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‘a physical world that is richly and invisibly
interwoven with sensors, actuators, displays,
and computational elements, embedded
seamlessly in the everyday objects of our lives,
and connected through a continuous network’
(Weiser, Gold and Brown, 1999)

‘a small world where different kinds of
smart devices are continuously working
to make inhabitants lives more comfortable’
(Cook and Das, 2004)
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set of autonomous entities
that interact among them
to solve problems that are beyond
the capacities and knowledge of
each individual agent

[www.tapscape.com]
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agent model

state parameters:
position
peRr?
de {2,3}

state parameters :
position + attitude

(p,R) € R¢ x SO(d)
d e {2,3}

body frame w.r.t. world frame
un/directed G = (V,€)

global inertial frame
undirected G = (V,€)
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WSNs - Wireless Sensor Networks
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WSNs - Wireless Sensor Networks
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WSNs - Wireless Sensor Networks

agent model

large number of
compact and cheap devices
deployed in an area of interest

system state: {p; € Rd}?zl
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WSNs - Wireless Sensor Networks

agent model

large number of
compact and cheap devices
deployed in an area of interest

system state: {p; € Rd}?zl

rigid
body

massless
point

local sensing data
from environment
measurements: {m; € R}

measurements exchange
according to
communication capabilities

domain of interest
applications:

global monitoring tasks ranging

from factory automation to ambient assisted living

(event and fault detection)

agent
motion capability



Clustering Task

network decomposition + data clustering

C1. connectivity
C2. measurement similarity
C3. maximality

A. Cenedese, M. Luvisotto, G. Michieletto. Distributed Clustering Strategies in Industrial Wireless Sensor Networks. 1EEE Transactions on Industrial
Informatics, 13(1):228-237, 2017.

G. Bianchin, A. Cenedese, M. Luvisotto, G. Michieletto. Distributed Fault Detection in Sensor Networks via Clustering and Consensus. IEEE 54th
Annual Conference on Decision and Control (CDC), pages 3828-3833, 2015.
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Clustering Task

network decomposition + data clustering

C1. connectivity
C2. measurement similarity
C3. maximality

Centralized Clustering Algorithm (CCA) Decentralized Clustering Algorithm (DCA)

» input : m, A, b (clustering bound)
» output : {C(vi)}],
» two-steps iterative procedure

1. inclusion of nodes in clusters
2. update of bounds

» complexity O(n?)
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Clustering Task

network decomposition + data clustering

C1. connectivity
C2. measurement similarity
C3. maximality

Centralized Clustering Algorithm (CCA) Decentralized Clustering Algorithm (DCA)

» input : m, A, b (clustering bound) » input : m;, N, b (clustering bound)
» output : {C(vi)}], » output : ¢;
» two-steps iterative procedure » two-steps iterative procedure
1. inclusion of nodes in clusters 1. inclusion of neighbors in clusters
2. update of bounds 2. update of bounds
» complexity O(rn?) » same solution of CCA

A. Cenedese, M. Luvisotto, G. Michieletto. Distributed Clustering Strategies in Industrial Wireless Sensor Networks.
Informatics, 13(1):228-237, 2017.
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Clustering Task

network decomposition + data clustering

C1. connectivity
C2. measurement similarity

C3. maximality
m= (1012 132022 11}, b =2

Centralized Clustering Algorithm (CCA) Decentralized Clustering Algorithm (DCA)

» input : m, A, b (clustering bound) » input : m;, N, b (clustering bound)
» output : {C(vi)}], » output : ¢;
» two-steps iterative procedure » two-steps iterative procedure
1. inclusion of nodes in clusters 1. inclusion of neighbors in clusters
2. update of bounds 2. update of bounds
» complexity O(rn?) » same solution of CCA
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Application to Industrial Scenario

e environmental sensing
(temperature monitoring in a structured indoor area)

e factory process monitoring

(measurement fault, timing mismatch, communication fault)

Observable physical quantity
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A. Cenedese, M. Luvisotto, G. Michieletto. Distributed Clustering Strategies in Industrial Wireless Sensor Networks. IEEE Transactions on
Industrial Informatics, 13(1): 228-237, 2017.

