Xiaoshuai Hao, Mengchuan Wiei, ’\ IVI s u N G o
s SO,

Is Your HD Map Constructor Reliable vifen vang. Haimei zhao, Hui zhang. 5+ NEURAL INFoRMATION

e . Yi Zhou, Qiang Wang, Weiming Li, - , PROCESSING SYSTEMS
under Sensor Corruptions: o8
Lin don Kon :':, Jln Zhan 11 National University THE UNIVERSITY OF O
g g g g g of Singapore SYDNEY
Motivation & Contribution Experimental Analysis Observation & Discussion
° \ H
TL;DR Benchmarking HD map constructors «* Ablation on the use of BEV encoders
< We introduce Map , making the first attempt to comprehensively < We report the basic information of different models in Tab. 1. Method | Encode AP, AP; AP, mAP | mRR | mCE
benchmark and evaluate the robustness of HD map construction models Method |  Venue | Modal | BEV Encoder | Backbone | Epoch | AP,t AP;t AP,t mAPf | mRRt mCE| MapTR o BEVFormer 43.7 49.8 2.0 48.7 49.3 100.0
againSt various sensor Corruptions. HDMapNet [35] | ICRA'22 C NVT Effi-BO 30 144 917 330 230 433 187.8 MapTR O BEVPool 44.9 51.9 H3.5 H0.1 48.1 99.3
* We extensively benchmark a total of 31 state-of-the-art HD map constructors Yol | oovas | ¢ | pentomer | i | 30 | 535 e sen sra | £e onn MapTR » GKT 46.3 51.5 53.1 503 | 493 | 97.2
and their variants under three configurations: camera-only, LiDAR-only, and Beﬁﬁ‘;{t{ } L P L e O I BT S ol e < Ablation on the use of temporal fusion
i : P : : MapTRv2[47] | arXiv23 | C BEVPool R50 24 | 598 624 624 6L5 | 5l4 726 ¢
camera-LiDAR fusion. This involves studying their robustness to 8 types of Ste m;'/[l’aph;’et[ i wiova | o | mevieee | RS 20 | 617 63 enl  esd | si4 ess
camera corruptions, 8 types of LiDAR corruptions, and 13 types of camera- HIMap[77]] CVPR24| C | BEVFormer | RSO | 24 | 622 65 619 655 | 66 369 Method | Temp | AP, AP; AP, mAP | mRR | mCE
. . o : VectorMapNet [1)] | ICML'23 | L PP 110 | 257 376 386 340 | 634 949 p. d. b.
LiDAR Corruptlon combinations for each Conﬁguratlon. MapTR [/1] | ICLR’23 L SEC 2 485 537 647 556 551 100.0
MapTRv2 [*)] | arXiv23 | L SEC 24 | 566 581 698 615 | 57.2 746 StreamMap © X 17.2 226 31.6 23.8 47.1 | 100.0
HIMap [//] | CVPR'24 L SEC 24 548 647 735 643 59.2 73.1 StreamMap o ‘/ 21.4 27 4 35.2 28.0 55.5 85.9
N, R AR A AR 4 A o S . MapTR[*1] | ICLR’23 | C&L | GKT  |RSO&SEC| 24 | 559 623 693 625 | 57.1  100.0 -
lapNet 1+ MapTR4 MapTRv2L | HIMap[//] | CVPR'24 | C&L | BEVFormer RS0&SEC | 24 | 710 724 794 743 | 417 1106
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| A : " : v 43 » . * The correlations of accuracy (mAP) and robustness (mMCE/mRR) for the *Ablation on the use of backbone nets
Gl Sl S C:N“ G“\#“' Camera (a) and (b) and LiDAR (c) and (d) models. Method | Back | AP, AP, AP, mAP | mRR mCE
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It 5 g 7 | — - ey 10 CE o PivotNet © R50 53.8 588 59.6 57.4 | 45.2 100.0
., . - | 3.2M] PivotNet « | Effi-BO 53.9 59.7 61.0 H&8.2 49.9 87.4
{ ; g - VectorMaphet % Q 100 o4 HMapL PivotNet » | SwinT | 58.7 63.8 64.9 625 | 50.8 77.8
_____ . VectorMapNet-L HIMap-L [ (19.4M) Betacy 356
i gacad - i fee 0 - F55é3[)M;3t & \re @ ey | 6 | BeMapNet o R50 97.7 62.3 594 59.8 50.3 100.0
#9 A ' | #9 | 130 [-4|1V'|02[\i] (39.0M) [358R/|] N;E,]lpBT,TKAE]L o BEMHPNEt o Effi—BD 56-0 62.2 59.0 59.1 53-9 94.0
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< We identify effective strategies for enhancing robustness, including innovative % The mAP metrics of state-of-the-art HD map constructors under each of the three
: : severity levels (Esay, Moderate, and Hard) in different Camera and LiDAR sensor MapTR o 24 46.3 515 53.1 503 | 49.3 100.0
approaches that leverage advanced data augmentation and architectural Y 4 ’ MapTR e 110 56.2 59.8 60.1 58.7 | 49.3 80.9
‘ ST . Sy . corruption scenarios. PivotNet o 30 58.7 63.8 64.9 62.5 50.8 100.0
techniques. Our findings reveal strate.gles that. significantly lm!orove i} ) } v cwee . PivotNet o 110 626 TeR. 0 TEs. T 6 81 19.97 902
performance and robustness, underscoring the importance of tailored e I N s Siimi., W & T Wi BeMapNet o 30 61.3 64.4 61.6 62.5 57.9 100.0
solutions to address specific challenges in HD map construction. S~ SR NN Dot an S M S S N S BeMapNete | 11071646 68.9 67.5  67.0| 56.4  89.2
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construction, which can be categorized into exterior, interior, and sensor g w, 3 v{.?z;,f*:::. 3 '--.,1 N e . B SEEPEERANN
_ _ _ _ _ _ B anyy vy 22 ‘\‘:“& 22 AN e e * 18 B M Rotate [©/] 44.6 50.5 54.0 49.7 38.1 105.1
failure scenarios. Besides, we define 13 multi-sensor corruptions by 3 \’m 1 I B ol : : =3 Flip[37] | 44.7 53.0 53.4 504 38.7 | 102.5
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» Efficacy of LiDAR-based data augmentation techniques

¢ Camera-LiDAR Fusion Benchmarking Results
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