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IXH (Collaborative Perception) J3i&43E

BEMFEDP, HEMELR
MARBLEZELRNBIR,

MEeRELDE MEESESE
B H{rE (Early Collaboration) - HESHE
- EFRANSKRIBROEE BFMEaiDRZR
- BERES BFEANIDRRZRK
JEHAtE (Late Collaboration) * where2com, V2VNet
- ERMS VAN
HMER - ZEESHE
BEMAFE. BXELNE MESMENTA0HEBRA
eRpaErANEE . EFBEVHNESMTMA
mEIHE  (Intermediate .
Collaboration)
EMMMSEENISELNE

BEV-Fusion
COoBEVT

EFQueryNSESHES

Futr3D, Transfusion
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« COISLAM: ZEHHREISLAMZEZ:  (ACM MM2023)

* RoCo. ZEMMEKRIAEZ (ACM MM2024)

» SAHNet: ZEEIRENIZRZ: (ADVEl 2024)

* GSLAMOT: EAEXEDSENERSZ HIMERR (ACM MM2024)

* DroneMOT: T AN Z BFriBEER S (ICRA 2024)
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Wanting Li’

, Yongcai Wang*!
Shao', Xuewei Bai’

ColSLAM: A Versatile Collaborative SLAM System for Mobile
Phones Using Point-Line Features and Map Caching

Yongyu Guo', Shuo Wang', Yu
Xudong Cai', Qiang Ye2, Deying Li'

1. School of Information, Renmin University of China, Beijing, China

&ZRT

2. Faculty of Computer Science, Dalhousie University, Halifax, Canada

- ACM MM2023, CCF A
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Col:Collaborative
S: Simutanously

L :Locating

A : And

M':Mapping

Agent2 Y EERENEEER ~imm e ZENEREMNERER

K. 1. ZEEMSLAMEY, Zimdn e RE N B ahimi RS R EK?
2 ST RN F R mimr ENER, M EBmEERNRE?
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ColSLAM: A Versatile Collaborative SLAM System for
Mobile Phones Using Point-Line Features and Map Caching

Demo Video

«CF > C=>r = = \PASNG4

Intelligent Network and Optimization Lab



EhEEE G NEIR S

ACM MM2024, ADEVI 2024
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[11L1Y, Ibanez-Guzman J. Lidar for autonomous driving: The principles, challenges, and trends for automotive lidar and perception systems[J]. IEEE Signal Processing
Magazine, 2020, 37(4): 50-61.

[2] Wang T H, Manivasagam S, Liang M, et al. V2vnet: Vehicle-to-vehicle communication for joint perception and prediction[C]//Computer Vision—ECCV 2020: 16th
European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part IT 16. Springer International Publishing, 2020: 605-621 <S> A= 4
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What you see is what you get ?

fEl] See further. See better (Moreevidence). See through occlusion

Collaboration! Holistic view!

Intelligent Network and Optimization Lab
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Background
Message Packing Message Pa:;gg Message Fusion
Pt - = | H _ L
e L. x| s B e
L > - . G =
Prepare message Exchange messages Fuse received messages
What to collaborate? Who to collaborate? How to fuse?
V2VNet ECCV 2020 Where2Comm NeurIPS 2022 CoHFF CVPR 2024
DiscoNet NeurlPS2021 CoBEVFlow  NeurlPS 2023 CoopDet3D CVPR 2024
V2X-ViT ECCV 2022 CoCa3D NeurIPS 2023
CoBEVT CoRL 2022 V2X-Graph  NeurIPS 2024
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RoCo: Robust Cooperative Perception By Iterative Object

Matching and Pose Adjustment nm

Zhe Huang!t, Shuo Wang!?, Yongcai Wang!®*, Wanting Li!, Deying Li!, Lei Wang?

