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Robust Perception in Autonomous Driving

Topic #1: Robustness under Data-Efficient Settings

* Data collection is much easier than annotation
* Learning perception models with semi supervisions
« Goal: Achieve satisfactory perception performance with limited

annotations

Topic #2: Robustness under Common Corruptions

 Data corruption and sensor failure are common issues
 Testing perception models with corrupted scenarios
*  Goal: Achieve reliable perception performance under out-of-

distribution corruptions
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Topic #1

Robustness
under Data-Efficient Settings
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TL;DR

LaserMix is a data-efficient learning framework designed for LIDAR segmentation that:

* Leverages the spatial prior indriving scenes
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TL;DR

Groundtruth LaserMix (Prediction) LaserMix (Error Map)
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Autonomous Driving Perception
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From left to right: Why LIDAR sensors?

* LIDAR semantic segmentation « Accurate depth sensing

* LIDAR panoptic segmentation * Robust at low-light conditions
« 3D object detection  Dense perceptions

* 4D LIDAR panoptic segmentation o



LIDAR Semantic Segmentation

A.Milioto, et al. “RangeNet++: Fast and accurate LIDAR semantic segmentation,” IROS, 2019.



LIDAR Semantic Segmentation

e SemantickITTI

* Full labels (100%)

* 19 semantic classes
e 100 M X 100 M
 Upto4.s5hours

J. Behley, et al. “Semantickitti: A dataset for semantic scene understanding of LIDAR sequences,” ICCV, 2019.



LIDAR Semantic Segmentation

O. Unal, et al. “Scribble-supervised LIDAR semantic segmentation,” CVPR, 2022.

e SemantickITTI

Full labels (100%)

19 semantic classes
100 M X 100 M

Up to 4.5 hours

* ScribbleKITTI

Weak (scribble) labels
(8.06%)

19 semantic classes
100 M X 100 M

10-25 min per scan
90% time saving



semi-Supervised LIDAR Segmentation

Objective

« We target on the less-explored semi-
supervised LIDAR semantic
segmentation.
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semi-Supervised LIDAR Segmentation

Objective

« We target on the less-explored semi-
supervised LIDAR semantic
segmentation.

« Qurgoalistoleverage the abundant
raw LIDAR scans for training accurate
segmentation models.

* We propose LaserMix to make
advantages of the spatial prior in LIDAR
scenes for effective learning with semi
supervisions.




Spatial Prior

Class Type | Proportion | Distribution Heatmap
vegetation static 24.825% — [I
road static 22.545% i I -
sidewalk static 16.353% ‘-
car dynamic | 4.657% ] H H H

traffic-sign static 0.061%

motorcycle | dynamic 0.045% H H | H
person dynamic | 0.036% . |
bicycle dynamic | 0.018% .

Certain class tends to appear at certain areas around the ego-vehicle!
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(@) Motivation. Semantic scene priors are overt for each category in LIDAR point clouds.
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(@) Motivation. Semantic scene priors are overt for each category in LIDAR point clouds.
(b)Generalizability. LaserMix can be added into various popular LIDAR representations.
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(@) Motivation. Semantic scene priors are overt for each category in LIDAR point clouds.
(b)Generalizability. LaserMix can be added into various popular LIDAR representations.
(c)Effectiveness. LaserMix helps to improve both semi- and fully-supervised settings.



Laser Partition & Miging

=) Beam1  ==) Beam2  ==) Beam3 ==» Beam 4 Three-Step Procedure

1. Partitioning the captured LiDAR scan
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Laser Partition & Miging

=3 Beam 2 == Beam 3 =9 Beam 4
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Three-Step Procedure

1. Partitioning the captured LiDAR scan
into low-variational areas.

2. Efficiently mixing every areain the
LIDAR scan with foreign data.



Laser Partition & Miging

=) Beam1  ==) Beam2  ==) Beam3 ==» Beam 4 Three-Step Procedure

1. Partitioning the captured LiDAR scan

o)

'Y Y o
|
into low-variational areas.

2. Efficiently mixing every areain the
LIDAR scan with foreign data.

3. Encouraging the LIDAR segmentation
models to make confident and

consistent predictions on the same
/ / area in different mixing.

