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Abstract

The increasing deployment of CubeSats and small satellite constellations for
Earth observation has enabled more agile and responsive systems and data ser-
vices. It has also introduced new challenges related to limited onboard resources,
diverse sensor modalities, and the need for dynamic task allocation. Efficient
coordination in heterogeneous multi-satellite systems, comprising platforms with
differing orbital configurations and imaging capabilities such as optical or radar,
requires planning approaches that account for these constraints while minimizing
communication overhead and latency. In this paper, we propose a optimization-
based task allocation framework that enables heterogeneous, constraint-aware and
globally optimal task assignment without relying on inter-satellite communica-
tion. Leveraging a hypergraph-based representation to model the compatibility
between observation tasks and satellite capabilities, we formulate the allocation
problem as a mixed-integer linear program (MILP) that directly incorporates key
operational constraints such as energy consumption, data storage, and inter-task
timing dependencies. We evaluate the effectiveness of the method using a realistic
Earth observation scenario involving the HYPSO-1 and HYPSO-2 hyperspectral
CubeSats. Furthermore, we extend the formulation to support secondary objec-
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tives, such as maximizing the coverage of an area of interest and minimizing data
latency to ground stations, where our method outperforms baseline heuristics.

Keywords: Earth observation, Task allocation, Multi-agent systems

1. INTRODUCTION

Earth observation remains one of the most significant applications of satellite
systems, supporting a wide range of activities such as weather forecasting, disaster
management, and environmental monitoring. As a result, imaging satellites now
represent a substantial portion of operational space assets [1].

The quality of satellite imagery directly impacts the reliability and effective-
ness of the information derived from it [2]. Optical imagers, which rely on sun-
light reflected from the Earth’s surface, are constrained by atmospheric conditions
and diurnal cycles, limiting their availability during cloud cover or nighttime. On
the other hand, multispectral and hyperspectral imaging systems have attracted
considerable attention due to their ability to capture detailed information across
both spatial and spectral domains [3]. These sensors are particularly effective for
monitoring dynamic, large-scale phenomena, such as vegetation health, land use
change, or water quality, that evolve over time and across extensive geographic
areas [4].

In contrast, radar imagers, particularly Synthetic Aperture Radar (SAR), of-
fer observation capabilities independent of weather or lighting conditions [5]. As
active sensors they emit microwave signals and measure their reflections, generat-
ing high-resolution measurements of surface changes, making them indispensable
for detecting events such as landslides, flooding, and wildfires, independent of
weather or lighting conditions [5].

Along with the integration of heterogeneous data sources [6], the rapid expan-
sion of satellite constellations and growing user demands with diverse require-
ments for response and agility, such as emergency responsiveness and coordi-
nated regional surveillance, have intensified the need for autonomous task plan-
ning and allocation methods in multi-satellite systems [7]. Satellite constellations
have been developed to provide continuous coverage, frequent revisit, and reduced
latency [8]. Common design approaches include Walker-type constellations [9],
which arrange satellites systematically in orbital planes, streets-of-coverage, em-
phasizing overlapping swaths for continuous observation, and ground-track-based
constellations [10, 11], optimizing repeat coverage over specific regions. The va-
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riety and scale of these architectures highlight the increasing importance of au-
tonomous task planning and allocation methods in multi-satellite systems [7].

A common approach for managing this complexity is to decompose the plan-
ning process into two subproblems [12]: a high-level task assignment problem,
which determines the most appropriate satellite for each observation task, and
a lowe-level scheduling problem, which handles the temporal sequencing and
resource constraints of each individual satellite. Both levels present significant
challenges due to factors such as orbital mechanics, limited onboard resources,
downlink bottlenecks, and dynamic observation demands.

On the scheduling side, existing approached can be broadly categorized based
on the solution technique employed [13]: exact methods, heuristics, metaheuris-
tics, and machine learning. For instance, [14] introduces a bi-objective optimiza-
tion model for scheduling active-imaging satellites observing multi-strip ground
targets, employing a hybrid approach that combines adaptive large neighborhood
search and NSGA-II to balance efficiency and solution quality. A geometric
classification-based strategy for optimizing optical acquisitions under stereoscopic
and orbital constraints is proposed in [15], targeting periodic sun-synchronous
orbits. The work in [16] addresses the increased combinatorial complexity in-
troduced by agile satellites with three degrees of freedom, and explores a range
of methods – greedy, dynamic programming, constraint programming, and lo-
cal search – to solve a simplified observation scheduling problem. Finally, [17]
models collaborative task scheduling and attitude planning in attitude space using
a novel pseudospectral cooperative genetic algorithm, effectively balancing task
coverage and energy efficiency for high-density observation campaigns.

For task allocation, [18] employs an ant colony optimization strategy inspired
by natural foraging behavior, assigning tasks based solely on exclusivity, i.e., en-
suring each task is assigned to only one satellite. However, this approach omits
critical operational constraints during task assignment, handling them only later
during per-satellite scheduling. A different strategy is proposed in [12], where
task allocation is performed through a centralized-distributed cooperative plan-
ning framework. In response to emergency tasks, a master satellite broadcasts ob-
servation requests to all subordinate satellites, which then respond with feasibility
reports. Based on these responses, the master assigns the task to the most suit-
able satellite. While this method incorporates satellite capabilities into decision-
making, it may suffers from high communication overhead and latency due to the
intensive message exchange required.

