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Abstract. Effective scheduling of tasks for nanosatellites is essential,
given their limited onboard resources and capabilities. In a typical nano-
satellite mission, the onboard computer has to run payload tasks linked
to the mission objective, such as observations and measurements for sci-
ence campaigns, but also communication and avionic tasks needed for
navigation and safety. We consider a partitioned real-time system where
a partition is a job that embeds a set of elementary tasks implementing
one of the above-described functions. The offline nanosatellite partition
scheduling problem consists in scheduling a set of partitions on a single-
core processor within a fixed time frame that will be repeated cyclically,
while maximizing the number and duration of scheduled payload parti-
tions. The paper first establishes similarities and differences with related
scheduling problems. We then prove that the problem is strongly NP-
hard. A Mixed Integer Linear Programming (MILP) matheuristic and
a Constraint Programming (CP) model are proposed. We compare the
MILP and CP approaches in a multi-objective context and demonstrate
the relevance of the latter to solve the problem efficiently both on ran-
domly generated instances and on a real nanosatellite case study of the
University Space Center of Toulouse: the NIMPH project. The CP model
is embedded in NanoSatScheduler, an open source software with a user
interface designed for the offline nanosatellite partition scheduling prob-
lem. For the NIMPH real-case study, the proposed solution outperforms
the semi-manual approach used so far. As a result, the NIMPH team has
adopted NanoSatScheduler as an operational tool for their mission.

Keywords: Constraint Programming · Mixed Integer Linear Program-
ming · Nanosatellites · Offline Partition Scheduling · Periodic Scheduling

1 Introduction

In scientific nanosatellite missions, the onboard computer has to orchestrate
scientific and avionic tasks related to the mission objective and the proper func-
tioning of the nanosatellite. We consider the case where isolated threads, also
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called partitions, are run on a single-core processor. Each partition encapsulates
a segment of the application code. The principle of a partitioned system ensures
space and time isolation of applications with different levels of criticality [27].
Typically, some partitions correspond to payload tasks with low criticality but
high interest for the mission, while other partitions correspond to avionic tasks
with high criticality for nanosatellite safety. In this paper, we introduce the of-
fline nanosatellite partition scheduling problem (ONPSP) and we refer to the
partitions as jobs for a better match with the scheduling literature. These jobs
are decomposed into elementary tasks of variable duration. The schedule is built
on a short time frame called the cycle time (e.g. 1 second) and is repeated in-
definitely until further notice. There are various intra- and inter-job constraints
that complicate the scheduling process. The time lag between two executions of
tasks of the same job can be constrained to have a maximum value. The latter
constraint is used to ensure the regularity of critical tasks within the time frame.
There are also minimum time-lag constraints within the tasks of the same job,
which represent a minimum amount of time required between two executions of
a payload task, that can be needed to save data, resetting an instrument between
two observations or just to spread the scientific observations over time. There are
also precedence constraints between tasks of different jobs, to represent a data
flow between tasks. Finally, some jobs may have a set of fixed times at which a
task must start, allowing the user to build upon an existing incomplete plan.

Although the models proposed in this paper are valid for many onboard
partitioned systems, our work takes place in a practical study, the Nanosatellite
to Investigate Microwave Photonics Hardware (NIMPH) mission, to be launched
in 2025 by the University Space Center of Toulouse (Centre Spatial Universitaire
de Toulouse, CSUT)3. This mission is an academic endeavor that is part of the
larger NanoLab Academy project launched by the French National Center for
Space Studies (Centre National d’Etudes Spatiales, CNES) in an effort to bring
students to develop and exploit their own spacecraft to aid in novel scientific
experiments. The NIMPH main mission is designed to prove the viability of
microwave photonics hardware, i.e. a new kind of radio frequency transmitter
that merges fiber optic and photonic devices, in space. The NIMPH nanosatellite
is based on the CubeSat architecture [10] and the tasks to be performed must
be scheduled on a single-core processor through the hypervisor ΧTratuM [15],
used for all NanoLab Academy missions.

Several objectives can be considered depending on the mission priorities.
In [21], we proposed a method to solve a variant of the problem aimed at mini-
mizing the context switches [6], i.e. the number of times the processor switches
from one job to another. The number of tasks and their durations were consid-
ered as fixed parameters for each job, the fixed start times were not considered
and the problem complexity was left open. With the evolution of the real project,
handling fixed start times and maximizing the number and duration of science

3 https://www.csut.cnrs.fr/en/project/nanosatellite-to-investigate-microwave-
photonics-hardware/
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jobs have become strict necessities, while context switches became of secondary
importance and are thus ignored in this study.

