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Retrieved from https://qgitlab.com/autowarefoundation/autoware.ai/autoware/wikis/Overview
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Bird’s Eye View (BEV)

[ A -

The KITTI Vision Benchmark Suite. Retrieved from http://www.cvlibs.net/datasets/kitti/eval_object.php?obj_benchmark=bev

3D Bounding Box

The KITTI Vision Benchmark Suite. Retrieved from http://www.cvlibs.net/datasets/kitti/eval_object.php?obj_benchmark=3d
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Yin Zhou, Oncel Tuzel. 2017.

VOXE' N et Vox_eINet: End-to-End Learning for Point Cloud Based 3D Object Detection.
arXiv:1711.06396.
Retrieved from https://arxiv.org/abs/1711.06396

o HF1E
o 3D MK EEFDEnd-to-end+*H
o Convolution Middle Layers(d&3D CNNT:Z L (4.4Hz)

* Region Proposal Network mememeens

Convolutional Middle Layers

Eummmmmmmmd Feature Learning Network

Voxel . Random Stacked Voxel Sparse 4D Tensor |

e Groupin ? :
Partition ping Sampling Feature Encoding CxD'xHxW
/ ©) @ = I K- g *
' py [ al 2
LI a | : 5 5 5
O “ f\ ". 2 2 g .
/ e y f >. @ T .
.'. 4 a -I i || % '; 'g -
o "” E ] g .
D s 5 g E |
| Point-wise &] E a
s Input I 3 (2) e
&
- ok
Point-wise Point g
Feature-1 Fealure-n Feature

®TierlV

Intelligent Vehicle



Alex H. Lang, Sourabh Vora, Holger Caesar, Lubing Zhou, Jiong Yang, Oscar Beijbom. 2018.
POI nt P| | |a I'S PointPillars: Fast Encoders for Object Detection from Point Clouds

arXiv:1812.05784.
Retrieved from https://arxiv.org/abs/1812.05784
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‘ Performance

Alex H. Lang, Sourabh Vora, Holger Caesar, Lubing Zhou, Jiong Yang, Oscar Beijbom. 2018.
PointPillars: Fast Encoders for Object Detection from Point Clouds
arXiv:1812.05784.

Retrieved from https://arxiv.org/abs/1812.05784

. (Speed )| mAP Car Pedestrian Cyclist
Method Modality - f Mod. || Easy | Mod. | Hard || Easy | Mod. | Hard || Easy | Mod. | Hard
MV3D[ ] Lidar & Img. || 2.8 N/A || 86.02 | 7690 | 6849 || N/A | N/A | N/A || NJA | N/A | N/A
Cont-Fuse [ 7] | Lidar & Img. || 167 || N/A || 88.81 | 8583 | 7733 || NJA | NJA | N/A || N/A | NA | N/A
Roarnet [*°] | Lidar & Img. 10 N/A || 8820 | 79.41 | 70.02 || N/A | N/A | N/A || NJA | NJA | N/A
AVOD-FPN [ 1] | Lidar & Img. 10 || 64.11 || 88.53 | 83.79 | 77.90 | 58.75 | 51.05 | 47.54 || 68.09 | 57.48 | 50.77
F-PointNet [*1] | Lidar& Img. || 5.9 || 65.39 | 88.70 | 84.00 | 75.33 || 58.09 | 50.22 | 47.20 || 75.38 | 61.96 | 54.68
HDNET [ /] | Lidar & Map || 20 NA_ [ 89.14] =
Vo1l | Liw || 48 || 5825 | w993]-2 74 ° PointPillars
oxellNet 1dar . . . " -
SECOND [ ] Lidar 20 60.56 || 88.07 =2 74 ‘.
PointPillars Lidar 62 )] 66.19 | 8335 8 72 -
Table 1. Results on the KIT| «_
ol 701 @ SECOND
Method Modality Speed mAP Q F :
(Hz) Mod. Easy O rustum PointNet
MV3D [ ] Lidar & Img. | 2.8 N/A [ 71.09] g 681
Cont-Fuse [ 7] Lidar & Img. 16.7 N/A 82.54] =
Roarnet [*°] | Lidar & Img. | 10 A || 8371| © 66+ @ VoxelNet
AVOD-FPN [ 1] | Lidar & Img. 10 55.62 || 81.94 z:
F-PointNet [ 1] | Lidar & Img. 5.9 57.35 || 81.20) 64 -
VoxelNet [ 1] Lidar 4.4 4905 || 7747] €
SECOND [ ] Lidar 20 56.69 || 83.13| © oo @ Complex-YOLO
PointPillars Lidar 62| 5920 | 19.05| L ~° | . . . . .
Table 2. Results on the KI E 0 20 40 60 80 100
Inference speed (Hz)
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‘ Failure Case
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Alex H. Lang, Sourabh Vora, Holger Caesar, Lubing Zhou, Jiong Yang, Oscar Beijbom. 2018.
PointPillars: Fast Encoders for Object Detection from Point Clouds

arXiv:1812.05784.
Retrieved from https://arxiv.org/abs/1812.05784
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‘ NVIDIA Jetson AGX, Jetson Nano

e NVIDIAWHETE L F=fHAHAAAIR [TT/8 4 X

H4 X 100x87mm 70x45mm

CPU 8-Core ARM v8.2 64-Bit CPU, 27w F37 ARM Cortex-
8MB L2 + 4MB L3 A57 MP Core

GPU 512-Core Volta GPU with 64 NVIDIA Maxwell
Tensor Cores

AEY 16GB 4GB
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Jetson AGX (Tensor RT, yolov3)

Execution Time [ms] - Power Budget
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Jetson Nano (Tensor RT, yolov3)

Execution Time [ms] - Power Budget
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‘ Autoware Drive ((Z=fREE D EX U $H )

Vehicle Info

Vehicle |D: 1
Speed: 0.83 km/h

Target Speed:; 0 kmih
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Over the Air
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