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Figure 1. Example image and illumination pairs from our WildRelight dataset

Abstract

Recent single-image relighting methods, powered by ad-
vanced generative models, have achieved impressive photore-
alism on synthetic benchmarks. However, their effectiveness
in the complex visual landscape of the real world remains
largely unverified. A critical gap exists, as current real-world
datasets are typically designed for multi-view reconstruction
and fail to address the unique challenges of single-image
relighting. To bridge this synthetic-to-real gap, we introduce
WildRelight, the first in-the-wild dataset specifically created
for evaluating and training single-image relighting models.
WildRelight features a diverse collection of high resolution
outdoor scenes, each paired with a spatially aligned, high-
dynamic-range environment map that serves as the ground
truth illumination. Our meticulous capture process, using
a custom rig to precisely co-locate the nodal points of a

primary camera and a 360° camera, ensures the physical
accuracy of the lighting data. Using our dataset, we conduct
the first comprehensive benchmark of state of the art meth-
ods. Our results quantify a significant domain gap, revealing
poor zero shot performance for models trained only on syn-
thetic data. Furthermore, we demonstrate that finetuning on
WildRelight substantially improves model performance, vali-
dating its effectiveness for domain adaptation. The dataset
and benchmark will be made publicly available to foster
the next wave of research in robust, physically-grounded
relighting.

1. Introduction

Manipulating the illumination within a single photograph is
a long standing goal in computer vision and graphics, with
profound applications in computational photography, film-



making, and augmented reality [2, 7, 13, 19, 31]. Recently,
the field has seen a dramatic leap forward, propelled by the
expressive power of deep generative models [16, 17, 21].
State of the art methods can now decompose a single image
into its intrinsic components (albedo, geometry, illumination)
and rerender the scene under novel lighting with stunning
photorealism [8, 21, 36].

Despite this remarkable progress, a critical question re-
mains unanswered: how well do these models perform out-
side the sanitized confines of synthetic data? The training
and, more importantly, the quantitative evaluation of most
inverse rendering models are predominantly conducted on
synthetic datasets [15, 16, 36, 38]. While invaluable for de-
velopment, synthetic data often fails to capture the intricate
complexities of real-world light transport, such as subtle at-
mospheric scattering, complex indirect illumination, and the
rich, non-ideal material properties of natural surfaces. This
creates a significant domain gap, where a model’s impressive
performance on synthetic benchmarks may not translate to
practical, real-world applications.

To address this critical need, we introduce WildRelight.
We position WildRelight as a crucial supplement to the exist-
ing landscape of invaluable datasets. Our work specifically
targets the well-documented and persistent gap in single-
image, in-the-wild evaluation. This domain, characterized
by the complex and dynamic nature of natural illumination,
presents unique acquisition challenges and is fundamentally
underrepresented. Therefore, our objective is not to repli-
cate the sheer scale of synthetic benchmarks, but rather to
provide a meticulously curated, high-fidelity dataset that
offers a physically-accurate benchmark for these specific
real-world challenges. We systematically captured a diverse
array of outdoor scenes at various times of the day, from the
golden hour to harsh midday sun, to encompass a wide spec-
trum of natural illumination (see examples in Fig. 1). Our
core technical contribution is a meticulous data acquisition
pipeline. For each high resolution image captured with a pri-
mary camera (Sony A7), we simultaneously recorded a full
360° High Dynamic Range (HDR) environment map with a
panoramic camera (Insta360 Pro 2). Crucially, we designed
and utilized a custom built rig to precisely colocate the nodal
points of both cameras. This spatial alignment is vital, as it
ensures the captured HDR environment map is a accurate
ground truth representation of the incident illumination for
its corresponding single-view image.

We provide a detailed comparison of WildRelight against
existing real-world multi-illumination datasets in Table 1.
These datasets can be broadly categorized. First, controlled
laboratory datasets, such as Openlllumination [17] and ReNe
[31], use light stages or robotics to capture high fidelity
object data, often with precise One-Light-at-a-Time (OLAT)
sources and perfect viewpoint alignment. While invaluable
for BRDF estimation, they lack the geometric complexity

and rich, full spectrum illumination of “in-the-wild” scenes.
Second, multi-view “in-the-wild” datasets, like NeRF-OSR
[27] and Objects With Lighting [32], capture real natural
lighting but are designed for multi-view 3D reconstruction.
Their primary data consists of moving camera trajectories,
meaning they lack the static, cross-illumination viewpoint
alignment necessary for evaluating single-image relighting.
Finally, other single-view datasets, such as Murmann et
al. [24] or LSMI [1], are typically captured indoors with
simple spotlights, lack HDR, do not provide GT environment
maps, and often lack strict viewpoint alignment. In contrast,
WildRelight fills a critical, unaddressed gap by being the first
dataset to combine all the necessary features for our task: (1)
a single-view, static camera setup ensuring strict viewpoint
alignment, (2) diverse, “in-the-wild” outdoor scenes, and (3)
high-fidelity, spatially aligned HDR environment maps for
every image.

