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1 ADDITIONAL DETAILS ON METHOD AND TRAINING
In this section, we present more details about our algorithm, including model architecture and training.

1.1 Training Details
In this section, we further describe the training process. We train the proposal network fp, the geometry and the
appearance networks fg, fa, together with the spatial embedding 54 for 200,000 steps, jointly optimizing the the
hardware-specific parameters. These parameters include the per-pixel offset op, the pulse shape 6̂, as well as the
high-flux response ℎ̂.

The total training loss is defined as:

L = E1L1 + E2L6 + E3L= + E4L0 + E5L〈, (1)

where E1 = 1.0, E2 = 0.5, E3 = 0.1, E4 = 0.1, E5 = 0.1.
The first 1,000 steps are used as a warm-up phase, during which only the density field fgo is optimized using

the loss L6. This bootstrapping strategy helps prevent early entanglement between geometry and appearance,
thereby avoiding poor local minima.
For the reflectance regularization loss L0 , we sample &G uniformly from the interval (−10−3, 10−3)3 and

gradually reducing it to zero over 10,000 iterations.
The high-flux mask B is obtained by evaluating each pixel for saturation, as waveforms from retroreflectors

exhibit a characteristic initial peak that saturates the LiDAR’s dynamic range, as described by Fig 3 and Fig. 5.

1.2 Network Details
Next, we outline the network architecture underlying our model. Following the approach of [Müller et al. 2022],
we map each 3D spatial location x to a hash-encoded representation, which serves as input to the subsequent
multi-headed field networks 56 and 50 , modeling respectively the geometry and the appearance of the scene. Each
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network is implemented as a shallow, fused MLP, whose detailed architecture is shown in Tables 1-3. The hash
encoding comprises 16 levels, each with 2 features, and supports a maximum resolution of 2048.

Field 54

Layer # Layer Type Activation Input Shape Output Shape

0 Linear ReLU ℎ0Bℎ38< 128
1 Linear ReLU 128 128
2 Linear ReLU 128 128
3 Linear ReLU 128 j38<

Table 1. Architecture of the MLP 54 .

Here, j38< = 20 denotes the dimensionality of the spatial embedding 6 . The volumetric density and normal are
then inferred using the spatial embedding 6 and the encoded spatial position W (x) with dimension W38< = 10The
architecture of 56 is detailed in Table 2. We employ a truncated exponential as activation for 56> for the density.
We add a trainable bias to the output of 56= , which initializes all normals as upright, which helps with stability
during training. We employ no activation for 56= , but afterwards normalize them to unit vectors.

Field 56

Layer # Layer Type Activation Input Shape Output Shape

0 Linear ReLU j38< 128
1 Linear ReLU 128 128
2a Linear ReLU 128 1
2b Linear None 128+W38< 3

Table 2. Architecture of the MLP 56 . For 56= the output dimension is 3, for 56> the output dimension is 1

Similarly, the field 50 receives as input the spatial embedding j and the encoded spatial position of dimension
W38< . The architecture is detailed in Table 3.

Field 50

Layer # Layer Type Activation Input Shape Output Shape

0 Linear ReLU j38< + W38< 128
1 Linear ReLU 128 128
2 Linear ReLU 128 128
3a Linear Sigmoid 128 1
3b Linear Sigmoid 128 1
3c Linear Sigmoid 128 1

Table 3. Architecture of the multiheaded MLP 50 .
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Fig. 1. Ground Truth Point Cloud Generation. We create the ground truth point cloud by first aligning the FWL sensor
point cloud within the dense ground truth (GT) scan using an Iterative Closest Point (ICP) algorithm. After removing hidden
points due to scene occlusions, we do ray tracing to identify all points of the GT scan that lie within the diverging laser beam.
These points are then clustered to obtain the final ground truth point cloud.

2 EVALUATION DETAILS

2.1 Ground-truth Point Cloud Generation
To evaluate the scene reconstruction, we generate a dense ground-truth point cloud from the reference Velodyne-
VLS 128 LiDAR. More in detail, we accumulate LiDAR scans captured by a Velodyne-VLS 128 across different
timestamps into a single point cloud that we align using Kiss-ICP [Vizzo et al. 2023]. The resulting dense point
cloud is our ground truth, which we project into the field of view of the SPAD LiDAR sensor. An overview
of the ground truth generation is shown in Figure 1. In the following, we describe the steps we followed. The
ground-truth pipeline closely follows the one introduced by [Scheuble et al. 2025].

