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Abstract

We tackle the ill-posed inverse rendering problem in 3D
reconstruction with a Neural Radiance Field (NeRF) ap-
proach informed by Physics-Based Rendering (PBR) the-
ory, named PBR-NeRF. Our method addresses a key limita-
tion in most NeRF and 3D Gaussian Splatting approaches:
they estimate view-dependent appearance without model-
ing scene materials and illumination. To address this
limitation, we present an inverse rendering (IR) model
capable of jointly estimating scene geometry, materials,
and illumination. Our model builds upon recent NeRF-
based IR approaches, but crucially introduces two novel
physics-based priors that better constrain the IR estima-
tion. Our priors are rigorously formulated as intuitive
loss terms and achieve state-of-the-art material estimation
without compromising novel view synthesis quality. Our
method is easily adaptable to other inverse rendering and
3D reconstruction frameworks that require material esti-
mation. We demonstrate the importance of extending cur-
rent neural rendering approaches to fully model scene prop-
erties beyond geometry and view-dependent appearance.
Code is publicly available at: https://github.com/
s3anwu/pbrnerf.

1. Introduction

Recent advances in neural rendering and 3D reconstruction
using Neural Radiance Fields (NeRF) [23] and 3D Gaus-
sian Splatting (3DGS) [18] have driven massive research
interest. However, reconstructing accurate scene properties
from posed multi-view images remains a challenging, open
problem due to inherent ambiguities. The material-lighting
ambiguity makes the inverse rendering problem fundamen-
tally ill-posed, with identical images being explainable by
infinitely many tuples of scene materials, illumination, and
geometry. Addressing this ill-posed inverse problem re-
quires strong priors to narrow the possible solution space.
To overcome this issue, we leverage Physics-Based Ren-
dering (PBR) theory [17, 26] from computer graphics. PBR
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Figure 1. Improving inverse rendering with physics-based
priors. The proposed PBR-NeRF significantly outperforms the
NelLF++ [51] baseline by simply using our novel Conservation of
Energy and NDF-weighted Specular Losses. Our physics-based
losses correct “baked-in” specular highlights misrepresented in the
diffuse lobe (highlighted areas) by (1) enforcing energy conserva-
tion and (2) accurately separating specular and diffuse reflections.
The result is a more realistic, physically consistent material and
lighting estimation.

provides a framework for generating physically accurate
images given known scene materials, illumination, and ge-
ometry. By reversing this process, we derive physics-based
priors to better constrain neural forward and inverse ren-
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dering and enhance estimation robustness. More speci -across diverse illuminations, thanks to its effective diffuse-
cally, while NeRF, 3DGS, and their neural eld derivatives specular decomposition. This decomposition also improves
achieve state-of-the-art performance in modeling scene geimetallicness and roughness estimates as an additional ben-
ometry and view-dependent appearance, they do so by treate t, further highlighting the effectiveness of our approach.

ing scenes as “black boxes” that ignore the underlying

physics of light transport. These methods represent Iight2' Related Work

by volume-rendering millions of translucent particles, con-

ditioning each particle’s emitted radiance on its position and Neyral elds for novel view synthesis have achieved im-
viewing direction. This formulation signi cantly improves pressive progress by representing 3D scenes as continuous
expressiveness over traditional methods [1, 32], but it does,,q|umetric elds [23]. This family of methods achieves
not guarantee physically accurate results. For example, réypotorealistic synthesis from unseen viewpoints through
ective surfaces may be improperly modeled, causing arti- gigerentiable volume rendering, which estimates outgoing
facts such as “baked-in” specular highlights, where particles .4 4iance by alpha-compositing color over sampled points
emit more light in outgoing directions than physically pos- g1ong each camera ray. We concisely review representa-
sible. Ultimately, the performance of NeRF and 3DGS in {jye works here and refer the reader to [41] for a compre-
3D reconstruction is inherently limited by their inability o hansive overview of the associated literature. Scene ge-
accurately and consistently model diverse Iightinteractions.ometry is commonly represented using density elds [4—

