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Abstract

We consider the spatial classification problem for monitoring using data collected by a co-
ordinated team of mobile robots. Such classification problems arise in several applications
including search-and-rescue and precision agriculture. Specifically, we want to classify the re-
gions of a search environment into interesting and uninteresting as quickly as possible using a
team of mobile sensors and mobile charging stations. We develop a data-driven strategy that
accommodates the noise in sensed data and the limited energy capacity of the sensors, and
generates collision-free motion plans for the team. We propose a bi-level approach, where
a high-level planner leverages a multi-armed bandit framework to determine the potential
regions of interest for the drones to visit next based on the data collected online. Then,
a low-level path planner based on integer programming coordinates the paths for the team
to visit the determined regions subject to the physical constraints. We characterize several
theoretical properties of the proposed approach, including anytime guarantees and task com-
pletion time. We show the efficacy of our approach in simulation, and further validate these
observations in physical experiments using mobile robots.
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Data-driven Spatial Classification using Multi-Arm Bandits for
Monitoring with Energy-Constrained Mobile Robots

Xiaoshan Lin, Siddharth Nayak, Stefano Di Cairano, Abraham P. Vinod'

Abstract—We consider the spatial classification problem for
monitoring using data collected by a coordinated team of mobile
robots. Such classification problems arise in several applications
including search-and-rescue and precision agriculture. Specifi-
cally, we want to classify the regions of a search environment into
interesting and uninteresting as quickly as possible using a team
of mobile sensors and mobile charging stations. We develop a
data-driven strategy that accommodates the noise in sensed data
and the limited energy capacity of the sensors, and generates
collision-free motion plans for the team. We propose a bi-level
approach, where a high-level planner leverages a multi-armed
bandit framework to determine the potential regions of interest
for the drones to visit next based on the data collected online.
Then, a low-level path planner based on integer programming
coordinates the paths for the team to visit the determined
regions subject to the physical constraints. We characterize
several theoretical properties of the proposed approach, including
anytime guarantees and task completion time. We show the
efficacy of our approach in simulation, and further validate these
observations in physical experiments using mobile robots.

Index Terms—Environmental monitoring, Multi-arm bandits,
Optimization-based planning, Multi-agent motion planning

I. INTRODUCTION

Monitoring extensive areas using autonomous search teams
has several applications in infrastructure maintenance, search
and rescue operations, and wildlife tracking [1]-[4]. In this
paper, we study the spatial classification problem that re-
quires rapid identification of regions in a search environment
containing interesting objects or phenomena. We tackle the
spatial classification problem using a coordinated team of
heterogeneous robots comprising of mobile sensors and mobile
charging stations. The mobile sensors (e.g. drones) are used
for collecting data from the environment, while the mobile
stations (e.g. ground vehicles) address the energy limitations
of drones. Apart from the physical constraints on the existing
mobile robotic platforms like dynamics, collision-avoidance,
and battery, the deployment strategies for the team must
also accommodate noisy measurements arising from low-
cost, low-weight onboard sensors. This paper, builds on our
recent work [5], to propose a data-driven spatial classification
algorithm that explicitly accounts for physical constraints on
the robot team and noisy data collected by mobile sensors.

Various strategies have been proposed for multi-agent
monitoring [2]-[4], including submodular maximization [6],
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Voronoi-based search with function approximation [7]-[9],
active sensing/perception [10], graph-based search [11], [12],
and statistical learning [13], [14]. Despite their effectiveness,
many of these approaches may require perfect sensing, may
lack finite-time guarantees on search performance, may as-
sume spatial correlation, may overlook the team heterogeneity,
or may ignore/relax the physical constraints on the team.

Multi-arm bandits are a special class of reinforcement
learning algorithms, designed for problems where the current
actions do not impact future reward [15]. These algorithms
exhibit non-asymptotic guarantees of performance, and have
been recently applied to monitoring tasks [1], [16], [17].
In [16], [17], bandits-based algorithms are used to identify
the top-k points of interest with a probabilistic finite-time
guarantee, but required prior knowledge on the number of
interesting regions. Our prior work [1] used thresholding
bandits [18]-[20] and relaxed such a requirement to identify
all interesting regions. However, these approaches consider the
physical limitations on the team (dynamics and energy) only
as soft constraints.

Energy-aware coordinated control of heterogeneous teams
of aerial and ground vehicles has gained increasing atten-
tion [2]-[4], [21]-[23]. For example, approaches based on
satisfiability modulo theories in [21] plan energy-efficient
trajectories for mobile charging stations given pre-computed
trajectories of sensors. In contrast, [22] generates offline trajec-
tories for both sensors and mobile charging stations simultane-
ously via partitioning, with the ability to modify them during
online execution to handle unknown obstacles. Additionally,
approaches based on traveling salesman problems [23] have
also been explored. However, these works may be limited
to static goals due to the need for offline planning, or may
not adapt to dynamic assignments of sub-teams formed by a
ground vehicle and its associated aerial vehicles.

