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Fig. 1. Transient LASSO. We propose a novel neural scene reconstruction method operating on raw transient SPAD measurements from a sequence of
in-the-wild large outdoor captures (left). Transient LASSO decomposes these measurements (middle) into geometry, normals, reflectivity, and the sensor
parameters (right top). Our method produces transient decompositions for scenes up to 200 m, an order of magnitude larger than existing methods.
Furthermore, the decomposition allows for diverse downstream applications, including accurate depth reconstruction, novel view synthesis, super-resolution,

and sensor-parameter optimization.

Reconstructing the geometry and appearance of a given scene is a fundamen-
tal task in 3D computer graphics and computer vision. Recently, radiance
fields have emerged as a representation of light transport in the scene, al-
lowing, as a byproduct, also to extract 3D geometry solely from multi-view
imagery. Initially designed for RGB captures, existing approaches have been
extended to other sensor modalities. Among these, transient imaging — mea-
suring the time-of-flight of light at picosecond resolution — has emerged as a
promising alternative, offering rich spatio-temporal information to improve
reconstruction quality from limited viewpoints and obstructed views. How-
ever, its applicability to outdoor scenarios has been highly problematic due
to interference from ambient light and the different sensor behavior under
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high-photon-flux conditions typical of outdoor settings. Addressing this
gap, we introduce Transient LASSO, a neural scene reconstruction method
operating on raw transient measures of outdoor in-the-wild captures to
accurately reconstruct the underlying scene geometry and properties. We
demonstrate the effectiveness of our method across a variety of outdoor
environments, including complex urban scenes with dense traffic and in-
frastructure. Finally, we also show the potential use cases of our method for
downstream applications such as sensor parameter optimization.
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1 INTRODUCTION

Accurate reconstruction of large-scale outdoor scenes is an essential
task in computer graphics and vision, and particularly crucial for
the development of autonomous vehicles and drones. By inferring
the geometry and appearance from multi-view captures, existing
methods enable precise scene analysis, dataset generation, as well as
closed-loop simulation. Radiance field-based methods, initially de-
veloped for photorealistic novel view synthesis, have since emerged
as a powerful paradigm for scene reconstruction. By modeling the
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volumetric radiance and density of a scene, they enable both high-
quality rendering from arbitrary viewpoints and implicit recovery of
the underlying 3D geometry. This is achieved by optimizing a scene
representation that maps spatial locations and viewing directions
to color and opacity, enabling detailed reasoning about structure
and appearance. Originally designed to work with multi-view RGB
camera captures, these approaches have also been modified to work
with LiDAR, Radar, or NIR captures instead. In particular, for the re-
construction of large-scale outdoor scenes, LIDAR sensing has been
widely adopted thanks to its explicit distance information and high
temporal resolution, either in conjunction with RGB cameras or as
a standalone sensing modality. In this area, recent works [Huang
et al. 2023; Tao et al. 2024; Zhang et al. 2024] introduced neural
field-based approaches to model the LIDAR’s internal processing to
reconstruct driving scenes and enable realistic novel-view synthesis.
However, these methods operate on the point cloud extracted and
preprocessed by the LiDAR’s digital signal processor (DSP), instead
of directly using the raw transient waveform — the time-resolved
intensity of the returning light pulse — captured by the sensor. This
has two major drawbacks: First, it propagates any inaccuracies of
the peak-finding algorithm used by the LiDAR DSP, such as missed
detections, erroneous range estimates, or artifacts in multi-return
scenarios; Second, these methods cannot reconstruct the raw wave-
form for seen or unseen positions, limiting their applicability in
re-simulation and excluding their use for any algorithm relying on
the raw waveform [Goudreault et al. 2023].

On the other hand, a parallel research direction has explored the
extension of neural reconstruction methods to transient waveform
captures, usually acquired with a prototype single-photon LiDAR
[Klinghoffer et al. 2024; Luo et al. 2025; Malik et al. 2025, 2023]. Over
the last few years, transient imaging has emerged as a promising
technology, offering unique capabilities beyond conventional sens-
ing modalities. By capturing the time-resolved response of light
as it travels through the scene, transient measurements provide
fine-grained spatio-temporal information that enables tasks such
as perception in scattering media[Lindell and Wetzstein 2020; Zhao
et al. 2021], non-line-of-sight (NLOS) imaging [Chen et al. 2020;
Rapp et al. 2020a], and robust depth estimation in challenging envi-
ronments [Rapp et al. 2020b; Scheuble et al. 2025]. These transient-
based neural field approaches allow for the reconstruction of the raw
waveform, as opposed to only the processed point cloud, showing
increasing accuracy in geometry reconstruction and enabling the
synthesis of the raw waveform signal for unseen views. However,
these works have only been applied to prototypical sensors and in
ideal, lab-like conditions, namely, close-range indoor scenarios. Yet,
in real-world large-scale outdoor scenes, challenging factors such
as complex ambient lighting and high-flux conditions would distort
the LiDAR measurements, leading to significant artifacts.

