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Abstract

On-orbit servicing (O0S) is expected to play a growing role in enhancing the resilience, flexibility, and sustainabil-
ity of space systems. As space infrastructure expands and diversifies, missions involving satellite refueling, repair,
debris removal, and life extension will become central to long-term sustainability of the orbital environment. Ef-
ficiently planning and managing OOS missions involves making complex decisions across multiple timescales,
subject to constraints on resources, operational feasibility, and uncertainty. The domain of operations research
(OR) offers a broad set of analytical and computational tools for supporting such decisions, combining mathemati-
cal modeling with solution methods for optimization, planning under uncertainty, and systems analysis. This paper
aims to provide a structured overview of OR approaches relevant to OOS mission planning and decision-making.
It focuses on four broad categories of models: deterministic optimization, stochastic programming, sequential
decision-making, and complementary decision analysis tools. These frameworks capture diverse aspects of OOS
operations, from short-term scheduling to long-term strategic planning. The aim of this analysis is to synthesize
and contextualize representative OR methods for researchers and mission planners working at the intersection of
space systems and decision science. While not exhaustive, the paper is intended to support space professionals less
familiar with OR techniques, as well as OR researchers seeking to adapt their models to the specific demands of
space operations.
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Acronyms/Abbreviations

AHP Analytic Hierarchy Process

DP Dynamic Programming
DQN Deep Q-Network
GA Genetic Algorithm

MAUT  Multi-Attribute Utility Theory
MCDA  Multi-Criteria Decision Analysis
MDP Markov Decision Process

MILP  Mixed-Integer Linear Programming
00S On-Orbit Servicing

OR Operations Research

PPO Proximal Policy Optimization
PSO Particle Swarm Optimization
RL Reinforcement Learning

SAA Sample Average Approximation
TRPO  Trust Region Policy Optimization

1. Introduction

On-orbit servicing (OOS) is gaining increasing attention as a means to enhance the resilience, flexibility, and
sustainability of space systems. Missions such as satellite refueling, inspection, repair, debris removal, and con-
stellation maintenance extend the utility of orbital assets and address growing concerns about orbital congestion
and spacecraft lifecycle management [1]. These operations involve a variety of planning tasks: selecting which
targets to service, scheduling missions across multiple orbits, optimizing transfer trajectories, coordinating fleets
of servicer spacecraft, and assessing long-term strategic value and mission risk. Compared to traditional single-
mission space operations, OOS systems must navigate broader decision spaces, evolving objectives, and multiple
sources of uncertainty.

To address the complex and evolving nature of mission planning and management for OOS operations, re-
searchers started to utilize a wide range of operations research (OR) tools tailored to different aspects of mission
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planning and decision support [2]. Optimization methods, including mixed-integer, nonlinear, and heuristic ap-
proaches, have been applied to analyze problems such as multi-target spacecraft servicer routing [3; 4; 5], orbital
depot placement [6], and constellation servicing across LEO, MEO, and GEO regimes [7]. Several works ad-
dress uncertainty in servicing operations through stochastic or scenario-based models, including applications to
refueling [8], debris removal, and safety-constrained planning [9; 10]. Reinforcement learning and meta-learning
techniques are explored for adaptive mission scheduling [11], OOS assistance for collision avoidance [12], and
planning active debris removal scheduling [13; 14]. Other studies introduce hybrid frameworks that combine
learning-based policies with optimization techniques to multi-rendezvous mission design [15], or integrate dy-
namic programming with tree search methods for large-scale constellation servicing [16].

These efforts demonstrate that OR techniques are increasingly being adapted to the diverse planning and man-
agement challenges expected to be posed by OOS systems. As OOS applications continue to expand in scope
and complexity, clarifying how different OR frameworks and modeling paradigms align with specific classes of
decisions can help inform both methodological development and practical implementation. These decision prob-
lems vary from deterministic orbital routing to planning servicing under uncertain demand, and from short-horizon
scheduling to adaptive multi-mission control.

To support this evolving landscape, this paper provides a brief yet structured overview of core OR modeling
approaches that can inform OOS mission planning and management. It highlights four broad classes of methods:
(1) mixed-integer linear programming for deterministic large-scaly OOS routing and scheduling; (2) two-stage
stochastic programming for modeling uncertainty in servicing needs and operational conditions; (3) sequential
decision frameworks based on Markov Decision Processes and reinforcement learning for adaptive, multi-step
OOS mission planning; and (4) complementary tools such as multi-criteria decision analysis and real options for
incorporating qualitative preferences, risk considerations, and strategic flexibility. The discussion aims to clarify
how these modeling approaches relate to key classes of OOS decisions, providing a conceptual foundation for
researchers and practitioners engaging with this growing field.

2. Modeling On-Orbit Servicing Missions with Mixed-Integer Linear Programming

Mixed-integer linear programming (MILP) is a widely used optimization framework for problems involving
both discrete and continuous decisions under linear constraints. MILP offer a structured framework to represent
mission logic and operational constraints. This section outlines a general problem structure that illustrates how
MILP can represent core elements of OOS planning models.

