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Preliminary remarks

Background
*  Optimization in the space domain

« Studies with academic / institutional / industrial partners (CNES, Airbus DS, ESA, Thales
Alenia Space, Prométhée Earth Intelligence, LAAS-CNRS...)

» Usage of several Operations Research methods : greedy search, local search,
metaheuristics, SAT, MILP, Constraint Programming (CP), hybrid methods...

» Developer of metaheuristic solutions (ILS, LNS...), constraint-based local search...

Disclaimers

« Personally not a core CP engine developer (user perspective)

* Only two solvers considered here : CPOptimizer (IBM) and OR-Tools CP-SAT (Google)
« Asingle application : planning for Earth Observation Satellites (EOS)
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Organization

1. Constraint Programming (CP) : generalities
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Constraint Satisfaction Problem

Constraint Satisfaction Problem (CSP) = triple (X,D,C)

e X ={xyq,..,x,}: finite set of variables

e D = function defining the domain of each variable (D (x;) = possible values for x; € X)
e C={cy,..,cn}: finite set of constraints

Constraint ¢ = pair (S, R) where
e S=1[y,.., V] :listof variables y; € X over which the constraint holds
e RS D(y;) X:-xD(yg) : allowed combinations of values for the variables in S

Different ways to define a constraint

» List of accepted or forbidden combination of values (ex : (x,y,z) € {(0,1,2),(0,2,1),(1,2,0)})
» Usage of arithmetic or logical operators (ex : (x < y) AND (x # z) and (y # 7))

« Usage of constraints available in a catalog (ex: (x + y) AND alldif ferent(x,v,z))

»  Specific code
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Constraint Satisfaction Problem

Graphical representation : constraint network

Assignment A

function assigning a value A(x) € D(x) to each variable x € X

Solution

assignment A such that all the constraints in C are satisfied

Formally, Vc = (S,R) € C where S = [y, ..., yx], condition
« (A(y1), ...,A(yx)) € R » holds

COP (Constraint Optimization Problem)

addition of an objective to optimize
equivalent to the resolution of a sequence of satisfaction problems
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Constraint propagation to prune inconsistent values

Examples

« domains D(x) = [0..5],D(y) = [2..6], constraintc: x >y
possibility to reduce the domains by D'(x) = [2..5],D'(y) = [2..5]

 domains D(x) = [0..2],D(y) = [0..2], constraint c : y = tab[x] where tab = [1,3,0,2,1]
possibly to reduce the domains by D'(x) = {0,2}, D'(y) = {0,1} (element constraint)

Tuned constraint propagation algorithm for each constraint type, establishing different kinds of consistency
properties (arc consistency (AC), generalized arc consistency (GAC), bound consistency...)

Concept of propagation

*  pruning events triggered by one constraint may induce new pruning opportunities for other constraints
*  pruning until a fixed point is reached

* inconsistency detection (i.e., no solution) if the domain of a variable becomes empty

Propagation not sufficient to find a solution or detect inconsistency in general (incomplete mechanism)

e ONERA

FRANCAISE
Liberst

C. Pralet. Basics of CP for scheduling and application to space, PMS 2026



Tree search with constraint propagation

Basic search strategy : depth-first search with backtracking

At each search node

« Select a variable x
(var-choice heuristic, e.g. mindom, mindom/deg, wdeg...)

« Select a value or a domain splitting strategy

 Branch (e.g., x = a versus x != a) and explore a child node
»  Propagate the constraints at the child node

« Backtrack in case of inconsistency (empty var domain)

constraint propagation at each node

Stop when solution found or backtrack from the root note (no solution)

Many other methods : enhanced propagation at the root node, clause learning, backjumping, restarts,
conflict-based heuristics, symmetry breaking... => NOT DISCUSSED HERE
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Scheduling problems and CP

Tasks

Disjunctive
machines

Other
resources

Objectives
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Organization

2. Scheduling with CP : noOverlap
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Scheduling problems and CP

Mandatory
Tasks ——
Disjunctive Single
machines machine
Other
resources
Objectives

Problem
. one satellite over one orbit
 set of observation tasks

« time windows (release dates
and deadlines)

« fixed transition times between
tasks (integrated into the task
duration)
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Problem definition

v tasks:
N observation tasks, with for each i € [1..N] : v
name: "obs_a" H
e EST[i] : earliest start time for obs i carlieststart: 40 Solution example
. B} lateststart: 148
e LST[i] : latest start time for obs i curation: 20 019 I
. H H H . . w1 obs_18 - [ |
e DUIJi] : duration during which i uses the satellite . e OIS B S—
(obs. duration + fixed transition time to next obs) sorlieststart: 91 el ] e T
lateststart: 167 obs 14 1 I |
. v 2: obs 9
Constraints e vabs_ae 005 [ ——
. i . earlieststart: 125 gg:‘é 1 %
«  Observations performed within the windows et 1o o005 7 1 — —
areststart: obs_2 [
H 1 uration: obs_5 | I
* No overlapping between the observations o 29 ol m—
T obs3{ HM ]
name: "obs_3" 025:3 ‘F:|
earlieststart: 59 T ! ! ! !
Objective : perform all the observations lteststerts 221 e e
duration: 28
Small note : for some models, addition of a fictitious obs 0
EN
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Some possible CP models