In this work, we aim to eliminate this gap by proposing a novel
neural decomposition method that operates with transient wave-
form captures from an automotive-grade Single Photon Avalanche
Diode (SPAD) LiDAR to reconstruct real-world outdoor scenes
(Fig. 1). We directly use the raw LiDAR waveforms as a supervi-
sion signal for the reconstructed waveform, which we synthesize
through a physics-based transient image-formation model. To scale
this approach to outdoor in-the-wild scenes, with ranges up to 80
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meters, we incorporate ambient light interference, long-range beam
divergence, and high-flux conditions in our model. As such, we
are able to accurately reconstruct the geometry and appearance of
the scene, improving over methods only using LiDAR point clouds,
which do not fully leverage the information of the raw waveform,
as well as other transient-based approaches, which are unfit for
real-world outdoor scenes. Moreover, our physics-based rendering
approach allows us to disentangle scene parameters (i.e., distance,
normals, and reflectivity) from LiDAR hardware parameters such
as the emitted laser power or pulse shape, enabling downstream
applications such as novel data generation or hardware settings
optimization.
Specifically, we introduce the following contributions:

e We propose a novel scene representation for outdoor scene re-
construction that operates directly on raw transient captures
from an automotive-grade SPAD LiDAR, enabling synthe-
sis of the full waveform signal for unseen views, as well as
re-rendering of the scene under user-controlled LiDAR pa-
rameters (e.g., laser power and pulse shape) and ambient
illumination settings.

We introduce a physics-based transient image formation model
that accounts for real-world phenomena such as ambient
light interference, long-range beam divergence, and sensor
noise, and decomposes measurements into scene geometry
(i.e., occupancy and normals) and material properties (e.g.,
reflectivity) along with ambient illumination.

We validate our approach on a real-world dataset captured
with an automotive-grade SPAD LiDAR, where the method
compares favorably in geometry and reflectivity reconstruc-
tion compared to existing transient imaging methods and
conventional LiDAR methods relying solely on processed 3D
point clouds.

2 RELATED WORK

LiDAR as Sensing Modality. LIDAR has emerged as a crucial com-
ponent for scene understanding and 3D perception in robotics, espe-
cially autonomous driving, thanks to its ability to directly measure
distance with centimeter accuracy and capture fine-grained spatial
structure. Compared to classical camera sensing, LIDAR technology
offers centimeter-accurate depth information of the scenes, and it is
not affected by low-light and nighttime conditions [Behroozpour
et al. 2017; Holzhiiter et al. 2023].

Transient Imaging. Transient measures can be acquired with dif-
ferent devices, such as photonic mixer devices [Heide et al. 2013],
streak cameras [Velten et al. 2013], or single-photon detectors (SPAD)
[Malik et al. 2023]. In SPAD-based LiDAR, a transient response is
obtained by firing repeated pulses at a target and compiling the
detected photon timestamps into a time-resolved histogram. Thanks
to its fine-grained spatio-temporal accuracy, this data has been lever-
aged for a variety of imaging and analysis tasks, such as perception
in scattering media [Lindell and Wetzstein 2020; Zhao et al. 2021],
non-line-of-sight imaging [Chen et al. 2020; Rapp et al. 2020a; Xin
et al. 2019], and autonomous navigation [Rapp et al. 2020b].
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Fig. 2. Method Overview. Our method jointly learns scene and sensor parameters from raw LiDAR transients. On the right, we illustrate the measurement
process: colored paths represent x, with integration points x, depicting how reflected light is accumulated in the measurement setup (shown below). The left
side shows the method decomposition of scene and sensor properties (bottom), while the middle-left shows the core forward model used to reconstruct point
clouds and waveforms on the top-left. A captured (non-decomposed) ground truth waveform is shown for comparison next to it, on the right.

