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Invited Talk 

Title:  Developing Distributed Autonomous Space Systems 

Speaker: Caleb Adams, NASA Ames Research Center 

Abstract: 

The development of distributed autonomous space systems is crucial for advancing 
NASA's Small Spacecraft and Distributed Systems (SSDS) program. The Distributed 
Spacecraft Autonomy (DSA) project at NASA's Ames Research Center aims to enable 
autonomous multi-agent decision-making in multi-spacecraft operations, mitigating the 
effects of communication constraints like latency and bandwidth. This talk will discuss 
recent advancements in DSA technologies and applications, including distributed 
resource and task management, reactive operations, and ad hoc network 
communications. In additional to technical implementations, we will discuss software 
development strategies for rapid on-orbit testing. We will also highlight successes from 
the Starling 1.0 mission, The Starling 1.5 mission extension, and a space traffic 
coordination technology demonstration that showcased autonomous satellite operations 
without human intervention. Our work focuses on building flight heritage and experience 
for low-TRL software, raising confidence in new autonomy and distributed control 
capabilities for next-generation space missions. 

Speaker Biography: 

Caleb Ashmore Adams is a Project Manager and Principal Investigator at the National 
Aeronautics and Space Administration (NASA) Ames Research Center in Silicon Valley, 
California. He leads the Distributed Spacecraft Autonomy (DSA) group which 
demonstrates advanced swarm technologies on multi-spacecraft missions. He is also the 
Deputy Project Manager of the Starling mission, a 4-satellite swarm. On Starling, DSA 
demonstrated the first fully autonomous distributed space mission, and it continues to 
accomplish firsts-in-space while in operations today. 

Due to the success of DSA, Caleb was selected by NASA’s Space Technology Mission 
Directorate (STMD) to lead the preliminary design study of NASA’s Next Generation Multi-
Agent Swarm. He is also the Small Business Innovative Research (SBIR) Topic Manager for 
Autonomous Systems under NASA’s Exploration Systems Development Mission 
Directorate (ESDMD) where he oversees investments into US industry that support 
NASA’s mission to explore our solar system. 
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Caleb is the Project Manager and Principal Investigator for the Low-Light Universal 
Mapping for Extreme Environments (LUMEN) team where he works closely with 
researchers across industry and academia (Stanford, UC Berkeley, Nvidia, Google) to 
apply modern AI and computer vision techniques to the challenging environment of 
space. 

Caleb won an Early Career Achievement award from NASA’s STMD in 2024 and was 
awarded NASA’s STMD’s highly competitive Early Career Initiative (ECI) in 2025. Under his 
leadership, the DSA and Starling teams have won 3 separate group achievement awards. 
He holds bachelor’s and master’s degrees in computer science from the University of 
Georgia, was featured as one of the University of Georgia’s 40 under 40 in 2025, and a 
recipient of the University of Georgia’s Graduate School’s 2025 Alumni of Distinction 
Award. 
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Invited Talk 

Title:  Priority-Sensitive Mission Continuity for Degraded Multi-Orbit 
Satellite Constellations 

Speaker: Daniel Reynolds, Massachusetts Institute of Technology 

Abstract: 

Satellite mega-constellations are being deployed to provide resilient global service, yet 
collisions, severe space weather, and degraded ground coordination threaten the legacy 
command-and-control assumptions on which those systems depend. This paper 
evaluates satellite task re-prioritization within a hybrid Mean Field Game Theory (MFGT) 
and Model Predictive Control (MPC) distributed fallback autonomy framework for 
heterogeneous multi-orbit constellations under severe degradation. The framework 
converts task backlog, priority concentration, agent losses, and regional service memory 
into a broadcast incentive heatmap that re-prioritizes task selection across the surviving 
constellation, while onboard receding-horizon task selection enforces local feasibility to 
generate optimal execution threads. In a representative stress event, a 500-satellite, 6-
ground-station architecture is reduced to 146 satellites and 2 ground stations before a 
geographically concentrated 101-task high-priority workload is injected. The result is 
priority-sensitive capacity redirection under degraded control. All 101 urgent tasks are 
admitted immediately and completed on time. At injection, 101 of 104 commitments 
target the urgent workload. Across the run, the framework completes 1,508 of 1,618 
tasks, yielding a task completion rate of 93.2% and a priority satisfaction index of 96.3%. 
These results show degraded-belief fallback autonomy can redirect post-loss capacity fast 
enough to preserve mission continuity under severe degradation. 

Speaker Biography: 

Major Daniel Reynolds is an active duty officer in the United States Space Force and a 
Secretary of the Air Force STEM PhD Fellow in the Department of Aeronautics and 
Astronautics at the Massachusetts Institute of Technology (MIT), where he is a member 
of the Space Telecommunications, Astronomy, and Radiation (STAR) Laboratory under 
the guidance of Prof. Kerri Cahoy. His research focuses on distributed autonomy for 
resilient space operations, with an emphasis on scalable coordination and control 
frameworks for heterogeneous satellite constellations operating across multiple orbits 
under degraded and disrupted conditions. By combining game theory, predictive control, 
and autonomous decision-making methods, he is working to develop architectures that 
enable satellites to continue making locally executable, mission-aware decisions even 
when centralized coordination is limited or unavailable. 
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Daniel has nearly a decade of experience spanning academic, nonprofit, and U.S. 
government-service space initiatives. He earned his bachelor’s degree in Astronautical 
Engineering from the United States Air Force Academy in 2017 and his master’s degree in 
Aeronautics and Astronautics from the Massachusetts Institute of Technology in 2019. In 
2021, he completed the U.S. Air Force Test Pilot School’s Space Test Course, which 
provided hands-on training in flight-test fundamentals, advanced space system testing, 
and space operations. Taken together, his academic, operational, and cross-sector 
experiences inform a research approach centered on operational realism, rigorous 
system-level evaluation, and the design of autonomy architectures for demanding 
mission environments. 
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Daniel Reynolds
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ABSTRACT
Satellite mega-constellations are being deployed to provide resilient
global service, yet collisions, severe space weather, and degraded
ground coordination threaten the legacy command-and-control
assumptions on which those systems depend. This paper evaluates
satellite task re-prioritization within a hybrid Mean Field Game
Theory (MFGT) and Model Predictive Control (MPC) distributed
fallback autonomy framework for heterogeneous multi-orbit con-
stellations under severe degradation. The framework converts task
backlog, priority concentration, agent losses, and regional service
memory into a broadcast incentive heatmap that re-prioritizes task
selection across the surviving constellation, while onboard receding-
horizon task selection enforces local feasibility to generate optimal
execution threads. In a representative stress event, a 500-satellite, 6-
ground-station architecture is reduced to 146 satellites and 2 ground
stations before a geographically concentrated 101-task high-priority
workload is injected. The result is priority-sensitive capacity redi-
rection under degraded control. All 101 urgent tasks are admitted
immediately and completed on time. At injection, 101 of 104 com-
mitments target the urgent workload. Across the run, the frame-
work completes 1,508 of 1,618 tasks, yielding a task completion rate
of 93.2% and a priority satisfaction index of 96.3%. These results
show degraded-belief fallback autonomy can redirect post-loss ca-
pacity fast enough to preserve mission continuity under severe
degradation.

KEYWORDS
Multi-Agent Systems, Satellite Mega-Constellations, Distributed
Fallback Autonomy, Mean Field Game Theory, Model Predictive
Control, DegradedOperations, Priority-Sensitive Task Re-Prioritization,
Resilient Space Systems
ACM Reference Format:
Daniel Reynolds, Kerri Cahoy, and Olivier de Weck. 2026. Priority-Sensitive
Mission Continuity for Degraded Multi-Orbit Satellite Constellations. In
Proc. of the 25th International Conference on Autonomous Agents and Multia-
gent Systems (AAMAS 2026), Paphos, Cyprus, May 25 – 29, 2026, IFAAMAS,
10 pages.

1 INTRODUCTION
Earth orbit is becoming a more congested, fragile, and operationally
consequential domain. As of October 2025, more than 54,000 track-
able objects larger than 10 cm orbit Earth alongside an estimated
1.2 million debris fragments larger than 1 cm [1]. The European

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 – 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). This work is licenced under the Creative
Commons Attribution 4.0 International (CC-BY 4.0) licence.

Space Agency warns that, when current launch traffic, fragmen-
tation behavior, and disposal performance are projected forward,
long-term collision risk in low Earth orbit reaches roughly four
times the agency’s orbital sustainability threshold, a benchmark
representing an acceptable risk level for a stable long-term envi-
ronment [1]. The Outer Space Institute’s CRASH Clock gives that
risk operational immediacy, estimating on 20 March 2026 that, in
a severe loss-of-control scenario, a catastrophic collision in LEO
could occur within just three days [43]. Kinetic hazards are not
the only system-level threat: a Carrington-class geomagnetic storm
remains a statistically credible event that could degrade or disable
satellites and communications infrastructure across multiple or-
bital regimes [2, 3]. Against this increasingly hazardous backdrop,
mega-constellations of hundreds to thousands of spacecraft are
rapidly becoming the dominant architectural paradigm for space-
based communications services [4–6], promising persistent global
coverage amidst a greater global dependence on an increasingly un-
predictable space domain. The implication for mega-constellation
command and control is stark: future space systems must be pre-
pared to operate under conditions in which asset loss, stale global
state, fragmented communications, and urgent regional demand
are not edge cases, but expected stressors.

Constellation command and control (C2) can be viewed along
a progression from centralized, to decentralized, to distributed ar-
chitectures, as illustrated in Figure 1. In centralized C2, planning,
scheduling, monitoring, and reassignment are concentrated in a
primary ground authority, with spacecraft acting primarily as ex-
ecution nodes for ground-generated commands [9, 10, 13, 46, 58].
This model provides coherent global oversight, but becomes in-
creasingly brittle as constellation size, task tempo, contact inter-
mittency, and disruption severity grow, because mission execution
remains dependent on timely ground coordination and refreshed
global state [9, 45, 58]. Decentralized C2 moves beyond this single-
node model by distributing operational authority across multiple
ground stations, gateways, or regional control nodes, reducing bot-
tlenecks and better matching the parallelism of proliferated mega-
constellation operations [11, 13–15, 23, 26, 36, 42, 51]. However,
even decentralized ground-centric control can remain vulnerable
when communication paths fragment, global state becomes stale,
or terrestrial coordination layers are themselves degraded. Dis-
tributed C2 therefore represents the critical fallback autonomy step:
it embeds tactical decision-making and adaptation within the con-
stellation, allowing spacecraft to operate as autonomous agents
under partial observability, intermittent communication, dynamic
membership, and degraded coordination [8, 13, 23, 24, 47, 48, 56].
The unresolved issue for fallback operations is therefore not simply
whether decision authority can move away from a central ground
node, but whether a degraded constellation can still align local
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onboard task choices with mission urgency after the coordination
substrate itself has degraded.

This paper addresses that fallback-C2 problem by developing and
evaluating a distributed autonomy framework for priority-sensitive
task selection in a degraded heterogeneousmulti-orbit constellation.
The fundamental objective is to preserve mission continuity by
enabling surviving satellites to recognize where urgent demand is
concentrated, redirect limited capacity accordingly, and continue
making feasible onboard tasking decisions when ground-mediated
coordination is no longer sufficient. The paper makes two focused
contributions.

Contributions: First, this work introduces a heatmap-driven dis-
tributed task-selection mechanism that converts regional backlog,
agent scarcity, task priority, and recent service effectiveness into
a broadcast coordination field for guiding local satellite decisions
under degraded belief. Second, this work demonstrates adaptive
high-priority re-prioritization after severe architectural loss, show-
ing that a survivor constellation can redirect task commitments
toward an urgent regional workload after most satellites and ground
stations have been removed. Together, these contributions frame
distributed fallback autonomy as a direct answer to the future op-
erating environment of space systems, described by the ability to
identify what tasks matter most, shift scarce capacity toward it, and
continue executing the mission when legacy C2 assumptions fail.

2 BACKGROUND
Distributed fallback autonomy for satellite mega-constellations is
not a single-property problem, but a coupled architectural chal-
lenge at the intersection of five domains: An operationally useful
architecture must scale to large constellations without centralized
optimization, dense pairwise coordination, or all-to-all exchange be-
coming the dominant bottleneck, as motivated by large-population
and mean-field formulations [30, 37, 38, 41, 52]. It must support
heterogeneous spacecraft, because sensing, relay, communications,
storage, power, and service roles are not uniform across operational
fleets [12, 21, 35, 39, 40]. It must accommodate multi-orbit struc-
ture, since LEO, MEO, and GEO assets differ in geometry, latency,
persistence, coverage, and relay utility [19–21, 27, 52]. It must re-
main useful under degraded operations, including communication
loss, partial observability, fragmentation, and stale global context
[7, 31, 54–56]. Finally, it must support bounded isolated operations,
allowing agents to continue locally rational behavior when timely
access to global coordination signals is interrupted [17, 25, 63].

2.1 Scalability
Mean-field and aggregate-population methods provide one path to
tractability by replacingmulti-agent interactionswith low-dimensional
population descriptors or measure flows [29, 30, 37, 38, 41]. Rather
than requiring each agent to reason over every other agent, these
formulations couple local decisions to aggregate state, reducing the
coordination burden associated with large interacting populations
[18, 30, 37, 41, 52].

This scalability argument becomes operationally important af-
ter capacity loss, when the system must rapidly express where
remaining capacity is most needed without solving a centralized
reassignment problem over all agents and tasks. Prior work extends

mean-field and aggregate coordination ideas toward engineering,
partial-information, and networked-control settings [16, 31, 49, 50,
55, 56, 62, 64]. Other approaches reduce complexity through struc-
tural sparsification, tier-level control variables, local interference
neighborhoods, or parallelized equilibrium search [21, 39, 60]. These
results support the premise that large-population coordination can
be compressed into aggregate signals, including signals that may
be imperfect, delayed, or partially observed. However, aggregate
coordination alone does not guarantee that a specific spacecraft can
execute a specific mission task under timing, access, queue, power,
storage, and communication constraints. That gap motivates the
mechanism studied here: a degraded-belief regional coordination
signal must be paired with local feasibility-constrained task selec-
tion.

2.2 Heterogeneity and Multi-Orbit Regions
Operational constellations are not composed of interchangeable
agents. Satellites may differ in sensing roles, relay functions, com-
munications payloads, storage capacity, power state, downlink ca-
pability, and resilience under disruption. The reviewed literature
introduces heterogeneity in several forms, including heterogeneous
task graphs and offloading decisions [12], multi-tier LEO network
control [21], satellite/UAV-assisted edge computing [40], hybrid-
constellation spectrum sharing [39], and satellite-enabled learn-
ing or selection problems [35]. Graph-based and coalition-based
resource coordination likewise show that network relationships
and cooperative structure matter for distributed decision-making
[19, 20, 59].

Multi-orbit structure further constrains which agents can service
which tasks. In the present architecture, LEO, MEO, and GEO assets
play differentiated tactical, regional-relay, and global-support roles;
more generally, prior work treats orbital structure through differ-
ences in geometry, visibility, routing opportunity, contact windows,
and relay utility [19–21, 27, 52, 57]. These formulations show that
orbital layer and network geometry shape coordination opportu-
nity. A degraded survivor constellation may retain some regions,
paths, or task classes better than others, so post-loss capacity is
not merely reduced; it is redistributed unevenly across altitude,
coverage, relay access, and service opportunity.

2.3 Degraded and Isolated Operations
Distributed autonomy is most valuable precisely when the coordi-
nation substrate is damaged, delayed, or incomplete. The reviewed
literature includes several ingredients relevant to this regime: ad-
versarial or unreliable topology in dynamic connectivity games
[7], spoofing or corrupted topology discovery in graph-based satel-
lite coordination [19, 20], intermittent contact and storage-limited
forwarding in time-expanded routing [27], peer relay and caching
under poor channel conditions [33], imperfect monitoring in re-
peated games [54], and partial-observation or disturbance-rejection
treatments in mean-field settings [31, 55, 56]. Local feasibility under
communication limits is also supported in decentralized navigation
and MPC-oriented settings [17, 25, 61].

These works provide important degraded-operation ingredients,
but the present setting emphasizes a more specific operational
mode: the constellation has already lost substantial capacity, the
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Figure 1: Progression of satellite coordination architectures from centralized to decentralized and distributed control.

ground segment is degraded, and urgent regional work appears
after the disruption. Under those conditions, the coordination sig-
nal may be stale, delayed, fragmented, or available only through
intermittent refresh. Many distributed approaches still depend on
iterative exchange, negotiation, reward feedback, neighbor updates,
or reliable broadcast information to preserve coordination quality
[22, 35, 39, 49, 50, 53, 57, 63]. The unresolved issue is therefore not
simply robustness to noisy information. It is whether degraded
agents can still redirect scarce capacity toward urgent mission
demand when the information needed for coordination is itself
imperfect.

Isolation is the limiting case of degraded command and control:
an agent may lose timely access to the current constellation state,
may be unable to refresh the coordination field, and may still need
to choose a feasible action under mission, timing, power, storage,
and communication constraints. Prior work provides examples of
communication-limited local control, bounded-neighbor reasoning,
decentralized response under imperfect monitoring, and transitions
away from hub-mediated coordination after link degradation [17,
25, 54, 63]. These works establish that meaningful local behavior
can persist when global exchange weakens.

3 FALLBACK AUTONOMY FRAMEWORK
The framework developed in this paper exists at the intersection
of the five operational domains identified above through a hybrid
Mean Field Game Theory (MFGT) and Model Predictive Control
(MPC) architecture. MFGT addresses scalability by compressing
large-population interaction into a regional tasking heatmap, while
the heatmap-based representation captures demand, scarcity, prior-
ity, and recent service history across a heterogeneous multi-orbit
operating area. MPC addresses local executability by converting
that coordination pressure into onboard task-selection decisions
that respect orbit-dependent geometry, timing, queueing, power,
storage, and connectivity constraints. Under degraded or partially
isolated conditions, satellites act from perceived or cached coor-
dination context rather than relying on centralized reassignment
or dense pairwise negotiation. Together, the two layers form a

distributed fallback autonomy architecture: a low-bandwidth coor-
dination field identifies where scarce capacity should flow, while
each satellite independently determines what it can actually exe-
cute.

Mean Field Game Theory (MFGT) provides a scalable way to
reason about decision-making in very large multi-agent systems.
Rather than modeling every pairwise interaction among agents,
mean-field methods approximate the collective influence of the
population through an aggregate state, distribution, or measure
flow; each agent then computes its response to that aggregate
population behavior rather than to every other individual agent
[29, 30, 37, 38, 41]. This abstraction preserves the core strategic
coupling of a large decision population while avoiding the coor-
dination burden that would arise from dense all-to-all interaction
[18, 30, 37, 41, 52]. That structure is well matched to degraded
satellite mega-constellation operations: the constellation is large,
coupling is driven by regional demand and aggregate agent scarcity,
and centralized full-state optimization becomes progressively less
tenable as the system scales or degrades [16, 31, 49, 50, 55, 56, 62, 64].
In this work, the mean-field layer implements that idea as a regional
broadcast signal: task backlog, agent scarcity, task priority, and re-
cent service effectiveness are compressed into a low-dimensional
heatmap that guides local satellite decisions without centralized
reassignment, persistent all-to-all coordination, or dense pairwise
negotiation.

MFGT alone, however, does not determine whether a specific
satellite can physically execute a specific task under degraded condi-
tions. Prior mean-field work generally emphasizes aggregate coor-
dination more directly than task-level execution feasibility, leaving
timing, storage, power, queueing, and serviceability constraints to
be handled by an additional local control layer [28, 31, 49, 50, 64].
Model Predictive Control (MPC) provides that execution layer. MPC
is a receding-horizon control framework in which an agent repeat-
edly solves a finite-horizon decision problem from its current state,
evaluates the predicted consequences of candidate actions, applies
only the first selected action, and then replans when the next state
is observed [32, 34, 44, 61]. This structure is useful for fallback
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autonomy because onboard tasking is not a one-time assignment
problem: each satellite must continually decide whether to idle,
continue current work, or commit to a new task as orbital access,
task deadlines, battery state, storage state, queue load, connectiv-
ity, and degraded information evolve [17, 25, 61]. In this work, the
MPC layer converts the mean-field heatmap into executable local
task-selection decisions by filtering infeasible tasks, scoring admis-
sible actions over a finite horizon, executing the first action, and
repeating the process at the next decision epoch. Prior work has
shown that mean-field coordination and receding-horizon control
can be interfaced in a meaningful way, although not for the full het-
erogeneous, multi-orbit, degraded-operations constellation setting
addressed here [32, 34, 44, 61].

3.1 Mean Field Game Theory
The executable MFGT layer is implemented as a discrete, tiled,
simulation-first coordination mechanism rather than as a continu-
ous PDE solver. At each decision epoch, task demand and satellite
availability are aggregated over geographic tiles. Each region 𝑟 is
represented by a four-channel broadcast state,

𝜇𝑟 (𝑡) =


𝜌𝑟 (𝑡)
𝜉𝑟 (𝑡)
𝛿𝑟 (𝑡)
𝜓𝑟 (𝑡)

 , (1)

where 𝜌𝑟 (𝑡) is backlog density, 𝜉𝑟 (𝑡) is agent scarcity, 𝛿𝑟 (𝑡) is prior-
ity concentration, and𝜓𝑟 (𝑡) is service-effectiveness memory. These
four terms are designed to capture the mission-relevant conditions
that should attract limited surviving capacity during degraded op-
erations.

Backlog density is computed from the number of outstanding,
not-completed tasks in region 𝑟 , normalized by the relative tile-area
scale,

𝜌𝑟 (𝑡) =
|T out
𝑟 (𝑡) |
𝛼𝑟

. (2)

Agent scarcity is computed from the number of active satellites
that can currently service the region,

𝑛𝑟 (𝑡) =
∑︁

𝑖∈A(𝑡 )
1{𝑖 { 𝑟 at 𝑡}, 𝜉𝑟 (𝑡) = clip[0,1]

(
𝜂max − 𝑛𝑟 (𝑡)/𝛼𝑟

𝜂max

)
.

(3)
Priority concentration is the mean normalized priority of outstand-
ing tasks in the region,

𝛿𝑟 (𝑡) =


1
|T out
𝑟 (𝑡) |

∑
𝜏∈Tout

𝑟 (𝑡 )
𝜋𝜏 (𝑡), |T out

𝑟 (𝑡) | > 0,

0, |T out
𝑟 (𝑡) | = 0,

(4)

where 𝜋𝜏 (𝑡) ∈ [0, 1]. Finally, service-effectiveness memory is up-
dated as an exponential moving average,

𝜓𝑟 (𝑡) = (1 − 𝛽𝜓 )𝜓𝑟 (𝑡 − Δ𝑡) + 𝛽𝜓 𝑠𝑟 (𝑡 − Δ𝑡), (5)

where 𝑠𝑟 (𝑡 − Δ𝑡) is the recent regional completion-fraction proxy.
This term prevents the broadcast field from reacting only to in-
stantaneous backlog and allows recent service history to influence
regional incentives.

The scalar broadcast incentive for each region is then

Φ𝑟 (𝑡) = 𝛾⊤𝜇𝑟 (𝑡), (6)

where 𝛾 ∈ R4 is a fixed weight vector, meaning that the coordina-
tion field is driven entirely by the observed regional mission state.
Operationally, Φ𝑟 (𝑡) functions as a tasking heatmap: regions with
high unmet demand, limited available service, high-priority tasks,
or poor recent service exert stronger attraction on the surviving
constellation.

Because degraded operations may interrupt access to the current
broadcast field, each satellite acts on a perceived incentive rather
than the true global field. Satellite 𝑖 maintains a local estimate 𝜇𝑖,𝑟 (𝑡),
refreshed when communications permit and otherwise retained
from cached information. Its perceived regional incentive is

Φ̂𝑖,𝑟 (𝑡) = 𝛾⊤T
(
𝜇𝑖,𝑟 (𝑡)

)
+ 𝜆𝑟 (𝑡), (7)

where T (·) denotes the policy-facing feature transform used by the
implementation. This perceived incentive is the only population-
level coordination signal used by the local controller. Physical fea-
sibility remains enforced onboard.

3.2 Model Predictive Control
The MPC layer converts the perceived regional incentive field into
executable local task-selection decisions. At each epoch, satellite
𝑖 observes its local state, including orbital access, battery, storage,
queue load, resilience state, and connectivity posture. It then con-
structs a locally feasible candidate task set,

K feas
𝑖 (𝑡) =

{
𝑘 ∈ K(𝑡) : svc𝑖 (𝑘, 𝑡) = 1,

𝑡 ≥ 𝑡min
𝑘

,

𝑡 + 𝑑𝑘 (𝑡) ≤ 𝑡max
𝑘

,

𝑥
queue
𝑖

(𝑡) < 𝑄max
𝑖 ,

𝑥bat𝑖 (𝑡) ≥ 𝑒𝑘 ,

𝑥 stor𝑖 (𝑡) +𝑚𝑘 ≤ 𝑆max
𝑖

}
. (8)

This set encodes the core execution constraints: serviceability, tim-
ing, queue capacity, energy, and storage. Additional implementation
guards enforce task-consistency, same-tick claim resolution, and
degraded-mode resilience checks.

The admissible action set is composed of idle, continue, and
commit actions,

U𝑖 (𝑡) = {idle} ∪ {continue current task} ∪ {commit to 𝑘 ∈ K feas
𝑖 (𝑡)}.
(9)

The continue action is available when the satellite has an active
queue-head task, while idle remains admissible as a fallback when
new commitments are infeasible or unattractive.

For feasible commit actions, the local planner evaluates amission-
structured cost that first scores individual task commitments and
then maps those scores into the finite-horizon rollout objective.
The resulting stage-cost terms balance resource burden, urgency,
latency, regional congestion, capability alignment, and task priority.
The mean-field incentive enters this cost through the perceived
regional field Φ̂𝑖,𝑟𝑘 (𝑡), so that tasks located in regions with stronger
coordination pressure become more attractive to the onboard plan-
ner. Thus, the broadcast heatmap does not assign tasks directly; it
biases the local finite-horizon decision problem.
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Each satellite then solves a discrete receding-horizon problem,

𝜋★
𝑖 (𝑡) ∈ arg min

𝜋 ∈Π𝑖 (𝑡 )

𝐻−1∑︁
ℎ=0

ℓ𝑖

(
𝑥𝑖 (𝑡 + ℎΔ𝑡), 𝜋 (ℎ), Φ̂𝑖,· (𝑡 + ℎΔ𝑡)

)
, (10)

whereΠ𝑖 (𝑡) is the set of admissible horizon-length action sequences,
𝑥𝑖 (·) is the rollout state under the planner’s internal progression
model, and ℓ𝑖 (·) is the mission-structured stage cost for idle, con-
tinue, or commit actions. In the implemented controller, this stage
cost is parameterized by tuned weights on resource preservation,
urgency, latency, congestion, alignment, and priority. Only the first
action is applied,

𝑢★𝑖 (𝑡) = 𝜋★
𝑖 (𝑡 ; 0), (11)

and the optimization is repeated at the next decision epoch.
This receding-horizon structure allows each satellite to respond

to new tasks, changing resource states, evolving orbital access, and
degraded broadcast information without requiring centralized reas-
signment. The implemented controller is therefore not a generic
quadratic MPC regulator; it is a mission-structured finite-horizon
task planner. The MFGT layer supplies regional coordination pres-
sure through Φ̂𝑖,𝑟 (𝑡), while the MPC layer determines whether
acting on that pressure is locally feasible and mission-beneficial.

4 RESULTS AND ANALYSIS
The simulation spans 288 one-minute decision epochs, or approxi-
mately 4.8 hours, over a 15 × 10 southeastern United States (SEUS)
regional grid. The initial architecture contains a heterogeneous
500-satellite constellation composed of 400 LEO, 96 MEO, and 4
GEO satellites, supported by six ground stations and initialized
with 656 tasks split evenly between remote-sensing and communi-
cations demand. During nominal operations, three new tasks are
injected per epoch, corresponding to one task-injection opportunity
every 60 seconds. At step 96, or 𝑡 = 1:36:00, a solar-storm-driven
mass-casualty event removes 354 satellites, approximately 71% of
the constellation, and four ground stations, approximately 67% of
the ground segment. The surviving architecture therefore contains
146 satellites and two active ground stations, with the remaining
space segment composed of 120 LEO, 24 MEO, and 2 GEO satellites.
Eleven minutes later, at step 107, or 𝑡 = 1:47:00, a geographically
concentrated hurricane-responseworkload injects 101 high-priority
tasks across eight coastal tiles in the Florida Atlantic corridor. This
event sequence creates a compound stress test: severe architecture
loss first reduces available capacity and ground access, then urgent
regional demand appears after the constellation is already operat-
ing in a degraded state. All controller settings are held fixed across
the run, so the observed response reflects closed-loop adaptation
rather than phase-specific retuning. The broadcast field is weighted
to emphasize priority concentration, backlog pressure, and agent
scarcity, while retaining a smaller service-memory term to smooth
short-horizon regional response. The onboard receding-horizon
planner is tuned to favor urgent and high-priority commitments
while still penalizing resource burden, latency, congestion, and poor
capability alignment.

4.1 Heatmap-Driven Distributed Task Selection
Figure 3 shows the mechanism behind the first contribution: task
selection is driven by a regional incentive field rather than by a cen-
tralized reassignment list. The MFGT layer compresses outstanding
task density, agent scarcity, priority concentration, and recent ser-
vice memory into the scalar field Φ𝑟 (𝑡). Each satellite then sees
that field through its local, possibly stale estimate and passes the
resulting regional incentive into its onboard receding-horizon task
planner. The heatmap effectively serves as the coordination object
that changes which feasible commitments look mission-beneficial
to locally planning satellites.

The four event-aligned stills show the field responding to the
actual mission state. At the initial epoch, the field is broad because
the seeded workload is large and widely distributed. By the pre-
constellation loss frame, the nominal controller hasmostly absorbed
that initial backlog, and the field is correspondingly lower and more
localized. The step-96 constellation loss changes the interpretation
of the remaining work: even with little pending demand, the loss
of servicing capacity and ground infrastructure makes regional
scarcity more consequential. At step 107, the high-priority injec-
tion creates a concentrated ridge over the Florida Atlantic corridor,
making the urgent region the dominant attractor for survivor ca-
pacity.

The trace metrics show that this visual field shift is paired with
a real change in task-selection behavior. The architecture does
not preserve nominal volume after the loss event: completed-task
flow falls from 860/96 = 8.96 tasks per step in the nominal phase
to 648/192 = 3.38 tasks per step under constellation loss, and
accepted commitments fall from 9.7812 to 3.9427 per step. Queue
load contracts as well, with mean queued active pairs dropping from
220.49 before loss to 100.71 afterward. The test therefore exposes
the controller to a genuine reduction in available execution capacity
before the urgent workload appears.

Within that lower-capacity regime, however, the value signal is
preserved more strongly than the raw task count. Priority-weighted
completion throughput decreases from 0.9086 in the nominal phase
to 0.7944 after loss, then rises to 0.8257 during the high-priority
phase. This pattern is the central evidence for heatmap-driven task
selection: the post-loss constellation cannot recover nominal task
volume, but the broadcast field redirects the remaining feasible
commitments toward higher-value demand. At the injection epoch,
101 of 104 accepted commitments are high-priority tasks, showing
that the field concentration over the corridor is converted into
local task commitments rather than remaining only a visualization
artifact.

4.2 Adaptive High-Priority Re-Prioritization
After Severe Loss

Figure 4 shows the closed-loop task-flow consequence of the heatmap
shift. The created, assigned, and completed traces first show nomi-
nal absorption of the seeded workload. At step 96, the constellation
is reduced from 500 to 146 satellites and from six to two active
ground stations, producing a visible assignment response as the
survivor architecture re-forms its queues. Eleven minutes later, the
step-107 high-priority injection produces a much sharper selection
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Figure 2: Framework overview showing how regional demand, availability, priority, and service memory form an MFGT
incentive field that guides multi-orbit MPC task assignment.

Figure 3: Event-aligned incentive-field stills showing the evolution of regional coordination pressure before contraction, after
contraction, and after high-priority task injection.

event: 104 commitments are accepted at that epoch, and 101 of
them are directed to the injected urgent tasks.

The high-priority response is immediate at assignment time and
bounded at completion time. All 101 injected tasks are assigned

at step 107, giving zero-step assignment latency at the mean, me-
dian, and 95th percentile. All 101 are also completed on time. Com-
pletion latency is tightly concentrated, with mean, median, and
95th-percentile values of 13.60, 14.00, and 15.00 steps, correspond-
ing to approximately 816, 840, and 900 seconds at the one-minute
decision cadence. The completion wave visible after the injection

10



Figure 4: Created, assigned, and completed task flow and cumulative stock over the degraded SEUS run. Vertical event markers
indicate the initial workload insertion, the step-96 constellation loss, and the step-107 high-priority injection.

marker is therefore the execution-time consequence of immediate
re-prioritization, not delayed admission.

The aggregate mission accounting reinforces this interpretation.
Across the full horizon, the framework completes 1,508 of 1,618
created tasks, yielding a 93.2% task completion rate. The priority
satisfaction index is higher, at 96.3%, which means the surviving
constellation preserves mission value better than it preserves raw
task volume. At the final step, no tasks remain pending; the 110-task
created-completed gap is already absorbed as 14 assigned tasks and
96 tasks in execution. The residual gap is therefore finite-horizon
work in progress rather than unclaimed demand.

Table 1 reports the same result in compact form. The high-
priority injection is fully admitted and fully completed, with an
HPI on-time completion rate of 1.0000 and missed-deadline rate of
0.0000. The admission audit finds no unassignedHPI tasks, no never-
feasible HPI tasks, and no serviceable-but-unselected HPI tasks. The
re-prioritization claim is therefore stronger than a throughput claim:
after severe loss, every injected urgent task is both selected and
completed before deadline.

Replanning remains bounded even though the two disruption
epochs produce sharp queue updates. Queue churn peaks at 0.9921
at the step-96 loss event and reaches 0.8739 at the step-107 injection,
but the runmean is only 0.0997. Natural queue removals account for

Table 1: Primary mission and high-priority injection out-
comes for the representative degraded SEUS run.

Metric Value

Mission-level performance
Created / completed tasks 1618 / 1508
Task completion rate 0.9320
Priority satisfaction index 0.9632
On-time completion rate / missed-deadline rate 0.9320 / 0.0000
Weighted on-time completion / missed-deadline rate 0.9632 / 0.0000

High-priority injection response
Injected high-priority tasks 101
Assigned / completed high-priority tasks 101 / 101
Assignment latency mean / p50 / p95 0/0/0 steps
Completion latency mean / p50 / p95 13.60/14.00/15.00

steps
High-priority on-time completion / missed-deadline
rate

1.0000 / 0.0000

Accepted commitments at injection 104
High-priority commitments at injection 101

Replanning stability
Queue churn mean / peak 0.0997 / 0.9921
Final pending / assigned / in-execution 0 / 14 / 96
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1,504 completed-task departures, while decision-driven removals
sum to 78 and decision-driven reorders are zero. The controller
therefore reacts strongly at the moments where the mission state
actually changes, but it does not exhibit persistent queue thrashing.
Taken together, the heatmap and timeline show adaptive high-
priority re-prioritization rather than nominal-service preservation:
the degraded constellation loses volume, shifts coordination pres-
sure toward the Florida Atlantic corridor, and spends its remaining
feasible capacity on the mission-critical workload.

5 CONCLUSION
The SEUS test campaign demonstrated priority-sensitive mission
continuity for degraded heterogeneous multi-orbit satellite con-
stellations using a hybrid MFGT–MPC distributed fallback auton-
omy framework. In the representative stress test, a 500-satellite,
6-ground-station architecture was reduced to 146 satellites and 2
ground stations before 101 high-priority hurricane-response tasks
were injected across a concentrated Florida Atlantic corridor. The
result was a direct test of whether a damaged constellation could
recognize urgent demand, redirect scarce capacity, and continue
executing the mission without centralized reassignment or phase-
specific retuning.

The framework preserved mission value under severe loss. The
heatmap-driven MFGT layer converted backlog, agent scarcity, pri-
ority concentration, and service memory into regional coordination
pressure, while the MPC layer translated that pressure into feasible
onboard commitments. At the injection epoch, 101 of 104 accepted
commitments targeted the urgent workload. All 101 high-priority
tasks were assigned immediately, completed before deadline, and
incurred zero missed deadlines. Across the full run, the framework
completed 1,508 of 1,618 tasks, achieving a 93.2% task completion
rate and a 96.3% priority satisfaction index.

When constellation capacity collapses and ground coordination
is degraded, mission continuity depends on the surviving assets’
ability to make timely, priority-aware decisions from imperfect
information. Heatmap-led MFGT coordination coupled with MPC-
based local feasibility provides an executable mechanism for off-
nominal stress tests that are becoming much more likely in to-
day’s space domain. The distributed autonomy framework does
not merely preserve task volume; it preserves mission value by
directing remaining capacity toward the work that matters most.
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ABSTRACT
The ESA-JAXA BepiColombo mission is a European-Japanese effort
aimed at exploring Mercury, scheduled to reach the planet in 2027.
Among its multiple instruments is the Stereo Imaging Channel
(STC), a dual-camera that, after a global mapping of the planet,
will acquire medium-resolution color images of different targets
on the hermean surface. Planning STC target observations is chal-
lenging due to the limitations in data volume and operations. It
requires a careful optimization of surface observations, considering
the scientific priority of each target. The scheduling problem is
formulated as a mixed-integer linear programming model and ad-
dressed using greedy heuristic algorithms. The results demonstrate
that optimal, constraint-compliant solutions can be generated with
the model, whereas the heuristics produce moderate-quality solu-
tions within minutes of computation. The present work represents
an initial phase to develop an autonomous agent for managing STC
acquisition.
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1 INTRODUCTION
The BepiColombo mission [2] has been developed as a joint effort
between the European Space Agency (ESA) and the JapanAerospace
eXploration Agency (JAXA). Its nominal science phase is scheduled
to begin in 2027 and its primary objective is to study the planetary
surface of Mercury.

The European suite, calledMercury planetary orbiter, is equipped
with multiple instruments such as the Spectrometer and Imagers for
Mercury planetary orbiter BepiColombo Integrated Observatory
SYStem (SIMBIO-SYS), an integrated imaging system composed
of three complementary scientific channels: the Visible Infrared
Hyperspectral Imager Channel (VIHI), the High Resolution Chan-
nel (HRIC), and the Stereo Imagining Channel (STC) [3]. The STC
mission is divided into two phases: a global mapping of Mercury’s
surface over two aphelions (here, an aphelion is defined as a prede-
termined period during a hermean year when the planet is farthest
from the Sun), followed by a target acquisition of specific areas over
two additional aphelions. The STC is a camera system composed
of two optical heads, called channels. Each channel has two color
filters (for a total of four), used during the target acquisition phase,
and one panchromatic filter used during the global mapping phase.

The present work focuses on the second phase of STC opera-
tions. We modeled the task of acquiring specific areas as an image
scheduling problem, a well known problem in the literature [4],
and addressed it using a range of optimization techniques.

In Section 2, the problem is described from an operational per-
spective. Section 3 presents a complete planning approach, includ-
ing the preprocessing of input data. Sections 4 and 5 describe the
proposed solution techniques, while preliminary results are pre-
sented in Section 6. Finally, conclusions are given in Section 7.

2 PROBLEM DESCRIPTION
The objective of the second phase of the STC mission is to cover
all possible target areas, ranked according to their scientific rele-
vance. The targets can be acquired by the STC during one of two
distinct periods when Mercury is the furthest from the Sun, known
as aphelions. The STC mission will take place during the third and
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the fourth aphelions, each lasting approximately thirty earth-days
(the first two aphelions being used for a global mapping phase). A
target is considered covered when its entire area is acquired with
all four color filters. Each STC channel image (also referred to as
a frame) has fixed dimensions determined prior to acquisition. Be-
cause the field of view of a single frame is typically smaller than the
target area, multiple frames must be acquired. To merge them into
a single image, a certain degree of overlap between consecutive
frames is required. In this study, it was agreed with the SIMBIO-SYS
team to set the minimum overlap to 15%. A contiguous sequence
of frames captured within the same orbit that meets this overlap
requirement is defined as an observation. For larger targets, multiple
observations may be required. In such cases, an inter-observation
overlap constraint is enforced: for each pair of (selected) consecu-
tive observations covering the target, the intersection must cover
at least 15% of the area of the smaller observation. A pattern is
defined as a set of observations that collectively cover a target area
while satisfying all internal (along-track) and external (cross-track)
overlap constraints.

There are two main constraints on the BepiColombo spacecraft.
The first is the data volume generated by the acquisitions, which is
limited both per earth-day (given the average estimated downlink
data rate) and over the entire mission, as agreed with the SIMBIO-
SYS team. In this work, we assume that this daily data limit remains
constant. The second constraint limits the total number of space-
craft operations, each of which is referred to as a telecommand
(TC). Hosting numerous instruments, BepiColombo must balance
energy consumption by limiting the number of TCs per orbit for
each instrument. Each STC observation requires a fixed set of TCs,
which is the same regardless of the number of frames in the obser-
vation. Our goal is to maximize the scientific value of all acquired
targets while respecting the spacecraft’s physical and operational
constraints.

Furthermore, the SIMBIO-SYS team has defined a strategic op-
eration, called fusion, to save TCs in a given orbit. Indeed, two
observations can be merged into one by keeping the STC channels
continuously switched on. This approach halves the number of re-
quired TCs, since each observation has the same TC cost regardless
of its length, but increases the total data volume, as some frames
acquired during a fusion may cover areas that are not scientifically
valuable.

3 PLANNING PIPELINE
This work presents the initial phase in the development of an au-
tonomous agent for managing the STC mission acquisitions, which
consists of evaluating various strategies to identify the most effec-
tive approach for integration into the agent.

The framework takes as input the shapefiles generated by the
Simulator for Operation of Imaging Missions (SOIM) [7], a tool
developed within the SIMBIO-SYS team to simulate the expected
instrument pointing at specific time instances for each filter, with a
minimum time interval of one second. Each frame is represented
as a shapefile, generated with a time step chosen to ensure at least
15% overlap along-track. The output consists of the set of TCs to
be sent to the spacecraft to initiate its operations, along with the
shapefiles of the resulting coverage. These can be visualized in a

geographic information system visualization tool using the SOIM
outputs.

In our pipeline, we utilize the convex-hull area of the target, as
shown in Figure 1. This approach allows for a fast identification
of the intersection area between frames and targets, ensuring that
only one (the most complete) sequence of frames is generated per
target per orbit, thereby avoiding an increase in the number of TCs
for irregular targets.

The framework follows a four-step pipeline: preprocessing, ob-
servation generation, single-channel integration, and solution tech-
niques. In the following, we describe the first, second, and third
steps, while the fourth step, which involves the development of
dedicated optimization algorithms, is detailed in the next section.