In the present paper, we aim to overcome these limitations by proposing a
unified, optimization-based task allocation framework for heterogeneous multi-

4

                  



satellite Earth observation missions. Our goal is to enable efficient, constraint-
aware task assignment without relying on inter-satellite communication, which
introduces delays and complexity in distributed architectures. In this context, het-
erogeneity arises from the differences in imaging sensor types, such as optical or
radar, and from the distinct orbital paths of the satellites. To effectively model
the relationship between observation tasks and satellites capabilities, we adopt
a hypergraph-based representation, as introduced in [19]. Each observation task,
defined by a geographic location and time window, is linked to a corresponding set
of feasible satellites through a Task-to-Satellite mapping. Our framework incorpo-
rates both hardware constraints and operational constraints, including energy con-
sumption, data storage capacity and inter-task timing dependencies, directly into
a single mixed-integer linear programming (MILP) formulation [20, 21]. This
integration allows for globally optimal task allocation decisions that reflect the
capabilities and limitations of each satellite. Furthermore, by executing the op-
timization on the ground, we eliminate the need for in-orbit message passing,
thereby improving responsiveness and simplifying onboard decision-making. We
evaluate the effectiveness and applicability of the method in a realistic Earth ob-
servation scenario involving the HYPSO-1 and HYPSO-2 CubeSats, which differ
in orbit and operate under tight onboard resource limitations. Furthermore, we
extend the core formulation to accommodate secondary mission objectives, such
as maximizing spatial coverage and minimizing the latency in downlinking data
to ground stations. Our simulation results demonstrate that our framework consis-
tently outperforms baseline heuristic methods, including brute-force search and
genetic algorithms, especially in complex, multi-objective settings.

The remainder of the paper is organized as follows. Section 2 formulates
the problem of target assignment in Earth observation operations involving multi-
satellite systems, incorporating application-specific constraints. Section 3 reports
simulation results for a representative Earth Observation imaging operations. Sec-
tion 4 and Section 5 further explore the integration of coverage maximization for
an area of interest and the data latency minimization to the ground. Section 6
summarizes the key contributions and proposes future research directions.

Notation: Given a matrix X , we use Xi,− to denote its ith row and X−,j to
denote its jth column. For a vector v ∈ Rn, the operator diag(v) = M ∈ Rn×n

produces a diagonal matrix M such that Mii = vi and Mij = 0 for all i ̸= j.
Given a matrix X , we denote its Moore–Penrose pseudo-inverse by X† [22]. The
symbol 1n denotes an n-dimensional column vector of ones.
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2. MULTI-SATELLITE EARTH OBSERVATION

In this section, we tackle the Earth observation problem within multi-satellite
systems, focusing on determining the optimal assignment of tasks to individual
agents to collaboratively accomplish the overall imaging operation. This problem,
commonly referred to in literature as task allocation [23], involves considering the
distinct capabilities of each satellite as well as any constraints associated with task
execution.

2.1. Imaging operations
An Earth observation satellite is typically assigned the task of capturing im-

ages of a set of targets and communicating them to a corresponding ground station.
An observation task, denoted by T , generally comprises nt independent observa-
tion sub-tasks Tm,k,

T = {Tm,k|m = 1, . . . , nt}, (1)

where k ∈ {I, C, S}. Specifically, I represents image capturing, C represents
communication of the image data, and S represents solar energy harvesting.

We denote the set of available satellites as

S = {si|i = 1, . . . , ns}, (2)

where ns represents the number of satellites involved in the imaging operations.
Given the observation task formulation in (1) and the set of satellites S defined
in (2), the task allocation problem can be formally stated as follows.

Problem 1. Given a set S of ns satellites and an observation task T defined as
in (1) to be executed, find the optimal sub-task allocation policy α : T → S based
on the individual operational constraints of each agent. •

The mapping in Problem 1 must satisfy both global task allocation specifica-
tions and local constraints specific to each agent. This allocation is represented by
the assignment matrix α ∈ {0, 1}ns×nt , where each entry αi,m indicates whether
satellite si is assigned to sub-task Tm. Moreover, it is assumed that, at any instant
of time, each sub-task can be assigned, at most, to one satellite, implying that for
each column m, at most one element in α−,m may be non-zero.
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Figure 1: Example of satellite imaging possibilities during one day.

2.2. Heterogeneity hypergraph
The solution of Problem 1 critically depends on the orbital dynamics and/or on

the type of imaging sensors mounted on each satellite. To capture the heterogene-
ity inherent in multi-satellite systems, we adopt and adapt the framework proposed
in [19, Section III]. Specifically, the authors propose a hypergraph-based represen-
tation that models the relationship between the capabilities required to execute a
task and the agent’s characteristics that enable those capabilities.

In the context of Earth observation, the imaging capacity of a satellite is influ-
enced by factors such as its orbital parameters, allowable off-nadir angles, and the
Sun’s elevation angle, each of which affects the set of observable targets at a given
time. Figure 1 shows an example of orbital propagation, where the blue polygons
represent possible imaging field-of-view of a satellite.

