
DOI: 10.1111/cgf.70592 COMPUTER GRAPHICS forum
Volume 0 (2026), number 0, e70592

Recent Trends in Inverse Rendering

S. Ullah,1 F. Pellacini2 and A. Giachetti1

1University of Verona, Verona, Italy
{shakir.ullah, andrea.giachetti}@univr.it

2University of Modena and Reggio Emilia, Modena, Italy
fabio.pellacini@unimore.it

Abstract
Inverse rendering is the problem of recovering scene geometry, material properties, and illumination from one or more observed
images. It has experienced rapid progress in recent years, driven by advances in differentiable rendering, neural scene repre-
sentations, and generative priors. This paper presents a comprehensive review of inverse rendering methods published between
2020 and 2025. In contrast to prior surveys on neural rendering, which review methods primarily focused on novel-view synthe-
sis without explicit material and lighting decomposition, and intrinsic image decomposition surveys, which review approaches
for reflectance and shading separation at the image level, we focus on methods that aim to solve the complete inverse render-
ing problem. We organize the surveyed approaches using a structured taxonomy that categorizes methods by input and output
representations, computational strategies, and evaluation protocols. We further analyze commonly used datasets, evaluation
strategies, and performance trade-offs, and discuss the strengths and limitations of existing approaches in terms of accuracy,
efficiency, and generalization. Finally, we identify open challenges, including the ill-posed nature of material and illumination
disentanglement, the lack of standardized benchmarks for joint evaluation, and the limited exploration of downstream applica-
tions such as relighting and scene editing.

Keywords: 3D modelling, 3D rendering, artificial intelligence, computer graphics, computer science, image formation, image-
based modelling and rendering, inverse problem, visual computing

CCS Concepts: I.3.7 [Computer Graphics]: Three-Dimensional Graphics and Realism—Rendering—I.2.10 [Artificial Intelli-
gence]: Vision and Scene Understanding—Representations—

1. Introduction

Inverse rendering is a fundamental problem at the intersection of
computer vision and computer graphics, where the objective is to
recover scene properties such as geometry, material, and illumina-
tion from visual data (single-view or multi-view images) [LSR*20,
ZLH*22, LZF*24, JLX*23]. Whereas forward rendering synthe-
sizes an image from predefined scene parameters using a determin-
istic transport model (such as the rendering equation [Kaj86]), in-
verse rendering must reverse this process: it takes an image (or a se-
quence of images) as input and estimates intrinsic components that
were responsible for producing the observed image [DM23, RH01].
The recovered representation transforms raw pixels into editable 3
D content, enabling applications such as relighting, material editing,
virtual object insertion, AR/VR experiences, robotics, film produc-
tion, and digital content creation [PP03, RH01] (Figure 1).

However, inverse rendering is inherently ill-posed, as many dis-
tinct combinations of geometry, materials, and lighting can produce
the same image. A bright pixel may correspond to a strongly reflec-
tive surface, an intense light source, or a specific viewing geome-
try; ambiguities arising from inter-reflections, cast shadows, occlu-
sions, and uncontrolled lighting compound this difficulty [BM14,
KLK14]. Moreover, the joint estimation of all the intrinsic com-
ponents is particularly challenging because errors in one compo-
nent often propagate into the others. This ambiguity has motivated
a wide range of approaches, with particularly rapid progress over
the past few years driven by three closely connected developments:
(i) Data-driven priors learned by deep neural networks [EN24,
KSN24, ZZLZ25] from large image datasets, enabling efficient de-
composition of scenes whose properties are intrinsically undercon-
strained from pixel evidence alone; (ii) Differentiable rendering
frameworks such as OpenDR [LB14], Mitsuba 3 [JSRV22], and
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Figure 1: Our survey provides a comprehensive and up-to-date review of the papers published in the last 6 years in top-rated conferences or
journals presenting approaches that attempt to reconstruct the scene description (light, material and shape) from single-view or multi-view
image capture.

nvdiffrast [LHK*20], which provide differentiable formulations of
the rendering equation [Kaj86] for gradient-based optimization;
(iii) Neural and Gaussian-based light-field encodings [MST*21,
KKLD23] that provide compact, differentiable scene representa-
tions that do not disentangle light, materials, and geometry, but
can provide an algorithmic backbone for inverse rendering methods
[ZSD*21, RES*22, LZF*24, SWW*25].

1.1. Historical background and scope of the survey

Research on inverse rendering methods has its roots in computer vi-
sion techniques like Shape from Shading [ZTCS02] and Photomet-
ric Stereo [AG15], where the reflectance behavior of the surfaces is
modelled to recover shape, and in the works on intrinsic image re-
construction [BTHR78], aimed at decomposing images into albedo
and shading maps. The seminal work of Barrow and Tenenbaum
[BTHR78] introduced the basic idea that vision is the inverse of
image formation. Image formation involves geometry, reflectance,
illumination, and viewpoint; vision consists of recovering these in-
trinsic properties. It is worth noting that the work was published
far before the “forward rendering” formalization currently used in
Computer Graphics (the “rendering equation” [Kaj86]). The first ex-
plicit use of “inverse rendering” as the estimation of parameters for a
rendering algorithm through optimization is attributed toMarschner
and Greenberg [Mar98]. While the concept of inverse rendering
connects the Computer Vision and Computer Graphics communi-
ties and can be considered a founding principle of modern, unified
“Visual Computing” science, the fact that inverse rendering meth-
ods have been studied separately by the two communities has re-
sulted in non-uniform terminology across the literature. Influential
papers on inverse rendering developed in the Computer Vision com-
munity, such as the work of Barron and Malik [BM14], describe the
same concept, but do not use the term “inverse rendering” to define
it. In the first two decades after Marschner and Greenberg’s work,

the number of papers describing methods to recover the rendering
parameters from single or multiple images remained limited. In re-
cent years, however, research efforts have increased significantly
thanks to new, successful techniques introduced in the visual com-
puting domain.

The first is the large-scale use of data-driven techniques, e.g.,
neural networks that can learn to infer scene properties directly
from data. The second is the introduction of differentiable render-
ing frameworks (e.g., OpenDR [LB14], Mitsuba 3[JSRV22]) that
further enabled gradient-based optimization over scene parame-
ters, bridging the gap between learning-based models and physi-
cally grounded rendering. A third key innovation is the introduc-
tion of radiance-field representations like NeRF andGaussian Splat-
ting, [MST*21, KKLD23], capturing accurate implicit or explicit
scene representation, not disentangling shape, material, and illumi-
nation, but that can be successfully exploited within inverse render-
ing frameworks.

A considerable amount of new papers on inverse rendering have
been published in the last few years, exploiting these innovations.
Current methods span a broad spectrum of input assumptions (e.g.,
single vs. multi-view), scene types (e.g., indoor vs. outdoor), and
representation schemes (e.g., mesh, voxel, neural fields, Gaussian
splatting), each with trade-offs in terms of physical realism and
computational efficiency. Despite the availability of impressive indi-
vidual methods, there is a lack of systematic organization and com-
parison in this diverse set of approaches, making it difficult to as-
sess which techniques are best suited for specific applications or en-
vironments. In addition, there are no standard benchmarks, particu-
larly those that jointly evaluate the estimation of geometry, material,
and lighting. Synthetic datasets [RRR*21, ZSD*21], offer complete
supervision but lack realism, while real-world datasets [LCF*23,
UAS*24], offer photorealism but lack complete ground truth, mak-
ing quantitative comparison difficult. This imbalance is especially
evident in generative methods, which prioritize perceptual metrics
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Table 1: Comparison of related surveys.

Survey Primary Focus G M L NO DRO Period

[PP03] Classical Inverse rendering
√ √ √

✗
√

Pre-2003
[ZSG*18] RGB-D 3D reconstruction

√
P ✗ ✗ ✗ 2010–2018

[EGH21] Illumination estimation, relighting ✗ P
√ √ √

2017–2020
[TTM*22] Neural rendering, view synthesis

√ √
P ✗

√
2020–2021

[GRPCLM22] Intrinsic image decomposition P
√

P
√

P 2017–2021
[YLN*24] Non-rigid 3D reconstruction

√
✗ ✗

√ √
2021–2023

[UUE25] Intrinsic image decomposition ✗
√ √ √

✗ ≤ 2024
Our survey Joint inverse rendering

√ √ √ √ √
2020–2025

Notes: Coverage is marked as
√
(full), P (partial), or ✗(none).

Abbreviations: G: Geometry; M: Material; L: Lighting; NO: Network Optimization; DRO: Differentiable Rendering Optimization.

(e.g., FID, CLIP similarity) rather than physically grounded eval-
uations. As a result, both the supervised and self-supervised ap-
proaches face challenges in achieving accurate, generalized inverse
rendering. To better understand this rapidly growing field and try to
address the aforementioned issues and point out the research gaps
that need to be filled, we propose a survey of the most recent litera-
ture.

We consider papers published at top-tier Computer Vision and
Computer Graphics venues from 2020 to 2025 presenting methods
that try to solve the fundamental inverse rendering problem recover-
ing disentangled intrinsic scene properties such as geometry, mate-
rial, and lighting from single-view or multi-view images. In addition
to previous work, we exclude the following from our analysis:

1. Methods that focus only on geometry reconstruction without
material or lighting estimation (e.g., structure-from-motion,
multi-view stereo)[LWZW24, ZSG*18, DHRK24].

2. Image decomposition methods (e.g., intrinsic images or
shading–albedo separation) without full physical parameter re-
covery [UUE25, GRPCLM22].

3. Inverse rendering methods that are specialized for specific
object categories (e.g., only human faces, hair, or clothes)
[SNA*21, ZCV*25, RBG23, KE19].

To organize our survey, we created a specific taxonomy, described
in Section 2, categorizing the methods by scene type, data input,
shape representations, material representations, and light represen-
tations.

Our work provides useful insights and can both support applica-
tion developers in selecting the best suited algorithmic choices and
researchers in the development of more accurate, efficient, and ver-
satile solutions.

1.2. Related surveys

Several surveys and state-of-the-art reports address topics related to
inverse rendering; however, none provide a comprehensive and uni-
fied overview of methods that jointly estimate geometry, materials,
and illumination, which is the focus of this work. We summarize
the principal differences from prior work in Table 1 and discuss the
most closely related.

The survey presented by Tewari et al. [TTM*22] focuses on neu-
ral rendering approaches that combine classical rendering princi-
ples with learnable 3D representations, particularly radiance-field-
based methods for novel-view synthesis in both static and dynamic
scenes. While these approaches learn 3D-consistent scene represen-
tations, they typically encode appearance implicitly and do not ex-
plicitly recover a complete set of intrinsic scene properties such as
reflectance and illumination. Similarly, the reviews by Ulucan et al.
[UUE25] and Garces et al. [GRPCLM22] address the intrinsic im-
age decomposition problem, the 2D task of separating an image into
albedo and shading layers. These works do not recover 3D geome-
try, do not produce relightable scene representations, and treat light-
ing only implicitly through shading maps. Several further surveys
cover specific aspects of the inverse rendering problem. Einabadi
et al. [EGH21] focus on illumination estimation and relighting, Zoll-
höfer et al. [ZSG*18] survey RGB-D scene reconstruction with em-
phasis on geometry, and Yunus et al. [YLN*24] review non-rigid
scene modelling. Each of these works provides valuable insights
into its respective domain, but does not consider the full inverse
rendering pipeline. Some works address inverse rendering in con-
strained domains, such as human faces and hair [SNA*21], or indoor
environments. Still, these are typically tailored to category-specific
priors and do not generalize to arbitrary scenes or objects.

As shown in Table 1, our survey provides a comprehensive and
up-to-date overview of single-view and multi-view inverse render-
ing methods that jointly recover scene geometry and materials using
both classical and data-driven approaches.

