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BEY perception technologies and development trends for
intelligent connected vehicles
GONG Yan'*?, WANG Naibang'?, ZHANG Xinyu'?, SU Nayu'**, ZHAO Hongfei'?,

YUAN Yun'?, LU Jianli'?, HU Xiaoxi'?, LIU Huaping’
(1. State Key Laboratory of Intelligent Green Vehicle and Mobility, Tsinghua University, Beijing 100084, China; 2. School of
Vehicle and Mobility, Tsinghua University, Beijing 100084, China; 3. the State Key Laboratory of Robotics and System, Harbin Insti-
tute of Technology, Harbin 150001, China; 4. Institute of Electrical Engineering, Yanshan University, Qinhuangdao 066004, China;
5. Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China)

Abstract: Bird’s eye view (BEV) perception has become a fundamental technique for environmental understanding in
autonomous driving, due to its unified and interpretable spatial representation. This survey provides a comprehensive re-
view of BEV perception technologies tailored for intelligent connected vehicles. It systematically categorizes existing
approaches based on sensor modality and deployment configuration, covering vehicle-side, infrastructure-side, and
vehicle-infrastructure cooperative scenarios. The review introduces a multi-dimensional framework encompassing vis-
ion-only, LiDAR-only, and multimodal fusion methods, and analyzes representative techniques in terms of their design
principles and implementation strategies. In addition, this work presents the first consolidated comparison of BEV-re-
lated datasets, detailing their sensor setups, task types, and annotation schemes to support standardized benchmarking.
Finally, the survey outlines key challenges—such as open-category recognition, unsupervised learning from large-scale
data, and robustness under sensor uncertainty—and explores future directions involving end-to-end autonomous driving,
embodied intelligence, and large-model-based cooperative BEV perception systems.

Keywords: intelligent connected vehicles; vehicle-infrastructure cooperation; cooperative perception; BEV; autonom-
ous driving; dataset; vehicle-to-everything (V2X); multimodal fusion
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Table 2 Summary of BEV cooperative perception methods

e Dk P31 S YIS DTk %]
VIMI®? arXiv 2023 C DAIR-V2X-C ZE BRI AT 55 Hh B R —
CenterCoop™*¥ RA-L 2023 L DAIR-V2X BT b RYRRIER G HESE —
3D HLFY TVT 2023 L DAIR-V2X-1 3DIFEAR R B —
CoFormerNet> Sensors 2024 L DAIR-V2X, V2XSet B (8] 5 25 [B) {5 S AR Rl A —
V2I VICOD!"! WCMEIM 2022 C,L DAIR-V2X-C DB 8 RIS — B M 2% —
V2I-BEVFF® ITSC 2023 C L DAIR-V2X-I A AR B IR 2% —
CO"3 ICLR 2023 C,L Once, KITTI AR S) S ERSORRE @
MSMDFusion!*! CVPR2023  C,L nuScenes ZHERBEFERAGMA-Conv @
FFNet!*] ICLR 2023 G, L DAIR-V2X 9 W i AR A A T A &
CoBEVT™! CoRL 2022 C OPV2V, nuScenes Womiv: i S RFAX &
CoCa3D!*! arXiv 2023 C  DAIR-V2X, OPV2V+ BB R B A e
TempCoBEV“! IV 2024 C OPV2V A Y AR S BEV RAF e
V2VNet!®™ ECCV 2020 L V2V-Sim 243 [ JR L o 2 D 2 —
CoBEVFlow!®"] NIPS 2023 L DAIR-V2X B B AMERT SRR S &
V2V CRN-V2VAM) TIV 2023 L OPV2V JRAUEE ML V2V ) &
HM-ViT"! ICCV 2023  C,L OPV2V SHHI3DIEE R ) @
MCoT!™ ICPADS 2023 C,L OPV2V RIS S+ 522 L EE T —
CoBEVFusion!””! DICTA 2024  C,L OPV2V SRS R =V —
V2VFormer++7’ TITS 2024 C,L  OPV2V,V2X-Sim2.0 AI&MEREG SRR —
Vax BEV-V2X!7% IV 2024 C INTERACTION ZBEV Rl Al I 0 —
V2X-BGN!" TIV 2023 L V2X-Set S JRAR SR AE M A S BARL A —

VE: “COFRMINL, “L R BO T I, <@ F R SR TR HILIL, “— 3R 8 SR AR I IR .

