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ABSTRACT

Low Dynamic Range (LDR) to High Dynamic Range (HDR)
image translation is a fundamental task in many computa-
tional vision problems. Numerous data-driven methods have
been proposed to address this problem; however, they lack
explicit modeling of illumination, lighting, and scene geom-
etry in images. This limits the quality of the reconstructed
HDR images. Since lighting and shadows interact differently
with different materials, (e.g., specular surfaces such as glass
and metal, and lambertian or diffuse surfaces such as wood
and stone), modeling material-specific properties (e.g., spec-
ular and diffuse reflectance) has the potential to improve the
quality of HDR image reconstruction. This paper presents
PhysHDR, a simple yet powerful latent diffusion-based gen-
erative model for HDR image reconstruction. The denoising
process is conditioned on lighting and depth information and
guided by a novel loss to incorporate material properties of
surfaces in the scene. The experimental results establish the
efficacy of PhysHDR in comparison to a number of recent
state-of-the-art methods.

Index Terms— latent diffusion, material modeling, high
dynamic range, generative models, CLIP, depth maps

1. INTRODUCTION

Reconstructing High Dynamic Range (HDR) images from
Low Dynamic Range (LDR) counterparts has gained signif-
icant attention in the vision community [1]]. Applications
involving medical and computational imaging [2]], robotic
vision and self-driving cars [3]], augmented/virtual reality [4],
media & entertainment [S]], require high-fidelity images of
real-world scenes, which LDR images generally lack. A
large body of data-driven methods attempts to solve major
issues in HDR imaging, pertaining to artifacts, ghosting, and
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Fig. 1. PhysHDR (right) can recover the light/shadow de-
tails and light-object interactions in the rough and metallic
surfaces better than the state-of-the-art [7]] (middle) given an
extremely over-exposed LDR image (left) as input.

blurring effects. These methods primary approximate the
reverse of the image formation pipeline in standard cameras,
where a camera captures HDR scenes with high intensity
values and clips them to a low dynamic range [6]].

The current state-of-the-art focuses on the retrieval of
information in low light areas [8] or extreme lighting con-
ditions [9]. Most methods utilize Convolutional Neural
Networks (CNN) [10], Transformers [11] and Generative
Adversarial Networks (GAN) [12, [13]. Some methods use
single-exposed LDR [14} 16, [15], while others use multi-
exposed LDR images as input [[16|[17]. More recent methods
are based on diffusion models [7, [18, [19], with some based
on stable or latent diffusion and others on conditional dif-
fusion [20]. These methods typically include a variational
autoencoder (VAE) [21]] to encode and decode the input and
output, a U-Net for the denoising process, and a condition
encoder such as Contrastive Language-Image Pre-Training
(CLIP) [22] to embed the condition features. The denoising
process takes place in the latent space instead of the pixel
space. The main advantage of using diffusion over other
generative-based or CNN-based methods is their ability to
reconstruct high-resolution HDR images while mitigating
artifacts and ghosting effects.

Although these methods reconstruct excellent HDR im-
ages, they lack explicit modeling of scene geometry (i.e.,



depth information), illumination conditions, and scene mate-
rial properties. HDR reconstruction is an ill-posed problem
because multiple real-world lighting conditions can result in
the same LDR pixel values (especially in under- and over-
exposed regions). Therefore, it is technically challenging
to disambiguate the pixel intensity values corresponding to
the lighting and shadow areas in the reconstructed HDR. To
this end, we propose PhysHDR, a latent diffusion approach
which harnesses the power of both depth and illumination
information to reconstruct HDR images in a more physics-
informed manner. Inspired by the fact that different surfaces
respond differently to light depending on their material prop-
erties (e.g., lambertian and specular), PhysHDR introduces
a novel loss for material properties (i.e., albedo, roughness,
and metallic) to guide the model in disambiguating the pixel
intensities in the HDR image. Lambertian (diffuse) mate-
rials such as wood and stone reflect light in all directions
uniformly, in contrast, specular materials such as glass and
metal reflect light only in one direction. Depth combined
with illumination information provides explicit 3D scene ge-
ometry, which helps to disentangle shading, lighting, and
reflectance components. Fig. [T]illustrates the quality of HDR
images reconstructed with PhysHDR compared to the recent
state-of-the-art [7]. Our key-contributions are as follows:
(a) proposing a novel latent diffusion method conditioned
on depth and illumination information to model the shading,
lighting, and reflectance properties of materials in an unam-
biguous manner; (b) proposing a new loss function based on
material properties to further strengthen the efficacy in recon-
structing light and shadow interactions with lambertian and
specular surfaces, and; (c) presenting an extensive analysis
of the method to highlight the contribution of each of the
components.