1




Laser Partition & Miging
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Laser Partition & Miging
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Consistency Regularization

Labeled Scan X; Student Ground-Truth Y

Xmix - Ymix

> D D U | Threshold T

Teacher Pseudo-Label Yu

Unlabeled Scan X,



Consistency Regularization

Labeled Scan X; Student Ground-Truth Y

Xmix - Ymix

> D D U | Threshold T

Teacher Pseudo-Label Yu

Unlabeled Scan X,



Derivation

=3 Beam 1 =3 Beam 2 =3 Beam 3

H(X;p, Yi, | A = Outer Rings)

=3 Beam 4

LIDAR data and labels strongly correlate with the area A
H(Xin, Yin|4) is low

A Simplified Case:
Color correlates with the row; each row has two colors

A
s I

H(X,Y|A € {2x2}) = log4
H(X,Y|A € {1x2,1x2}) =log4
H(X,Y|A € {2x1,2x1}) =log2



Derivation
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« H(Xi,, YinlA) is low => H(Y;,|X;y, 4) is low (conditional entropy).

Let 6 be the parameter of the LIDAR segmentation network.

car

we would like to solve the following:

o Eg[Hg(Yin|Xin, A)] = ¢, where cis a constant.

* Yo P(6) =1(sumtoone).

b g
road o
‘L\/ ~ P 4
‘ \ .Y }\\‘/”/
l_l NN

| lower mid upper T} =

Principle of Maximum Entropy:

« P(0) x exp(—A Hy(Yiy|Xin, A)), where Ais the Lagrange multiplier.

— _/
Y

spatial prior




Derivation

Class Type | Proportion | Distribution Heatmap
vegetation static 24.825% — [I
road static 22.545% i I -
sidewalk static 16.353% ‘-
car dynamic | 4.657% ] H H H

traffic-sign static 0.061%

motorcycle | dynamic 0.045% H H | H
person dynamic | 0.036% . |
bicycle dynamic | 0.018% .

Certain class tends to appear at certain areas around the ego-vehicle!



Derivation

« P(0) x exp(—A Hy(Yiy|Xin, A)) => spatial prior.

« Compute the empirical entropy:

* Ho(YinlXin, A) = Ex;, v,a[Po(Yin|Xin, A) log Po (Yin | Xin, A)].

« Py(YiylXin, A) means predicting the labels by the data inside an area A.

« The segmentation network predicts from full data. Therefore, we need X,,; to complement

the remaining area outside A and marginalize X .

1
| Xoutl

* Po(Yinlxin, @) = Zxoutexout Pg (Yin|Xin, @ Xout)-



Derivation

« P(0) x exp(—A Hy(Yiy|Xin, A)) => spatial prior.
* PG(yinlxin: a) = EXout[PG(yinlxint a, Xout)] => marginalization.

« We maximize the following posterior:

* C(H) = _AExinEXin:.VinEYin» a€eA [H]9
* H= P9 (yinlxinr a) ) logpe(ymlxim a)a

* Hisminimized only when Pg(¥in|xin, @, Xout) IS certain and consistent to xgy¢.



Derivation

H = 1

o | Xout! Zxoutexout P9 (yin |xin’ a, xout) log PB (yin |xin; a, xout)-

H = 0 only when Pg(yig|xin, @, Xoue) 1S certain and consistent to xg .

* Foreveryselected area and the data /ns/ide that area, a LIDAR segmentation network should

make certain and consistent predictions regardless of the data outside the area.
* Directly compute E,._.y. [H] isinfeasible/intractable, since |y;,| = C"in*"in is too large.

 Instead, we use the pseudo-label to make sure that Pg(y;,|xin, @, xout) 1S certain and consistent.



