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Résumé

La planification des tdches d’un satellite d’observation ter-
restre est un probléme hautement combinatoire. Cela con-
siste a calculer réguliérement la séquence d’observations a
effectuer par un satellite pour collecter des photographies
de points d’intérét tout en tenant compte des manceuvres
temporelles nécessaires pour diriger le satellite vers les
points d’intéréts successifs. Pour résoudre un tel probléme
d’optimisation, nous proposons une nouvelle approche qui
exploite des techniques d’apprentissage hors ligne pour ap-
proximer la faisabilité de l'ordonnancement pour des en-
sembles de taches d’observation au sein d’un algorithme
d’optimisation.
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Abstract

Planning the activities of an Earth observation satellite is
a highly combinatorial task. It consists in regularly com-
puting the sequence of observations to be performed by a
satellite to collect images of candidate points of interest
(POIs), while taking into account the time-dependent man-
euvers required to point the satellite to the successive POIs.
To solve such a recurrent optimization problem, we propose
a novel approach that exploits offline learning techniques
to approximate scheduling feasibility for sets of observation
tasks within an optimization algorithm.
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1 Introduction

Earth observation satellites (EOSs) are vital for monitor-
ing the planet, supporting diverse applications from climate
studies to emergency response. Agile EOSs enhance re-
sponsiveness through advanced attitude control, enabling
swift instrument reorientation towards targets of interest.

*Cet article a été accepté a CPAIOR’25.

However, planning the activities of agile EOSs presents
significant challenges in terms of optimization. This ex-
plains why this problem has received attention over the
last 25 years [’+], leading to the use of various optimiz-
ation techniques. The latter include, for example, greedy
algorithms that iteratively insert observations one by one
to build feasible plans, and several types of metaheuristics
such as Large Neighborhood Search (LNS), where a cur-
rent plan is iteratively optimized using destroy and repair
operations. Among the state-of-the-art methods, we can
cite an Adaptive LNS (ALNS) where six removal operators
and three insertion operators are exploited [ ”]. Improve-
ments of this algorithm using tabu search mechanisms have
been proposed [ /0], as well as an extension that deals with
the multi-satellite case by adding decisions related to the
assignment of observations to satellites [V]. Another me-
taheuristic called GRILS for Greedy Randomized Iterated
Local Search has also been recently developed and outper-
forms ALNS in the multi-satellite context [ | 5]. In another
direction, dynamic programming techniques have been stud-
ied to deal with cases where the profits collected depend on
the time at which the observations are performed [ 6]. All
of these approaches include a critical feasibility constraint
that assesses the temporal viability of observation schedules
based on satellite agility models. For example, operational
satellites may use detailed models that take into account
the peculiarities of their on-board momentum control gyro-
scopes. Frequent evaluation of this constraint during the
optimization process can significantly slow down solvers.
Consequently, many approaches simplify the agility model
by making assumptions such as constant maneuver times
or constant angular velocity/acceleration to reduce com-
putational complexity. However, these simplifications can
lead to less optimal or even impractical schedules. There
are also approaches that first search for solution plans us-
ing constant maneuver times, and then use a more complex
time-dependent agility model [7”].

But a key point is that none of the previous contributions ex-
ploit the fact that observation scheduling for EOSs is a highly
recurrent optimization problem that is solved every day dur-
ing several years of operation. Therefore, to go beyond
these existing approaches, we propose a set of techniques



that allow us to learn some aspects of the EOS scheduling
problems to be solved regularly. The models learned during
an offline phase are then used during an online phase, where
EOS scheduling problems have to be solved for precise sets
of candidate observations. In the literature, the use of learn-
ing methods for satellite scheduling problems has only been
tested by a few authors, with attempts to build a decision
policy that returns the next observation to insert in the cur-
rent plan given the features of the candidate requests and the
observations already selected [, | |], and attempts to train
a neural network that predicts the probability that an obser-
vation can be inserted in the plan of a given satellite [5].
The approach we propose is original compared to existing
works because instead of learning an insertion heuristic or
an observation insertion success estimator, we try to learn
a so-called scheduling feasibility function. The latter is a
Boolean function that takes as an input a set of POIs I to be
observed and returns the value 1 if and only if the execution
of all observations in I is considered as feasible from the
point of view of the temporal constraints. More specific-
ally, for the offline phase, the idea we promote is to learn a
surrogate model that provides a good approximation of the
temporal feasibility constraints, which is one of the main
bottlenecks of the EOS schedulers. To do this, we first map
the temporal feasibility problem to a binary classification
problem for a neural networks (NN). We also approximate
capacity constraints over the number of POIs that can be ob-
served within orbit sections of different sizes. Since we are
trying to infer constraints corresponding to lower bounds on
the set of feasible solution plans, obtaining these capacity
constraints can be seen as a form of approximate knowledge
compilation [ 1].