The main contribution of this work is a bi-level approach
that uses a combination of multi-arm bandits and optimization
to address the data-driven spatial classification problem using
a heterogeneous team. We extend our recent work [5] to:
1) incorporation of additional constraints into the low-level
planner, and 2) online adjustment of computed paths to guar-
antee collision avoidance using linear assignment, and 3) an
experimental validation of the proposed approach in a search-
and-rescue application using drones with vision-based sensing
and ground robots. We also provide theoretical guarantees
for the proposed approach, including anytime guarantees (the
algorithm provides a useful result, even when terminated
prematurely), and finite upper bounds on task completion time.

Notation: |S| is the cardinality of a set S and Ny, ) is the set
of natural numbers between (and including) a,b € N, a < b.




II. PROBLEM STATEMENT

Search environment: We define the search environment as
a set G of grid cells. Within G, let & C G be the known
set of cells that are occupied by obstacles or no-fly zones, and
Z C G\ O be the a priori unknown set of interesting cells that
are occupied by objects/phenomena of interest. The objective
of the spatial classification problem is to identify Z as soon
as possible using data collected online by a team.

Search team: We define the search team as comprising of
N4 € N mobile sensors (e.g., drones) and N, € N charging
stations (e.g., autonomous trucks). For simplicity, we will refer
to the mobile sensors as sensors and the charging stations as
stations throughout the rest of the paper.

e Sensors. The sensors are responsible for monitoring the
search environment and collecting data. They are energy-
limited and must recharge by rendezvous with a station
every Ty € N moves. At each move, the sensors can move
to their neighbouring cells in all cardinal directions and
all diagonal directions (like a king piece in chess). For
any cell [ € G\ O, N(l) defines the set of neighboring
cells that a sensor can move from [, and N'(I) C G\ 0.

e Stations. Upon rendezvous with a sensor, a station
recharges its battery. We assume that the stations have
sufficient energy for the mission and do not require
recharging themselves, similarly to [5], [22], [23]. The
stations move as the sensors, but their workspace may
be more restricted (e.g. stations can only move on the
roads in a search-and-rescue scenario). We define station-
admissible set Z C G\ O as the set of grid cells
that can be visited by a station. For any cell | € %,
the set of neighboring cells that a station can move is
N.() &2 ZN().

We model the difference in agility between sensors and
stations by their speeds v4 and v. respectively, where we
assume that the ratio of their speeds v4. = Z—‘j € Nis a
positive integer. Consequently, the stations move 7, cells by
the time the sensors move Ty = T,.v4. > T, cells.

Sensing: Let € = G \ € be the set of candidate cells that
may potentially be “interesting”, i.e., it contains the search
objective with Z C %. When a sensor visits a cell in €, it
receives noisy, binary measurements (data) of whether that
cell is interesting or not. Formally, every cell | € % has
a corresponding Bernoulli random variable v; with a priori
unknown mean ;, and each cell visit generates B € N
realizations of v;, where B is the sample batch size. The mean
1y may be influenced by the underlying spatial distribution
of the interesting cells as well as the imperfections of the
noisy sensors and the perception algorithms used by the
team. We ignore the possible variation in measurement noise
characteristics among the sensors in the team, and assume that
v, and v, are independent for any l4,ls € €.

Labeling error criterion: For a user-defined threshold 6 €
(0,1), we formally define Z as

I=82{lcC:m>0}. (1)

From the definition of p;, Sp are the cells with a likelihood
of at least # of being sensed as interesting. Thus, the spatial
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Fig. 1: Data-driven multi-agent search under noisy observa-
tions. A high-level planner uses the available measurements of
cells to determine the confidences of an unclassified cell to be
interesting, and determines the cells to visit next. A low-level
planner computes trajectories for the agents subject to various
motion constraints arising from dynamics as well as energy
limitations. Altogether, the proposed approach guarantees safe,
data-driven sensor deployment to address Problem 1.

classification problem of interest is to identify Sy using noisy
measurements collected by the team.

We assume tolerance to labeling errors for approximating
Sy using noisy data in finite time, similarly to [1], [5].

Assumption 1. We ignore the labeling error for all cellsl € G
with p; € (0 — €,0 + €) for some small tolerance € > 0.

Under Assumption 1, Sy may be approximated by a (keep)
set L C G such that Sy C K C Sy_.. For a given labeling
error probability § € (0,1), the spatial classification problem
may be (approximately) solved by identifying K that satisfies

P{(So+e \K)U(K\Sp—e) =0] > 1 0. (2)

We refer to (2) as the labeling error criterion, which ensures
Sp+re € K C Sy_. by requiring that K includes almost
all interesting cells (u; > 6 + ¢) and excludes almost all
uninteresting cells (u; < 6 — €) with probability 1 — 4.

We now state the two problems tackled by this paper:

Problem 1. Design a data-driven algorithm for the search
team that terminates in finite time, upon termination meets
the labeling error criterion (2), and ensures that the motion
and energy constraints on the team are satisfied.

Problem 2. For the algorithm solving Problem 1, determine
upper bounds on the time to terminate the search.