2.1. General Problem Structure and Formulation

The mathematical structure of an OOS mission optimization problem cast within a MILP framework involves
defining decision variables, constraints, and objective functions to describe the elements of space mission planning
while accounting for the constraints of the orbital environment. To illustrate how MILP modeling frameworks can
be used for OOS mission planning problems, we can define the following sets:

o .7 Set of client satellites or space objects requiring servicing
* 9: Set of potential locations for supporting infrastructure (e.g., refueling depots)
* 7 Set of discrete time steps in the planning horizon .7 = {to,1,t2,...,tmax }
The mathematical formulation of a general MILP model can be expressed as:
min c/x+d’y
X,y
subjectto Ax+By <b (1)
Ex+Fy=e
xe{0,1}", yeRY

Where x represents binary decision variables (e.g., orbital routing of servicing vehicles, servicing decisions),
y represents continuous variables (e.g., propellant use, servicing timing), and the constraints enforce mission re-
quirements and physical limitations. This framework is general to MILP problems, however its adaptation to OOS
requires specific accommodations to account for the physics of space operations.

2.2. Time-Expanded Network Representation

A key modeling technique for space mission planning within an MILP framework is the use of time-expanded
network representations to transform the continuous-time dynamics of orbital motion and moving targets into a
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discrete-time network suitable for MILP modeling and optimization [17; 18]. In this approach, both time and
space (e.g., orbital positions or operational states) are discretized, creating a network where each node represents
a satellite, servicing vehicle, or space infrastructure depot at a specific time step. This yields a static network
representation of what is inherently a dynamic problem involving moving objects.

To illustrate this approach, the time-expanded network G = (N, A) is constructed as follows:

1. The node set N consists of tuples (i,#) where i € . U & represents a physical location (target satellite or
servicing vehicle) and 7 € .7 represents a specific time step.

2. The arc set A contains elements ((i,7) — (j,#')) where a feasible transfer from location i at time ¢ to location
j at time ¢’ exists according to orbital mechanics.

Each arc a = ((i,t) — (j,#')) € A is characterized by:
* AV(a): The velocity change required for the orbital maneuver.
 7(a) =1t' —1: The time of flight for the transfer.

The key orbital mechanics considerations that determine arc feasibility and cost in the time-expanded net-
work can include: (i) the energy requirements for Hohmann transfers between orbits of different altitudes, (ii)
the propellant-intensive plane changes needed for satellites in different orbital inclinations, and (iii) the phasing
requirements that create specific time windows when transfers between orbits become possible. These physical
constraints fundamentally shape the network structure by limiting when arcs can exist between nodes and by de-
termining the AV cost associated with each potential transfer.

The network can also include waiting arcs of the form ((i,#) — (i,t + At))! to allow the servicing spacecraft
to remain at a given orbit for some time steps. These have zero AV cost but consume time. This is a particularly
important consideration when the servicing vehicle needs to wait for favorable transfer windows, which is absent
in traditional terrestrial routing problems. This construction effectively “unrolls” the orbital dynamics over time
[18], transforming a continuous-time problem with moving targets into a discrete network problem where the
time-dependent nature of transfers is explicitly represented.

2.3. MILP Formulation for OOS Mission Planning Optimization

Using the time-expanded network, we can formulate a generic MILP model for OOS mission planning that
accounts for the most important mission planning concepts. For simplicity, we present a formulation for a single
servicer, though the model can be readily extended to multiple servicers.

Model Formulation: For a set of satellites . and discrete time steps .7, a generic MILP-based formulation for
OOS mission planning with a single servicing vehicle can be expressed as:

max Y Y v 2

i€esteT
st yiu< Y xa, VieS, 1€ (3)
acd~ (i)
Yy <1, Vies (4)
teT
Y AV(a)- x4 < Fita ®)
acA
Z Xa — Z Xa = bitv v(lat) EN (6)
acd~ (i) acdt(it)
Fio < fir —AV(a) X+ Frax(1 —xa),  Va=((i;t) — (J,f') €A (7N
Fiw 2 fis = AV (@) - Xa = Fnax(1 = xa),  Va=((i;t) = (j,t')) €A ®)
Sioto = Finitial 9

For this model, the decision variables are defined as follows: x, € {0, 1} indicates whether arc a € A is included
in the vehicle’s trajectory; y;, € {0, 1} indicates whether satellite i € . is serviced at time € 7; and fi, € Ry
denotes the remaining propellant at node (i, 7).

!'Unlike transfer arcs ((i,) — (j,#')) where i # j, waiting arcs represent the servicer staying at the same location across time steps. The
notation At may differ from the global time discretization step if variable time steps are allowed.
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Moreover, the key parameters include: AV (a), the velocity increment required for the orbital transfer along arc
a; by, the net flow requirement at node (i,#); Fnax, the maximum propellant capacity of the servicing vehicle; and
Finitial, its initial onboard propellant at mission start.

The objective function (2) maximizes the number of satellites serviced during the planning horizon. Con-
straint (3) ensures that a satellite can only be serviced if the vehicle is present at the corresponding node. Con-
straint (4) ensures each satellite is serviced at most once. Constraint (5) enforces a mission-wide upper bound on
total propellant usage. Constraint (6) maintains flow balance at each node in the time-expanded network, mod-
eling the path continuity of the servicing vehicle. Propellant consumption is captured through the disjunctive
constraints (7) and (8), with the initial propellant state specified in constraint (9). Finally, constraint (10) ensures
feasible fuel levels throughout the mission.

