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Abstract

Recently, as autonomous driving technology has been applied to various fields, technology development related to autonomous
vehicles has received a lot of attention. The object detection technology of autonomous vehicles is a technology for improving the
safety and performance of autonomous vehicles, and many studies have been conducted. Among the major recognition sensors,
camera, radar, and LiDAR, single sensor research using cameras is common, but multi-camera technology using only cameras has
limitations in improving performance. Sensor fusion technologies using multi modal information are being studied as a way to
overcome the limitations of a single sensor, but there is a performance difference according to input information. Therefore, this
paper proposes a knowledge distillation technique for sensor fusion that can improve performance even when sparse input
information is received. The proposed method transfers the knowledge of the teacher model to the student model received with
relatively sparse input. As a result of the final experiment, we verify the 3D object detection performance based on camera-LiDAR
sensor fusion, which operates strongly even with sparse input information.
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Table 1. Comparison of knowledge distillation application performance after lowering the input quality of LIDAR

Method mAP NDS mATE mASE mAOE mAVE mAAE

Original 55.58 60.31 34.86 27.52 50.99 41.69 19.71

KDLoss(MSE) + LiDAR feature 56.50 62.07 33.995 26.70 45.85 36.76 18.50

KDLoss(MSE) + Fusion feature 58.21 63.01 32.77 26.83 43.57 39.07 18.77
I 2. Fusion feature map2| X4l ZF/F Loss ARSO| ME Hs H|w

Table 2. Comparison of performance using knowledge distillation loss in fusion feature map

KD Loss mAP NDS mATE mASE mAOE mAVE mAAE
MSE loss 58.21 63.01 32.77 26.83 43.57 39.07 18.77
L1 loss 57.15 62.30 33.39 26.83 47.40 36.09 19.08
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Table 3. Results of applying knowledge distillation to different LIDAR data quality
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Method mAP NDS mATE mASE mAOE mAVE mAAE
Original 60.76 63.36 32.10 26.76 52.27 39.90 19.22
KDLoss(MSE) + Fusion feature 60.96 64.90 31.47 26.16 46.42 32.89 18.93
KDLoss(L1) + Fusion feature 61.27 65.40 31.56 26.01 4491 30.98 18,92
= 4. 7itize] @2 EXS W £ XM IR N M5 U1
Table 4. Comparison of knowledge distillation application performance after lowering the input quality of Camera
Method mAP NDS mATE mASE mAOE mAVE mAAE
Original 62.64 66.24 29.40 26.25 43.88 32.01 19.20
KDLoss(MSE) + Camera feature 62.94 67.23 29.46 26.15 36.77 30.32 19.62
KDLoss(L1) + Camera feature 63.11 67.76 30.08 26.03 33.46 29.10 19.28
A3} z}olo|H, fusion feature map2] 7A-9-ol= L1 loss:.th F/HoE M B 1, X2 B34 g9 ¥4
MSE loss& AHE-3le W 5ol =2 A& &9 5 ok Zhe] 99 FAE 9T F A SFRE §E% IqH
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Fig. 6. Qualitative results for fusion feature map

19 6

KDLoss(MSE)

KDLoss(L1)




372 WFerE=EA A289 A4, 20233 79 (JBE Vol.28, No.4, July 2023)

ture map®ll A2 THE A&
Al

Fheet eholriel

293} A4 ZRE 44
STk WA, (@) 7H Spelet 414
wYe F2 4L 279 f& AR GA7L & )Tl
22 B1Y 5 gnk ol olal S AEe] A5 P
o 848 HolEl QU0 Sz s mue) A4,
A4 25 g7 2 AAe) B AR GATL FE o] Fof
Atk 4 ZAo| A4 ZF SATFE 4§ o=
MSE 435S A0S 1 43 94 5ol o B3
B AL D 5 YTk Ll £ATSE ALHE wlE o
293} W59 50 AR BA7} ol FoiAh o) A
4 ZRE B9 A% Pyl A RN AREE %)
N} okzhe] AR S ACR M. (b)E Folti
og AZbe Astolth, A48 4w olel 7H class]
AR GAL ol Fod AL FAT 4 Uk WA, A4 ©
9] 35 ekl that A2 A vzl AL 4
Al s AR GA7E 2 o Tl S wH o] A
AAHOE AA §A} Z o FAHAL A4 o] 1]

s AR YA Aol WojAth, sty Bdlo] A4 Z5HE
489 A% olWAE A% P4 AL HelFTh A0
S A4 STE A3 Y 24 A28 24 w1
142 99 deleils 7