We propose a MILP-based matheuristic that adapts the MILP proposed in
[18] for a related nanosatellite scheduling problem and a CP model. Both aim at
generating an optimized schedule based on user-defined multiple objectives, con-
sidering the number of task occurrences and durations across different partitions.
The CP model is integrated into an open-source software called NanoSatSched-
uler that includes a user interface where the user can create/modify instances
and review/modify the solutions provided by the solver.

The remainder of the paper is organized as follows. In Section 2, we define
the problem and its objectives. In Section 3, the related work in the literature
is briefly presented. In particular, the similarities and differences with the previ-
ously considered offline nanosatellite task scheduling problem, and other (parti-
tion) scheduling problems are discussed. Section 4 establishes that the ONPSP
is strongly NP-hard. The MILP model and the matheuristic are detailed in Sec-
tion 5. The CP model and the user interface embedded in NanoSatScheduler are
presented in Section 6. Section 7 provides computational experiments. The two
approaches are compared on randomly generated instances and on the real-case
study. Conclusions are drawn in Section 8.

2 Problem Definition

In the ONPSP under consideration, each job i ∈ J = {i = 1, . . . , n} consists of
elementary tasks. For each job, there is a minimum number of tasks mi and a
maximum number of tasks mi such that the actual number of scheduled tasks
mi ∈ [mi,mi] is a decision variable. Set Mi = {1, . . . ,mi}, denotes the indices
of all potential tasks of job i ∈ J and once mi is chosen, the scheduled tasks
are assumed to have indices {1, . . . ,mi}. All scheduled tasks must not overlap,
as they run on a single-core processor, and within the time frame [0, h], where
h is the cycle time. Each task in each job i has a minimum duration p

i
and a

maximum duration pi and the actual duration pi,j ∈ [p
i
, pi] of a scheduled task

j of job i is also a decision variable . The start time of each scheduled task and
the start time of its immediate successor within the job, if it is scheduled, must
be separated by at least lagmin

i time units (minimum time lag). Additionally,
the end time of each scheduled task and the start time of its successor, if it is
scheduled, must be separated by no more than lagmax

i time units (maximum
time lag)4. Due to periodicity, the time-lag constraints have also to be enforced
between the last scheduled task of the job and the first scheduled task of the job.
More precisely, if the first task of job i starts at time t, its last task starts at time
t′start and ends at t′end, then h−t′start+t ≥ lagmin

i and h−t′end+t ≤ lagmax
i . For

each job i, we have a set of Qi fixed start times Ti = {ti,1, . . . , ti,Qi
}. There must

be exactly one task of job i scheduled to start at each of the fixed start times in
Ti. Moreover, there is a set E of precedence constraints between different jobs.
4 Modeling start-to-start and end-to-start time lags is a request from the NIMPH

team, but this can be easily modified for other nanosatellite missions.
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A precedence constraint (i, i′) ∈ E states that if task (i′, j) is scheduled, then
task (i, j) should be scheduled before it in the time frame.

Depending on the mission contexts, the effort of one or more jobs must be
optimized, either by maximizing the number of tasks or the overall duration
of the corresponding job. Those multiple – and conflicting – objectives are user
defined. The weights ui and vi respectively define the importance of maximizing
the number of tasks and total duration for each job, thus allowing users to
finely tune their objective. The objective function of the ONPSP is given by (1).
We provide a solution for an ONPSP instance as an illustrative example of the
problem in Figure 1.

n∑
i=1

mi∑
j=1

ui + vipi,j (1)

0 2 4 6 8 10 12 14
Time

A AB C C

Fig. 1. In this toy example, we have 3 jobs (A,B,C), with mA = 1, mA = 3; mB =
mB = 1; mC = mC = 2. Job A is the only one with variable duration, p

A
= 2, pA = 4.

The only precedence constraint is (A, B), so at least k tasks of job A must occur before
the k-th task of job B. We have lagmin

A = 5 and lagmax
C = 5. TB = {2}, so the only task

of job B must start at t = 2. In this example, the objective is to maximize the number
of tasks for job A first (uA = M , with M a large number), then we want to maximize
the total duration for A (vA = 1). For the other jobs i ̸= A, we have ui = vi = 0.

3 Related Works

The literature on scheduling for nanosatellites is divided between online (on-
board) and offline scheduling methods, such as in our study.

Although Rigo et al. [19] claim that online scheduling is not adapted to
CubeSat nanosatellites due to their limited onboard capacity and the need to
get close to optimal solutions, online scheduling approaches have recently been
investigated, in particular to evaluate online task scheduling strategies aimed at
minimizing power consumption [3, 7, 12–14, 24, 25, 28].