In the end, we adopt a hybrid Al and combinatorial optim-
ization approach combining ML-based constraint modeling
and classical decision algorithms [ 3, |]. Globally, this pa-
per brings several contributions with regard to the existing
works:

(1) We show how a complex routing/scheduling problem
(the visit of a set of POIs during some time windows)
can be approximated as a simpler binary classification
problem, by exploiting the geographical nature of the
problem;

(i) We propose an NN-based feasibility classifier that has
a surprisingly low average error rate on average in
terms of scheduling feasibility;

(iii) We propose an approximation of capacity constraints
to help the optimization process, to tackle some chal-
lenging POI distributions that the NN struggles with;

(iv) We develop a hybrid AI approach, HySSEO (Hy-
brid Selection and Scheduling for Earth Observation),
where the feasibility constraints learned offline are
exploited within an online optimization model that
searches for an optimal selection of POIs.

Section 2 provides background on the EOS scheduling prob-
lem. Section 3 presents the offline learning methods we pro-
pose to approximate the scheduling feasibility constraints.

meshed
ground
area

Figure 1: Satellite-centered discretization of the field of
view (in blue) and illustration of a set of selected meshes (in
red) that can be successively observed by the satellite over
its orbit.

Section 4 details the online algorithms used to schedule
EOS activities, including the hybrid Al approach proposed.
Section 5 provides experimental results concerning the pre-
cision of the learned feasibility model and the quality of
the schedules obtained. Section 6 concludes and provides
perspectives on multi-satellite scenarios.

2 Problem Formalization

We consider a satellite in low Earth orbit that needs to collect
acquisitions over points of interest on the ground during one
pass over a specific area (during one orbit). Our goal is to
select and schedule observations so as to maximize a total
reward. The problem is overconstrained in the sense that
capturing all candidate acquisitions is usually infeasible.

2.1 Space Discretization and Candidates
POIs

For the sake of the learning approach mentioned in the in-
troduction, we define the candidate observations from the
point of view of the satellite (satellite-centered representa-
tion of the candidate observations), instead of using a fixed
meshing of the Earth surface as usually done in the liter-
ature. This choice allows us to learn a unique scheduling
feasibility model that can be reused for all the satellite re-
volutions over the Earth, whatever the precise longitude at
which the satellite crosses the equatorial plane.

Formally, as illustrated in Figure 1, we build a grid of meshes
between two latitudes LatMin, LatMaz. To compute this
grid for a North-to-South pass over all potential observation
targets, we follow the process described below (the case of
a South-to-North pass is symmetric). First, we consider
different rolling angles (right-left rotations of the satellite
allowing to capture areas on the left and right of its ground
track). More precisely, we consider an angular step 6,
derived from the width of the field of view of the satellite
sensor, and a maximum number of steps [V, related to the
maximum observation angle usable to capture images. The
set of candidate rolling angles is then R = {k - J, |k €
[~ N;, N,]}. To define different positions of the satellite on
its orbit, we consider an initial time ¢g at which the satellite



reaches latitude LatMazx and a time-step §; derived from
the length of the field of view of the sensor and the speed
of the satellite on its orbit. We also define the number of
time-steps [V, required to reach latitude LatMin. The set of
candidate positions of the satellite on its orbit is then derived
from the set of times T' = {to + k- d: | k € [0, Ny — 1]}
and the space mechanic equations. From the previous sets of
candidate rolling angles and candidate satellite positions, we
build a grid of meshes by projecting, for each configuration,
the field of view of the sensor on the Earth ellipsoid. This
grid contains I rows and W columns, where I = N; and
W=2-N,+1.

In the following, we denote by M the set of meshes obtained
from this discretization process, and each potential POI of
the problem is mapped to the center of a mesh in M.

2.2 Optimization Problem

As an input, we consider a set of candidate observations
M C M. This set is strictly included in M when the end-
users require images only on specific points on Earth. For
each candidate observation ¢ € M, we have: (i) a position
P; € [1..H] x[1..W] in the grid; (ii) atime window [S;, E;],
during which observation ¢ can be performed, derived from
a fixed maximum observation angle and from the ability
of the satellite to point towards right-left and/or forward-
backward directions; (iii) a reward Rw; depending on the
user requirements and the weather forecast (the higher the
cloud coverage prevision, the lower the reward).
Additionally, the satellite must maneuver between success-
ive observations in order to point its sensor towards the
right direction at each step. In the following, we denote by
tt the transition function such that ¢t (4, j, t) returns the dur-
ation required by a maneuver from a configuration where the
satellite is pointed to observation ¢ € M to a configuration
where the satellite is pointed to observation j € M, when
the maneuver starts at time ¢. This transition function is
time-dependent (it depends on t) mainly due to the motion
of the satellite on its orbit along time.

Definition 1 (EOSP). The Earth Observation Scheduling
Problem (or EOSP) consists in finding a sequence of obser-
vations o = |01, ...,0k]| such that: (i) each candidate ob-
servation in M appears at most once in o; (ii) the successive
observations can be performed during the allowed time win-
dows; formally, the earliest start time of the first observation
is 85, = Sg,, the earliest start time of the kth observation
is given by s,, = max(Ss,, Sy, + tH(Tk—1,0k; Sor_1))s
and condition s,,, < E,, must be satisfied for every ob-
servation oy, involved in o; (iii) the total reward collected
(> _ico Rw;) is maximized.

