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Abstract: Snapshot-based HDR imaging from Bayer-patterned multi-exposure inputs has gained significant attention
with recent advancements in HDR imaging technology. Learning-based approaches have enabled the recon-
struction of HDR images from extremely sparse multi-exposure measurements captured on a single Bayer-
patterned sensor. However, existing learning-based methods predominantly rely on tone-mapped representa-
tions due to the inherent challenges of direct supervision in the HDR radiance domain. This tone-mapping-
based approach suffers from critical limitations, including amplified noise and structural distortions in the
reconstructed HDR images. The fundamental challenge arises from the high dynamic range of HDR radiance
values, which exhibit a sparse and uneven distribution in floating-point space, making gradient-based optimiza-
tion unstable. To address these issues, we propose a novel diffusion-based HDR reconstruction framework that
operates directly in a split HDR radiance domain while preserving the linearity of the original HDR radiance
values. By leveraging the generative power of diffusion models, our approach effectively learns the structural
and radiometric characteristics of HDR images, leading to superior detail preservation, reduced noise artifacts,
and enhanced reconstruction fidelity. Experiments demonstrate that our method outperforms state-of-the-art
techniques in both qualitative and quantitative evaluations.

1 INTRODUCTION

High-dynamic-range (HDR) imaging is essential in
computational photography, enabling accurate scene
representations by capturing a wide range of radi-
ance values. Unlike standard low-dynamic-range
(LDR) images, which suffer from sensor limitations,
HDR images store floating-point linear radiance val-
ues, making them critical for applications such as
autonomous driving (Kocdemir et al., 2022; Seger,
2016), medical imaging (Kumar et al., 2023; Ram-
poni et al., 2016), and environmental monitoring (Suh
et al., 2018; Jacobs, 2007). However, conventional
sensors struggle to capture this dynamic range in a
single shot—short exposures introduce noise, while
long exposures lead to saturation and motion blur. To
overcome these limitations, multi-exposure HDR re-
construction techniques (Debevec and Malik, 1997)
merge LDR images captured at different exposure
levels to recover lost radiance information.

Recently, snapshot-based HDR imaging has
gained attention, leveraging Bayer-patterned multi-
exposure inputs to capture multiple exposures in a
single shot using specialized sensor designs such as
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(a) Input RAW image

(b) Upsampled input (gamma-corrected)

(c) Upsampled input (tone-mapped)

(d) DiffHDR [30] (e) Ours

Figure 1: (a) Input quad-Bayer patterned RAW images
with varying exposure times. (b) & (c) Three multi-exposed
input images. (d) & (e) Results from DiffHDR and our
method, respectively. The results demonstrate that our
method reconstructs fine details.

quad-Bayer and multi-exposure CFA layouts (Kim
and Kim, 2023; Suda et al., 2020; Jiang et al.,
2021). This approach eliminates motion artifacts in
sequential HDR methods while reducing capture la-



tency. However, reconstructing HDR images from
sparse multi-exposure measurements remains chal-
lenging due to spatial resolution loss, increased sen-
sor noise, and complex exposure relationships. Deep
learning has enabled high-quality HDR reconstruc-
tion by learning to infer missing radiance values, yet
still faceing challenges in optimization stability, noise
robustness, and accurate radiance estimation.

A key challenge in learning-based HDR recon-
struction is the extremely wide dynamic range of
HDR radiance values, which makes gradient-based
optimization unstable. To address this, prior works
rely on tone-mapped supervision, such as the µ-law
function (Kalantari et al., 2017), which logarithmi-
cally compresses radiance values. While this im-
proves gradient flow, it alters pixel distributions, dis-
torts contrast, and introduces floating-point precision
errors. Training in the non-linear tone-mapped space
also biases networks toward the compressed repre-
sentation, leading to inconsistencies when convert-
ing outputs back to linear form, ultimately degrading
HDR reconstruction accuracy.

Beyond tone-mapping issues, camera sensor noise
variation further complicates HDR reconstruction.
Noise scales with light intensity, making darker re-
gions significantly noisier than brighter ones. This
imbalance makes denoising more challenging in HDR
domains compared to LDR domains to pose ad-
ditional challenges, as most existing methods are
trained on well-lit scenes with minimal noise, lim-
iting their robustness in real-world conditions where
exposure-dependent noise is prevalent.