Formally, a satellite can execute a sub-tasks Tm,k, with k = {I, C}, if it is
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at a suitable position, specifically if its attitude qib(t) point towards the position
specified by Lonm and Latm at time tm. Consequently, the heterogeneity of the
system can be encoded by a single mapping, referred to as Task-to-Satellite map-
ping. This relationship is defined through a binary matrix K ∈ {0, 1}ns×nt , where
Ki,m = 1 if and only if satellite i can perform task m, meaning that the ith satellite
will be available to point to the target location (Latm, Lonm) at time tm. Accord-
ingly, for every entry Ki,m ̸= 0 of this mapping we can define a pair (Tm,k, si) as
a feasible assignment, namely si is a potential satellite that can execute that task.
Each sub-task Tm,k can then be defined by a tuple [7], whose elements depend on
the particular type k.

• Imaging sub-task Tm,I , represented by the following tuple

Tm,I =< Lonm, Latm, tm >, (3)

where (Lonm, Latm) identifies the geographical position of the target to be
acquired, tm represent the time at which satellite si passes over the location
(Lonm, Latm)

1.

• Communication sub-task Tm,C , represented by the following tuple

Tm,C =< Lonm, Latm, [t
i
m, t

f
m] > (4)

where the time interval [tim, t
f
m] represents when the satellite si is in contact

with the ground station located at (Lonm, Latm).

• Energy sub-task Tm,S , represented by the following tuple

Tm,S =< [tim, t
f
m] >, (5)

where the time interval [tim, t
f
m] represents when the satellite si is recharg-

ing.

Remark 1. Given the definition of the energy harvesting task in (5), there is no
dependency on orbital position, as all satellites can access the Sun simultaneously.
Consequently, in this case, there exists a one-to-one mapping between tasks and
satellites. •

1Given the same target position (Lonm, Latm), the same satellite si could pass over it more
than once if the duration of the campaign is long enough.
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In summary, Figure 2 illustrates an example of this heterogeneity hypergraph,
considering a general set of ns satellites and nt = 10 tasks. The dashed arrow
represent the link between the two sets, while the edges connecting sub-tasks to
the satellites are determined by the specific orbit trajectories of each satellite.

Figure 2: Example of heterogeneity hypergraph.
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2.3. Satellite constraints
In multi-satellite applications, several practical constraints related to satellite

capabilities must be addresses during an imaging operation. First, for every satel-
lite si several operational budgets must be considered, specifically the data storage
capacity (BudDSi

) and energy capacity (BudSi
). Given a feasible pair (Tm,k, si)

we define the quantities Budk(si) and δk(si) to encode respectively the amount of
data storage occupied and the amount of energy used while performing task Tm,k.

Remark 2. The quantities representing budgets and energy costs depend on the
specific satellite si assigned to the task. This is because, in a heterogeneous sys-
tem, agents may have different hardware capabilities, leading to varying costs for
performing the same action •

In addition to these budget constraints, each satellite si can take two images
only if they are at least a time ∆T apart one from each other. As a result, two
imaging sub-tasks Tm,I and Th,I cannot be simultaneously assigned if their time
difference satisfies |tm − th| < ∆T . The absolute value | · | is used since tasks
are not inherently ordered, meaning either tm > th or tm < th may hold. Conse-
quently, the task allocation policy must satisfy the following constraints:

• Data storage constraint: Given a feasible pair (Tm,k, si), a satellite si in-
curs a cost when performing a sub-task Tm,k with k = I, C. Taking an
imaging increases the data storage while downlinking the corresponding
data decreases it. To capture this effect, we define the function

1DS(Ki,m) =





−BudC(si) if k = C

BudI(si) if k = I

0 if k = S.

where Ki,m is the entry of the Task-to-Satellite mapping corresponding to
the feasible pair (Tm,k, si). The data storage constraint is then expressed as:

0 ≤
nt∑

m=1

1DS(Ki,m)αi,m ≤ BudDSi
. (6)

The first inequality encodes the fact that a satellite cannot be assigned to a
communication task if it has no images to download to the ground station.
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• Energy constraint: both imaging and communication sub-tasks consume
energy, while solar harvesting sub-task replenishes it. Given the feasible
pair (Tm,k, si), we define the following function to model this effect:

1S(Ki,m) =

{
−δk(si) if k = {C, I}
δS(si) if k = S.

The energy constraint is given by

BudSi
≤

nt∑

m=1

1S(Ki,m)αi,m ≤ BudSi
, (7)

where BudSi
and BudSi

correspond respectively to the minimum and max-
imum energy level of the satellite batteries.