In terms of Operations Research, the problem obtained is
a Time-Dependent Orienteering Problem with Time Win-
dows (TD-OPTW) [20]. This problem is known to be NP-
hard [©]. Therefore, it is usually addressed using incomplete
methods, such as ant colony optimization [~ ], iterated local
search [/], or large neighborhood search (LNS) [70]. The
mapping between EOSP and TD-OPTW has been studied
in previous works and attacked using large neighborhood

search specifically [!7]. Most of these local search or me-
taheuristic methods start searching from good quality solu-
tions found by a heuristic greedy algorithm. We also use
this approach as a baseline in our investigations.

3 Learning the Schedule Feasibility

For an EOS, schedules for successive orbits must be optim-
ized several times a day over several years of operation. To
solve this highly recurrent problem, we propose to learn,
during an offline phase, a set of constraints called feasibil-
ity constraints that should be satisfied by any selection of
observations.

3.1 Global Approach

To learn feasibility constraints during an offline phase, we
combine two distinct learning approaches: (1) based on
machine learning methods, we learn a globally feasibility
function feasibilityNN evaluating whether a set of POIs can
be observed during a single satellite pass; (2) based on oper-
ations research methods, we learn hard capacity constraints
limiting the number of POIs that can be observed within
specific areas. More specifically, for the second point, we
consider a set of rectangular areas A in the grid of meshes,
and for each area a € A we try to compute the maximum
number of POIs that can be observed within a during a
single satellite pass, referred to as Capacity,,.

During the online phase where a set of candidate observa-
tions M is available, the idea is to exploit the previous feasib-
ility constraints to compute in a coarse-grain fashion an op-
timal selection of observations, before working on detailed
scheduling decisions. Equation (1), Equation (2), Equa-
tion (3) and Equation (4) give the corresponding coarse-
grain optimization model, where Boolean variable z; takes
value 1 if the ¢th candidate mesh is selected, and value 0
otherwise. In Equation (2), function feasibility NN exploits
the global feasibility function expressed as a neural net-
work classifier to determine whether an assignment of the
x; variables is feasible. In Equation (3), the hard capacity
constraints enforce upper bounds about the selection. As a
result, the hybrid approach proposed combines on the one
hand a constraint-based optimization model that must be
solved online, several times per day, to compute a plan for
the satellite over the next decision horizon, and on the other
hand learning techniques through the offline computation of
function feasibility NN and bounds Capacity,,.

maximize ), Rw; - z; (1)
feasibilityNN (x5, . .., xp7) = 1 2)
Ya € A, Z x; < Capacity, 3)

i€EM | P;€a
Vie M, z; € {0,1} 4)

One of the main advantages here is that the optimization
model proposed is focused on the selection aspect and does
not directly use the time-dependent transition function ¢t
that is associated with costly computations. As the calls
to the transition function are the main bottleneck of the
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Figure 2: Examples of maximum sets of meshes observable
by the satellite during a single pass (mesh indices on the
x-axis and y-axis): (a) sparse instance, (b) dense instance,
(c) mixed instance

search methods in practice, building a surrogate model of
the feasibility function is highly relevant. In the following
we successively detail how the global feasibility function
feasibility NN and the capacities Capacity, are learned.

3.2 Learning a global feasibility function

3.2.1 From a Scheduling Feasibility Function to a Clas-
sification Problem.

From a machine learning point of view, if we consider the
grid of candidate meshes as an image where each pixel
is black if the corresponding mesh is activated and white
otherwise, our goal is to classify the images depending on
whether they correspond to feasible sets of observations.
On such an image, the satellite ground track would consist
in a straight vertical line crossing the middle of the z axis.
We will see later how we consider other local and global
features, derived from this initial image.

To illustrate the approach, Figure 2 provides images corres-
ponding to sets of meshes for which it is possible to find
feasible observation schedules given a realistic maneuver
model. More specifically, Figure 2(a) gives the image as-
sociated with the set of meshes activated in Figure 1. In
this case, the set of activated meshes is sparse and only a
reduced number of meshes are observed due to the time
consumed by the satellite maneuvers between the corres-
ponding acquisition tasks. On the other side, Figure 2(b)
gives an example of an image where the set of activated
meshes is dense. In this case, many contiguous meshes
are activated and many small maneuvers are used, which is
why the satellite is able to observe many meshes during a
single pass. Figure 2(b) also shows standard patterns where
the satellite observes strips of contiguous meshes that are
parallel to its ground track. Last, Figure 2(c) corresponds
to a mixed instance involving both clusters of meshes and
individual meshes spread over the observation area.