G. Bianchin, A. Cenedese, M. Luvisotto, G. Michieletto. Distributed Fault Detection in Sensor Networks via Clustering and Consensus. IEEE
54th Annual Conference on Decision and Control (CDC), pages 3828-3833, 2015.
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VSNs - Visual Sensor Networks

agent model

collection of spatially distributed
smart camera-devices rigid
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VSNs - Visual Sensor Networks

collection of spatially distributed
smart camera-devices

system state: {p;,R; € R? x SO(3)}",

domain of interest

agent model
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VSNs - Visual Sensor Networks

collection of spatially distributed
smart camera-devices

system state: {p;,R; € R? x SO(3)}",

domain of interest
applications:

industrial or civil areas surveillance,
perimeter patrolling and control,
intrusion detection and tracking

— prerequisite: calibrated systems

agent model

11)1(%“1 image acquisition
. varying the orientation
variable attitude: {R;}!

massless

) scene data exchange
point

if overlapping FoVs
g =9

agent
motion capability



Attitude Estimation i-th camera R,

body frame

R,
j-th camera
body frame

world frame
Fw

reference interpretation (body to world frame)
e relative orientation
‘R;=R; !oR; =R/ R;
e absolute orientation
R;=R;o 'R, =R;’

G. Michieletto, S. Milani, A. Cenedese, G. Baggio. Distributed Camera Calibration for Ad-Hoc Camera Networks via Edge Pruning and Graph
Trasversal Initialization. TEEE 43th International Conference on Acoustic, Speech, and Signal Processing (ICASSP), accepted.



j-th camera
body frame
7 B;

Fp,
reference interpretation (body to world frame) .
e relative orientation /
‘Rj=R; ' oR; =R/R;
- 11/

e absolute orientation
R;=R;o 'R, =R;'R;

world frame
Fw

J= Zviev Zv,»e./\/,» (%d§0<3)(iRjaiRj)) = ZV,EV ZV!‘EM (%dgog)(R?RjaiRj))

iterative minimization on SO(3) via Riemannian gradient descent [Tron-Vidal 2014]
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j-th camera
body frame
7 B;

Fp,
reference interpretation (body to world frame) .
e relative orientation /
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e absolute orientation
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world frame
Fw
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Attitude Estimation i-th camera R,

body frame

R; -
/ Jj-th camera
body frame
/ 7B,

reference interpretation (body to world frame)
e relative orientation
‘Rj=R; ' oR; =R/R;
e absolute orientation
R;=R;o ’R =R; iRj

world frame
Fw

J=Yvev Lven; (%d§0<3)(iR,',iRj)) =Yyev Luen; (%dgom(R?—Rj,iRj)) non-convex

iterative minimization on SO(3) via Riemannian gradient descent [Tron-Vidal 2014]

Graph-Based Ad-Hoc Initialization Methods

Multi Paths (MP)
Single Spanning Tree (SST) + averaged Single Spanning Tree (aSST)
averaged Multi Paths (aMP)

G. Michieletto, S. Milani, A. Cenedese, G. Baggio. Distributed Camera Calibration for Ad-Hoc Camera Networks via Edge Pruning and Graph
Trasversal Initialization. 1EEE 43th International Conference on Acoustic, Speech, and Signal Processing (ICASSP), accepted.



Application Scenario

A a priori information explotation
(topology+measurements)

A robustness to noise l [[ SST [ aSST [ MP [ aMP |
. er(0) 0.145 0.072 0.108 0.065
Vv computational burden eR (fmax) H 0.097 | 0.064 | 0.09 | 0.065
0.3 T T T T
——SST —aSST MP —aMP
ﬁ PTZ cameras [ fixed cameras 02p
-
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G. Michieletto, S. Milani, A. Cenedese, G. Baggio. Distributed Camera Calibration for Ad-Hoc Camera Networks via Edge Pruning and
Graph Trasversal Initialization. TEEE 43th International Conference on Acoustic, Speech, and Signal Processing (ICASSP), accepted.
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VSNs - Visual Sensor Networks
Pan-Only cameras

collection of spatially distributed

smart (pan-only) camera-devices
system state: {p;,R; € R? x SO(2)}._,
= {pi, ¥ e R* xS},
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VSNs - Visual Sensor Networks

Pan-Only cameras

collection of spatially distributed

smart (pan-only) camera-devices
system state: {p;,R; € R? x SO(2)}._,
= {pi, ¥ e R* xS},

domain of interest

agent model

11)109,(11(1 image acquisition through
v rotation around a single axis
variable pan angle: {v;}",

massless
point

scene data exchange
if overlapping FoVs

G =V

agent
motion capability



VSNs - Visual Sensor Networks
Pan-Only cameras
agent model

collection of spatially distributed
smart (pan-only) camera-devices rigid . o
system state: {Pi,Ri cR2 x SO(2) ?:] b é” v 1mz.1ge acqu151t10n.through.
- 2 aln " rotation around a single axis

= (P € R XS variable pan angle: {v;}",

massless
point

scene data exchange
if overlapping FoVs

G =V

applications:

. ) industrial or civil agent

domain of interest perimeter surveillance motion capability
— prerequisite: calibrated systems



Attitude Estimation

2D scenario:

from rotation synchronization J=Yyep Zvje N (% (1[}1 _ 1[’/‘ _i 'tﬁj)z)
to angular synchronization

M. Fabris, G. Michieletto and A. Cenedese. Distril d Rotation Sync ization in SO(2) for a Camera Network. IEEE 57th Conference on
Decision and Control (CDC), submitted.



