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Abstract— This paper addresses the spatio-temporal areas
restoration problem: a robot, with limited battery life, deployed
in a known environment, needs to persistently plan a schedule
to visit areas of interest and charge its battery as needed.
The goal is to restore the areas’ properties that temporally
decay—such as air quality—so that the time the measured
property values are below a certain threshold is minimized.
This problem is different from typical problems solved in the
area of monitoring a spatio-temporal environment. A related
problem is the orienteering problem, where a robot visits nodes
to maximize the profit collected at each visited node within
a time budget frame. That problem is NP-hard. The typical
formulation considers static profit, while we consider a time-
varying one. Given look-ahead time window or schedule length,
we formulate the problem as an optimization search problem
with a temporal objective, and devise a heuristic function that
enables finding solutions in polynomial time. The heuristic
evaluates the discounted opportunity costs of a visit—a concept
borrowed from economics. We then develop a greedy algorithm
that takes the immediate feasible visit that minimizes this
heuristic. This strategy addresses a primary limitation of a
recent approach in applications where being able to revisit
highly urgent areas within the time window of the schedule is
critical. We provide a theoretical analysis on lower and upper
bounds for the problem. Extensive experimental results with
a robotic simulator show that our method is able to keep the
areas in the environment above the threshold better than other
methods and closer to the optimal. This work can enable high-
impact applications, such as environmental preservation.

I. INTRODUCTION

In this paper, we propose an optimization strategy for the
open problem of spatio-temporal areas restoration (STAR):
a robot, with limited battery that can be charged at a charging
station, needs to persistently visit locations and restore their
properties (e.g., air quality). Such properties decay over time,
so the goal is to find a visit schedule that minimizes the time
the measured property values are below a certain threshold
(see Figure 1 for an illustration of the problem).

Addressing this problem is significant in many important
applications. For example, in agriculture, crops are taken
care of according to a farming cycle; water bodies (e.g.,
bays and lakes) are cleaned from periodic waste and algal
bloom; public spaces, like offices, are cleaned and air-
purified regularly. Although in some of the applications listed
above, a network of static devices could be used, using
robots doesn’t require any change to the infrastructure in
the environment, reducing the operational and maintenance
costs. Only a few robots are needed to cover large areas. As
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Fig. 1: Given the current state of the environment and the robot, we search
for an optimal schedule the current battery can cover that minimizes the
time that temporal property in areas fall below a critical threshold. This
schedule deploys the robot on which areas to restore and when to charge
in the next k visits.

robot costs have markedly decreased in the last few years,
they have become an accessible technology even for small
companies or individuals. Furthermore, their use may be the
best alternative especially in scenarios where the task may be
unreachable, risky, or hazardous for manned preservation [1].

The problem of persistently restoring the temporal prop-
erties of a number of areas spatially distributed in an en-
vironment is still open, because of its combinatorial nature.
In the literature, there are methods not addressing the same
problem as this paper, but solving some related problems.
There are strategies for coverage, exploration, and/or moni-
toring [2]–[4] with the goal of accurately modeling a spatial
phenomenon of an environment while minimizing the overall
effort. There are methods for solving the orienteering prob-
lem, where the robot needs to visit a set of nodes to collect
reward that do not change over time [5]. Recently, [6] pro-
posed a dynamic programming based method for solving the
orienteering problem with time-varying profits. The problem
they addressed is different than what is considered in this
paper: in our case, committing to specific choices might
result in continued losses. In addition, the revisit of areas
is typically not considered in the literature.

This paper solves STAR, providing the following key
contributions:

1) A way to model this problem, including an abstraction
of the state and temporal implications of each visit,
borrowing the concept of ‘opportunity cost of a deci-
sion’ from economics. We formulate the objective as
minimizing the opportunity cost of a schedule of visits.