2. Related Work

Single-Image Inverse Rendering. Inverse rendering, the
ill-posed problem of decomposing a single image into its
intrinsic components like albedo, geometry, and illumina-
tion [13, 14, 19, 22, 28, 35, 37, 39, 43], has seen a recent
resurgence. Driven by advances in deep generative models,
particularly latent diffusion models [16, 21, 36], modern
methods are demonstrating remarkable, and often photoreal-
istic, capabilities in single-image relighting. These models
learn strong priors about the physical world, enabling them
to plausibly rerender a scene under novel lighting. However,
this progress is hampered by a significant evaluation gap.
Lacking a real-world benchmark with ground truth (GT) illu-
mination, these methods are developed and evaluated almost
exclusively on synthetic datasets [13, 16, 18, 36, 40]. While
synthetic data provides perfect GT, it inherently fails to cap-
ture the full complexity of real world phenomena such as the
subtle interplay of atmospheric scattering, high frequency
shadows from complex foliage, and the rich spectral proper-
ties of natural materials. This “sim-to-real” gap means that a
model’s performance on synthetic data is a poor predictor of
its efficacy “in-the-wild”. Our work is the first to directly ad-
dress this critical need by providing a large scale, real-world
benchmark specifically for single-image relighting.

Controlled Laboratory Datasets. To acquire GT data
from real-world objects, one dominant line of work relies on
highly controlled laboratory environments. This ranges from
classical photometric stereo setups with sparse, calibrated
lights [17, 25, 29, 30, 42] to modern light stages. These
sophisticated systems, such as Openlllumination [17], Open-
Substance [25], and RelightMyNeRF [31], utilize hundreds
of controllable LEDs, multiple synchronized cameras, or pre-
cise robotics to capture an object’s response to illumination.
They provide extremely high fidelity data, often including



Table 1. Comparison with existing real-world, multi-illumination datasets. Our dataset is the first to provide a large-scale, single-view
benchmark for in-the-wild outdoor scenes, featuring HDR GT illumination. Critically, it ensures strict Viewpoint Alignment across all
captured illuminations, enabling direct, pixel-aligned evaluation of relighting methods.

Dataset Type Hlumination Format Light Source # Illuminations Purpose HDR Alignment # Scenes
NeRF-OSR [27] Outdoor  Environment map Natural 5 per scene Multi-view X X 9
Openlllumination [17] Objects OLAT + pattern Light stage 142+13 Multi-view 4 v 64
Murmann et al. [24] Indoor Chrome ball Spotlight 25 per scene Single-view 4 X 1000
Objects With Lighting [32]  Objects Environment map Natural 4 per scene Multi-view X X 8
LSMI [1] Indoor Not Available Spotlight 1-3 per scene  Single-view X X 2700
ReNe [31] Objects OLAT Light stage 40 OLATs Multi-view X v 20
Ours Outdoor Environment map Natural 5-7 per scene  Single-view v v 30

precise 3D geometry from scanners and OLAT measure-
ments, which serve as the definitive GT for material BRDF
acquisition. The fundamental limitation of these datasets,
however, is twofold: (1) Scope: They are constrained to
small scale, isolated objects that can fit inside the capture
apparatus, making them unsuitable for studying large scale
scenes, architecture, or landscapes. (2) Illumination: The
illumination, while dense, is composed of discrete, artifi-
cial LEDs, which cannot fully replicate the continuous, full
spectrum, and High Dynamic Range (HDR) nature of global
illumination in an outdoor environment (i.e., the sun, sky,
and indirect bounces from the entire surroundings). Wil-
dRelight, in contrast, sacrifices per light decomposition to
capture the full complexity of natural, “in-the-wild” illumi-
nation for large scale scenes.

