.80, and 0.82, respectively.

To facilitate the presentation, we denote HDRTM
GT by X

and HDRTM
Rec by Y in all loss functions. The LL1 loss is the

Mean Absolute Error between the pixels of X and Y :

LL1 =
1

n

n∑
t=1

||Xt − Yt||, (4)

where n (in all loss functions) is the total number of images.
The LV GG loss is also calculated between X and Y and

uses fVGG(·) [39] and a pre-trained VGG19 [40] model:

LV GG =
1

n

n∑
t=1

fV GG(Xt, Yt). (5)

The LW loss uses Weber’s law [30] of perceptual image
meaningfulness, i.e., the background light influences the hu-
man’s perception and response toward the intensity fluctua-
tion of visual signals. The Weber’s law based PSNRW induces
the psychology of the human vision into the perceptual image
quality evaluation and is defined as:

PSNRW = 10 log10
(2bitDepth − 1)2

1
MN

M−1∑
i=0

N−1∑
j=0

w2
i,j(Xi,j − Yi,j)

2

, (6)

where wi,j is calculated with 0.02× (2bitDepth −Xi,j) using
the Weber’s law and 0.02 is set using Weber’s fraction [30].
M and N are image width and height in terms of pixel. The
bitDepth is the depth of the pixel intensity values in the tone-
mapped HDR images, in our case bitDepth = 8. Then, LW

is defined as:

LW =
1

n

n∑
t=1

1

PSNRWt

. (7)

The LSIM loss is derived from the MS-SSIM metric for
image comparison. It operates on multiple scales using a
multi-stage process of image sub-sampling. It is a better rep-
resentation of structural similarity of two images than simple
SSIM. The MS-SSIM metric is calculated as:

MS-SSIM = lηM

M∏
k=1

csτkk , (8)

where lηM and csτkk are defined below, M is scales of oper-
ation, and η and τk are set to 1 in our implementation. The
luminance comparison between X and Y is calculated as:

l =
2µXµY + C1

µ2
X + µ2

Y + C1
, (9)

and the comparison of the contrast and the structure between
X and Y is jointly calculated as:

cs =
2σXY + C2

σ2
X + σ2

Y + C2
. (10)
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Table 1: Within-dataset performance of the proposed
HistoHDR-Net and state-of-the-art. The best results are in
bold and the second best are underlined.

Method City Scene [41] HDR-Synth & HDR-Real [5]
PSNR↑ SSIM↑ HDR-VDP-2↑ PSNR↑ SSIM↑ HDR-VDP-2↑

FHDR [36] 32.51 0.90 67.23 17.11 0.71 66.72
SingleHDR [5] 33.42 0.91 68.22 26.33 0.85 68.21
ArtHDR-Net [6] 35.12 0.93 69.31 33.45 0.88 68.37
Diffusion-based [21] 36.07 0.93 68.51 33.52 0.90 68.21

HistoHDR-Net 35.14 0.94 69.32 33.48 0.91 69.24

Table 2: Cross-dataset evaluation of the proposed HistoHDR-
Net and state-of-the-art on unseen dataset (HDR-Eye [26]).
The best results are in bold and the second best underlined.

Method PSNR↑ SSIM↑ HDR-VDP-2↑

FHDR [36] 33.07 0.90 67.88
SingleHDR [5] 33.78 0.91 68.51
ArtHDR-Net [6] 35.81 0.94 69.13
Diffusion-based [21] 36.46 0.95 69.01

HistoHDR-Net 36.21 0.96 69.38

µX and µY are the pixel sample means, σ2
X and σ2

Y are the
variances, and σXY is the covariance. The variables C1 =
(K1L)

2 and C2 = (K2L)
2 are used to gain stability in the

case of small denominator division, where K1 and K2 are
set to 0.01 and 0.03, respectively, as per the original metric
definition. L = 2bitDepth − 1 is the representation of the
dynamic range of the image pixels. Then, the LSIM loss is
defined as:

LSIM =
1

n

n∑
t=1

(1− MS-SSIMt). (11)

The LC loss is calculated on the basis of the ∆E∗ score
and is defined as:

LC =
1

n

n∑
t=1

√∑P
m=1(Xm − Ym)2

2bitDepth − 1
, (12)

where P is the total number of pixels in the images. Xm and
Ym are the color intensities of pixel m in the corresponding
image.