Variables
« start[i] € [EST[i]..LST[i]] = start time of obs i
Constraints to ensure non-overlapping
e Vij€E[l.N]s.t.i<j:
(start[i] + DU[i] < start[j])
OR(start[j] + DU[j] < start]i])

M1

Variables
« start[i] € [EST[i]..LST[{]] = start time of obs i
o nextld[i] € [0..N] = index of the obs following
I in the sequence of tasks

Constraints to ensure non-overlapping
e Vi€e[l..N]:

Start[nextld[i]] > start[i] + DUJi]
e allDifferent({nextId[i] | i € [0..N])

M2

Variables
o start[i] € [EST[i]..LST[i]] = start time of obs i
e next[i,j] € {0,1} = obs j just after obs i (for i # j)
Constraints to ensure non-overlapping
e Vij€[l..N]s.t.i+j:
(next[i,j] = 1) = (start[j] = start[i] + DU[i])
circuit({(i,j,next[i,j]) | i,j € [0..N],i #j }) M3

Variables

» Interval itv[i] of size DU[i] in window
[EST[i]..LST[i] + DU[{]]

Constraint to ensure non-overlapping

e noOverlap({itv[i] | i € [1..N]})

Very elegant + efficient propagators for the noOverlap
constraint (overload checking, edge-finding...) N4
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Some possible CP models : solver usage

M4, CPOptimizer (Java API)

IloCP cp = new IloCP();
IloIntervalVar[] obsItvs = new IloIntervalVar[nTasks];
for{int i=0@;i<nTasks;is++) {

Task task = pb.tasks.getii}:

IloIntervalVar itv = cp mask.dwaticn};
itv.setStartMin(task.earliestStart);
itv.setStartMax(task.latestStart);

obsItws[i] = itv;

1
cp.add(cp.noOverlap(obsItvs));

M4, OR-Tools CP-SAT (Python API)

model = cp_model.CpModel()

intervals = []

for task in tasks:

(name,est,lst,du) = (task['name'], task['earliestsStart'],
task['latestStart’], task[ 'duration’])

start = model.NewIntVar(est, lsf, f"start({{name})")

end = model.NewIntVar(est + du,|lst + du, f"end({name})")

interval = model.NewIntervalVarfstart, du, end, f"itv({name})}")

intervals.append(interval)

I
Imodel.AddMoOverlap(interalsﬂ
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Comparison for 100 observation tasks

M1 (time + or) M4 (itv + noOverlap)

! Cr Gpiimizer 2
! Satisfiability probl - 100 variables, 4 950 constraints
! Initial process time : 0,05s (0,05s extraction + 0,00s propagation)
. Log search space : 654,8 (before), 654,8 (after)
. Memory usage 1 626,6 kB (before), 626,6 kB {after)
! Using parallel search with 20 workers.

CP Optimizer
- 101 variables. 1 constraint
Initial process time : 0,01s (0,01ls extraction + 0,00s propagation)
Log search space : 636,1 (before), 636,1 (after)

! Memory usage : 587,7 kB (before), 587,7 kB (after)
! Using parallel search with 20 workers.
Branch
892

Branches
1 0060
1 0060
1 0060
1 0060
1 oo0
1
1
1
1

Best Branches Non-fixed
0 101

_int20
_int60
_intl2
_int92
_int25
1 000 _int32
1 000 _int59
117 0,6 16 11 int@

New bound is 0
! Using iterative diving.
000 - 101 0,05s
000

CO~NOU S WN =

! Search completed, 1 solution found.

! Best objective : 0 (optimal - effective tol. is Q)

! Best bound

! Number of br

! Number of fails

! Total memory usage 10,8 MB (10,7 MB CP Optimizer + 0,1 MB Concert)
! Time spent in solve 0,05s (€,04s engine + 0,01s extraction)

! Search speed (br. / s) : 4 626 750,1

! Number of b

! Number of fails : 4

! Total memory usage 1 39,7 MB (34,3 MB CP Optimizer + 5,4 MB Concert)
! Time spent in solve 1 0,09s (0,04s engine + 0,05s extraction)

! Search speed (br. / s) : 909 550,0
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Comparison for 700 observation tasks

! or Cpth
! Satisfiability - 0 variables, 244 650 constraints

M1 (time + or)

imizer 22.1.1.0

Initial process timé = (2, extracti + 0,01s propagation)
(before), 4 .1 (after)
(before), 11,5 MB (after)

Log search space : 4 531,1
. Memory usage : 11,5 MB

! Using parallel search with 20 workers
]

Branches

1 0606

eee
eee
eee
eee
000
eeo
eeo
eeo
eeo
eeo
eeo
o0
o0

e el e el e = N e

8 594

-
FEOCO~NOUNAWNREE

3 =

14 097

! Search completed, 1 solution foun

! Number of branches

! Number of fails

! Total memory usage

! Time spent in solve

! Search speed (br. / s)

ME (686,4 MB CP Optimizer + 255,8 MB Concert)

(6,505 engine + 2,

Branch dec

= int424

= int577
_int51
int186

_intl19
= int259
_int194
int497

_int391

_int77
int75

= int699

3s extraction)

M4 (itv + noOverlap)

Maximization probl - 701 variables, 1 constraint
Initial process time : wv,uls (w,wis exiiaciion = u,00s propagation)
Log search space : 4 534,9 (before), 4 534,9 (after)
. Memory usage i 2,0 MB (before), 2,0 MB (after)
Using parallel search with 20 wor c

Best Branches Non-fixed Branch decision
[¢] 701 -

New bound is ©
Using iterative diving.