The literature on nanosatellite offline scheduling [4, 18–20, 23] focuses on
mathematical programming approaches for the offline nanosatellite task schedul-
ing problem (ONTSP). The ONTSP considers in the same model all kinds of
tasks performed by the nanosatellite: payload, communication, or operating sys-
tem tasks. The goal is to schedule them on a much larger time horizon than
in our problem, corresponding to at least an orbit (about 100 min) with a time
discretization of 1 min or 30 sec. A task must be scheduled within a time window
and can be started and stopped as required, but with a minimum and maximum
number of startups until the required duration reaches a value in a predefined
interval and the tasks can be performed in parallel. A limitation comes from
energy requirements, and the required power cannot exceed a given threshold to
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save energy. The ONTSP can be viewed as a coarse-grained scheduling problem
for the satellite mission, while the ONPSP is a fine-grained scheduling problem
that can be seen as a lower-level problem whose solution is needed to implement
the high-level plan defined by the ONTSP solution.

The ONPSP is close to other offline (partition) scheduling problems in real-
time systems encountered in the literature. However, many of the proposed meth-
ods, including integer and constraint programming, deal with strictly periodic
scheduling on multi-core processors [1, 2, 5, 11, 16, 22]. The ONPSP involves a
single-core processor and minimum/maximum time lags offer more flexibility
than strict periodicity.

In the general scheduling literature, there are related single-machine prob-
lems, especially the single-machine problem with minimum and maximum time
lags that is NP-hard in the general case. In [26], several complexity results have
been established, but our problem appears as a special case due to the specific
time lag between the last and first scheduled tasks of each job, as well as the
presence of fixed start times. Similarly, our problem is a special case of NP-hard
cyclic scheduling problems [9], since there is no overlap of task instances between
two time frames. A specific study is therefore needed to formally establish the
complexity of the problem.

4 Problem Complexity

We establish the complexity of the ONPSP when the number of tasks for each
job i is fixed (mi = mi = mi) and the duration of each task of each job i is
also fixed (pi,j = p

i
= pi), the weight of the job in terms of number of scheduled

tasks is ui = 1 and its weight concerning its total scheduled duration is vi = 0.
There are no precedence constraints (E = ∅). The considered decision variant of
the problem asks whether we can find a schedule with the objective

∑n
i=1 mi,

i.e. whether we can schedule all tasks in the cycle time h.
The NP-hardness proof of the ONPSP follows from straightforward reduc-

tions from 3-Partition (see Figures 2 and 3). The 3-Partition problem asks
whether a set of 3m values {ek | k = 1, . . . , 3m} of total value

∑3m
k=1 ek = mQ

with m ≥ 1 integer and Q
4 < ek < Q

2 can be partitioned into a set of m triplets,
each of total value Q. The following theorems show that the problem difficulty
comes from the fixed start times and the minimum/maximum time lags, even
considered separately.

Theorem 1. The ONPSP is strongly NP-hard, even if mi = 1, lagmin
i = 0 and

lagmax
i ≥ h, ∀i = 1, . . . , n.

Proof. Consider the 3-Partition problem from which we build an instance of the
ONPSP as follows. Let h = m(Q + 1) − 1. We have 3m + 1 jobs where for
i = 1, . . . , 3m, mi = 1, lagmin

i = 0, lagmax
i = h, pi = ei and for i = 3m + 1,

mi = m − 1, lagmin
i = 0, lagmax

i = h, pi = 1. Job 3m + 1 has a set of m − 1
fixed start times t3m+1,k = {(Q+ 1)k− 1} for k = 1, . . . ,m− 1. The fixed tasks
of job 3m+1 leave only m idle intervals, each of length Q, on which the unfixed
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jobs must fit exactly since ∀i = 1, . . . , 3m, pi > Q
4 , it is not possible to schedule

4 jobs in a single interval. If strictly less than three jobs are scheduled within an
interval, then an idle time must be present since ∀i = 1, . . . , 3m, pi < Q

2 , which
does not allow to schedule all tasks in the m intervals. Hence, the 3-Partition
problem built this way has a solution if and only if the ONPSP has a solution.

⊓⊔

. . .

0 Q 2Q + 1 3Q + 2 4Q + 3
(m − 1)Q + m − 2

m(Q + 1) − 1

Fig. 2. Illustration of the reduction of 3-Partition to the ONPSP without lag. Grey
rectangles represent the m− 1 tasks with fixed start times.

Theorem 2. The ONPSP is strongly NP-hard, even if Ti = ∅, ∀i = 1, . . . , n.

Proof. Consider the 3-Partition problem from which we build an instance of
the ONPSP as follows. Let h = m(Q + 1). We have 3m + 1 jobs where, for
i = 1, . . . , 3m, mi = 1, lagmin

i = 0, lagmax
i = h, pi = ei and for i = 3m + 1,

mi = m, lagmin
i = lagmax

i = Q+1, pi = 1. It is easy to show that if the problem
is feasible, there is a solution that schedules the first task of job 3m+ 1 at time
Q and the last job at time h− 1. The m tasks of job 3m+ 1 partition the cycle
time in m idle time intervals of length Q where the other jobs must fit. The
3-Partition problem built this way has a solution if and only if the ONPSP has
a solution. ⊓⊔

. . .
Q − ϵ Q Q Q ϵ

m(Q + 1)

Fig. 3. Illustration of the reduction of 3-Partition to the ONPSP without fixed start
times. Grey rectangles represent the m tasks with constant lag.