2. Inverse rendering methods classification

2.1. Problem statement

Before introducing our taxonomy, we first establish a common
conceptual and notational framework that will be used throughout
the paper.

To define the inverse problem, we first need to introduce the for-
ward one. Forward rendering is the process of synthesizing an im-
age from a description of a 3D scene and a camera, and it is the most
fundamental technique of computer graphics. The rendering equa-
tion gives the basic relationship between scene parameters and the
resulting image [Kaj86],
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Lo(x, ωo) = Le(x, ωo)+
∫

�

fr(x, ωi, ωo) Li(x, ωi) (ωi · n) dωi (1)

Here, x is a surface point, ωo and ωi are the outgoing and incident
directions, respectively, and n is the surface normal. The term Le
denotes emitted radiance, Li the incident radiance, and fr the bidi-
rectional reflectance distribution function (BRDF), which describes
how light arriving from direction ωi is reflected toward direction ωo.
Given the camera geometry and sampling function, the equation can
be used to estimate the radiance incident on the virtual image sen-
sor’s points and to derive an equation for the pixel intensity. In gen-
eral, the forward rendering process can be expressed as a function:

I = R(G,M, L;C), (2)

where I is the rendered image (grayscale intensity of color chan-
nels), G denotes the geometry, M material properties, L the illumi-
nation, andC the camera parameters. The operatorR represents the
rendering process, typically implemented as a numerical approxi-
mation of the rendering equation using techniques such as ray trac-
ing, rasterization, or volumetric integration. In the rendering pro-
cess, G and C determine the positions where the Equation 1 should
be evaluated, M is usually a parametric representation of fr and L
should model the light incident on the surfaces, accounting for inter-
reflections and shadows (global illumination).

Inverse rendering is the recovery of G,M, L from the knowl-
edge of one or more rendered images I with different camera pa-
rameters C. It is an ill-posed problem that can be solved only with
strong priors, especially when relying on a single image. The solu-
tions proposed to this problem depend on how geometry, materials,
and lighting are represented, and on how the rendering equation is
discretized. Depending on all these choices, we can have a variety
of methods to solve it. Many approaches have been proposed in the
literature, and organizing them in a structured taxonomy is therefore
useful for analyzing them.

2.2. Inverse rendering methods’ taxonomy

Our taxonomy is shown in Table 2. We classify the methods accord-
ing to the type of input data processed, the type of scene considered,
the output scene description parameters, the proposed computing
approach, and the evaluation method (including the datasets used).

2.3. Input data

Inverse Rendering methods differ substantially depending on the in-
put images accepted. Methods relying only on single-view (SV) ac-
quisitions are particularly challenging due to the inherently ill-posed
nature of the problem. A single image may correspond to several
combinations of shape, illumination, and materials that could pro-
duce it. Due to this ambiguity, SV techniques rely heavily on learned
priors. SV methods are suitable for applications like image relight-
ing or material editing.

Most works take as input multi-view (MV) images that provide
more information about the scene, reducing the problem’s inher-
ent ambiguity. Observing a scene from multiple viewpoints allows
methods to recover occlusion, shading consistency, and surface ap-
pearance viewed at different angles. These cues yield more accu-

rate and robust estimates of geometry, materials, and lighting. These
methods process the same input data and can be considered an ex-
tension of Structure from Motion/Multi-View stereo pipelines that
reconstruct 3D geometry by decoupling shape from materials and
lighting. Multi-view stereo methods do not generalize well to com-
plex real-world lighting conditions because they rely on assump-
tions to make the problem less ill-posed, a problem avoided by In-
verse Renderingmethods that estimate more scene properties simul-
taneously. Although most of the proposed methods work with im-
ages captured by standard RGB cameras, some process enhanced
data from depth/LIDAR sensors (RGB-D) [CCL*25, YYC*23].

One of the fundamental distinctions in inverse rendering is
whether methods target static scenes or dynamic sequences. The
Static methods, which cover the majority of the current litera-
ture, estimate time-invariant geometry, materials, and lighting from
one or more images of stationary scenes, in which only the cam-
era viewpoint varies in the captures [ZSD*21, JLX*23]. These
methods benefit from simpler problem formulation, more mature
material-lighting decomposition techniques, and well-established
benchmarks such as [JLX*23] and [JDV*14].Dynamic inverse ren-
dering addresses time-varying scenes captured in video sequences,
which require temporal modelling of evolving geometry, deform-
ing surfaces, and/or lighting. Due to this ambiguity, dynamic in-
verse rendering must move beyond simple novel-view synthesis
by disentangling motion from intrinsic properties. This choice de-
fines the Representation Strategy: static scenes typically utilize 3D-
only structures (e.g., SDFs or meshes), while dynamic scenes en-
sure temporal consistency to avoid flickering artifacts, modelling
non-rigid deformations, which map moving points to a canonical
pose, or 4D Neural Fields (e.g., K-Planes [FKMW*23]) that treat
time as a fourth coordinate. However, most dynamic methods fo-
cus on novel view synthesis rather than full inverse rendering—they
typically bake lighting into appearance representations, limiting re-
lighting and material editing capabilities that define inverse render-
ing in this survey. Most inverse rendering methods process passive
imaging data, while others process active acquisition setups. Pas-
sive methods operate using only naturally available illumination,
without any controlled light sources. These approaches are gener-
ally more flexible and easier to deploy, but face inherent ambiguities
due to uncontrolled lighting [ZLLS22, ZSH*22]. In contrast, active
methods employ controlled illumination—such as structured light,
depth projection, or time-of-flight sensing—to recover more accu-
rate geometry or reflectance. Although active systems reduce ambi-
guities and enable more precise material–light decomposition, they
require specialized hardware and are less applicable to in-the-wild
scenarios [ZLLS22].

2.4. Scene types

Inverse rendering methods differ substantially in terms of the scene
being reconstructed, as each environment presents a unique set of
challenges, priors, and constraints. Object-level scenes (Obj) in-
clude a single object or small collections of objects, captured under
controlled environments. These scenes have well-defined bound-
aries, manageable geometric complexity, and controllable lighting
conditions, making them ideal for detailed material analysis and
high-quality reconstruction. The controlled nature often allows for
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Table 2: Taxonomy of inverse rendering methods reviewed in this work.

Single-View (SV) [HWH∗25, ZZLZ25, WTC∗25, KSN24]
View

Multi-View (MV) [JSL∗25, TCZD25, WBB∗25, CLP∗25]

RGB [HYD∗25, GWZ∗25, LGL∗25]
Sensor

RGB+D [LSB∗22, YYC∗23, CCL∗25]

Static [WLLL25, WTL∗24, WCD∗20]
Time

Dynamic [CCL∗25, LGL∗25]

Passive [DWZ∗24, LYX∗24, EN24]

Input data

Capture setting
Active [BJK∗20, ZLLS22, CCB24]

Indoor (IND) [LSR∗20, KSN24, LHL∗25, WLLL25]

Outdoor (OUT) [WSG∗23, RES∗22]

Object (OBJ) [WTC∗25, CXG∗25, DLDN25, JLX∗23, LZF∗24]
Scene type

Generic (GEN) [EN24, LGL∗25, CLZ25, SGX∗25, JSL∗25]

Image maps (IM) [WPFK21, ZGW∗23, YLH∗23]

Point Density (PD) [SWW∗25, DLDN25, SGX∗25]

Volume Density (VD) [YYC∗23, JLX∗23, JTL∗24]

Signed Distance Functions (SDF) [DLLY22, WHL∗23, YN23]

Shape

Polygon Meshes (M) [BXS∗20b, LZBD21, DWW∗24]

Parametric BRDF (P) [HWH∗25, WTC∗25, WBB∗25]

Basis (B) [ZSD∗21, CCB24, DLDN25]Material

Neural (N) [SDZ∗21, YYC∗23, FTTS24]

Environment Map (EM) [BXS∗20a, JTL∗24, WRG∗25]

Spherical Harmonics (SH) [BJK∗20, LZF∗24, CCL∗25]

Spherical Gaussians (SG) [YLHG∗22, ZLW∗21, YGY∗24]

Illumination Maps (I) [ZGW∗23, LHL∗25, CLP∗23]

Scene description

Light

Global Illumination (GI) [WPFK21, LWZW24, ZHY∗23]

Light Fields (LF) [LOU∗24, LYX∗24, BCC25]

Convolutional Neural Networks (CNN) [ZLH∗22, WTC∗25]

Network optimization (NO) Vision Transformers (ViT) [ZLM∗22, CLP∗23, CLP∗25]

Diffusion Models (DM) [EN24, KSN24, HWH∗25, CPY∗24]Computing approach

Differentiable rendering Splatting (S) [HYD∗25, GWZ∗25, SGX∗25, TCZD25]

optimization (DRO) Volumetric (V) [ERB∗24, FTTS24, SCL∗23, WBB∗25]

Path tracing (PT) [YLHG∗22, WZY∗23, LYX∗24, WRG∗25]

Weighted Human Disagreement Rate (WHDR) [LSR∗20, WPFK21, ZLH∗22]

Image Differences (IMD) [BBJ∗21, BJB∗21, WTL∗24, LLJ∗25]

Environment Maps Differences (EMD) [DLLY22, MHS∗22, SWW∗25, LHG∗25]

Rendering Error (RE) [RES∗22, HHM22, WSG∗23, YGY∗24]
Evaluation

Novel View Synthesis Error (NVSE) [BXS∗20b, BJB∗21, YZL∗22, ZHY∗23, YGY∗24]

Scene Editing (SE) [LSR∗20, LGL∗25, MAAD∗23]

Material Editing (ME) [KSN24, ZLM∗22, WTC∗25, JLX∗23]
Applications

Light Editing (LE) [KSN24, SGX∗25, LCL∗23, ZLW∗21]

© 2026 The Author(s). Computer Graphics Forum published by Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd.
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ground-truth validation through independent measurements of ge-
ometry, materials, and lighting. Indoor scenes (Ind), which in-
clude interior environments such as rooms and offices, introduce
greater complexity than object-level scenes. They are characterized
by structured, bounded geometry, diverse materials (such as painted
surfaces, wood, metal, glass, and fabrics), and mixed natural and
artificial lighting within enclosed spaces. This complex, bounded
lighting leads to complex indirect lighting, inter-reflections, and
sharp shadows. Outdoor scenes (Out) represent the most chal-
lenging cases, and include, for example, urban environments, natu-
ral landscapes, and large-scale architectural exteriors. These scenes
exhibit significant geometric diversity, atmospheric effects (scat-
tering, fog, weather), and uncontrolled natural lighting dominated
by sun and sky illumination with strong temporal variations. Ma-
terial diversity includes building materials, vegetation, natural el-
ements, and weathered surfaces that change over time. Generic
scenes (Gen) is the category where we classify the methods try-
ing to solve the inverse rendering task, independent of the environ-
ment type.

2.5. Scene description

Given the input data representing the selected scene type, the inverse
rendering methods should typically reconstruct shape (S), materials
(M), and lighting (L) information. However, there are some excep-
tions: some of the methods focus on reconstructing objects and do
not explicitly recover lighting information [CCB24]; others do not
recover geometry, as they assume known geometries given as input
[YYC*23]. In this case, as in depth-enhanced acquisitions, the ge-
ometry data acts as a structural prior and simplifies the estimation
of materials and illumination, leading to more accurate estimates of
scene properties. In the following, we describe the different ways in
which reconstruction systems represent shape, materials, and light
as outputs.

2.5.1. Shape representation

The shape of objects in the scene can be represented in different
ways, depending on the input data and algorithmic choices. It is
also important to note that the shape representation used in the algo-
rithms’ optimization may not match the desired final representation
or the representation used to evaluate the approach’s effectiveness.
In fact, several methods (e.g., those based on NeRF and Gaussian
Splatting) leverage 3D density encodings to represent shapes and
optimize volume rendering to match training views. However, these
density based methods are not suitable for many applications (e.g.,
modelling) and cannot be directly evaluated. For this reason, some
papers also provide additional ‘output’ representations derived from
the optimized fields, such as meshes or image-space maps.

