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ABSTRACT
Recent research has addressed the problem of spatio-temporal areas

restoration for a single robot with limited battery life, deployed in

a known environment, focusing on optimally preserving decaying

area properties above a critical threshold. This paper extends this

NP-hard problem to the multi-robot case, a challenge that remains

open in the literature. We further enhance the problem’s realism by

incorporating spatial correlations between areas and introducing

“surge periods” – intervals where widespread property decay is

predicted to overwhelm individual robots. To solve this problem

in real-time, we devise a hierarchical approach. A central planner

creates jurisdictions of areas by clustering them based on relevant

attributes, and then assign each jurisdiction to a “home” robot. Each

robot then locally manages its jurisdiction using a state-of-the-art

greedy heuristic. To handle surge periods, we design a dynamic

replanning method based on discounted losses. This method (1)

identifies jurisdictions where home robots require assistance, (2)

creates temporary “surge clusters” from highly urgent areas, (3)

forms a team of surge robots to service these clusters, and (4) deter-

mines when these robots should return to their home jurisdictions.

Our extensive experiments using a robotic simulator show that our

method operates in real-time, outperforming state-of-the-art meth-

ods adapted for this problem, even during surge periods. This work

presents the first centralized framework with dynamic re-planning

to efficiently solve the multi-robot persistent restoration problem,

with potential positive impact for robotics in environmental moni-

toring and other critical applications.
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1 INTRODUCTION
This paper addresses the Multi-Robot Spatio-Temporal Area Restora-
tion (MR-STAR) problem (Fig. 1), where a team of autonomous

This work is licensed under a Creative Commons Attribution Inter-

national 4.0 License.

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 – 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and

Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/UYQK9511

A2

A3

CS

A1

B2

B3

B4

B1

C2

C3

C4

C1

0
20
40
60
80

100

t t+1 t+2 t+3

Environmental parameter % over 
time

J1 J2

J3 Safe threshold

Caution threshold Critical threshold
Crisis 
mitigation

Figure 1: In a known environment where spatio-temporal
properties are decaying with varying rates, we propose a hier-
archical clustering approach with re-planning to persistently
restore areas from falling below a critical threshold: assign-
ing robots to home jurisdictions based on spatio-temporal
properties, and potentially re-assigning them to other juris-
dictions temporarily to help restore areas in case of crisis.

mobile robots must maintain a set of designated areas. In each area,

a metric of interest, such as air quality, naturally degrades over

time due to varying external factors (e.g., human activity). The

robots, constrained by limited battery life, must efficiently travel

to these areas to restore the metric to a safe level, with the ability

to recharge at a central station. The challenge is amplified by two

realistic factors: 1) spatial correlations, where the values in one area

exhibit a statistical dependency on the values of neighboring areas,

and 2) “surge periods”, where restoration demand from specific

areas can temporarily overwhelm the robots. The objective is to

devise a control strategy that minimizes the total time any area

is in an unsafe state (i.e., below a critical threshold). Key applica-

tions include surface disinfection [19] and precision weed control

in agriculture [31].

The MR-STAR problem is NP-hard, as the single-robot case sim-

plifies to the Traveling Salesperson Problem (TSP) without tem-

poral decay or battery constraints. Since finding global optima is

intractable for non-trivial instances, the challenge lies in devel-

oping scalable algorithms that produce high-quality, sub-optimal

solutions efficiently.

The most closely related single-agent problem to STAR is the

Time-Varying Reward Orienteering Problem (TR-OP), where an

agent maximizes rewards within a time budget. Solutions for TR-

OP have included dynamic programming [17] and heuristic search

[2], and a greedy algorithm for the single-robot STAR problem was
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shown to outperform these methods [5]. While TR-OP has been ex-

tended to multi-robot monitoring scenarios [18], these approaches

do not address the unique “restoration” objective of STAR. To our

knowledge, no work has directly addressed the multi-agent STAR

problem, where the goal is to minimize time below a threshold

rather than maximize a collected reward.

To address the MR-STAR problem, we design a hierarchical,

emergency-inspired framework. By partitioning the environment

into jurisdictions and enabling dynamic re-assignment during surge

periods, we provide the following contributions:

• We propose a hierarchical algorithm that solves MR-STAR

in polynomial time. It first clusters areas to create smaller

sub-problems, which are then managed by individual robots

using a state-of-the-art heuristic.

• We introduce a dynamic re-assignment mechanism to handle

“surge periods”, enabling the system to redirect robots to

assist overwhelmed agents in urgent areas.

• We provide extensive empirical validation showing our ap-

proach significantly outperforms relevant baselines and scales

effectively with problem size.

This work provides a foundational framework on multi-robot

systems for persistent spatio-temporal restoration, opening new

avenues for applying autonomous robots to critical environmental

maintenance and monitoring tasks.

2 RELATED LITERATURE
While the MR-STAR problem is novel, our work builds upon re-

search in several related areas, including the single-robot STAR

problem, multi-robot monitoring, and dynamic task allocation un-

der crisis conditions. In this section, we review key methodologies

from these domains, highlighting the similarities and differences

that motivate our hierarchical approach.