A AA e 4= a2 = 3o
St Bd2 A4 E%@l A2 Ao FHEHUL,

|

B ATE A §8E o189 1Y 1o A4 ZFE

A g3te] 4% o) 2 Wwsah B4 Bdol 84 9
Holezl Soighe W A4 2d A4S Ads)Fo] A

Ed o) sk A webaA 44 A2 dee =30

o, A5 9 vlolE ol @3 ol A, WA
% 3 97%0] Lot Aol YBAEE AYF FAe
YlolE7t Bastths Baol Tk G5 Aol A shviak-
eoleh.alold A gqete] 84 918 HolE st Solgt

2 0 A4 ZRE Aead A% AN e AT W3
g o Aol

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

# 1 2 # (References)

A. H. Lang, S. Vora, H. Caesar, L. Zhou, J. Yang and O. Beijbom,
"PointPillars: Fast Encoders for Object Detection From Point Clouds,"
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), Long Beach, CA, USA, pp. 12697-12705, 2019.

doi: https://doi.org/10.1109/CVPR.2019.01298

R. Q. Charles, H. Su, M. Kaichun and L. J. Guibas, "PointNet: Deep
Learning on Point Sets for 3D Classification and Segmentation," IEEE
Conference on Computer Vision and Pattern Recognition (CVPR),
Honolulu, HI, USA, pp. 652-660, 2017.

doi: https://doi.org/10.1109/CVPR.2017.16

S. Vora, A. H. Lang, B. Helou and O. Beijbom, "PointPainting:
Sequential Fusion for 3D Object Detection," IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA,
pp. 4604-4612, 2020.

doi: https://doi.org/10.1109/CVPR42600.2020.00466

C. Wang, C. Ma, M. Zhu and X. Yang, "PointAugmenting:
Cross-Modal Augmentation for 3D Object Detection," IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR),
Nashville, TN, USA, pp. 11794-11803, 2021.

doi: https://doi.org/10.1109/CVPR46437.2021.01162

Chen, X., Zhang, T., Wang, Y., Wang, Y., Zhao, H, "Futr3d: A unified
sensor fusion framework for 3d detection," IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), Vancouver, BC,
Canada, pp. 172-181, 2023.

doi: https://doi.org/10.48550/arXiv.2203.10642

Bai, X., Hu, Z., Zhu, X., Huang, Q., Chen, Y., Fu, H.,, Tai, C. L,
"TransFusion: Robust LIDAR-Camera Fusion for 3D Object Detection
with Transformers," IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), New Orleans, LA, USA, pp. 1090-1099,
2022.

doi: https://doi.org/10.1109/CVPR52688.2022.00116

X. Chen, H. Ma, J. Wan, B. Li and T. Xia, "Multi-view 3D Object
Detection Network for Autonomous Driving," IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Honolulu, HI,
USA, pp. 1907-1915, 2017.

doi: https://doi.org/10.1109/CVPR.2017.691

Yang, Z., Chen, J., Miao, Z., Li, W., Zhu, X., Zhang, L,
"Deepinteraction: 3d object detection via modality interaction,"
Advances in Neural Information Processing Systems (NeurIPS), New
Orleans, Louisiana, pp. 1992-2005, 2022.



