




Conv. Opti. Multi. Uni. Ours
DSP [60, 74] [39, 73] [55, 56]

Data-Driven 7 7 3 3 3

Neighborhood 7 3 3 3 3

Multiple Echoes 3 (3) 7 7 3

Full Res. 3 3 7 7 3

Real-Time 3 7 (3) (3) 3

Sensing Scenario

Low-SNR 7 3 3 3 3

Scattering 7 (3) (3) (3) 3

Blooming 7 7 (3) (3) 3

Long-Range 3 3 (3) 3 3

Table 1. Transient Imaging and Lidar DSPs. Each criterion is
fully 3, partially (3), or not 7 met. We compare conventional
(Conv.), optimization-based (Opti.), learned multimodal (Multi.),
and unimodal (Uni.) DSPs with the proposed method.

function as waveform denoising methods, supervising with
a pseudo ground truth waveform using a Kullback-Leibler
(KL) divergence loss and reconstructing distance with an
argmax operation. This limits them to a single distance per
waveform and lacks supervision in sky regions where no
objects are present. In contrast, the proposed DSP treats
reconstruction as a classification problem, distinguishing
between empty and occupied areas, followed by distance
regression. This enables multiple peak detection and proper
handling of sky regions. While unimodal DSPs in [56, 76]
also consider multiple returns, they assume only one peak is
valid, which is reasonable for kilometer-range applications
where the beam divergence of a single emitted beam causes
returns on multiple receiver pixels, but is not suitable for
autonomous driving.

Full Waveform Lidar Sensors find various applications
in, e.g., airborne systems for geoscience [24], archaeology
[12], and forestry [57, 83], and non-line-of-sight imaging
[47, 62, 68]. The benefit of FWL data in adverse weather
conditions, where conventionally estimated point clouds
suffer from scattering, has been investigated by [58, 66, 82].
Recent works also demonstrate that it is possible to recover
neural radiance fields from FWL data [33, 43, 44]. The FWL
in our work acquires waveforms by recording timestamps
of SPAD trigger events in histograms via Time-Correlated
Single Photon Counting (TCSPC) [1, 10, 49] across multiple
pulse emission cycles. Following prior work, the SPADs in
our sensor operate in free-running mode [28, 72, 85] with
asynchronous acquisition [18, 78], enabling multiple photon
detections per cycle. Unlike first-photon methods [32] that
deactivate after initial detection until the next cycle, the
free-running mode allows detection of photons from objects
even after initial triggers from high ambient light, preventing
pile-up distortions mentioned in other works [23, 27].

3. Sensing Forward Model
In this work, we employ a sensor with a 2D SPAD array
capturing full waveform data via TCSPC sensing.
General Forward Model. We model full waveform sensing
using the transient photon flux ψ incident on the sensor
following [29, 50]. For an idealized pixel (i, j) illuminating
a single opaque point, the photon flux is given as

ψi,j(t) =

Z 1
0

g(τ)Hi,j(t� τ)dτ + ai,j(t), (1)

where g(t) is the temporal shape of the laser pulse, Hi,j

is the transient scene response and ai,j(t) accounts for am-
bient photon flux. The lidar illuminates the scene with N
sequential laser pulses g and records trigger events from
arriving photons within a time bin k 2 [0..T � 1] to build up
the measured waveform histogram κ, where T denotes the
number of temporal bins. Building on Eq. (1), the photon
detection rate λ in bin k for N pulses can then be modeled
as the quantized version of the photon flux by

λi,j [k] = µ

Z (k+1)�

k�

ψi,j(t)dt, (2)

where � denotes the temporal bin width and µ 2 [0, 1] is the
photon detection probability [63]. The captured waveform κ
is modeled as a random variable drawn from the probability
distribution P characterizing the sensor response as

κi,j [k] � P (λi,j), (3)

that is an integer number representing the number of trigger
events per k. Since the distribution P depends on the photon
rates across all temporal bins, the sensor response inherently
models temporal correlations between neighboring bins [23,
64]. In the following, we analyze both low and high-flux
conditions before introducing a model for fog, see Fig. 2.
Low-Flux Transients. In the low-flux regime, we adopt the
multi-peak model from Goudreault et al. [17] to simulate
diverging laser beams. We discretize the scene into a grid
of points at distances d 2 RaH�aW by ray-tracing with
the view direction for every pixel (i, j), where a denotes an
integer upsampling factor. Following Rasshofer et al. [65],
the scene response of a single point object at di,j is given by

Hi,j(t) =
ρi,j
4d2

ij

δ

�
t� 2

di,j
c

�
, (4)

where ρi,j denotes the incident angle dependent reflectivity,
c the speed of light, and δ a Dirac pulse. Substituting Eq. (4)
into Eq. (1) yields the photon flux

ψi,j(t) =
ρi,j
4d2

ij

g

�
t� 2

di,j
c

�
+ ai,j(t). (5)