1 0,07s ] (gap is 0,6
Search completed, 1 solution found.
Best objective : 0 (optimal - effective tol. is 0)
Best bound

Number of branches
Number of fails

Total memory usage : 34,6 MB CP Optimizer + 0,7 MB Concert)

Time spent in solve c ) 08s engine + 0,01s extraction)
earch speed (
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Organization

3. Scheduling with CP : noOverlap with optional tasks
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Scheduling problems and CP

Optional .
tasks

Mandatory
Tasks ——
Disjunctive Single
machines machine
Other
resources
Objectives Rev_var_QS o

priorities

Problem

one satellite over one orbit
set of possible observation tasks
time windows

fixed transition times between tasks
reward R[i] for obs. i, depending on

the cloud cover forecast

obs_17 | —
obs_0 ||
obs_11 [ ]
obs 15 [ 1
obs_10 [ ||
obs_9 |

obs_7 ||

obs_2 [ | ]
obs_1 [

obs_5 [ || ]

obs_12 [

T T T
Q 50 100 150 200
Time
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CP models

Variables
o start[i] € [EST[i]..LST[i]] = start time of obs i
e vpres[i] € {0,1} = selection of obs i
Constraints
e Vij€E[l.N]s.t.i<j:

(pres[i] = 1 AND pres[j] = 1) - (start[i] + DU[i] < start[j] OR start[j] + DU[j] < start[i])
Objective : maximize sum(i € [1..N]) pres[i] * R[i]

M1 with optional obs

Variables
* Interval itv[i] of size DU[i] in window [EST|i]..LST[i] + DU[i]] optional
Constraint to ensure non-overlapping

» noOverlap({itv[i] | i € [1..N]}) Still a very compact
Objective : maximize sum(i € [1..N]) presence(itv[i]) * R[i] declarative model

M4 with optional obs

e ONERA
FRANGAISE — N C. Pralet. Basics of CP for scheduling and application to space, PMS 2026 19



Some possible CP models : solver usage

M4, CPOptimizer (Java API) M4, OR-Tools CP-SAT (Python API)

I1oCP cp = new IloCP(); presences = [1
IloIntervalvVar[] obsItvs = new IloIntervalVar[nTasks]; intervals = []

for(int i=0;i<nTasks;i++) { for task in tasks:
Task task = pb.tasks.get(i); (name,est,lst,du) = (task['name’], task[ earliestStart'],

IloIntervalVar itv = cp.intervalVar(task.duration); task['latestStart'], task[’duration’])

itv.setStartMin(task.earliestStart); start = model.NewIntVar(est, 1st, f"start({name})")
ity latestStart); end = model.NewIntVar(est + du, 1lst + du, f"end({name})")
itv.setOptional(); presence = model.NewBoolVar(f"presence({name})")
obsitvs[i] = 1tv; ' interval =|model.NewOptionallntervalVarfstart, du, end, presence, f"itv({name})")
presences.append{presence '
cp.add(cp.noOverlap(obsItvs)); | intervals.append(interval)
IloIntExpr totalReward = cp.intExpr(); model . AddNoOverlap(intervals)
for(int i=0;i<nTasks;i++) {
totalReward = cp.sum(totalReward, Inodel .Maximize(sum(tasks[i][ ' reward'] * presences[i] for i in range(len(tasks)))) |

cp.prod(cp.presenceOf(obsItvs[i]), pb.tasks.get(i).reward));
1
Icp.addMaximile(totalReward);I

. ONERA
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Model comparison

M1 (time + or), 20 obs tasks M4 (itv + noOverlap), 20 obs. tasks

! Max1mlzat10n = es, 1 constraint
! Initial process time : ©,00s (0,00s extraction + 0,00s propagation)
. Log search space 87,8 (before), 87,8 (after)
. Memory usage 3,4 kB (before), 443,4 kB (after)
ing parallel search w1th 20 workers.

