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Robot-augmented networks: Connectivity

Relay-based connectivity

Hot-spots, sport events, flashcrowds, 

disaster recovery,..

Non delay sensitive connectivity

IoT data harvesting, smart city, agriculture, 

caching,..

D2D connectivity

car2car connectivity, mesh connectivity, 

battlefield connectivity,..
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Robot-augmented networks: RF Sensing

Robot-aided localization
Node localization, SLAM

Robot-aided mapping
Radio map, 3D Map reconstruction
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Segmented Channel Path Loss Models

Class s=1,2,3,..

e.g. s=1 for LoS

s=2 for NLoS, etc.

Av. RX power

Path loss exponent

shadowing

Fixed offset

distance

Received power map UAV 100 

meter above center of Bristol
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Channel models: Probabilistic vs map-based

 Probabilistic LoS prediction

Ex: LoS probability model

2 December 2021 7

[Hourani14] A. Al-Hourani, S. 

Kandeepan, and S. Lardner, “Optimal 

LAP Altitude for Maximum 

Coverage”, IEEE Comm. Lett., 2014.

 map-based LoS prediction
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Radio-map reconstruction

APPROACH 1: 

Classical ML

(KNN applied to

RSSI-domain image)

APPROACH 2:

Model-based ML

(Segment Classification

Followed by KNN )

[J. Chen & D. Gesbert, 2017]

K nearest neighbors (KNN) with Kernel:

Approach 1

Approach 2
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RSSI-based 3D map reconstruction

1km

Reconstructed map with 1500 users*UAV trajectory

800 m

*K=32 UAV locations, spatial smoothing applied (known user locations) 

Optimized flying altitude in closed form

1500 ground users!
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RSSI+LIDAR based 3D map reconstruction

- - p 10

Azimuth 

Elevation 
Distance to obstacle 

• Depth measurement from on-board LiDAR

RSSI data Depth data 

(LiDAR)

3D map reconstruction 

(Occupancy Grid Map)

Radio measurement classification 

&

Channel learning

3D map enhancement

O. Esrafilian, R. Gangula, and D. Gesbert, “Map Reconstruction in UAV Networks via Fusion of Radio and 

Depth Measurements”. In Proc IEEE ICC 2021.
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Example: LIDAR only
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Reconstruction with only 5 Ground Users (known locations)
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Example RSSI+LIDAR

- - p 12

RSSI+LIDAR fusion (EM based)

O. Esrafilian, R. Gangula, and D. Gesbert, “Map Reconstruction in UAV Networks via Fusion of Radio and 

Depth Measurements”. In Proc IEEE ICC 2021.
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Robot-aided Node Localization

• Problem formulation:
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Learning the UAV-ground channel model

(arbitrary UAV antenna pattern) 

+
RSSI

Coarse path loss model

Antenna pattern

Classical path loss model

Hybrid DNN-based model
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Particle Swarm Node Localization

Hybrid 

Channel Model
Drone trajectory

-

Measured RSSI

Feed back

An estimate of user position

Drone Yaw angles

* Measurements: {UAV trajectory, UAV Yaw, RSSI}
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Experiment (WiFi 5GHz, 4dBi antenna) 

True position Estimated position

Extension settings:

1) Combining with ToA data

2) UAV location unknown
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Robot-aided IoT data harvesting 

[Esrafilian, Gangula, Gesbert, IEEE Journal IoT, 2019]

 Problem: Find path and schedule which harvests the “most 

data” from ground nodes, under fixed flying time

 Assumes map knowledge

Problem: not differentiable!!
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“Map compression”:

introduce Local probabilistic model

-

• User

Global LOS Probability model:

Local map-aided LOS Probability:
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Optimal data harvesting path based on map compression

-



Shadowing

Fixed offset

Path loss exponent
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Experiment: WiFi-based optimal data harvesting 
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IoT data harvesting with unknown node locations

w/ reinforcement Learning

-

Goal: Reward: Amount of collected data

State: UAV location, Battery level

Observation: RSSI

Action: Next UAV direction

Unknown: node locations, channel models

Known: 3D map, few anchor nodes
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Q-Learning (a primer)

-

 Q-function:

 Optimal Policy:

Estimated with Deep-Net

(Deep Q-Learning)

Generate samples 
(run the policy)

Q function 
estimation

Find best 
policy

Too Expensive !!
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Model-aided RL for Intelligent Data Harvesting

-

DQ-RL

Channel learning

+ 

Localization

World

World

PSO + NN

+ Map

 Algorithm Overview:

O. Esrafilian, H. Bayerlein, and D. Gesbert. "Model-aided Deep Reinforcement Learning for Sample-efficient 

UAV Trajectory Design in IoT Networks." GLOBECOM 2021
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Simulation

-

Battery budget: 20 steps (or 40 hovers) 
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Simulation

-

 Model-aided DQN compared to

1. Baseline DQN (akin to Part I.A) 

with scalar input and no prior 

information.

2. Map-based DQN (akin to Part 

I.B) with full knowledge of IoT 

node locations; input is the 

radio map.
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Active Learning for node localization 

• Flight goal:

• Collect RSSI measurements from K users

• To learn the channel parameters and localize the users

• Leveraging the 3D map

• User localization:

• PSO (particle swarm opt)

• Trajectory design:

• Active Learning based on

Fisher Information matrix.

[O. Esrafilian, R. Gangula, D. Gesbert, "3D Map-based Trajectory Design in UAV-aided Wireless Localization 

Systems", submitted to the IEEE Internet of Things Journal, April 2020]
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Active Learning for node localization 
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

Improvement at 

time step N
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Active Learning for node localization 
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Perspectives

 Low complexity algorithms (DP is complex!) 

 Onboard RF/antenna design 

 Onboard vs. offboard computing

 Advanced mix robotics-communications models

 Fusion of radio, vision, ToA data

 All references under www.eurecom.fr/cm/gesbert

Plenty of hard problems (theoretical/experimental)

In-network robots: Promising technology
 Robot-aided connectivity brings network closer to the end 

user

 Robot-aided network sensing exploits rich 3D sensing 

capability

 Radio-SLAM based approaches essential

 Can extend to reliable flying terminal problem [ICC2020]
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Backup (if more than 36 min allowed)

-
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Simulations (radio map estimate) after 

slide 12
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Drone Altitude: 60m,  K= 10 users

True Map Only depth data Depth + RSS data

user user user
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Simulations
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[7] J. Chen, et al, “Learning radio maps for UAV-aided wireless networks: A segmented regression approach,” ICC, 2017

[9] O. Esrafilian and D. Gesbert, “3D city map reconstruction from UAV based radio measurements,” GLOBECOM, 2017

htpp://www.eurecom.fr/