Neural 3D Reconstruction. A large body of work has been re-
cently exploring the use of neural rendering-based approaches to
reconstruct a scene from posed captures, enabling accurate novel
synthesis from novel viewpoints and precise 3D geometry recon-
struction. At the core of these breakthroughs lie neural radiance
fields [Barron et al. 2021; Chen et al. 2022; Mildenhall et al. 2020;
Miiller et al. 2022], which treat a scene as a continuous volumetric
function of light emission. By using volumetric rendering as the
imaging forward model, these methods enable smooth viewpoint
interpolation. Different works have also explored alternative ways
to encode these fields, including coordinate-based networks [Barron
et al. 2021, 2022; Mildenhall et al. 2020; Zhang et al. 2021], dense
3D voxel grids [Chen et al. 2022; Fridovich-Keil et al. 2022; Yu et al.
2021], and hybrid schemes [Barron et al. 2023; Miiller et al. 2022;
Ost et al. 2025; Tancik et al. 2023]. To speed up both training and
inference, several efficient implementations have been proposed
[Barron et al. 2023; Chen et al. 2022; Miiller et al. 2022; Yu et al. 2021].
These approaches have also been scaled to reconstruct large out-
door environments [Barron et al. 2022; Zhang et al. 2020]. However,
modeling large scenes from data collected along a single vehicle
trajectory remains challenging due to the narrow, trajectory-aligned
viewpoints typical of automotive captures[Guo et al. 2023; Kundu
et al. 2022; Liu et al. 2023; Ost et al. 2022; Ramazzina et al. 2023;
Tancik et al. 2022; Turki et al. 2023; Wang et al. 2023; Yang et al.
2023].

Departing from RGB-based works, another line of work has in-
stead focused on learning a scene representation from different
sensor modalities [Borts et al. 2024; Huang et al. 2023; Ramazzina
et al. 2024; Zhang et al. 2024]. In particular, recent works [Huang
et al. 2023; Tao et al. 2024; Wu et al. 2024; Zhang et al. 2024; Zheng
et al. 2024] have explored the use of LiDAR scans as the main su-
pervision signal, showing accurate 3D scene reconstruction and

realistic LIDAR novel view synthesis. However, these methods do
not consider the raw LiDAR waveforms and instead only use the
point cloud extracted from the black-box DSP[Goudreault et al.
2023] of the sensor, resulting in geometry inaccuracies and a lack
of control over the scene properties.

Transient 3D Reconstruction. A parallel research stream has fo-
cused on using transient measurements as a supervision signal
[Attal et al. 2021; Fujimura et al. 2023; Klinghoffer et al. 2024; Luo
et al. 2025; Malik et al. 2025, 2023; Shen et al. 2021]. Some approaches
leverage multi-bounce light modeling to reconstruct occluded areas
[Fujimura et al. 2023; Klinghoffer et al. 2024; Shen et al. 2021]. In
particular, [Fujimura et al. 2023; Shen et al. 2021] learn a neural
3D representation of an occluded object through the transients col-
lected by the SPAD sensor pointed at a diffuse wall, while PlatoNeRF
[Klinghoffer et al. 2024] uses the two-bounces signal captured from
a SPAD LiDAR to reconstruct the scene geometry from a single
view. Other works instead focus on rendering the full transient from
novel views [Luo et al. 2025; Malik et al. 2025, 2023]. In particular,
TransientNeRF and Transientangelo propose a NeRF and SDF-based
representation for single object-scenes [Luo et al. 2025; Malik et al.
2023], allowing for the synthesis of the raw waveform from novel
unseen views. Recently, FlyingWithPhotons [Malik et al. 2025] pro-
posed a more general approach to handle non-coaxial light sources
and account for more general light transport effects.

However, while some works [Malik et al. 2025, 2023] have shown
their applicability with real captures, their implicit image forma-
tion model constrains them to simple scenes in indoor settings and
prevents them from handling complex outdoor scenes. Our work
aims to fill this gap by proposing the first transient-based method to
reconstruct real-world scenes captured in complex urban settings.
To this end, we formulate a realistic, explicit image formation model
that allows us to disentangle scene and hardware parameters.
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Fig. 3. Data Capturing Setup Left: Vehicle setup equipped with Velodyne VLS 128 LiDAR (used for ground truth acquisition), an RGB camera, and the SPAD
LiDAR used to capture the transient measures. Right: example captures from our collected dataset across different urban scenarios. From left to right: RGB
image, transient capture, sensor-derived point cloud, and accumulated ground truth point cloud from the dedicated Velodyne ground-truth LiDAR.

3 TRANSIENT LASSO

In this section, we introduce Transient LASSO, a novel scene rep-
resentation that enables decomposing measurements into reflec-
tivity and dense geometry using only a single driving trajectory
of transient LiDAR data (see Fig. 2). Our approach is built upon
a physics-driven imaging formulation that explicitly models both
the back-reflected and ambient light components in the scene (Sec-
tion 3.1). In particular, we introduce a novel implicit representation
for the scene’s geometry, material properties, and ambient light (Sec-
tion 3.2). The entire representation is fitted by reconstructing the
LiDAR waveform captures in the time-space domain (Section 3.4).

