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Preliminary remarks
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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)

• A single application : planning for Earth Observation Satellites (EOS)
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EOS planning
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Organization
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1. Constraint Programming (CP) : generalities
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Constraint Satisfaction Problem
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Constraint Satisfaction Problem (CSP) = triple (X,D,C)

• 𝑋 = {𝑥1, … , 𝑥𝑛} : finite set of variables

• 𝐷 = function defining the domain of each variable (𝐷 𝑥𝑖 = possible values for 𝑥𝑖 ∈ 𝑋)

• 𝐶 = {𝑐1, … , 𝑐𝑚} : finite set of constraints

Constraint c = pair (𝑆, 𝑅) where

• 𝑆 = [𝑦1, … , 𝑦𝑘] : list of variables 𝑦𝑖 ∈ 𝑋 over which the constraint holds

• R ⊆ 𝐷 𝑦1 ×⋯× 𝐷 𝑦𝑘 : 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 ≠ 𝑧))

• Usage of constraints available in a catalog (ex: (𝑥 ≠ 𝑦) 𝐴𝑁𝐷 𝑎𝑙𝑙𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡(𝑥, 𝑦, 𝑧))

• Specific code
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Constraint Satisfaction Problem
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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, ∀𝑐 = 𝑆, 𝑅 ∈ 𝐶 where 𝑆 = [𝑦1, … , 𝑦𝑘], condition 

« (𝐴 𝑦1 , … , 𝐴 𝑦𝑘 ) ∈ 𝑅 » holds

COP (Constraint Optimization Problem)

• addition of an objective to optimize

• equivalent to the resolution of a sequence of satisfaction problems

𝑥1
𝑥2

𝑥3

𝑥4 𝑥7

𝑥6

𝑥5

𝑥9

𝑐1
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𝑐2
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Constraint propagation to prune inconsistent values
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Examples

• domains 𝐷 𝑥 = 0. . 5 , 𝐷 𝑦 = 2. . 6 , constraint c ∶ 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) 
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Tree search with constraint propagation

8

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)

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

constraint propagation at each node

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
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Disjunctive

machines

Other

resources

Objectives

Tasks
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Organization
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

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



Scheduling problems and CP
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Disjunctive

machines

Single 

machine

Other

resources

Objectives

Mandatory

tasks
Tasks

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
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𝑁 observation tasks, with for each 𝑖 ∈ [1. . 𝑁] ∶

• 𝐸𝑆𝑇 𝑖 : earliest start time for obs 𝑖

• 𝐿𝑆𝑇 𝑖 : latest start time for obs 𝑖

• 𝐷𝑈 𝑖 : duration during which 𝑖 uses the satellite

(obs. duration + fixed transition time to next obs)

Constraints

• Observations performed within the windows

• No overlapping between the observations

Objective : perform all the observations

Small note : for some models, addition of a fictitious obs 0

Solution example
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Some possible CP models
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Variables 

• 𝑠𝑡𝑎𝑟𝑡 𝑖 ∈ 𝐸𝑆𝑇 𝑖 . . 𝐿𝑆𝑇 𝑖 = start time of obs i

Constraints to ensure non-overlapping

• ∀𝑖, 𝑗 ∈ 1. . 𝑁 𝑠. 𝑡. 𝑖 < 𝑗 ∶
𝑠𝑡𝑎𝑟𝑡 𝑖 + 𝐷𝑈 𝑖 ≤ 𝑠𝑡𝑎𝑟𝑡 𝑗
𝑂𝑅(𝑠𝑡𝑎𝑟𝑡[𝑗] + 𝐷𝑈[𝑗] ≤ 𝑠𝑡𝑎𝑟𝑡[𝑖])

Variables 

• 𝑠𝑡𝑎𝑟𝑡 𝑖 ∈ 𝐸𝑆𝑇 𝑖 . . 𝐿𝑆𝑇 𝑖 = start time of obs i

• 𝑛𝑒𝑥𝑡 𝑖, 𝑗 ∈ {0,1} = obs j just after obs i (for 𝑖 ≠ 𝑗)