2) To solve the objective for a single robot with a limit
on battery charge, we propose a tree-based search
optimization strategy that allows for revisit of areas,
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differently from existing approaches, and especially
suitable in applications where this revisit is critical.

3) Since the full tree search strategy—deemed as an op-
timal solution—is exponential, we propose a heuristic
to find solutions within polynomial runtime.

4) Experimental analysis from robot simulations showing
that our proposed strategy performs close to the opti-
mal solution and better than other methods.

While some extensions (e.g., considering uncertainty and
adding multiple robots) will be part of future work, this paper
serves as foundation in persistent monitoring and restoration
in a spatio-temporal environment, going beyond the common
focus on monitoring, with potential for many applications.

II. RELATED WORK

While the problem of persistently restoring environmental
properties that change over time is still an open problem,
there is research in related sub-problems.

There has been work in developing strategies for explor-
ing and/or monitoring an environment, without focusing on
restoration. The problem of exploring/monitoring an environ-
ment has different names in the literature: exploration [7]–
[9], coverage [10], [11], information gathering [12]–[14],
adaptive sampling [15], [16], surveillance/patrolling [17],
[18]. The techniques that are used to solve such problems
can be categorized in two main categories, non-adaptive
and adaptive. Non-adaptive approaches typically assume that
the environment is known and are based on a geometric
formulation, where an environment is decomposed in cells,
abstracted with a graph, and an order of visits is found to
minimize the overall cost [2]. We also use a graph repre-
sentation of the environment, but, because of the temporal
changes, planning needs to consider such temporal variations
and replanning might be necessary. Adaptive approaches
instead model real-time the phenomenon to monitor and
use information-theoretic techniques to identify areas that
should be sampled next [4]. The majority of the work in
the literature focused on monitoring static phenomena. More
recently, there have been some work modeling temporal
phenomena [19]. Note that some of these techniques have
been used for restoring properties, but, differently from
our paper, it is typically assumed that once an area is
visited, that area is restored, such as in the case of oil spill
cleaning [20]–[22].

Some work also looked at repeatedly covering the same
area [23]–[25]. This perspective is similar to our problem as
the robot needs to revisit areas, but in our paper, differently
from the literature, the properties are being persistently
restored given their continual decay.

There have been techniques for planning with temporal-
logic specifications [26], mostly for motion planning [27]–
[29] with specific task execution guarantees. Some work
also looked at temporal task planning, e.g., for cleaning
while identifying human actions [30], or for identifying
optimal temporal task allocation to robots under resource
constraints [31]. In our work, we model the problem as an
optimization problem, given that it might not be possible

with the available resources to always satisfy the areas being
above a critical level.

A number of works also included battery constraints with
potential need of going back to the charging station [32]–
[35]. Our work explicitly includes battery constraint in the
optimization problem and considers the action to go back
and recharge in the planning.

A closely related problem to STAR is the orienteering
problem (OP) [5], where nodes with profits need to be visited
to maximize the overall collected profits. OP is known to
be NP hard. Most approaches solving OP consider static
profit. Instead, our problem involves a temporal objective
function. There is a recent work that offers an approach to
solve OP on time-varying profits with a single robot [6].
They formulated the problem as a mixed-integer program,
wherein the objective is to maximize the time-varying profits
among depots with a primary constraint being that areas are
visited at most once within the time window. This problem
formulation aligns with one of their application example,
taxi routing. Although their approach could be applied to
our problem by maximizing the inverse of the losses, the
approach wouldn’t generally optimally solve our problem,
as also shown in the experiments: first, the areas need to be
visited more than once and, second, committing to a solution
would result in potential continual loss in what we have
forgone.

Zhang and Vorobeychik [36] proposed the Generalized
Cost-Benefit Algorithm to solve the single-robot OP with
static profit, which greedily makes the decision that has the
optimal marginal benefit to marginal cost ratio. This has
theoretical guarantee but assuming a submodular objective
function with a fixed budget constraint. In general, in our
problem, we do not have a fixed budget constraint as it
depends on the current battery level nor do we assume a
submodular objective function. But that algorithm inspires
the polynomial solution we propose.