Neural Inverse Rendering and Relighting. The advent of
NeRF [23] has revolutionized 3D reconstruction and sparked
a new wave of neural inverse rendering methods. These
approaches [3, 37, 38, 41] extend the NeRF framework to
decompose a scene into its intrinsic properties from multiple
views. They successfully disentangle geometry, materials,
and illumination, allowing for high quality novel view syn-
thesis and relighting. However, these methods either require
controlled laboratory capture with known lighting [37] or
attempt to estimate a single, static illumination (e.g., an envi-
ronment map) from the multi-view images themselves [38].
While impressive, they do not address the challenge of re-
lighting under diverse, measured real-world illumination
conditions.

Multi-View In-the-Wild Datasets. To move neural in-
verse rendering outdoors, recent datasets have successfully
captured large scale scenes under time-varying natural light.
The NeRF-OSR [27] dataset captured time lapse videos of
buildings to train a NeRF model that can relight the scene
by interpolating the learned illuminations. Similarly, the Ob-
jects With Lighting (OWL) [32] and Stanford-ORB [12]
datasets capture objects from multiple viewpoints under
several distinct natural lighting conditions, providing GT

envmaps for each. The fundamental design goal of these
datasets is to provide multi-view data for 3D reconstruction
to build a relightable 3D model of the scene. Consequently,
their data structure and benchmarks are built around train-
ing and testing multi-view reconstruction algorithms (e.g.,
NeRF, 3DGS) [11, 31, 38]. They are unsuitable for the dis-
tinct and equally challenging task of single-image relighting,
which assumes only one input photograph and no multi-view
correspondence.

Classical and Single-View Datasets. The final category
of related work consists of datasets that, like ours, are cap-
tured from a fixed, single viewpoint. However, these datasets
were designed for different tasks and have critical limitations.
Classical photometric stereo datasets [29] capture objects
under a sparse set of discrete point lights, typically in a dark-
room, which is far removed from real world illumination.
Other datasets designed for image processing tasks, such as
the flash/no-flash dataset [1, 24], provide only two simple,
low dynamic range illumination conditions. While these
datasets are valuable for their intended purpose, none pro-
vide the necessary data to evaluate modern, physically-based
relighting algorithms: a large scale collection of high res-
olution, HDR images of complex scenes, with each image
rigorously paired with a spatially aligned, HDR GT envmap.
WildRelight is the first dataset to fill this crucial void, bridg-
ing the gap between single-image generative models and the
physical reality of our world.

3. Dataset Collection and Curation

Following the principles of rigorous and reproducible data
acquisition, we introduce the WildRelight dataset, specifi-
cally designed for single-image relighting under real-world,
dynamic illumination. Our collection protocol is meticu-
lously crafted to ensure high fidelity in both scene capture
and environmental lighting measurement.

3.1. Dataset Overview

The WildRelight dataset contains 30 distinct scenes (see
Fig. 2 for examples). To capture the full spectrum of natural



Figure 2. We selected some example scenes from the dataset. We meticulously curated the dataset to represent a diverse range of challenging
scenarios. The collected scenes encompass complex environmental conditions including tree structures, transparent glass surfaces, and
re ective glass materials. For each scene, temporal variations are captured through photographs taken at different time intervals, accompanied
by corresponding environmental maps that provide spatial lighting information.

lighting changes, each scene was recorded from a xed camTo minimize temporal discrepancies caused by changing
era position under 5 to 7 different illumination conditions. natural light, we streamlined our capture process. For each
This approach provides a challenging and realistic bench-data point, we rst captured the envmap with the Insta360
mark for evaluating single-image relighting algorithms. The Pro 2, followed immediately by the scene capture with the
core of our data collection strategy is to sample lighting at Sony A7. This swap was typically accomplished in under
different times of day, capturing both the subtle shifts of af- one minute, and in rare cases, up to two minutes to avoid
ternoon light and the rapid, dramatic changes during sunsettransient scene elements like pedestrians.

This temporal variation provides a unique and challenging Nodal Point Alignment. Achieving this precise co-
benchmark for evaluating the robustness of relighting algo'location required us to rst empirically determine the “no-
rithms to the complex, continuous changes of real-world illu- parallax point” (entrance pupil) of the speci ¢ Sony A7 lens
mination, a domain largely unexplored by existing datasets.and focal length used. We employed a standard panoramic
L photography methodology: camera was mounted on a spe-
3.2. Data Acquisition Protocol cialized panoramic head, and its forward-backward position