2.1 BEmMERBER BEV B TFiE
25 B IR) 4 AR 38 o A v g S Atk 5 e 2 )
HIAE B3C H., S B 22 TR B B 1) il A B A

S ) SRy S e G JRE S5 R BE ) 5 e i 14 R
e S o 5w O L, 4 b R A AL RE A2
A RLEE T P DI e B B AR A5 G B DX


https://github.com/Runjian-Chen/CO3
https://github.com/sxjyjay/msmdfusion
https://github.com/haibao-yu/FFNet-VIC3D
https://github.com/DerrickXuNu/CoBEVT
https://github.com/MediaBrain-SJTU/CoCa3D
https://github.com/cvims/TempCoBEV
https://github.com/MediaBrain-SJTU/CoBEVFlow
https://github.com/jinlong17/V2VLC
https://github.com/XHwind/HM-ViT
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Fig.3 Schematic of V2X communication mode
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Table 3 Statistics of cooperative perception datasets

Gkt LIEIES ey T ORI LIRS 1% FIBEN0" AL%U10° 3DRERI0C
CityFlow™ 2019 CVPR  5ifz C MTMCT, ReID 118.0 — 29 @
INTERACTION®™ 2019 1ROS  szfi C,L ODet, TP 1400.0 — 14000 &
Coop3DInf™ 2020  TITS  fjj& C ODet 10.0 — 212 @
A9-Dataset™ 2022 IV sBE C,L ODet 1.1 1.1 144 @
I IPS300+ 2022 ICRA  Sbi  C,L ODet 56.7 142 45000 @&
Rope3D™ 2022 CVPR  sff  C,L ODet 50.0 — 15000 &
TUMTraf-I" 2023 ITSC  S2Bi  C,L ODet 48 4.8 574 @
RoScenes™ 2024 ECCV  Sthi € ODet 1300.0 — 211300 @
H-V2X™ 2024 ECCV  5bf  C,R BEVDet, MOT,TP  1940.0 — — Ve
DAIR-V2X-CP'' 2022 CVPR  5Zfi  C,L ODet 39.0 39.0 4640 @
V2X-Seq™ 2023 CVPR i C,L  ODet, MOT, TP 71.0 15.0 4640 @
HoloVIC®¥ 2024 CVPR  5f7 C,L ODet, MOT 100.0 100.0 114700 &
V2I oTvICH 2024 IROS  Stbr  C,L ODet 15.0 15.0 244 O
DAIR-V2XReid™ 2024  TITS  5zf% C,L ODet, ReID 25 — — &
TUMTraf V2XP9 2024  CVPR =B C,L ODet, MOT 5.0 2.0 300 @
V2X-Radar” 2024 arXiv  SZfr C,L,R ODet 40.0 20.0 3500 @
OPV2VP" 2022 ICRA  fij& C,L,R  ODet, MOT, SS 44.0 114 229 @
OPV2V+®™ 2023 CVPR fjj# C,L,R ODet 11.4 11.4 2329 @
VaV4Real™ 2023 CVPR  9ff C,L  ODet, MOT, S2R 40.0 20.0 2400 @
V2V MARS™I 04 cveRr Stbr G, L MAP, UODet 15.0 15.0 — Ve
OPV2V-H™ 2024 ICLR ¥ C,L,R ODet 79.0 79.0 2329 @
V2V-QA"™ 2025 arXiv b C,L ODet, PQA — 18.0 — e
V2X-Sim 2.0 2022 RA-L  fit C,L  ODet, MOT, SS 60.0 10.0 266 @
VaXSet'™ 2022 ECCV  fiE  CL Odet 44.0 11.4 2330 @
DOLPHINS'™ 2022 ACCV i C,L ODet 423 423 2925 @
DeepAccident!™ 2024 AAAI  fij& C,L ODet, MOT,SS,MP  — 57.0 2850 &
V2X-Real™ 2024 ECCV  sZpi  C,L ODet 171.0 33.0 12000 @
V2X  Multi-V2XU'h 2024 arXiv fjE C,L ODet, MOT 549.0 146.0 42000 @
Adver-City!™ 2024 arXiv  fj& C,L  ODet, MOT, SS 24.0 24.0 8900 @
V2X-Traj'"! 2024  NIPS  Sf%  C,L TP 808.0 808.0 14000 &
V2X-R' 2024 arXiv fiE C,L,R Odet 150.9 37.7 1708 @
VaXPoPM 2024 arXiv  SZBR C,L PnP, TP 208.0 40.0 14500 @
Mixed Signals"™*! 2025 arXiv =~ Szpg L ODet — 45.1 2406 @
Reooper'™ 2024 CVPR  5:fk C,L ODet, MOT 50.0 30.0 300 @
- InScope”™ 2024 arXiv  9br L ODet, MOT — 213 1880 @