In this paper, we solve the complete inverse render- 6, 23, 24, 28, 42, 52], 3D Gaussians [12, 18, 39], or signed
ing problem by jointly estimating the geometry, illumina- distance elds (SDFs) [36, 45, 46, 49, 50] for images and
tion, and materials to accurately model view-dependent ap-other optical modalities [7, 14, 30]. While the density elds
pearance. We extend the NelLF/NelLF++ [44, 51] neu- in NeRF and 3D Gaussians can model arbitrary complex
ral elds framework, combining the expressiveness of deep scene geometries, they fundamentally lack well-de ned sur-
neural networks with the theoretical guarantees of PBR faces and normals. These particle-centric representations
theory. Speci cally, our PBR-NeRF approach improves result in ambiguous surface de nitions, which hinder their
NelLF/NelLF++'s re ection model by leveraging its under-  applicability to PBR. In contrast, SDFs explicitly de ne
lying Disney Bidirectional Re ectance Distribution Func- surfaces as the zero-level set of a neural network, provid-
tion (BRDF) model [11]. Our method enforces energy con- ing accurate surface and normal estimation. This surface-
servation and promotes the disentanglement of the diffusecentric representation makes SDFs inherently more com-
and specular lobes of the BRDF, mitigating issues such aspatible with inverse rendering tasks which rely on PBR and
highlights “baked in” the diffuse albedo that are commonly require precise surface de nitions.

observed in NeRF and 3DGS reconstructions. Neural inverse rendering predates neural elds [19, 22,
We achieve these goals through two novel physics-baseds |, 33, 37, 48] and learns to predict 3D geometry, ma-
losses applied directly to the Disney BRDF. Our rst loss terials, and illumination from 2D images. Decomposed
enforces energy conservation by penalizing physically in- neural elds [27, 35, 38, 47] similarly extend conven-
valid BRDFs that re ect more energy than received. OUr tional neural elds to estimate physical scene properties
second loss promotes the separation of specular and difsych as materials and illumination, through inverse render-
fuse BRDF |Obes, which is crucial for aCCUratEIy mOdeling |ng or intrinsic decomposition_ Compared to NeRF and
hlghly Specular surfaces. Without constraints, the diffuse 3DGS, the above additional material and ||ght|ng estima-
lobe (which de nes the albedo) tends to overcompensatetion enables complex downstream tasks such as relight-
near symmetric re ection angles, where both lobes con- ing [21, 29, 43], material editing, and appearance manip-
tribute to the aggregate BRDF. By penalizing the diffuse yjation. The decomposition of re ected radiance into ma-
lobe's magnitude, weighted by the normal distribution func- terials and illumination also helps to address issues such
tion to target SpeCUlar angles,this IOSSindirectly encouragesys “haked-in” h|gh||ghts in predicted colors by proper|y
the specular lobeto capture and fully “explain” specular  modeling view-dependent effects. However, inverse render-
highlights effectively. ing introduces signi cant complexity due to the material-
We thoroughly validate PBR-NeRF on two major bench- lighting-geometry ambiguity, which is harder to lift than the
marks for inverse rendering and novel view synthesis: the geometry-radiance ambiguity of standard novel view syn-
NelLF++ [51] and DTU [15] datasets. Our experiments thesis. Many approaches simplify this task by assuming
show that PRB-NeRF sets the new state of the art for ma-known lighting, environment map lighting [8, 9, 25, 53, 54],
terial estimation in inverse rendering, while maintaining known geometry [44], or basic Lambertian material mod-
or surpassing the competitive novel view synthesis perfor- els. State-of-the-art inverse rendering approaches jointly
mance of its baseline. Crucially, our model delivers faithful model (1) direct and indirect lighting from near and far
albedo estimates that remain consistent for a given scenesources [40, 44, 51], and (2) spatially-varying microfacet



Figure 2.0verview of our PBR-NeRF architecture for neural inverse rendering.Our two novel physics-based material lossesLigas

for conservation of energy aridspec for disentangling the diffuse and specular BRDF components, are derived in Sec. 3.2. The complete
PBR-NeRF model comprises multiple neural elds, which are optimized in a stage-wise fashion: a standard NeRF+SDF modeling geom-
etry and radiance, a neural incident light eld (NelLF) modeling spatially-varying illumination, and a BRDF eld modeling materials via
the Disney BRDF [11]. Our physics-based losses provide the BRDF eld with valuable inductive biases for improved material estimation,
which help resolve to a large extent the inherent material-lighting ambiguity in inverse rendering and thus bene t the incident light eld as
well. Consequently, novel scene views synthesized with our model enjoy state-of-the-art quality.