In this shape classification, we aim to characterize each method
based on the primary representation estimated and also the addi-
tional outputs, if explicitly evaluated in the framework.

In single-view methods, it is typical to represent shape informa-
tion with image-spacemaps (IM): depth maps, which store the per-
pixel distance from the camera to the first visible scene surface, and
normal maps, which represent, for each pixel, the normal vector of

the surface hit by the image ray. Not all methods that provide this
kind of reconstruction produce depth maps, as these are not fun-
damental for rendering, but this limits the amount of information
encoded (image-space depth could, in principle, be derived from
normal integration, but the procedure is not reliable due to noise
amplification). This representation is obviously incomplete and un-
suitable for object reconstruction or novel view synthesis applica-
tions. However, it supports applications related to relighting, mate-
rial editing, and scene editing.

Point clouds are typically the output of SfM pipelines, but they
cannot represent the continuous boundaries of objects that require
further processing to estimate. However, techniques like Gaussian
Splatting, which associate density and light-field information with
the surroundings of points, make it possible to render shapes en-
coded as point clouds in a realistic way from different viewpoints,
and the differential rendering of GS has been exploited in inverse
rendering frameworks. We classify the corresponding shape repre-
sentations as Point Density (PD). Clearly, this representation loses
accuracy in representing objects’ surfaces.

Volumetric density functions (VD) stored in grids or continu-
ously represented using MLPs are the choice of many recent ap-
proaches (e.g., NeRF-based ones) for storing shape information.
These approaches are based on differentiable volume rendering op-
timization. Although this choice enables volumetric shading and
transparency, it loses the ability to reconstruct object shapes and
associated surface properties without further processing.

For this reason, some of the methods add (or replace) this volu-
metric encoding with implicit surface representation as the Signed
Distance Functions (SDF) that represent the distance of any 3D
point from the nearest surface.

3Dmeshes (M) explicitly representing the scene geometry as col-
lections of polygons are the standard representations used in 3D
modelling and provide correct boundary representations, support-
ing rendering from arbitrary views and geometric editing. Material
parameters and normals can be associated with polygon vertices
or faces.

2.5.2. Material representation

Material properties determine how light interacts with the geome-
try of the scene, controlling the appearance of objects under dif-
ferent illumination conditions. Most methods estimate materials
as parametric models (P). The choice of shading model directly
influences inverse rendering optimization. The Lambertian model
assumes perfectly diffuse reflectance [BTHR78] and is common
in single-view inverse rendering [LSR*20, ZLH*22] because its
view-independence removes specular ambiguity from the estima-
tion problem. However, the Lambertian assumption causes spec-
ular highlights to be absorbed into the diffuse albedo estimate
[BM14], producing albedo maps that conflate illumination varia-
tion with surface reflectance. The Phong and Blinn-Phong models
introduce a specular component through a power-of-cosine term but
violate energy conservation [CT82, WMLT07], which is a critical
constraint for physically grounded inverse rendering, and produce
poorly conditioned gradients due to their non-physical parameteri-
zation. The most recent work adopts microfacet-based models in the
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S. Ullah et al. / Recent Trends in Inverse Rendering 7 of 28

Cook-Torrance framework [CT82], with the GGX normal distribu-
tion [WMLT07] as the dominant choice for the specular lobe. These
use simplified Disney BRDF models [BS12], including albedo or
base color for the diffuse component, and additional parameters
such as roughness, metallic, and glossiness. The main limitation of
these models in inverse rendering is the diffuse-specular ambigu-
ity. Under single unknown illumination conditions, a bright specular
highlight from a rough surface can be difficult to distinguish from
a strong diffuse response caused by intense lighting, leading to in-
correct estimates of albedo and roughness. The parameters of the
models can be stored in image-space maps, on texture maps for 3D
meshes, or encoded directly in the geometric representations used
to store scene content, such as point clouds [XXP*22], neural func-
tions [LWL*23], or Gaussian [GGL*24].

Another popular choice is the use of Basis-based repre-
sentations (B) describing the reflectance functions as linear
combinations of pre-defined parametric functions [CCB25] (e.g.,
angular functions). The idea has a long history in graphics, dat-
ing back to wavelet and spherical-harmonic representations of
measured BRDFs [LRR04, Mat03] and to the analytic-basis de-
composition used by NeRD [BBJ*21] to model spatially varying
reflectance under unknown illumination. These representations are
more flexible than fixed parametric models and easier to fit, but
they may lack direct physical interpretability. A third family of
methods uses Neural representations (N), in which a compact
neural network, typically a multilayer perceptron (MLP), encodes
the BRDF. The network takes viewing and lighting directions, and
sometimes surface position or latent features, as input and predicts
either the BRDF value or reflected radiance. The main advantage
of this representation is its ability to model complex reflectance
behavior that is difficult to express with fixed analytic functions,
including measured materials, layered or anisotropic appearance,
and view-dependent effects on glossy or near-specular surfaces.
NeILF [YZL*22] and NeILF++ [ZYL*23] follow this direction
by jointly representing illumination and material properties as
neural fields. Neural BRDFs are highly flexible, but the lack of
explicit parameters makes editing and physical interpretation more
difficult, and the recovered material is often tied to the specific
illumination conditions encountered during training.

2.5.3. Lighting representation

Illumination is handled in many different ways in the surveyed liter-
ature, and the output reconstruction of themethods is heavily depen-
dent on the approximations done in the scene modelling. In partic-
ular, object-level reconstruction methods often model environment
light only, while others also represent global illumination effects,
storing specific parameters to describe light coming from close sur-
faces.

The most popular solution for modelling far-away illumination
(coming from the sky or distant objects) is the use of Environment
maps (EM), represented image textures that encode directional il-
lumination, typically with High Dynamic Range. An alternative op-
tion to represent directional lights is the use of coefficients of basis
functions. Spherical Harmonics (SH) [KSS02] form a linear basis
on the sphere and are often used to encode low-frequency environ-
ment with few coefficients. Spherical Gaussians (SG) [WRG*09]

form a non-linear basis on the sphere, and are used to succinctly rep-
resent all-frequency lighting using gaussian of varying standard de-
viation.

A different choice is to encode lighting information in pixel-space
Illumination Maps (I) that represent the per-pixel incident illumi-
nation that arrives at a point from all sources. They are used to repre-
sent incoming illumination directly without explicitly reconstruct-
ing light sources. They can represent direct illumination or other
indirect illumination effects, such as Shadow Maps [Wil78] repre-
senting object occlusions from a single light, and are used to model
shadowing effects independently of the recovered geometry or am-
bient occlusion.

Some methods estimate the Indirect/global Illumination(GI)
coming from multi-bounce lighting effects, where light reflects off
multiple surfaces before reaching a point. Recovering this sepa-
rately from direct illumination allows for more accurate estimation,
since indirect effects are modelling, and estimated, directly. Indirect
illumination can be encoded in different ways and can model differ-
ent components such as visibility/shadow maps or inter-reflections.
Due to the many different ways used to account for these effects, we
label all of them as GI. Neural light fields (LF) are another option
for encoding different kinds of illumination effect, and we explicitly
include this category in the taxonomy.

2.6. Computing approaches

To understand the research trends in inverse rendering, it is impor-
tant to point out which computational approaches are primarily used
to solve the problem. For this reason, we introduce a specific field
in our taxonomy with two main categories, network optimization-
based methods and differentiable rendering optimization methods
(Figure 2).

2.6.1. Network optimization (NO)

This category includes learning-based methods that train a feed-
forward network on a large dataset to directly estimate the model
parameters from image data. At test time, a single forward pass
through the network predicts the intrinsic scene properties directly
from one or more input images (Figure 2, left). Within the Network
optimization branch, we further classify methods according to the
dominant neural architecture used to estimate scene properties.

Convolutional Neural Networks (CNN) basedmethods use ar-
chitectures such as U-Nets or ResNets to infer per-pixel scene prop-
erties (geometry, materials, illumination) from a single or multi-
view input image data. Early scene-level inverse rendering systems,
such as Li et al. [LSR*20] and [ZLH*22] established a common for-
mulation in which a shared encoder-decoder network produces per-
pixel albedo maps, surface normals, roughness, and a parametric
lighting representation. These methods are good at capturing local
texture and appearance patterns, but can struggle with global con-
sistency and physical constraints. Papers are classified in this cate-
gory if they use predominantly convolutional layers as their primary
computational building blocks. Vision Transformer (ViT) based
methods use attention mechanisms and transformer architectures
to capture long-range dependencies within an image. IRISformer
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8 of 28 S. Ullah et al. / Recent Trends in Inverse Rendering

Figure 2: Comparison of the two dominant computational
paradigms for inverse rendering. NetworkOptimization (NO) learns
a mapping from images to scene parameters using a neural network
trained on large datasets, enabling fast inference through a single
forward pass. Differentiable Rendering Optimization (DRO) esti-
mates scene parameters by iteratively minimizing the discrepancy
between rendered and observed images through a differentiable ren-
derer. While NO prioritizes inference efficiency and generalization,
DRO emphasizes physical consistency and scene-specific optimiza-
tion

[ZLM*22] adapts a dense vision transformer to single-view indoor
inverse rendering, and MAIR / MAIR++ [CLP*23, CLP*25] ex-
tend the idea to multi-view attention. These architectures help cap-
ture global illumination effects, making them suitable for estimat-
ing complex materials and illumination. Papers using vision trans-
formers, attention mechanisms, or transformer-based architectures
as their core processing units belong to this category. Diffusion
Model (DM) based methods integrate generative diffusion mod-
els as strong priors, enabling high-quality estimation of geometry,
material, and illumination. Recent methods include Intrinsic Image
Diffusion [KSN24] for indoor material estimation, DiffusionRen-
derer [LGL*25] for joint forward and inverse rendering with video
diffusion, and DNF-Intrinsic [ZZLZ25] for deterministic noise-free
indoor decomposition. Diffusion priors are particularly valuable
when the input is ambiguous, such as a single low-dynamic-range
image of an indoor scene, because the generative prior can fill in
plausible material and lighting hypotheses that are consistent with
the observation. In this group, we classify the papers that utilize
diffusion processes, denoising networks, or score-based generative
models for inverse rendering.

2.6.2. Differentiable rendering optimization (DRO)

The methods based on differentiable rendering optimization esti-
mate the parameters of a chosen scene representation by minimiz-

ing the difference between rendered and observed images through
a differentiable renderer (Figure 2, right). Differentiable rendering
optimization is slower than NO but can, in principle, adapt to any
scene as long as the differentiable renderer and the chosen represen-
tation are expressive enough.

DRO-based methods are characterized by the use of various
geometric representations and rendering solutions. We have already
discussed geometry representations such as polygon meshes,
signed distance fields, continuous volume densities, tensor fields,
or Gaussian point primitives in Section 2.5.1 and do not duplicate
that discussion here. The choice of scene representation is largely
independent of the computing approach because the same SDF can
be optimized by a volume ray marcher or by sphere tracing, and
the same Gaussian primitives can be rendered by splatting or by
ray tracing. In our taxonomy, therefore, we subdivide the DRO-
based methods according to the rendering algorithm that maps the
chosen scene representation back to image pixels. Crucially, it also
propagates image space gradients back to the scene parameters
during optimization. We classify the rendering approaches found
into three categories.

Volume rendering–based methods (V) estimate scene prop-
erties by integrating radiance along camera rays through volu-
metric or implicit scene representations such as NeRFs or signed
distance fields. Recent work has produced unbiased gradient for-
mulations for both grid-based SDFs [VSJ22] and neural SDFs
[PBGL*22], which together extend the volume-ray-marching ma-
chinery to support physically meaningful surface optimization. Vol-
ume ray marching naturally handles soft visibility, uncertain geom-
etry, and topology changes during optimization, which is one rea-
son it has become the dominant approach for joint geometry and
material recovery from multi-view images. However, they typically
require hundreds of samples per ray and often involve expensive
optimization.