III. METHODOLOGY

We address Problem 1 by an iterative algorithm that uses
a bi-level approach, as illustrated in Figure 1. We use epoch
p € N to denote time in a slower time scale used by a high-
level planner, as compared to time step t € N, which denotes
time in a faster time scale used by a low-level planner. The



high-level planner identifies a set of epoch goals based on
available (noisy) data collected online. Epoch goals are the
cells selected for the team to visit during the current decision
epoch to gather additional measurements. We use the multi-
arm bandits framework to design the high-level planner. Given
a set of epoch goals, the low-level planner generates motion
plans for the team to visit the epoch goals and collect the
new measurements. The two-staged algorithm continues until
a termination criterion is met. In this section, we detail the
planners, and describe the termination criterion.

A. High-level Planner: Bandit-based decision making

We propose a high-level planner based on the bandit moni-
toring algorithm in our prior work [1]. Specifically, the spatial
classification problem is cast as a |%’|-armed bandit problem,
where the bandit arms are the cells. We design the high-
level planner as a sequential decision maker that processes the
collected information to decide which cells must be visited at
each epoch. We use upper confidence bounds typical of bandit-
based algorithms [15], [18]-[20] to sample the unclassified
cells that are “most likely” to be interesting — the epoch goals.
Additionally, the high-level planner maintains the keep set K
and the reject set R, the set of cells classified as interesting
and uninteresting, respectively.

Let #;(p) be the history of measurements taken at cell
l € ¥ collected by the search team until epoch p, and
define H(p) = {Hi(p)},c- Then, at epoch p, we choose
D (typically, D > N,) distinct cells that achieve the top-D
values of a function J : 4 x N x (0,1) —» R,

h
T(L.p.6) = fulp) + Ui(p.0).  fulp) = Zf;jl”(lf)f (3a)
Ui(p, §) = 2\/210g(10g2(2\7{;§1;21|21)7;|r log (12\%”|/6)’ (3b)

with ji;(p) = U;(p,d) = oo, whenever H;(p) = (). Here, § €
(0,1) is a given (small) labeling error probability. After getting
the data for the current epoch, we update the sets IC(p + 1)
and R(p + 1) as follows,

Kp+1)={le?:up+1)-Ulp+1,6) >0 —¢},
Rp+1)={leC:up+1)+U(p+1,0) <6+¢}

(4)
(4b)

Since U;(p, §) is a non-increasing function of |H;| and |H;| is a
non-decreasing function in p, the sets KC and R are monotonic
in p with |[K| and |R| non-decreasing in p. Here, (3) and (4)
are motivated by the desire to obtain anytime guarantees (see
Section IV) along with ensuring a low classification time.
Figure 2 illustrates how (4) classify cells for three Bernoulli
variables v, with mean yp; € {0.05,0.5,0.95} respectively.
Cells with large |u; — 0| need fewer samples for classification.
Algorithm 1 summarizes the proposed approach to address
Problem 1, also shown in Figure 1. Step 3 of Algorithm 1
identifies the epoch goals for the search team using (3). Step 4
uses a low-level planner to design a deployment for the search
team to visit at all epoch goals, which we describe next.
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Fig. 2: Sample mean and bounds (4) for y; € {0.05,0.5,0.95}
with 6 = 0.5, e = 0.05, |G| = 100, and 6 = 0.0001. Here,
(4) classifies p; € {0.05,0.5} (left, middle) as uninteresting
(l € R), and p; = 0.95 (right) as interesting (I € ).

Algorithm 1 Bandits-based, autonomous spatial classification

Input: Set of grid cells G, threshold 6 € (0, 1), labeling error
tolerance ¢ > 0, labelling error probability 6 € (0, 1),
number of epoch goals D € N, sample batch size B € N,
obstacle set ¢, station admissible set #

Output: {K(p)},en, sequence of (keep) sets

1: Initialize p + 0, K(p) « 0, and R(p) « 0

2: while R(p) U K(p) # € do

3: Define &, as the top D elements in the list of unclas-
sified cells I € €\ (K(p) UR(p)), sorted in descending
order based on J(I,p,d) (3)

4: Deploy the search team to visit cells in &, while
avoiding & by using paths generated by the low-level
planner (Algorithm 2), take measurements along the way,
and update history H(p + 1)

5: Update sets of classified cells (p+ 1) and R(p+ 1)
based on (4) using H(p + 1), €, 0, 4, and €

: Increment epoch p < p+1

7: end while

B. Low-level coordination: Integer Program-based solution

The optimization-based planner determines the deployment
plan for the team based on the epoch goals identified by the
high-level planner. Since the team may not be able to visit all
cells in &, using a single charge of their batteries, we divide the
deployment into sensing cycles. Each sensing cycle is such that
the sensors always start and end on a station, the sensing cycles
are of length T};, and the paths of the sensors and the stations
in sensing cycles satisfy their respective motion constraints.
Subsequently, the optimization-based low-level planner solves
the following problem at each epoch p,

min. Number of sensing cycles, (52)
s.t.  Search team respects motion constraints, (5b)
Search team visits all cells in &, (5¢)
Search team never visits ¢, and stations stay in Z, (5d)
Sensors never run out of battery. (5e)