• Time-mutual exclusion constraint: Let us define for each satellite si a
pinning matrix Θi ∈ {0, 1}ni×nt , with ni is the maximum amount of images
satellite si can capture. Its entries are defined as follows

θijh = θijl =

{
1 if |th − tl| < ∆T

0 otherwise,

valid for all j = 1, . . . , ni and for all h, l = 1, . . . , nt and h ̸= l. Con-
sequently, the time-mutual exclusion constraint for each satellite si can be
defined as follows

ΘiαT
i,− = 1, (8)

2.4. Optimization problem
In this section, we revisit the Mixed Integer Linear Programming (MILP)

formulation originally proposed in [19], adapting it to the context of the multi-
satellite task allocation problem defined in Problem 1. Incorporating the opera-
tional and hardware constraints outlined in (6)–(8), the resulting MILP formula-
tion is expressed as follows.
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minimize
α

nt∑

m=1

||Ξmα−,m||2 (9a)

subject to 1T
ns
α−,m ≤ 1 (9b)

0 ≤
nt∑

m=1

1DS(Ki,m)αi,m ≤ BudDSi
(9c)

BudSi
≤

nt∑

m=1

1S(Ki,m)αi,m ≤ BudSi
(9d)

ΘiαT
i,− = 1 (9e)

ni,m,min ≤ 1T
nt
αT
i,− ≤ ni,m,max (9f)

α ∈ {0, 1}ns×nt , (9g)

where all the constraints must be satisfied for every i = {1, . . . , ns} and for every
m = {1, . . . , nt}.

• In the cost function (9a), the matrix Ξm = Ins−SmS
†
m is used to penalize in-

feasible task allocations. Here, the matrix Sm = diag(K−,m) represents the
specialization matrix associated with sub-task Tm,k, where K is the Task-to-
Satellite mapping defined in Section 2.2. The diagonal entries of Sm reflect
whether each satellite is capable of executing task m; specifically, a zero
entry in position (i, i) indicates that satellite i lacks the necessary capabili-
ties. Consequently, the matrix Ξm assigns a higher cost in (9a) when a task
is allocated to an incompatible satellite, thereby enforcing capability-aware
allocation decisions.

• The constraint (9b) imposes that each sub-task can be perform by at most
one satellite.

• The constraint (9f) enables the imposition of a minimum and a maximum
number of tasks for the satellite si. The minimum number of agents required
by each task must be at least one, while regarding the maximum number of
agents the parameters must satisfy the following condition

ns∑

i=1

ni,m,max ≤ nt.
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Figure 3: Satellite access for HYPSO-1 and HYPSO-2.

In addition, the formulation (9) enables the inclusion of a weight matrix that mul-
tiplies the assignment matrix α, allowing task prioritization to be explicitly en-
coded. However, for the remainder of the paper, we assume all tasks have equal
priority.

3. SIMULATION: EARTH OBSERVATION

In this section, we address the task allocation in a multi-satellite system where
the set S , defined in (2), is composed of two satellites with pushbroom hyper-
spectral imagers, HYPSO-1 [24] and HYPSO-2 [25], during Earth observation
nominal operations. The constellation is requested to cover a set of targets scat-
tered over the entire Earth’s surface.

Remark 3. Due to differences in communication capabilities, satellites HYPSO-
1 and HYPSO-2 can perform approximately 5 and 40 raw image downlinks per
day, respectively [25]. This significant disparity could result in a trivial task allo-
cation problem, where one satellite dominates the execution of sub-tasks. To avoid
this and enable a more balanced and meaningful analysis, we assume in this pa-
per that both satellites have comparable imaging capabilities and can deliver a
similar number of images. This will be the case e.g. if HYPSO-1 compresses or
processes images more than HYPSO-2. •

3.1. Simulation set-up
In this simulation, we consider a one-day observation campaign spanning from

03-Dec-2024 13:20:00 to 04-Dec-2024 13:20:00. Figure 3 reports the orbital
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propagation over the observation period of HYPSO-1 and HYPSO-2 on the left
and on the right, respectively. Orbit propagation in all simulation cases was per-
formed through the Python library Skyfield [26], with the Simplified General Per-
turbations model 4 (SGP4) propagator using Two-Line Elements (TLEs) as initial
conditions. SGP4 is a semi-analytic model consistent with the TLE format and
includes the principal perturbations typically embedded in TLEs 2.

The blue polygon represent the field-of-view of each satellite, where the time
mutual exclusion interval in (8) is set to ∆T = 5 min. The area available to the
satellites for imaging further depends on the orbital altitude, the off-nadir angle,
and the Sun-elevation angle. The maximum off-nadir angle was set to 40 degrees,
as the spatial resolution degrades and atmospheric effects degrade images more
at higher values, both leading to low image quality. Similarly, a minimum Sun
elevation angle has been set to 10 degrees to allow only sunlit areas to be imaged.
This explains the absence of blue polygons in the northern regions in Figure 3,
where, during winter, sunlight is unavailable or have very low elevation angles.

The observation sub-tasks considered in the simulation are listed in Table 1,
comprising a total of nt = 158 sub-tasks. Each sub-task Tm,k, with k ∈ {I, C, S},
is divided among the two different satellites.

Tm,I Tm,C Tm,S

HYPSO-1 24 15 42
HYPSO-2 20 15 42

Table 1: Number of potential sub-tasks for each satellite. Tasks are divided into imaging (Tm,I ),
communication (Tm,C), and energy storage (Tm,S).

The imaging targets were randomly selected on the map and are depicted in
Figure 4a. The communication tasks, shown in Figure 4b, correspond to the lo-
cations where either HYPSO-1 or HYPSO-2 establishes contact with the ground
station in Svalbard. The energy sub-tasks where uniformly selected within the
observation time window.