Splatting-based methods (S) are conceptually similar to ras-
terization but operate on point or Gaussian primitives rather than
triangles. Each primitive is projected onto the image plane and
accumulated using a differentiable alpha-blending rule. Recent
inverse rendering approaches have extended Gaussian Splatting to
physically based inverse rendering by combining it with shading
models such as GaussianShader [JTL*24] and Jiang et al. [JSL*25].
Similar to rasterization-based approaches, splatting methods handle
primary visibility natively. Still, accurate modelling of secondary
effects, such as indirect illumination and inter-reflection, typi-
cally requires additional light-transport computations or auxiliary
rendering modules.

Path tracing-based methods (PT) model full light transport,
including multi-bounce indirect illumination, shadows, and other
global illumination effects by sampling light paths stochastically
through the scene. These methods utilize differentiableMonte Carlo
formulations to obtain unbiased gradients despite discontinuities in-
troduced by visibility [LADL18, ZYZ21, LHJ19]. These methods
are computationally expensive and often suffer from noisy gradi-
ents during optimization. However, these methods provide the high-
est physical accuracy, and they are increasingly common in scene-
level inverse rendering, where it is not possible to ignore lighting
effects.
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2.7. Evaluation

Evaluation of inverse rendering methods remains challenging due to
their diverse outputs and lighting model and to the fact that ground
truth data on materials are obviously not available for real images
and may not be consistent with the method outcomes for the syn-
thetic ones. For this reason, several approaches have been proposed
to evaluate, typically in indirect ways, the outputs or the methods,
each of which presents clear limitations.

A popular method to evaluate albedo maps in single-view appli-
cations coming from the intrinsic image decomposition domain is
the use of a metric called Weighted Human Disagreement Rate
(WHDR), based on human judgments about relative reflectance be-
tween pixel pairs that are sparsely annotated on benchmark images.
Wu et al. [WCS*23] recently pointed out the limitations of this ap-
proach, proposing additional metrics.

If the methods provide an estimation of depth, normals or shad-
ing parameters and ground truth values are available for the input
images, the evaluation can be based on image-space maps differ-
ences (IMD). This approach requires well-designed calibrated or
synthetic data and still presents some issues related to the scale am-
biguity of reflectance parameters. Scalar maps can be evaluated with
mean average differences, and specific metrics can be applied to
evaluate other maps, for example mean angular error (AE) for nor-
mal maps or Absolute Mean Relative Error (AMRE) for monocular
depths. Recent papers also use the Fréchet Inception Distance (FID)
to evaluate the realism and quality of the generated texture maps.
FID compares feature representations extracted from a pre-trained
Inception-v3 network and evaluates similarity in terms of content
and style. Image-space differences are used both in the evaluation
of SV and MV methods.

Error in geometry reconstructed with 3Dmeshes can be estimated
withmesh error (ME)metrics including accuracy, precision, recall,
and F-score. Methods that reconstruct illumination as directional
lights or environment maps can evaluate the accuracy of the estima-
tion using environment maps differences EMD if ground truth val-
ues for the parameters are provided. However, this is possible only
with specifically designed datasets that use accurate calibration or
synthetic data.

Another way to evaluate the methods is to compute the rendering
errors (RE) with respect to input images or ground truth relighted
images. The metrics for image comparison can be different, from
simpleMSE to Peak Signal-to-Noise Ratio (PSNR), Structural Sim-
ilarity Index Measure (SSIM) [WBSS04], and Learned Perceptual
Image Patch Similarity (LPIPS) [ZIE*18].

Most multi-view inverse rendering approaches are evaluated in-
directly by estimating the quality of novel-view synthesis errors
(NVSE). The evaluation based on rendered images is clearly the
easiest, as it is independent of the method’s output representations
and can be done on a dataset with real or synthetic images, where
only the camera pose and intrinsics need to be known. This kind of
evaluation can exploit the large number of datasets used for bench-
marking light field encoding techniques (e.g., NeRF or Gaussian
Splatting), but cannot assess how well the methods actually sepa-
rate the information on shape, materials and lighting.

The evaluation of inverse rendering methods relies on a diverse
collection of synthetic and real-world datasets, each designed to
evaluate a specific aspect of scene description. NeRF-based meth-
ods, learning an implicit volumetric radiance field, require a dense
multi-view image collection with precise camera poses, such as
synthetic datasets [SDZ*21, MST*21], and real-world datasets
[JDV*14, YLL*20] recover volumetric density and view-dependent
color. These methods require laboratory setup and synthetic scenes
to properly train neural radiance fields, but are challenging to
train on sparse real-world data. Methods like [RES*22] extend
this to unbounded scenes using [SDZ*21] and a custom outdoor
scene dataset. Gaussian Splatting methods require similar multi-
view datasets (e.g., [VHM*22, SDZ*21]), but often require fewer
views due to their explicit, Gaussian/point nature. These meth-
ods demonstrate better efficiency with clear geometric structures
such as [KPZK17] and synthetic object-centric scenes [JDV*14].
Data-driven approaches that utilize learned priors require large-
scale datasets with complete, pixel-wise ground-truth decomposi-
tion. Single-view CNN/ViT approaches are trained on large-scale
datasets such as [ZLH*22, LYS*21], and [SHKF12], making them
more practical for real-world scenes. Multi-view approaches often
train on diverse image collections and evaluate on both synthetic
datasets [LSM*18, JLX*23] and real-world images ([BBS14], cus-
tom captures).

Finally, Differentiable Rendering Optimization (DRO) ap-
proaches are mostly validated with smaller, specialized object-
scanning benchmarks such as as [JLX*23, KKO*23, KZY*23,
ZYL*23]. These methods are less dependent on training data, but
require good initialization and multiple views with known camera
poses, making them suitable for controlled capture scenarios rather
than in-the-wild applications

2.8. Applications

The main practical applications of inverse rendering algorithms
demonstrated in research works or commercial tools are related to
the scene manipulation allowed by the reconstructed 3D represen-
tations with disentangled geometry, materials, and lighting.

2.8.1. Light editing

Light editing applications can change direction, intensity, and light
source while maintaining physically consistent shadows and reflec-
tions across a scene. For example, in film and VFX production
[Aut18], lighting conditions can be changed after the shot is cap-
tured, such as converting a daytime scene into a sunset mood or ad-
justing the key light direction to match CGI assets without reshoot-
ing.

[KSN24] (see Figure 3a) demonstrates relighting using environ-
ment maps and adjusting lighting intensity for captured objects,
while SVG-IR [SGX*25] (see Figure 3b) demonstrates local illu-
mination editing, where only the lamp light is modified, affecting
the surrounding environment. The quality of light editing depends
on how accurately the light and material are decomposed across a
scene. Single-view methods often struggle to relight a scene due to
illumination-material ambiguity. Similarly, dynamic scene inverse
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Figure 3: Light editing examples: (a) Captured scenes are illumi-
nated using novel HDR environment maps. (b) Local change of the
lamp illumination. Images from: Sun et al., 2025, https:// learner-
shx.github.io/project_pages/SVG-IR/ index, CC BY-SA 4.0; Kocsis
et al., 2024, https://openreview.net/ forum?id=1VnQ7AYgNW, CC
BY-SA 4.0.

rendering methods rarely support relighting, as most methods can-
not decompose materials and lighting across time-varying scenes.
Other examples include ENVIDR [LCL*23], which targets explic-
itly manipulating controllable environment lighting via learned in-
cident light fields. Recent neural rendering approaches, including
NeILF [YZL*22] and PhySG [ZLW*21], demonstrate physically-
based relighting through spherical Gaussian lighting parameteriza-
tion and neural reflectance modelling.

2.8.2. Scene editing

A classical scene-editing application is virtual object insertion. For
example, in e-commerce and AR applications [Ado24], it is com-
mon to edit the scene, adding virtual objects or furniture. Accurate
lighting estimation ensures realistic shading and reflections on the
inserted object. At the same time, the reconstructed scene geometry
enables virtual objects to cast shadows onto real surfaces, receive re-
flections from real materials, and participate in global illumination
with proper inter-reflections and occlusions. Object insertion results
are demonstrated in research papers proposing specific AR tools.
Figure 4a shows an example of virtual object insertion in a captured
scene from [LGL*25]. The table is inserted into the image while
maintaining consistent illumination in the scene. Figure 4b shows
an example of object removal while the output image looks realistic
(from [MAAD*23]). Figure 4c demonstrates the removal of shad-
ows from an image to produce a clean and coherent result (from
[YGY*24]). However, several challenges remain, including the di-
versity of products, difficulties with transparent or reflective mate-
rials, and the need for a visually convincing real-time rendering.

2.8.3. Material editing

Material editing changes the reflectance parameters at the image or
object level before rendering. This capability allows creative pro-
fessionals to change the surface appearance of a scene, such as its

Figure 4: Scene editing examples. (a) The table is inserted into the
input scene and correctly illuminated. Object removal (b) and de-
shadowing (c) applications produce clean, coherent results mod-
ifying the original scene. Images from: Liang et al., 2025, https:
//arxiv.org/abs/2501.18590, CC BY 4.0; Mirzaei et al., 2023, https:
//openreview.net/ forum?id=iTgS4irmbf , CCBY-SA 4.0; Yang et al.,
2024, https://openreview.net/ forum?id=iTgS4irmb CC BY-SA 4.0.

Figure 5: Examples of material properties’ editing. (a) Wall tex-
ture modification and (b) albedo (base color) editing demonstrate
changes to surface appearance while preserving scene geometry.
Transparency editing (c) and metalness/specularity adjustments al-
ter light transmission and reflectance behavior. Images from: Zhu et
al., 2022, https://arxiv.org/abs/2206.08423 CC BY-SA 4.0; Zheng
et al., 2025 https://openreview.net/ forum?id=m6IisFwo2t CC BY
4.0; Jin et al. 2023 https://openreview.net/ forum?id=4ULck9r3mY
CC BY-SA 4.0; Wang et al., 2026, https:// link.springer.com/article/
10.1007/s11263-026-02833-z CC BY-SA 4.0.

color, roughness, or metallic properties. For example, an interior
designer [RHS24] can change wall colors, floor textures, or furni-
ture finishes in a virtual room to explore different design options
before making a final choice. Similarly, in e-commerce [Ado24],
customers can preview products such as furniture or appliances in
various colors or surface finishes. Inverse rendering methods that
estimate explicit material parameters, especially spatially varying
BRDFs (SVBRDFs), make these edits possible by providing pa-
rameter maps that can be modified directly at the image level or by
allowing to replace entire materials at the object level. Several re-
cent methods support material editing in different ways. Techniques
that recover detailed spatially varying BRDF maps (e.g., [KSN24,
ZLM*22]) allow users to adjust albedo, normals, or roughness in
texture space (see Figure 5a, Figure 5b). Materialist [WTC*25]
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Table 3: Classification of single-view inverse rendering methods reviewed in this survey.

Notes: Apps: applications demonstrated (Please see Table 2 for symbol legend).
A dash (–) indicates that the feature is not applicable.
Abbreviations: Dyn. = dynamic data, Dep. = depth enhanced input, Act = active capture setup.