STAR-related work. Research on the single-robot STAR problem

has established a strong foundation for our work. Initially, Docena

and Quattrini Li [5] proposed a real-time, search-based strategy that

used a novel heuristic to approximate future losses, but assumed

that the decay functions were known. In a subsequent extension,

Docena and Quattrini Li [6] relaxed this assumption by incorporat-

ing uncertainty. They introduced a dual-component algorithm that

combines a risk-averse decision-making process with a time-series

model to continuously learn and forecast changing decay rates. In

this paper, we address the open problem of the multi-robot case.

TR-OP-related work. The Orienteering Problem with Time-Vary-

ing Rewards (TR-OP) is closely related to STAR but has three fun-

damental differences. First, their objectives diverge: TR-OP seeks

to maximize a collected reward from a single tour [2, 17], whereas

STAR aims to continuously minimize opportunity costs from per-

petual, decaying properties. Second, their visit constraints differ:

TR-OP assumes locations are visited at most once, while STAR

requires persistent monitoring and allows for strategic re-visits to

prevent properties from falling below a critical threshold. Finally,

TR-OP assumes a static environment where rewards are fixed, pre-

cluding the need for the dynamic re-planning that is central to our

approach in handling unforeseen changes and surge periods.

Multi-robot monitoring work. Our work is broadly related to the

rich literature on multi-robot monitoring. This includes work in

exploration and coverage of known environments [4, 28, 29], as

well as persistent patrolling and information gathering [1, 12, 23].

While these strategies are effective, they are often designed for

static environments or phenomena.

A more closely related subset of work addresses dynamic envi-

ronments through adaptive sampling [15, 24]. The key distinction

in our MR-STAR problem is that robots are not merely observers;

they are active agents whose primary goal is to restore a decaying

property, not just monitor it.

Job scheduling.MR-STAR can also be viewed through the lens of

multi-agent job scheduling, where each area represents a recurring

job that must be serviced by an agent, which can be a robot [10, 20]

or CPUs [8]. In this context, the primary goals are often to ensure

workload balance among agents and to meet deadline satisfaction

for each job, which is analogous to STAR’s requirement to keep

properties above a critical threshold. While effective for many task

allocation problems, we will demonstrate in our experiments that a

standard job scheduling approach, which prioritizes temporal dead-

lines, is outperformed by our method that specifically optimizes for

minimizing opportunity costs in a dynamic environment.

MDP. Modeling MR-STAR as a Markov Decision Process (MDP)

defines states by area properties and actions by robot assignments.

Since exact solutions are computationally intractable [26], we im-

plement an approximate MDP as a practical experimental baseline.

Heirarchical approach. Our methodology is inspired by the hier-

archical “cluster-first, route-second” paradigm, an effective strategy

in multi-robot task allocation [3, 30] and the Orienteering Problem

[7, 9]. This divide-and-conquer approach partitions the environ-

ment into smaller, more manageable sub-problems (clusters), which

are assigned to individual agents. Each agent then solves its local

sub-problem, often with a final fine-tuning step to improve the

global solution.

Replanning to respond to crisis.Our dynamic re-assignment mech-

anism draws from crisis management and emergency response

research, where real-time re-planning is essential for handling un-

foreseen events, e.g., disaster rescue [21]. We treat “surge periods”

as localized crises requiring dynamic resource reallocation. Our

experiments demonstrate that adaptive re-planning is critical for

maintaining area properties during high-demand spikes.

3 PROBLEM STATEMENT
About the environment. In a known environment 𝑊 ⊂ R2

,

potentially with obstacles𝑊𝑜 ⊂ 𝑊 , autonomous mobile robots

r = {𝑟1, 𝑟2, ..., 𝑟𝑚} are deployed and operate in free space𝑊𝑓 ⊂𝑊 .

Within the environment, there is a charging station where robots

can charge simultaneously, indexed as 0 ∈𝑊𝑓 , and areas of interest

𝐽 = {1, 2, ..., 𝑛} ⊂𝑊𝑓 , each with an environmental property 𝐹 𝑗 that

decays over time due to exogenous factors, and therefore needs to

be monitored and restored from falling below a critical threshold

𝑧 ∈ R. (The case where 𝐹 𝑗 grows can be formulated as the inverse.)

By prior survey of areas or domain knowledge, as in some en-

vironmental studies [16, 22], 𝐹 𝑗 = 𝑔(𝑡, 𝛿 𝑗 ) ∈ R, for 𝑗 ∈ 𝐽 , follows
a decay function that is monotonic to 𝑡 with a corresponding rate

𝛿 𝑗 > 0. Furthermore, we consider the real-world phenomenon of

spatial spillover [11], where the evolution of decay in some areas

can be correlated to each other due to extraneous factors.
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About the robots.We assume that𝑚 < 𝑛, and so task allocation

must be identified among r and 𝐽 . Each robot can be assigned

with either two tasks (or visits): to restore an area, which includes

gathering data on 𝐹 and then restoring it back to safe level; or to

recharge its battery level 𝑏𝑟 ∈ R back to max level at the charging

station. Each robot travels with velocity 𝑣 , is equipped with LiDAR

for navigation and a device that restores 𝐹 . We consider the case

where r are homogeneous: all have equal capacities and capabilities.