To overcome these challenges, we propose a novel
diffusion-based HDR reconstruction framework that
directly operates in a split linear HDR radiance do-
main, eliminating tone-mapping artifacts. Following
recent snapshot HDR imaging approaches (Kim and
Kim, 2023; Suda et al., 2020; Jiang et al., 2021), our
method uses raw quad-Bayer LDR images, which in-
herently capture multi-exposure information but suf-
fer from spatial resolution loss and sensor noise.

To stabilize optimization in the linear domain, we
introduce a range-splitting algorithm that partitions
the HDR radiance domain into bounded intensity seg-
ments. This approach ensures stable training while ef-
fectively handling extreme intensity variations. Addi-
tionally, range-splitting applied to LDR inputs helps
control sensor noise within each segment, enabling
more robust feature extraction.

To further enhance reconstruction quality, we in-
corporate an LDR refinement network that denoises
and processes segmented inputs, preventing noise am-
plification in low-exposure images. Instead of align-
ing all exposures to the shortest exposure (which has

the highest noise), we leverage a self-attention mod-
ule to extract reliable information adaptively from
higher exposures with lower noise. These refined fea-
tures condition our diffusion-based HDR network, en-
abling high-quality HDR generation in the linear ra-
diance space.

In summary, our approach introduces a diffusion-
based HDR reconstruction framework that operates
in the linear HDR radiance domain, avoiding tone-
mapping artifacts while achieving stable training
through range-splitting. By incorporating an LDR
refinement network and self-attention-based feature
extraction, our method effectively suppresses sensor
noise and enhances HDR quality. Extensive exper-
iments demonstrate that our approach outperforms
state-of-the-art HDR reconstruction methods in both
synthetic and real-world datasets.

2 RELATED WORK

Multi-shot HDR reconstruction. Traditional HDR
imaging merges multiple LDR images captured at
different exposure levels into a single HDR image.
(Kalantari et al., 2017) introduced a widely used
dataset that aligns LDR images to a middle expo-
sure reference. While effective for static scenes, this
dataset does not account for real-world motion blur in
longer exposures, leading to ghosting artifacts. More-
over, aligning HDR images to the middle exposure is
suboptimal, as real-world scenes often contain motion
blur in mid-exposure images. Aligning to the shortest
exposure, which has the least motion blur, is a more
practical approach. Additionally, since the dataset
consists of well-lit scenes with minimal noise, it lacks
sensor noise variability encountered in low-light en-
vironments, limiting model generalizability. To ad-
dress these limitations, (Chi et al., 2023) introduced
synthetic noise into the Kalantari dataset and trained
a Swin-Transformer (Liu et al., 2021b) for denoising
HDR reconstruction. However, it does not model real-
world motion blur, reducing practical applicability.
Snapshot HDR reconstruction with quad-Bayer
images. Recent advances in HDR imaging leverage
quad-Bayer imaging sensors, which contain multiple
exposures in a single shot. (Akyüz et al., 2020) em-
ploy a two-step method: a neural network first gener-
ates multiple LDR images from the raw quad-Bayer
data, which are then merged using a conventional
HDR reconstruction method. Although this method
is promising for static scenes, it lacks an algorithm to
mitigate ghosting artifacts in dynamic scenes. More
recently, (Kim and Kim, 2023), (Suda et al., 2020),
and (Jiang et al., 2021) proposed approaches that syn-



thesize realistic quad-Bayer LDR training data from
the ALEXA HDR video dataset (Froehlich et al.,
2014). Their transformer-based HDR reconstruc-
tion framework, aligned to the shortest exposure, im-
proved robustness against motion artifacts. However,
noise sensitivity in darker regions remains a signif-
icant challenge. Our approach builds on these ap-
proaches by employing diffusion models to directly
model the distribution of linear HDR images, enhanc-
ing robustness in challenging lighting conditions.
Deep Learning-Based HDR reconstruction. Since
(Debevec and Malik, 1997) introduced multi-
exposure HDR imaging, research has shifted from
simple dynamic range recovery to addressing data
loss caused by motion blur, sensor noise, and mis-
alignment. While short exposures retain highlight de-
tails but suffer from noise, long exposures recover
shadows but introduce motion blur. Deep learning has
significantly advanced HDR reconstruction by mit-
igating these issues through feature alignment and
adaptive fusion. (Kalantari et al., 2017) pioneered
deep learning-based HDR reconstruction using opti-
cal flow (Liu et al., 2009) for LDR alignment, fol-
lowed by CNN-based merging. Later approaches re-
fined this pipeline with feature-level alignment (Wu
et al., 2018; Yan et al., 2020) and attention mecha-
nisms for more precise fusion (Yan et al., 2019; Liu
et al., 2021a). (Liu et al., 2022) further improved
HDR reconstruction by integrating vision transform-
ers (Dosovitskiy et al., 2021), effectively capturing
both local and global dependencies. Despite these ad-
vances, existing deep learning methods struggle with
extreme exposure variations and noise, particularly
in low-light conditions. Instead of relying on deter-
ministic alignment, our approach leverages diffusion-
based generative modeling, enabling robust HDR re-
construction without explicit alignment constraints.
Generative Model-Based HDR reconstruction.
Generative models have recently been explored for
HDR reconstruction by learning the underlying HDR
data distribution. (Niu et al., 2021) used a GAN-based
model with a multi-scale generator and convolutional
discriminator to enhance HDR image fidelity. (Yan
et al., 2023) introduced diffusion models for HDR re-
construction, conditioning on LDR inputs. However,
their approach trains in a tone-mapped HDR space,
producing non-linear HDR estimates that require in-
version, making the model highly dependent on the
tone-mapping used during training. This dependency
limits generalization, particularly in scenes with di-
verse lighting conditions.

