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Abstract—The emergence of Agile Earth Observation Satel-
lites (AEOSs) has marked a significant turning point in the
field of Earth Observation (EO), offering enhanced flexibility
in data acquisition. Concurrently, advancements in onboard
satellite computing and communication technologies have greatly
enhanced data compression efficiency, reducing network latency
and congestion while supporting near real-time information
delivery. In this paper, we propose a framework for address-
ing the Agile Earth Observation Satellite Scheduling Problem
(AEOSSP) in a real-time remote monitoring scenario integrating
onboard data processing. The AEOSSP consists of determining
the optimal sequence of target observations to maximize overall
observation profit, and, to this end, we define a set of priority
indicators and develop a constructive heuristic method, further
enhanced with a Local Search (LS) strategy. The results show
that the proposed algorithm provides high-quality information
by increasing the spatial resolution of the collected frames by
up to 18.6% on average, while reducing the variance in the
monitoring frequency of the targets within the instance by up
to 84%, ensuring more up-to-date information across the entire
set compared to First-In First-Out (FIFO) and genetic algorithm
(GA)-based methods.

I. INTRODUCTION

Earth Observation (EO) is a rapidly evolving and highly
relevant application in satellite communications, providing
critical insights for climate monitoring, disaster management,
maritime surveillance, or vehicle tracking. Traditionally, EO
has involved the acquisition and transmission of vast volumes
of data, posing challenges for both communication and pro-
cessing. However, the enhanced onboard computing and com-
munication capabilities of modern satellites enable efficient
data compression, reducing network congestion and latency
while supporting near real-time information delivery [1].

These advancements are further reinforced by the emer-
gence of Agile Earth Observation Satellites (AEOSs) [2].
While Conventional Earth Observation Satellites (CEOSs)
can only adjust their attitude along the roll axis, AEOSs
benefit from full three-axis attitude control (roll, pitch, and
yaw), significantly increasing the flexibility of data acquisition
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by extending the Visible Time Window (VTW) – the time
interval during which a specific target can be observed.
Consequently, the selection of the actual observation time
for a given observation target, referred to as the Observation
Time Window (OTW), becomes more flexible. This flexi-
bility expands feasible observation schedules but introduces
complexity when selecting OTWs across multiple observation
targets within the same Scheduling Time Horizon (STH). This
is known as the Agile Earth Observation Satellite Scheduling
Problem (AEOSSP), which aims to maximize the total ob-
servation profit for a given set of targets and satellites over
the STH, while satisfying all temporal, energy, and storage
constraints.

The observation profit depends on the context and is com-
monly defined by target priority and frame quality. The later
depends on the relative position between satellite and target
during the OTW, leading to the concept of time-dependent
profit. A widely used indicator of frame quality in EO is the
spatial resolution, typically measured by the ground sample
distance (GSD) [3], which quantifies the actual ground area
represented by a single pixel in the frame. As the target
deviates from the satellite’s nadir point, the GSD increases,
leading to reduced spatial resolution.

Early research on AEOSSP primarily focused on single-
satellite scenarios, which are already challenging. Extend-
ing the problem to multi-satellite configurations introduces
additional complexity, as each target may be observed by
multiple satellites. Solutions are classified into distributed
and centralized approaches. In distributed schemes, each
satellite operates as an autonomous agent, independently
scheduling its own list of targets while coordinating with the
rest of satellites in the constellation. Centralized methods,
in contrast, rely on a central node –controller– to assign
observation tasks to all satellites in the constellation, sending
each satellite a predefined set of instructions to execute [4].
While distributed strategies are often more scalable and time-
efficient, they may yield suboptimal global performance and
require constant inter-satellite communication. In contrast,
centralized approaches offer globally optimized solutions and
are particularly well-suited for small satellite constellations.

In this paper, we present a centralized framework for
addressing the AEOSSP tailored to continuous remote mon-
itoring on ground, ensuring high-quality and fresh informa-
tion of a given set of targets while leveraging the onboard
processing capabilities of satellites. To achieve this, we in-
tegrate data processing into the AEOSSP formulation and



define the observation profit as a function of both spatial
resolution and data freshness. Several priority indicators are
introduced, and a constructive heuristic algorithm is designed
to efficiently solve the problem, using GSD and Age of
Information (AoI) as key performance indicators. The rest
of the paper is organized as follows. We first provide an
overview of related works (Section II) and system model
(Section III). Then, the timing metrics, optimization problem,
priority indicators and algorithm are described in Sections IV-
VII. Results and conclusions are presented in Sections VIII
and IX, respectively.

