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Robust Navigation

Robots in Shared Environments

e Autonomous Vehicle
e Multi Robot System
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Robust Navigation — Challenging Environments

& Image

« Large scale 3D LIDAR mapping

» Reliable localization in changing environments
* Radar mapping

* Localization Risk Assessment

« Map Quality Assessment

a Tomasz Kucner
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Sequence of RGB Images (GF;)
Optical Flow (GF,)

Pedestrain Attributes (LCF,)

(LCF,)

Behavioral Attributes (LC'F})
Scene A

Trajectory Bounding Box
[Positions, Velocity]

Position-

Robots in Shared Environments — Prediction and Anticipation
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Robots in Shared Environments — Planning and Acting

Waypoints(7= 4) and Agent Type

Waypoints(7=4) and Agent Type

Waypoints(7=4) and Ageat Type
e

:
i
hroteeoke 3
Seer 000

Waypoints(7=4) and Agent Type

Human Aware Fleet Coordination

A MoD-unaware F STeF-EUC t1

End-to-End Learning for Human-Like driving

e Tomasz Kucner
* Farzeen Munir
a Maryam Kazemi
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Motivation

Multi Robot System (MRS) in Static Environment
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Motivation

Multi Robot System (MRS) in Dynamic World

A. 9.12.2025 8



Motivation

Multi Robot System (MRS) in Static Environment Multi Robot System (MRS) in Dynamic World

MRS are used in many real-world scenarios. But while static environments are predictable, real
environments are dynamic, with humans moving unpredictably, causing delays and inefficiencies.
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Shared Environments

Environments where people and robots directly interact and collaborate without safety barriers.
(Spatial Human Robot Interaction: S-HRI)

Warehouses
Shipyards

Mines (Open pit &
Underground)
 Households
 Roads

Aalto University
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https://commons.wikimedia.org/wiki/File:2012.09.29.104651_Trucks_Bingham_Canyon_Mine_Utah.jpg
https://creativecommons.org/licenses/by-sa/3.0/
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« Dynamics
 Changes in shape
* Moving objects
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Challenges

Dynamics

« Changes in shape

« Moving objects Q1: How to model moving object?
Limited Visibility

Dust, Smoke, Light Conditions

« (Obstacles

« Sensing Limitation Q2: How to reason about area

. beyond of sensing range?

Decision Making

« Task Allocation Q3: How efficiently distribute tasks?

 Coordination Q4: How safely coordinate agents?

* Motion Planning Q5: How plan human-aware trajectories?

Scalability
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Multi Robot Task Allocation (MRTA)

What is MRTA?
The problem of assigning multiple robots to multiple tasks to optimize overall system performance.
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Multi Robot Task Allocation (MRTA)

What is MRTA?
The problem of assigning multiple robots to multiple tasks to optimize overall system performance.

Traditional MRTA Approaches:
* Assume a static environment.
» Do not consider human presence or movement.
» Can lead to unsafe or inefficient plans
in environments shared with humans.
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Multi Robot Task Allocation (MRTA)

What is MRTA?
The problem of assigning multiple robots to multiple tasks to optimize overall system performance.

Traditional MRTA Approaches:
* Assume a static environment.
» Do not consider human presence or movement.
» Can lead to unsafe or inefficient plans
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What is MRTA?
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Multi Robot Task Allocation (MRTA)

What is MRTA?
The problem of assigning multiple robots to multiple tasks to optimize overall system performance.

Traditional MRTA Approaches: Huma Aware MRTA Approaches:

* Assume a static environment. » Consider Static Map & Human Motion Pattern.
* Do not consider human presence or movement. * Anticipating movement rather than reacting.