The time dependency of imaging and communication tasks is visually illus-
trated using a color-coded legend, defined by the color bar adjacent to the plot.
Tasks are arranged sequentially, from the earliest to the latest execution time.

2It should be noted that SGP4 is not a high-fidelity numerical integrator: it does not include a
high-degree geopotential, detailed atmospheric density models, or explicit SRP and high-accuracy
third-body models beyond the approximations inherent in the SGP4 formulation. Consequently,
SGP4 is appropriate for short-to-medium term propagation consistent with TLE accuracy.
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(a) Time-dependent imagining tasks. (b) Time-dependent communication tasks.

-150 -100 -50 0 50 100 150

Longitude [deg]

-80

-60

-40

-20

0

20

40

60

80

L
a

ti
tu

d
e

 [
d

e
g

]

20

40

60

80

100

120

140

(c) Assigned imagining tasks. (d) Assigned communication tasks.

Figure 4: Imaging and communication tasks. The color-coded legend, adjacent to the plot, encodes
the time dependency of the tasks, which are arranged sequentially, from the earliest to the latest
execution time. The grey dots and squares in (c) and (d) represent the unassigned tasks. The blue
rectangles highlight imaging tasks that occur within a 5-minute interval of each other. Due to
constraint (9e), such tasks cannot be assigned simultaneously.

Regarding the data storage constraint in (9c), we have assumed that capturing
an image and transmitting it to the ground station have the same storage cost.
Consequently, the data storage budget BudDSi

is considered as the maximum
number of pictures each satellite can store at the end of the observation campaign.
For this simulation, HYPSO-1 is limited to storing a maximum of 5 images, while
HYPSO-2 can store up to 10 images.
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Tm,I Tm,C Tm,S

Ass. Unass. Ass. Unass. Ass. Unass.
HYPSO-1 9 15 5 10 11 31
HYPSO-2 8 12 6 9 11 31

Table 2: Number of assigned and unassigned sub-tasks for each satellite. Tasks are divided into
imaging (Tm,I ), communication (Tm,C), and energy storage (Tm,S). The unassigned tasks result
from budget and time constraints.

3.2. Simulation results
In this section, we present the resolution of the task allocation problem de-

fined in (9). Figure 4c illustrates the imaging tasks assigned to the two satellites,
HYPSO-1 and HYPSO-2, while Figure 4d displays the assigned communication
tasks. The same color-coded legend as in Figure 4 is used for consistency. In
Figure 4c, the dots represent the 8 imaging tasks assigned to HYPSO-1, while the
squares denote the 9 images allocated to HYPSO-2. Following the same notation,
for the communication tasks, HYPSO-1 is assigned to 7 tasks, while HYPSO-2 is
assigned to 8 task. At the end of the observation campaign, both HYPSO-1 and
HYPSO-2 have one image stored, pending communication.

Unassigned tasks are represented as gray dots and squares in Figure 4c and
Figure 4d. These tasks were excluded due to either the budget constraint (9c) or
the time-mutual exclusion constraint (9e) or both. Specifically, in Figure 4c, the
blue rectangles highlight imaging tasks that occur within a 5-minute interval of
each other. Due to constraint (9e), such tasks cannot be assigned simultaneously.

Table 2 summarizes the number of assigned and unassigned sub-tasks for each
satellite, categorized into imaging (Tm,I), communication (Tm,C), and energy stor-
age (Tm,S) tasks. Notably, all energy storage tasks were successfully assigned to
both satellites, satisfying the energy constraint defined in (9d).

4. MAXIMIZATION OF SPATIAL COVERAGE

In this section, we formulate the problem of optimally covering an area of
interest A given a set of target locations P . This is approached within the task
allocation formalism, using the same satellite set S used in Section 3. The set P
is defined as follows

P = {ph =< Lonh, Lath > |h = 1, . . . , np} ⊂ A (10)
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where np represents the number of targets considered in the coverage problem.
However, maximizing the coverage of A may lead to a reduction of the quality
of the acquired images. Therefore, the objective is to jointly maximize both the
spatial coverage of A and the resolution of the assigned images. The resolution
of each capture is computed based on the specifications of the optical imager and
the orbital parameters. For simplicity, this analysis focuses on the cross-track
resolution, as it is more significantly affected by off-nadir angles compared to the
along-track resolution.

The formal definition of the problem is summarized in the following state-
ment.