∑P
m=1(·) calculates the sum of the squared differ-

ences along the color channels of the images.

3. EXPERIMENTS

Implementation. We trained the proposed method on an
Ubuntu 20.04.6 LTS workstation with Intel® Xeon® CPU
E5-2687W v3 @ 3.10GHz (20 CPU cores), 126 GB RAM
(+ 2 GB swap memory), NVIDIA GeForce GTX 1080 GPU
(having 8 GB memory), and 1.4 TB SSD. The model was
trained for 200 epochs. We used a batch size of 10 and Adam

optimizer [42]. The learning rate was set to 1e−4, i.e., 0.0001
at first and adjusted to decay later on.
Datasets. We used a mix of real and synthetic datasets to
evaluate the proposed method. The City Scene dataset [41]
includes 20K LDR/HDR image pairs with diverse scenes
from indoor and outdoor environments, objects, and build-
ings. HDR-Synth & HDR-Real dataset [5] contains real
LDR/HDR image pairs (9785 in total) and synthetic pairs
(around 500). All images have been pre-processed to 512 ×
512 resolution. These datasets were split into 80% train and
20% test splits and used in the within-dataset performance
evaluation. We also consider a third dataset, HDR-Eye [26]
having 46 real HDR images with resolution 512 × 512 for
cross-dataset evaluation. For all ablation studies, we selected
a subset of 5000 random images from City Scene and HDR-
Synth & HDR-Real datasets.
Evaluation. We use High Dynamic Range Visual Differences
Predictor (HDR-VDP-2) [43, 44] for human level perceptual
image similarity comparison. Structural similarity of the im-
ages is measured with Structural Similarity Index Measure
(SSIM) [31, 32]. We also use the common Peak Signal-to-
Noise Ratio in dB (PSNR) [45] metric for pixel level similar-
ity. We calculate the HDR-VDP-2 and SSIM scores on the
ground truth and reconstructed HDR images in the linear do-
main. The PSNR value is obtained on the µ-law based tone-
mapped ground truth and reconstructed HDR images. We
evaluate our method and compare it with four different state-
of-the-art methods including, FHDR [36], SingleHDR [5],
Diffusion-based [21] and ArtHDR-Net [6].

4. RESULTS AND ABLATIONS

Quantitative Results. Table 1 summarizes the within-dataset
quantitative results. We see that the proposed method out-
performs all of the selected state-of-the-art methods in terms
of SSIM and HDR-VDP-2. However, the diffusion-based
model [21] outperforms our model in terms of PSNR score
on both datasets. Table 2 reports the results for cross-dataset
evaluation. The observed trend is similar to the within-dataset
evaluation - our method outperforms all of the selected state-
of-the-art methods in terms of SSIM and HDR-VDP-2 and
second best in terms of PSNR.
Qualitative Results. Fig. 4 illustrates that the visual quality
of our method is the closest to the ground truth HDR images
in terms of color, contrast, saturation and brightness. We can
also see the foreground and background objects with clarity.
We display the HDRGT and HDRRec from all the methods us-
ing Reinhard’s tone-mapping algorithm [46].
Architecture Ablation. We studied the impact of different
fusion techniques (i.e., element-wise addition and concate-
nation) of the original and histogram-equalized LDR images
including, early fusion (input data), late fusion (encoder fea-
ture maps), and attention mechanism. In the case of element-
wise addition, we distort the information in the original LDR
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LDRGT FHDR SingleHDR ArtHDR-Net Di�usion HistoHDR-Net HDRGT

Fig. 4: HDR images generated by the proposed HistoHDR-Net and state-of-the-art methods.

Table 3: Architecture ablation results for different data fusion
and attention approaches. ‘+’ denotes element-wise addition
and ‘⊕’ denotes concatenation. The best results are in bold.

