Robust 3D Object Detection using Probabilistic Point Clouds
from Single-Photon LiDARSs
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Abstract

LiDAR-based 3D sensors provide point clouds, a canon-
ical 3D representation used in various scene understand-
ing tasks. Modern LiDARs face key challenges in several
real-world scenarios, such as long-distance or low-albedo
objects, producing sparse or erroneous point clouds. These
errors, which are rooted in the noisy raw LiDAR measure-
ments, get propagated to downstream perception models,
resulting in potentially severe loss of accuracy. This is be-
cause conventional 3D processing pipelines do not retain
any uncertainty information from the raw measurements
when constructing point clouds.

We propose Probabilistic Point Clouds (PPC), a novel
3D scene representation where each point is augmented
with a probability attribute that encapsulates the measure-
ment uncertainty (or confidence) in the raw data. We fur-
ther introduce inference approaches that leverage PPC for
robust 3D object detection, these methods are versatile and
can be used as computationally lightweight drop-in mod-
ules in 3D inference pipelines. We demonstrate, via both
simulations and real captures, that PPC-based 3D infer-
ence methods outperform several baselines using LiDAR as
well as camera-LiDAR fusion models, across challenging
indoor and outdoor scenarios involving small, distant, and
low-albedo objects, as well as strong ambient light. Our
project webpage is at https://bhavyagoyal.github.io/ppc.

1. Introduction

LiDARs are a prominent 3D imaging modality driving
several applications, from embodied perception and au-
tonomous vehicles [28, 55], to surveillance [17], and more
recently, deployed even in consumer devices (e.g., Apple
iPhones). LiDARs are based on the time-of-flight (ToF)
principle; a typical LiDAR consists of a laser source that
emits short sub-nanosecond light pulses into the scene and
a sensor that captures the reflected pulses; scene depths are
estimated by computing the time delay between emitted and
received pulses [26] (Fig. la). Increasingly, single photon
avalanche diodes (SPADs) [7] are becoming the sensor-of-
choice in LiDARs due to their high sensitivity [36], and
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Figure 1. Robust 3D Inference under Challenging Real-World
Conditions: a) A LiDAR provides depth by measuring time de-
lays between emitted and received pulses. b) The raw sensor data
at each LiDAR pixel is a temporal histogram of photon counts vs.
time. The time location of the histogram peak corresponds to the
scene distance, which is then converted to a point in the 3D point
cloud. Under challenging conditions, the signal peaks cannot be
easily discerned from the background, resulting in large errors in
the point clouds and incorrect inference. ¢) We propose Probabilis-
tic Point Clouds (PPC), a scene representation with a probability
attribute for each point. The figure shows a real LiDAR capture,
where PPC is visualized with heatmap colors. Leveraging PPC,
our proposed approach achieves robust 3D inference even under
challenging scenarios.

amenability to fabrication of high-resolution arrays [34]. It
is not a surprise that the next generation of LiDAR devices
is dominated by solid-state, high-resolution, and low-cost
SPAD technology.

A typical single-photon LiDAR builds a histogram of
photon counts over time (Fig. 1b). Under ideal imaging
conditions, the peak in the timing histogram can be reliably
detected, resulting in an accurate estimation of the time de-
lay and hence the scene depth (Fig. 1b). This estimated
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depth at each pixel can then be used to construct a 3D pointepresentation to design computationally cheap inference
cloud-based scene representation, a canonical input to variapproaches that are plug-and-play compatible with a wide
ous downstream 3D perception tasks [28]. range of existing 3D perception models, without needing
However, under several real-world conditions, the raw to alter the architectures. We demonstrate the effectiveness
timing histograms do not have a single, clearly discernible of our approach using widely employed point cloud-based
peak (Fig. 1b). This could be due to a variety of factors, in- 3D object detection models across both indoor and outdoor
cluding a) distant objects or low scene albedo, b) strong am-scenarios. Despite its simplicity, the proposed approach
bientillumination which increases the background level and achieves signi cant performance gains under challenging
noise, c) other sourcesg non-diffuse and specular mate- conditions, such as low-albedo or distant objects and intense
rials, multi-path or multi-camera interference, weather phe- ambient illumination.
nomena such as rain, snow, fog [3, 35, 36, 48] etc. Imagine This paper takes the rst steps toward designingad-
a LiDAR mounted on an autonomous vehicle that needs toto-end 3D inference pipelingnat is capable of propagating
safely navigate the world, not just under fair lighting and the uncertainty in depth measurements, starting from raw
weather, but across all operating conditions. Under theseSPAD data, to downstream 3D inference models. Our con-
scenarios, it is often challenging to detect the correct peaktributions can be summarized as:
location, resulting in large depth errors. Designing lightweight and physically meaningful con -
This challenge is typically addressed by ltering tech- dence features from raw SPAD histograms.
niques that retain only the measurements with prominent  Developing a geometric scene representation (PPC) that
peaks, while discarding the rest [4, 13, 63]. Therefore,  propagates sensor uncertainty to point clouds.