3.1 Preprocessing
During the preprocessing phase, all frames that cannot be acquired
due to the Sun’s influence are excluded. If the Sun elevation angle
over the horizon is outside the range 0°–180° (i.e., outside a hermean
day), spacecraft operations cannot be performed due to the lack of
light. To select admissible observations, we matched the possible
frames with the convex hull of each target. The set of admissible
frames is then divided into two groups: frames that cover at least
part of a target and frames that do not cover any target. The latter
group is used only when fusing observations, if necessary.

Figure 1: The original target (striped area) and the added
area (not striped) which creates the convex hull

3.2 Observation generation
The observation generation phase focuses on identifying obser-
vations by grouping consecutive frames from previously selected
sequences of filtered frames, as shown in Figure 2. Note that an
observation may include consecutive frames covering two different
targets simultaneously (see, e.g., the third observation from the
right in the figure). Considering the variation in the equivalence
between pixels and meters while moving towards the poles, we de-
veloped a dynamic filtering mechanism to remove unneeded frames
for each observation. This mechanism determines the best possible
time step while ensuring that the overlap constraint is respected.

3.3 Single-channel integration
Each STC channel acquires observations with both filters simul-
taneously, therefore, observations are merged in pairs of filters
belonging to the same channel.
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Table 1: Sets definitions

Name Description

𝐺 Set of all targets that can be acquired by STC
𝐶 Set containing the two channels of STC
𝑂 All the orbits performed by BepiColombo
𝐷 Day of the year as recorded on earth
𝑃𝑔𝑐 Set of patterns covering the target 𝑔 ∈ 𝐺 for the chan-

nel 𝑐 ∈ 𝐶

𝑄𝑝 All the observations which belongs to a specific pat-
tern 𝑝 ∈ 𝑃𝑔𝑐

𝑄𝑜𝑐 Observations acquired by channel 𝑐 ∈ 𝐶 in orbit 𝑜 ∈ 𝑂

𝐸𝑜𝑐 Set of all fusion segments 𝑒 = (𝑞1, 𝑞2) where 𝑞1, 𝑞2 ∈
𝑄𝑜𝑐 are subsequent observations

Table 2: Parameters and variables definitions

Name Description

𝑠𝑔 Scientific value of the target 𝑔 ∈ 𝐺

𝐵 Maximum number of TCs for every orbit 𝑜 ∈ 𝑂

𝑉𝑑 Maximum data volume for each day 𝑑 ∈ 𝐷

𝑉𝑡𝑜𝑡 Maximum data volume over the entire mission
𝑥𝑞 Decision variable taking the value 1 if the observation

𝑞 ∈ 𝑄𝑝 is acquired, 0 otherwise
𝑦𝑝 Decision variable taking the value 1 if the pattern

𝑝 ∈ 𝑃𝑔𝑐 is acquired, 0 otherwise
𝑧𝑔 Decision variable taking the value 1 if the target 𝑔 ∈ 𝐺

is acquired, 0 otherwise
𝑥 ′𝑒 Decision variable taking the value 1 if the fusion ob-

servation 𝑒 ∈ 𝐸 is acquired, 0 otherwise

4 SOLUTION TECHNIQUES
After the preprocessing and observation generation phases, the
resolution step is applied. The task can be modeled as a weighted
maximal coverage problem, which is a variation of the classical set
coverage problem [6]. In our previous studies on satellite scheduling
problems [1, 5], a mathematical model was defined and several
heuristics were introduced. Building on these earlier works, we
introduce here a mixed-integer linear programming (MILP) model
and a greedy heuristic algorithm. A summary of the mathematical
notation used in this section is presented in Tables 1 and 2.

Figure 2: Generated feasible observations (cyan) over the
raw sequences of frames (yellow) covering the targets (areas

within the purple lines)

4.1 Mathematical model
The problem is defined as an MILP model that aims to maximize
the accumulated scientific rank 𝑠𝑔 of the acquired targets over all

𝑔 ∈ 𝐺 possible targets. A target 𝑔 is considered acquired (𝑧𝑔 = 1)
only if the model selects a pattern 𝑝 ∈ 𝑃𝑔𝑐 that covers 𝑔 with each
channel 𝑐 ∈ 𝐶 . A pattern 𝑝 can be selected (𝑦𝑝 = 1) only if all its
observations 𝑞 ∈ 𝑄𝑝 are selected (𝑥𝑞 = 1). As defined in Section 2,
the model must satisfy specific operational constraints. For each
orbit 𝑜 ∈ 𝑂 , the total number of selected observations must not
exceed the maximum number of TCs, 𝐵. Furthermore, for each day
𝑑 ∈ 𝐷 and over the entire mission, the data volume of the selected
observations must not exceed, respectively, the maximum daily
capacity 𝑉𝑑 and the cumulative data limit 𝑉𝑡𝑜𝑡 . To speed up the
model resolution, we introduce a filtering mechanism that removes
dominated patterns.

4.1.1 Dominant pattern selection . The dominant pattern selection
method eliminates all patterns that are dominated by another valid
pattern. A pattern 𝑝′ ∈ 𝑃𝑔𝑐 is dominated by a pattern 𝑝′′ ∈ 𝑃𝑔𝑐
if 𝑝′′ is a subset of 𝑝′ for the same target. Such dominated pat-
terns should never be selected, as they increase data consumption
without providing additional coverage compared to their dominat-
ing counterparts. By identifying and removing these patterns, the
number of generated patterns for each target is reduced, which in
turn lowers the computational complexity. This selection process
is illustrated in Figure 3.

Figure 3: The selected coverage with 3 observations (dark
blue) compared to 15 possible (light blue) covering the target

(area within the purple line)

4.2 Greedy heuristic observation selection
The general framework of greedy heuristic algorithms can be de-
scribed as follows. First, the available data volume and number of
TCs are initialized, and the targets are sorted according to their
scientific value. Then, starting with the highest-ranking target, the
framework attempts to generate a feasible coverage pattern that
minimizes cross-track overlap among observations. To construct
the pattern, observations are first sorted and then added iteratively,
provided no constraints are violated, until the target is fully covered.
We implemented two sorting methods for the observations:

• Orbit order search: Observation are sorted by ephemeris time
of execution. The process begins by selecting the last ob-
servation that covers the first edge of the target, and then
iteratively selects subsequent observations that minimize
overlap while adhering to the 15% threshold.

• Point area search: Observations are sorted by the proportion
of the target area they cover. The process begins by selecting
the observation that covers the largest portion of the target
(typically located at the center of the target), and then itera-
tively selects subsequent observations that minimize overlap
while adhering to the 15% threshold, proceeding first to the
left and then to the right of the initial observation.
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Note that, since the solution is constructed iteratively, it cannot
be guaranteed that a pattern will be fully acquired, as the data and
TC constraints may result in only partial coverage of some targets.
The scientific value 𝑠𝑔 of a target is collected only if the target is
fully acquired.

5 FUSION
A particularly important consideration for the SIMBIO-SYS team is
the trade-off between memory consumption and TCs, with memory
being relatively abundant, while TCs are expected to be limited, as
the satellite serves multiple scientific missions, each of which also
requires TCs.

To allow fusion in the model, we enumerate every pair of consec-
utive observations (which, by construction, cover distinct targets)
having the same orbit 𝑜 ∈ 𝑂 and channel 𝑐 ∈ 𝐶 and add the cor-
responding fusion segment into the set 𝐸𝑜𝑐 . If a fusion segment
𝑒 ∈ 𝐸𝑜𝑐 is selected, the TC count is reduced by two, and both the
daily and total data volume are increased according to the size of
the segment.

The fusion concept has not yet been tested for the MILP model,
but we integrated it into the greedy heuristic as follows: when
checking whether an observation satisfies all constraints (before
adding it to a pattern), if it violates the TC constraint but not the
memory constraint, we attempt to find the two observations in
the same orbit whose fusion would minimize the increase in data
volume, and fuse them.

6 RESULTS
The model-based (“Exact”) and greedy heuristic (“Greedy”) solution
methods were tested to evaluate their operational performance, as
summarized in Table 3, using the list of targets defined for the STC
mission during the third aphelion. Both methods were implemented
in Python and given a time limit (TL) of 3600 s. The model was
solved to optimality using the commercial solver GUROBI. All
computations were performed on a computer equipped with an
AMD Ryzen 3700X CPU and 32GB of RAM, running Windows 11.
The model was tested both with the dominant pattern selection
approach (“Dominant”) and without it (“No Filter”). The heuristic
was tested in three configurations: orbit order search (“Orbit”),
point area search (“Point”), and a combination of orbit order search
and observation fusion (“Orbit-Fusion”). For each model, we report
the number of variables (“#Var”) to assess the effectiveness of the
preprocessing, as well as the upper bound (“UB”) value at which
the solver terminates. For context, the third aphelion includes 195
targets (out of 404 in total) with a cumulative scientific value of 701.

Table 3: Results for Aphelion 3 instance

Method Type #Var. Objective UB Time(s)

Exact No Filter 1 093 368 678 699 TL
Exact Dominant 7156 678 678 2162*
Greedy Orbit - 533 - 15
Greedy Point - 530 - 17
Greedy Orbit-Fusion - 543 - 82

*Excluding filtering time (12.83 s)

We observe that, without pattern filtering, the model cannot be
solved to optimality within the time limit because of the very large
number of generated patterns (and, consequently, variables). Apply-
ing the filtering mechanism has a significant impact, reducing the
number of variables by 99.35% and allowing the model to be solved
within the time limit. Regarding the heuristics, their performance
is mixed. Although they are relatively fast, they produce solutions
of moderate quality, with an average optimality gap of around 20%.
Among the three heuristics tested, “Orbit-Fusion” achieves slightly
better results but also requires the longest computation time.

7 CONCLUSION
In the present work, the BepiColombo STC mission problem is de-
fined, and both a mathematical model and a set of greedy heuristics
have been developed. Whereas the greedy heuristic reached only
moderate-quality solutions, their fast running times and the fact
that they do not require a commercial solver make them especially
useful tools for gauging the viability of planning strategies for the
identified targets. They also allowed for an estimation of the poten-
tial gains offered by the fusion technique; although computationally
more demanding, this approach appears to be highly beneficial. We
are currently working to integrate this process into the SIMBIO-SYS
planning pipeline for application across the entire mission as an
autonomous planning tool. We also plan to develop a metaheuristic
that is expected to be both faster than the exact model and more
effective than the current heuristics, as well as to test an extension
of the model incorporating the fusion technique. We will further
apply our methods to an extended set of 650 targets recently pro-
vided by the SIMBIO-SYS team. Finally, we plan to analyze potential
future deployment conditions to perform a sensitivity analysis and
evaluate the operational capability of our algorithms.

ACKNOWLEDGMENTS
We gratefully acknowledge financial support by NEXT Ingegne-
ria dei Sistemi S.p.A and by the Italian Ministry of University and
Research, under project PRIN PNRR 2022, grant n. P2022XF72W,
“Combining mAchine Learning and optImization for Planetary re-
mote Sensing missiOns (CALIPSO)”.

REFERENCES
[1] A. Avallone, B. Ferrari, A. Cicchetti, M. Delorme, M. Iori, M. Lippi, and R. Orosei.

2025. Stochastic Optimization of the MARSIS Observation Scheduling Problem
using a Predict-then-Optimize Approach. In Proceedings of the 14th International
Workshop on Planning & Scheduling for Space (IWPSS 2025). Toulouse, France.
Paper presented at IWPSS 2025; detailed program available online.

[2] J. Benkhoff and al. 2021. BepiColombo - Mission Overview and Science Goals.
Space Science Reviews 217, 8 (2021), 90. https://doi.org/10.1007/s11214-021-00861-4

[3] G. Cremonese and al. 2020. SIMBIO-SYS: Scientific Cameras and Spectrometer
for the BepiColombo Mission. Space Science Reviews 216, 5 (2020), 75. https:
//doi.org/10.1007/s11214-020-00704-8

[4] B. Ferrari, J.-F. Cordeau, M. Delorme, M. Iori, and R. Orosei. 2025. Satellite Sched-
uling Problems: A survey of applications in Earth and outer space observation.
Computers & Operations Research 173 (2025), 106875. https://doi.org/10.1016/j.cor.
2024.106875

[5] B. Ferrari, M. Delorme, M. Iori, M. Lippi, and R. Orosei. 2025. A Predict-then-
Optimize Approach for the Research of Underground Water on Mars. Technical
Report. University of Modena and Reggio Emilia (UNIMORE).

[6] G. L. Nemhauser, L. A. Wolsey, and M. L. Fisher. 1978. An analysis of approxima-
tions for maximizing submodular set functions—I. Mathematical Programming 14,
1 (1978), 265–294. https://doi.org/10.1007/BF01588971

[7] E. Simioni, M. Zusi, and R. Politi. 2022. SOIM User Manual v6.0. Technical Report
202. INAF. https://doi.org/10.20371/INAF/TechRep/202

18

https://doi.org/10.1007/s11214-021-00861-4
https://doi.org/10.1007/s11214-020-00704-8
https://doi.org/10.1007/s11214-020-00704-8
https://doi.org/10.1016/j.cor.2024.106875
https://doi.org/10.1016/j.cor.2024.106875
https://doi.org/10.1007/BF01588971
https://doi.org/10.20371/INAF/TechRep/202


Multi-Satellite Observation Tasks Dispatching and Scheduling
Romain Barrault

DTIS, ONERA, Université de Toulouse
Toulouse, France

romain.barrault@onera.fr

Cédric Pralet
DTIS, ONERA, Université de Toulouse

Toulouse, France
cedric.pralet@onera.fr

Gauthier Picard
DTIS, ONERA, Université de Toulouse

Toulouse, France
gauthier.picard@onera.fr

Eric Sawyer
CNES

Toulouse, France
eric.sawyer@cnes.fr

ABSTRACT
A standard problem in the field of Earth observation is the schedul-
ing of the observations of an agile satellite constellation. Given a
set of end-user requests over Points Of Interest (POIs), it consists in
selecting observations among the candidate ones, attributing each
of them to a satellite, and defining the sequence of observations
planned for each satellite given operational constraints. The lat-
ter are related to the visibility windows available to observe the
POIs and the time-dependent maneuvers required to reorient the
observation instrument between two POIs. They result in a highly
combinatorial problem that must be solved in a restricted amount
of time. To solve such a complex problem, we propose an approach
that combines matheuristics (mathematical programming-based
heuristics) to filter the observation tasks and metaheuristics to
schedule them. Firstly, we solve a Sequential Ordering Problem
for each satellite to get a giant tour visiting all the visible POIs.
From this giant tour, we exploit a Linear Programming Model to
compute the best observation set under several tour length con-
straints. Finally, we schedule the selected observations based on
a Large Neighborhood Search. This three-step method substan-
tially improves the solution quality when compared to a baseline
scheduling approach.

KEYWORDS
Earth Observation Satellites, Constellation, Planning, Matheuristics,
MILP, Large Neighborhood Search

ACM Reference Format:
Romain Barrault, Cédric Pralet, Gauthier Picard, and Eric Sawyer. 2026.
Multi-Satellite Observation Tasks Dispatching and Scheduling. In Appears at
the International Workshop on Autonomous Agents and Multi-Agent Systems
for Space Applications (MASSpace-26). Held as part of the Workshops at the
25th International Conference on Autonomous Agents andMultiagent Systems.,
Paphos, Cyprus, May 2026, IFAAMAS, 9 pages.

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
Appears at the International Workshop on Autonomous Agents and Multi-Agent Sys-
tems for Space Applications (MASSpace-26). Held as part of the Workshops at the 25th
International Conference on Autonomous Agents and Multiagent Systems., S. Chien,
G. Picard, I. Zilberstein (Chairs), May 2026, Paphos, Cyprus. © 2026 Copyright held by
the owner/author(s).

1 INTRODUCTION
Earth observation constellations have become essential assets for a
wide range of applications, from climate monitoring and disaster
management to urban planning and security. The increasing num-
ber of satellites and the growing demand for timely, high-resolution
data lead to a challenging planning and scheduling problem: each
satellite must be assigned a sequence of observation tasks that re-
spects strict temporal windows, resource constraints, and orbital
dynamics while maximizing the overall scientific and economic
value of the acquired imagery. This Multi-Satellite Earth Observa-
tion Scheduling Problem (MSEOSP) is intrinsically hard, as it can be
formulated as a time-dependent Team Orienteering Problem with
TimeWindows (TD-TOP-TW) [10], where both the transition times
and the profit of each observation vary with the exact acquisition
time. Consequently, the problem is highly combinatorial (NP-hard),
and highly sensitive to the interplay between multiple satellites,
making exact solution methods impractical for realistic instance
sizes and motivating the development of dedicated heuristic and
metaheuristic methods.

In this paper, we propose a novel approach combining amatheuris-
tic approach to select a subset of the (large) set of candidate obser-
vations for a constellation, and a metaheuristic scheduler, based on
Large Neighborhood Search (LNS) [17, 18], to schedule the selected
observations. The idea of the selector is to exploit the locations of
the POIs and a simplified transition model in a Sequential Ordering
Problem (SOP) solver in order to generate a so-called giant tour
that then constrains a MILP aiming to select a set of observations
maximizing the total reward. On this point, we note that giant tours
are already used for vehicle routing problems [6], team orienteer-
ing problems [5], and even team orienteering problems with time
windows [1]. In these related works, a unique giant tour visiting a
subset of customers is split to get one tour per vehicle. Given that
each satellite can see different POIs, the giant tour approach we
propose is different: we build several giant tours (one per vehicle)
taking into account some precedence constraints, and then select
sub-tours of these giant tours to try and satisfy the temporal con-
straints. To further restrict which observations are selected based
on the SOP ordering, we also consider sub-tours for sub-time frames
to generate capacity constraints. Once a selection is provided by
the selector, we use a LNS to schedule the observations, depending
on their time windows and transition times.
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Figure 1: Sample problem instance represented in a Geographic Coordinates System: x-axis is latitude, y-axis is longitude. Black
dots correspond to POIs. The colored meshings illustrate the areas successively overflight by four different satellites evenly
separated on the same orbit, with a shift of the area overflight between two successive satellites due to the rotation of Earth.

The remainder of the paper is structured as follows. Section 2
retraces previous and current works on similar problems in the liter-
ature. Section 3 presents the core concepts and formalizes the prob-
lem. Section 4 overviews the global approach we follow. Next sec-
tions zoom in the main building blocks of our method: a matheuris-
tic selector combining sequential ordering problem solving and
an integer linear program that selects candidate observations to
schedule, in Section 5, and a metaheuristics scheduler based on a
large neighborhood search aimed to schedule the selected obser-
vations, in Section 6. Our approach is experimentally evaluated
on a constellation composed of four agile low-orbit satellites, on
scenarios where the meteorological conditions (cloud coverage) im-
pact the quality of the observations. We compare our approach to a
baseline LNS running for 20 minutes in Section 7. Finally, Section 8
concludes the paper with perspectives.

2 BACKGROUND
TheMulti-Satellite Earth Observation Scheduling Problem is a Time-
Dependent Team Orienteering Problem with Time Windows and
Time-Dependent Profit (TD-TOP-TW-TDP). The latter is an exten-
sion of TD-TOP-TW, where the goal is to design a set of routes for
a fleet of vehicles to maximize the total collected profit while re-
specting a total time budget, time windows at visited locations, and
time-dependent travel times, while maximizing the sum of time-
dependent profits (e.g., profit increasing with service time) [14].
Due to its computational complexity, exact methods, such as Mixed
Integer Linear Programming (MILP) formulations, are typically
only viable for small-scale instances [14]. For larger, more realistic
scenarios, metaheuristics are the dominant solution approach. Ef-
fective metaheuristic techniques include Variable Neighborhood
Search (VNS) [14], Iterated Local Search (ILS) [11], and nature-
inspired algorithms like the Hybrid Artificial Bee Colony (HABC)

algorithm, which are designed to balance exploration and exploita-
tion of the search space [20]. These methods often employ tailored
local search operations and insertion heuristics to efficiently handle
the dynamic nature of travel times and the profit gained, which
can depend on the vehicle’s arrival and service time at a location
[11]. Exact approaches based on Dynamic Programming (DP) and
extensions of algorithms like 𝐴∗ search have also been adapted
for related time-dependent shortest path and TSP problems with
time windows, often using concepts like partially time-expanded
networks for improved performance [9].

In the space domain, Earth Observation Satellite Scheduling
Problems require the maximization of total priority/profit from
observation requests while respecting time windows (target visi-
bility periods) and intricate operational constraints (e.g., memory
capacity, power availability, slew angle/maneuver time, and non-
overlap of tasks) [7]. The core techniques mirror those for the
TD-TOP-TW, centered around Mixed-Integer Linear Programming
(MILP) for optimal solutions on small instances, and metaheuristics
for large-scale real-world problems. Reinforcement learning tech-
niques have also recently proven to be competitive in the context of
multi-satellite scheduling [16, 19]. For large constellations or long
planning horizons, decomposition methods and hybrid metaheuris-
tics are crucial, often combining Local Search (like Iterated Local
Search or Simulated Annealing) with greedy construction heuris-
tics and calls to Constraint Programming (CP) solvers for solving
sub-problems[2, 12]. MILP formulations often represent the prob-
lem using a time-space network or as a variation of the Traveling
Salesman Problem with Time Windows (TSPTW) or Orienteering
Problem [15]. The next section details the problem’s features.

3 PROBLEM DEFINITION
We consider the problem of scheduling tasks for a low orbit ag-
ile EOS constellation. In this problem, observation requests over
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specific POIs are submitted to the system. Each satellite of the
constellation overflies different candidate POIs along its orbit, but
corresponding areas may overlap, implying a need to assign each
observation to only one satellite (see Fig. 1). The observations also
come up with an individual reward which depends on a cloud cover
forecast and the time at which each satellite can observe the corre-
sponding POI (time-dependent profit). The purpose is to compute
the best constellation schedule, that means the set of individual
schedules for each satellite which maximizes the total sum of re-
wards collected by the constellation.

3.1 Input data: satellite observation areas
We define our case study in order to measure the efficiency of the
allocation part of our method without drastically increasing the
problem complexity. Firstly, we define input data related to a single
agile satellite that can point left, right, forward, or backward thanks
to gyroscopic actuators. For this satellite, we consider a time hori-
zon [0, 𝐻0] where 𝐻0 = 𝑁 · 𝛿𝑇 is defined from a timestep 𝛿𝑇 and a
number steps 𝑁 . Then, we determine the Earth portion visible by
the satellite during time frame [0, 𝐻0]. This portion is centered on
the satellite ground track and bounded in two dimensions: along
track because of the restricted time horizon, and across track be-
cause of a maximum angle 𝛼𝑚𝑎𝑥 beyond which observation quality
is considered as too low. Any point within this area may be a can-
didate POI for the satellite (also called a target). For each target, we
can also compute a Time Window (TW) during which the satellite
can point to the target while having a visibility angle less than 𝛼𝑚𝑎𝑥
(the farther the POI from the satellite ground track, the smaller the
time window). Finally, each observation is associated with an indi-
vidual reward in interval [0.2, 1]. This reward is obtained from a
decreasing function of the local cloud cover forecast provided by
real weather data.

Once the data for a single satellite is computed, we derive data for
an entire EOS constellation with the following process. We define
a set of satellites S along the same orbit, separated by a duration
Δ𝑇 . Basically, Δ𝑇 is the time required for a satellite to reach the
same orbital position as its predecessor. In our case, we consider
a unique orbital plane and four satellites evenly spaced on this
plane (Δ𝑇 = 25 minutes in the experiments). Satellite number 𝑠 is
considered over time frame [𝑠 × Δ𝑇 , 𝑠 × Δ𝑇 + 𝐻0]. From the set of
Earth portions visible for the satellites, we get a set of potential
candidate POIs.

3.2 Input data: candidate POIs within the
observation areas

For each satellite 𝑠 , we generate a set of 𝑁𝑠 candidate POIs within
its area, using some meshing to avoid having very close candidate
POIs. The 𝑖th candidate POI for satellite 𝑠 is referred to as P𝑠,𝑖 , and
the visibility window of this POI by satellite 𝑠 is denoted by W𝑠,𝑖 =

[Ostart𝑠,𝑖 ,Oend𝑠,𝑖 ]. For this POI, we also compute an individual
reward 𝑅𝑠,𝑖 . Note that in our settings, each candidate POI 𝑝 may be
viewed by several satellites, that is we may have 𝑝 = P𝑠,𝑖 for one
satellite 𝑠 and 𝑝 = P𝑠′,𝑖′ for another satellite 𝑠′. However, due to
the time-dependent cloud cover, the observation reward for 𝑝 may
depend on the satellite (i.e., 𝑅𝑠,𝑖 not necessarily equal to 𝑅𝑠′,𝑖′ ). In
the following, we denote Π the set of positions for the POI visible

by at least one satellite (Π = ∪𝑠∈S,𝑖∈[1..𝑁𝑠 ]P𝑠,𝑖 ). At this point, the
set of candidate POIs makes up for an instance of our problem, as
represented in Figure 1.

3.3 Optimization problem
As an input, we consider a set of POIs Π defining the so-called Order
Book, and for each satellite 𝑠 the set of candidate POIs ({P𝑠,𝑖 | 𝑖 ∈
[1..𝑁𝑠 ]}), their rewards ({𝑅𝑠,𝑖 | 𝑖 ∈ [1..𝑁𝑠 ]}), and their time win-
dows ({W𝑠,𝑖 | 𝑖 ∈ [1..𝑁𝑠 ]}). An additional input data comes from
the time-dependent maneuvers between successive observations, in
order for each satellite to point its observation instrument towards
the right directions. We denote by 𝑡𝑡𝑠,𝑖, 𝑗,𝑡 the duration of the maneu-
ver by satellite 𝑠 ∈ S when maneuvering from observation number
𝑖 ∈ [1..𝑁𝑠 ] to observation number 𝑗 , for a maneuver starting at
time 𝑡 . This transition function is time-dependent since it depends
on the current position of the considered satellite on its orbit.

Definition 1. The Multi-Satellite Earth Observation Scheduling
Problem (MSEOSP), for 𝜁 = |S| satellites, consists in finding 𝜁
sequences of observations 𝜎𝑠 = [𝜎𝑠,1, . . . , 𝜎𝑠,𝐾𝑠 ] such that
• each candidate observation in Π appears at most once over
all sequences in 𝜎𝑠 ;
• for each satellite 𝑠 ∈ 𝑆 , all observations are performed dur-
ing the available time window (W𝑠,𝑖 ), while respecting the
required transition times; formally, if number 𝑖 is the first
element of 𝜎𝑠 , the earliest start time for the corresponding
observation is 𝑡𝑠,𝑖 = Ostart𝑠,𝑖 ; if 𝑖 and 𝑗 are two consecu-
tive elements in 𝜎𝑠 , then we have 𝑡𝑠,𝑗 =max(Ostart𝑠,𝑗 , 𝑡𝑠,𝑖 +
𝑡𝑡 (𝑠, 𝑖, 𝑗, 𝑡𝑠,𝑖 ); finally, the transition constraints are satisfied
if and only if condition 𝑡𝑠,𝑖 ≤ Oend𝑠,𝑖 is satisfied for every
observation number 𝑖 belonging to 𝜎𝑠 ;
• the total collected reward

∑
𝑠∈𝑆,𝑖∈𝜎𝑠 𝑅𝑠,𝑖 is maximized.

The problem is usually over-constrained, that is it is usually not
possible to observe all the candidate POIs.

4 GLOBAL SEARCH APPROACH
To solve the optimization problem presented before, we exploit
a two-step approach involving a matheuristic that computes an
estimation of the optimal solution of our problem given coarse-
grain constraints, and a metaheuristic that adapts this solution
given the detailed constraints. The global search architecture is
illustrated in Figure 2.

4.1 Step 1: resolution of a Sequential Ordering
Problem

First, for each satellite 𝑠 , we compute a relevant observation order
containing all the POIs it is able to see, in order to build a giant
tour for 𝑠 . Several methods can be used to get such a giant tour. A
baseline method is the Earliest Start First (ESF, also referred to as
Earliest Due Date [8]) heuristic that returns observations sorted by
increasing window start times (Ostart𝑠,𝑖 ), so that the satellite tries
to observe any POI as soon as it is visible. In practice, this may lead
to very bad solutions where along its orbit, the satellite is moving
very often between the left and right parts of its ground track. This
is why we exploit another method based on the resolution of a
problem known as the Sequential Ordering Problem (SOP).
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Figure 2: Constellation scheduling algorithm workflow

Definition 2. Given a weighted directed graph 𝐺 = (𝑉 , 𝐸) where
we denote by (𝑐𝑒 )𝑒∈𝐸 the set of costs over the edges of the graph,
and a set of precedence constraints P ⊂ 𝐸, the Sequential Ordering
Problem (SOP) consists in the following optimization problem :

min
𝜎⊂𝐸

∑︁
𝑒∈𝜎

𝑐𝑒 (1)

s.t. 𝜎 = [(𝜎1, 𝜎2), (𝜎2, 𝜎3) ...(𝜎 |𝑉 |−1, 𝜎 |𝑉 | )] (2)
∀𝑖 ∈ [1, ..|𝑉 |], 𝜎𝑖 ∈ 𝑉 (3)
∀𝑣 ∈ 𝑉 , ∃! 𝑖 ∈ [1, ..|𝑉 |] 𝑠 .𝑡 . 𝜎𝑖 = 𝑣 (4)
∀(𝑣, 𝑣 ′) ∈ P, 𝑖𝑛𝑑𝑒𝑥𝑂𝑓 (𝑣, 𝜎) < 𝑖𝑛𝑑𝑒𝑥𝑂𝑓 (𝑣 ′, 𝜎) (5)

This can be viewed as anAsymmetric Traveling Salesman Problem
with added precedence constraints implementing the impossibility
for certain nodes to follow other ones in the resulting sequence
(constraint (5)). There is however no time window for visiting the
nodes, nor time-dependency on the transition costs, hence this is
an approximated version of our problem.

4.2 Step 2: matheuristic to dispatch POIs to
satellites

The SOPs solved provide us with a giant tour for each satellite.
We then exploit these giant tours in a MILP model that assigns
observations to satellites while taking into account the following
constraints.
• Each POI may be assigned to at most one satellite.
• Given giant tour 𝐺𝑠 for satellite 𝑠 , the total cost associated
with a selection of observations 𝑂𝑠 for 𝑠 corresponds to the
total transition time (or cost) of the sub-tour of 𝐺𝑠 induced
by 𝑂𝑠 . At this search step, this constraint allows us to get
free of the decisions concerning POI observation ordering.
• The total time (or total cost) consumed by an observation
sequence must be lower than a pre-determined value which
is the duration between the earliest start time and the latest
end time of candidate POI observations (overload checking,
as in constraint programming methods). We also add local
constraints on the observation sequence cost (more details
later on this point).

To compute the total cost of a sequence while using only linear
constraints in a MILP, we approximate the time-dependent transi-
tion times as time-independent transition times based on a specific

policy, such as an optimistic policy considering the minimum tran-
sition duration among a set of possible discrete start times for the
corresponding maneuver, or a pessimistic policy considering the
maximum transition duration.

4.3 Step 3: metaheuristic part
At the end of the previous step, we obtain a good subset of candidate
POIs assigned to each satellite. At that time, we resort to existing
scheduling algorithms described in [3] to (1) plan observations
without changing the assigned satellite first, and (2) then consider
exchanging acquisitions between the satellites. The purpose is to
first exploit the MILP result as a warm start for observation assign-
ment, and then improve for the best the total plan quality. Basically,
the existing scheduler introduced by Barrault et al. generates an
initial plan thanks to a greedy method called GreedySch that iter-
atively inserts observations in the current plan. In this scheduler,
the next observation to be inserted is selected based on heuristic
values that depend on both the individual observation rewards and
the additional maneuver durations required to insert observations.
To improve the resulting plan, we resort to a Large Neighborhood
Search algorithm, namely LNS to schedule, which iteratively de-
stroys and repairs the current plan based on these same heuristic
values. In the first part of the process, this algorithm is computed at
the same time locally on all satellites, and in the second part a sin-
gle LNS to schedule is performed to destroy and repair the plans
in a multi-satellite context. This is done during a pre-determined
amount of time, and in the end, the plan that got the best reward
sum is returned.

5 MATHEURISTICS FOR SOLVING A RELAXED
ROUTING PROBLEMWITH CAPACITIES

To quickly produce a first good quality solution, we resort to a
matheuristic [4], that is to a technique that exploits mathemati-
cal programming techniques (MILP techniques in our case) to get
heuristic solutions. The MILP model proposed in this context at-
tempts to quickly produce good quality solutions by going beyond
greedy heuristics that fail having a global view of the problem. Be-
fore detailing this MILPmodel, we present howwe compute a global
tour over all visible POIs from each satellite’s perspective, based
on the resolution of sequential ordering problems. The global tours
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obtained are then exploited in a MILP model that avoids consider-
ing scheduling decisions and focuses on pure observation selection
and assignment and then we refer to the obtained sequences to
select and attribute observations from the order book with respect
to satellite capacity constraints.

5.1 Sequential Ordering Problem (SOP)
In our process, the SOP solved can be seen as a problem relaxation
where the decisions are focused on the routing part, that is on the
transition times between observations, while the time windows
available to perform the observations are (almost) completely dis-
carded. This SOP is solved thanks to the LKH solver presented in
[13]. For a satellite 𝑠 that sees POIs numbered from 1 to 𝑁𝑠 , as we
are only looking for a sequence of observations and not a tour over
them, we add a fictitious node numbered 0 which makes up for
both the departure and the ending of our sequence. This gives us
a weighted directed graph 𝐺 = ( [0..𝑁𝑠 ], 𝐸) where the edges are
weighted by an approximation of the transition times between the
observations. A key part in the problem definition is the establish-
ment of a set of mandatory precedence constraints P𝑠 between the
observations of satellite 𝑠 . More precisely, for two distinct observa-
tion numbers 𝑖, 𝑗 ∈ [1..𝑁𝑠 ], if the maneuver towards 𝑗 starting from
𝑖 at time Ostart𝑠,𝑖 arrives after the end of the window of 𝑗 (after
Oend𝑠,𝑗 ), then 𝑗 must precede 𝑖 in the resulting sequence, that is

(Ostart𝑠,𝑖 + 𝑡𝑡 (𝑠, 𝑖, 𝑗,Ostart𝑠,𝑖 ) > Oend𝑠,𝑗 ) (6)
−→ (( 𝑗, 𝑖) ∈ P𝑠 )

The previous rule may however lead to both ( 𝑗, 𝑖) ∈ P𝑠 and (𝑖, 𝑗) ∈
P𝑠 for certain observation couples with very narrow and overlap-
ping time windows. In this case, to avoid precedence cycles, only
one of the two precedence constraints is kept in P𝑠 . We then com-
pute all edge weights with the optimistic transition times policy.

Executing LKH over the SOP built provides us with an obser-
vation sequence that contains all the observations, satisfies the
precedence constraints, and minimizes the total tour cost. Figure ??
displays the kind of sequence returned, for a satellite whose ground
track traverses the center of the area from the top to the bottom.
We can see on the figure that in the solution found, the satellite
limits large maneuvers going backward with regards to its ground
track. This is quite natural since backward maneuvers, requiring
the satellite to move counter to its orbital motion, are usually longer
for such a system.

5.2 MILP Model
From now on, for satellite 𝑠 , the index 𝑖 ∈ [1..𝑁𝑠 ] of a candidate
observation corresponds to position of this observation in the order
returned by the SOP solver. Moreover, P𝑠,𝑖 still denotes the i-th
candidate observation point of satellite 𝑠 and Π denotes the set
of candidate POIs over all the satellites. To select a subset of the
candidate observations and assign each of them to a satellite, we
implement the following MILP that takes into account some global
capacity constraints related to the time windows. This model is
detailed thereafter.

maximize
∑︁
𝑠∈S

∑︁
𝑖∈[1..𝑁𝑠 ]

𝑅𝑠,𝑖 · 𝑥𝑠,𝑖 (7)

s.t.
∀𝑠 ∈ S,∀𝑖 ∈ [1..𝑁𝑠 ], 𝑥𝑠,𝑖 =

∑︁
𝑗>𝑖

next𝑠,𝑖, 𝑗 (8)

∀𝑠 ∈ S,∀𝑖 ∈ [1..𝑁𝑠 ], 𝑥𝑠,𝑖 =
∑︁
𝑗<𝑖

next𝑠,𝑗,𝑖 (9)

∀𝑠 ∈ S,
∑︁
𝑗>0

next𝑠,0, 𝑗 = 1 (10)

∀𝑠 ∈ S,
∑︁
𝑗≤𝑁𝑠

next𝑠,𝑗,𝑁𝑠+1 = 1 (11)

∀𝑝 ∈ Π,
∑︁

𝑠∈S, 𝑖∈[1..𝑁𝑠 ] s.t. P𝑠,𝑖=𝑝
𝑥𝑠,𝑖 ≤ 1 (12)

∀𝑠 ∈ S,∀𝑤 ∈ W𝑠 ,
∑︁
(𝑖, 𝑗 ) ∈𝑈

next𝑠,𝑖, 𝑗 · T𝑠,𝑖, 𝑗 ≤ Dur𝑤 (13)

where𝑈 = {(𝑖, 𝑗) ∈ [1..𝑁𝑠 ]2 | 𝑖 < 𝑗,W𝑠,𝑖 ⊆ 𝑤 ∨W𝑠,𝑗 ⊆ 𝑤}
∀𝑠 ∈ S,∀𝑖 ∈ [1..𝑁𝑠 ], 𝑥𝑠,𝑖 ∈ {0, 1} (14)
∀𝑠 ∈ S,∀𝑖, 𝑗 ∈ [0..𝑁𝑠 + 1] s.t. 𝑖 < 𝑗, next𝑠,𝑖, 𝑗 ∈ {0, 1} (15)

For each satellite 𝑠 ∈ S and observation point 𝑝 = P𝑠,𝑖 ∈ Π, 𝑥𝑠,𝑖
is a Boolean variable that takes value 1 if and only if 𝑝 is selected
in the observation sequence of satellite 𝑠 . Variables next𝑠,𝑖, 𝑗 are
Boolean variables equal to 1 if and only if:

• points P𝑠,𝑖 and P𝑠,𝑗 are both selected for satellite 𝑠 ,
• for each 𝑘 ∈]𝑖; 𝑗 [, P𝑠,𝑘 is not selected for satellite 𝑠 , that is
P𝑠,𝑗 is the next point selected after P𝑠,𝑖 in the observation
sequence returned by the SOP solver.

The objective function defined in Equation (7) corresponds to
the total reward collected. Constraints (8) and (9) are standard flow
constraints ensuring that each selected observation has a unique
predecessor and successor in the sequence of selected observations.
The constraints use two additional fictitious nodes: one node num-
bered 0 for the start of the observation plan, and on node numbered
𝑁𝑠 + 1 for its end. Constraints (10) and (11) are particular cases for
the start and end of the sequence. Constraint (12) models that each
POI cannot be observed by more than one satellite.

Constraints (13) are capacity constraints over a set of specific
time windows. More precisely, in these constraints, T𝑠,𝑖, 𝑗 is the same
approximated transition time between P𝑠,𝑖 and P𝑠,𝑗 as explained
in Section 4. We also denote byW𝑠 a set of time windows 𝑤 =

[Wstart𝑤,Wend𝑤], of duration Dur𝑤 , over which we attempt to
prevent overloads in terms of transition times for satellite 𝑠 . Set
W𝑠 is built as follows.

• The first added window is the larger one 𝑤̃ :
𝑤̃ = [Wstart𝑤̃,Wend𝑤̃] = [min𝑖 Ostart𝑠,𝑖 ,max𝑖 Oend𝑠,𝑖 ] so
that the resulting constraint concerns all observations for
satellite 𝑠 .
• We generate other windows iteratively. For this, we initiate
an integer 𝐷𝑖𝑣 = 2. We create 𝑛𝐶𝑎𝑛𝑑 candidate windows
of length 𝑙 = Wend𝑤̃−Wend𝑤̃

𝐷𝑖𝑣
. We set 𝑛𝐶𝑎𝑛𝑑 = 5 after some

experiments. The windows generated are spread in 𝑤̃ , which
means that they start at one of the timestampsWstart𝑤̃+(𝑘−
1) · 𝑠𝑡𝑒𝑝 for 𝑘 ∈ [1..𝑛𝐶𝑎𝑛𝑑], where 𝑠𝑡𝑒𝑝 =

Wend𝑤̃−𝑙−Wstart𝑤̃
𝑛𝐶𝑎𝑛𝑑

.
Among all these windows𝑤 , we keep only those verifying
∃𝑖 ∈ [1..𝑁𝑠 ],W𝑠,𝑖 ⊆ 𝑤 . If there are still windows satisfying
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this property, we increment𝐷𝑖𝑣 and compute this step again,
otherwise we stop the window generation process.

The set of capacity constraints given in Equation (13) limits the
sum of transition times performed on numerous time windows.

In the end, the MILP obtained solves a time-independent version
of the MSEOSP introduced in Section 1, using a pre-determined or-
der and without taking into account detailed time windows. Solving
this MILP gives us both an assignment of observations to satellites
(based on the 𝑥𝑠,𝑖 variables) and for each satellite, a pre-determined
order on the selected set of observations (based on the next𝑠,𝑖, 𝑗 vari-
ables) by following the path from node 0 to node 𝑁𝑠 + 1. Of course,
following the order provided by the global tour can be sub-optimal,
but the goal is to define a MILP that can be quickly solved to get a
first heuristic solution.

6 METAHEURISTIC FOR THE DETAILED
SCHEDULING

In this section, we describe the greedy search and the Large Neigh-
borhood Search (LNS)metaheuristic used to compute “actual”MSEOSP
schedules over the satellites, where “actual” means that no input
data of the MSEOSP is approximated from this point. More specifi-
cally, the time windows and the exact time-dependent transition
times are both taken into account to get actually feasible solutions.
Both the greedy search and LNS exploit operators that update the
satellite plans at the level of a single satellite (Section 6.1), or at the
level of the entire constellation (Section 6.2).

6.1 Intra-satellite Moves
When the previously describedMILP model returns all observations
selected for a given satellite, there is a need to obtain an actual
schedule satisfying all the MSEOSP constraints. This part describes
two different ways to do so.