(Figure 5c) modifies material transparency by decomposing the im-
age into physically-basedmaterial properties, allowing for the direct
manipulation of refractive parameters. Similarly, TensoIR [JLX*23]
(see Figure 5d) enables changes of per-surface materials through
its factorized representation. Other approaches use learned priors
to support semantic material replacement, such as converting wood
to metal while preserving the object’s geometry. The primary chal-
lenge in material editing is to maintain spatial consistency; edits
to one surface should not affect neighboring areas, which is eas-
ier when materials are stored in explicit textures but harder with
implicit neural representations, where surface boundaries do not
cleanly separate material. Additionally, the material model used fur-
ther limits the user control: methods that use simplified parametric
BRDFs can adjust only a limited set of parameters and cannot ad-
dress complex effects such as anisotropy, multilayer materials, or
subsurface scattering.

3. Reviewed methods

In this section, we summarize the characteristics of themethods pro-
posed in the selected papers, grouped by the technical sub-problem
addressed, to better highlight the core architectural design choices
and trade-offs that define the current state of the art.

3.1. Single-view inverse rendering

Table 3 summarizes the main features of the single-view inverse
rendering approaches we found in the surveyed papers.

3.1.1. Indoor scenes

In an indoor setting, the primary challenges come from spatially
varying illumination, cast shadows, inter-reflections, and the wide
range of materials present in these environments.

Most approaches follow a template first introduced by Li
et al. [LSR*20]: a cascade of CNN decoders predicts per-pixel
albedo, normals, roughness, and a parametric lighting field. Wei
et al. [WCD*20] add rendering-aware constraints for scene-
consistent illumination from RGB-D observations, and Wang
et al. [WPFK21] replace the global environment map with a Vol-
umetric Spherical Gaussian representation that captures spatially
varying illumination on a voxel grid. More recent works improved
global scene reasoning through transformer architectures. IRIS-
former [ZLM*22] replaces the U-Net backbone with a dense vi-
sion transformer that captures the long-range light transport indoor
shading requires, while Zhu et al. [ZLH*22] augment a CNN with
screen-space ray tracing and out-of-view lighting prediction. The
Physically-Based Editing system of Li et al. [LSB*22] extends this
work with explicit 3D lamp predictions for downstream light inser-
tion and removal.

Another direction exploits differentiable rendering at test time.
PhotoScene [YLHG*22] and PSDR-Room [YLH*23] fit a proce-
dural material graph and parametric light to a coarse retrieved CAD
model through a physics-based differentiable renderer, taking ge-
ometry as input rather than recovering it. These methods sit under
dro/P in our taxonomy and produce parameters directly usable by
existing 3D content tools. The most recent shift comes from genera-
tive diffusion priors. Intrinsic Image Diffusion [KSN24] fine-tunes
Stable Diffusion to sample plausible albedo and roughness maps
from a single indoor image, and DNF-Intrinsic [ZZLZ25] replaces
stochastic denoising with a deterministic flow formulation for more
stable decompositions across runs.

Overall, these scene-level approaches provide functional
pipelines for single-view indoor editing. The remaining limita-
tion, shown in Table 5, is that even diffusion methods reach only
mid-level albedo quality on the InteriorVerse dataset [ZLH*22].

© 2026 The Author(s). Computer Graphics Forum published by Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd.
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12 of 28 S. Ullah et al. / Recent Trends in Inverse Rendering

Recent progress has been driven primarily by improvements in
illumination modelling and learned priors rather than fundamental
changes in geometric reconstruction.

3.1.2. Object-level methods

When considering input images that contain a single object or a
small collection of objects, the inverse rendering problem shifts in
priority. In this case, spatially varying illumination matters less, but
specular reflectance, complex material behavior, and ambiguity be-
tween lighting and surface appearance matter more.

The authors of [SC20] predict diffuse and specular maps with an
environment map and spherical harmonics lighting decomposition
from one image. Boss et al. [BJK*20] use a two-shot flash and am-
bient capture that jointly refines coarse shape and reflectance with
residual learning between the two illumination conditions. Zhang
et al. [ZGW*23] replace fixed flash lighting with a learned pla-
nar pattern optimized jointly with the network. Recent works in-
creasingly adopt generative priors. Materialist [WTC*25] layers
progressive differentiable rendering on top of learned priors to re-
cover a full PBR material and environment map suitable for phys-
ically based editing. Neural LightRig [HWH*25] synthesizes con-
sistent multi-light images from one input, then estimates normals
and PBR parameters from the synthesized stack, effectively turning
a single image into a synthetic photometric stereo problem. Uni-
Renderer [CXG*25] formulates forward and inverse rendering as
two halves of a dual-stream diffusion model with cycle consistency
between them.

All these object-level methods follow the same direction: how
much of the diffuse-specular ambiguity a learned prior can re-
solve from a single view. Early work relied on controlled hardware-
acquisition tricks to gather missing appearance data; recent work
replaces hardware constraints with generative priors strong enough
to hallucinate the missing observations.

3.1.3. Generic in-the-wild methods

Recent research attempts to develop generic inverse renderingmeth-
ods independent of the environments. Diffusion-based methods
such as [EN24] cast inverse rendering as a stochastic problem,
training a diffusion model to sample reflectance and illumination
for unknown scenes under complex natural lighting. DiffusionRen-
derer [LGL*25] extends the idea to video with a forward-and-
inverse diffusion model that recovers temporally coherent material
and lighting across a clip. These methodologies indicate a growing
trend toward large generative priors trained on diverse image col-
lections, enabling inverse rendering beyond the controlled environ-
ments typically represented in existing benchmarks.

3.2. Multi-view inverse rendering

Multiple viewpoints provide the method with observations of the
same surface point under different angular conditions, thereby re-
ducing much of the ambiguity that defeats single-view methods.
Table 4 summarizes the main features of the multi-view inverse ren-
dering approaches we found in the surveyed papers.

3.2.1. Indoor scenes

Indoor multi-view inverse rendering is challenging due to complex
indirect illumination, sharp shadows, and diverse material prop-
erties, not captured by single BRDF models. I2-SDF [ZHY*23]
combines neural signed distance fields with differentiable Monte
Carlo rendering to enable relighting and editing of indoor scenes.
MILO [YYC*23] handles indoor scenes that contain light-emitting
objects, with geometry given as input. Li et al. [LWC*23] opti-
mize material and lighting on a recovered mesh in a three-stage
process guided by semantic segmentation priors to regularize the
decomposition of scene parameters. Modelling physically accurate
light transport in an indoor environment introduces significant algo-
rithmic complexity, limiting the optimization process’s efficiency.
To address this, Factorized Inverse Path Tracing [WZY*23] intro-
duces a mathematical factorization of the path-tracing integral that
renders global illumination calculations tractable over large vol-
umes. While most architectures assume raw inputs have a high dy-
namic range, IRIS [LHL*25] addresses a common real-world lim-
itation by jointly optimizing the non-linear camera response func-
tion and material properties from standard low-dynamic-range cap-
tures. Addressing localized illumination artifacts, SIR [WLLL25]
implements a decomposable shadow modelling technique to pre-
vent ambient occlusion features from bleeding into the estimated
diffuse albedo.

These methods demonstrate consistent progress in indoor inverse
rendering. However, most approaches currently require either in-
put geometry, reconstructed meshes, or strong scene priors. None
of these methods jointly recovers geometry, material, and lighting
from raw multi-view captures at the quality achieved by object-
level methods.

3.2.2. Object-level methods

Object-level reconstruction under unknown illumination is the most
studied setting in multi-view inverse rendering. The central design
choices are the geometric representation, the lighting parameteri-
zation, and the specific differentiable rendering algorithm used to
minimize the reconstruction loss.

A first popular solution for this task is based on volume render-
ing. Neural radiance fields (NeRF) [MST*21] revolutionized novel
view synthesis by implicitly representing a scene as a continuous
volumetric function, and were later extended to inverse rendering
by explicitly decomposing network outputs into reflectance, illumi-
nation, and shape. NeRD [BBJ*21] decomposes the radiance field
into a Disney-principled BRDF and a per-image illumination model
encoded as a learned latent vector, enabling relighting under novel
illumination conditions without committing to a fixed lighting ge-
ometry. NeRFactor [ZSD*21] distills the volumetric geometry of
a pre-trained NeRF into a surface representation, recovering per-
point surface normals and light visibility, and then jointly refines
this geometry while solving for spatially varying BRDFs and envi-
ronment lighting under a data-driven BRDF prior learned from real-
world reflectance measurements. By explicitly modelling light vis-
ibility, NeRFactor separates cast shadows from albedo, a capability
absent in both NeRD and PhySG [ZLW*21], which do not account
for visibility. Neural-PIL [BJB*21] replaces the costly per-direction
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S. Ullah et al. / Recent Trends in Inverse Rendering 13 of 28

Table 4: Classification of multi-view inverse rendering methods reviewed in this survey.

Notes: Apps: applications demonstrated (Please see Table 2 for symbol legend).
A dash (–) indicates that the feature is not applicable.
Abbreviations: Dyn. = dynamic data, Dep. = depth enhanced input, Act = active capture setup.

© 2026 The Author(s). Computer Graphics Forum published by Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd.
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14 of 28 S. Ullah et al. / Recent Trends in Inverse Rendering

illumination integral with a learned low-dimensional approxima-
tion of the BRDF-environment convolution, and NeRV [SDZ*21]
adds explicit visibility modelling for accurate shadow handling.
PhySG [ZLW*21] establishes the pipeline followed by most subse-
quent volumetric methods, combining a neural SDF with spherical
Gaussian illumination and analytical microfacet BRDFs optimized
end-to-end via differentiable sphere tracing.

Subsequent works expand volumetric representation to han-
dle complex indirect lighting and unknown camera poses.
IRON [ZLLS22] combines volumetric and surface-based render-
ing to produce clean meshes with spatially varying BRDFs. Zhang
et al. [ZSH*22] derive indirect lighting directly from the pre-learned
radiance field, whereas Munkberg et al. [MHS*22] extract triangle
meshes optimized for downstream rendering applications. SAMU-
RAI [BEK*22] and SHINOBI [ERB*24] address the more chal-
lenging setting of in-the-wild image collections that are both un-
posed and unordered, images of the same object gathered from the
internet without controlled capture, by jointly optimizing camera
parameters, geometry, material, and illumination simultaneously.
This setting is fundamentally more challenging than posed multi-
view capture because the pose optimization introduces an addi-
tional source of gradient interference with the material and illumi-
nation estimates. Deng et al. [DLLY22] formulate physics-based in-
direct illumination as a separate stage that helps convergence under
strong inter-reflections.

Latest volumetric methods diversify the core SDF with vol-
ume rendering. NeRO [LWL*23] integrate the neural BRDF
with implicit surfaces for strongly reflective objects, while
RobIR [YGY*24] adds shadow handling for high-contrast il-
lumination scenes. Near-field indirect illumination was mod-
elled in NeFII [WHL*23] via neural radiance caching, whereas
NeMF [ZXY*23] replaces the surface representation with a neu-
ral microflake fields to capture translucent and intricate geometries.
Neural-PBIR [SCL*23] combines neural-field initialization with
physics-based optimization refinement. [DWZ*24] implemented
explicit path tracing with reservoir sampling, and NeISF [LOU*24]
adds polarization as an extra cue for difficult materials. Recent work
address residual estimation errors, where PBR-NeRF [WBB*25]
adds physics-based BRDF priors to the neural-field optimization,
PIR [BCC25] jointly optimises light-source position and indirect il-
lumination through importance sampling, NeISF++ [LOU*25] ex-
tends polarized inverse rendering to both conductors and dielectrics,
and TIRPL [TCZD25] combines volume rendering with path trac-
ing for point-light capture configurations.

Tensorial representations replace dense multi-layer perceptron
networks with low-rank tensor decomposition. TensoIR [JLX*23]
demonstrated this and extended TensoRF to inverse rendering,
jointly estimating scene parameters from multi-view images un-
der unknown lighting, and this approach has been extended by
TensoSDF [LWZW24] with roughness awareness and by Ten-
soFlow [GWZZ25] with a learned importance sampler.