in challenging scenarios mentioned above, most raw his-  pesigning computationally low-cost approaches that
tograms that contain small or ambiguous peaks either get  jlize PPCs for robust 3D inference.

Itered out, resulting in incorrect removal of scene compo-
nents, or introduce signi cant noise in the nal point cloud
if they are retained. Such ltering steps severely affect the
inference performance by: (1) removing critical scene con- 2. Related Work
tent in low signal regimes due to over-aggressive ltering,

or (2) propagating excessive measurement noise to downSD Inference USing Point Clouds:Point-based feature ex-
stream inference models. traction networks [39, 40] have become a standard building

We present a different approach. Our key observa- block for 3D inference [41, 42, 49, 60, 61]. These methods
tion is that raw SPAD histograms encode rich scene in- 1argely evaluate using clean point clouds benchmarks, but
formation, which traditional LIDAR signal-processing ap- NOton noisy point clouds; in fact, several works [30, 39, 64]
proaches overlook by relying solely on peak locations to explicitly mention that network backbones aret robust
estimate point clouds. Instead @éterministicallyremov- 0 noise in the point clouds. Although a lot of work has
ing/retaining depth measurements, we propose augmentindeen done for 2D image-based inference under challeng-
point clouds with meaningful “con dence” features that en- INg scenarios [8, 12, 14, 15, 23], there is surprisingly little
code physics-based information about the raw sensor meaprior work for 3D inference under physically-accurate sen-
surements that could be valuable for downstream inference SOr noise, especially for LIDARs. We show the performance
These con dence features require only lightweight compute degradation of widely used 3D detection models under real-
operations. This is a critical consideration since these op-World noise, and design approaches that perform robustly
erations need to be performed on/close to the sensor, wher&inder such scenarios.

compute and memory resources are extremely scarce. Con dence Attribute in 3D Inference: While methods
have been proposed to predict depth uncertainty for a cam-
era image as part of monocular depth estimation [2, 59],
there are no prior works that leverage depth con dence or

We use these con dence measures to creaddabilis- uncertainty for 3D LiDAR sensor data. This is largely be-
tic point clouds (PPC)a novel 3D scene representation cause of limited access to raw sensor data. Our work is a
where each scene point is augmented with the con dence rst in designing and propagating such con dence attributes
(or probability) attribute. Going further, we leverage PPC for robust 3D inference.

Demonstrating the performance of PPCs for 3D infer-
ence tasks using simulated and real LiDAR frames.

“Con dence. If you have it, you can make anything look good.”
Diane Von Furstenberg

1This Itering is a pre-processing step before outputting the nal point Point Cloud Denoising Denoising could potentially be
cloud. Consequently, such noise is not observed in widely-used point cloudysed to reduce the noise in point clouds, and multiple algo-
datasets_as they consist of processed point cIoud_s where Iow-_con denqerithmic [9' 58] and Iearning-based [24’ 31-33, 46] solutions
observations have already been removed, e.g., a distant pedestrian wearlnﬂ .
dark clothing. Hence, a considerable amount of useful scene information 1ave been proposed. These methods often introduce an ex-

is irretrievably lost from such point clouds. tra, often signi cant, computation step to the 3D inference



pipeline. In this paper, we evaluate and compare the perfor-high noise. Distance estimatﬁgJ for each location is com-
mance and computational cost of these denoising methodputed using the bin with the highest photon count (peak lo-
under a wide gamut of challenging conditions. cation) from each timing histogram and by converting the

