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Abstract—Object detection through LiDAR-based point cloud
has recently been important in autonomous driving. Although
achieving high accuracy on public benchmarks, the state-of-
the-art detectors may still go wrong and cause a heavy loss
due to the widespread corruptions in the real world like rain,
snow, sensor noise, efc. Nevertheless, there is a lack of a large-
scale dataset covering diverse scenes and realistic corruption
types with different severities to develop practical and robust
point cloud detectors, which is challenging due to the heavy
collection costs. To alleviate the challenge and start the first step
for robust point cloud detection, we propose the physical-aware
simulation methods to generate degraded point clouds under
different real-world common corruptions. Then, for the first
attempt, we construct a benchmark based on the physical-aware
common corruptions for point cloud detectors, which contains
a total of 1,122,150 examples covering 7,481 scenes, 25 common
corruption types, and 6 severities. With such a novel benchmark,
we conduct extensive empirical studies on 12 state-of-the-art
detectors that contain 6 different detection frameworks. Thus
we get several insight observations revealing the vulnerabilities
of the detectors and indicating the enhancement directions.
Moreover, we further study the effectiveness of existing robustness
enhancement methods based on data augmentation, data denoising,
test-time adaptation. The benchmark can potentially be a new
platform for evaluating point cloud detectors, opening a door
for developing novel robustness enhancement methods. We make
this benchmark publicly available on https://github.com/Castiel-
Lee/robustness_pc_detector.

Index Terms—Point cloud, Object Detection, Benchmark,
Robustness

I. INTRODUCTION

Bject detection via LiDAR-based point cloud [1], [2], as
O a crucial task in 3D computer vision, has been widely
used in applications like autonomous driving [3]. Recently,
the data-driven methods (i.e., deep neural networks) have
significantly improved the performance of 3D point cloud
detectors [4], [5], [2] on various public benchmarks, e.g., KITTI
[6], NuScenes [7], and Waymo [8]. However, the scenarios
covered by these public benchmarks are usually limited. For
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instance, there is a lack of natural fog effects in these datasets,
while fog could affect the reflection of laser beams and
corrupt point cloud data with false reflections by droplets [9],
[10]. Apart from the external scenarios, the internal noise of
sensors can also increase the deviation and variance of ranging
measurements [11] and result in corrupted data and detector
performance degradation. Given that LiDAR-based point cloud
detection is usually used in safety-critical applications (e.g.,
autonomous driving) and these external and internal corruptions
could potentially affect detectors’ robustness [12], [13], [11],
it is critical to comprehensively evaluate an object detector
under those corruptions before deploying it in real-world
environments.

There are some works constructing datasets while consider-
ing extreme weather like CADC [14], Boreas [15], SeeThrough-
Fog (STF) [10]. Nevertheless, the constructed datasets only
consider limited situations in the real world due to the heavy
collection costs, which are far from a comprehensive evaluation.
For instance, Boreas only covers 4 rainy scenes and 5 snowy
scenes. STF only contains foggy point clouds at severity levels
of “dense” and “light”. Hence, there is an increasing demand
for extending existing benchmarks to conduct a comprehensive
evaluation through covering diverse corruptions in the real
world. A straightforward way is to synthesize the corrupted
point clouds given the success of similar solutions in the image-
based tasks [16], [17] and 3D object recognition [11], [18].
However, there is no accessible dataset for the robustness
evaluation of point cloud detectors. Note that, the robustness
datasets (e.g., Modelnet40-C [11]) for 3D object recognition
cannot be used to evaluate the point cloud detectors, directly:
(1) the example in the recognition dataset only contains the
points of an object and cannot be adopted for object detection
task that aims to localize and classify objects in 3D scene.
(2) The latest Modelnet-C [18] and Modelnet40-C [11] only
consider 7 corruptions and 15 corruptions, respectively, which
is still limited for a comprehensive evaluation in safety-critical
environments such as autonomous driving.

The main challenge for building a dataset for the robustness
evaluation of point cloud detection stems from the huge amount
of diverse corruption types with different physical imaging
principles. For example, flawed sensors and different object
characteristics could lead to noise-like corruptions and affect
spherical and Cartesian coordinates of points, respectively.
Different weathers like rain and fog might lead to false
reflections. These corruptions have different imaging principles
and need careful designs of the respective simulation methods.


https://orcid.org/0000-0002-4351-9844
https://orcid.org/0000-0003-4559-5426
https://orcid.org/0000-0002-0857-8611
https://orcid.org/0000-0003-0974-9299
https://orcid.org/0000-0002-3494-2552
https://orcid.org/0000-0002-8621-2420
https://github.com/Castiel-Lee/robustness_pc_detector
https://github.com/Castiel-Lee/robustness_pc_detector

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. , NO., 2023 2
TABLE I: Summary of datasets used for LiDAR-based point cloud object detection
Dataset Year Real/Simulated Frames BBoxes Classes Corruptions Corru[-)t.ion Robustr-less
Severities Metric
KITTI [6] 2012 real 15K 200K 8 cutout, noise 2 -
NuScenes [7] 2019 real 400K 1.4M 23 rain, sun, clouds, cutout, various vehicle types, noise 2 -
Waymo [8] 2019 real 200K 12M 4 rain, fog, cutout, dust, various vehicle types, noise 2 -
Boreas [15] 2022 real 7.1K 320K 4 snow, rain, sun, clouds, cutout, noise 2 -
STF [10] 2020 real 13.5K 100K 4 fog, rain, snow, cutout, noise 3 -
CADC [14] 2020 real 7K 334K 10 snow, bright light, cutout, noise 5 -
ONCE [19] 2021 real IM(15K labeled) 417K 5 rain, clouds, cutout, noise 2 -
occlusion, LiDAR, local_density_inc/dec, cutout,
ModelNet40-C [11] 2022  real+simulated 185K - 40 uniform, Gaussian, impulse, upsampling, background, 6 X
rotation, shear, FFD, RBF, inv_RBF
ModelNet-C [18] 2022  real+simulated 185K - 40 scale, rotate, jitter, drop_global/local, add_global/local 6 X
Argoverse [20] 2019 real 468K 993K 15 rain, cutout, dust, noise 2 -
Lyft Level 5 [21] 2020 real 30K 1.3M 9 rain, cutout, noise 2 -
Scene: rain, snow, fog, uniform_rad, gaussian_rad,
impulse_rad, upsample, background, cutout, beam_del,
Ours 2022  real+simulated 1.1IM 15M 8 local_dec/inc, layer_del; Object: uniform, gaussian, 6 X

impulse, upsample, cutout, local_dec/inc, shear, scale,
rotation, FFD, translation

In this work, for the first attempt, we construct a benchmark
to evaluate the robustness of point cloud object detectors based
on LiDAR under diverse common corruptions and discuss
the effectiveness of existing robustness enhancement methods.
Regarding the benchmark construction, we first collect existing
simulation methods for common corruptions and improve them
based on their affecting ranges and physical mechanisms of
formation Then, we borrow 7,481 raw 3D scenes (i.e., clean
point clouds) from [6] and build large-scale corrupted datasets
by adding 25 corruptions with 6 different severity levels to
each clean point cloud. Finally, we obtain a total of 1,122,150
examples covering 7,481 scenes, 25 common corruption types,
and 6 severity levels. Compared with real-world data benchmark
(see Table I), the proposed benchmark synthesized more
examples for benchmarking robustness. Compared with other
synthesized benchmark (see Table I), our benchmark provides
more types of corruption patterns to specifically support
benchmarking object detection. Note that, we conduct extensive
experiments to quantitatively validate the effectiveness of
simulation methods by evaluating the naturalness of synthesized
data.

With such a novel benchmark, we investigate the robustness
of current point cloud detectors by conducting extensive
empirical studies on 12 existing detectors, covering 3 different
representations and 2 different proposal architectures. In
particular, we study the following four research questions to
identify the challenges and potential opportunities for building
robust point cloud detectors:

How do the common corruption patterns affect the point
cloud detector’s performance? Given overall common
corruptions, an accuracy drop of 10:94% (on average) on all
detectors anticipates a noticeable accuracy drop of detectors
against diverse corruption patterns.

How does the design of a point cloud detector affect
its robustness against corruption patterns? Compared
with two-stage detectors, one-stage detectors perform more
robust against overall corruptions. Compared with point-
based detectors, voxel-involving detectors perform more

robust against a majority of corruptions.

What kind of detection bugs exist in point cloud detectors
against common corruption patterns? Followed by the
decrease in the rate of true detection, common corruptions
widely trigger a number of false detections on all point cloud
detectors.

How do the robustness enhancement techniques improve
point cloud detectors against common corruption pat-
terns? Even with the help of data augmentation, denoising,
and test-time adaptation, common corruptions still cause a
severe accuracy drop of over 10%.

In summary, this work makes the following contributions:

We design the first robustness benchmark of point cloud
detection covering 25 common corruptions related to natural
weather, noise disturbance, density change, and object
transformations at the object and scene level.

Based on the benchmark, we conduct extensive empirical
studies to evaluate the robustness of 12 existing detectors
to reveal the vulnerabilities of the detectors under common
corruptions.

We study the existing methods of data augmentation, denois-
ing, and test-time adaptation and explore their performance
on robustness enhancement for point cloud detection and
further discuss their limitations.

II. RELATED WORK
A. LiDAR Perception

LiDAR perception is sensitive to both internal and external
factors that could result in different corruptions. Adversarial
weather [9] (e.g., snow, rain, and fog) can dim or even block
transmissions of lasers by dense liquid or solid droplets. Regard-
ing noise characteristics of point clouds, strong illumination
[23] affects the signal transmission by lowering Signal-to-Noise
Ratio (SNR), increasing the noise level of LiDAR ranging [24].
Besides, the intrinsically inaccurately ranging and the sensor
vibration [25], [26] potentially trigger noisy observations during
LiDAR scanning. Environmental floating particles (e.g., dust
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TABLE II: Taxonomy of collected common corruption patterns

Scene-level Object-level
Corruption ) ) Corruption ) .
P Corruption Potential Reasons P Corruption Potential Reasons
Category Category
rain uniform
Weather snow Environment: natural weather [9]; Noise gaussian | Object surface coarse surface [22]
fog impulse | and dark-color cover [22];

uniform_rad ) . N " upsample
—— | Environment: strong illumination [23]; i P - -

gaussian_rad . cutout Object surface object or self-

. =————=—"1 Sensor low ranging accuracy [24] and . _— .
Noise impulse_rad o . Density local_dec occlusions [13], dark-color cover [22]
————=_"| sensor vibration [25], [26]; — =
upsample local_inc and transparent components;
background | Environment: oating particles [27]; translation | Object: different locations and
cutout rotation heading directions [28];
local_dec Sensor different scanning layers, object| Transformation shear Object deformation: bending or
Density local_inc occlusion [13], and randomly laser beam FFD moving pedestrians [29], different
beam_del [13] or layer (rotary laser) malfunction; scale styles of vehicles [30].
layer_del