Best Branches Non-fixed Branch decision
0 21 -
New bound is 44
! Using iterative diving.
! Using temporal relaxation.
0

New bound is 31

27 0,06s 1 (gap is 19,
182 0,065 1 (gap is 18,
2 0,065 ] i

! Search completed, 3 solutions found.
! Best objective 1 (optimal - effective tol. is 0)
! Best bound : 31

! Number of 80 906

! Number of fails 1 14 407

! Total memory usage :8,3MB (8,2 MB CP Optimizer + 0,1 MB Concert)
! Time spent in solve 1 0,06s (0,665 engine + 0,00s extraction)

! Search speed (br. s 618 119,9

olution found 31.0

100 tasks : search terminated in 0.42s
500 tasks : high-quality solutions in a few seconds
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Organization

4. Scheduling with CP : noOverlap with optional tasks and setup times
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Scheduling problems and CP

New specification

*  seguence-dependent transition
times between the tasks

transitionTimes:

Tasks Mandatory Optional % o M4 w D1 m 1 a4 1
tasks tasks > % 3 & 1@ # 18 2 » B
13 12 43 18 ] 21 2] 34 46 11
9 20 24 11 21 @ 21 13 25 11
13 12 a3 18 ] 21 (4] 34 46 11
. . . 22 3 18 22 34 13 34 ] 15 23
Disjunctive Single Sequence-dependent 3 4 8 3 & 5 & 5 0 %
machines machine setup times
obs_5 (]
obs_15 1 |
obs_12 4 |
b - -
Other obs7] —_—
obs_7 ||
resources gt e —
obs_19 ——
obs_18 ——
obs_1 1 ]
obs_0 [
hete] —
ohs_16
. bs_2 | -
Objectives Rewards or e | —
priorities b6 ()
ohs_9 ]
0b5_4‘F
2l|)0 460 660 BlI)O lDIOO
Time
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NoOverlap with setup times

Interval-based model, CPOptimizer version A
int nTasks = pb.tasks.size();
° i IloIntervalVar[] obsItvs = new IloIntervalVar[nTasks];
Concept of sequence variable ettt et
° H H H Task task = pb.tasks.get(i);
Concept Of Interval type (In our Case’ Interval IloIntervalVar itv = cp.intervalVar(task.duration);
type = observation id) itv.setStartMin(task.earliestStart);
. . . itv.setStartMax(task.latestStart);
»  Possibility to define a noOverlap constraint obsTtvs[i] = itv;

. i . itv.setOptional();
with setup times over a sequence variable }

« TTI[k,K] = setup time required between a task int[] types = new int[nTasks];
for(int i=0;i<nTasks;i++) types[i] = i;

)
Of type k and a taSk Of type k IloIntervalSequenceVar globalSequence = cp.intervalSequenceVar(obsItvs, types);|
oTransitionDistance tdist = cp.transitionDistance(pb.setupTimes);
cp.add(cp.noOverlap(globalSequence, tdist));
IloIntExpr totalReward = cp.intExpr();
for(int i=0;i<nTasks;i++) {

totalReward = cp.sum(totalReward,
cp.prod(cp.presence0f (obsItvs[i]), pb.tasks.get(i).reward));

}

cp.addMaximize(totalReward);

v ONERA
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for task in tasks:

. . [(name,est,lst,du) = (task['name'], task['earliestStart'],
NoOverlap with setup times Caskl TatestStart-1, Taskl durotion' ]

start = model.NewIntVar(est, lst, f"start({name})")

end = model.NewIntVar(est + du, lst + du, f"end({name})")
presence = model.NewBoolVar(f"presence({name})")
interval = model.NewOptionallntervalVar(start, du, end, presence, f"itv({name})")
starts.append(start)
ends . append(end)
presences.append(presence)
intervals.append(interval)

OR-Tools CP-SAT :

model.AddNoOverlap(intervals)

. back to a circuit constraint to enforce th
setup times (routing constrai

« combined with a standard noOverlap

arcs = []

for i in range(nTasks):
first = model.NewBoolVar(f"first_{i}")
arcs.append( (8, i+1, first))
model.AddImplication(first, presences[i])

(scheduling constraint) last - model.NewBoolvar(f*last_{i}")
arcs.append( (i+1, @, last))
° Somehow a more |Ow_|eve| description model.AddImplication(last, presences[i])
compared to CPOptimizer for i in range(nTasks):

arcs.append((i+1, i+1, presences[i].Neot()))
for j in range(nTasks):
if i != j:

nextij = model.NewBoolVar(f"next {i} {i}")
arcs.append((i+1, j+1, nextij))
model.AddImplication(nextij, presences[i])
model.AddImplication(nextij, presences[j])
model.Add(starts[j] »>= ends[1i] + setupTime[i][j])-OnlyEnforceIf(nextij)

model.AddCircuit(arcs)

model.Maximize(sum(tasks[i][ 'reward’'] * presences[i] for i in rangs(nTasks)))
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Organization

5. Scheduling with CP : task clusters

K ONERA
FRANCAISE. ——— C. Pralet. Basics of CP for scheduling and application to space, PMS 2026 26

Liberté
o THE FRENCH AEROSPACE LAB

raité



Scheduling problems and CP

Mandatory Optional Task Problem

Tasks tasks tasks clusters «  one satellite over one orbit
* set of possible observation tasks

Disjunctive Single Sequence-dependent « time windows

machines machine setup times * fixed transition times between tasks
« task clusters : one cluster = a group

Oth of tasks that must all be performed

ther to get a reward
resources (ex : stereo requests, synchronized
multi-site observation requests...)

