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Figure 1. Overview: InvRGB+L takes RGB and LiDAR sequences as input and outputs a 3D scene with high-fidelity geometry, consistent
albedo across RGB and LiDAR spectra, and roughness. Our representation enables photorealistic object insertion and night simulations.

Abstract

We present InvRGB+L, a novel inverse rendering model that
reconstructs large, relightable, and dynamic scenes from a
single RGB+LiDAR sequence. Conventional inverse graph-
ics methods rely primarily on RGB observations and use
LiDAR mainly for geometric information, often resulting
in suboptimal material estimates due to visible light inter-
ference. We find that LiDAR’s intensity values—captured
with active illumination in a different spectral range—offer
complementary cues for robust material estimation under
variable lighting. Inspired by this, InvRGB+L leverages
LiDAR intensity cues to overcome challenges inherent in
RGB-centric inverse graphics through two key innovations:
(1) a novel physics-based LiDAR shading model and (2)
RGB-LiDAR material consistency losses. The model pro-
duces novel-view RGB and LiDAR renderings of urban and
indoor scenes and supports relighting, night simulations,
and dynamic object insertions—achieving results that sur-
pass current state-of-the-art methods in both scene-level ur-
ban inverse rendering and LiDAR simulation.

1. Introduction

Inverse rendering is challenging because image observa-
tions are wildly ambiguous. The same image can be inter-
preted as a yellow wall lit by white light or as a wall that
is half yellow and half white (Fig. 2); a dark region might
be interpreted as a wet area or as a cast shadow. Errors like
these in material recovery result in scene renderings that can
be jarringly bad. Even strong material priors only partially
mitigate these ambiguities (Fig. 2, middle).

LiDAR intensity provides strong cues for inverse render-
ing. LiDAR sensors emit laser pulses that reflect off sur-
faces. As is well known, time-of-flight yields geometry.
We demonstrate the returned power (analogous to RGB in-
tensity, Fig.2) provides rich surface material information.
LiDAR derived material cues are extremely robust to wide
changes in illumination conditions, because there is very
little cross-talk between the narrow-band infrared used by
LiDAR and typical illuminants indoors and outdoors. But
material properties change very slowly with wavelength. So
LiDAR returned power can, for example, tell that the albedo
of the wall in Fig 2 is the same in the darker and lighter re-
gions. We show that LiDAR intensity is a powerful cue that
disentangles material properties and illumination effects in
ways that complement SOTA methods for RGB data.
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Figure 2. Key insight: LiDAR reflectance is less affected by envi-
ronmental lighting than color images, making it an excellent com-
plement for inverse graphics. Top: Cast shadows in color images
do not appear in LiDAR reflectance; Bottom: an overexposed yel-
low wall shows uniform reflectance in the LiDAR spectrum.

InvRGB+L is a novel inverse rendering framework that
reconstructs large, relightable, and dynamic scenes from a
single RGB+LiDAR sequence. InvRGB+L infers geome-
try, illumination, and materials using LiDAR intensity ob-
servations with color images together, exploiting two novel
technical contributions: (1) a physics-based LiDAR re-
flectance model that—unlike conventional reflectance mod-
els—explicitly accounts for surface specularity, and (2) a
joint RGB-LiDAR material consistency loss that models
the relationship between visible and LiDAR’s infrared ob-
servations.

Experiments show that our model produces novel-view
RGB and LiDAR renderings for both urban and indoor
scenes accurately while also supporting realistic relight-
ing, night simulations, and dynamic object insertions. Our
method surpasses current state-of-the-art approaches in
scene-level urban inverse rendering and novel-view LiDAR
simulation in qualitative and quantitative comparisons.

2. Related Works

Inverse Rendering recovers scene properties like geom-
etry [12, 39], materials [9, 26], and lighting [27, 38, 49]
from sensor data. Light-surface interactions make the prob-
lem wildly ambiguous. Data-driven methods use dense pre-
diction networks [3, 29, 47, 51, 53] and diffusion models
[10, 18, 21, 48] to predict intrinsic properties. The absence
of an explicit physical model can result in unrealistic out-
comes. Physics-based methods leverage 3D representations
like NeRF [2, 4, 14, 23, 41, 43, 52] or 3D-GS [11, 22, 30]
to model geometry, then use differentiable PBR rendering
to infer materials and lighting. Ambiguities remain, so pri-
ors are needed to constrain the solution space.

