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7 TR OF R AR AR B BEV AR IE R 5 A AR R R BCs 34 T ARIETE Rl — BEV 25 [8] K P A A 1k 6T 5% o
24 HEAXI

K F A AL 43 32 04 Bl S 56 UL 2% 1 TR, £ H mAP %R Car, Pedestrian Fl Cyclist = 2 51 (1) AP {8 /1 °F
HME, SIS = W B 3D mAP £ 1.72%, 5| AMHLS BOE R ALY 3D mAP #2517 0.79% , 5
UE T ASHE A G 2 7E %R BE I 2% (Improved DepthNet) &4 509 .

1 HNSZHEMIE

Table 1 Ablation experiment of camera branch

DSV CPP BEV mAP/% 3D mAP/ % AOS/%

26.69 23.44 46.74
N 30.27 25.16 57.92
NG NG 31.89 25.95 59.31

7 : DSV IR Depth Supervision(JR £ Wi ), CPP # /8 Camera Parameter Prior(Fi L 2 50E 5 )

KTl B A3 32 0 i 52 59 UL 35 2 PR, e mAP R Car Pedestrian il Cyclist = #2585l 5 AP {8 (1) °F
PIE, 5IA T EE 1Al A HLEE 3D mAP 42 8 1.13% , 3E#H T AR R 5 ] 45 1 2 J1 8l & (Gating Attention
Fusion, GAF ) HILHl & A 300 .

*k2 BESTEHMEXEK

Table 2 Ablation experiment of fusion branch

GAF BEV mAP/% 3D mAP/% AOS/%
76.72 66.95 69.30
N 77.14 68.08 70.19

25 HEEEHFTIWITLE

e A A 4 1, TR 38 4 Sk £ 35 T Anchor-Free Y CenterPoint ™ 3 47 I i% , 25 & {& % 1k (Dynamic
Voxelization, DV) ff MVF "/ & i1 | i i Map #3785 = 5 IR K M Bt 56 & L4 B 17 3% 18 14 £ 1k (Simple
Voxelization, SV ) i B T 56 15 & 3 A K DL R B> IR 28 9 RAE s B0 Bk i, ORTE B AN s T LU A, IR
TRHEAE B, i P AR (Pillar) 2 4 2 19— FREak A6 2, B Pillar t5 0] DURE FH 8h SR R Ak . AR
F A Dy 2R g5 SR an 2 3 R Sh AR Z AL A e T AR R AL, Car 42T+ T 0.91%3D AP, Pedestrian #& FF
T 1.04%3D AP, 758 5 4 38k £ 2 A A 210 nT Lt e 46 D 14 i
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Table 3 Performance comparison of different voxelization method in lidar branches

BEV AP/% 3D AP/ % AOS/%
V method - - - - - -
Car pedestrian cyclist Car pedestrian cyclist Car pedestrian cyclist
Y 89.91 77.29 80.31 87.76 77.09 80.23 85.57 57.14 76.97
DV 90.20 78.19 80.15 88.67 78.13 80.09 85.48 58.83 77.41

A3 ) Kk B — A R 2 R A R b AL R AT I 3, AR ML A0 SRR IR A0 S R Rl 40 S 0 Ak &5 R L 5k 4 T
AN BE Y SO TR IR0 S, Car 3R T T 2.17% 3D AP, Cyclist 327+ 1 2.79% 3D AP, BARHIHLAY 32 097k fE
AR AER T al &4 35, mlA 4y 0T UL B PR S Ay bR RE .
F4 ENSZT EXHTMBE D ZMIEIRTEL

Table 4 Performance comparison of camera branch, lidar branch and fusion branch

) BEV AP/% 3D AP/ % AOS/%
Modality DSV~ CPP DV  GAF - ; ; § ) ) . .
Car pedestrian cyclist Car pedestrian cyclist Car pedestrian cyclist
Camera NG N, 64.67 31.55 57.19 5846 29.71 55.66 66.45 44.69 66.80
Lidar N, 90.20 78.19 80.15 88.67 78.13 80.09 8548 58.83 77.41