We formulate the optimization problem (5) as an integer
program (IP), and solve it using off-the-shelf solvers [24]. We
use the following set of binary decision variables in the IP



formulation: @k, Yask, A € {0,1} for every

(Sensor/station index): i € D S N1, ~y)»
jETLE Nio,7,—1],
keT. = Nio,x—1],

1€ G =Ny gy,

a€eC £ N[LN(:]7
(Sensing cycle time): beT. = No,7.-1],
(Sensing cycle count):

(Grid cell location):

(6)

where x;;,; = 1 if sensor ¢ is at cell [ at time step j in the
sensing cycle k, x5 = 0 otherwise; yqpr = 1 if station a
is at cell [ at time step b in the sensing cycle k, yapr; = 0
otherwise; and, A\ = 1 if sensing cycle k is necessary for
the search team to solve (5), A\ = 0 otherwise. Here, K is a
user-specified upper bound on the number of sensing cycles.
In what follows, the constraints are enforced for all indices
i,7,k,l,a, and b as described in (6), unless stated otherwise.

To simplify notation and discussion, (6) associates a binary
variable for every [ € G instead of associating only binary
variables within & for the sensors and within &% for the
stations. The number of variables in the resulting IP for each
epoch p is K(1+ |G|(NyTyq + N.T.)).

While an integer program formulation of (5) may require
non-trivial computational effort (especially for large teams
and large search environments), we remind the reader that
our setup has relatively permissible bounds on solve time
for (5), compared to traditional motion planning problems.
Specifically, at each epoch, all sensors will be charging their
batteries after their rendezvous with a station. Thus, it suffices
to solve (5) within the time to recharge the batteries of sensors,
which may be in the order of tens of minutes.

Motion constraints: The following constraints enforce (5b),

zioor = 1 and ya00d = 1, Vi€ Xp,d € Yo, (7a)
Zme/\/(z) Ti(j—1)km = Tijki,  V§ € N, (7b)
Zmemm Ya(b—1)km = Yabkl, V0 € N1, _q) (7c)
Zaec Yabkt <1 (7d)

ZiGD Tijht < 1, Vi€ Ni1,7,-2) (7e)

Zleg Tijrl = Zleg Yabkl = Ak, (79)
Me > Met1, Yk €T (Tg)

Constraint (7a) sets the sensor and the station locations to the
team configuration (Xp, ) at epoch p, where Xp, Yy C G
is the set of cells occupied by the sensors and stations
respectively at epoch p. Constraints (7b) and (7c) enforce
the transitions for sensors and stations from their neighbors
to their current cells respectively. Constraint (7d) requires no
two stations to occupy the same cell at any time to avoid col-
lisions. Constraint (7e) enforces a similar collision avoidance
among sensors, but is relaxed at the beginning and the end
of epochs to facilitate multiple sensors to rendezvous with
the same station. Alternatively, we may guarantee collision
avoidance among sensors by requiring them to fly at different
altitudes [5]. Constraint (7f) link the binary variables corre-
sponding to sensing cycles \j to the team paths. Specifically,
Ar = 0 requires the team to visit no cells in G during the
sensing cycle k, i.e., the path of the team terminates prior
to sensing cycle k. On the other hand, when )\; = 1, each
sensor and station visit exactly one cell in G at each time step

in the sensing cycle k. Constraint (7g) encodes the temporal
constraint among sensing cycles, i.e., A\,,+1 = 1 for any
m € T, implies that A\, = 1,Vk € N[O,m]'

Visit constraints: The following constraints enforce (5¢) and
(5d) by requiring that every cell m € &, is visited by some
sensors at some time step in some sensing cycle, the team
(both sensors and stations) never visits any cell in &, and the
stations only visit cells in %,

Z(i,j,k)EDdesz Tigit 2 1, Vi€ &y, (82)
Tijkl = Yabkl = 0, Vie O, (8b)
Yabkt = 0. Vie G\ Z. (8c)

Battery constraints: The following constraints enforce (Se),

ijel < Tq, it < Th,
Z(jvl)erxg Tijkl = Td Z(b,l)ETCXQ Yabkl > T (9a)
[Zs0kt 1)t — Ticry— 1kl < 2(1 = A1), Vk €Ny g 1y, (9b)
[Yao k1)t = Ya(Te—1kt] < 2(1 = Akg1), VK € Ny r—qj,  (90)

Tiokt < Zaec YaOkl, Ti(Tu—1)kl < Zaec Ya(ro_1yr (9d)

Constraint (9a) requires the path lengths of sensors and stations
to satisfy the energy and velocity constraints. Constraints (9b)
and (9c) require the positions of sensors and stations to remain
unchanged between sensing cycles, and are trivially satisfied
when A\;1 = 0. Constraints (9d) require every sensor to start
and end its path within a sensing cycle on a cell occupied by
one of the stations.

Algorithm 2 summarizes the IP-based low-level planner. We
can also extend the integer program (11) to impose additional
constraints on the team. For example,

Ziow < C Z T <C
Z'LED 0kl =~ L,y ieD iTykl >

requires that the number of sensors rendezvous on each station
does not exceed a pre-specified limit C' € N. Such constraints
may be motivated by resource constraints, such as the number
of chargers on each station being limited to C'.