II. RELATED WORK

In recent years, the AEOSSP has attracted significant atten-
tion from the research community. Existing approaches can
be broadly categorized into exact, heuristic, metaheuristic,
and machine learning methods. Among these, heuristic and
metaheuristic techniques have gained prominence over exact
methods due to their ability to provide high-quality solutions
with lower computational cost. For example, [5] propose
several priority-based constructive heuristic methods with
promising results, while [6] addresses the AEOSSP under
oversubscribed target scenarios using a feedback structured
heuristic, a scenario closely related to our work.

Parallel to advances in scheduling techniques, edge com-
puting has emerged as a key enabler for reducing latency
and congestion in satellite network communications. In [1],
the authors propose an edge computing framework for real-
time, very-high-resolution EO imaging, while [7] focus on
resource allocation strategies in satellite constellations for EO.
In addition, [8] explores satellite edge computing in a real-
world application, aiming to design and size a constellation
that balances frame quality with information freshness, using
AoI as a key performance metric. AoI is a widely used metric
to quantify the timeliness of information, measuring the time
elapsed since the last received update [9]. If no updates occur,
the AoI increases linearly; upon receiving a new update,
it resets to reflect the time elapsed since the generation of
that update. In the context of EO, AoI represents the time
since a particular target was last observed. Over time, various
extensions of AoI have been proposed, including the Peak Age
of Information (PAoI), which is particularly suited for worst-
case optimization scenarios, as it captures the AoI value just
before an update is received.

III. SYSTEM MODEL

Fig. 1a shows the considered scenario, which involves a set
of AEOSs S, deployed in a constellation comprising NOP

orbital planes and Nsat satellites per plane, operating at an
altitude h with an orbital inclination ι. The satellites are
arranged according to a Walker-Delta or Walker-Star topology
[10]. These satellites are responsible for observing a set of
targets T within a designated observation area, processing
the acquired data –i.e. a frame of the target area– and
transmitting the resulting information to the ground segment,
represented by a set G of ground stations, when within

coverage following a store-and-forward approach (Fig. 1b).
All the targets in the instance must be observed as regularly
as possible over a STH defined as STH = [stha, sthb],
where stha and sthb denote the start and end times of the
horizon, respectively. To achieve this, the STH is divided
into NSTP Scheduling Time Periods (STPs), where the n-
th STP is given by STP (n) = [stp

(n)
a , stp

(n)
b ], with stp

(n)
a

and stp(n)b representing its start and end times. For each STP,
every satellite in the deployment receives a new schedule,
allowing previous schedules to be taken into account when
constructing the current one. Each target t ∈ T requires an
observation duration of τ (obs)t seconds and may be observed
by a satellite s ∈ S during multiple orbital passes. Let Os,t

denote the set of orbits in which satellite s can observe target
t. The corresponding VTW for each satellite s and target t
during orbit o ∈ Os,t triplet is defined as V TWs,t,o spanning
the interval [sws,t,o, ews,t,o], where sws,t,o and ews,t,o are the
start and end times of the VTW, respectively. Each V TWs,t,o

is further discretized into a set of OTWs with a fixed time
step of prc seconds. Thus, OTWs,t,o,w represents the OTW
for satellite s and target t during orbit o within V TWs,t,o,
with index w ∈ Ws,t,o where Ws,t,o denotes the set of
OTWs contained in V TWs,t,o. An OTWs,t,o,w is defined
by [sos,t,o,w, eos,t,o,w], and an associated observation profit
ρs,t,o,w, where sos,t,o,w and eos,t,o,w represent the start and
end times of the OTW according to τ (obs)t , respectively.