Experimental Settings

nuScenes [135]

SemanticKITTI [16]

ScribbleKITTI [4]

Vis.
#Class | 16 | 19 |
#Train | 29130 | 19130 | 19130
#Val | 6019 | 4071 | 4071
Res. (RV) | 32 x 1920 | 64 x 2048 | 64 x 2048
Res. (voxel) | 240, 180, 20] | 240, 180, 20] | [240, 180, 20]
#Beam | 32 | 64 | 64
g Pom] | [10°, —30°] | 3, —257 | 3, —25°
Pt | [50m, —50m)] | [50m, —50m)] | [50m, —50m)]
[Phax, Pon] | [50m, —50m)] | [50m, —50m)] | [50m, —50m)]
[ ] | [3m, —5m] | [2m, —4dm] | [2m, —4m]
#Label | 100% | |
Intensity N B
Range

Semantics

High-res LiDAR:
e SemantickKITTI
* Denserscenes

Low-res LIDAR:
* nusScenes
* Sparserscenes

Weak supervision:
* ScribbleKITTI
« Sparse labels



Experimental Settings

« Range View
Backbone: FIDNet [IROS’21]

e
 #Param:6.05M
* 6X32X1920 (huScenes)
* 6X64Xx2048 (SemanticKITTI/ScribbleKITTI) ~
LiDAR Representation

 Voxel /JR

« Backbone: Cylinder3D [CVPR21]
 #Param:28.13M
e [240, 180, 20]

Option 1: Range View Option 2: Voxel

[ \

LaserMix LaserMix
P TR

oo g

S5 BB

Y.Zhao, et al. “FIDNet: LIDAR point cloud semantic segmentation with fully interpolation decoding,” IROS, 2021.
X.Zhu, et al. “Cylindrical and asymmetrical 3D convolution networks for LIDAR segmentation,” CVPR, 2021.



Experimental Settings

« Range View
Backbone: FIDNet [IROS’21]

e
 #Param:6.05M
* 6X32X1920 (huScenes)
* 6X64Xx2048 (SemanticKITTI/ScribbleKITTI) ~
LiDAR Representation

 Voxel /JR

« Backbone: Cylinder3D [CVPR21]
 #Param:28.13M
e [240, 180, 20]

Option 1: Range View Option 2: Voxel

- Data Split i ‘

LaserMix LaserMix
* 1%, 10%, 20%, 50% (labeled) L ]
« Random sampling omae—
« Assume the remaining ones are unlabeled <E____Sb

Y.Zhao, et al. “FIDNet: LIDAR point cloud semantic segmentation with fully interpolation decoding,” IROS, 2021.
X.Zhu, et al. “Cylindrical and asymmetrical 3D convolution networks for LIDAR segmentation,” CVPR, 2021.



Experimental Results

Repr Method nuScenes [15] SemanticKITTI [16] ScribbleKITTI [4]
b 1% 10% 20% 50% | 1% 10% 20% 50% | 1% 10% 20% 50%
| Sup.-only | 383 57.5 62.7 67.6 362 522 559 57.2 | 331 477 499 525
z MeanTeacher [26] | 42.1 604 654 694 | 375 53.1 56.1 574 | 34.2 498 51.6 53.3
oS CBST [30] 409 605 643 69.3 | 399 534 56.1 569 | 35.7 50.7 527 54.6
o CutMix-Seg [29] 43.8 63.9 648 69.8 | 374 543 56.6 576 | 36.7 50.7 529 54.3
= CPS: [13] 40.7 60.8 649 68.0 | 36,5 523 56.3 574 | 33.7 50.0 52.8 54.6
& LaserMix (Ours) | 495 68.2 706 730|434 588 594 614|383 544 556 587
2 ¢ +11.2 +10.7 +79 +54 | +72 +66 +35 +42 | +52 +6.7 +5.7 +6.2
Sup.-only 50.9 659 66.6 71.2 454 56.1 57.8 587 | 39.2 480 52.1 53.8
_ MeanTeacher [26] 51.6 66.0 67.1 71.7 | 454 571 59.2 60.0 | 41.0 50.1 52.8 53.9
0 CBST [30] 53.0 66.5 69.6 71.6 | 48.8 583 594 59.7 | 41.5 50.6 53.3 54.5
S CPS [13] 52.9 66.3 70.0 72.5 | 46.7 587 596 60.5 | 41.4 51.8 53.9 54.8
LaserMix (Ours) | 55.3 699 71.8 73.2 | 506 600 619 623 | 44.2 53.7 551 56.8
T +4.4 +40 +52 +20)| +52 +39 +41 +36 | +50 +5.7 +3.0 +3.0

A.Tarvainen and H. Valpola. “Mean teachers are better role models: Weight-averaged consistency targets improve semi-
supervised deep learning results,” NeurlPS, 2017.