(10)

C. Collision avoidance for the sensors

While (7d) and (7e) ensure that no sensors and stations
occupy the same cell for collision avoidance purposes, we
may still have collisions during transitions. We avoid such
collisions via a linear assignment-based reassignment of the
waypoints to the robots, similarly to [25]. Given the paths of
the V4 sensors of any sensing cycle k, let 7;; and 7fj+1)k
be the set of cell locations the sensors will visit at time j and
7 + 1 respectively. The linear assignment problem amounts
to finding a bijection f : Tjr — T(j41)x that minimizes the
cost function ZZGTM C(l, (1)), where C(I, f(I)) denotes the
Euclidean distance between cell location [ and f(I). Recall
that linear assignment problems are a special class of integer
linear program that admit polynomial time solutions [26].
The proposed reassignment ensures that the new paths for
Ny sensors are corrected simultaneously, the resulting paths
have minimal interaction in the continuous space, and that
the sensors collectively visits the same set of waypoints as
if executing the original paths. Similar reassignment strategy
may be used to ensure collision avoidance among stations too.



Algorithm 2 Low-level planner: Integer program

Input: Epoch goals &, and search team configuration
(Xo,)0) at epoch p, obstacle set €, station admissible
set #, search team parameters (Ty, Te., Ng, N¢, K, G)
Output: Paths for the search team
1. Compute 71, Yypi, Aj, by solving the integer program,
minimize ZkEN[LK] Ak

(7),(8), and (9). (11)

subject to

2: Compute paths for the sensors and the stations by extract-

ing all indices (%, j, k, 1) and (a, b, ¢, d) such that T =1

and y>, ., = 1, and creating a sequence of cells to traverse
through indices i, 7, k, [, a,b,c,d

IV. THEORETICAL GUARANTEES

We now address Problem 2, and provide correctness and
completion time guarantees for Algorithm 1, similarly to
existing pure exploration literature [15], [18], [19].

Proposition 1 (ANYTIME ALGORITHM). Af any epoch p € N,
the sets K(p) and R(p) in Algorithm 1 satisfy K(p) C Sp—e
and R(p) C € \ So., with probability of at least 1 — 6.

See Appendix A for the proof. The key takeaway from
Proposition 1 is that the keep set K(p) computed by Al-
gorithm 1 always inner-approximates Sg_.. Consequently,
Algorithm 1 may be prematurely terminated if required, and
the intermediate solution K(p) and R(p) will contain only
interesting and uninteresting cells respectively (up to the
tolerance ¢), with high probability.

Proposition 2 (FINITE TIME GUARANTEES). Algorithm 1
terminates within P™** € N epochs with probability of at
least 1 — 6, and satisfies the labeling error criterion (2) where

max 1
P = 5> ey Pt maxieas B, (12)

16 3|7 192 [3]€]
"= BA?® ( 5 08 (Al? 5 (13

Al:|ul—9|+€, (14)

where Py, A; is defined for every |l € €, and D is the union
of the cell with the smallest /\; among all cells | € € and a
set of D — 1 cells with the largest A; among all cells | € €.

See Appendix B for the proof. By Proposition 2, Al-
gorithm 1 terminates at some pem < P™* epochs, and
returns K(perm) that satisfies the labeling error criterion
(2). Specifically, K(pe;m) outer-approximates Sp.y. and inner-
approximates Sg_. with high probability. Also, Algorithm 1
terminates faster when 4; increases (y; is far away from 6),
and the dependence of |¢’| and 6 on P™* is sub-linear.

Corollary 1. Given an environment and a team, let K™®* be
the maximum number of sensing cycles needed by Algorithm 2
to cover any set of epoch goals starting from any configuration
of the team. Then, Algorithm 1 with Algorithm 2 as the low-
level planner terminates while satisfying (2) in not more than
prax [(maXTy fime steps with probability of at least 1 — 6.

] 1 - ’-‘

Search team: Two stations with two sensors per station

Object of
interest

Stations restricted
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Fig. 3: Snapshot of the hardware experiment with two Turtle-
bot4 robots as stations and four Crazyflie drones as sensors.
The colored triangular prisms represent the obstacles or no-
fly zones for the sensors. The second column and the third
row (delimited by small triangular tiles) represent the roads
where the stations must stay. The four green tiles represent
the interesting cells, i.e., they contain the search objective.
All other cells are considered uninteresting. See video of the
physical experiment at https://youtu.be/gzulpOcVYzg.

Corollary 1 bounds the time steps t required by a team
that are deployed using Algorithms 1 and 2 to complete the
search, and satisfy (2). Determining K™#* involves a min-max
computation, and while its solution always exists and is finite,
it may be hard to find. However, one can obtain reasonable
estimates of K™* via Monte-Carlo simulations.

V. HARDWARE-BASED VALIDATION

We validate the proposed approach using a team comprised
of four drones and two ground robots in a 3.6 x 3.6 meter
workspace partitioned into a 6 x 6 grid environment repre-
senting a search-and-rescue application. Figure 3 shows the
experiment setup, which includes 11 obstacles or no-fly zones
(colored triangular prisms), 4 interesting regions (green tiles),
2 roads (delimited by triangular tiles), and 10 uninteresting
regions (grey tiles). We excluded # from ¥ for ease of
implementation. We set T; = 8 and T, = 4.