While this formulation maximizes the number of serviced satellites during a mission, other mission objectives
can be considered such as those illustrated in Table (1).

Objective Type Mathematical Formulation Description
Maximize Mission Value maxYc o Yie s Vi Vis Prioritizes servicing high-value satel-
lites when resources are limited
Minimize Propellant Usage minY ,c4 AV (a) - x4 Focuses on fuel efficiency, potentially
at the cost of service coverage
Multi-Objective mina Y ,cq AV (a) - x4 — Balances propellant efficiency, mission
BYico Vivis + Vimax value, and time considerations based

on mission priorities
Table 1: Alternative objective functions for OOS mission planning: v; is the value of servicing satellite i, #4y is the mission
completion time, and «, 3,y are weighting parameters.

In practice, the choice of objective function is closely tied to operational goals and system-level tradeoffs such
as maximizing return on investment, minimizing risk, or preserving maneuvering capability for future missions.

2.4. Orbital considerations in constructing feasible network topologies

The distinguishing features of OOS MILP models arise not from the algebraic formulation itself, but from the
physics-driven constraints embedded in the construction of the time-expanded network. Unlike terrestrial routing
problems, where nodes and arcs can often be defined freely, orbital dynamics impose structural constraints on the
network topology that must be enforced during preprocessing.

Key considerations include:

1. Orbital Phasing and Timing Windows: Spacecraft can only transfer between orbits during specific windows
when the relative positions of origin and destination allow for efficient maneuvers. This manifests in the
network as missing arcs between nodes that represent infeasible transfers, creating a sparse network structure
where many potential connections are physically impossible.

2. Non-Euclidean Distance Properties: The AV expenditure in orbital mechanics differs fundamentally from
typical Euclidean distance metrics in three important ways: it is asymmetric (AV;_, ; # AV,_,;), time-varying
(costs change with departure time), and non-transitive (adding an intermediate stop, or even waiting in
place, can reduce total cost). These properties should be taken into account in modeling and analysis of the
optimization output.

3. Orbital Evolution: perturbations such as J2-perturbation naturally changes satellite orbital planes over time
without propellant expenditure. The MILP model can capture this through zero-AV waiting arcs that allow
the servicer to strategically delay transfers until natural orbital evolution creates more favorable conditions.

These orbital considerations are typically handled during the generation of the time-expanded network to ensure
that the resulting MILP formulation operates over a feasible and consistent network.

2.5. Application Examples

The MILP formulation can readily accommodate extensions to reflect specific OOS mission planning require-
ments, including task-specific constraints, operational modes, and servicing objectives. These additions typically
involve new decision variables and constraints. Table (2) summarizes several possible OOS mission types and the
corresponding modeling adaptations within the MILP framework.

Beyond these, additional operational constraints can be considered-such as communication windows, approach
safety requirements, and rendez-vous requirements- can also be added modularly depending on the fidelity re-
quired. In principle, most of these extensions can be modeled while maintaining the underlying MILP structure.
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Table 2: Adaptation of MILP Framework for Different OOS Mission Types
Mission Type Key Extensions to the MILP Framework
Satellite Refueling Continuous variables for tracking propellant transfer quantities / Extended resource
constraints maintaining mass balance between servicer and clients satellites / Limits
on depot capacity or transfer efficiency.
Inspection and Repair ~ Variables tracking specialized equipment allocation for different repair tasks / Viewing
angle constraints / Operation duration constraints based on task complexity.

Debris Removal Extended constraints for capturing based on object characteristics / Additional AV
budget for de-orbit maneuvers / Risk-based prioritization in objective function.
Orbital Insertion Variables for final orbital insertion maneuvers of target satellites from deployment or-

bits / Phasing constraints for precise positioning within constellations or target orbits /
Constraints to enforce ordered deployment of multiple satellites from a single carrier
vehicle.

2.6. Solution Methods

MILP-based formulations for OOS mission planning can be solved using a variety of techniques depending
on problem scale and structure. This section highlights three broad classes of methods: exact algorithms for
moderate-scale instances, decomposition techniques for large and structured problems, and heuristic approaches
for computationally challenging or non-convex variants.

Standard solution methods: For moderate-sized instances, standard MILP algorithms—such as branch-and-
bound, cutting planes, and branch-and-cut are effective and can be directly implemented using commercial solvers
such as Gurobi and CPLEX [19; 20]. These methods are suitable for solving tightly formulated instances, for
example, with binary routing and scheduling decisions. They are commonly used in OOS studies involving single-
or multi- servicer planning over discrete time horizons [21; 17].

Decomposition techniques: For large-scale scenarios involving extended planning horizons, multiple servicing
vehicles, or a dense set of candidate targets, solving the full MILP directly can be computationally prohibitive. In
such cases, decomposition-based methods provide tractable alternatives by leveraging problem structure. Benders
decomposition separates the problem into a master problem (typically handling binary routing or scheduling de-
cisions) and subproblems (handling continuous resource allocation), which can be solved iteratively and, in some
cases, in parallel [22]. Column generation constructs the problem incrementally by generating new variables (e.g.,
feasible orbital sequences) only when they can improve the solution, allowing for efficient handling of formula-
tions with an exponential number of variables [23]. Additional speedups can be obtained through valid inequalities,
which strengthen the MILP relaxation by eliminating infeasible or suboptimal regions of the search space using
domain-specific logic [24].