In contrast, we train our diffusion model directly
in linear HDR space, ensuring physically accurate ra-
diance reconstruction. Our range-splitting strategy

further stabilizes training by segmenting HDR radi-
ance into bounded intensity ranges, preventing bias
toward low-intensity values. This allows our model
to capture fine details across the full exposure spec-
trum, outperforming existing generative approaches
in HDR reconstruction.

3 METHOD

3.1 Preliminaries

Diffusion Model. The diffusion model is a gener-
ative model capable of transforming Gaussian noise
into a specific data distribution. This transformation
begins by defining the forward process, which iter-
atively adds small Gaussian noise to a clean image
x0, until it converges to a standard normal distribu-
tion N (0,I)∼ xT . Then, the diffusion model trains a
noise estimation model that learns to reverse this pro-
cess, referred to as the backward process. This pro-
cess can be guided by a certain condition, enabling
the diffusion model to generate samples based on that
condition. Specifically, the forward process samples
xt , the latent variable at timestep t ∈ [1, . . . ,T ], from
x0:

xt =
√

ᾱtx0 +
√

1− ᾱtεt , (1)
where α1:T ∈ (0,1) is a constant noise schedule that
controls the noise level of each forward step, ᾱt =
∏

t
k=1 αk, and εt ∼ N (0,I). The backward process of

this procedure can be modeled by a neural network:

xt−1 =
1

√
αt

(
xt −

1−αt√
1− ᾱt

εθ(y,xt , t)
)
+
√

1− ᾱtε, (2)

where y is the input condition, and ε ∼ N (0,I). Al-
though ε plays a part in achieving sample diversity, it
can hurt the consistency when the model is trained for
image reconstruction. This can be resolved by using
DDIM (Song et al., 2021) sampling instead:

xt−1 =
√

ᾱt−1x̃0,t +

√
1− ᾱt−1 −σ2

t εθ(y,xt , t)+σ
2
t ε,

(3)
where σt controls how stochastic the sampling pro-
cess is, and by setting it to 0, the sampling process
becomes deterministic, more suitable for image re-
construction. Note that x̃0,t is a temporal version of
x0 obtained by replacing εt to εθ in Eq. (1):

x̃0,t =
xt −

√
1− ᾱtεθ(y,xt , t)√

ᾱt
. (4)

Noise Model. Camera sensor noise in raw Bayer im-
ages consists of shot noise, which arises from the
statistics of photon arrivals at the sensor, and read
noise, which stems from inaccuracies in the electronic
circuits while reading the signal. Shot noise depends



on the captured signal, and it can be modeled as a
Poisson random variable with the mean correspond-
ing to the light intensity. On the other hand, read noise
is independent of the signal and can be modeled using
a Gaussian distribution with 0 mean, and a fixed vari-
ance. We can simulate these noises with a Gaussian
distribution:

Inoisy ∼ N (I,σ2
s I+σ

2
r ), (5)

log(σ2
s )∼ U(log(0.0012), log(0.0048)), (6)

log(σ2
r )∼ N (1.869log(σ2

s )+0.3276,0.32), (7)

where I is the clean image in linear space, and σs
and σr are standard deviation for the shot and read
noise, respectively. We use the σs, σr values from a
Xiaomi 10S smartphone (Zhang et al., ), and sample
new noise levels in every training epoch.

