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Robot-augmented networks: Connectivity

Relay-based connectivity

Hot-spots, sport events, flashcrowds,
disaster recovery,..

D2D connectivity

car2car connectivity, mesh connectivity,
battlefield connectivity,..

Non delay sensitive connectivity

loT data harvesting, smart city, agriculture,
caching,..

EURECOM


htpp://www.eurecom.fr/

Robot-augmented networks: RF Sensing
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Segmented Channel Path Loss Models

.
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Received power map UAV 100 N
meter above center of Bristol 2 Nl

Frequency: 200MHz

leed offset

Av. RX power

\ ﬁs Shadowing Class s=1,2,3,..
Vs=

e.g. s=1 for LoS
/d“s s=2 for NLoS, etc.

"~ Path loss exponent

distance
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Channel models: Probabilistic vs map-based

= Probabilistic LoS prediction

. 3t B 1
» Ex: LoS probability model  Pros,6) = -
D, e B mown

- ——Termestrial signal

[Houranil4] A. Al-Hourani, S.
Kandeepan, and S. Lardner, “Optimal
LAP Altitude for Maximum
Coverage”, IEEE Comm. Lett., 2014.
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Radio-map reconstruction

Uniform sample points

APPROACH 1. 800
Classical ML

(KNN applied to ‘
RSSI-domain image)  «

Approach 1

600

200

APPROACH 2:
Model-based ML
(Segment Classification
Followed by KNN )

[ [——KNN

—&— Proposed (hard) 4y (x)
—&— Proposed (soft) 4s(x)

50 500 5000

Number of training samples N

K nearest neighbors (KNN) with Kernel}
froan (x) =) K, x0Ty
meN (x)

[J. Chen & D. Gesbert, 2017] EURE
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RSSI-based 3D map reconstruction

UAV trajectory Reconstructed |

2,282,282 8 282 2,2,82:2:2.8:82.8-2:8,
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1500 ground users!

*K=32 UAV locations, spatial smoothing applied (known user locations)
Optimized flying altitude in closed form EURE
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RSSI+LIDAR based 3D map reconstruction

e « Depth measurement from on-board LIiDAR

*  LoS measurements

. *  NLoS measuremen ts (m)
-80 R ]

e §TD

Azimuth ~ Distance to obstacle
Elevation

-90

-100

Channel Gain [dBm]

-120

130 | . . | . \ . .
50 100 150 200 250 300 350 400 450 500
Distance [m]

Depth data ]
[ RSS| data ] [ (LIDAR)

3D map reconstruction
(Occupancy Grid Map)

Radio measurement classification
&
Channel learning

O. Esrafilian, R. Gangula, and D. Gesbert, “Map Reconstruction in UAV Networks via Fusion of Radio and
Depth Measurements”. In Proc IEEE ICC 2021. ~p10 EURE
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Example: LIDAR only

o

40\
= 30

400 |- o ° | % 20\
[ = :
N

0

120 Y
\

o ] ‘ : : 40
|’5

Building Height [m]

| H o !
100 -

500

pl1 EURECOM


htpp://www.eurecom.fr/

Example RSSI+LIDAR

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. "1z
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Robot-aided Node Localization

 Problem formulation:

min > e = FGu i O
nk

: k-th ground user location ‘

: channel parameters (e.g. 8 = [0,0,, - ]7)
: channel model
v,, » n=th UAV location
Vn - RSS of the n-th UAV location and the k-th node
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Learning the UAV-ground channel model

- Impactful parameters:

Distanced = |[|[v —u ||
Relative position AX = [Ax,Ay, Az]

UAV’s heading angle y (YAW)

/ Antenna pattern \
Ax

A 4

=
N
v VvV Vv
£
| —

—>

RSSI

1 —_>[ n e U o

Qoarse path loss model

-

Channel gain [dB]

(arbitrary UAV antenna pattern)

Channel gain [dB]

—65 -

=70

Classical path loss model

® True Measurements
@ Estimated channel gain

Hybrid DNN-based model

@ Estimated channel gain

T T T T T T T T T
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Particle Swarm Node Localization

* Measurements: {UAV trajectory, UAV Yaw, RSSI}

s

PSO

i; € R%i€[1,C]

/‘

(Random Particles) | Each particle (d,)

e

) An estimate of user position

u* =arg max MSE (1;)

A

Drone trajectory

Drone Yaw angles

Y

~

Hybrid
Channel Model

/

Measured RSSI

| Y (4y)

MSE (&)

Feed back
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Experiment (WiFi 5GHz, 4dBi antenna) __=>

X True position @ Estimated position

NN

S\

NN

SN

NN
N

-5 0 5 10 15 20 25

Extension settings:
1) Combining with ToA data
2) UAV location unknown

EURECOM
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Robot-aided loT data harvesting

= Problem: Find path and schedule which harvests the “most
data” from ground nodes, under fixed flying time )

_______

= Assumes map knowledge

: 1
e N Ci Ce=v ). axln] log(1+

s.t. Z grln]l <1 ,n € [1,N]
KE[LK] Q = {qx[n],vn,Vk}: Set of binary
qr[n] € {0,1},n € [1,N],k € [1,K]

: _ scheduling variables
Flight time < T),, 4«

Problem: not differentiable!!

