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Abstract—Converting a single image to a 3D scene with
geometry, materials, and lighting is a challenging problem.
While geometry reconstruction from a single view has been
extensively studied, material recovery for the single-photo-to-
scene task remains underexplored. Recent advances in differ-
entiable procedural materials, inverse rendering, and texture
generation can be potentially applied to this task. However, they
have not been systematically evaluated in a benchmark. In this
project, we establish a comprehensive benchmark for material
recovery in the single-image-to-scene task. We assume ground-
truth 3D geometry as input to isolate material estimation from
geometric error. We evaluate three families of methods inspired
by recent state-of-the-art approaches in inverse rendering, texture
generation, and single-image-to-scene. Our results show that
single-view inverse rendering baselines outperform procedural
material baselines (19.40 vs 13.60 in PSNR for albedo on original
views), highlighting the strong potential of methods based on
single-view inverse rendering for material recovery in the single-
image-to-scene task. We will release the full dataset, evaluation
code, and baseline implementations to support future work.

I. INTRODUCTION

Converting a single-view image of an indoor scene into a
3D digital twin is a key problem in digital content creation.
Such digital twins contain physical properties for the scenes,
including geometry, materials, and illumination. While recov-
ering these properties from multi-view images has been widely
studied [1-6], single-view images of indoor scenes are far
more ubiquitous in practice. Understanding how well physical
properties can be recovered from a single image is therefore
an important problem. Recovering materials and other physical
properties from a single image has broad applications in virtual
reality, robotics, and 3D content creation.

Automatically generating such digital content from a single-
view image is a challenging and fundamental problem in
computer vision. Significant progress has been made on the
geometry side, including single-view geometry reconstruc-
tion [7], and layout estimation with retrieved objects [8, 9].
For single-view material recovery, several works from Li et al.
[10], Zhu et al. [11], Kocsis et al. [12] estimate visible material
properties in image space. However, material recovery for
indoor scenes in 3D from a single image has been far less
explored, despite being critical for achieving reconstructions
with high visual fidelity. See Figure 1 for an overview of the
material recovery task.

With the progress in differentiable rendering [13], Yeh et al.
[14] and Yan et al. [15] addressed the material recovery
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Fig. 1. Overview of our problem statement. The input is a single-view RGB
image I and the geometry of the scene GG. To focus on material recovery, we
use ground-truth geometry, factoring out geometric errors. The output is the
reconstructed lighting L(p, e) and the recovered procedural materials M ()
or image based material UV{® ™7} of the scene, which we render to images
IpifiprocMat and Ivonolr respectively.

problem for 3D indoor scenes under the single-view setting.
However, their experiments assume imperfect or misaligned
geometry, which makes it difficult to disentangle errors in
geometry from errors in material recovery. Our benchmark
factors out the effect of geometry to focus on material re-
covery. Moreover, prior works [14, 15] conducted evaluations
on a limited set of data. They mostly focused on evaluating
the rendered image on the input camera view and lacked
evaluations on novel views and materials. In contrast, our
benchmark provides larger-scale qualitative and quantitative
evaluations on both observed and novel views. In addition,
we explored the potential of the single-view inverse rendering
approaches. See Table I for a comparison to prior work.

In summary, our contributions are: 1) We build a benchmark
to evaluate single-image material recovery from observed
and novel views at a larger scale than prior work. 2) We
systematically evaluate recent procedural material, single-view
material estimation, and texture generation approaches on the
material recovery in the single-image-to-scene task. To ensure
fair comparison, we focus exclusively on material recovery and
factor out geometric errors by using ground-truth geometry.
3) Our experiments show that simple combinations of single-
view inverse rendering with texture generation are surprisingly
effective, outperforming procedural material approaches.



II. RELATED WORK

Our benchmark focuses on material recovery for the single-
image to 3D scene task. We review related work on material
modeling for this task, single-view inverse rendering, texture
generation, and datasets and benchmarks for inverse rendering.