Furthermore, only one robot is needed to restore an area, a single-

task single-robot case (ST-SR) [14].

Central planner. We assume oracle knowledge over the decay

rates, mirroring scenarios with historical prior data. In future study,

we will relax this assumption to incorporate uncertainty. As robots

collect data on 𝐹 during visits, these observations will be used to

update the modeled decay function.

Schedule. A schedule 𝐷 = {(𝑟 ∈ r, 𝐷𝑟 )} maps each robot 𝑟 to

its assigned schedule 𝐷𝑟 = {𝑑 (1,𝑟 ) , 𝑑 (2,𝑟 ) , ..., 𝑑 (𝑘,𝑟 ) }, where 𝐷𝑟 is an

ordered set of visits, with length 𝑘𝑟 = |𝐷𝑟 | ≥ 0, to either restore an

area or charge a robot’s battery. The entire schedule 𝐷 has a total

number of assigned visits 𝐾 =
∑
𝑟 ∈r 𝑘𝑟 .

Communication.We assume no restriction on communication,

and agents are able to communicate information with each other

unobstructed. (A real-world example would be an infrastructure

with fail-safe WiFi coverage of the entire environment.)

Objective. The goal of MR-STAR: given the current state, find a

schedule of visits 𝐷∗ for r that minimizes the time that 𝐹 𝑗 of areas

is below 𝑧 and such that 𝑏 for each robot does not fully deplete.

4 PROPOSED APPROACH
The paper follows a similar modeling as the single-robot STAR

problem [5]. Here, we highlight the main elements.

Environment abstraction. We represent the environment as a

weighted graph 𝐺 = (𝑉 , 𝐸), where the vertices 𝑉 = {0} ∪ 𝐽 , and
weighted edges 𝐸 represent connectivity between vertices wherein

the weights are the corresponding distances. These distances can

be measured by a path planner, (e.g., using 𝐴∗ on an inflated map

to account for robot footprint), and stored in a (distance) matrix H.
Given the robot’s velocity 𝑣 , we then measure the duration it takes

to travel among nodes in 𝑉 , storing in a (duration) matrix T = H
𝑣 .

As mentioned previously, each area 𝑗 ∈ 𝑉 has a temporal property

𝐹 𝑗 that decays according to a decay function 𝑔(𝑡, 𝛿 𝑗 ).
State dynamics. The state 𝑠 is composed of the current time 𝑇 ,

the set of time elapsed since last restored for all areas t, the location
of the robots l, their battery levels b, and the decay rates of the

areas 𝛿 . The action for each robot would be either to restore an

area 𝑗 ∈ 𝐽 , which includes travel to and restoration of 𝐹 𝑗 , or charge

up its own battery 𝑏𝑟 . Restoring an area takes an amount of time

dependent on the restoration rate [5].

4.1 Objective
Loss function. As𝑇 progresses, 𝐹 𝑗 decays toward 𝑧 if left unrestored.

The loss function 𝐿(𝑡 𝑗 , 𝛿 𝑗 ) is inversely related to 𝐹 .

Minimize opportunity cost. Each committed visit by a robot there-

fore incurs a loss. We measure the opportunity cost of a schedule

Create and assign
jurisdictions

Identify urgent
jurisdictions

Will home robots 
need external help?

Form surge robots
and assign surge

clusters

Surge release a robot
if surge response

accomplished

Are all robots 
surge released?

Yes

No

No

Yes

Figure 2: Our proposed method begins with the central plan-
ner creating jurisdictions for each robot, clustering areas
based on relevant attributes. The central then monitors
whether there are overloaded jurisdictions. If home robots
assigned to these jurisdictions would benefit from external
help, the central forms a team of surge robots and creates
surge clusters, assigning the former to the latter. The central
then releases a surge robot back to its home jurisdiction once
it accomplishes its surge response. If all of the surge robots
have been released, the crisis has been responded to, and the
central resumes monitoring for overloaded jurisdictions.

of visits as the total losses of taking 𝐷 given 𝑠 as:

𝑄𝐷 =
∑︁
𝑗∈ 𝐽

𝐿(𝑡 𝑗 , 𝛿 𝑗 ) ∈ R. (1)

We seek a schedule 𝐷∗ that minimizes the opportunity cost over

a sliding temporal window, updated at each replanning interval.

Equivalently, by minimizing the total losses, we are minimizing the

decay of 𝐹 across areas as much as possible, so as the duration an

area would stay critical, (which is the original problem objective).

This combinatorial problem is exponential in the number of robots,

areas, and planning horizon; even small-sized instances proved

intractable for brute-force search within a feasible timeframe.

Our approach then is to distribute areas to robots. Each robot

then locally manages its assigned cluster.

4.2 Hierarchical clustering-based approach with
replanning

Key idea (Fig. 2). A central planner creates and assigns jurisdiction

for each robot. As the robot visits areas and collects information, the

central planner constantly checks whether a crisis has occurred. If it

occurred, the central forms a team of surge robots to respond to the
crisis. After a successful crisis response, the surge members return

to their original jurisdiction. (Note that with oracle knowledge, the

information collection is not needed to update belief.)