« reward Reward[c] for cluster c

Objectives Rev_var_c_ls of

priorities
%zsuqus o N E R A
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Task clusters : easy in CP

Additional input data
e Clusters : set of task clusters, with for each cluster c a set of observation indices I(c) € [1..N]

Additional variables
e satisfied[c] € {0,1} : cluster c satisfied or not

Additional constraints
«  Satisfaction of a task cluster iff all intervals associated with the required tasks are present
« Formalization : Vc € Clusters, satisfied[c] = min{ presence(itv[i]) | i € I(c)}

New objective : maximize sum(c € Clusters) satisfied|[c] * Reward|c]

o ONERA
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Organization

6. Scheduling with CP : flexible disjunctive resources
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Demonstration (ONERA SpaceLab tool)

@

Connected to internet
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Scheduling problems and CP

Tasks

Disjunctive
machines

Other
resources

Objectives

Mandatory Optional Task
tasks tasks clusters
Single  Seg-dependent ~ Multiple machines
- machine setup times  (flexible scheduling)
Rewards or
priorities
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Problem

several satellites
several orbhits

set of possible observation tasks
numbered from 1 to N

for each observation i € [1.. N],
associated satellite Satellite|[i]

set of obs requests R, with for
each r € R a set of candidate
observations I(r) € [1..N]

time windows
fixed transition times
reward Reward[r] for request r
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Planning with multiple satellites

Main ideas
. . i .o IloIntVar[] satisfiedRequest = cp.boolVarArray(nRequests);
 New variables satisfied[r] € {0,1} : request r satisfied R e
or(int 1=0;1<nRequests;i++
* Request satisfaction constraint : V r € R, satisfied[r] = oo el M i e ot
Sum(l (= I(.r)) presence(itv[i]) IloConstraint[] obsPresences = new IloConstraint[nTasks];
e s . . for(int k=0;k<nTasks;k++) {
«  Definition of one noOverlap constraint per satellite SstelliteTask task = r.candidateTasks.get(K);
. . . ; olnterva Var itv = rp.iqterva Var(task.duration);
* Possible decomposition into a larger number of noOverlaps by ekl e
exploiting long time frames free of candidate obs tasks itv.setOptional (); A
obsPresences[k] = cp.presenceOf(itv);

obsIntervalsForSatellite.get(task.satelliteld).add(itv);
obsIntervalsForTask.put(task, itv);

J
cp.addEq(satisfiedRequest[i], cp.sum(obsPresences));

}

for(int i=0;i<nSatellites;i++)
cp.add(cp.noOverlap(obsIntervalsForSatellite.get(i)));

i ONERA
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Planning with multiple satellites

100 tasks

New boun

, 4 satellites, rewards in set {1,2,3} 100 tasks, 4 satellites, rewards in set {1,100,10000}

! Using temporal relaxation.

+ New bound is 164

135
135
139
139
139
139
139
139
139
139
139
139
139
139
139
139
139
139
! Time = 0,56s,
! Current bound
! Best
139
139
139
139
139
139
139
139
139

[y

—-w N

2
3
1
2
3
1
2
3
1
2
3

1

0

201
093
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000
000
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000
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000
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041
000
000
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000
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039
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N
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15

Average fail depth

is 164 (gap is 17,99%) on CPU times (not just a matter of

Branches

2

—WN = WN W

000
000
055
000
000
063
000
000
061

Non - fixed
|
6
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21,48%)
presence0f(_itv230)
17,99%)
presence0f(_itv103)
presence0f(_itv241)
presence0f(_itv159)
!presence0f(_itv277)
!presence0f(_itv25)
presence0f(_itv129)
!presence0f(_itv47)
startOf(_itv213)
76 startof(_itv219)
presence0f(_itv137)
986 startOf(_itv213) Remarks
presence0f(_itv38) .
presence0f (itv78) * Larger problem size
983 = startOf(_itv151)

F presence0f (_itv288) Rewards / priorities : strong impact

= 15, Memory usage = 18,4 MB

[N W

NN

VOO adsdabaWWWN

(=)}

Branch decision
!presence0f(_itv144) 1
e number of observations)
presence0f(_itv11e) 0 0 0 . .
tpresence0f itv299) Window distribution important too
775 = start0f(_itv67)
presence0f(_itv183)
!presence0f(_itv262)
1 037 != startof(_itval)
868 = startof(_itv157)}

OO NNNOOO=E
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Organization

Constraint Programming (CP) : generalities

Scheduling with CP : noOverlap

Scheduling with CP : noOverlap with optional tasks

Scheduling with CP : noOverlap with optional tasks and setup times
Scheduling with CP : task clusters

Scheduling with CP : flexible disjunctive resources

Scheduling with CP : reservoir resources
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Scheduling problems and CP

) [
Tasks Mandatory Optional Task Resources !
tasks tasks clusters * min energy level Emin
* max energy level Emax
Disjunctive Single Seg-dependent  Multiple machines (saturation at Emax)
machines machine setup times (flexible scheduling)
b tasks: (3e)[ {-1,
start: a8
Other Knapsack-like Reservoir :::zz:ps "
resources CapaCity resource spanelPower: 2
acqPower: 20
initEnergy: 508
Rewa_rds or energyCapacity: 1000
Objectives .
priorities
energy
' B oo
) time

i ONERA
FRANCAISE. ——— C. Pralet. Basics of CP for scheduling and application to space, PMS 2026 35

raité



Energy management : coarse-grain model

Model 1 : multi-knapsack-like model

*  maximum observation time per orbit (MaxObsDurationPerOrbit)