' Renmin University of China, School of Information

2 University of Wollongong, School of Computing and Information Technology

Project Page & Codes: https://github.com/HuangZhe885/RoCo

Multimedia 2024 CCF A Oral 3.97%
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https://github.com/HuangZhe885/RoCo

e ——
Background
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77/ RENMIN UNIVERSITY OF CHINA

Collaborative perception relies on
accurate poses of agents

However, poses measured by
localization module are always noisy

Intelligent Network and Optimization Lab
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» Due to inaccurate poses, data misalignment often occurs during fusion

» It leads to feature misalignment and significantly reduces collaborative
performance.

i

|
0
1

i

1
1
\

=

3] UNIVERSITY

T OF WOLLONGONG
iLLlf) AUSTRALIA

«EFr C=r «=>» = A
Intelligent Network and Optimization Lab




#34¢] UNIVERSITY
Nl OF WOLLONGONG
AUSTRALIA

‘ W_:_:_f' PR ARKA

RoCo : Overview

Single-Agent Detection ~ Multi agent communication Graph guided Object Association Matching Robust Graph Optimization  Fusion & detection
/ \ (I ; Subgraph (
........................................... Bounding box B; | <9 [B;,&;]
Point Cloud - 2 | 5 ‘_&3 Agent 2
Encoder oo oo e ‘ ‘
{2 e B | reraave Ty,
1 Noisy N = .+ |Optimization P S
: Poses " e ZfAmay N3 R ‘("TQ.Q .
. ' — ; Matching AXS ;\ 00 | | — o ‘\‘
X] - . : Y ) il " Yy  — " \‘TLS
1 I ’ '3“ S f‘f : = [B £] A y T\ & . “‘ K
e e i[5 1 ° (-1 A S ‘\\\ ' 'zl
(P a: e wiA | / 1 7. T ~\\ 3 R
RS 7 s : = 1,2 ’
- ’,)'«'/ _‘.‘ \ '
M i Q Agent 1
Multi-perspective \ J agenti ) .
point cloud input :
1
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RoCo : Overview
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RENMIN UNIVERSITY OF CHINA

Single agent bounding box detection

£
/

Information Sharing

—

7)) —B—) iy
} = L 1. Box detections
M« 2. Feature map
height, width, length, yaw 3. Noisy pose
!_1_\
Bounidng box: [x,y.2,h,w,1,8, 0%, 0}, o§]
\_Y_I \ I J
3d center

uncertainty of x, y, yaw

Broadcast the message to other agents

Intelligent Network and Optimization Lab
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RoCo : Overview
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Agent 1

\
Vehicle-to-Vehicle Communication

Agent 2

The Ego agent aggregate all bounding boxes locally

Intelligent Network and Optimization Lab
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RoCo : Overview

Noisy Poses

\

Agent 1

A |

RENMIN UNIVERSITY OF CHINA

UNIVERSITY

OF WOLLONGONG
AUSTRALIA

Corrected relative poses

Agent 3

Agent 1

Object matching and pose graph optimization
\

Agent 2

Agent 3

Intelligent Network and Optimization Lab
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RoCo : Results
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#34¢] UNIVERSITY
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= %/ RENMIN UNIVERSITY OF CHINA

Dataset DAIR-V2X V2XSet
Method/Metric AP@0.5 T

Noise Level (o7 /a, (m/°)) | 0.0/0.0 0.2/0.2 0.4/04 0.6/0.6 0.8/0.8 | 0.0/0.0 0.2/0.2 04/0.4 0.6/0.6 0.8/0.8
F-Cooper[9] 73.4 72.3 70.5 69.2 67.1 78.3 76.3 71.2 65.9 62.0
FPV-RCNN][51] 65.5 63.1 58.0 58.1 57.5 86.5 85.3 68.7 62.1 49.5
V2VNet[40] 66.0 65.5 64.6 63.6 61.7 87.1 86.0 83.2 79.7 75.0
Self-Att[47] 70.5 70.3 69.5 68.5 67.8 87.6 86.8 85.4 83.7 82.1
V2X-ViT[45] 70.4 70.0 68.9 67.8 66.0 91.0 90.1 86.9 84.0 81.8
CoAlign[28] 74.6 73.8 72.0 70.0 69.2 91.9 90.9 88.1 85.5 82.7
CoBEVFlow[41] 73.8 732 703 - - - - - - -
Ours (RoCo) 76.3 74.8 133 71.9 715 01.9 91.0 90.0 85.9 84.1
Method/Metric AP@0.7 T