) ) time of ight to distance using the following equation:
3D Reconstruction from LIDAR: It has been shown that 4. = = h _
directly denoising raw LiDAR timing histograms can in- ij =( t C=2) arg max hy; [n]; ()
crease 3D reconstruction quality [27, 29, 37, 47, 52], albeit Finaly, the distance estimates can be converted to coordi-

at the expense of extra computation. In this paper, we by-nates in a 3D point cloud using camera intrinsic parameters.
pass the expensive denoising step and perform 3D inference L ) . .

on the lighter-weight, but potentially noisy, PPC represen- SP Sensing in Challenging ConditionsChallenging sens-
tation extracted from the raw LIDAR data. Furthermore, INg conditions discussed in Section 1 result in a timing
our approach is complementary to 3D reconstruction tech-Nistogram of low signal-to-background ratio (SBR). Fig. 1

niques. Hence, PPC can provide performance gains eversHOWs an example histogram of an ideal high SBR condi-
with reconstructed point clouds. tion with a clear signal peak. Whereas in a challenging

low SBR condition, there are multiple small peaks. Conse-

) . . guently, the estimated depths will be noisy due to the lack of
3. Background: 3D Sensing Model for LIDAR a dominant peak. Another challenge faced by SPADs in am-

A LIDAR imaging system typically consists of a syn- bientillumination is that of photon pileup [18, 21], which
chronized pulsed laser source and a high-speed timedistorts the histograms. There are approaches that compu-
resolved detector such as a single-photon avalanche diodéationally mitigate the structured pileup distortions [5], but
(SPAD) [7]. The laser source transmits a pulsed signal €nd up amplifying the noise in the histograms [27], making
s(t), e.g a Gaussian pulse with a repetition periodTpf it challenging to detect low SBR peaks. In that regard, the
The scene is illuminated in a raster-scan manner or ood- Proposed approaches are complementary to (and can be ap-
illuminated to cover the detector's eld of view, and the Plied in conjunction with) these pileup mitigation methods.

sensor observes the re ected light from the scene. For eachypise in Low SBR Point Clouds: Noisy depth measure-

pixel location(i;] ), the incident photon uxrij is mod-  ments under challenging conditions result in point clouds
elled [29, 37] by the following equation: that are sparse or prone to severe noise. Since background
Z (n+1) t 2 peaks are uniformly distributed over the timing bins [47],
riy [n]= i st %)dﬁ b; (1) the noise points are often arbitrarily far away from the
n t

ground truth (GT) depth and along the camera ray axis.
where t is the time duration of each discrete time-bin, Therefore, physically realistic noise under such scenarios is
n 2 f 1;2;:::N g whereN is the number of time bins over ~anisotropicand often more severe than traditional isotropic
the duration of a laser period,;; is a term that accounts Gaussian noise often considered in the existing literature.

for the distance fall-off, scene re ectance, and Bidirectional A .

Re ectance Distribution Function (BRDF)X; denotes the 4. Probabilistic Point Clouds

speed of lights(t) denotes the pulsed signal from the laser, e introduce a con dence measure that can be derived from
di; is the distance of the scene at the point of illumination 5, timing histograms using light-weight compute opera-
(i;j ), andb denotes the photon ux from the ambientlight. +ons. The following equation shows a probabilRy () of

Suppose the sensor has a quantum ef cien& [0; 1), a point de ned as the ratio of photon detections for the peak
which describes the probability that the sensor can detectyin to the total photon detections in a histogram:
an incident photon. The detector's dark count is modeled . hi; [m]
ashy, the number of spurious photon detections. Then, the Pr(p’)= PN'—
number of photons measured by the sehsdreach pixel n=1 Nij [N] (4)
can also be represented as a 1D timing histoghamas where m =argmax h;; [n]