4.2.1 Central-level: Hierarchical clustering. Creation of home ju-
risdictions per robot. The central clusters the 𝐽 areas into C =

{𝐶1,𝐶2, ...,𝐶𝑚} jurisdictions, (i.e., equal to the number of𝑚 robots),

using relevant attributes A, (e.g., spatial coordinates, decay rates,

and other features that may be related to the temporal properties).

In our implementation, we used K-means clustering as the cluster-

ing technique. The central then computes some planning metrics
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and then assigns each robot to a jurisdiction, sending information

about the assignment and relevant metrics.

Pre-compute planningmetrics.We define a function 𝜏 (·) that takes
in an array/matrix and measures the average value. The central

estimates some measures needed for decision-making:

(1) The rate of duration traveled per unit battery consumed,

𝑏rate, based on historical data of travel duration and battery

consumption; (trials can be run if no data available).

(2) The duration matrix of each jurisdiction, T𝐶 , sliced from the

global duration matrix T correspondingly.

(3) The average duration an area 𝑗 decays if left un-restored

measured as 𝜏 (T[ :𝑖 ≠ 𝑗]); that is, we take the average of all
the columns in T except for column 𝑗 . What we are measur-

ing is the average time a robot is visiting vertices other than

area 𝑗 , hence area 𝑗 is decaying for this duration.

(4) The average duration a robot would take to reach an area 𝑗

coming from all other vertices, measured as as 𝜏 (T[ : 𝑗]); i.e.,
the average of column 𝑗 .

(5) The average duration to visit any area in a jurisdiction, mea-

sured as 𝜏 (T𝐶 ); i.e., the average value of T𝐶 , equivalently the
average time it takes to reach a vertex within that cluster.

For brevity, we denote (3) as 𝜏 (¬ 𝑗), (4) as 𝜏 ( 𝑗), and (5) as 𝜏 (𝐶).
In all our estimates, we assume that the duration of a visit is based

primarily on travel, (i.e., based on T).
Assign robot to a cluster. We identify the anchor of a cluster

as the area 𝑗 ∈ 𝐶 that has the minimum 𝐹 in that cluster. We

then assign a robot to a cluster based on its distance from that

cluster’s anchor via Hungarian assignment. (We likewise consider a

greedy assignment. In our experiments, we show that a Hungarian

assignment scales comparably well to a greedy assignment.) We

shall use this metric for assignment, (i.e., distance to an anchor),

in both home jurisdictions and surge clusters (introduced in later

subsections).

4.2.2 Robot-level: Heuristic decision-making to manage assigned
cluster. Given a cluster of areas 𝐶 , the robot employs the Best-

forecasted Visit Greedy (BFVG) algorithm [5] on that cluster to

come up with a decision on which areas to visit in 𝑂 ( |𝐶 |2𝑘) time,

where 𝑘 is a user-defined parameter on the number of visits to

forecast. The algorithm takes the visit 𝑑 that minimizes a heuristic

that measures the discounted opportunity cost of a visit:

𝑄̂𝑑 =
∑︁
𝑗∈ 𝐽

𝐿(𝑡 ( 𝑗,1) , 𝛿 𝑗 ) +
𝑘∑︁
𝑖=2

[𝛾𝑖−1

∑︁
𝑗∈ 𝐽

𝐿(𝑡 ( 𝑗,𝑖 ) , 𝛿 𝑗 )] ∈ R

where the first summand is its immediate opportunity cost; while,

the second summand, discounted by 𝛾 , is its forecasted opportunity

costs supposing 𝑟 takes 𝑘 − 1 visits afterwards.

We now have robots assigned to their respective jurisdictions

for persistent restoration. Up next, we include replanning for the

possibility of robots responding to crisis.

4.2.3 Central-level: Crisis mitigation. We incorporate in our ap-

proach the handling of the real-world scenario of surge periods
when majority of the areas in a jurisdiction are predicted to be-

come critical, and may overwhelm the assigned home robot. We

thus consider sending some home robots from other jurisdictions

temporarily to help out.

Crisis detection. We classify a jurisdiction 𝐶 as highly urgent if it
experiences internal overload and external help would be feasible.

Internal overload: For a length of
˜𝑘 visits (user-defined), the cen-

tral forecasts decayed measure of each area from time elapsed 𝑡 𝑗 :

𝐹 𝑗 = 𝑔(𝑡 𝑗 , 𝛿 𝑗 ), (2)

where 𝑡 𝑗 = 𝑡 𝑗 + ˜𝑘 · 𝜏 (¬ 𝑗) is the forecasted time elapsed that area 𝑗

has decayed, on average. (Note that
˜𝑘 is a central-level parameter,

similar to the𝑘 parameter at the robot-level, allowing user flexibility

in non-myopic decision-making.) We define an area as highly urgent
if its 𝐹 𝑗 ≤ 𝑧, and predicted highly urgent in the next ˜𝑘 visits if 𝐹 𝑗 ≤ 𝑧.
Denote the set of predicted highly urgent areas in jurisdiction 𝐶

as Ω𝐶 . We mark 𝐶 as overloaded if majority of its areas (i.e., more

than half) are predicted highly urgent and there is already at least

one area that is actually highly urgent:

|Ω𝐶 | ≥
|𝐶 |
2

∧ ∃ 𝑗 ∈ 𝐶 : (𝐹 𝑗 ≤ 𝑧) ⇒ C is overloaded (3)

External feasibility: We then assess whether the home robot of

𝐶 could actually handle the overload by the time we expect an

available external (or non-home) robot could arrive to help.