There exist methods that incorporate LiDAR cues [28,
41], but these do not exploit LiDAR intensity. All methods

struggle with dynamic environments. In contrast, we use
LiDAR intensity as a powerful cue to material properties
and our method operates in dynamic environments.
LiDAR Simulation generates synthetic LiDAR data
from existing observations to create new views or coun-
terfactual scenarios. Geometry simulation has been tack-
led using point clouds [20], surfels [25], NeRF [13, 32—
34,42, 45, 46], and 3DGS [1, 5] as scene representations.
Intensity simulation methods rely on lookup tables [6, 25]
or encoded intensity fields [1, 13]. Many approaches mimic
LiDAR ray-drop characteristics, but neglect the physics of
LiDAR reflectance. In contrast, we show powerful infer-
ences can be rooted in this physics; further, we show close
attention to LiDAR physics produces better simulations.
Work that models LiDAR reflection empirically [35-37, 44]
assumes Lambertian surfaces. In contrast, we offer a novel
formulation incorporating a specular term. Current meth-
ods produce sparse maps. In contrast we show that joint
LiDAR-RGB inference results in dense, accurate maps.

3. Physics-based LiDAR Reflectance Model

LiDAR follows the rendering equation [16] and we assume
no in or out scattering, so the reflected radiance is:

Lo (x,w0) = / £ (56, wis @) La(3, w3) (- wi)dawss (1)
Q

where x is the surface point, n is the surface normal, w;
and w, are incident and outgoing ray directions, L; is the
incident radiance, and f,. is the BRDF at x.

LiDAR pulses are narrow and directional, so L;(x, w;)
can be modelled as a constant value in a very narrow beam
around wy (Fig. 3 middle). Energy disperses, so the ra-
diance at x will be L;(x,w;) %, where P, is the
emitted power and d is the distance to x. The returned
beam is narrow and the sensor responds to radiance, so
the sensor response is given by I(z,w,) < L,(x,w,) x
fr(x, wo, wy) Peggse, where 0 is the angle between w; and
n.

Existing models [13, 25, 35, 37] assume Lambertian (dif-
fuse) surfaces, where f,(x,w,,w,) is constant pyda,/7,
making [ %;Cosg, where piiqar represents the sur-
face reflectance ( LIDAR albedo). However, this model fails
to explain many real-world phenomena, such as the spot-
light reflectance on metallic surfaces (e.g., cars) and water
foundations.

We extend the LiDAR reflectance model by incorporat-
ing the Cook-Torrance BRDF [8], so f,. = f4 + fs, where
fa = Pidar is the diffuse term, and f, is the specular
term. Surface roughness 7 and angle € interact, yielding

Fo72min(1,2cos%0) . _
Js oo Blcon? 6 (21 11 with fresnel term Fy = 0.04.

This specular component is a special case of the microfacet
model, assuming the same incident and outgoing ray angles.
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Figure 3. Overall architecture. We represent the scene as a dynamic, relightable 3DGS scene graph, consisting of a static node for the
background, a set of dynamic nodes for movable objects, and a sky node to model illumination. Our scene can generate realistic LIDAR
and camera footage via physically based forward rendering modules. Scene parameters are inferred through an inverse rendering process
using backpropagation, minimizing discrepancies between rendered results and observations (as well as priors) while maximizing self-

consistency.

: forward rendering process; gray arrow: diffusion-based normal and material prior inference; red arrow:

backpropagation for inverse rendering; green arrow: loss computation.

Substitution yields:

P, cosf
md?

Fyr?min(1, 2cos?0)
I x Plidar + 2
4cos?6(cos?0(m2 —1)+1)

2

By explicitly modeling specularity, our LiDAR reflectance
model aligns with commonly used RGB-based shading
models, enabling a unified framework for joint LIDAR and
RGB inverse rendering in the following section. Refer to
the supplementary material for details.