3.2 Range Splitting Algorithm

Splitting Range. Our range-splitting algorithm di-
vides a linear image I with a range of [0,1] into seg-
ments I(1:S). Here, S, the split level, represents the
number of segments resulting from the split, and r1:S
indicates the boundaries of the segments. Note that
r1 = 0 and rS = 1. The s-th segment, I(s), is defined
by:

I(s) =
clamp(I,rs,rs+1)− rs

rs+1 − rs
. (8)

This procedure is applied to each RGB channel sepa-
rately, resulting in an array of segments with 3S chan-
nels.
Combining Ranges. The range-combining process
integrates the segments I(1:S) back into the original
linear image I. The ground truth segments consist
of clamped pixel values of exactly 0 or 1. How-
ever, in the segments predicted by the neural network,
these pixel values are close to 0 or 1, but are not ex-
actly equal. This discrepancy introduces noise into
the combined image, especially when the combining
process relies on a naive inverse formula of the range-
splitting, thereby diminishing the quality of the pre-
dicted result. Therefore, we employ a strategy that
eliminates pixel values belonging to other segments
by applying masks to each segment. These masks are
predicted using a neural network, and the ground truth
masks M(1:S) can be easily derived during the range-
splitting process as:

M(s) =

{
1, where rs ≤ I < rs+1

0, otherwise.
(9)

Summing up, the range-combining process is
given by:

I = ∑
s∈[1:S]

M(s)
φ

·
(

I(s)(rs+1 − rs)+ rs

)
, (10)

Impact of our range-splitting. Applying range-
splitting to the target HDR images divides the ex-
tensive dynamic range into smaller segments. This
method enables optimization directly in linear space,
eliminating the need for non-linear tone-mapping
functions during training. In the LDR domain, range-
splitting offers two benefits. First, it limits the noise
level within each segment, making it easier to manage
varying degrees of sensor noise. Second, it provides a
more effective representation of both dark and bright
regions compared to gamma correction, allowing the
neural network to process them more efficiently. To-
gether, these advantages enhance the overall quality
of HDR reconstruction.

3.3 Splitting HDR Diffusion

Our model is a conditional diffusion model designed
to produce linear HDR samples from noisy quad-
Bayer patterned LDR images as input. By applying
the proposed range-splitting algorithm to the input
and using it to guide the diffusion process, our model
has the capability to generate linear HDR samples in
segments, which are then processed using the range-
combining algorithm to obtain the linear HDR image.
Our pipeline consists of three neural networks: LR-
Net, HDRNet, and MaskNet. The LRNet and HDR-
Net share the same U-Net backbone with different hy-
perparameters, while MaskNet is a lightweight CNN.
The detailed architecture of the networks is in the sup-
plemental document. Moreover, we train our model
by cropping random patches from the full image to
reduce computational cost and accommodate inputs
of various sizes. An overview of our model is shown
in Figure 3.
Preprocessing LDR Input. We convert the quad-
Bayer patterned LDR image Ltetra, into three separate
images with different exposures. This process begins
by subsampling the input LDR image of size [H ×W ]
into RGB images that have different exposures of size
[3 × H/4 ×W/4]. These images are then upsam-
pled using bilinear interpolation to recover the orig-
inal image size, resulting in Lsht,Lmid,Llng, where
each having a size of [3 × H ×W ]. The proposed
range-splitting algorithm defined in Equation (8) is
applied to these processed inputs, creating LDR seg-
ments L(1:S)

sht ,L(1:S)
mid ,L(1:S)

lng with sizes of [3S×H ×W ],
respectively, where S is the total number of split seg-
ments.
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(upsampled)

Middle LDR
(upsampled)

Long LDR
(upsampled)

Linear Compressed Range-split images

Figure 2: The proposed range-splitting algorithm is illustrated here. The first column displays the linear images of the
corresponding inputs. The second column presents a tone-mapped image with a factor of 5k for the HDR image and gamma-
corrected image for the LDR images. The third to sixth column shows the range-split image with r1:S = {0,2−12,2−8,2−4,1}.