Overall, there is a need to solve the open problem of
STAR, tackled in this paper.

III. PROBLEM STATEMENT

An autonomous mobile robot r is deployed in an arbitrary
known environment W ⊂ R2, potentially with obstacles
Wo ⊂ W . The robot operates in the free space Wf ⊂
W , wherein the robot’s footprint is accounted for by the
Minkowski sum that expands the obstacles accordingly, as
commonly done in path planning [37]. The robot has a
finite-range laser sensor and an odometer which allows it
to localize with a probabilistic state estimator. The robot
runs also path planner and low-level controller allowing the
robot to reach goal locations. Moreover, it is equipped with a
monitoring sensor that measures an environmental property
of interest F (e.g., air quality) and a device to restore such
(e.g., air purifier). The robot has limited battery, but can be
recharged at a charging station, denoted as 0 ∈ Wf .

Within the environment, there are areas of interest J =
{1, 2, ..., j} ⊂ Wf , each with an environmental property to
monitor and restore. The property of an area j, denoted as
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Fj , changes over time (e.g., air quality drops due to the
presence of people in the area). Fj is modeled by a function
Fj = g(t, δj) ∈ R. We assume that g(·) is monotonic
and described with a corresponding decay rate δj > 0, as
modeled in some environmental studies [38]–[41]. While
the information gathering is also an interesting research
direction, here we assume that there is prior knowledge about
g(·), for example through prior survey of the areas, and δj
stays fixed. Without loss of generality, in this paper, we
consider the case where F decays over time; the case where
F grows can be formulated as the inverse.

To provide some theoretical guarantees, we assume that
once r decides to visit a location from its current location it
will certainly arrive there. When the robot restores F , F will
be restored back to its maximum level. The same happens
when recharging the battery. Note that both restoration and
charge operations take some time; moreover, noise can
happen in both travel and restoration—these are accounted
for in our formulation but assumed to stay fixed.

Thus, the STAR problem is: given the known environment
W , the charging station and J areas of interest, the robot r,
its current location and battery level b, and the time elapsed
since last restoration for each decaying area, the goal is to
find a schedule of visits D∗ that minimizes the time that F
of areas is below a certain critical threshold z ∈ R and such
that the battery level does not fully deplete while on mission.

IV. SEARCH-BASED STRATEGY FOR TEMPORAL AREA
RESTORATION

To solve STAR, we formulate a temporal optimization
search problem given a schedule length. We first introduce
the modeling of the problem; we then describe the general
algorithm to solve it; then present the heuristic to make the
approach scalable.

A. Modeling

Environment: We represent the charging station and areas
of interest in Wf with a graph G = (V,E), where the
vertices V = {0} ∪ J and the edges E represent the
connectivity between vertices, and information on distance
can be stored in a matrix H as determined by a path
planner—we use A∗ on an inflated map to account for the
robot footprint.

Vertices. In each area (j ∈ V ) starting at t = 0, Fj decays
with respect to t at a rate δj and will hit the threshold z at
some point and may decay further. We establish that we incur
a loss in an area only if Fj starts to decay and continues to
grow increasingly as Fj decays toward z and beyond. We
thus associate each area with a loss function L(t, δj) ∈ R
with two key properties: (1) inversely related to g(·), and (2)
the marginal loss is increasing w.r.t. t. Accordingly, because
of how L behaves and the monotonicity assumption of g, for
any time elapsed t < t′, g(t, δj) > g(t′, δj) and L(t, δj) <
L(t′, δj). In addition, L is differentiable throughout t ≥ 0

such that ∂L(t,δj)
∂t2 > 0 at any t.

Edges. An edge exists between two distinct vertices l and
j if the robot can reach j starting from l. The distance is
H[l, j] > 0.