G. French, et al. “Semi-supervised semantic segmentation needs strong, high-dimensional perturbations,” BMVC, 2020.
Y.Zou, et al. “Domain adaptation for semantic segmentation via class-balanced self-training,” ECCV, 2018.

X. Chen, et al. “Semi-supervised semantic segmentation with cross pseudo supervision,” CVPR, 2021.



Experimental Results

Method | 1/16 1/8 1/4 1/2

MeanTeacher [26] 66.1 71.2 744 76.3

w/ Ours 68¢F 723 T5.7T 768

A +26 +1.1 +1.3 +0.5

roa sidewalk building wall fence CCT [ 1 1 ] 664 72.5 757 768
— GCT [12] 608 713 a3 Ti.l
traffic Ilght traffic sign vegetatlon terrain CPS [ 1 3] 69'8 74'4 76'9 78' 6

- - - w/ Ours 5 Trl B3 19l

— — A1 +1.0 +0.5 +0.5 +0.3

motorcycle blcyc le

—=== Also has spatial priors in scenes!

Y. Ouali, et al. “Semi-supervised semantic segmentation with cross-consistency training,” CVPR, 2020.
Z.Ke, et al. “Guided collaborative training for pixel-wise semi-supervised learning,” ECCV, 2020.



Ablation Study

# | Lot Lmx SS TS| 1% 10% 20% 50%
1) | v 421 604 654 69.4
@) oV 456 64.3 67.8 716

v Y 470 655 69.5 72.0
3) v v | 460 64.1 69.5 72.3
v Y v | 495 682 70.6 73.0

(1) Results of MeanTeacher.

(2) Results of LaserMix w/ student supervisions; much better than the counterpart.

(3) Results of LaserMix w/ teacher supervisions; much better than the counterpart.

Unlabeled Scan X,




Ablation Study

w/ LaserMix 68.2 58.8 54.4
w/ CutMix [25] 64.9 56.4 52.1
w/ CutOut [33] 63.2 54.2 50.2
& w
: O = <
w/ MixUp [24] :I 61.6 :l 52.9 B ] 483 =
g z S
w (=] (¢
3 & | — &
: - = =
Baseline [26] } 60.4 2 :I 53.1 = 49.8 |
60 62 64 66 68 52 54 56 58 48 50 52 54

(a)
(a) Comparisons among different mixing techniques.

A.Nekrasov, et al. “Mix3D: Out-of-context data augmentation for 3D scenes,” 3DV, 2021.

S.Yun, et al. “Cutmix: Regularization strategy to train strong classifiers with localizable features,” ICCV, 2019
T.DeVries and G. W. Taylor. “Improved regularization of convolutional neural networks with cutout,” arXiv, 2017
H.Zhang, et al. “Mixup: Beyond empirical risk minimization,” ICLR, 2018.



Ablation Study

70 4 mloU (%) 70 4 mloU (%)
w/ LaserMix 68.2 58.8 54.4
nuScenes nuScenes
] A T 65 65
w/ CutMix [25] 64.9 56.4 52.1
w/ CutOut [33] 63.2 54.2 50.2 60 60 SemanticKITTI
e —_ () — 0O SemanticKITTI
& »
w/ MixUp [24] :I 61.6 :l 52.9 B ] 48.3 =
z z S 55 55
wn o o
e < — & ‘/‘_—_.\‘\‘ /_—_\lr'—""
Baseline [26] } i 2 :I B 3 108 |3 ScribbleKITTI ScribbleKITTI
EMA Thresh
50 50
60 62 64 66 68 52. 54 56 58 48 50 52 54 0 0.5 0.9 :0.99 0.999 0 0.5 0.9 0.99:0:999
(a) (b) ()

(a) Comparisons among different mixing techniques. (b) EMA. (¢) Confidence threshold.

A.Nekrasov, et al. “Mix3D: Out-of-context data augmentation for 3D scenes,” 3DV, 2021.

S.Yun, et al. “Cutmix: Regularization strategy to train strong classifiers with localizable features,” ICCV, 2019
T.DeVries and G. W. Taylor. “Improved regularization of convolutional neural networks with cutout,” arXiv, 2017
H.Zhang, et al. “Mixup: Beyond empirical risk minimization,” ICLR, 2018.