* very easy to model in CP given a set of orbits Orbits with for each o € Orbits the set of indices (o) of
observations involved in o

*  capacity constraints :
VYo € Orbits, Sum(i € I(o)) presence(itv[i]) * DU[i] < MaxObsDurationPerOrbit

orbit 524 (knapsack 524) orbit 525 (knapsack 525)
\ A
[ | \

etlipse | [o1] | 02] | o5 | eclipse eclipse
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Energy management : finer model in CP

Model 2 : reservoir constraint Model 3: reservoir constraint with optional events

«  Set of optional resource prod/cons
events { (Ty, 8k, xx) | kK € [1..M]} where x;, € {0,1} =
presence of event k

*| Does not model the saturation at Emax pC.)V\{eI’ production only if n(?eded
* M Ex: possible inconsistency if only *  Minimum energy level Emin
* M charging activities leading to production «  Maximum energy Emax

beyond Emax !!!
Semanties : at every time ¢, \ Semantics : at every time t,
in < sum(k € [1..M]s.t.Ty <t) §,< Em Emin < sum(k € [1..M] 5.t. Ty < t) x; * 6, < Emax

NIT
A

»

| IRRERRRRERRRRRERE treteeetteeeeeeeeet
eclipse 4@ 02| | o5 | eclipse 04 | (09| ;ﬁ‘{oﬁsl eclipse
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Energy management

CPOptimizer (Java API) OR-Tools CP-SAT (Python API)

I1oCP cp = new I1oCP(); initial CELEs =g P [FEE ),
int nTasks = pb.tasks.size(); energy dem?nds.append(lnltEnergy}
IloIntervalVar[] obsItvs = new IloIntervalVar[nTasks]; actives.append(model.NewConstant (1))
for(int i=0;i<nTasks;i++) {
Task task = pb.tasks.get(i); for task in tasks:
IloIntervalVar itv = cp.intervalVar(task.duration); (name,est,lst,du) = (task['name’], task['earliestStart’],
itv.setStartMin(task.earliestStart); task[latestStart’], task['duration’])
itv.setStartMax(task.latestStart); start = model.NewIntVar(est, lst, f"start({namel})")
itv.setOptional(); end = model.NewIntVar(est + du, 1lst + du, f"end({name})")
obsItvs[i] = ity; presence = model.NewBoolVar(f"presence({name})")
energy interval = model.NewDptionallntervalVar(start, du, end, presence, f"itv({name})")
cp.add(cp.noOverlap(obsItvs)); consumption presences.append(presence)

intervals.append(interval)
IloCumulFunctionExpr reservoir = cp.cumulFunctionExpr();

reservoir.add(cp.step(pb.start, pb.initEnergy));: times.append(start)

for(int i=0;i<nTasks;i++) { demands.append(- acgqPower * du)
reservoir.sub(cp.stepAtStart(obsItvs[i], e”erQY actives.append(presence)

pb.acqPower * pb.tasks.get(i).duration)); production

} k in range(nTimeSteps):

for(int i=0;i<pb.nTimeSteps;i++) { times.append(startTime + k * timeStep)
IloIntervalVar itv = cp.intervalVar(pb.timeStep); reservoir demands . append ( spanelPower * tj_mestep)|
itv.setStartMin(pb.start + i*pb.timeStep); constraint actives.append(model.NewBoolVar(f"charge({k})"))

itv.setStartMax(pb.start + i*pb.timeStep);

itv.setthional(); : . del.AddNoOverlap(intervals)
IPESGPVOIF-de(CP-StEDAtEnd(ltV. pb.spanelPower * pb.timeStep)); I model.AddReservoirConstraintWithActive(times, demands, actives, 8, energyCapacity)

}
cp.add(cp.alwaysIn(reservoir, pb.start, pb.end, @, pb.energyCapacity));

EX
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Energy management : coarse-grain model

Solution example (using CPOptimizer), Solution example (using CPOptimizer),
20 candidate observations 150 candidate observations
500 1 500 1
400 1 400
300 - 300 -
" 2001 “ 200 -
100 100
0 0
(I) 560 lDIOO 15|00 2{)'00 25|00 3060 (I) 560 lDIOO 15|00 2{)'00 25|00 3060
Time Time

v ONERA
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Organization

Constraint Programming (CP) : generalities

Scheduling with CP : noOverlap

Scheduling with CP : noOverlap with optional tasks

Scheduling with CP : noOverlap with optional tasks and setup times
Scheduling with CP : task clusters

Scheduling with CP : flexible disjunctive resources

Scheduling with CP : reservoir resources

Scheduling with CP : cumulative resources
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Scheduling problems and CP

Task Mandatory  Optional Task Tasks with Resourc.es again ! |
asks tasks tasks clusters  precedences *  Maximum memory size
Memory reserved at the
Disjunctive Single Seqg-dependent Multiple machines start of an observation
machines machine setup times (flexible scheduling) | * Memory released at the
end of each download task
Other Knapsack-like Reservoir Cumulative
resources capacity resource resource — L
[ — |
L r tine
Objectives Rewards or
priorities
EX
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Memory management : possible model