Constraints to ensure non-overlapping

• ∀𝑖, 𝑗 ∈ 1. . 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 })
Variables

• 𝑠𝑡𝑎𝑟𝑡 𝑖 ∈ 𝐸𝑆𝑇 𝑖 . . 𝐿𝑆𝑇 𝑖 = start time of obs i

• 𝑛𝑒𝑥𝑡𝐼𝑑 𝑖 ∈ 0. . 𝑁 = index of the obs following

i in the sequence of tasks

Constraints to ensure non-overlapping

• ∀𝑖 ∈ 1. . 𝑁 ∶

𝑠𝑡𝑎𝑟𝑡 𝑛𝑒𝑥𝑡𝐼𝑑 𝑖 ≥ 𝑠𝑡𝑎𝑟𝑡 𝑖 + 𝐷𝑈 𝑖

• 𝑎𝑙𝑙𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡( 𝑛𝑒𝑥𝑡𝐼𝑑 𝑖 𝑖 ∈ 0. . 𝑁 )

Variables

• Interval 𝑖𝑡𝑣 𝑖 of size 𝐷𝑈 𝑖 in window

𝐸𝑆𝑇 𝑖 . . 𝐿𝑆𝑇 𝑖 + 𝐷𝑈[𝑖]

Constraint to ensure non-overlapping

• 𝑛𝑜𝑂𝑣𝑒𝑟𝑙𝑎𝑝( 𝑖𝑡𝑣 𝑖 𝑖 ∈ 1. . 𝑁 })

Very elegant + efficient propagators for the noOverlap

constraint (overload checking, edge-finding…)

M1

M2

M3

M4
C. Pralet. Basics of CP for scheduling and application to space, PMS 2026



Some possible CP models : solver usage
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M4, CPOptimizer (Java API) M4, OR-Tools CP-SAT (Python API)
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Comparison for 100 observation tasks
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M1 (time + or) M4 (itv + noOverlap)
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Comparison for 700 observation tasks
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M1 (time + or)
M4 (itv + noOverlap)
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Organization
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

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

machines
Single 

machine

Other

resources

Objectives
Rewards or 

priorities

Optional

tasks

Mandatory

tasks
Tasks

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
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CP models
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Variables 

• 𝑠𝑡𝑎𝑟𝑡 𝑖 ∈ 𝐸𝑆𝑇 𝑖 . . 𝐿𝑆𝑇 𝑖 = start time of obs i

• 𝑝𝑟𝑒𝑠 𝑖 ∈ {0,1} = selection of obs i

Constraints

• ∀𝑖, 𝑗 ∈ 1. . 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

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 })

Objective : 𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑠𝑢𝑚 𝑖 ∈ 1. . 𝑁 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑖𝑡𝑣 𝑖 ∗ 𝑅 𝑖

M4 with optional obs

M1 with optional obs

Still a very compact 

declarative model
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Some possible CP models : solver usage
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M4, CPOptimizer (Java API) M4, OR-Tools CP-SAT (Python API)
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Model comparison
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M1 (time + or), 20 obs tasks M4 (itv + noOverlap), 20 obs. tasks

100 tasks : search terminated in 0.42s

500 tasks : high-quality solutions in a few seconds
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Organization
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

machines
Single 

machine

Other

resources

Objectives Rewards or 

priorities

Sequence-dependent

setup times

Optional

tasks

Mandatory

tasks
Tasks

New specification

• sequence-dependent transition 

times between the tasks
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NoOverlap with setup times
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Interval-based model, CPOptimizer version

• Concept of sequence variable 

• Concept of interval type (in our case, interval

type = observation id)

• Possibility to define a noOverlap constraint

with setup times over a sequence variable

• TT[k,k’] = setup time required between a task

of type k and a task of type k’

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



NoOverlap with setup times
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OR-Tools CP-SAT : 

• back to a circuit constraint to enforce the 

setup times (routing constraint)

• combined with a standard noOverlap

(scheduling constraint)

• somehow a more low-level description 

compared to CPOptimizer
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Organization
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