The attitude required for observing OTWs,t,o,w is defined
by its roll (θs,t,o,w), pitch (ϕs,t,o,w), and yaw (ψs,t,o,w) angles.
Each satellite’s maneuvering capabilities are restricted by
its maximum roll, pitch, and yaw angles (θmax, ϕmax, and
ψmax, respectively), as well as by its attitude transition time.
These factors dictate which targets can be observed and
scheduled at any given time. The attitude transition time is
described by a piecewise linear function that depends on
the speed of the camera and the angular difference between
two consecutive observations. Specifically, we consider the
following attitude transition time between two consecutive
observations OTWs,t,o,w and OTWs,t′,o,w′ [11]:

∆tt,w−t′,w′ =



11.66, αt,w−t′,w′ ≤ 10◦

5 + αt,w−t′,w′/1.5, 10◦ < αt,w−t′,w′ ≤ 30◦

10 + αt,w−t′,w′/2, 30◦ < αt,w−t′,w′ ≤ 60◦

16 + αt,w−t′,w′/2.5, 60◦ < αt,w−t′,w′ ≤ 90◦

22 + αt,w−t′,w′/3, αt,w−t′,w′ > 90◦

,

(1)

αt,w−t′,w′ =|θs,t,o,w − θs,t′,o,w′ |+ |ϕs,t,o,w − ϕs,t′,o,w′ |
+ |ψs,t,o,w − ψs,t′,o,w′ |, (2)

where αt,w−t′,w′ is the total attitude transition angle between
OTWs,t,o,w and OTWs,t′,o,w′ .

Each satellite is equipped with an onboard Central Process-
ing Unit (CPU) that processes the collected data in real time.
The processed data, D′, is determined by the compression
factor σ, defined as:

D′ =
D

σ
, (3)



(a) (b)

Fig. 1: (a) Scenario with multiple AEOSs tasked with observing multiple targets, processing and transmitting the acquired
data. (b) Sketch of the task sequence: a satellite observes target t at τ1 for τ (obs)t seconds, processes the acquired data, executes
the corresponding attitude maneuvers, observes target t′ at τ2 for τ (obs)t′ seconds, and processes the newly acquired data. The
overall processed data is transmitted to ground once a ground station is reachable at τ3.

where D is the amount of data to be processed. The com-
pression factor can range from a few units or tens (traditional
compression algorithms) [1]; to thousands when using seman-
tic information extraction methods in the context of semantic
or goal-oriented communications [8]. For the case of a CPU
(and similarly for a Graphics Processing Unit (GPU)), the
processing time is calculated as:

τ
(proc)
s,t,o,w =

Ds,t,o,wC

NcoresfCPU
, (4)

where Ds,t,o,w is the number of bits to be processed for
OTWs,t,o,w, C the complexity of the compression algorithm
expressed in CPU cycles per bit, and Ncores and fCPU

the number of CPU cores and work frequency, respectively.
Ds,t,o,w is defined as:

Ds,t,o,w =
ξs,t,o,w(ξs,t,o,w + τ

(obs)
t REω)

GSD2
s,t,o,w

qpx, (5)

where ξs,t,o,w is the swath width, i.e, the width of the observ-
able area on the surface of the Earth, determined by the field
of view (FoV) of the sensor and the relative position between
target t and satellite s during OTWs,t,o,w; GSDs,t,o,w is
the GSD for OTWs,t,o,w; RE is the Earth’s radius; ω is the
satellite angular velocity; and qpx is the bit depth of a pixel
in the frame.

Energy consumption for observation, transition, and pro-
cessing is modeled via Eobs, Etran, and Eproc, respectively,
and all representing energy per time unit. The energy budget
for each satellite s during a STP is limited by Emax.

Satellites communicate with ground stations when they are
within coverage, taking into account for both propagation
and transmission delays. Thus, the communication time is
calculated as follows:

τcomm =
Dl

Rl
+
dl
c
, (6)

where Dl is the number of bits to transmit through a given
link l, Rl the bit rate of such link, dl the distance between two
nodes of the path, and c the speed of light. The time elapsed

Fig. 2: Evolution of the AoI of target t.

between data processing and its transmission is denoted as
τstore.

IV. TIMING METRICS

Each observation target t is associated with an AoI value
denoted as AoIt, which accumulates over time until updated,
including processing, store, and communication times. In
our application, AoI is defined as the time elapsed at the
ground segment since the last received compressed image
of target t was captured by the corresponding satellite [8].
Mathematically, this is expressed as follows. Fig. 2 shows the
time evolution of the AoI of a target t. It is assumed that the
system is first observed at time τ = 0 and index i represents
the number of the frame for target t. A frame i of target
t is captured at τ = τ ti and the corresponding compressed
information is received at the ground segment at τ = τ ′ti .
N t

i is defined as the total network time of the system
(processing + store + communication times), N t

i = τ ′ti − τ ti ;
and Y t

i as the interframe time, the time between the capture
of two frames for the same target t, Y t

i = τ ti − τ ti−1.
The average AoI of target t can be calculated as follows:

