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Fig. 1. Overview. We introduce Shoot-Bounce-3D (SB3D): a method to decompose temporal light transport in a scene from a single-view, single-shot
capture, enabling recovery of 3D geometry, despite specular surfaces and occlusions. (a) A single-photon lidar shoots light into the scene at multiple points
at once, referred to as multiplexed illumination. Some light reflects directly back to the sensor, while other light bounces multiple times first. The lidar
captures histograms containing photon intensity over time — known as transients. The multiplexed light mixes together in the transients. (b) We create the
first-of-its-kind simulated dataset of multiplexed lidar transients from ~100k scenes and use it to train a model to demultiplex two-bounce light. (c) Our model
enables single-shot 3D, including both dense metric depth and occluded geometry, in the presence of specular surfaces.

3D scene reconstruction from a single measurement is challenging, especially
in the presence of occluded regions and specular materials, such as mirrors.
We address these challenges by leveraging single-photon lidars. These lidars
estimate depth from light that is emitted into the scene and reflected directly
back to the sensor. However, they can also measure light that bounces
multiple times in the scene before reaching the sensor. This multi-bounce
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light contains additional information that can be used to recover dense
depth, occluded geometry, and material properties. Prior work with single-
photon lidar, however, has only demonstrated these use cases when a laser
sequentially illuminates one scene point at a time. We instead focus on
the more practical - and challenging — scenario of illuminating multiple
scene points simultaneously. The complexity of light transport due to the
combined effects of multiplexed illumination, two-bounce light, shadows,
and specular reflections is challenging to invert analytically. Instead, we
propose a data-driven method to invert light transport in single-photon lidar.
To enable this approach, we create the first large-scale simulated dataset
of ~100k lidar transients for indoor scenes. We use this dataset to learn a
prior on complex light transport, enabling measured two-bounce light to be
decomposed into the constituent contributions from each laser spot. Finally,
we experimentally demonstrate how this decomposed light can be used
to infer 3D geometry in scenes with occlusions and mirrors from a single
measurement. Our code and dataset are released on our project webpage.
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1 Introduction

Single-shot 3D scene understanding is a long-standing problem in
computer vision and graphics — critical to applications ranging from
autonomous vehicles to extended reality. However, recovering 3D in-
formation from a single RGB image is ambiguous: lack of multiview
correspondences makes metric depth estimation ill-posed, occlu-
sions must be hallucinated, and specular surfaces can be mistaken
as holes or “portals” in the scene. We present a machine learning
(ML) approach to leverage single-photon lidar for single-shot 3D
reconstruction in scenes with occlusions and specular surfaces.
Single-photon lidars — composed of a pulsed laser and a single-
photon avalanche diode (SPAD) sensor — shoot light pulses into
the scene and measure the time light takes to return to the sensor.
Similar to traditional lidar, time taken by the light directly reflecting
back from the scene - called time of flight (ToF) — encodes the depth
of illuminated points. However, single-photon lidars can also capture
the time taken by light that indirectly reflects — or “bounces” — to
other parts of the scene before hitting the sensor. In particular, single-
photon lidars measure time-resolved histograms, called transients,
in which multiple bounces of light appear as multiple peaks (Fig. 1a).
In our work, we focus on two-bounce light: light that has reflected
up to two times in the scene. Prior works use two-bounce light in
lidar transients to recover dense depth [Henley et al. 2022], occluded
geometry [Klinghoffer et al. 2024], and material properties [Henley
et al. 2023]. However, these works rely on lidars that scan the laser
sequentially over the scene, one point at a time. Instead, we consider
multiplexed illumination — meaning the scene is illuminated at
multiple points simultaneously. As a result, measured transients
have multiple peaks corresponding to multi-bounce light from all
illuminated points - causing prior work to fail. Our investigation of
multiplexed illumination is motivated by its use on high-resolution
SPADs [Henderson et al. 2019] found on consumer devices, such as
mobile phones, tablets, and headsets [4sense 2021; Allain 2022].
Extracting 3D information from transients with multiplexed illu-
mination is challenging due to the ambiguity in mapping peaks in
the transient to corresponding illumination points. In this work, we
demonstrate the potential of ML to address this challenge by demul-
tiplexing captured transients using data priors (Fig. 1b). While ML’s
application to RGB images has transformed the field of computer
vision, single-photon lidar has only recently emerged as a common
sensor on consumer devices — meaning large-scale datasets and
ML approaches do not yet exist. Yet, single-photon lidars capture
a rich set of features that RGB cameras cannot. We posit that by
harnessing these features, ML could enable a new set of abilities in
computer vision. Our work is intended as an initial step towards this
vision by (1) building the first-of-its-kind simulated multi-bounce
transient dataset on ~100k scenes, and (2) applying it to train our
proposed approach, Shoot-Bounce-3D (SB3D), that recovers metric
3D reconstructions, including in occluded areas and scenes with
specular surfaces — from a single-view, single-shot capture (Fig. 1c).
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SB3D consists of three steps. First, we estimate the two-bounce
time of flight (ToF) of each illumination point. To do this, we train a
model to estimate dense depth, which can be directly used to com-
pute the two-bounce ToF for each illumination point. However, not
all scene points are illuminated by each illumination point. Scene
points that are not illuminated are in shadow; thus, we next train
our model to estimate shadow maps for each illumination point.
Our model uses the earlier predicted two-bounce ToF for this step.
Finally, once both two-bounce ToF and shadows have been predicted
for each illumination point, we train an existing method for neural
reconstruction to learn 3D scene geometry, including in occluded
regions. Because our dataset contains specular surfaces, such as mir-
rors and windows, our method is robust to these everyday objects.
Interestingly, we find that the features learned to demultiplex two-
bounce ToF in the first step can also be used to accurately predict
specular segmentations. We posit this is a sign that the features may
be a generalizable representation for single-photon lidar. Dataset
and code will be released upon acceptance.