3.1 Transient LiDAR Forward Model

We use a LiDAR sensor with a 2D SPAD array to capture waveform
measurements through time-correlated single photon counting (TC-
SPC) [Becker 2005; O’Connor and Phillips 1984] sensing. The system
emits L consecutive laser pulses and logs photon-trigger events of
the returning photon flux into temporal bins k € [0,...,M — 1],
gradually (with each repetition) constructing the observed wave-
form histogram ¢, where M = 2112 is the total number of time bins.
Depending on the scene response, the SPAD operates in the low or
high flux regime.

3.1.1  Photon Flux Model.
Following [Jarabo et al. 2017; O’Toole et al. 2014], we describe the
incident photon flux reaching an infinitesimal surface element q as

Ya() = /r 9t — ) H(r) dr + ag (1) )

where Hg is the scene transient response, aq the ambient contri-
bution, g(t) is the temporal laser pulse shape, and 7~ = [0, MA]
the light integration time. A = 266ps represents the width of each
time bin. Please note here that for q, we use the subscript nota-
tion -q in place of -(q) for brevity and compactness. We model the
scene response Hg of a single point xq € R3 at distance d following
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[Rasshofer et al. 2011], i.e.,

Hy(t) = ’%5(%2%), @)

where p is the surface reflectivity, n € R3 is the surface normal,
o € R3 is the incident light direction, c¢ is the speed of light, and
4(+) is the Dirac delta function. By substituting Equation (2) in
Equation (1), we obtain

n-
Ya(t) = /%g(t—f—i)+aq. (3)
c

We split p into its diffuse component « and specular component 7.
Due to the co-location of emitter and receiver, we consider the spec-
ular component only for retroreflective materials. We also express
the ambient component as a function of the diffuse albedo « and
ambient light contribution A, that is a = a4, yielding

(a+n)(n-wp)

Yq(t) = 2

g(t—2§)+aA. 4)

3.1.2  Sensor Response. Over long distances, the emitted light beam
diverges and might hit multiple surfaces from distinct objects. Thus,
the recorded waveform is not necessarily unimodal but can have
multiple peaks. The total amount of the incident photon flux reach-
ing a SPAD sensor pixel p with surface area @) can be modeled as
a 2D surface integral

Jo(0) = /Q K(q - p)Yadq, )

P

where K is the spatial Gaussian beam profile, describing the beam
divergence, with highest intensity at the center p and an exponential
falloff to the sides, dq is the infinitesimal sensor surface element, and
q denotes a point on that surface. In practice, this is implemented
as a strided 2D convolution.
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Fig. 4. Learned Scene Decompositions. The method disentangles the scene (left) into geometry o and normals n from the material properties (reflectivity)
and ambient light component A. Our approach accurately recovers fine-grained details, including the correct road and car surface normals, the complex

geometry of trees and roadside structures, and the high reflectivity of road markings and traffic signs.

We model the photon detection rate A for the pixel p € (i, j) and
bin k as the quantized version of the photon flux ¢, that is

(k+1)A _
Wik =u [ G0 dr ©

where y € [0, 1] denotes the probability of detecting an incoming
photon. The complete transient image formation model is hence

(k+1)A
Aplk] = P‘/Q K(q) (AA (Lg(t - ’[')Hq(’[)d’[) +aq(t) dt)dq
(7)

Finally, the measured waveform {p can be described as a random
variable with respect to Ay, which varies for low-flux and high-flux
conditions. In low-flux conditions, the response gvlj; can be modeled
as a per-bin-independent Poisson distribution[Pediredla et al. 2018;
Rapp and Goyal 2017] of A, that is

gy [k] = Poisson( [k]), (8)
allowing us to use the observed sensor signal as unbiased supervi-
sion for our model. However, in real-world outdoor scenarios, the
low-flux assumption does not always hold, as reflections of traffic
signs or other retroreflective material occur frequently. In these
cases, SPADs have a heavily distorted response to the incident light.
Due to SPAD dead time, the sensor captures a highly distorted pile-
up version of the incident flux where the peak is shifted to earlier
times [Heide et al. 2018]. In these cases, the transient response {Ifl
can be approximated with a distortion kernel h, such that

(k+1)A d
/ h(t;©)6 (t - 2—) +ap dt) 9)
kA ¢

where O represents hardware-specific parameters and # denotes a
distribution that applies dedicated noise to the high-flux peak and
regular Poisson noise to the ambient component of the waveform.
We will detail the description of # in the Supplementary Material.
Since our sensor is operated in free-running mode [Gupta et al. 2019;

gk =P

Ingle et al. 2019], this prevents distortions from high ambient flux
as observed by other works, see e.g., [Heide et al. 2018; Ingensand
and Kahlmann 2005].