Cumulative constraint with optional intervals Application
+ setoftasks K « optional intervals recorditv[i] for each obs i € [1..N]
« optional intervals itv[k] for each task k € K e startAtStart(recordItv|i], obsItv[i])
*  resource consumption Rcons[k] for each k e endAtEnd(recordltv|i],dlItv[i])
*  maximum resource level Rmax e endBeforeStart(obsitv[i], dlitv[i])
Semantics : *  Cumulative constraint over intervals recordItv[i]
V8, Y kek st presence(itv[k])=1 Rcons[k] < Rmax given maximum memory size MemMax
AND start(itv[k])st<end(itv[k]) .

+ a few other constraints (alternative, span...)

obs and download ¢bs obszl—r obs5 }—ddll dl5 » obs4 obs dl4 j|dI2|dI9
camWindow 1 ® camWindow 2 ®
record5 record4
record2
recordl record9
Occupied T —
memory — time

gﬁgauqus o N E R A . . . .
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Energy management

CPOptimizer (Java API) OR-Tools CP-SAT (Python API)

IloCumulFunctionExpr occupiedMemory =|cp.cumu1FunctionExpr(); |

for(int i=0;i<nTasks;i++) { [nodel. AddCumulative{intervals, demands, capacity)
occupiedMemory = ¢p.sum(occupiedMemory,

kp.recordltvs [i], pb.obsTasks.get(i).memSize));

}
cp.add(cp.le(occupiedMemory, pb.memCapacity));

Powerful propagation algorithms associated with the cumulative constraint

-y - ONERA
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Organization

Constraint Programming (CP) : generalities

Scheduling with CP : noOverlap

Scheduling with CP : noOverlap with optional tasks

Scheduling with CP : noOverlap with optional tasks and setup times
Scheduling with CP : task clusters

Scheduling with CP : flexible disjunctive resources

Scheduling with CP : reservoir resources

Scheduling with CP : cumulative resources

Scheduling with CP : other objectives
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Scheduling problems and CP

Other objective functions ?
Task Mandatory Optional Task Tasks with
asks tasks tasks clusters precedences | Rather easy to model in CP
Disjur_lctive Single Seqg-dependent Multiple machines
machines machine setup times (flexible scheduling)
Other Knapsack-like Reservoir Cumulative
resources capacity resource resource
Objectives Rewards or Makespan? (Welghted) Earll'ness-
priorities tardiness tardiness
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Scheduling problems and CP

Task Mandatory Optional Task Tasks with
asks tasks tasks clusters precedences Strength of Constraint
| Programming for modeling
Disjunctive Single Seg-dependent Multiple machines ang slplvmg rglar;r)]/ |
machines machine setup times (flexible scheduling) scheduling problems =
Other Knapsack-like Reservoir Cumulative Everything is green...
resources capacity resource resource
However...
Objectives Revyarqls Of  Makespan? (Weighted) Earliness-
priorities tardiness : tardiness
EN
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Computational aspects

Possible scalability issues
« with increases in the problem size
« for specific input data (see the previous examples concerning the reward distribution)

Operational requirements (also true for other application fields)
» need for fast response times, typically a few minutes
» need for robustness (not acceptable to have no solution at all)

Possible strategies

« development of new efficient propagation algorithms to better prune the search space

* new search methods combining optimization and learning (clause learning, parameter learning, etc.)
« CP and (meta)heuristics run in parallel to get at least a solution

*  Hybrid methods such as Large Neighborhood Search (LNS)

i ONERA
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Organization

Constraint Programming (CP) : generalities

Scheduling with CP : noOverlap

Scheduling with CP : noOverlap with optional tasks

Scheduling with CP : noOverlap with optional tasks and setup times
Scheduling with CP : task clusters

Scheduling with CP : flexible disjunctive resources

Scheduling with CP : reservoir resources

Scheduling with CP : cumulative resources

Scheduling with CP : other objectives

10. CP-based Large Neighborhood Search
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Large neighborhood search

LNS in general

Start from a full solution (possibly obtained by greedy search)
Destroy a part of the solution and repair the new solution obtained

Iterate this process until a termination condition (e.g., maximum nb of iterations without improvement,
maximum CPU time)

CP-based LNS

Start from a full assigment A of the decision variables in X (the problem variables)
Destroy : unassign k variables {y,, ...,y } in X
Repair : use a CP solver to re-optimize the values of y,, ..., y, given the fixed values of the other variables

Iterate this process until a termination condition (e.g., maximum nb of iterations without improvement,
maximum CPU time)

REPUBLIQUE
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CP-based LNS

Several destroy strategies for scheduling problems

* Random removal of k tasks

« Destroy activities scheduled over a specific time interval

« Destroy all activities scheduled over some machines

« Destroy activities scheduled over a specific time interval over a subset of the machines
« Destroy some precedence constraints between the activities (to get a partial ordering)

Examples of approaches combining CP and LNS / LocalSearch for EOS planning

. S. Squillaci, C. Pralet, and S. Roussel. 2023. Scheduling Complex Observation Requests for a Constellation of Satellites: Large
Neighborhood Search Approaches. In CPAIOR 2023.