(1) Assess home robot.We estimate the number of areas the home

robot 𝑟 could visit given its battery as:

⌊
𝑏𝑟 ·𝑏rate
𝜏 (𝐶 )

⌋
; i.e., the

travel duration its battery can cover divided by the average

duration to visit an area in𝐶 . Thus: min

(
|Ω𝐶 | ,

⌊
𝑏𝑟 ·𝑏rate
𝜏 (𝐶 )

⌋ )
is

the number of predicted highly urgent areas the home robot

could feasibly visit.

(2) Assess external help.We determine the anchor of𝐶 as the area

with the most predicted decay. For each available external

robot, we estimate the battery consumed in traveling [5] to

the anchor, and whether its battery can cover this consump-

tion. The minimum of all these feasible durations, denoted

as 𝑡𝑒 , is our estimated duration an available robot would take

to arrive. Dividing by 𝜏 (𝐶), we approximate the number of

visits the home robot would have made, on average, by the

time external help could arrive:

⌊
𝑡𝑒

𝜏 (𝐶 )

⌋
.

(3) Evaluate feasibility. We thus assess 𝐶 as externally feasible
for help if there is still some predicted highly urgent area

that an external robot can restore when it arrives (otherwise,

the home robots manage 𝐶 by default):⌊
𝑡𝑒

𝜏 (𝐶)

⌋
< min

(
|Ω𝐶 | ,

⌊
𝑏𝑟 · 𝑏rate
𝜏 (𝐶)

⌋)
⇒ C is externally feasible

(4)

If 𝐶 is both overloaded and externally feasible, we mark that

jurisdiction as highly urgent. Let M be the set of these marked

jurisdictions, and Γ the set of predicted highly urgent areas inM.

Formation of surge robots. Let r
b
be the corresponding home

robots of M, while P the available external robots. We form a

team of surge robots initialized as rsurge = r
b
. Now if |rsurge | < |Γ |,

there is some predicted highly urgent area that some 𝑥 ∈ P can

potentially help out. We thus evaluate the value of sending robot 𝑥 .

Note that this is different from evaluating external feasibility (Eq.

4), because here we evaluate the net value of sending a robot for
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surge response; while, in external feasibility we are computing for

the duration external help would arrive.

Computing present value of losses: For a given cluster of areas 𝐶 ,

we measure the present value of the total losses if left unrestored as:

𝑃𝑉 (𝐶) =
∑︁
𝑗∈𝐶

1

(1 + 𝛾ℎ)
𝐿(𝑡 𝑗 , 𝛿 𝑗 ), (5)

where 𝑡 𝑗 is forecasted as in Eq. (2), and ℎ = |𝐶 |, the minimum

number of visits to restore all the areas in 𝐶 .

(1) Net value of surge response: It is estimated as 𝑃𝑉surge =
𝑃𝑉 (Γ)

max (1, | P | ) . While for each robot 𝑥 ∈ P, we estimate the

present value of its respective home jurisdiction, 𝑃𝑉
home

=

𝑃𝑉 (𝐶𝑥 ). If 𝑃𝑉home
< 𝑃𝑉surge, then the valuation of sending

the robot away temporarily for a surge response is better

than the valuation of keeping it home.

(2) Cost of surge response: We further check whether the battery

can cover the cost of surge response. The expected size of a

surge response, assuming Γ would be distributed uniformly

among P, is
⌊

|Γ |
max(1, | P | )

⌋
. We estimate the travel cost to a

highly urgent area as the average of all 𝜏 ( 𝑗), 𝑗 ∈ Γ divided

by the 𝑏rate. We thus estimate the expected surge cost as the
expected size of a surge response times the travel cost to a

highly urgent area.

(3) Surge team inclusion: If robot 𝑥 has enough battery to cover

this cost, we include 𝑥 among viable external robots:

r𝑝 =

{
𝑥 ∈ P : 𝑏𝑥 ≥

⌊
|Γ |

max(1, |P |)

⌋
·
(∑

𝑗∈Γ 𝜏 ( 𝑗)
|Γ |

)
·
(

1

𝑏rate

)}
(6)

The team of surge robots is thus composed of the home robots

plus the viable after valuation:

rsurge = r
b
∪ rp (7)

Creation of surge clusters and surge assignment. We form surge
clusters, Csurge, by clustering Γ into min( |rsurge |, |Γ |) clusters. Sim-

ilar to Subs. 4.2.1, we assign a surge robot to a surge cluster by the

distance of the former to the anchor of the latter.

Surge binding and release.Webind a surge robot, locking the areas

from being served by other robots. Once the surge cluster is not

classified as internally overloaded, we release the surge robot back

to its home jurisdiction, unlocking the areas the now released surge

robot had served, updating the serviceable areas of the respective

home jurisdictions to which these unlocked areas belong.

Crisis mitigated. We consider the crisis mitigated if all surge

robots have been released.