Attitude Estimation

2D scenario:

. . AN e
from rotation synchronization J=LevLyen; (j(wi — 1) ) convex
to angular synchronization

M. Fabris, G. Michieletto and A. Cenedese. Distril d Rotation Sync ization in SO(2) for a Camera Network. IEEE 57th Conference on
Decision and Control (CDC), submitted.



Attitude Estimation
2D scenario:

from rotation synchronization J=TunevIyen (% (1[,1 _ 1[,}. _i J)j )2) convex
to angular synchronization

State-space model 1 State-space model 2

M. Fabris, G. Michieletto and A. Cenedese. Distril d Rotation Sync ization in SO(2) for a Camera Network. IEEE 57th Conference on
Decision and Control (CDC), submitted.



Attitude Estimation

2D scenario:
from rotation synchronization J=YyevLyen; (% (1[,1 _ 1[,}. _i ?/;j )2) convex
to angular synchronization ‘

State-space model 1 State-space model 2

Y(t+1)=Fp(t)+u F=D'A

1 71~
=-D
u=- P

Ap={A€[-1,1,i=0..N—1}

M. Fabris, G. Michieletto and A. Cenedese. Distril d Rotation Sync ization in SO(2) for a Camera Network. IEEE 57th Conference on
Decision and Control (CDC), submitted.



Attitude Estimation
2D scenario:

from rotation synchronization J=YyevLyen; (% (1[,1 _ 1[,}. _i ?/;j )2) convex
to angular synchronization

State-space model 1 State-space model 2

Y(t+1)=Fp(t)+u F=D'A
u= %D’IJJ

Ap={A e[-1,1],i=0...N—1}
» convergence dependence on network

topology: oscillations <+ bipartite graph

» edge selection to avoid oscillations

M. Fabris, G. Michieletto and A. Cenedese. Distril d Rotation Synchronization in SO(2) for a Camera Network. IEEE 57th Conference on
Decision and Control (CDC), submitted.



Attitude Estimation

2D scenario:

from rotation synchronization J=YyevLyen; (% (1[,1 _ 1[,}. _i ?/;j )2) convex
to angular synchronization

State-space model 1 State-space model 2
Y(t+1)=Fp(t)+u F=D"'A DU+1) =)+ (1—1) (FzZ(k)+u)
l -1 ~
u=2b"'y —FmBl)+(1-mu ne 1)
Ap={A €[-1,1],i=0...N—1} Ap ={X4 €[-1+2n,1],i=0...N—1}

» convergence dependence on network
topology: oscillations <+ bipartite graph

» edge selection to avoid oscillations

M. Fabris, G. Michieletto and A. Cenedese. Distril d Rotation Synchronization in SO(2) for a Camera Network. IEEE 57th Conference on
Decision and Control (CDC), submitted.



Attitude Estimation

2D scenario:

from rotation synchronization J=YyevLyen; (% (1[,1 _ 1[,}. _i ?/;j )2) convex
to angular synchronization

State-space model 1 State-space model 2
~ ~ > N N N
Y(r+1)=Fp()+u F=D"'A Blk-+1) =) + (1= 1) (Fd(K) +u)
l —1 5 ~
u=-D""%y =F k) +(1-mu ne(01)
Ap={Ae[-1,1,i=0..N—1} Ap ={Ae[-1+2n,1],i=0..N—-1}
» convergence dependence on network » convergence dependence on control
topology: oscillations <+ bipartite graph parameter 1): self-loops introduction
» edge selection to avoid oscillations » 7 tuning for optimal performance
M. Fabris, G. Michieletto and A. Cenedese. Distril d Rotation Synchronization in SO(2) for a Camera Network. IEEE 57th Conference on

Decision and Control (CDC), submitted.