. V. Antuori, D. T. Wojtowicz, E. Hebrard. Solving the Agile Earth Observation Satellite Scheduling Problem with CP and Local
Search. In CP 2025.

v ONERA
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CP-based LNS : several approaches

Approach 1

» Define a global CP model over X

* At each step, assign all variables in X \ {y;, ..., ¥} and solve the global model

« Advantage : reuses the basic CP model of the problem, almost no additional implementation effort

Approach 2

+ Define a local CP model encoding the neighborhood more compactly, possibly using a small problem
holding only over variables in {y, ..., yx}

* At each step, tune the local CP model, solve it, and merge the local solution with the global one
* Advantage : smaller problem (lower memory size)

Approach 3
+ Use a CP solver that already disposes of LNS search strategies (e.g., CPOptimizer or OR-Tools CP-SAT)

%;Eauqus ONERA
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Organization

Constraint Programming (CP) : generalities
Scheduling with CP : noOverlap

Scheduling with CP : noOverlap with optional tasks
Scheduling with CP : noOverlap with optional tasks and setup times
Scheduling with CP : task clusters

Scheduling with CP : flexible disjunctive resources
Scheduling with CP : reservoir resources
Scheduling with CP : cumulative resources
Scheduling with CP : other objectives

10. CP-based Large Neighborhood Search

11. Modeling issues
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Scheduling problems and CP

Task Mandatory Optional Task Tasks with
asks tasks tasks clusters precedences Strength of Constraint
- o Programming for modeling
Disjunctive Single Seq-dependent Multiple machines ang Sl?rllvmgorglae?r)]/s |
machines machine setup times (flexible scheduling) scheduling p '
Techniques like LNS can
Other Knapsack-like Reservoir Cumulative help for scalability issues
resources capacity resource resource Everything is green again
Objectives Rewards or  pjakespan? (Weighted) Elllingss- However...
priorities tardiness tardiness
gpﬂmmm OMNERA C. Pralet. Basics of CP for scheduling and application to space, PMS 2026 53
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Scheduling problems and CP

More complex

Tasks EX : periodic observation tasks, coverage tasks for large areas...
tasks
Disjunctive Need to consider kinematical models (max velocity / acceleration Time-dependent
machines of the gyroscopic actuators) coupled with space mechatronics setup times
Other Ex : recharge function of the cosine of the angle More complex
resources between the Sun rays and the normal to the solar panels resources
Objectives Ex : combination of repetitivity objectives and cloud cover aspects Morg con Ples
objectives
Operational baseline for EOS planning : greedy hierarchical search
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Scheduling problems and CP

Tasks Mandatory Optional Task Tasks with More complex
tasks tasks clusters precedences tasks

Disjunctive Single Seq-dependent Multiple machines Time-dependent
machines machine setup times (flexible scheduling) setup times
Other Knapsack-like Reservoir Cumulative More complex
resources capacity resource resource resources
Objectives Rewards or Makespan? (Welghted) Earll_ness- Morg complex

priorities tardiness ~ tardiness objectives
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Organization

Constraint Programming (CP) : generalities
Scheduling with CP : noOverlap

Scheduling with CP : noOverlap with optional tasks
Scheduling with CP : noOverlap with optional tasks and setup times
Scheduling with CP : task clusters

Scheduling with CP : flexible disjunctive resources
Scheduling with CP : reservoir resources
Scheduling with CP : cumulative resources
Scheduling with CP : other objectives

10. CP-based Large Neighborhood Search

11. Modeling issues

12. Conclusion and perspectives
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Conclusion and perspectives

Good news

CP very flexible to model problems, thanks to expressive temporal and resource constraints over time
or interval variables, coupled with Boolean conditions

Very efficient propagation techniques developed during decades (noOverlap constraints, cumulative
constraints, efficient CP-SAT-temporal network reasoning, lazy clause generation...)

CP efficient on small-medium-size simplified EOS scheduling problems
Still work to be done given remaining scalability and modeling issues discussed before

And anyway, CP is a very good candidate to get optimal solution to small-medium simplified problems
and evaluate the optimality gaps of (meta)heuristic methods

Other relevant space applications (e.g., telecommunication satellites, telescopes, rovers, deep space
exploration...)

REPUBLIQUE
FRANCAISE
Lt

ONERA
/'—-—-—-___—_—-—-\

THE FRENCH AEROSPACE LAB

C. Pralet. Basics of CP for scheduling and application to space, PMS 2026

57



Conclusion and perspectives

Some perspectives

«  hybrid methods (clause learning coupled with detailed models, optimization and machine learning, new
CP-based LNS strategies, hybrization between CP and other metaheuristics...)

« development of new specific constraints closer to some complex physical models
«  Uncertainty management
« Onboard EOS planning

<
Several ongoing projects, such as ANR OMNEOS (\ “Q
involving ONERA, LAAS-CNRS, and Prométhee JQMNEQS
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