1. Data-Driven Demultiplexing: From a single-photon lidar mea-
surement of a scene illuminated at multiple points at once, we
propose a data-driven method to decompose the two-bounce signal,
enabling separation of two-bounce time of flight and shadows.

2. Occlusion-Aware 3D: We show that the demultiplexed two-
bounce ToF and shadows can be used for 3D reconstruction, enabling
occluded areas to be revealed, despite the presence of specularities.

3. Large-Scale Multi-Bounce Lidar Dataset: To enable the above
contributions, we introduce a dataset of ~100k simulated multi-
bounce transient measurements of indoor scenes. This dataset can
be used to drive future work in ML for single-photon lidar.

4. Generalizable Multi-Bounce Lidar Features: We find that our
demultiplexing model learns features that can be transferred to other
tasks, such as specular object segmentation, in simulation. This is a
step towards a generalizable multi-bounce transient representation.

Scope of this Work. While our work is motivated by the use of high-
resolution SPADs [Henderson et al. 2019; Kumagai et al. 2021] used
with multiplexed point illumination on consumer devices [4sense
2021; Allain 2022], we acknowledge that these sensors also introduce
a variety of practical challenges that are beyond the scope of this
work, such as cross talk, hot pixels, blooming, and dead time. Instead,
the purpose of our work is to (a) introduce a data-driven approach
to demultiplexing illumination in multi-bounce flash lidars, and (b)
show proof-of-concept results. We do not consider low-resolution
SPADs with diffuse illumination [AMS OSRAM 2023; Jungerman
et al. 2022]. We assume objects are purely specular or diffuse. While
high-resolution consumer SPADs continue to be developed, they are
not yet widely available off the shelf. As this technology continues
to mature, we expect our work to become increasingly relevant.