4.3 Hierarchical Best-forecasted Visit Greedy
Algorithm with Crisis Mitigation
(H-BFVG-CM)

We propose Algorithm 1 for the MR-STAR problem. Lines 1-3 of

Algorithm 1 comprises the creation and assignment of jurisdictions;

while, Lines 4-23 is the constant check for crisis and correspond-

ing mitigation. (In our experiments we show that this replanning

further improves the performance of the hierarchical approach.)

The algorithm assumes two user-defined parameters used for non-

myopic decision-making:
˜𝑘 at the central-level while 𝑘 at the robot-

level. The higher value, the more steps ahead will be predicted but

Algorithm 1 Hierarchical Best-forecasted Visit Greedy Algorithm

with Crisis Mitigation (H-BFVG-CM)

Require: robots r and velocity 𝑣; areas 𝐽 and decay rates 𝛿 ; clustering attributes A; distance

matrix𝐻 ; critical threshold 𝑧; central forecast ˜𝑘 ; robot forecast 𝑘 ; discount 𝛾
1: C← CreateClusters(𝐽 , r,A)

2: Compute planning metrics: 𝑏rate ; {∀𝐶 ∈ C : T𝐶 , 𝜏 (𝐶 ) }; {∀ 𝑗 ∈ 𝐽 : 𝜏 ( 𝑗 ), 𝜏 (¬𝑗 ) }
3: AssignClusters(C, r, 𝑘)
4: Initialize state 𝑠 = {𝑇, t, l, b, 𝛿 }
5: mitigating← False
6: while system running do
7: Ω, 𝐹 , 𝑡 ← PredictHighlyUrgentAreas( ˜𝑘, 𝜏, 𝑧 )
8: if mitigating is False then
9: M ← ∅ ⊲ highly urgent jurisdictions
10: for each home cluster𝐶 ∈ C do
11: Ω𝐶 ← 𝐶 ∩ Ω ⊲ predicted highly urgent areas in C
12: if InternalOverload(𝐶,Ω𝐶 ) then
13: if ExternalFeasibility(𝐶, 𝐹,Ω𝐶 ) then
14: M ← M ∪ {𝐶 }
15: if M ≠ ∅ then
16: Γ ← ⋃

𝐶∈M Ω𝐶 ⊲ predicted highly urgent areas in highly urgent jurisdictions
17: rsurge ← FormSurgeRobots(M, Γ, 𝑡 )
18: if |rsurge | ≠ ∅ then
19: Csurge ← CreateClusters(Γ, rsurge,A)
20: AssignClusters(Csurge, rsurge, 𝑘) ⊲ Hungarian or Greedy
21: BindSurgeRobots(rsurge) ⊲ locks
22: mitigating← True
23: else
24: ReleaseSurgeRobots(rsurge,Ω) ⊲ releases
25: if all rsurge released then
26: mitigating← False
27: Update state 𝑠

with an increase of computation time. In the experiments, we set

˜𝑘 and 𝑘 based on preliminary trials. We included the supporting

subroutines in the supplementary document on github.

Runtime. We analyze the runtime of each component.

S0: Pre-computing preliminaries. Computing 𝜏 takes 𝑂 (𝑛); so for

all areas, 𝑂 (𝑛2).
S1: Creating jurisdictions: We employ K-means clustering, which

takes 𝑂 (𝑞𝑛𝑚 |A|) time, where 𝑞 is the number of iterations for

convergence, 𝑛 number of areas to be clustered,𝑚 the number of

clusters, and |A| the number of attributes.

S2: Assignment of robot to a cluster.We employ Hungarian assign-

ment, which has𝑂 (𝑚3). If instead a greedy assignment is employed,

we have 𝑂 (𝑚2). (In our experiments, we show that the Hungarian

assignment scales well relative to the greedy assignment.)

S3: Prediction of highly urgent areas. Prediction per area (Eq. 2)

takes 𝑂 (1); so for all areas it only takes 𝑂 (𝑛).
S4: Crisis detection. We go through𝑚 clusters: For internal over-

load (Eq. 3), the check takes𝑂 (1) and𝑂 (𝑛), so𝑂 (𝑚𝑛). If overloaded,
we check for external feasibility (Eq. 4): the check takes 𝑂 (1) over
𝑚 robots; thus 𝑂 (𝑚2). Overall, this component takes 𝑂 (𝑚𝑛 +𝑚2)
if overloaded; otherwise, only 𝑂 (𝑚𝑛).

S5: Crisis mitigation. For valuation, calculating an area’s future

loss is 𝑂 (1). Summing 𝑃𝑉home across 𝑛/𝑚 areas for all 𝑚 robots

yields 𝑂 (𝑛), while 𝑃𝑉surge is 𝑂 (𝑛). Comparing them is 𝑂 (1). For
costs, calculating averages is 𝑂 (𝑛) with 𝑂 (1) checks; repeated for

𝑚 robots, this is 𝑂 (𝑚𝑛). Thus, the total complexity is 𝑂 (𝑚𝑛).
S0 and S1 are called once. Within the loop, we constantly check

for S3. S4 is run only when there is no ongoing crisis mitigation.