3.2 Implicit Field Representation

We represent the scene as a neural field f : {x} — {o,n,a,1,A}
mapping each point in space x to its volumetric density o, normal
n, albedo «, retroreflectivity n and ambient light A. We employ
two multi-headed neural fields, f; to model the geometry, and f;
for the appearance. Both fields share a spatial embedding y via
multi-resolution hash encoding H, [Miiller et al. 2022]:

foo + {xy — {o} Vol. Density

fgn {x, x} — {n} Normal
Jao i x} = {a} Albedo
fa, A{x x} — {n} Retroreflectivity

faA : {X, X} - {A}
with f; : {He(x)} — {x}

Ambient Component

Spatial Embedding

Here, normal, ambient, and reflectivity are conditioned on volu-
metric embeddings y via the field fo. We use the geometry field f;
to model the volumetric density o and surface normal n, and the
appearance field f; to represent the diffusive albedo « and the am-
bient light A. Moreover, we employ a proposal sampler fp [Barron
et al. 2022] for efficient sampling. Further details on architecture
are provided in the Supplementary Material.

3.3 Transient Field Learning

We decompose the scene from a set of N transient captures with
corresponding poses. For each pixel p, we reconstruct the noise-
free transient waveform AL for low-flux conditions, through time-
resolved volume rendering using the model described in Section 3.1
along an integrated ray x(r) and write in short x,. Specifically, we
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Fig. 5. Example of high-flux transient components of a retro-reflective traffic sign. From left to right, we show the reconstructed geometry, the
predicted high-flux response, the captured signal, our proposed method (Transient LASSO), and the baseline (Flying with Photons[2025]). The top row presents
the average across all waveform bins k, while the bottom row displays the response of a single pixel located on the red retro-reflective stop sign. Notably, only

our method successfully reconstructs the high-flux component due to its tailored handling.
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Fig. 6. Example of the nominal scene response for in-the-wild conditions. From left to right, we show an image of the scene, the captured signal, our
proposed method (Transient LASSO), and the baseline methods (TransientNerf[2023] and Flying with Photons[2025]). The top row shows the average across
all waveform bins k, while the bottom row displays the response of a single pixel located in the image. All methods suppress the noise present in the raw data
and recover the underlying signal A. Our approach demonstrates improved fidelity in reconstructing the nominal response due to the accurate forward model.

model the scene response as and large field of view. This leads to the total integral being
(a(x7) +n(x7)) (n(x7) - wq)
(c7)? ’

and the response A4 to the ambient light as

Hy(7) = T*(1)o(xy) (10)

R (k+1)A
/1{; [k] =,u‘/Qp K(q) /kA ﬂq+/rg(t—r)Hq(xT)drdt dq, (14)

o0 We approximate the beam integral as a linear combination of

Aq = ‘/0 a(x)A(x7)T (7)o (xr)dT (11) rays sampled in Qp. At the same time, we numerically estimate

the path integral via numerical quadrature as in [Mildenhall et al.

2020], by sampling positions x, along ray x; We query the geometry

. and appearance fields fj, f, to obtain the volume density o, surface

T(7) = exp ( / o(x(t) d t) _ (12) norm.al n, material properties a, 17, and ambient component A. The
) transient response can then be computed as

For both cases, we assume exponential scattering with the transmit-
tance as in [Mildenhall et al. 2020],

Here, T?(7) is the squared transmittance accounting for both the
incident and return path for the active scene response. For each
pixel p and each sampled ray p in the field of view, we cast the ray

)%[k] =u Z [Pulseu,v,q wy + ﬂq] K(q), with (15)

q.u,0

(@(x9) + 1(x0)) (n(x0) - @0g)

x; from its origin op into the scene with viewing direction wg. Pulsey,oq = §(u — 0) nd (16
05 2
Xr = 0p +cr(wg + Jp). (13) (co)

= -237_,016 ) 1- —0000)) , 17
We learn an offset J initialized at the beginning to zero for each Wo = Xp ( 1=09191 | (1 = exp(=0000)) (17)
sensor pixel. This offset allows the model to account for systematic Aq = Z a(xp) A(xXg) Wy (18)
deviations in the scanning mechanism, effectively correcting for 2
spatial distortions introduced by optical or mechanical imperfec- _ ( v )