Ablation Study

Baseline | (1a,2¢) | (1o, 36) | (e, 4d) | (1o, 5¢)  (la, 6¢)

60.4 | 63.5131)| 65.2(148)| 66.516.1)| 66.2(158)| 65.4(15.0) ¢; = arctan( Pi
2a, 19) ‘ 2a, 2¢) ’ 2a, 30) ’ (2, 40) | (2, 50) (2, 60) (pLX)z_F(le’)Z

®00E 066

61.5(11.1)| 63:3(12.0) | 659155 | 661157 | 66:T16.8) | 65:31a0) .
Ga.19) | (30,26) | (3,3¢) | Bondd) | G 5p) (Ba, 69)  Depth: p; = J ()2 +(p; )?

4906066

)

60-9[+(Z).(51‘ 6424+3.8)’ 65-94+5.57 66-3\+5.9\‘ 66-0{+5.6\‘ 65-21—4.8) . o = arctan(p—ly)
4o, 19) | (4a,20) | (4o, 36) | (4a,4¢) | (4a,5¢) (4o, 60)  Azimuth: i = x

HEHEE OO

60.9(0.6)| 64.714.3)| 65.3(14.0)| 65.6(15.2)| 65.7 53| 65.248)




Public Resources

« Paper: https:/arxiv.org/abs/2207.00026

 Code: https:/github.com/ldkongi1205/LaserMix

e Tutorial: https:/zhuanlan.zhihu.com/p/528689803

* Project Page: htips:/Idkong.com/LaserMix



https://arxiv.org/abs/2207.00026
https://github.com/ldkong1205/LaserMix
https://zhuanlan.zhihu.com/p/528689803
https://ldkong.com/LaserMix
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Topic #2

Robustness
under Common Corruptions



Benchmarking 3D Perception
Robustness to Common Corruptions
and Sensor Failure
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Perception Environment

*Image credit: https://zod.zenseact.com


https://zod.zenseact.com/

Robustness in RGB Images

Brightness

D. Hendrycks, et al. “Benchmarking Neural Network Robustness to Common Corruptions and Perturbations,” ICLR, 2019



Robustness in RGB Images

Clean

Corruption Error:
5 5

CEL= [ Y Bl ) Bee™
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D. Hendrycks, et al. “Benchmarking Neural Network Robustness to Common Corruptions and Perturbations,” ICLR, 2019



Robustness in RGB Images

Noise Blur Weather Digital
Network Error] mCE |Gauss. Shot Impulse |Defocus Glass Motion Zoom|Snow Frost Fog Bright|Contrast Elastic Pixel JPEG
AlexNet 43.51100.0| 100 100 100 | 100 100 100 100|100 100 100 100| 100 100 100 100
SqueezeNet 41.8]1104.4| 107 106 105 | 100 103 101 100|101 103 97 97 | 98 106 109 134
VGG-11 31.01 93597 97 100 | 92 99 93 91192 91 84 75| 8 97 107 100
VGG-19 27.6]1 889 | 8 91 95 890 98 90 90|89 8 75 68 | 80 97 102 94
VGG-19+BN 25.8] 81.6 | 82 83 88 82 94 84 8 |8 78 69 61 | 74 94 85 83
ResNet-18  30.2] 84.7 | 87 88 Ol 84 91 87 89 |8 84 78 69 | 78 90 80 85
ResNet-50 2391 76.7 | 80 82 83 75 89 78 80|78 75 66 57| 71 8 FT. 7

Size and Corruption Robustness

Noise Corruption Robustness

[ ResNet-50 B Multigrid
85 1 M MSDNet

N ResNet-50 [ ResNet-50
. I DenseNet-121 I ResNeXt-50
Gaussian Shot Impulse B DenseNet-161 I ResNeXt-101

D. Hendrycks, et al. “Benchmarking Neural Network Robustness to Common Corruptions and Perturbations,” ICLR, 2019



Robustness in Point Clouds

 Data in the point cloud format are used in safety-critical applications, such as
autonomous driving and robot navigation.

 However, this data format often suffers from severe Out-of-Distribution (OoD)
corruptions in real-world deployment.