Material modeling from a single image. Modeling mate-
rials from an image is a long-standing problem, especially for
indoor scenes with significant occlusions [16]. IM2CAD [17]
naively assigned the median pixel color as the material
color for each object. DiffMat [13, 18] enabled gradient-
based optimization for procedural material graphs. Inspired by
DiffMat, PhotoScene [14] and PSDR-Room [15] retrieved and
optimized differentiable procedural materials [13, 19]. These
methods are limited by the size of their material database and
the sensitivity of procedural material optimization to local
minima. In our benchmark, we compare these methods to
learning-based single-view inverse rendering approaches.

Single-view inverse rendering. Inverse rendering aims to
recover scene properties such as materials, geometry, and light-
ing from images. This is a challenging task due to its ill-posed
nature [20]. Recent progress in deep learning enabled learning
methods to estimate these properties from large-scale synthetic
datasets [21, 22]. The priors in diffusion generative models
have been used to estimate materials for real images [12, 23].
Generally, these single-view methods recover materials only in
image space. Their potential for modeling material properties
in 3D scenes has not been studied in a focused manner. Chen
et al. [1] lifted 2D estimates to 3D, but did so in a multi-view
setting instead of a single-view setting, which is our focus.
In our work, we explore the potential of single-view inverse
rendering approaches by benchmarking them for indoor 3D
scene material recovery from a single image.

Texture generation for 3D objects. With the emergence
of 2D diffusion models, DreamFusion [24] and its follow-
ups [25, 26] used score distillation sampling (SDS) losses to
generate neural radiance fields or textured meshes. Dream-
Mat [27] and TextureDreamer [28] generated 3D assets with
BRDF materials. However, these SDS methods are time-
consuming because they require test-time optimization. Instead
of distilling pretrained 2D diffusion priors to 3D, TEXGen [29]
directly generated UV atlas textures and achieved significantly
faster inference speed. Because TEXGen [29] is trained to
inpaint random missing regions in UV space, it has the
potential to be applied to our indoor setting, where occlusions
and partial observations are common. Recent works [27, 28,
30] have also explored generating PBR materials. Among
these, TextureDreamer [28] requires multi-view input, whereas
DreamMat [27] and Material Anything [30] are text-driven.
SceneTEX [31] and RoomTEX [32] generate textures for
indoor scenes directly, but they are also text-driven. Thus, we
study combinations of single-view inverse rendering methods
with TEXGen [29] to inpaint materials for unobserved regions.

Inverse rendering datasets and benchmarks. Openll-
lumination [33] introduced a real dataset for objects un-
der controlled illumination. Stanford-Orb [34] extended the

TABLE I
IN PREVIOUS WORK, PSDR-ROOM [15] AND PHOTOSCENE[14], ONLY A
LIMITED NUMBER OF QUANTITATIVE EVALUATIONS ARE INCLUDED FOR
THE ORIGINAL CAMERA VIEW. IN ADDITION, THERE IS NO QUANTITATIVE
EVALUATION OF NOVEL VIEWS FOR PREVIOUS WORK.

PSDR-Room  PhotoScene  MatEval (ours)

Number of scenes 7 70 184
Avg. Objects/Scene / 9.4 13.2
Avg. Categories/Scene / 4.1 4.3
Original view eval. v v v
Novel view eval. X X 4
Albedo eval. X X v