Lidar &. camera V N, N, N 91.25 77.32 84.06 90.84 77.15 82.88 85.80 60.19 80.46

2.6 SHAMEHERKITLE

TE BRI E T2 A S, AR SORE R 5 A A AR AR (0 G 2 SR L L3R 5, 3R 5 T R A SO
FUAH H T 5 UE B = 4k 5 = /8 5 28Y PointPillars'™ 1 CenterPoint™™, Car 20 12 7H T 9.19% 3D AP .2.17%3D
AP, Cyclist 73 # T+ T 4.46 %3D AP .2.79% 3D AP, {H & Pedestrian ) BEV AP #13D AP A& fif &, 1M AOS
A PT$E T, FE R JEAE BEV 25 1] T Pedestrian B Fn it /Iy, 5200 7 BB B AR 098 D RCR | J5 1 2 gk 2248 1k
AR THASE ARSI /N B AR 0 R o AR SCRERLAR HF Se 0 (9 Z2 B KG TR A MV X Net ™, Car $2 7+ T 1.83% 3D
AP, Pedestrian #£JF T 1.02% 3D AP, Cyclist42 7+ 17 11.17 % 3D AP, fy it a] WL, A< SCE R v BE 48 T HoA 26 #F 19
Z R KA

R5 ATHEE S H M5 A R FE AR T B

Table 5 Performance comparison of our model with other SOTA model

_ BEV AP/% 3D AP/ % AOS/ %
Method Modality - - - - - -
Car pedestrian cyclist Car pedestrian cyclist Car pedestrian cyclist
PointPillars " Lidar 81.72 68.36 78.46 81.65 68.35 78.42 79.66 51.93 75.31
CenterPoint Lidar 90.20 78.19 80.15 88.67 78.13 80.09 85.48 58.83 77.41
MVXNet'™ Lidar &. camera 89.19 76.16 73.16 89.01 76.13 71.71 82.91 49.05 61.03
Ours Lidar &. camera 91.25 77.32 84.06 90.84 77.15 82.88 85.80 60.19 80.46

3 =i

ST IR & FEE i — 4 MEMS OG5 — N Z0AME LA — A MIIVII APEX AD10 % A2 AT &
S A8 K, T b A R A AL B AN K] 8 fif s . MITVII APEX AD10 /23 T NVIDIA Jetson AGX Orin Bk A
K ADHE-& L E 10 s,

WO TR ML SMEALE C 8 A AD10, AR SCELR 38 % 8] AD10 v, ] S 200k [ B A% B8 14 S
Wit HLSCIHE R, & A B RVIZ 5280 ¥4k , RVIZ(Robot Visualization) & ML #§ A #:E £ 4t (Robot Operating
System, ROS) 11 = 4 vl WAL 65 0 AR 3052 50 0 X b 5% 2 8 I 7l 3 65, 3ol 7 38 B g se i an 11 11 o, 42
AT WSEAR AR AT OB RS A S 5 BRI 5 AU TS % 4 LA AT oG o S
B AT AL RS A SRR LA 4 S AE — S NVIDIA A100 GPU | By 4 B 58 &y 33 i /s, 7E MITVII APEX
ADI0 b i #E B o0 4.8 T /s, FRATEN A3 5 TensorRT Ak .
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Fig. 10 Embedded AT computing platform MIIVII APEX AD10

B11 37 8 % 3 % R (RVIZ)
Fig. 11 City road scene test(RV1Z)

4 £ig

ASSCER XS T 3 U 20 BSR4 e R R 2, M LR A (] AL (W] I SRy T kb AT L ' A SRR
T AN BT F 32 B R AT AR RE T, it T —Fh 2k T MEMS #0638 15 FNZL AR AL AY T o3 5 il 45 S8
R GE, R WO TE 5 FZL AN DL PR A S8 25 23 ) 82 B R ST 1 73 52, AL SORITR G5 7 SEAN AL RE#S F S 58
Ji L BE Rl 52 0 = 2 H ARG I AT 55 M 1 BOG R KR ZL A A BILRE B AR BB M . A SO B BEV &S AR
R PRI AN TR B2 9 8 — 27 AL 3 SRR 3K 53 373 0PRE — 4 23 (8] R = 4 25 [ 58— 2 BEV 25 (8] T, fig e 1
A [v) A2 S A5 B4 0080 5 A 6 7 A B 225 [ A b 2R 19 22 S ()T, %) 65 1) 20 2 R I il LA K = 4 1 B A A 55
WA o ML SO AR A2l T HL 5 T 9 Y OLOvS B3k A R ik S B 45 ] i g ik 1 AH AL
O SCHYTRBE R 46, 51 2 TR B2 W B B R AL 2 00 5T 36 A58 e ofe 8 i AT AL 2 S 1) TR EE A T BB R 0 1) TR
FEAG TR AL 252 B R R IR AL 4 0 BEV RRAERY SCHE P /e . 7EE&-BEV ML Z e b i3t 17 GPU fin
N ST TR A I . ERARAL O SCPERE A BR , (ELN TRl A 0 SIS A o ST DL 3 4R e AR
B SCHPERE . TIKIPSCE TAERE A SOTA =450 = A RS . 7o fil & b 68 a7 500 1] P 0 R 0 il
HLIEDRE SR B AR BL S 31 BEV RRAE AR A 75 3543 30 BEV RRAESEAT Al A o A SCIE AL E il 23 & 31 MITVII
APEX AD10# A AT P 5, 5L 45 R R IR SCRIBERUE A R o) T R H 5 T % .