4. Method

We recover a relightable 4D scene representation that en-
codes geometry, color, LiDAR reflectance, and an HDR
illumination model from an input video sequence {C; €
RWXHX3YT ' LiDAR sequences {P; € RV*3}T  with
intensity maps {I; € RW>H>3}T  and their correspond-
ing poses {&; € SE(3)}]_, captured under a single illumi-
nation environment. We represent the scene as a dynamic
scene graph where each node is a 3D Gaussian encoding
geometry, opacity, and intrinsic material properties for both
LiDAR and camera modalities (Sec. 4.1). Forward ren-
dering produces RGB imagery and LiDAR intensity maps
from a camera pose, a scene graph and a physical model
(Sec. 4.2). Inference adjusts scene parameters to produce
renderings that are like observed data; our inference proce-
dure introduce a novel albedo-consistency loss that syner-
gizes RGB and LiDAR cues for joint reasoning (Sec. 4.3).
The architecture is presented in Fig. 3.

4.1. Relightable Scene Representation

Dynamic Scene Graph We use a dynamic scene graph
S, where movable objects and backgrounds are explicitly
represented as graph nodes. The representation is built out
of Gaussian primitives as in 3D-GS. Each primitive g(x) is
defined by g(x) = e~ 2@~ =7 (@—1) where = € R?
is a 3D coordinate, p € R3 stands for the mean of the
Gaussian, and X € R3*3 is the covariance matrix. We
initialize the 3D means with LiDAR points for accurate ge-
ometry. In contrast, previous work [14, 23, 41] focuses on
static scenes.

The background (eg roads and buildings) is modelled
with a set of static Gaussians Gy,. Moving objects are rep-
resented with dynamic nodes {G/, G5, ..., Gy }, where N
is the number of objects. Each object is represented as a
3D-GS in its local coordinate system. To place them in the
dynamic scene, we apply a pose transformation T (t) €
SE(3), where k is the object index and t is the times-
tamp. The transformed Gaussian set is then formulated as
Gi(t) = Ti(t) - G

Illumination Model We model the sky node with spher-
ical harmonic (SH) illumination to approximate the global
lighting from the sky dome. We parameterize lighting with
SH coefficients up to 3rd-order Ly, € R'*3 and define
the sky lighting from incident direction w; as Lgky (w;). Sky
lighting fails to model sharp shadows. Additionally, we use
a learnable sun light Ly, = {wWsun, Lsun} to explicitly
model directional sunlight, where wyg,,, is the sunlight di-
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rection and I, is the sunlight intensity.

Relightable Gaussian FEach of our 3D Gaussian primi-
tives is associated with intrinsic parameters, enabling ge-
ometry and material estimation during 3D-GS optimization.
We adopt the Cook-Torrance BRDF for RGB image ren-
dering (as in the LiDAR reflectance model), so the BRDF
parametrization is f,(f, w;, Wo; N, prgh, T), Where parame-
ters are: n € S? (surface normal); prgp € [0,1]% (diffuse
albedo); and 7 € [0, 1] (surface roughness). Surface nor-
mal and surface roughness will be the same at visible and
LiDAR wavelengths, but diffuse albedo may not be. We
denote LiDAR albedo in the physical reflectance model as
Plidar € [0, 1]. For each Gaussian primitive g(z), these pa-
rameters are associated to model the material properties, so:
g = {/va XY, c,a,n, Prgb, T, plidar}-

The entire scene representation at timestamp ¢ is then
S = {Gbg7 Gk(t)a Lskya Lsun}-

4.2. Physics-based Forward Rendering

Physics-based forward rendering of the scene serves as the
foundation for inverse modeling to estimate scene parame-
ters and supports downstream applications such as relight-
ing and insertion rendering.