setting to in-the-wild illumination. However, these datasets
focused on object-centric inverse rendering instead of scenes.
Inverse rendering for indoor scenes is more challenging with
occlusions between objects and more complex lighting. Li
et al. [21] proposed OpenRooms, a large-scale indoor scene
dataset with ground-truth materials, geometry, and lighting.
However, the OpenRooms scenes are sparsely populated and
the objects lack diversity (9.4 objects and 4.1 categories per
scene) since they originate from Scan2CAD [35] alignments of
ShapeNet [36] objects to scans. Roberts et al. [37] introduced
Hypersim, and Zhu et al. [22] introduced InteriorVerse, both
providing higher photorealism. However, the 3D assets in
Hypersim must be purchased separately and the 3D assets in
InteriorVerse are not publicly available. 3D-FRONT [38] is
an open-sourced indoor 3D scene dataset, containing higher
modeling quality objects from 3D-FUTURE [39] compared
to OpenRoom objects. Therefore, we leverage 3D-FRONT
to create our material recovery benchmark. In addition, we
leverage 4 high-quality artist-designed open-sourced indoor
scene models from Bitterli’s rendering resources [40]. Pho-
toScene [14] and PSDR-Room [15] only evaluated on small
datasets and reported primarily qualitative results only on
original camera viewpoints. In contrast, we benchmark these
baselines on a much larger dataset, both qualitatively and
quantitatively, and on both original and novel views.

III. PROBLEM STATEMENT

Figure 1 provides an overview of material recovery for the
single-image-to-scene task. Given a single-view RGB image
lo as input, we focus on the material estimation part of the
problem. To isolate the problem of material estimation from
other factors such as errors in geometry and camera alignment,
we use ground-truth 3D geometry G and camera pose. The
output consists of the lighting L(p;e) and the material for
the scene, where p and e parameterize the position and
the emission for the emitters. The material parameterization
depends on whether materials are defined by differentiable
procedural material (DiffProcMat) or estimated by monocular
inverse rendering methods (MonolR). The former is param-
eterized as M ( ), where is the optimizable parameters for
the procedural materials M, such as rotation and scale, and
the latter as fa;m;rg including albedo @, roughness r, and
metallic m in UV space. We assume the ground-truth part
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Fig. 2.
MatEval includes scenes curated from the 3D-FRONT [38] (left) and Bitterli
[40] (middle) datasets. Compared with OpenRooms [21] (right), our dataset
features furniture with more diverse and photorealistic material textures,
leading to richer visual variety across indoor scenes.

segmentation is provided for architectures such as walls and
floors. For furniture objects (e.g., beds and sofas), we assume
ground-truth instance-level segmentation.

IV. DATASET

A dataset for evaluating material recovery should contain
ground-truth geometry, images with corresponding camera
poses, and ground-truth material properties. Ideally, each scene
should be photorealistic with a diverse set of objects. Part-
level segmentation for both objects and architectures in the
scene is also useful, as some baselines retrieve and optimize
materials based on parts. A potential choice to source 3D
scenes from is OpenRooms [21]. However, OpenRooms is
based on Scan2CAD [35], which aligns ShapeNet [36] objects
to scans. Thus, the object geometry and materials are not
carefully designed by professionals, resulting in renderings
that may lack photorealism (see Figure 2). Hypersim [37]
provides a collection of high-quality indoor scenes renderings.
While providing photorealictic images, the 3D scene models
underlying the renderings must be purchased separately. This
makes it less suitable for a open-sourced benchmark with
geometry and material annotation. 3D-FRONT [38] is a large-
scale synthetic indoor scene dataset, which is an alternative
choice. It covers a variety of indoor scenes and is designed by
professionals. Furniture objects in 3D-FRONT are from 3D-
FUTURE [39], which is also authored by professional artists
with ground-truth material information.

Our dataset is based on 3D-FRONT and consists of 180
scenes. Each scene contains one original camera view and four
novel views generated by rotating the original camera about
its optical center without translation by five degrees up-right,
up-left, down-right, and down-left. Although the unobserved
regions appear as thin strips at the image borders, completing
these regions is still a challenging task based on our results
in section VI. For each view, we render the RGB image and
diffuse albedo, and the associated part-level segmentation for
architectural elements, such as walls and floors. We export the
3D models at the instance-segmented level for furniture objects

