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ZEVisDrone—2019, UATDTEUIESE F 5EINEMMOTH LML, EEFEEFSHIIDFT . MOTA
HFMEL.

Dataset Method Pub&Year IDF11 MOTAt MOTPt MT{+ ML| FPl FNJ IDs|
SiamMOT [64] CVPR2021 48.3 31.9 73.5 - - 24123 142303 862
MOTR [3£] ECCV2022 41.4 22.8 72.8 272 825 28407 147937 959
ByteTrack [60] ECCV2022 40.8 25.1 72.4 446 1099 34044 194984 1590
OC-SORT [56] CVPR2023 50.4 39.6 73.3 - - 14631 123513 986

VisDrone2019-MOT  STDFormer [65] TCSVT2023 57.1 45.9 77.9 684 538 21288 101506 1440
UAVMOT [24] CVPR2022 51 36.1 74.2 520 574 27983 115925 2775
FOLT [48] MM2023 56.9 42.1 77.6 - - 24105 107630 800
GLOA [47] J-STARS2023 | 46.2 39.1 76.1 581 824 18715 158043 4426
DroneMOT Ours 58.6 43.7 71.4 689 397 41998 86177 1112
DeepSORT [32]  ICIP2017 58.2 40.7 73.2 595 338 44868 155290 2061
SiamMOT [64] CVPR2021 61.4 394 76.2 - - 46903 176164 190
ByteTrack [60] ECCV2022 59.1 41.6 79.2 - - 28819 189197 296

UATDT OC-SORT [56] CVPR2023 64.9 47.5 74.8 - - 47681 148378 288
UAVMOT [24] CVPR2022 67.3 46.4 72.7 624 221 66352 115940 456
FOLT [4%] MM2023 68.3 48.5 80.1 - - 36429 155696 338
GLOA [47] J-STARS2023 | 68.9 49.6 79.8 626 220 55822 115567 433
DroneMOT Ours 69.6 50.1 74.5 638 178 57411 112548 129

PP «=>r «=>» = OAC
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TABLE 11
ABALATION STUDY ON VISDRONE2019-MOT VALIDATION SET.

Baseline DIA MDA MOTA(%) 1IDs IDF1(%)

v 29.7 1509 38.3

v v 334 1407 45.1

v v 32.4 406 48.9

v v v 34.3 218 53.4
TABLE III

ANALYSIS OF THE EFFECTIVENESS OF MDA MODULE. THE BASELINE
USES THE KALMAN FILTER AND EMA TO UPDATE THE FEATURE.

Motion model  Appearance model IDs IDF1 IDP  IDR
- - 1407 451 48.6 42.1

DMP - 229 528 57.8 48.6
- AFS 690 465 528 415
DMP AFS 218 534 43.0 528

«EF > A=Z>»r 4« =>» = “Ha v
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GSLAMOT: A Tracklet and Query Graph-based
Simultaneous Locating, Mapping, and Multiple
Object Tracking System
GSLAMOT: EFHESERENRELSEANL
ZESZHINERRS
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Stereo& thread b , thread !
> LDAR : read d thread e :
) o :
Mappi O
T apping — ng oCcow OEFW :
1
: !
VOfrontend g .
Module Time Per Frame(s)] [

Ego-motion Tra(:king 0.031 read g thread h1, ha, . .. :
Mapping 0.027 [
3D Detectiont 0.022 hborhood Shape :
Keyframe? MSSAT 0.024 !
I
OGO 0037 Yy Uy 1

Total 0.082

T: only for keyframes.
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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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KFEFTIV2024, ACM MM2024
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Single-Agent Perception

 Single-vehicle self-driving has been intensively studied!!]

* Long-range perception 1s challenging due to the sparse measurements of 3D sensorl?]
* Individual viewpoint suffers from frequent occlusions!?]