Application to Ring Camera Network

6 cameras
(bipartite graph)

7 cameras
(non-bipartite graph)
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in SO(2) for a Camera Network.
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Perimeter Patrolling
minimization of the maximum time interval

Cl! ‘32! '33‘ between two consecutive visits of the same point
I ’ \
6 AL =6 A r=ts A3\ s {ATYL | = minmaxi{Ty,, (Ai)}
— o E——— s ACD
d D, [ Jd, D dg _Ds ds UIA; = L
dy 2 dsy i

G. Belgioioso, A. Cenedese, G. Michieletto. Distributed partitioning strategies with visual optimization for camera network perimeter patrolling.
IEEE 55th Conference on Decision and Control (CDC), pp. 5912-5917, 2016.



Perimeter Patrolling
minimization of the maximum time interval

’31! ‘32! ’33‘ between two consecutive visits of the same point
I ’ \
I D) \
o (AL =t Ay ra=t3 Az 73 {AF}L, = minmaxi{TIZg(Ai)}
— m \ =T s A E D
d D, [ Jd, D dg _Ds ds UIA; = L
dy 2 dsy i

distributed symmetric-gossip perimeter partitioning algorithm (s-PAC)

G. Belgioioso, A. Cenedese, G. Michieletto. Distributed partitioning strategies with visual optimization for camera network perimeter patrolling.

IEEE 55th Conference on Decision and Control (CDC), pp. 5912-5917, 2016.



Perimeter Patrolling

cll (:2’
]
£ ‘

minimization of the maximum time interval
’33‘ between two consecutive visits of the same point
/ \
I / \
AL =t Ay ra=1ts Az\ 73 {anyr = minmax,'{T;;g(Ai)}
— n \ =
d, D, | & n dy Dy ds
dy 2 dsy

S.t. A; CD;

U?Ai =/

distributed symmetric-gossip perimeter partitioning algorithm (s-PAC)

» from segment to perimeter partitioning

577! L c\y, 02‘
1A, con‘sntri\ri‘ncd :A.

Az
50,

I T
dy d:
d, D,

G. Belgioioso, A. Cenedese, G. Michieletto. Distributed partitioning strategies with visual optimization for camera network perimeter patrolling.
IEEE 55th Conference on Decision and Control (CDC), pp. 5912-5917, 2016.



Perimeter Patrolling
minimization of the maximum time interval

’31! ‘32! ’33‘ between two consecutive visits of the same point
I ’ \
G A nzh M el (A7) = minmax; (75, (A7)}
— o E——— s A= Dy
d, D, | & 5 dy _Ds ds UM =L
dy 2 dsy i

distributed symmetric-gossip perimeter partitioning algorithm (s-PAC)

» from segment to perimeter partitioning » vision quality centering criterion
el af R (penalty function)

I =10 . \
! constrained
1 An s

Hi:xeD; — |(pl‘ € [0,7[/2)
q(Ai) = [y, H(zi)dz

50

7

d, D,

Zi

’PIVAAAA-

Pi

G. Belgioioso, A. Cenedese, G. Michieletto. Distributed partitioning strategies with visual optimization for camera network perimeter patrolling.

IEEE 55th Conference on Decision and Control (CDC), pp. 5912-5917, 2016.



Application Scenario
e perimeter patritioning according to lag time minimization only
— multiple optimal solutions

0N s

\ —
N\
\6\//

e enhancement of visual quality via introduction of centering criterion

Z 2
/

G. Belgioioso, A. Cenedese, G. Michieletto. Distributed partitioning strategies with visual optimization for camera network perimeter patrolling.
IEEE 55th Conference on Decision and Control (CDC), pp. 5912-5917, 2016.




UAVs - Unmanned Aerial Vehicles

agent model

rigid
body

massless
point

e agent

domain of interest PP motion capability



UAVs - Unmanned Aerial Vehicles

agent model

swarm of autonomous
multi-rotor aerial vehicles rigid
N body
system state: {p; R; € R° xSO(3)}",
massless
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UAVs - Unmanned Aerial Vehicles

agent model six DoFs

variable poses: {p;,R;}

swarm of autonomous state information
multi-rotor aerial vehicles rigid exchange
3 body
system state: {p; R; € R° xSO(3)}", g=We)
massless
; point

3D

agent

domain of interest motion capability



UAVs - Unmanned Aerial Vehicles

agent model six DoFs

variable poses: {p;,R;}

swarm of autonomous state information
multi-rotor aerial vehicles rigid exchange
3 body
system state: {p; R; € R° xSO(3)}", g=e¢)
massless
; point
| o |
! 2D ‘ 3
3D, 3 3
ai ; . agent
domain of interest : motion capability
applications: ‘

exploration and mapping, grasping and transportation,
monitoring and surveillance,
cooperative manipulation and human and environment interaction

