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Coverage Control ¥ ™ = o ©  OCentois

_ " robot 4
Optimal deployment

over a mission space

fb(CI})

Sensing Performance:  f(p, q)

Objective Function

(] !
J(p) = / f(p, q9)#(q)dq
. . , JqgeQ
J. Cortes, S. Martinez, T. Karatas, and F. BGitwerage control for mobile sensing networks

IEEE Transactions on Robotics and Automation, vol. 20, no. 2, ppL?83, 2004 Value of data
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f (pH q) — 5 1111‘111 ||p3 — q”“ - : - O Centroid
: ** robot 4
o]
~op; ) = Mip)(Cilp) — i) |
L Negative FB: reference €';(p)
M;(p) - Areaof V;(p) C;(p): Centroid of V;(p)

Voronoi Part.: V;(p) = {q € Q| |lpi — 4|l < |lp; — qll ¥4}

U; —

Coverage Control 7 - Coverage Control 7

Optimal deployment @ \ Optimal deployment @ \
over a mission space * over a mission space e
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Update of importance indices

A ¢(q) < 0 if g is monitored by arobot _64(q), if ¢ is monitored

Ad(q) > 0 if ¢ is not monitored by any robot #a) = { 0(1 — ¢(q)), otherwise

Persistent Monitoring
Coverage

N. Hubel, SHirche, A.Gusrialdj T. Hatanaka, M. Fujita, and S8awodny. " AEqx gt ci g" Eqpvt gn
Fgec{"kp"F{pcoke" Gpxktqgpogpvu. &4186,200Rt geggf k
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Coverage Battery
Performance Agent1 Agent2 Agent3

N o
"VedJd

IEEE =
Control Systems November 2025
Society

H. Dan, J. Yamauchi, T. Hatanaka, and M. Fujita,

Proc. 4thProc. IEEE Conference on Control Technology
and Applications, 2020

(Outstanding Student Paper Award)

Y.Monden, Y. Takizawa, T. Hatanaka, Mediterranean
Control Conference 2026, submitted, 2026

T. Oshima, Y. Toyomoto, and T. HatangRaoc. 8th IEEE
Conference on Control Technology and Applications,
2024 (Best Student Paper Award)

Y.Toyomoto, T.Oshima K. Oishi, J.MMaestre, and T.
Hatanaka, IEEE Transactions on Control Systems
Technology,vol. 33, no. 6, pp. 2037051 2025. 4

PusLications Content Dicest
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https://www.dlg.org/de/landwirtschaft/themen/technik/digi
talisierungarbeitswirtschaft-und-prozesstechnik/dlg-

DLG, Digitalisierung in der Landwirtschaft, DLG -Merkblatt 447 (2019) . cioatas7

Digitalisierung in der Landwirtschaft

2.4 Automation und Robotik (Automation and Robotics) o

ichtige Zusammenhange kurz erklart

Download Druckversion Inhaltsverzeichnis

It is already becoming apparent that autonomousgobots will =
mostly be small in size and electrically driven . This will lead to Mo
considerablereductions in investment costs and vehicle weights PSR ot st
The lower the acquisition and investment costs, the lower the
area performance can be. This effect helps with the acceptance af
autonomous agricultural robots, because many tasks that a robot
has to perform can be carried out much more precisely at low
driving speeds, but above all withless energy Such devices are
lightweight and therefore gentle on the soil.

Scaling up to larger areas is NOT achieved by larger and
faster machines, but via a swarm of similar and small
robots cooperating with each other.
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capture within FOV (2D) sample from various angles (3D)

e

VY 4

- )
—_ = ”
- s
T

Eflergy3

revisit many times sampling just once is enough
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VY 4

drone dynamics observation points

ﬁizui qj€R5 (j=1,2,...,m)

sensing performance

f(pi,q) = exp (—

|pi —C(Q)||2)

202
density update
qéj = —0 Iglé’:g( f(pisqj)d; (6 > 0)

™
monotonically decreasing  gpjective function .J — Z o

qb(q) _ —00(q), if ¢ is monitored j=1
5(1 — ¢(q)), otherwise
N. Hubel, SHirche A.Gusrialdj T. Hatanaka, M. Fujita, and &awodny T. Shimizu, S. Yamashita, T. Hatanakdid{ M. Mammarellg and FDabbene