As indicated by Fig. 2f), due to beam divergence, the pulse
g can hit multiple objects, producing a multiple-peak wave-
form. Following [17], this is modeled as a linear combination
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Figure 2. Transient Waveform Lidar Forward Model. Full waveform lidar sensing is modeled by distinguishing between low-flux (a)
and high-flux returns from retroreflectors (b). In low-flux conditions, a multi-peak waveform κm,n at pixel (m,n) is simulated from a
supersampled scene [17]. For pixels illuminating retroreflectors (c), waveform distortions and multipath effects from sensor reflections are
considered to model high-flux FWL sensing. Pixels (u, v) that do not illuminate retroreflectors directly (d) might be affected by blooming
effects, due to sensor-internal scattering. Realistic fog transients (e) are simulated by adapting [19, 25]. For scene geometry, reflectivity, and
ambient light, we extract a supersampled scene, denoted with indices (i, j), from CARLA (f) to enable training data generation.

of neighboring transients from a supersampled scene. Specif-
ically, for a pixel (m,n) in the H�W SPAD array, the flux
ψm,n is computed by downsampling transients in the spatial
neighborhood around (m,n), such that

ψm,n(t) =
X

i,j2N (m,n)

Ki,jψi,j(t), (6)

where N defines the a � a spatial neighborhood and Ki,j

the spatial intensity profile of the beam.
In low-flux conditions, when the number of expected

photons per pulse is smaller than one [32], each bin k of
waveform κm,n can be modeled independently as a Poisson
random variable [54, 60, 63], simplifying Eq. (3) to

κm,n[k] � Poisson

 
µ

Z (k+1)�

k�

ψm,n(t)dt

!
. (7)

High-Flux Transients. In high-flux conditions, bins k
are no longer independent due to SPAD dead time [23, 61].
We model high-flux returns from retroreflective materials,
such as traffic signs. Other high-flux effects like pile-up
from strong ambient light (see [23]) are mitigated by operat-
ing our free-running SPADs in asynchronous mode [18, 78].
As shown in Fig. 2c), high-flux returns immediately trigger
events at t0 in early segments of the returning pulse g, in-
ducing a steep primary peak f prim. After a brief dead time
T dead, the SPADs are reactivated and detect subsequent pho-
tons. Since T dead � 3-5ns is shorter than the pulse length
T g � 10ns, photons immediately trigger additional events
from time t0 +T dead onward, forming a secondary peak f sec.
However, detector non-idealities, such as slow voltage ramp-
up after quenching [11], prevent SPAD recovery in every
cycle, reducing detection probability for photons arriving
during t 2 [t0 + T dead, t0 + T g]. Moreover, the secondary
peak decays due to a combination of varying dead times of
the SPADs per pixel and fall-off of the emitted pulse in later

segments. We model the primary peak f prim as Gaussian
and the secondary peak f sec with an exponentially modified
Gaussian distribution, such that

κ0m,n[k] =f prim(k, dm,n, θ
prim)+f sec(k, dm,n, θ

sec), (8)

where θprim and θsec parameterize the shape of both pulses.
We refer to the Supplementary Material for more details.

With high-flux returns, we observe returns that reflect
off the sensor front cover, travel back to the object, and
register as a multipath peak at double the distance, as shown
in Fig. 2c). To model multipath effects, Eq. (8) is extended
as

κ00m,n[k] = κ0m,n[k] +
r

d2
m,n

g0
�
k � 4�

dm,n

c

�
, (9)

where r denotes the reflectivity of the retroreflector and g0

the quantized pulse by �. Integer quantization and clipping
to model saturation of κ00m,n yields the final κm,n.

Highly reflective targets affect not only directly illumi-
nated pixels, but also neighboring ones, as photons scat-
ter within the sensor and illuminate adjacent SPADs (see
Fig. 2d). This effect, known as blooming, generates false
positive points around high-reflectance areas with exponen-
tially decaying intensity as the distance from the target in-
creases [15]. To model blooming, for each pixel (u, v) not
illuminating a retroreflector, the point pbloom

u,v at the intersec-
tion of the ray and the plane containing the high-reflectance
region is determined. Then, the Euclidean distance dsign

u,v

between pbloom
u,v and the closest point on the retroreflective

target along line u is computed. Due to the line-wise readout
of our FWL, blooming effects are independent for each line.
Finally, the flux from indirect illumination generating the
blooming is computed as

ψbloom
u,v (t) = f bloom(dsign

u,v)g

 
t� 2

kpbloom
u,v k
c

!
, (10)
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SNR 0 – ∞ 0 – 2 2 – 4

Method CD [m] ↓ Recall [%] ↑ CD [m] ↓ Recall [%] ↑ CD [m] ↓ Recall [%] ↑

Sy
nt

he
tic Conv. 0.648 81.15 2.355 37.81 0.682 88.99

Lindell [39] 1.146 71.27 2.301 44.70 1.036 76.33
Peng [56] 0.749 78.18 1.249 58.13 0.898 82.08
Proposed 0.397 87.79 1.140 64.07 0.421 91.81