0111002-10



FIE A BT LA G O T A Al 0 5 R 2 ) = 4R AR A i

S % ik

(1]

(2]

[3]

[4]

[5]
(6]

[16]

[17]

[18]

REN Keyan, GU Meiying, YUAN Zhenggian, et al. Research review on 3D object detection for automatic driving [J].
Control and Decision, 2023, 38(4): 1-2.
PRI, 22 D630, 22 B 55 . [ a2 0k 3D H AR IO se 273k [T ], bl 5 e 3, 2023, 38(4): 1-2.
LI Ruilong. Research on 3D object detection technology in automatic driving scenario [D]. Changchun: University of
Chinese Academy of Sciences, 2022.
Phi e . A ST T R = 4E A AR BRI R ID ] K F h E R B R, 2022,
LIU Z, WU Z. SMOKE: Single-stage monocular 3D object detection via keypoint estimation[ C ]. Proceedings of the IEEE
Computer Vision and Pattern Recognition (CVPR), 2020: 996-997.
ZHOU Y, TUZEL O. Voxelnet: End-to—end learning for point cloud based 3D object detection[ C]. Proceedings of the
IEEE Computer Vision and Pattern Recognition (CVPR), 2018: 4490-4499.
YAN Y, MAO Y, LIB. Second: Sparsely embedded convolutional detection[ J]. Sensors, 2018,18(10): 3337.
CHEN X, MA H, WAN J, et al. Multi-view 3D object detection network for autonomous driving[ C ]. Proceedings of the
IEEE Computer Vision and Pattern Recognition (CVPR), 2017: 1907-1915.
KU J, MOZIFIAN M, LEE J, et al. Joint 3D proposal generation and object detection from view aggregation[ C]. IEEE/
RSJ International Conference on Intelligent Robots and Systems (IROS), 2018.
QI CR, LIUW, WU C, et al. Frustum pointnets for 3D object detection from rgb-d data[ C]. Proceedings of the IEEE
Computer Vision and Pattern Recognition (CVPR), 2018: 918-927.
QI CR, SUH, MO K, et al. Pointnet: Deep learning on point sets for 3D classification and segmentation[ C ]. Proceedings
of the IEEE Computer Vision and Pattern Recognition (CVPR), 2017: 652-660.
QI C R, YI L, SU H, et al. PointNet++ : deep hierarchical feature learning on point sets in a metric space [C].
International Conference and Workshop on Neural Information Processing Systems(NIPS), 2017: 30.
VORA S, LANG A H, HELOU B, et al. Pointpainting: Sequential fusion for 3d object detection[ C ]. Proceedings of the
IEEE Computer Vision and Pattern Recognition (CVPR), 2020: 4604-4612.
PHILION J, FIDLER S. Lift, splat, shoot: encoding images from arbitrary camera rigs by implicitly unprojecting to 3D
[C]. European Conference on Computer Vision (ECCV), 2020: 194-210.
WANG CY, LIAOH Y M, WU Y H, et al. CSPNet: a new backbone that can enhance learning capability of CNN[C].
Proceedings of the IEEE Computer Vision and Pattern Recognition (CVPR), 2020: 390-391.
LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature pyramid networks for object detection [ C]. Proceedings of the
IEEE Computer Vision and Pattern Recognition (CVPR), 2017: 2117-2125.
LIU S, QI'L, QIN H, et al. Path aggregation network for instance segmentation[ C]. Proceedings of the IEEE Computer
Vision and Pattern Recognition (CVPR), 2018: 8759-8768.
HE K, ZHANG X, REN S, et al. Spatial pyramid pooling in deep convolutional networks for visual recognition [C].
IEEE Transactions on Pattern Analysis and Machine Intelligence, 2015, 37(9): 1904-1916.
LANG A H, VORA S, CAESAR H, et al. Pointpillars: fast encoders for object detection from point clouds[ C ]. Proceedings
of the IEEE Computer Vision and Pattern Recognition (CVPR), 2019: 12697-12705.
YIN T, ZHOU X, KRAHENBUHL P. Center-based 3D object detection and tracking [ C]. Proceedings of the IEEE
Computer Vision and Pattern Recognition (CVPR), 2021: 11784-11793.
SALTON G, MCGILL M J. Introduction to modern information retrieval[ J|. McGraw—-Hill, New York, 1986.
EVERINGHAM M, VAN GOOL L, WILLIAMS C K I, et al. The pascal Visual Object Classes(VOC) challenge[J].
International Journal of Computer Vision(1JCV), 2010, 88: 303-338.
GEIGER A, LENZ P, URTASUN R. Are we ready for Autonomous Driving? [C]. Proceedings of the IEEE Computer
Vision and Pattern Recognition (CVPR), 2012: 3354-3361.
ZHU B, JIANG Z, ZHOU X, et al. Class—balanced grouping and sampling for point cloud 3D object detection[J]. arXiv
preprint arXiv:1908.09492, 2019.
ZHOU Y, SUN P, ZHANG Y, et al. End-to-end multi-view fusion for 3D object detection in LiDAR point clouds[ C].
Conference on Robot Learning(PMLR), 2020: 923-932.
SINDAGI V A, ZHOU Y, TUZEL O. Mvx-Net: multimodal voxelnet for 3d object detection [C]. International
Conference on Robotics and Automation (ICRA), 2019: 7276-7282.