State representation: We represent a state of the environ-
ment for a given time stamp T as (T, l, b, t, δ), where l is the
current location of the robot; t = {t1, ..., tj} is the set of time
elapsed since last restoration for all areas, (∀t ∈ t : t ≥ 0);
and, δ = {δ1, ..., δj} is the set of their respective decay rates.

Visits: From a state s, the possible visits (or actions) d
for r are either to monitor/restore areas (d = j) or to charge
at the charging station (d = 0).

Duration. We can measure the time to travel across ver-
tices by T = H/v, where v is the robot’s velocity. We thus
model the duration of a visit taken at l as τ = (τx+τy)(1+ε),
where τx = T[l, d] is the travel duration; τy is the duration
to charge or restore an area estimated by assuming a known
charging/restoration rate; and ε is the average discrepancy
rate sampled from a history of actual runs to capture the
noise that can occur during mission (e.g., moving obstacles,
hardware malfunction), potentially extending the assumed
duration.

Resource consumption. We model the battery life as a
linear function to the current consumption over each edge
[35] and in restoring F . The consumption function c(d)
accounts for the travel and restore times of the visit:

c(d) = ρx(τx) + 1dρy(τy) ∈ R, (1)

where ρx and ρy are the unit battery spent in travelling and
in restoring F , respectively; 1d to indicate, (i.e., 1d = 1), if
the decision is to preserve a temporal area, 0 if to charge.

Feasibility. A visit is accordingly feasible only if:

b > c(d) + c(d = 0); (2)

that is, the current battery can strictly cover the consumption,
and if the decision is to restore, an additional consumption
to further allow r to head back to the charging station.

Transition model: We define a piece-wise transition func-
tion w(si−1, di) = (Ti, li, bi, ti, δ) that yields a subsequent
state si from si−1 depending on di. In either case of di:
Ti = Ti−1 + τ , while δ stay fixed. If di = j, the values for
the state elements that have temporal implications, (li, bi, ti),
become: li = j, bi = bi−1−c(d), ti = {t(j,i) = 0}∪{∀m ̸=
j : t(m,i) = t(m,i−1) + τ}. That is: the new location will
be the restored area; the battery reduced for the consequent
consumption; and the time elapsed for that area is reset while
that in other areas continually lapses for the duration of this
visit. But if di = 0: li = 0, bi = b̃, ti = {∀j ∈ J : t(j,i) =
t(j,i−1) + τ}. For this case, the new location is the charging
station; the battery is recharged to max level b̃ ∈ R+; but,
the time in all areas lapses for the charge duration.

Opportunity cost: Each visit, therefore, has an opportunity
cost amounting to the losses incurred in decaying areas that
have been forgone by committing to the visit. We define the
opportunity cost function of di given si−1 as:

q(si−1, di) =
∑
j∈J

L(t(j,i), δj) ∈ R. (3)
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where each t(j,i) ∈ w(si−1, di). Note that if di = j, we are
just summing up the losses of those areas that have not been
visited, since no loss is incurred in a newly restored area by
definition.

Schedule of visits. We measure the opportunity cost of a
schedule, D = {d1, ..., dk}, if deployed starting from state
s0 as:

QD =

k∑
i=1

γi−1q(si−1, di) ∈ R, (4)

where γ ∈ (0, 1] is a discount factor for future losses.
Objective function: Let D be the set of possible schedules

of length k. Our strategy will choose the optimal schedule
D∗ ∈ D that has the minimum opportunity cost, while
ensuring feasibility:

D∗ = argmin
D

QD

s.t. c(di) ≤ bi, (∀i = 1, ..., k)

di ∈ D.