[Esrafilian, Gangula, Gesbert, IEEE Journal |0T, 2019] EURE
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“Map compression”:
Introduce Local Qrobabilistic model

Global LOS Probability model:
1 %D vav

Pi [n] = 1+ exp(—a 6 [n] + b) T

z
0, = tan™! (—)
Tk

Local map-aided LOS Probability:

- " Ground Level
1 | f |

prln] =

1+ exp(—a0y[n] + by)

EURECOM
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Optimal data harvesting path based on map compression

+ System Model:
* UAV Trajectory y = {v[n] = (x[n],y[n],z) ;Vn € [1,N]} JISR———
« K Ground nodes/users (uy = [x, yi]") '

» Average path-loss

Ae[n = ) posc[nlyssln] s € {LoS, NLoS)

/ Fixed offset

L — Shadowing

llug = v[n]]|*
>~ Path loss exponent

Vs, k [n]

With the local LoS probability (ps k)
NOW SUCCESSIVE CONVEX APPROXIMATION CAN BE USED!
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loT data harvesting with unknown node locations
w/ reinforcement Learning

Unknown: node locations, channel models
«"@m Known: 3D map, few anchor nodes

State, Observation, Reward

ACtlon / \ (St+1)! (ot+1)! (r(st! at))
(a;) =
l'l
State: UAV location, Battery level
- / Observation: RSSI
Agent Action: Next UAV direction
mg(as, St)

Goal:

Reward: Amount of collected data
Zr(st:q/
t

0" = argmax E;
0

EURECOM
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Q-Learning (a primer)

= Q-function:

Q" (e, ar) = Yir_p Ex[r(syr, ar)|se, az]: total reward from taking a; in s,

= Optimal Policy:

a; = argmax Q" (s;,a;) |:> Estimated with Deep-Net
at (Deep Q-Learning)

| .
Too Expensive !!
- Find best Q function
a; = argmaXQ (s¢,ae) policy estimation Learn Q“'T (se,ar)

EUREC(
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Model-aided RL for Intelligent Data Harvesting

= Algorithm Overview:
J World

—>1. Generate a policy World

Execute the policy in the real World

store: {St, at,‘r(St, at)}:t € [11 T] Q >
Improve Q™ (s;, a;) g >

a &~ OB

Learn the channel + localize loT nodes

* For Kiterations:

PSO + NN
+ Map

1. Generate a policy

2. Execute the policy in the estimated World

. Channel Iearnlng
3. Improve Q7 (s;,a;) +

— 6. Go to step 1 Localization

O. Esrafilian, H. Bayerlein, and D. Gesbert. "Model-aided Deep Reinforcement Learning for Sample-efficient - 3
UAV Trajectory Design in 10T Networks." GLOBECOM 2021 EURECOM
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Simulation

a; € {up, down, left, right, hover} Battery budget: 20 steps (or 40 hovers)
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Simulation

= Model-aided DQN compared to

1. Baseline DQN (akin to Part |.A) é 12 r {.\' 7N *
with scalar input and no prior p 1 !
information. T 10 Xt I
° [ I.I I
2. Map-based DQN (akin to Part 2 4 | l| 1’
.B) with full knowledge of loT © iV H
node locations; input is the 3 - J
radio map. 5 ° ' ”’
p E . ,I
z " l ,/ ==+ Model-aided (proposed)
g = = Full map-based DQN
8 ] N —— Baseline DQN
<

100 10" 102 10®  10*
Episode [log scale]
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Active Learning for node localization

 Flight goal:
* Collect RSSI measurements from K users
* Tolearn the channel parameters and Iocahzetheusers
- Leveraging the 3D map o

* 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] EURE
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Active Learning for node localization

 Design a trajectory (over discrete time) such that

min MSE + MSE
x={V[1],---V[N]} ((pLOS) (¥NLoS)

S.t. TF <T
v[1] = v, v[N] = vg

Where ¢, = {Bs, @, Uy, -, ug). |
» Using Cramér—Rao bound (C.R.B) |

| . ,
yming o trFyLos T FyNLos) Yo
S.t. Te <T @

v[1] = v, v[N] = vg

« FL1: Inverse of FIM up to time N and seament s € {LoS.NLoS}

1 _ -1
Fys=FyZ1s+ Ry

is recursive Improvement at

time step N

e EURECOM
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Active Learning for node localization

Fixed altitude: 50 m

Localization error

600 : : 40
a=m ol O
| 35 600
500
-8 E‘E 30'§‘ 500 |
400 (= W — K= 0
E' 25% -L%aoo»
d o= 2]
» = @ =
5 300 ‘ 1 =T x
20 mom || - .
> | 5 8
200q I I E : 152 8 200
ESils e E
100 o . P
N . = T S
OO 200 400 600 5 Path Lenath [m]
X-axis [m]
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Perspectives

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]

Plenty of hard problems (theoretical/experimental)
= 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 surecowm
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Backup (if more than 36 min allowed)
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Simulations (radio map estimate) after
slide12

Drone Altitude: 60m, K= 10 users

True Map Only depth data Depth + RSS data
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Simulations

| -I-Onlyl depth meaéurements
9l =8=Proposed Alg. ]
Ref. [9] extension
. == Ref. [7]
o
O,
w 7| |
5 !
=
o
<< 6 -
5 I -
4 1 1 1 1
0 5 10 15 20 25

Number of Users

[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

P EURECOM


htpp://www.eurecom.fr/