« unsafe/inefficient plans in shared environments. » Eefficient plans in shared environments.
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Human Behavior Modeling

* Human Motion Prediction

A. Alahi, K. Goel, V. Ramanathan, A. Robicquet, L. Fei-Feiand S. Savarese,
"Social LSTM: Human Trajectory Prediction in Crowded Spaces," 2016 CVPR.
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Human Behavior Modeling

* Human Motion Prediction

A. Alahi, K. Goel, V. Ramanathan, A. Robicquet, L. Fei-Fei and S. Savarese,
"Social LSTM: Human Trajectory Prediction in Crowded Spaces," 2016 CVPR.
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mobile robots. The International Journal of Robotics Research. 2023.
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Maps of Dynamics
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Human-Aware Task Allocation (HATA)

Maps of Dynamics

Historical
Pedestrian
Movement

Data

—»

Cost Computation

Estimated Waiting Time

Probabilistic Maps of Environment

Robot States

Task States —

Pr(Human Encounter)_>

along the Path

Eskeri, Maryam Kazemi, et al. "Efficient Human-Aware Task Allocation for Multi-Robot Systems in Shared Environments." IROS ,2025.
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Loosely
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Coordination
Bayesian
—  Optimization Hungarian
d E Estimated Travel Time
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Simulation
Framework

Pedestrians

Robots

2

Approach for Multi-Robot Coordination, Motion Planning and control. Proceedings

n ' Pecora, F., Andreasson, H., Mansouri, M., & Petkov, V. (2018). A Loosely-Coupled 1
B ofthe International Conference on Automated Planning and Scheduling




Path Based

HA-Alloc

HATA
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Probabilistic Dynamic Crowd Prediction

Unlike individual trajectory predictions, crowd modeling captures the aggregate flow of pedestrians,

making it more resilient and adaptable in highly dynamic environments.

.14’

Crowd Flow Prediction:
Models crowd flow over time by predicting density and velocity /

in each cell. =
Probabilistic Prediction: /a.-: —
Outputs distribution of likely crowd states, accounting for e e
uncertainty. ) 8 |

I 20

I 15

time (s)

T 10

The predicted crowd density through time is shown in 5 slice

Probabilistic Dynamic Crowd Prediction for Social Navigation
- https://ieeexplore.ieee.org/document/9561053
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Method

...........

...........

Past Crowd States

* Representing crowd with their macroscopic features
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Method & Contributions

HHHH , —

— —

------ De.t.o
Past Crowd States Crowd Modeling

* We represent crowds with their macroscopic features
 We propose a lightweight macroscopic model

o Input: A short sequence of past crowd states.
o Output: Predictions of states for next 10 seconds.

o Usage: Predictions are converted into a cost map that penalizes social disruption.

A! 9.12.2025 39



Method & Contributions

...........

- = e
Lo | | — —
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s e e i o concin T =N
Past Crowd States Crowd Modeling Invasiveness
« Representing crowd with their macroscopic features
* Proposing a lightweight macroscopic model

Use this cost map to estimate how invasive trajectories are

o (wr) = plar) ([ o (@) = vrl|* + 03 ()
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Method & Contributions

: [ Encoder ][ Decader I | |
e | e : po--mmeosneemoeesees = .
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M aassaaaa] e B SIRE ==
Past Crowd States Crowd Modeling Invasiveness Path Planning

« Representing crowd with their macroscopic features

* Proposing a lightweight macroscopic model

» Use this cost map to estimate how invasive trajectories are
« Real-time social navigation for minimizing invasiveness

T

LT = I EZ | {X[t|t<0

vp T = arg iy, [ (BT (X0 ¢ < 0)
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Planning Results

Faster & More Accurate Prediction NeYor 9y [ es
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A! Eskeri, Maryam Kazemi, et al. "A Lightweight Crowd Model for Robot Social Navigation." 2025 European Conference on Mobile Robots (ECMR). IEEE, 2025. 9.12.2025 42



Planning Results

Start Position

Faster & More Accurate Prediction NeYor s [Ny
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Planning Results

Faster & More Accurate Prediction
 3.6x Faster Inference

Real-time navigate through a dynamic crowd:
Baseline: Cuts through crowd, high social cost.