We use Crazyflie2.1 quadrotors [27] as the sensors. Each
Crazyflie is equipped with one IR-reflective marker detected
by an OptiTrack motion capture system running at 60 Hz.
We use Turtlebot4 robots [28] as stations. Each Turtlebot is
equipped with two IR-reflective markers and two wireless
chargers. We use a combination of Crazyswarm?2 [29] and
custom ROS2 packages to track and control the motion of
the robots over WiFi. All computations were performed in an
Ubuntu 22.04 LTS workstation with an AMD Ryzen 9 9590X
16-core CPU and 128GB of RAM.

We use Algorithm 1 to deploy the team and solve Problem 1.
During each epoch, the high-level multi-armed bandit planner
identifies six epoch goals (D = 6). Then, the low-level planner
coordinates the motion of the drones and ground stations to
visit these cells as soon as possible. After the sensors visit all
epoch goals and return to the stations for charging, we use
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Fig. 4: Classification progress of Algorithm 1 in the hardware
experiments with the unmodified and degraded sensors.

the collected data to compute the next epoch goals as well as
update the keep and reject sets, until the termination criterion
in Algorithm 1 was met.

At each unclassified cell along a sensor’s path, the sensor
captures 30 images using its onboard camera (Crazyflie’s Al
deck) and transmits them to the central computer via WiFi.
Using OpenCV [30], the computer counts the number of green
pixels in each image to obtain noisy measurements of whether
the visited cell is interesting or not. Thus, the sensor collects
B = 30 realizations of v; at each visited cell [ € €\ (KUR).
We also performed an additional experiment with a degraded
sensor, where we introduced an additional 5% classification
noise to the measurements to mimic a poor-quality sensor.

Figure 4 shows the classification progress during the hard-
ware experiments (the percentage of the classified cells) over
the course of Algorithm 1 with the two sensors. For the un-
modified sensor, Algorithm 1 classifies interesting cells faster
than uninteresting cells despite the sparser spatial distribution
of the interesting cells. For the degraded sensor, Algorithm 1
takes more epochs to complete the classification, as expected.
However, even with the degraded sensors, Algorithm 1 cor-
rectly identifies most of the interesting cells at the start of
epoch p = 5. Algorithm 2 required two sensing cycles for the
team to visit the epoch goals for p = 3 with the unmodified
sensor and p = 5 with the degraded sensor. In all other epochs,
Algorithm 2 was able to find paths for the team to visit all
epoch goals within a single sensing cycle.

VI. SIMULATION-BASED PERFORMANCE ANALYSIS

For a more extensive assessment of the performance of the
proposed approach, we also perform a simulation-based anal-
ysis. First, we study the effect of sensor accuracy (variation
of p; for a fixed threshold ¢), and show that our approach is
robust to noise in measured data. Second, we study the effect
of varying the number of epoch goals D and demonstrate a
trade-off between computation time as well as utilization of
the sensors. Third, we study the effect of agility on the robot
teams, and empirically show that more agile sensors typically
lead to faster identification of interesting cells. Finally, we
demonstrate that our approach scales reasonably for varying
team sizes. To easily generate random scenarios, we relaxed
the station admissible set constraints in this section.

To study the impact of various parameters on Algorithm 1,
we report the results from M € N Monte-Carlo simulations.

TABLE I: Median computation time needed to solve (11) at
each epoch and the epochs needed for classification when
varying the worst-case sensor accuracy fi'fii. (along with
0.1, 0.9 quantiles). The epochs needed decrease with increas-

ing sensor accuracy.

Worst-case sensor Computation Epochs needed to classify

accuracy H?“.ﬁﬁféml time (s) per epoch All interesting cells All cells
0.6 9.70 (4.83, 487.21) 74 (15, 141) 116 (79, 141)
0.8 11.37 (6.46, 387.38) 17 (12, 21) 26 (23, 30)
1.0 11.72 (6.18, 488.06) 9 (7, 12) 15 (12, 19)
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Fig. 5: Classification progress of Algorithm 1 when varying
worst-case sensor accuracy j)'oes . Solid and dashed lines
represent the classification progress for interesting and unin-

teresting cells, respectively. Epoch (x-axis) is in log-scale.

Unless specified otherwise, we consider a search environment
10x 10 grid G with randomly chosen obstacle set & with |&| =
16, no station admissible set restriction with Z = G\ &, and 10
randomly chosen cells in 4 = G\ & chosen as interesting. We
eliminated randomly generated scenarios where an interesting
cell is rendered inaccessible by the realization of the obstacle
locations. Additionally, we randomly choose p;, the sensor
accuracy at each cell [ € ¥, from a uniform distribution
defined over the interval [1)'0% ., 1] for every interesting cell.
Similarly, we drew p; from a uniform distribution defined
over the interval [0, 1 — "3 (] for every uninteresting cell.
Unless specified otherwise, we choose u}‘g’rffgrest = 0.8, and
fixed the threshold 8 = 0.5 to define Sy. For the search team,
we consider Nz = 10 sensors and N, = 5 stations, choose the
number of epoch goals generated D = 8 and the sample batch
size B = 10, and impose move constraints on the sensors and
stations within each epoch with 7; = 8 and T, = 4.