(5)

Note that D∗ may not be unique. Among D∗ ⊆ D that con-
tains all optimal schedules, we establish a further condition
that ensures resource efficiency to refine our choice of D∗:
(∀D ∈ D∗)(∀D′ ∈ D∗) where D ̸= D′,

(D = D∗) =⇒
∑
d∈D

c(d) <
∑

d′∈D′

c(d′). (6)

B. Tree-based Search Algorithm for Optimal Deployment

Starting from current location l, an algorithm that guaran-
tees optimality builds a tree V k, considering the different
visits d ∈ V up to depth k, while keeping track of the
opportunity cost and resource consumption of the current
solution. Since the losses in the areas are calculated based
on the opportunity cost previously defined, the computational
complexity is O(|J ||V |k). To solve practical problems, there
are a number of speedup techniques that can be used.

Reducing the schedule length: When k = 1, the schedule
is myopic. This solution resembles that of a UCB-style
as in [36]. When instead k > 1, it becomes non-myopic.
Obviously, reducing k drastically reduces the computation,
although this may affect performance as varying k has
varying overall effectiveness on a given problem as will be
shown in the experiments.

Heuristic: Instead of building the complete search tree
with depth k, we provide a greedy strategy that evaluates
the discounted opportunity costs of each next feasible visit
d from s0 by using a heuristic (Fig. 2):

Q̂d =
∑
j∈J

L(t(j,1), δj) +

k∑
i=2

[γi−1
∑
j∈J

L(t̂(j,i), δj)] ∈ R (7)

where the first summand is the immediate opportunity cost of
d; while, the second summand is its forecasted opportunity
costs supposing r takes k − 1 visits afterwards, discounted
by γ. The time elapsed for each area j that is decaying for
i ≥ 2 is forecasted by Eq. (8):

i+2

i

i+1 i+1

i+2 i+2 i+2 i+2 i+2

𝑡 𝑡

𝑡 𝑡 𝑡 𝑡 𝑡 𝑡

(a) Actual time elapsed Fj is decaying in
subsequent visits after visit in i.

i+1

i+2

𝑡̅

𝑡̅

(b) Average time elapsed Fj is decaying
for each subsequent visit after visit in i.

Fig. 2: Heuristic function, Eq. (7), forecasts future opportunity costs by how
much areas are decaying in subsequent visits, on average (right), assuming
an area gets restored once it hits the critical threshold and r charges only
when no more feasible visit, allowing for not expanding all the branches of
the tree as for the tree-based search strategy (left).

t̂(j,i) =

{
t̂(j,i−1) + τ̄j if g(t̂(j,i−1), δj) ≥ z

0 otherwise,
(8)

where τ̄j is the average duration that area j decays. This
estimation is based on the assumption (A1) that in future
visits 2 ≤ i ≤ k, areas would be restored once they fall below
the critical threshold, at least. In addition, it is assumed (A2)
that r will charge only when there is no feasible visit.

Measuring τ̄j . Suppose that the duration of visits is based
primarily on T, wherein every j-th column is the duration
it would take from all vertices to reach vertex j. Suppose r
commits to a visit other than restoring area j in the next visit
i+1, and so j keeps decaying. We can measure τ̄j by taking
the average of all the columns in the matrix but column j.

Algorithm 1 uses such a heuristic function: we pick the
visit d∗ that minimizes Q̂d and has maximum remaining
feasible battery (i.e., after accounting for the resource con-
sumption of the visit plus the consumption to head back to
the charging station, as safety measure). We will show in the
next section the effect of different values for k and γ. This
strategy allows for solving problems in polynomial time, as
now the computational complexity is O(|J |2k).

By assuming (A1) and (A2), we are introducing sub-
optimality, but we are trading for significant computational
efficiency. Our experimental results show that the heuristic
algorithm performs close to the optimal algorithm.