Noise Level (o; /oy (m/°)) | 0.0/0.0 0.2/0.2 0.4/04 0.6/0.6 0.8/0.8 | 0.0/0.0 0.2/0.2 0.4/04 0.6/0.6 0.8/0.8
F-Cooper[9] 55.9 55.2 54.2 53.8 51.6 48.6 46.0 434 41.0 39.5
FPV-RCNN][51] 50.5 45.9 42.0 41.0 38.9 56.3 51.2 374 31.8 27.0
V2VNet[40] 48.6 48.3 47.8 47.5 38.0 64.6 62.0 56.2 50.7 449
Self-Att[47] 52.2 52.0 51.7 514 51.1 67.6 66.2 65.1 63.9 63.0
V2X-ViT[45] 53.1 52.9 52.5 52.2 513 80.3 76.8 71.8 69.0 66.6
CoAlign[28] 60.4 58.8 57.9 57.0 56.9 80.5 77.3 73.0 70.1 67.3
CoBEVFlow[41] 599 579 560 - . . - - . -
Ours (RoCo) 62.0 59.4 58.4 58.2 57.8 80.5 77.4 71:3 71.0 68.9

Experiments show that RoCo holds the best resistance to pose errors

Intelligent Network and Optimization Lab

ACMMultimedia2024

Melbourne, Australia
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RoCo: Robust Collaborative Perception By Iterative Object
Matching and Pose Adjustment
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Background
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GSLAMOT: A Tracklet and Query Graph-based
Simultaneous Locating, Mapping, and Multiple
Object Tracking System

ACM MM2024, ATEEFRNS

|
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AGRM: By RliZBE S A IREIRA

Ego-motion T}
N— " Map Points P
T " uery Graph G@ o f it :
W1 = Q'“—-—?r- e Bn g (a) Muti-criteria Star Graph (b) Object-centric Graph Optimiztion
- Detections Association
ot Ot - .
| Query Subgraph
. A% = o o
NSe—p | o A S S
o . N : / Q & i “‘ “ _\\\ |‘ \)i
¥ Ego-motion i u g [~/ \ v =S
T; ¢ i N ™ 0 e e o
y S - update OCOW
s pitch T :
g/ » M,
=& H
l‘ \' =~ ..aclf;_"(i ......
Frame ¢ \_Ef, . .
Tracklet Graph G*
Input: ZIDAR & Stereo A
]

AN Htr5& M

motion prediction

= HIME 18 [h 2 B AR

BEHE. ZE.
g = *’TEEE/\A:I

« = »
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% Fp ARl 69 & 14 B (Query Graph) 5 7 ¥ #uig B (Tracklet Graph) U

© A0 S BTN B B2 14 (Query

Graph), 3 b FR B AU H1 i
(Tracklet Graph),

SN TS S Be— N E

( ﬁ”%:«ef )
C BB IHECINE T T ENHE. i
SRR LR, o :
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Noisy boxes Precise boxes

» MBfRAFORIENR oOCOW) 71— ,— — — — — — — —
ARARARONERLER ) 4 Object-centric Graph Optimization \ oy

Bﬁ-ﬁﬁl _* IJ}EH ﬁ%lu\%iﬁiﬁ*ﬂ_‘{Eiﬂ-E I Object -centric Optimization Window \‘-. | i ltb ; '

N— — I f\y,f‘,\:\/\’ |I e T ,\'I A, 1‘“ 1 '5;] :

WE. EEEmESES. kit [ - .