We call S2 whenever we need to assign a robot to a cluster. And S5

only when we detected a crisis.
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Baseline 4 × 24 8 × 64 10 × 100
Mixed portfolio 42% (p=0.00) 38% (p=0.00) 34% (p=0.00)

Solo distributed 19% (0.00) 17% (0.00) 20% (0.00)

Global greedy 42% (0.00) 39% (0.00) 35% (0.00)

Job scheduling 20% (0.00) 16% (0.00) 20% (0.00)

MDP 49% (0.00) 39% (0.00) 38% (0.00)

Table 1: (With spatial correlation) Improvement of proposed
H-BFVG over baselines in average duration areas are below
critical threshold for𝑚 robots × 𝑛 areas repeated 1,000 trials,
with Welch one-tailed t-test for statistical significance.

5 DISCUSSION: BOUNDED OPPORTUNITY
COST

Bounded opportunity cost per jurisdiction. [5] provided a strict upper
bound on the opportunity cost of a robot 𝑟 ’s schedule, given a set

of areas to restore, and schedule length. Given the state 𝑠 and a

jurisdiction𝐶𝑟 of areas, we bound the opportunity cost of the home

robot’s schedule 𝐷𝑟 with length 𝑘𝑟 as:

𝑄𝐷𝑟
< ( |𝐶𝑟 | − 1)

𝑘𝑟∑︁
𝑖=1

𝛾𝑖−1𝐿( [max(t) + 𝑖 max(T)],max(𝛿)) .

Set this upper bound as Φ𝑟 .
Bounded opportunity cost overall. Thus, for the entire schedule of

robots 𝐷 :

𝑄𝐷 <
∑︁
𝑟 ∈r

Φ𝑟 .

Bounded opportunity cost after surge response. Since after a surge
response all highly urgent areas in Γ would have been restored, we

subtract from the upper bound of a jurisdiction the losses that have

been restored therein:

𝑄𝐷𝑟
< Φ𝑟 −

∑︁
𝑗∈Γ∩𝐶𝑟

𝐿(𝑡 𝑗 , 𝛿 𝑗 ).

Summing across all jurisdictions:

𝑄𝐷 <
∑︁
𝑟 ∈r

©­«Φ𝑟 −
∑︁

𝑗∈Γ∩𝐶𝑟

𝐿(𝑡 𝑗 , 𝛿 𝑗 )
ª®¬ .

6 EXPERIMENTS
Experiments were conducted using a custom simulator for rapid

prototyping and Stage 2D [27] to account for motion and sensor

noise. Our open-source Python implementation runs on ROS
1
and

was tested on an Intel i7-10750H CPU (2.96GHz) with 16GB RAM.

6.1 Extensive Quantitative Evaluation
Experimental setting.We evaluated our method in a 500x500 unit

open environment to systematically assess performancewithout the

confounding factor of complex navigation. We divided the map into

four quadrants, distributing the areas among the quadrants evenly

and randomly placed. Each area has 𝐹 𝑗 ∈ [0, 100] and a critical

threshold 𝑧 = 50. Key environmental parameters were varied across

trials, particularly spatial correlation with two cases: decay rates

of areas within same quadrant are/are not correlated.

1
https://github.com/greenguy13/intermittent_preservation.git

(a) Total losses: 4 robots × 24 areas

(b) 8 robots × 64 areas

(c) 10 robots × 100 areas

Figure 3: (With spatial correlation) Proposed H-BFVG has
best overall performance over baselines, with least total
losses across𝑚 robots × 𝑛 areas repeated 1,000 trials.

We benchmarked our proposed algorithm against five baselines

covering different types of approaches, running 1,000 trials for each

configuration of𝑚 robots and 𝑛 areas: 4, 8, 10 robots × 6, 8, 10 areas.
(1) Proposed approach: We first evaluate the hierarchical clus-

tering approach, (i.e., Lines 1-3 of Algorithm 1), denoted as

H-BFVG. We used K-means clustering wherein the attributes

A used for clustering are the spatial coordinates and decay

rates of areas. (In the next subsection, we evaluate the im-

provement in performance when responding to crisis.)

(2) Mixed portfolio: This baseline builds balanced risk portfolios

by assigning every robot amix of “fast” (high-risk) and “slow”

(low-risk) decaying areas. Areas are sorted by decay rate

and split into high-risk and low-risk sets. Assignments are
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(a) H-BFVG (b) Mixed Portfolio (c) Solo Distributed

(d) Global Greedy (e) Job Scheduling (f) MDP

Figure 4: Routing behavior snapshot 4 robots × 24 areas under spatial correlation.

made via an alternating fill strategy (one high-risk, then

one low-risk), selecting the area spatially closest to the last

assignment tomaintain local coherence. The intuition behind

this approach is that jurisdictions should be more balanced,

allowing robots to revisit more frequently higher-risk areas

while having lower-risk ones visited from time to time.

(3) Solo distributed: A sequence of 𝑛 visits for a single robot

computed brute-force if tractable, otherwise greedily; then

that sequence of visits distributed among the𝑚 robots.

(4) Global greedy: The central planner greedily assigns the most

critical area to the best-suited robot at each planning.