C. Discussion: Strict lower and upper bounds of QD for any
algorithm

Suppose from s0 we employ an algorithm to come up with
a schedule of length k. Suppose also that the duration of each
visit is based primarily on travel as measured by T. For any
visit di≤k, the shortest time elapsed possible that an area
j ∈ J is decaying is min(ti−1) + min(T). Consequently,
the loss in an area L(t(j,i), δj), where t(j,i) ∈ w(si−1, di),
is lower bounded by L([min(ti−1) +min(T)],min(δ)). By
multiplying with |J | − 1 areas, we can likewise bound
q(si−1, di) below. And so for the entire schedule, a strict
lower bound is:

(|J | − 1)

k∑
i=1

γi−1L([min(ti−1) +min(T)],min(δ)) < QD.
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Algorithm 1 Best-forecasted Visit Greedy Deployment
Input: current state s0, distance matrix H, robot velocity v, loss
L(·), schedule length k, discount γ
Output: At every iteration, while r is operating, an allocation d∗

1: Set Γ = [γ0, γ1, ..., γk−1].
2: Measure τ̄j for each j ∈ J based on T = H/v.
3: while operation do
4: Initialize d as array, L as |J | × k matrix.
5: for j ∈ J where feasible do
6: for i in {1, ..., k} do
7: for j ∈ J do
8: Forecast t̂(j,i), wherein for i ≥ 2 use Eq. (8)
9: L[j,i] = L(t̂(j,i), δj)

10: L = sum L by row
11: Q̂d = Γ · L
12: bd = b− [c(d = j) + c(d = 0)]
13: Store (d, Q̂d, bd) in d
14: d∗ = 0
15: if d is not ∅ then
16: Sort d ascendingly by Q̂d then descendingly by bd
17: d∗ = first element of d
18: Allocate d∗

Similarly for the upper bound: if we take d1 from s0, the
largest loss from an area is upper bounded by L([max(t0)+
max(T)],max(δ)); moreover, the marginal loss in the latter
is greater. Note that the largest loss that can be incurred in
each subsequent visit comes from foregoing restoring an area
that has both the largest loss and marginal loss. And so any
visit taken at i ≤ k, the loss from an area is bounded above
by L([max(t0)+imax(T)],max(δ)). Multiplying by |J |−1
areas, we get an upper bound for q(si−1, di). Thus for the
entire schedule, a strict upper bound is:

QD < (|J |− 1)

k∑
i=1

γi−1L([max(t0)+ imax(T)],max(δ)).

V. EXPERIMENTAL RESULTS

To validate the performance of the proposed strategy, we
ran experiments with a 2D robotic simulator, Stage [42],
which includes motion and sensor noise. We implemented
our strategy in Python within the Robot Operating System
(ROS) and made it publicly available1.

A. Setup

We considered three realistic environments that present
different characteristics in terms of connectivity and open-
ness. In particular, we took Office and Open from the Radish
repository [43], which are called “sdr site b” and “acapulco
convention center”, respectively. Cluttered is from the robotic
simulator, MRESim, repository [44], called “grass”. The map
sizes are 80m by 60m.

The differential-drive robot (with LiDAR, v = 1m/s, and
b̃ = 100), aims to preserve each Fj , (with Fj = 100 at
tj = 0 and follows an exponential decay function), from
falling below z = 50. The restoration rates for an area and

1https://github.com/greenguy13/intermittent_
preservation.git

Fig. 3: Environments for the experiments: Office (left), Open (middle),
Cluttered (right).

charging up are ρx = 0.10 and ρy = 0.10, respectively.
Sampling from initial runs, we accounted for ε = 0.25.

Scenario 1 (S1): Office and Cluttered. We designed
scenarios to highlight obvious consequences of committed
visits: we divided the more challenging maps, in terms
of obstacles, into quadrants that have increasingly faster
decays, wherein each quadrant we randomly picked a
location for preservation. For Q1 (top-right) the δ1 ∈
(0.00100, 0.00125]; Q2 (top-left), δ2 ∈ (0.00150, 0.00175];
Q3 (bottom-L), δ3 ∈ (0.00200, 0.00225]; and Q4 (bottom-
R), δ4 ∈ (0.00230, 0.00255). The schedule length is k = 4,
which allows for full coverage of the 4 areas.