AoIt =
1

sthb − stha

Qt
ini +Qt

last +

N(STH)∑
i=2

Qt
i

 ; (7)

where N(STH) is the number of arrivals by the end of the
STH. Each Qt

i for 1 < i is a trapezoid whose area can be



calculated as:

Qt
i =

1

2

(
N t

i + Y t
i

)2 − 1

2

(
N t

i

)2
= Y t

i N
t
i +

(Y t
i )

2

2
. (8)

Assuming an initial observation of the system at τ = 0, the
average PAoI can be calculated as:

PAoIt =
1

N(STH)

τ ′t1 +

N(STH)∑
i=2

(τ ′ti − τ ti−1)

 . (9)

Furthermore, for our scenario, we define δt as the number
of STPs that have elapsed since target t was last included in a
schedule. This metric is directly related to AoI, since targets
that have not been observed for a longer time are associated
with higher AoI values.

V. AGILE EARTH OBSERVATION SATELLITE SCHEDULING
PROBLEM

The AEOSSP aims to maximize the total collected observa-
tion profit while satisfying all temporal, energy, and storage
constraints. In the considered scenario, since data is pro-
cessed dynamically as it is acquired and transmitted to the
ground, storage constraints are neglected, and processing is
incorporated into the optimization problem. The most relevant
parameters of the optimization problem are summarized in
Table I. The mathematical formulation is as follows:

max
∑
s∈S

∑
t∈T

∑
o∈Os,t

∑
w∈Ws,t,o

ρs,t,o,w · xs,t,o,w, (10a)

subject to

sws,t,o ≤ sos,t,o,w ≤ ews,t,o − τ (obs)t , (10b)

sos,t,o,w + τ
(obs)
t +

max
(
∆τt,w−t′,w′ , τ

(proc)
s,t,o,w

)
≤ sos,t′,o,w′ (10c)∑

t∈T

∑
w∈Ws,t,o

xt,s,o,w ·
(
Eobs · τ (obs)t +

Eproc · τ (proc)s,t,o,w

)
+∑

t,t′∈T

∑
w,w′∈Ws,t,o

yt,w,t′,w′ · (Etran ·∆τt,w−t′,w′)

≤ Emax, (10d)∑
s∈S

∑
o∈Os,t

∑
w∈Ws,t,o

xs,t,o,w ≤ 1, (10e)

xs,t,o,w, yt,w,t′,w′ ∈ {0, 1}, (10f)

where xs,t,o,w and yt,w,t′,w′ are binary decision variables,
xs,t,o,w = 1 denotes that OTWs,t,o,w is scheduled, otherwise
xs,t,o,w = 0, and yt,w,t′,w′ = 1 that OTWs,t,o,w is scheduled
right before OTWs,t′,o,w′ , otherwise yt,w,t′,w′ = 0. Equation
(10a) is the optimization objective function, which is to max-
imize the sum of collected profits; Equation (10b) represents
the VTW constraint, which ensures that the observation of tar-
get t occurs within one of its VTW; Equation (10c) represents
the attitude transition and processing time constraint, ensuring

TABLE I: Parameter description.

Parameter Description

ρs,t,o,w Observation profit for OTWs,t,o,w , s ∈ S, t ∈ T ,
o ∈ Os,t, w ∈ Ws,t,o

sws,t,o, ews,t,o Start and end time for V TWs,t,o, s ∈ S, t ∈ T ,
o ∈ Os,t

ows,t,o, ows,t,o Start and end time for OTWs,t,o,w , s ∈ S, t, t′ ∈
T , o ∈ Os,t, w,w′ ∈ Ws,t,o

Eobs, Eproc, Etran Energy consumption per unit of observation, pro-
cessing, and attitude transition time of AEOS s,
s ∈ S