Without fix start times or time lags, the problem becomes polynomial if we
only consider maximizing the number of tasks without precedence constraints. If
we consider duration maximization, we can reduce the problem to Subset-Sum
with or without precedence constraints (we need to select tasks with duration
ai such that

∑
ai = C, C being the time remaining when all mandatory tasks

are inserted). The only case that remains is when we only want to maximize the
number of tasks with precedence constraints, which corresponds in the 3-field
scheduling notation to 1|di = d, prec|

∑
Ui. We are not aware of complexity

results in this case.
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5 MILP Model and Scaling Matheuristic

5.1 Time indexed MILP

We propose a MILP of the problem directly transposed from the one proposed in
[18] for the related offline nanosatellite task scheduling problem, incorporating a
new modeling framework for the precedence constraints that are absent in [18].

Let yi,t be a binary decision variable that states whether job i is in process
at time period t and let zi,t denote a binary decision variable indicating whether
a task of job i starts at time t. For ease of notation, we denote as ρ(t) the time
period immediately following t in a cyclic schedule, i.e. ρ(t) = t+ 1 if t < h− 1
and ρ(h− 1) = 0 otherwise. Symmetrically, we denote as ρ−1(t) the time period
immediately preceding t in a cyclic schedule. We have ρ−1(t) = t − 1 if t ≥ 1
and ρ−1(0) = h− 1. We denote as I(t, δ) the cyclic interval of length δ starting
at time period t that can be defined by I(t, δ) = {τ1, . . . , τδ} with τ1 = t and
τq = ρ(τq−1) for q = 2, . . . , δ. Our MILP model is described below:

max

n∑
i=1

h−1∑
t=0

uizi,t + viyi,t (2)

subject to:

zi,t ≥ yi,t − yi,ρ−1(t) ∀i ∈ J ,∀t = 0, . . . , h− 1 (3)

zi,t ≤ yi,t ∀i ∈ J ,∀t = 0, . . . , h− 1 (4)
t+p

i
−1∑

τ=t

yi,τ ≥ p
i
zi,t ∀i ∈ J ,∀t = 0, . . . , h− p

i
(5)

t+p
i
−1∑

τ=t

zi,τ ≤ 1 ∀i ∈ J ,∀t = 0, . . . , h− p
i

(6)

t+pi∑
τ=t

yi,τ ≤ pi +

t+pi∑
τ=t+1

zi,τ ∀i ∈ J ,∀t = 0, . . . , h− pi − 1 (7)

mi ≤
h−1∑
t=0

zi,t ≤ mi ∀i ∈ J (8)∑
τ∈I(t,lagmin

i )

zi,τ ≤ 1 ∀i ∈ J ,∀t = 0, . . . , h− 1 (9)

∑
τ∈I(t,lagmax

i )

yi,τ ≥ 1 ∀i ∈ J ,∀t = 0, . . . , h− 1 (10)

∑
i∈J

yi,t ≤ 1 ∀t = 0, . . . , h− 1 (11)

πi,i′,0 = zi,0 − zi′,0 ∀(i, i′) ∈ E (12)
πi,i′,t = πi,i′,t−1 + zi,t − zi′,t ∀(i, i′) ∈ E,∀t = 1, . . . , h− 1 (13)
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zi,t = 1 ∀i ∈ J ,∀t ∈ Ti (14)
πi,i′,t ≥ 0 ∀(i, i′) ∈ E,∀t = 0, . . . , h− 1 (15)
zi,t ∈ {0, 1} ∀i ∈ J ,∀t = 0, . . . , h− p

i
(16)

yi,i′ ∈ {0, 1} ∀i ∈ J ,∀t = 0, . . . , h− 1 (17)

The objective (2) is to maximize the weighted sum of the number of tasks
and the total duration of each job. Constraints (3) and (4) link variables zi,t
and variables yi,t, in the sense that zi,t marks the start of a task of job i and
must be equal to 1 if the job is in process at time t but not at time ρ−1(t),
the previous time period in the cyclic sense. Constraints (5) and (6) enforce the
minimum duration for each task of each job. Constraint (5) states that if a job
i is (re)started at time t, the task must be in process during at least p

i
time

periods and constraints (6) prevent a job from starting twice during an interval
of length p

i
. Constraints (7) prevent a job from being scheduled more than pi

time periods within each interval of length pi+1 unless it is restarted within this
interval. Constraints (8) set the number of scheduled tasks of each job within the
required bounds. Constraints (9) and (10) enforce the minimum and maximum
time lags taking account of the cyclic context. Constraints (11) prevent tasks
from being scheduled in parallel. Constraints (12-13) are discussed in more detail
below. Constraints (14) are the fixed start time constraints. Constraints (15–17)
give variable domains (the variable πi,i′,t is also introduced below).