. n

follows: hy ] PF 1 [n]+ bylg: @) andp! is the point corresponding to the sensor piigl )

andN is the number of timing bins in the histogram. We
The measurements are modeled as a Poisson prétess augment points with this probability attribute to create a
with a time-varying arrival function;;; [n] as the meanrate. Probabilistic Point Cloud (PPC). Under ideal conditions and
Fig. 1 shows an example histogram captured under low andwith no background photons, all photons would be detected

5 _ _ in a single bin, resulting in a point with a probability of 1.
Although we focus on SPAD histograms, the proposed analysis and Fig 1c shows a PPC Captured under a challenging scenario
techniques are compatible with other direct ToF time-resolved sensors, ’ ’

including avalanche photodiodes (APDs) and Silicon photomultipliers OU!‘ probability measure is.a simple yet effective statistical
(SiPM), which follow a similar peak detection approach. estimate of the con dence in sensor depth measurements.




Figure 2.Distribution of Point Probability and NPD Score: Point probabilities (top row) and NPD scores (bottom row) of all points in
scenes under different SBR levels. Point probability (proportional to the number of photon detections) alone is not a good indicator for
separating noise from GT, as many GT points also have low probability. NPD Scores for the noise (red) are lower as they have lower spatial
density than ground truth points (green). We use an NPD threshold to Iter out many noise points from the point cloud.

4.1. Inference with Probabilistic Point Clouds get penalized with a lower score, as we normalize the score
| with L which is greater than its number of neighbors.

Fig. 2 shows the distribution of NPD scores of all points
in scenes under different SBR levels. A large peak of noise
points (red) on the left of each plot has much lower NPD
scores than the GT points (green). The points below a cer-
tain NPD score () can be Itered out without removing
many GT points. As SBR decreases, GT points also have
lower NPD scores, as expected, but the separation between
the peak of noise points and the rest remains. Another
smaller peak towards the right also contains some noise
points with higher NPD scores. NPD ltering cannot re-
move these points, as it would also remove many GT points.

NPD score is a simple but effective way to Iter out noise
Neighbor Probability Density (NPD) Filtering points as it leverages information from multiple sensor mea-

Our key observation is that most spurious points in a point Surements by considering neighboring points, whereas |-
cloud under challenging conditions have low probability tering approaches based on low photon counts only rely on
and/or low spatial density. In contrast, points that belong the timing histogram of the same pixel. Note that we do not
to true scene objects typically have a high local spatial den-make any assumptions regarding the object/scene surface,
sity of points due to neighboring points being on the same and the score is easy to calculate without much computa-
surface or object. To leverage this, we compute a scoretional overhead.
called the Neighbor Probability Density (NPD) score for . .
each point, which encapsulates both the spatial density and:arthest Probable Point Sampling (FPPS)
the average probability of its neighbors as follows: A key component in many point cloud inference models
_ . (e.g, PointNet++ [40] and Point Transformer [65]) is the
NPD(p) = p280 )PT(R)L ) Farthest Point Sampling (FPS), which is used for keypoint
wherePr (') is the probability of a point anBQ., () re- sampling. FPS samples the points that are farthest from
turns up toL points that are in the local neighborhood ball each other. This ensures that sampled keypoints cover all
of radiusr around a point. We aggregate the probability scene regions, including objects with sparse or few points.
of these neighbors and normalize it withto get the nal However, FPS is not robust to strong noise as it prior-
score. Since the ball query returns upLtoeighbors, the itizes points that are distant from each other. Since noise
score for spatially dense points withL neighbors is the  points can be spread out far from object surfaces, this re-
average probability of itd neighbors in the local neigh- sults in a large number of noise points being sampled and
borhood ball, whereas sparse points withL neighbors  thus a signi cant drop in performance. Fig. 3 shows a point

The point-wise probability attribute in PPC provides vita
information for robust inference. Normally, one would ex-
pect most spurious points to have a low probability (due
to smaller peaks from background photons). However, un-
der challenging scenarios, even ground truth points may
have low probability values. Hence, simply lItering low-
probability points would remove noise, but also remove true
scene points with low signal. To this end, we propose the
following approaches to leverage the probability measure
of points for robust inference. A key feature of these ap-
proaches is that they do not require signi cant modi cations
to the inference model or its training procedures.



levelsf 0.1 (5-50), 0.05 (5-100), 0.02 (1-50), 0.01 (1-100),
Clearg whereCleandenotes the ground truth point cloud.