Emax Energy capacity during a STP of AEOS s, s ∈ S

τ
(obs)
t Duration of the observation for target t, t ∈ T

τ
(proc)
s,t,o,w Processing time for OTWs,t,o,w , s ∈ S, t ∈ T ,

o ∈ Os,t, w ∈ Ws,t,o

∆τt,w−t′,w′ Attitude transition transition time between
OTWs,t,o,w and OTWs,t′,o,w′ , s ∈ S,
t, t′ ∈ T , o ∈ Os,t, w,w′ ∈ Ws,t,o

xs,t,o,w Binary decision variable; xs,t,o,w = 1 denotes that
OTWs,t,o,w is scheduled, otherwise xs,t,o,w = 0,
s ∈ S, t ∈ T , o ∈ Os,t, w ∈ Ws,t,o

yt,w−t′,w′ Binary decision variable; yt,w,t′,w′ = 1 de-
notes that OTWs,t,o,w is scheduled right before
OTWs,t′,o,w′ , otherwise yt,w,t′,w′ = 0, s ∈ S,
t, t′ ∈ T , o ∈ Os,t, w,w′ ∈ Ws,t,o

that OTWs,t′,o,w′ can only be scheduled after OTWs,t,o,w if
the information associated with OTWs,t,o,w has been fully
processed and the attitude maneuver is feasible; Equation
(10d) represents the energy constraint, which guarantees that
the total energy consumption does not exceed the maximum
allowed energy; Equation (10e) denotes that a target can
exist at most once in a single schedule; and Equation (10f)
represents the value of the decision variables.

We consider both the quality of the collected frames,
represented by the GSD, and the freshness of the last received
information, quantified by the AoI, when defining the obser-
vation profit. The observation profit ρs,t,o,w ranges from 0 to
1, where 1 indicates that OTWs,t,o,w has the highest possible
priority and quality. We formulate it as:

ρs,t,o,w =
GSDnadir

GSDs,t,o,w

δt
δmax

, (11)

where GSDnadir is the GSD at nadir, and δmax the δt value of
the target that has remained unobserved for the longest time in
the instance. As mentioned previously, the GSD increases as
the target moves away from the nadir reaching its minimum at
the nadir itself. A small GSD value leads to a better resolution.
Therefore, the first term of the observation profit accounts for
spatial resolution, while the second term ensures that targets
with higher AoI values yield higher profit.

VI. PRIORITY INDICATORS

When scheduling multiple AEOS, it is common practice to
design priority indicators to ensure that the selected targets in
the final schedule yield the highest possible profit.

In our scenario, the primary priority indicator is δt, as it
directly correlates with the AoI. A higher δt value indicates
higher priority.



Within the same STP, not all targets have the same number
of scheduling opportunities, as the number of OTWs varies for
each target in the instance. We define the number of available
OTW for target t as its assignment flexibility [12], denoted as
FLt. A higher FLt indicates more opportunities for inclusion
in the final schedule, whereas a lower FLt signifies higher
priority among targets with the same δt value.

When selecting the OTW for target t, not only its as-
sociated observation profit should be considered, but also
the observation profit of conflicting OTWs that would be
excluded from the schedule. Two OTWs are considered to be
in conflict when, disregarding the energy constraint (Equation
10d), scheduling both would render the optimization problem
infeasible. This concept is well captured by the Opportunity
Cost (OC) [5], which is mathematically defined as the sum
of the observation profits of the conflicting OTWs:

OCs,t,o,w =
∑

t′,w′∈COTWs,t,o,w

ρs,t′,o,w′ , (12)

where COTWs,t,o,w represents the set of OTWs that conflict
with OTWs,t,o,w. A lower OCs,t,o,w value signifies higher
priority among the OTWs for the same target.

VII. ALGORITHM

Based on the priority indicators introduced in Section VI,
we propose a constructive heuristic algorithm to solve the
AEOSSP for continuous monitoring. For each STP, the targets
are grouped based on δt, with groups arranged in descending
order of δt. Within each group, targets are ranked in ascending
order of FLt, and their OTWs are sorted in ascending order
of OC. The procedure is carried out as follows: for each
target t, the first available OTWs,t,o,w is checked against the
scheduling constraints. If feasible, it is added to the schedule,
and the next target t′ is considered; otherwise, the next OTW
for the same target is evaluated until either one is scheduled
or all available OTWs are exhausted. This process is repeated
for every group until all targets have been considered.