Problem 2. Given a team of ns satellites, an area of interest A and a set of np

target locations P defined in (10), determine the optimal allocation of the target
points to satellites in order to maximize both the coverage of A and the resolution
of the captured images, while satisfying the operational constraints. •

Satellite image resolution can differ at nadir and off-nadir. For Hyperspectral
imagers, the spatial resolution [27] at nadir can be calculated as :

Resolutionnadir =
H · hslit

f ·Npixels
(11)

where:

• H is the orbital altitude of the satellite,

• hslit is the slit height,

• f is the focal length of the optical system,

• Npixels is the number of detector pixels along the cross-track dimension,

When accounting for off-nadir imaging (with θ being the off-nadir angle), the
ground resolution deteriorates because of geometric effects. Assuming small an-
gular displacements between successive pixels [28], the following formula can be
used to approximate the off-nadir resolution:

Resolutionoff-nadir =
Resolutionnadir

cos2(θ)
(12)
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For each target ph ∈ P we define a corresponding imaging sub-task Tm,I . In
the context of the coverage problem, the imaging sub-task representation defined
in (3) is extended with an additional parameter: polym: the footprint of the im-
age taken by satellite si at time tm, centered in (Lonm, Latm). The augmented
imaging sub-task representation is thus given by

Tm,I =< Lonm, Latm, tm, polym > (13)

Moreover, to each footprint polym we define the off-nadir resolution ρm ∈ R,
based on the formula in (12), to quantify the image resolution degradation as the
imaging direction deviates from nadir.

The estimation of the footprint generation for each target is represented in
Figure 5. From a satellite and target pair, the mission planning pipeline computes
the maximum elevation point over the target [25]. At this instant of time, the
simulator provides both the timestamp and the quaternion required to orient the
satellite imager to the selected target, expressed in body-frame (xB, yB, zB). The
footprint polygon polym is then generated by considering the number of frames
captured along the satellite’s ground track, the imager’s frame-rate, and the field
of view of the payload. It is generated by tracing field-of-view rays to their Earth
intersections and extracting the boundary coordinates. HYPSO-1 and HYPSO 2
share the same amount of frames in nominal imaging operations - 598 frames.
However, choosing different frame rates (8 FPS for HYPSO-1 and 12 FPS for
HYPSO-2) leads to longer images for HYPSO-2 as the payload captures frames
for a longer time.

4.1. Optimization Problem
To address Problem 2, we extend the optimization problem (9) by introducing

two additional cost terms: one to account for the total covered area within A and
another to maximize the overall resolution of the assigned imaging tasks.

When capturing images over a set of target locations ph within A, some images
may overlap. To prevent double-counting these regions in the cost function, we
introduce an overlap matrix O ∈ Rnt×nt to encode possible overlapping among
the polygons. The elements oi,j of this matrix are defined as follows

oi,j =

{
1 if polyi ∩ polyj ̸= ∅
0 otherwise.

(14)

To ensure that the overlapping areas are subtracted only when both overlapping
polygons are assigned, we define a binary decision variable z ∈ {0, 1}nt×nt . This
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Figure 5: Imaging scanning mode for HYPSO-1 and HYPSO-2. The polygonal imaging areas are
a direct result of the pushbroom imaging functionality used in the scanning modes.

variable encodes whether two overlapping polygons are simultaneously assigned
in the coverage problem. To relate the matrix α with z, we consider the following
logical expression

αm,i ∧ αm,j → zi,j, (15)

valid for all the non-zero entries of matrix O and for all m ∈ {1, . . . , nt}. This
logical condition is translated into the following binary linear constraint [29]

zi,j ≥ αm,i + αm,j − 1 ∀m = {1, . . . , nt}. (16)

Let us define Area(·) as the operator that returns the area of a given set. Thus, the
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resulting cost function is given by

J (α, z,A,P) =
ns∑

i=1

nt∑

m=1

αi,m Area(polym ∩ A)

−
nt∑

i=1

nt∑

i=j

oi,jzi,j Area ((polyi ∩ polym) ∩ A) .

(17)

On the other hand, to account for the maximization of the overall resolution of the
assigned pictures, we introduce the following resolution-based cost function

R(α) =
1

N

ns∑

i=1

nt∑

m=1

ρmαi,m, (18)

where N is the total number of picture taken and ρm represents the resolution
associated with each image introduced in (13).

Since a satellite may pass over the same target location multiple times within
a given time window, we impose a constraint to ensure that each target is as-
signed only once. We define a binary matrix Γ ∈ {0, 1}np×nt , where Γh,m = 1
if (Lonm, Latm) ≡ (Lonh, Lath). Consequently, the location-mutual exclusion
constraint is defined as follows

np∑

h=1

Γh,−α
T
i,− = 1 ∀i ∈ {1, . . . , ns}. (19)

The resulting formulation for the task allocation in the coverage problem is
given by

20

                  



min
α,z

c
nt∑

m=1

||Ξmα−,m||2 − ℓJ (α, z,A,P)− kR(α) (20a)

s.t. 1T
ns
α−,m ≤ 1 (20b)

0 ≤
nt∑

m=1

1DS(Ki,m)αi,m ≤ BudDSi
(20c)

BudSi
≤

nt∑

m=1

1S(Ki,m)αi,m ≤ BudSi
(20d)

ΘiαT
i,− = 1 (20e)

np∑

h=1

Γh,−α
T
i,− = 1 (20f)

ns,m,min ≤ 1T
nt
αT
i,− ≤ ns,m,max (20g)

α ∈ {0, 1}ns×nt , (20h)

where the constraints must be satisfied for every i = {1, . . . , ns} and for every
m = {1, . . . , nt}. In the cost function (20a), the positive tuning parameters c, ℓ
and k are selected such that c ≫ ℓ and c ≫ k, meaning that the penalization of
bad allocations in the first term is preferred to the maximization of the coverage.
The trade-off between coverage and resolution is governed by the ratio ℓ/k. A
higher ratio prioritizes coverage, while a lower ratio emphasizes high-resolution
imaging.