5. Scheduling with CP : task clusters
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Scheduling problems and CP
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Disjunctive

machines
Single 

machine

Other

resources

Objectives
Rewards or 

priorities

Sequence-dependent

setup times

Optional

tasks

Mandatory

tasks
Tasks

Task

clusters

Problem

• one satellite over one orbit

• set of possible observation tasks

• time windows

• fixed transition times between tasks

• task clusters : one cluster = a group 

of tasks that must all be performed

to get a reward

(ex : stereo requests, synchronized

multi-site observation  requests…)

• reward Reward[c] for cluster c
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Task clusters : easy in CP
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Additional input data

• 𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑠 : set of task clusters, with for each cluster 𝑐 a set of observation indices 𝐼 𝑐 ⊆ [1. . 𝑁]

Additional variables

• 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 : ∀𝑐 ∈ 𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑠, 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑 𝑐 = min{ 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑖𝑡𝑣 𝑖 | 𝑖 ∈ 𝐼 𝑐 }

New objective : 𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑠𝑢𝑚 𝑐 ∈ 𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑠 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑[𝑐] ∗ 𝑅𝑒𝑤𝑎𝑟𝑑 𝑐

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



Organization
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

5. Scheduling with CP : task clusters

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

machines
Single 

machine

Multiple machines 

(flexible scheduling)

Other

resources

Objectives Rewards or 

priorities

Seq-dependent

setup times

Optional

tasks

Mandatory

tasks
Tasks

Task

clusters

Problem

• several satellites

• several orbits

• 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
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Main ideas

• New variables 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑 𝑟 ∈ 0,1 : request r satisfied

• Request satisfaction constraint : ∀ 𝑟 ∈ 𝑅, 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑 𝑟 =

𝑠𝑢𝑚 𝑖 ∈ 𝐼 𝑟 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒(𝑖𝑡𝑣 𝑖 )

• Definition of one noOverlap constraint per satellite

• Possible decomposition into a larger number of noOverlaps by 

exploiting long time frames free of candidate obs tasks

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



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

Remarks

• Larger problem size

• Rewards / priorities : strong impact 

on CPU times (not just a matter of 

number of observations)

• Window distribution important too
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

5. Scheduling with CP : task clusters

6. Scheduling with CP : flexible disjunctive resources

7. Scheduling with CP : reservoir resources
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Scheduling problems and CP
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Disjunctive

machines
Single 

machine

Multiple machines 

(flexible scheduling)

Other

resources
Knapsack-like 

capacity

Reservoir

resource

Objectives
Rewards or 

priorities

Seq-dependent

setup times

Optional

tasks

Mandatory

tasks
Tasks

Task

clusters

Resources ! 

• min energy level Emin

• max energy level Emax 

(saturation at Emax)
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Energy management : coarse-grain model
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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 𝐼(𝑜) of 

observations involved in 𝑜

• capacity constraints :

∀𝑜 ∈ 𝑂𝑟𝑏𝑖𝑡𝑠, 𝑠𝑢𝑚 𝑖 ∈ 𝐼 𝑜 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑖𝑡𝑣 𝑖 ∗ 𝐷𝑈 𝑖 ≤ 𝑀𝑎𝑥𝑂𝑏𝑠𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛𝑃𝑒𝑟𝑂𝑟𝑏𝑖𝑡

o1 o2 o5 o4 o9 o6 o3eclipse

orbit 524 (knapsack 524) orbit 525 (knapsack 525)

eclipseeclipse
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Energy management : finer model in CP
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Model 2 : reservoir constraint

• Set of resource consumption-production events

𝑇𝑘, 𝛿𝑘 𝑘 ∈ 1. .𝑀 }
regular energy production by the solar panels  

+ energy reservation for obs. (and downloads)