6.1.1 Selection-based Greedy Repair Heuristic. This heuristic is
described by algorithm 1. It starts either from an empy satellite
schedule or one that is simply not full of observations, and fills
this schedule according to a greedy policy that considers only the
observations selected for the satellite in the MILP solution. The
best observation to insert at any time is the one with the minimum
insertion penalty. For this, the algorithm tests the addition of each
unplanned observation at each possible position in the current
schedule and computes an associated insertion penalty. The penalty
value obtained for the insertion of observation 𝑖 ∈ [1..𝑁𝑠 ] between
two observations 𝑗 and 𝑘 in schedule 𝜎𝑠 is computed as:

𝑡𝑡 (𝑠, 𝑗, 𝑖, 𝑡𝑠,𝑗 ) + 𝑡𝑡 (𝑠, 𝑖, 𝑘, 𝑡𝑠,𝑖 ) − 𝑡𝑡 (𝑠, 𝑗, 𝑘, 𝑡𝑠,𝑗 )
𝑅𝑠,𝑖

where 𝑡𝑠,𝑗 describes the current observation time for 𝑗 in 𝜎𝑠 and
𝑡𝑠,𝑖 = 𝑡𝑠,𝑗 + 𝑡𝑡 (𝑠, 𝑗, 𝑖, 𝑡𝑠,𝑗 ) gives the observation time of 𝑖 after inser-
tion (without considering the time window of 𝑖). The penalty value
therefore takes into account both the temporal cost for inserting
each acquisition at any position and the reward provided by the in-
sertion. The downside of this method is that it ignores the formerly
computed global order on 𝜎𝑠 ∪ 𝜎𝑠 . At any time during the process,
the feasibility of an observation plan is verified using a Earliest
Start heuristic.

Algorithm 1 Greedy Repair Heuristic
Require: current schedule 𝜎𝑠

unplanned observations 𝜎𝑠
1: 𝑓 𝑢𝑙𝑙 ← 𝑓 𝑎𝑙𝑠𝑒

2: while !𝑓 𝑢𝑙𝑙 do
3: 𝑝 ←∞
4: 𝑓 𝑢𝑙𝑙 ← 𝑡𝑟𝑢𝑒

5: for 𝑎𝑐𝑞 ∈ 𝜎𝑠 do
6: for 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 ≤ 𝑙𝑒𝑛(𝜎𝑠 ) do
7: if 𝑖𝑛𝑠𝑒𝑟𝑡𝑎𝑏𝑙𝑒 (𝑖, 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛, 𝜎𝑠 ) then
8: 𝑓 𝑢𝑙𝑙 ← 𝑓 𝑎𝑙𝑠𝑒

9: 𝑝 ← 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 (𝑎𝑐𝑞, 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛, 𝜎𝑠 )
10: if 𝑝 ≤ 𝑝 then
11: 𝑝 ← 𝑝

12: 𝑢𝑝𝑑𝑎𝑡𝑒𝐵𝑒𝑠𝑡𝐴𝑐𝑞(𝑎𝑐𝑞, 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛)
13: if !𝑓 𝑢𝑙𝑙 then
14: 𝑖𝑛𝑠𝑒𝑟𝑡𝐵𝑒𝑠𝑡𝐴𝑐𝑞(𝜎,𝑏𝑒𝑠𝑡𝐴𝑐𝑞, 𝑏𝑒𝑠𝑡𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛)
15: 𝑟𝑒𝑚𝑜𝑣𝑒𝐴𝑐𝑞(𝑏𝑒𝑠𝑡𝐴𝑐𝑞, 𝜎)

6.1.2 Tour-basedGreedy Repair Heuristic. The second greedy heuris-
tic is very similar to the former one except that it only considers
schedules respecting the global order induced by the values ob-
tained for the next𝑠,𝑖, 𝑗 variables at the level of the matheuristic (cf.
Section 5). In this so-called Tour-based Greedy Repair Heuristic, a
single insertion position is tested at each step for each unplanned
observation. This approach considers a restricted set of schedules
but is must faster.

Randomized Greedy Destroy Heuristic. Once the greedy search
process produced a full solution 𝜎𝑠 for each satellite 𝑠 , the LNS part
of the algorithm applies destroy and repair operations to iteratively
enhance the schedule quality for 𝑠 . The destroy operator used in
this purpose removes 𝐾 observations from the current schedule,
with 𝐾 randomly chosen between 1 and |𝜎𝑠 |/3. At each destroy
step, one observation is randomly removed from the schedule, with
a higher removal probability for observations having a higher pres-
ence penalty. Here, we use the same penalty criterion as before:
each observation in the current schedule has a presence penalty
based on its reward and the time gained in case of removal.

6.2 Inter-satellites Moves
When all satellite schedules are optimized, the last part of the algo-
rithm destroys and repairs the current solution at the constellation
level. Also, any observation selected by the MILP solver that did
not make it in the best schedule for the corresponding satellite
after intra-sallite moves is considered as unworthy and will remain
unused for the rest of the algorithm. Two ideas are exploited to try
and get better rewards or smaller transitions: first, it can be relevant
to reassign an observation to another satellite able to perform it,
and second there may be some place left to insert observations not
selected initially in the solution derived from the MILP. To tackle
these two points, we define an Inter-Satellite Greedy Repair Heuris-
tic (ISGRH) and a Randomized Greedy Destroy Heuristic (RGDH).
These two heuristics are very similar to their intra-satellite coun-
terpart. The only difference is that they browse all satellite current
schedules before inserting or removing any observation, which
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Table 1: Algorithm versions results on 72 instances: optimality gaps (%) at the end of any step. The best value per column is
highlighted in gray. If 𝑏𝑣 is the best known reward on instance I with all algorithms, and algorithm A finds reward 𝑣 on instance
𝐼 at the end of step 𝑠, then the optimality gap (%) of A on 𝐼 at the end of 𝑠 is 100 · (𝑏𝑣 − 𝑣)/𝑏𝑣 .

Algorithm initial solution post intra-moves post inter-moves
max median mean min max median mean min max median mean min

Baseline (20min) 16.4 5.29 6.11 1.41 n/a n/a n/a n/a 10.5 0.792 1.57 0
Baseline (1min) 16.4 5.29 6.11 1.41 n/a n/a n/a n/a 10.5 1.35 1.85 0
ESF-SelGH 15.6 9.38 9.81 4.14 15.0 6.71 7.12 3.25 4.37 1.44 1.52 0
ESF-TourGH 24.0 14.8 14.8 8.66 15.5 6.81 7.13 3.25 7.91 1.60 1.87 0
LKH-SelGH 15.1 8.16 8.52 2.78 11.0 5.12 5.17 0.831 5.46 0.699 1.11 0
LKH-TourGH 20.2 10.2 10.7 2.35 10.3 4.79 5.07 0.892 6.80 0.754 1.17 0

implies that the lowest or highest penalty is computed over a wider
set of observations and a wider set of insertion positions. Empiri-
cally, the inter-satellite moves and the insertion of observations not
selected by the MILP allow us to enhance the final schedule quality,
especially when problem approximations lead to some erroneous
decisions at the MILP level. The counterpart of this scheduling pro-
cess is that unlike intra-satellite moves, these computations cannot
be performed in parallel. ISGRH and RGDH are also used to define
our baseline LNS method. In this context, they start computations
from an empty constellation schedule, and all observations can be
inserted or removed since no MILP computation is involved. We
have therefore presented all components of our algorithm shown
in Figure 2. The next part describes its performances.

7 EXPERIMENTS
7.1 Instances
The instance set considers 36 different POI distributions. For each
of them, 300 observation points are chosen in the area covered
by the four satellites, as in Figure 1. In addition, in order to test
our algorithms on various realistic study cases, we designed three
instance archetypes in terms of POI local density :

(1) dense ones, where there are a handful of POI hubs with a
high local density,

(2) sparse ones, where most POIs are isolated from one another,
(3) mixed ones, as a mix of both of these types, where POIs are

either isolated or part of a very narrow hub.
To compute observation rewards, 24 real cloud cover scenarios

from year 2024 are retrieved 1. For a cloud cover scenario, the re-
ward 𝑅𝑠,𝑖 associated with an observation is equal to one in case of
no cloud cover over point P𝑠,𝑖 , 0.2 for a full cloud cover, and quadrat-
ically decreasing in between. More precisely, the resulting reward
function is a piecewise constant version of the latter one with 5
possible values. In the end, we obtain 36 different POI distributions
and 24 cloud cover scenarios (corresponding to 1𝑠𝑡 and 15𝑡ℎ of each
month of 2024). To limit the size of the instance set, we consider
only 2 cloud cover scenarios per POI distribution (and each cloud
cover scenario is applied to exactly 3 POI distribution scenarios).
This results in a total of 72 problem instances. Finally, visibility
time windows are defined according to a maximum observation
angle 𝛼𝑚𝑎𝑥 set to 30◦ in accordance with operational needs.

1https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels
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Figure 3: 2D representations of instance examples for each
archetype described in 7.1. From top to bottom : dense, sparse
and mixed. Black dots correspond to POIs and each yellow
grid displays the Earth area covered by a single satellite.
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7.2 Experimental Setup
Firstly, two policies were implemented to return a global route
over all satellite visible observations: the basic ESF heuristic that
visits observation following their window start times, and the LKH
heuristic that solves an SOP. Secondly, once the MILP solver returns
a satellite-observation assignment, each detailed satellite schedule
can be built based either on the Selection-based Greedy Repair
Heuristic (denoted SelGH) or on the Tour-based Greedy Repair
Heuristic (denoted TourGH). This leads to four different algorithm
variants : ESF-SelGH, ESF-TourGH, LKH-SelGH, and LKH-TourGH.

The maximum CPU time for each algorithmic variant is set to
1 minute. A maximum CPU time of 40 seconds is dedicated to the
matheuristic (including ESF or LKH, plus the resolution of the MILP
model that is stopped when the optimality gap is less than 1%). The
observation assignment problem is solved thanks to CPLEX solver,
and the matheuristic usually converges much faster, typically in
5 seconds. Once the matheuristic produces a solution, at time 𝑡 ,
the remaining time (1min minus 𝑡 ) is equally split between the
intra-satellite LNS and the inter-satellite LNS. In the latter part,
inter-satellite LNS operates with the possibility to insert observa-
tions that were not selected in the observation affectation process.
Empirically, it allows us to enhance the final schedule’s quality in
case of unprecise choices in the latter part because of problem ap-
proximations. Thanks to problem decomposition, intra-satellite LNS
is performed simultaneously over each satellite by multi-threading.
All schedulers are implemented in Java and executed on 20-core
Intel(R) Xeon(R) CPU ES-2660 v3 @ 2.60GHz, 62GB RAM, Ubuntu
18.04.5 LTS, with an OpenJDK 11.0.9 JVM.

The four algorithmic variants are compared to a baseline 𝐿𝑁𝑆 al-
gorithm (denoted Baseline) whose operators are ISGRH and RGDH.

7.3 Result Analysis
Performance metrics are shown in Table 1, where we display the
rewards’ optimality gap : (i) after initial greedy schedule generation
for each satellite, that means with inter-satellite SelGH for Baseline,
and with the corresponding heuristic over each satellite’s observa-
tion affectation after MILP solving for the other algorithms, (ii) after
intra-satellite LNS, (iii) after inter-satellite LNS. This gap is com-
puted with reference to the best known reward for each instance.
There are several results to point out. First, LKH-based algorithms
perform better than ESF-based ones. Unfortunately, computing an
initial schedule that respects the order obtained in the MILP so-
lution gives worse results in most cases, since the initial solution
reward computed with TourGH is lower than with SelGH, though it
is less marked with LKH. A weakness in the algorithm architecture
is that it requires intra-satellite scheduling to be competitive with
a greedy heuristic that provides a solution very quickly, as shown
in Figure 4. However, the overall performance of our LKH-based
algorithms is very satisfying: after opportunistic post-insertion
of non selected observations and inter-satellite scheduling, LKH-
SelGH and LKH-TourGH beat the baseline algorithm when using
the same amount of computation time. Our results also show that
the instance archetype only slightly matters, as shown in Table 2.

Moveover, in terms of solution quality, LKH-SelGH and LKH-
TourGH are competitive with the baseline algorithm running during
20minutes. In our algorithms, the SOP solving takes several seconds

Instance type dense sparse mixed
Baseline (20min) 0.870 0.784 0.792
Baseline (1min) 1.05 1.53 1.15
LKH-SelGH 0.654 1.16 0.620
LKH-TourGH 0.685 1.15 0.485

Table 2: Median value of algorithms’ final result depending
on the instance type. The best value per instance type is
highlighted in gray.
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Figure 4: Optimality gaps on each instance depending on
CPU time for Baseline and LKH-based algorithms. One line
corresponds to a single instance.

per satellite. However, both LKH-SelGH and LKH-TourGH are able
to outperform the baseline once in the inter-satellite phase.

8 CONCLUSION
This paper proposes a novel approach combining matheuristics and
metaheuristics for solving EOS constellation scheduling problems.
The main idea is to heuristically compute, for each satellite, a route
visiting visible POIs, based on the resolution of SOPs and a multi-
satellite MILP that makes some problem approximations. After that,
we reconstruct actually feasible schedules for the satellites, based
on some called intra-satellite and inter-satellite moves. Through
schedule destroy and repair operations, the algorithm obtained is
able to outperform an efficient LNS algorithm in the same amount
of time.

One of the bottlenecks remains the quality of the solutions pro-
duced by the MILP and the impact of some problem approximations.
Indeed, our results show that the method should not be too commit-
ted to follow the pre-determined satellite-observation assignments
and observation orders. One of the next steps is to build a version
of our current MILP where transition costs would be artificially
increased, and then to solve the initial problem while keeping the
previous satellite-observation assignment decisions. The aim would
be to build a more robust assignment algorithm. In this direction,
we could try and learn the parameters of such an over-constrained
model to get the best results. We also believe that a Constraint
Programming approach would be relevant in replacement of the
matheuristic part, and we would consider comparing these different
approaches.
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ABSTRACT
As Earth Observation (EO) constellations proliferate, interoper-
ability and resource optimization become critical challenges. This
paper introduces the integration and end-to-end validation of the
DOMINO-E federation layer agents, demonstrating how their or-
chestration enables autonomous Earth Observation. We detail the
design and validation of its three core functional units: the Virtual
Assistant Service (VAS) for natural language request definition;
the Coverage Service (CS) for autonomous multi-mission task dis-
patching and dynamic re-dispatching; and the Satellite Communi-
cation and Resource Management Service (SCRMS) for optimized
ground segment allocation. Validated via an End-to-End cloud-
based testbed and a Sichuan flooding scenario involving the CO3D
and Pléiades Neo constellations, the framework demonstrates a
significant increase in operational responsiveness. Results confirm
that the DOMINO-E Federative architecture successfully automates
cross-constellation optimization, reducing area waste and ensuring
seamless communication planning in complex EO missions.

KEYWORDS
Satellite Constellations, Federated Systems, Earth Observation, Au-
tonomous Scheduling, DOMINO-E, Mission Management
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1 INTRODUCTION
Advancements in satellite performance-specifically the blurring of
resolution boundaries between commercial and defense satellites-
combined with New Space initiatives from privately funded ac-
tors, have transformed Earth Observation (EO) markets. This has
led to worldwide competition impacting service providers, satel-
lite manufacturers, and governmental users [4]. A shift toward
smaller satellites and larger constellations has created new business
opportunities, while the enhanced EO capabilities of these new
constellations enable viable and sustainable ways to fulfill societal
expectations for the global population [8]. However, despite the
sophistication of present systems, significant room for innovation
remains, particularly in the domain of Artificial Intelligence (AI).

The EO value chain is generally segmented into three categories
[17]: (1) Upstream: Space and ground segment production and
launches; (2) Midstream: Satellite operations, data processing, and
archiving; (3) Downstream: Transforming data into value-added
products and distributing them to end-users. Within the midstream
segment, offline planning and scheduling-which consists in finding
methods to schedule observation and upload/download tasks over
a constellation-remain identified AI challenges [13]. An attractive
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framework for addressing this challenge is the DOMINO archi-
tecture, a modular, service-oriented ground segment architecture
designed to include multiple constellations [9].

Using the DOMINO architecture, a multi-agent federation layer,
called DOMINO-E, has been developed to coordinate systems com-
posed of independent EO missions. The goal of this federation
is to allow clients requesting acquisitions of large areas to seam-
lessly access several satellite constellations and communication
sites. This enables the composition and download of acquisitions
in significantly reduced time compared to conventional, uncoordi-
nated requests [5]. While previous research has studied the indi-
vidual agents composing this federation layer in isolation [2, 3, 10–
12, 14, 16, 18, 19], the specific contribution of this work is the
design and validation of the integration of these agents within the
federation layer. While pioneering works such as NASA’s EO-1 Sen-
sorWeb [1] established the feasibility of autonomous science-event
triggers (e.g., wildfire detection), they primarily focused on vertical
integration between specific assets. In contrast, DOMINO-E ad-
dresses the challenge of horizontal federation across heterogeneous
constellations. Furthermore, whereas the NASA New Observing
Strategies Testbed (NOS-T) [6] provides a framework for evaluating
such dynamic responses, DOMINO-E contributes a specific end-
to-end architecture that combines natural-language intent (VAS)
with cross-mission ground resource optimization (SCRMS), moving
beyond event-triggers toward a user-centric service model.

Section 2 of this paper presents the design of the federation
layer interacting with external agents, such as the mission centers
of individual missions and Ground Station as a Service (GSaaS)
provider systems. Sections 3, 4, and 5 detail the specific agents
of the federation layer: respectively, the Virtual Assistant Service
(VAS), the Coverage Service (CS), and the Satellite Communication
and Resource Management Service (SCRMS). The integration of
these agents into a testbed is presented in Section 6. Section 6.3
describes the demonstration scenario and its outcomes. Finally,
concluding remarks are provided in Section 8.

2 ARCHITECTURAL APPROACH
This section presents the design and functional logic of the three
primary services composing the federation layer. We describe the
Virtual Assistant Service (VAS) for request management, the Cov-
erage Service (CS) for task orchestration, and the Satellite Commu-
nication and Resource Management Service (SCRMS) for ground
segment optimization.

The DOMINO architecture stems from the objective of making
main interfaces within EO ground systems public and standardized
[9]. The building blocks of the architecture, termed "dominoes", are
standalone agents relying on their own infrastructure to deliver
services, potentially across multiple missions. Each domino and
its interfaces are natively designed for virtualized environments,
specifically cloud-based infrastructures. Dominoes are categorized
according to their functional roles: (i) Reactivity and monitoring;
(ii) Mission and satellite command and control; (iii) Data manage-
ment and processing; (iv) Multi-mission user and resource man-
agement. These modular units are combined to form a complete,
flexible EO ground segment.
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Figure 1: The DOMINO-E Federation Layer and its interac-
tions within the ground segment architecture.

The federation layer, called DOMINO-E, addresses a complex
multi-mission decision problem: how to partition a large area and as-
sign these subdivisions to diverse missions to minimize acquisition
time, ensure sufficient communication capacity, and maximize im-
age quality-all while operating under uncertainty regarding future
mission workloads. This decision process is triggered by new user
requests or updates in acquisition statuses from the missions. The
ecosystem involves several stakeholders: clients who request large-
area imagery; independent missions (constellations) with their own
planning and Flight Dynamic Service (FDS); and communication
services (mission-owned stations or GSaaS). The global objective is
to orchestrate these resources to fulfill client requests faster than
uncoordinated, siloed operations [5].

Figure 1 illustrates the proposed federation layer. Fully compliant
with the DOMINO architecture, this layer integrates three specific
dominoes:

• VAS (Virtual Assistant Service): Dedicated to the manage-
ment and interpretation of user requests.

• CS (Coverage Service): Dedicated to the orchestration and
dispatching of observation tasks.

• SCRMS (Satellite Communication and Resource Man-
agement Service): Dedicated to the dispatching and book-
ing of communication resources.

This federation layer acts as a seamless interface between clients
and the technical complexities ofmultiple satellite constellations. By
dividing large areas into sub-tasks that can be executed in parallel
by distinct missions, the federation optimizes resource utilization
and reduces the global load through the merging of overlapping
requests.

The standard operational workflow of the federation layer is as
follows:

(1) Orbital Awareness: The CS and SCRMS dominoes regularly
poll FDS dominoes for up-to-date orbital parameters.

(2) Request Interpretation: Upon receiving a client request,
the VAS interprets the natural language or structured input,
derives technical observation requirements, and forwards
them to the CS.

(3) Observation Dispatching: The CS coordinates with the
individual Mission Planner dominoes to establish an agreed-
upon global observation plan. This may involve iterative
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negotiations or direct dispatching based on mission avail-
ability.

(4) Communication Needs:Once the observation plan is stabi-
lized, the CS updates the operational needs for each satellite
and requests corresponding contact slots from the SCRMS.

(5) Contact Planning: On a daily basis (or upon a significant
update), the SCRMS computes an optimized contact plan.

(6) Resource Booking: The SCRMS submits booking requests
to the relevant communication services (GSaaS or mission-
owned).

(7) Closing the Loop: Upon successful booking, the SCRMS
confirms the availability to the CS and, where applicable, the
relevant Mission Planners, allowing for the finalization of
the satellite’s activity sequences.

3 VIRTUAL ASSISTANT SERVICE (VAS)
The Virtual Assistant Service (VAS) serves as the primary entry
point for users within the DOMINO-E federation, providing a natu-
ral language interface to manage complex Earth Observation (EO)
tasks. Unlike traditional forms or rigid command-line interfaces,
the VAS allows users to define geographical areas, search product
catalogs, and build multi-mission programming requests through
intuitive dialogue. The VAS is justified even for expert users by its
ability to synthesize cross-mission constraints into a single natural
language query, reducing the need to manually navigate multiple
service interfaces.

3.1 System Architecture and Base VA
The VAS is built upon a modular platform where all bots are derived
from a Base VA framework. This framework provides standardized
services for message exchange, dialogue management, and user
authentication. The architecture is designed to be provider-agnostic,
supporting integration with various communication channels such
as the DOMINO-E User Access Service (UAS) web interface.

The core of the system is theDialogueManager, which operates
according to a predefined conversation scenario. This scenario is
structured as a directed graph of dialogue states, where transitions
are triggered by detected user intents or system events. This state-
machine approach ensures that the assistantmaintains context-such
as keeping track of a specified "Area of Interest" (AOI) while the
user selects a sensor type.

3.2 Natural Language Understanding (NLU)
The NLU subsystem is responsible for converting raw text into
structured data through two primary machine learning tasks:

• Intent Detection: The system classifies user utterances into
functional categories (e.g., SearchCatalogue, RequestAcqui-
sition). The classification is performed by a Convolutional
Neural Network (CNN) architecture. User input is first trans-
formed into 300-dimensional word embeddings using a fast-
Text model. To improve model robustness, training data is
synthetically augmented using LLMs like GPT-4 to gener-
ate semantically diverse examples, which are then manually
curated by domain experts.

• Named Entity Recognition (NER): The system identifies
domain-specific entities such as coordinates, dates, mission

Figure 2: Functional components and integration architec-
ture of the Virtual Assistant Service.

names, and sensor constraints. The VAS utilizes a hybrid
NER approach: regex-based models are used for structured
data like dates and coordinates, while trainable models are
employed for semantic entities identified during testing and
domain-specific annotations.

3.3 Hybrid Dialogue and RAG
To handle queries that fall outside the structured dialogue scenarios
(e.g., "What is the resolution of Pléiades Neo?"), the VAS implements
a Retrieval-Augmented Generation (RAG) module. This allows
the assistant to answer open-ended questions using unstructured
documentation stored in a local knowledge base.

The RAG process involves three stages:
(1) Vectorization: Knowledge base documents and user queries

are converted into high-dimensional vectors using models
such as Mistral or Multilingual Sentence BERT.

(2) Retrieval: The system retrieves the most relevant document
chunks from a Typesense vector database based on cosine
similarity.

(3) Generation: An LLM synthesizes a response by combining
the retrieved technical context with the user’s original query,
ensuring the answer remains grounded in project-specific
data.

3.4 Integration and External Services
The VAS acts as a technical bridge between the user and the other
"dominoes" of the federation. It integrates with external systems
via standardized APIs:

• Archive/Catalogue Service (ACS): The VAS translates user
search parameters into SpatioTemporal Asset Catalog (STAC)
API queries, allowing users to browse historical data from
resources like the Copernicus Data Space Ecosystem.

• Coverage Service (CS): Once a user request is finalized
(e.g., "Monitor the Sichuan region for 48 hours"), the VAS
submits a technical Programming Request to the CS, which
then handles the orchestration of satellite assets.

• Toponym Search: A Place Finder component is integrated
to allow users to define geographical areas using natural
names rather than just coordinates.
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Figure 3: Coverage Service Workflow: from AOI input to
autonomous re-dispatching based on mission feedback.

4 COVERAGE SERVICE (CS)
The Coverage Service (CS) is the orchestration core of the DOMINO-
E federation layer. It is responsible for partitioning large geograph-
ical requests into manageable tasks and distributing them across
available satellite missions. Several dispatch strategies are available
in the CS. One of them addresses the "Mesh Dispatching" problem,
optimizing the use of heterogeneous constellations to minimize
acquisition time while accounting for system-specific constraints
and execution uncertainties, following the workflow illustrated in
Figure 3.

4.1 Spatial Decomposition: Meshes and Cells
To handle heterogeneous systems, the CS employs a dual-layer
spatial decomposition approach:

• Meshes: Each mission 𝑠 defines its own set of meshes 𝑀𝑠 ,
alignedwith a "world layer split" (typically North-South/East-
West). Mesh sizes are dictated by the sensor’s swath width
and resolution.

• Cells: To ensure full coverage without gaps across varying
mesh grids, the CS computes an atomic decomposition of
the Area of Interest (AOI) into cells. A cell is defined as
a maximum polygon where all internal points belong to
exactly the same mesh for every available mission.

This cell-based approach provides a mathematical guarantee that
covering all assigned cells leads to a complete observation of the
requested area, regardless of the differing mesh geometries used by
the federated missions.

4.2 Optimization Objectives
The dispatching problem is modeled using a coarse-grain repre-
sentation of satellite capacities. Satellite passes are divided into
temporal slots, each capable of observing a maximum number of
meshes based on the satellite’s agility. The CS optimizes a lexico-
graphic objective function:

(1) Minimize Completion Time (𝑇𝑚𝑎𝑥 ): Ensuring the last re-
quired image is acquired as early as possible.

Figure 4: Iterations of the greedy search procedure select-
ing meshes step-by-step to cover the area of interest, for a
scenario involving two systems (system 1 using the green
meshes and system 2 using the yellow meshes).

(2) Maximize Mesh Grouping: Reducing satellite maneuver
overhead by preferring contiguous "strips" of meshes within
a single pass.

(3) Minimize Area Wastage: Avoiding overlaps between dif-
ferent missions and redundant observations outside the AOI.

4.3 Large Neighborhood Search (LNS) Algorithm
Given that the dispatching problem is NP-hard [14], the CS utilizes
a Large Neighborhood Search (LNS) metaheuristic to explore
the solution space efficiently.

Initial Heuristic Search. The process beginswith a greedy heuristic
that builds an initial plan. It iterates through available satellite
passes chronologically, selecting meshes based on a scoring system
that balances geographical utility (cells covered) and the potential
for grouping with already selected meshes in the same orbit.

Destroy and Repair Cycles. The LNS then refines this initial plan
through iterative cycles:

• Destroy: A significant portion of the current assignment
(e.g., 15–30% of meshes) is removed. The algorithm employs
targeted removal of meshes at the "frontiers" of mission
assignments to allow for better cross-mission optimization.

• Repair:The removedmeshes are re-inserted using the greedy
heuristic, allowing the system to escape local optima and
find more efficient task distributions.

The steps are illustrated in Figure 4.

4.4 Dynamic Re-dispatching and Uncertainty
A key innovation of the CS is its autonomous re-dispatching
mechanism. Because the federation’s model is a coarse approxima-
tion and factors like cloud cover or mission-level planning changes
can invalidate acquisitions, the CS regularly re-optimizes the plan.
During each re-dispatching cycle (e.g., once every 24 hours), the
CS integrates feedback from the Mission Centers regarding suc-
cessful acquisitions. It removes successfully covered cells from the
problem and re-runs the LNS for the remaining AOI, potentially re-
assigning tasks from a lagging mission to one with better upcoming
availability or weather conditions.
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Figure 5: SCRMS Architecture: Integrating deterministic
MILP and probabilistic quantile-based models for hybrid
ground station scheduling.

5 SATELLITE COMMUNICATION AND
RESOURCE MANAGEMENT SERVICE
(SCRMS)

The SCRMS optimizes the ground segment resources for the feder-
ation, managing the scheduling and booking of satellite-to-ground
contacts across bothmission-owned and third-party Ground Station
as a Service (GSaaS) providers.

5.1 Operational Context
The service’s objective is to satisfy the communication needs of each
satellite-defined by frequency bands and contact durations-while
minimizing costs and avoiding interference.

Needs are categorized as general or localized (area-specific), spec-
ifying the required visibility windows for S-band (uplink/downlink)
and X-band (high-speed data downlink). The optimization must
account for: (i) Cost Models: agreements include pay-per-pass,
pay-per-duration, and commitment-based tiers where a volume of
contacts is prepaid and extra bookings incur fixed costs; (ii) Con-
flict and Jamming: Conflicts arise when two satellites attempt
to access the same station/band simultaneously. Jamming occurs
between nearby stations on the same site based on the angular
separation of the station-satellite vectors.

The SCRMS operates on an Observe-Plan-Act loop [15], triggered
daily or by emergency updates:

(1) Observe: Gathers communication needs and computes po-
tential visibility windows using the Orekit space dynamics
library [7].

(2) Plan: Solves 10 independent daily multi-criteria optimiza-
tion problems over a 10-day horizon, ensuring fulfillment of
needs while minimizing costs and interference.

(3) Act:Manages the asynchronous booking of contacts through
GSaaS APIs, respecting tier-based booking windows.

5.2 Optimization Modeling
The problem involves 𝑁 satellites, each with 𝐿𝑖 potential contacts
and 𝐾𝑖 needs. Interference between contact 𝑙 of satellite 𝑖 and con-
tact 𝑚 of satellite 𝑗 is represented by parameter 𝑏𝑖,𝑙, 𝑗,𝑚 . The full
description of these models are available in [18].

Deterministic Approach. The selection is modeled using binary
variables 𝑥𝑖,𝑙 ∈ {0, 1}. While the cost for commitment-based agree-
ments and the jamming criterion 𝐽𝑖𝑛 are naturally non-linear, the
problem is linearized to employMixed-Integer Linear Programming
(MILP) via the Google OR-Tools solver. The non-linear interference
term

∑
𝑏𝑖,𝑙, 𝑗,𝑚𝑥𝑖,𝑙𝑥 𝑗,𝑚 is linearized using auxiliary variables 𝑦𝑖,𝑙, 𝑗,𝑚

and standard constraints (𝑦 ≤ 𝑥𝑖,𝑙 , 𝑦 ≤ 𝑥 𝑗,𝑚, 𝑦 ≥ 𝑥𝑖,𝑙 + 𝑥 𝑗,𝑚 − 1).
Similarly, commitment costs are linearized by introducing variables
to represent the volume of contacts above the prepaid threshold
𝑌𝑠 . Experiments show that the MILP approach significantly outper-
forms round-robin or greedy heuristics in both solution quality and
computation time [19].

Probabilistic Approach. To account for the uncertainty of GSaaS
contact acceptance, we introduce a probability of success 𝑝𝑖,𝑙 . Sim-
ply optimizing expected values would result in failing to satisfy
approximately half of the requests. Consequently, we incorporate
the standard deviation of need fulfillment into the constraints:∑︁

𝑙

𝑑𝑖,𝑘,𝑙𝑝𝑖,𝑙𝑥𝑖,𝑙 − 𝑞(
∑︁
𝑙

𝑑2
𝑖,𝑘,𝑙

𝑝𝑖,𝑙𝑥𝑖,𝑙 (1 − 𝑝𝑖,𝑙 ))
1
2 ≥ 𝐷𝑖,𝑘

where 𝐷𝑖,𝑘 is the required time for need 𝑘 and 𝑞 controls the
fulfillment quantile. By linearizing this standard deviation term,
the problem remains solvable via MILP. Numerical results with
𝑞 = 2 demonstrate that this probabilistic approach reduces the
communication time deficit from 10% in the deterministic model to
6% [18].

6 TEST-BED INTEGRATION AND
DEMONSTRATION

The operational capabilities of the DOMINO-E architecture were
validated through a comprehensive End-to-End demonstrator. The
demonstration utilizes a shared cloud testbed where the Virtual
Assistant Service (VAS) operates in a dedicated namespace, while
the Coverage Service (CS) and the Satellite Communication and
Resource Management Service (SCRMS) are deployed together to
ensure low-latency orchestration.

6.1 Test-bed Architecture
As part of the DOMINO-E initiative, all the developed dominoes
have been integrated together. A common platform, called the Test-
bed, has been created for this purpose (see Figure 6). Hosted on a
Google Cloud Platform located in Europe, the biggest challenge of
this platform building was to manage high security standards and
multinational accesses.

Once provisioned, this platform has been used by all the domi-
noes, for their own validation, and for a common validation within
the framework of an End-to-End test, involving all the dominoes.
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Figure 6: Test-bed architecture and technologies
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Figure 7: Interactions within the test-bed: dominoes in green,
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6.2 End-to-End Scenario
The underlying story behind the End-to-End scenario is to react to
a large scale catastrophic event such as a flood or a hurricane (in the
region of Sichuan in our example), by managing the deposit and the
planing of imagery request of this area. The End-to-End scenario
has been build to trigger interactions between the Virtual Assistant,
the Coverage Service and the SCRMS: The User request deposit goes
through User Access Service using the Virtual Assistant Service,
is dispatched to the constellations by the Coverage Service. This
implies a change in download needs, which triggers the SCRMS to
change the communication plan. All these steps are displayed in
Figure 7, where the inter-component interaction involves a closed-
loop feedback from VAS to CS.

The End-to-End validation of the DOMINO-E federation layer
was conducted using a high-fidelity simulation environment de-
signed to mimic real-world space operations. The simulation envi-
ronment provides an integrated testbedwhere the various "Domino"
services (VAS, CS, and SCRMS) are deployed within shared cloud
namespaces. To represent the space segment, the simulation in-
corporates digital twins of the CO3D and Pléiades Neo constella-
tions, allowing for the modeling of realistic orbital dynamics and
instrument constraints (FDS), and of the mission planning cen-
ters (MPS). The ground segment is simulated through a federated
network model that includes both mission-owned stations and vir-
tualized GSaaS (Ground Station as a Service) providers, such as
KSAT. Furthermore, a User Simulator was utilized to perform stress
tests and rapid-fire validation runs, bypassing the manual chat in-
terface to evaluate the system’s algorithmic performance under
high-frequency request loads.

6.3 Demonstration
The End-to-End demonstration is available as a video, here: https:
//www.youtube.com/watch?v=I2biwBIydZ0.

User Interaction and Request Definition. The workflow begins at
theUser Access Service (UAS) interface, where the user initiates a
request via the natural language chat interface. In the demonstration
scenario, the user defines an observation area over Sichuan, China,
a region frequently prone to flooding. The VAS guides the user
through defining the period of interest and fine-tuning mission
parameters for two federated constellations: CO3D and Pléiades
Neo.

Autonomous Coverage Planning and Dispatching. Once the user
validates the request, the VAS transfers the technical parameters to
the CS. The system’s autonomous planning involves several key
steps:

• Decomposition: The CS divides the target area into multi-
ple independent programming requests and displays them
on a global map for user follow-up.

• Initial Dispatching: Tasks are distributed between the
available constellations, and a progress graph provides an
estimated completion timeline.

• Dynamic Re-dispatching: The demonstrator showcases
a scenario where the system automatically triggers a re-
dispatch. For instance, tasks originally assigned to Pléiades
Neo are canceled and resubmitted to CO3D to optimize the
total completion time based on real-time mission progress.

Communication and Resource Optimization. Following the re-
dispatch of observation tasks, the CS communicates updated con-
tact needs to the SCRMS. The SCRMS automatically aligns the
communication plan with the new coverage requirements, adjust-
ing the number of booked ground station slots to ensure efficient
data downlink.

Validation Results. The final state of the demonstration confirms
the stability of the federation layer. The results show that: (i) The
system achieved approximately 20% total coverage within the sim-
ulated window, successfully handling task cancelations and re-
assignments. (ii) The SCRMSmaintained a close alignment between
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"required" and "booked" contact durations, confirming that the com-
munication plan remained optimized even as the observation plan
evolved. All operations, from initial request to final downlink book-
ing, are executed automatically, demonstrating the high level of
autonomy achieved by the DOMINO-E federation layer.

7 OUTCOMES
This section details the performance assessment of the individual
services within the DOMINO-E federation. The evaluation focuses
on operational efficiency, algorithmic accuracy, and resource con-
sumption. We consider two operational scenarios. The Occitania
scenario covers a 72,000 km2 region in southern France over a
48-hour horizon, while the France scenario involves a nationwide
coverage request to test scalability. All experiments were conducted
on a Linux-based server with a 3.6 GHz Intel Core i7 processor and
32GB RAM.

7.1 Virtual Assistant Service (VAS) Outcomes
The performance of the VAS was evaluated based on its ability to
streamline user interactions compared to traditional Graphical User
Interfaces (GUIs). Assessment metrics focused on task completion
time, dialogue accuracy, and system robustness.

Operational Efficiency. The VAS demonstrated a significant re-
duction in the time required to perform core Earth Observation (EO)
tasks. Comparative tests against the standard User Access Service
(UAS) manual interface revealed the following improvements:

• Catalogue Search: Utilizing the VAS for area-of-interest se-
lection reduced search times from 131 seconds to 83 seconds
on average.

• Programming Request (PR) Creation: For expert users,
the creation of PRs was reduced from a baseline of 247–340
seconds (UAS manual) to 102–211 seconds when assisted by
the VAS.

• High-SpeedProcessing:Automated user simulations achieved
task completion in as little as 28 seconds, highlighting the
efficiency of the NLU-driven backend.

Dialogue Quality and LLM Reasoning. The hybrid NLU architec-
ture, combining structured dialogue management with LLM-based
reasoning, was assessed for response relevance and accuracy.

• Response Accuracy: 64.7% of responses were classified as
fully correct and context-aware.

• Advanced Reasoning: 20.2% of interactions were rated as
"superior," where the assistant successfullymanaged complex
follow-up questions, relative date handling (e.g., "two weeks
after"), and parameter disambiguation.

• Failure Modes: Approximately 12.1% of responses were
inadequate, primarily occurring in excessively long dialogue
chains where context retention reached its limit.

The 64.7% accuracy primarily stems from NLU intent classifi-
cation errors in complex multi-parameter queries; however, the
’Human-in-the-loop’ design allows users to correct these parame-
ters before submission.

Table 1: Key Performance Indicators (KPIs) for the VAS

Metric Manual Interface VAS Assisted
Avg. Image Search Time 131 s 83 s
Avg. PR Creation Time 293 s 157 s
System Accuracy N/A 84.9%
Memory Footprint (per instance) N/A ∼165 MB

Resource Consumption and Stability. Monitoring of the VAS dur-
ing peak loads confirmed the service’s stability. In concurrent au-
tomated testing scenarios, memory consumption for the core pro-
cessing node remained stable at approximately 165 MB. The system
showed high resilience to non-ideal inputs, including spelling errors
and incomplete coordinate formats.

The evaluation confirms that the VAS effectively lowers the
barrier to entry for complex multi-mission programming, enabling
intuitive access to the federation’s underlying optimization services.

7.2 Coverage Service (CS) Outcomes
The evaluation of the CS centers on "Area Waste" (the ratio of
redundant or unnecessary acquisition area to the target area) and
"Completion Time" across different algorithmic use cases: manual
dispatch (UC1a), static dispatch (UC1b), dynamic re-dispatch with
planning estimation (UC1c), and Large Neighborhood Search (UC2).

Operational Efficiency and Completion. The CS demonstrated the
capability to coordinate multiple constellations to achieve high
completion rates for large-scale requests.

• Scenario Performance: In the medium-scale Occitania sce-
nario, the dynamic re-dispatching (UC1c) achieved a 54.63%
completion after 10 days of simulated operations.

• Scalability: The service successfully handled the France sce-
nario (hundreds of thousands of km2), managing the increase
in dispatched programming requests proportionally to the
area size.

• Redispatching Efficiency: Dynamic redispatching was
shown to adapt to real planning progression, reducing the
estimated time to full completion by several days compared
to static methods (e.g., reaching full coverage estimates by
04/07/2034 instead of 08/07/2034 in the Occitania test starting
on 01/06/2034).

Algorithmic Accuracy and Area Waste. A key performance in-
dicator for the CS is the minimization of "Area Waste" during the
mesh decomposition and dispatch phase.

• Dispatch Precision: The Large Neighborhood Search (UC2)
significantly outperformed other methods in terms of preci-
sion, taking the actual splitting of mission chains as input.
This resulted in an Area Waste of 20.08% for the loaded
Occitania scenario, compared to over 50% for standard de-
composition methods (UC1b/c).

• Mission Optimization: When taking mission chain self-
optimization into account, the waste for UC1c dropped from
50.78% to a more manageable 22.31%, validating the benefit
of federated feedback.

Computational Performance. The CS maintains efficient compu-
tation times, even when managing complex redispatching logic.
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Table 2: Key Performance Indicators (KPIs) for the CS

Metric Static Dispatch LNS Dispatch
Coverage Completion (10 days) 32.6% 26.46%
Raw Area Waste 50.16% 20.08%
Waste after Mission Chain Opt. 21.99% 15.43%
Redispatch Time (s) N/A 51.85

• Computation Speed: Initial dispatch for medium areas
averaged approximately 70.65 seconds.

• Dynamic Updates: Subsequent redispatches were faster
(37.38 seconds average), as they leveraged the previous state
as an input and dealt with smaller remaining areas.

• Resource Usage: The number of external calls remained
balanced, with dynamic use cases successfully managing
thousands of interactions with mission chains to track status
and progress.

The outcomes confirm that the CS effectively bridges the gap
between high-level user requests and low-level mission scheduling,
providing an autonomous layer that optimizes global coverage
while minimizing resource redundancy.

7.3 Satellite Communication and Resource
Management Service (SCRMS) Outcomes

The SCRMS was evaluated on its ability to satisfy multi-mission
communication needs while optimizing ground station (GS) slot
allocation. The assessment compared a "Minimum Configuration"
(mission-owned sites only) against the "Federated Configuration"
(mission-owned plus GSaaS providers).

Fulfillment of Communication Needs. The integration of a fed-
erated GS network significantly improved the system’s ability to
meet high-bandwidth requirements:

• X-Band Capacity: In the minimum configuration, owned
sites were often insufficient to meet the peak data down-
link demands of the CO3D and Pléiades Neo constellations.
The federated approach, by booking external GSaaS slots,
consistently achieved 100% fulfillment of X-band needs.

• S-Band Reliability: S-band needs for command and con-
trol were satisfied across all scenarios, with the scheduler
successfully managing priority levels for critical telemetry
links.

Resource Optimization and Cost. The SCRMS demonstrated high
efficiency in resource allocation through its dual optimization logic:

• Grouping Efficiency: The scheduler achieved significant
"Grouping" of contacts, bundling multiple acquisitions into
single ground station visibility windows to reduce antenna
slewing and operational overhead.