and the part-segmented level for architectures. For baselines
that require part segmentations, we additionally export the 3D
models for the furniture objects at the part-segmented level.
Compared with OpenRooms [21], our dataset is more photo-
realistic due to the carefully designed 3D-FRONT scenes and
3D-FUTURE furniture objects. See Figure 2 for a comparison
of renderings. On average, each room scene in our dataset
has 13.2 objects and 4.3 object categories (compare to 9.4
objects and 4.1 for OpenRooms). Overall, our scenes are more
densely populated. Note that the categorization scheme we
adopt is coarser (8 categories, including “other”) relative to
OpenRooms which uses the ShapeNet 50 categories set.
Other than 3D-FRONT, we included four scenes from
the Bitterli [40] open-sourced online 3D scene dataset with
significantly higher quality and object density. See Figure 2
for examples. Unlike 3D-FRONT, the Bitterli dataset contains
mirror regions, complementing the material diversity of our
benchmark. As with 3D-FRONT, we render four novel views
for each scene using the same five-degree rotation strategy.

V. EVALUATED METHODS

Given a single-view image and the corresponding indoor
scene geometry, we aim to recover the material properties
along with lighting under the assumption from Section III.
The closest related works are PSDR-Room [15] and Pho-
toScene [14], which optimized procedural materials to re-
cover material properties. However, these works used retrieved
geometry and did not factor out the geometric errors. To
establish baselines, we modify PSDR-Room to fit our setting
by replacing the geometry pipeline with ground-truth geometry
with part segmentation. In addition, we explore the potential of
single-view inverse rendering and texture generation. In sum-
mary, we evaluate three families of baselines: 1) DiffProcMat:
differentiable procedural materials (modified PSDR-Room);
2) MonoIR + NN: single-view inverse rendering methods
with unobserved regions filled via nearest neighbor lookup;
and 3) MonolR + TEXGen: single-view inverse rendering
methods with unobserved regions filled via TEXGen [29].
The MonolR baselines use ColorfulShading [41], RGBX [23],
and Marigold [42]. Since the full implementation of PSDR-
Room [15] is not available, we reimplemented it based on the
description in the paper and the provided partial implemen-
tation. Because the geometry assumption in PSDR-Room is
retrieved geometry, using ground-truth part-level segmentation
for furniture is fair. However, part-level segmentation for
furniture objects is not needed for MonoIR-based approaches.
To ensure fairness, we include another version of PSDR-
Room, where the part-segmentation for furniture objects is
computed via PartField [43].

Overall, the baselines are implemented under a three-stage
framework: 1) material stage, 2) light stage, and 3) optimiza-
tion stage. We describe the baseline implementation below.

A. Material Stage

DiffProcMat methods retrieve per-part materials from a
database. MonoIR methods estimate materials in camera space



and project them onto 3D geometry. Since monocular inverse
rendering methods only estimate the materials for visible
regions, we fill the unobserved regions either by nearest
neighbor lookup or texture generation

DiffProcMat. We generally follow PSDR-Room [15]. See
original paper for more details. For the material database,
we use the 118 procedural materials released with PSDR-
Room. We first render the material part masks of the original
camera view based on the segmented meshes. We then extract
square crops from these masks. Each cropped part is compared
with thumbnail renderings of all procedural materials in the
database. The closest match is selected via K-nearest neighbor
lookup in the CLIP embedding space. If the CLIP similarity
score is lower than 0.25 or if the size of the cropped square is
smaller than a threshold (100 100 pixels), we consider the
match unreliable and assign a homogeneous material whose
base color is the median pixel color from the input image.

MonolIR + NN. To apply the 2D estimated materials to 3D
scenes, we use the nearest neighbor lookup as a naive baseline
(see Figure 3). Based on the depth map D of the input image,
we first project the estimated material properties fa;m;rg
from camera space to a partial point cloud p;;;ﬁr;;rg of the
scene. For each object in the scene, we sample an uncolored
point cloud from the ground-truth 3D models in Section IV.
We then assign material attributes of the partial point cloud to
the uncolored point cloud based on nearest neighbor lookup,
which fills the unobserved regions with the nearest material
attributes. Finally, we convert the resulting point cloud with
material properties pff Mr9 0 a UV atlas UVI;’”m;rg for each
object using the rasterization-based approach of Yu et al.
[44]. We apply the estimated materials from recent monocular
inverse rendering methods, including ColorfulShading [41],
RGBX [23], and Marigold [42]. To provide an upper bound,
we also apply the ground-truth albedo. For material properties
not estimated or not provided in the ground truth, we use
default values from Mitsuba3 [45].