0111002-11



BEYV Space 3D Object Detection Algorithm Based on Fusion of Infrared
Camera and LiDAR
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Abstract: In recent years, with the rapid development of AI, the field of autonomous driving is already
booming around the world. Autonomous driving is considered to be an inevitable trend in the future
development of the automotive industry and will fundamentally change the way we travel in the future.
Perception function is the key link of autonomous driving, and it is the guarantee of driving intelligence and
safety. Accurate and real-time 3D object detection is the core function of autonomous vehicles to accurately
perceive and understand the surrounding complex environment. It is also the basis of decision control
processes such as path planning, motion prediction and emergency obstacle avoidance. 3D object detection
task should not only predict the category of the target, but also predict the size, distance, position,
direction and other 3D information of the target. China's traffic road situation is very complex, to achieve
high-level autonomous driving requires a variety of sensors to work together. The use of multi-sensor
fusion sensing scheme can improve the vehicle's ability to interact with the real world. At present, the
advanced multi—sensor fusion detection models are too complex and have poor scalability. Once one of the
sensors 1s wrong, the whole system will not work. This limits the ability to deploy high—level autonomous
driving application scenarios. Then, the visible light sensor has some disadvantages in night, rain, snow,
fog, backlighting and other scenes, which reduces the safety of driving. To solve the above problems, this
paper based on the advantages of the MEMS LiDAR and the infrared camera to design a separable fusion
sensing system, which is simple, lightweight, easy to expand and easy to deploy, which realizes 3D object
detection task. Set the LIDAR and the infrared camera as separate branch. The both can not only work
independently but also work together, decoupling the interdependence of the LiDAR and the infrared
camera. If a sensor fails, the other sensor will not be affected, which improves the deployment capability of
the model. The model uses the Bird's Eye View (BEV) space as a unified representation of the two
different modes. The advantage of BEV space is to simplify complex 3D space into 2D space and unify the
coordinate system. It makes cross—camera fusion, multi-view camera merging and multi-mode fusion
easier to achieve. The camera branch and the LiDAR branch unify the 2D space and the 3D space into the
BEV space respectively, and solve the difference problem of the data structure representation and spatial
coordinate system of the two different sensors. The camera branch chooses YOLOvVS algorithm as the
feature extraction network. The YOLOvV5 algorithm is widely used in the engineering field and is easy to
deploy. Accurate depth estimation is the key for the camera branch to transform image features into BEV
features. So, this paper improves the camera branch. It introduces the pointclouds Depth Supervision
(DSV) module and the Camera Parameter Prior (CPP) module to enhance the depth estimation ability of
the camera branch. The GPU accelerated kernel is designed in image-BEV view transformation to improve
the speed of model detection. Although the camera branch performance is limited, when applied to the
fusion branch, the fusion branch can significantly improve the performance of single-mode branch. The
LiDAR branch can choose any SOTA pointclouds detection model. The fusion branch use a Gating
Attention Fusion(GAF) mechanism to fuse BEV features from different branches, and then completes the
3D object detection task. If one of the sensors fails, the camera branch or the LiDAR branch can
independently complete the 3D object detection task. This model has been successfully deployed to an
embedded AT computing platform: MIIVII APEX AD10. The experimental results show that the proposed
model is effective, easy to extend and easy to deploy.

Key words: Multisensor fusion; LiDAR; Infrared camera; BEV; 3D object detection
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