• Cost Management: While the minimum configuration has
zero external cost, it suffers from data latency. The federated
configuration utilized the cost-per-pass and commitment
models to find a Pareto-optimal balance between data fresh-
ness and booking expenditure.

Table 3: Key Performance Indicators (KPIs) for the SCRMS

Metric Owned Stations Only Federated GSaaS
X-Band Fulfillment Rate 64.2% 100%
Avg. Data Latency High Low
Peak Memory Usage ∼450 MB ∼1 GB
CPU Cores (Peak) 2 4

Computational Stability and Hardware Usage. The service main-
tained a modest hardware footprint even when managing complex
multi-day horizons:

• Memory Footprint: Memory usage of the SCRMS Docker
instance peaked at approximately 1 GB during the solving
phase of large scenarios.

• CPU Performance: The solver reached a peak of 4 cores
during the initial optimization of the 10-day horizon, stabi-
lizing at 1 core for subsequent re-optimization and acting
loops.

• Acting Latency: The automated "Act" loop, responsible
for API interactions with GSaaS providers, maintained sub-
second latency for slot booking confirmations.

The results validate the SCRMS as a critical enabler for the fed-
eration, transforming the "Communication Needs" generated by
the Coverage Service into an executable and cost-efficient ground
segment schedule.

8 CONCLUSION
The DOMINO-E project has successfully demonstrated the feasi-
bility and operational benefits of a multi-mission federation layer
for Earth Observation. By moving beyond traditional, fragmented
mission management, the project has established an autonomous
ecosystem-the "DOMINO" architecture-that effectively bridges the
gap between complex user requirements and heterogeneous satel-
lite constellations.

The results obtained across the three core services-VAS, CS, and
SCRMS-consistently validate the project’s objectives:

(i) Accessibility: The VAS reduced tasking time by 40% via nat-
ural language, democratizing access for non-experts.

(ii) Efficiency: The CS utilized LNS algorithms to reduce area
waste to 20%, significantly optimizing large-scale monitoring
compared to static methods.

(iii) Scalability:By transitioning to aGSaaSmodel, SCRMS achieved
100% fulfillment of X-band communication needs.

The "Closed-Loop" capabilities showcased in the End-to-End
demonstration highlight the system’s ability to autonomously re-
dispatch tasks in response to real-world uncertainties. Ultimately,
DOMINO-E provides a scalable framework for future European
initiatives, establishing a foundation for a more responsive and
efficient space segment.
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ABSTRACT
In this work, we investigate how predictive lookahead and com-
munication impact multi-agent stochastic artificial potential field
navigation (SPF) for rovers. We choose SPF to balance exploration,
collision avoidance, and hazard evasion using terrain data derived
from real HiRISE Mars terrain data. We empirically evaluate how
varying lookahead horizons, prior belief map inaccuracies, and
communication frequency impact effective spatial coverage. Our
key results show that while minimal communication (𝑝 = 0.05) suc-
cessfully bounds lookahead prediction error, naive SPF controllers
struggle to use predictive information effectively. Additionally, we
found that lookahead combined with environment stochasticity act
as an effective local-minimum escape strategy when policy noise is
not an option. Ultimately, this work provides a computationally ef-
ficient engine and first benchmark for testing multi-agent coverage
on real world terrain. Our results suggest lookahead with sparse
communication is sufficient for teammate modeling, but taking
advantage of that information is beyond simple SPF controllers.
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Stochastic Potential Field Navigation, Simulated Annealing, Multi-
Rover Navigation
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1 INTRODUCTION
Future space missions increasingly envision teams of autonomous
robotic assets operating in hazardous and partially known environ-
ments [6, 15, 19]. Such distributed robotic systems must operate
under strict communication constraints, uncertain terrain, and lim-
ited sensing. Centralized coordination is often infeasible due to
latency and bandwidth limits, making lightweight decentralized
decision-making a critical enabler of scalable space exploration.
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A fundamental task in such missions is spatial coverage: multiple
rovers must efficiently explore and map an unknown region while
avoiding hazardous terrain and minimizing redundant traversal [5,
21]. Under partial observability, agents must balance exploration
and danger avoidance, anticipate teammate movements to prevent
overlap, and compensate for stale or noisy information. In realistic
planetary scenarios, prior terrainmaps derived from orbital imagery
may also contain systematic errors.

Artificial Potential Fields (APFs) provide a computationally light-
weight and interpretablemechanism for decentralized navigation [12].
By superimposing attraction and repulsion forces derived from spa-
tial features, agents compute continuous control actions without
requiring large neural models. However, classical APF approaches
largely assume reactive behavior [12, 17], leaving open questions
about the impact of forward prediction and communication.

In this work, we investigate how lookahead simulation and com-
munication constraints interact in multi-agent potential-field rover
navigation. We model four rovers exploring a hazardous terrain
grid derived from real HiRISE Digital Terrain Models [1, 14], oper-
ating under partial observability with probabilistic communication
updates. Rover policies are parameterized as weighted superposi-
tions of spatial potential fields and optimized via simulated anneal-
ing under varying communication settings. To enable teammate
anticipation, agents simulate peer trajectories over configurable
lookahead horizons using internal belief states [8, 13]. Controlled
noise injected into prior terrain maps models discrepancies between
orbital estimates and true surface hazards. This framework allows
us to examine three core questions: (1) how lookahead depth af-
fects coordination under imperfect teammate modeling, (2) how
prior map inaccuracies interact with predictive coordination strate-
gies, and (3) how communication frequency mitigates or amplifies
lookahead mismatch.

Our contributions are threefold:
(1): We introduce a C++ engine for studying decentralized rover

coverage under hazardous terrain and communication constraints.
(2):We analyze lookahead dynamics in potential-field navigation,

identifying conditions under which prediction improves coordina-
tion and conditions in which mismatch degrades performance.

(3):We characterize the interplay between communication relia-
bility, prior map uncertainty, and predictive teammate modeling in
multi-agent spatial exploration.

These results provide insight into the design of decentralized
autonomy architectures for multi-rover space missions, clarifying
when reactive strategies suffice and when predictive modeling or
communication becomes essential.
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2 BACKGROUND AND RELATED WORK
Our framework intersects threemajor pillars of multi-agent systems
(MAS) research: spatial coverage through artificial potential fields,
lookahead dynamics for teammate anticipation, and the effects of
communication/transparency on overcoming partial observability.

2.1 Multi-Agent Coverage and Artificial
Potential Fields

Spatial coverage and coordination in partially observable environ-
ments are frequently addressed using heuristic-driven navigation,
most notably Artificial Potential Fields (APF). Originally developed
for collision avoidance, APFs have been widely adapted for multi-
agent dispersion, where agents are repelled by obstacles and peers
but attracted to unobserved frontiers [12, 17]. Recent work has suc-
cessfully integrated APFs into Multi-Agent Reinforcement Learning
(MARL) to solve complex Coverage Path Planning (CPP) problems,
using spatial graphs and curiosity-driven intrinsic rewards to mini-
mize coverage gaps [11, 22].

2.2 Lookahead Dynamics and Teammate
Anticipation

In decentralized, partially observable settings, agents often rely on
internal forward models to anticipate allied movements. Predicting
teammate behavior mitigates the “teammate delay” issue caused
by concurrent policy updates [4]. Approaches like Higher-Order
Gradients (HOG), Off-Policy Action Anticipation (OffPA2), and Pol-
icy Mirror Descent with Lookahead formally integrate lookahead
mechanisms so agents can explicitly model the future states or
actions of their peers [2, 18].

Our work grounds these theoretical lookaheadmodels in a highly
parallelized C++ environment, allowing agents to run exact forward-
simulations of their peer’s policies based on their current belief
state. Crucially, we introduce systemic error into these forward
models via inaccurate prior belief maps, forcing agents to navigate
the discrepancy between predicted environment danger and dy-
namic hazard realities. This systemic error and policy noise are
the only discrepancies between agent lookahead and reality when
communication bandwidth is infinite.

2.3 Predictability, Transparency, and
Communication Trade-offs

When communication bandwidth is constrained, agents must act
transparently for their peers’ lookahead models to remain accurate.
Recent MARL research emphasizes alignment-driven intrinsic re-
wards, where agents are incentivized to learn behaviors that match
their neighbors’ expectations [16], naturally breaking coordina-
tion symmetries. Similarly, Predictability Awareness mechanisms
encourage agents to foster soft social conventions; by minimizing
the discrepancy between an internal prediction model and actual
observations, agents effectively lower the uncertainty of the en-
tire swarm [9]. Our research builds directly on this by quantifying
the trade-off: when terrain realities diverge from the shared global
map, agents must either rely heavily on explicit communication to
resynchronize the swarm or adopt highly predictable local policies
to minimize the resulting lookahead drift.

3 METHODOLOGY
3.1 Simulation Framework
We evaluate our hypotheses using our custom environment named
multi-agent-coverage, a high-performance, batchedmulti-agent grid-
world environment implemented in C++ with OpenMP for parallel
execution. The environment simulates agents exploring a 32 × 32
grid world containing continuous danger/hazard mappings, ℎ, in
the range [−1, 1].

Each agent may propose a movement vector ®𝑣 = [𝛿𝑥, 𝛿𝑦] which
is clamped to a maximum magnitude of 1.0 before being reduced
again by the current danger in ®𝑣 = ®𝑣 (1 − 𝑐 · max(ℎ, 0.0)). The
constant 𝑐 determines the minimum speed. Every frame that a
rover spends on a tile with ℎ > 0 has a 𝑝 = 𝑐ℎ probability of getting
stuck. Stuck means that the agent’s movement speed is zero until
the environment resets.

Our C++ architecture ensures zero-copy memory sharing with
PyTorch tensors, allowing for exceptionally high throughput dur-
ing large-scale policy evaluation. This supports rapid rover belief
updates and enables efficient instantiation of environment copies
from an agent’s internal state for future integration with Monte
Carlo Search [3] or Prioritized Replay [20].

3.2 Stochastic Potential Field Navigation
Agent behavior is governed by a parameterized force-based policy.
Agents compute an action vector through a linear combination of
dynamic spatial features. The force exerted by grid cell 𝑖 and the
resulting weighted superposition are defined as:

®𝐹𝑖 =
𝑚𝑖 · 𝑟𝑖
∥r𝑖 ∥𝑝𝑖

a𝑡 =
𝐾∑︁
𝑘=1

𝑤𝑘 ®𝐹𝑘 (1)

where 𝑟𝑖 is the unit vector to cell 𝑖 , ∥r𝑖 ∥ is the Euclidean distance,
𝑝𝑖 is the distance exponent, and𝑚𝑖 is the magnitude. The weights
𝑤𝑘 ∈ [−1, 1] represent signed attraction/repulsion for 𝐾 = 7 spatial
features: (1) Region Danger Prior, (2) Observed Danger, (3) Visited
Status, (4) Agent Locations, (5) Path Recency, (6) Boundaries, and
(7) Voronoi Partitions, plus noise to avoid local minima.

Each of these fields, apart from 1 and 6, is subject to partial ob-
servability constraints and calculated from imperfect belief states.
Self-Path recency sets recently visited cells to a magnitude of 1.0
with exponential decay over time, serving as an anti-pheromone
inspired by path-finding algorithms such as Ant Colony Optimiza-
tion [7]. Voronoi Partition masks unobserved tile magnitudes if
they are closer to another agent, allowing a first-order estimation
of task responsibility.

3.3 Policy Optimization via Simulated
Annealing

To discover optimal potential field parameters, we deploy a Simu-
lated Annealing (SA) hyperparameter search. The search optimizes
a sequence of genes representing the specific hyperparameters be-
ing evaluated (specifically the weight𝑤𝑘 and the exponent 𝑝𝑖 ) for
each spatial feature. Fitness is defined as the discounted cumulative
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coverage reward across a batch of environments:

𝑓 =

𝑇∑︁
𝑡=0

𝛾𝑡 (10 I[done𝑡 ] + 𝑜𝑡 − 100 𝑠𝑡 ) ,

where 𝑇 = 1000, 𝛾 is the discount factor, 𝑜𝑡 is the number of newly
observed tiles at timestep 𝑡 , 𝑠𝑡 is the number of rovers that become
immobilized due to excessive hazard, and I[done𝑡 ] is an indicator
equal to 1 if full coverage is achieved at time 𝑡 . This fitness directly
captures the mission’s dual objectives: maximizing spatial discovery
while strictly penalizing rover loss due to hazards.

4 EXPERIMENTAL DESIGN
Our experimental maps are constructed from real Digital Terrain
Models (DTMs) obtained via the HiRISE mission, centered on a
prospective Mars landing site. Sixteen 1km2 terrain slices were
processed into dual mappings: a maximum gradient map and an
elevation standard deviation map, serving as proxies for surface
steepness and roughness, respectively. To assess the intersection
of transparency, lookahead, and communication, we benchmark
optimized rovers across all environments on a matrix of conditions:

(1) Communication Levels:We evaluate full, partial, and zero-
communication scenarios. Communication consists of [x,y] location
and “is_alive” updates to other rovers.

(2) Lookahead Depth: Agents simulate peer movements for 0
to 10 time-steps (up to 300 meters traversal depending on terrain)
before selecting actions. With Lookahead (LA) enabled, agents
update unseen teammate locations using their internal belief state.

(3) Prior Map Noise: To simulate real-world inaccuracies, con-
trolled Gaussian noise is injected into the expectation maps during
zero-communication runs as shown in Figure (2).

Figure 1: Example terrain slice (1024 × 1024 m). Each cell cor-
responds to a max-pooled 32m2 region derived from HiRISE
DTM data.

By masking which features are available to a particular rover’s
SPF navigation function, we create three baseline policies trained
with no communication or lookahead enabled. Global and Ran-
dom have access to all variables including ground-truth and par-
tially observed variables. Global starts with a noisy Voronoi policy
and Random begins with random uniform weights over all fea-
tures. We also mask out all but the local variables for Local, and we
train variants via simulated annealing specifically for lookahead
and communication 𝑝 = 0.05: Local+LA and Random+LA.

Figure 2: Two map examples with (left) original max-pooled
gradient map, (center) noise-perturbed prior map, and (right)
the injected Gaussian noise field.

We aim to test several hypotheses about the impact of lookahead,
communication, and policy entropy on team performance:

Hypothesis 1: As policy noise weight increase, lookahead pre-
diction will grow significantly correlating with degraded perfor-
mance. Figures (3, 4).

Hypothesis 2:As the prior belief map of terrain danger becomes
more noisy, lookahead will become more destructive. Figure (5).

Hypothesis 3: Lookahead accuracy will improve significantly
with occasional correction from communication, improving team
performance. Figure (6).

5 RESULTS
To evaluate our hypotheses, we analyzed both coverage perfor-
mance and ally prediction error across varying lookahead steps and
noise conditions.

Lookahead under Imperfect TeammateModeling (Hypoth-
esis 1): Figures 3 and 4 demonstrate that without the occasional
resetting (1/20 chance) to ground truth, lookahead introduced mean
squared error and reduced performance for already stochastic poli-
cies, but lookahead helped deterministic policies performance. This
is because a local minimum in the potential field only changes if
an agent’s belief about its teammates changes.

Impact of Prior Map Mismatch (Hypothesis 2): Figure 5
illustrates the effect of injecting noise into the agents’ prior beliefs.
Agents with access to the global potential fields with no lookahead
(blue/green solid) are less negatively impacted than local (orange)
agents with lookahead (dotted lines). It is worth noting in the pre-
diction error graphs that global agents view the global state, but
their local beliefs are not updated besides outside of comms usage.

Communication and Lookahead Utility (Hypothesis 3):
Figure 6 shows that although 𝑝 = 0.05 information sharing is
enough to bound lookahead error regardless of the number of steps
(1-10), naive SPF controllers fail to capitalize on the lookahead
information, despite its accuracy.

6 DISCUSSION
While lookahead with zero communication increased MSE com-
pared to stationary imagined teammates, we found the mean ab-
solute error to be around 30% lower at lookahead 1 than 0. This
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Figure 3: Policy Noise Weight No Comms: Color is the sim-
ulated annealing genome type, line-style is the noise level.
Left is fitness (higher better) and right is ally location predic-
tion error (lower better)

Figure 4: H1: Policy Noise Weight With Comms: The same
scenario as Figure (3) but the agents have a 5 percent chance
of sharing their up-to-date location with another agent at
each frame. It can be seen that slight communication grounds
all lookahead by limiting the random walk distance of com-
pounding errors.

Figure 5: H2: Prior Map Noise Injection: The x axis is the
level of injected noise, Color is simulated annealing genome
and Line-Type is lookahead. Solid lines (less lookahead) are
less impacted in terms of performance

property appears to originate from property ungrounded forward
models suffer due to compounding spatial uncertainty (∝ 𝑡3/2 for
integrated random walks [10]) which rapidly exceeds the agent’s
actual possible traversal distance (∝ 𝑡 )

For potential field navigation, noise can be necessary to push
an agent out of areas with a zero gradient. We expected this noise
to worsen prediction but that hypothesis was not supported. In-
terestingly, lookahead appears to act as an effective mechanism
for perturbing the agent from a local minimum. We hypothesize
that it is unlikely for all 4 agents in the belief state to be in local

Figure 6: H3 Communication Probability: X-axis is commu-
nication probability, color is genome type, and line-style is
lookahead. We see that Local (orange) and Local trained with
lookahead (red) benefit the most from information sharing,
but that 5 percent is sufficient.

minimums simultaneously, and that environment stochasticity as
imagined agents "get stuck" with some probability are enough to
perturb the potential field so that local minimums are transient.

We found that prior mismatch with communication probability
above 0.05 had a negligible impact on performance. Across genomes,
the distance drop-off exponent for danger was often 2 or 3, forcing
the agent to only care about local danger because only local hazards
can cause the agent harm. Because agent’s act locally, far away
updates are not very impactful beyond agent position updates. For
communication probability, somewhere between 1/20 and the time
horizon of 1/1000 leads to degradation of lookahead accuracy, but
the frequency required to keep lookahead in check is relatively low.

It is important to note the scale limitations of our study: our
32 × 32 grid is quite course. Fine-grained prior noise or more space
to wander may impact the magnitude’s of our results.

7 CONCLUSIONS AND FUTUREWORK
This work demonstrates minimal communication (𝑝 = 0.05) com-
bined with basic agent modeling bounds prediction error regardless
of the number of projection steps for simple SPF controllers. While
SPF shows robustness to both policy and environment noise, they
fail to exploit the predictive information that lookahead provides,
by focusing on local information. Potential field navigation is in-
herently reactive, so changing circumstances are not necessarily
destructive to the control scheme.

Future work will involve additional search with teammate mod-
els designed for more pointed action selection, such as Monte Carlo
Search, or as a lookahead/predictability baseline for deep reinforce-
ment learning approaches. A field like "discovery value" to incen-
tivize agents towards globally relevant objectives may also better
highlight the effects of prior map mismatch. We hope that the in-
troduction of a lightweight parallel environment with zero-copy
memory sharing and realistic planetary terrain models will serve as
a robust testbed for bridging classical heuristic navigation and ad-
vanced multi-agent reinforcement learning at a low computational
cost. We put forth these initial results as a baseline from which
higher-order navigation logic and models can be built and iterated
on for a variety of coverage tasks.
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ABSTRACT
We propose a new approach to multi-robot task allocation that ex-
plicitly incorporates fleet organizational structures and constraints.
We first formalize the Organizational Multi-Robot Task Allocation
(Org-MRTA) problem, which extends classical MRTA by requiring
allocations to respect organizational roles, missions, and norms in
addition to performance. To address this problem, we introduce
Org-CBBA, a hierarchical extension of the Consensus-Based Bun-
dle Algorithm (CBBA), leveraging a MOISE+ organizational model
to guide the allocation process to produce good quality solutions
that remain organizationally coherent. This approach preserves
the distributed robustness and convergence guarantees of CBBA
while aligning task allocations with organizational doctrine. We
evaluate Org-CBBA in synthetic mission scenarios inspired by real
deployments and show that it maintains allocation quality while
reducing computational overhead, while ensuring that solutions
respect organizational requirements and constraints.

KEYWORDS
Multi-Robot Task Allocation; Organizational Modeling; Consensus-
based Auctions

1 INTRODUCTION
Future space missions increasingly deploy fleets of autonomous
and semi-autonomous assets, including satellite constellations and
cooperative robotic teams. These missions demand rapid coordina-
tion and adaptability under severe communication and supervision
constraints, rendering continuous centralized control impractical.
Simultaneously, execution must comply with predefined command
structures derived from planning, safety, and organizational doc-
trine. The organization is therefore intrinsic to mission design, and
multi-agent systems must satisfy not only performance and robust-
ness criteria but also explicit organizational constraints that delimit
feasible allocations.

A central issue is the Multi-Robot Task Allocation (MRTA) prob-
lem, which assigns heterogeneous tasks to heterogeneous agents
[4]. The objective is to optimize performance, such as minimiz-
ing mission duration or maximizing coverage, while accounting
for capabilities, task dependencies, and environmental conditions.
MRTA approaches range from centralized methods, which can pro-
vide globally optimal solutions but are unsuitable under unreliable
communication, to distributed methods based on local decisions

and peer-to-peer exchanges [11, 12]. The latter are generally more
robust and operationally realistic.

Among distributed approaches, consensus-based algorithms are
prominent. The Consensus-Based Bundle Algorithm (CBBA) [3]
alternates local bundle construction with peer-to-peer consensus,
ensuring distributed execution, robustness to communication fail-
ures, and convergence to a conflict-free allocation. However, CBBA
and its variants are flat, with all agents bidding on all tasks, limiting
scalability, and are role-agnostic, lacking explicit organizational
structure.

A natural extension is hierarchical allocation. Existing solutions
often cascade distinct algorithms [1], such as team-level followed by
agent-level allocation, but this decoupling weakens integration. A
unified hierarchical consensus mechanism can improve scalability
by restricting bidding to role-relevant tasks and align allocations
with explicit organizational models, enabling reasoning at multiple
abstraction levels.

To represent the organization, we adopt MOISE+ [7], which
specifies: (i) a structural model of roles, groups, and hierarchies; (ii)
a functional model of missions, goals, and plans; and (iii) a deontic
model linking roles to missions via permissions and obligations.
This provides hierarchical abstraction and normative consistency.

We introduce Org-CBBA, a hierarchical consensus-based alloca-
tion algorithm embedding MOISE+ specifications into the alloca-
tion process. Org-CBBA preserves CBBA’s distributed robustness
and convergence guarantees while incorporating organizational
abstraction and hierarchical workload distribution, producing scal-
able and organizationally coherent allocations. The paper makes
three contributions: (i) the Org-MRTAmodel extending MRTAwith
organizational constraints; (ii) the Org-CBBA algorithm solving
Org-MRTA; and (iii) an experimental evaluation on a scenario from
a robotic challenge.

The remainder of the paper is structured as follows. Section 2
presents a motivating scenario; Section 3 reviewsMRTA, consensus-
based allocation, and MOISE+; Section 4 formalizes Org-MRTA;
Section 5 details Org-CBBA; Section 6 reports experimental results
in synthetic scenarios; and Section 7 concludes and outlines future
work.

2 MOTIVATING MULTI-ROBOT SCENARIO
We consider a planetary surface exploration mission with a het-
erogeneous fleet of autonomous robots deployed from a central
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Figure 1: Environment and organizational layout.

landing site. Organizational roles and responsibilities are defined
prior to deployment, while task allocation and execution occur
autonomously onboard under intermittent and delayed communi-
cation with ground control.

At scenario onset, the fleet has stabilized the area around the
base and operates in two geographically separated forward explo-
ration zones extending in different directions. Transitions between
zones are costly due to terrain and traversal constraints. Although
no longer a primary exploration target, the base area remains op-
erationally critical for shared logistics and support. Robots must
therefore sustain exploration in both forward zones while collec-
tively maintaining rear-area functions.

This setting induces a two-team organization: each team is pri-
marily assigned to one forward zone to reduce costly cross-zone
motion, while both share responsibility for logistics near the base.
This structure captures mission planning trade-offs among spatial
separation, coordination efficiency, and operational predictability
under constrained communication.

From this abstract mission, we derive a simplified reference
scenario that preserves the key spatial and organizational features.
The objective is not to replicate a specific deployment, but to provide
a controlled testbed for evaluating task allocation under explicit
organizational constraints.

The environment (Figure 1) is represented as a partially con-
nected 20 × 20 grid of nodes. A central landing site is located near
the middle of the grid, from which all robots initially depart. The
surface is divided into three exploration zones (A, B, and C), each as-
sociated with different operational assumptions: Zone A (primary
exploration zone): the highest-priority region, characterized by
the greatest density of exploration opportunities. Tasks in this zone
primarily involve surface mapping, localized inspection, and anom-
aly characterization. Zone B (secondary exploration zone): a
lower-intensity region requiring persistent monitoring and peri-
odic exploration, including mapping and deployment of scientific
instruments. Zone C (shared exploration zone): a tertiary ex-
ploration region with lower task density, representing partially
explored areas that remain scientifically relevant. This zone has no
fixed team ownership and serves as a shared operational space.
Organizational structure. To reflect mission-level planning, the
fleet is divided into two organizational groups: Surface Team A

and Surface Team B. The organizational hierarchy is strictly two-
level: (1) Surface Team A is assigned responsibility for tasks arising
in Zone A, while Surface Team B is assigned responsibility for
tasks in Zone B; and (2) in Zone C, which represents a shared
exploration region, tasks may be allocated to robots from either
team. This structure enforces geographically scoped responsibilities
while preserving flexibility in shared areas, providing a natural
setting for evaluating how organizational constraints interact with
decentralized consensus-based allocation.
Taskmodel. Tasks appear dynamically and unpredictably through-
out the mission, reflecting evolving scientific targets and environ-
mental conditions. Their spatial distribution follows the zone pri-
orities: the probability of task appearance is highest in Zone A,
moderate in Zone B, and lowest in Zone C. Three task types are
modeled, each requiring a specific capability:

• Mapping/Inspection tasks (O): reaching a location to ac-
quire imagery or sensor data,

• Deployment tasks (T): reaching a location to deploy a sci-
entific instrument or containment device,

• Anomaly-response tasks (I): reaching a location to inspect
or approach a detected anomaly.

Although semantically distinct, all tasks are uniformly repre-
sented as go-to tasks: a robot must reach the designated node and
possess the required skill. Tasks are modeled as independent, with-
out sequential dependencies, allowing allocation decisions to be
studied in isolation.
Fleet composition. The fleet is heterogeneous in skills but ho-
mogeneous in mobility. All robots move one step per time unit
on the grid. The fleet is composed of: 3 robots capable only of
mapping/inspection tasks (O), 2 robots capable of mapping and
deployment tasks (O,T), 2 robots capable of mapping and anomaly-
response tasks (O,I), 2 robots capable of deployment and anomaly-
response tasks (T,I). Each robot is eligible only for tasks requiring
skills it possesses, ensuring that allocation reflects heterogeneous
capabilities.

During extended periods without ground contact, all task alloca-
tion decisions are performed onboard through inter-robot communi-
cation, subject to the organizational constraints defined above. This
scenario therefore provides a representative testbed for studying
hierarchical, decentralized task allocation for surface exploration
missions under communication-limited conditions.

3 BACKGROUND AND RELATED WORK
This section introduces the Multi-Robot Task Allocation (MRTA)
problem and its formal mathematical definition. We then review
the main classes of approaches developed to solve MRTA, with a
focus on decentralized consensus-based methods. Next, we present
organizational modeling as a complementary paradigm for struc-
turing multi-agent systems, with examples of different families.
Finally, we discuss existing works that attempt to bridge MRTA
and organizational models.

3.1 Multi-Robot Task Allocation Problem
The Multi-Robot Task Allocation (MRTA) problem [4] addresses
the challenge of assigning a set of tasks to a team of robots in a
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way that maximizes performance (e.g., mission success, reward)
or minimizes cost (e.g., travel time, resource consumption). An
allocation is valid if each task is assigned to at most one agent, and
each agent is limited by its capacity (the maximum number of tasks
it can handle).

Definition 1. AMRTA problem ⟨𝒯,𝒜⟩ involves a set𝒯 of tasks
and a set𝒜 of agents, and consists in assigning each task 𝜏 𝑗 ∈ 𝒯 to an
agent 𝑎𝑖 ∈ 𝒜, noted 𝜏 𝑗 ↦→ 𝑎𝑖 , whilst maximizing some performance
criteria.

Considering each agent can be assigned at most 𝐿𝜏 tasks, and the
maximum number of assignable tasks is 𝑁min ≜ min{|𝒯 |, |𝒜 | ·𝐿𝜏 },
MRTA can be expressed as follows [3]:

max
∑

𝑎𝑖 ∈𝒜

(∑
𝜏 𝑗 ∈𝒯 𝑐𝑖 𝑗 (x𝑖 , p𝑖 ) 𝑥𝑖 𝑗

)
(1)

s.t.
∑

𝜏 𝑗 ∈𝒯 𝑥𝑖 𝑗 ≤ 𝐿𝜏 ∀𝑎𝑖 ∈ 𝒜 (2)∑
𝑎𝑖 ∈𝒜 𝑥𝑖 𝑗 ≤ 1 ∀𝜏 𝑗 ∈ 𝒯 (3)∑
𝑎𝑖 ∈𝒜

∑
𝜏 𝑗 ∈𝒯 𝑥𝑖 𝑗 = 𝑁min (4)

𝑥𝑖 𝑗 ∈ {0, 1} ∀𝑎𝑖 ∈ 𝒜, 𝜏 𝑗 ∈ 𝒯 (5)

Here, the decision variable 𝑥𝑖 𝑗 = 1 if 𝜏 𝑗 ↦→ 𝑎𝑖 , and 0 otherwise.
The vector p𝑖 ∈ ({1, . . . , |𝒯 |} ∪ {∅})𝐿𝑡 represents agent 𝑖’s ordered
sequence of tasks (its path). The score function 𝑐𝑖 𝑗 (x𝑖 , p𝑖 ) ≥ 0
encodes the reward for agent 𝑖 to perform task 𝑗 , and may depend
on the agent’s current task path. In mobile robotics, this function
typically captures path-dependent metrics such as travel distance,
energy cost, or mission completion time.

A wide variety of methods have been proposed for the MRTA
problem, broadly falling into two categories. Centralized approaches:
A single planner or auctioneer computes the allocation from global
knowledge, often using combinatorial optimization (e.g., MILP, Hun-
garian algorithm [2]) or centralized auctions. While such methods
yield high-quality or optimal solutions, they scale poorly and create
a single point of failure, limiting their suitability for large-scale
or communication-constrained settings. Decentralized approaches:
Here, agents iteratively exchange bids or commitments to collec-
tively converge to an allocation. These methods are more robust and
scalable, as they avoid reliance on a central entity. Consensus-based
algorithms form a key family, with the Consensus-Based Bundle Al-
gorithm (CBBA) [3] being the most influential. CBBA alternates
between local bundle construction and peer-to-peer consensus,
and has been extensively studied for its scalability, robustness, and
applicability in dynamic environments. Given their resilience to
communication loss and scalability to larger teams, decentralised
approaches are particularly relevant for multi-robot systems de-
ployed in real-world, uncertain environments.

Additionally, many CBBA extensions exist for tackling different
constraint types [1, 8, 9, 17]. Notably, intercession mechanisms (I-
CBBA [5, 6]) provides a way for agents to bid on behalf of other
agents, which we will leverage for our organizational extension.

3.2 Organizational Modeling and Allocation
As multi-robot systems scale, flat peer-to-peer coordination be-
comes inefficient and hard to interpret. Organizational models ad-
dress this by structuring agent societies through roles, groups, au-
thority, and norms, constraining autonomy in a purposeful way

to ensure global objectives. The Gaia methodology [18] frames
systems as organizations of roles, responsibilities, and protocols,
offering both macro (societal) and micro (agent) views. However,
Gaia assumes a static structure, making it more suited to design
than runtime adaptation. Frameworks such as OperA [10, 16] distin-
guish between specification (roles, objectives, dependencies) and
enactment (agents adopting roles). OperA supports open systems,
where agents may join or leave dynamically, while tools like Op-
erettA assist in design. Other approaches (e.g., OMNI [15]) combine
structural and normative dimensions. In normative and institution-
based models, norms (permissions, obligations, prohibitions) reg-
ulate agent behavior. Examples include electronic institutions and
HarmonIA [14], which emphasize compliance and enforcement in
heterogeneous or partially conflicting systems. Finally, MOISE+ [7]
integrates structural (roles, groups), functional (missions, goals),
and deontic (permissions, obligations) layers. It supports complex
hierarchical task structures and runtime reorganization, enabling
flexibility while maintaining normative control, as needed in our
scenario.

3.3 Focus on MOISE+
A MOISE+ Organizational Specification (OS) is defined as a tuple:
OS = ⟨SS, FS,DS⟩, where SS is the structural specification, FS the
functional specification, and DS the deontic specification. The struc-
tural specification SS = ⟨R,SG,⊏,L, C⟩ defines: a set of roles
R = {𝜌1, . . . , 𝜌 | R | }, a set of group specifications SG, an inheri-
tance relation ⊏ ⊆ R × R (𝜌 ⊏ 𝜌 ′ means 𝜌 ′ specializes 𝜌), a set
of links L = {ℓ𝑖 (𝜌𝑠𝑖 , 𝜌𝑑𝑖 , 𝑡), 𝑖 ∈ [1..|L|]} with 𝑡 ∈ {acq, com, aut}
denotes acquaintance, communication, or authority links, and a
set of compatibility constraints C of the form 𝜌𝑖 ⊲⊳ 𝜌 𝑗 indicat-
ing which roles may be jointly played. The functional specifica-
tion FS = ⟨G,M,P,𝑚𝑜, 𝑛𝑚⟩ defines a set of goals G, missionsM,
and plans P. Each mission 𝑚 ∈ M maps to a set of goals via
𝑚𝑜 : M → P(G), and 𝑛𝑚 : M → N × N defines the cardinality
of agents required to commit to each mission. The deontic speci-
fication defines the norms that link roles to missions, that is a set
DS of permissions (resp. obligations) of the form per(𝜌,𝑚, 𝑡𝑐) (resp.
obl(𝜌,𝑚, 𝑡𝑐)), where per(𝜌,𝑚, 𝑡𝑐) grants permission for role 𝜌 to
commit to mission 𝑚 under time constraint 𝑡𝑐 , and obl(𝜌,𝑚, 𝑡𝑐)
imposes an obligation for role 𝜌 to commit to mission𝑚 under time
constraint 𝑡𝑐 . Inheritance ensures obligations and permissions are
propagated along ⊏:

obl(𝜌,𝑚, 𝑡𝑐) ⇒ per(𝜌,𝑚, 𝑡𝑐) (6)
𝜌 ⊏ 𝜌 ′ ∧ obl(𝜌,𝑚, 𝑡𝑐) ⇒ obl(𝜌 ′,𝑚, 𝑡𝑐) (7)

3.4 Bridging MRTA and Organizational Models
Although MRTA methods and organizational models emerged from
distinct research traditions, they address complementary aspects
of multi-robot coordination. MRTA focuses on algorithmic effi-
ciency and conflict-free allocation of tasks, while organizational
models emphasize structure, authority, and norms for scalable, in-
terpretable cooperation. Several works have attempted to bridge
these perspectives.

Early MRTA taxonomies recognized the role of coalitions and
hierarchies in structuring allocation [4, 11]. Hierarchical team al-
location and multi-stage pipelines have been studied [1], while
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some works explicitly use organizational models to guide task al-
location: for example, frameworks based on OperA incorporate
role and organizational structure to determine who can/should
perform which objectives [10]. OperA’s specification dimension
(defining objectives, role dependencies) and enactment dimension
(who plays what role) provide a basis for allocation constrained by
organizational roles. Role-based methodologies (Gaia [18] and its
extensions) provide design-time structure that can restrict possible
agent-task mappings (via roles, permissions, protocols), which can
be leveraged in MRTA to reduce search space, enforce constraints,
or improve interpretability. Nevertheless, existing approaches often
remain limited: they either rely on ad-hoc organizational scaffold-
ing without a normative layer, or integrate task allocation only
loosely into organizational formalisms. This motivates our work,
which seeks to develop a tighter integration between consensus-
based MRTA algorithms and formal organizational specifications,
thereby bridging the gap between distributed task allocation and
principled organizational modeling.

4 MODEL AND PROBLEM DEFINITION
Org-MRTA extends classical MRTA by embedding an explicit orga-
nizational model (based on MOISE+) that links roles, missions, and
agents. This foundation allows us to formally define Org-MRTA as
an extension of MRTA subject not only to performance criteria but
also to organizational validity.

4.1 Instantiating MOISE+ for a Robot Fleet
The abstract organizational model fromMOISE+ is instantiated onto
a concrete fleet as follows. We first define a set of agent classes AC,
each associated with a subset of skills from the whole set of skills Σ
via a mapping 𝜎 : AC → P(Σ). A set of agents 𝒜 = {𝑎1, . . . , 𝑎𝑁𝑎 }
is then introduced (same from the MRTA model), and we note
𝑎𝑖 ∈ 𝐴𝐶 𝑗 , with 𝐴𝐶 𝑗 ∈ AC, the fact that agent 𝑎𝑖 is an instance
of agent class 𝐴𝐶 𝑗 . By extension to the mapping 𝜎 , we note 𝜎 (𝑎𝑖 )
the set of skills of agent 𝑎𝑖 , inherited from its agent class. Each
goal 𝑔 ∈ G is annotated with a set of required skills 𝜅 (𝑔) ⊆ Σ, and
each task 𝜏 𝑗 ∈ 𝒯 (same from the MRTA model) is an instance of a
goal 𝑔𝑘 ∈ G, and thus inherits its skill requirements: 𝜅 (𝜏 𝑗 ) = 𝜅 (𝑔𝑘 ).
Similarly, we define a set of group instances𝒢 = {𝛾1, . . . , 𝛾𝑁𝑔 }, each
being an instance of some group specification inSG. An assignment
relation 𝜋 : 𝒜 ×𝒢→ P(R) specifies which agent plays which role
in which group instance. A role 𝜌 responsible for a set of goals
G𝜌 can be validly allocated to an agent 𝑎 ∈ 𝒜 though 𝜋 only if⋃

𝑔∈G𝜌 𝜅 (𝑔) ⊆ 𝜎 (𝑎).
This instantiation grounds the organizational specification in

the fleet, linking abstract missions and goals to concrete agents,
roles, and capabilities in a single model:

OE = ⟨OS,𝒯,𝒜,AC,𝒢, Σ, 𝜎, 𝜋, 𝜅⟩ (8)

These specifications should ensure correctness at three levels:
(i) that the organization structure and missions are well-formed
with respect to MOISE+ constraints, (ii) that the fleet provides the
skills required by the goals, and (iii) that assignments of agents to
roles are feasible.

4.2 Organizational Multi-Robot Task Allocation
Definition 2. An Organizational Multi-Robot Task Allocation

(Org-MRTA) problem ⟨OS,𝒯,𝒜,AC,𝒢, Σ, 𝜎, 𝜋, 𝜅⟩ is a classicalMRTA
problem ⟨𝒯,𝒜⟩ (Definition 1) provided with an instantiated orga-
nizational model OE (see Section 4.1). It consists in assigning each
task 𝜏 𝑗 ∈ 𝒯 to an agent 𝑎𝑖 ∈ 𝒜, noted 𝜏 𝑗 ↦→ 𝑎𝑖 , while maximizing a
set of performance criteria and satisfying the additional structural,
functional, and deontic requirements imposed by the organization,
such that:

(1) a task 𝜏 𝑗 can be allocated to an agent 𝑎𝑖 only if 𝜅 (𝜏 𝑗 ) ⊆ 𝜎 (𝑎𝑖 ),
(2) a task 𝜏 𝑗 can be allocated to an agent 𝑎𝑖 only if ∃𝛾 ∈ 𝒢,∃𝜌 ∈

𝜋 (𝑎𝑖 , 𝛾),∃𝑚 ∈ M, ∃𝑡𝑐 s.t. 𝑔 ∈ 𝑚𝑜 (𝑚) and per(𝜌,𝑚, 𝑡𝑐),
(3) a task 𝜏 𝑗 must be allocated to agent 𝑎𝑖 if ∃𝛾 ∈ 𝒢,∃𝜌 ∈

𝜋 (𝑎𝑖 , 𝛾),∃𝑚 ∈ M, ∃𝑡𝑐 s.t. 𝑔 ∈ 𝑚𝑜 (𝑚) and obl(𝜌,𝑚, 𝑡𝑐).

Thus, Org-MRTA can be seen as a constrained variant of MRTA
where feasible allocations are restricted by organizational roles,
missions, and authority relations. These additional constraints en-
sure that the resulting allocation is not only optimal with respect
to performance (e.g. travel distance, energy, completion time) but
also organizationally valid.

Let us note that a solution to Org-MRTA is also a solution to
the related MRTA, but the performances might differ due to the
constraining organization (e.g. a complex organization might not
be as efficient as a non-organized fleet for some criteria, such as the
traveled distance, but better for other ones, such as the amount of
exchanged messages). Moreover the allocation of roles specified in
OE to agents is not an output of Org-MRTA. Org-MRTA focuses on
task allocation, not role allocation. Finally, the current model does
not exploit the planning dimension of the functional specification,
since we again focus on task allocation, thus the missions and goals.

5 ORG-CBBA: ORGANIZATIONAL
CONSENSUS-BASED BUNDLE ALGORITHM

Org-CBBA extends classical CBBA by embedding an explicit or-
ganizational specification into the allocation process. Instead of
operating in a flat agent–task space, Org-CBBA exploits the hierar-
chical structure defined by MOISE+, linking roles, groups, missions,
and goals. As a result, task allocation unfolds as a structured chain
of decisions consistent with organizational constraints. This pre-
serves the decentralized, consensus-driven nature of CBBA while
ensuring allocations remain aligned with the organization.

5.1 Rationale
Formally, Org-CBBA embeds the instantiated organizational spec-
ification OE = ⟨OS,𝒜,AC,𝒢, Σ, 𝜎, 𝜋, 𝜅⟩, where OS = ⟨SS, FS,DS⟩
(see Section 3.3, Section 4.1). At a high level, Org-CBBA operates
through a cascading sequence of auctions that progressively nar-
row down responsibility for each task along the organizational
hierarchy of groups of the fleet. The process unfolds as follows:

• At the fleet level, abstract coordination tasks are first auc-
tioned among the fleet’s top-level groups using a I-CBAA-
style mechanism.

• The winning group becomes responsible for the task and,
in doing so, generates a new abstract coordination task that
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is auctioned at the next level of decomposition, where its
child groups compete.

• The new abstract task for the substructure is then auctioned
among its child groups through a I-CBAA-style auction.

• The process continues until it reaches the lowest-level
group, and thus switches to a CBBA auction among the
individual agents of that group. This final stage allocates
the concrete execution of the task to a specific agent.