[27]) could perturb point cloud with the background nois¢11] corrupts ModelNet4044] with 15 simulated common
Density distribution of LiDAR-based point clouds can alseorruptions affecting point clouds' noise, density, and transfor-
easily affect autonomous driving. For instance, common objentations, to evaluate the robustness of point cloud recognition.
object occlusions block LIiDAR scanning on objects in th@argeting 7 fundamental corruptionse(, “Jitter”, “Drop
scene 13]. Besides, the dark-color cover and rough surfadgglobal/Local”, “Add Global/Local”, “Scale”, and “Rotate”),
[22] could affect LIDAR's re ection and thus reduce local pointModelNet-C reveals the vulnerability of different components
density when sensing such objects. Moreover, the malfunctioh 9 existing point cloud classi ers. Regarding point cloud
of (xed or rotary) lasers 13| globally loses points or layers detection, NuScenes/]} Waymo [8], and STF LQ|collect
of points in point clouds. For 3D tasks, various shaf®%,[ LIiDAR scans under adversarial rainy, snowy, and foggy
[30], locations and pose®§] of objects can also in uence the conditions, where the accuracy of 3D detectors is tested.
context perception in the scene. However, to the best of our knowledge, a lack of benchmark
Apart from these natural corruptions, LiDAR perception isf point cloud detection's robustness comprehensively against
also sensitive to adversarial attack. Adversarial attaBklsjose various common corruptions is still remaining.
signi cant security issues and vulnerability on 3D point cloud
tasks €.g, classi cation B2], detection B3], and segmentation D. Robustness Enhancement for Point Cloud Detection

[34]). Recently, improving the robustness of point cloud detection
has also received signi cant concerns. Zhatgal. propose
B. Point Cloud Detectors PointCutMix [45] as a single way to generate new training

Based on the different representations acquired from poffit@ Py replacing the points in one sample with their optimal
clouds, point cloud detectors can be categorized 2eview- SSigned pairs in another sample. le¢e@l. [46] propose a rigid

baseddetectors €.g, VeloFCN B5] and PIXOR Bé]), voxel- subset mix (RSMix) augmentation to get a virtual mixed sample
based detectorsie.g, SECOND B7] and VoTr [38)), point- by replacing part of the sample with shape-preserved subsets
based detectors €.g, PointRCNN B9 and 3D-SSD 40]) from another sample. Speci cally for 3D object detection, there
and point-voxel-baseddetectors ¢.g, PVRCNN B1] and SA- are several ways to improve detectors' rqbustness. @hal._
SSD @7]). On the other hand, based on the different propos&m propose a part—.a.ware data .augmentanon t_hat stochasncglly
architectures, point cloud detectors can also be divided iff§9ments the partitions of objects by 5 basic augmentation
one-stagedetectors é.g, 3D-SSD #0] and SA-SSD 42)) and methods. LIDAR-Aug 48] presents a rendering-based LiDAR
two-stagedetectors€.g, PointRCNN B9] and PVRCNN B1]). augmentation framework to improve the robustness of 3D

In this paper, we select 12 representative methods coveringoé_ﬁ.‘:“Ct detectqrs. L”_DAR light _sgattering _augmentati(_hﬁ][and
these categories. LIDAR fog stimulation |9] utilize physics-based simulators

to generate data corrupted by fog/snow/rain and then augment
object detectors. Lehneat al. [50] improve the generalization
C. Robustness Benchmarks against Common Corruptions 4¢ 3p object detectors to bad-shape objects by means of
Several attempts have been made to benchmark robustregbsersarial vector elds. Self-supervised pre-trainibd][ [52]
for different data domains. Based on ImageNE][ ImageNet- can also endow the model with resistance to augmentation-
C simulates real-world corruptions to test image classi ergélated transformations. Besides, denoising meth68k [54],
robustness. ObjectNel7] illustrates the performance degradaf55] can remove the outliers in point clouds and thus potentially
tion of 2D recognition models considering object backgroundsprove detectors' robustness. Also, test-time B3] [adapt
rotations, and imaging viewpoints. Inspired by 2D workshe statistics of BN layers to models during testing for
several benchmarks were built for 3D tasks. Modelnet40-@&neralization to diverse test-time domains. Regarding module
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design, there are also some detectors specialized for resisihgRobustness Enhancement Solutions

corruptions,e.g, BtcDet [13] with the occupancy estimator  several attempts have been made to enhance the robustness
for estimating occluded regions and Centerpos] with key-  of point cloud detectors. In this paper, we explore data
point detector for a exible orientation regression. In this papes,gmentation, denoising, and test-time adaptation methods
we evaluate data augmentation, denoising, test-time adaptatigfy study their effects on improving point cloud detectors'
methods for improving point cloud detectors against diversghystness against common corruptions. Data augmentation

common corruption patterns. [61] effectively increases the amount of relevant data by
slightly modifying existing data or newly creating synthetic

I1l. BACKGROUND data from existing data. Data augmentation on the point cloud
A. Point Cloud Detection [47], [62], [50] provides detectors with a way to be trained

Point clouds detectors aim to detect objects of intere\év{th a larger dataset and thus potentially obtain more robust

in point clouds in the format obounding boxegBBoxes). gIei)ts;r/?sr;n(é?lZiledlezralggmn;ﬁ;ti?)er::;toﬁaﬁ?i?r:]ovcgrI(?d(i)r?t the
frame of point cl i f poin ' - —
su:p[pfpsfipézp-?P]ewohefeo(x;';Po'ig) ?jaefr?otsesait:e;Dolof;[iotn ran_dom_world_rotate, rand_om_world_scﬁ)l,ewe compen-
andrP denotes re ective inte7nsit,y. Thus we can formulate thgaively choose the local/object-level part-aware data augmen-
point cloud detection as: Fauon [47 'WhICh mixes up 5 basu; object-level augmentatlon
methods i(e., {dutout, swap, mix, sparse, nojsen the
Det(P) = fbig" L partiti_ons of an object. We also explore_ Cutoﬁt_%][ and
bi = [xiiyiizowihiilic icisi] @) cutMmix [64] in the 3D point cloud detection, which have
. been widely applied as 2D image augmentation methods
whereDet( ) represents the detectdy; is the number of for ropustness enhancement. As the data augmentation
detected BBoxes iR; b denotesy, detected BBox irP, where py extreme samples generated through adversarial attacks
1=1;20 N;(xi;yi;z) is the Cartesian coordinate of thenas drawn increasing attention, we selected the adversarial
center ofb;, (wi;hi;li) is its dimensions, ; is its heading sphape-deformation augmentation 3D-VFie&D[and study its
angle, ¢ is its classication label, and; is its prediction opustness enhancement on point cloud detection.
con dence score. Different from data augmentation, denoisirfig], [54] serves
Point cloud feature representation.Representation for fea-55 5 pre-process during testing stage to detect and remove
tures used in point cloud detection includes 2D-view imageatial outliers in point clouds, which can reduce the effects
voxels, and raw points. By projecting point clouds into a 2[gf nojsy point cloud data. Considering not severely degrading
bird's eye view or front view, 2D-view-based 3D detectors cajhe ef ciency of detector inference, we choose the common-
intuitively t into a 2D image detection pipeline3p], [36]. K-nearest-neighbors-based outlier removing (KNN-OB] [of
However, 2D-view images could lose depth informati@h | high ef ciency (around 0.05s on each sample), which simply
where the localization accuracy of the detector is affectedmoves the outlier points of over 3 times the standard deviation
To efciently acquire 3D spatial knowledge in large-scalgy gistance distribution within the cluster of 50 points. Besides,
point clouds, the “voxelization” operation is leveraged tgagt-time adaptation methods56], [65] try to tackle data
partition unordered points into spatially and evenly distributegistribution shifts between training and testing data by adapting
voxels [87], [58]. After pooling interior features, those voxelsmogels to testing samples during testing time. Considering the
are fed into a sparse 3D convolution backbo®s] [for test-time adaptation is relatively unexplored in the 3D point
feature abstraction. Given an appropriate voxelization scalgyyd detection, we adapt the test-time batch normalization
voxel-based representation is computationally ef cient, but tr‘(qT_BN) [56] well-explored in the image domain to point cloud

quantization loss by voxelization is also inevitati Different  getection, which utilizes testing data to update the statistics of
from the above methods, PointN&d and PointNet++§0] g |ayers during testing time.

directly extract abstract features from raw points, which keeps

the integrity of spatial context in point clouds. However, the |\ physicAL-AWARE ROBUSTNESSBENCHMARK FOR
point-based detectors are not cost-ef cient for large-scale data POINT CLOUD DETECTION

[2]. As a trade-off between the voxel-based and point-base
methods, Point-voxel-based representaticti§, [42] possess
the potential of fusing the high-ef cient voxels and accurat
abstract points in feature abstraction.

Proposal architecture. One-stage detector8T], [52] directly
generate candidate BBoxes from the abstracted features
improve candidate BBoxes' precision, two-stage detecii} [
[13] re ne those BBoxes by region proposal network (RPN) an
tailor them into uni ed size by region of interest (Rol) pooling ) )
before predicting output BBoxes. Compared with one-stade Physical-aware Corrupted Dataset Construction

detectors, two-stage oneg] [usually present more accurate After the literature investigation in SectidhA, we summa-
localization but intuitively, are more computationally timerize 25 corruption patterns in Table Il and categorize them into
consuming. 4 categories based on presentations of common corruptions:

O\Ne propose the rst robustness benchmark of point cloud de-
é@ctors against common corruption patterns. We rst introduce
different corruption patterns collected for this benchmark and
dataset in Sectioh/-A . Then we propose the evaluation metrics
u.?gd in our benchmark in Sectidw-B. Finally, we introduce

‘the subject-object detection methods and robustness enhance-
H1ent methods selected for this benchmark in Section IV-C.
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Fig. 1: Comparison between reedin and simulatedain (red and yellow boxes contain the false points in the simulated andaiealrespectively; the data of
real cleanand realrain from Boreas were sampled at the same location; the simutaieddata was augmented on the basis of the obzdn data)

weather, noise, density, and transformati@n the other hand,
we also divide common corruption patterns into seene-
level and theobject-level As an initial effort, the dataset
covers representative but not all corruptions, and we encourage
continuous work with more diverse corruptions considered in
the future.

The simulation of corruptions implemented in the paper
mainly operates on the spatial locations and the re ection
intensity of points in the point cloud. Those point-targeting
operations are equivalent to the perturbations of the real-
world corruptions on the LiDAR point cloud and have been
widely utilized in the simulation-related studies, as in noise-
related P5|, [24], [19], [11], [47], density-related 18], [11],
[47], [66], [13], and transformation-relatedL®], [11], [30],
[28], [66]. Next, We brie y introduce each corruption pattern
in the following (refer to Supplementary C for detailed
implementations and visualizations).