Scenario 2 (S2): All maps. For evaluate the generalizability
of the results, we randomly placed 9 areas, wherein one-
third have δ ∈ (0.00100, 0.00125]; another one-third have
δ ∈ (0.00150, 0.00175]; and the other third have δ ∈
(0.00200, 0.00225]. The schedule is only capable of partial
coverage with k = 3.

With these decay rates the restoration task is non-trivial, an
area will hit the critical threshold from max measure without
intervention about three to eight times within the time frame
of our experiments–35 minutes each.

We randomized 5 placements of areas. We repeated each
experiment three times—results over repetitions showed sim-
ilar trend with small variations. We ran the experiments on a
Intel i7-10750H CPU at 2.96GHz and 16GB RAM computer.

We implemented the following informed strategies: tree
search (indexed T), deemed as optimal baseline, presented
in Section IV-B; our proposed heuristic method, Algorithm
1 (H); and a recent proposed method solving a spatio-
temporal orienteering problem [6] (DP); (k is suffixed next
to the method index). We also ran an uninformed baseline,
a random strategy (R), which selects a random area to visit
at each decision step.

In running our proposed method, we observed the com-
puted opportunity cost for every decision made to be within
the strict bounds discussed previously.

B. Tuning k and γ for Algorithm 1

Before presenting the full results, we discuss the effects of
different values for k and γ. We found that the myopic ap-
proach (k = 1) can already be effective. But by considering
a non-myopic approach, the performance may be improved,
(see Fig. 4a). The tuned lengths: k = 4 for both S1 Office
and Cluttered; k = 9, 12, 12 for S2 Office, Cluttered, and
Open, respectively. While, the tuned γ = 0.25. We found
this conservative discount as the most stable, as we are just
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Fig. 4: (a) Cumulative sum of losses of (H) for myopic and non-myopic
approach over several trials and (b) scalability of Algo. 1 for a max number
of areas the simulator could load.

assuming a fixed ε in our non-myopic computations when in
actual runs the noise would vary.

C. Discussion of results

Routing behavior: We observed that the informed strate-
gies would directly visit the fast decaying areas, given
the optimization is based on loss. Notably, (T) exhibits
prioritizing fast decaying areas over lesser urgent areas,
revisiting the former and only visits the latter when their
decays have become significant (e.g., a schedule [4, 3, 2, 4]
employed in S1 Office). (H) can mimic this behavior. (DP)
however, due to its constraint of visiting an area at most
once, goes through the lesser urgent areas despite the urgency
in the fast decaying ones (i.e., [4, 1, 3, 2]). Furthermore,
the difference in objective between (H) and (DP), thereby
in decision-making, contributes to the former outperforming
the latter, as will be highlighted in the next subsection. We
also observed that (T) sometimes charges the battery early,
foregoing restoring a decaying area, but leads to a better
management of the areas in the long run.

Performance: To evaluate performance, we measure the
total losses incurred from all areas for the duration of
the experiment. We construct a histogram of relative ratios
of total losses between a method and (T), wherein the
corresponding dashed horizontal line marks the average ratio.
A relative ratio that is above 1 means that the total losses
of the method is greater than (T), and the higher the ratio
the greater the magnitude. If one method’s relative ratio
is greater than that of another, it follows that the latter
performs better. Moreover, we show the average Fj , with
95% confidence intervals, whether an area is being preserved
from z, on average (Figs. 5 and 6). In addition, we tabulate
the average duration an area is decaying from z before it
gets restored, (Table I). We notice that in some entries the
standard deviation is wide, as the average is across the areas.
The s.d. can be interpreted as an upper range of the number
of visits to other areas that were made before that area is
restored. For example, in S1 Office it takes around 50 secs
to visit one area from another, on average. And so, for T4
with average 45 secs and s.d. of 52 secs suggests that it
takes about 1 to 2 other visits before a robot restores an area.
Also, the number of times areas are below the threshold is
consistently higher for (DP).

