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Abstract—The new generation of active imaging agile Earth
observation satellites (AEOS) offers unprecedented imaging
flexibility through variable observation durations and multiple
pointing directions. These capabilities make the AEOS imaging
scheduling problem (AEOS-ISP) substantially harder, and no
exact method has been proposed so far. This work presents the
first exact Constraint Programming formulation for the multi-
satellite AEOS-ISP, considering active imaging, multiple imaging
directions, and sequence-dependent transition times. Experiments
on a newly generated benchmark show that the model solves
small to medium sized instances to proven optimality within very
short times, and is competitive with non-exact approaches.

Index Terms—active imaging agile Earth observation satellites,
imaging scheduling, constraint programming

I. INTRODUCTION

Earth observation satellites (EOS) acquire images of ground
targets in response to customer requests, supporting time-
critical applications such as disaster management, climate
monitoring, and defense [1]. As constellations grow in size and
agility, the EOS imaging scheduling problem (ISP), coordinat-
ing multiple satellites under limited visibility, maneuvering,
and sequencing constraints, becomes a highly constrained,
NP-hard combinatorial problem demanding fast and reliable
decisions [2], [3].

Satellites can be classified as non-agile, semi-agile (SEOS),
or agile (AEOS). Unlike SEOS, which acquire strips parallel
to the satellite orbit by orbital motion (i.e., the sensor im-
ages targets passively as the satellite moves along its orbit,
without maneuvers during the observation), AEOS image in
arbitrary directions and maneuver while imaging [4], [5]. This
capability, known as active imaging, substantially increases
the number of visibility opportunities and turns the duration
of each observation from a fixed value into an optimization
decision, sharply enlarging the search space.
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Existing work mostly considers the SEOS-ISP, with both
exact and non-exact methods having been proposed. However,
these methods do not extend to the AEOS-ISP, as they
assume fixed imaging durations and directions. Research on
the AEOS-ISP considering active imaging capabilities is at
an early stage and relies exclusively on non-exact methods
[4]–[7], with no exact approach proposed to date. We address
this gap with the first exact Constraint Programming (CP)
formulation for the AEOS-ISP, considering variable obser-
vation durations, multiple imaging directions, and sequence-
dependent transition times. Our model can be directly ap-
plied to both SEOS-ISP and AEOS-ISP scenarios, supporting
different target types and mission configurations. We further
introduce a new benchmark and the first comparison against
a state-of-the-art non-exact method [8].

Compared to previous exact methods developed for the
SEOS-ISP, our model accounts for: (1) variable-length ob-
servation windows, allowing imaging durations to vary for
the same target; (2) multiple imaging directions, making
the pointing direction a decision variable; and (3) sequence-
dependent transition times, which capture satellite maneuvers
between consecutive observations.

II. PROBLEM DESCRIPTION

Let us consider a constellation of satellites I = {1, . . . , I}
and a set of observation targets N = {1, . . . , N}. Targets
are decomposed into a set of strips J = {1, . . . , J}, each
considered as an individual observation task and associated
with a priority weight wj . Each strip must be observed
continuously in one of two imaging directions, orbital (l=0) or
opposite-orbital (l=1). Each satellite completes several orbits
k ∈ Ki within a 24 h horizon, generating visible time windows
(VTW) vwijkl for strip j on orbit k in direction l. Each strip
can only be observed in one of the corresponding VTWs.

Because AEOS maneuver during observations, the process-
ing time of each strip pijkl is a decision variable, bounded
below by the satellite’s maximum angular velocity and above
by the VTW duration. Each observation is defined by its imag-
ing angles, so maneuvering between consecutive observations



TABLE I
SUMMARY OF RESULTS PER INSTANCE CONFIGURATION.

Strips No. interval variables No. constraints Gap (%) Time (s)

17–36 353 29 0 0.02
50 736 54 0 0.05

70–95 1074 80 0 0.33
66–96 934 81 0 0.97

109–148 1865 134 0 3.92
113–169 1688 141 0.8 2164.35*

169–201 2329 191 3.36 2524.99*

*TL reached on some of the instances.

requires a sequence-dependent transition time ∆(ijkl),(ij′k′l′).
VTWs and transition times are computed before scheduling,
becoming input parameters of the problem. The goal of the
AEOS-ISP is to decide which satellite observes which strips,
on which orbit, and in which direction, so as to maximize the
total priority weight of the observed strips.

III. CONSTRAINT PROGRAMMING MODEL

The model uses IBM ILOG CP Optimizer, whose interval
and sequence variables are tailored to scheduling [9]. For
each VTW we define an optional interval variable Xijkl,
representing the time interval during which strip j is observed
by satellite i in VTW vwijkl. We also define an optional
interval variable Yj to denote the interval of time during which
strip j is observed, and a sequence variable Si to describe the
order of the strips assigned to satellite i. The CP formulation
can be stated as follows:

max
∑
j∈J

wj × presenceOf(Yj) (1)

s.t.

alternative
(
Yj , {Xijkl | i ∈ I, k ∈ Ki, l ∈ {0, 1} }

)
,∀j ∈ J (2)

noOverlap
(
Si, ∆(ijkl),(ij′k′l′)

)
,∀i ∈ I (3)

The objective (1) is to maximize the number of observed
strips according to their priority weights. The scheduling con-
straints rely on the CP Optimizer global constraints alternative
and noOverlap. Constraints (2) assign each observed strip to
exactly one VTW, while constraints (3) define the observation
sequence of each satellite, guaranteeing that only one strip is
observed at a time and embedding the transition times between
consecutive observations.

IV. COMPUTATIONAL STUDY

As no standard AEOS benchmark exists, we generated
instances by adapting SEOS datasets [1], [10], [11], using a
four-satellite constellation over a 24 h horizon and different
numbers and types of targets. We defined seven different
configurations, each with ten instances. The model was solved
with CP Optimizer 22.1.1 (DOcplex) on a MacBook Pro
(Apple M3, 16 GB RAM), with a 1 h time limit (TL).

Table I summarizes the average results across our instances,
reporting the number of strips, the average numbers of interval
variables and constraints, and the average optimality gaps

and run times. For the smaller instances (the first five con-
figurations), the model consistently proves optimality within
just a few seconds. For the larger instances (the last two
configurations), although optimality cannot be proven for all
instances within the imposed time limit, the model still obtains
feasible solutions with small average optimality gaps.

Compared with the non-exact method of [8], our model
is competitive in solution quality and significantly faster. On
instances of comparable size and complexity, even without
proving optimality within the imposed time limit, our model
reaches feasible solutions with gaps below 1% in only 10 s,
whereas [8] requires on the order of 103 s to attain comparable
solutions.

V. CONCLUSIONS

This work presents the first exact CP formulation for the
AEOS-ISP, considering variable imaging durations, multiple
imaging directions, and sequence-dependent transition times.
Our model proves optimality for small to medium instances
within very short times and is competitive with non-exact
methods while providing explicit optimality bounds. Future
work will improve scalability and add energy and memory
constraints.
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