3 | Peer gives
warning

AR ITL

® | A

[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.
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Collaborative Perception

What you see is what you get ?

lusio

n It S
Y Rope'

Collaboration! Holistic view!
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Collaborative Perception

v See further
v" See better (Moreevidence).

v" See through occlusion

4 | L "m"‘“;

Networked vehncles
Sending messages

Vehicle violating . — !'
the red light ¢

AVLLRIT]

Ego vehicle
Receiving messages
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SAHNet: Collaborative Object Detection Method

Core idea: Exploring spatial heterogeneity of perceptual information
Messages should be spatially sparse, yet perceptually critical

Collaboration
graph

v

Feature map F;

. SAHNet N ',/' ‘\\ ___‘____,,—’ .
. . 5__ Feature Transfer @ ,
Point Cloud Featu.re E ﬁ 52 If’eature || Detection | ,

Encoder Selection . - M i, F;  fusion (SFF) Head :

Xi ! J 4 et Object |

L2 . '

LiDAR Input Octsh > - - Detection
foreground boundary map '
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Current work: Pose error and time delay in communication

Real-world communication among agents .
* Congestion

* Heavy computation
+ Interruptions mmmlp-  delays and misalignments

 Lack of calibration

ol

{l
:

r—

(a) A collision caused by latency (b) Pose errors degrade collaboration performance
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R
Collaborative perception--RoCo

To minimize the impact of pose errors between agents, RoCo was proposed
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RoCo: Robust Collaborative Perception By Iterative Object
Matching and Pose Adjustment

Gy = = =
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MobiSketch: EFFHNREHIFMERMSHNIDENEE

BFEFTIV2024, ACM MM2024
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ok VINS-MONO [ PL-VINS MobiSketch | UV-SLAM PVIO MobiSketch | MobiSketch

(1) (R +ER)  (AT+E8) | O+ B+ TR | (R +TH) (AR + ) | (6 + 8+ )
MH-01-Easy 0.075 0.083 0.071 0.079 0,130 0.081 0,070
MH-02-Easy 0.070 0.072 0.070 0,052 0,285 0,075 0.054
MH-03-Medium | 0,104 0,099 0.071 0,078 0.171 0,103 (L0649
MH-04-Difficult | 0,220 0.202 0.170 0.179 0,303 0.215 0167
MH-05-Difficult | 0.240 0226  0.137 0.146 0202 0.187 0135 N
V1-01-Easy 0.046 0.046 0.046 0042 0.084 0.046 0,042 * AV
V1 -02-Medium | 0.09] 0,079 0.073 0,079 0,105 0,088 0,070 + ==
V1-03-Difficult | 0.225 0.180 0.141 0.175 0.184 0.186 0138 ~H AN
V2-01-Easy 0,052 0.058 0.072 0,059 0,052 0,052 0.058
V2-02-Medium | 0,139 0,133 0,074 0115 0.202 0.135 0,069
V2-03-Difficult | 0.215 0,196 0.143 0,160 0.275 0,198 0137

(1IN AL SLAM J7 YA E 0 PR BB & LU IN-F- HARE BY 7 ¥E A5 B AR 45 58
2ﬂ%ﬂ¥ﬁ & FH B/ IR B R AR VAR S ] DAT Bl kb s AN DB iR

ANFETRFAEAE A BRI IRALIN,, A Bh TG e 2 25
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MobiSketch: Locating and Sketching on the Move Using Minimal

Representation of Point, Line and Planes
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CoISLAM: A Versatile Collaborative SLAM System for Mobile
Phones Using Point-Line Features and Map Caching

ColSLAM: EF RE4FENEFHERNFHIMNEISLAM

AZFzF ACM MM2023, CCF A
e, ETRkAHE
HFEARKFAEEFER
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ColSLAM: A Versatile Collaborative SLAM System for
Mobile Phones Using Point-Line Features and Map Caching

Demo Video
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- 01: http: //www . yongcaiwang . cn

http: //yongcaiwang . github . io
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