Extracting Refined LDR Features. To effectively
utilize the LDR segments with data loss as a condi-
tion for the diffusion model, we process them through
an LDR refinement network (LRNet) to obtain re-
fined features. Each segment is processed in a distinct
pipeline, where each network receives L(i)

sht,L
(i)
mid,L

(i)
lng

as input and is trained produce Ĥ(i)
ldr, the prediction

of their HDR counterpart H(i)
0 . While conventional

methods align features to a single reference frame,
which is the short exposure input in our case, this
is not appropriate for our framework since the short
exposure image suffers from severe data loss from
sensor noise, the quad-Bayer pattern, and quantiza-
tion. Therefore, we incorporate a self-attention layer
to learn the relationship between the different expo-
sures, addressing data loss in the reference frame. As
shown in Figure 3a, we used a U-Net based autoen-
coder with depth d, where the final output of the net-
work is a set of features c(i)1:d from each level in the
encoding path. LRNet is optimized using a recon-
struction loss for each split segment:

Lldr =
1
S

S

∑
i=1

∥H(i)
0 − Ĥ(i)

ldr∥. (11)

Generating Linear HDR Samples. Our condi-
tional diffusion model produces linear HDR segments
Ĥ(1:S)

0 , conditioned on LDR features c1:d . Adopting
the strategy from (Li et al., 2022), we generate the
residual R(1:S)

0 between the HDR image and the up-
sampled short LDR image to accelerate model con-
vergence. Moreover, inspired by (Zhang et al., 2023),
we implement a hierarchical conditioning method,
where the conditional features are applied to the de-

coder path of the diffusion U-Net, HDRNet, at each
level, providing a stronger condition for the diffusion
process. Our model is optimized with the following
loss function:

Ldiff = Lnoise +λimgLimg, (12)

where Lnoise is the conventional diffusion loss, Limg
is an image space loss, and λimg is a weight for the
image space loss. Similar to (Yang et al., 2023), our
image space loss uses the temporal prediction R̃(1:S)

0,t
defined in Equation (4), minimizing the color distor-
tion in the sampled result:

Limg = Et

[
∥R(1:S)

0 − R̃(1:S)
0,t ∥

]
. (13)

For effective sampling, we employ the DDIM
method (Song et al., 2021), reducing the sampling
steps to {tk, . . . , t1}. The entire pipeline is illustrated
in Figure 3b.
Mask Prediction. Our mask model, MaskNet, aims
to generate a probability matrix p(1:S) corresponding
to the reference mask M(1:S) of the split HDR image.
The predicted mask M̂(1:S) can be obtained by select-
ing the index with the highest probability:

M̂(s) =

1 if argmax
i∈[1:S]

p(i) = s

0 otherwise.
(14)

The mask model predicts masks using the Ĥ(i)
ldr as in-

put, which is optimized by cross-entropy loss between
p(1:S) and M(1:S):

Lmask =−1
S

S

∑
s=1

log
exp(p(s)) ·M(s)

∑
S
i=1 exp(p(i))

. (15)
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Figure 3: Overview of the architecture of our model. Figure (a) illustrates the LDR processing pipeline, where the input
quad-Bayer patterned image is processed to generate refined LDR features and a segment-wise mask. Figure (b) depicts the
HDR diffusion pipeline, which utilizes the refined features as a condition to train the diffusion model. The model is trained
to predict the range-split segments of the residual R0 between the HDR image H0 and the short-exposed LDR image Lsht,
subsampled from the quad-Bayer input. The desired HDR sample can be obtained by applying the range-combining algorithm
to the predicted residual segments.

Predicted mask Reference mask
Figure 4: Visualization of predicted and reference masks.

We visualize the predicted mask from the mask model
in Figure 4.
Patch-based Sampling. Our patch-based approach
generates borders between the patches. Therefore, we
sample the entire image using overlapping patches,
similar to WeatherDiffusion (Özdenizci and Legen-
stein, 2023). At each backward step ti, the predicted
noise εθ(c1:d ,R

(1:S)
ti , ti) of the patches is merged,

where the overlapped regions are divided by the num-
ber of overlaps. This strategy effectively smooths out
the predicted sample at each step, resulting in an im-
age without border artifacts.