2 Related Work

3D from RGB. Recovering 3D information from a single RGB im-
age is ambiguous due to occluded geometry, specular surfaces, and
lack of correspondences. Recent foundation models for depth lever-
age large datasets, learning statistical correlations to address the
correspondence ambiguity [Bochkovskii et al. 2024; Guo et al. 2025;
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Fig. 2. Multi-Bounce Signals. Shoot-Bounce-3D leverages multi-bounce signals measured from single-photon lidar. Multi-bounce light encodes (a) dense
depth (from geometric constraints), (b) occluded geometry (from shadows), and (c) specular surfaces (from two- and three-bounce pairs), but existing
techniques assume a single scene point is illuminated at a time, scanning a laser over the scene. However, multi-bounce lidars on consumer devices instead use
(d) multiplexed illumination, meaning multiple points are illuminated at once causing existing methods to fail due to (1) lack of correspondence between
two-bounce peaks and illumination points, and (2) mixing of signals from (a), (b), and (c). To resolve these ambiguities, we employ a learning-based technique.

Ke et al 2024; Yang et a024a,b]. Di usion models are widely used

to generate 3D from a single image, including occluded geometry.

Data-Driven Methods for Single-Photon Lidar. There is a growing
interest in applying deep learning methods to single-photon lidar

Several methods generate novel views from an RGB image [Liu data. Prior works leverage direct bounce information in transients

et al 2023; Qian et aR024; Sargent et &2024; Tewari et aR023;
Yu et al 2024], though they often focus on objects and struggle in
scenes. Starting with Yu et g2021], many techniques incorporate
data priors in neural radiance elds (NeRF) [Mildenhall et 2021]

to learn 3D geometry from single or few images [Gao et2024;
Xu et al 2022]. However, NeRF often struggles with the challenge
of specular surface materials [Ma et &024; Tiwary et al2023;

Verbin et al 2024]. More broadly, specular surfaces cause ambigui-

ties, leading to portals being hallucinated. Work by He et f2021]
and Yang et al[2019] tries to address this by learning mirror and

for data-driven depth estimation [Lindell et 22018; Nishimura et al
2020; Peng et a2020; Plosz et a2023; Sun et aP020; Yang et al
2022; Zang et aR021], human pose [Ruget et 2022] and activity
recognition [Mora-Martin et al2024]. There are also works on non-
line-of-sight imaging from three-bounce transients that develop
simulated datasets [Chen et £020] and novel convolutional neural
network-based [Chen et a2020; Cho et aR024; Mu et al2022; Sun

et al. 2024, 2020; Zhu et.&023], transformer-based [Li et.&023;
Yu et al 2023] and motion-aware [Chopite et.&1025; Isogawa et al
2020; Ye et ak024] models. To the best of our knowledge, we are

glass segmentation from RGB. Despite the progress, each of thesethe rst to bring data-driven methods to two-bounce transients.

challenges remains an open problem; rather than relying on RGB,

we explore using single-photon lidar for scene-level 3D.

3D from Single-Photon Lidar. Single-photon lidars o er additional

cues for 3D understanding by capturing the distribution of light in-
tensity with travel time, called transients. Direct re ections encoded
in transients enable photon-e cient depth imaging [Gupta et.al
2019; Heide et aP018; Shin et a016]. Recent works also explore
multi-view lidar measurements for neural 3D reconstruction [Behari
et al 2024; Malik et al2024; Mu et al2024]. Three-bounce informa-
tion in transients has been extensively used for looking around cor-
ners using non-line-of-sight imaging [Ahn et a2019; Kirmani et al
2009; Liu et al2019; Maeda et 22019; O'Toole et aR018; Pediredla
etal 2019; Shen et 82024, Velten et aR012]. In this work, we focus
on two-bounce light which has higher signal quality than three-
bounce light due to one less scattering attenuation. Prior works
leverage two-bounce light for dense depth from sparse illumination
[Henley et al 2022], seeing behind occluders [Henley et24120] and
specular surface mapping [Henley et @023] but require sequen-
tially illuminating the scene one point at a time. Single-photon lidars
on consumer devices have multiplexed illumination [4sense 2021]

captured transients with mixed light contributions complicate 3D
understanding. Lin et a[2024] explore specular surface mapping
with multiplexed illumination, but require multiple measurements
from di erent viewpoints. Somasundaram et.gR023] explore oc-
cluded object imaging from multiplexed transients using an ana-
lytical approach. We leverage learning to demultiplex the captured
two-bounce transient to recover depth and occluded 3D geometry
in scenes with both di use and specular objects in a single shot.