Implementation: We implement our method using the
MMDetection3D framework [6] by OpenMMLab. For the
SUN RGB-D dataset, we evaluate using the VoteNet [42]
architecture, which is a LiDAR-based 3D object detector
and uses PointNet++ [40] as the point processing network
backbone. For the KITTI dataset, we use the PV-RCNN
[50] architecture, which is a LiDAR-based 3D object detec-
tor and uses 3D Voxel CNN with sparse convolutions [16]
as a backbone. Our NPD ltering step udes 64) neigh-
bors within radius (= 0:2) to calculate the NPD score. We
Figure 3. Farthest Probable Point Sampling (FPPS):Farthest use =0.003 and = 0.01 as hyperparameters for NPD
Point Sampling (FPS) is not robust to the noise under challenging Filtering and FPPS, respectively. Please refer to the supple-

low SBR conditions. It samples a large number of noise points as mentary text for ablation studies on hyperparameters.
it prioritizes farther points (column 2). We propose FPPS, which

only uses a candidate set of high-probability points for sampling. Baselines:We compare our approach with the following set
This ensures most sampled points are on the object surface whileof baselines. All methods use the same 3D detection model
still covering the entire scene (column 3). architecture and backbone for a fair comparison.

Matched Filtering[53]: This method uses matched I-
tering output of the timing histograms. We convolve the
histograms with the signal pulse in Eq. 3 before calcu-
lating the depth estimate. This provides a strong base-
line for temporal denoising.

Thresholding: This method uses a thresholding ap-
proach where depth estimates corresponding to small
bin values are ignored. This removes a large number
of spurious points from the point cloud. We select the
optimal value of the threshold for our evaluation.
PointClean Neff46]: This is a point cloud denoising
network that uses a combination of outlier removal and
denoising steps.

Score-based Denoisin@?]: This is a state-of-the-art
point cloud denoising approach, which denoises each
point in the point cloud by updating it to its estimated

cloud of a scene under both ideal (column 1) and challeng-
ing (column 2) conditions, along with its sampled keypoints
using FPS. While FPS is effective in high SBR scenarios
and covers most surfaces and objects, it suffers in challeng-
ing scenarios by sampling a lot of noise.

To address this issue, we propose Farthestba-
ble Point Sampling (FPPS), which only considers high-
probability points as candidates for sampling. We build a
candidate set of points above a certain probability valye (
and perform FPS on this candidate set. This ensures that the
sampled centers have fewer spurious points and more sur-
face or ground truth points, which results in more effective
inference output (Fig. 3).

We should note that the low-probability points are still
part of the point cloud and are included in the rest of the net-
work operations, like feature aggregation. This allows the
network backbone to still utilize low-probability points for local surface bas_e‘?' ona c.alculated scor(-a.-
feature extraction if they are in the neighborhood of a sam-  PathNet[57]: This is a point cloud denoising method
pled keypoint. FPPS is not needed for the network back- based on reinforcement Iearnlng using a noise and
bones that do not include a keypoint sampling operation. geometry-based reward function.

We use a matched Itering step for all methods (includ-
5. 3D Object Detection Results ing PPC) for temporal denoising of the histograms. All
denoising networks (PointClean Net, PathNet, and Score-
denoising) are retrained on SUN RGB-D dataset. Denoised
point clouds are used for training and testing 3D detection
models for these baselines.