2. METHOD

The goal is to reconstruct an HDR image h € REXWX3 with
> 28 radiance values (having luminance and color informa-
tion for each pixel) given a single LDR image [ € R7*Wx3
with 28 intensity values. The proposed latent diffusion model
PhysHDR, similar to [23| [24]], is conditioned on the input
LDR image and its properties, i.e., illumination and scene
geometry (depth maps containing surface normal informa-
tion [25]) beneficial for learning light-object interactions.
The reconstructed HDR / and ground truth HDR £ are de-
composed into three material maps (albedo, roughness, and
metallic) using [23], and employed in a novel loss func-
tion to further guide the diffusion process in reconstructing
physics-informed light-object interactions. To the best of our
knowledge, PhysHDR (see Fig. [2) is the first method to use
material-based properties along with scene geometry (depth)
and illumination information for HDR reconstruction.

Architecture: PhysHDR uses stable diffusion U-Net [20] as
its base architecture. Diffusion models have shown excellent
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Fig. 2. Architecture of the proposed PhysHDR method.

performance as effective priors trained using huge amounts
of real data [26, 20].They transform Gaussian noise from the
training distribution to data samples (i.e., & ~ q(h | 1)) us-
ing an iterative denoising process. Similar to [20] we adopt
the latent diffusion process with trainable encoder £(-) (en-
codes the HDR image h in latent representation), and de-
coder D(-) (decodes latent representation to HDR image h).
We use the LDR image ! as a condition in three different
ways. First, a pre-trained encoder £(-) (same architecture
as £(-)) extracts features for [, which are concatenated with
noise-induced features from h, making the input channel size
six. Second, illumination features [;;; are extracted through
the pre-trained V4T encoder from [27] and depth informa-
tion lq4ep is extracted with the pre-trained model Depth Any-
thing (D A) [28]]. Finally, the outputs of 1 x 1 convolutional
layers are concatenated (i.e., ly; @ lgep) and used in a pre-
trained CLIP [22]] encoder to extract image embedding ley,p.
This embedding is used as a condition in the diffusion model’s
cross-attention U-Net during denoising. The illumination and
depth-aware features provide the diffusion process with scene
geometry and disentangled lighting and shadow effects with
various objects and surfaces.

Diffusion: During the forward process, in each timestep ¢ ~
[1,1000] a Gaussian noise € ~ N (i, 0?) is added to £(h). In
the reverse process, €y (+), an U-Net [20], predicts the added
noise, where 6 denotes the model parameters. The denoising
is conditioned on the features extracted from [ and the noisy
h. The training objective is:

La=Epy conon, e [lle—eo(E(h) + e t,ED), lems)||5] (1)

During inference, we use the regular diffusion pro-
cess [20] to sample HDR features h conditioned on the LDR
image [. The advantage of using a pre-trained diffusion prior
lies in the fact that it has been trained using a huge volume
of real-world high resolution data [20) [23]], i.e., the LDR
encoder £(-) is frozen. However, the HDR encoder £(-) and
decoder D(-) are trained with our data. Therefore, the process
finetunes only selected modules as illustrated in Fig. 2]



Table 1. Intra-dataset comparison with the state-of-the-art. The best results are in bold and the second best are underlined.