• Minimum energy level Emin

• Maximum energy Emax

Semantics : at every time 𝑡,
Emin ≤ 𝑠𝑢𝑚 𝑘 ∈ 1. .𝑀 𝑠. 𝑡. 𝑇𝑘 ≤ 𝑡 𝛿𝑘≤ 𝐸𝑚𝑎𝑥

Model 3: reservoir constraint with optional events

• Set of optional resource prod/cons 

events 𝑇𝑘, 𝛿𝑘, 𝑥𝑘 𝑘 ∈ 1. .𝑀 } where 𝑥𝑘 ∈ 0,1 = 

presence of event k

power production only if needed

• Minimum energy level Emin

• Maximum energy Emax

Semantics : at every time 𝑡,
Emin ≤ 𝑠𝑢𝑚 𝑘 ∈ 1. .𝑀 𝑠. 𝑡. 𝑇𝑘 ≤ 𝑡 𝑥𝑘 ∗ 𝛿𝑘≤ 𝐸𝑚𝑎𝑥

o1 o2 o5 o4 o9 o6 o3eclipseeclipse eclipse

init

Does not model the saturation at Emax

Ex : possible inconsistency if only

charging activities leading to production 

beyond Emax !!!
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CPOptimizer (Java API) OR-Tools CP-SAT (Python API)

initial 

energy

energy

production

energy
consumption

reservoir

constraint
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Energy management : coarse-grain model
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Solution example (using CPOptimizer), 

20 candidate observations

Solution example (using CPOptimizer), 

150 candidate observations
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

5. Scheduling with CP : task clusters

6. Scheduling with CP : flexible disjunctive resources

7. Scheduling with CP : reservoir resources

8. Scheduling with CP : cumulative resources
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Disjunctive

machines
Single 

machine

Multiple machines 

(flexible scheduling)

Other

resources
Knapsack-like 

capacity

Cumulative 

resource

Reservoir

resource

Objectives Rewards or 

priorities

Seq-dependent

setup times

Optional

tasks

Mandatory

tasks
Tasks

Task

clusters

Tasks with

precedences

Resources again ! 

• Maximum memory size

• Memory reserved at the 

start of an observation

• Memory released at the 

end of each download task
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Memory management : possible model
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Cumulative constraint with optional intervals

• set of tasks 𝐾

• optional intervals 𝑖𝑡𝑣[𝑘] for each task k ∈ 𝐾

• resource consumption 𝑅𝑐𝑜𝑛𝑠[𝑘] for each k

• maximum resource level 𝑅𝑚𝑎𝑥

Semantics : 

∀𝑡, σ 𝑘 ∈𝐾 𝑠.𝑡. 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑖𝑡𝑣 𝑘 =1

𝐴𝑁𝐷 𝑠𝑡𝑎𝑟𝑡 𝑖𝑡𝑣[𝑘] ≤𝑡<𝑒𝑛𝑑(𝑖𝑡𝑣 𝑘 )

𝑅𝑐𝑜𝑛𝑠[𝑘] ≤ 𝑅𝑚𝑎𝑥

Application

• optional intervals record𝐼𝑡𝑣[𝑖] for each obs 𝑖 ∈ [1. . 𝑁]

• 𝑠𝑡𝑎𝑟𝑡𝐴𝑡𝑆𝑡𝑎𝑟𝑡 𝑟𝑒𝑐𝑜𝑟𝑑𝐼𝑡𝑣 𝑖 , 𝑜𝑏𝑠𝐼𝑡𝑣 𝑖

• 𝑒𝑛𝑑𝐴𝑡𝐸𝑛𝑑 𝑟𝑒𝑐𝑜𝑟𝑑𝐼𝑡𝑣 𝑖 , 𝑑𝑙𝐼𝑡𝑣 𝑖

• 𝑒𝑛𝑑𝐵𝑒𝑓𝑜𝑟𝑒𝑆𝑡𝑎𝑟𝑡 𝑜𝑏𝑠𝐼𝑡𝑣 𝑖 , 𝑑𝑙𝐼𝑡𝑣 𝑖

• Cumulative constraint over intervals rec𝑜𝑟𝑑𝐼𝑡𝑣[𝑖]
given maximum memory size 𝑀𝑒𝑚𝑀𝑎𝑥

• + a few other constraints (alternative, span…)

obs1 obs2 obs5 obs4 obs9

comWindow 1 comWindow 2

dl1 dl5 dl4 dl2 dl9obs and download

Occupied

memory

record1
record2

record5 record4

record9

time

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



Energy management

43

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

Powerful propagation algorithms associated with the cumulative constraint
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