Camera Rendering We adopt a BVH-based ray tracer
[L1], denoted as Tracer(-) to trace the visibility for each
Gaussian. For an incident direction w;, the visibility
v(w;) = Tracer(w;; S) indicates whether the Gaussian re-
ceives direct illumination from the sky. If a ray from
g toward w; intersects another object before reaching the
sky dome, v(w;) = 0; otherwise, it is directly lit, and
v(w;) = 1. However, in urban scenes, restricting ray trac-
ing to only visible objects can lead to incomplete shadow-
ing, as occluded objects outside the field of view may also
cast shadows. To address this, we introduce an sun visi-
bility parameter vgy, for each g, which indicates whether a
Gaussian is directly lit by sunlight Lg,, from direction wgyy.
The PBR color for each Gaussian primitive can
be computed using the rendering equation. We em-
ploy Monte Carlo sampling to generate M incident
ray directions. Consequently, the estimated PBR
color ¢ of a Gaussian primitive g for view direc-
. . ~ 1 M
tion w, is: ¢(Wo) = 37 2im1[Vsunlsun(Wsun - M) +
v(wi) (1, Wi, Wo; N, Prab s Trough ) Lisky (wi) cos 0]. The first
term is the sunlight while the second term is the incident
lighting from the sky dome. We then render the scene
graph S into the image space through a-blending as C =
22 ¢ [ [oj(1 — ou).  Additionally, we render all the
attributes into corresponding maps (e.g., normal map N,
albedo map B,}, roughness map R ) using o-blending.
The camera rendering results of scene graph S are defined
as: render,g,(S) = {C,N, B, R}.

LiDAR Rendering Given the reflectance parameter
Plidar; and the LiDAR reflectance model in Eq. 2, we com-
pute the intensity value for each Gaussian. Since LiDAR
sensing involves a single incident ray—the laser itself—no
sampling is required. The intensity I for a Gaussian is given
by Eq. 2, where d and w, represent the distance and direc-
tion from the LiDAR origin to the Gaussian center p, and
cosf = n - wo.We assume that the laser energy of each Li-
DAR channel is calibrated, setting P, = 1. Finally, we ren-
der both the intensity map I and the reflectance map Biigar
into image space, defining the LiDAR rendering process as:
renderiidar (S) = {I, Biidar }-

4.3. Inverse Rendering with RGB+L

Problem Formulation We must infer scene parameters
— geometry, material properties, illumination, and LiDAR
reflectance — from both RGB and LiDAR data. The overall
loss function for optimizing the scene graph S is:

msin Liidar + Acrgb + Luor + Lmag + ['rgb—>1idar + ['lidar—ngb
—_— Y—/

fidelity diffusion prior rgb—lidar consistency

3)
Fidelity losses for LiDAR and RGB are:

Legh = |C—Cl3,  Lidar = [T~ 1) Miiqar|2 &)
where C is the ground-truth image and My;4,, is a mask
to account for sparseness in LiDAR intensity observations.
The mask is obtained by thresholding.

Diffusion-based Prior We mitigate the ambiguity in ma-
terial inference by using monocular geometric and mate-
rial cues from pre-trained models. We use Geowizard[10]
and RGB-X[48] to preprocess multi-view training images,
extracting pseudo normal and material labels, written N
and M = {B.gp, R} respectively. These guide inference
through losses:

Loor = IN=N3, L =[M-M[3. (5
RGB-LiDAR Albedo Consistency Loss Spectral re-
flectance (which affects RGB images) and LiDAR albedo
are strongly spatially correlated because each is an epiphe-
nomenon of material microstructure (see also [19, 24]). Sur-
faces with similar spectral reflectance will tend to have
similar LiDAR albedo and vice versa. We introduce two
consistency constraints that enforce the correlation between
albedo and reflectance.

LiDAR intensity maps are inherently sparse and incom-
plete, but spectral reflectance is a dense signal. We enforce
a neighborhood smoothness constraint that propagates the
sparse LiDAR albedo values into a dense map Bj;qa;, under
the assumption that it should exhibit similar smoothness as
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the reflectance map B, Specifically, we adopt a bilateral
smoothness loss:

Z |Blidarp - Blidarq| : w(Brgbpv Brgbq)7
qEN(p)

Ergb%lidar =

(6)

Here, p and q denote indexes of neighboring pixels, and
the weighting function is given by w(Bigp,, Brgb,) =

_ (Brgby, —Bugpg )2

— ) . 0 is a hyperparameter controlling

exp (
the sensitivity to spectral reflectance differences, ensuring
smooth propagation of reflectance while preserving mate-
rial boundaries.

