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多智能体协同感知
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前端：检测、特征提取与通信

IMU

Camera

预积分

特征提取 目标检测

视觉、
IMU融合
SLAM

局部
建图

局部地图 关键帧Client轨迹

后端：融合、大规模图优化

跨Agent闭环检测

多地图拼接与对齐

全局静态地图维护

动态多目标检测追踪

多智能体协同同步定位、建图结果

通信

手机网络 无人机网络

机器人网络 无人船网络

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

ColSLAM: 基于点线特征和缓存地图的手机协同SLAM

发表于 ACM MM2023，CCF A
李婉婷、王永才等

中国人民大学信息学院
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点线VIO 交流模块

智能体1

Image

IMU data

ColSLAM中，首先每个智能体通过自身的点特征、线特征、惯导融合的视觉惯性里程计
方法，计算自身位姿轨迹，建立局部环境地图。

智能体2

智能体n
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Server

位姿，特征点和特征线
第一次传输发送相机参数

关键帧信息

交流模块

Map Cache1 BA 序列 

Map Cache2 BA 序列 

点线VIO 交流模块

智能体1

Image

IMU data

智能体2

智能体n

每个智能体将关键帧等信息发送到云端，云端为每个智能体建立缓存地图。



Intelligent Network and Optimization Lab

Server

位姿，特征点和特征线
第一次传输发送相机参数

关键帧信息

交流模块

Map Cache1 BA 序列 

Map Cache2 BA 序列 

点线VIO 交流模块

智能体1

Image

IMU data

智能体2

智能体n

跨缓存地图的回环检测，构建
多智能体位姿之间的回环边

重定位
序列ID
点、线 重定位

点线结合重定位

序列ID
点、线
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Server

位姿，特征点和特征线
第一次传输发送相机参数

关键帧信息

地图融合
和优化

交流模块

Map Cache1 BA 序列 

Map Cache2 BA 序列 

相对位姿

重定位

点线结合重定位

序列ID
点、线

相对位姿
匹配的点、线

点线VIO 交流模块

智能体1

Image

IMU data

智能体2

智能体n

融合回环检测边、局部位姿图，优化全局位姿图 

优化全局
位姿图 
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Server

位姿，特征点和特征线
第一次传输发送相机参数

关键帧信息

地图融合
和优化

交流模块

Map Cache1 BA 序列 

Map Cache2 BA 序列 

相对位姿

重定位

点线结合重定位

序列ID
点、线

相对位姿
匹配的点、线

点线VIO 交流模块

智能体1

Image

IMU data

智能体2

智能体n

融合回环检测边、局部位姿图，优化全局位姿图 

优化全局
位姿图 

反馈修正
局部位姿
误差
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   基于迭代目标匹配与图优化的鲁棒协同感
知

RoCo: Robust Cooperative Perception By Iterative Object 
Matching and Pose Adjustment

ACM MM2024，CCF A
黄哲、王永才等

中国人民大学信息学院
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多车协同感知
 See further
 See better (Moreevidence). 
 See through occlusion
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多车协同感知：特征级融合
 早融合：传输原始数据

 特征融合：传输压缩特征图 
 结果融合：传输检测结果

不足：传输成本过高

不足：不能发现新目标

可控制传输成本、能发现新目标

基于特征图的多车融合
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多车协同感知：车辆定位误差问题

需要解决各车的定位结果存在误差时的融合特征图错位问题
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RoCo:基于迭代图优化的位姿校准与协同感知

根据目标匹配结果建立图优化问题，并根据图优化结果，改进目标匹配，迭代直至收敛
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检测准确性显著高于当前SOTA
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背后的图优化问题
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现有通用图优化方法本身的问题
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• G2O:  稀疏图计算不准确, 大规模图计算慢



Intelligent Network and Optimization Lab
20

如何优化呢？HGO: 并行可靠G2O

稀疏图G2O不准确

稠密子图单独G2O准确

分解，并行计算，

滤噪，再拼合
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HGO: 并行可靠G2O

1. 稠密社团子图分解 3. 模块间Critical Edge闭环约束平滑

4. 生成并计算多边骨干图结构

2. 子图内部计算G2O

5. 子模块同骨干图拼接

21
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HGO: 实验效果
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HGO: 计算效率

Decomposed Pairwise 
Smoothing

Shortest Path Loop Smoothing

Haodi Ping, Yongcai Wang, Deying Li, HGO: Hierarchical Graph Optimization for Accurate, Efficient, and Robust 
Network Localization. ICCCN 2020: 1-9

https://dblp.uni-trier.de/db/conf/icccn/icccn2020.html#PingW020
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图优化二： 隐藏边的推断与利用2 Bai, et al.