TABLE I: Average duration (secs) an area is decaying from z prior to being
restored. H9 is the tuned k for S2 Office; H12 for S2 Cluttered and Open.
On average, the duration that Fj stays below z is shorter in (H4) than in
(DP4). By tuning k for (H), this duration can be further improved.

S1 T4 H4 DP4
Office 45 (sd=52) 51 (45) 112 (43)
Cluttered 20 (17) 27 (15) 84 (68)

S2 T4 H4 H9 (or H12) DP4
Office 72 (sd=51) 153 (88) 80 (72) 223 (174)
Cluttered 65 (41) 81 (70) 49 (34) 266 (144)
Open 0 (0) 0 (0) 0 (0) 17 (0)

As we would expect, (R) would perform poorly compared
to the informed strategies in preserving the areas. Also, the
results show that (H) performs closely well relative to (T)
and it performs better than (DP) overall at the end of the
mission in all of the cases. The informed strategies are able
to preserve Fj from z, on average; notably, (H) preserves it
by a higher margin than (DP), and the duration of an area’s
property being below z before it gets restored is shorter in
(H) than in (DP). Furthermore, by tuning k the performance
of (H) can be improved.

Further experiments: We conducted more experiments
modifying key settings: 1) we ran in S1 increasing the
number of areas to 12, still ensuring areas are spread across
the map; 2) we then slowed down the decay rates of all areas
to be within (0.00100, 0.00125]; we ran in S1 with 4 areas,
then with 12 areas. In all of these settings, we observed
similar trend of (H) outperforming (DP).

Runtime: Computationally, (T) is not practical: even for
4 areas with k = 8 or 9 areas with k = 6, the algorithm
runs beyond 30 minutes. To test the computational limit of
(H), we timed the decision it makes on the max number of
J that could be loaded on the computer while increasing
the forecast length k (see Fig. 4b). Even for k = 105, a
decision can be made in about 7 mins. Thus, the algorithm
scales well. We observed however as J increases, the robot
becomes less effective in preserving the areas, as the task
has become more demanding for a single robot.

VI. CONCLUSION AND FUTURE WORK

We modeled the problem of persistently restoring a tem-
poral environmental property as a search problem, presenting
an optimal strategy that solves it, and then a practical
heuristic algorithm that evaluates the discounted opportunity
costs of the next immediate visits. Our experiments showed
the applicability of the proposed method in preserving the
temporal properties from falling below the critical threshold,
performing better than other existing approaches and closer
to the optimal.

Our future work will extend the problem to include uncer-
tainty in the formulation and the algorithm to multiple robots,
as well as connecting to other planning strategies, such as
Monte Carlo Tree Search. An effective and efficient strat-
egy in preserving environmental properties presents positive
benefits in many important and pressing societal applications,
especially pollution management.
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Fig. 5: S1 results: (a)-(b) (H4) performs closely well relative to (T4) and better than (DP4) overall at the end of mission. Relative ratios greater than 1,
especially the larger ratios, are more frequent in (DP4) than in (H4). And that, the average ratio of (DP4), 1.41 (sd=0.55), is greater than that of (H4),
1.02 (sd=0.41). (c) On average, (H4) preserves Fj from z by a higher margin than (DP4). Results for S1 Cluttered are similar.
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(d) S2 Cluttered
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(f) S2 Cluttered
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(g) S2 Open
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(h) S2 Open
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Fig. 6: S2 results: (a)-(b), (d)-(e), (g)-(h) (H) performs better than (DP) and closer to (T) overall at the end of mission. (c), (f), (i) On average, (H) preserves
an area better than (DP) by a higher margin. By tuning k, performance of (H) can be improved.
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