BRDFs [34, 44, 51]. For computational ef ciency, tech- ambiguities. Basic BRDF smoothness priors are used in [3,
niques such as light caching [3, 16, 20, 44, 51, 55] and in- 16, 44, 51] to discourage abrupt spatial changes in material
cident light sampling [3, 44, 51] are crucial to avoid costly properties. NelLF [44] and NelLF++ [51] also use a Lam-
recursive light tracing. bertian prior for regularizing the Disney BRDF's metal-
NelLF [44] proposed joint incident light and BRDF licness and roughness parameters. However, the strong
elds, improving on environment-map-based approaches assumption of perfectly rough, non-metallic materials in-
such as NeRV [34] by handling near- eld lights and mixed duced by this Lambertian prior limits BRDF expressive-
lighting settings in addition to indirect lighting and occlu- ness. For instance, specular effects often appear in the pre-
sions. Building on this, NelLF++ [51] introduced inter- dicted BRDF's diffuse lobe due to the Lambertian prior sup-
re ectable light elds, combining the NelLF and BRDF pressing the specular lobe. We address these limitations by
elds with an SDF for geometry estimation. This approach proposing two novel physics-based losses that enhance the
uses the SDF's volume-rendered outgoing radiance to su-physical validity and accuracy of estimated BRDFs without
pervise the incident radiance predicted by the NelLF. The sacri cing expressiveness.
re ection loss of [51] harnesses the SDF's strong novel view
synthesis performance to steer the ill-posed inverse render—3 Method
ing, achieving state-of-the-art material estimation among ="

neural inverse rendering works. While largely effective, \yq present an overview of our PBR-NeRF method with our

current inverse rendering methods including [44, 51] lack \,5vel Conservation of Energy and NDF-weighted Specular
informative material priors for disambiguating specular |osses in Fig. 2.

from diffuse properties of scene surfaces. This typically re-
sults in incorrectly attributing specular highlights to alleged
changes in diffuse albedo, even though such errors do nots'l' Background

affect view synthesis results. We build upon the NelLF++ [51] implicit differential ren-
Material priors for inverse rendering are crucial forcon-  derer (IDR) as the foundation for our physics-based contri-
straining material estimation and reducing material-lighting butions. The IDR estimates outgoing radiancgx;! o)



by solving theZRendering Equation [17]:

Lo(X;! o) = fr O it o)LiG )ty mydh i (1)
whereL(x;! ,) is the outgoing radiance from a surface
point x in direction! ,, f.(x;! ;! ,) is the BRDF, and
integration is performed over incident directiong in the
positive hemisphere.

To approximate the BRDF in (1), we use the simpli-
ed Disney BRDF model [11] with three spatially varying
parameters: albedo (base colorR [0; 1], metallicness
m 2 [0; 1], and roughness 2 [0; 1]. The Disney BRDF is
decomposed into a diffuse lolfig(x) and a specular lobe
I CHENEYE

el o) = fa(X)+ fs(X; ! sl o): 2

The diffuse lobef 4 models the view-independent appear-
ance based on the albedand metallicnesm as

fa0x) = =M, 3)

The specular lob&s models lightL , re ected in direction
! o due to incident radiance; from direction! ; being re-

ected across the halfway vectdr, = 231 The Dis-

ney BRDF approximates rough surface effects in the specu-

lar lobe using the microfacet BRDF model [11]. This spec-
ular lobe of the BRDF is expressed as

4n ti)(n o) ’
where the normal distribution function (NDRE) models

the distribution of microfacet orientations, the Fresnel term
F models Fresnel re ections, ard models geometric oc-

fs(X;! o;li)=

Figure 3. lllustration of our physics-based losses We con-
strain our Disney BRDF [11] material and NelLF [44, 51] incident
light estimation with two novel physics-based losses: (1) the Con-
servation of Energy Losk cons t0 supervise the complete BRDF
fr = fs + f4 denoted by the dotted envelope, and (2) the NDF-
weighted Specular Lodsspec to adjust the relative magnitudes of
the speculaf s (red) and diffusé 4 (blue) BRDF lobes.