3.2.2 Input features and NN architecture.

In our study, three kinds of features are considered to classify
the images according to the feasibility of the mesh selection:

* Image: raw features corresponding to the activation of
individual pixels in the mesh selection image;
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Figure 3: Common architecture of designed neural networks

* Locals: features of a set of predefined slices of the
grid. Globally, we consider successive slices of height
h separated by r rows, h and r being two para-
meters of the method. These slices are defined as
Slicek.r+1’k.r+h = [k r+1.k-r+ h] X [1W} for
different values of k, so as to cover the whole grid.
For each slice Slicej.r1,k.r+1, We compute two fea-
tures: nMeshesInSlicey, that represents the number of
meshes activated in the slice, and dispersioniInSlice,,
that approximates the total maneuver time required to
successively visit the columns where meshes are ac-
tivated in the slice. On the last point, if we denote
by Columnsy = [c1,...,cg] the indices of the suc-
cessive columns where meshes are activated, we have
dispersionInSlice;, = Zie[an_l] TI_ttCols(ciy1—
¢i) where T1_ttCols () stands for a Time-Independent
approximation on the minimum transition time re-
quired by any maneuver traversing J columns; such
a transition time is non-linear in ¢, especially for small
maneuvers requiring an acceleration phase for the satel-
lite;

* Globals: features representing global metrics over the
set of selected meshes. Two global features are ex-
ploited: nActive, the total number of meshes activ-
ated in the grid, and costMST, the cost of a minimum
spanning tree covering all the activated meshes, given
that the cost of an edge between two activated meshes
i and j is defined from a Time-Independent approx-
imation T7_tt(i, 7) of the (time-dependent) transition
time between ¢ and j. Note that the cost of a min-
imum spanning tree is also used as an efficient lower
bound in works on traveling salesman problems with
time windows [0].

Figure 3 displays the architecture shared by all neural net-
works designed in this work. The first feature to point out is
that as a binary classifier, it returns a single number between
0 and 1 (thanks to the sigmoid activation function) embody-
ing probability ; in this case, it is a feasibility probability
for a given set of meshes. For the inputs, the three kinds of
features listed before can be activated or deactivated, which
gives us eight configurations ranging from a case where the
neural network is empty to a case where all the features are
used.



3.2.3 Feasibility Classifier and Generation of Training
Instances.

To train the NN classifier, we first build a set of feasible
mesh selections P, 4, that are maximal in terms of inclu-
sion. This means that for each maximal set P € P,,,.z, €ach
mesh selection P’ C P is feasible and the scheduling al-
gorithm estimates that it is not possible to activate one more
mesh in P while keeping the feasibility of the selection.
The examples provided in Figures 2(a) a 2(c) are maximal
positive instances obtained from a realistic time-dependent
maneuver model. On this point, the maximal instances built
are actually approximately maximal in the sense that the
feasibility of a mesh selection is tested based on an approx-
imate greedy algorithm that inserts the observations one by
one in the current sequence of visits, each time at a position
that is considered as the best one. Other efficient scheduling
algorithms could be used [!“], but it is worth mentioning
that determining whether a single mesh can be added to a
mesh selection while preserving the scheduling feasibility is
NP-hard, due to the NP-hardness of the Traveling Salesman
Problem with Time Windows [!“]. This is why we only
use approximate scheduling algorithms to estimate whether
a set of mesh activations is maximal.

Then, for each maximum instance P € Py, 4., We generate
N positive (resp.) instances by randomly deactivating (resp.
activating) meshes. To better approximate the feasibility-
infeasibility frontier, the number of positive (resp. negative)
instances generated is higher for small numbers of meshes
deactivations (resp. activations). Details about the instance
generation protocol are given in the experimental section.
All the positive and negative instances generated are used
to train the neural network, together with all the maximum
instances.

3.3 Learning capacity constraints

We now describe how the areas A and the bounds
{Capacity,,a € A} used in Equation (3) are defined.
We recall that H and W respectively denote the height
and width of the grid of meshes. The areas manipu-
lated correspond to slices of meshes of various heights.
More precisely, for each h € [1..H], we consider a slice
Slice1 j, = [1..h] x [1..W] covering h successive rows and
the entire grid width. Then, we solve an EOSP as defined
in Definition | for a set M containing one candidate ob-
servation ¢ per mesh in [1..h] x [1..W], with a unit reward
Rw; = 1. The best total reward TotalRwj found for area
a = Slicey p, is then used to define capacity Capacity,, that
is Capacity, = TotalRw},. Due to the invariance of the
problem along the grid rows, reward TotalRw}, is exploited
to define a maximum capacity not only over slice Slicey p,
butalso over all slices Slicey1 k+n = [k+1..k+h]x[1.. V]
of height h for k£ € [0..H — h|. Note that for h = H, total
reward TotalRw7; gives the maximum number of meshes
that can be selected over the whole grid.

From a theoretical point of view, the previous process guar-
antees that any solution of an EOSP problem defined over
the grid must satisfy the capacity bounds, otherwise the op-
timal rewards found above would not be optimal. However,

one difficulty is that solving the previous EOSP problem in
NP-hard, because it contains the standard Traveling Sales-
man Problem with Time Windows as a special case [|"].
As a result, finding the optimal total reward TotalRwj, is
not necessarily easy for large grid slices.