Weather corruptions: LiDAR is sensitive to adversarial
weather conditions, such as rainy, snowy, and fodljyPense
droplets of liquid or solid water dim the re ection intensity
and reduce the signal-to-noise ratio (SNR) of received lights.
Floating droplets can also re ect and fool sensors with false
alarms. Both effects, in some cases, can signi cantly affect
the detectors. To simulate three weather corruptionsin{
snow, fod, we adopt LIDAR light scattering augmentation
(LISA) [12] as a simulator for rain and snow and LiDAR fog
stimulation (LFS) [49] as a fog simulator.

Unlike other types of corruptions which are relatively simply
implemented and widely applied in LiDAR-based point cloud Fig. 3: Feature visualization of the fog classi cation by T-SNE
studies, the mechanism of weather simulation on point clouds
complicatedly involved interaction between LiDAR lights and
dense droplets. Since there is a lack of the realness veri catit#fl data. Further, the overlapping feature distribution of real
study in [L2], [49], we conduct experiments to further verifyand simulated corrupted data (refer to Figures 2 and 3) and
the realness/naturalness of weather simulators for a convincih§ maximum mean discrepancy (MMD§ 1] results (refer to
benchmarking under weather-relevant corruptions. Speci calligble S13) reveals that the simulatedow/fogis close to the
we train weather-oriented PointNet-based classi ers witt¢al snow/fog respectively, while not close to the clean data.
datasets collected in real snowy and foggy weather. Then, ®¢ase refer to Supplementary B for more details.
leverage the classi cation accuracy of those trained classi ers Regardingain corruption, we nd the effects of rain droplets
testing on simulated data to measure the similarity of simulated point clouds are too subtle to be caught by classi ers, as
data to real data. As shown in Table S12 in Supplementary dhiown in Figure 1. Alternatively, we visualize simulated and
the testing accuracy 97.13% and 92.60% of trained weatheal point clouds and qualitatively verify the high similarity
classi ers on simulated snow data and fog data show that thetween simulated and real point clouds (see more comparisons
simulated snow data and fog data are highly similar to the Supplementary B).

Fig. 2: Feature visualization of the snow classi cation by T-SNE
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Noise corruptions: Noise commonly exists in point cloudB. Evaluation Metrics

signals B, [53]. Scene-level factorse(g, strong illumination 1o quantify the robustness performance of detectors, we
[23], limited ranging accuracy of sensors, and sensor vibraligRsign the following evaluation metrics from two perspectives:
[29], [26]) could increase the variance of ranging or extenf} getection accuracy and 2) number of bugs triggered.

the positioning bias. Floating particles.g, dust 7], could  oyerall accuracy. For each test, we use the overall accuracy
cause the background noise in point clouds. Hence, we coll@@lA), by taking the average of APa\erage precisionat three

5 scene-level noise corruptionsurfiform rad, gaussianrad, g;f culty levels (i.e., “Easy”, “Moderate”, and “Hard"). And
impulse rad} add uniform, Gaussian, impulse noise on thge follow the common settings of loU thresholds {Car: 0.7,
spherical coordinates of pointsygsampli randomly upsam- pedestrian: 0.5, Cyclist: 0.5} to search for the true positive
ples points nearby orlglnal pomtsb:{ickgrogn(}l uniformly _detections in AP and recall calculation.

randomly samples points within the spatial range of point o every corruption, we calculate corruption error (CE) to

clouds. Besides scene-level effects, object-related factors cogldasyre performance degradation according to OA by:
cause noise in LIiDAR points.g, dark color R2] and coarse

surface. Thus, we formulate 4 object-level corruptionsi{ CECs = OAdean  OACs @

form, gaussiar_n impulsea_ldd uniform,_Gaussian_, impulse noisgyhere OA™. is the overall accuracy of detecton under
on the Cartesian coordinates of points of objectfsamplg  corruptionc of severity levels (exclude “clean” i.e., severity
upsamples points nearby original points of objects. level 0) andclean represent the clean data. For detection

Density corruptions: The density-related corruptions refe/V€ can calculate the r |e|a__1)n CEP(“ CE) orcorruptions by:
5 C m

_, CE¢

c=1 c:s

to the corruption patterns that change the global or local M e
density distribution of LiDAR point clouds. For instance, the mCE™ = 5C @)

global static density of points in LIDAR varies due to differenpetection bug. There are various bugs existing in the pipeline

amounts of scanning layee.g, 32 or 64). Besides, inter-objectof point cloud detection, such as annotation errors, run-time
occlusion and random signal loss3] could remove points grors, detection bugs. In this paper, we focus on the bugs in
randomly. We hence propose 5 corruptionsutbut cuts out  getection results. Speci cally, we're interested in false detection,

the sets of locally gathering pointsjofal_dec, localinc} fise classi cation, and missed detection:
locally decrease or increase the density of pointeaim del,

layer_del} randomly delete points or layers of points in point
clouds. In terms of object-level factors, dark-color covg?] [
and transparent materiale.§, glasses and plastics) of objects

False detection (FD) on detection BBoxes: maximum loU >
0 with correct classi cation w.r.t. ground-truth BBoxes;
False classi cation (FC) on detection BBoxes: maximum
loU > 0 with false classi cation w.r.t. ground-truth BBoxes;
tI\/Iissed detection (MD) on detection BBoxes: maximum loU
= 0 w.r.t. ground-truth BBoxes.

Correspondingly, the bug rates (BRs) are calculated by:
Transformation corruptions: In the scenario of autonomous N
driving, shapes of objects within one class could be various BR = New 4)

\(/S'Igléinat spdorts{ricanrs andTrk?undlv:lntatgﬁ gatGO], btladndmtgniin?l where stands for FD, FC, and MDN is the number of
alking pedestria 2H). ose long-tail data could potentially e o of ; Nget is the number of detected objects.
be recognized wrong. Besides, dynamic changes in headlndro measure the increase of BR after being affected by

directions and locations of objectg] could potentially affect ommon corruptions, we calculate corruption risk (CR) and
the positioning accuracy of detectors. Hence, we formulaﬁaae mean CR (mCR)’for detectan by

5 corruptions: {franslation, rotatiop change locations and

level, we also propose a set of corruptionsutout, local dec,
local_ing, affecting the point density of objects.

heading directions of objects to a milder degree, < 1m CR™..=BR".. BR™yeun )
and< 10 ; {shea} [68] and {scald, as linear deformations, T op ] 7 . '

slant and scale points of objectsiRD} adopts free-form mMCR™ = _ sl c=1 CR"¢:s ©)
deformation (FFD) 69 to distort the point shape of an object 5C

in a nonlinear manner. whereBR ™ is theBR of detectorm under corruptiorc

i _of severity levels and C for the number of corruptions.
Dataset selectionAs one of the most popular benchmarks in

autonomous driving, KITTI§] contains 7481 training samples .

covering 8 object classes. Unlike other large-scale datasgtsBenchmark Subjects

including weather and other corruptions in Table I, the data FPoint cloud detectors.For benchmarking point cloud detec-
KITTI are mostly collected under clean conditions and algion, we select 12 representative detectors: SECORD, [
have a relatively simple annotation format, which makes RointRCNN B9], PartA2 [70] PVRCNN [41], PVRCNN++

a good option for conducting comparative experiments. We1], BtcDet [13], VoTr-SSD, VoTr-TSD B§], Centerpoint $7],

also encourage the future extension to other real or synthesizahterpoint. RCNN47], Centerformer 72], and SE-SSD13],
datasets. To simulate various levels of severity in the real worlth cover different kinds of feature representations and proposal
we set 6 severity levels for each corruption (considering “cleaafchitectures. We show the detailed taxonomy in Table IIl. For a
as level 0). more fair comparison, based on the robust Centerpoint detector
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TABLE 1iI: - Subject point cloud detectors. in [47] to adopt PA-DA to augment the cledrain set. For

Detectors Representations | Proposal Architectures  CutMix, we follow the settingsife., “swap_p10”) in §7] to
point_voxel point-voxel| one-stage two-stage  jmplement the augmentation. For Cutout, we utilize ¢tout
SECOND [37] X X in our corruption simulation toolkit with the randomly selected
POINtRCNN [39] X X . p | Yy )
PartA2 [70] X X severity level for each sample. For 3D-VField augmentation,
PVRCNN [41] X X we follow the settings in§0]. The “augmented + clean” set
PVRCNN++ [71] < X i (2x3712 samples) is used for all augmentation methods. For
32;32;;3238] 9 X a fair comparison, the category-oriented data augmentation
VOTr-TSD [38] X X also builds “augmented + clean” set from the clegin set.
SE-SSD[73] X X For each basic corruption categorwéather, Noise, Density,
Centerpoint [57] X X Transformatioh or overall corruptions, we augment every
Centerpoint_RCNN [57] X X . . .
c sample of KITTltrain set with a randomly selected corruption
enterformer [72] X X

at a randomly selected severity level. By means of the
GPU-accelerated toseémove_statistical_outlieof the package

and its two-stage version Centerpoint RCNN, we constru@Pen3d, KNN-RO is implemented to denoise thel data

5 versions of Centerpoint detectors for ablative compariséiiring the detection inference. By modifying the parameters
as in Table VI, covering 3 types of feature representatiofi§nning_mean” and “running_val” of PyTorch-based BN
and 2 types of proposal architectures. Note that, agih [ layers during testing, we implement the TT-BN to update the
[71], the point-voxel-based feature extraction needs the twiatistics of BN based on testing data.

stage proposal structure, where the multi-scale voxel-basedNote that, since only detection of "Car" is available for all
features are extracted in the rst-stage detection, and the pof#tectors, as shown in Table 1V, the following evaluation will
voxel-based features combining raw points and multi-scdrainly focus on detected results in the "Car" category. We
voxel-based features (from the rst stage) are extracted for tR8courage readers to refer to Supplementary A for complete
second-stage re nement. evaluation resultse.g, about "Pedestrian".