A. Eskeri, Maryam Kazemi, et al. "A Lightweight Crowd Model for Robot Social Navigation." 2025 European Conference on Mobile Robots (ECMR). IEEE, 2025.
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Planning Results

AN
/ é ) \ Tggge ¥ \ o\u LR
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A! Eskeri, Maryam Kazemi, et al. "A Lightweight Crowd Model for Robot Social Navigation." 2025 European Conference on Mobile Robots (ECMR). IEEE, 2025.
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Planning Results

Faster & More Accurate Prediction
 3.6x Faster Inference
* 3.1% Better Accuracy

Real-time navigate through a dynamic crowd:
Baseline: Cuts through crowd, high social cost.
Our Model: Proactively avoids crowd, low cost.
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Q2: Partial Observability

Partial Qbservation

v
A 4

ul

| =’

Past Crowd States Crowd Modeling Invasiveness Path Planning

Fai

* Representing crowd with their macroscopic features
* Proposing a lightweight macroscopic model
« Use this cost map to estimate how invasive trajectories are

« Real-time social navigation for minimizing invasiveness
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Q2: Partial Observability

Partial Qbservation
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* Representing crowd with their macroscopic features
* Proposing a lightweight macroscopic model
« Use this cost map to estimate how invasive trajectories are

« Real-time social navigation for minimizing invasiveness
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State Estimation under Partial Observability

Density (Blue), Velocity (Circle Size), and Heading (Arrows)
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« Real robots only sense a local view. 7
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State Estimation under Partial Observability

nsity (Blue) ( ze), a ( )
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State Estimation under Partial Observability

Density (Blue), Velocity (Circle Size), and Heading (Arrows)
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Q6.1: Scalability in MRTA

(a) State
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Q6: Scalab
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Dynamic Graph Update

! Environment Changes at t : Graph GloUpdate } R SR

0 : ; — i Task Allocation

] : Add Task Node > Create Edgle within p :

: , ; Radius 1 Update Global RT : ;

. Task Update : : Graphs at time t N . !

I , ; Remove obsolete : > GNNProcessing !

: ' : Task become Task Node and its : i :

Global RT Graph at > i > obsolete g edges 1 :
time t-1 Agent Updet ‘ 4
Update Position » Recompute Edges l Action Decision

Extract Ego Graphs ———

: Remove Task > Update Robot 1 : !

‘ Capacity ‘
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Framework
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Global State Update

Actor learns decentralized policies, guided by a centralized critic during training (Centralized

Training, Decentralized Execution)

Al
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Hardware in the Loop simulation (HIL)
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Takeaways

- Anticipate, don’t just react:

Use long-term Maps of Dynamics to model human behavior robustly. Enhance them with a
macroscopic crowd model to capture short-term motion predicting based on recent flow patterns.

 Reason under uncertainty:

Fuse predictive models with state estimation (e.g., Ensemble Kalman Filter) to infer hidden crowd
dynamics and handle limited sensing.

« Scale to reality:

Adopt dynamic graph structures and decentralized decision-making to coordinate large robot teams
efficiently in dynamic environments.
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Current Focus - MRS coordination

« Multi Agent RL
* Dynamic Graph construction
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Current Focus - MRS coordination
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Current Focus - MRS Communication

Perception
States
Bids

Mixer: Efficient Many-to-All Broadcast in Dynamic Wireless Mesh Networks

|—> Matrix —]
\\

Processing Layer
event-triggered

4

T

1
1
Tx :
Rx .. Sideload ':'
Queue ‘\‘
1 I

T
1

\ 1.4

v

Tx

Transport Layer
time-triggered

(a) Core architecture.

- Ts >
: -‘. Tp ;
[ Tx process prior house- start processing of : Tx prepare next
| decision Rx packet keeping current Rx packet : | decision Tx packet
i
[Rxon] init DMA | - DMA -~ postprocess|  [startTx|  filFIFO | >
' ' t : ]
. ' 0SsC SFD LEN Rx : ' osc TX
_ Ta :' slotk N slot k+1
- Ta » grid

(b) Radio, transport layer, and processing layer activities within each slot.

M messages at once and approaches the theoretically optimal scaling as M increases.

Carsten Herrmann, Fabian Mager, and Marco Zimmerling. 2018. Mixer: Efficient Many-to-All Broadcast in Dynamic Wireless Mesh Networks.
In Proceedings of the 16th ACM Conference on Embedded Networked Sensor Systems (SenSys '18).

9.12.2025

Processing
Layer

Transport
Layer

Radio

Rather than performing M sequential floods to disseminate M messages, Mixer overlays all M floods by
letting nodes mix packets using random linear network coding (RLNC). This way, Mixer disseminates all
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Density (Blue), Velocity (Circle Size), and Heading (Arrows)
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