C
le

ar

Conv. 0.626 81.52 1.294 52.65 0.402 94.74
Lindell [39] 1.098 80.69 1.793 65.77 0.702 81.57
Peng [56] 0.505 88.87 0.659 78.79 0.501 86.74
Proposed 0.307 92.57 0.428 85.18 0.266 95.44

Fo
g

Conv. 2.199 36.62 2.912 23.13 0.539 94.15
Lindell [39] 4.711 40.93 5.293 31.99 2.165 73.68
Peng [56] 2.326 68.27 2.700 62.30 0.528 88.43
Proposed 1.110 73.78 1.265 68.43 0.499 94.35

Table 2. Quantitative Results. Existing transient imaging meth-
ods [39, 56] improve reconstruction in low SNR (0–2) scenarios.
At high SNR (2–4), their denoising strategy offers no advantage
over conventional peak finding (Conv.). The proposed neural DSP
outperforms baselines across all SNR ranges and excels in fog.

Conv. Lindell[39] Peng[56] Proposed

Clear 43.38 30.27 51.44 65.27
Fog 28.80 28.41 39.55 56.71

Table 3. Maximum Range (↑) [m]: On clear and foggy real-world
data, the neural DSP outperforms the best baseline by 14m and
17m maximum range in clear and foggy conditions, respectively.

As the ground truth may contain multiple valid distances
per pixel, we evaluate on the point cloud level using Chamfer
Distance (CD) and Recall as metrics. To assess the bene-
fit in challenging conditions, we evaluate two SNR ranges:
difficult low-SNR conditions (0-2) and easier high-SNR con-
ditions (2-4). Following commercial sensors, we further
introduce a maximum range metric on low-reflective targets.
We use low-SNR points (0–2) as these targets, bin them by
distance, calculate distance-binned Recall, and define max-
imum range as the farthest distance achieving 50% Recall.
Details on the simulator, datasets, and metrics are provided
in the Supplementary Material

5.1. Baseline DSPs
Since commercial on-device DSPs are proprietary (though
we compare against commercial lidar sensors below), we
implement a conventional ray-based pipeline following [17].
This pipeline employs matched filtering, ambient light re-
moval, and peak detection to identify up to four peaks per
waveform above a specified threshold. In foggy conditions,
we only use the last peak [4] and adjust the threshold. Fur-
thermore, we compare against two learned transient imaging
methods: Lindell et al. [39] and Peng et al. [56]. For Lin-
dell et al., we use their method without RGB camera input.
As discussed earlier, both methods struggle in sky regions.
Since 26% of pixels in our dataset correspond to sky re-
gions, this would hinder a fair comparison. Hence, we add
a lightweight convolutional network, operating along the
temporal dimension of the final feature map, to predict a sky
mask and supervise their denoising only on occupied pixels.

Scene Conv. Proposed w/o SR

GT SR ILN SR Proposed w/ SR

D
istance [m

]

0

80

Figure 5. Qualitative Super-Resolution (SR) Results. Extending
our neural DSP to render SR point clouds is beneficial for distin-
guishing small hazardous items from the road, see zoom-ins for first
row compared to SR results in the second row. The best-performing
baseline ILN [35] suffers from artifacts and flying pixels.

5.2. Assessment

Reported in Tab. 2, our neural DSP improves point cloud
reconstruction on synthetic data, reducing CD by 63.22%
over conventional DSPs. Analyzing waveforms jointly is par-
ticularly effective in low-SNR conditions, where all transient
imaging methods, including our neural DSP, achieve higher
Recall than the conventional DSP. However, Lindell et al.
and Peng et al. produce less accurate reconstructions, espe-
cially at high SNR, where their denoising approach offers
no advantage over conventional peakfinding.

The results on synthetic data are consistent with those
from the real clear-weather test set. As shown in Fig. 4
(first row), all transient imaging methods reconstruct the
low-reflectivity black car missed by the conventional DSP.
However, only our neural DSP captures the car’s shape with
high-frequency details. This aligns with the second row,
where our neural DSP provides detailed reconstructions at
low SNR, accurately reconstructing the car’s side windows.
In contrast, Lindell et al. and Peng et al. reconstruct low-
frequency scene trends, but their distance predictions ex-
hibit more noise. Furthermore, as shown in the third row,
the proposed neural DSP corrects distance distortions and
multipath effects caused by retroreflectors, challenging for
baseline DSPs. Our classification approach differentiates
between blooming and actual target peaks, as seen e.g. for
the rightmost traffic sign. In contrast, the denoising strategy
of Lindell et al. and Peng et al. struggles to fully suppress
false peaks, resulting in excess points around the traffic sign.
Overall, the proposed neural DSP improves CD by 32 cm
over conventional peakfinding and by 20 cm over the best-
performing baseline by Peng et al. As CD merely penalizes
missed or false points over distance errors, this highlights our
method’s strength: suppressing false peaks and recovering
hard-to-detect ones, rather than refining distances.

In foggy conditions, existing transient imaging methods
fail to suppress false peaks, see Fig. 4 (fourth row). While
their higher Recall in Tab. 2 illustrates the benefit of joint
processing, both methods suffer from severe backscatter.
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