To overcome this difficulty, we exploit two main ideas.
First, we use an incomplete LNS solver instead of a com-
plete search engine to optimize the total reward. This
LNS solver is run during an arbitrary CPU time set to h
minutes. This implies that the capacities computed are
not guaranteed to correspond to actual hard constraints, but
it is worth mentioning that LNS is a state-of-the-art in-
complete method for Time-Dependent Orienteering Prob-
lems with Time Windows [“(]. Second, when optimizing
the total reward for slice Slicey 41, we reuse the solution
found for slice Slice; 5. Basically, the best solution found
for a slice Slice; j, selects customers within column range
[eming, cmaxy]. In practice, these customers are always
placed around the ground track of the satellite because such
customers have time windows that are large and contain the
windows of customers placed near the borders of the grid.
To simplify the resolution for height 2 + 1, we consider only
the customers located in area [1..h + 1] X [eminy,, cmazxy].
For high values of h, this heuristic approach strongly sim-
plifies the problem because the number of columns to take
into account is quickly reduced to only 3 or 4.

4 Integrating the Learned Model into
a Scheduler

This section describes how to exploit such trained models
within an EOSP solver. We first recall conventional meth-
ods.

4.1 Greedy Scheduler

In order to solve a planning and scheduling problem such
as EOSP or TD-OPTW, greedy algorithms are candidates
of choice. Basically, greedy algorithms tackle problems by
making the choice that seems the best at each decision step.
While this usually fails to lead to the globally optimal solu-
tions, it often creates solutions that have a quite good quality
[©]. In the Space domain, for operational satellites, greedy
algorithms are the baseline when it comes to scheduling
tasks, because (i) they are fast (polynomial time in gen-
eral), (ii) they can be guided by many efficient heuristics
exploiting information about the observation tasks and the
available time windows.

In the case of EOSP, Algorithm | sketches a greedy al-
gorithm, looping over candidate observations. At each step,
the idea is to select the best observation that can be added
to the current schedule and to insert this observation at its
best possible position in the sequence of observations. The
process continues until all the observations are scheduled or
there is no more place left in the current solution.
Selecting the next observation to schedule and its inser-
tion position is a decision that strongly impacts the qual-
ity of the final solution. For this, the algorithm relies on
two subfunctions that instantiate specific greedy heurist-



Algorithm 1 : GreedySch

Input : An EOSP p

Output : An admissible solution o

o |

continue <— true

while || # |M| and continue do
i+ selectObs (o,M)
if i # () then o < scheduleObs (i, 0, M)
else continue < false

return o

Algorithm 2 : Generic LNS
Input : A problem p
Input : An admissible solution s
Output : An admissible solution s*
s* s
while stop criterion is not met do
s’ +repair (destroy (s))
if accept (s',s) then s+ &'
if ), Rw; > ), Rw; then s* s’
return s*

ics. Function selectObs () first selects an observation
from set M given the current solution . Here, we con-
sider that the best observation is the observation ¢ € M
that is not already contained in ¢ and maximizes the ra-
tio between the reward Rw; and the additional time A;
required to maneuver between its predecessors and suc-
cessors 0 and o1 at the best feasible insertion position
in 0. By denoting as s, the earliest start time of observa-
tion oy, in the current schedule and by s; = max(S;, sy, +
tt(ok, 1, S5, )) the earliest time at which observation ¢ can
be performed after oy, this additional maneuver time is
A; = tt(og, i, sk) + (i, ox+1, $i) — tt(0k, Ok+1, Sk). The
observation selection heuristic then chooses an observation
in argmax{ % |i € M,i ¢ o}, the idea being to favor
observations that have the best "reward over maneuver time"
ratio given the current schedule, or in other words the best
yield. Function scheduleObs () positions the observa-
tion selected at the right place in the schedule. Note that
selectObs () and scheduleObs () can be optimized
by sharing some computations and data, but we omit these
details for sake of conciseness.

4.2 Large Neighborhood Search (LNS)

LNS is a metaheuristic method employed in optimization
problems, particularly those involving combinatorial op-
timization [!/]. It is an advanced version of the simpler
local search technique. Local search begins with an initial
solution to a problem, followed by an exploration of "neigh-
boring" solutions that are generated by making minor ad-
justments to the current solution. The aim is to discover a
solution that optimizes a specific objective function (e.g.,
minimizing expenses or maximizing productivity). How-
ever, local search can become trapped in local optima, where

all surrounding solutions are dominated by the current one.
LNS addresses this limitation by examining a much larger
set of neighboring solutions. In this extended neighbor-
hood, the solution modifications can be more significant,
potentially involving larger alterations of the current solu-
tion. This wider search allows LNS to potentially escape
from local optima and discover superior solutions overall.
An LNS algorithm for the EOSP is sketched in Algorithm 2.
It mainly alternates between destroy () and repair ()
operations to find a better solution. The destroy () op-
eration consists in deactivating some meshes from the cur-
rent solution, and the repair () operation consists in re-
filling the solution plan through mesh activations. To decide
whether the next destroy and repair operations have to work
on the new solution obtained, we use function accept ()
that can be implemented in different ways. The simplest
choice is to accept any solution after the repair process.

In our investigations we consider two LNS solvers:

LNS for Selecting Observations (LNSSel): in this case,
solutions are subsets of M, function destroy () re-
moves a portion of observations from the current solu-
tion with a priority for the deactivation of the obser-
vations that have a small ratio between the reward and
the distance to the set of activated meshes, and function
repair () adds as many observations as possible in
a greedy manner while checking the feasibility with
feasibility NN . Since checking the feasibility using
the surrogate is very fast, we can also afford multiple
restarts until reaching a given time limit. A restart is
performed after a fixed number of LNS iterations, and
to perform a restart we generate a new initial solution
containing 15 randomly chosen observations, enriched
with as many observations as possible, in a greedy
manner.