Data augmentation, denoising, and test-time adaptation

methods. In this paper, we study the effectiveness of dal@ gfects of Common Corruptions to Point Cloud Detectors
augmentation, denoising, and test-time adaptation methods ] .

for improving detectors' robustness against corruption. As dfgow do different corruptions affect detectors’ overall
cussed in SedlI-B, for data augmentation, we choose methodecuracy?As shown in the yellow cell in Table V, the average

of part-aware data augmentation (PA-DAY7], Cutout [63], MCEp oOf 10:'94% a}nt|C|pates a nptlceable accuracy drop of
CutMix [64], and 3D-VField B0]. For denoising, we adopt détectors against diverse corruption patterns. It suggests an
K-nearest-neighbors-based outlier removing (KNN-O8] [ _urgent need_ of addre_ssmg the point cloud detector's rqbustness
to remove the outliers out with 3 times the standard deviatidtsue- Speci cally, fain, snov} and {shear, FF[} corruptions

of distance distribution within the cluster of 50 points. For tesf@ve the AP loss of more tha0% (last column in Table V),
time adaptation, we select the test-time batch normalization (##ich presents a serious degradation of detection accuracy.
BN) [56] to update statistics of BN layers during testing timdy contrast, scene-level and object-leugisample scene-
Apart from them, we also augmetrain data with different level beam_del and object-leverotation show less effects
corruption categoriesWeather, Noise, Density, Transformagion®n detectors GEap less thanl%). It demonstrates that

by means of our physical-aware simulation tools to explore tfPSampling noise, sparse beam loss, and slight rotation affect

robustness enhancement of the category-oriented augmentaﬂSFP_CtPTS' accuracy slightly. .
Besides, as shown in Table S3 in Supplementary A, the

recall metric performs similarly to AP, as the serious recall
loss of over22% on {rain, snow, shegt In addition, object-
) level {cutout, local_dec, FFPpresent an unignorable drop of
A. Experimental Set-ups recall within [18% 22%]

For a fair comparison, each detector in Table Il is trainedow do corruption severity levels affect detectors' overall
with the clean training set of KITTI, following the trainingaccuracy? We nd almost all common corruptions have a
strategy in each paper, and evaluated with corrupted validatipredictable trendi.e., each corruption'CEap increases as its
sets of KITTI. All detectors go through the training of 8Qseverity level increases (see Table S1 in the Supplementary A).
epochs among which the best checkpoint is selected by metfldee only exception igain, CEap of which remain around
of mAP. All detectors are executed based on the open-sou&% regardless of the severity level. There is the plausible
codes released on GitHul#4], [75], where the con guration explanation: (1) by statistics, we nd, due to the unpromising
les and pre-trained checkpoints can be found. The experimenéser re ections of car surface$58.94% of points of “Car” in
are executed on the NVIDIA RTX A6000 GPU with a memorKITTI have zero-value re ection intensity, and those points are
of 48GB. The batch size of each detector is optimized tmasily Itered out by the rain droplets, causing a noticeable AP
reach the limit of GPU memory. In robustness enhancemetiop, and (2) noise points re ected by rain droplets at different
experiments, we rst follow the recommended settingeverities are sparse (see Figure 1 in the Supplementary B) so
“dropout_p02_swap_p02_mix_p02_sparse40_p01_noisel0_piRAt the slight effect of noise points on detection is covered by

V. EXPERIMENTS AND ANALYSIS



IEEE TRANSACTIONS ON MULTIMEDIA, VOL. , NO., 2023 8

TABLE 1V: AP(%) of all detectors under clean observations (at the severity level of 0)

Centerpoint

PVRCNN PointRCNN PartA2 SECOND BtcDet VoTr-SSD VoTr-TSD SESSD Centerpoint PVRCNN++ RCNN Centerformer

Car 86.77 82.82 85.36 83.67 87.32 81.04 86.39 86.44 82.14 85.13 86.07 79.80
Pedestrian  60.61 52.34 59.68 52.15 - - - - 49.32 58.32 55.93 52.78
Cyclist 76.42 77.60 80.09 68.51 - - - - 68.58 71.85 75.43 67.19

TABLE V: CEap (%) of different detectors under different corruptions @ar detection (the green cell stands for the lowesEE op among detectors
given a certain corruption and tt yellow cell for the averagenCE ap )

. Point-voxel Point \Voxel
Corruption . Average
PVRCNN PVRCNN++Ce;§\?:\IOImPartA2 PointRCNNSECOND BtcDet VoTr-SSD VoTr-TSD SE-SSD Centerpoint Centerfofmer
rain 2511 26.05 2515 | 2331 2444 | 2181 3107 2817 2677 2951 2583 26.65 26.16
Weather snow | 4423 4624 4167 |37.74 4310 | 3484 5407 5410 5218 4919  38.74 4162 44.81
fog 1.5 2.37 158 | 352 164 | 160 181 177 202 159 111 207 | 1.89
uniform _rad| 10.19 6.69 826 | 832 1045 | 951 913 379 411 934 815 598 | 7.83
3 gaussian_rafl 13.02 8.74 1098 | 9.98 1249 | 1213 10.83 484 518 1102 1017 6.66 | 9.67
8|  Noise |impulse_rad 2.20 2.00 208 |38 136 | 223 250 225 357 118 186 120 | 219
o background| 2.93 2.16 315 | 649 116 | 241 182 459 368 214 198 077 | 277
8 upsample | 0.81 0.96 060 | 184 072 031 095 037 071 055 046 071 | 0.75
cutout 375 377 358 | 397 366 | 427 399 451 359 426 411 425 | 3.8
local_dec | 14.04  14.24 1400 | - 1434 | 1388 1455 1444 1250 17.04  14.64 1591 | 1452
Density local_inc | 1.40 1.72 153 | 334 134 | 133 220 166 169 090 095 081 | 157
beam del | 0.58 0.91 045 | 079 08 | 073 083 080 053 107 047 0.82 | 0.74
layer del | 2.94 3.05 287 | 346 280 | 310 339 3.9 316 337 267 350 | 3.13
uniform | 1544 1254 1363 | 1205 1166 | 948 1260 2.6 481 699 651 523 | 955
Noise gaussian | 20.48  17.88 19.02 |17.62 1558 | 12.98 17.05 472  7.46 956  9.49 754 | 13.28
impulse | 3.30 4.06 316 | 470 280 | 253 407 28 420 220 211 197 | 317
upsample | 1.12 1.19 072 | 195 094 | 067 133 008 040 022 0.6 016 | 0.75
g cutout | 1581  14.94 1546 | 1562 1535 | 1499 1562 1507 1609 1651 1406 1301 | 1528
2| pensity local_dec | 14.38  13.49 13.76 | 14.16 1385 | 1323 1426 1266 1441 1508 1252 1251 | 13.69
g local inc | 13.93  13.79 1332 | 1419 1409 | 1374 1356 11.34 1305 11.03 11.64 1019 | 12.82
o} shear 3727 3942 38.73 | 40.96  39.96 | 4035 4137 3952 3785 4035  40.00 35.39 39.26
FFD 3242 3538 33.36 3888 3673 | 33.15 3677 33.14 3426 37.96  32.86 33.52 34.87
Transformation| rotation | 0.60 0.10 048 | 047 057 | 031 097 039 075 027 038 0.56 | 0.49
scale 5.78 5.64 531 | 813 4.8 696 581 853 650 653  7.50 857 | 6.69
translation | 3.82 3.34 413 | 303 302 | 324 458 488 534 137 391 293 | 363
MCE ap 1149 1123 1108 | 11.64 1111 | 1039 1221 1042 1060 1117 1009  9.74 | 10.94

the randomness of severe in uence of removing points with
zero-value re ection, which makes the AP drop seemingly
unaffected by theain severity. Interestingly, as for “Pedestrian”,

only 10:01% of points have zero-value re ection intensity,

causing a slight in uence on detection. Hence, the effect of
noise points byrain appears and shows a normal trend as the
severity level increases (see Table S15 in the Supplementary).

C. Reacts of Detector Designing to Common Corruptions

How do different representations affect detectorsAs shown

in Figure 4, voxel-based Centerformer and BtcDet record the
lowest and highes€CEp . For most detectorsi.é., except

for POINtRCNN), mCE op approximately increases &P

increases, indicating an potential trade-off between accurady 4: mCE ap of detectors with different representations @ar detection

and robustness against common corruptions ({red, , blue} for {voxel-based, point-based, voxel-point-based} detectors
. ’ and {circle, triangle} for {two-stage, one-stage} ones)
We also nd that, as shown in Table V, for most Weather,

Noise, and Density-related corruptions, voxel-based methods

are generally more robust against corruption patterns. For a

more fair comparison between different input representationserall corruptions by presenting a lowEEp or MCE ap

we conduct the ablative experiments on the robust Centerpomt.t. other detectors. One plausible explanation is that the
As shown in Table VI, under any given proposal structurspatial quantization of a group of neighbor points by voxeliza-

the voxel-based Centerpoint detectors perform more robudityn mitigates the local randomness and the absence of points
against most Weather, Noise, and Density corruptions acaused by noise and density-related corruptions.
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TABLE VI: Ablation study on Centerpoint detectors with different data . . .
representations and proposal structures in Supplementary A). Regarding missed detection (MD) (refer

to Table S6 in Supplementary A), scene-levbhgkground
Al - : and object-level §utout, local_dekresult in an increase of
e e ey MD rate of more thari%,
Weather sr?c?w 38.74 46.68 4167 3731 4951 Surprisingly, according to Table S8 in the Supplementary A,
fog 111 353 158 136 354 {rain, snow and scene-leveldniform_rad, gaussian_rgdeven
uniform_rad| 8.15 818 826 785 7.53  raqyce the rate of missing objects. One plausible explanation
Noise ?;ﬁin_rg AT S s 1924 2% for this observation is that milder noise points offer a better
Scene-level background| 1.98 4.92| 315 317 463 knowledge of the shape of some objects to detectors, but
upsample | 046 2.00] 060 092 227 positioning on those objects is not accurate since the rate of
loCC:‘IOZLC 1441514 f;’;s 1345;9 134-17;)8 35534 false detection increases (more details in Table S5 and S6 in
Density local_inc | 0.95 279| 153 163 298 Supplementary A). Also, we nd that, as shown in Figure S1
beam_del | 047 092| 045 o078 135 In Supplementary A, compared to clean observations, TD rates
layer_del | 267 406 287 327 409 under corrupted observations are always lower at any distance
uniform 6.51 7'20, 13.63 11.25 8.55 of objects to LIiDAR.
f’;‘;sl';” 2:‘11'2 14%70‘ l;_'l%z 12%150 f(il How do corrupted inputs trigger bugs in different detectors?
upsample | 0.16 1.25| o072 104 178 In general, as shown in Table S7 in Supplementary A,
cutout [14.06 1601 1546 1558 1651 most of the detectors perform relatively stable in terms of
Object-level| ~ DEMSIY 'Ioca'quc ﬁgi 12-(1): 12;2 1‘2‘-23 iii; false classi cation rates and missed detection rates against
e as 3575 asac arie COMUPtions. In contrast, affected by corruptions, all detectors
FED  |32.86 3458 3336 3355 3566 have increasing false detection rates (see Table S7), revealing

Transformation | rotaton | 0.38 0.80| 0.48 0.84 152 a serious bias in BBox localization.
scaling 7.50 9.17 5.31 550 6.89
translation | 3.91 7.12 4.13 420 5.84

MCE ap 10.09 12.12 11.08  10.63 12.30 E, Robustness Enhancement Evaluation

How do PA-DA and KNN-based outlier-removing affect
Speci cally, for severe corruptionse(g, shear, FFD in detectors' robustness against different corruptions?Shown

the Transformation), the point-voxel-based methods are mdfs Table S10 in Supplementary A, the averdggap with
robust. The point-based PointRCNN and PartA2 don't halé DA slightly decreased td0:75% compared to the average
performance superiority against most corruptions (excepEap Without PA-DA, which still poses serious robustness
{scalg), suggesting potential limitations. issues for point cloud detectors. As shown in Tables VII
How do different proposal architectures affect detectors? and S10, PA-DA shows a better but still limited robustness