Datasets:We evaluate our approach on 3D object detection
benchmarks of SUN RGB-D [51] and KITTI [10]. We use
ground truth depth maps to simulate a physically realistic
photon timing histogram for each pixel using the simula-
tion model and code provided by [29]. Each histogram has Benchmark Results: For every method, we train a joint
1024 bins and a temporal bin width of 97ps. Our pulsed model using all SBR levels and evaluate the performance
signal has a repetition period of 100ns, and the detected il-at each SBR level. Table 1 shows AP@25 and AP@50
lumination pulse has a full-width half maximum of350ps. comparisons on the SUN RGB-D dataset with VoteNet.
We simulate histograms with various levels of mean Signal Matched Filtering and Thresholding suffer due to a large
to Background Ratio (SBR) for the scene to cover a variety amount of noise. PointClean Net, PathNet, and Score-
of scenarios. Our benchmark consists of the following SBR denosing show improvement for higher SBR levels, but



Avg. SBR Clean 0.1 0.05 0.02 0.01

AP@25 AP@50 AP@25 AP@50 AP@25 AP@50 AP@25 AP@50 AP@25 AP@50
Matched Filtering 51.34 27.45 42.43 20.49 38.77 17.57 16.95 5.05 11.34 2.73
Thresholding 57.11 33.21 51.27 28.62 46.44 24.86 29.5814.81 16.47 6.45
PointClean Net [46] 54.58 31.89 45.65 26.44 40.19 19.15 18.24 8.05 12.78 3.01
Score Denoising [32] 57.38 34.02 53.19 29.45 48.61 25.78 26.35 13.73 14.55 4.73
PathNet [57] 57.16 33.87 52.16 28.79 47.11 24.89 25.45 12.96 13.87 4.56
PPC (Ours) 58.61 34.99 54.29 31.15 52.46 30.20 38.49 16.47 29.42 13.16

Table 1.3D Object Detection Comparison Table shows AP@25 and AP@50 results on the SUN RGB-D dataset using VoteNet archi-
tecture. Our approach outperforms all baselines and shows large gains under very low SBR conditions.

Figure 4.3D Object Detection Visualization: Figure shows results from the SUN RGB-D dataset using VoteNet under low SBR (0.05)

conditions. Matched Filtering struggles with noise and misses a lot of objects. Thresholding misses smaller ( ) and farther (bookshelf)

objects. Score-Denoising removes noise closer to the surface but still misses a few objects. PPC (Ours) outperforms all baselines.

are not as effective under low SBR conditions. Our ap- lars [25] (LiDAR only with pillar-based representation) in
proach performs signi cantly better even under extremely the Table 4-6 (supplementary) which shows the effective-
low SBR conditions. Please see the supplementary text forness of our method on a wide range of 3D detectors. Our
per-category results. Table 2 shows mAP on moderate dif-approach can similarly be extended to other 3D inference
culty of KITTI val split calculated with 11 recall positions  tasks, like point cloud classi cation and segmentation.

for PV-RCNN architecture [50]. Our approach shows sig-

ni cant gains for the pedestrian and cyclist categories under Comparison with Point Cloud Denoising Networks:
low SBR conditions. Most point cloud denoising networks are trained for sur-

face reconstruction tasks and are not designed for down-
Observations: Fig. 4 and 5 visualize results on the SUN stream inference. Table 1 shows that denoising point clouds
RGB-D and KITTI datasets, respectively, using LIDAR- does not signi cantly improve the 3D object detection per-
only 3D detectors. Matched Itering misses many objects formance for challenging conditions. This is partly because
due to strong noise. Thresholding removes a large amountsuch methods consider local isotropic Gaussian noise for
of noise but also removes ground truth points that havetraining point cloud denoising models. However, the noise
low photon detections. Thus, it performs better on larger in low SBR scenarios also consists of spurious outlier points
and closer objects, as they include points with high inci- that are uniformly distributed, resulting in large depth er-
dent photon ux, but misses farther objects like nightstands rors [47]. Further, denoising networks add a signi cant
and chairs. Score-based Denoising is able to denoise pointsomputational overhead. Table 3 shows per-scene runtime
closer to a surface. However, the recognition is still affected for each method. This suggests that training a robust infer-
by noise points that are far from the surface, as they are notence model to handle noise is more bene cial than denois-
denoised effectively. Our approach can detect smaller anding point clouds under challenging conditions.
farther objects more consistently. Color information is only
used for visualization and not for inference. We refer to the Comparison with Histogram Denoising Methods Our

supplement for more visualization results and some failure @PProach is complementary to the histogram denoising
modes, such as extremely low SBR histograms. methods used for 3D reconstruction and can be used along-

side such methods. We evaluate PPC using denoised his-
Generalization: We also evaluate using ImVoteNet [43] tograms from 3D-CNN [37] in Table 7 of the supplemen-
(fusion of camera and LiDAR), Uni3DETR [56] (LIDAR tary text, which shows 3% mAP gain. Please refer to the
only with Transformer-based architecture), and PointPil- supplementary text for more details.