(a) Ground truth of network formation
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(b) Network formation calculatedby G2O [6]

Fig. 1. An examplenetwork formation and its realization

have been proposed for the network localization problem, including trilateration-basedmethods
[3][4], distance equation-based methods [5], graph optimization methods [6][7][8], component
stitching-basedmethods[9][10][11].Morelocalization algorithmscan befound in arecent survey
[12].
Thecondition for anodeor anetwork tobeuniquely localized, known asthelocalizability prob-

lem, hasalsoattra cte dgreat atten t ion. It pointsout that only when theunderlyinggraph isglobal
rigid can all the nodes in the network be uniquely localizable [13][14]. However, when the un-
derlyingmeasurement graph is sparse, localizability and localization accuracy are unsatisfactory
because thereare too few edgeconstraints to restrict the freedomof node locations [9][10][11].
When thedistancemeasurementsaresparse, themeasureddistancesaretoolimitedtoconstrain

the nodes to be correctly localized. The location calculation algorithms [6][7][8][9][10][11] may
converge to ambiguous results which differ significa nt ly from the ground truth. An example is
shown in Fig. 1. In this example, Fig. 1(a) gives the ground truth locations of the nodes, and Fig.
1(b) showsthenetwork localization result calculatedby G2O[6], awidely usedgraphoptimization
method. Although G2O can successively minimize the least square residue error in theobjective,
therealizednetwork formation differ s significa nt ly fromthegroundtruth. Somecomponentshave
seriousflip pi ng errors, such asnodes19and29. This isbecausethealgorithm itself cannot disam-
biguate flip pi ng ambiguity when the ambiguous location solutions can also satisfy themeasured
distanceconstraints.
Variousmethodshavebeen proposed todeal with sparsenetwork localization. A common idea

is tomineadditional constraints by mining and exploiting the structural knowledge to deal with
fli

p
pi ng ambiguity. Sahaet al. [8] added the inequality constraintsof negativeedges into theopti-

mization problemtoformaconstrainedoptimization problem.Yanget al. [14] inferredtheimplicit
edgesby find i ng vertex pairs shared by two rigid subgraphs. ARAP [11] and ASAP [15] methods
divided thegraph into patches to infer the lengthsof thenegativeedges in each patch by theTri-
angle Inequality condition. WCS[10] further proposedweighted patch stitching to assign higher
weights to denser patcheswith better local realization qualities.
Another classof idea is to disambiguate flip pi ng ambiguity by analyzing the conditions under

which the flip pi ng ambiguity may occur. Unit Disk Graph (UDG) [16] constraint is exploited to
avoid flip pi ng ambiguities [17]. The basic idea of using UDG is that the inter-distance between

ACMTrans. Sensor Netw., Vol. , No. , Article . Publication date: November 2022.

稀疏图的结构计算结果会与Ground Truth有极大差异
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基于假设检验的稀疏图优化方法

• 冗余刚性子图仅有限个可能的实现结构
InferLoc: Hypothesis-based Joint Edge Inferenceand Localization in SparseSensor Networks 15

(a) Twocomponents (b) Flat (c) Flip

Fig. 5. Twodiffe

r

ent stitchingmethod

lengths of the UIE are calculated by stitching the component realizations in two differ ent
ways, i.e., flat stitching and flip pi ng stitching.

Residual error (RE) isadoptedasthemetricfor evaluatingtherealization quality ofacomponent.
TheRE of each component can be evaluated by Equation (7), where represents the standard
residual of the th component. If > (a threshold), thecomponent isnot qualified for gener-
atingUIEssince its local realization isnot accurateenough.

=
( , ) ∈

ˆ − ˜
2

| |
(7)

Edge inference is conducted by stitching one component in two ways across the flip pi ng axis
with the other component. The component 1 is assumed to be fixe d, so the coordinates of ,
i.e., , are fixe d. Ther eare two possible coordinates for , wherearedenoted as 1 and 2 respec-
tively which aresymmetrical about theflip pi ng separator { 1, 2} . Ther efore, thetwopossibleedge
lengths for (̄ , ) are calculated as follows. For space limitation, how 1 and 2 are calculatedwill
beomitted.