Variant PSNR↑ SSIM↑ HDR-VDP-2↑

LDRGT-only 24.40 0.79 64.21
LDRHis-only 24.11 0.82 65.02

LDRGT + LDRHis 26.38 0.85 65.69
LDRGT ⊕ LDRHis 28.11 0.87 66.12

fGT
LDR + fHis

LDR 30.19 0.88 67.74
fGT

LDR ⊕ fHis
LDR 31.43 0.90 68.01

fatt(f
GT
LDR + fHis

LDR) 33.57 0.91 68.11
fatt(f

GT
LDR ⊕ fHis

LDR) 35.30 0.93 69.31

with the histogram-equalized LDR images. In contrast, con-
catenation allows for information sharing between the origi-
nal LDR and equalized LDR images. The results in Table 3
demonstrate how the fusion techniques and attention mecha-
nism improve the performance of the model compared to the
baseline implementation with only LDR images or equalized
LDR images as input. The first and second rows depict the
cases without fusion and attention. We see LDRHis is slightly
better than LDRGT. The third and fourth rows display the
early fusion results, which are slightly better than the previous
case. Histogram-equalized LDR images lead to a significant
improvement when used in late fusion (fifth and sixth rows).
When self-attention is introduced to the late fusion outputs
(seventh and eighth rows), we see further improvements.
Loss Ablation. The proposed loss function has five compo-
nents out of which the first two are commonly used in image
reconstruction tasks. Table 4 shows the contribution of each

Table 4: Loss ablation results for different loss components.
The best results are in bold.

Loss components PSNR↑ SSIM↑ HDR-VDP-2↑

LL1 33.43 0.912 67.83
LL1, LW 34.22 0.917 68.11
LL1, LV GG 33.72 0.915 67.91
LL1, LV GG, LW 34.58 0.922 68.22
LL1, LV GG, LW , LSIM 34.98 0.927 68.85
LL1, LV GG, LW , LSIM , LC 35.30 0.930 69.31

Table 5: Encoder ablation results for different feature extrac-
tion backbones. The best results are in bold.

Backbone PSNR↑ SSIM↑ HDR-VDP-2↑

MobileNet [47] 32.45 0.895 67.01
InceptionV3 [48] 33.10 0.899 67.68
VGG19 [40] 35.41 0.927 69.23
ResNet50 [29] 35.30 0.930 69.31

of the loss components. We see that LL1 and LV GG achieve
moderate scores and the actual improvement is achieved with
the addition of LW , LSIM , and LC (fourth, fifth, and sixth
rows). We do not use L2 loss because it is too sensitive to
noise [33]. We also perform a separate test on the combi-
nation of LL1 and LW (second row). We observe that the
PSNR, SSIM and HDR-VDR-2 scores are better than the
combination of LL1 and LV GG by a margin of 1.5%, 0.2%,
and 0.3%, respectively. Since, both LV GG and LW are per-
ceptual losses, we can consider LW as an alternative to LV GG

in HDR image reconstruction tasks.
Encoder Ablation. We also study different choices of the
feature extraction block which is important for HDR image
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reconstruction. We examine the most common feature extrac-
tion backbones including, MobileNet [47], InceptionV3 [48],
ResNet50 [29], and VGG19 [40]. The results are summarized
in Table 5. We see that ResNet50 attains the best results in
terms of SSIM and HDR-VDP-2. However, VGG19 reaches
better performance in the case of PSNR.

5. CONCLUSION

Histogram-equalized LDR images play a significant role in
improving the performance of Convolutional Neural Network
based models for HDR image reconstruction. Data fusion and
self-attention mechanisms further improve the performance.
The proposed loss function that employs Weber’s law, MS-
SSIM metric, and ∆E∗ color difference further improves
the reconstructed HDR images resulting in a state-of-the-art
performance. Future work includes the study of histogram
matching [24] that allows us to control the shape of the his-
togram. The prospects of applying similar approach with
video HDR reconstruction using extensions such as video
transformes or timesformers can be studied in future works.
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