6/ 20SNIF IS /2yGNRE GAGK LYT2NYI UAsRgeatal Odvéragd Gontrdl #oy3D Kidp@RecdnbtdatiohByithDropel a =
in Proceedings of IFAC Wip. 418@4185, 2008. Networks, IEEE Control Systems Letters, vol. 6, pp-1833, 2022 3
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sampling just once is enough

5 = —d max f(pi, a;)¢; (8 > 0)
monotonically decreasing

well-observed
area

unobserved
area

Gradientbased method makes a dro
be stuck to the welbbserved area
(opposite to the ideal motion)
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Constraintbased specification

J = E . — min : .
. ?i JL —“~vv&b=—-—J—-—~2>0
J:
m ™ \ - - - ~N
) Update Importance indices
:Z bj = Z max f(pi, 4;)¢; LI T
' T 1€ K
| central computer |
:_Y T (Sf pzjq&,)qu — ZI
\_ 1=1 j€V;(p) y QP-based controller | u? | /8 D;
| arg min eflu;||? + |w;]?
. i (u; w;)EUXR | |
local constraint— [, < —’y/n E, o +a(b)>w1“
neighbors drone ?J)
positions /

control barrier-like function

T. Shimizu, S. Yamashita, T. Hatanakdid M. Mammarella and FDabbene

bi — i — P)/ /n > O Angleaware Coverage Control for 3D Map Reconstruction with Drone
- Networks, IEEE Control Systems Letters, vol. 6, pp-1833, 2022 10


https://texclip.marutank.net/#s=%5Cbegin%7Balign*%7D%0Ap_1%2C%20%5Cdots%2C%20p_n%0A%5Cend%7Balign*%7D

Angle -aware Coverage Control

Institute of
: SCIENCE TOKYO
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Persistent Coverage Control Angle-aware Coverage Control

M. Suenaga, T. Shimizu, T. Hatanaka, K. Uto, M. Mammarella, ang
Dabbene, Proc. 2022EEE CCTAp. 327333, 2022

degradation in the
presence of an object .’
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rigid-body motion

- o cn2 2
cwe CVC minimize ||V + A;
g - g@, Vz'cw )\3
- - C
we _ [ Bi Di] o gpy3 subject to &1 V;" + §2i = BA;
|U1x3
[ @ c ehp (9h ‘I'
Peo | 95 U ¢ aea) Gu= D, 09D ) ot uegyerd By
5 _01><3 0 JEVi(g™e) =1 k=1 kT
T.Hatanaka N. Chopra, M. Fujita and M. \Bpong, Passivity §2i = Z oh;(g;")pj {v — 6h;(g;"“)} + abi
Based Control and Estimation in Networked Robotics, JEVi(g*e)

Communications and Control Engineering Series, Springer, 2015.
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DJI Mavic 3E RTK module

ROS Flapess 47 5 . 0% Srovtvental

Pt LeM-Cich Aotate Midaie-Clieh: Movs 1Y Right-Oie . sy
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Input video with camera poses 3D reconstruction

NeuralRecofiJ. Sun et al. CVPR 2021] Gaussian Splatting

[Kerblet al. ACM TOG 2023]

et BN
m Unity — (
B, = ﬁ ‘6 Velocity Constraint-based
= ,@ ; = ‘ input Coverage Control
Envnronment Drone .,- m
Image l Density
stream
Il ————————————————————————————————————————————— -y
e o I Mesh Change Mo G Density
i piapec - Detection e Update
I
I
I

PhotoSLAM

[Huan et al. CVPR 2024]

————————————————————————————————————————————————————
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el Nl ¢ =—0maxf(pi,q;)p; (5> 0)

...............................................

decay rate is even over the field

poor - .

}

\l’ L '\
| 'e’ 2

complex 7
pf ¥ 4 prior knowledge?