As shown in Figure 4, two-stage detectors perform less robugfijerovement in the object-level Noise and Density. The

against overall corruptions compared to one-stage detectB?%?tence of improvement is reasonable since PA-DA involves

showing a highemCE p . Also, as shown in Table VI, under exactly obj_ect-level noise a_nd density-relatec_i simulation_ dL_Jring
a given representation, the one-stage detectors perform m@fgmentation. However, since PA-DA only involves 5 limited
robustly under overall corruptions, presenting a lOWEEE p . _baS|c augmentations at only one severity Ieve!, its robustnt_ass
One possible cause is that corrupted data could affect {HProvements on detectors, even under object-level noise
proposal generation of stage 1 (for two-stage detectors il density corruptions, are I'm'ted,' Regard'”g denoising
one-stage ones), and the low-quality proposals signi cantijatedy. the averag@Exp after adopting KNN-RO increases

affect the BBox regression of stage 2 (only for two—stagITQ 13:45% without PA-DA and13:22% with PA-DA (refer to
detectors). able S10). These_result_s indicate that KNN-RO might not be
Specially, as shown in Table S2 in the Supplementary g\e}pab!e of enhancing point cloud detector_s' robgstne@an
one-stage detectors perform more robust against corruptiong!gfection. However, we nd that KNN-RO slightly improves the
scene-level and object-level Noise, object-level Density, afgPustness oPedestriandetection by decreasing t&Exp by
Transformation, while two-stage detectors are mainly mofe3/ 70 Without PA-DA and0:89% with PA-DA (Table S11 in
robust against scene-level Density. As for Weather corruptiomt/PPlementary A). The robustness improvemen®edestrian

one-stage detectors present better robustnesseow fod is reasonable due to KNN-RO's removing spatial outliers on
and two-stage detectors work better under corruptionsiot the background and_ objects._ But V\_/hat_ causes the performance
drop onCar detection? By investigating KITTI, we found,

) ) _ 15:32% of Car BBoxes have scanning points of less than
D. Detection Bugs in Detectors under Common Corruptionsg higher tharv:14% of PedestrianBBoxes. Such relatively
How do different corrupted inputs trigger bugs in detectors? few points within aCar BBox (larger thanPedestriah are
We nd that the rate of false classi cation (FC) against commodistributed more sparsely and thus easier removed by KNN-RO,
corruption patterns is relatively small, where the avei@gec  causing a missing of some parts of the car or even the whole
is only 0:26% (refer to Table S4 in Supplementary A). Bycar (refer to Figure S6 in the Supplementary). It signi cantly
contrast, the increase of false detection (FD) rate is relativégcilitates KNN-RO's damage on the point imaging of cars
obvious, by the averag€éRrp of 3:19% (refer to Table S5 and further the detection accuracy Gar detection. Actually,

Corruption one-stage two-stage

Noise
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TABLE VII: CEap (%) of different enhancement methods Gar detection . o
of {Centerpoint, PVRCNN, PointRCNN, SECOND} under different (:orruptionaII (_:orruptlons reaches the IQW_GGEAP of 7.69% (e, an_
categories (thi green stands for the lowesEE ap given a categonQriginal AP increase of 3.24% than Original) under overall corruptions.

for no enhancement method, an¢atherAug, NoiseAug DensityAug,  For each corruption category, the detectors augmented by the
TransAug, AllCorAug } for augmentation by 4 and overall categories) corresponding basic corruption category show a signi cant

Enhancement Scene-level Object-level overal improvementi(e., an obviousCEap drop) compared with the

Method Weather Noise Density| Noise Density Tﬁ;ﬁl‘: other robustness enhancement methods. By a simple ens_emble
of the best results under each category, the category-oriented

E‘Z”QAUQW] 222 2';‘;‘ j‘éi ;'i’ iggg 1;'22 ig'ig data augmentation signi cantly decreases the oveZ&llp

KNN-RO [55] | 2522 7.7 674|987 1504 1017 | 1325 (O 6:16% revealing the great potential for corruption-oriented

PA-DA&RO 2701 7.84 743|975 1575 1956 | 13.76 augmentations on robustness enhancement.

Cutout [63] 2105 536 3.69| 845 1260  16.68 | 10.60

CutMix [64] 21.89 5.55 432 9.00 13.58 17.38 | 11.21 VI. D

3D-VFAug [50] | 28.62 3.40 494 291 1411 16.95 | 10.71 . ISCUSSIONS

TT-BN [56] 2554 726 128|965 1622 1977 1342 According to detailed ndings in the empirical study of

WeatherAug 1113 687 4051102 1391 1722 | 1047 Section V, we summarize the following insights as guidelines

gz:;gﬁg 23'2‘2‘ izz g'ig :gf iggé 11:;27 222 for future robustness enhancement studies:

TransAug 2451 600 453 811 136 BEEEm 1011 Insight 1. Common corruptions related to natural weather

AllCorAug 1541 265 3.78| 223 11.89 1363 | 7.69 and shape transformation signi cantly challenge the point cloud

detectors.
Insight 2. Regarding the input feature representation of de-

after investigation, 72.14% of objects affected by KNN-RO ar&ctors, the voxel-based detectors perform more robustly against
cars while only 0.94% of them are pedestrians, which veri €g@mmon corruptions than point-based detectors, especially for
much more serious effects of KNN-RO on cars. most Weather, Noise, and Density corruptions.

How do PA-DA and KNN-based outlier-removing affect Insight 3. Regarding the propqsal structures of detectors,
different detectors' robustness against corruption?Except ©One-stage detectors comprehensively perform more robustly
for PVRCNN, SE-SSD, Centerpoint, and Centerformer, oth@gainst overall corruptions than two-stage ones.

detectors perform more robustly against corruption patternsNSight 4. As for the detection results, corruptions more
after adopting PA-DA (refer to Figure S2 in Supplementaﬁ)mmomy cause a severe plas in BBox localization rather than
A). Moreover, PointRCNN and VoTr-SSD increase their ABITOneous object classi cation.

by 1:16% and 2:46% after adopting PA-DA, respectively. Insight 5. For the eX|st|r)g robustness enhancement m_ethods,
According to Figure S2, KNN-RO degrade AP metric for alfne explored augmentation methods only work on limited
detectors, presenting no improvement on the robustness of &RjFuption categories; KNN-RO causes precision damage on
detector orCar detection. However, adopting KNN-RO slightlyCar detection; TT-BN easily degrades detection accuracy due
improves the AP byd:37% without PA-DA and0:89% with to_the limitation of ba_tch size. To contrast, corruption-category-
PA-DA on Pedestriandetection, respectively (refer to Table s@riented augmentation shows great potential in robustness
in Supplementary A). It illustrates again that compared wighhancement.

on Car, KNN-RO is more effective in removing perturbations

caused by corruptions dPedestrian VIl. CONCLUSION

How does the category-oriented data augmentation against In this paper, we propose the rst physical-aware robustness
different corruption categories? As shown in Table VII, as benchmark of point cloud detection against common corruption
augmentation methods relevant to the object-level Densiggtterns, which contains a total of 1,122,150 examples covering
Cutout and CutMix present the limited AP increases of 1.4226 common corruption types and 6 severity levels. Based on
and 0.44% on the object-level Density, respectively. It is maintjie benchmark, we conduct extensive empirical studies on 12
because Cutout involves one limited corruption and CutMietectors covering 6 different detection frameworks and reveal
only augments data at the xed severity level. Surprisinglihe vulnerabilities of the detectors. Moreover, we further study
compared with the AP increase of 0.05% on Transformatiahe effectiveness of existing robustness enhancement methods
shape-deformation-related 3D-VField presents a signi capt data augmentation, denoising, and test-time adaptation and
AP increase of 4.68% on object-level Noise, revealing ad them limited, calling for more research on robustness
high relevance of its adversarial deformation to Noise-relatethhancement. We hope this benchmark and empirical study
corruptions (refer to Figure S7 in Supplementary). Comparegsults can guide future research toward building more robust
with original detectors, detectors with TT-BN perform worsand reliable point cloud detectors.
under all corruption categories. One plausible explanation isin the future, we plan to extend the corruption simulation on
due to the large-scale input samples under the autonomewsre large-scale datasetsd, NuScenes7], Waymo [8], and
driving scenarios, the relatively small batch size (less than &NCE [19]) for a more extensive and comprehensive bench-
samples per batch) causes unstable statisties {he mean mark on robust point cloud detection. However, large-scale
and standard deviation) for BN layers and thus cause unstati#gasets with a wider range of locations and times of collection
and biased detection. contain more LIiDAR observations under corrupted conditions
As shown in Table VII, we found that the augmentation bfe.g, rain, snow, rare cars, and other corruptions) as shown
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in Table I. Thus, one challenge of extending into large-scdles] Q. Xu, Y. Zhong, and U. Neumann, “Behind the curtain: Learning oc-
datasets is to erase the effects of original corruptions to make C'ggled shapes for 3d object detectioarXiv preprint arXiv:2112.02205
data more controllable to simulate corruptions individuallm] '
Also, we plan to extend our work into a robustness benchmark
involving multi-modal point cloud detection (includingg,

images or videos). One of the main challenges is to desi

M. Pitropov, D. E. Garcia, J. Rebello, M. Smart, C. Wang, K. Czarnecki,
and S. Waslander, “Canadian adverse driving conditions datdges,”
International Journal of Robotics Researaiol. 40, no. 4-5, pp. 681-690,
2021.