City Scene [29]

HDR-Synth & HDR-Real [6]

Method PSNR1 SSIM{ LPIPS| VDP-31|PSNR1 SSIM LPIPS| VDP-31
Ghost-free [11] 40.11 0955 0.143 747 |38.12 0.943 0.157 7.44
GlowGAN [13] | 34.01 0902 0.167 7.41 |33.10 0901 0.171 7.32
HistoHDR-Net [14]| 35.14 0.940 0311 7.50 | 33.48 0910 0342 7.34
LEDiff [77] 3591 0922 0121 7.52 | 3511 0905 0.138 7.48
PhysHDR (Ours) | 39.01 0971 0.081 7.85 | 38.14 0.967 0.102 7.66

Material loss: Apart from the diffusion loss in Eq. |1} we also
propose a novel objective function based on material proper-
ties of the objects and surfaces in the HDR images. We first
extract the material maps (i.e., albedo, roughness, and metal-
lic) from the ground truth HDR & and the reconstructed HDR
h image using a state-of-the-art method which exhibits high
accuracy in the task [23]. We get hai, o, and hyer from
h and hgp, hyo, and hyne; from h. Albedo maps (hal,ﬁal>
consists of the base color information of the objects in the
scene, while roughness <hm,iAzm> and metallic <hmet,fzmet>
maps represent the degree of roughness and smoothness in
any objects or surfaces. While the diffusion loss ensures vi-
sual realism and produces attractive images, the material loss
preserves physics-based properties of light and materials in
the reconstructed HDR. This loss is computed on the tone-
mapped versions of the material maps. This tone-mapping
is performed using the p-law [30] and is done to avoid the
high-intensity pixels of HDR images that can distort the loss
calculation. We define the loss between the material maps as:

N
1 n In n In n In
o= e S8 il + i~ B, + i~ ),
n=1
2

where N is the number of maps in each batch. The total ob-
jective of the model is:

Efull = Ed + )\mat Ematy (3)

where A, is empirically set to 0.2 after experimenting with
values from 0.1 to 0.5.

3. EXPERIMENTS AND RESULTS

Implementation: The finetuning of the pre-trained stable
diffusion model [20] (implemented in PyTorch) was done
for 200 epochs with a batch size of 10, using AdamW opti-
mizer [31]] with a learning rate of le—5.

Datasets: To evaluate the performance of PhysHDR we
used two datasets, including both real and synthetic images:
City Scene dataset [29] (20K LDR/HDR image pairs) and
HDR-Synth & HDR-Real dataset [6] (9785 LDR/HDR real
image pairs and around 500 synthetic pairs). All images
were resized to a resolution of 512 x 512. We compared

the performance of different methods in two experiments:
intra- and cross-dataset evaluation. For the intra-dataset ex-
periment, we created 80% train and 20% test splits. For
the cross-dataset experiment, we considered an additional
dataset, DrTMO [32] (1043 LDR/HDR pairs). For methods
designed to use single-exposure LDR inputs, we provided
one LDR image from the datasets that contain multiple expo-
sures. For methods that require multi-exposure LDR inputs
(such as Ghost-free [11]), we synthetically generated (using
the OpenCV function convertScaleAbs) the additional
exposures for the datasets that contain only single-exposed
LDR images. In all ablation studies, we used the same test
set sampled from the City Scene dataset [29].

Metrics: We used four different metrics, i.e., Peak Signal-to-
Noise Ratio in dB (PSNR), Structural Similarity Index Mea-
sure (SSIM) [33], Learned Perceptual Image Patch Similar-
ity (LPIPS), and High Dynamic Range Visual Differences
Predictor (HDR-VDP-3) [34]. These metrics cover a wide
range of evaluation parameters such as pixel-level similarity,
structural similarity, and semantic and contextual similarity,
and human-level perceptual judgement. We calculated HDR-
VDP-3, SSIM, and LPIPS scores using ground truth and re-
constructed HDR images in the linear domain. PSNR scores
are obtained on p-law tone-mapped ground truth and recon-
structed HDR images.

Methods: We selected four different state-of-the-art meth-
ods: Ghost-free [[11], GlowGAN [13], HistoHDR-Net [14],
and LEDIff [7] in our evaluations. The selected methods in-
clude a CNN-based approach and generative approaches us-
ing GAN, Transformer, and Diffusion.