3.2. Physics-Based Losses

Since inverse rendering is ill-posed, we propose two novel
losses inspired by physical priors to constrain both material
and lighting estimation, which are illustrated in Fig. 3.

Conservation of Energy Loss. Our rst contribution ad-
dresses the non-energy-conserving behavior inherent in the
Disney BRDF [11] and other microfacet models. Despite
their widespread use, these models fail to conserve energy,
as demonstrated in previous works [10, 13]. This limitation
poses a critical challenge for inverse rendering, as it permits
a material to create energy (re ect more light than received)

clusion. We adopt the Spherical Gaussian approximationor destroy energy (re ect too little light). Such inaccura-

from [44, 51, 53], in which roughnesgscontrols the sharp-
ness of the NDF through

®)

Following NelLF++ [51], our IDR framework uses three
implicit networks (cf. Fig. 2):
1. BRDF MLP: predicts the Disney BRDF parametdss
r, andm to compute the BRDF, (x;! o;! i).
2. NelLF MLP : predicts incident radiande; (x;! ;).
3. NeRF SDE predicts density (geometry) and coloc,
wherec estimates the outgoing radiancg(x;! ).
We approximate the rendering integral in (1) according to
NelLF/NelLF++ [44, 51] using a xed seB_ of incident
directions! ; generated by Fibonacci sampling:

1 2
D('n)= ﬁeXp rj(! h n 1)

Lo(X;! o) = froGh it o) LiO! (!

128

n):
(6)

To simplify notation in the following sections, we omit the
argument, ! j, and! , fromf,, fq,fg, andL;.

JSL]

cies skew material estimates and disrupt lighting estimation,
causing the estimated illumination to overcompensate and
hence appear too bright or dark. These effects cascade to
downstream tasks, such as relighting and object insertion,
and pose a risk for them.

To mitigate energy creation issues, we enforce the en-
grgy conservation property for the BRDF by requiring

fr(!; n)d; 1. This constraint, derived from the
rendering equation (1), requires that the sum of re ected
radiance weight§; (! i n) across all incident directions in
the hemisphere must not exceed unity. By enforcing this
intrinsic physical property, independent of incident lighting,
we ensure physically correct materials.

We reformulate this constraint in our discretized setting
as the Conservation of Energy Loss:

X

L cons = max 1.0 :

fr(!i

128,

n) @)

St

This ReLU-style formulation prevents overestimation of re-
ected light, allowing re ected irradiance to vary but with-



out exceeding the incident irradiance. We only penalize theas we detail in Sec. 4.
model when the sum of weighfs (! ; n) exceeds 1, but
any value below can freely vary. As seen in Fig. 3, the Con-
servation of Energy Loss affects both specular and diffuse Following NelLF++ [51], we optimize the scene recon-
lobes, ensuring that the overall BRDF conserves energy.  struction in three phases. We brie y summarize the three
NDF-weighted Specular Loss.Our second physics-based Pphases here (See Appendix Sec. C.2 for full details):
loss targets the imbalance between the diffuse and specul. Geometry: only train NeRF SDF to initialize estimated
lar lobes frequently observed in inverse rendering methods, ~geometry using a geometry-based lbgso
such as NelLF++ [51], which often assume Lambertian re- 2. Material : train NelLF and BRDF MLPs while freezing
ection. Real-world materials, however, often violate ideal- ~ the NeRF SDF to initialize estimated illumination and
ized Lambertian behavior, resulting in “baked-in” specular  materials with a material-based Idsgar.
highlights where the diffuse lotfey compensates for insuf- 3. Joint Optimization : train all elds (NeRF SDF, NelLF,
cient specular re ection. This imbalance causes incorrect ~ BRDF) with all lossed. = Lgeo+ Lmat
diffuse behavior at non-specular angles, degrading materialEach phase uses different losses that encode speci ¢ priors
estimation quality. or constraints relevant to that phase. The full material-based
To mitigate this issue, we propose the NDF-weighted loss including our complete physics-based Iogs physicdS
Specular Loss to penalize excessive diffuse re ection in
specular regions. When specular highlights are “baked-in”,