Heuristics and metaheuristics: When problem size, combinatorial complexity, or non-convex features make
exact MILP approaches impractical, heuristic and metaheuristic methods offer scalable alternatives for generat-
ing high-quality approximate solutions. These methods typically construct or iteratively improve candidate solu-
tions using rule-based strategies or search procedures. Common methods include local search, genetic algorithms
(GAs), and particle swarm optimization (PSO), which have been applied to a range of OOS mission planning tasks
[25; 26]. Heuristics can also be integrated into hybrid frameworks that embed heuristic guidance within exact
algorithms [16], offering a balance between computational efficiency and solution quality for time-sensitive or
complex mission planning scenarios.

3. Two-Stage Stochastic Programming for On-Orbit Servicing under Uncertainty

Section (2) presented a deterministic framework for mission planning under known conditions. However, in
realistic operational environments, many key parameters—such as servicing needs, satellite availability, and orbital
conditions—are inherently uncertain. In some cases it is important to explicitly account for this uncertainty in the
OOS planning models. This section illustrates how this can be achieved using a two-stage stochastic programming
framework.

3.1. Modeling Uncertainty in OOS Operations

Operational uncertainties in OOS missions can arise from many sources, including stochastic variations in
client satellite needs, degradation of on-board systems, uncertain transfer durations, and orbital perturbations.
These uncertainties can disrupt planned servicing sequences or compromise mission feasibility if not properly
accounted for in the planning phase.
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They can be grouped into several broad categories relevant to OOS mission modeling:

* Service demand uncertainty: The amount of fuel, time, or specialized equipment required for servicing may
vary significantly due to client-specific conditions, degradation profiles, or anomaly-driven task revisions.
This can be modeled by a random variable D; representing demand for satellite i, with expected value E[D;]

and scenario-dependent realization D?.

* Operational timing uncertainty: The duration of orbital maneuvers and servicing tasks can differ from nom-
inal estimates due to navigation delays, environmental conditions, or interactions with client spacecraft. This
can be represented as a stochastic task duration 7; = 7; 4 &;, where 7; is the nominal duration and &; is a noise
term that can be sampled from a suitable distribution.

* Orbital parameter uncertainty: Variations in orbital elements such as inclination, eccentricity, or node posi-
tion affect transfer feasibility and the associated AV costs. These may arise from uncertainties in tracking,
maneuver execution errors, or long-term perturbations (e.g., atmospheric drag, third-body effects).

* System performance uncertainty: The servicer spacecraft may face reduced thrust, power limitations, or
control anomalies, affecting its ability to execute planned maneuvers reliably. For instance, available thrust
T could be modeled as 7% = Ty(1 — §?), where 8¢ is a scenario-dependent degradation factor. Alternatively,
specific impulse Iy, may follow a distribution derived from testing data.

e Satellite failure modeling: A specific form of demand uncertainty involves probabilistic subsystem failures.
For example, the time-to-failure T of a satellite component may follow a Weibull distribution with a proba-

B—1
bility density function f(r) = % (%) e/’ and reliability function R(t) = P(T >t) =1 —F(t), where
B and 1 are the shape and scale parameters of the distribution [27].

3.2. Two-Stage Stochastic Optimization Framework

Among the various methodologies for decision-making under uncertainty, two-stage stochastic programming
offers a relatively simple and widely used framework. It separates first-stage (pre-uncertainty) decisions from
second-stage (recourse) decisions made after uncertainty is revealed. The objective is to optimize expected mis-
sion performance across a range of plausible scenarios [28; 29]. In this approach, first-stage decisions represent
the “here-and-now” commitments made prior to uncertainty resolution—such as routing and infrastructure choices.
Once the actual mission environment is revealed, second-stage decisions allow scenario-specific operational ad-
justments.

To formally illustrate this approach, we represent uncertainty through a finite set of scenarios, each encoding
a possible realization of the uncertain mission environment. Let @ denote the finite scenario space, with each
scenario ¢ € & assigned a probability py such that } ycq py = 1. For each scenario, uncertain mission parameters
take different realizations that influence the feasibility and cost of decisions. Table (3) summarizes representative
decision variables that can be used in OOS mission planning under uncertainty within a two-stage setting. The first-
stage illustrate commitments that has to be made prior to uncertainty realization, while the second-stage illustrate
recourse actions that can adapt to scenario-specific conditions.

Table 3: Examples of First-Stage and Second-Stage Decisions in Two-Stage OOS Planning
Decision Stage Example Decision Variables for OOS planning under uncertainty
Infrastructure Deployment (z; € {0,1}): Determines whether infrastructure (e.g.,
orbital depots) is present or not.
Trajectory Selection (x, € {0,1}): Selects maneuver arcs in the time-expanded net-
work to form the servicer route.

First-Stage (Strategic)

Servicing Execution (y? € {0,1}): Indicates whether satellite i is serviced in sce-

Second-Stage nario ¢.