4.2. Simulation results
In this section, we present the simulation results for solving the coverage

optimization problem defined in Problem 2. The simulation is based on a one-
day observation campaign, spanning from 07-Feb-2025 10:35:23 to 08-feb-2025
11:17:43, aimed at covering an area around Frohavet. The satellite set S, is the
same used in Section 3 composed of HYPSO-1 and HYPSO-2.

Figure 6a illustrates the area of interest A, which is delineated by a purple
polygon, while the target locations ph are depicted with red dots. Figure 6b re-
ports all the possible polygons that can be assigned for the coverage task. The
polygons corresponding to HYPSO-1 are shown in blue, while those correspond-
ing to HYPSO-2 are depicted in green. It is noteworthy that several polygons
overlap, and each target location is visited at least twice by each satellite. Thus,
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(a) Area of interest A and the target locations. (b) All polygons.

(c) Assigned polygons: ℓ ≫ k. (d) Assigned polygons: ℓ ≪ k.

Figure 6: Coverage simulation. The polygons corresponding to HYPSO-1 are shown in blue,
while those corresponding to HYPSO-2 are depicted in green.

the constraint (20f) and the introduction of the decision variable z, play a key role
in maximizing the area coverage by limiting the overlap.

Figure 6c and Figure 6d show trade-off between coverage and resolution un-
der different optimization priorities. Specifically, Figure 6c illustrates the task
assignment when the objective is to maximize coverage, obtaining a coverage of
88.95% of the desired area A, with a mean spatial resolution of 74.83 m. On
the other hand, Figure 6d reports the allocation when prioritizing high-resolution
imaging. In this scenario, the selection of higher-quality comes at the expense
of reduced coverage, resulting in 62.06% of A, while the mean spatial resolution
improves to 79.22 m.
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4.3. Computational time
In this section, we analyze the computational time required for solving the

optimization problem (20) under the objective of maximizing the coverage of the
area A, i.e., when the weighting factors are chosen such that ℓ ≫ k.

All simulations were conducted on a laptop equipped with a 13th Gen Intel(R)
Core(TM) i7-13620H CPU (10 cores, 16 threads, 2.40 GHz base clock), 16GB
LPDDR5-4800 RAM, running Ubuntu 24.04.

To asses efficiency of the proposed optimization approach, we compare its
performance against two well-known approaches: brute force, which evaluates
all the possible assignments to find the optimal one, and genetic algorithm, a
metaheuristic approach that iteratively improves the solution through selection,
crossover and mutation [30]. All the computations were carried out in Python and
the optimization problem (20) is solved using the Gurobi Optimizer [31].

The comparison is based on three key performance metrics:

• Mean Solving Time (MST): the average time required to find a solution.

• Standard Deviation for Solving Time (SDST): measures the variability in
solving time.

• Solution Quality: the percentage of the area A successfully covered by the
assigned polygons.

Table 3 summarizes the computational results. Since the genetic algorithm is
stochastic approach, we ran it 30 times to and the data reported in Table 3 represent
the average performance over these executions.

Algorithm MST (s) SDST (s) Solution Quality
Brute Force 64.30 0 88.95%

Genetic Algorithm 35.78 5.05 88.57%
Optimization 0.76 0 88.95%

Table 3: Comparison of Task Allocation Algorithms.

The brute force approach, while guaranteeing an optimal solution, exhibits
an exponential increase in computational time, making it impractical for large-
scale problems. The genetic algorithm provides a near-optimal solution with a
significant reduction in computational time. The standard deviation of 5.05 s indi-
cates variability in convergence times due to the stochastic nature of the approach.
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The proposed approach with the Gurobi optimizer significantly outperforms both
methods in terms of speed, solving the problem in under a second (0.76 s) while
maintaining the same (global) optimal solution as brute force.

5. MINIMIZATION OF DATA LATENCY TO THE GROUND

In this section, we consider the problem of assigning observation sub-tasks
Tm,k while minimizing the data latency to the ground, defined as the time from
image capture until it is available in a ground station.

5.1. Optimization problem
To address this problem, we extend the imaging sub-tasks Tm,I defined in (3),

by introducing an additional property σm ∈ R, which encodes the data latency of
satellite si. Specifically, the data latency can be defined as:

σm = Ttravel(si, Lonm, Latm) + Ttransmit(si, Ci), (21)

where the two components are defined as follows:

• Travel time Ttravel(si, Lonm, Latm): correspond to the satellite’s travel time
along its orbit from the image acquisition was made to the start of the next
communication window. It primarily depends on the relative positions of
the imaging location and the ground stations.

• Transmission time Ttransmit(si, Ci): is the time required to transmit the data
to the ground station as well as orbital parameters and it depends on the
communication capabilities Ci of the satellite si. It can be either considered
constant (depending only on image data size) or modeled as a function of
the communication quality.