The MILP model proposed in [18] does not allow to tackle the precedence con-
straints. Modeling the precedence constraint between task (i, j) and task (i′, j) in
standard time-indexed MILP would require to index the “start” and “in-progress”
variable by the task index j, such that constraint

∑h−1
τ=t yi,j,t +

∑t
τ=0 zi′,j,t,

∀t = 0, . . . , h − 1 models the precedence relation. However, this would create
a much bigger MILP model with 2h

∑n
i=1 mi binary variables instead of 2hn

binary variables.To overcome this difficulty we propose a new way of modeling
the precedence constraints without increasing the number of binary variables, by
introducing a continuous decision variable πi,i′,t for each precedence constraint
(i, i′) ∈ E and each time period t.

Theorem 3. Constraints (12-13) enforce the precedence relation (i, i′) ∈ E.

Proof. Variable πi,i′,t is incremented as soon as a task of job i starts and is
decremented when a task of job i′ starts. Thanks to the non-negativity of the
variables, a task of job i′ can only start if a task of job i′ without an already
scheduled successor has started. ⊓⊔

5.2 Scaling Matheuristic

Unfortunately, for practical applications, even with this reduced model, the time-
indexed MILP formulation may have a huge number of binary variables, particu-
larly in our use case, where the cycle time lasts a second while task accuracy is of
the order of a microsecond. To address this issue, we propose a scaling matheuris-
tic that works as presented in Algorithm 1. Steps 1–3 downscales and rounds the
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data using a scale factor S to obtain an ONPSP aiming at being more restric-
tive than the original one. However, for fixed start times, no rounding choice is
a priori more restrictive. We apply the following procedure, determined experi-
mentally, to favor feasibility. We arbitrarily round up each fixed start time (step
3), but we prevent any task to be scheduled in the previous time period, except
if the earliest completion time of another fixed task is precisely this time period
(Constraint added at step 4). The resulting MILP may be infeasible while the
original problem is feasible, which is a clear drawback of this method, prone to
further improvements. In the case of success in solving the downscaled problem,
we build and solve an LP (step 8) to obtain the start times and durations in the
original scale. The tasks are ordered in the order obtained by the downscaled
MILP (constraint 18) and all constraints are linear. Note, however, that this LP
still may have no solution if the decisions taken by the downscaled MILP are
incompatible with the original scale.

Algorithm 1: Scaling Matheuristic
Data: an ONPSP instance P , a scaling factor S > 0
Result: an ONPSP solution (mi)i∈J , (si,j , pi,j)i∈J ,j=1,...;mi or fail
// Build a downscaled ONPSP instance (P ′)

1 h′ ←
⌊
h
S

⌋
;

2 p′
i
←

⌈
p
i
S

⌉
, p′i ←

⌊
pi
S

⌋
, lagmax′

i ←
⌈

lagmin
i
S

⌉
, lagmin′

i ←
⌊

lagmax
i
S

⌋
, ∀i ∈ J ;

3 T ′
i = {t′i,k =

⌈
ti,k
S

⌉
|i ∈ J , k = 1, . . . , Qi};

4 add to (P ′) additional constraints:
yj,t = 0, ∀j ∈ J , ∀t ∈ ∪i∈J {ρ−1(t′)|t′ ∈ T ′

i} \ ∪i∈J ,t′∈T ′
i
I(t′, p

i
);

// Solve (P ′) and build solution to (P )
5 solve (P ′);
6 if success then
7 Get number of tasks mi, start and duration s′i,j , p′i,j , ∀i ∈ J , j = 1, . . . ,mi;
8 Solve LP with variables si,j ∈ [0, h], pi,j ∈ [p

i
, pi], ∀i ∈ J , j = 1, . . . ,mi:

max
∑
i∈J

mi∑
j=1

vipi,j (18)

sa,b ≥ si,j + pi,j ∀a, b, i, j : s′a,b > s′i,j (19)
si,j = ti,k ∀i, j, i, k : s′i,j = t′i,k (20)

si,j+1 − si,j − pi,j ≤ lagmax
i i ∈ J , j = 1, . . . ,mi − 1 (21)

h+ si,0 − si,mi − pi,mi ≤ lagmax
i i ∈ J (22)

si,j+1 − si,j ≥ lagmin
i i ∈ J , j = 1, . . . ,mi − 1 (23)

h+ si,0 − si,mi ≥ lagmin
i i ∈ J (24)

if success then
9 return the solution found

10 return fail;
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6 NanoSatScheduler