3D Gaussian Splatting (3DGS) [KKLD23] introduces an ex-
plicit point-based representation with real-time differentiable ren-
dering. Extending Gaussian splatting to inverse rendering require
per-Gaussian shading parameters and indirect light handling with-
out ray tracing. GS-IR [LZF*24] attaches depth-derived normals

to each Gaussian and bakes indirect light into a precomputed
occlusion model. GIR [SWW*25] adds self regularised normals
and voxel based indirect illumination tracing. Relightable 3D
Gaussians [GGL*24] attach explicit BRDF parameters with ray
traced shadows.

GlossyGS [LHG*25] adds microfacet material priors, Gloss-
Gau [DLDN25] integrates anisotropic spherical Gaussians into each
primitive, TransparentGS [HYD*25] adds transparent primitives
with deferred refraction, and GeoSplatting [YGL*25] combines
point-based splatting with an explicit mesh that guides surface nor-
mals.

Recent splatting architectures focuses on comprehensive global
illumination modelling. GS3 [BZZ*24] uses triple Gaussian formu-
lation (spatial, angular, residual) to capture self-shadowing effects,
while IRGS [GWZ*25] traces inter-reflections through 2D Gaus-
sian ray tracing. The basis BRDF methods [CCB24, CCB25] com-
pleted this branch with point-based splatting using an interpretable
BRDF basis instead of a parametric one.

Path tracing based methods solve the inverse-rendering prob-
lem with differentiable Monte Carlo path tracing or photometric
acquisition. These works [BXS*20b, BXS*20a] capture geome-
try and reflectance from sparse multi-view photometric images us-
ing collocated point lights, first utilizing a convolutional network
backbone and then with a relightable volumetric extension. Luan
et al. [LZBD21] unify shape and SVBRDF recovery in a single dif-
ferentiable Monte Carlo optimization. Hasselgren et al. [HHM22]
integrates multiple importance sampled Monte Carlo into the inner
loop with Monte-Carlo denoising networks. NDJIR [YN23] uses
voxel-grid features with Bayesian priors to regularise material un-
certainty under joint optimization. NeILF [YZL*22] parameterizes
the full incident light field as a neural field, fitting it through dif-
ferentiable rendering. Ling et al. [LYX*24] treat the neural field as
a non-distant environment emitter inside a physics-based pipeline.
Deng et al. [DWW*24] recover translucent thin objects (leaves,
paper) with a layered position-free volumetric BSDF, and Weier
et al. [WRG*25] extend this to textured translucent appearance, re-
covering scattering parameters and surface texture together.

A more recent approach replaces the per-scene optimization loop
with a learned generative prior capable of predicting unobserved
scene factors. IntrinsicAnything [CPY*24] learns separate diffu-
sion priors for diffuse albedo and specular reflectance, then uses
them as conditioning during multi-view material recovery under
unknown illumination. MaterialFusion [LPD*25] couples a Stable
Diffusion texture prior with a differentiable rendering loop, regu-
larizing the material estimate against the prior at every optimization
step. These methods demonstrate that data-driven learned priors can
successfully compensate for the ambiguities that challenge purely
per-scene optimization.

Most of the inverse rendering field demonstrates conver-
gence toward parametric material models [DLLY22, WRG*25],
while learned basis decompositions [ZSD*21] and neural
BRDFs [ZXY*23] remain minority choices. The rendering al-
gorithm correlates directly with the specific use case. Volume
rendering provides topological flexibility, splatting ensures infer-
ence efficiency. Path tracing can provide physical accuracy, while
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S. Ullah et al. / Recent Trends in Inverse Rendering 15 of 28

Figure 6: Distributions of characteristics of the papers surveyed (a) View types (SV=single View, MV=multi-view); (b) Scene types
(Obj=Object-level, Ind=Indoor, Out=Outdoor, Gen=generic); (c) Output description (SML=shape, materials and light; SM=shape and
materials; ML=materials and light)

diffusion priors can solve the issues due to ambiguous observations.
Given the state-of-the art of existing benchmarks, it is difficult to
evaluate comparatively the four paradigm with a single evaluation
(see Section 4.4.5).

3.2.3. Outdoor scenes

Outdoor inverse rendering is particularly more challenging due to
large spatial extents, uncontrolled illumination, atmospheric effects,
and temporal variation.

Two methods address outdoor reconstruction explicitly. Rudnev
et al. [RES*22] extended radiance fields to outdoor relighting tasks
using spherical harmonics to capture the dominant sky and sun illu-
mination model, supporting joint appearance and viewpoint editing.
Wang et al. [WSG*23] optimized for urban scenes by combining
neural fields for primary rays with explicit meshes for the secondary
rays that compute cast shadows, an architectural choice that scales
to street-level captures. InvRGB+L [CCL*25], which is also listed
under generic methods, operates on autonomous-driving captures
and uses LiDAR intensity cues alongside RGB to provide comple-
mentary spectral data in large-scale outdoor scenes.

Outdoor inverse rendering remains less explored and is more
challenging due to the modelling large-scale, uncontrolled scenes.
Consequently, robust recovery of geometry, materials, and illumi-
nation under real-world environmental variation remains an open
research problem.

3.2.4. Generic scenes

Recent methods increasingly seek to generalize across scene
categories rather than specializing to a particular environment.
Generic inverse rendering methods focus on multi-view captures
without a specific or controlled scene type. MAIR [CLP*23]
and MAIR++ [CLP*25] use vision-transformer attention across

views to fuse multi-view features into per-pixel geometry, ma-
terial, and lighting predictions. Diffusion Posterior Illumina-
tion [LTH*23] utilizes a diffusion prior over illumination in multi-
view material recovery, compensating for the inherent ambigu-
ity. VMINer [FTTS24] evaluates on both object and scene cap-
tures with near- and far-field illumination. InvRGB+L [CCL*25]
jointly recovers material and lighting from RGB and LiDAR
data on autonomous-driving captures, an underexplored modality
combination. Several splatting based methods already discussed in
section 3.2.2, (GaussianShader [JTL*24], GI-GS [CLZ25], GUS-
IR [LLJ*25], SVG-IR [SGX*25], [JSL*25]), and the volumetric
based UniVoxel framework [WTL*24] work on generic scenes.

These generic frameworks establish a baseline of methods that
do not require scene-type-specific tuning. However, they regularly
underperform specialized ones on specific scene types. No single
method reported in the literature we surveyed consistently matches
the performance of specialized methods across object, indoor, and
outdoor settings.

4. Discussion

The large number of surveyed papers demonstrates the growing in-
terest in inverse rendering in the Visual Computing community over
the last 6 years. By analyzing the literature in detail, we can iden-
tify current research trends and reveal existing gaps that should be
addressed in future work. The total number of papers considered is
84. Some of their characteristics are summarized in Figure 6. Most
of them work on multi-view captures (a), most of them use passive
imaging, and are mostly developed for object-level reconstruction,
not for indoor/outdoor or generic scenes (Figure 6b). The number of
papers that present non-complete parameter reconstruction, work-
ing on known object shapes (ML) or not recovering lighting (SM),
is small relative to those that reconstruct all from image data (SML)
(Figure 6c). Only 4 papers address depth-enhanced sensor data, and
13 are designed to work with active capture settings.
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16 of 28 S. Ullah et al. / Recent Trends in Inverse Rendering

Figure 7: Stacked bar showing the number of single-view and
multi-view inverse rendering papers surveyed, published in the last
6 years.

4.1. Research trends

While the number of papers published appears to increase linearly, it
is worth noting that this trend is mainly driven by the enormous im-
pact of NeRF and Gaussian splatting in the domain of Visual Com-
puting. Figure 7 shows a stacked bar chart showing that the number
of papers has increased rapidly in recent years (data from 2025 are
clearly incomplete). However, it should be noted that the trends are
not uniform across the different method categories. Figure 8a shows
the evolution of the number of articles on single-view methods for
the different computing approaches. In this case, we see that after an
initial hype around CNN-based methods in 2020, we have very few
papers in 2021–2023, followed by recent growth due to the adop-
tion of Diffusion Models. For the multi-view methods (Figure 8b),
it is clear that the rapidly growing number of papers stems from
the exploitation of the novel light-field encoding structures recently
introduced. We did not find any papers of this kind for 2020. In-
verse rendering methods for processing classical multi-view stereo
input appeared in 2021, following the introduction of NeRFs, and
the growth received another boost with the introduction of Gaussian
Splatting, which has been used in most of the papers that appeared
in 2025.

It is also interesting to see which are the most popular choices for
representing shape, materials, and light. Figure 9a shows that the
output representations provided for shape are quite varied, and in
many cases the frameworks provide multiple representations, inte-
grating SDFs with meshes and also point-based representations.

Figure 9b shows the output representations provided for the ma-
terials. Most methods recover parametric BRDFs (P), with a smaller
subset using neural BRDF (N) [ZXY*23, ZXY*23] or basis repre-
sentations (B) [CCB25, CCB24].

Figure 9c shows the output representations provided for light.
Here, the situation is more complex, as different types of illumina-
tion are modelled and techniques are often combined.Most methods
focus on estimating distant illumination, while some recover global
illumination effects as well. More importantly, the physical lighting
model is often simplified, both to decrease computation and since
the problem is ill-defined. We did not classify methods based on
these approximations since they vary in detail in different methods.
These simplifications have an impact on the accuracy of the final es-
timation. As an example, simplifying the shadowing effects might
induce errors in the estimation of material properties.

Figure 10a shows the use of the different evaluation methods dis-
cussed in our taxonomy. Most methods are based on image-space
metrics related to maps (with possible related biases). Relighting
and novel-view synthesis are popularly used in multi-view settings.
Only a few methods evaluate the quality of the reconstructed mod-
els in terms of the complete shape and the properties of the material.
Figure 10b shows the number of papers showing examples of mate-
rial (ME), Light (LE) and shape (SE) editing. They are only a limited
part of the total number of papers. We will discuss the limitations in
the application focus of the papers.

4.2. Comparison of different approaches

As described in Section 2.7, datasets and evaluation metrics used
to compare the results of the different methods are quite hetero-
geneous. However, it is possible to provide a quantitative and
qualitative comparison of representative inverse rendering meth-
ods on selected benchmarks, enabling direct assessment of relative

Figure 8: Stacked bars showing the number of papers surveyed classified by different computing approaches for the single-view input (a) and
the multi-view input (b)
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Figure 9: Occurrences of the different shape output encodings in the surveyed papers (a); of the different output material encodings (b), of
the different light representation choices (c)

Figure 10: Occurrences of the different evaluation methods
adopted (a) and of the applications demonstrated in the papers (b).

performance. We organize comparisons by input configuration
(single-view vs. multi-view), as this factor fundamentally affects
reconstruction challenges and quality. All metrics are taken from
reported results in the original papers on shared evaluation scenes,
ensuring fair comparison. We focus on methods spanning various
representations, including NeRF-based volumetric, factorized ten-
sorial, and Gaussian splatting, to demonstrate how representation
choices affect reconstruction quality across scenes. In Table 5, we
compare five single-view inverse rendering methods on the Syn-
thetic InteriorVerse benchmark [ZLH*22], which features complex

indoor sceneswith ground truth for albedo,metallic, roughness, nor-
mal, and depth estimation from single images. Similarly, in Table 6,
we compare state-of-the-art multi-view inverse rendering meth-
ods on TensoIR Synthetic Dataset [JLX*23], which is themost com-
monly used benchmark for evaluating multi-view inverse rendering
methods. The dataset contains four complex synthetic objects (fi-
cus, lego, armadillo, and hotdog), with 100 training views and 200
test views under multiple environment maps.

Figures 11 and 12 provide qualitative comparisons of represen-
tative single-view and multi-view methods on shared benchmark
scenes, complementing the quantitative evaluation summarized in
Tables 5 and 6.