LNS for solving an EOSP (LNSSch): in this case, solu-
tions are sequences of observations from /. Function
destroy () randomly removes observations from
the current sequence with a priority to observations
close to the ones that just got removed, while function
repair () adds and schedules as many observations
as possible in a greedy manner, by calling the transition
function. Here, each observation activation involves
more computations than in LNSSel.

4.3 Using the Trained Models when Solving
EOSP

Figure 4 illustrates our hybrid approach. Itis composed of an
offline phase and an online phase. During the offline phase,
feasibility classifier is trained, and capacity constraints are
determined, as explained in Section 3. The online phase
first selects a subset of good candidate observations M’ us-
ing an LNS based on our feasible NN model and capacity
constraints. Then, this subset is used as an input by an LNS-
based scheduler, whose initial point is obtained by a greedy
algorithm that attempts to schedule as many observations
from M’ as possible. This algorithm is developed to answer
two objectives. (i) The first objective is to take advantage of
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Figure 4: HySSEO components: (i) training on maximal instances is performed offline; (ii) from the initial set of observation
requests M, the selection component selects a subset M’ by using the trained feasibility model and capacity constraints; (iii)
finally M’ is used in priority by an LNS-based scheduler, that could add more requests from M if there is room for.

the surrogate feasibility function feasibility NN and capa-
city constraints to quickly compute good-quality solutions
by exploring many observation selection strategies, instead
of directly using complex time-dependent scheduling opera-
tions. (ii) The second objective is to challenge the robustness
of the surrogate model feasibility NN, by first searching for
an optimal set of selected meshes M’ C M according to
this model and then checking, based on the standard LNS
algorithm for EOSP, whether all meshes in M’ can actu-
ally be simultaneously observed. From a machine learning
point of view, this objective is more challenging than just
classifying some randomly generated instances.

5 Experimental Evaluation

Now, we provide an experimental analysis on both the pre-
cision of the learned classifier and its capacity to select
good sets of candidate observations within an EOSP solv-
ing process. The EOSP solvers are implemented in Java and
executed on 20-core Intel(R) Xeon(R) CPU E5-2660 v3 @
2.60GHz, 62GB RAM, Ubuntu 18.04.5 LTS, with an Open-
JDK 11.0.9 JVM. The machine learning models have been
developed and pre-trained using pytorch library in Python
3.11 [14]. These models have been serialized in ONNX
and then loaded and called by our solvers using the ONNX
Runtime for Java [].

5.1 Generation of the positive and negative
instances

From each maximal set of meshes P* € Py, 4., we generate
35 positive instances by deactivating m meshes belong-
ing to P* (random choice of the meshes deactivated). To
better approximate the feasibility-infeasibility frontier, we
generate more positive instances for small values of m: we
generate K; = 6 random positive instances for m = 1, and
for m € [2,10], we generate K,, = round(5/6 - K1)
positive instances. Additionally, we generate K~19 = 6
positive instances where more than 10 meshes are deactiv-
ated. Similarly, for each maximal instance P* € P4z,
we generate 35 negative instances by randomly activating at
least one mesh that does not belong to P* (random choice
of the meshes activated). Again, to better approximate the
feasibility-infeasibility frontier, we generate more negative
instances for small values of m, using the values of K,
introduced before. For last, each instance belongs to one
out of five archetypes: dense instances show a huge amount

dense mixed sparse flat borders
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Figure 5: Classification results for five classifiers (Image,
G, {G,L5}, {G,L13}, and CC) on five types of instances
(dense, mixed, sparse, flat and borders). On each graph,
each dot corresponds to a test instance classified by the
model, green if correctly classified and red otherwise. Neg-
ative instances are represented by crosses and positive in-
stances by pluses. The z-axis is for the instance number
while the y-axis is the amount of activated meshes in the
instance.

of activated meshes that are close to each other, implying
small maneuvers; mixed instances have many isolated ac-
tivated meshes with a few clusters of close meshes; sparse
instances only have isolated meshes, and therefore a smal-
ler amount of observable meshes due to higher maneuver
durations; flat instances show meshes displayed mostly hori-
zontally, which is less easy to capture for the EOS; borders
instances are characterized by a high amount of meshes
near the borders of the meshing, which have smaller vis-
ibility time windows. We aim to cover realistic cases and
distinguish the ease of observing a whole set of POIs based
on the geometry of the instance.

5.2 Precision of the learned classifier

As explained in Section 3.2.2, several NN models have
been designed for different input features. Figure 5 shows
the results of several such models. Models Image and G
take as input only the corresponding features described in
Section 3.2.2. {G,L5} and {G,L13} are based on global
and local features computed according to the description of
Section 3.2.2. {G,L5} considers successive slices of height
h = 5 separated by r = 1 row, while {G,L13} considers



Table 1: Error rates for the classifiers and each instance type: dense (D), mixed (M), sparse (S), flat (F), borders (B).