Calculating the Pose. We employ KISS-ICP also on the sensor-derived point clouds from the SPAD lidar. Due
to the noisier point clouds of the SPAD LiDAR, we refine the poses extracted this way. Using a distance criterion,
we find the closest match (the best fitting pose) between the SPAD LiDAR and GT LiDAR poses. We repeat this
process for every pose of the SPAD LiDAR and extract a refined pose )initial ∈ R4×4, which is subsequently used
as a starting point to project the dense ground truth in the SPAD LiDAR FoV.
Aligning the Point Clouds We further refine )initial by aligning the SPAD LiDAR point cloud using the

standard Iterative Closest Point (ICP) algorithm from Open3D [Zhou et al. 2018] with the dense GT, obtaining
the transformation TICP ∈ R4×4.

Removing Hidden Points Each ground truth point cloud includes points that are not visible from the current
pose of the SPAD sensor at a given position due to occlusion by the scene elements. We removed these ”hidden
points” from the ground truth. We achieve this by projecting the full aggregated and aligned ground truth
point cloud into the sensor’s field of view using the TICP transform, then we leverage the algorithm of Katz et
al. [Katz et al. 2007]. This gives us a dense ground truth scan Oremoved with shadow areas behind objects that are
non-transparent, as shown in Figure 1.

Estimating NormalsWe use surface normals for later processing. We obtain such normals using the technique
from Open3D [Zhou et al. 2018]. This enriches each point with normal information, leading to Oremoved+normals.
Ray TracingWe do ray tracing by taking into account the diverging LiDAR beam and considering the view

direction to the ground truth point cloud Oremoved+normals. So, for each viewing angle v<,= ∈ R3 for all points
o ∈ Oremoved+normals within the cone of the diverging LiDAR beam. In particular, we add points o to the set O<,=
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Fig. 2. Full waveform LiDAR. Display of the LiDAR sensor used for our full waveform data recording.

so that O<,= =

{
o if v)<,=

o
| |o | | > cos Wdiv

}
with Wdiv being the emitted LiDAR beam’s divergence. We get a set of

points O visible from all pixels by computing O<,= for all pixels (<,=).
Normal-based Clustering Due to the beam divergence, the point cloud generated by O likely often contains

clusters of points at distinct distances. This phenomenon is illustrated in Figure 1, where the diverging beam
simultaneously strikes both a pedestrian and a car, resulting in two separate clusters—one composed of a single
point and the other of two points. Since the number of clusters is generally unknown in advance, we employ the
widely-known DBSCAN [Ester et al. 1996] clustering algorithm, which does not require specifying the number of
clusters beforehand. However, DBSCAN relies on a few key parameters that need to be set: the maximum distance
threshold 3DBSCAN to determine whether points belong to the same cluster and the minimum number of points
to form a new cluster. We observe that a fixed threshold is inadequate for 3DBSCAN, as points on upright objects
(e.g., tree trunks) are typically closer together than those on flat surfaces such as the ground. This variation arises
because the effect of beam divergence increases as the angle between the viewing direction v<,= and the surface
normal n<,= becomes more orthogonal. To address this, we adopt a dynamic threshold that adapts based on the
surface normal n<,= ∈ R3 as:

3DBSCAN<,= =
2 tan Wdiv max

{
| |o| | if o ∈ O<,=

}
n)<,=v<,=

. (2)

Considering our LiDAR domain, this equation can be seen as the approximation of the pulse width of the LiDAR
pulse returning to the sensor. Following this analogy, upright objects lead to shorter pulse widths, and areas
nearly parallel to the sensor rays (e.g., ground) lead to longer pulse widths.
Centroid Distances Computation After following the procedure, we obtain clusters for all points o. Then,

for every pixel, we calculate the median distance to every cluster, thereby computing ground truth distances. We
map these distances to 3D, where we obtain the final multi-echo point cloud OGT. Figure 1 shows on the right
such a multi-echo ground truth point cloud.

3 PROTOTYPE LIDAR SENSOR
Figure 2 shows the MOVIA™ L LiDAR sensor used in our experiments. It is an automotive-grade, solid-state
full-waveform LiDAR (FWL) sensor that digitizes the complete optical return waveform during acquisition. The
sensor integrates two focal plane arrays: a VCSEL array for emission and a SPAD array for detection. Both arrays
have matching dimensions, enabling the use of a shared optics tube in a bi-axial configuration. Emitter–receiver
pixel pairs are sequentially activated, enabling electronic scanning of the field of view without any moving parts.

In its default configuration, the sensor discards waveform data after transferring the point cloud and additional
metadata to downstream processing. For our experiments, we reconfigure the sensor to stream full waveform
data via a debug interface.
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Fig. 3. (a) Measurement in high-flux conditions. Our sensor can capture multiple returning photons within a single cycle.
After detecting the first photon, the sensor enters a dead time )dead, during which subsequent photons are registered with
reduced probability. In scenes with retroreflective materials, this behavior results in a pronounced primary peak, followed
by a secondary peak due to delayed detections after )dead. We overlay the measured waveform with the emitted pulse
6 and illustrate photon detections across multiple laser cycles, highlighting this temporal structure. (b) Measurement in
nominal low-flux conditions. In this regime, the probability of multiple returns within a cycle is negligible. Each SPAD in our
free-running FWL system integrates returning photons across # consecutive pulses, registering both signal and ambient
light photons. By aggregating all trigger events per bin : over the # cycles, a stable waveform Z emerges in which the object
becomes visible without saturation effects. Unlike in high-flux scenarios, the dead time )dead does not distort the waveform.