LiDAR albedo estimates are independent of external
lighting conditions, so are a powerful cue for correcting er-
rors in reflectance estimates caused by lighting. Assume
surfaces with similar albedo will have similar spectral re-
flectance; then we can impose a regional consistency on
spectral reflectance by:

»Clidarﬁrgb = Z Var(Brng |B1idarg)7 (7)
Q
where 2 is a set of regions operating as superpixels (ob-
tained using SAM [17]) within the LiDAR albedo map
Biidar- Brgp, and Byjqqr, denote the sets of spectral re-
flectance and albedo values within the same region (2.

Optimization We use a two-stage optimization process.
In the first stage, we supervise the scene graph without the
consistency loss to obtain the initial Gaussians (only geom-
etry, opacity and non-relightable colors) and scene graph
topology. In the second stage, we fix the geometry and
opacity of the Gaussians, and refine the intrinsic material
properties and lighting through joint optimization. For de-
tails please refer to the supplementary materials.

5. Experiment

5.1. Experiment Protocols

Datasets We conduct experiments on the Waymo Open
Dataset [31], which provides RGB images from five cam-
eras and 64-beam LiDAR data (including intensity). uring
training, we use only one camera and its corresponding Li-
DAR sequence. Since each scene is recorded only once, the
dataset does not support quantitative relighting evaluation.
To address this, we collected an additional driving scene
recorded at different times of the day, capturing varying il-
lumination conditions. We also captured an indoor scene
under an artificial lighting environment to verify the effec-
tiveness of our albedo-reflectance consistency.

Evaluation Metrics For image comparisons, we use
PSNR, SSIM [40], and LPIPS [50]. For LiDAR intensity
simulation, we evaluate using RMSE.

Input RGBX Ours

Figure 4. Our estimated spectral reflectance vs RGB++X. Com-
pared to the latest generative diffusion prior [48], our estimated
spectral reflectance better reflects the vehicle’s paint color and is
more robust to cast shadows.

Input w/o Consistency Loss  w/ Consistency Loss

Figure 5. The RGB-LiDAR consistency loss corrects significant
errors. Our proposed RGB-LiDAR consistency loss improves the
robustness of surface reflectance estimation. In each pair of rows,
top is spectral reflectance, bottom is LiDAR albedo. The cast
shadow in the top pair is fixed, as is the color error around the
laser printer in the second pair.

5.2. Comparison with SOTA methods

Inverse Rendering We compare our method against Ur-
banlR [23] and FEGR [41], two state-of-the-art approaches
for urban scene inverse rendering. Since the Waymo
dataset does not provide ground-truth intrinsic labels, we
present only qualitative comparisons in Fig. 6, using
baseline results provided by the authors of UrbanIR. Our
method achieves superior inverse rendering by leveraging
reflectance to effectively disentangle shading from albedo,
resulting in smoother albedo estimates. In contrast, both
UrbanIR and FEGR struggle to separate shadows cast by
lighting poles and those beneath vehicles from the albedo,
resulting in unrealistic shadows beside the car in the relight-
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Relighting Input

Albedo

Normal

Roughness

FEGR UrbanIR Ours

Figure 6. Qualitative comparison for inverse rendering with FEGR and UrbanIR on Waymo dataset. FEGR produces unrealistic
normal estimates and bakes hard shadows into the albedo. UrbanIR’s has no dense roughness estimation, and its radiance-based shadows
cause relighting artifacts (see row 2, column 5). In contrast, our method achieves accurate and plausible material and geometry estimates,
yielding superior relighting. Notice also the improved qualitative “realism” in relighting figures; surfaces tend to look more like actual
object surfaces, and less like computer graphics items, likely a consequence of our roughness model. Both FEGR and our method use

LiDAR, while UrbanlIR relies solely on video input.

Method | PSNRT  SSIMT  LPIPS/|
UrbanR [23] | 28.84  0.67 0.49

w/o Liidar—srgy | 29.97 0.73 0.34
Ours 30.42 0.72 0.30

Table 1. Quantitative results for relighting.

ing results of the first scene. Additionally, we compare our
albedo estimation with RGB-X [48] in Fig. 4, which serves
as the diffusion-based prior for our framework. RGB-X suf-
fers from multi-view inconsistency and fails to recover the
albedo of cars. In contrast, our intrinsic 3D Gaussian repre-
sentation is inherently multi-view and time-consistent, en-
abling it to correct erroneous predictions during training.