(real-world deployment)



Actuation Properties Analysis

UAV with n > 4 propellers

fi= CrUZp, f. = Zr'lzlfi = Fu
¢ = cquzp, Te=Y", (T +17f 4) = Mu
7 = crui(pi < zp,) FeR“ﬁMeRM

mp = —mge3 + Rf, = —mge; + RFu
JO=-0xJoO+1T.=—0%xJo+Mu

G. Michieletto, M. Ryll and A. Franchi. Control of statically hoverable multi-rotor aerial vehicles and application to failure

for
hexarotors. 1EEE International Conference on Robotics and Automation (ICRA), pp. 2747-2752, 2017.
G. Michieletto, M. Ryll and A. Franchi. Fundamental Actuation Properties of Multi- Force-Mc D ing and Fail-safe Robustness.
IEEE Transaction on Robotics, accepted.




Actuation Properties Analysis

UAV with n > 4 propellers

fi = CrUiZp; fc = Z}?—lfi =Fu
TidZCT‘.uiZPi Te= 1_1( +T):Mll
T} = crui(pi X zp,) F e R¥" M e R>*"

mp = —mge3 + Rf, = —mge; + RFu
Jo=-0x]Jo+1.=-0x]Jo+Mu

static hovering realizability with unidirectional propeller spin

G. Michieletto, M. Ryll and A. Franchi. Control of statically hoverable multi-rotor aerial vehicles and application to failure Jor
hexarotors. 1EEE International Conference on Robotics and Automation (ICRA), pp. 2747-2752, 2017.
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Actuation Properties Analys

UAV with n > 4 propellers

f Cf.UiZp; f —Z lf =Fu
Tld—cflu,z,: Te=Y", (T +17f ):Mu
T} = crui(pi X zp,) F e R¥" M e R>*"

mp = —mge3 + Rf, = —mge; + RFu
Jo=-0x]Jo+1.=-0x]Jo+Mu

static hovering realizability with unidirectional propeller spin
fly at a constant reference position with constant attitude under the constraint u > 0
B rank(M)=3
B Ju>0 st Mu=0
B Ju>0 st. Mu=0 and Fu#0

for

G. Michieletto, M. Ryll and A. Franchi. Control of statically hoverable multi-rotor aerial vehicles and application to failure
hexarotors. 1EEE International Conference on Robotics and Automation (ICRA), pp. 2747-2752, 2017.
G. Michieletto, M. Ryll and A. Franchi. Fundamental Actuation Properties of Multi: : Force-Mq D and Fail-safe Robustness.

IEEE Transaction on Robotics, accepted.



Fail-Safe Robustness Analysis

fully robustness =
capability of realizing static hover after a propeller loss

G. Michieletto, M. Ryll and A. Franchi. Control of statically hoverable multi-rotor aerial vehicles and application to rotor-failure robustness for
hexarotors. 1EEE International Conference on Robotics and Automation (ICRA), pp. 2747-2752, 2017.
G. Michieletto, M. Ryll and A. Franchi. Fundamental Actuation Properties of Multi-rotors: Force-Moment Decoupling and Fail-safe Robustness.
IEEE Transaction on Robotics, accepted.



Fail-Safe Robustness Analysis 3 9
fully robustness =
capability of realizing static hover after a propeller loss 4 1
*® collinear star-shaped hexarotor
/ tilted star-shaped hexarotor

v/ collinear Y-shaped hexarotor

G. Michieletto, M. Ryll and A. Franchi. Control of statically hoverable multi-rotor aerial vehicles and ication to fail b for
hexarotors. 1EEE International Conference on Robotics and Automation (ICRA), pp. 2747-2752, 2017.
G. Michieletto, M. Ryll and A. Franchi. Fundamental Actuation Properties of Multi: : Force-Mc D ling and Fail-safe Robustness.

IEEE Transaction on Robotics, accepted.



Fail-Safe Robustness Analysis 3 9
fully robustness =
capability of realizing static hover after a propeller loss 4 1
*® collinear star-shaped hexarotor
/ tilted star-shaped hexarotor

v/ collinear Y-shaped hexarotor

G. Michieletto, M. Ryll and A. Franchi. Control of statically hoverable multi-rotor aerial vehicles and ication to fail b for
hexarotors. 1EEE International Conference on Robotics and Automation (ICRA), pp. 2747-2752, 2017.
G. Michieletto, M. Ryll and A. Franchi. Fundamental Actuation Properties of Multi: : Force-Mc D ling and Fail-safe Robustness.
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