Figure 11 shows a qualitative comparison of three representative
single-view methods, [LSR*20], [ZLH*22], and [ZZLZ25], on the
same indoor scene from the InteriorVerse Dataset [ZLH*22]. The
albedo row validate shadow removal quality, As [LSR*20] produces
a washed-out, overexposed result in which illumination gradients
are visibly absorbed into the estimated reflectance, while [ZLH*22]
partially resolves this but still has specular highlights on the wall
with surface color. [ZZLZ25] achieves the closest agreement with
the ground truth albedo, recovering clean material boundaries and
suppressing cast shadows more effectively. Similarly roughness,
normal and depth estimation follow a similar trend, with [ZZLZ25]
achieve a fair accuracy, outperforms other by approximately 9.6 dB

Table 5: Quantitative comparison of single-view inverse rendering methods on the Synthetic InteriorVerse benchmark [ZLH*22]. Results include albedo
accuracy (PSNR/SSIM/LPIPS) and intrinsic decomposition quality measured via IIW dataset [BBS14] Weighted Human Disagreement Rate (WHDR). Material
estimation accuracy is assessed using reconstruction errors for metallic and roughness components. For the surface geometry, we report the mean angular
error for the normals and the Absolute Mean Relative Error (AMRE) for the depth. These comparisons highlight how different approaches handle the highly
ill-posed nature of single-view inverse rendering and the variations in material consistency, geometric detail, and overall intrinsic scene estimation.

Albedo Albedo Metallic Roughness Normal Depth

Method PSNR ↑ SSIM ↑ LPIPS ↓ WHDR ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ Angular Error ↓ AMRE ↓
[ZZLZ25] 21.95 0.87 0.12 20.90 17.64 0.63 0.22 16.72 0.71 0.24 12.23◦ 0.08
[WTC*25] 19.53 0.81 0.11 19.70 18.66 0.70 0.24 16.63 0.66 0.29 11.36◦ 0.07
[KSN24] 17.42 0.80 0.22 22.02 16.46 0.50 0.29 13.33 0.57 0.34 — —
[ZLH*22] 15.92 0.78 0.34 22.90 16.72 0.60 0.27 16.13 0.68 0.29 15.41◦ 0.13
[LSR*20] 12.31 0.68 0.52 21.99 — — — 11.76 0.53 0.45 26.07◦ 0.25
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Table 6: Quantitative comparison of multi-view inverse rendering methods on the TensoIR Synthetic dataset [JLX*23], which contains four synthetic objects
with 100 training views and 200 test views under multiple environment maps. We report novel view synthesis (NVS), relighting under unseen environment maps,
albedo reconstruction, and surface normal accuracy (mean angular error, in degrees). TheRun Time reports approximate per-scene training time. TheRun Time
are reported from the comparison tables of the papers that use different hardware, and are therefore not directly comparable. The training time for [JLX*23,
JTL*24, SGX*25] are reported from [SGX*25](NVIDIA RTX 4090); for [ZSD*21, ZSH*22, MHS*22, LZF*24, CLZ25] from [CLZ25] (NVIDIA A5000); and
for [YGL*25] from the original paper (NVIDIA RTX 4090). Together, these metrics show the trade-offs between rendering Quality, material accuracy, and
computational efficiency across diverse representative cases.

NVS Relighting Albedo Normal Computing

Method PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ Angular Error ↓ Run Time ↓
[ZLW*21] 23.42 0.99 0.07 22.63 0.97 0.07 21.80 0.97 0.18 — —
[ZSD*21] 24.68 0.92 0.12 23.38 0.91 0.13 25.12 0.94 0.11 6.31 >100 hrs
[ZSH*22] 27.37 0.93 0.09 23.97 0.90 0.10 27.34 0.93 0.10 5.07 14 hrs
[MHS*22] 30.70 0.96 0.05 19.88 0.88 0.10 29.17 0.91 0.12 6.08 < 1 hr
[JLX*23] 35.09 0.98 0.04 28.58 0.94 0.08 29.27 0.95 0.09 4.10 5 hrs
[LZF*24] 35.33 0.97 0.04 24.37 0.89 0.10 30.29 0.94 0.08 4.94 33 min
[JTL*24] 37.57 0.98 0.02 23.37 0.91 0.08 — — — 6.52 0.5 hr
[YGL*25] 31.14 0.95 0.08 29.95 0.94 0.05 29.41 0.94 0.07 4.08 14 min
[SWW*25] 37.63 0.98 0.03 28.88 0.94 0.06 — — — — —
[CLZ25] 36.75 0.97 0.04 24.70 0.89 0.11 31.97 0.94 0.09 4.08 28 min
[SGX*25] 36.71 0.97 0.03 31.09 0.95 0.06 — — — — 1 hr
[LLJ*25] 37.61 0.98 0.02 27.53 0.92 0.09 — — — 4.49 —

in albedo PSNR and reduces the mean angular normal error from
26.07◦ to 12.23◦.

Figure 12 presents a qualitative comparison of six representative
multi-view methods on the armadillo and hotdog scenes of the Ten-
soIR Synthetic dataset [JLX*23]. The most prominent differences
showed in the albedo and normal columns. GI-GS [CLZ25] pro-
duces dark albedo on the armadillo, a direct consequence of poor
indirect illumination separation causing shading to be absorbed into
the material estimate. GS-IR [LZF*24] recovers a more plausible
albedo for the same scene, though at the cost of weaker relight-
ing performance as compared to TensoIR [JLX*23], consistent with
Table 6. On the hotdog scene, NeRFactor [ZSD*21] produces flat,
low-contrast albedo owing to its Lambertian reflectance assump-
tion, which cannot model specular highlights and causes them to
bleed into the recovered material. GeoSplatting [YGL*25] and Ten-
soIR [JLX*23] recover visually cleaner albedo maps, with Ten-
soIR [JLX*23] producing the most consistent relighting result ow-
ing to its explicit second-bounce ray marching for indirect illumina-
tion. SVG-IR [SGX*25] does not report roughness on this bench-
mark (N/A), and its normal column exhibits visible artifacts in the
highlighted region (red box) on the plate surface. In essence, the
figure illustrates that high NVS performance does not imply accu-
rate material decomposition, as GI-GS [CLZ25] achieves competi-
tive NVS PSNR in Table 6 yet produces the most severely degraded
albedo in the qualitative comparison, underscoring the need to eval-
uate inverse rendering methods on all output modalities jointly.

Tables 5 and 6 show relevant differences in the metrics esti-
mated across inverse rendering methods. Compared with single-
view methods, multi-view methods seem to achieve far better
performance, as expected. In particular, Gaussian Splatting-based
methods achieve 37–38 dB novel-view PSNR, surface normal er-
rors around 5◦, and stable relighting above 28–31 dB, demonstrat-

ing the benefit of explicit point-primitives representations. While
the earlier NeRF-based volumetric representation methods achieve
about 23–27 dB NVS PSNR and require hours to days of train-
ing time, they show the limitations of MLP-based volumetric fields
for material-aware inverse rendering. Factorized volumetric meth-
ods TensoIR [JLX*23] reduce memory cost and improve stability,
through a more compact scene representation, but remain behind
Gaussian approaches both in quality and speed.

Relighting comparisons show that methods that explicitly model
spatially varying BRDFs or global illumination [CLZ25, SGX*25]
achieve the most consistent material–lighting decomposition. Ap-
proaches primarily designed for novel view synthesis [MHS*22,
JTL*24] typically do not yield good results in relighting and exhibit
incomplete material lighting separation. This fact suggests that view
synthesis quality alone is insufficient for reliable inverse render-
ing; accurate material decomposition requires modelling both local
shading and indirect light transport. Multi-view methods [YGL*25]
successfully address this by combining explicit geometry with per-
primitive materials and physically-based shading formulations.

Single-view inverse rendering methods have made significant
progress but remain far behind multi-view performance. Even the
recent diffusion-based approaches achieve only 17–22 dB albedo
PSNR and normal errors about 11–12◦, reflecting the inherent am-
biguity of decomposing shape, materials, and lighting from a single
input image. While generative priors improve perceptual realism,
they tend to generalize poorly outside the training data, limiting their
use for physically consistent relighting. As a result, single-view ap-
proaches are currently more effective for material editing and ap-
pearance transfer than for physically accurate reconstruction.

Efficiency comparisons show that multi-view training times have
decreased from hours or days [ZSD*21, ZLW*21] to minutes
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Figure 11: Qualitative comparison of representative single-view
inverse rendering methods on an indoor scene from the Interi-
orVerse Dataset [ZLH*22]. Rows show, from top to bottom, the
estimated albedo, roughness, surface normal, and depth maps.
Columns correspond to [LSR*20], [ZLH*22], [ZZLZ25], and the
ground truth (GT). The comparison highlights qualitative differ-
ences in shadow removal from albedo, material roughness estima-
tion, surface normal coherence, and depth accuracy across meth-
ods, complementing the quantitative metrics reported in Table 5.
Image from: Zheng et al., 2025 https://openreview.net/ forum?id=
m6IisFwo2t CC BY 4.0

[YGL*25, CLZ25, LLJ*25]. At the same time, reconstruction qual-
ity has simultaneously improved bymore than 10 dB in some bench-
marks. Single-view methods offer near-instant inference but require
extensive offline training and still deliver significantly lower phys-
ical accuracy. Overall, the comparison demonstrates that represen-
tation choice remains the key factor influencing both performance
and computational behavior across inverse rendering methods.

4.3. Pros and cons of computing approaches

Apart from the numerical results, it is also important to discuss the
specific characteristics of the different approaches that may con-
dition the choice of the best-suited approach for a particular task.
Within the Network Optimization category, CNN-based methods
[SC20, WTC*25] offer fast feed-forward inference, strong general-
ization within training distributions, and the ability to learn robust
priors. They perform well on dense, labeled datasets (e.g. [ZLH*22,
LYS*21]), making them ideal for single-view material and light-
ing estimation. However, they are heavily dependent on supervised
data, have poor generalization to unseenmaterials, and cannot effec-
tively model complex global illumination or inter-reflections due to
their local receptive field [WPFK21]. Transformer-based methods
[CLP*25] extend CNNs by introducing a global attention mech-
anism to capture long-range dependencies and to provide consis-
tent estimates of depth, albedo, and lighting. Despite their expres-
siveness, they are computationally expensive, require massive train-
ing datasets, and still suffer from ambiguity in physically complex

Figure 12: Qualitative comparison of representative multi-view in-
verse rendering methods on the armadillo (rows 1–2) and hotdog
(rows 3–6) scenes from the TensoIR Synthetic dataset [JLX*23].
Columns show, from left to right, the estimated surface normals,
albedo, roughness, PBR rendering, and relighting result under
a novel environment map. Images are sourced from the original
publications. GS-IR [LZF*24] and GI-GS [CLZ25] are shown
on the armadillo scene, while NeRFactor [ZSD*21], GeoSplat-
ting [YGL*25], TensoIR [JLX*23], and SVG-IR [SGX*25] are
shown on the hotdog scene. N/A indicates that the correspond-
ing output is not reported by the original authors for this bench-
mark. The comparison illustrates qualitative differences in nor-
mal accuracy, albedo-lighting disentanglement, and relighting con-
sistency across volumetric, splatting-based, and hybrid repre-
sentations, complementing the quantitative metrics reported in
Table 6. Images from: Liang et al., 2024, https://openreview.
net/ forum?id=nJlBRkYS7q, CC BY-SA 4.0; Chen et al., 2025
https://openreview.net/ forum?id=hJIEtJlvhL CC BY 4.0; Zhang et
al., 2021, https://dl.acm.org/doi/10.1145/3478513.3480496, CC BY
4.0; Ye et al., 2025 https://openreview.net/ forum?id=DsonaFDlXO
CC BY 4.0; Jin et al. 2023 https://openreview.net/ forum?id=
4ULck9r3mY CC BY-SA 4.0; Sun et al., 2025, https:// learner-shx.
github.io/project_pages/SVG-IR/ index, CC BY-SA 4.0.
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lighting conditions [ZLM*22]. Diffusion-based methods [LGL*25,
CPY*24] introduce probabilistic modelling into inverse rendering,
generating diverse plausible decompositions and capturing uncer-
tainty in lighting and material estimation. They use robust genera-
tive priors from large image datasets, making them valuable when
ground-truth supervision is limited. Generated materials and light-
ing often achieve exceptional perceptual quality. However, they are
computationally expensive to train and infer due to iterative denois-
ing steps and may bias predictions toward their training distribution
rather than true scene physics [ZZLZ25].