In this way, allocation answers the question — which entity is
responsible for this task? — at progressively finer levels of resolution:
from a top-level fleet group, to nested groups, and ultimately to
individual agents. At the group level, bids are placed on behalf of
the group by agents acting as its proxies through the intercession
mechanism introduced in I-CBAA [5]. Group-level I-CBAA bids
remain lightweight and approximate, but their resolution increases
as auctions are performed over progressively smaller subsets of
agents. I-CBAA is used at the group level since these auctions
aim to assign responsibility rather than to sequence tasks. Task
ordering is less relevant at this stage, as groups do not directly
execute tasks—the temporal reasoning required for sequencing
is deferred to the agent level, where CBBA auctions determine
concrete allocations and execution plans.

As responsibility cascades downward, the bids therefore become
more representative of the actual capabilities of the agents involved,
culminating in the lowest-level CBBA auction where concrete task
allocations are determined with full accuracy.

figure 2 illustrates the previously described process for the moti-
vating multi-robot scenario, which is also later used in the experi-
ment section.

5.2 Org-CBBA Specific Organizational Concepts
Org-CBBA requires defining a few additional notions and extend-
ing OE to incorporate key coordination elements necessary for its
correct functioning.

In SS, a single abstract proxy role proxy ∈ R is introduced to
enable group representation during inter-group interactions. Upon
instantiation, this role can be played within any group 𝛾𝑘 ∈ SG,
thereby acting as the proxy for that specific group. Formally, if 𝑎𝑖
acts as proxy in 𝛾𝑘 , i.e. proxy ∈ 𝜋 (𝑎𝑖 , 𝛾𝑘 ). The proxy role is set to be
compatible with all other roles, ∀𝜌 ∈ R, proxy ⊲⊳ 𝜌 , ensuring that
multiple agents can play it simultaneously.

A specific allocation mission𝑚alloc ∈ M dedicated to task dele-
gation between hierarchical levels is defined in FS. This mission is
composed of a new allocation goal 𝑔alloc ∈ G. We denote by𝒯alloc
the set of allocation tasks. Each 𝜏alloc𝑗𝑘 ∈ 𝒯alloc is an instance of an
allocation goal 𝑔alloc ∈ G. 𝒯 is then the set of concrete tasks, corre-
sponding to the executable tasks ultimately assigned to individual
agents. Note that 𝒯alloc ∉ 𝒯 (thus 𝒯alloc is effectively not part of
the Org-MRTA problem).

We define the parents of a group 𝛾 as the set of all supergroups
of 𝛾 following the inclusion relation: parents(𝛾) = {𝛾 ′ | 𝛾 ⊂
𝛾 ′ or ∃𝛾 ′′ such that 𝛾 ′ ∈ parents(𝛾 ′′) and 𝛾 ⊂ 𝛾 ′′}. If 𝑎 ∈ 𝛾 , then
parents(𝑎) = parents(𝛾). Similarly, if 𝜏alloc𝑗𝑘 denotes the alloca-
tion task for task 𝜏 𝑗 for group 𝛾𝑘 , and if 𝛾𝑘 ∈ parents(𝛾𝑙 ), then
𝜏alloc𝑗𝑘 is the parent of 𝜏alloc𝑗𝑙 (𝜏 𝑗 if 𝑎𝑙 ∈ 𝒜). Consequently, for
a given task 𝜏alloc𝑗𝑘 ∈ 𝒯alloc, we define its set of parent tasks

as: parents(𝜏alloc𝑗𝑘 ) = {𝜏alloc𝑗𝑙 | 𝛾𝑙 ∈ parents(𝛾𝑘 )}. For 𝜏 𝑗 ∈ 𝒯,
parents(𝜏 𝑗 ) = {𝜏alloc𝑗𝑘 | 𝛾𝑘 ∈ 𝒢}. We then define subgroups(𝛾) as
the set of all subgroups included in 𝛾 .

If task 𝜏 𝑗 ∈ 𝒯 requires allocation, an allocation instance 𝜏alloc𝑗𝑘
is created to determine the transfer of responsibility for 𝜏 𝑗 from the
parent group 𝛾𝑘 to one of its subgroups 𝛾𝑙 ∈ subgroups(𝛾𝑘 ).

Finally, the proxy role is linked to𝑚alloc in DS through deontic
relations of the form per(proxy,𝑚alloc, 𝑡𝑐) or obl(proxy,𝑚alloc, 𝑡𝑐),
granting authority and responsibility to proxy agents to bid on
behalf of their groups during distributed auctions.

5.3 Data Structures
Each agent maintains eight internal structures, identical to those
defined in the I-CBBA framework [6] (as they can accommodate
both CBBA and I-CBAA processes).

The winning bid list y𝑖 (of size |𝒯 | + |𝒯alloc |) stores the highest
bid value recorded across the fleet for each task, while the win-
ning agent list z𝑖 (also of size |𝒯 | + |𝒯alloc |) identifies the agent
currently holding the winning bid for each task. The timestamp list
s𝑖 (of size |𝒜 | + |SG|) contains the most recent communication
time from each agent, used to resolve consensus conflicts. Each
agent also keeps its local bundle b𝑖 , representing the ordered list
of tasks currently assigned to it, and the corresponding path p𝑖 ,
defining their execution order. In addition, the fleet bids matrix
f𝑖 ∈ R( |𝒯 |+|𝒯alloc | )× ( |𝒜 |+|SG| ) stores, for each pair ( 𝑗, 𝑟 ), the high-
est bid for task 𝜏 𝑗 known by agent 𝑎𝑖 to have been made by/for
agent 𝑎𝑟 . The associated fleet priority matrix 𝜙𝑖 records, for each
bid in f𝑖 , the priority level of its emitter, as defined in the priority
vector |P𝜌 ∈ Z |𝒜 |+|SG| , where each entry P𝜌 (𝑖) encodes the fixed
priority level of agent 𝑎𝑖 .

5.4 Org-CBBA Specificities
Each group𝛾𝑘 ∈ 𝒢 is represented in the bidding tables (f𝑖 , y𝑖 , z𝑖 , s𝑖 , 𝜙𝑖 )
by a virtual entry that serves as the organizational placeholder
for 𝛾𝑘 . Formally, if proxy ∈ 𝜋 (𝑎𝑖 , 𝛾𝑘 ), then 𝑎𝑖 intercedes on behalf
of 𝛾𝑘 for 𝜏alloc𝑗𝑘 and is responsible to compute the corresponding
bid value f𝑖 𝑗𝑘 . Consequently, a task 𝜏alloc𝑗𝑘 can be assigned to a
group 𝛾 , noted 𝜏alloc𝑗𝑘 ↦→ 𝛾 .

Org-CBBA will exploit the chain of group inclusions, or chain
of affiliations. Allocation unfolds top-down along these chains of
affiliations. A concrete task 𝜏 𝑗 ∈ 𝒯 may be allocated to an agent
𝑎 ∈ 𝒜 if there exists at least one path from a top-level allocation
task 𝜏alloc𝑗𝑘 down to 𝜏 𝑗 , which respect the following constraints:

(i) every parent group task in parents(𝜏 𝑗 ) along the chain has
been won by their respective group, and

(ii) the deontic rules per(𝜌,𝑚, 𝑡𝑐) or obl(𝜌,𝑚, 𝑡𝑐) hold for some
mission𝑚 with 𝜏 𝑗 ∈ 𝑚𝑜 (𝑚).

In other words, if multiple affiliation paths exist, the agent is permit-
ted to allocate 𝜏 𝑗 to itself as long as one of these chains is satisfied.
This ensures that task responsibility is consistently delegated from
higher-level groups to lower-level groups and finally to individual
agents, while allowing flexibility in cases where the organizational
structure provides multiple valid paths. This mechanism is there-
fore not hard-coded for a particular organizational shape: it follows
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Figure 2: Illustration of Org-CBBA. At the group level, auc-
tions for allocation tasks are voiced through proxy agents in-
terceding on behalf of their groups. At the agent level, CBBA
auctions allocate concrete tasks among individual agents.

the chains of affiliations specified in OE, thereby aligning the allo-
cation process with the organizational structure provided, and it
enables local checking of the validity of allocations, as follows:

Definition 3 (Organizational validity). The allocation of a
task 𝜏 to an agent 𝑎𝑖 is organizationally valid, noted valid(𝜏, 𝑎𝑖 ) iff
all these conditions hold:

(i) 𝜏 is not already completed,
(ii) there exists 𝜌,𝑚, 𝑡𝑐,𝛾 such that 𝜌 ∈ 𝜋 (𝑎𝑖 , 𝛾) and per(𝜌,𝑚, 𝑡𝑐)

or obl(𝜌,𝑚, 𝑡𝑐) holds with 𝜏 ∈ 𝑚𝑜 (𝑚), and
(iii) if 𝜏 ∈ 𝒯, 𝜅 (𝜏) ⊆ 𝜎 (𝑎𝑖 ),
(iv) for each task 𝜏alloc𝑗𝑘 ∈ parents(𝜏), 𝜏alloc𝑗𝑘 ↦→ 𝛾 ∈ parents(𝑎𝑖 )

At each step of the allocation cascade, when responsibility is
passed to a deeper level in the hierarchy, the winning bids are
refined based on more detailed information from a smaller subset of
agents. These refined values are then backpropagated upward along
the affiliation chain to update the corresponding allocation task
bids. If the refined information alters the outcome of any higher-
level auction, the current winning branch must release the task and
all its dependent tasks, and the allocation is redirected to the new
winning group. This iterative correction ensures that higher-level
approximations are continually aligned with progressively refined
information, while preserving the fully distributed nature of CBBA.

Example 1 (Hierarchical allocation in Zone C). Suppose
a new observation task 𝑂4 appears in Zone C. An allocation task
𝐴𝐶 is created to decide whether Group Alpha or Group Beta (both
∈ 𝒢) should take responsibility. Group representatives intercede on
behalf of their groups to bid for 𝐴𝐶 , using, e.g., the inverse Euclidean
distance between the task location and their group centroid as a coarse
proxy. If Group Alpha has the stronger centroid-based bid, it wins 𝐴𝐶 .
Only robots in Group Alpha then compete for𝑂4 with individual bids,
subject to 𝜅 (𝑂4) ⊆ 𝜎 (𝑎) and permissions/obligations from DS.

Example 2 (Refinement and backpropagation in Zone C).
Suppose Group Alpha initially wins the allocation task 𝐴𝐶 for 𝑂4.
Within Group Alpha, all eligible robots bid for 𝑂4 based on their
distances. The winning robot’s refined bid is backpropagated upward

to update Alpha’s effective bid for 𝐴𝐶 . If this refined value is weaker
than Group Beta’s original bid, the allocation of 𝐴𝐶 switches to Beta,
forcing 𝑂4 to be reallocated accordingly.

5.5 Phase 1: Auction Process
The auction phase of Org-CBBA extends CBBA by embedding
organizational constraints and handling both allocation tasks and
concrete tasks. The process, summarized in Algorithm 1, unfolds as
follows.

Step 1 [l7, l16] — Breadth-first parsing of tasks.Agents traverse the
set of goals/tasks using a breadth-first strategy (sortedBF) along
OE. Only valid allocations are considered (see Definition 3).

Step 2 [l8–l15] — Group coordination and bidding. This step is
only active when both conditions hold: (i) 𝜏 𝑗 ∈ 𝒯alloc, i.e. 𝜏 𝑗 is a
𝜏alloc𝑗𝑘 , and (ii) 𝑎𝑖 acts as a group proxy for group 𝛾𝑙 ∈ 𝒢 for which
𝛾𝑙 ∈ subgroups(𝛾𝑘 ), i.e., proxy ∈ 𝜋 (𝑎𝑖 , 𝛾𝑙 ) and 𝛾𝑙 ∈ subgroups(𝛾𝑘 ).
In this case, 𝑎𝑖 computes a bid c𝑖 𝑗𝑙 using BIDgp (the bidding logic
used for group tasks) on behalf of its group 𝛾𝑙 through bid interces-
sion [5, 6]. The resulting bid is integrated into the fleet bid matrix f
using merge (l9). The merge process ensures that, for each conflict-
ing bid emitted (if multiple agents hold the role proxy), the value
and priority of the highest-priority 𝜙𝑖𝑖 emitter are retained, system-
atically prioritizing higher-priority entries (see [6, Algorithm 2]).

𝑎𝑖 then updates y (winning bids), z (winning group), and s (times-
tamps) based on the outcome of the auction at that group level,
considering all bids currently present for 𝜏 𝑗 . Refined subgroup bids
are then backpropagated upward (Algorithm 2) so that ancestor
group tasks reflect the updated valuations of their subgroups. If
this refinement changes a parent’s outcome, the corresponding al-
location is revised and, if necessary, re-auctioned. New group tasks
may also be instantiated when previously unexplored ancestors are
revealed in the organizational hierarchy.

Step 3 [l16] — Concrete task discovery. If 𝜏 𝑗 is a concrete task,
it is added to the available set T𝑖 for bundle-building. Marginal
gain computations are restricted to this set, reducing computation
compared to evaluating all tasks.

Step 4 [l18–l27] — Bundle-building with marginal gains. On T𝑖 ,
bundle construction follows the standard CBBA procedure [3]. The
bid for each task 𝜏 𝑗 ∈ T𝑖 is determined using BIDind ( 𝑗, 𝑖), which, as
in the original CBBA algorithm, computes for every 𝑗 ∈ T𝑖 \ b𝑖 the
marginal gain c𝑖 𝑗 of inserting 𝜏 𝑗 into p𝑖 at the position yielding the
largest increase in utility:

BIDind ( 𝑗, 𝑖) = max
𝑛≤ |p𝑖 |

(
𝑆
p𝑖⊕𝑛 { 𝑗 }
𝑖

− 𝑆p𝑖
𝑖

)
, ∀𝑗 ∈ T𝑖 \ b𝑖 . (9)

These values are merged into f with merge. Valid tasks h𝑖 are de-
termined by comparing with current winners, and bundle-building
continues until no more tasks can be inserted.

5.6 Phase 2: Consensus Process
The consensus phase in Org-CBBA works almost exactly as in
I-CBBA [6] (given we use the datastructures as defined in the I-
CBBA algorithm): agents exchange and merge their local states
(y𝑖 , z𝑖 , s𝑖 , f𝑖 , 𝜙𝑖 ), update winning bids, and drop tasks if outbid. The
only difference is that when a group task is dropped, any affiliated
concrete tasks (and tasks following it in b) already present in the
agent’s plan must also be dropped. This ensures that agents cannot
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Algorithm 1: Org-CBBA Auction Phase for agent 𝑎𝑖
1 Procedure BUILD BUNDLE
(y𝑖 (𝑡 − 1), z𝑖 (𝑡 − 1), b𝑖 (𝑡 − 1), p𝑖 (𝑡 − 1), f𝑖 (𝑡 − 1), 𝜙𝑖 (𝑡 − 1) )

2 y𝑖 (𝑡 ) = y𝑖 (𝑡 − 1) ; z𝑖 (𝑡 ) = z𝑖 (𝑡 − 1)
3 b𝑖 (𝑡 ) = b𝑖 (𝑡 − 1) ; p𝑖 (𝑡 ) = p𝑖 (𝑡 − 1)
4 f𝑖 (𝑡 ) = f𝑖 (𝑡 − 1) ; 𝜙𝑖 (𝑡 ) = 𝜙𝑖 (𝑡 − 1) ;
5 𝒯𝑖 ← ∅
6 foreach 𝜏 𝑗 ∈ sortedBF(𝒯 ∪𝒯alloc ) s.t. valid(𝜏 𝑗 , 𝑎𝑖 ) do
7 if 𝜏 𝑗 is a 𝜏

alloc𝑗𝑘 and proxy ∈ 𝜋 (𝑎𝑖 , 𝛾𝑙 ) and 𝛾𝑙 ∈ subgroups(𝛾𝑘 )
then

8 c𝑖 𝑗𝑙 ← BIDgp ( 𝑗, 𝑙 )
9 merge(f𝑖 𝑗𝑙 (𝑡 ), 𝑐𝑖 𝑗𝑙 , 𝜙𝑖 𝑗𝑙 (𝑡 ), P𝜌 (𝑖 ))
10 if max(f𝑖 𝑗 (𝑡 ) ) > y𝑖 𝑗 then
11 y𝑖 𝑗 (𝑡 ) ← max(f𝑖 𝑗 (𝑡 ) )
12 z𝑖 𝑗 (𝑡 ) ← winning representative
13 s𝑖𝑙 = current timestamp
14 backpropagate(𝜏 𝑗 ,max(f𝑖 𝑗 (𝑡 ) ))
15 create_group_task(𝜏 𝑗 )

16 else if 𝜏 𝑗 is a concrete task then 𝒯𝑖 ← 𝒯𝑖 ∪ {𝜏 𝑗 } ;
17 while |𝒯𝑖 \ b𝑖 | > 0 do
18 𝑐𝑖 𝑗𝑖 = BIDind ( 𝑗, 𝑖 )
19 merge(f𝑖 𝑗𝑖 (𝑡 ), c𝑖 𝑗 , 𝜙𝑖 𝑗𝑖 (𝑡 ), P𝜌 (𝑖 )), ∀ 𝑗 ∈ 𝒯𝑖 \ b𝑖
20 h𝑖 𝑗 = I

(
f𝑖 𝑗𝑖 (𝑡 ) > y𝑖 𝑗

)
, ∀ 𝑗 ∈ 𝒯𝑖 \ b𝑖

21 if |h𝑖 | = 0 then terminate process // no valid tasks;
22 𝐽𝑖 = argmax𝑗 ℎ𝑖 𝑗 · f𝑖 𝑗𝑖 (𝑡 )
23 𝑛𝑖,𝐽𝑖 = argmax𝑛 𝑆

p𝑖 ⊕𝑛 {𝐽𝑖 }
𝑖

24 b𝑖 ← b𝑖 ⊕end { 𝐽𝑖 }
25 p𝑖 ← p𝑖 ⊕𝑛𝑖 𝐽𝑖 { 𝐽𝑖 }
26 y𝑖 𝐽𝑖 (𝑡 ) ← f𝑖 𝐽𝑖 𝑖 (𝑡 )
27 z𝑖 𝐽𝑖 (𝑡 ) ← 𝑖

28 backpropagate(𝐽𝑖 , f𝑖 𝐽𝑖 𝑖 (𝑡 ))

Algorithm 2: Backpropagation for task 𝜏 𝑗 and value c
1 Procedure backpropagate(𝜏 𝑗 , c)
2 foreach parent 𝜏𝑘 ∈ parents(𝜏 𝑗 ) do
3 update f𝑖𝑘 (𝑡 ) with c
4 if winning bid at 𝜏𝑘 changes then
5 update y𝑖𝑘 (𝑡 ), z𝑖𝑘 (𝑡 )
6 if 𝜏𝑘 ∈ b𝑖 then
7 foreach 𝜏ℓ ∈ {tasks following 𝜏𝑘 in b𝑖 } do
8 b𝑖 ← b𝑖 \ {𝜏ℓ }
9 p𝑖 ← p𝑖 \ {𝜏ℓ }

10 y𝑖ℓ ← 0
11 z𝑖ℓ ← ∅

12 backpropagate(𝜏𝑘 , 𝑐)

retain concrete tasks whose parent group task is no longer held,
while leaving all other consensus mechanics unchanged.

5.7 Convergence and Optimality Guarantees
Org-CBBA inherits the convergence properties of its constituent
mechanisms [3, section V-D]. At each branching point: (i) tasks are
first allocated to groups via CBAA, which guarantees finite-time
convergence to a unique winner, and (ii) within the winning group,
CBBA is applied to allocate concrete tasks to individual agents, also
guaranteeing convergence to a conflict-free allocation. Since these
processes are chained hierarchically, the overall system converges
to a consistent allocation in which each task is assigned to exactly
one agent.

Bid backpropagation adjusts bid valuations without altering the
consensus mechanics of CBAA/CBBA and thus does not affect con-
vergence. For the mechanism to operate correctly, bids at group and
agent levels must remain comparable in magnitude. If group-level
bids are underestimated, backpropagationmay fail to trigger needed
reallocations; if agent-level bids are too small, every refinement
would overturn higher-level results, collapsing the hierarchy into a
flat CBBA. Hence, group-level bids should be optimistic—slightly
overvaluing their agents’ expected performance—so that backprop-
agation only corrects significant discrepancies. As in CBBA, Org-
CBBA ensures convergence but not global optimality, producing
locally optimal allocations consistent with OE.

6 EXPERIMENTAL EVALUATION
6.1 Driving scenario
Consider an initial setup where the 9 robots depart from the central
base. Early in the mission, several tasks appear in Area A: for exam-
ple, an observation task 𝑂1, a trapping task 𝑇1, and an interception
task 𝐼1. The robots eligible for each task bid according to their in-
verse Manhattan distance. For instance, 𝑂1 can be claimed by any
of the six robots possessing the O-skill,𝑇1 by any of the four robots
with T-skill, and 𝐼1 by any of the four robots with I-skill. The closest
eligible robots win their respective bids, illustrating how spatial
proximity and capability constraints jointly determine allocation
outcomes in this motivating scenario.

6.2 Experimental Setup
To evaluate Org-CBBA, we compare two organizations, each repre-
senting a different way of structuring the decision process.

Flat organization (CBBA baseline). The fleet operates without
hierarchy: every agent 𝑎𝑖 ∈ 𝒜 is considered for every task 𝜏 𝑗 ∈
𝒯 such that 𝜅 (𝜏 𝑗 ) ⊆ 𝜎 (𝑎𝑖 ). The bidding function computes the
marginal cost of inserting a task into the current plan, using the
inverse of the shortest path length as a distance-based utility, whilst
meeting skill requirements. This corresponds to a direct application
of the standard CBBA framework.

Hard hierarchy. The fleet is organized into two heterogeneous
groups: Alpha (six robots: 3×O, 1×T, 1×I, 1×T,I) and Beta (three
robots: 1×O,T, 1×O,I, 1×T,I). Group Alpha is exclusively responsible
for tasks in Zone A, while Group Beta handles those in Zone B;
neither group can handle tasks in the other’s zone. This exclusivity
is enforced through a logic-gate rule: if a task lies in Zone A, Al-
pha’s bid is set to 1 and Beta’s to 0, and symmetrically for Zone B.
Both groups compete for each new concrete task 𝜏 𝑗 appearing in
the shared Zone C. Group-level bids for these allocation tasks are
computed as the inverse Euclidean distance between the task loca-
tion and the nearest agent of each group. The winning group then
secures responsibility for the corresponding concrete task, which
is subsequently allocated among agents at the robot level with a
compatible skill set.

The mission environment is modeled as a 20 × 20 grid (400
nodes) with 70% of possible edges active while preserving graph
connectivity. The home base is located at (10, 10). Each simulation
lasts 200 time steps, during which tasks appear dynamically.

The primary experimental variable is the task spawning rate
in Zone A, which determines the relative workload distribution.
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Table 1: Difference in cumulated displacement (across the
fleet) and bid calls between hierarchical and flat configura-
tions across task zone ratios.

Task Zone Ratio Fleet Displacements Bid Computations
(hierarchical − flat) (hierarchical − flat)

0.5 89.50 (26.48%) -82775.80 (-42.26%)
1 59.00 (13.14%) -189356.60 (-52.95%)
1.5 46.60 (8.75%) -367818.80 (-56.71%)
2 81.10 (13.69%) -806959.50 (-61.42%)
2.5 9.30 (1.34%) -1050260.60 (-60.66%)
3 84.50 (12.14%) -2539189.60 (-62.07%)

Tasks in Zone B are generated at a constant rate across runs, while
the rate in Zone A is progressively increased. Zone C maintains a
constant task count. Varying the Zone A rate produces different task
load ratios (A/B), enabling systematic comparison of organizational
structures under distinct spatial workload distributions.

For each configuration, task arrival timelines are generated with
randomized release times to capture deployment variability. Ten
scenarios are simulated per case for statistical robustness.

Performance is evaluated along three dimensions: (i) Cumula-
tive fleet displacement: total distance traveled by all agents, serving
as an optimality metric. (ii) Bid computations: number of calls to
each bidding logic, capturing computational overhead. (iii) Per-zone
dispatch: fraction of tasks from Zones A, B, and C allocated to
each group, measuring compliance with organizational responsibil-
ities. We hypothesize that hierarchy reduces overhead by replacing
numerous fine-grained bids with abstract group-level bids, progres-
sively constraining the solution space while preserving allocation
quality and organizational validity.

6.3 Results Analysis
The aggregated results across all task load ratios are shown in Fig-
ure 3. Values correspond to mean performance over ten randomized
scenarios per configuration.

In Figure 3, the Hierarchical configuration enforces organiza-
tional constraints as designed: TeamAlpha handles ZoneA, TeamBeta
handles Zone B, and both share Zone C via group-level bidding. A
slight asymmetry in Zone C favors Beta, explained by the higher
task density in Zone A, which increases Alpha’s workload and
reduces its competitiveness in shared tasks. By contrast, the Flat
configuration exhibits significant cross-zone mixing, as both teams
compete across all zones without structural separation.

As reported in Table 1, the Hierarchical configuration incurs a
moderate increase in cumulative fleet displacement relative to the
Flat baseline (+1.3% to +26.5%), reflecting the limited optimality loss
induced by zone exclusivity. However, bid evaluations decrease by
42–62%, confirming a substantial reduction in communication and
decision-making load through group-level abstraction. As the task
load in Zone A increases, computational savings grow while the
displacement gap stabilizes below 15%, indicating that hierarchi-
cal decomposition becomes increasingly beneficial under spatially
structured workloads.

Overall, introducing organizational structure ensures strict zone
fidelity and markedly improves computational efficiency, with only
limited degradation in allocation quality.

7 CONCLUSIONS
This paper introduced the Org-MRTA framework, which formal-
izes the trade-off between task allocation efficiency and organiza-
tional validity, ensuring that multi-robot systems operate within
predefined structural and normative constraints. Such alignment
is critical in domains where compliance with roles, missions, and
authority relations is essential, including civil protection, military,
and first-response operations.

To solve Org-MRTA in a distributed manner, we proposed Org-
CBBA, which leverages the organizational structure to establish
consensus between groups prior to consensus within the selected
group. This hierarchical consensus mechanism was implemented
and evaluated on a scenario derived from the <anonymized> chal-
lenge, designed to stress mission execution under unpredictable task
arrivals. Compared to a flat CBBA without organizational structure,
Org-CBBA achieves efficient allocations with an average optimal-
ity gap below 13%, while satisfying organizational constraints and
significantly reducing bidding complexity, yielding more than 56%
fewer bid computations.

Future work will focus on softening organizational constraints
by allowing increased flexibility for robots to adapt under overload
conditions, particularly when alternative groups are better suited
to handle dense, unforeseen task arrivals. We also plan to evaluate
Org-CBBA at larger scales, including the Robocup Rescue challenge
[13], and to deploy it on a real robotic platform at ONERA for
participation in the CoHoMa challenge.
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ABSTRACT
In Multi-Agent Systems (MAS), decentralized task allocation is an

important topic that holds potential for scalability and robustness to

failure points within the MAS. Classical decentralized approaches

suppose that the communication graph of the agents is connected,

namely that any two agents of the MAS are able to exchange in-

formation. However, this assumption is often invalid, especially

when the agents have limited communication range and are mov-

ing. In this paper, we are interested in decentralized task allocation

when agents have a limited communication range and receive dy-

namically tasks during the mission. We first introduce a procedure

that extends decentralized algorithms to dynamic scenarios and

limited communication range. However, agents that are not able

to communicate between themselves may still plan on the same

tasks and produce redundant executions, which is typically unfa-

vorable to the allocation optimality. In response to this issue, we

develop a novel algorithm leveraging generation of rendezvous

points within the Consensus-Based Bundle Algorithm, that we

call RDV-CBBA. This method enforces synchronization points to

reduce conflicts between agents and thus task redundancy. Exper-

iments show that RDV-CBBA outperforms significantly classical

state-of-the-art methods extended to dynamic task allocation in

terms of Total Distance (Min-Sum) objective, especially when the

communication range is low.
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location, Auction-based Methods
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1 INTRODUCTION
Multi-Agent task allocation is pivotal for applications like Search

and Rescue [30], disaster response [26], logistics [23], surveillance

[13], and satellite scheduling [24], requiring efficient fleet coordi-

nation. A key challenge is developing decentralized approaches

where agents compute allocations locally, providing scalability.

In this paper, we study a task allocation scenario where agents

have limited communication range, i.e. they can only communicate

with agents within their communication range, and are all periodi-

cally notified of the arrival of new tasks during the mission, and

likely while they are traveling to complete previous tasks.

Prominent task allocation methods include Distributed Con-

straint Optimization Problems (DCOPs) [11, 26, 29], which op-

timize constraint functions that quantify the value of joint allo-

cations among agent subgroups. Another class of methods con-

sists of auction-based algorithms like the Consensus-Based Bundle

Algorithm (CBBA) [7] and its extensions (ACBBA [16], PI [30],

CBTA [28] etc.), which alternate between bidding and consensus

phases. Alternatively, some approaches have extended the Hungar-

ian Method [14, 27], efficiently matching agents to task clusters.

Apart from DCOP algorithms, these methods generate disjoint

(conflict-free) plans. However, they typically rely on the assump-

tion of a connected communication graph, i.e. any two agents are

able to communicate with each other, by eventually using other

agents to relay their messages. They also assume that all tasks to

service are known in advance by the agents.

In practice, mobility and limited communication ranges often

fragment the network into disjoint “islands”. This is critical in

dynamic scenarios where scattered agents receive new tasks but

lack the connectivity to negotiate conflict-free plans.

Previous work on limited communication often focuses on static

tasks [2] or relies on opportunistic coordination [22]. However, the

latter is driven by chance encounters and may be insufficient for

dynamic scenarios with strict objectives. Synchronization strategies

based on rendezvous have also been proposed. [8, 10]. Rendezvous

methods gather agents closed enough such that they able to commu-

nicate and coordinate. Nevertheless, these approaches either require

computational resources to determine a rendezvous location, or

lack explicit optimality-driven rendezvous selection.

51



Our contributions are twofold: (1) We introduce a general dy-

namic allocation procedure, which is based on opportunistic en-

counters to allow agents to handle dynamic arrival of tasks and

synchronize in a decentralized manner. (2) We propose RDV-CBBA

(Rendezvous CBBA), a method that explicitly integrates the selec-

tion of rendezvous points into the decentralized allocation algo-

rithm CBBA. RDV-CBBA enforces periodic connectivity by calcu-

lating optimal meeting points, using the Barycenter or the Fermat-

Weber solution [3] for total distance. This ensures that agents con-

nected at one instant regain connectivity later, allowing them to

merge knowledge, resolve conflicts, and replan as tasks appear.

2 PROBLEM STATEMENT
Notations: We consider that usual operations on sets (e.g. |.|,∪,∩, \)
are valid on tuples, by assimilating them to the set of their elements.

The problem addressed in this paper is formulated as a dynamic

Open Vehicle Routing Problem (OVRP), a variant of the VRP where

agents are not required to return to the depot. This scenario closely

models surveillance missions where a fleet of UAVs is initially de-

ployed from a base. Subsequently, new points of interest are dy-

namically communicated by a mission center to all agents and must

be visited while minimizing the cumulative travel time of the fleet

(Min-Sum objective).

Task and Agents Definition
Let I = {𝑖1, . . . , 𝑖𝑁 } be the set of agents in the problem. At each

timestep 𝑡 , we denote the positions of the agents as x𝑖1 (𝑡), . . . , x𝑖𝑁 (𝑡).
Each agent 𝑖 has a velocity 𝑣𝑖 , meaning that between two timesteps

𝑡 and 𝑡 + 1, any agent 𝑖 can travel a distance of at most 𝑣𝑖 .

Let
˚J be the set of all possible tasks. At each timestep 𝑡 , a

finite set of new tasks Japp (𝑡) = { 𝑗1 (𝑡), 𝑗2 (𝑡), . . . , 𝑗𝑘𝑡 (𝑡)} ⊆ ˚J
appears, with cardinality 𝑘𝑡 ∈ N. By convention, 𝑘𝑡 = 0 implies

that Japp (𝑡) = ∅. We denote by J (𝑡) = ⋃
𝑡 ′≤𝑡 Japp (𝑡 ′) the set of

all tasks that have appeared up to timestep 𝑡 . Furthermore, let 𝑡 𝑗

denote the appearance time of any task 𝑗 ∈ ˚J . During the mission,

agents complete tasks, and we denote the set of tasks completed

by timestep 𝑡 as Jdone (𝑡). Consequently, the set of actual tasks

available at timestep 𝑡 is given by J (𝑡) = J (𝑡) \ Jdone (𝑡).
Agents are constrained by a communication range 𝑟 . At any

timestep 𝑡 , an agent can only communicate directly with the other

agents within its communication range. We define the Commu-

nication Graph G(𝑡) = (V(𝑡), E(𝑡)) where vertices correspond

to the agents, i.e., V(𝑡) = I. An edge exists between any two

agents if they are within a distance of at most 𝑟 , formally E(𝑡) ={
(𝑖, 𝑘) ∈ I2 | ∥x𝑖 (𝑡) − x𝑘 (𝑡)∥ ≤ 𝑟

}
. We define Connectivity Islands

(CI) as the connected components of this communication graph.

Within each CI, there exists a path of edges linking any two agents,

ensuring mutual reachability. We denote by N+𝑖 (𝑡) the specific CI
to which agent 𝑖 belongs at timestep 𝑡 , and by 𝐷 (𝑡) the diameter

of the graph G(𝑡). Consequently, agents can only exchange infor-

mation with others belonging to their current set N+𝑖 (𝑡). While

agents only communicate with neighbors within range 𝑟 , messages

are effectively propagated via multi-hop propagation to reach all

agents in the island. An example of a MAS spatially partitioned

into two CIs is presented in Figure 1.

Figure 1: Two Connectivity Islands: {𝑖1, 𝑖2, 𝑖3} and {𝑖4, 𝑖5}.
Agents 𝑖1 and 𝑖3 are not directly connected but belong to the
same CI because Agent 𝑖2 acts as a relay.

Optimization Problem
To model the optimization problem, we first introduce the follow-

ing definitions. Let T𝑖 (𝑝𝑖 ) denote the time required for agent 𝑖 to

complete its path of tasks 𝑝𝑖 .

Definition 1 (Admissible path). For an agent 𝑖 ∈ I, a path
is defined as a tuple 𝑝𝑖 =

[
𝑗1, . . . , 𝑗 |𝑝𝑖 |

]
, where 𝑗ℓ ∈ ˚J for all ℓ ∈

J1, |𝑝𝑖 |K. This path is admissible if and only if:

(1) 𝑗ℓ ≠ 𝑗𝑚,∀ (ℓ, 𝑚) s.t. ℓ ≠ 𝑚, and (2) T𝑖
( [
𝑗1, . . . , 𝑗𝑘

] )
≥ 𝑡 𝑗𝑘 ,∀𝑘 ∈

J1, |𝑝𝑖 |K. Constraint (1) ensures that an agent visits any specific task
at most once. Constraint (2) ensures temporal causality, meaning an
agent arrives at a task location only after the task has appeared. We
denote the set of all admissible paths for any agent as P.

Definition 2 (Admissible allocation). An admissible path
allocation ppp = ⟨𝑝𝑖1 , . . . , 𝑝𝑖𝑁 ⟩ is a tuple of joint admissible paths such
that every task is covered, i.e.,

⋃
𝑖∈I 𝑝𝑖 = ˚J . The set of all admissible

allocations is denoted P ≜ P | I | .

Definition 3 (Conflict-free allocation). An admissible al-
location ppp = ⟨𝑝𝑖1 , . . . , 𝑝𝑖𝑁𝑎

⟩ ∈ P is conflict-free if 𝑝𝑖 ∩ 𝑝𝑘 = ∅ for all
distinct pairs (𝑖, 𝑘) ∈ I2. Hence, each task is allocated to one agent.

The task allocation optimization problem is defined as minimiz-

ing the total travel time (Min-Sum objective).

Problem 1 (Ideal Optimization Problem).

min

ppp ∈P

∑︁
𝑝𝑖 ∈ ppp

T𝑖 (𝑝𝑖 ) (1a)

s.t. 𝑝𝑖 ∩ 𝑝𝑘 = ∅, ∀ (𝑖, 𝑘) ∈ I2 s.t. 𝑖 ≠ 𝑘. (1b)

The objective function
∑T𝑖 (𝑝𝑖 ) represents the cumulative travel time

of the fleet, which serves as a proxy for global energy consumption.
Constraint (1b) enforces a conflict-free allocation. Note that all tasks
are covered as the space of solutions is P (cf. Definition 2).

This problem formulation is "ideal" (or offline) because it assumes

that agents possess a priori knowledge of all tasks 𝑗 ∈ ˚J , including

their appearance times, before the mission begins. In a realistic

scenario, agents are notified of new tasks dynamically during the

mission. Consequently, they must solve the allocation problem for

these new tasks online, often while unable to communicate with

other agents due to limited communication ranges. Therefore, in

Section 4, we propose a decentralized method to solve online this

dynamic problem efficiently.
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3 RELATEDWORK
3.1 Decentralized Task Allocation
Decentralized techniques for multiagent task allocation include Dis-

tributed Constrained Optimization Problems (DCOP) algorithms,

which optimize utility sums among neighbors [5, 11, 29]. While

suited for problems with high inter-dependencies, these meth-

ods are often myopic, preventing efficient path planning and are

prone to conflicted allocation. Auction-based methods, such as

the Consensus-Based Bundle Algorithm (CBBA) [7] typically al-

ternate between a bidding phase and a consensus phase. CBBA

guarantees convergence in a conflict-free allocation in finite num-

ber of iterations as well as 50% optimality for Diminishing Mar-

ginal Gain functions in fully-connected communication graphs. The

Global CBBA (GCBBA) restores this guarantee for any communica-

tion graph and is also faster to converge [17]. Many more exten-

sions have been designed to tackle more complex problems like

communication asynchronicity (ACBBA [16]), coalitions (CBTA

[28]), search and rescue (PI [30]), and human-guided allocation

(I-CBBA [12]). Optimization-based algorithms like the Distributed-

by-Matching Clones Hungarian-Based Algorithm (DMCHBA) [27]

offer a very competitive alternative using first task clustering based

on the Hungarian Method [20], and then routing. However, these

algorithms primarily assume a connected communication graph

at every timestep. In dynamic missions, as the network topology

changes, conflict-freeness is lost and performance deteriorates be-

cause agents may do redundant actions.

3.2 Limited Communication and Dynamic Task
Arrival

Cao et al. [4] analyzed the impact of packet loss on decentralized

task allocation algorithms with dynamic task arrival. They found

that CBBA maintains better optimality while Hungarian methods

exhibit fewer conflicts. However, they did not address topological

disruption caused by mobility, e.g. due to limited communication

range. Ponda et al. [25] addressed time-constrained tasks and dy-

namic scenarios but relied on a mission center to select communi-

cating subgroups, which does not enter our scope of study. More

recently, Bai et al. [2] proposed the Distributed Auction Algorithm

(DAA) for static batches, which merges plans when disjoint groups

meet. Their approach relies on agents distinguishing between neigh-

bors they had met previously and those they had not. However,

relying on the "novelty" of neighbors is less relevant in dynamic

settings because of the dynamicity of the set of tasks to execute.

3.3 Coordination via Rendezvous
The concept of rendezvous is well-established in control theory

[6, 18, 21] and multi-agent exploration [9]. Relevant applications

include: (1) Supply and Refueling: Do et al. [10] address a task alloca-

tion problem where supplier and receiver agents must rendezvous

for battery recharging. Their method is centralized, first generating

individual plans and subsequently selecting a rendezvous point

from a candidate list to insert into the agents’ trajectories. (2) Op-

portunistic Exploration: Luperto et al. [22] tackle area exploration

with communication-constrained agents, and use backtracking to

high-connectivity areas (e.g. corridors) to increase data exchange

likelihood. (3) Synchronization Instants: Da Silva and Chaimow-

icz [8] treat exploration as a scheduling problem with random

rendezvous points. While opportunistic encounters lack strict syn-

chronization, explicit strategies like [10] ensure coordination but

have not yet been adapted to dynamic auction mechanisms and

may be computational depending on the size of the rendezvous

candidates set. On another hand, Bai et al. [1] proposed a barycenter

rendezvous for static scenarios and in a semi-centralized setting.

Our work bridges this gap by calculating geometric rendezvous

points (Barycenter, Fermat-Weber [3]) in a decentralized manner

to forcefully synchronize agents for efficient replanning.

4 DECENTRALIZED DYNAMIC ALLOCATION
FRAMEWORK

The ideal optimization problem formalized in Section 2 assumes

that all tasks and their appearance times are known a priori. In

this section, we present the practical online problem solved by the

agents and introduce a general decentralized procedure to approxi-

mate the optimal solution of Problem 1 under dynamic conditions.

4.1 Practical Task Allocation Problem
At any timestep 𝑡 , agents receive a new batch of tasks and must

solve the following practical optimization problem:

Problem 2 (Practical Optimization Problem).

max

∑︁
𝑖∈ I

∑︁
𝑗∈J(𝑡 )

𝑐𝑖 𝑗 (𝑝𝑖 (𝑡)) 𝑥𝑖 𝑗 (2a)

s. t. 𝑥𝑖 𝑗 ∈ {0, 1}, ∀(𝑖, 𝑗) ∈ I × J (𝑡), (2b)∑︁
𝑖∈I

𝑥𝑖 𝑗 = 1, ∀𝑗 ∈ J (𝑡), (2c)

where the binary variable 𝑥𝑖 𝑗 indicates whether task 𝑗 is assigned to
agent 𝑖 , 𝑝𝑖 (𝑡) is the current path of agent 𝑖 , and 𝑐𝑖 𝑗 (𝑝𝑖 (𝑡)) represents
the utility gain of adding task 𝑗 to 𝑝𝑖 (𝑡). To guarantee algorithmic
convergence (see Section 5.2), 𝑐𝑖 𝑗 serves as a proxy for the Min-Sum
objective rather than its strict marginal cost. Equation (2c) ensures
all tasks are covered without conflicts.

Crucially, agents cannot efficiently solve Problem 2 in a decentral-

ized framework if the communication graph G(𝑡) is not connected.
Two disconnected Connectivity Islands may unknowingly allocate

the same tasks, violating the conflict-free constraint, since they are

unaware of each other’s allocation. This leads to task redundancy

and suboptimal performance. To address this, we present a proce-

dure tackling the dynamic problem while mitigating inter-agent

conflicts.

4.2 Dynamic Allocation Procedure
In the following analysis, we focus on the allocation procedure at

timestep 𝑡 andwe omit the time dependency 𝑡 for brevity. Recall that

N+𝑖 denotes the CI to which agent 𝑖 ∈ I belongs and let J𝑖 ⊆ ˚J
denote the set of available tasks known to agent 𝑖 . In this section,

J𝑖 = Japp for all 𝑖 ∈ I, i.e., it is a local copy of the appearing tasks.