In this section, we present NanoSatScheduler, an open source software tailored to
solve ONPSP. This software embeds a CP model and a user interface allowing
the user to create/modify their ONPSP instances and visualize/edit/save the
solutions provided by the solver.5

The variables si,j ∈ [0, h−p
i
] and ei,j ∈ [p

i
, h] indicate the start and end time

of the j-th task of job i, respectively, and the variables pi,j ∈ [p
i
, pi] represent

their duration. The variables xi,j ∈ [0, 1] indicate whether the j-th task of job i
is actually present in the schedule. Finally, the variables fi,k ∈ [1,mi] will allow
us to select which task will be associated with each date fixed by the user. Our
objective is a combination of the occurrences and the total time used in the
schedule for each partition (25).

Constraints (26) order the start variables in increasing chronological order.
Constraints (27) link the presence variables so that the first variables are always
used to indicate the presence of a task in the schedule. Those two constraints are
both helpful to model the problem, but also to prevent the solver from exploring
symmetrical solutions, thus improving its efficiency. We enforce the minimum
number of tasks with constraints (28). The global constraints NoOverlap (29)
prevent the present tasks – task (i, j) is present if and only if xi,j = 1 – from
overlapping. This global constraint is available in most CP solvers. The respect of
max-lag is ensured with constraints (30), which enforce a maximum delay lagmax

i

between the end and start of two consecutive present tasks. The consistency
between the last present task and the first task is ensured with constraint (31). In
the same fashion, the min-lag constraints are respected thanks to constraints (32-
33). For each precedence between partitions in E, a predecessor task is required
to be present and placed before a successor task if it is present. Finally, the global
constraint Element(x, vars, value) allows us to enforce that the variable in the
list vars at index x takes the value value. Here, we use this global constraint
to ensure that each fixed time value ti,k is assigned to a start variable si,j . For
this, we define variables fi,k representing the index of the variable in the list si
that will be assigned the value ti,k.

max

n∑
i=1

mi∑
j=1

uixi,j + vipi,jxi,j (25)

subject to:

si,j < si,j+1 ∀i ∈ J , j ∈ Mi \mi (26)
xi,j+1 =⇒ xi,j ∀i ∈ J , j ∈ Mi \mi (27)
xi,mi

= 1 ∀i ∈ J (28)

NoOverlap(si,j , pi,j , xi,j)i∈J ,j∈Mi
(29)

xi,j+1 =⇒ si,j+1 − ei,j ≤ lagmax
i ∀i ∈ J , j ∈ Mi \mi (30)

5 Git repository: https://gitlab.laas.fr/roc/julien-rouzot/onpsp.
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!(xi,j+1) ∧ xi,j =⇒ h+ si,0 − ei,j ≤ lagmax
i ∀i ∈ J , j ∈ Mi \mi (31)

xi,j+1 =⇒ si,j+1 − si,j ≥ lagmin
i ∀i ∈ J , j ∈ Mi \mi (32)

!(xi,j+1) ∧ xi,j =⇒ h+ si,0 − si,j ≥ lagmin
i ∀i ∈ J , j ∈ Mi \mi (33)

xi′,j =⇒ xi,j ∧ (si,j < si′,j) ∀(i, i′) ∈ E, j ∈ Mi (34)
Element(fi,k, si, ti,k) ∀i ∈ J , k ∈ 1, . . . , Qi (35)

To make our scheduling tool accessible to the nanosatellite design teams
and for wider distribution, we implemented a graphical user interface within
NanoSatScheduler. This interface has the following features:

– Instance Creation: Users can enter the constraints of their problem by spec-
ifying parameters for each constraint for each partition, and indicate their
objective function. These instances can be saved/loaded from an existing
instance file.

– Solution Visualization and Editing : Once the instance is solved, the solu-
tion is displayed on the interface, along with solution details such as the
objective function value, solution time, and the time used by each partition
on the schedule. A solver-independent test tool verifies that all constraints
are satisfied. Users can independently visualize each partition, and it is also
possible to directly modify the solution through the interface, by setting
fixed start times and/or changing tasks duration. This will trigger the solve
process again and provide the user with a new solution. If the solution is
satisfactory to the user, it can be saved in the appropriate format for direct
use with the ΧTratuM hypervisor.