MonolR + TEXGen. To explore texture generation, we lift
the 2D-estimated material to 3D via TEXGen [29] to handle
the unobserved regions (see Figure 3). Because TEXGen only
works on albedo image, we only lift the albedo property to 3D
via TEXGen. For other material properties, we use the default
values from Mitsuba3 [45] or lift via nearest neighbor lookup.
Because TEXGen [29] is object-centric, we process objects
separately. Given the 3D model Gj, based on the rasterization
approach from TEXGen [29], we can get a position map con-
taining the 3D position for each face of the mesh in UV space,
and a mask map UV?:]‘I denoting the valid texture regions.
Using the 3D model G;j, input camera pose, the estimated
albedo fag, and object mask Mj, based on the rasterization
approach from TEXGen [29], we obtain the partial UV-atlas
UV,E;I;%al (visible textures), and the corresponding mask map
UV i (visible regions in UV space). With the position map,

partial
UV?:[J], UV;;%al, UVggriﬁal, the masked albedo image a M, and
a text prompt for the object, we use TEXGen [29] to inpaint

the unobserved regions to get UVgg@n.

Fig. 3. Overview of pipeline to lift 2D materials to 3D. We lift 2D
estimations fa, m,rg to 3D in UV space for each object i. For the nearest
neighbor approach: (1) map estimated 2D material properties fa,m,rg to
a point cloud p'=""" and fill unobserved regions with nearest neighbor

artial
lookup to get p,‘;r,?’m”}, and (2) project péf’m’r} to UV space UVE:’M’T}.

For the texture generation approach: (1) map the albedo and object mask
from camera space to U\;{space UVé,;l]; a1 and UV%{i a» (2)obtain the position
i

map and mask map UV ' from the 3D model of the object G; (2) apply
TEXGen [29] to fill unobserved regions and obtain UV{a}

texgen*

B. Lighting Stage

For 3D-FRONT, we partially follow PSDR-Room’s [15]
light placement strategy. PSDR-Room (i) divides the ceiling
into a grid of area lights and removes those that intersect the
camera frustum or fall behind the camera, (ii) adds one large
area light behind the camera and one per unobserved wall, and
(iii) turns visible windows and lamps into emissive objects.
We adopt (i) and (ii) but skip (iii). We deviate here because
3D-FRONT images rendered by BlenderProc [46] treat the
entire ceiling and lamp fixture as emissive and filter the direct-
lighting out of the final image to avoid overbright surfaces.
Modelling these visible surfaces as explicit area lights in our
pipeline would introduce that direct term and over-brighten
ceilings/lamps. For the Bitterli dataset [40], the light source
placement is well-calibrated, so we use it directly.

After initializing the light placement p, we assign de-
fault material properties for the entire scene: diffuse albedo
[0.5,0.5,0.5], roughness 0.5, and render from the input camera
pose by setting all light sources to a uniform radiance value
e from [0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 4.0]. Then we compare
the luminance difference between the input image and the
rendered image under each radiance value. The radiance with
the lowest mean squared error is used to initialize the lights.

C. Optimization Stage

DiffProcMat. The material stage for DiffProcMat selects
a procedural material for each part but does not initialize its
rotation and scale parameters. Following PSDR-Room [15],
we initialize these parameters by rendering the images under
different rotation angles r 2 [ 45;0;45;90] and scaling
factors s 2 (0:5; 8:0) for each procedural material part under
the initialized lighting. We compute a Gram matrix loss
L1(Ta(Ri(r;s)); Ta(li)) for each material part i, where Tg