3.1 Measurement Principle in Low-Flux Conditions
Figure 3(b) illustrates the sensing principle under nominal low-flux conditions. For each pixel (<,=), the sensor
emits # consecutive short laser pulses 6 over cycles I ∈ 1, . . . , # . Photons reflected from the scene, along with
ambient light photons, arrive at the detector and may trigger the SPADs. Since the total acquisition time ) is
much shorter than the ambient variation timescale )0 , we assume constant ambient flux 0(C) ≈ 0 over the #
cycles.

The SPADs operate in free-running mode [Tontini 2024], meaning they can detect multiple photons per cycle.
Each detection generates a timestamp g (I )4 via a time-to-digital converter (TDC), and after each trigger event, the
SPAD enters a dead time )dead during which it is inactive. Because of the asynchronous design, detections can
resume within the same cycle after )dead.

By aggregating all timestamps into temporal histogram bins : across the # cycles, we obtain the waveform Z .
This accumulation forms a stable waveform in which the object peak becomes visible, even in the presence of

ambient noise. Unlike first-photon LiDAR systems [Gupta et al. 2019], which record only the earliest trigger and
suffer from pile-up effects, our FWL captures a more faithful response. As shown in Figure 4, increasing sunlight
only raises the noise floor without obscuring the object signal.
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Fig. 4. Illustration of the ambient light contribution for three scenarios: moon-lit night, overcast day, and direct sunlight.

3.2 Measurement Behavior in High-Flux Conditions
In real-world outdoor environments, the low-flux assumption often breaks down. Strong reflectors, such as traffic
signs or retroreflective tape, return a burst of photons within a very narrow time window, potentially saturating
the SPADs. Figure 3(a) depicts the sensor’s behavior under high-flux conditions, such as with retroreflective
targets. In these high-flux conditions, the sensor’s free-running SPADs enter a dead time after the first detection
and fail to register subsequent photons immediately.

The first detected photon consistently triggers a response, creating a sharp, narrow peak. Subsequent photons
arriving within the dead time)dead are ignored, and those arriving afterward are detected with reduced probability,
forming a secondary peak. This non-linear response—specific to free-running SPADs under saturation—is clearly
visible in the waveform, and we model it by learning a custom scene response ℎ̂ described in Eq. 20 of the main
document.
Our modeling of the estimated total photon flux in Eq. 20 assumes that low- and high-flux returns are

distinguishable by a threshold �) . This assumption is validated with Fig. 5, where the distribution of the intensities
in a captured scene is shown over the measurable intensity range (0–1). High-flux returns saturate the detector,
contributing only to the rightmost side of the histogram in Fig. 5. However, the majority of peaks are from
low-flux returns that contribute to the left side of the histogram. In contrast, almost no peaks are in the center
of the LiDAR’s intensity range. This clear separation enables the usage of threshold �) in the modeling, as the
measurements do not approach this �) but stay either well below or well above it.

3.3 Noise Modeling
In the low-flux regime, the measured waveform Zp can be described as a random variable with respect to _p. As
described in the main document in low-flux conditions, the response Z !p is modeled as a per-bin-independent
Poisson distribution[Pediredla et al. 2018; Rapp and Goyal 2017] of _p, that is

Z !p [:] = Poisson(_p [:]), (3)

allowing us to use the observed sensor signal as unbiased supervision for our model.
In 3.2 we introduced the learned scene response ℎ̂, which allows to approximate Z�p from the main document

which was defined as,

Z�p [:] = P
(∫ (:+1)Δ

:Δ
ℎ(C ;Θ)X

(
C − 2

3

2

)
+ 0p 3C

)
. (4)

Our approximation therefore, becomes,

Z�p [:] = (ℎ̂ ∗ F) + Ap + W, (5)
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Fig. 5. Intensity distribution in high- and low-flux conditions. Peaks of high-and low-flux conditions are clearly separable.
Most peaks belong to the low-flux regime, as shown on the left side of the histogram. High-flux peaks saturate the intensity
range of the sensor (1.0) and contribute to the rightmost part of the histogram (zoom-in). As low- and high-flux regions are
clearly separable, this motivates introducing the threshold �) .

with F from Eq. 19 in the main document and W being a normally distributed random variable modeling the
standard deviation in high flux.