4 RESULT

4.1 Experiment Setup

Synthetic Multi-Exposure Experiment. We cre-
ate quad-Bayer patterned LDR inputs based on (Kim

and Kim, 2023). Using the ALEXA HDR video
dataset (Froehlich et al., 2014), we add 1, 4, and 16
consecutive frames to produce varying exposures with
a difference of two photographic stops between each
exposure level. By applying the quad-Bayer patterned
array, we can obtain a single linear image with vary-
ing exposures within the HDR range. This procedure
is followed by dynamic range clipping, the addition
of synthetic noise, and quantization to create an LDR
version of this image. We utilize the noise model
introduced in Section 3.1 and quantize the image to
12 bits, a standard achievable by camera sensors in
smartphones. For the reference HDR image, we use
the frame aligned with the shortest exposure. We ob-
tain 320 images from 22 different scenes for training
and 53 images from 4 different scenes for testing.
Real Multi-Exposure Experiment. Tetra-binning
camera sensors are commonly found in modern
smartphones; however, they only provide access to
processed Bayer images, not the raw quad-Bayer data.
Therefore, we create a quad-Bayer patterned input us-
ing a real dataset captured at night with the main cam-
era of a Xiaomi 10S smartphone provided by (Zhang
et al., ). Each scene in this dataset comprises five
10-bit images captured through exposure bracketing,
with a 2-stop difference between consecutive expo-
sures — aligning with the configuration of our syn-
thetic dataset. We subsample the first three images
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Figure 5: Qualitative comparison on synthetic HDR data. Our method reconstructs sharper details and preserves textures
more effectively, particularly in darker regions. More images are in Section 4 of the supplemental document.

into a single quad-Bayer image, effectively generating
input data with actual sensor noise. Note that there is
no ground-truth image for this real-world test dataset.
Implementation Details. We trained our model for
500k iterations, using a batch size of 16. In each
iteration, we crop random patches of size 128×128
from every image. We utilize the AdamW optimizer
with β1 = 0.9, β2 = 0.999, weight decay = 0.02, and
a fixed learning rate of 0.00005. We implemented
our model using PyTorch Lightning, trained on two
NVIDIA A100 GPUs. The diffusion model is sam-
pled using 25 DDIM steps, and a 32-pixel overlap.

4.2 Comparison

We evaluate the performance of our proposed model
against state-of-the-art techniques. We select rep-
resentative methods from each major deep learning
approach: AHDR (Yan et al., 2019) for attention-
based methods, HDRGAN (Niu et al., 2021) for
GAN-based methods, and DiffHDR (Yan et al., 2023)
for diffusion-based methods. These methods all use
ordinary LDR inputs, not quad-Bayer inputs. For
transformer-based methods, regarding the vast num-
ber of works in this domain, we choose 3 papers; CA-
ViT (Liu et al., 2022), SCTNet (Tel et al., 2023) and
(Kim and Kim, 2023). It is important to note that ex-
cept from (Kim and Kim, 2023) which aligns with our
use of quad-Bayer inputs, all other baseline methods
are designed for standard LDR inputs. We fix the syn-
thetic noise level to the midpoint of the noise range:

σ2
s = 0.0024, log(σ2

r ) = 1.869log(σ2
s )+0.3276,

(16)
which is applied to the tetra-binning LDR input us-
ing Equation (5). Since the method by (Kim and
Kim, 2023) uses raw quad-Bayer images as input,
we provided Ltetra from our new dataset. For the re-
maining methods, which take three LDR images as
input, we followed the preprocessing procedure de-

scribed in Section 3.3, excluding the range-splitting
step, and used the upsampled LDR stack — Lsht,
Lmid, and Llng — as input. Additionally, we mod-
ified the alignment process of each method to con-
sider that our dataset uses the shortest exposure (Lsht)
as the alignment anchor, differing from the Kalantari
dataset, which aligns to the middle exposure (Lmid).
All methods were trained until convergence using a µ
(tone-mapping factor) value of 5000, which is a com-
mon setting in HDR imaging tasks.

Table 1 presents the quantitative results of the
methods. We evaluate the accuracy of the results
using 9 evaluation metrics. 4 commonly used met-
rics : PSNR, PSNR-µ (Kalantari et al., 2017), SSIM,
SSIM-µ (Wang et al., 2004), 4 HDR-specific metrics :
pu21-PSNR, pu21-MSSSIM, pu21-VSI (Azimi et al.,
2021), HDR-VDP-2 (Mantiuk et al., 2011), and NoR-
VDP (Banterle et al., 2020) a metric for no-reference
situation. The subscript µ indicates that the metric is
computed in the tone-mapped domain, where we set
µ = 5000 to match the experimental conditions used
in the compared methods. Moreover, we set the peak
value to 4,000 for the pu21 metrics. Our proposed
method achieves the best performance in all HDR-
specific metrics, and in most of the common metrics
except for SSIM-µ, where it ranks second with a score
very close to the best result. Figure 5 illustrates the
qualitative results. Our method preserves more de-
tail, particularly in darker regions, compared to other
methods. Refer to the Appendix for more figures from
synthetic data.
Cross-Validation. To further evaluate the general-
ization ability of our method, we conduct qualita-
tive cross-validation using unseen data from our real
dataset, which are shown in Figure 6. Compared to
other methods, our approach preserves fine details
while avoiding blurry artifacts, demonstrating strong
robustness to real-world degradation. These results
show the effectiveness of our framework in handling
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Figure 6: Qualitative comparison on real-world HDR data. Our framework reconstructs finer details and preserves textures
more effectively than prior methods, demonstrating strong generalization to unseen data.