Relighting For quantitative evaluation, we use data cap-
tured under different lighting conditions. Specifically, we
record a scene at 9 AM and 1 PM on the same day, train both
sequences independently using our framework, and then re-

place the illumination parameters of the 9 AM scene with
those from the 1 PM scene. Table | presents the quanti-
tative results, where our method significantly outperforms
UrbanlIR. Additionally, incorporating the consistency loss
further enhances performance, primarily due to more accu-
rate material estimation. Fig. 7 shows the qualitative results,
highlighting noticeable light and shadow shifts on road
signs and distant buildings. In contrast, UrbanIR struggles
to adjust the lighting. This demonstrates that our frame-
work effectively disentangles illumination from albedo, en-
abling accurate modeling of shading variations under differ-
ent lighting.

LiDAR Simulation To validate the effectiveness of our
LiDAR intensity formulation and the accuracy of the gener-
ated intensity, we evaluate novel view synthesis for LIDAR
intensity on the Waymo Dataset. We compare our approach
against a series of LIDAR simulation works including Li-
DARSim [25], PCGEN [20], AlignMiF [33] and NFL [13].
Following [13], we conduct experiments on four scenes, us-
ing 50 frames from each sequence for training and selecting
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Figure 7. Qualitative results for relighting. By replacing the illumination of the 9 AM scene with that of the 1 PM, we can successfully

shade the tree and buildings.

‘ Intensity-RMSE |

Scene ID

Method 1 2 3 4 | Average

LiDARsim [25] | 0.12 0.13 0.09 0.14 | 0.120
PCGEN [20] 0.11 0.15 0.09 0.15| 0.125
AlignMiF [33] | 0.05 0.10 0.05 0.09 | 0.073
NFL [13] 0.06 0.13 0.05 0.08 | 0.080

Ours ‘0.06 0.08 0.05 0.06 | 0.063

Table 2. Quantitative results for novel view synthesis of LIDAR
intensity on the Waymo Open Dataset. The highlighted metrics
denote Best and Second Best. The proposed method achieves the
best results overall.

every 5th frame for validation. We use RMSE as the evalu-
ation metric for intensity. Table 2 presents the quantitative
results, where our method achieves the lowest RMSE, out-
performing all baselines. This demonstrates that our formu-
lation effectively captures the underlying physical phenom-
ena, leading to more accurate LiDAR intensity modeling.

5.3. Ablation Studies

RGB-LiDAR Consistency Loss Fig. 5 shows qualitative
comparison of inferred spectral reflectance with and with-
out consistency loss. Consistency removes shadows: The
shadows of the light pole are incorrectly embedded into
the spectral reflectance (first row) when consistency is not
applied. The consistency loss recovers the road correctly.
Consistency improves LiDAR albedo: The upper part of
the images in the second row is missing LiDAR albedo es-
timates when consistency is not applied, because the ele-
vation range of the sensor is limited. The consistency loss
propagates information from the spectral reflectance effec-
tively propagated, filling in the missing bits. Consistency
fixes lighting induced errors: The indoor scene of the third
row shows a standard problem with estimating RGB spec-
tral reflectance from images: spatially fast changes in illu-
minant baffle all intrinsic image methods, so some lighting
effects get “baked” into results. The consistency loss sig-
nificantly improves the accuracy of the albedo estimation.

Method | PSNRT  SSIM?  LPIPs|

w/o LiDAR 33.35 0.89 0.13
w/o Dynamic | 29.13 0.83 0.21

Ours | 3476 091 011

Table 3. Ablation studies on rendering quality. The highlighted
metrics denote Best. Both LiDAR reflectance and dynamic mod-
eling improve reconstruction quality.