4 PEAK-FINDING
We employ conventional argmax DSP peak-finding to emulate on-device waveform processing as shown in Fig. 6.
Inspired by [Goudreault et al. 2023], the peakfinding ingests waveforms Z for each ray individually. First, matched
filtering by convolving the waveform Z with the measured emitted laser pulse 6 is used to increase signal-to-noise
ratio, yielding the filtered waveform Zfilt. Then, the contribution of ambient light is removed by subtracting the
noise floor, approximated with the median. Next, a distance 3 ′ is identified by employing an argmax operation on
Z ′filt to identify the highest peak. The height of the peak - the intensity - is denoted with � ′. We then threshold
with the intensity threshold +min and only keep distances 3 with an intensity value above this threshold. As a
result, the conventional DSP can suppress points in sky regions.

Matched Filtering Thresholding

Ambient
Light Removal argmax

Fig. 6. Peak-Finding applied to the waveform captured with our full waveform SPAD lidar to derive sensor-derived point
cloud. The peakfinding algorithm ingests the waveform Z and searches for the highest peak to estimate the distance 3 to a
target.
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5 METRICS
We perform evaluations of the reconstruction on a pointcloud level. To this end, we compare the predicted
pointclouds Opred with the projected GT pointclouds OGT. We detail the Chamfer Distance, Distance Accuracy
and Recall metrics used in the main paper in the following.
Chamfer Distance (CD) is given by

CD(Opred,OGT) =
1

=pred

=pred∑
8

‖o8 − NN(o8 ,OGT)‖ +
1

=GT

=GT∑
9

‖o9 − NN(o9 ,Opred)‖, (6)

where o8 ∈ R3 is a point in the predicted pointcloud Opred and o9 ∈ R3 is a point in the ground truth pointcloud
OGT =GT and =pred denote the number of points in the predicted and ground truth point clouds. The nearest
neighbor function NN is defined as

NN(o,O′) = argmino′∈O′ ‖o − o′‖, (7)

for an arbitrary point o and a point cloud O′.
The Distance Accuracy is defined as a one-sided CD, given as

Distance Accuracy(Opred,OGT) =
1

=pred

=pred∑
8

‖o8 − NN(o8 ,OGT), (8)

for a point o8 in the predicted pointcloud.
Recall of the predicted point cloud is calculated to estimate the ratio of the scene that is correctly reconstructed.

To this end, we must classify whether a predicted point is a true positive. We do this by searching for a nearest
neighbor in the GT pointcloud, defined by

NN(opred,OGT) < 3true, (9)

where 3true = 40cm. False negative points are classified by evaluating whether a ground truth point has a predicted
point in its neighborhood, such that

NN(oGT,Opred) >= 3true . (10)
By counting the number of true positive and false negative points, Recall is calculated using the standard formula.

6 BASELINES
We train all baselines with their default training settings. For TransientNerF [Malik et al. 2023], we replace
the required convolution kernel in their image formation model with the true measured pulse 6̂ to ensure fair
evaluation. Pointcloud-based reconstruction methods ingest the sensor-derived point clouds after peakfinding
(see above) as detailed in Fig. 8 (Main). We train [Huang et al. 2023] and [Tao et al. 2024] using the pointcloud
extracted from the transient measurements through [Goudreault et al. 2023]. The RGB based methods have
instead been trained with captures acquired using the reference RGB camera presented in Sec. 5 (Main) and
visualized in Fig.3 (Main). We run COLMAP to extract camera poses that we use during the optimization.

7 ADDITIONAL RESULTS
We show in Fig. 7 additional comparison results of our method against the employed baselines for scene
reconstruction tasks. Specifically, we show distance maps for the different scenes presented in Fig. 8 (Main) for
improved comparisons. As can be seen in the figure, our method achieves more accurate depth reconstruction
compared to the baselines. The distance map visualization reveals that our method enables superior reconstruction
results. It produces dense distance maps, while peak finding and NFL suffer from large regions, especially on the
ground, that remain insufficiently reconstructed.
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Fig. 7. Qualitative comparison of predicted depth maps, row-wise, for our proposed method (Transient LASSO) and recent
baseline methods. For the corresponding point cloud visualization, we refer to Fig. 8 of the main manuscript.

8 ADDITIONAL ABLATION EXPERIMENTS
We include additional ablation experiments and report them in Tab 4. Specifically, we train our proposed method
without different losses, namely the ambient light consistency and the retroreflector losses, as well as varying the
size of the embedding j . Notably, our final configuration of losses and network hyperparameters achieves the
best performance.

Method CD [m] ↓ Dist. Acc. [m] ↓ Recall [%] ↑
w/o L0 0.831 0.512 56.77
w/o Lℎ 0.657 0.410 58.72
j38< = 10 0.663 0.386 59.12
Final 0.642 0.359 60.12

Table 4. Quantitative ablation results of our method for 3D scene reconstruction.
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