= -2 ) (1— —0y0p)) - 19
tions, which are challenging to calibrate due to the low resolution Wo = €xp 1=09101) (1 = exp(=0030)) (19)
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In practice, we first compute the pulse response for the full wave-
form (Hg) and then convolve it with the laser pulse. This can be
efficiently done via a 1D convolution, with the kernel g, representing
the discretized pulse shape. We keep § as optimizable to improve
over the initial estimate and make up for calibration inaccuracies
and manufacturing differences, causing a deviation in pulse shape.
If the estimated photon flux ip [k] exceeds a threshold B, we con-
sider the full transient to be high-flux. In this case, we approximate
Equation (9) as a 1D convolution between a learned kernel h and
the weight distribution w[k] for k = 0,..., M — 1. Then, the total
reconstructed (noise-free) transient /ig becomes

ST _ ik, if AL[k] < By Vk € {0,...M - 1}
P i{,{ = (ﬁ * w)+Ap, otherwise.

(20)

3.4 Training Supervision

We fit our neural representation by supervising the predicted full
waveform with a reconstruction loss £}, using the observed tran-
sient measurements, together with a partial pseudo-ground truth
depth and normal supervision via £;. We also regularize the learned
ambient component A through £, specular component 5 with £,
and normals n through £,. All loss components comprising the
total loss function are described in the following.

Reconstruction Loss. We supervise the reconstructed transients
with the ground truth captures ,[k]

Ly, = Z(l = IS [k] = Gk ll2 + sIAT [K] = GplK]ll2.  (21)
p.k

where the mask s indicates the high-flux transients, obtained with a
heuristic detailed in the Supplementary Material.

Geometry Supervision. We also supervise the density and normal
by extracting a pseudo-ground truth normal i and depth d from
the transient measurements. While these estimates are noisy and
can only be extracted for a subset of the measured transients, they
promote the correct disentanglement of geometry and appearance

L= D Ny =dpllz+ D Il —iplls,  (22)

pePp peP,

where Pp and P, indicate the pixels where the estimated pseudo-
ground truth depth and normal are available, and dp and fip are the
estimated depth and normal for a pixel p.

Normal Consistency. For each sampled point x, we enforce a con-
sistency between the predicted normal n(x) and the density gradient
n = —Vx/||Vx||, as well as penalizing normals that are backfacing
the LiDAR as

L= (InG0 —4(0lz + max(0,0(0 - w)?) . @3)

X
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Retroreflector Loss. We also encourage a high specular component
1 for the surfaces responsible for high-flux transients:

Ly=- Z Sp Z Wolp- (24)
D v

Ambient Light Consistency. To avoid the ambient light component
from overfitting the scene, we enforce it to be locally smooth, that is

La= ) IIAG) - A(x+ex)ll2. (25)

The neighborhood parameter €y is set high at the beginning of the
training and gradually decreased.

Total Training Loss. The final optimization objective is
L=v1Ly+ Uz.[:g +uv3Lp+vaLlyg+vs L. (26)

The hyperparameters vy, 5 are provided in the Supplement.

4 IMPLEMENTATION DETAILS

We train our model for 200,000 steps, using a batch size of 64 tran-
sients. We use the Adam optimizer, with f; = 0.9, fz = 0.999,
learning rate of 1 X 1073 for the networks fg,fa,fe,ﬁ,, and1x 1074
for the optimizable parameters &p, §, h. We train a scene on a single
A100 for approximately 6 hours.

5 DATASET

To assess the proposed algorithm, we collect a diverse set of 10
sequences in day and night conditions, in urban outdoor scenes,
and in a controlled environment where environmental parameters
such as illumination can be set accurately. To this end, we equipped
a test vehicle with a sensor setup, as shown in Figure 3, compris-
ing an automotive-grade RGB camera (OnSemi AR0230) and two
automotive-grade production-grade LiDAR sensors, namely Velo-
dyne VLS128, and a SPAD LiDAR (MicroVision Movia-L). Analogous
to [Scheuble et al. 2025], the SPAD LiDAR captures 40x 128 full wave-
form histograms with 2112 time bins per frame. Every waveform
results from a multiple-pulse emissions TCSPC measurement per-
formed with a vertical-cavity surface-emitting laser (VCSEL) array
in conjunction with the 2D SPAD array. This enables simultaneous
collection of full waveforms from all VCSEL-SPAD combinations.
As ground truth for the outdoor scenes, we extract a dense point
cloud by slow-driving across the scene and aggregate the Velodyne
LiDAR scans, as detailed in the Supplementary Material. For the
controlled environment, we instead rely on a Leica ScanStation P30
laser scanner with 1.2mm range accuracy. We project the ground
truth scans into the SPAD LiDAR field-of-view by considering its
scan pattern. Each of the 10 scenes comprises 100 captures, recorded
over 200 seconds in suburban areas. For novel view synthesis (sec-
tion 6.2), every fifth capture is held out during training and used as
the test set, following [Huang et al. 2023; Tao et al. 2024].