9]

[10]

[11]

[12]

[13]

[14]

e 9 19 Fa 4 @AIX Y A4 FRE 283 ApiEh-Soltt AN § 373
(Hyerin Hwang et al.: Camera-LiDAR Sensor Fusion using Knowledge Distillation under Sparse Input Environment)

doi: https://doi.org/10.48550/arXiv.2208.11112

Liang, T., Xie, H., Yu, K., Xia, Z., Lin, Z., Wang, Y., Tang, Z,
"BEVFusion: A Simple and Robust LiDAR-Camera Fusion
Framework," Advances in Neural Information Processing Systems
(NeurIPS), New Orleans, Louisiana, pp. 10421-10434, 2022.

doi: https://doi.org/10.48550/arXiv.2205.13790

Liu, Z., Tang, H., Amini, A., Yang, X., Mao, H., Rus, D., Han, S,
"BEVFusion: Multi-Task Multi-Sensor Fusion with Unified
Bird's-Eye View Representation," IEEE International Conference on
Robotics and Automation (ICRA), 2023.

doi: https://doi.org/10.48550/arXiv.2205.13542

Li, Y., Chen, Y., Qi, X., Li, Z., Sun, J., Jia, J, "Unifying voxel-based
representation with transformer for 3d object detection," Advances in
Neural Information Processing Systems (NeurIPS), New Orleans,
Louisiana, pp. 18442-18455, 2022.

doi: https://doi.org/10.48550/arXiv.2206.00630

Hinton, G., Vinyals, O., Dean, J, "Distilling the knowledge in a neural
network," 2015.

doi: https://doi.org/10.48550/arXiv.1503.02531

Chong, Z., Ma, X., Zhang, H., Yue, Y., Li, H., Wang, Z., Ouyang, W,
"Monodistill: Learning spatial features for monocular 3d object
detection," Proc. ICLR, 2022.

doi: https://doi.org/10.48550/arXiv.2201.10830

Zhou, S., Liu, W., Hu, C., Zhou, S., Ma, C, "UniDistill: A Universal

g4 2

- FHAZ0F: QA2 iy

g
n
et

- o

- 2019 : KAIST &7| & MA=et

-

- FBAIRO0} :

27 HIF, H2ie

AN A &

- 20204 : EROSD BRI Bel(S3HA
- 20224 ~ B} : BHUSID ZFEBI AT
- ORCID : https://orcid.org/0009-0008-0848-8908

=
- 20194 ~ 3A : ELCistn MASsY Tus
- ORCID : https://orcid.org/0000-0002-2184-921X

[15]

[16]

(17]

(18]

H

Cross-Modality Knowledge Distillation Framework for 3D Object
Detection in Bird's-Eye View," IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), Vancouver, BC, Canada, pp.
5116-5125, 2023.

doi: https://doi.org/10.48550/arXiv.2303.15083

Zhou, S., Liu, Z., Hu, C., Shi, S., Wei, Y., Zhang, J., Li, H, "Swin
Transformer: Hierarchical Vision Transformer using Shifted
Windows," IEEE/CVF International Conference on Computer Vision
(ICCV), Montreal, QC, Canada, pp. 10012-10022. 2021.

doi: https://doi.org/10.1109/ICCV48922.2021.00986

Loshchilov, 1., Hutter, F, "Decoupled weight decay regularization,"
Proc. ICLR, New Orleans, Louisiana, 2019.

doi: https://doi.org/10.48550/arXiv.1711.05101

Caesar, H., Bankiti, V., Lang, A. H., Vora, S., Liong, V. E., Xu, Q.,
Beijbom, O, "nuScenes: A Multimodal Dataset for Autonomous
Driving," IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), Seattle, WA, USA, pp. 11621-11631, 2020.
doi: https://doi.org/10.1109/CVPR42600.2020.01164

Sun, P., Kretzschmar, H., Dotiwalla, X., Chouard, A., Patnaik, V.,
Tsui, P., Anguelov, D, "Scalability in Perception for Autonomous
Driving: Waymo Open Dataset," IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), Seattle, WA, USA, pp.
2446-2454, 2020.

doi: https://doi.org/10.1109/CVPR42600.2020.00252




	희소 입력 환경에서의 지식 증류를 활용한 카메라-라이다 센서 융합
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. 제안 방법
	Ⅳ. 실험 결과
	Ⅴ. 결론
	참고문헌