NN model Image G {G,L5} {G,L13} CC
Instancetype | D | M| S| F | B | D | M|S|F| B | D S|F/B|D|M|S|F|B|D|M|S|F|B
Errorrate (%) | 25 | 24 | 25 |21 |20 | 46 | 19| 11 | 11 | 98 | 6.6 | 11 | 12 | 13 | 13| 6.6 | 9.1 | 12 | 12 | 13 | 42 | 45 | 46 | 45 | 46

Image G G,L5 G,L13 cc

Error ratio

0
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Figure 6: Error rates of designed neural networks for differ-
ent numbers of meshes added (positive value) or removed
(negative values) from maximal instances.

successive slices of height h = 13 separated by » = 6
rows, implying much less NN inputs. Finally, a classifier
based only on the capacity constraints (CC) claims that
an instance is feasible if and only if it satisfies these con-
straints. The error rates of all these models are shown in
Table 1, which indicates that models with global features
perform best. Models with the image input do not show
good performance in the current architecture, which is why
our study is focused on the three other NN models. In ad-
dition, since capacity constraints are necessary feasibility
conditions, they classify instances poorly on their own. On
this point, only a minor part of the negative instances in
the dataset are well classified by the CC approach, since
activating less than 10 additional meshes rarely leads to a
violation of the capacity constraints. Figure 6 provides the
error rates of the models as a function of the number of
meshes activated and deactivated in the positive and negat-
ive instances respectively. It shows that the G and {G,L5}
models appear to be slightly more robust while {G,L13}
gives fewer false positives. Finally, the CC classifier re-
turns no false negative. This makes sense since it classifies
the instances based on necessary feasibility conditions, and
it returns only false positives. Consequently, only the three
most promising models are kept for testing in our HySSEO
method.

5.3 Performances of HySSEO

Table 2 shows the results of the runs performed to evaluate
the online algorithm. The learned model used in the LNS-
Sel part of HySSEO varies between G, {G,L5}, {G,L13},
and all of the feasibility checks used in this part also verify
the capacity constraints learned offline. As preliminary
results have shown that neural networks alone are not suffi-
ciently constrained on dense instances and may return large
sets of observations whose cardinality exceeds the capacity
constraints, models G, {G,L5}, and {G,L13} are combined
with CC in all of our tests. A last HyYSSEO algorithm is
used to be compared with and does not include any NN: it
only checks the capacity constraints. The algorithms are run
for 1 and 5 minutes in order to compare their ability to con-
verge faster or produce better results with enough time. For
a fixed timespan, in the HySSEO algorithms, 16% of that
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Figure 7: Average inference time (in ms) for each number of
activated meshes in the current solution.
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Figure 8: Average insertion time (in ms) of an observation in
the current schedule as a function of its current size.

timespan is used by LNSSel, 34% is used by LNSSched
on the set of observations returned by LNSSel, and the re-
maining 50% of the computation time is used to optimize
the insertion of other remaining requests. Table 2 shows
the performance of the algorithms with mean £ std on 100
instances equally composed of dense, mixed and sparse in-
stances, with 200 observation requests. The optimality gap
is obtained by comparing to an LNSSched algorithm work-
ing on the full set of requested observations during a longer
computation time of 1 hour. In the table, nSites is the num-
ber of observations involved in the final schedule, and LN S
(resp. LN Ss) refers to the first (resp. the second) use of
LNSSched in HySSEO. The results show that the baseline
LNS is beaten on average by all of our HySSEQO algorithms,
regardless of the allowed computation time. In addition, ex-
cept for dense instances where CC + {} is highly efficient,
using one of our three neural networks to compute feasibil-
ity checks improves the solution quality. In the experiments,
the capacity constraint checks tend to return much too large
request sets on mixed and sparse instances since it is blind
with regards to the actual maneuver times required within a
slice of meshes. However, we can note that configuration CC
returns the best solutions after the first LNSSched, which is
quite natural since it is easier to obtain a good solution when
requests are less filtered. On the other hand, for the three
NN-based HySSEO algorithms, the post-insertion process
has a higher impact since the initial LNSSel phase is more
constrained in this case. These three NN-based approaches
show similar results in terms of solution quality. Figures 7



Table 2: Scheduling performance metrics.

Instance 1 minute 5 minutes
type

LNS CC+{G} | CC+{G,L5} | CC+{G,L13} CC+{} LNS CC+{G} | CC+{G,L5} | CC+{G,L13} CC+{}
nActive n/a 61.6+13.6 | 59.6 £11.3 60.6 £12.5 62.0£14.2 n/a 61.5+13.5 | 60.1+11.8 60.6 +12.6 62.1+14.2

nSitesLNS; n/a 42.0+9.0 | 41.8+8.7 42.1+9.0 41.5+8.8 n/a 42.44+8.9 | 42.4+9.0 42.4+94 41.9+8.9