1) Sensor accuracy (varying the support of u;): We
study the effects of sensor accuracy by varying u}‘:i"]{?grest €
{0.6,0.8,1.0} with M = 100. Specifically, we study the
performance of the method under varying noise levels. Al-
gorithm 1 is not aware of il . or w for any | € €, but
instead uses data to build the necessary confidence intervals
to address Problem 1. Consequently, it has no initial benefit
even when a perfect sensor is used (u}'f;fgrest = 1.0).

Figure 5 shows that a team with more accurate sensor
(higher 1;) completes the spatial classification problem faster.
We observe similar trends in the epochs needed for classi-
fication in Table I. These observations are consistent with
Proposition 2, since a higher )"} ., corresponds to a higher
A; by construction, which in turn decreases P™*, the upper
bound on the termination time of Algorithm 1. Finally, we
observe empirically that Algorithm 1 classifies most of the

interesting cells before classifying all the uninteresting cells,



TABLE II: Median computation time needed to solve (11)
at each epoch and the epochs needed for classification when
varying the number of epoch goals D (along with 0.1, 0.9
quantiles). Increasing D results in a trade-off — the compu-
tation time increases, while the epochs needed decrease.

TABLE IV: Median computation time needed to solve (11)
at each epoch and the epochs needed for classification when
varying the team sizes (along with 0.1, 0.9 quantiles). Larger
teams need fewer epochs but need more compute time.

Team size Computation Epochs needed to classify
Number of Computation Epochs needed to classify (Ng, N¢) time (s) per epoch All interesting cells All cells
epoch goals D time (s) per epoch All interesting cells All cells 5, 5) 6.17 (3.77, 192.55) 23 (17, 33) 41 (36, 46)
5 9.18 (5.87, 3354.36) 19 (12, 25) 29 (25, 36) @7 8.07 (5.73, 140.56) 22 (13, 30) 36 (32, 42)
8 11.37 (6.46, 387.38) 17 (12, 21) 26 (23, 30) (10, 5) 11.37 (6.46, 387.38) 17 (12, 21) 26 (23, 30)
10 12.59 (5.83, 324.19) 15 (12, 21) 25 (23, 28) (10, 10) 12.74 (8.74, 525.27) 18 (13, 27) 30 (25, 36)
15 15.71 (6.57, 594.75) 16 (12, 25) 23 (20, 28) (14, 7) 15.73 (10.38, 705.02) 13 (10, 17) 21 (20, 29)
. . . . 125
which we attribute to the use of a bandit-based high-level g 100 GreedyTrav
planner in Algorithm 1. e (] GreedyCov
2) Number of epoch goals D: Table II reports the com- g 90 Random
. . . . ‘7 25
putation time and the epochs needed for classification when 2 9 Proposed
varying D with M = 50. Recall that increasing D reduces O

the benefit of optimizing cell visits in the high-level planner.
Table II shows that increasing D typically increases the burden
on the low-level planner while decreasing the epochs needed
for classification.

3) Agility of the team: Table III reports the computation
time and the epochs needed for classification when varying
T, and T, with M = 50. T; and T, constraint the motion of
the team and arise from the energy limitations of the sensors as
well as the gap between the agility of the sensors and stations.
As expected, sensors and stations that are more agile (higher
Ty and T,) typically require lower computation time, possibly
because the low-level planner has a simpler integer program
to solve. Additionally, the epochs needed also decrease with
more agile sensors since the team can now cover larger parts
of the search environment at each epoch.

TABLE III: Median computation time needed to solve (11)
at each epoch and the epochs needed for classification when
varying the motion constraints on the team 7y and 7T, (along
with 0.1, 0.9 quantiles). Sensors and stations with more agility
(higher T}, T;) typically need fewer epochs.

Sensing cycle Computation Epochs needed to classify

(Ty,Te) Vde time (s) per epoch All interesting cells Al cells
(8, 4) 2 11.38 (6.54, 389.24) 17 (12, 21) 26 (23, 30)
12, 4 3 14.26 (8.97, 835.76) 14 (10, 23) 22 (17, 26)
(16, 4) 4 19.41 (11.85, 243.15) 12.5 (8, 19) 19 (15, 23)
(12, 6) 2 13.57 (8.82, 194.83) 15 (10, 20) 21 (19, 25)
(18, 6) 3 20.45 (12.46, 65.20) 12 (8, 17) 17 (14, 21)
(24, 6) 4 27.95 (15.73, 79.49) 10 (7, 15) 15 (12, 18)
(16, 8) 2 18.54 (11.64, 50.58) 14 (8, 19) 18 (16, 23)
(24, 8) 3 27.43 (16.23, 86.60) 10 (5, 14) 14 (12, 20)
(32, 8) 4 35.56 (21.05, 85.38) 9 (5, 13) 13 (10, 17)

4) Scalability: Table IV reports the computation time and
the epochs needed for classification when varying team sizes
with M = 50. Increasing the number of sensors N; from 5
to 14 almost halves the epochs needed, but nearly doubles
the computation time per epoch. Table IV also provides
evidence for the multi-agent coordination. However, even for
moderately sized teams, the 0.9-quantile computation time per
epoch for Algorithm 1 is less than 10 minutes.