@] K. Burnett, D. J. Yoon, Y. Wu, A. Z. Li, H. Zhang, S. Lu, J. Qian,

the physical-aware corruption models consistent in both point”™ w.-K. Tseng, A. Lambert, K. Y. Leungt al, “Boreas: A multi-season

clouds and images for the high- delity simulation of diverse
common corruptions. [16
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TABLE S2: CEap (%) of detectors with different proposal architectures on

APPENDIXA Car detection green cell for each corruption)

EMPIRICAL STUDY

Due to the page limit of supplementary materi- Corruption — T
als, we present some tables and gures (ab&edes- Weather Ssnow 43.70 45.60
trian) on the Supplementary website https://sites.google fog 1.63 2.07
.com/ualberta.ca/robustnesslpc2detector/. We encourage read- uniform_rad 7.35 8.16
ers to refer to thisSupplementary website for additional g o gaussian_rad | 8.9 10.17

. ] oise impulse_rad 1.74 251
details. 2 background 2.38 3.06
% upsample 0.48 0.94
. . cutout 4.28 3.76
A. Effects of Common Corruptions to Point Cloud Detectors local_dec 1518 BT
Density local_inc 1.13 1.89
TABLE S1: CEap (%) under different severity levels of different common beam_del 0.78 0.70
corruptions onCar detection yellow cells for theCE op underrain) layer_del 3.19 3.09
uniform 6.19 11.95
Corruption 1 2 3 4 5 | Average . gaussian 8.86 16.44
rain 26.76 26.40 2533 2522 27.07| 26.16 Noise impulse 234 377
Weather snow 26.62 30.38 44.89 56.14 66.0144.81 upsample 0.26 1.09
fog 016 0.60 124 259 484 1.89 T cutout 14.91 15.55
uniform_rad| 0.46 231 6.26 11.83 18.27 7.83 % Density local_dec 13.20 14.04
] gaussian_rad 1.49 4.25 8.84 1390 19.87 9.67 % local_inc 11.59 13.71
] Noise impulse_rad| 0.96 131 1.74 247 4.4 2.19 (@) shear 39.12 39.37
% background| 1.80 2.06 250 278 472 2.77 EED 34.13 35.40
3 upsample | 0.33 0.34 053 0.76 1.7 0.75 Transformation rotation 0.38 0.56
cutout 165 237 372 498 7.16 3.98 scale 7.62 6.02
local_dec | 5.24 6.75 9.43 1508 36.08 14.52 translation 3.27 3.89
Density local_inc 081 099 138 186 281 157 MCE ap 10.36 11.34
beam_del | 0.08 0.17 0.44 0.89 2.09 0.73
layer_del | 044 197 293 434 597 313
uniform | 0.65 1.98 599 13.36 25.76 9.55
Noise gaussian | 1.51 428 9.59 19.00 32.04 13.28
impulse | 1.90 235 293 348 521 317
upsample | 0.38 0.53 0.57 0.80 1.4§ 0.75
g cutout 5.85 11.28 15.97 20.02 23.3115.29
P Density local_dec | 1.89 10.18 14.87 18.98 22.5513.69
2 local_inc | 7.99 11.99 13.78 14.93 15.4212.82
e} shear 3.89 15.13 37.03 63.05 77.J039.26
FFD 227 14.05 3525 5547 67.3134.87
Transformation rotation 0.05 0.13 0.26 081 1.19 0.49
scaling | 0.47 215 502 9.28 16.52 6.69
translation | 1.04 3.88 4.84 4.07 4.34 3.63
Average 379 6.31 1021 14.64 19.74 10.94

Table S1 shows th€Eap under different severity levels of _ . _ ' .
cortuptons orCar detection. According to Table S1, excepf, SI\Soxplr o Thate et aferet dtances of bt o e DA
scene-level fain}, all corruptions follow a predictable trend,

i.e.,, theCEap increases as the severity level increases. Table

S3 shows the recall loss.€., CEecan ) of different detectors sg depicts the bug rates @ar detection under different

under different corruptions ogar detection. corruptions. According to Table S8r4in, snov} and scene-
level {uniform_rad, gaussian_rgdeven reduce the rate of

B. Reacts of Detector Designing to Common Corruptions Mmissing objects, which has been analyzed in Sedfidh More

Table S2 depicts the average precision (AP) lags CEap ) details of the increase of bug ratese( CR) are recorded in
of one-stage and two-stage detectorsGar detection under Tab!es S4, S5, and S6. ) .
different common corruptions. Table S2 indicates that oneF19uré S1 shows the TD Rate of detections at different
stage detectors perform more robust against corruptionsdsjtances of objects to the LIDAR sensor. As shown in
scene-level and object-level Noise, object-level Density, ahd@ure S1, compared to clean observations, TD rates under

Transformation, while two-stage detectors are mainly mof@'Tupted observations are always lower at any distance of
robust against scene-level Density. objects to LIDAR.

C. Detection Bugs in Detectors under Common Corruption®. Robustness Enhancement by Data Augmentation and De-

Table S7 depicts the bug rates of different detectors 81SIN9
Car detection. According to Table S7, we nd there is Table S9 and Figure S2 sho@Eap of different detectors
always an increase of FC and FD rate for all detectors. Talda Pedestriandetection andCar detection, respectively, with
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TABLE S3: CEecan (%) of different detectors under different corruptions Gar detection (the green cell withCE of over 18%)

Corruption PVRCNN POINtRCNN SECOND BtcDet VoTr-SSD VoTr-TSD SE-gspCcrer- PVRCNN Centerpoint Center- . s |y erage
point ++ RCNN  former
rain 24.50 23.67 20.92 29.69 23.46 2498  27.10 24.84  27.09 25.25 24.50 25.04
Weather snow 36.23 32.72 29.19 43.32 37.11 40.26 38.32 32.80 39.20 35.61 34.65 36.29
fog 4.22 5.30 3.14 2.36 2.45 2.43 2.28 3.47 6.99 4.82 4.44 4.68.88
uniform_rad| 14.23 12.91 13.67 9.20 3.70 5.12 9.33 11.31 12.71 11.85 7.30 138643
§ gaussian_rad 17.74 15.67 17.46 11.30 4.81 6.39 11.29 14.35 16.33 15.41 8.45 171305
2 Noise impulse_rad|  4.17 4.47 4.32 3.93 3.86 5.02 211 4.05 4.36 4.08 178 3.28.78
% background| 3.26 8.66 2.84 2.21 4.64 4.73 2.59 2.42 2.61 3.58 0.83 1.88.35
8 upsample | 0.94 2.58 1.20 0.93 0.94 0.68 0.80 0.76 1.60 0.68 042  102.05
cutout 4.87 4.61 5.55 4.05 4.37 3.55 4.45 5.55 5.36 5.15 5.50 5.331.86
local_dec | 15.56 - 14.76  13.04 1178 11.10  14.06 1619  16.29 15.99 17.09 161273
Density local_inc 1.58 2.62 1.59 1.66 1.70 1.48 121 156 1.89 1.44 0.65  1.38.56
beam_del 0.92 0.77 1.13 0.95 0.94 0.63 1.34 1.11 1.21 0.89 1.20 1.21.03
layer_del 3.48 3.37 3.59 3.12 3.13 2.74 3.37 3.78 3.93 3.67 4.31 3.68.51
uniform 9.60 10.19 6.74 9.22 2.65 3.67 7.05 5.82 9.33 8.65 4.07 §.89.16
Noise gaussian | 12.69 13.02 9.16 1205 3.84 5.18 9.06 7.78 12.76 11.92 520 11.4051
impulse 2.11 3.14 1.88 2.03 1.99 1.94 195 1.86 2.43 2.15 123 18205
upsample | 0.77 1.71 0.96 1.00 0.44 0.26 044 057 1.17 0.74 -0.18 0.99.74
g cutout 2221 20.90 2161 17.61 16.27 17.44 1767 2121 22.04 22.18 22.87 20.37
o Density local_dec | 19.99 18.73 19.04 1597 1411 1552 1626 18.96  19.78 19.84 21.08 18.28
g local_inc | 10.58 10.95 10.78  9.30 7.63 8.11 7.89 933 1155 10.56 6.71  11.3856
o) shear 22.13 25.19 25.06 2326 2214 2061 2170 2395 2356 22.61 18.76 22.80
FFD 17.53 2151 18.41 1943 16.74 17.26  18.70 1843  19.17 18.60 17.31 18.64
Transformation rotation 0.49 0.42 0.4 0.63 0.4 0.42 0.53 0.26 0.46 0.40 0.63 0[33.45
scaling 5.1 5.95 5.95 4.56 6.09 4.77 4.82 5.86 5.22 4.80 6.27 5.1%.37
translation 3.79 3.42 3.78 4.69 5.32 4.66 2.39 4.26 4.07 4.05 2.90 3.33.89
MCE recall 10.35 10.52 9.73 9.82 8.02 8.36 9.07 9.62 10.84 10.20 8.72  1j0.4566
Fig. S2: AverageCE pp (%) of different detectors oiCar detection given common corruptions
PA-DA and/or KNN-RO. According to Table S9, adopting APPENDIXB

KNN-RO slightly improves the AP by:37% without PA-DA CORRUPTIONSIMULATION NATURALNESS VALIDATION

and 0:89% with PA-DA on Pedestriandetection, respectively. o
A. Snow and Fog Validation

Tables S10 depict€Eap of Car detection with PA-DA . . . _
and/or KNN-RO under different corruptions. As shown in Table To verify the naturalness of snow and fog simulation, we train
S10, compared to the original detection, there is an avera %ather—oriented PointNet-based classi ers via data collected
increase of APi(e., a decrease & E ap ) on Car detection with I real snowy [15] and foggy [10] weather.

only PA-DA. By contrast, compared to the original detectiod/@iNing and Testing: As for snow/fog, we collect real
there is an average decreaseAdt (increase ofCEap ) on corrupted and clean data as training Bety, (including 50%