7 Experimental Results

ΧTratuM hypervisor [15] comes with a planning tool called ΧoncretE developed
by the company FentISS. This software includes both a graphical interface and
a console, and can be used by the NanoLab Academy mission teams. However,
ΧoncretE has several drawbacks: Each occurrence (task) of each partition (job)
must be manually declared in the interface; It is not possible to apply min-lag
and max-lag constraints, we can only provide an exact frequency for each parti-
tion; The tool does not perform optimization (it does not seek to maximize the
number of tasks or their durations). The planning for the hypervisor is therefore
usually done as follows: CNES provides the teams with a baseline plan with the
partitions common to all nanosatellite missions, and each mission team attempts
to manually insert their own partitions into the plan. This represents a labori-
ous task, leading to suboptimal solutions for the teams. We will not compare
ourselves here with ΧoncretE, which is not an optimization software, but we
will use the NIMPH mission instance (which is the real-case study) to illustrate
the contribution of our method compared to a solution constructed according
to the method in place at NanoLab Academy. This instance has 13 partitions
and up to 60 tasks to schedule. For the statistical analysis, we also generate
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random instances based on the NIMPH instance. Our instance generator can be
configured to vary the size of the instances, the minimum/maximum number of
each type of partition (i.e. with different type of constraints), and the average
proportion of the schedule allocated to each. We ensure that the minimum oc-
currences are proportional to the given cycle time, in order to generate realistic
and non-trivial instances. If, however, some instances generated this way are
proven to be unsatisfiable in less than one second by our solver, these instances
are discarded.

For our experiments, we use the CP-SAT solver from OR-Tools [17]. All
experiments are run on a single-core Intel E5-2695 v3 2.3Ghz CPU with 32 GB
of RAM. For all experiments, the time limit is set to one hour for each instance.
As maximizing the number of tasks is often the main goal, we run most of our
experiments with this criterion only, but we also optimize both the number of
tasks and durations for the NIMPH instance.

We begin by comparing the performance of our two models, MILP and CP, on
a set of 100 synthetic instances derived from NIMPH, following the methodology
described earlier. For the MILP model, we solve the instances using various
time-step sizes (i.e. precision), while the CP model does not require such time
scaling. In Table 1, the number of feasible solutions found over the 100 instances
is shown. We observe that the matheuristic sometimes fails to build feasible
solutions even if a feasible solution to the downscaled problem is found, due
to the impact of time-step scaling. Increasing precision (i.e. reducing the step
size) may lead to less failures in the reconstruction step but significantly slows
the MILP resolution and, in many cases, even prevents it from converging to
a solution. The ‘gap’ column reports the average gap to the best upper bound
known when a valid solution is found. Our results show that the MILP model
performs poorly on these instances, primarily because of the high number of
time steps in NIMPH-like scenarios.

In contrast, the CP model does not require a variable for each job at every
time step, allowing for faster solving without sacrificing precision. The CP model
finds feasible solutions for all 100 instances and proves optimality for 82 of them.
Among the optimally solved instances, 74 of them are solved in less than 1
minute. As the MILP model proves impractical for our use case, we focus the
remainder of this section on further experimentation with the CP model.

Table 1. Number of feasible solutions found by the downscaled MILP, number of
feasible solutions (after the reconstruction step for the MILP method), mean optimality
gap to the best bound known for the valid solutions, for our CP and MILP model with
different time step size on 100 synthetic instances.

Method Step size MILP Feasible Feasible Gap

MILP 5 ms 78 72 5.1 %
MILP 2 ms 66 60 7.6 %
MILP 1 ms 35 34 12.9 %
CP 1 µs - 100 0.7 %
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We now demonstrate the interest of our CP model on the real instance, which
corresponds to the NIMPH mission partitions. Here, we maximize two science
partitions – namely EDMON and M2M – using lexicographical optimization, as
NIMPH team has strict preferences on which one they want to favor. For each
stage corresponding to the current partition to optimize, we first maximize the
number of tasks, then the total duration of the partition6. For this real-world
case study, the NIMPH team provided the initial schedule generated by CNES
using ΧoncretE, where the payload partitions must be inserted. To ensure a fair
comparison, we created a new instance in which the base schedule consists of
tasks with fixed start times and duration. We then apply our lexicographical op-
timization to insert the payload tasks. The resulting solution represents the best
schedule the NIMPH team could have achieved manually, assuming the solution
is optimal7. Table 2 shows that the primary objective (i.e. maximizing the num-
ber of occurrences of the EDMON partition) is significantly worse when starting
from a baseline schedule. We generate those solutions in less than 30 seconds,
while minutes and generally hours are needed to manually achieve similar so-
lutions. This highlights the limitations of the current scheduling workflow used
at the NanoLab Academy, at least for the NIMPH mission, and demonstrates
how our method can both improve schedules quality and significantly reduce the
time required to generate them.

Table 2. Objective value for each objective ranked in a lexicographical order on
NIMPH instance with and without using the baseline schedule provided by ΧoncretE.