3 Single-Photon Lidar Image Formation Model

The most common measurement model for lidar only accounts for
direct illumination: emitted light that directly re ects back to the
sensor. Any other returning light is due to indirect illumination
light that interacted with or originated from other parts of the scene
and is treated as ambient noise. However, the secondary light paths
from indirect illumination encode useful scene properties, and can
be more informative than direct paths. In this section, we show how
complex indirect illumination captured by lidar serves as a useful
cue for 3D scene geometry, occlusions, and specularity. The ToF
dimension is particularly valuable for light transport decomposition
when multiple scene points are illuminated simultaneously.

3.1 Multi-Bounce Light Transport

Indirect illumination in single-photon lidar arises due to multi-
bounce light paths. Multi-bounce paths occur when the illuminated
scene point becomes a virtual light source. A virtual source acts as a
light source by re ecting incident light from another source towards
other scene points [Henley et a2022]. In this work, a virtual light
source can either have isotropic or directional radiance, depending
on whether the scene point is di use or specular, respectively.

An =-bounce path is a light path that consists of exacturface
re ections before returning to the camera. An example of a multi-
bounce path is shown in Fig. 2a. A scene pointig illuminated
by the laser located at.xand imaged by the sensor located at x
The light that travels along the path.x! x1! Xz is referred to as
1-bounce light. Similarly, light that travels along the path!x x1 !
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Fig. 3. Method overview. Shoot-Bounce-3D (SB3D) performs 3D reconstruction from a single lidar measurement. The pipeline consists of three steps, each
with its own output. (a) First, from a measurement taken with multiplexed illumination (meaning multiple points in the scene are illuminated at once), SB3D

is trained to learn to predict depth allowing the 2-bounce time-of-flight (ToF) for each illumination point to be separated using ray geometries. Because our
scenes contain specular objects, we find the ToF encoder used for this step also learns features that enable specular object segmentation. (b) The predicted
2-bounce ToF is unprojected into histograms and used with the lidar measurement to estimate shadows. Using the 2-bounce ToF allows the network to learn
shadow transients, improving performance. (c) Finally, usin g the predicted 2-bounce ToF and shadows, PlatoNeRF can be trained for 3D reconstruction.

X2 ! Xz is referred to as 2-bounce light. The presence, pathlength, returning from the specular surface. The three-bounce pathlength
and bounce order (i.e., 1-, 2-, or 3-bounce) of multi-bounce light is will be longer than the two-bounce pathlength due to the triangle
indicative of the geometry and materials present in a scene. inequality theorem. A similar argument can be made for the case that
X1 is di use and x is specular, in which case 1-bounce light would
be observed from the di use surface and 2-bounce light would be
observed from the specular surface. The resulting property provides
a natural cue for detecting the presence of mirrors in a scene.

Depth. A key bene t of multi-bounce light is that a scene point
doesn't have to be directly illuminated to infer its properties [Henley
et al 2022; Klingho er et al2024]. Consider the illuminated scene
point x; and non-illuminated scene pointxshown in Fig. 2a. The
pathlength of the 1-bounce light can be used to infer the 3D position

of x1 using conventional time-of- ight techniques [Charbon 2014]. 3.2 ToF-Based Multi-Bounce Path Separation

Once the location of xis recovered, the location ofxcan be com- ~ TOF cameras, such as lidars, can measure the presence and path-
puted. The light travels a distance 8§ , 3 3 along the path x ! length of multi-bounce light, and separate di erent light bounces at

X2 ! Xo. This distance constrains the possible locations feta be a pixel due to their high timing precision (picosecond scale). These
on the surface of an ellipsoid, with foci atpand % and major axis lidars are now widely available on consumer devices, making them

length3; .3 ». We also know that ¥ must lie along the pixel viewing @ Promising sensing modality for occlusion-aware 3D.
direction. Taken together, these two constraints uniquely determine
the location of %. In this way, 2-bounce light can provide a physical
cue for depth even if the scene point isn't directly illuminated.