Car detection with KNN-RO and with PA-DA+KNN-RO. |n corrupted data an80% clean data). We train the PointNet
summary, KNN-RO makes the performance of point Cbu@odel with Dt,ai_n. to Iearn the model to classify the clean or
detection worse, namely less robust against corruptions. corrupted condition of point clouds. Then we gather the clean
and simulated corrupted KITTI data as testing Bety; and
Tables S11 depict€Ep of Pedestriandetection with PA- obtain the predictions of trained classi er @es; .
DA and/or KNN-RO under different corruptions. As showrExperiment Setting: We set the batch size to 32 for the
in Table S11, compared to the original detection, there isngodel training on the NVIDIA RTX A6000 GPU. We choose
slight average increase of AR, a decrease c€Eap ) on PointNet as the classi er due to its ef ciency and effectiveness
Pedestriandetection with PA-DA, with KNN-RO, and with in recognizing the global featur&9], which ts into the global
PA-DA+KNN-RO. effects of weather corruptions on LiDAR scanning.
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TABLE S4: CREc (%) of detectors on Car detection under common corruptions
Corruption PVRCNN PointRCNN SECOND BtcDet VoTr-SSD VoTr-TSD SE-ssp Center- PVRCNN Centerpoint Center- 0ol yoraoe
point ++ RCNN  former
rain 1.90 1.27 0.61 -0.01 -0.09 0.06 -0.01 2.29 0.85 2.40 0.33 1.98 0.96
‘Weather snow 2.17 2.01 0.71 0.03 0.17 0.12 -0.01 2.59 1.18 2.95 0.40 2.14 1.21
fog 0.03 0.02 0.10 0.02 0.21 0.16 0.04 0.16 -0.10 0.03 0.52 0.17 0.11
uniform_rad 1.35 0.82 1.27 0.00 -0.06 0.00 -0.01 1.29 1.08 1.95 0.21 1.63 0.79
= gaussian_rad 1.83 1.25 1.67 0.00 -0.06 0.01 0.00 1.62 1.32 2.58 0.30 2.09 1.05
E Noise impulse_rad 0.12 0.01 0.14 0.02 0.07 0.06 0.04 0.25 0.03 0.34 0.13 0.20 0.12
g background -0.18 0.20 -0.19 0.01 -0.22 -0.01 0.04 -0.20 -0.25 -0.17 -0.13  -0.24 -0.11
% upsample -0.01 0.03 0.03 0.01 -0.15 -0.02 0.01 -0.01 -0.03 0.08 -0.05  0.04 -0.01
cutout 0.21 0.13 0.16 0.03 0.18 0.15 0.04 0.12 0.14 0.19 0.20 0.27 0.15
local_dec 0.70 - 0.47 0.05 0.37 0.29 0.03 0.70 0.46 0.89 0.27 0.73 0.45
Density local_inc 0.04 0.02 0.05 0.01 0.00 0.05 0.05 0.04 0.01 0.05 0.05 0.03 0.03
beam_del 0.08 0.04 0.04 0.01 0.08 0.05 0.01 0.05 -0.01 0.07 0.02 0.08 0.04
layer_del 0.13 0.07 0.09 0.03 0.17 0.17 0.04 0.09 0.08 0.12 0.20 0.13 0.11
uniform 0.53 0.24 0.39 0.01 -0.01 0.00 0.00 0.32 0.02 0.72 0.04 0.65 0.24
Noise gaussian 0.71 0.32 0.50 0.01 -0.01 0.00 0.01 0.41 0.06 0.87 0.05 0.77 0.31
impulse 0.03 0.00 0.04 -0.01 0.00 0.02 0.00 0.00 -0.04 0.06 -0.01 0.06 0.01
upsample 0.06 0.00 0.12 0.00 0.01 0.02 0.03 0.04 -0.02 0.14 0.11 0.17 0.06
g cutout 0.38 0.03 0.51 0.08 0.49 0.41 0.04 0.40 0.29 0.32 0.41 0.57 0.33
= Density local_dec 0.26 -0.03 0.40 0.07 0.37 0.31 0.04 0.32 0.19 0.24 0.32 0.44 0.24
% local_inc 0.23 0.12 0.29 0.00 -0.13 -0.02 0.01 0.17 0.05 0.21 0.18 0.30 0.12
=] shear 0.16 -0.01 0.25 0.01 0.17 0.06 0.01 0.16 0.05 0.18 0.09 0.21 0.11
FFD 0.08 0.02 0.18 0.01 0.08 0.06 0.03 0.11 -0.03 0.16 0.03 0.14 0.07
Transformation| rotation -0.01 0.02 0.01 0.01 0.00 0.01 0.01 0.00 0.00 -0.03 0.00 0.03 0.00
scaling 0.02 0.00 0.03 0.01 0.02 0.01 0.03 0.00 -0.04 -0.01 0.02 0.04 0.01
translation 0.14 0.09 0.14 0.03 0.10 0.09 0.05 0.15 0.11 0.21 0.08 0.22 0.12
MCREc 0.44 0.28 0.32 0.02 0.07 0.08 0.02 0.44 0.22 0.58 0.15 0.51 0.26
TABLE S5: CRgp (%) of detectors on Car detection under common corruptions
Corruption PVRCNN PointRCNN SECOND BtcDet VoTr-SSD VoTr-TSD SE-ssp Center PVRCNN Centerpoint Center- (0o |4+ age
point ++ RCNN  former

rain 8.25 4.23 5.70 7.90 13.39 11.46 4.78 5.24 15.44 8.68 23.68 7.59 9.69
Weather snow 8.54 7.45 5.93 14.51 12.90 16.34 10.11 5.39 15.24 9.48 20.33 7.5 11.16
fog 0.82 0.11 0.62 -0.30 -0.84 -0.49 0.10 0.71 1.55 0.66 -0.62 0.06 0.20
uniform_rad 4.08 5.94 3.30 3.81 2.61 4.01 5.52 2.50 4.71 3.29 5.20 291 3.99
= gaussian_rad 4.88 6.83 3.87 431 3.34 4.94 6.44 3.02 5.52 4.15 6.42 3.46 4.76
E Noise impulse_rad 1.54 2.30 0.99 1.81 2.55 3.72 1.22 0.92 3.17 1.56 0.91 0.86 1.80
g background -0.34 2.25 -2.25 0.34 -3.22 -0.14 0.78 -2.14 -4.81 0.15 -6.51  -0.88 -1.40
% upsample -0.04 0.82 -0.34 0.34 0.29 0.14 0.69 -0.44 0.22 -0.05 -333  -0.14 -0.15
cutout 0.73 0.57 0.58 1.11 1.05 1.17 1.87 0.41 2.21 0.92 2.97 0.99 1.21
local_dec 3.79 - 2.77 3.40 3.44 4.29 4.43 2.83 9.31 4.21 9.58 3.76 4.71
Density local_inc 0.39 0.95 0.23 043 0.53 0.55 0.48 0.30 0.20 0.43 -1.51 0.28 0.27
beam_del 0.39 0.06 0.39 0.54 0.52 0.48 0.75 0.30 1.47 0.38 2.44 0.41 0.68
layer_del 0.98 0.54 0.79 1.25 0.98 1.01 1.36 0.73 247 1.09 2.56 0.93 1.22
uniform 2.30 4.51 1.25 2.85 1.37 2.13 3.01 1.10 2.46 2.22 2.14 2.00 2.28
Noise gaussian 3.11 6.00 1.70 3.99 1.98 3.11 391 1.47 3.49 3.20 2.70 2.59 3.10
impulse 0.89 1.47 0.53 1.40 1.06 1.32 1.43 0.53 1.14 0.98 0.75 0.66 1.01
upsample 0.28 0.79 0.22 0.33 0.24 0.13 0.95 0.16 0.09 0.25 -0.03 0.32 0.31
g cutout 2.29 -0.92 1.64 0.39 2.75 3.27 0.54 0.77 2.97 1.58 -1.59 2.32 1.33
:; Density local_dec 1.83 -1.15 1.27 0.10 2.02 2.57 -0.13 0.48 2.00 1.13 -2.18 1.86 0.82
% local_inc 3.54 5.44 2.54 4.81 343 4.74 6.77 2.31 3.58 3.76 341 2.69 3.92
=} shear 10.08 17.48 7.56 23.27 11.70 14.84 24.29 7.74 13.74 11.07 6.24 8.98 13.08
FFD 8.06 14.85 5.59 18.56 8.82 12.28 20.52 5.95 10.96 9.15 5.68 7.53 10.66
Transformation| rotation 0.22 0.13 0.12 0.40 0.25 0.29 041 0.07 0.23 0.26 0.55 0.15 0.26
scaling 2.31 3.82 1.81 4.40 3.24 3.38 5.37 1.90 2.76 2.38 1.54 1.83 2.89
translation 1.58 1.09 0.87 1.55 2.78 3.24 1.09 0.88 3.36 1.61 3.78 1.31 1.93
MCRED 2.82 3.56 191 4.06 3.09 3.95 4.27 1.73 4.14 2.90 3.40 241 3.19
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TABLE S6: CRnMp (%) of detectors on Car detection under common corruptions

Corruption PVRCNN PointRCNN SECOND BtcDet VoTr-SSD VoTr-TSD SE-ssp Ceter- PVRCNN Centerpoint Center- 0ol yoaoe
point ++ RCNN  former

rain 933 463 342 1261 837 564 1101 489 1359 -1073 2280 -672 | 948
Weather snow 2071 347 062  -896 414 061 999 040  -5.82 401 -1724 002 | -3.87
fog -0.60 0.43 025  -054 677 653 270 -1.59 228 2030 129 249 | 1.19
wniform_rad | -2.10 578 298 451 279 362 463 245 303 176 384 134 | 324
= gaussian_rad| -2.32 6.42 303 -500  -3.37 428 517 268 -3.03 199 503 -138 | -3.64
B Noise impulse_rad | 0.26 551 085 223 245 289 -1.51 124 -1.19 135 006 018 | -0.99
B background | 7.43 701 1313 -LI12 1916 1067 510 1248  17.00 5.64 902 824 | 839
g upsample | 2.07 0.73 288 062 079 120 107 280 026 1.42 488 194 | 150
cutout 174 1.83 159 -101 177 053 -103 226 044 143 241 074 | 066
local_dec | -0.08 . 2009 324 218 038 344 034 -545 2129 821 030 | -1.76
Density local_inc | 0.39 -1L11 059  -037 105 .16 081 029 119 0.29 261 040 | 061
beam_del | -0.37 0.14 048 4102 -0.37 092 -127 022 -150 044 250 -007 | -075
layer del | 0.13 132 027 4100 1.02 055 099 020  -1.92 006 233 006 | -0.27
wniform 0.90 0.93 032 086  -0.15 2031 006 050 115 074 103 027 | 020
Noise gaussian 123 -1.00 049 133 -0.11 032 027 069 156 104  -126 041 | 036
impulse 0.13 -0.74 0.10 006 001 016 015 022 006 0.05 029 000 | -0.03
upsample | -0.02 -115 001 022  -0.07 001 009 005 020 .0.14 012 -017 | -0.13
E cutout 5.05 10.70 362 500 376 481 515 474 504 6.06 410 39 | 5.17
2| Density local_dec | 476 9.90 336 470 357 452 489 443 497 5.65 450 380 | 492
2 local_inc | 0.52 0.05 030 086 024 023 085 045 108 047 230 067 | 028
2 shear 0.01 20.60 005 040 -0.09 2018 005 022 -092 011 360 -024 | 042
FFD 0.08 111 004 072 002 0.05 108 024 043 002 316 -0.18 | -0.22
Transformation|  rotation 0.03 028 000 001  -006  -005 002 003 003 2006 036 -0.06 | -0.07
scaling 0.08 0.08 001 010  -0.03 004 031 009 006 001 069 002 | -0.01
translation | 0.29 129 045 027 -0.07 023 002 060  -070 024 286 -0.10 | -0.29
MCRrb 038 2076 074 113 106 042 067 079 027 0.14 210 053 | -0.08

TABLE S7: Bug rates (%) of true detection, false classification, false
detection, and missing detection of different detectors (results on clean data
in parentheses)

Detector TD FC FD MD
PVRCNN 32.63 (36.27) 1.16 (0.72) 11.1 (8.28) 55.11 (54.73)
PointRCNN 47.11 (50.20) 0.68 (0.40) 16.04 (12.47) 36.17 (36.93)
SECOND 20.61 (23.57) 0.81 (0.49) 8.42 (6.51) 70.16 (69.43)
BtcDet 65.24 (68.19) 0.03 (0.01) 15.19 (11.13) 19.54 (20.67)
VoTr-SSD 27.95 (32.17) 0.62 (0.55) 13.52 (10.43) 57.91 (56.85)
VoTr-TSD 42.75 (47.20) 0.28 (0.20) 14.67 (10.72) 42.3 (41.88)
SE-SSD 64.56 (68.18) 0.05 (0.03) 15.72 (11.45) 19.67 (20.34)
Centerpoint 21.74 (24.70) 0.98 (0.54) 9.26 (7.53) 68.02 (67.23)
PVRCNN++ 36.71 (40.8) 0.93 (0.71) 22.8 (18.66) 39.57 (39.84)
Centerpoint_RCNN | 34.65 (38.27) 1.36 (0.78) 12.16 (9.26) 51.83 (51.69)
Centerformer 7.88 (9.34) 0.67 (0.52) 31.03 (27.63) 60.41 (62.51)
PartA2 24.75 (28.19) 1.17 (0.66) 10.02 (7.61) 64.06 (63.54)

Analysis: According to the snow classification in Table S12, the
validation accuracy of 99:11% illustrates the snow classifier’s
precise snow recognition on point clouds collected in the real
world. Hence, the classifier’s testing accuracy of 97:13% on
simulated data demonstrates the high naturalness of the snow
simulation. Likewise, even though the fog classifier’s validation
accuracy is reduced by the small data size, the testing accuracy
of 92:60% on simulated data still presents a high similarity of
data corrupted by simulated fog to data affected by real fog.