While constructive heuristics provide fast solutions, they
can also be suboptimal, as they rely on greedy decision-
making without exploring alternative configurations that could
yield better overall results. For this reason, Local Search (LS)
[5] or feedback [6] strategies are applied to refine the initial
solution. We propose a LS strategy in which new solutions
are generated following an insertion and removal policy, i.e.,
attempting to schedule previously unscheduled targets by
removing some of the scheduled ones. The procedure unfolds
as follows:
Step 1: Unscheduled targets and their corresponding OTWs
are listed. The set of unscheduled targets is denoted as U . The
OC for every listed OTW is computed accounting only for the
conflicting missions in the current schedule. Both targets and
OTWs are then arranged following the same priority policies
used in the constructive heuristic.
Step 2: Let u and OTWs,u,o,w be the current unscheduled
target and OTW, respectively. If temporal constraints are met,
proceed to Step 3; otherwise, check wether OCs,u,o,w is

lower than ρs,u,o,w. If so, provisionally remove the conflicting
scheduled missions and move to Step 3; otherwise consider
the next OTW for u or, if no more OTWs are available for
target u, the next unscheduled target u′ and repeat Step 2.
Step 3: Check energy constraints. If the schedule is fea-
sible, add OTWs,u,o,w to the schedule and consider the
next unscheduled target u′; otherwise, remove the scheduled
OTWs with lower observation profit from the schedule of
satellite s until the optimization problem is feasible and add
provisionally OTWs,u,o,w. If the new solution improves upon
the current one, update the schedule; otherwise, consider the
next OTW for u or, if no more OTWs are available for target
u, the next unscheduled target u′ and go to Step 2.

This process is repeated until all unscheduled targets have
been considered. The pseudocode of the proposed algorithm
is deployed in Algorithm 1.

This approach is designed to produce high-quality solutions
at low computational cost, which is crucial in the proposed
scenario, where schedules must be continuously generated
and delivered to the corresponding AEOS. This makes the
proposed method particularly advantageous in terms of com-
putational efficiency and response time when compared to
more resource-intensive alternatives, such as genetic algo-
rithms (GAs).

VIII. RESULTS

The simulation parameters are as follows. The space segment
is composed of Nop = 4 orbital planes and Nsat = 2
satellites per orbital plane, deployed at h = 600 kilometers,
with an orbital inclination ι = 53◦, distributed according to
a walker delta topology. Each satellite owns a CPU with
Ncores = 8 and fCPU = 1.8 GHz, and a camera whose
attitude maneuvers are limited by θmax = 45◦, ϕmax = 45◦,
and ψmax = 90◦ that allows a GSDnadir = 0.5 m/pixel
and a swath from ξ = 5 to ξ = 7.29 kilometers. The bit
depth of the captured frames is set to qpx = 11 bits/pixel.
Eobs, Eproc, and Etran values are set to 2 units/second,
while Emax = 5000 units. We consider a complexity of the
compression algorithm of C = 100 CPU cycles per bit and a
compression factor of σ = 10 is assumed. The KSAT Global
Ground Station network is regarded as the ground segment.
For the communication environment, the parameters defined
in [10] are adopted. We consider a STH of 10 orbital periods
and NSTP = 10, so that each orbital period corresponds
to one STP, and instances of {1000, 1200, 1400, 1600, 1800}
targets uniformly distributed across the coverage area of
the satellites. Each target must be observed for a duration
τ
(obs)
t = Uniform(1, 5) seconds, and a discretization step of
prc = 10 seconds is assumed.

The performance of the proposed algorithm is compared
against a First-In First-Out (FIFO) constructive heuristic [13],
which schedules feasible targets in ascending VTW order,
capturing them at the first feasible OTW, and a GA initialized
with random solutions. Following [12], the crossover and
mutation operators, as well as the procedure for generating
individuals in the initial population, have been adapted to



Algorithm 1 Constructive Heuristic Algorithm

1: Input: S, T , G, STH , NSTP

2: Output: Schedule
3: Initialize Schedule ← ∅
4: Calculate OTWs.
5: for STP in STH do
6: Calculate priority indicators δ, FL, and OC.
7: Sort targets according to the proposed priority policies.
8: for t in T do
9: Sort OTWs for t and current STP , OTWt,STP , in

ascending OC order.
10: while t is not scheduled and OTWt,STP is not

empty do
11: OTWs,t,o,w ← OTWt,STP [0]
12: if scheduling OTWs,t,o,w is feasible then
13: Add OTWs,t,o,w to Schedule.
14: else
15: Remove OTWs,t,o,w from OTWt,STP .
16: end if
17: end while
18: end for
19: List unscheduled targets U .
20: for u in U do
21: Sort OTWs for u and current STP , OTWu,STP ,

in ascending OC order accounting only for the
conflicting missions in Schedule.