Single-Photon Lidar. A single-photon lidar system consists of a
pulsed illumination source and a 2D SPAD array. The SPAD array
consists o, = y pixels, and each pixel captures a temporal his-

Occlusions. Multi-bounce light can also probe parts of the scene togram of=; bins. The th bin of the histogram contains the number
that aren't directly visible to the camera. Consider the example in  of detected photons in the time interval: «1: | 1° ¥4, where is
Fig. 2b, where a bunny is behind an obstacle and therefore out- the temporal bin width of the sensor. The resulting SPAD measure-
side the camera's line of sight. Here, the presence or absence of menti2 R™* =y = tis a 3D data cube. There is alsegq =y, laser
two-bounce light measured atyds an indication of the presence  spot illumination grid within the eld of view of the camera, where
or absence of an object behind the occluder. If 2-bounce lightis =, = xand=y, = y. Prior works have shown that 3D geometry
absent at x (i.e., % is in shadow), then an object lies along the ray  and specular surfaces can be recovered from i when each laser spot
connecting % and x. By analyzing the two-bounce intensities (i.e., is illuminated sequentially [Henley et al. 2022, 2023].
shadows) along the entire surface on the right wall, the shape of
the occluded object can be inferred [Henley et al. 2020]. Multiplexed lllumination. In practice, single-photon lidars found

on consumer devices typically do not illuminate one laser source

Specular Surfaces. Auseful cue toidentify specular surfacesisthatt g time: they emit all laser spots simultaneously as shown in
light returning to the sensor from the specular surface will always  Fig. 2d. This multiplexed illumination produces an ambiguous signal
arrive after (i.e., have alonger pathlength than) light returningtothe  that integrates the contributions of all laser spots into a single
sensor from a di use surface. For example, consider the case where measurement. To recover scene properties, as discussed in Sec. 3.1,

the virtual source at x is specular, as shown in Fig. 2c. In this case, e must unmix the signal contributions from each light source.
2-bounce and 3-bounce light will be observed. The 2-bounce light

will travel along the path x I x3 ! X2 ! Xp, and corresponds Practical Challenges. Demultiplexing the contributions of each
to light returning from the di use surface. The observed 3-bounce virtual source is challenging because many of the multi-bounce
light will travel along the path x ! X3! Xx2! x1! xp, due paths will produce similar pathlengths, making inversion highly

to the geometry of specular geometry, and corresponds to light ill-posed. Analytical methods for demultiplexing based on linear
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a lower-dimensional quantity%x = y) and can subsequently be
used to compute the 2-bounce ToF for each laser spot. We train
an encoder-decoder to directly learn depth from i in a supervised
fashion. The loss for the depth network consists of a data delity
and an edge-aware smoothness regularization term:

L depth = L data, L smooth (N

Following prior work in depth estimation [Godard et 82017, 2019],
the data delity term consists of a weighted combination of SSIM

' . ) ) [Wang et al. 2004] and an L1 loss
Fig. 4. Shadow Transients. We leverage the idea of shadow transients to

improve network training for shadow demultiplexing. The key idea is to L gata= U1 SSIM238Y0 L1 Uoj3 éﬁl, )
estimate the light that never reached the sensor due to the object casting a
shadow. In the top row, there's no object, so the shadow transient is empty. where3 is the ground-truth depth3'is the predicted depth, andis a
In the bo om row, two of the three light paths are blocked, so only one peak  weight hyperparameter. We s&t=0"15 as in past work [Godard et al
shows up in the measurement. The shadow transient, on the other hand, 2017]. We also nd that an edge-aware smoothness loss provides a
measures the two light sources that were blocked by the occluded object. In slight improvement in accuracy. This loss encourages the predicted
practice, the calibrated capture is estimated from the data, not measured. depth to be smooth without blurring edges [Godar(fl et2017]. We
As a result, the calibrated capture is input to the network with the measured use the time-integrated transient measuremeple=' iDs E+ GO
histogram to prevent errors due to inaccurate shadow transient estimation.