DiffHDR Ours DiffHDR Ours

Figure 7: Additional results on real-world data. Compared to DiffHDR, our model generates sharper and cleaner HDR
reconstructions, effectively handling real-world noise.



Table 1: Quantitative comparison on synthetic and real datasets (bold red: best, bold blue: second-best).

Synthetic Real
PSNR PSNR-µ SSIM SSIM-µ pu21-PSNR pu21-MSSSIM pu21-VSI HDR-VDP-2 NoR-VDP

AHDR 43.15 36.88 0.9953 0.8938 32.4701 0.9605 0.9947 59.08 58.02
HDRGAN 43.92 36.99 0.9932 0.8892 32.2663 0.9621 0.9951 59.32 59.03
CA-ViT 44.13 36.72 0.9946 0.8896 32.5615 0.9646 0.9954 58.87 58.12
SCTNet 44.48 36.90 0.9948 0.8910 32.6134 0.9653 0.9955 59.25 58.35
Kim and Kim 44.68 36.98 0.9948 0.8927 32.7485 0.9671 0.9960 60.57 59.06
DiffHDR 45.62 37.12 0.9953 0.8929 33.0884 0.9678 0.9964 60.92 59.43
Ours 47.41 37.50 0.9956 0.8936 33.2015 0.9693 0.9969 61.54 60.73

challenging noise patterns and unseen data. Addi-
tional results from the real dataset are provided in Fig-
ure 7. We compare our result with the results from
DiffHDR (Yan et al., 2023), which performed best
among the baseline methods in the synthetic dataset.
Our model shows cleaner results, proving our model
can effectively produce liner HDR images robust to
noise even in unseen real-world data.

4.3 Ablation Study

We conduct an ablation study to assess the effec-
tiveness of the proposed range-splitting algorithm.
Using the same network architecture, we train the
model with various supervision strategies: directly
using linear HDR images as the reference, employing
tone-mapped HDR images, and applying our range-
splitting approach. For the linear and tone-mapped
cases, we adhere to previous methods by concate-
nating the linear and gamma-corrected LDR images
as input to the LDR processing pipeline. As shown
in Table 2, the network struggles to converge when
trained directly with linear HDR images. More-
over, our range-splitting method surpasses the tone-
mapped approach, demonstrating that the proposed
range-splitting algorithm effectively facilitates stable
and precise optimization in linear space. Through ex-
tensive experiments, we empirically determined that
using three internal boundaries (at values of 2−12,
2−8, and 2−4) achieves an optimal trade-off between
accuracy and computational complexity.

We also conduct an ablation study on the use of
masks in the range-combining process. Using the fi-
nal trained model, we compare utilizing the predicted
mask, omitting the mask, and employing the refer-
ence mask obtained from the ground truth HDR im-
ages. As shown in Table 2, applying masks during
range-combining significantly enhances the quality of
the predicted samples by effectively masking out sat-
urated pixels. The reference mask outperforms the
predicted mask, underscoring the critical role of mask
prediction in achieving accurate HDR reconstruction.

Furthermore, we conduct an ablation study to

Table 2: Quantitative comparison of different training
strategies. Our proposed range-splitting approach achieves
the highest performance, with ground-truth masks yielding
the best results.

Range-splitting Strategy PSNR ↑ PSNR-µ ↑ SSIM-µ ↑

{0,1} (No splitting)
Linear 34.48 12.16 0.0884
Tone-map 44.87 36.96 0.8929

{0,2−8,1}
No mask 37.05 12.67 0.095
Predicted mask 43.52 29.70 0.6838
GT. mask 43.54 29.77 0.6851

{0,2−10,2−6,1}
No mask 39.14 13.27 0.1119
Predicted mask 44.81 35.61 0.8503
GT. mask 44.84 35.87 0.8567

{0,2−12,2−8,2−4,1}
No mask 40.50 13.43 0.1273
Predicted mask 47.41 37.40 0.8936
GT. mask 47.45 37.94 0.9087

Table 3: Ablation study on ldr feature alingment. All the
networks are trained for 200k isolated from the diffusion
model.