(Operational Recourse) . P L. .
Schedule Adjustment (Az;” € R, ): Models timing delays due to scenario-dependent

task durations.
Resource Reallocation (r? € Ry): Allocates fuel or power to match realized de-
mands.

3.2.1. Mathematical Formulation

We now illustrate how to formalize the two-stage stochastic programming model by specifying the objective
function and associated constraints that govern first-stage and scenario-dependent second-stage decisions.
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First-Stage Problem: Two-stage stochastic optimization minimizes the sum of first-stage costs and the expected
second-stage costs over a set of scenarios. This can be formally expressed as shown in Eq. (11)

min
xeZ

[Chirst (x) + E¢ [Q(x; )] (11)

where:

* Ciirst(x) denotes the deterministic cost associated with first-stage decisions. In OOS problems, this could
represent, for example, total propellant cost, the number of maneuvers performed, or any other cost metric
linked to routing and planning.

* Eg[Q(x:8)] = Yoea Po - Qs &%) is the expected second-stage recourse cost, taken over a finite set of uncer-
tainty realizations £, indexed by ¢ € ®.

e 2 denotes the feasible region for first-stage decisions, typically defined by routing, flow conservation, and
resource constraints as described in the OOS model presented in Section (2).

Second-Stage Problem: For each scenario ¢ € ®, the second-stage (recourse) problem is defined as:

Q(x§§¢) = min {Cﬁzcourse(ylp) 70 (xay(p) < h¢} (12)
y¢

where:

« y? is the vector of second-stage decision variables under scenario ¢, including service adjustments, timing
modifications, and resource reallocations.

. Cfgcourge(yq)) captures the operational cost under scenario ¢, which may include additional propellant con-
sumption, missed servicing penalties, or delay costs.

o T?(x,y?) < h? represents the set of feasibility constraints that link first-stage decisions (x) to second-stage
actions y? under the realized scenario £9.

This formulation allows the mission plan to adapt to variations in service demand, operational durations, or satellite
availability while optimizing expected performance. The structure of the second-stage problem is typically similar
to the deterministic model in Section (2), but with scenario-specific parameters and outcomes.

Linking constraints: A key aspect of the two-stage formulation are the constraints that link first-stage strategic
decisions with second-stage recourse actions. For OOS mission planning model these would include (i) resource
balance constraints, which ensure that second-stage actions reflect both initial allocations and observed needs; (ii)
schedule feasibility constraints, which enforce consistency with planned orbital and temporal structures; and (iii)
continuity requirements, which guarantee that committed servicing targets are followed through under each sce-
nario. These linking constraints ensure that post-scenario adjustments remain consistent with the planned mission
structure and respect the physical and operational limits of the system.

3.3. Application Examples

As previously discussed, the two-stage stochastic optimization framework can be adapted to various OOS
mission types by incorporating uncertainty into key mission parameters. Table (4) illustrates how different OOS
stochastic planning problems can be modeled by adjusting the structure of first- and second-stage decisions to
accommodate mission-specific sources of uncertainty.

Table 4: Adaptation of Stochastic Framework for Different OOS Mission Types
Mission Type Stochastic Modeling Representation
Preventive Maintenance  First-stage: Select satellites based on failure probability distributions
Second-stage: Adjust servicing actions in response to observed health status or
anomaly reports.

Satellite Refueling First-stage: Plan visitation sequence and depot activation based on nominal demand
estimates
Second-stage: Adjust delivered fuel to satellites based on realized target needs.
Debris Removal First-stage: Select debris targets and plan capture sequence

Second-stage: Adjust capture strategy and de-orbit maneuvers based on realized
tumbling rates, mass estimates, and structural integrity.
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These examples illustrate how the two-stage framework can accommodate different sources of mission uncer-
tainty by separating early planning from scenario-specific adjustments. The resulting mission plans would perform
well on average across the considered scenarios, providing solutions that are optimized in expectation. While the
table highlights three representative cases, the structure is general and can be extended to a wide range of OOS
planning problems where uncertainty plays a critical role.

3.4. Solution Methods

Two-stage stochastic programming formulations for OOS planning introduce additional complexity compared
to deterministic modeling approaches due to the inclusion of uncertainty and scenario-based decision coupling.
The appropriate solution method depends on factors such as the size of the scenario space, problem structure, and
the level of accuracy required. Below, we outline several widely used solution approaches that are particularly
relevant to OOS mission contexts.

Sample Average Approximation (SAA): A common approach for handling uncertainty in two-stage stochastic
optimization is to approximate the expected cost using a finite set of sampled scenarios. In this method, a represen-
tative sample {£%1,... &} is drawn from the underlying distribution of the random vector &, and the resulting
sample average is used in place of the true expectation in the objective function. The problem can then be solved
as a deterministic equivalent, and statistical techniques may be used to assess solution quality and convergence as
the sample size increases [30]. SAA is especially useful when the true uncertainty distribution is continuous or
complex, making full scenario enumeration impractical—such as in early-stage campaign design or exploratory
trade studies.

Scenario-Based Decomposition: Another way to address computational tractability in large-scale stochastic
programs is through scenario decomposition. The L-shaped method, a classical form of Benders decomposition,
separates the problem into a master problem over first-stage variables and independent subproblems for each
scenario. Feasibility and optimality cuts from the subproblems iteratively refine the master problem, enabling
efficient convergence without solving the full extensive form [31; 29].