Our data acquisition relies on a dual-camera system: a SonyVas iteratively adjusted. The correct position was identi ed
A7 is used to capture the high resolution scene, while anWhen rotating (panning) the camera caused zero observable
Insta360 Pro 2 simultaneously records the full 360-degreeParallax shift between two aligned, depth separated verti-
environmental illumination map (envmap), see Fig. 3. cal objegts (_e.g., a near lamppost and a distant utility pole).
Spatio-Temporal Alignment. A critical aspect for ensur-  ©ONce this pivot point was locked, the Insta360 Pro 2 was

ing the precise correspondence between a captured imagE‘F’umed on a vertical rig, aligning its optical center with
and its lighting environment is the spatial alignment of the this exact \{ertlcal_ axis. A detailed guide of this ca!lbratlon
two cameras. We guarantee this by co-locating the opticalProcedure is provided in the supplementary material.
center of the Insta360 Pro 2 with the nodal point (entrance  Temporal Sampling Strategy. Recognizing that natural
pupil) of the Sony A7 lens. This setup ensures that the capdight evolves at a non-uniform rate, we adopted a variable
tured envmap accurately represents the complete incidentemporal sampling strategy. During the afternoon (11:00
light eld at the exact vantage point of the scene camera- 17:00), when illumination changes are gradual, data was



Figure 5. Comparison examples of color calibration effects. Due
to the inherently sophisticated color science in professional grade
products such as the Sony A7 and Insta360 Pro2, visual differences
Figure 3. Capture settings. Both the Insta360 Pro2 and Sony A7M2between pre- and post-color calibration images are negligible. To
are mounted on a rail system to enable front-to-back adjustmentsjuantitatively analyze the calibration effects, a histogram was in-
for precise alignment with the nodal point. corporated into the lower left corner of the image. While visual
inspection reveals minimal variation, the histogram demonstrates

) ) discernible differences in pixel distribution before and after color
collected every 45 to 60 minutes. In contrast, during the pre-cajipration.

sunset period, when light intensity and chromaticity shift
dramatically, we increased the capture frequency to every 10
to 15 minutes.

Camera Parameters.To maintain consistency, we used \jth both cameras (see Fig. 4). Using the ColorChecker's ac-
xed camera settings where possible. For the Sony A7, we companying software, we generated custom color pro les for
set the I1SO to 100, aperture to /4, and white balance t0gzch camera. These pro les were then applied during post-
5000K. A 40mm focal length was chosen for its natural eld processing to all images in the dataset, unifying the color
of view and minimal distortion, making it ideal for a gen- yengition across both capture devices. As seen in Fig. 5, the

eral purpose dataset. The shutter speed was typically set tQjsyal effect of the color calibration is minute.
1/500s in the afternoon and 1/100s in the evening. For scenes

with extremely high dynamic range, we captured bracketed Linear HDR Synthesis. Our entire pipeline operates
exposures by adjusting the shutter speed. The Insta360 Pro  a linear color space, starting from the RAW sensor data.
was con gured with matching 1SO (100) and white balance By using RAW les, we circumvent the need for estimating
(5000K), and its shutter speed was synchronized with thea non-linear camera response function (CRF), a common
Sony A7. Allimages were captured in the 16 bit linear RAW source of error when working with processed image formats
format. like JPEG.

We selectively perform HDR synthesis: multiple brack-
eted exposures are merged into a single HDR image only
when the scene's dynamic range exceeds the exposure lati-
tude of a single capture (i.e., when pixel values saturate the
CMOS sensor's upper limit). If a single RAW image success-
fully records the scene without clipping, this merging step
is bypassed. When merging is required, given the linearity

, ) ) of the RAW data, the radiandg from a single exposure
Figure 4. Photos of Xrite ColorChecker are used to calibrate color is directly proportional to its recorded linear pixel valie

between main camera Sony A7 and envmap camera Insta360 Pro%Scaled td0; 1]) divided by the exposure timet; .

To robustly merge the bracketed set, we compute a
weighted average of the radiance from all exposures. This
To create a radiometrically accurate and color consistentapproach is crucial for handling regions that are underex-
dataset, we implemented a careful calibration and processingposed (noisy) in one shot or overexposed (clipped) in another.
pipeline. We employ a triangular weighting functiof][w(Z;) that

Cross-Camera Color Calibration. To correct for the  assigns maximum weight to mid-range pixels (peaking at
inherent color discrepancies between the Sony and Insta36@; = 0:5) and zero weight to pixels that are fully underex-
sensors, we performed a one-time color calibration. Un-posed Z; = 0:0) or saturated4; = 1:0). The nal HDR
der diffuse daylight (without direct illumination), we pho- radiancd. for each pixel is calculated as the weighted sum
tographed an X-Rite ColorChecker target simultaneously of the individual radiance contributions, normalized by the

3.3. Color and Radiometric Calibration