Within the Differentiable Rendering Optimization category,
methods differ primarily by the rendering algorithm employed.
NeRF-based volumetric methods [LWL*23, SDZ*21] learn contin-
uous volumetric radiance fields from posed multi-view images and
achieve high-quality geometry and appearance reconstruction with
implicit 3D consistency. Their strength lies in physically grounded
rendering via volume integration and view-dependent effects, but
they require dense multi-view capture (50–100+ images) with pre-
cise calibration [ZSD*21]. These methods are slow to train, of-
ten taking hours to days to model a single scene at moderate
resolution on a single GPU [DLZR22], and often assume distant
lighting, struggling with spatially-varying illumination and indirect
lighting.

Splatting-based methods [LZF*24, SWW*25] replace implicit
volumetric fields with explicit point primitives, allowing real-time
rendering (30–100+ FPS) and faster optimization (10–30 min)
[SWW*25]. Thesemethods handle geometry efficiently and achieve
superior novel-view synthesis while providing better gradient flow
and memory efficiency than volumetric methods. However, point
primitives cannot naturally model volumetric effects such as fog and
subsurface scattering, which can cause visible artifacts on smooth
surfaces. Millions of generated Gaussians also create storage chal-
lenges, and individual Gaussians can introduce surface inconsisten-
cies when multiple overlapping primitives represent the same sur-
face point, producing artifacts visible on smooth curved surfaces
[KKLD23, LZF*24]. Finally, Path Tracing-based methods [YN23,
LHL*25] estimate geometry, BRDFs, and illumination by differen-
tiably simulating full light transport, including multi-bounce indi-
rect illumination and shadows, offering the highest level of phys-
ical accuracy while remaining compatible with standard rendering
pipelines. Despite their accuracy, these methods are computation-
ally expensive, sensitive to initialization, and require well-calibrated
multi-view or HDR datasets, making them less practical for uncon-
trolled real-world environments [ZLLS22].

4.4. Issues and research gaps

Despite the results obtained with recent techniques, this literature
review reveals many aspects that warrant further investigation. The
largest concern is that inverse rendering is an ill-posed problem, in-
trinsically ambiguous in its definition. Also, the reconstruction per-
formed depends on the rendering models used, but most adopted
models are significant simplifications of image formation physics
and are quite heterogeneous in terms of shape, materials, and light-
ing models. Furthermore, the representations of shape, materials,
and lighting used during the optimization differ from the output rep-
resentation (classified in our taxonomy), potentially introducing ad-

ditional errors. In the following sections, we summarize some of the
critical points we identified in our analysis.

4.4.1. Dynamic scene inverse rendering

Dynamic inverse rendering, the estimation of time-varying geom-
etry, materials, and lighting from video sequences, remains one of
the least explored and most impactful research directions in the field
of inverse rendering. While static inverse rendering has matured
enough to separate reflectance from illumination, the temporal di-
mension in dynamic scenarios introduces severe ambiguities, as the
appearance changes between frames may depend on factors such
as object motion revealing new surfaces, material property changes,
lighting variations, or view-dependent effects from camera motion.
Addressing these challenges while maintaining temporal consis-
tency is significantly harder than static scene inverse rendering.
Consequently, most dynamic scene methods focus on novel view
synthesis, baking light into appearance representation rather than
achieving a full inverse rendering pipeline [PCPMMN21, PSH*21].
Despite recent efficiency improvements through dynamic Gaussian
splatting [LKLR24, WYF*24] and factorized space-time represen-
tations [CJ23], Computational cost remains a primary barrier for
real-time inverse rendering applications, as video sequences con-
taining hundreds of frames require substantial processing time. Po-
tential novel research directions in dynamic scene inverse render-
ing include: (1) extending successful static inverse rendering tech-
niques to canonical space representations in which materials remain
time-invariant and only geometry deforms. (2) developing methods
that jointly estimate dynamic geometry and time-varying lighting
rather than assuming static illumination, (3) creating comprehensive
benchmarks with ground truth dynamic geometry, materials, and
lighting to enable rigorous evaluation beyond current novel view
synthesis metrics, and (4) achieving real-time performance through
efficient representations for AR and robotics applications. As these
challenges are addressed, dynamic inverse rendering will unlock
transformative capabilities in applications including relightable per-
formance capture in film production, free-viewpoint video for im-
mersive media, augmented reality with dynamic scene understand-
ing, and autonomous systems requiring material-aware scene pre-
diction.

4.4.2. Diversity of tasks and methods

A first major issue in the analysis of the literature concerns the di-
versity of tasks and approaches presented in the papers.

Single-view solutions are quite different from multi-view ones,
with the former typically handled with Network Optimization (NO)
approaches such as CNNs, Vision Transformers, and Diffusion
Models, while the latter more frequently employ Differentiable
Rendering Optimization (DRO) frameworks built on Structure from
Motion and physically-based rendering pipelines. Multi-view tasks
are also varied, as there are methods that optimize all parameters
simultaneously, others that reconstruct shape first and then recover
the other parameters [LHL*25], and others that require known ge-
ometry. While most methods are designed for generic images or
multi-view captures typical of photogrammetry, some process dif-
ferent input data typical of specific applications (e.g., active/flash
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illumination for scanning, Lidar for automotive, etc.). The recon-
structed lighting models are also quite varied, requiring different
lighting model approximations for each task. Not all the character-
istics of specific methods are explicitly stated in the papers, which
can make it difficult to compare methods and select the best one for
a given application.

4.4.3. Volumetric versus surface rendering

Most recent rendering methods used in reconstruction rely on
volumetric representations (NeRFs or 3DGS), while others rely
on surface-based rendering (SDF, Polygon Mesh, Point Cloud).
Volumetric approaches reconstruct complex geometry and view-
dependent effects directly from images without requiring an ex-
plicit geometry prior, making it easy to handle non-smooth geome-
try, such as plants. However, volumetric methods often suffer from
high computational costs and struggle to reconstruct precise ge-
ometry. In contrast, surface-based explicit representations enable
cleaner separation between geometry and appearance, makingmate-
rial and lighting estimation more tractable. However, surface meth-
ods struggle with small or thin surfaces, fuzzy boundaries, and semi-
transparent objects. They also require careful handling of topology
during optimization, as surface representations lack the flexibility
of volumetric approaches to handle topological changes.

4.4.4. Lack of common representations

One of the main challenges in inverse rendering research is the lack
of common representations for geometry, materials, and lighting.
Unlike other computer vision fields that cover the same data for-
mats, such as COCO for object detection and ImageNet for classi-
fication, inverse rendering methods produce highly heterogeneous
outputs, making them difficult to compare fairly. For example, dif-
ferent methods yield different output shapes (e.g., polygon meshes,
SDFs, point clouds, depth maps). For this reason, the geometric
quality of the reconstruction cannot be easily compared across dif-
ferent representations, leaving only rendered images as a proxy for
evaluating reconstruction quality. Methods such as [MHS*22] aim
to bridge this gap by converting implicit representations into explicit
meshes, but such conversions introduce artifacts and require careful
tuning of extraction parameters.

4.4.5. Limited evaluation

A relevant problem that is evident from the papers is that the eval-
uation of the methods is typically limited to a few datasets and to
heterogeneous metrics. The evaluation of single-view methods is
more homogeneous, and several papers use, for example, the IIW
benchmark to estimate the WHDR metric. However, this metric
has recently been criticized [WCS*23], and better alternatives have
been suggested.

Evaluation of material reconstruction is sometimes done by di-
rectly measuring differences in image-space maps on synthetic
data with ground truth. However, it is worth noting that differ-
ent approaches might reconstruct parameter maps that do not have
the same meaning across shading models, making direct compari-
son unreliable.

The evaluation of re-rendered and relighted images can provide
a less biased estimate of the reconstruction’s quality, even if it can-
not separate the effects of the components. Comparison of relighted
images may also be biased by different ways of representing light
across methods. In any case, to evaluate inverse rendering based on
relighting quality, it would be better to use large datasets that feature
different shapes and material characteristics, as well as varied light-
ing conditions. However, the evaluations in many of the surveyed
papers are limited to a few examples.

Only a few methods estimate meshes and quantitatively evaluate
the quality of the reconstructed models. In these cases, the compar-
ison is typically limited to a few shapes. Specific benchmarks de-
signed to evaluate methods featuring models with different charac-
teristics, possibly based on real images, are important for supporting
further research and properly comparing different techniques.

A potential way to evaluate material reconstruction and test the
suitability of inverse rendering methods for applications, not found
in the surveyed papers, would be to test material segmentation over
complex shapes. Also, in this case, specifically designed bench-
marks are needed, and are still not available.

Multi-view methods are often evaluated only for novel view syn-
thesis, using benchmarks derived from those used in the domain
of simple light-field encoding (not explicitly reconstructing mate-
rials and shape). Many real benchmarks for this purpose feature
test views that are not too different from those used to generate
the model. For this reason, the reconstruction may not generalize
well across different viewing angles. This limitation of many bench-
marks used for novel-view synthesis quality assessment is simi-
larly critical for light-field encodingmethods that do not disentangle
shapes and materials, and should be addressed by creating specifi-
cally designed new benchmarks.

4.4.6. Lack of focus on applications

Despite the results shown and some examples of potential applica-
tions, few papers have actually focused on demonstrating the prac-
tical use of the methods across different application contexts, and
many potentially practical uses of the proposed inverse rendering
frameworks remain uninvestigated. It would be important to test the
proposed approaches on user-friendly scene/light editing interfaces
to improve interaction quality in virtual/augmented environments
or to solve complex material segmentation tasks, for example, in
Cultural Heritage or in industrial quality control. This observation
is closely related to the previous ones regarding the limited evalua-
tion. A better evaluation of inverse rendering approaches could rely
on estimating how well they support applications such as the de-
velopment of user-friendly image/scene editing tools, 3D scanning,
and surface semantic segmentation. End users interested in these
applications could provide datasets to train and test the method and
develop specific benchmarking protocols.

5. Conclusion

We presented a survey of the recent literature on Inverse Render-
ing, collecting 84 papers published in top-ranked conferences or
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journals over the last 6 years, classifying them according to a spe-
cific taxonomy, and analyzing research trends and challenges.

Our analysis points out two significant challenges for future re-
search, closely linked. The first is to optimize the promising ap-
proaches that are emerging in the literature for the many practical
applications that could benefit from inverse rendering techniques.
The second is the necessity of creating specific benchmarks, not
only by collecting synthetic or real images for testing methods as
currently done, but also by developing optimized metrics to provide
an indirect estimate of reconstruction quality. Possible ideas include
testing novel view synthesis across a wide set of test directions and
evaluating material segmentation tasks.

Regarding the methods, an approach that has not been thoroughly
investigated is the integration of data-driven priors from founda-
tion models (for monocular depth [YKH*24] or semantic segmen-
tation [KMR*23]) into the inverse rendering framework. This ap-
proach is currently widely applied in the shape reconstruction do-
main, but could be better integrated into a complete inverse render-
ing method to improve material reconstruction results. Also, in this
case, it would be important to collect large sets of annotated (and
unannotated) data specific to the end-user application envisioned to
fine-tune the model and optimize performance.
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