We propose a novel dynamic allocation method (Algorithm 1)

that extends the work of Bai et al. [2], initially for a single batch of

tasks. The key features are:
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(1) Task Synchronization: Upon connecting with a CI, agents

communicate both their available and completed tasks to

ensure coordination and prevent future redundancy (Line 5).
They explicitly remove already completed tasks from their

current paths.

(2) Lazy Allocation: Agents initially assign themselves the newly

appearing tasks (Line 4). Reallocation is triggered using a

conflict-free decentralized algorithm only when agents en-

counter a CI where task conflicts are detected (Lines 7-9).
This strategy avoids unnecessary computations on already

settled tasks, preserving resources and algorithm stability.

At the end of each timestep (Line 10), agents update their position
x𝑖 and their path 𝑝𝑖 .

Algorithm 1 Dynamic allocation procedure for agent 𝑖

1: procedure Dynamic Agent 𝑖
2: while True do ⊲ Iterates for each timestep 𝑡
3: J𝑖 ← Japp ⊲ Receive new tasks from mission center
4: 𝑝𝑖 ← Add tasks from J𝑖 to path

5: N+𝑖 ,
⋃

𝑘∈N+
𝑖
𝑝𝑘 ,

⋂
𝑘∈N+

𝑖
𝑝𝑘 ← Update the CI N+𝑖

6: ⊲ Check for conflicts within the CI
7: if |⋂𝑘∈N+

𝑖
𝑝𝑘 | > 0 then

8: 𝑝𝑖 ← ∅ ⊲ Reset 𝑝𝑖
9: 𝑝𝑖 ← Run Allocation Algorithm within

community N+𝑖 on tasks

⋃
𝑘∈N+

𝑖
𝑝𝑘 ⊲ The algorithm is

conflict-free
10: x𝑖 , 𝑝𝑖 ← Move along path ⊲ Update position and path

This procedure is generic and can wrap any decentralized task

allocation algorithm (Line 9). Themethod relies on opportunistic ren-
dezvous and does not strictly guarantee a conflict-free global state

at all times. When new tasks appear while agents are disconnected,

they may locally allocate the same tasks, leading to potential redun-

dancy until connectivity is restored. Furthermore, this procedure

requires agents to ping for neighbors at each timestep.

However, if agents are prohibited from re-taking a task they have

previously conceded to another agent, convergence is guaranteed,

as stated in the following theorem:

Theorem 1 (Convergence of Algorithm 1). Given any conflict-
free allocation method, and assuming that the total task set ˚J =⋃

𝑡≥0
Japp (𝑡) is finite and agents are notified of the same task set

Japp (𝑡) at each timestep 𝑡 , agents will eventually complete all tasks,
possibly with intermediate conflicts.

Proof. Let 𝑡 be the time instant when all tasks in
˚J have ap-

peared. Since no further tasks arrive after 𝑡 , the problem reduces to

a static allocation on the remaining set J (𝑡). All agents initially
plan routes for the remaining tasks J (𝑡) (cf. Line 4), ensuring cov-

erage J (𝑡) ⊆ ⋃
𝑖∈I 𝑝𝑖 (𝑡). For any agent 𝑖 , the path 𝑝𝑖 is modified

only when meeting other agents. Crucially, any task released by

agent 𝑖 during conflict resolution is necessarily allocated to another

agent (cf. Line 9). Hence, for any task 𝑗 ∈ ˚J and timestep 𝑡 ′ ≥ 𝑡 :

𝑗 ∈
(⋃
𝑖∈I

𝑝𝑖 (𝑡 ′)
)
∪ Jdone (𝑡 ′) . (3)

The path 𝑝𝑖 (𝑡) can only be modified a finite number of times, which

is bounded by |I | − 1. Indeed, if an agent meets any other agent

in the MAS, applies a conflict-free allocation algorithm with them

(Line 9), and without possibility to re-obtain a lost task, then it will

reach conflict-free consensus with the whole MAS. Therefore, the

path of each agent stabilizes after a finite number of modifications,

allowing them to complete their assigned tasks. Let 𝑡end ≥ 𝑡 be the
first timestep where all agents have completed their paths. From

Equation (3), it follows: ∀𝑗 ∈ ˚J , 𝑗 ∈ Jdone (𝑡end) . □

5 RENDEZ-VOUS CBBA (RDV-CBBA)
5.1 General Procedure
In Section 4, we have presented a general procedure extending any

decentralized task allocation method to handle dynamic task arrival

and limited communication range. However, this procedure fails to

be conflict-free because agents from different CI may plan on the

same tasks and not even meet to revise their plans. This impacts

negatively performance since it generates unnecessary travels. In

this section, we present the method RDV-CBBA to address this

drawback. The RDV-CBBA framework exploits the fact that all

agents belong to a single CI at the start of the mission. The core

idea is to periodically restore this global connectivity to enable

efficient coordination. We propose two variants of this approach: a

Myopic version (Algorithm 3) and a Proactive version (Algorithm 4).

In the Myopic variant, agents first meet and then plan a rendezvous

point based on their allocated tasks. Conversely, in the Proactive

variant, agents dynamically compute a future rendezvous point as

soon as new tasks appear, before strictly needing to meet.

In this section, the available task set J𝑖 for any agent 𝑖 ∈ I
corresponds to the set of tasks arrived since previous rendezvous,

i.e. for any timestep 𝑡 , which previous rendezvous instant is 𝑡1 ≤ 𝑡 ,
we have J𝑖 (𝑡) =

⋃
𝑡 ′∈J𝑡,𝑡1K Japp (𝑡

′).

5.2 Principles of the Global CBBA (GCBBA)
We recall the principles of the GCBBA, an efficient method for static

task allocation which is key to RDV-CBBA. The GCBBA is an im-

provement of the baseline CBBA by accelerating convergence and

handling any type of connected communication graph in static task

allocation [17]. In this subsection, let
ˆJ denote generally any batch

of tasks to be allocated, and
ˆI any CI. In this approach, any agent

𝑖 ∈ ˆI iteratively places a bid 𝑐𝑖 𝑗 (𝑝𝑖 ) on each task 𝑗 ∈ ˆJ (Auction

phase) to then negotiate assignments with its peers (Consensus

phase). Bids correspond exactly to the marginal utilities in Problem

2. The convergence of GCBBA is guaranteed within | ˆJ | iterations,
provided that the bidding function satisfies the Diminishing Mar-
ginal Gain (DMG) property, similar to submodularity in resource

allocation [19].

Definition 4 (DiminishingMarginal Gain (DMG)). A bidding
function 𝑐𝑖 𝑗 satisfies the DMG property if, for any agent 𝑖 ∈ ˆI, any
path 𝑝𝑖 , and any two distinct tasks 𝑗, 𝑘 ∈ ˆJ \ 𝑝𝑖 , the inequality
𝑐𝑖 𝑗 (𝑝𝑖 ⊕ℓ 𝑘) ≤ 𝑐𝑖 𝑗 (𝑝𝑖 ) holds for all insertion indices ℓ ∈ J1, |𝑝𝑖 | + 1K,
where (𝑝𝑖 ⊕ℓ 𝑗) denotes the path 𝑝𝑖 with task 𝑗 inserted at position ℓ .

The GCBBA procedure is outlined in Algorithm 2. The conver-

gence detector used originally is omitted for simplicity, but con-

vergence is still guaranteed. It utilizes the following variables and

functions, largely inherited from standard CBBA:
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Algorithm 2 Global Consensus-Based Bundle Algorithm (GCBBA)

1: procedure GCBBA
2: 𝑇 ← 0

3: while
(
𝑇 < | ˆJ|

)
do

4: for 𝑖 ∈ ˆI do ⊲ Auction Phase
5: (𝑧𝑖 , 𝑦𝑖 , 𝑝𝑖 ) ← ADD(𝑧𝑖 , 𝑦𝑖 , 𝑝𝑖 )
6: for 𝑡𝑐𝑜𝑛𝑠 ∈ J1, 2𝐷K do ⊲ Consensus Phase
7: 𝑇𝑙𝑜𝑐 ← 2 · 𝐷 · 𝑇 + 𝑡𝑐𝑜𝑛𝑠 ⊲ Global iteration marker
8: for 𝑖 ∈ ˆI do
9: SEND(𝑦𝑖 , 𝑠𝑖 ) ⊲ Broadcast to neighbors N𝑖

10: RECEIVE((𝑦𝑚 )𝑚∈N𝑖 , (𝑠𝑚 )𝑚∈N𝑖 )
11: for 𝑖 ∈ ˆI do ⊲ Conflict Resolution
12: for 𝑘 ∈ N𝑖 do
13: (𝑧𝑖 , 𝑦𝑖 , 𝑝𝑖 ) ← RESOLVE(𝑦𝑖 , 𝑦𝑘 , 𝑠𝑖 )
14: 𝑠𝑖 ← S-UPDATE(𝑇𝑙𝑜𝑐 , 𝑠𝑖 , 𝑠𝑘 ) ⊲ Update timestamps
15: 𝑇 ← 𝑇 + 1

16: return (𝑝𝑖 )𝑖∈ ˆI

(1) N𝑖 = {𝑘 ∈ ˆI \ {𝑖} | ∥x𝑖 − x𝑘 ∥ ≤ 𝑟 }: The set of neighbors of
agent 𝑖 , defined by the communication range 𝑟 .

(2) 𝑦𝑖 = (𝑦𝑖 𝑗 ) 𝑗∈ ˆJ : A vector where 𝑦𝑖 𝑗 ∈ R represents the highest

bid for task 𝑗 known to agent 𝑖 .

(3) 𝑧𝑖 = (𝑧𝑖 𝑗 ) 𝑗∈ ˆJ : A vector where 𝑧𝑖 𝑗 ∈ ˆI indicates the winning

agent for task 𝑗 as perceived by agent 𝑖 .

(4) 𝑠𝑖 = (𝑠𝑖𝑘 )𝑘∈ ˆI : A timestamp vector where 𝑠𝑖𝑘 ∈ N records the

last GCBBA iteration (variable 𝑇 in Algorithm 2) in which

agent 𝑖 received information from agent 𝑘 .

(5) ADD: A method that attempts to insert a task 𝑗 ∈ ˆJ into

agent 𝑖’s path at the optimal position, provided the marginal

gain exceeds the current highest bid 𝑦𝑖 𝑗 .

(6) RESOLVE: A conflict resolution method based on local com-

munication. Whether to keep or release tasks is decided

through a rule table (see [7, Table 1]).

The bidding function 𝑐𝑖 𝑗 is critical for aligning the GCBBA so-

lution with the Min-Sum objective (Problem 2). However, stan-

dard marginal costs derived directly from the Min-Sum objective

(T𝑖 (𝑝𝑖 ⊕ℓ 𝑗) − T𝑖 (𝑝𝑖 )) do not satisfy the DMG condition (Definition

4), which is required for convergence.

While "warping" technique exists to artificially enforce DMG

[15], it forces agents to misreport task valuations, which distorts

the optimization landscape. Therefore, we adopt the Total Path Bid
proposed in [17], which is proven to be DMG:

Definition 5 (Total Path Bid). For any path 𝑝𝑖 and task 𝑗 ∈
ˆJ \ 𝑝𝑖 , the Total Path bid is defined as:

𝑐𝑖 𝑗 (𝑝𝑖 ) = 𝑋 − min

1≤ℓ≤ |𝑝𝑖 |+1

T𝑖 (𝑝𝑖 ⊕ℓ 𝑗), (4a)

where 𝑋 is a sufficiently large constant ensuring 𝑐𝑖 𝑗 > 0.

Using this bidding scheme, the winning agent-task pair (𝑖∗, 𝑗∗)
selected at a GCBBA iteration satisfies the following equation:

(𝑖∗, 𝑗∗) = arg min(𝑖, 𝑗 ) ∈ ˆI× ˆJ T𝑖 (𝑝𝑖 ⊕ℓ∗ 𝑗). Consequently, this bid pri-

oritizes agents capable of completing the task with the lowest total

path duration. While this implicitly promotes load balancing, it

serves as a robust proxy for the Min-Sum objective while maintain-

ing the necessary theoretical convergence guarantees.

5.3 Myopic RDV-CBBA
First, we introduce Myopic RDV-CBBA, wherein agents meeting

at a rendezvous (RDV) use GCBBA to allocate available tasks and

determine a new RDV at the end of their paths. The Myopic RDV-

CBBA procedure is detailed in Algorithm 3. Initially (or upon reach-

ing a rendezvous), agents are co-located and fully connected (Line
4). They execute the GCBBA algorithm on the available tasks J𝑖
to generate conflict-free paths. Critically, they identify the set of

“path-ending” tasks, denoted as Jlast =
⋃

𝑖∈I{𝑝𝑖 |𝑝𝑖 | } (Line 5). Based
on these final task locations, the agents effectively compute a con-

sensus rendezvous (RDV) point, such as the barycenter of Jlast, and
append it at the end of their paths (Lines 6-7). Other methods for

selecting this point are discussed in Section 5.6. Figure 2a describes

an example of myopic rendezvous planning.

Agents then execute their paths (Line 9). The RDV is considered

reached when agents are within a distance of 𝑟/2 from it, as it is

sufficient to ensure full connectivity. Once synchronized at the RDV,

the process repeats for any new tasks received during travel.

Algorithm 3Myopic RDV-CBBA for agent 𝑖

1: procedure RDV-CBBA(M) agent 𝑖

2: while True do
3: J𝑖 ← J𝑖 ∪ Japp ⊲ Receive new tasks from mission center
4: if

(
all 𝑘 ∈ I at (RDV OR initial position)

)
then

5: 𝑝𝑖 , Jlast ← GCBBA within I on tasks J𝑖
6: RDV← Compute RDV based on Jlast
7: 𝑝𝑖 ← 𝑝𝑖 ⊕end RDV ⊲ Append RDV to end of path
8: J𝑖 ← ∅
9: x𝑖 , 𝑝𝑖 ← Move along path

5.4 Proactive RDV-CBBA
The myopic rendezvous method allows the agents to agree on the

next meeting point each time they meet. Before the agents arrive

at this next meeting point, new tasks may have appeared, making

this next meeting point inefficient if it is far from the new task

locations. We hence propose a second version of RDV-CBBA, lever-

aging proactive rendezvous. In the Proactive procedure (Algorithm

4), agents initially generate a plan via GCBBA without immediately

selecting a rendezvous location (Lines 5-7). While no new tasks ap-

pear, agents execute their paths normally. However, upon receiving

a new batch of tasks, agents dynamically compute a RDV location

based on the geometry of these new tasks and append it to their

current plan (Lines 9-10).
This approach allows agents to move towards the new task clus-

ter before meeting, thereby anticipating future demand. This con-

trasts with themyopic strategy, whichmay pull agents back towards

completed tasks. See an example of proactive rendezvous planning

in Figure 2b. Once the RDV is reached, agents effectively re-plan,

and the cycle continues.

5.5 Analysis
In this subsection, we provide the conditions for RDV-CBBA to

converge under both myopic and proactive methods. Moreover,

we discuss the success of convergence when new tasks are not

simultaneously communicated to all agents.
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(a) RDV-CBBA(M): RDV point (pink diamond) based
on the barycenter of the path-ending tasks {1, 2, 4}.

(b) RDV-CBBA(P): RDV point (pink diamond) based
on the barycenter of the newly appearing tasks
{6, 7, 8, 9, 10}.

Figure 2: Comparison of Myopic and Proactive RDV-CBBA strategies. Triangles surrounded by a circle represent the agents and
their communication range, crosses stand for tasks.

Algorithm 4 Proactive RDV-CBBA for agent 𝑖

1: procedure RDV-CBBA(P) agent 𝑖
2: while True do
3: J𝑖 ← J𝑖 ∪ Japp ⊲ Receive new tasks from mission center
4: if

(
all 𝑘 ∈ I at (RDV OR initial position)

)
then

5: 𝑝𝑖 ← GCBBA within I on tasks J𝑖
6: J𝑖 ← ∅
7: RDV← None

8: else if (J𝑖 ≠ ∅) AND (RDV ==None) then
9: RDV← Compute RDV based on J𝑖
10: 𝑝𝑖 ← 𝑝𝑖 ⊕end RDV
11: J𝑖 ← ∅
12: x𝑖 , 𝑝𝑖 ← Move along path

Theorem 2 (Convergence of RDV-CBBA). Let us assume that
every agents are notified of the same task set Japp (𝑡) at each timestep
𝑡 . The Myopic RDV-CBBA allocates every task set sequence (J 𝑡 )𝑡≥0

while guaranteeing a conflict-free solution. The Proactive RDV-CBBA
guarantees the same properties, provided that agents independently
compute the same rendezvous point.

Proof. For the Myopic version, the proof follows by induction.

At 𝑡 = 0, agents are connected and obtain a conflict-free allocation

and a RDV location via GCBBA. Since the RDV is appended to

the end of the path, agents are guaranteed to meet again. When

the RDV is reached, the connectivity is restored, and the process

repeats for any accumulated tasks.

For the Proactive version, the logic is similar but relies on the com-

putation of a unique RDV point. It is necessary that all agents use

a deterministic algorithm to identify rendezvous on their available

tasks J𝑖 ,∀𝑖 ∈ I. If this holds, they meet at the intended location

and proceed to the conflict-free allocation phase (Line 5). Else, they

would wait indefinitely for neighbors at their respective RDV. □

It is important to note that in our study, at any timestep 𝑡 , the

mission center notifies every agents about the new tasks Japp (𝑡).
It implies that agents share at any 𝑡 exactly the same available

tasks (J𝑖 )𝑖∈I , making these variables implicitly synchronized. If

this does not hold, for example due to communication failure (lost

message from the mission center, delayed messages ...), this impacts

the two RDV procedures as follows. (1) Myopic RDV-CBBA: if at 𝑡 ,

at least one agent receives the set Japp (𝑡), then this set is shared

among all agents at the rendezvous point (Line 5 of Algorithm 3),

and planning is done as if all agents have received it. Theorem 2

is still valid for the myopic version. (2) Proactive RDV-CBBA: if at

𝑡 , at least one agent does not receive Japp (𝑡) when no RDV is yet

selected, then agents will plan on at least two different RDV (Lines

9-10 of Algorithm 4). Theorem 2 fails for the proactive version. The

Myopic RDV-CBBA is hence theoretically much more robust
to communication failure.

5.6 Methods for Selecting Rendezvous
In this section, we present three distinct strategies for selecting

rendezvous points. While the formulations below minimize travel

distance, they can be trivially adapted to minimize travel time by

incorporating agent velocities.

Depot Rendezvous: A trivial strategy is to designate the initial

depot as the rendezvous point. While this approach requires no

computation, it lacks adaptability to the spatial distribution of tasks

and agents, likely inefficient if tasks appear far from the depot.

Barycenter Rendezvous: A geometric approach is to compute

the barycenter (centroid) of a set of points. LetS be a set of positions

of interest. In our application, S represents either the locations of

the final tasks in the agents’ current paths (Myopic) or the locations

of a newly arrived task batch (Proactive). Identifying taskswith their

spatial coordinates, the barycenter 𝐵 is given by 𝐵 = 1

|S |
∑

𝑗∈S 𝑗 . It

satisfies 𝐵 = arg min𝑃 ∈R2

∑
𝑗∈S | | 𝑗 − 𝑃 | |2.

Fermat-Weber Rendezvous: The point that minimizes the sum

of Euclidean distances to a set of points is the solution to the Fermat-

Weber problem: min𝑃∈R2

∑
𝑗∈S 𝑤 𝑗 · | | 𝑗 − 𝑃 | |, where𝑤 𝑗 is a weight

associated with point 𝑗 . The solution is unique provided the points

inS are not collinear. TheWeiszfeld algorithm provides a robust ap-

proximation given an initial guess and a fixed number of iterations

[3]. This solution is denoted FW. While the FW point theoretically
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aligns with the Min-Sum objective, it does not guarantee global

optimality for the combined allocation-routing problem. Indeed,

simultaneously optimizing task allocation and rendezvous location

is a much harder problem than solving them sequentially [10].

6 EXPERIMENTS
6.1 Description
The mission scenarios we consider take place in a rectangular do-

main defined by [−20, 20] × [−20, 20]. Each agent 𝑖 ∈ I has a

uniform travel speed 𝑣𝑖 DU/TU (Distance Unit / Time Unit), drawn

from uniform distribution:

𝑣𝑖 ∼ U([5, 20]), ∀𝑖 ∈ I . (5)

All agents initiate the mission from the depot at (0, 0). We evaluate

fleet sizes of |I | ∈ {3, 4, 5} and communication ranges of 𝑟 ∈
{1, 3, 5} DU. Between two timesteps 𝑡 and 𝑡 + 1, agents receive a

new batch of tasks Japp (𝑡) and may travel a maximum of 𝑣𝑖 DU

along their paths. In our study, 10 tasks are generated every 5

timesteps, for a total of 50 tasks. Hence, including the initial batch

at 𝑡 = 0, all tasks have arrived at 𝑡 = 20.

Task positions are generated using two distinct processes. The

first, denoted D𝑈 , uses a Uniform distribution (6). The second,

denoted D𝑁 , uses a bivariate Normal distribution (7) to simulate

an area of high task density.

𝑗 ∼ U2 ( [−20, 20]2), ∀𝑗 ∈ J , (6)

𝑗 ∼ N2

( [
−10

10

]
,

(
10 0

0 10

))
, ∀𝑗 ∈ J . (7)

Tasks generated by (7) are clipped to the mission area boundaries.

The performance metrics evaluated are the Min-Sum objective

(total travel time) and the number of conflicting task assignments,

averaged over 100 random scenarios.

6.2 Comparing Rendezvous Methods
We refer to the RDV-CBBA variants using Depot, Barycenter, and

Fermat-Weber rendezvous points as Depot, Bary, and FW, respec-

tively. We distinguish the Myopic and Proactive versions with the

suffixes (M) and (P) (e.g., FW(M) and FW(P)). For these experi-

ments, the communication range is fixed at 𝑟 = 1 DU. The FW

rendezvous location is calculated using the Weiszfeld Algorithm [3]

initialized at the barycenter, with 1000 iterations. For the Myopic

version (FW(M)), the weight associated with each path-ending task

𝑗 last𝑖 ∈ Jlast is𝑤𝑖 = 1/𝑣𝑖 (prioritizing slower agents). For the Proac-
tive version (FW(P)), all weights are equal to 1. Table 1 presents the

average Min-Sum values for both task distributions.

Algo Fleet size Min-Sum (D𝑈 ) Min-Sum (D𝑁 )
Depot(M) 3 / 5 / 10 61.0 / 69.7 / 68.3 55.8 / 58.7 / 59.2

Bary(M) 3 / 5 / 10 58.4 / 69.6 / 74.8 46.7 / 54.4 / 59.4

FW(M) 3 / 5 / 10 57.1 / 69.3 / 69.8 46.1 / 53.1 / 57.6

Bary(P) 3 / 5 / 10 55.8 / 65.0 / 73.5 45.2 / 50.6 / 57.6
FW(P) 3 / 5 / 10 56.2 / 65.3 / 74.6 45.2 / 50.8 / 60.3

Table 1: Min-Sum comparison of RDV strategies.

The results indicate comparable performance across all ren-

dezvous methods when tasks are uniformly distributed, with FW(M)

and Bary(P) performing best by a narrow margin. The Depot ren-

dezvous also performs reasonably well in this case because the

center of the area coincides with the expected value of the uniform

distribution.

For tasks drawn from D𝑁 , the Depot rendezvous is ill-suited,

as it forces agents to return to the center of the arena rather than

remaining in the zone of high task density. Conversely, FW(M) and

Bary(P) adapt better, placing the rendezvous within this zone.

FW(M) maintains a competitive performance with Bary(P) as

well as superior robustness in practical communication settings

(see Section 5.6). We reference it simply as RDV-CBBA and use it

as the baseline for the subsequent comparative experiments.

6.3 Comparison with Dynamic Task Allocation
Baselines

In this section, we compare the performance of RDV-CBBA against

three state-of-the-art decentralized methods adapted for dynamic

scenarios using Algorithm 1: GCBBA [17], the PI heuristic [30], and

DMCHBA [27]. PI is an extension of CBBA designed for complex

objective functions and exploration, while DMCHBA utilizes a

distributed Hungarian method followed by a TSP routing phase.

For GCBBA and PI, we use the bidding scheme defined in Equation

(4) and a greedy insertion heuristic for path creation.

Figures 3 and 4 present the Min-Sum values and the number

of task conflicts, respectively, for tasks generated via D𝑈 . We

also include a lower bound labeled UR-GCBBA (Unlimited Range

GCBBA), representing the performance of GCBBA in a fully con-

nected network where conflict-free allocation is guaranteed.

Min-Sum Performance: When the communication range is strictly

limited (𝑟 = 1), the dynamic algorithms GCBBA, PI and DMCHBA

perform poorly, with performance deteriorating as the fleet size

increases due to high task redundancy (multiple agents complet-

ing the same task). As the communication range increases, their

performance improves, approaching that of RDV-CBBA. However,

for |I | = 10 and 𝑟 = 5, they remain approximately 85% worse

than RDV-CBBA. Although DMCHBA performs well in static, con-

nected scenarios [27], it is severely impacted by communication

constraints in the dynamic setting. This performance drop aligns

with findings by Cao et al. [4] for a similar Hungarian-based ap-

proache under non-ideal communication. GCBBA and PI exhibit

comparable performance, likely due to the use of the same DMG

bidding scheme. RDV-CBBA demonstrates stable performance that

is largely independent of 𝑟 , as it relies on physical rendezvous

rather than continuous communication. However, UR-CBBA still

outperforms RDV-CBBA by at least 50% for 10 agents, indicating

that while RDV-CBBA effectively mitigates conflicts, there is still a

traveling cost for achieving synchronization at the RDV compared

to perfect instantaneous communication.

Conflict Analysis: The number of conflicts for the dynamic GCBBA,

PI and DMCHBA decreases as 𝑟 increases but remains significant

even at 𝑟 = 5 (approximately 70 conflicts for 10 agents). DMCHBA

produces fewer conflicts than GCBBA and PI, a trend also noted in

[4]. Crucially, as guaranteed by Theorem 2, RDV-CBBA provides
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Figure 3: Min-Sum comparison of dynamic CBBA, PI, DMCHBA and RDV-CBBA.

Figure 4: Number of conflicting task assignments for dynamic CBBA, PI, DMCHBA and RDV-CBBA.

zero-conflict allocations whereas DMCHBA may return allocation

with conflict. RDV-CBBA thus prevents the agents from executing

the same tasks several times unnecessarily.

7 CONCLUSION
In this paper, we addressed the problem of decentralized task al-

location in dynamic environments where agents are constrained

by limited communication ranges. This setting violates the fun-

damental assumption of network connectivity required for the

convergence of classical decentralized algorithms.

First, we proposed a general framework to extend classical decen-

tralized algorithms to dynamic scenarios. This method employs a

“lazy” allocation strategy: agents bid only on newly appearing tasks

and trigger reallocation only when conflicts are explicitly detected

with neighbors. While this approach ensures finite-time comple-

tion of tasks, it is inherently conflict-prone. In low-communication

settings, the lack of coordination opportunities leads to high task

redundancy and suboptimal performance.

To overcome this limitation, we introducedRDV-CBBA, a novel
approach that enforces periodic synchronization at computed ren-

dezvous points to guarantee conflict-free allocations. We developed

two variants: a Myopic strategy, where the rendezvous is derived

from the current path endpoints, and a Proactive strategy, which
anticipates future RDV based on new task clusters. Our analysis

reveals a critical trade-off: while the Proactive strategy offers mar-

ginal performance gains, it is brittle in the presence of inconsistent

information (e.g., packet loss). The Myopic strategy, conversely, is

robust as it relies on consensus formed during physical meetings,

making it the preferable choice for realistic deployments.

Experiments indicate that RDV-CBBA significantly outperforms

state-of-the-art dynamic extensions of CBBA, PI, and DMCHBA in

terms of the Min-Sum objective and conflict avoidance across all

tested communication ranges. However, a performance gap remains

compared to the theoretical lower bound of unlimited communica-

tion (UR-GCBBA), indicating potential for further optimization.

In future work, we aim to evaluate RDV-CBBA in practical simu-

lations with non-ideal communication layers (lost messages, delays).

Moreover, our RDVmethods assume that all agents eventually meet

at an intended RDV. Additional experiments could be to introduce

agent failures. Furthermore, we plan to investigate coupled opti-

mization approaches that solve the task allocation and rendezvous

location problems simultaneously, rather than sequentially, to fur-

ther close the optimality gap.
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ABSTRACT
As the demand for Earth observation satellite (EOS) services grows,

allocating limited orbital windows among diverse stakeholders re-

quires balancing overall system utility with equitable access. While

distributed constraint optimization (DCOP) has been successfully

applied to address user privacy in these settings, existing methods

often prioritize efficiency over fairness. A recent hybrid approach

offers a compromise between efficiency and fairness. However,

it lacks the granularity needed for specific operational contexts.

This paper proposes a queue-based distributed algorithm that uti-

lizes multi-level priority queues to resolve resource conflicts. By

adjusting the number of queues, the mechanism provides a tun-

able tradeoff between efficiency and fairness. We provide a formal

description of the algorithm and demonstrate its effectiveness in

highly-conflicted satellite scheduling scenarios.

KEYWORDS
Earth observation satellites, Distributed Scheduling, Multi-agent

systems, Efficiency-fairness tradeoff, DCOP
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1 INTRODUCTION
Systems of observation satellites (EOS) [12] are frequently co-

financed by multiple stakeholders (e.g., countries, companies, or

research institutes) due to their high cost, requiring allocation of

shared satellite resources once operational. In multi-satellite set-

tings, scheduling must accommodate requests from multiple users,

balancing efficiency —maximizing utilization for high-priority tasks

— and fairness, as perceived by stakeholders [1]. Most existing ap-

proaches are centralized, assuming all requests are submitted to a

single optimizing authority; however, stakeholders may be reluctant

to share sensitive or proprietary information.
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To mitigate these concerns, the distributed constraint optimiza-

tion problem (DCOP) modeling [6] has been proposed for EOS

scheduling [11], followed by several DCOP-based methods [5, 9,

10, 14]. These approaches enable users to coordinate via message

exchange and jointly construct a schedule without a central author-

ity.

While DCOP-based algorithms typically emphasize global utility

maximization, fairness — namely, equitable resource allocation

among stakeholders — remains essential in shared EOS systems.

Prior work introduced a hybrid approach that uses a probabilis-

tic rule to mitigate the "efficiency-first" bias [8]. However, that

method provides a static compromise. In this paper, we focus on

a queue-based approach that replaces randomization with a struc-

tured selection process across multiple priority queues, allowing

system operators to explicitly control the efficiency-fairness trade-

off by adjusting the number of queues.

2 PROBLEM DEFINITION
The EOS scheduling problem consists of a set S of satellites and a

setU of independent users. Each satellite 𝑠 ∈ S follows an orbit

plan 𝑂𝑃𝑠 and has a capacity limit 𝜅𝑠 , defined as the maximum

number of observations during 𝑂𝑃𝑠 . Each user 𝑢 ∈ U submits

a set R of observation requests. Each request 𝑟 ∈ R specifies a

geographic area to be observed for a duration Δ𝑟 ∈ T within

the validity window [𝑡𝑠𝑡𝑎𝑟𝑡𝑟 , 𝑡𝑒𝑛𝑑𝑟 ], where 𝑡𝑠𝑡𝑎𝑟𝑡𝑟 , 𝑡𝑒𝑛𝑑𝑟 ∈ T and T
denotes the system timeline. The location to be observed is given

by 𝑝𝑟 (latitude–longitude–altitude).

Given the high cost of Earth observation satellites, they are typi-

cally funded by multiple stakeholders with unequal contributions.

To reflect these disparities, users are allocated “tokens” represent-

ing their entitlement to system usage. Each request 𝑟 is associated

with a reward 𝜌𝑟 (in tokens), reflecting either the stakeholder’s

relative contribution or the user’s willingness to pay; thus, identical

requests may carry different 𝜌𝑟 values across users.

Each request may induce multiple observation opportunities O.
Each opportunity 𝑜 ∈ O is characterized by its satellite 𝑠𝑜 , start

time 𝑡𝑠𝑡𝑎𝑟𝑡𝑜 , duration Δ𝑜 , and observation location, and yields a

reward 𝜌𝑜 derived from 𝜌𝑟 and adjusted according to factors such as

observation angle and weather conditions. Users generate O based

on 𝑂𝑃𝑠 , 𝑡
𝑠𝑡𝑎𝑟𝑡
𝑟 , 𝑡𝑒𝑛𝑑𝑟 , Δ𝑟 , and 𝑝𝑟 . A feasible solution assigns at most

one 𝑜 ∈ O to each 𝑟 ∈ R such that no two assigned opportunities on

the same satellite overlap and the capacity constraint 𝜅𝑠 is satisfied

for every 𝑠 ∈ S. A desirable solution is both efficient and fair.

3 DCOP MODELING OF THE PROBLEM
A 𝐷𝐶𝑂𝑃 is a tuple < A,X, 𝛼,D, C >, whereA = {𝐴1, . . . , 𝐴𝑛} is a
finite set of agents; X = {𝑋1, . . . , 𝑋𝑚} is a finite set of variables; 𝛼 :
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X → A assigns each variable to a single agent; D = {𝐷1, . . . , 𝐷𝑚}
is a set of finite domains, where𝐷𝑖 contains the values of𝑋𝑖 ; andC is
a set of constraints, each 𝑐 ∈ C being a function 𝑐 : 𝐷𝑖1×· · ·×𝐷𝑖𝑘 →
R+ that assigns a non-negative cost to every value combination of

its scope. A complete assignment assigns values to all variables inX,
and an optimal solution is a complete assignment of minimal total

cost.

Krigman et al. [9] model the EOS scheduling problem as a DCOP

in which agents represent users (A B {𝑢 ∈ U}), variables repre-
sent requests (X B {𝑟 ∈ R}), and 𝛼 assigns each 𝑟 to its requesting

user according toR𝑢 . The domain of𝑋𝑟 is𝐷𝑟 B O𝑟∪{⊥}, whereO𝑟
is the set of feasible observation opportunities for 𝑟 and ⊥ denotes

rejection.

Three constraint types are defined. Unary constraints assign

a cost to each value based on the opportunity reward,
1 binary

constraints impose∞ cost on overlapping opportunities assigned

to the same satellite and zero otherwise; and global constraints
over opportunities of each satellite 𝑠 enforce that the number of

assigned opportunities does not exceed 𝜅𝑠 .

4 THE DSARC_𝑥Q ALGORITHM
The DSA_RC algorithm [3, 7] is an extension of the classical Dis-

tributed Stochastic Algorithm (DSA) [13] that can explicitly handle

resource capacity constraints. In the EOS scheduling context, each

agent in DSA_RC computes, for each of its requests, the total num-

ber of observation opportunities requested by all agents from the

satellite associated with its selected opportunity. If this number

exceeds the satellite’s capacity, the agent independently decides, for

each request, whether to withdraw the corresponding opportunity.

Three approaches were proposed in the literature for making

the above decision — an efficiency-aimed approach DSARC_Eff [9],

a fairness-aimed approach DSARC_Fair [3], and a hybrid approach

DSARC_Hyb [8]. In the next subsection, we propose a novel queue-

based approach that enables fine-tuning of the efficiency-fairness

tradeoff.

Algorithm 1 presents the DSA_RC algorithm in a general manner

that encapsulates all the existing approaches together with the

new queue-based approach. Each agent distributively executes the

algorithm for each request. We focus on the call to the function

DecideToRemoveOpp (Line 10), which differntiates between the

above approaches. The new queue-based approach is described

next.

4.1 Queue-based decision
Our proposed approach is inspired by the biased front-queue selec-

tor for web crawling [2].

In this approach, presented in Function 2, the agent partitions

all observations associated with the same satellite into 𝑥 reward-

based queues, where 𝑥 is an input parameter (Line 1). The reward

range is divided into 𝑥 intervals, each mapped to a queue, and

each observation is assigned accordingly. The first queue contains

the highest-reward observations and the last contains the lowest;

1
Since DCOPs are formulated as minimization problems with non-negative costs, the

cost of opportunity 𝑜 is defined as 𝑐𝑜𝑠𝑡𝑜 = 𝑚𝑎𝑥𝐶𝑜𝑠𝑡 − 𝜌𝑜 , where 𝑚𝑎𝑥𝐶𝑜𝑠𝑡 >

max𝑜∈𝑂 𝜌𝑜 . The cost of ⊥ is𝑚𝑎𝑥𝐶𝑜𝑠𝑡 .

Algorithm 1: DSA_RC run by agent 𝑢 for request 𝑟

Input :𝑝, 𝐾
1: 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 ← 0

2: 𝑜𝑟 ← Random(O𝑟 )
3: send 𝑠𝑜𝑟 and 𝜌𝑜𝑟 to all agents

4: while 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 < 𝐾 do
5: 𝑅𝑒𝑤 ← {𝜌𝑜𝑟 }
6: collect all agents’ 𝑠𝑜 and 𝜌𝑜
7: if 𝑠𝑜𝑟 = 𝑠𝑜 then
8: 𝑅𝑒𝑤 ← 𝑅𝑒𝑤 ∪ {𝜌𝑜 }
9: if |𝑅𝑒𝑤 | > 𝜅𝑠𝑜𝑟 then
10: if DecideToRemoveOpp(𝑅𝑒𝑤,𝜅𝑠𝑜𝑟 ) then
11: 𝑜𝑟 ←⊥
12: send 𝑜𝑟 to all agents

13: else if Random( [0..1)) < 𝑝 then
14: 𝑜𝑟 ← valid value with minimal cost in 𝐷𝑟

15: send 𝑠𝑜𝑟 and 𝜌𝑜𝑟 to all agents

16: 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 ← 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 + 1
17: 𝑋𝑟 ← 𝑜𝑟

the partitioning may be skewed so that, for example, most high-

reward observations reside in the first queue. Each queue is sorted in

descending reward order (Lines 2–3). A list 𝑎𝑟𝑟 is then constructed

(Lines 5–14) as follows: in iteration 𝑖 , one observation is selected

sequentially from each of the first 𝑖 queues (when non-empty). Thus,

the first iteration draws from the first queue only; the second from

the first and second queues; the third from the first, second, and

third queues; and so on. The process continues until all queues are

empty or 𝑎𝑟𝑟 reaches the capacity limit 𝜅𝑠 . Finally, if the agent’s

opportunity is not included in 𝑎𝑟𝑟 , it is dropped (Lines 15–18).

The construction of 𝑎𝑟𝑟 enables the inclusion of lower-priority

opportunities, promoting fairness while maintaining efficiency.

Higher-reward opportunities retain a greater likelihood of selec-

tion. The parameter 𝑥 governs the efficiency-fairness tradeoff: 𝑥 = 1

yields the purely efficiency-oriented variant, whereas larger 𝑥 in-

creases fairness at the expense of efficiency. This algorithm is de-

noted DSARC_xQ, where 𝑥 is the number of queues.

5 EXPERIMENTAL EVALUATION
We evaluated four decision types: efficiency-oriented (DSARC_Eff ),

fairness-oriented (DSARC_Fair), hybrid (DSARC_Hyb), and queue-

based (DSARC_xQ). For DSARC_xQ, we tested DSARC_2Q, DSARC
_4Q, and DSARC_8Q. Results were compared to centralized post-

processing (DSA_PP) [9]. Parameters were set to 𝑝 = 0.7 and𝐾 = 10

in all algorithms, following [9].

Problem instances were based on the “highly-conflicted prob-

lems” of [10]: a 10-minute horizon, three satellites (capacity 20 each),

ten users submitting | R𝑢 |= {2, 4, . . . , 20} requests, and ten oppor-

tunities per request. Request validity windows were [100 : 200],
with Δ𝑜 = [10 : 20] and 𝜌𝑜 = [10 : 50]. We also generated a second

set of high-density problems.

To capture diverse settings, we considered four reward distri-

butions per instance: uniform, exponential, normal, and a bimodal

split (two user groups with high vs. low rewards).
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Function 2: Queue-based DecideToRemoveOpp

Input :𝑅𝑒𝑤,𝜅𝑠 , 𝑥
1: Divide 𝑅𝑒𝑤 into 𝑥 𝑞𝑢𝑒𝑢𝑒𝑠 according to 𝜌𝑜
2: for all queues do
3: sort 𝑞𝑢𝑒𝑢𝑒 from highest 𝜌𝑜 to lowest

4: 𝑐𝑦𝑐 ← 0, 𝑎𝑟𝑟 ← ∅
5: while 𝑞𝑢𝑒𝑢𝑒𝑠 are not empty do
6: for 𝑖 ← 0 to 𝑐𝑦𝑐 − 1 do
7: if 𝑞𝑢𝑒𝑢𝑒 [𝑖] is not empty then
8: move next 𝑜 from 𝑞𝑢𝑒𝑢𝑒 [𝑖] to 𝑎𝑟𝑟
9: if |𝑎𝑟𝑟 | = 𝜅𝑠 then
10: break while
11: if 𝑐𝑦𝑐 = 𝑥 then
12: 𝑐𝑦𝑐 ← 0

13: else
14: 𝑐𝑦𝑐 ← 𝑐𝑦𝑐 + 1
15: if 𝑜𝑟 ∈ 𝑎𝑟𝑟 then
16: return false
17: else
18: return true

Efficiency was measured by the total number of scheduled re-

quests and total rewards. Fairness was evaluated via the Gini coeffi-

cient [4], computed over total rewards and over scheduled requests

(with 𝜌𝑜 = 1).

Results for the highly-conflicted set appear in Figure 1. For

small workloads, all methods schedule all requests; beyond capacity,

scheduling decreases accordingly. Results are therefore reported

from 48 requests onward.

Efficiency and fairness exhibit a clear tradeoff: gains in one re-

duce the other. DSARC_Hyb provides a balanced but fixed com-

promise. When no prior knowledge is available, DSARC_Hyb is a
robust choice. With distributional insight, DSARC_xQ can perform

better. Under uniform rewards, DSARC_2Q exceeds DSARC_Hyb
in total rewards while matching its fairness (Gini). Under expo-

nential rewards, DSARC_2Q matches DSARC_Eff in efficiency and

approaches DSARC_Hyb in fairness. For bimodal rewards, DSARC
_2Q and DSARC_4Q achieve the highest fairness in scheduled re-

quests.

6 CONCLUSION
We have presented the DSARC_xQ algorithm for managing the

efficiency-fairness tradeoff in distributed satellite scheduling. By

implementing a structured priority queue system, this approach

moves beyond the static compromise of the previous hybrid co-

ordination model, offering a tunable solution that can be tailored

to specific reward distributions. Our evaluation demonstrates that

while the foundation of distributed scheduling relies on efficient

DCOP modeling, the addition of multi-level queues effectively pre-

vents the systemic exclusion of users with lower-priority tasks

without requiring centralized coordination.