Avg. SBR Clean 0.05 0.02 0.01 0.005
Car Ped Cyc Car Ped Cyc Car Ped Cyc Car Ped Cyc Car Ped Cyc

Matched Filtering 82.48 60.11 71.36 73.14 55.76 61.84 68.17 50.03 52.85 59.95 47.06 43.74 50.68 37.01 35.01
Thresholding 82.81 58.63 71.55 72.80 57.72 60.44 68.05 54.80 52.71 59.40 49.23 44.96 50.35 38.62 35.74
PPC (Ours) 83.56 60.62 73.35 73.03 59.12 64.14 68.42 59.04 53.18 60.29 55.39 47.76 51.30 49.51 36.44

Table 2.KITTI 3D Detection Comparison: Table shows mAP for car, pedestrian, and cyclist categories on moderate dif culty of KITTI
val split calculated with 11 recall positions for PV-RCNN architecture. Our method shows signi cant gains under low SBR conditions.

Avg. SBR Clean 0.1 0.05 0.02 0.01
PPC (Baseline) 58.61 54.29 5246 38.49 29.42
PPC+A 58.35 55.73 _53.67 39.10 30.58
PPC+B 59.29 55.86 52.95 37.68 30.42
PPC+C 58.53 55.18 53.15 38.76 30.17

PPC + A+B+C 59.35 56.11 5345 39.87 30.81

Table 4. AP@25 results on SUN RGB-D with PPC variants.

choices to build PPC-aware 3D inference models.

Figure 5.3D object detection visualizationon the KITTI dataset Probability as a point attribute (A)Point probability
under low SBR (0.02) conditions. Baselines miss small and farther ~ can be treated as an attribute for the point and used as
objects: car and pedestrian (zoom-in). PPC detects most objects.  an input for the network. This design tasks the network
to learn effective features from the probability.
Matched Thresh- PointClean ~ Score-  PathNet PPC Probability weighted point feature vectors (BFoint-
Filtering olding Net Denoising (Ours) . . .

wise features from PointNet++ can be weighted by the

Runtime (ms) 87 89 755 195 &7 % average neighborhood probability. This allows the net-
Table 3. Comparison of Inference Time: Our method adds no work to prioritize features from high-probability points.
signi cant computational cost while outperforming all baselines. Probability weighted objectness scores (The object-

ness score for a proposal can be weighted by the aver-
These reconstruction techniques require full readout  age probability of points within the corresponding 3D
of timing histograms, which incurs prohibitive bandwidth box. This allows the network to assign higher object-
costs ( 10s of GB/s), even for moderate resolution Li- ness scores for proposals with high con dence points.

DARs [20]. While full hist do offer richer inf - . .
s [20] re Tu histograms do QHer richer informa Results and Discussion:Table 4 presents the AP@25 re-

tion and higher performance, they are less practical for real- =
time, latency-critical applications such as 3D object detec- SUIt.S on the SUN RGB'.D dataset. By gmploylng |nd|y|dual
options, the model attains a further gain of 1-2%. Using all

tion. Our approach estimates a compact, simple representa;

tion derived from full histograms that uses several orders of :E_re% optlto_ns Iezids tof a mo?est dbootst Q%E we POte g‘at
magnitude smaller data rates10s of MB/s). 'S DOOSLIS on top of our already strong basetine. ur re-

sults show the potential of integrating PPC with deep mod-
5.1. Modeling with Probabilistic Points els and further call for innovative approaches in this area.