Dense gapL N Sy (%) n/a 7.6+3.9 8.3+3.6 7.7+4.2 7.24+4.0 n/a 5.9+2.7 6.6 +2.7 6.6 +3.5 6.1+3.1
nSitesLNSy;  47.2+9.1 | 45.6+9.1 459+ 8.6 45.7+£9.2 456+8.9 | 47.8+9.0 | 46.8+9.1 46.9+£9.0 47.0+£9.1 46.7 £ 8.7

gapLN S3(%) | 5.5+ 3.6 3.6+£2.7 3.9+2.0 35+22 3.3+20 2.84+2.2 20+1.4 1.9+1.5 2.0+ 1.3 1.8+1.5

nActive n/a 66.5+4.9 59.3+3.5 56.8 +4.0 97.5+£0.7 n/a 674+4.0 60.2 £ 3.4 58.1+4.2 97.5+0.7

nSitesLN Sy n/a 46.4£5.3 475+ 3.8 47.4+£5.2 46.9 £ 2.7 n/a 46.5£5.5 47.9£4.0 48.3+4.5 48.1+£29

Mixed gapLN Sy (%) n/a 18.8+6.8 17.3+£6.7 17.8 +£6.9 10.0 £ 3.9 n/a 17.6 £ 6.7 14.8 £ 5.7 153 £5.7 7.0+£3.2
nSitesLNSy | 52.1+3.3 54.0+29 53.9+3.0 54.1 +£3.0 51.8+ 28 53.4+27 | 54.8 +2.6 54.3+29 54.7+2.7 53.5+24
gapLN Sy (%) | 7.4+3.9 4.8+25 4.8+2.4 44+23 5.4+ 3.2 4.0+34 1.7+1.5 2.24+1.6 2.0+ 1.6 24422

nActive n/a 49.2 £1.7 48.9 £ 2.1 46.3 £ 2.1 97.8 £ 0.4 n/a 491+ 1.3 49.5+2.2 46.7 £ 2.6 97.7+£0.5
nSitesLN Sy n/a 39.3+£4.2 43.1+£3.0 42.6 £2.8 43.5+1.6 n/a 39.6 £3.8 43.9£3.0 43.6£29 44.7+1.9

Sparse | gapLNS;(%) n/a 18.1+17.6 13.1+4.6 16.1 +£4.6 7.7+ 3.0 n/a 162 +7.1 11.1+4.3 13.3+£38 52429
nSitesLNS, | 46.8+1.6 472+ 1.7 475+ 1.7 479+1.9 46.5+ 1.5 475+ 14 477+ 1.6 480+ 1.3 482+ 1.5 474+1.8

gapL N S5 (%) 6.6 £2.7 3.1+20 4.3+£2.0 50+2.5 50+24 3.7£20 21+13 20+1.7 ‘ 254+1.9 2.6+2.1

et 8 display the average inference time for feasibility checks
in LNSSel and the average insertion time of a request into
the current schedule in LNSSched, respectively. As ex-
pected, our learned model allows us to check the feasibility
of a set of requests much faster than the feasibility of an
actual observation insertion into a schedule. Note that the
first kind of checks slightly increases with the number of
activated meshes due to the operations required to compute
features such as costMST, while the second kind of checks
is much slower since it requires testing each insertion posi-
tion in the worst case. In Figure 8, the behavior around 60
requests is due to the different kinds of instances involved
in our dataset. More precisely, for many instances, the max-
imum number of selectable observations is around 60, and
in this case testing all the possible insertion positions is
long, while for other instances (typically the dense ones),
the maximum number of selectable observations is much
higher, and in this case finding a feasible insertion position
is not that hard.

6 Conclusion

This paper proposes a novel approach to approximate, using
a neural network, a feasibility constraint for a set of obser-
vation tasks by a satellite. The main idea is to map the
feasibility check to a classification task, based on local and
global features of the set of POIs. We evaluated the classific-
ation performance of several combinations of features, and
used them to select good subsets of candidate observation
tasks upstream of a conventional scheduling process based
on greedy search and large neighborhood search. Com-
bined with this classifier we also propose approximate ca-
pacity constraints, to help the NN discriminate unfeasible
observation sets. The resulting feasibility classifiers have a
small error rate, even on very hard instances, and HySSEO
is better than baseline methods in terms of solution qual-
ity. Computing local features for feasibility does not seem
to improve the solution quality, and combining global fea-
tures and capacity constraints is sufficient to provide results
among the best.

One of the next steps is to apply this hybrid Al approach

to plan the observations of several satellites. In this case,
the problem to be solved is similar to a team orienteer-
ing problem. The latter is much harder to solve since it
involves decisions on the allocation of observation tasks to
the satellites, instead of just observation selection decisions.
On this line, we believe that the techniques proposed and
tested in a mono-satellite context can be highly relevant in
multi-satellite scenarios, to explore large sets of observation
dispatching decisions contrarily to traditional EOS planning
methods that are slowed down by the computation of can-
didate maneuvers for many candidate observation insertion
positions across all the satellites of the constellation. In an-
other direction, we are also considering using our feasibility
model as a constraint in constraint programming or linear
programming frameworks, as in the Empirical Model Learn-
ing approach, which consists in encoding neural networks
into linear constraints, so as to approximate non-linear or
costly constraints [ 5].
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