Strategy PSNR PSNR-µ SSIM-µ
No alignment 42.57 36.42 0.8862
Alignment to reference image 44.24 36.83 0.8875
Adaptive alignment with self-attention 44.64 36.91 0.8903

validate our proposed LDR feature alignment strat-
egy. We compare the output of LRNet of our self-
attention based alignment against two key baselines:
a conventional attention-based alignment to the short-
exposure reference image, and a variant with no fea-
ture alignment. Due to the significant computational
cost of training the diffusion model, this ablation was
performed by training the LDR reconstruction net-
work (LRNet) alone, not training the full end-to-end
pipeline. As shown in Table 3, the conventional align-
ment method underperforms our approach, highlight-
ing the difficulty of aligning features to a degraded,
noisy reference image. Our self-attention strategy,
in contrast, can adaptively leverage the cleaner sig-
nal from misaligned longer exposures, resulting in a
more robust feature alignment.

5 CONCLUSION

We have introduced a novel diffusion-based HDR re-
construction framework that operates directly in the



linear HDR radiance domain, overcoming the limi-
tations of traditional tone-mapped supervision. Our
approach leverages quad-Bayer patterned inputs and
a range-splitting algorithm, which partitions both in-
put LDR images and target HDR images into bounded
intensity segments. This strategy stabilizes optimiza-
tion in linear space, effectively mitigating the biases
introduced by tone-mapping. Additionally, by limit-
ing noise levels within each segment, our framework
improves denoising efficiency, enhancing overall re-
construction quality.

By integrating range-splitting with a diffusion
model, our method learns the distribution of linear
HDR images, enabling it to recover lost details caused
by sensor noise, motion blur, and the unique chal-
lenges of tetra-binning sensors. Experimental results
demonstrate that surpasses state-of-the-art HDR re-
construction methods, performing robustly in both
synthetic benchmarks and cross-validation on unseen
real-world data. This highlights its potential to bridge
the gap between synthetic training and real-world
HDR imaging applications.

Despite its advantages, our approach has a limita-
tion in the final range-combining process, where re-
construction quality depends on the accuracy of the
predicted masks. In this work, we employed a sim-
ple CNN for mask prediction, which may constrain
the achievable quality. Future research could ex-
plore more advanced range-combining strategies, po-
tentially further improving the fidelity of the recon-
structed HDR images.
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APPENDIX
A Detailed network architecture
We use a U-Net-based architecture with self-attention
blocks for both LRNet and HDRNet. The backbone con-
sists of five levels, each containing two residual blocks. To
better capture complex details, we incorporate self-attention
blocks at the fourth and fifth levels. Both the residual
and self-attention blocks are derived from (Dhariwal and
Nichol, 2021). The hyperparameters for LRNet and HDR-
Net are detailed in Table 4.

Table 4: Hyperparameters for LRNet and HDRNet.

Parameter LRNet HDRNet

Number of Levels 5 5
Residual Blocks per Level 2 2
Self-Attention Levels 4th, 5th 4th, 5th
Initial Channel Count 64 256
Final Activation Function Tanh None
Use Scale-Shift Norm in Residual Blocks False True

B Experimental details of
comparison

We compare our method against AHDR (Yan et al., 2019),
CA-ViT (Liu et al., 2022), SCTNet (Tel et al., 2023),
(Kim and Kim, 2023), HDRGAN (Niu et al., 2021), and
DiffHDR (Yan et al., 2023). For AHDR, (Kim and Kim,
2023), and HDRGAN, we follow the original papers’ in-
structions, using the same network architectures and exper-
imental settings. However, for DiffHDR, we adopt the same
HDR diffusion U-Net architecture as our framework and
train the model for an equal number of iterations to ensure
a fair comparison.

C Additional results from synthetic
dataset

Additional results from the synthetic dataset are provided
in Figures 8. The results show that our method reconstructs
sharper details than baseline methods, particularly in darker
scenes. This improvement comes from our range-splitting
process, which effectively divides the wide noise range and
confines the noise level within each split segment, simplify-
ing the denoising task.
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Figure 8: Additional results on synthetic data. All the images, including the input, are displayed using µ = 500,000. Our
method significantly outperforms baseline methods, producing sharper and more detailed reconstructions.