22: while u is not scheduled and OTWu,STP is not
empty do

23: OTWs,u,o,w ← OTWu,STP [0].
24: Construct feasible solution, Schedule’, scheduling

OTWs,u,o,w following the proposed insertion and
removal policy.

25: if Schedule’ improves Schedule then
26: Schedule← Schedule’
27: else
28: Remove OTWs,u,o,w from OTWu,STP .
29: end if
30: end while
31: end for
32: Update δt for every target t ∈ T
33: end for

ensure that all obtained solutions are feasible. The parameter
settings for the GA are as follows:

• Population size: 10.
• Crossover probability: 0.2.
• Mutation probability: 0.2.
• Maximum generations: 100.
• Maximum execution time: 1000 s.

All algorithms are implemented in Python, employing four
AMD EPYC 7H12 cores at 2.6 GHz and 16 GB of RAM as
computational resources.

Fig. 3 shows the total collected observation profit and the
percentage of missed targets at the end of the STH. The

proposed constructive heuristic algorithm consistently outper-
forms both FIFO and GA across all considered instances.
Moreover, while FIFO and GA fail to observe the entire set of
targets – showing an increasing proportion of missed targets
as the problem size grows – the proposed method successfully
monitors all targets in each instance.

Furthermore, Fig. 4 presents the boxplot of the GSD of
the captured frames, highlighting that the proposed method
achieves higher-quality frames compared to the other evalu-
ated approaches, being surpassed only by GA in the 1000-
target instance. Specifically, it achieves an average GSD
reduction of up to 8% compared to GA, and up to 18.6%
with respect to FIFO.

Additionally, Fig. 5 displays the boxplot of the average
AoI of the monitored targets by the end of the STH. The
proposed method exhibits lower variance, indicating that most
targets are observed with similar regularity. Specifically, a
variance reduction of up to 84% compared to the other
methods is achieved. This trend is also observed in Fig.
6, which presents the boxplot of the average PAoI for the
monitored targets. The 99th percentile values range from 7.33
to 9.34 orbital periods for FIFO, and from 9.12 to 9.85 orbital
periods for GA, whereas the proposed heuristic achieves
lower values, ranging from 4.46 to 8.51 orbital periods. Since
FIFO and GA do not account for information freshness, they
often schedule recently observed targets, while the heuristic
approach prioritizes those that have remained unobserved for
longer periods, leading to a more balanced monitoring.

Finally, Table II reports the average execution time per
STP for each instance size and algorithm. GA reaches the
maximum execution time in all cases due to the complexity
of the optimization problem, while still yielding significantly
worse results than the proposed approach. FIFO is the fastest
algorithm but, as previously discussed, its performance is
significantly worse than that of the proposed heuristic method,
which maintains a reasonable execution time of just a few tens
of seconds even in the most complex cases, thereby offering
the best trade-off between performance and efficiency among
the evaluated algorithms.

Thus, we can conclude that the proposed algorithm for solv-
ing the AEOSSP is able to efficiently provide high-quality and
up-to-date information of all the targets in the instance within
a multi-satellite, continuous, real-time monitoring scenario.

IX. CONCLUSIONS

In this paper, we propose a multi-satellite, continuous, and
real-time monitoring scenario to address the AEOSSP, to-
gether with a constructive heuristic algorithm further en-
hanced with a LS strategy. Onboard data processing is ex-
plicitly integrated into the optimization problem, and the
observation profit is defined to account for both image quality
and information freshness, using GSD and AoI as key perfor-
mance indicators. The obtained results demonstrate that the
proposed scheduling method is capable of collecting high-
quality frames while ensuring regular monitoring of most
targets in the instance. Future work will explore a more



TABLE II: Average execution time per STP for each algorithm.

Number of Targets Average Execution Time [s]

FIFO GA Heuristic

1000 2.7243 1000 9.2947
1200 4.9166 1000 13.6843
1400 5.9012 1000 17.6615
1600 6.7584 1000 26.9870
1800 9.4630 1000 41.1620

Fig. 3: Total collected observation profit by the end of the
STH for all the instances.

Fig. 4: Boxplot of the GSD of the captured frames by the end
of the STH.

dynamic formulation of priority indicators to incorporate
sudden changes in mission urgency or weather conditions, as
well as their refinement for the development of more advanced
solution strategies or for deployment in a distributed scheme.
Additionally, more comprehensive evaluations, considering
realistic target distributions – such as clustered formations
– and real-world EO satellite systems will be conducted.
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