6 APPLICATIONS

In this section, we validate the proposed method using the collected
dataset described in Section 5. Specifically, in Section 6.1 we assess
the 3D geometry reconstruction quality of the proposed method
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Reference
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Fig. 7. Qualitative comparison of predicted point clouds. For our proposed method (LASSO), the sensor’s internal peak-finding, and recent methods
by [Malik et al. 2025], [Malik et al. 2023], [Huang et al. 2023], and [Barron et al. 2021] using [Ke et al. 2024] for depth supervision. Each column presents
a different scene (five in total), with green zoom-in regions highlighting key differences. Note that the image-based methods fail to reconstruct the scene
due to inherent scale ambiguity and limited viewpoints from a driving trajectory. Among all methods, only our approach consistently reconstructs the full
scene—from the vehicle and traffic sign on the left, to the wet ground, cluttered treetops, and distant small structures like the light pole on the right.
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Fig. 8. Lidar In-the-loop Optimization with Transient LASSO. We
optimize DSP parameters using the learned scene reconstruction to produce
waveforms as input to a lidar DSP. The optimization landscape Lopti is
shown on the left, illustrating how it varies with changes in parameters
Vmin and gmax. The differentiable, decomposed representation enables
the use of gradient-based methods to optimize peakfinding[Goudreault
et al. 2023], enhancing the point cloud captured from the example scene
(top middle). The optimized DSP parameters (bottom right) significantly
outperform the expert-selected values (bottom middle), resulting in a more
complete and measurable reconstruction of the scene (top right).

against state-of-the-art approaches, while in Section 6.2, we inves-
tigate its performance for full-waveform rendering from unseen
views. Finally, in Section 6.3, we leverage the disentanglement to
optimize the LiDAR parameters (Section 6.3).

We compare our models with state-of-the-art neural scene recon-
struction using different sensing modalities. In particular, we use
Gaussian Splatting [Kerbl et al. 2023] and Mip-NeRF 360[Barron
et al. 2022] + Marigold[Ke et al. 2024] for reconstruction from RGB
images, NFL[Huang et al. 2023] and LiDAR-NeRF[Tao et al. 2024]
for LiDAR pointcloud scans, as well as Transient NeRF[Malik et al.
2023] and Flying with Photons[Malik et al. 2025] for raw transient
measures. We also include in the comparison the result obtained by
running a common DSP approach[Goudreault et al. 2023] to extract
a pointcloud from the transient measure (i.e. "Sensor-Derived”).

6.1 3D Scene Reconstruction

We evaluate the 3D reconstruction quality of our proposed frame-
work, reporting quantitative and qualitative comparison results
(Figure 7). The quantitative comparison is performed by comparing
the ground truth (described in Section 5) with a pointcloud of the
scene obtained by querying the fitted neural scene representation.
As metrics, we use the Chamfer Distance (CD), Distance Accuracy
(one-sided CD), as well as Recall on a pointcloud level. As can be
seen in Table 1, our proposed method outperforms competing base-
lines operating on both raw (waveform) [Malik et al. 2025, 2023]
or processed (extracted pointclouds) [Huang et al. 2023; Tao et al.
2024] and RGB signal. Compared to NFL[Huang et al. 2023], our
approach directly operates on the raw waveform LiDAR signal,
leveraging important information lost when extracting the point-
cloud, where typical data compression rates of 1000 can be seen.
On the other hand, compared to competing methods operating on
transient measures [Malik et al. 2025, 2023], our approach is the
only one capable of correctly modeling complex outdoor scenes,
thanks to the disentanglement between scene geometry, surface
reflectivity and ambient light, as exemplified in Figure 4.
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Table 1. Quantitative Results for 3D Scene Reconstruction. We com-
pare with existing methods using three different modalities, namely Images
(RGB), Point clouds, and Transients. Our method achieves the best perfor-
mance across all compared approaches.

Method ‘ Modality ‘ CD [m] | Dist. Acc. [m] ] Recall [%] T
Gaussian Splatting [2023] RGB 2357 1.018 35.23
Mip-NeRF 360 [2021] + Marigold [2024] RGB 1.872 0.970 40.50
LiDAR-NeRF [2024] Point Cloud 1.379 0.704 40.26
NFL [2023] Point Cloud 1.827 0.485 41.35
TransientNeRF [2023] Transient 0.837 0.500 56.88
Flying-With-Photons [2025] Transient 0.826 0.493 56.72
Ours Transient 0.642 0.359 60.12

Table 2. Quantitative Results for Novel View Synthesis on Held-out
Poses. We compare our method to [2023] and [2025]. In addition, we show
an ablation with our approach, removing either the ambient modeling or
the optimization of sensor intrinsic, as the pulse estimation by removing
respective modules. Our approach improvements across ablations and ex-
ceeds reference methods by 10% PSNR and 51% SSIM.