& i

st i g e No, structural complexity is in

structural complexity is uneven! general unknown in advance!
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9 Qj—> éj(t)
o N A o

Unimportant Important
(Unobserved) (Observed)

Mesh Change Extraction

When a Drone Observes a Target

L ]

¢j = —d max f(pi, ;)¢5 (6 > O)l

Importance Indices

When Mesh Update Occurs
65(t7) = 6;(t7) + dahalapnt) (2> 0) K

Iteration-n

21



Institute of

Impact of Map Feedback SCIENCE TOKYO

Importance Index

——— No Map Feedback
0.11 —— Map Feedback (3D Grid)
—— Map Feedback (M3C2)

0 400 800 1200 1500
Time [s]
« . _ . . *
. 2 x Precision x Recall L recision = meaﬂvev(vﬁl{}* [v—vTf <7)
_peed Up 16x Mesh Change F_Score —
Precision + Recall Recall = mean,, ¢y (11;1‘1} v —v™|| < 7)
3]
1.00
= 1 Drone
—— 2 Drones
0.75 = 4 Drones
Importance Index
= 0.50
0.25
U'UUU 400 800 1200 1500

Mesh Change Time [S]

22
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Ground Truth [Dan, et.al 2020] [Shimizu,et.al 2021]

. . . . Speed Up 4x

[Lu, et.al 2024] Ours (No Map Feedback) Ours (Map Feedback, 3D Grid) Ours (Map Feedback, M3C2) |_ awn- M ower

23
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Velocity Constraint-based
input Coverage Control

X

N

Image To Human

stream

P Ry R A ———— -

l ‘lllllllllllllllllllllllllllllll'...\

: \/ ‘=‘ Mesh Change 1 Density :
/ . ¥

: NeuralRecon Mesh 1;/ Detection Mesh Change1/ Update

: ' | ¥

i

. :

i

e ————————————t S NN NN LLNEY _'_'_'_'_'_'_'_'_'_'_'_'_'_‘:'

MEC Multi-access Edge Computing Heavy! Hi

Dzl'eduhuma Y. Nakamura, T. Abe, and T. Hatanakegalthy Coverage Control for Human
enabled RealTime 3D ReconstructionProc. 2026 IFAC World Congress, submitted, 2026
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i dip o g = gl o [ B P e om)
d ’ O1x3 1
es I yi = R;e3 (optical axis)

e es ) average position p = sz
* ‘ yn = | 5| €RO I~

. = T.L_ Rz-e
d average axis d = iz Tlies

n
state -fusion shared control 12 5=y Ries|
G.Liet al.(2023). The R 144 TV T 1) WA BT
"/,iﬂ — uh@ _I_ uai classification and new trends of Human Robots Collaboration

A human operator navigates multiple robots while agazsmEEEEEI 1'ff =5m ;,;
avoiding instability stemming from networking “;"-,T-EE =

sharedcontrol strategies in
manual autonomous telerobotic systems: A survey.

control Coverage control 'EEETrans. Haptics, 16(2)L.188

Cyber-Physical-

rseeeal (ranslational control

Chapter 14T. Hatanaka, J. Yamauchi, M. Fujita, and H. Handa
Contemporary Issues and Advances in Hum&robot

"8 Collaborations CyberPhysicatHuman Systems: Fundamentals
<= and Applications A. Annaswamy, P.P. Khargonekar, F. Lamnabhi
Lagarrigue, and S.K. Spurgeon (eds.), Wilgy, 365400, 2023
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Yn = J(9)(Un + Us) 2\ ﬁ

g:(g}i}c’”-’g;ﬂc) Uh:(uh]_j"'Juhn) U. :(uala---guan) -

Stealthy Control

. average «
in = J(9) (Un + Al0)Un) = 7(a) Uy e

(each row) € ker(J(g))
9. Alg) = 1 - 11(9)J(9) 1y / \

Stealthy Coverage Control
U, =arg min [|A(g)U.|*
U

-2 3
a. . 0
0
b | o
X

s.t. —(Uh —+ A(Q)Ua) —+ (};(b(g)) 2 0 DiTeBuhiuma Y. Nakamura, T. Abe, and T. Hatanakiealthy

89 Coverage Control for Humarenabled RealTime 3D Reconstructio
Proc. 2026 IFAC World Congress, submitted, 2026
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