Other Decomposition Strategies: Additional techniques such as Progressive Hedging [32] and Lagrangian re-
laxation [33] offer alternative ways to manage non-anticipativity and coupling constraints. Instead of enforcing
shared first-stage decisions directly, these methods iteratively coordinate scenario-specific solutions while gradu-
ally reconciling inconsistencies. They are particularly useful in large-scale or distributed settings, such as multi-
servicer planning or systems with complex global constraints.

Finally, while two-stage stochastic programming provides a practical foundation for modeling uncertainty in
OOS mission planning, extensions such as distributionally robust, multi-stage, or learning-based models may offer
greater flexibility for addressing more complex or dynamic settings.

The next section introduces a class of sequential decision-making approaches that naturally accommodate
multi-stage planning under uncertainty.

4. Sequential Decision Models for On-Orbit Servicing Operations

4.1. Sequential Nature of OOS Decision Making

Many OOS missions involve a sequence of decisions that must be made over time in the presence of un-
certainty. These include not only immediate planning choices, but also adaptive responses to new information,
resource updates, and evolving mission conditions. In such settings, the outcome of each decision can influence
the state of the system and shape future options, making it important to model the temporal and contingent nature
of the planning process [34]. Applications include adaptive servicing schedules, dynamic resource allocation, and
evolving infrastructure configurations.

These types of adaptive decision-making problems require models that can capture temporal evolution and the
dependence between consecutive decisions over time. Markov Decision Processes (MDPs) offer a mathematically
rigorous framework for representing such problems. In an MDP, the system evolves over discrete time steps ac-
cording to a probabilistic transition model, and decisions are made based on the current system state. The solution
is a policy—a mapping from states to actions—that maximizes expected cumulative rewards or minimizes ex-
pected costs over a planning horizon [35]. MDPs also provide the foundation for developing autonomous planning
systems, particularly through reinforcement learning (RL) techniques, where optimal policies are learned from
data via interaction with the environment rather than through complete models of the environment.
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4.2. MDP Mathematical Formulation

An MDP is defined by the tuple (S,A,P,R,y), where each component corresponds to a core element of the
decision process:

* Sis the set of system states;

* A is the set of available actions;

 P(s'|s,a) is the transition probability of reaching state s’ from state s after taking action a;

* R(s,a,s") is the immediate reward (or cost) incurred from the state-action transition; and

* y€10,1] is a discount factor encoding the relative importance of future outcomes.

Each of these components can be tailored to reflect the structure and dynamics of OOS missions, as illustrated

in Table (5).

Table 5: Mapping the MDP Framework to On-Orbit Servicing mission planning contexts
Element 0O0S Context and Examples

S (State Space) Satellite: Health levels, fuel status, orbital position
Servicer: Position, remaining resources, capabilities
Infrastructure: Depot locations, deployment status

A (Action Space) Servicing: Satellite/task selection (repair, refuel, inspect)
Movement: Orbital transfers, repositioning
Resource: Propellant allocation, equipment deployment

P(s'|s,a) (Transitions) ~ Satellite Degradation: Health evolution models
Service Uncertainty: Success/failure probabilities
Resource Usage: Deterministic or stochastic consumption

R(s,a,s") (Rewards) Service Value: Benefits from completed operations
Resource Costs: Penalties for consumption
Risk Penalties: Discouraging hazardous maneuvers

Applying MDPs in practice requires thoughtful design choices that balance fidelity and tractability. Below we
highlight four central considerations.

State Space Design: The state should include all information necessary to predict future system evolution,
such as satellite servicing status, servicing vehicle location, available propellant, and mission time. To preserve the
Markov property, relevant history (e.g., time since last visit or accumulated delays) may be encoded directly in the
state. Orbital positions are often discretized into operational zones to manage dimensionality.

Action Space Complexity: Actions typically involve choices over when, where, and whom to service—leading
to a large and combinatorial action space. Structuring actions into high-level decisions (e.g., select next target)
followed by lower-level operations (e.g., execute maneuver, perform task) can reduce complexity while preserving
operational detail.

Transition Modeling: State transitions are governed by both deterministic elements (e.g., orbital dynamics)
and stochastic components (e.g., task success rates, unexpected demand changes). Transition models may be
derived from physics-based simulations or estimated from mission data, depending on the availability of system
knowledge.

Reward Design: Reward functions encode mission objectives and shape decision policies. Common goals
include maximizing completed services, minimizing fuel use, and avoiding mission risk. When objectives conflict,
scalarization techniques or constrained formulations can balance trade-offs in a principled way.

4.3. Application Examples

Table (6) illustrates representative OOS mission planning scenarios where MDP-based models can be particu-
larly relevant. Each involve multi-step decision-making, where policies must adapt to evolving system states and
operational constraints over time.