Dynamic Scene Graph We conduct an ablation study to
assess the effectiveness of the dynamic scene graph by re-
moving the dynamic nodes and training a static set of Gaus-
sians on dynamic video input. Tab. 3 presents the quan-
titative results for the reconstruction of PBR images on a
dynamic scene in the Waymo Dataset. Besides, Fig. 8
presents the estimated albedo and roughness. As shown in
the figure, without the dynamic scene graph, the moving
car exhibits aliasing artifacts due to the inability to model
motion. In contrast, our approach effectively captures time-
varying intrinsic properties and handles the changing shad-
ows beneath the car, enabling robust inverse rendering from
dynamic video input.

LiDAR Input To evaluate the impact of LiDAR data on
our framework, we conduct an ablation study where only
RGB images are used. Specifically, we disable the LiDAR-
based initialization of 3D-GS and exclude the albedo con-
sistency loss term from the optimization. The reconstruc-
tion performance is reported in Table 3. While inverse ren-
dering can still be performed without LiDAR sequence as
inputs, the quality of physically based rendering (PBR) im-
ages exhibits a notable decrease. This study highlights the
crucial role of LiDAR in enhancing both geometric fidelity
and inverse rendering accuracy.

5.4. Downstream Applications

Scene Editing Fig. 9 presents the scene editing results,
showing the versatility of our method in both relighting and
object insertion. In the first row, we demonstrate night-
time simulation with streetlight and headlight illumination
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Input w/o Dynamic Scene Graph

w/ Dynamic Scene Graph

Figure 8. Ablation study on dynamic scene graph Explicitly modeling dynamic objects improves albedo and roughness estimation;

otherwise, motion-blurred artifacts will be baked into the scene.

Input Streetlight Headlight
Input Insertion w/o Relighting Insertion w/ Relighting
Input Insertion Insertion + Scene Relighting

Figure 9. Downstream applications of our method Top: night
simulation with controllable lights; middle: insertion with/without
relighting; bottom: insertion rendering with/without changing the
time of day.

to an input daytime scene. Additionally, we present object
insertion results. Unlike previous approaches [23], which
rely on off-the-shelf rendering engines like Blender [7], we
can directly transfer a trained dynamic node from one scene
to another and relight the node using our framework. The
second row shows the result without relighting the inserted
node: the inserted car appears mismatched with the scene.
In contrast, with relighting, the car blends seamlessly into
the environment. The third row shows the results of relight-
ing both the scene and the inserted object simultaneously.

Nighttime Data Augmentation for Object Detection To
evaluate the applicability of our method in autonomous
driving perception, we conduct an experiment leveraging
our method for nighttime data augmentation. Specifically,
we transform daytime image sequences into nighttime con-
ditions using our framework while preserving the origi-

Method | Precision? Recallf mAP@507
w/o Night Aug. 0.537 0.281 0.236
w/Night Aug. | 0.674 0312 0321

Table 4. Data augmentation for nighttime object detection.
Off-the-shelf object detection [15] does not perform well on
Waymo nighttime sequences. Our night simulation generates
nighttime logs from daytime labeled logs at no additional cost.

nal object detection labels. This enables the generation of
nighttime training data without additional manual annota-
tions. We generate 100 nighttime images with a total of
121 car labels which are then used to fine-tune a YOLO-v5
object detection model [15]. We evaluate the model using
50 real nighttime images from Waymo Dataset. Compar-
ing its performance against the baseline without fine-tuning
in Tab. 4, we demonstrate the potential to enhance night-
time perception for autonomous driving, particularly in low-
visibility conditions, without the costly process of collect-
ing and labeling nighttime data.

6. Limitation and Discussion

In this work, we integrate LiDAR into inverse rendering
and introduce InvRGB+L, novel model capable of recon-
structing large-scale, relightable, and dynamic scenes from
a single RGB+LiDAR sequence. By leveraging the consis-
tency between LiDAR and RGB albedo, our approach en-
hances material estimation and enables a variety of scene
editing applications, including relighting, object insertion,
and nighttime simulation. However, there are still limita-
tions. First, we adopt a BVH-based ray tracer for 3D Gaus-
sian ray tracing, which can produce inaccurate shadows due
to the opacity properties of Gaussian primitives. Addition-
ally, our illumination model, which accounts for only sky-
light and sunlight, is not sufficient for inverse rendering on
complex environments such as nighttime scenes, which we
will try to address in the future.
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