-
e

Corruptions are severe and OoD Applications are safety-critical
e.g., occlusion, sensory noise e.g., autonomous driving

J. Ren, et al. "PointCloud-C: Benchmarking and Analyzing Point Cloud Perception Robustness under Corruptions,” preprint, 2022



Robustness in Point Clouds

* Question: Are point cloud classifiers getting more robust?

« Answer: No. Although the accuracy indicator on ModelNet40 gradually saturates, the
robustness is at the risk of getting worse, due to the lack of a standard test suite.

— OA —— mCE

J. Ren, et al. "PointCloud-C: Benchmarking and Analyzing Point Cloud Perception Robustness under Corruptions,” preprint, 2022



Robustness in Point Clouds
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« Three levels of corruption sources: Object, sensor, and processing.
* Nine potential corruption types.

 Simplified into a combination of seven atomic corruptions for a more controllable
empirical analysis.

J. Ren, et al. "PointCloud-C: Benchmarking and Analyzing Point Cloud Perception Robustness under Corruptions,” preprint, 2022



Robustness in Point Clouds

 PointCloud-C is the first competition that targets the robustness of point cloud

understanding under corruptions.

« The benchmark result suggests that point cloud classifiers are at the risk of getting
less robust, thus highlighting the importance of proposing new designs to improve

the robustness.

Drop Global Drop Local Add Global Add LocaI

s\

ModelNet-C

J. Ren, et al.

Clean Scale Rotate Jitter

Drop Global Drop Local Add Global Add Local

ShapeNet-C

"PointCloud-C: Benchmarking and Analyzing Point Cloud Perception Robustness under Corruptions,” preprint, 2022



TL;DR

« We introduce Robo3D, the first systematically-
designed robustness evaluation suite for LIDAR-based
3D perception under corruptions and sensor failure

« We benchmark 34 perception models for LIDAR-based
semantic segmentation and object detection tasks, on
their robustness against corruptions.

.+ Based on our observations, we draw in-depth
' discussions on the receipt of designing robust and
reliable 3D perception models.




RobosSD: Taxonomy

o A ////////

*More examples at: https://Idkong.com/Robo3D



https://ldkong.com/Robo3D

Robo3D: Example

',-; i

5 4

LR RN R

Cross-Sensor

& |
- N
G -

P e =)
W\’@\JJ Phi e ) \!/ A
il r. e (

Z %t SIS



Robo3D: Representation

4 == Representation:
y 4
=T . ==p « 2D: range view, bird’s eye view
< —t=F « 3D: cubic voxel, cylinder voxel
5 ==
Cartesian Polar Cylinder
Coordinates Coordinates Coordinates

i | Operator:

N H

N H ] « 3D: Conv3d, SparseConvy, etc.
N e v lr v .

E oo - R « 2D: Conv2d, Linear, etc.

< W >
3D 2D 1D « 1D: Conv1d, Linear, etc.
Voxels Projection Bag-of-Points

M. Uecker, et al. "Analyzing deep learning representations of point clouds for real-time in-vehicle LiDAR perception,” arXiv, 2022.



Robo3D: Statistics

Corruption Type:

* Include 8 types, each with 3 severity levels

Dataset (6 different sets):

« LIDAR Semantic Segmentation: 'SemanticKITTI-C, °nuScenes-C (Seg3D), *WOD-C (Seg3D)
« 3D Object Detection: “KITTI-C, >nuScenes-C (Det3D), *WOD-C (Det3D)

Model & Algorithm (34 perception models):

- LIiDAR Semantic Segmentation: 22 segmentors ®

* 3D Object Detection: 12 detectors

- Data Augmentation: 3 augmentation techniques R°b°3°




Robo3D: Metrics

Task-Specific Accuracy (Aco):

- LiDAR Semantic Segmentation: mean loU (mloU)

« 3D Object Detection: mean AP (mAP), nuScenes Detection Score (NDS)

Robustness Metrics: ey LS
« Mean Corruption Error (mCE): T TsE

=
e > (1 — Acc; )
. 3 aseline
o il ACCE,I = )

* Mean Resilience Rate (mRR):