Objective ΧoncretE + handcrafted NanoSatScheduler

Number of tasks EDMON 2 5
Duration EDMON 130.0 307.2
Number of tasks M2M 4 2
Duration M2M 106.0 40.0

Even if for NIMPH mission the objective is a strict lexicographical maximiza-
tion, it might not be the case for other missions. As tuning the weights of the
objective function can be a difficult process for the user, we propose to generate
Pareto fronts, so the user can directly choose from a set of non-dominated solu-
tions. To compute the Pareto solutions, we use the well-known epsilon-constraint
method [8]. Figure 4 presents the Pareto front for NIMPH instance, if we want
to maximize the number of tasks for EDMON partition against the number of
tasks for M2M, and Figure 5 presents the Pareto front when maximizing the
durations. The user can then select the best solution for her/his use case. Note
that any other objective combination can be generated (e.g. number of tasks
against total duration for the same job). For NIMPH mission, we can see that
we can generate a solution that dominates the one reached using lexicographical
optimization when using the base schedule in terms of number of tasks.
6 Maximizing the number of tasks before the total duration is a request from the

NIMPH team.
7 This is the case for the NIMPH instance.
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Fig. 4. Pareto front for the number of
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Fig. 5. Pareto front for the total dura-
tion of partition M2M against EDMON.

When we started working with NIMPH team, one of our first questions was
about the cycle time length, as a single second cycle seemed quite small. Accord-
ing to the NIMPH team, semi-manually scheduling a second-long plan is already
laborious, so scheduling longer plans is not considered, due to an overwhelming
complexity. As our software handles one-second plans easily, we now analyze the
impact of cycle time on the solutions quality. To that end, we generate 100 more
synthetic instances and successively solve them and increase the cycle time and
number of minimum/maximum tasks of each job accordingly. The time limit for
each iteration is fixed to one hour and we add the previous objective function
value as a lower bound for the next stage. Table 3 shows the mean number
of tasks over a second, the mean solution time and the proportion of optimal
solutions for 100 instances, for different cycle time lengths.

We observe that extending the cycle time allows for a slight increase (+0.6%)
in the number of tasks over a second. Note that in this case, we would be able to
perform more than 2000 additional tasks every hour. Additionally, the proportion
of optimal solutions significantly declines as the size of the instances increases.

Table 3. Mean number of tasks (per second), mean solution time, and proportion of
optimal solutions, for different cycle time lengths, on 100 synthetic instances.

Cycle time Number of tasks
(per s)

Solution time Prop. optimal

1 s 110.6 6 min 91 %
2 s 111.1 22 min 66 %
4 s 111.2 45 min 32 %

Another problem of this arbitrary cycle time is the potential sub-optimality
of the generated solutions. Indeed, the computed schedules can generally be
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compressed to fit a shorter cycle time, thus increasing the average number of
tasks performed per second. To that end, we first compute a solution with the
baseline cycle time and the given objective (maximize the number of tasks and/or
durations of a given set of jobs). Then we solve the instance again, but we add
the previous objective value as a constraint and minimize the cycle time. In
Table 4, we display the mean cycle time, the mean number of tasks per second,
the mean solution time. The second line correspond to solutions where the cycle
time is minimized. Note that the proportion of optimal solutions is not compared
in Table 4, as the objectives are different for the two stages. For this experiment,
the number of tasks per second significantly increases (+3%), which shows that
minimizing the cycle time is more efficient than extending it.

Table 4. Mean cycle time, mean number of tasks (per second), mean solution time,
with and without minimizing the cycle time, on 100 synthetic instances.

Cycle time Number of tasks (per s) Solution time

1 s 110.6 6 min
0.969 s 114.0 34 min

8 Conclusion

In this paper, we presented both a MILP approach and a CP model to tackle
the ONPSP, complemented by a user interface that enables visualization and in-
teraction with the generated solutions. Additionally, we provide users with a set
of non-dominated solutions, allowing them to explore and analyze the trade-offs
between different objectives. Our results demonstrate that the MILP matheuris-
tic faces scalability issues. In contrast, the CP model proves to be highly efficient
without compromising precision. For our real-case study, our method performs
much better than the current workflow of semi-manually building the schedule,
which convinced the NIMPH team to switch to NanoSatScheduler for the mis-
sion. Additionally, we show that extending the cycle time has a small impact on
the solution quality, whereas minimizing it significantly increases the number of
tasks that can be scheduled over time.

For future work, our primary objective is to distribute the software within the
CNES NanoLab Academy to gather feedback from other nanosatellite mission
teams and improve our approach. In [21], we proposed a CP model that aims at
minimizing the context switches only, but this cannot be directly incorporated
in our new model. We plan to enhance NanoSatScheduler by accounting for the
context switches in the task durations, which will improve solution quality, as
the context switch time can be ignored when tasks of the same partitions are
continuous8. Lastly, it would be valuable to explore whether our method could
be extended to broader use cases, particularly in the context of energy-aware
scheduling for nanosatellite missions, as discussed in [4, 18–20, 23].

8 Currently, context switches are accounted for by adding a constant margin to the
minimum task duration, so tasks always include the context switch time penalty.
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