3.3. Joint Optimization

I-mat = pbrL pbr + Lref + smthl- smth T Lmat,physicé (9)

the aggregate BRDF valdg may be accurate for specular \where L mat physics = condcons *  sped-spec iNCludes
directions, but the oversized diffuse lobg overcompen- our Conservation of Energy Loss and our NDF_Weighted
sates the specular lolbe. We de ne our loss as Specular LossLpy is a standard RGB rendering loss
supervising the estimated outgoing radiance from (6),
L spec= L is the NelLF++ re ection loss [51],Lsmt iS the
« 0 detach D letli 1 NelLF/NelLF++ BRDF smoothness loss [44, 51], and
i softmax It o+t i A fd; pbrs ref; smthh cons spec@l€ pOSitive WEights-
ISLi, e, Tspec .
®) 4. Experiments
) ) 4.1. Experimental Setup
whereD is the NDF evaluated using the halfway vector
—to*li_ = | . By using a softmax-weighted NDF with Implementation Details. We implement PBR-NeRF on

o+ il )
#emper%\turg speo We selectively penalize diffuse re ections  top of NelLF++ [51] using PyTorch [2] and keep all hyper-
in regions where specular effects dominate. We detach theparameters from NelLF++ the same, excep{&rj = 256.
NDF term from the computation graph to prevent gradient We train for 30K iterations with an initial learning rate of
ow through D(I h) during backpropagation, ensuring that 0.002, reducing it by a factor of 5 every 10K iterations.
only diffuse contributions th specresult in weight updates. ~ Training runs on a single NVIDIA RTX 4090, with run-
Our NDF-weighted Specular Loss complements the times ranging from 1 to 3 hours. Using grid search, we
standard RGB rendering loss by pushing the specular lobddentify two sets of weights for our physics-based losses:
f s to compensate for the penalized diffuse Idgecreating cons= 0:01and gpec= 0:5 for the NelLF++ dataset, and
a stronger separation between diffuse and specular re ec- cons=0:01and spec=0:01for DTU. More hyperparam-
tions. When the specular lobe is properly recovered, the€ter details are provided in Appendix Sec. C.3.
RGB rendering loss prevents the diffuse lobe from vanish- Datasets. We evaluate our method on the NelLF++ [51]
ing. We note that our loss is meant to ne-tune material and DTU [15] datasets. We use the NelLF++ synthetic
estimationafter initial convergence with the RGB render- dataset to evaluate our material-illumination estimation, as-
ing loss. A proper weighting of the opposing RGB ren- suming known geometry. This dataset provides ground-
dering loss and other regularization terms ensures that théruth geometry, RGB, albedo, metallicness, and rough-
diffuse lobe is not arbitrarily suppressed by our specular ness for a scene rendered under 6 static illumination pat-
loss. As withLcons the specular loss also bene ts light- terns, including three environment maps (Env) and three
ing estimation. An oversized diffuse lobe can lead to lower mixed-lighting scenarios with additional point and area
estimates of light intensities, while excessive diffuse re ec- light sources (Mix). Each pattern includes 96 RGB HDR
tion forces the estimated incident light to produce complex, 1600 1200images, split into 87 training and 9 valida-
view-dependent specular effects. Together, these losses imtion images. Ground-truth geometry and poses are used in
prove the accuracy of material and lighting estimation sig- training, while ground-truth color, albedo, metallicness, and
ni cantly, resulting in more realistic scene reconstructions, roughness are only used for evaluation. DTU captures 15



Table 1. Comparison against state-of-the-art methods on the NelLF++ dataset [51]JPerformance in material estimation and novel
view synthesis is compared across different scenes (City, Studio, and Castel) and types of illumination (Env: global environment map,
Mix: mixed lighting with environment map, point and area light sources) using the PSNR metric. T: our reproduced results.