1 = − 1 2 , 2 = − 2 2
(8)

5 INFERLOC

Afte

r

extracting and inferring possible lengths for thequalified UIEs, thepossible lengthsareuti-
lized ashypothesized edgeconstraints to be input into the InferLocmodel Equation (2). Then the
problem ishow to solve the joint optimization problem.
A diffic

u
l ty is that the 0/1 variable is not differ entiable and cannot be directly optimized

by graph optimization methods like Levenberg-Marquardt. We use a continuous function of a
continuousvariable ∈R toreplaceeach0/1 variable .Theset = { } iscalledthecontinuous
selection variables. A switching function ( ) isutilized tomap acontinuousvariable ∈R to be
0or 1, which fini shes the length selection. Then Equation (2) is rewritten as follows.

∗, ∗ = min
( , ) ∈ +U

ˆ − ˜
2
+

(̄ , ) ∈U ∈ =1

ˆ − ˜
2

(9)

where representsthemeasurededges; U representstheselectedUIEs; U representsthedirectly
voted well-consistent UIEs in BF G . ˜ denotes the Euclidean distance calculated by the esti-
mated coordinates, i.e., ˜ = − . The function · 2 represents the squared Mahalanobis

ACM Trans. Sensor Netw., Vol. , No. , Article . Publication date: November 2022.
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Lengths of the UIE are calculated by stitching the component realizations in 
two different ways, i.e., flat stitching and flipping stitching.

• 连接冗余刚性子图的边，仅有限个可能的长度
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基于假设检验的稀疏图优化方法

图优化中添加假设检验边残差项

将混合整数规划转换为可导的
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显著提高了稀疏图结
构计算准确性
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实验结果
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图优化的准
确性显著高
于现有的
SOTA方法

Xuewei Bai, Yongcai Wang*, Haodi Pin, Xiaojia Xu, Deying Li, Shuo Wang: InferLoc: Hypothesis-Based 
Joint Edge Inference and Localization in Sparse Sensor Networks. ACM Trans. Sens. Networks (TOSN) 
20(1): 8:1-8:28 (2024)

https://yongcaiwang.github.io/papers/InferLoc.pdf
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三：稠密子图划分问题（GPART）

29

Yu Zhang, Qinhan Wei, Yongcai Wang, Haodi Ping, Deying Li, GPART: Partitioning Maximal 
Redundant Rigid and Maximal Global Rigid Components in Generic Distance Graphs, TOSN, 2023

https://github.com/inlab-group/gpart 

输入2D测量图

输出所有
• 极大刚性子图
• 极大冗余刚性子图
• 极大全局刚性子图

https://github.com/inlab-group/gpart
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四：3D图中的极大刚性子图快速划分算法（EMI）

输入3D测量图

输出图中所有极大刚性子图

Qinhan Wei, Yongcai Wang*, Deying Li: EMI: An Efficient Algorithm for Identifying Maximal 
Rigid Clusters in 3D Generic Graphs. IEEE/ACM Transactions on Networking 32(1), 460-474, 
2024, https://github.com/fdwqh/EMI-algorithm 

https://yongcaiwang.github.io/EMI/EMI.pdf
https://github.com/fdwqh/EMI-algorithm
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五：一种自底向上的快速极大K-VCC子图枚举算法（RIPPLE）

Haoyu Liu, Yongcai Wang*, Xiaojia Xu, Deying Li: Bottom-up k-Vertex Connected 
Component Enumeration by Multiple Extension, ICDE 2024, Utrecht Netherlands , 
May 13-17, 2024

https://github.com/Elssky/RIPPLE 

输入：大图G, k 输出：所有极大KVCC子图

https://yongcaiwang.github.io/RIPPLE/RIPPLE.pdf
https://github.com/Elssky/RIPPLE
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• 多智能体协同SLAM问题（ColSLAM）

• 多智能体协同感知的迭代匹配与位姿校准问题（RoCo）

• 后端图优化的分层鲁棒图优化方法（HGO）

• 稀疏图优化中的隐藏信息推断与利用方法（InferLoc）

• 2D测量图的稠密子图划分问题（GPART）

• 3D测量图的极大刚性子图划分问题（EMI）

• 一种自底向上的快速极大K-VCC枚举算法（RIPPLE）

32

总结
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谢谢, Q&A
ycw@ruc.edu.cn

https://yongcaiwang.github.io 

18910215881

mailto:ycw@ruc.edu.cn
https://yongcaiwang.github.io/