5. Scheduling with CP : task clusters

6. Scheduling with CP : flexible disjunctive resources

7. Scheduling with CP : reservoir resources

8. Scheduling with CP : cumulative resources

9. Scheduling with CP : other objectives
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Disjunctive

machines
Single 

machine

Multiple machines 

(flexible scheduling)

Other

resources
Knapsack-like 

capacity

Cumulative 

resource

Reservoir

resource
More complex

resources

Objectives Rewards or 

priorities

(Weighted) 

tardiness

Earliness-

tardiness

More complex

objectives

Seq-dependent

setup times

Time-dependent

setup times

Optional

tasks

Mandatory

tasks
Tasks

Task

clusters
More complex

tasks

Tasks with

precedences

Makespan?

Other objective functions ?

Rather easy to model in CP
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Disjunctive

machines
Single 

machine

Multiple machines 

(flexible scheduling)

Other

resources
Knapsack-like 

capacity

Cumulative 

resource

Reservoir

resource
More complex

resources

Objectives Rewards or 

priorities

(Weighted) 

tardiness

Earliness-

tardiness

More complex

objectives

Seq-dependent

setup times

Time-dependent

setup times

Optional

tasks

Mandatory

tasks
Tasks

Task

clusters
More complex

tasks

Tasks with

precedences

Makespan?

Strength of Constraint

Programming for modeling 

and solving many

scheduling problems !

Everything is green…

However… 
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Computational aspects
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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)
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

5. Scheduling with CP : task clusters

6. Scheduling with CP : flexible disjunctive resources

7. Scheduling with CP : reservoir resources

8. Scheduling with CP : cumulative resources

9. Scheduling with CP : other objectives

10. CP-based Large Neighborhood Search
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Large neighborhood search
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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 𝑦1, … , 𝑦𝑘 in 𝑋

• Repair : use a CP solver to re-optimize the values of 𝑦1, … , 𝑦𝑘 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)
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CP-based LNS
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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.
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CP-based LNS : several approaches
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Approach 1

• Define a global CP model over 𝑋

• At each step, assign all variables in 𝑋 ∖ {𝑦1, … , 𝑦𝑘} 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 {𝑦1, … , 𝑦𝑘}

• 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)
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

5. Scheduling with CP : task clusters

6. Scheduling with CP : flexible disjunctive resources

7. Scheduling with CP : reservoir resources

8. Scheduling with CP : cumulative resources

9. Scheduling with CP : other objectives

10. CP-based Large Neighborhood Search

11. Modeling issues
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Disjunctive
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Single 

machine

Multiple machines 

(flexible scheduling)

Other
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Reservoir
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More complex

resources

Objectives Rewards or 
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(Weighted) 

tardiness

Earliness-

tardiness

More complex
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Seq-dependent

setup times

Time-dependent

setup times

Optional
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Task
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More complex

tasks

Tasks with
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Makespan?

Strength of Constraint

Programming for modeling 

and solving many

scheduling problems !

Techniques like LNS can 

help for scalability issues

Everything is green again…

However… 
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Single 
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More complex
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(Weighted) 

tardiness
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tardiness

More complex

objectives

Seq-dependent

setup times

Time-dependent

setup times

Optional

tasks

Mandatory

tasks
Tasks

Task

clusters
More complex

tasks

Tasks with

precedences

Makespan?

Ex : periodic observation tasks, coverage tasks for large areas…

Need to consider kinematical models (max velocity / acceleration

of the gyroscopic actuators) coupled with space mechatronics

Ex : recharge function of the cosine of the angle 

between the Sun rays and the normal to the solar panels

Ex : combination of repetitivity objectives and cloud cover aspects

Operational baseline for EOS planning : greedy hierarchical search
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1. Constraint Programming (CP) : generalities

2. Scheduling with CP : noOverlap

3. Scheduling with CP : noOverlap with optional tasks

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

5. Scheduling with CP : task clusters

6. Scheduling with CP : flexible disjunctive resources

7. Scheduling with CP : reservoir resources

8. Scheduling with CP : cumulative resources

9. 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
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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…)
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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

involving ONERA, LAAS-CNRS, and Prométhée
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Questions ?
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