4.4. Solution Methods

A wide range of solution techniques can be used to compute or approximate optimal policies in MDPs, depend-
ing on whether the transition model is known and on the size of the state and action spaces. Below, we distinguish
between classical dynamic programming approaches for small, model-based problems, and reinforcement learning
methods suitable for larger, simulation-based or model-free settings.
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Table 6: Examples of Sequential Decision Model Applications in OOS

Application Scenario Sequential Modeling Focus

Constellation Maintenance Adapt servicing schedules based on evolving satellite needs and failure risks / Learn
policies that prioritize servicing based on time-varying state and resource levels /
Incorporate degradation models to anticipate future needs.

Campaign-level planning Coordinate a sequence of servicing missions over long time horizons / Reoptimize
routes and service selections in response to changing telemetry, task completion,
or system degradation / Balance short-term task value against long-term mission
viability.

Adaptive use of OOS infrastructure ~ Model depot status and location as part of system state / Optimize timing and posi-
tioning of infrastructure usage across missions / Develop policies that adapt servicing
strategies based on dynamic infrastructure availability and demand realization.

4.4.1. Dynamic Programming Methods

For MDP with tractable state and action spaces, classical dynamic programming (DP) techniques can be applied
to compute optimal policies. These include value iteration and policy iteration, which are guaranteed to converge
to optimal solutions. Table (7) summarizes the core mechanics of these methods. These methods assume full
knowledge of transition probabilities and are most effective when state and action spaces are sufficiently small to
enable exact computation.

Table 7: Common Dynamic Programming Approaches. Here, V*(s) denotes the optimal value function, V*(s) is the value
function under policy 7, and 7*(s) represents the optimal policy.

Method Description

Value Iteration Iteratively computes the optimal value function using the Bellman equation:
V*(s) = maxa {¥g P(s'|s,a)[R(s,a,5") + YV (')}

Policy Iteration Alternates between policy evaluation and improvement steps:

7*(s) = argmax, {Y¢ P(s'|s,a)[R(s,a,s") + W™ (s')]}

4.4.2. Reinforcement Learning (RL) Methods

When transition dynamics are complex, unknown, or difficult to model explicitly, RL methods offer an alternative
approach for solving sequential decision problems [36]. These methods enable agents to learn decision policies
through repeated interaction with a simulated or real environment, without requiring explicit knowledge of transi-
tion probabilities. RL is particularly well suited for training autonomous planning systems, where onboard agents
must adapt to uncertain, high-dimensional, or continuously evolving mission environments. This makes RL es-
pecially valuable for OOS scenarios involving long-term autonomy, complex operational constraints, or partially
known dynamics.

RL techniques for OOS can be broadly categorized into value-based, policy-based, and hybrid actor-critic
approaches. Table (8) summarizes the key families of methods, their characteristics, and representative algorithms.

Table 8: Common Reinforcement Learning Approaches. Here, Q(s,a; 6) denotes a parameterized estimate of the action-value
function, 0*(s,a) is the optimal action-value function, 7g(als) is a parameterized policy, J(0) is the expected return under
policy g, and Vg denotes the gradient with respect to the policy parameters.

Method Class Description Representative
Algorithms
Tabular Methods Use lookup tables to estimate value functions; suitable for Q-Learning [37],
small, discrete state-action spaces. SARSA [38]

Value Function Approxi-  Use function approximators such as neural networks to estimate ~ DQN [39], Double DQN
mation 0O(s,a;0) = Q*(s,a) over large or continuous domains. [40], Dueling DQN [41],
Rainbow [42]

Policy Gradient Methods ~ Directly optimize a parameterized policy 7g(als) by estimat-  PPO [43], TRPO [44],
ing VgJ(0) = Eg, [Vglogmg(als)- Q™ (s,a)]. Particularly ef-  Actor-Critic [45]
fective for continuous action spaces.
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5. Complementary Decision Analysis Methods for On-Orbit Servicing Missions

The methodologies discussed in the previous sections offer strong foundations for OOS mission planning and
optimal management. Yet, real-world decision-making also involves qualitative trade-offs, stakeholder prefer-
ences, market competition, and long-term investment strategies. This section briefly introduces complementary
OR methods that extend beyond mathematical modeling and optimization with the aim of offering broader deci-
sion support across strategic, tactical, and operational levels.

5.1. Multi-Criteria Decision Analysis (MCDA)

Many OOS planning and management problems involve trade-offs among competing objectives, such as min-
imizing cost, maximizing mission value, reducing risk, or preserving flexibility, which were highlighted in the
optimization models presented in earlier sections. Multi-Criteria Decision Analysis (MCDA) [46] complements
these methods by providing structured frameworks to evaluate such trade-offs when preferences are difficult to
encode directly in an optimization objective. Techniques such as Multi-Attribute Utility Theory (MAUT) [47] and
the Analytic Hierarchy Process (AHP) [48] help structure complex decision problems and quantify stakeholder
priorities across economic, technical, and strategic dimensions.

Techniques such as Multi-Attribute Utility Theory (MAUT) [47] and outranking methods (e.g., ELECTRE,
PROMETHEE) [49] provide structured approaches for comparing alternatives when objectives conflict or are
difficult to reduce to a single metric. While simpler methods such as the Analytic Hierarchy Process (AHP) [48]
are also used, outranking methods are often more suitable in technical planning contexts involving both quantitative
and qualitative criteria, and where some options may be partially incomparable.