Env Mix

Predicted Quantity Method City Studio Caste| City Studio Castel M€2"
PhySG [53] 5487 0565 27.04 24.38 2404 2581 2532
SG-ENV[53] | 31.01 29.46 32.34 27.20 2588 27.70 28.93
RGB NelLF [44] 33.77 3107 3528 31.11 2859 32.11 31.99

NelLF++ [51]F 3153 29.77 33.87 29.64 2750 30.74 30.51
PBR-NeRF (ours) 32.05 30.67 34.58 29.13 27.13 30.03 30.60

PhySG [53] 6.62 1129 6.22| 627 683 6.14| 7.23
SG-ENV [53] 961 17.64 9.74| 877 1258 9.14| 11.25
Roughness NelLF [44] 17.48 1830 13.40 17.05 16.27 16.44 16.49

NelLF++ [51]F 21.22 2201 19.91 22.19 23.43 22.20 | 21.83
PBR-NeRF (ours) 22.20 23.19 2249 2219 2230 22.36| 22.46

PhySG [53] 872 7.97 835| 8.67 8.9 8.76 | 8.57
SG-ENV [53] 17.01 1640 16.39 15.44 14.25 14.49 15.66
Metallicness NelLF [44] 18.22 19.11 10.29 18.42 1843 17.34 16.98

NelLF++ [51]F 1949 18.17 17.41 20.80 17.98 22.20| 19.34
PBR-NeRF (ours) 21.94 21.12 21.24 21.63 17.40 20.50| 20.64

PhySG [53] 1501 16.96 16.13 14.16 12.43 14.29 14.83
SG-ENV [53] 2238 2074 2221 16.92 13.16 16.69 18.68
Albedo NelLF [44] 1559 1548 12.95 17.39 16.88 17.37 15.94

NelLF++ [51]t 18.21 19.50 17.73 16.37 14.49 17.43 17.29
PBR-NeRF (ours) 19.42 19.15 19.50 19.33 18.36 18.78 19.09

real-world objects in a controlled lab setting. Each scene in- demonstrating consistent improvements over our baseline.
cludes 49 RGB LDR600 1200images, splitinto 44 train-  qgjitative Results. We further validate our material es-
ing and 5 validation images. We only qualitatively evaluate tjimation performance qualitatively against NelLF++ on the
material estimation on I_DTU because it contal_ns LDR im- NelLF++ dataset in Fig. 4 (see Appendix Sec. B for addi-
ages and does not provide ground-truth materials. tional qualitiative results). Over all three challenging Mix
lighting conditions, our physics-based losses improve both
lighting and material estimation. Our estimated lighting ex-
Quantitative Results. Table 1 shows that PBR- hibits lower entropy with more concentrated sources and
NeRF achieves state-of-the-art material estimation on thefewer artifacts, especially in the upper halves of environ-
NelLF++ dataset, outperforming previous methods by 1-2 ment maps. We also eliminate fringes and patches gener-
PSNR on average across albedo, metallicness, and roughated on the sphere and cube by NelLF++ due to “baked-
ness. We outperform all baselines in roughness and metalin” specular highlights and achieve effective separation
licness in most scenes across all illuminations. For albedo,of diffuse and specular BRDF components via our NDF-
we observe substantial gains over all competitors both onweighted Specular Loss. Most importantly, we consistently
overall average and in Mix lighting scenarios, which are outperform NelLF++ on albedo estimation, which is a crit-
generally more complex due to their combined lighting se- ical challenge in inverse rendering. Note that although
tups. Despite performing slightly worse than NelLF [44] NelLF++ surpasses our metallicness estimation on Studio
in novel view synthesis, we outperform the closely related Mix, it fails signi cantly to recover the correct albedo.
NelLF++ [51] in novel view synthesis and all competitors In general, our predicted albedo is—correctly—less bright
in material estimation. than for NelLF++, with the oor, cube, and sphere all free
Among inverse rendering methods, PBR-NeRF achievesfrom incorrect specular highlights and artifacts.
state-of-the-art results in novel view synthesis on DTU, as We also compare our material estimation on DTU in
shown in Table 2. We report the average results over threeFig. 5. On scan 37, we improve metallicness and roughness,
training runs for both our approach and NelLF++ [51], accurately predicting the scissor and clamp as metal, unlike
mitigating the impact of training variability. Our method NelLF++, which creates artifacts near the scissor handle.
achieves an improvement of 0.37 in mean PSNR over NelLF++ also predicts the scissor and part of the clamp as
NelLF++ and substantially outperforms all other meth- rough material instead of metal. This issue creates patchy
ods. Additionally, PBR-NeRF ranks rst in 10 scenes, artifacts both in the metallicness and roughness. On scan 40
with PSNR gains ranging from 0.12 to 2.51 over NelLF++, with the rough bricks, our roughness estimate on shadows

4.2. Comparison with The State of The Art
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