RS —— 2 K ik (radar, R); /L45 —— 25 BRI (MAP) . £ H AR IR EF (multi-object tracking, MOT) , #1375 il il
(trajectory prediction, TP), £ H b5 £ #51% 3k BREF (multi-target multi-camera tracking, MTMCT) ., #{.% 1] % (planning and question
answering, PQA) . JE&J15 Tl (perception and prediction, PnP), B i 4|(re-identification, RelD). i 3 4%/ (semantic segmentation,
SS). JLW B H A5 & P (unsupervised object discovery, UOD) ., %845 3| 5245 H 15 [ (sensor-to-real domain adaptation, S2R) . i

BV (bird's eye view detection, BEVD); @47 & S B IR ML, “— 423 26 SCH ATFIRAHAAT .
0% i B R T A U DR LSRR B 4RO R o D9 4R THE R, INTERACTION®

Jith, BEAT A5 S 3 T S0 PR Y S SRR . R RS R AL E BRI SRS, T T BEV
[ CityFlow™ Sy fi% i B A 0] 20 223, (ARG SR E M S A A5 . IPS300+%) 2 fIE5¢


https://cityflow-project.github.io/
https://interaction-dataset.com/
https://github.com/eduardohenriquearnold/coop-3dod-infra
https://github.com/tum-traffic-dataset/tum-traffic-dataset-dev-kit
http://www.openmpd.com/column/IPS300
https://thudair.baai.ac.cn/rope
https://github.com/tum-traffic-dataset/tum-traffic-dataset-dev-kit
https://roscenes.github.io./
https://pan.quark.cn/s/86d19da10d18
https://air.tsinghua.edu.cn/DAIR-V2X/index.html
https://github.com/AIR-THU/DAIR-V2X-Seq
https://holovic.net/
https://sites.google.com/view/otvic
https://github.com/Niuyaqing/DAIR-V2XReid
https://tum-traffic-dataset.github.io/tumtraf-v2x/
http://openmpd.com/column/V2X-Radar
https://mobility-lab.seas.ucla.edu/opv2v/
https://siheng-chen.github.io/dataset/CoPerception+/
https://mobility-lab.seas.ucla.edu/v2v4real/
https://ai4ce.github.io/MARS/
https://github.com/yifanlu0227/HEAL
https://eddyhkchiu.github.io/v2vllm.github.io/
https://ai4ce.github.io/V2X-Sim/
https://paperswithcode.com/dataset/v2xset
https://dolphins-dataset.net/
https://deepaccident.github.io/
https://mobility-lab.seas.ucla.edu/v2x-real
http://github.com/RadetzkyLi/Multi-V2X
https://labs.cs.queensu.ca/quarrg/datasets/adver-city/
https://github.com/AIR-THU/V2X-Graph
https://github.com/ylwhxht/V2X-R
https://mobility-lab.seas.ucla.edu/v2xpnp/
https://mixedsignalsdataset.cs.cornell.edu/
https://github.com/AIR-THU/DAIR-Rcooper
https://github.com/xf-zh/InScope
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