The new sub-task formulation is the following

Tm,I =< Lonm, Latm, tm, σm > . (22)

Minimizing data latency is meaningful only if the allocation policy ensures that,
whenever an imaging task is assigned, the temporally nearest feasible commu-
nication task is also selected. However, this requirement may conflict with con-
straint (9e), potentially rendering the problem infeasible. To enforce this coupling,
we introduce the following linear soft constraint

ΓiαT
i,− = εi, ∀i = {1, . . . , ns}, (23)
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where the matrix Γi is constructed such that the constraint enforces αi,j ⇔ αi,h,
where j indexes an imaging task Tj,I and h the nearest subsequent communica-
tion task Th,C in time for satellite si. This ensures that assigning an imaging task
implies assigning its corresponding communication task, and vice versa. On the
other hand, the slack variable εi relaxes the constraint by allowing necessary vio-
lations to be penalized in the objective function.

To account for the minimization of the data latency, we define the following
cost function

D(α) =
ns∑

i=0

nt∑

m=0

αi,mσm. (24)

The resulting optimization task allocation problem reads as

minimize
α

nt∑

m=1

c||Ξmα−,m||2 + hD(α) + λ
ns∑

i

εi (25a)

subject to 1T
ns
α−,m ≤ 1 (25b)

0 ≤
nt∑

m=1

1DS(Ki,m)αi,m ≤ BudDSi
(25c)

BudSi
≤

nt∑

m=1

1S(Ki,m)αi,m ≤ BudSi
(25d)

ΘiαT
i,− = 1 (25e)

ΓiαT
i,− = εi (25f)

εi ≥ 0 (25g)

ns,m,min ≤ 1T
nt
αT
i,− ≤ ns,m,max (25h)

α ∈ {0, 1}ns×nt , (25i)

where the constraints must be satisfied for every i = {1, . . . , ns} and for every
m = {1, . . . , nt}. In the cost function (25a), the positive tuning parameters c, h
and λ are selected such that c ≫ h and c ≫ λ. This ensures that task allocation
quality is prioritized over latency minimization.

5.2. Simulation results
In this section, we report the simulation results, showing the impact of the min-

imization of the data latency on the task allocation. Specifically, in equation (21)
we assume the time required to transmit the data to the ground Ttransmit constant.
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(a) Earth observation: assigned imagining tasks.
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(b) Data latency minimization: assigned imaging tasks.

(c) Earth observation: assigned communication tasks.
(d) Data latency minimization: assigned communica-
tion tasks.

Figure 7: Comparison between the solution of problem (9) and problem (25). The color-coded
legend, adjacent to the plot, encodes the time dependency of the tasks, which are arranged se-
quentially, from the earliest to the latest execution time. The grey dots and squares in (a) and (b)
represent the unassigned tasks. The red squares highlight the differences in the allocation policy
between problem (9) and problem (25).

We consider the same simulation set-up defined in Section 3 focusing the attention
on the assignment of the imaging tasks.

Table 4 reports the outcomes of solving the optimization problem (9), which
does not account for the data latency, and the optimization problem (25), which
incorporates the extra cost term (24) to explicitly minimize the data latency. As
shown in the third column for each case, introducing this cost term significantly
reduces the overall data latency, while assigning the imaging and communication
tasks.

Figure 7 compares the assigned tasks, both imaging and communication, ob-
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Problem (9) Problem (25)
Tm,I Tm,C σm [min] Tm,I Tm,C σm [min]

HYPSO-1 9 5 568 8 6 501
HYPSO-2 8 6 521 5 3 314

Table 4: Comparison of total data latency resulting from the solutions to Problem (9) and Prob-
lem (25).

tained by both optimization problems. The inclusion of the data latency cost term
in problem (25) leads to a noticeable shift in the task allocation strategy. While
data latency is clearly reduced, as shown in Table 4, this improvement comes at
the cost of assigning fewer tasks to the satellites overall. Specifically, we have
a change in the assignment of the communication tasks, which are now near in
time to the assigned imaging tasks. The red rectangles in Figure 7b highlight the
assigned imaging tasks that differ from the solution of (9).

Remark 4. The results in Table 4 show that, for both optimization problems (9)
and (25), not all images are downlinked, leading to additional data latency not
captured in (21). However, the addition of the extra cost term (24) implicitly
reduces on-board image storage. Specifically, with problem (25), HYPSO-1 keeps
only 2 images instead of 4, while HYPSO-2 stores the same number as in (9). •

6. CONCLUSION

In this paper, we present a mixed-integer linear programming approach to ad-
dress the task allocation problem in heterogeneous satellite constellations while
accounting for key operational constraints. The proposed method incorporates
mission-specific requirements, such as data storage capacity, energy budgets and
inter-task timing constraints, to enable efficient planning fro hyperspectral Earth
observation missions. We validated our method through numerical simulations
involving the HYPSO-1 and HYPSO-2 CubeSats, incorporating secondary opti-
mization objectives such as maximizing coverage and minimizing data latency
to the ground stations. The results demonstrate the flexibility of the framework
across various operational scenarios and show a significant reduction in the com-
putational burden compared to baseline heuristics like brute force search and ge-
netic algorithm. Future works will be devoted to extend the proposed framework
to a decentralized setting by leveraging inter-satellite communication, as well as
incorporating additional dynamical agents beyond satellites into the task alloca-
tion formalism.
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