Possible future research directions include investigating the ap-

plication of this mechanism in dynamic environments and adopt-

ing advanced privacy-preserving protocols to further secure stake-

holder information.
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Figure 1: Comparison of scheduling algorithms. Each row corresponds to a different reward distribution: Uniform (first row),
Exponential (second row), Normal (third row), and Two equal groups (fourth row). The columns represent the following
evaluation metrics: (1) Number of Scheduled Requests, (2) Total Rewards, (3) Gini Coefficient for Scheduled Requests, and (4)
Gini Coefficient for Total Rewards.
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ABSTRACT
This paper presents an onboard planning and scheduling pipeline
designed to enable autonomous satellite operations.We first provide
a system-level overview of the architecture, highlighting how the
planning agent ingests state and contextual information and issues
time- and resource-constrained commands in real time. We then dis-
cuss how interaction with other onboard applications - payload data
processing, health monitoring, orbit maintenance, and cooperative
tasking - can enable the highest degree of operational autonomy.
The behavior of the autonomous agent is exemplified through a
set of simulation scenarios that illustrate its ability to adapt to
varying mission conditions, evolving operational constraints, and
off-nominal events. Finally, we introduce a concept for managing
multi-agent coordination, focusing on task assignment. This work
shows a concrete implementation of onboard satellite autonomy
which enables more resilient, scalable, and efficient autonomous
operations in current and future space missions.
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1 INTRODUCTION
The growing commercial competition in space is driving the need
for more efficient and scalable missions. Advanced autonomy is
emerging as a key enabler, supporting the management of increas-
ingly complex space systems, improving mission output, cutting op-
erational costs, and enabling new mission concepts [14]. Enhanced
onboard processing now allows intelligence to be embedded directly
in spacecraft, and the tight integration of onboard and ground oper-
ations improves responsiveness, especially for user-driven missions
such as Earth observation. This integration enables just in time
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tasking and continuous schedule optimization, making the system
more adaptable and responsive to dynamic requirements. Onboard
autonomy also unlocks event driven mission concepts that depend
on unpredictable phenomena.

Traditional onboard planning has focused mainly on reactive re-
pair of ground generated schedules, as seen in systems like VAMOS
[15] , but purely reactive approaches [4, 7] can be short-sighted
and suboptimal. Conversely, fully proactive planning offers long
term reasoning but lacks flexibility when unexpected events oc-
cur, usually requiring full re-plan [1]. The most effective strategy
is therefore a hybrid approach that combines long-term planning
with reactive adjustments. This work describes an integrated on-
board planning and scheduling pipeline enabling full goal-oriented
autonomy. A proactive component generates a long horizon flexible
plan, while a reactive component executes it, absorbs uncertainties,
and refines actions using real time information. A reasoning engine
monitors plan validity and triggers re-planning when needed. This
system combines the timeline formalism [3] and conditional pro-
cedures, providing an effective framework to manage concurrent
activities, constraints, resources and events, and it is designed for
broad applicability across missions.

As autonomy scales to constellations, the ground segment pri-
marily takes on the role of allocating user requests among satellites
with different capabilities, while each spacecraft autonomously
plans and executes its assigned tasks. This aspect is explored in
Section 5 of the paper.

2 ONBOARD PLANNING AND SCHEDULING
SYSTEM

The architecture of the planning and scheduling agent (Figure 1) is
composed of three primary components: Request Manager, Plan-
ning Manager, and Execution Manager. The Request Manager is
responsible for managing incoming user requests. It monitors the
life cycle of each request from submission to completion and assigns
priority levels based on mission rules and operational constraints
to ensure that the system processes requests in an optimal order.

The Planning Manager provides the proactive component: it
generates long-term flexible plans of activity using a timeline-based
approach. It incorporates user requests, mission goals, operational
constraints, and mandatory activities received from operators. The
resulting flexible plan can be seen as an envelope of deterministic
schedules, each one representing a fixed-in-time sequence of actions
or commands. This flexibility allows for absorbing uncertainties
during execution without the need for re-planning, which strongly
reduces the computational load of the whole planning pipeline and
increases the predictability of the satellite’s behavior.
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Figure 1: High-level system architecture.

The Execution Manager translates planned activities into a se-
quence of commands via conditional procedures. Flexibility of the
plan and conditional branches are exploited to optimize the mis-
sion return and to adjust the schedule in response to just-in-time
information (like edge data processing results) and contingencies.
The Execution Manager also monitors the validity of the plan and
triggers a re-planning process in case of: violation of resource
availability envelopes, indicating a mismatch between forecast and
actual resource use; occurrence of anomalies that invalidate the
plan; reception of new information, including new user requests or
mandatory activities from ground operators.

Both Planning and Execution Managers implement generic en-
gines that are highly configurable to mission requirements ensuring
high re-usability.

2.1 Proactive planning
The Planning Manager is based on timeline-based planning [3], a
formalism well suited for mission planning thanks to its expressive-
ness and natural alignment with how space mission constraints and
resources are modeled. In this approach, the world is represented
through state variables whose values evolve over time. These vari-
ables may be external (e.g., ground station visibility) or internal
(e.g., spacecraft orientation). Their evolution is encoded in timelines,
which are sequences of tokens representing flexible time intervals
during which each variable holds a specific value. A chronicle aggre-
gates all timelines along with constraints and resource information.

The planner searches in the space of chronicles, starting from
a partial one and iteratively resolving flaws (i.e., constraint viola-
tions) until a complete, feasible solution is found. The resulting
plan consists of timelines and their mutual constraints. Since con-
straints are only inserted to ensure feasibility, the obtained plan
maintains margins for flexibility that is exploited at execution time.
To handle both controllable and uncontrollable temporal relations,
each chronicle maintains a Simple Temporal Network with Un-
certainty (STNU), which models uncertain durations, precedence
constraints, and synchronizations with external events. The STNU

must remain consistent and dynamically controllable to ensure ex-
ecutable plans [6]. Resource feasibility is also maintained through
dedicated managers for binary, capacity, and consumable resources.
A pseudo-code overview of the planning routine is the following:

Algorithm 1 Plan(initial_state, final_state, goal_list

1: function Plan(𝑖𝑛𝑖𝑡𝑖𝑎𝑙_𝑠𝑡𝑎𝑡𝑒 , 𝑓 𝑖𝑛𝑎𝑙_𝑠𝑡𝑎𝑡𝑒 , 𝑔𝑜𝑎𝑙𝑠)
2: 𝑐ℎ𝑟𝑜𝑛𝑖𝑐𝑙𝑒 ← Initialize(𝑖𝑛𝑖𝑡𝑖𝑎𝑙_𝑠𝑡𝑎𝑡𝑒 , 𝑓 𝑖𝑛𝑎𝑙_𝑠𝑡𝑎𝑡𝑒)
3: 𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛_𝑠𝑡𝑎𝑐𝑘 ← ∅
4: while 𝑐ℎ𝑟𝑜𝑛𝑖𝑐𝑙𝑒 is flawed do
5: 𝑓 𝑙𝑎𝑤 ← GetHighestPriorityFlaw(𝑐ℎ𝑟𝑜𝑛𝑖𝑐𝑙𝑒 , 𝑔𝑜𝑎𝑙𝑠)
6: 𝑟𝑒𝑠𝑜𝑙𝑣𝑒𝑟𝑠 ← ComputeResolvers(𝑓 𝑙𝑎𝑤 )
7: if |𝑟𝑒𝑠𝑜𝑙𝑣𝑒𝑟𝑠 | > 1 then
8: AddDecisionPoint(𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛_𝑠𝑡𝑎𝑐𝑘)
9: 𝑟𝑒𝑠𝑜𝑙𝑣𝑒𝑟 ← GetBestResolver(𝑟𝑒𝑠𝑜𝑙𝑣𝑒𝑟𝑠)
10: AddResolver(𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛_𝑠𝑡𝑎𝑐𝑘 , 𝑟𝑒𝑠𝑜𝑙𝑣𝑒𝑟 )
11: end if
12: Apply(𝑐ℎ𝑟𝑜𝑛𝑖𝑐𝑙𝑒 , 𝑟𝑒𝑠𝑜𝑙𝑣𝑒𝑟 )
13: if 𝑐ℎ𝑟𝑜𝑛𝑖𝑐𝑙𝑒 is inconsistent then
14: backtrack to the previous decision point
15: end if
16: end while
17: return ExtractPlan(𝑐ℎ𝑟𝑜𝑛𝑖𝑐𝑙𝑒)
18: end function

The planner supports two goal types: permanent and opportunity
goals. Permanent goals cover things like keeping batteries charged
or maximizing data acquisition and can adapt to changes in mission
priorities. Opportunity goals refer to time bound tasks, such as
targeted imaging requests, which are provided as a prioritized list
by the Request Manager, and the planner selects the best subset
that can coexist with other activities while preserving feasibility.

2.2 Reactive execution loop
The Execution Manager implements reactivity at two levels. First, it
executes the flexible plan by assigning fixed times at time-points in
the STNU. Firings of controllable time-points are chosen to optimize
mission return; uncontrollable ones are based on sensed events or
the conclusion of procedures.

The second level is the implementation of activities via condi-
tional procedures. It is supported by a procedure execution engine
that interprets procedures written in a compact domain-specific lan-
guage. The engine processes statements sequentially - evaluating
expressions, assignments, control flow, and command statements
- until it encounters a wait condition that is not satisfied. When
state changes and the wait condition is satisfied, execution resumes.
Conditional branches and wait conditions can be evaluated based
on internal procedure variables and mission state parameters, like
satellite telemetry or the state of dispatched commands.

3 INTERACTIONS WITH ONBOARD
APPLICATIONS

Onboard planning beats ground mission planning as it can exploit
real-time information. Therefore, it becomes more powerful in
combination with other onboard applications that can provide the
same inputs ground operations teams use for mission planning, but
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with low latency. By doing so, it is possible not only to increase
mission efficiency but to unlock new, highly dynamic, mission
concepts. Specifically, four classes of supporting applications are
considered in this paper:

• Onboard payload data processing: applications able to
process payload data to produce actionable information on
board, like event detections. Such insights are exploited by
the autonomous operations agent in twoways: they are input
to evaluate conditional branches of procedure (for instance,
discarding low quality data and abort further processing)
and they are used to generate requests onboard (for instance,
follow-up observations following fire detection).
• Spacecraft health monitoring: applications able to detect
and classify anomalies, propose recovery or mitigating ac-
tions, and monitor the effect of the recovery plan execution
[9, 13]. It produces two types of data: i) alerts that inform the
autonomous agent to avoid usage of unavailable resources
or operating modes; ii) recovery plans that are inserted in
the plan as autonomy constraints.
• Autonomous orbitmaintenance: applications able to com-
pute station keeping and/or collision avoidance maneuvers
[2, 5, 12], which are autonomy constraints for the autonomous
operations agent.
• Cooperative tasking: application that enables distributed
and cooperative tasking among satellites in a constellation
endowed with inter-satellite links. It provides a source of
new user requests and a way to re-distribute requests that
the satellite is unable to satisfy efficiently.

4 EXAMPLES OF AGENT BEHAVIOR
An example scenario illustrates the algorithm’s behavior and its
advantages over common satellite planning methods. The case con-
cerns a small Earth observation mission whose primary goal is
acquiring user requested targets, while secondary wide area acqui-
sitions increase mission return. Onboard data processing (e.g., cloud
detection) helps adjust acquisition frequency to save resources.

The planning problem includes two external timelines - eclipses
and ground station visibility - and two internal timelines – oper-
ating mode (feasible states: idle, observation, monitoring, down-
link, ground control) and spacecraft orientation (feasible states:
sun pointing, antenna to ground, camera to ground, slewing). Bat-
tery level and memory usage are treated as consumable resources.
User requests are modeled as opportunity goals; extra data takes
as a permanent goal. At execution level, conditional procedures
describe that the observation activity can switch between high and
low frequency acquisition depending on local conditions, while
monitoring can escalate to observation when beneficial.

Figure 2 shows an example of the planning process. Initially
(Fig. 2a), the external timelines are fully defined (in blue), while in-
ternal ones contain only initial states and mandatory maintenance
windows. Red tokens indicate unsupported elements. Flexible time
intervals appear in lighter colors. A worst-case battery profile is
shown at the bottom. Fig. 2b shows an intermediate state after
evaluating opportunity goals: some are excluded due to conflicts,
resource limits, or inconsistencies. Fig. 2c presents the output plan,
with all tokens supported and remaining flexibility, which depends

on scenario uncertainty (e.g., activities with uncontrollable dura-
tions).

Figure 3 highlights reactive execution behavior. The first row
shows an opportunity goal, leading to a planned observation over
an area with some flexibility before switching to monitoring. Ex-
pected and actual battery profiles are shown with dashed and solid
lines. The bottom row shows the reactive loop’s refinements. In
Fig. 3a, ongoing observation is executed at high frequency. The
mode adjusts dynamically based on cloud coverage until the oppor-
tunity goal ends (Fig. 3b). Low frequency acquisitions consume less
battery, generating a surplus; the execution loop therefore extends
observation to pursue permanent goals (Fig. 3c). When battery or
memory exceeds thresholds, a new local goal triggers a switch to
the next activity (Fig. 3d).

5 MULTI-AGENT COOPERATION
Constellations are a use case of particular interest for autonomous
satellites as they allow ground segments to operate a large number
of spacecraft at a fraction of the effort. No detailed planning is
performed on the ground, which must only distribute user and
onboard generated service requests. This section describes a multi-
agent negotiation system concept for the task distribution problem.

The ground system collects user and onboard generated service
requests. When a satellite comes into contact with a ground station,
a subset of the pending requests is assigned to it, depending on the
satellite’s capabilities and availability. The problem can be modeled
as an auction with the ground segment as the auctioneer and satel-
lites in the constellation as negotiating agents. The challenge is
that satellites contact the ground segment at different times, mak-
ing it impossible for all agents to place their bids. Therefore, the
ground segment maintains a proxy representation of agents, which
participate in auctions. Every time a satellite communicates with
the ground, the state of the corresponding proxy is updated, and an
auction for pending tasks is run among all proxies. Figure 4 gives
a pictorial view of the system architecture, whereas the sequence
diagram in Figure 5 describes the auction process triggered by a
new satellite contact.

Each proxy is a tuple 𝑝𝑖 = (𝑅𝑖 , 𝐿𝑖 , 𝐾𝑖 ,Π𝑖 ,K𝑖 ,Δ𝑖 , 𝛾𝑖 ) where:
• 𝑅𝑖 is the set of assigned pending requests,
• 𝐿𝑖 is the set of resource level arrays indicating the predicted
resources levels for the various satellite resources at future
time instants,
• 𝐾𝑖 is the set of services that satellite can currently provide,
• Π𝑖 is the set of payloads available onboard the satellite to
provide services,
• K𝑖 : 𝐾𝑖 → P(Π𝑖 ) is a function that maps each service 𝑘 ∈ 𝐾𝑖
to the subset of payloads required to perform the service,
• Δ𝑖 : 𝐾𝑖 → R is a function that maps each service 𝑘 ∈ 𝐾𝑖 to
the amount of time required to perform the service,
• Γ𝑖 : 𝐾𝑖 → R2 is a function that maps each service 𝑘 ∈ 𝐾𝑖 to
the amount of resources used to perform the service.

The main steps of the process are:
(1) Proxies update. The state of the Proxy of the communicat-

ing satellite is updated with real data, while the other Proxies
are updated through simulation according to their expected
evolution.
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(a) Initial Chronicle. (b) Intermediate status. (c) Final flexible plan.

Figure 2: Example of proactive planning process from initial Chronicle (portion) to final plan. The top row (yellow) shows
pending requests to plan for; blue marks external timelines; red and green mark unsupported and supported internal tokens,
respectively. Flexible time intervals appear in lighter colors. The bottom graph describes the worst-case battery profile.

(a) (b) (c) (d)

Figure 3: Example of reactive execution process. An observation request (yellow) has been inserted in the plan (green). (a)
Ongoing observation is executed with high frequency acquisitions; (b) the mode adjusts dynamically based on cloud coverage;
(c) plan flexibility allow to continue high-frequency observations to exploit the battery surplus; (d) when battery lowers, a new
local goal triggers the next activity.

(2) Auction. The Auctioneer broadcasts a set 𝑅 of pending re-
quests (default strategy for selection is FIFO, but it can be
tailored on mission requirements) and Proxies answer with
a bid for each request. The Auctioneer ranks the bids and
assigns the highest-valued requests to the winning Prox-
ies, which updates their state. The number of announced
and assigned requests is configurable, and this step can be
performed multiple times to assign all requests.

(3) Request transmission. Once the assignment process has
been completed, a message is sent to the communicating
satellite before the end of the visibility window, containing
the new requests assigned to it since the last contact.

5.1 Bid generation
Upon reception of an announcement, each Proxy generates a bid
for every announced request, which expresses the capability of
the satellite to satisfy the request timely and efficiently. Bids are
computed independently for each request in the announcement.

Figure 4: Pictorial view of negotiation system.

The Proxy 𝑝 𝑗 does not bid if the satellite is unable to provide the
requested service or it has no visibility on the target before the
request expiration date; otherwise, it bids a convex combination of
𝑁𝑏 bidding terms 𝛾𝑛 ∈ [0, 1]: 𝑏 𝑗 =

∑𝑁𝑏

𝑛=1𝑤𝑛𝛾𝑛
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Figure 5: Auction process triggered by a new satellite contact.

Figure 6: Auction time for single-item auctions.

In this first proof of concept the considered bidding terms are:
• Assigned requests: the bid decreases with the number of
already assigned requests.
• Request priority: the bid increases with the priority and
the approaching expiring date 𝑡𝑒𝑥𝑝 of the request. This term
is independent of the Proxy status but serves as an incentive
to assign high priority requests first.
• Request satisfaction time: the bid is higher the shorter
the time required for the satellite to execute the requested
service and transmit the data back to ground.
• Satellite availability: when conflicting requests are as-
signed to the same satellite, it results in a delay in the satis-
faction of all but the highest priority request. Therefore, the
higher the number and priority of conflicting requests the
lower the bid.
• Satellite resources: the bid is lower the less resource avail-
ability of the satellite.

5.2 Preliminary analysis
The reference scenario for preliminary analysis was an Earth Obser-
vation constellation in LEO with no inter-satellite links. Satellites in

the constellation are equipped with optical, SAR or both payloads,
with a total of four different services that can be provided (optical
image, SAR spot, SAR strip, optical+SAR combined acquisition).
Simulations have been run with random initialization on an off-the-
shelf laptop with Intel(R) Core(TM) i5-6200U CPU @ 2.30GHz and
12 GB of RAM.

Time complexity analysis was performed for increasing constel-
lation size (up to 150 satellites, with uniform distribution of satellite
type) and user requests per episode (up to 3450, with distribution
of service type inversely proportional to resource requirements).
Figure 6 shows the results for single-item auctions demonstrating
the feasibility of running auctions well within the duration of a
ground contact window. Experiments have been also conducted
by changing the announcement size and assignment size: larger
announcement size allows agents to bid for the best requests first
for increased computational time, larger assignment size reduces
the number of auction rounds.

Sensitivity analysis has been conducted to evaluate the behavior
against changing weights of the bid terms. Considered cases were:
uniform relative weight, ablation cases with one null weight, oppo-
site cases with one weight set to a high value. Analysis explored
impact on load balance (variance in number of tasks assigned to
satellites), the number of conflicting tasks assigned to each satellite,
and bid evolution over the auction rounds (both in terms of overall
value and for each bid term).

6 CONCLUSION
The present work described a proactive-reactive approach for on-
board automated planning. The solution is highly flexible and can
be applied to a wide variety of missions. The proactive loop al-
lows for long-term, goal-oriented planning while the reactive loop
enables local decision-making and plan refinement in view of un-
certainty and contingencies. Parts of the pipeline have been tested
in testbed (Tyvak International, D-Orbit) and in-orbit demonstra-
tions between 2023-2026 (D-Orbit [10], AI-Express project [8, 11]),
whereas a demonstration of the complete agent is expected in 2027
(In-Orbit Space Lab project, others TBC).

Extension to the multi-agent scenario requires further study
to address two main aspects. First, the impact of deferred proxy
updates on task assignment performance, which becomes even
more critical when satellite-to-satellite communication is enabled.
Second, the interaction between the planning agent and the onboard
cooperative tasking application, which have been for now treated
separately.
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ABSTRACT
This work presents a reward-based selective propagation algo-
rithm that enables distributed agents to evaluate, exchange, and
bid task-specific reward functions while minimizing communica-
tion overhead. Distributed observation satellites in a Walker-Delta
constellation exchange multiple tasks of observing target objects in
Sun-Synchronous Orbits. We analyze the impact of the number of
satellites, the number of target objects, and the fraction of central
nodes on the task’s diffusion, task performance quality, and bidding
status over time.We investigate constellations with up to 5,000 satel-
lites and 500 concurrent target objects, with a fraction of the central
nodes ranging from 1% to 100% of the total number of satellites.
Results show that the proposed framework maintains high perfor-
mance and fast convergence even under heavy task loads, with
convergence times below 100 s for networks with as few as 5% cen-
tral nodes. Increasing the number of satellites reduces the required
central node fractions to achieve faster convergence, suggesting
that a minimum absolute number of central nodes is required to
achieve maximum network responsiveness for the given constel-
lation geometry. We identified a power-law relationship among
network size, central node fraction, and link efficiency, offering
valuable insights into architectural trade-offs for future Distributed
Satellite Systems.
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1 INTRODUCTION AND BACKGROUND
Distributed Satellite Systems (DSS) are increasingly adopted for
earth observation missions due to their inherent advantages in
scalability, resilience, and spatial coverage. As mission objectives
expand to include the simultaneous observation of large numbers
of dynamic target objects, efficiently allocating tasks across DSS
has emerged as a key systems engineering challenge [2].
This paper investigates the impact of central nodes on the perfor-
mance of distributed multi-task allocation in large-scale DSS. We
extend the decentralized task allocation framework, presented in
[8], to a multi-task reward-based selective propagation framework
in which satellites exchange compact task-level reward metrics,
represented by the Reward Function (RF), instead of full state infor-
mation, enabling distributed bidding under intermittent communi-
cation and without prior knowledge of other agents’ capabilities.
We refer to central nodes as satellites that act as hubs for task coor-
dination and data propagation; task propagation occurs only when
at least one of the communicating satellites is a central node. We
consider a Walker-Delta Constellation with up to 5,000 observer
satellites that need to observe up to 500 objects in space, considered
as target objects that represent debris, other satellites, or natural
bodies, distributed along Sun-synchronous orbits (SSO). The results
focus on network performance, represented by the evolution of the
maximum reward, the bidding status over time, and the diffusion
of task knowledge. We analyze different levels of centralization by
varying the fraction of central nodes relative to the total number of
satellites. We observe a power law among network size, the fraction
of central nodes, and the link efficiency, defined as the ratio of the
total number of links 𝑛𝐿 before convergence to the number of tasks
𝑛𝑇 . The term DSS refers to satellite systems comprising two or
more spacecraft that communicate to accomplish the mission goal
[7]. They dynamically form networks of heterogeneous satellites
designed to reduce revisit times, cover large areas at higher resolu-
tion, or minimize data access latency. This is essential for real-time
Earth Observation missions, for monitoring deforestation, studying
sea-ice coverage, tracking agricultural evolution and weather im-
pacts, as well as for humanitarian aid, governments, and NGOs to
monitor oceans and conflict zones [1]. Centralized architectures are
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vulnerable to single points of failure and are fundamentally incom-
patible with federated systems; they are not beneficial for resource
allocation in planning and scheduling when the number of satellites
increases [2]. Different examples of DSS are implemented nowa-
days, such as satellite constellations for communication, such as
Starlink and OneWeb, or for Earth Observation, such as PlanetLabs
[1]. Many studies focus on the importance of satellite collaborations.
Dynamic target (DT) is an example that highlights the importance
of DSS, in which look-ahead sensor data is acquired, rapidly an-
alyzed, and used to drive subsequent observations by the same
spacecraft or another spacecraft in a trail. Use cases for such a
capability include: cloud avoidance [4], storm hunting, search for
planetary boundary layer events [14], plume study, and beyond [3].
Federated Satellite Systems (FSS) extend this paradigm further, en-
abling satellites from different operators to autonomously share re-
sources through standardized protocols [11]. This improves mission
efficiency through resource pooling and enhanced resilience [9],
while reducing barriers to entry for smaller operators.
Schaefer et al. [12] demonstrate that inter-satellite collaboration re-
duces revisit time and increases sample count for wildfire-observing
missions, highlighting the utility of coordinated DSS operations.
Existing methods have already been developed and investigated in
the field of DSS task scheduling.
Parjan et al.[10] propose a broadcast-based coordination method-
ology (BD) in which satellites announce their task selections to
the network without requiring detailed knowledge of other agents’
capabilities. In this approach, each satellite independently evalu-
ates its suitability for available tasks using local heuristics, then
broadcasts status information, such as task-satisfaction confirma-
tions or priority indicators. These methods achieve near-centralized
performance but face communication bandwidth challenges as the
network size grows and assume that all satellites know the tasks at
the problem’s initialization.
Zilberstein et al. [15] extend the BD method to formulate satellite

scheduling problems as distributed constraint optimization prob-
lems (DCOPs). DCOP frameworks use Geometric Neighborhood
Decomposition heuristics to subdivide the global problem into man-
ageable subproblems. This approach reduces messaging overhead
by limiting coordination to satellites within smaller neighborhoods,
whose boundaries are determined by orbital mechanics and com-
munication capabilities. After the subdivision, Neighborhood Sto-
chastic Search (NSS), a method built on the earlier BD, solves these
subproblems. DCOP demonstrates improved scalability compared
to fully centralized approaches and BD, particularly in dense task
environments where decomposition naturally aligns with spatial
task clustering. They assume agents possess knowledge of other
agents’ capabilities and that all agents have immediate knowledge
of all tasks. Many DCOP solvers require significant computational
resources and extensive inter-agent communication, potentially
exceeding the constraints of resource-limited satellites.
Li et al. [6] propose an extension of the Consensus-Based Bundle
Algorithm (m-CBBA), where individual satellites determine the
full task schedule locally and achieve mutual consensus through
iterative communication. An extension of this algorithm is the
Asynchronous m-CBBA (m-ACBBA), in which satellites predict
communication window opportunities and account for their pos-
sible asynchrony. These methods are generally flexible and can
guarantee highly-optimal solutions; however, the computational
and communication overheads do not scale efficiently with the
number of satellites and tasks. Table 1 summarizes the discussed
frameworks, highlighting the strengths and limitations identified
in each. While decentralized satellite task allocation methods offer
clear benefits, they also entail inherent trade-offs, particularly in
scalability and communication overhead as the number of satellites
and tasks grows.
This study investigates how the fraction of central nodes 𝑓𝐶𝑁 affects
convergence time, task knowledge diffusion, and communication
efficiency in a large-scale distributed satellite system. While the
analysis is conducted within the proposed selective propagation

Table 1: Comparison of Decentralized Satellite Task Allocation Methods

Method BD [10] NSS/DCOP [15] m-ACCBA [6] RF Selective Propagation
(Proposed Method)

Approach Broadcast satisfaction and
contention information

Decomposition and
stochastic search

Auction-based iterative
bidding

Reward-based selective
propagation

Communication Broadcast with a large
amount of information

Scoped to local
neighborhood

Exchanges across the
network scale quadratically
with the number of tasks

Broadcast with reduced
information: reward
functions, satellite
identifiers, and timestamps

Computation Light, simple heuristics only Moderate, local search per
agent

Heavy, evaluates all task
permutations

Per task, light: reward
prediction only

Scalability Medium to high,
bandwidth-limited

Higher than BD through
standardized decomposition

Limited by bandwidth and
task count, mitigated by
m-ACCBA

Very high, demonstrated
with thousands of satellites

Robustness Medium, dependent on
broadcast reliability

High, independent
subproblems

High, supports
asynchronous
communication

High, opportunistic
communication and
dynamic topologies

Task and DSS knowledge
at initialization

Tasks: global; satellite state:
local heuristics only

Tasks: global; satellite state:
neighbors only

Tasks: global; satellite state:
unknown

Tasks: known to one
satellite; satellite state:
unknown
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framework, the findings offer broader architectural insights: the re-
sults suggest that introducing even a small fraction of relay-capable
nodes can significantly reduce convergence time and communi-
cation overhead, pointing to partial centralization as a promising
direction for improving the responsiveness of distributed task allo-
cation methods in general.
The main contributions are: (1) an extension of the single-task
selective propagation framework [8] to a multi-task setting with
multiple concurrent observation targets; (2) a parametric study of
𝑓𝐶𝑁 on convergence time, knowledge diffusion, and communica-
tion efficiency across constellations of up to 5,000 satellites and 500
concurrent tasks; and (3) the identification of a power-law relation-
ship between 𝜂𝐿 and 𝑛𝐶𝑁 /𝑛𝑇 , with coefficients scaling systemati-
cally with constellation size. Section 2 presents the methodology,
Section 3 the experimental setup and results, and Section 4 the
conclusions.

2 METHODOLOGY
This section describes the methodology used to develop the frame-
work to investigate the effect of central nodes on multi-task alloca-
tion across multiple satellite architectures.

2.1 Problem Definition
We address the allocation of multiple tasks 𝑇 , defined by observa-
tions of target objects𝑂 in SSO, among a satellite set 𝑆 with different
numbers of central nodes 𝐶𝑁 . Satellites operate in a Walker-Delta
constellation, carry imaging payloads, and evaluate task execution
capability and quality over the mission interval {𝑡𝑖𝑛, ..., 𝑡𝑒𝑛𝑑 }. The
simulation assigns satellites in 𝑆 to each task in𝑇 to maximize obser-
vation quality for satellites with good resource availability. At each
timestep, the simulation evaluates feasible inter-satellite communi-
cations between satellite-central node pairs (𝑆,𝐶𝑁 ) ∈ 𝑆 . Initially,
one satellite knows the full task set 𝑇 . This assumption models
two representative operational scenarios: tasks may be uplinked
from a ground station to a single contact satellite, or originated
autonomously by a satellite in orbit upon detection of target objects.
Relaxing this assumption to account for multiple simultaneous task
injection points, or for dynamic task generation during mission
execution, is left as a direction for future work.
In both cases, knowledge must propagate through the network.
Upon receiving a task, a satellite computes its RF value and broad-
casts the higher of the received and evaluated values.

We define the task allocation problem as follows:
(1) {𝑡𝑖𝑛, ..., 𝑡𝑒𝑛𝑑 } is the overall mission duration for the perfor-

mance of the observations, starting at time 𝑡𝑖𝑛 and ending at
time 𝑡𝑒𝑛𝑑 . 𝑡 is discretized by a time step size Δ𝑡 > 0 to result
in the finite number of discrete time steps 𝑡 = (𝑡𝑒𝑛𝑑 −𝑡𝑖𝑛)/Δ𝑡 .
The set of time steps, defined as 𝑡 = {1, 2, ..., 𝑡𝑒𝑛𝑑 }, contains
all time steps at which a task can be performed.

(2) 𝑆 = {1, 2, ..., 𝑛𝑠 } is a set of satellites, in a Walker-Delta Con-
stellation architecture, equipped with an observational pay-
load. The initial parameters and variables for the communi-
cation, power, and data-handling subsystems are identical
across all satellites. From now on, any variable with the
subscript 𝑖 is associated with the 𝑖-th satellite.

(3) 𝑓𝐶𝑁 = {0.01, ..., 1} is the fraction of the number of central
nodes with respect to the total number of satellites in the
constellation. They are responsible for the task propagation
and are equipped with an observation payload.

(4) 𝑂 = {1, 2, ..., 𝑛𝑂 } is the set of target objects to be observed,
equally distributed along various SSO. Each object defines
one observation task, so 𝑛𝑇 = 𝑛𝑂 .

(5) 𝑇𝑖 , for each satellite 𝑖 ∈ 𝑆 , is the Global Task Register, storing
for each task 𝑘 the best known reward value 𝑇𝑘,𝑅𝐹

𝑖
, the as-

sociated satellite identifier 𝑇𝑘,𝐼𝐷
𝑖

, and the timestamp 𝑇𝑘,𝑡
𝑖

at
which the task can be performed.

(6) 𝐿𝑘
𝑖
is the Local Task Register of satellite 𝑖 , storing its locally

evaluated reward 𝐿𝑘,𝑅𝐹
𝑖

and identifier 𝐿𝑘,𝐼𝐷
𝑖

for task 𝑘 .

2.2 Architectural Variables and Parameters
The architectural design space was structured around one primary
design variable, the fraction of central nodes, as defined in Eq. (1).

𝑓𝐶𝑁 ≜
𝑛𝐶𝑁

𝑛𝑠
(1)

with 𝑓𝐶𝑁 ∈ {0.01, ..., 1.0}. A set of secondary variables supports
the exploration of different architectures, including the number of
satellites and target objects, as shown in Table 2.

Table 2: Architectural Design Variables

Tier Variable Values

Primary Fraction of Central Nodes 0.01, 0.02, 0.05, 0.1,
0.2, 0.5, 1.0

Secondary Number of Satellites 100, 500, 1000, 2000,
3000, 5000

Secondary Number of Target Objects 1, 5, 10, 50, 100, 500

2.3 Figure of Merit
We consider five Figures of Merit (FoM):
• Time to Converge 𝑡𝑐 represents the time to converge to a
single satellite aware of being the best for each task.
• Task Intensity 𝑇𝑖𝑛𝑡 defined as the ratio 𝑛𝑇 /𝑛𝑠 and mea-
sures the load level of the network in terms of tasks to be
performed.
• Maximum Reward Function 𝑅𝐹𝑀𝑎𝑥 represents the high-
est performance achieved in performing a certain task.
• Link Efficiency 𝜂𝐿 defined as the ratio between the total
number of links 𝑛𝐿 that occurred before convergence and
the number of tasks 𝑛𝑇 .
• Diffusion Time 𝑡𝐷 represents the time elapsed until all
satellites hold the complete task set 𝑇 , i.e., 𝑇𝑖 ≠ ∅ for all
𝑖 ∈ 𝑆 . It marks the end of the knowledge propagation phase,
which precedes and bounds the bidding convergence phase
(𝑡𝐷 ≤ 𝑡𝑐 ).

2.4 Task Packets
One assumption made at this stage of the research, to simplify
simulation development, is that tasks are not executed individu-
ally in the framework but rather collectively as a task packet. The
task-specific information exchanged, aside from communication
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protocol overhead, consists of the Two-Line Element (TLE) of the
target object, the satellite identifier associated with the highest
reward function value, and the corresponding best-known reward
value. Table 3 reports the assumed values for each component.

Table 3: Data Size Components

Variable Value [Bytes]

TLE target object (𝑠𝑇𝐿𝐸 ) 104
ID + RF (𝑠𝐼𝐷 + 𝑠𝑅𝐹 ) 8
Transport Layer Protocol (𝑠𝑇𝐿𝑃 ) 34
Network Layer Protocol (𝑠𝑁𝐿𝑃 ) 24
Datalink Layer Protocol (𝑠𝐷𝐿𝑃 ) 35
Encoding Scheme Reed–Solomon (𝑠𝐸𝑆𝑅𝑆 ) 13

TOTAL (𝐷𝑠 ) 112 · 𝑛𝑇 + 106

As the number of tasks increases, the number of communication
windows that are too short to send the entire set of tasks increases.
To enable data exchange across a larger number of tasks, the com-
munication protocol is assumed to follow principles similar to those
of the Licklider Transmission Protocol (LTP) for deep-space commu-
nications. Satellite pairs initiate links and transmit data in minimum
chunks corresponding to the amount transferable within a single
timestep of duration Δ𝑡 = 1 s. If a visibility window terminates
before completion, satellites retain the already transmitted data and
resume transmission during the next available contact.

2.5 Selective Propagation Algorithm
The selective propagation algorithm manages the information ex-
change and task allocation through pairs of satellites evaluated at
each simulation timestep. A satellite pair (𝑆𝑖 , 𝑆 𝑗 ) initiates commu-
nication only if at least one member is a central node, including
pairs where both members are central nodes, neither satellite is
processing previously received information, and the effective data
rate of the inter-satellite link is strictly positive. Communication
occurs only if one of the two satellites in the pair knows the tasks,
or if there is a knowledge-mismatch condition, defined as either un-
equal task sets or disagreement on the best-known reward function
value for at least one shared task. Data transfer accumulates across
consecutive visibility windows until the full task set size is reached,
at which point the final exchange is reached; partial transfers per-
sist across interrupted links and resume upon reestablishment of
contact.

Bidding Process. Upon receiving a task packet, the receiving satel-
lite 𝑗 enters a distributed single-item bidding process independently
for each task 𝑘 . The bid of satellite 𝑗 for task 𝑘 is its locally com-
puted reward function value 𝑅𝐹𝑘

𝑗
(𝑡), evaluated using Eq. (2) over

the remaining mission interval {𝑡, ..., 𝑡𝑒𝑛𝑑 }. The satellite retains the
task assignment; i.e., records itself as the best candidate, only if
its locally computed bid strictly exceeds the best-known value re-
ceived from the sender. Otherwise, the received entry is propagated
unchanged. This mechanism enforces a greedy, communication-
efficient consensus: at any point in time, each satellite stores the
highest known bid for each task along with the identifier of the
satellite that produced it.

During bidding, each satellite maintains a task buffer that tem-
porarily stores newly received or locally updated task informa-
tion within a timestep, isolating it from the global task register.
The bidding logic separates incoming tasks into previously known
and newly discovered subsets. For known tasks, larger reward
values and their associated satellite identifiers overwrite buffered
entries only when strictly greater values are received; ties are re-
solved by retaining the current buffered entry. For newly discovered
tasks, the receiving satellite evaluates its local reward function over
{𝑡, ..., 𝑡𝑒𝑛𝑑 }, then updates the buffered entry only if the locally com-
puted value strictly exceeds the received one; ties are resolved in
favor of the received entry, preserving the propagation direction.
At the end of each timestep, buffered task information is promoted
to the global task register for all satellites.

This mechanism enforces control over information diffusion,
avoids redundant transmissions, limits communication to strictly
necessary exchanges, and enables distributed convergence to a
unique, best-performing satellite per task with the largest RF. Algo-
rithm 1 summarizes the described selective propagation algorithm.

Reward Function: Evaluation of Observation Capability. Each satel-
lite evaluates its capability for performing a given observation task
𝑘 using a reward function 𝑅𝐹 , defined as in Eq. (2).

𝑅𝐹𝑘𝑖 (𝑡) = 𝑞𝑖 𝑎𝑖 (𝑡)
[
𝐴𝑝𝑖 (𝑡) + 𝐵 𝑑𝑠𝑖 (𝑡) + 𝐶

(
1 −

�����𝜑𝑘𝑖 (𝑡)𝐹𝑜𝑉𝑖

�����
) ]

(2)

For each satellite 𝑖 , task 𝑘 , and timestep 𝑡 , the variables are de-
fined as follows. 𝑞𝑖 ∈ {0, 1} is a binary indicator taking value 1 if the
imaging payload is available and 0 otherwise; 𝑎𝑖 (𝑡) ∈ {0, 1} takes
value 1 if the satellite is not already committed to a concurrent task
at timestep 𝑡 and 0 otherwise. Both 𝑞𝑖 and 𝑎𝑖 act as multiplicative
gates: if either is zero, the reward is zero regardless of the remaining
terms. The remaining variables are continuous and defined over
[0, 1]: 𝑝𝑖 (𝑡) = 𝐸𝑎,𝑖,𝑡/𝐸max is the fraction of stored energy available,
where 𝐸𝑎,𝑖,𝑡 is the energy stored onboard satellite 𝑖 at timestep 𝑡 and
𝐸max is the maximum storage capacity; 𝑑𝑠𝑖 (𝑡) = 𝐷𝑆𝑎,𝑖,𝑡 /𝐷𝑆max is
the fraction of available onboard data storage, where 𝐷𝑆𝑎,𝑖,𝑡 is the
data storage available on satellite 𝑖 at timestep 𝑡 and 𝐷𝑆max is the
total onboard storage capacity; and (1− |𝜑𝑖 (𝑡)/𝐹𝑜𝑉𝑖 |) is the normal-
ized angular proximity of the target to the payload boresight, where
𝜑𝑖 (𝑡) is the angular separation between the pointing direction and
the target position and 𝐹𝑜𝑉𝑖 is the field of view of the imaging
payload. The parameters 𝐴, 𝐵, and 𝐶 are calibration weights that
emphasize different aspects of the reward; in this study they are all
set to 1. The maximum ideal value is 𝑅𝐹ideal = 3.0, attained when
the payload is perfectly aligned with the target and the satellite has
full energy, storage, and schedule availability. It shall be noted that
this reward function definition has not significantly changed from
previous work [8].

Convergence and Stopping Condition. The algorithm terminates
when a global convergence condition is reached: for every task
𝑘 ∈ 𝑇 , all satellites in the network agree on the same satellite
identifier as the best candidate, i.e., 𝑇 𝑖

𝑘,𝐼𝐷
= 𝑇

𝑗

𝑘,𝐼𝐷
for all 𝑖, 𝑗 ∈ 𝑆 .

This condition is checked at the end of each timestep after buffer
promotion. When convergence is detected, the convergence time is

73



Algorithm 1 Selective Propagation Algorithm
Require: Satellites 𝑆 = {1, . . . , 𝑛𝑆 }, relay-capable set 𝐶𝑁 ⊆ 𝑆 , targets 𝑂 =

{1, . . . , 𝑛𝑂 }, connected to task set𝑇 , interval [𝑡𝑖𝑛, 𝑡𝑒𝑛𝑑 ], step Δ𝑡
Require: Coefficients𝐴, 𝐵,𝐶 (default𝐴 = 𝐵 = 𝐶 = 1)
Ensure: Convergence time 𝑡𝑐 ; task register𝑇𝑖 for all 𝑖 ∈ 𝑆

Note: 𝑅𝐹𝑘
𝑖
(𝑡 ) is computed using Eq. (2) over [𝑡, 𝑡𝑒𝑛𝑑 ].