We further analyze the similarity of distribution of real and
simulated corrupted data. Specifically, we utilize T-SNE [76]
to visualize extracted the high-level features from the trained
classifier. As shown in Figures 2 and 3, the distributions of
the real and simulated corruptions are significantly similar. As
shown in Table S13, The maximum mean discrepancy (MMD)
[67] results quantitatively verify that the simulated snow/fog is
close to the real snow/fog, respectively, while not close to the

TABLE S8: Bug rates (%) of true detection, false classification, false detection,
and missing detection of detectors under different corruptions

Corruption TD FC FD MD
Clean 3892 047 11.81 48.80
rain 37774 143 2150 39.32
Weather snow 3042 1.67 2297 4493
fog 3742  0.58 12.00 49.99
uniform_rad | 37.38 126 15.80 45.57
= gaussian_rad | 36.75 1.52 16.57 45.16
H Noise impulse_rad | 38.00 0.59 13.60 47.82
é background 3205 036 1041 57.19
% upsample 37.59 046 11.65 50.30
cutout 3690 0.62 13.02 49.46
local_dec 3450 092 1646 48.12
Density local_inc 38.01 050 12.08 4941
beam_del 3895 051 1248  48.05
layer_del 37.86  0.58 13.03 48.53
uniform 3620 0.71  14.09  49.00
. gaussian 35.15 0.78 1491 49.16

Noise 8
impulse 3793 048 12.82 48.77
upsample 38.69 0.52 12,12 48.67
g cutout 32.10 0.80 13.14 5397
= Density local_dec 3294 071 12.62  53.72
% local_inc 3460 0.59 1573  49.09
=] shear 26.15 0.58 24.89 4839
FFD 28.41 0.54 2247 4858
Transformation rotation 3873 047 1206 48.74
scaling 36.02 048 1470 48.80
translation 37.17 058 13.73 4851

clean data.

B. Rain Validation

In Figure 1, data of real clean and real rain from Boreas
were sampled at the same location but at different time-
stamps; the data of simulated rain was augmented on the
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TABLE S9: Average CE ap (%) of different detectors on Pedestrian detection
with DA and/or denoising

Detector Origin PA-DA KNN-RO PA-DA + KNN-RO
PVRCNN 871  10.6(+1.89) 8.2(-0.51) 10.05(+1.34)
PointRCNN 8.43 3.73(-4.7)  7.05(-1.38) 3.57(-4.86)
SECOND 838  7.63(-0.75) 8.46(+0.08) 7.76(-0.62)
Centerpoint 7.19 5.37(-1.82) 7.08(-0.11) 5.21(-1.98)
PVRCNN++ 9.67 10.93(+1.26) 9.41(-0.26) 10.92(+1.25)
Centerpoint RCNN | 9.22  6.19(-3.03)  8.78(-0.44) 5.6(-3.62)
Centerformer 6.78 7.58(+0.8)  7.05(+0.27) 8.3(+1.52)
PartA2 10.18  10.72(+0.54)  9.6(-0.58) 10.06(-0.12)
Average 8.57  7.84(-0.73)  8.2(-0.37) 7.68(-0.89)

TABLE S10: Average CEap (%) of detectors given different corruptions on
Car detection with DA and/or denoising (differences between enhancement
methods and Origin are in parentheses)

Corruption Origin  PA-DA KNN-RO PA-DA+KNN-RO
rain 26.16 27.29(+1.13) 31.63(+547)  32.47(+6.31)
Weather snow | 44.81 45.05(+0.24) 46.94(+2.13)  47.12(+2.31)
Jfog 1.89  1.91(+0.02) 5.12(+3.23) 5.06(+3.17)
uniform_rad | 7.83  7.51(-0.32) 10.74(+291)  10.37(+2.54)
= gaussian_rad | 9.67  9.12(-0.55) 12.62(+2.95) 11.98(+2.31)
E Noise impulse_rad | 2.19  1.82(-0.37) 4.75(+2.56) 4.28(+2.09)
é background | 2.77  2.72(-0.05) 2.05(-0.72) 2.03(-0.74)
% upsample 0.75 0.59(-0.16) 3.42(+2.67) 3.22(+2.47)
cutout 398  3.89(-0.09) 6.57(+2.59) 6.41(+2.43)
local_dec 14.52 14.76(+0.24) 16.7(+2.18) 16.92(+2.4)
Density local_inc 1.57  1.38(-0.19) 4.23(+2.66) 4.03(+2.46)
beam_del | 074 0.79+0.05) 336(+2.62)  3.33(+2.59)
layer_del 3.13  3.24(+0.11) 6.09(+2.96) 6.18(+3.05)
uniform 9.55 8.43(-1.12) 12.05(+2.5) 11.06(+1.51)
Noise gaussian 1328 11.91(-1.37) 15.71(+2.43) 14.42(+1.14)
impulse 3.17  3.19(+0.02) 5.97(+2.8) 5.93(+2.76)
upsample 0.75  0.59(-0.16) 2.63(+1.88) 2.39(+1.64)
‘g cutout 15.28 14.95(-0.33) 17.0(+1.72) 16.68(+1.4)
Té' Density local_dec 13.69 13.56(-0.13) 16.05(+2.36) 15.88(+2.19)
£ local_inc | 12.82 11.77(-1.05) 15.02(+22)  14.06(+1.24)
=] shear 39.26 39.35(+0.09) 40.14(+0.88)  40.11(+0.85)
FFD 34.87 3434(-053) 39.3(+4.43)  38.89(+4.02)
Transformation rotation 0.49 0.52(+0.03) 3.05(+2.56) 3.05(+2.56)
scaling 6.69  6.7(+0.01) 9.14(+2.45) 9.12(+2.43)
translation | 3.63  3.34(-0.29) 6.02(+2.39) 5.58(+1.95)
Average 10.94 10.75(-0.19) 13.45(+2.51) 13.22(+2.28)

basis of the data of real clean. According to Figure 1,
compared with the data of real clean, the point cloud under
simulated rain has sparse “false points” (as in red boxes)
surrounding the LiDAR sensor nearby and wipes out some
points on the road. Both are similar to the effects of real-
world rain, shown by the yellow boxes and missing points
on the road. More comparisons between real rainy data and
simulated rainy data are shown in Figure S8 in the website
https://sites.google.com/ualberta.ca/robustness 1 pc2detector/.

APPENDIX C
IMPLEMENTATION OF CORRUPTION SIMULATION

Figures S9 to S34 in the website https://sites.google.com
/ualberta.ca/robustness1pc2detector/ display the point cloud
examples under “clean” and simulated common corrup-
tions (at severity level of 3). For implementation de-
tails of the simulation, please refer to the website
https://sites.google.com/ualberta.ca/robustness 1 pc2detector/.

TABLE S11: Average CEap (%) of detectors given different corruptions on
Pedestrian detection of with DA and/or denoising (the differences between
enhancement methods and Origin are in parentheses)

Corruption Origin  PA-DA KNN-RO PA-DA+KNN-RO
rain 372 2.82(-0.9) 2.97(-0.75) 2.29(-1.43)
Weather snow 3.38  3.56(+0.18) 2.58(-0.8) 2.79(-0.59)
fog 1042 7.79(-2.63) 10.19(-0.23) 7.35(-3.07)
uniform_rad | 29.85 25.22(-4.63) 29.59(-0.26) 25.2(-4.65)
- gaussian_rad | 36.50 31.91(-4.59) 36.37(-0.13) 32.0(-4.5)
2 Noise impulse_rad | 1.84 4.41(+2.57) 1.83(-0.01) 4.3(+2.46)
g background | 0.48 1.02(+0.54) -0.09(-0.57) 0.77(+0.29)
% upsample 123 2.13(+0.9) 0.99(-0.24) 1.96(+0.73)
cutout 832  7.54(-0.78) 8.12(-0.2) 7.28(-1.04)
local_dec | 21.07 15.93(-5.14) 16.83(-4.24) 15.92(-5.15)
Density local_inc 1.35  2.14(+0.79) 1.24(-0.11) 1.99(+0.64)
beam_del 0.39  1.16(+0.77) 0.28(-0.11) 0.89(+0.5)
layer_del 450 4.44(-0.06) 4.37(-0.13) 4.27(-0.23)
uniform 4.05 3.64(-0.41) 3.94(-0.11) 3.48(-0.57)
Noise gaussian 542 4.84(-0.58) 5.32(-0.1) 4.73(-0.69)
impulse 1.86  2.44(+0.58) 1.88(+0.02) 2.36(+0.5)
upsample | -0.17  0.43(+0.6) -0.41(-0.24) 0.29(+0.46)
g cutout 21.09 19.38(-1.71) 20.97(-0.12) 19.44(-1.65)
:; Density local_dec | 18.12 16.9(-1.22) 18.12(+0.0) 17.03(-1.09)
2 local_inc | 846  6.76(-1.7)  8.3(-0.16) 6.71(-1.75)
o shear 17.37 14.64(-273) 17.22(-0.15)  14.44(-2.93)
FFD 1226 11.5(-0.76) 12.13(-0.13)  11.39(-0.87)
Transformation rotation 0.07 1.0(+0.93) -0.18(-0.25) 0.91(+0.84)
scaling 3.87 4.73(+0.86) 3.64(-0.23) 4.61(+0.74)
translation | -1.18 -0.25(+0.93) -1.12(+0.06) -0.28(+0.9)
Average 8.57 7.84(-0.73) 8.2(-0.37) 7.68(-0.89)
TABLE S12: Classification on real and simulated data
Corruption ’Qaining T esting
dataset size val accuracy | dataset size test accuracy

snow Boreas 24292 99.11% KITTI 14962 97.13%
fog STF 1787 80.00% KITTI 14962 92.60%

TABLE S13: MMD distances of different features transformed by T-SNE

Real vs Simulated Simulated vs Clean Real vs Clean
Snow 0.0549 0.1446 0.1445
fog 0.0302 0.1212 0.1295



https://sites.google.com/ualberta.ca/robustness1pc2detector/
https://sites.google.com/ualberta.ca/robustness1pc2detector/
https://sites.google.com/ualberta.ca/robustness1pc2detector/
https://sites.google.com/ualberta.ca/robustness1pc2detector/
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