Table (9) summarizes representative evaluation criteria that can be used in MCDA for OOS decision-making,
organized by economic, technical, risk, and strategic categories.

Table 9: Representative Criteria in MCDA that could be used for OOS mission planning

Criteria Category = Examples applicable for OOS

Economic Mission cost, return on investment, long-term revenue potential
Technical Mission duration, maneuver efficiency, system complexity
Risk Collision probability, failure likelihood, redundancy levels
Strategic Reusability, market presence, adaptability to future demand

A typical MCDA process involves identifying relevant criteria, assigning weights based on stakeholder pref-
erences, and evaluating each decision alternative against these criteria. Scores can be aggregated using weighted
sums, utility functions, or ranking methods to support transparent, preference-informed decision-making.

5.2. Risk Assessment and Portfolio Management Approaches

Risk plays a central role in OOS mission planning, where uncertain operational conditions can significantly
impact planning outcomes. Beyond modeling uncertainty within optimization frameworks, additional tools from
risk analysis [50] and portfolio theory [51] can support higher-level planning decisions by quantifying exposure
and guiding allocation strategies. Portfolio-based approaches treat servicing targets as investments with uncertain
returns (e.g., mission value, system health) and risks (e.g., failure likelihood, service cost variability). When
planning schedules across multiple satellites or campaigns, such methods can support:

* Asset allocation: Prioritize servicing tasks across satellites based on expected benefit and risk contribution.

* Diversification: Balance mission portfolios to avoid overcommitment to targets with correlated failure risks
or uncertain performance.

* Risk budgeting: Constrain cumulative mission exposure (e.g., total fuel at risk, failure probabilities) to
remain within operational limits.

Complementary to these resource allocation tools, probabilistic risk assessment techniques—such as fault tree
and event tree analysis—can help identify and quantify failure paths that may disrupt scheduling feasibility or
mission continuity [50]. Such analysis can support resilient planning strategies.

5.3. Real Options Analysis

Many infrastructure and architectural decisions in OOS mission planning involve long-term commitments un-
der uncertainty—such as whether to deploy additional servicers, activate orbital depots, or reconfigure mission
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capabilities. Real options analysis provides a framework to quantify the value of flexibility in such decisions [52],
treating them as financial-style options that can be exercised when conditions become favorable.

Table (10) summarizes representative option types that can be relevant to the OOS mission planning context,
particularly for infrastructure planning and adaptive mission architecture.

Table 10: Illustrative Real Options in OOS Infrastructure Planning

Option Type 0OOS Application

Option to Defer Postpone servicer or depot deployment until servicing demand is confirmed

Option to Expand Add modular servicing capacity as demand grows

Option to Abandon  Repurpose or decommission assets if target constellations are retired

Option to Switch Alternate between servicing modes (e.g., refueling vs. repair) as mission needs evolve

In practice, real options can be implemented by modeling future decisions as contingent on the resolution of
uncertainty. This typically involves identifying decision points (e.g., whether to deploy a servicer), estimating the
value of different outcomes under uncertain scenarios, and applying option valuation techniques such as decision
trees, binomial lattices, or Monte Carlo simulations. These models can be integrated with stochastic or scenario-
based planning frameworks to evaluate the expected value of flexibility and compare alternative strategies [53].

5.4. Methods Integration and Outlook

The complementary methods discussed above can be integrated into layered decision frameworks that address
different levels of OOS mission planning. For instance, MCDA can inform strategic prioritization across mission
options, whose outputs feed into optimization-based scheduling models (e.g. MILP) at the operational level.
Risk-based portfolio approaches and real options analysis can be incorporated to evaluate resource allocation and
infrastructure flexibility under uncertainty, complementing deterministic or stochastic planning models.

Future OOS planning frameworks may also incorporate interactions among multiple stakeholders. Game-
theoretic models, for example, can help capture competitive dynamics or coordinated investment strategies among
service providers and satellite operators. Similarly, queuing models may support real-time service scheduling by
modeling task arrival patterns and servicing capacity constraints, offering tools for balancing responsiveness and
efficiency in dynamic operational environments.

6. Conclusion

On-orbit servicing (OOS) introduces a wide range of planning and decision-making challenges, from long-
term infrastructure development to responsive mission execution in dynamic orbital environments. This pa-
per outlined how core operations research (OR) methodologies can help structure and support these challenges
across different levels of complexity and time horizons. The discussion focused on four broad families of mod-
els—deterministic optimization, stochastic programming, sequential decision-making, and complementary deci-
sion analysis tools—that together offer a diverse and adaptable toolkit for mission planners and system architects.
Rather than advancing new algorithms or prescribing detailed solutions, the aim has been to synthesize and contex-
tualize representative techniques from the OR domain, how they align with the distinctive features of OOS mission
planning problems. Taken together, these approaches offer a flexible set of tools for the strategic management of
OOS systems, enabling planners to better navigate operational and long-term system-level trade-offs.

Looking ahead, a key challenge lies in bridging high-level planning with low-level operational constraints for
OOS missions, particularly in modeling proximity operations within mission planning scenarios. The disparity in
temporal resolution, combined with limited empirical data from real OOS missions, poses difficulties for model
validation and integration. Addressing these gaps will be important to ensure that strategic models remain grounded
in operational feasibility.
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