Method | PSNR [dB] T SSIM T
TransientNeRF [2023] 39.15 0.373
Flying-With-Photons [2025] 50.02 0.600
Ours w/o ambient 49.67 0.515
Ours w/o pulse optimization 52.37 0.884
Ours 55.13 0.912

6.2 Novel View Synthesis

We also evaluate our method’s capability to render transients for
novel unseen views. At the unseen held-out poses, we evaluate
PSNR between the predicted waveform ig and the recorded signal
{p following [Malik et al. 2023], as well as SSIM between the 2D
time-integrated transient images obtained by averaging waveforms
across temporal bins [Godard et al. 2019]. As reported quantitatively
in Table 2, our model outperforms the next-best method[Malik et al.
2025] by more than 10% dB in PSNR. When evaluating on SSIM, the
gap increases to 51.9%, underscoring the superiority of our model in
recovering finer structures and spatial details. This can be attributed
to the fact that all previous transient-based neural reconstruction
approaches are inherently limited by their scene modeling and can-
not correctly represent the ambient light contribution, the normal-
incidence angle effect, or the high-flux regime cases. This can also
be observed in Figures 5 and 6, where the transients rendered by
Transient-NeRF and Flying-with-Photons cannot correctly handle
the ambient light component and high-flux occurrences, resulting
in distorted and blurry renderings.

6.3 LASSO-in-the-Loop Parameter Optimization

Recently, [Goudreault et al. 2023] have demonstrated the benefits of
optimizing LiDAR sensor and DSP processing parameters directly
for downstream applications. However, since LiDAR sensors typi-
cally restrict access to these parameters, they validated their method
in a simulated environment. In contrast, our disentanglement of
scene and sensor parameters enables direct optimization on cap-
tured real-world data. To demonstrate this, we use a conventional
argmax peakfinding algorithm [Behroozpour et al. 2017; Goudreault
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et al. 2023] with a noise floor threshold Vi, to extract point clouds
from waveforms {. We optimize laser power gmax and threshold
Vmnin for a high-fidelity reconstruction using LASSO in-the-loop.

Transient LASSO enables rerendering with a continuous parame-
terization for parameters, such as pulse shape, laser intensity, and
gain. This continuous parameterization yields a smooth and dif-
ferentiable loss landscape (see Figure 8), enabling optimization of
sensor and DSP hyperparameters using gradient-based methods. As
a result, our method supports principled, end-to-end sensor design
and configuration based on task-specific objectives. To demonstrate
this, we minimize the following cost function

Lopti = ¢1CD (O (gmaxs Vmin) » OGT) + ngrznax’ (27)

where CD is Chamfer Distance between extracted point cloud O and
ground truth Ogr. ¢; = 1 and ¢z = 0.2 are scalar weights. Details
for peak finding are provided in the Supplementary Material.

We evaluate the optimization on a sunny scene, as shown in Fig-
ure 8. Here, a lower Vi increases range, but introduces additional
clutter points from ambient light; raising laser power reduces clutter,
but incurs economic penalties as described in Eq. (27). Leveraging
our method, we can use a stochastic or gradient-based optimizer
to find an optimized set of parameters gmax and Vi that yields
an improved scene reconstruction of 1.169m CD (21.47%) over the
expert-tuned parameters (1.420m CD).

7 CONCLUSION

In this work, we introduce Transient LASSO as a novel neural re-
construction framework that leverages the rich spatio-temporal
cues of raw transient measurements for large-scale outdoor scene
reconstruction. As a test-time optimization method, the method
hinges on accurate modeling of the sensor intrinsic parameters,
namely pulse shape, optics distortions, and high-photon-flux re-
sponse, as well as the scene ambient illumination, reflectance, and
normals. Our method is capable of decomposing accurate geome-
try and appearance even in cluttered urban environments where
existing methods struggle, see Fig. 7. Beyond high-fidelity geometry
and reflectance, Transient LASSO enables downstream tasks such as
transient-guided super-resolution and automatic sensor-parameter
optimization. We hope that releasing our method will catalyze fur-
ther research on transient imaging and encourage the adoption of
time-resolved sensors in real-world graphics and vision applications
for outdoor long-range scenes.
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