Remark 1. We refer the reader to our prior work [5]
for simulation-based validation on larger and more complex

Fig. 6: Comparison of the classification progress of Algo-
rithm 1 and three baselines — Random, GreedyCov, and
GreedyTrav. Solid and dashed lines represent the classifi-
cation progress for interesting and uninteresting cells.

environments, including a 20 x 20 grid G. For larger prob-
lems where (11) becomes computationally expensive, [5] also
discusses a more scalable heuristic for the low-level planner.

5) Comparison with baselines: Figure 6 shows that Algo-
rithm 1 completes the spatial classification task and identifies
all interesting cells faster than three data-agnostic baselines for
D = Ny = 10. The baselines differ from Algorithm 1 on how
they choose &, in Step 3 — Random chooses &, randomly
from the unclassified cells, and GreedyCov/GreedyTrav
greedily maximize coverage/minimize team travel distance.

VII. CONCLUSION

We presented an iterative algorithm to address the spa-
tial classification problem using constrained robots. We used
a combination of multi-arm bandits and optimization-based
planning to design the proposed data-driven algorithm. Using
hardware and simulation experiments, we demonstrated the
efficacy of our approach in a variety of settings. Our future
work will focus on improving the high-level planner using
constraints from the low-level planner, and deriving upper
bounds on the regret for the high-level planner. Additionally,
we will investigate spatio-temporal monitoring of dynamic
environments, which may require incorporation of periodic re-
initialization and adaptation into the proposed approach.
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APPENDIX
A. Proof of Proposition 1
Consider two events — Ex(p) = {K(p) \ Sp—c # 0} and

Er(p) = {R(p) NSprc # 0}. Specifically, at any epoch p,
Ex(p) and Ex(p) are the undesirable events that a cell in €\

Sp—. is included in the keep set K(p) and a cell in Spy is
included in the reject set R(p) respectively. We need to show

that P [ (U165 (1)) U (Upz1E(0)) | < 6.

By Boole’s inequality, it is suffices to show that

P {U@lé’;g(p)} <4/2 and P [UpZISR(p)} < §/2. Observe
that U;(p, 0) in (3b) is the upper confidence bound in [19, Eq.
(2)] with § replaced with §/(2|€|). By (3b) and [19, Lem. 1],

2N, o=l < Vi8] = 1= e

for any cell [ € €. Recall that the event Ex (p) occurs at some
p if and only there is some cell [ € € such that j; < 0 —¢ <
i1 (p) — Up (p,9) at p. Using (15) and Boole’s inequality,

PlU_ &) <2 U, UM {lu(p) = pul > Ui (p,6)}]
< Yo 76 < 5 9

The proof for P [Up

15)

} < 4/2 follows similarly. W

B. Proof of Proposition 2

We simplify the analysis by considering the data col-
lected only at &£, at each epoch p and ignore the effect
of data collected along the way on the classification. Due
to the monotonicity of U; and |H,|, such an analysis holds
even when Algorithm 1 uses data collected along the way.
Consequently, we study the corresponding bandit problem
(€, {1 tice,0,0,€) [19], and ignore the effect of the sensor
paths on the classification.

Claim 1: For every | € ¥, consider any epoch p; € N
such that U;(p;, 6) < A;/2. Then, with probability 1 — 4§, [ is
assigned either to /C or R by epoch p;.

Proof of Claim 1: From (4), [ is assigned to either /C or R by
epoch p if |fi;(p) — 6| > U;(p, d) — €. Using triangle inequality,
Ui(pi,6) < A/2, (14), and (16), |fu(p) — 6| = Ui(pi, 6) — €,
and the proof is completed using (4). O

We define P, € N as the number of times Algorithm 1
directs the team to visit cell [. For every cell [ and any epoch
p; that satisfies Claim 1, (p1)| = PB for sample batch
size B by Step 3 of Algorithm 1. We obtain P, in (13) using
Ui(pr, 8) < Ay/2 and [19, Eq. (6)].

Claim 2: With probability 1 — 4§, Algorithm 1 terminates by

pmax _ % Zle(g\@A P, + maxjcq, P, epochs.
Proof of Claim 2: We split the progress of Algorithm 1 into
two phases — Phase 1, the initial phase, where all epochs has
more than D unclassified cells, and otherwise as Phase 2. Let
9 C €, |2| = D denote the set of unclassified cells at the
start of Phase 2. Then, using the definition of P;, Algorithm 1
terminates within P™* epochs with probability 1 — 4,

1
=5 Zle(g\@ P, + maxico P.

Here, (17) uses the observations that the low-level planner
coordinates the team to visit each epoch goal at least once,
Phase 1 involves at most ;o\ 5 Py Visits with [, = D,
and Phase 2 has £, = %\ (KUR) with |€,| < D. We observe
that ZA maximizes (17), which completes the proof. O

By Proposition 1, Algorithm 1 satisfies the labeling criterion
(2) whenever it terminates, which completes the proof. ]

P () (17)