(5) Job scheduling:Wemodel STAR as a deadline-driven schedul-

ing problem. Areas are sorted by urgency (time until critical

threshold), treating this duration as a “deadline”. For each

area, we estimate the time of arrival for all robots; the area is

assigned to the robot with theminimumETA. Robots execute

their accumulated task queues sequentially.

(6) MDP (approximate): We implemented with key components:

i) Benefit matrix: predicted loss saved minus travel penalties

for each robot-area pair. ii) Action generation: uses Hun-

garian assignment on the benefit matrix to generate candi-

date joint actions. iii) Rollout simulation: simulates future

epochs for each candidate, which includes event-driven de-

cay, restoration upon arrival, and discounted long-term re-

wards. The plan with the highest rollout value is selected.

6.1.1 Results. Performance. The proposed approach has the best

overall performance, with minimum cumulative losses (statistically

significant at 1% confidence, Fig. 3). Our approach has also the least

duration that an area stays below the critical threshold (significant

at 1%, Table 1). The same is observed even without assuming spatial

correlation (included in the supplementary document on github).

Routing behavior. The routing paths that the robots followed pro-
vide insights on the properties of each algorithm (Fig. 4). With our

proposed approach, the areas appear to be well clustered, allowing

for efficient routing, thereby restoration. The other baselines, how-

ever, appear to plan paths that overlap, resulting in inefficiencies.

6.1.2 Ablation. We evaluate the impact of having crisis mitigation

in our proposed method. We simulate a surge moment where areas
in quadrants Q1 and Q2 are decaying 100% faster than those in Q3

and Q4. We implemented Algorithm 1 with tuned
˜𝑘 = 3, 𝑘 = 1, and

𝛾 = 0.75 based on preliminary trials—denoted H-BFVG-CM.

Results. There is improvement in performance by employing

crisis mitigation than without, (see Fig. 5). As shown by the routing

behavior, robots are able to collaborate to help mitigate the crisis.

6.2 Experiments in Realistic Robot Simulator
Experimental setting.We ran experiments on Stage [27], a 2D robotic

simulator with motion and sensor noise.

We considered realistic maps (Fig. 6): “sdr site b” (referred here

as ‘sdr-b’) from the Radish repository [13], as a realistic indoor

environment; and “grass” (as ‘cluttered’), characterized by cluttered

obstacles, from the robotics simulator repository, MRESim [25].

Spatial correlation: To ensure obvious consequences of committed

visits, as in [5], we divided the map into four quadrants, evenly
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(c) Improved results with crisis mitigation

Figure 5: Improvement in performance with crisis mitigation during surge periods, 4 robots × 24 areas w spatial correlation.

Figure 6: Maps: sdr-b (left), cluttered (right); 80m x 60m.

and randomly distributing the areas among the quadrants. Areas

within Q1 (top-right) have exponential decay rates within the range

(0.00100, 0.00125]; Q2 (top-left), (0.00150, 0.00175]; Q3 (bottom-L),

(0.00200, 0.00225]; and Q4 (bottom-R), (0.00230, 0.00255]. Without

intervention, 𝐹 𝑗 ∈ [0, 100] in this environment will hit the critical

threshold 𝑧 = 50 three to eight times.

Surge periods: There will be at least two (𝑇 = 700, 1400) over the

entire time horizon, where all areas will have hit the critical thresh-

old if left unrestored. We benchmarked our proposed hierarchical

algorithm with crisis mitigation (H-BFVG-CM) against a strong

baseline adapted from the most relevant literature, a multi-agent

Time-Varying Reward Orienteering Problem (M-TR-OP) solver. This

allows for a direct comparison between our restoration-focused

objective and a more traditional reward-maximization approach.

We ran the experiment with 6 robots × 36 areas, repeated 5 trials.

Results. The proposed approach performs better than the state

of the art, preserving 𝐹 above the critical threshold better (Fig. 7).

6.3 Scalability
We show that Algorithm 1 scales well, measuring the scalability of

its components: creation of jurisdictions, assignment of a cluster to

a robot, crisis detection, and crisis mitigation (Fig. 8). Our proposed

approach, with all components, can execute on the order of a few

seconds or less, even with a large number of robots and areas.

7 FUTUREWORK AND CONCLUSIONS
We assumed perfect decay knowledge and unrestricted communi-

cation. Future work will incorporate online learning for environ-

mental uncertainty and decentralized control for communication

constraints.

In summary, we introduced the Multi-Robot Spatio-Temporal

Area Restoration (MR-STAR) problem, a novel, NP-hard challenge

in persistent autonomy. We presented a hierarchical algorithm with

a dynamic re-assignment mechanism to handle “surge periods”, in-

spired by emergency response systems. Our experiments confirmed
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Figure 7: Our proposed approach H-BFVG-CM outperforms
existing related state of the art, preserving 𝐹 above the critical
threshold (red dashed line) better, especially during surge
periods (dashed vertical lines).
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Figure 8: Scalability of Algorithm1,with𝑛 areas and𝑚 robots.

that this approach is scalable, suitable for real-time application, and

outperforms existing methods from related domains. This work pro-

vides a foundational framework for deploying autonomous systems

in critical environmental restoration tasks.
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