obtain an estimate of the edges because we don't have access to an

models [Somasundaram et 2023] and heuristic algorithms [Hen- ~ RGB image. The resulting loss is

ley et al 2023; Lin et al2024] are based on simpli cations of the Vv 0 . o . o )
underlying light transport that do not generalize to natural scenes. L smooth = 2~ jradp.ge!™e 08 jm.3p.gel™- 08, (3)
Our key insight is to use a data-driven approach that can learn DE

features directly from the physically-constrained, but di cult to where®).= 31D+ E%g andm are the gradients of the depth and
model, cues present in transient measurements. intensity images, and V is a hyperparameter which we set td 10
From the predicted depth, we compute the 2-bounce time-of- ight

4 Data-Driven Demultiplexing from Two-Bounce Lidar for each illumination spot, assuming no occlusions

The key challenge that we must solve to leverage multi-bounce
light transport in single-photon lidar is demultiplexing illumina- G IXg XDE X * X° =
tion. Each laser spot will result in a complex mixture of shadows,
specular re ections, and multi-bounce re ections. The presence of where » 2 R3 is the location of theh virtual source (known from
multiple laser spots during illumination will further complicate the 1-bounce) and g2 R2 is the location of the scene point imaged
light transport during capture. The demultiplexing problem entails by pixel D+ E®, which can be computed via depth unprojection.
determining the light transport caused by each individual laser spot.
In practice, directly reconstructing the per-laser-spot transient 4.2 Demultiplexing Shadows

is challenging. Instead, we break the problem into several substeps We use the shadows cast by the hidden objects from each illumina-
based on the intuitions in Sec. 3.1. First, we predict the depth of tjon spot as the cue for occlusions. Therefore, we aim to recover a
the visible scene using a neural network (Sec. 4.1). From predicted set of binary shadow maskiss; ™" o, O where § 2 R*x=v, for
depth, we estimate separate 2-bounce ToF for each laser spot by each illumination spot from the multiplexed measurement i.
tracing the distances:x! xg! xp.e! X for all laser spots ¥ We nd that directly training a model to learn=, =, shadow
and scene pointspxe For this step, we assume is known from 1- magis from the multiplexed measurements, similar to the approach
bounce light. Second, we combine the predicted 2-bounce ToF with i Sec. 4.1, does not work well. Conditioning the input on the laser
the multiplexed measurement to estimate the individual shadows  gpot index similarly does not work well. One possible explanation
caused by each laser spot (Sec. 4.1). Finally, we combine the 2-bouncqor poor performance with this approach is due to the inconsistency
ToF and shadows to reconstruct the 3D scene. Demultiplexing is petween the network input and output. The input multiplexed mea-
performed in a data-driven manner, and nal reconstruction is per-  syrements measures the net amount of light arriving to the sensor
formed via neural rendering. The pipeline overview is in Fig. 3and  from all illumination spots. The output shadow masks, on the other
implementation details, such as architecture, are in the supplement. pang, predicts the absence of light from each illumination spot.

. . ) ) To handle this misalignment, we modify our input based on
4.1 Demultiplexing Two-Bounce Time-of-Flight the concept of shadow transients [Somasundaram.@0@3]. The
The 2-bounce ToF of light from individual laser spots is useful shadow transientdnhadowWas used in prior work to linearize the
for obtaining the visible scene geometry. Predicting the ToF of forward model for 2-bounce occluded imaging [Somasundaram
each laser spot individually, however, is challenging due to the et al 2023], and helps align the network input and output in our
high dimensionality of the output data structures{ = = x=y,). case. Shadow transients measure the multi-bounce light that doesn't
Instead, we use depth estimation as a proxy task. The depth is reach the sensor due to obstructions from the occluded objects. The

iXg X :j,JXDeE X g , JXDeE X 2]
S ,

“
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