3
E . Acc; l
RR; = &=L %
3 = ’
3 X ACCclean




Robo3SD: Benchmarking Result

SemanticKITTI-C KITTI-C nuScenes-C (Seg3D) nuScenes-C (Det3D) WOD-C (Seg3D) WOD-C (Det3D)

mCE (%) mCE (%) mCE (%) mCE (%) mCE (%) mCE (%)
170 @ M @ 122 : 03 @ 17 @ o 127 ..
140 ® % 98 o 108 %e & 100 ° . 102 = 112 .
110 "/(.‘)) 85 oo 94 .'.‘. 97 ® 97 o ® 97 ®
2 ® ® ®
80 mloU 72 mAP 80 mioU 94 NDS 92 mloU 82 mAPH
30 38 46 54 62 (%) 65.0 68.6 72.2 75.8 (%) 70.0 72.8 75.6 78.4 (%) 42.0 44.8 47.6 50.4 (%) 65.0 66.6 68.2 69.8 (%) 47.0 53.8 60.6 67.4 (%)
mRR (%) e mRR (%) mRR (%) mRR (%) mRR (%) mRR (%)
81 RO 86 84 ® 8 @ 3 9 84 ®
74 OM.\ 81 o g O 79 76 g 92 @ 83 o
@B .‘ ® ® & .. () ® ® @® ®
67 77 75 ®e 74 92 81
60 mloU 72 mAP 70 mloU 72 NDS 91 mloU 80 mAPH
30 38 46 54 62 (%) 65.0 68.6 722 758 (%) 70.0 72.8 75.6 78.4 (%) 42.0 44.8 47.6 504 (%) 65.0 66.6 682 69.8 (%) 47.0 53.8 60.6 67.4 (%)
mloU (%) mAP (%) mioU (%) NDS (%) mioU (%) mAPH (%)
52 72 68 46 67 57
47 I I I 63 I I c7 38 63 50
- k [ | 1 | o Mk, = i | l. ¢ I
DH 3 0 E QO 5 D5 2 O E QB O 5 D5 3 0 E Q05 D% 3 0 E Qg O 5 D5 3 0 E Y O 5 D B e ER OB
9 P 5 2 et & o) 5 2 £ 9 o) o 2 = @2 o) o 2 = i o o 2 e S o (¢} T 05 @
“E528548 5 ~252854% 25285648 § ~E53858 3 TS558 tE5285u 5

*More results and analysis at: https://github.com/Idkong1205/Robo3D



https://github.com/ldkong1205/Robo3D

Robos5D: Key Observation

1. Existing 3D detectors and segmentors are vulnerable to real-world corruptions.

2. Models trained with LIDAR data from different sources (sensor setups) exhibit
inconsistent sensitivities to each corruption type.

3. Representing the LIDAR data as raw points, sparse voxel, or the fusion of them tend to
yield better robustness.

mCE (%) ®mRange View BBEV @O Point OVoxel @ Fusion (PV) B Fusion (Other)
142

121 i

‘ Tl lim

Fog Wet Snow  Motion Beam Crosstalk Echo Sensor




Robos5D: Key Observation

4. The 3D detectors and segmentors show different sensitivities to corruption scenarios.

5. The recent out-of-context augmentation techniques improve 3D robustness by large
margins; the flexible rasterization strategies help learn more robust features.

mCE (%) 003 B0.04 @0.05(Base) 00.06 M0.08 WO.10 mCE (%) WFlip BScale MRotate OMix3D @PolarMix M LaserMix

130 118

115 106

100 94

. Ihl m iﬂl . h

70 70

Snow Motion Beam  Crosstalk  Echo Sensor Fog Snow Motion Beam  Crosstalk  Echo Sensor
(a) Voxel Size on SemanticKITTI-C (Seg3D) (b) Augmentation on SemanticKITTI-C (Seg3D)

mCE (%) m0.04 B0.06 O0.10(Base) O00.16 @0.18 mW0.20 mCE (%) B Flip MScale ORotate OGT-Sample MEPolarMix B LaserMix
125 = 131
113 19
) iﬂl iﬂl iﬂl . .ﬂ} iTt. iﬂl m 'ﬂ]

89 i~ 95

Fog Wet Snow Motion Beam  Crosstalk  Echo Sensor Snow Motion Beam  Crosstalk  Echo Sensor

(c) Voxel Size on WOD-C (Det3D) (d) Augmentation on WOD-C (Det3D)



Robo3D: Qualitative Assessment




Robo3D: Qualitative Assessment




Thank you for your attention!
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