Moving forward, we explore the integration of the PPC rep-
resentation directly into the point cloud models. To this
end, we focus on VoteNet [42] — a classic model built on Finally, we demonstrate our approach using real PPCs cap-
PointNet++ [40] for 3D object detection. VoteNet [42] pro- tured by our prototype Single-photon LiDAR systems.

cesses a point cloud by taking points and their attributes asI
. . : . : ndoor Capture Setup: We use a HORIBA FLIMera [22
Input, leveraging PointNet++ [40] to extract point-wise fea- SPAD can?era (Fig. SF; as it allows access to raw timi[ng ]his-

. Th f h h [ I . :
tures ese eatL_Jres are passed through a voting modu ?ograms for each pixel. The camera consists of a 192x128
that groups the point cloud into local clusters. Each cluster .

generates 3D boxes as the object proposal. The proposal ixel SPAD array; each pixel has a quantized 12-bit (4096

are then classi ed to produce the nal detection results. ci)nnss?i:jlges:\)/(:asrg;vilr?:jggf?cg2;2(\”ggna;g\r/(ladrfseorodfolrﬁlspl(\:/—ve
This design allows integrating point probability at var- ’ ’

. . : . : . ture halls, and living rooms) under ambient light ranging
ious stages of the model, including the input, point-wise : )

. . from 200-800 lux under varying exposure times from 0.1s
features, and object proposals. We explore these option

through the experiments detailed below. While alternativeﬁo 1s to simulate various signal levels.
approaches to integrate probability into point cloud net- Outdoor Capture Setup: We use Adaps ADS6311 [38]
works may exist, our goal is to delineate evident design sensor which is a commercial medium-range Single-photon

6. Experiments with Real Hardware



Figure 6.3D Detection Results on Indoor Real CapturesFigure shows scenes under challenging conditions captured by our FLIMera
LiDAR system. Baselines fail to detect many small distant objects. PPC detects all objgeis { and couch).

Figure 7. 3D Detection Results on Outdoor Real CapturesThe Figure shows scenes under challenging conditions captured by our
Adaps LiDAR system. Baselines fail to detect distant cars, whereas PPC detects farther cars with accurate bounding boxes.

ables augmenting point clouds with a valuable probabil-
ity attribute, which is easily computable on a sensor chip.
We explore methods for integrating this probabilistic point
cloud into a 3D inference pipeline, such as object detection.
Our approach is more robust on distant low-albedo objects,
which we demonstrate using both existing datasets and real-
world LiDAR captures.

Con dence Measure from Other Depth Sensors: Al-
though this work only considers LiDARs, other 3D sen-
sors such as stereo [62], structured light [19], and indi-
Figure 8. Camera Setup: Figure shows our complete LIDAR  rect time-of- ight, e.g Azure Kinect [45], also suffer from
setups with FLIMera (left) and Adaps (right) sensors. noise and low delity in challenging imaging scenarios, and
could bene t from similar probability attributes. Since the
LiDAR. It has a spatial resolution of 256x192 pixels, where proposed inference approaches do not make any assump-
each pixel has 672 temporal bins with a bin width of 297ps. tjon about the nature of the probability attributes or the
We consider outdoor scenesd, parking lots, traf ¢ stops,  pojse characteristics of the underlying sensing modality, a

and busy roads) for captures. Please refer to the supplemensromising future research direction is to extend this work to
tary text for more details on both setups. a wide range of 3D sensors.

3D Object Detection Results: Figures 6 and 7 show the  Rjcher Con dence Measure: We designed a simple prob-
results of our approach compared with the baselines usingypjjity attribute based on histogram peak locations, aiming
real captures for indoor and outdoor scenes, respectivelysgr |ow computational and memory cost to support on-chip
PPC can detect most objects with accurate bounding boxesimplementation. Future works could incorporate richer in-
More results on real captures are in the supplementary textformation of uncertainty, such as CramRao uncertainty

. . estimates [1]. Another interesting direction is to learn
7. Discussion and Future Outlook task-aware con dence measures for downstream inference,
In this work, we propose retaining the uncertainty in depth which could enhance the performance and generalizability
measurements from LiDAR-based 3D sensors. This en-across different LIDAR models.
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