-> b i efu;.u ¢ & - - Pyl = &0 ~D f

—_ — Ny I ‘i" . ﬂ !

4t$§7aj] E *’FﬁLﬁ ° | 6bject-ego Fusion Window ‘ D : - B ;

T RI-RREEER (OFW) AR AT
XN N g

© T REREHLARE. S aEe | % - | 381 4

1 iy i .9 P = ai%qlinzmﬁ.:?ject+Zt'fEEaim i Lo

HRACEREHES . HE ST E—

| Detection result in each frame Ego-motion pose in OCOW

ﬁ%% D Tracklet box after optimization > Ego-motion pose in OEFW
o
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—=— object-centric optimization
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Stereo&
> LiDAR

thread aJr

VO frontend

thread b : thread d
I
10
— Mapping —» 8 OCOW
I
\ .
Module Time Per Frame(s)]
Ego-motion Tracking 0.031
Mapping 0.027
3D Detectiont 0.022
MSSAT 0.024
OGOfT 0.037
Total 0.082

T: only for keyframes.

Intelligent Network and Optimization Lab
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LERX: i1 5 % BAREB IR R
AKITTIHEE T ERBEEZ T THREINE AL

KITTI Seq. | 00 | 01 | 02 | 03 | 04 | 05 | 06 | 07 | 08 |  Average

Metricsim) | RPE APE | RFE APE | RPE  APE | RPE APE | RPE APE | RPE APE | RPE APE | RPE APE | RPE APE | RPE  APE

ORBSLAM3|[5] 2.09 1.46 7.52 12.70 2.3 35 0.84 1.44 0.6 0.25 0.91 0.93 0.92 0.99 0.49 0.49 3.06 3.06 2.08 2.76
DSP-SLAM[33] 1.09 1.10 3.87 12.06 0.94 0.89 1.28 0.47 0.64 0.73 0.53 0.46 0.81 0.42 0.5 0.48 3.17 11.99 1.40 3.18
DynaSLAM[3] 1.05 1.28 3:75 21.13 11 0.91 0.68 1.43 0.73 0.32 0.64 1.52 0.8 1.35 0.51 0.78 3.06 10.41 1.36 4.40
VDO-SLAM[42] 1.02 1.44 3.80 13.79 0.98 0.99 0.79 0.83 0.61 0.25 0.59 0.49 0.75 0.63 0.49 0.52 3.34 9.76 1.50 3.19
GSLAMOT(Ours) 1.01 1.02 3.69 131 0.92 091 0.68 0.57 0.56 0.23 0.53 0.41 0.70 0.44 0.48 0.43 3.05 3.16 1.29 2.25

£ WaymoZidE S £ 3D BArQMRIL T I B 1.

, MOTA(L2)T

Method MOTA(L1)T MOTA(L2)] Mismatch] vilitle “pedesteisn Eyelist
AB3DMOT([34] - - - 40.1 33.7 50.39
ProbTrack[7] 48.26 45.25 1.05 54.06 48.10 2298
CenterPoint[37] 58.35 55.81 0.74 59.38 56.64 60.0
SimpleTrack([25] 59.44 56.92 0.36 56.12 57.76 56.88
BOTT[46] 59.67 57.14 035 59.49 58.82  60.41
TrajectoryF[6] - - - 59.7 61.0 60.6
GSLAMOT 59.69 57.10 0.33 60.45 60.02 60.33
GSLAMOT* 59.75 57.20 0.33 60.47 60.23 60.45

GSLAMOT: The ego-motion poses are estimated by odometry front-end.
GSLAMOT": The groundtruth ego-motion poses are given as other MOT algorithms.

Intelligent Network and Optimization Lab
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Green box: tracklet
® Red point: local map
® BhRiok point: map

point
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CT1. http: //www . yongcaiwang. cn

http: //yongcaiwang . github . io
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