Quantitative Results: We present the intra-dataset results
in Table [l The proposed method outperforms the selected
state-of-the-art methods in terms of PSNR, SSIM, LPIPS, and
HDR-VDP-3 for HDR-Synth & HDR-Real [6] and SSIM,
LPIPS, and HDR-VDP-3 for City Scene [29]. The Ghost-
free [L1] method outperforms our model in terms of PSNR
on City Scene [29]. LEDIiff [7] performs second best for
semantic similarity and human vision-based metrics while
Ghost-free [11] performs second best for the pixel-based
and structural similarity metrics. The results of cross-dataset
evaluation are presented in Table |2} and they show a similar
trend as observed for intra-dataset evaluation, i.e., our method
PhysHDR outperforms the state-of-the-art in all the metrices.



Fig. 3. HDR images reconstructed by the proposed PhysHDR and state-of-the-art methods. For our method, we specifically
observe that the areas where light interacts with different surfaces are reconstructed realistically based on material properties.

Table 2. Cross-dataset evaluation of the proposed PhysHDR
and state-of-the-art on unseen dataset (DrTMO [32]). The
best results are in bold and the second best underlined.

Method ‘PSNRT SSIM*T LPIPS| VDP-31
Ghost-free 36.77 0.935 0.155 7.39
GlowGAN 3321 0.899 0.177 17.35
HistoHDR-Net 33.43 0908 0.351 7.41
LEDIfT [[7] 34.12 0909 0.142 7.52
PhysHDR (Ours) ‘ 37.89 0964 0.109 7.63

Qualitative Results: The visual quality of PhysHDR is il-
lustrated in Fig.[3] Our outputs closely resemble the ground
truth HDR in terms of lighting and shadow quality as well
as physically plausible light-object interactions on rough and
metallic surfaces. The base color (i.e., albedo) of the objects
in the scene are also preserved with high fidelity. We can
also see the over-exposed and under-exposed areas with clar-
ity. We display the ground truth and generated HDR images
using Reinhard’s tone-mapping algorithm [33]).

Ablation Study: We performed ablation studies for architec-
tural and loss components. Table [3] summarizes the results,
where the proposed components are added one by one, and
to compare the improvement over the baseline model (i.e., U-
Net-based denoising process with encoders € and £, and de-
coder D). The second row illustrates the contribution of CLIP
embeddings extracted from the LDR [, leading to a significant
improvement in all metrics. The third and fourth rows illus-
trate the contribution of depth and illumination extracted from
the LDR [, with small improvement for depth and a significant
improvement for illumination. The fifth row illustrates the
contribution of combined depth and illumination resulting in
improvement in all metrics. The last row provides the results
obtained when using all components of PhysHDR. PhysHDR
is trained with two objectives, L4 and L. Table Eprovides

Table 3. Architecture ablation results for different compo-
nents. The best results are in bold. Baseline: [20] + £ + &,
and; CLIP: CLIP embedding from [.

Arch. components‘PSNRT SSIM*T LPIPS| HDR-VDP-31

Baseline 27.62 0.857 0.403 6.71
+ CLIP 29.23 0.897 0.307 6.84
+ lgep 29.11 0.891 0.288 6.91
+ L 33.12 0912 0.276 7.21
+ ldgep @ Lin 34.12 0934 0.126 7.43
+ lemp 39.01 0.971 0.081 7.85

Table 4. Loss ablation results. The best results are in bold.
Loss  |[PSNRT SSIM{ LPIPS| HDR-VDP-3}

La 37.75 0962 0.159 7.42
L4+ Lma| 39.01 0971 0.081 7.85

an analysis of the contribution of the objectives.

4. CONCLUSION

Scene geometry (depth maps) and illumination information
from the input image play a pivotal role in improving the per-
formance of models for LDR to HDR reconstruction. CLIP-
based information from the input LDR further improves the
efficacy. The proposed material properties-based loss func-
tion ensures high-quality and perceptually realistic scene re-
construction, respecting the physics-based properties such as
light-object and shadow-object interactions for different sur-
faces (i.e., metallic or rough). Future work includes the study
of diffusion models for HDR video reconstruction, as well
as using material information directly as prior information in
model training. Another important consideration will be the
use of normal maps explicitly in model training.
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