1: Init: Choose one satellite with𝑇 ; all others start empty.
2: for 𝑡 ← 𝑡𝑖𝑛 to 𝑡𝑒𝑛𝑑 step Δ𝑡 do
3: Update states (positions, 𝑝𝑖 (𝑡 ) , 𝑑𝑠𝑖 (𝑡 ) , 𝑎𝑖 (𝑡 ) for all 𝑖 ∈ 𝑆)
4: for all pairs (𝑖, 𝑗 ) with 𝑖 < 𝑗 do ⊲ 𝑖 = sender, 𝑗 = receiver
5: if 𝑖 ∈ 𝐶𝑁 ∨ 𝑗 ∈ 𝐶𝑁 then
6: if rate(𝑖, 𝑗 ) > 0 then
7: if knowledge mismatch between𝑇𝑖 and𝑇𝑗 , or𝑇𝑗 = ∅ then
8: Satellite 𝑖 sends task packet to satellite 𝑗 ;

accumulate data until size 𝐷𝑠 is reached
(resume across interrupted links)

9: if transfer complete then
10: Satellite 𝑗 enters processing mode (comm disabled for 1 s)
11: for all received tasks 𝑘 do
12: if 𝑘 ∈ 𝑇𝑗 then ⊲ Task already known to 𝑗

13: if 𝑇 𝑟𝑒𝑐𝑣
𝑘,𝑅𝐹

> 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝑅𝐹
then

14: 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝑅𝐹
← 𝑇 𝑟𝑒𝑐𝑣

𝑘,𝑅𝐹

15: 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝐼𝐷
← 𝑇 𝑟𝑒𝑐𝑣

𝑘,𝐼𝐷

16: 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝑡
← 𝑇 𝑟𝑒𝑐𝑣

𝑘,𝑡

17: end if ⊲ Ties: keep current entry (no update)
18: else ⊲ Task newly discovered by 𝑗

19: Compute 𝑅𝐹𝑘
𝑗
(𝑡 ) using Eq. (2)

20: 𝐿
𝑗

𝑘,𝑅𝐹
← 𝑅𝐹𝑘

𝑗
(𝑡 )

21: 𝐿
𝑗

𝑘,𝐼𝐷
← 𝑗

22: if 𝐿 𝑗

𝑘,𝑅𝐹
> 𝑇 𝑟𝑒𝑐𝑣

𝑘,𝑅𝐹
then

23: 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝑅𝐹
← 𝐿

𝑗

𝑘,𝑅𝐹

24: 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝐼𝐷
← 𝑗

25: 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝑡
← 𝑡

26: else
27: 𝑇

𝑏𝑢𝑓 ,𝑗

𝑘,𝑅𝐹
← 𝑇 𝑟𝑒𝑐𝑣

𝑘,𝑅𝐹

28: 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝐼𝐷
← 𝑇 𝑟𝑒𝑐𝑣

𝑘,𝐼𝐷

29: 𝑇
𝑏𝑢𝑓 ,𝑗

𝑘,𝑡
← 𝑇 𝑟𝑒𝑐𝑣

𝑘,𝑡

30: end if ⊲ Ties: received entry takes precedence
31: end if
32: end for
33: Satellite 𝑗 exits processing mode
34: end if
35: end if
36: end if
37: end if
38: end for
39: for all 𝑖 ∈ 𝑆 do
40: Promote buffer to𝑇𝑖 ; clear buffer
41: end for
42: if converged (unique max𝑇𝑘,𝑅𝐹 per 𝑘 network-wide) then
43: 𝑡𝑐 ← 𝑡 − 𝑡𝑖𝑛
44: return 𝑡𝑐 , {𝑇𝑖 }𝑖∈𝑆
45: end if
46: end for

recorded as 𝑡𝑐 = 𝑡 − 𝑡𝑖𝑛 and the simulation terminates. It should be
noted that convergence of reward values alone is not sufficient: two
satellites may store the same 𝑅𝐹 value for a task while associating
it with different satellite identifiers, which would constitute a tie
rather than a resolved allocation. The bidding process does not
include a mechanism to discern between two identical RF values:
an incoming reward value overwrites the buffered entry only if
it is strictly greater. Consequently, an incoming RF equal to the
currently stored value is discarded and the existing entry is retained
unchanged, implying that the first satellite to propagate a given RF

value for a task retains the assignment. This preserves the direction
of propagation and ensures a unique identifier is stored network-
wide upon convergence. Algorithm 1 summarizes the full procedure.

3 RESULTS
3.1 Experimental Setup
The simulation environment is configured as follows. Both satel-
lites and targets are assumed to be in Low Earth Orbit. Table 4
summarizes the orbital parameters.

Table 4: Orbital Parameters for Satellites and Targets

Variable Satellites Targets

Type Walker Delta SSO
𝑛𝑝 [-] 10 𝑛𝑇
𝑎 [km] 6923 7171
𝑖 [◦] 53 98.55 ± 10
𝑒 [-] 0 0.0009
Ω [◦] [0, 360] 267
𝜔 [◦] 0 84
𝜃 [◦] [0, 360] [0, 360]

The constellation is composed of 𝑛𝑝 = 10 orbital planes, among
which the satellites are equally distributed. Each orbit is perfectly
circular, with eccentricity 𝑒 = 0, and has a semi-major axis 𝑎 =

6923 km, corresponding to a constant orbital altitude of 550 km.
The inclination 𝑖 and the argument of periapsis 𝜔 are set to 53◦
and 0◦, respectively, for all orbits. The initial true anomaly 𝜃 and
the right ascension of the ascending node Ω take variable values.
Given the total number of satellites 𝑛𝑆 , satellite 𝑖 is assigned Ω𝑖

and 𝜃𝑖 according to Eq. (3) and Eq. (4).

Ω𝑖 =
2𝜋
𝑛𝑝

⌊
𝑖

𝑛𝑆/𝑛𝑝

⌋
, (3)

𝜃𝑖 =
2𝜋

𝑛𝑆/𝑛𝑝

(
𝑖 mod

𝑛𝑆

𝑛𝑝

)
. (4)

The outputs of (3) and (4) are converted from radians to degrees.
The orbital parameters of the satellites correspond to the first group
of Starlink satellites [13]. Each target defines a distinct orbital plane,
with the reference plane corresponding to that of Envisat, charac-
terized by an inclination of 98.55◦. Target inclinations are equally
spaced within a range of ±10◦ around this reference value. Initial
target true anomalies are uniformly distributed over 360◦. These
represent orbits commonly used for Earth Observation satellites
and those with the highest density of space debris [5]. The simulator
precomputes all orbital states and retrieves them during execution.
Each satellite carries identical subsystems. The electrical power
subsystem includes a 0.4 × 0.3 m solar panel with 22% efficiency,
packing factor 0.9, maximum stored energy 𝐸max = 84 kJ, opera-
tional power demand 28.5 W, and eclipse power demand 5.0 W,
with variation across satellites depending on the orbit. The opti-
cal payload has a 5◦ field of view, aperture diameter 𝑑𝑙 = 9 cm,
and wavelength limits 𝜆 = 400–700 nm; assuming a target size
𝑑𝑇 = 10 m, the Rayleigh criterion gives a maximum observable
distance 𝑑max = 𝑑𝑇𝑑𝑙/(1.22 𝜆) ≈ 860 km. The onboard computer
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requires 1 s to evaluate reward functions, during which communica-
tion is disabled. Inter-satellite communications operate at 437 MHz
with 9.6 kHz bandwidth, 2 W transmit power, and receiver sensi-
tivity −151 dBW. Satellites establish communication only when
the effective data rate, computed from the link budget, Shannon
capacity, and bit error rate, is strictly positive; otherwise the link
is inactive. All parameter values are selected to align with typical
specifications for a 6U CubeSat. All satellites maintain a fixed atti-
tude aligned with the positive 𝑧-axis of the Earth-Centered Inertial
frame, with payload boresight constant over time. At each timestep
of Δ𝑡 = 1 s, the simulator updates the status of each satellite.

3.2 Comparison with Existing Methods
The results are interpreted in the context of Table 1. The proposed
framework differs from the baseline methods along three dimen-
sions directly observable in the results below.

Regarding task knowledge at initialization: BD [10], NSS/DCOP [15],
and m-CBBA [6] assume global task knowledge from the outset.
The proposed method relaxes this assumption entirely; only one
satellite holds the full task set at initialization. The knowledge dif-
fusion results in Section 3.3 quantify this cost: diffusion time 𝑡𝐷 is
the primary bottleneck, not the bidding process itself.

Regarding scalability: The proposed method evaluates only a
single reward value per task per satellite, demonstrating conver-
gence at up to 5,000 satellites and 500 concurrent tasks, a scale not
demonstrated by any baseline method.

Regarding centralization: none of the baseline methods model
or vary the degree of centralization as an architectural parameter.
This study quantifies how 𝑓𝐶𝑁 affects convergence time, diffusion,
and communication efficiency; a design dimension absent from the
existing literature. The results show that 𝑓𝐶𝑁 ≥ 0.05 is sufficient
for fast convergence, suggesting partial centralization as a scal-
able architectural strategy applicable beyond the specific algorithm
studied here.

3.3 Individual Run Analysis
We introduce the results of a selected individual run, for reference
and to set a standard for the general performance of the framework.
We select the constellation with 5,000 satellites, of which 10% (500)
are Central Nodes, and with a set of 50 target objects.

Figure 1: Reward function evolution over time for 𝑛𝑆 = 5000,
𝑛𝑇 = 50, 𝑓𝐶𝑁 = 0.1.

Figure 1 shows the maximum RF value per task, which reaches
75% of the theoretical maximum of 3.0 after 5 s; no further im-
provements are found after 45 s despite the network not yet having
converged. Figure 2 shows knowledge diffusion, which completes
at 𝑡𝐷 = 48 s, only 10 s before full network convergence, indicating
that task knowledge diffusion, not the bidding process, is the pri-
mary bottleneck under the current assumptions. Figure 3 shows
the bidding status, which rises to a peak of over 40 simultaneous

Figure 2: Knowledge diffusion over time for𝑛𝑆 = 5000,𝑛𝑇 = 50,
𝑓𝐶𝑁 = 0.1.

Figure 3: Bidding status over time for 𝑛𝑆 = 5000, 𝑛𝑇 = 50,
𝑓𝐶𝑁 = 0.1.

Figure 4: Performance Landscape of the studied collaborative
framework, on log-log scale.
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Figure 5: Time to converge 𝑡𝑐 plotted against 𝑓𝐶𝑁 for 𝑛𝑆 ∈ {1000, 2000, 5000}.

candidates per task during the initial propagation phase, then de-
creases nonlinearly until a single satellite per task is aware of being
the best candidate.

3.4 Network Performance
The performance landscape plot in Figure 4 maps system behavior
in a reduced two-parameter space. The horizontal axis represents
the fraction of central nodes 𝑓𝐶𝑁 . The vertical axis represents task
intensity, defined as the task load ratio 𝑛𝑇 /𝑛𝑆 . Each data point en-
codes the convergence time 𝑡𝑐 through color, with yellow indicating
larger 𝑡𝑐 values and purple indicating smaller 𝑡𝑐 values. The surface
shows a continuous dependence of network responsiveness on both
𝑓𝐶𝑁 and 𝑛𝑇 /𝑛𝑆 . Increasing task intensity increases convergence
time. Increasing 𝑓𝐶𝑁 decreases convergence time. The plot enables
identification of the minimum 𝑓𝐶𝑁 to meet a target responsive-
ness level for a given task load. Configurations with 𝑓𝐶𝑁 ≥ 0.05
maintain 𝑡𝑐 < 100 s across the explored range of 𝑛𝑇 /𝑛𝑆 .

Figure 5 reports convergence time 𝑡𝑐 as a function of the central
node fraction 𝑓𝐶𝑁 for multiple task counts 𝑛𝑇 and three constella-
tion sizes 𝑛𝑆 . Each subplot corresponds to a fixed value of 𝑛𝑆 .

The curves exhibit saturation behavior for 𝑓𝐶𝑁 > 0.1, where
further increases in 𝑓𝐶𝑁 yield marginal reductions in 𝑡𝑐 . Larger
constellations show steeper reductions of 𝑡𝑐 with increasing 𝑓𝐶𝑁 ,
indicating lower required central node fractions to achieve min-
imum convergence times as 𝑛𝑆 increases. Increasing 𝑛𝑇 reduces
the variability of 𝑡𝑐 with respect to 𝑓𝐶𝑁 for fixed 𝑛𝑆 . The observed
saturation suggests the existence of a minimum absolute number
of central nodes required to achieve maximum network responsive-
ness for the given constellation geometry. A detailed analysis of
the communication topology is outside the scope of this study.

Another performance metric considers the ratio of central nodes
to tasks, 𝑛𝐶𝑁 /𝑛𝑇 . Figure 6 reports convergence time 𝑡𝑐 (left panel)
and link efficiency 𝜂𝐿 (right panel) as functions of 𝑛𝐶𝑁 /𝑛𝑇 , with
all axes in logarithmic scale.

The left panel shows that configurations with 𝑛𝐶𝑁 < 𝑛𝑇 do
not achieve 𝑡𝑐 < 100 s. This threshold appears invariant across
the tested values of 𝑛𝑆 , indicating a scale-independent constraint
within the explored parameter range. The observed threshold can
be understood as a large-scale network effect: as the number of
tasks 𝑛𝑇 increases, the task packet size 𝐷𝑠 grows proportionally,

requiring longer or more numerous communication windows to
complete each transfer. With fewer central nodes than tasks (𝑛𝐶𝑁 <

𝑛𝑇 ), the relay capacity of the network is insufficient to absorb this
increased communication demand within the available contact
opportunities, and the cumulative delay across the diffusion graph
pushes convergence beyond 100 s. This effect is scale-independent:
it persists across all tested values of 𝑛𝑆 , suggesting that the ratio
𝑛𝐶𝑁 /𝑛𝑇 captures a fundamental constraint on the relay capacity of
the network relative to its task load. Validation outside this range
requires simulations with larger DSS.

Each horizontal stripe of points corresponds to a fixed number of
tasks 𝑛𝑇 , which compares with Figure 5. Movement along a stripe
toward lower 𝑛𝐶𝑁 /𝑛𝑇 corresponds to decreasing 𝑛𝐶𝑁 . Increasing
𝑛𝑆 reduces the sensitivity of 𝑡𝑐 to variations in 𝑛𝐶𝑁 for fixed 𝑛𝑇 .
The color gradients converge toward linear trends as 𝑛𝑆 increases,
indicating reduced variability of convergence time with respect to
central node count in larger constellations.

Communication Efficiency. The right panel of Figure 6 reports
the link efficiency 𝜂𝐿 = 𝑛𝐿/𝑛𝑇 , the ratio of total links before conver-
gence to number of tasks. Lower 𝜂𝐿 indicates higher information
yield per communication event. As shown in Figure 6, 𝜂𝐿 grows log-
linearly with 𝑛𝐶𝑁 /𝑛𝑇 , with larger constellations exhibiting steeper
slopes due to greater communication demand. This motivates the
power-law fit:

𝜂𝐿 = 𝐴 ×
(
𝑛𝐶𝑁

𝑛𝑇

)𝑏
(5)

Parameters𝐴 and 𝑏 were identified for each constellation size 𝑛𝑆
and plotted in Figure 7 as functions of 𝑛𝑆 . The coefficient 𝑏 follows
a linear dependence on 𝑛𝑆 (Eq. (6)), while 𝐴 follows a power-law
dependence on 𝑛𝑆 (Eq. (7)). Linear regression yields p-values of
5.187 × 10−3 for 𝑏 and 1.659 × 10−3 for 𝐴.

𝑏 = 4.15 × 10−5 𝑛𝑆 + 0.617 (6)

𝐴 ≈ 1.1 × 𝑛0.81
𝑆

(7)

Table 5 reports the total number of links 𝑛𝐿 established before
convergence under the current communication assumptions. The
𝑛𝐿 increases for larger decentralized constellation. However, we see
a maximum 𝑛𝐿 at 𝑛𝑇 = 10 and 𝑓𝐶𝑁 = 1.0, rather than at a boundary
of the 𝑛𝑇 × 𝑓𝐶𝑁 parameter space. This pattern holds across all tested
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Figure 6: Time to converge 𝑡𝑐 (on the left) and link efficiency 𝜂𝐿 (on the right) against CN to task ratio. Axes are all in log-scale.

(a) Scaling coefficient 𝐴.

(b) Power exponent 𝑏.

Figure 7: Power-law coefficients 𝐴 (top) and 𝑏 (bottom) for
the relation between 𝜂𝐿 and 𝑛𝐶𝑁 /𝑛𝑇 as functions of 𝑛𝑆 .

values of 𝑛𝑆 and needs to be further investigated. Tables for other
constellation sizes are omitted for brevity. For 𝑛𝑇 ≤ 10, the task
packet size permits complete transmission within a single 1 s link,
the minimum link duration imposed by the simulation timestep
Δ𝑡 = 1 s. Increasing 𝑛𝑇 increases 𝑛𝐿 , as satellites require additional
communication rounds to reach agreement on multiple tasks. For
𝑛𝑇 > 10, task packet sizes exceed the single-step transmission

Table 5: Number of Links for 𝑛𝑇 and 𝑓𝐶𝑁 (5000 Satellites).
Values are ×105

𝑓𝐶𝑁 0.01 0.02 0.05 0.10 0.20 0.50 1.00

𝑛𝑇

1 0.25 0.33 0.56 1.1 1.6 2.2 4.4
5 0.62 1.0 2.1 3.9 6.5 1.3 1.8
10 0.86 1.4 2.6 4.7 8.9 19 26
50 0.76 1.0 2.0 3.4 5.8 10 12
100 1.0 1.1 2.1 3.5 5.2 9.6 10
500 0.79 1.0 1.6 2.5 4.0 6.0 6.4

capacity. Satellites complete data exchange only after full task set
transfer. Convergence time increases, link durations increase, and
the number of completed links decreases. Parallel bidding across the
network advances consensus during partial transmissions; some
unfinished links are no longer needed yet still occur. This effect
reduces 𝑛𝐿 despite higher task counts.

The results show that 𝑓𝐶𝑁 ≥ 0.05 maintains 𝑡𝑐 < 100 s across
all task intensities, and that 𝑛𝐶𝑁 /𝑛𝑇 is a scale-independent con-
straint: constellations with 𝑛𝐶𝑁 < 𝑛𝑇 consistently fail to converge
within 100 s regardless of 𝑛𝑆 . Larger constellations require smaller
𝑓𝐶𝑁 fractions for equivalent responsiveness, and communication
efficiency follows a power-law in 𝑛𝐶𝑁 /𝑛𝑇 with coefficients scaling
systematically with 𝑛𝑆 .

4 FUTUREWORK AND CONCLUSION
Future work includes investigations into different constellation
architectures, additional performance metrics such as system com-
plexity and robustness, and determination of the optimal degree
of centralization for specific use cases such as planetary boundary
layer monitoring and wildfire detection. We will study resilience
under random and targeted central-node failures. Extensions to
dynamic task generation and multiple simultaneous task injection
points will relax the single-origin assumption adopted here. We
also plan to incorporate realistic inter-satellite network protocols
to improve simulation fidelity. Overall, the results demonstrate
that reward-based selective propagation enables fast, scalable, and
communication-efficient multi-task allocation, highlighting the im-
portance of partial centralization as a practical architectural strategy
for future distributed satellite systems.
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ABSTRACT
Deep space missions are advancing increasingly further away from
Earth, making continuous communication for mission maintenance
progressively more difficult. To enable ongoing scientific explo-
ration even without communication to Earth and to prevent mis-
sion abortion in critical situations, spacecrafts must be capable of
operating with a high degree of autonomy. Achieving this level
of autonomy requires intelligent systems that can reason about
complex situations and interact effectively with their environment,
often by leveraging specialized tools.

Current autonomous agents, however, typically rely on prede-
fined tools to interact with their environment, which limits their
flexibility in novel or unexpected situations. In this work, we present
a framework that enables LLM-based agents to dynamically gen-
erate Python tools at runtime, allowing autonomous reasoning
and task execution in previously unseen environments - a crucial
capability for deep space missions. Our system connects a dedi-
cated Tool-Agent with a planning agent to form a fully autonomous
pipeline capable of planning and executing unseen tasks without
predefined tools or task-specific guidelines. The system functions
with standard mid-sized LLMs (up to 30B parameters), without
pre-training or in-context learning. We demonstrate this approach
on a space debris scenario, where a satellite detects nearby debris;
our system successfully assesses collision risk by autonomously
creating, executing, and analyzing tools for trajectory calculation
of the two objects.

While this work is still a proof-of-concept, it highlights the po-
tential of runtime tool generation to enhance the autonomy of
agents operating in deep space, enabling more resilient and adap-
tive mission operations.
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LLM, Tool-Generation, Multi-Agent Systems, Space Systems
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1 INTRODUCTION
We propose a framework that integrates a Planning-Agent with a
dedicated Tool-Agent capable of dynamically generating Python
scripts at runtime. The Planning-Agent maintains a high-level task
plan that is continuously updated with gained knowledge and sub-
tasks as needed. The Tool-Agent focuses on executing delegated
subtasks by creating and utilizing tools when required. It is tightly
coupled to the Planning-Agent and can request additional input
from it at any time during task execution. Tools are stored and
reusable so that they can be used multiple times and in sequence.
Complex and large outputs from tools are stored in dedicated arti-
facts, keeping the agents working context manageable. Both agents
condense their interaction history after logical steps, preserving
task-relevant information and supporting focused reasoning like
that of episodic memory. In contrast to related works, our frame-
work does not rely on the use of external services and heavy pro-
cessing in the cloud. Instead it employs small-sized agents up to
30B parameters that can be operated on platforms with constraints
on computational resources, memory, and energy consumption,
which makes it suitable for increasing autonomy of remote space
systems operating under uncertain conditions.

In summary, our contribution is as follows:

• A multi-agent architecture combining high-level planning
with dynamic, on-demand tool generation,

• A mechanism for safe and reusable tool execution with
artifact-based state management,

• An approach for maintaining concise, task-relevant mem-
ory to support autonomous reasoning in complex, novel
environments.

We demonstrate our system with a scenario, where the system
is used to assess the collision risk of space debris with a satellite.
In general, the field of spacecraft collision avoidance studies the
process of minimizing or mitigating the risk of collisions between
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spacecraft in Earth orbit and other orbiting objects. These orbit-
ing objects can be other spacecraft, remnants of satellite collisions,
or naturally occurring materials, like micrometeoroids and natu-
ral satellites. The European Space Agency (ESA) currently tracks
around 15,860 (man-made) satellites in Earth orbit, of which about
12,900 are still functional. Furthermore, the overall number of ob-
jects in orbit is 54,000 space objects greater than 10 cm, 1.2 million
objects between 10 cm and 1 cm, and 130 million objects between 1
mm and 1 cm [12]. While objects of very small size seem noncritical,
a potential impact with another object can have catastrophic results,
due to the high relative velocity and thus high kinetic energy. For
example, the orbital velocity in low Earth orbit (LEO) is around
7.8𝑘𝑚/𝑠 . Therefore, two objects perpendicular to each other would
collide at roughly 12.2𝑘𝑚/𝑠 . Even tiny particles like paint flecks
or solidified liquids expelled from spacecraft could permanently
damage, or, in the worst case, disintegrate another object. As such,
these collisions should be avoided at all cost. However, this cur-
rently requires tremendous effort, from building and maintaining
ground infrastructure for the tracking of objects, to the computa-
tional effort of collision prediction methods, to the organizational
and operational effort to coordinate, plan and execute an avoidance
maneuver. This is further complicated if one of the objects cannot
be remote controlled (e.g., due to being defunct), or there isn’t suf-
ficient time to act. While these circumstances already justify the
need for increased autonomy, the problem of collision avoidance is
predicted to become even worse, with many public companies and
national institutions proposing or launching mega-constellations of
satellites, like SpaceX’s Starlink, Amanzon’s Leo (formerly known
as Project Kuiper), or China’s Guowang satellites. ESA suggests,
that, even without additional launches, catastrophic collision num-
bers will increase, due to the fact that collision events add debris
objects faster than debris can naturally re-enter the atmosphere
[12].

To deal with this increase in collision events, future spacecraft
might be equipped with autonomous on-board capabilities to detect
other objects, predict the point and time of closest approach (PCA
and TCA) and perform avoidance maneuvers to prevent potential
collisions. More specifically, the PCA is defined as the point in each
object’s orbit, where the magnitude of the relative position vector
between the two objects is a minimum, and the TCA is defined
as the time, at which the minimum miss distance between the
two objects occurs. In the system that is developed as part of this
paper, specifically the task of collision prediction is demonstrated,
by utilizing dynamic tool generation. For the purposes of this, we
refer to the controlled asset (i.e. the spacecraft performing collision
avoidance) as the primary object and the object it encounters as
the secondary object. Furthermore, encounters can be classified in
two different scenarios: 1. short-term and 2. long-term [18]. On the
one hand, short-term encounters usually happen between objects
with two significantly different orbits, which results in very high
velocities at the point of closest approach and lasting a few seconds
only. On the other hand, long-term encounters happen between
two satellites traveling along near identical orbits. For the purposes
of demonstrating our system only the first scenario of encounter
is considered. The goal is to combine a tool-agent with a planning
agent, in order to dynamically generate Python code, that can solve

the task of finding the PCA and TCA, without providing predefined
tools.

2 RELATEDWORK
Since the introduction of Large Language Models (LLMs), we are
witnessing a progressive shift away from passive chatbots with
static knowledge towards active agents with interactive capabili-
ties. A significant part of research focuses on Agents that leverage
predefined tools to extend their reasoning and interaction abilities.
Such tools enable them to perform tasks such as query databases,
retrieve web information or perform structured calculations. Since
such approaches are limited by the tools that are provided to them,
the agents are constrained in their flexibility when faced with novel
and unexpected tasks or data. For this reason, recent work has
begun exploring dynamic tool generation, a concept where tools
are no longer required before runtime, but instead dynamically
synthesized during the reasoning process.

Among the earliest adopters in the realm of tool-generating
systems isATLASS [7].ATLASS is a closed-loop framework designed
for problem solving tasks with tool learning and selection. The
system is divided into three stages to (i) determine whether tools
are required, (ii) generate or retrieve required tools and (iii) execute
the respective tools in order to complete the initial task. The Tool
Generation process is designed as an iterative loop that involves
the installation of dependencies and writing of Python code until
the code execution runs without errors. ATLASS is designed with
the GPT-4.0 model from OpenAI, a large, cloud-based model.

Wölflein et al. [17] present ToolMaker, a framework that turns
scientific papers and their accompanied code repositories into func-
tional, LLM-compatible tools, facilitating reproducibility of scien-
tific publications. Their system follows an iterative workflow inside
a dedicated execution environment to handle repository installa-
tion, dependency management and function generation. Wölflein
et al. demonstrate how agents can go beyond the generation of
simple tools and instead "produce tools for real-world scientific
tasks". ToolMaker was designed around and evaluated on several
large-scale cloud models, namely GPT-4o, GPT-o3-mini and Claude
3.5 Sonnet.

While ATLASS and ToolMaker use prompt techniques to enable
the generation of tools, DeepAgent [10] introduced by Li et al. fo-
cuses on discovering and invoking existing tools from massive tool
sets. Rather than creating new tools, ToolMaker uses a retrieval
system to match relevant tools and their documentation for a par-
ticular task. In order to improve tool-use in subsequent requests,
the internal reasoning models maintain a tool memory to store
executed tools along with metadata such as success rates and pa-
rameter combinations. In their study, Li et al. used the QwQ-32B
model [15] as their main reasoning LLM.

Recent work has further introduced a paradigm shift away from
purpose-specific tools towards the acquisition of broader skill-sets.
CASCADE [8] introduces an agentic system that learns to establish
executable scientific routines that are autonomously developed
and stored for future use. Here, an essential concept is the agents
ability to acquire skills through pre-defined "meta-tools" such as
web search and code execution. Evaluated on several of OpenAI’s
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models, Claude and a Qwen 30B model, CASCADE significantly
outperforms traditional "tool-use" baselines.

The aformentioned frameworks primarily target terrestrial re-
search or labratory environments. Systems like ATLASS and Tool-
Maker rely on high-resource cloud-based models, a requirement
that is misaligned with the constraints of space systems, which
operate under severe computational limitations. Instead, our frame-
work is specifically optimized to function with standard mid-sized
LLMs (up to 30B parameters) that can be operated on modern edge-
processors. In contrast to CASCADE and DeepAgent, which depend
on persistent external connectivity for web-based learning or large-
scale API retrieval, our architecture is designed to operate indepen-
dently from external resources. Rather than discovering existing
tools through pre-computed indices, as in DeepAgent, or learning
and reusing complex external routines, as in CASCADE, our system
employs a dual-agent pipeline that dynamically generates Python
scripts at runtime. These scripts directly process raw environmen-
tal data without relying on predefined task-specific instructions.
Thus, our approach can be a building block of autonomous systems
operating on spacecraft where energy consumption is a crucial
factor as well as in in isolated environments, such as deep space
missions where persistent high bandwidth communication with
Earth is limited.

3 MOTIVATING EXAMPLE
To illustrate the practical utility of our framework, we employ a
scenario where a satellite (primary object) detects a nearby piece
of space debris (secondary object) and must independently assess
the risk of collision. As mentioned in the introduction (ref. ch. 1),
this is referred to as a short-term encounter, and the goal of the
system is to find the point of closest approach. Provided with only
two location measurements for each object, the system receives the
following task:

A new piece of space debris has been detected in the vicinity
of our satellite orbiting Earth. For the satellite and the debris,
two location measurements have been recorded at two dif-
ferent timestamps, stored in the ’satellite_measurements.csv’
and ’debris_measurements.csv’ files within the ’trajectories’
directory.
Determine whether the newly detected space debris poses a
collision threat to the satellite.

For context, the tracked location data are summarized in Ta-
ble 1. Measurements for both the satellite and the debris include the
columns timestamp, x, y, and z. The debris data additionally con-
tain a mass column, which is irrelevant to the task but introduces
minor noise that the agents should ideally ignore.

Our multi-agent setup successfully identifies both the time and
point of closest approach (TCA and PCA), yielding a minimum
distance of 21.38 units after 11.43 units of time. A visual, step-by-
step trace of the agent interactions is provided in Appendix A.
Unlike approaches that rely on in-context LLM calculations - which
are often unsafe or approximate - our agents outsource all critical
computations to Python tools, ensuring precise and reliable results.
Notably, the agents autonomously determined that they needed to
access and extract measurement data from the provided CSV files, a
task that LLMs cannot typically perform on their own. Importantly,
these tools were not predefined or externally instructed; the agents

timestamp x y z mass
Debris measurements

0 40 -40 -5 20
10 40 0 15 20
Satellite measurements
0 0 0 -5 —
10 20 0 5 —

Table 1: Location measurements for debris and satellite ob-
jects.

themselves identified the necessity of each tool and generated or
executed it as required, demonstrating the key advantage of our
dynamic, self-directed tool-generation approach.

At a high level, the agents proceed as follows (see also Appen-
dix A):

1. The Reasoning Agent initializes a high-level plan consisting
of four steps: (1) load and interpret measurements, (2) calcu-
late trajectories, (3) predict closest approach, and (4) assess
collision risk.

2. The Reasoning Agent delegates the first execution task to the
Tool Agent, requesting the extraction of the measurements
of the satellite and debris locations from file.

3. The Tool Agent fulfills this request through the following
substeps:

3.1. It generates the tool inspect_csv_files(file_paths)
to inspect the structure of the input data. The tool deter-
mines that the satellite measurements contain the columns
timestamp, x, y, and z, while the debris measurements
additionally include a mass column.

3.2. Based on the observed structure, the Tool Agent generates
a second tool, extract_trajectory_data(file_paths),
which extracts the relevant position measurements. The
mass column is correctly ignored, as it is not required for
the task. The extracted measurements are stored in artifact
42b.

4. Following the plan, the Reasoning Agent delegates the next
task to the Tool Agent, instructing it to compute the trajec-
tories of both objects.

5. To do this, the Tool Agent first generates a new tool called
calculate_trajectory(measurements), which computes
position and velocity vectors as well as final positions for
each object. The tool is then executed using the measure-
ment data from artifact 42b, and the resulting trajectory
parameters are stored in artifact 6f8.

6. The Reasoning Agent then delegates the computation of
TCA and PCA to the Tool Agent.

7. To complete this task, the Tool Agent generates the tool
calculate_closest_approach(trajectory_params) and
executes it using the trajectory parameters stored in artifact
6f8. The initial execution fails due to a key error; the tool
is subsequently repaired and re-executed successfully. The
correct TCA and PCA values are stored in artifact 475 and
returned to the Reasoning Agent.
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8. With all planned steps completed, the Reasoning Agent fi-
nalizes the assessment and terminates the process.

4 METHODOLOGY
We illustrate the setup of our proposed framework in Figure 1. The
frameworks’ core is composed of the Reasoning Agent and the Tool
Agent. The Reasoning Agent is responsible for the maintenance of
the overarching goal, task decomposition and task delegation. The
Tool Agent independently executes dedicated, more isolated tasks
directly delegated by the Reasoning Agent. It also coordinates the
generation and execution of tools, working together closely with
the Coding Agent used for the generation of tools (Python scripts).

Once created, tools are stored alongside augmented information
describing the tools purpose and usage. Executed tools produce
persistent artifacts that can be viewed and invoked directly within
tool calls. Finally, our system employs an Epoisodic Summarizer to
condense the reasoning history of the Reasoning Agent and Tool
Agent after logical steps. This approach has proven successful in
maintaining focused task execution [10, 11, 16].

Generally, we aim to utilize models as small as possible as prac-
tical deployment in space environments is constrained by limited
onboard computational resources.

4.1 Components
In this subsection, we introduce the main components of our frame-
work. For this purpose, we focus on outlining their role within the
overall architecture.

Reasoning Agent The Reasoning Agent is responsible for plan-
ning and coordinating the steps required to reach a defined goal. It
maintains a continuous plan to organize sequences of tasks, dele-
gate them to the Tool Agent and store facts and knowledge gathered
through the process. As this role requires more general and broader
commonsense reasoning abilities, we base the Reasoning Model on
the Gemma 27B LLM [13].

Tool Agent Within our framework, the Tool Agent operates as
an execution-oriented component that fulfills subtasks delegated
by the Reasoning Agent. From the perspective of the Reasoning
Agent, it is treated as a black box: The Reasoning Agent specifies
what information is required or what needs to be done, but remains
agnostic in how that information is obtained or a task is executed.
The Tool Agent’s novel capability is the autonomous coordination,
generation and execution of tools. It uses four specialized com-
mands to initiate any of these actions, which is detailed in Section
4.2. The agent does not generate the raw source code of tools itself,
but rather manages the coordination and use around tools. As such,
it is assigned with a Qwen 30B LLM [14], a model which we found
delivers straightforward reasoning steps, ideal for this use case.

Coding Agent The Coding Agent is directly responsible for (i)
generating the source code of new tools, (ii) classifying the reason
for failed tool executions and (iii) repairing tools that have failed
after execution, if the failure reason was assessed to be an issue
in the code. Due to its highly focused responsibilities, the Coding
Agent is based on a Qwen-Coder 14B [9] model by default. In the
case of repeated generation of invalid code, the model dynamically
increases to its larger Qwen-Coder 30B variant.

Tools Tools are isolated Python scripts intended to support spe-
cific, encapsulated use cases, ranging from basic operations such as
local file access to advanced tasks involving mathematical computa-
tion and external data retrieval. Each tool execution yields artifacts
containing (i) the raw output, (ii) associated meta-information (e.g.,
data type), and (iii) a verbalized summary when the output cannot
be passed directly to the Tool Agent, such as in cases of large out-
puts or non-serializable data objects (e.g., database clients or library
instances). Tools are invoked by the Tool Agent with a defined
set of parameters, which may be specified directly or populated
via references to artifacts produced by prior tool executions. This
design supports sequential tool execution and the compositional
integration of tool outputs.

Episodic Summarizer Finally, an episodic Summarizer LLM
continuously condenses the evolving conversational context shared
between the Reasoning Agent and the Tool Agent. This strategy
has been shown to effectively improve the agents’ reasoning ability
in several prior studies [10, 11, 16]. During the agents’ reasoning
process, the lightweight language model LLaMA 8B [1] incremen-
tally organizes the accumulated reasoning history into discrete
logical steps. Such steps may include, for instance, tool genera-
tion, tool execution, or intermediate planning phases. Each step
typically comprises multiple prompts and intermediate reasoning
traces, which are consolidated into a single concise summary once
the step is completed.

4.2 Workflows
In this subsection, we focus on the core principles of our workflow.
Specifically, we detail the process of task planning, tool generation,
tool execution and artifact handling.

Task Planning and Delegation Throughout the process, the
Reasoning Agent maintains a dynamic plan aimed at fulfilling its
overarching goal. The plan contains the overarching goal, the rel-
evant substeps required to complete the overarching goal as well
as a dynamic memory used to store information, facts and other
data gathered throughout the process. The Reasoning Agent can
update the plan at any time during the process, whenever it deems
this as necessary. To facilitate the update of the plan and delega-
tion of individual tasks, the Reasoning Agent can use the com-
mands <UPDATE_PLAN> and <DELEGATE>, which will trigger indi-
vidual prompt sequences to fulfill this request. As of now, tasks
can only be delegated to the Tool Agent, as no other agents are
available. However, the principle can be extended to using several
additional agents. This would allow the delegation of tasks to most
appropriate agents and enable parallel work.

Tool Generation The process of Tool Generation is initiated by
the Tool Agent whenever it decides that a new tool is required to
fulfill a specific task. The agent will trigger the process by stream-
ing a special <CREATE_TOOL> command. The agent will then be
asked to provide a tool specification outlining name, purpose, in-
put parameters and expected output of the tool. The specification
template is illustrated in (Listing 1). It is forwarded to the Coding
Agent, which will generate the source code of the tool based on the
specification.

Tools are validated based on five metrics:
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Figure 1: Overview of our framework architecture. The system consists of two main agents: Reasoning Agent and the Tool
Agent. A Coding Agent generates tools as directed by the Tool Agent. Executed tools produce persistent artifacts for later use.
An episodic summarizer LLM condenses each agent’s reasoning history after logical steps.

1 {
2 "name" : "<tool name >",
3 "description" : "<tool description >",
4 "parameters" : {
5 "<parameter name >": {
6 "type" : "<datatype >",
7 "description" : "<param. description >",
8 "constraints" : "<constraints >"
9 }
10 },
11 "expectedOutput" : "<expected output >"
12 }

Listing 1: Tool specification format

(1) Syntax Validation: Ensures that the generated tool consti-
tutes syntactically valid Python code by attempting compi-
lation without execution.

(2) Entry-Point Validation: Verifies the presence of a desig-
nated main() function, which serves as the required entry
point for tool execution.

(3) Import Validation:Analyzes all import statements to detect
potentially unsafe modules. Additionally, this step ensures
that all imported dependencies are available in the execution
environment.

(4) Executability Validation: Checks whether the tool can
be executed without raising runtime errors by running the
code in an isolated namespace; for example, tools that trigger
exceptions such as division-by-zero or unresolved attribute
accesses during execution are rejected.

(5) Call-Signature Validation: Validates function calls to im-
ported modules by resolving their call paths and verifying
that the provided arguments conform to the corresponding

function signatures; for instance, calls supplying an incor-
rect number of arguments or invalid keyword parameters
are flagged.

Once the tool is validated, it is added to a central registry. Here
it remains available and the Tool Agent can use it in subsequent
steps as many times as needed. Listing 2 (inspect_csv_files) and
Listing 3 (calculate_closest_approach) illustrate two examples
of tools that were generated within the process of our Motivating
Example (Section 3). Specifically, inspect_csv_files allows the
agent to inspect the structure of the .csv file containing the location
measurements, which is a required step to understand how the data
can be processed. The tool calculate_closest_approach allows
the agent to calculate the trajectories of the two objects based on
the previously calculated position and velocity vectors. In our use
case, the tools were created by the Qwen-Coder 14B LLM of the
Coding Agent.

1 import csv

2 def main(file_paths):

3 result = {}

4 for file_path in file_paths:

5 with open(file_path , mode='r', newline='',

encoding='utf -8') as csvfile:

6 reader = csv.reader(csvfile)

7 headers = next(reader)

8 result[file_path] = headers

9 return result

Listing 2: Example of a Generated Tool: inspect_csv_files

1 import numpy as np

2 def main(trajectory_params):

3 # Extract trajectory parameters

4 # The keys in trajectory_params are the file paths ,

so we need to identify which is satellite and which

is debris

5 # For this implementation , we'll assume the first two

keys are satellite and debris respectively

6 keys = list(trajectory_params.keys())
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7 satellite_position = np.array(trajectory_params[keys

[0]]['position '])

8 satellite_velocity = np.array(trajectory_params[keys

[0]]['velocity '])

9

10 debris_position = np.array(trajectory_params[keys

[1]]['position '])

11 debris_velocity = np.array(trajectory_params[keys

[1]]['velocity '])

12

13 # Calculate relative position and velocity

14 relative_position = satellite_position -

debris_position

15 relative_velocity = satellite_velocity -

debris_velocity

16

17 # Calculate the time of closest approach using the

formula:

18 # t = -(r0 . v) / (v . v)

19 r0_dot_v = np.dot(relative_position ,

relative_velocity)

20 v_dot_v = np.dot(relative_velocity , relative_velocity

)

21

22 if v_dot_v == 0:

23 raise ValueError("Relative velocity is zero ,

closest approach cannot be determined.")

24

25 t_closest_approach = -r0_dot_v / v_dot_v

26

27 # Calculate the position at the time of closest

approach

28 satellite_position_ca = satellite_position +

satellite_velocity * t_closest_approach

29 debris_position_ca = debris_position +

debris_velocity * t_closest_approach

30

31 # Calculate the distance at the time of closest

approach

32 distance_ca = np.linalg.norm(satellite_position_ca -

debris_position_ca)

33

34 # Return the result as a dictionary

35 return {

36 'closest_approach_time ': t_closest_approach ,

37 'minimum_distance ': distance_ca

38 }

Listing 3: Example of a Generated Tool:
calculate_closest_approach

Tool Execution Similar to tool generation, tool execution is ini-
tiated by the Tool Agent via a dedicated <EXECUTE_TOOL> command.
This command triggers the tool invocation process, whose detailed
process is illustrated in Figure 2. Broadly, it can be decomposed
into three logical stages:

(1) Parameter Specification: The Tool Agent first identifies
the tool to be executed and provides a brief reason for the
invocation, which is later used to generate a summary of the
output. The agent then supplies the required input parame-
ters, which may either be specified explicitly (e.g., strings or
numerical values) or derived from the outputs of previously
executed tools by referencing their associated artifacts.

(2) Tool Execution andOutputHandling: The selected tool is
executed with the provided parameters. Each tool is required
to expose a single main() function as its sole entry point,

Figure 2: Process of Tool Execution

simplifying and standardizing the execution procedure. If
the execution was successful, the output is directly stored
as an artifact containing the raw result, data type, handle,
size, and - if the raw output is excessively large or cannot
be serialized (e.g., complex objects such as database clients)
- a concise verbal description generated by a lightweight
language model (LLaMA 8B [1]).

(3) Error Handling and Recovery: If tool execution fails, the
Coding Agent analyzes the failure to determine whether
it is likely caused by errors in the tool’s source code or by
invalid input parameters. Based on this assessment, the agent
proposes either a code-level repair or a revision of the input
parameters. In cases where the source code can be repaired,
the corrected version is executed automatically; otherwise,
responsibility for adjusting the input parameters is delegated
back to the Tool Agent.

Artifact Handling By enabling the creation of virtually ar-
bitrary tools, tool outputs may assume unanticipated forms and
data types. In general, large language models (LLMs) are limited
to processing serializable, text-based inputs; when working with
predefined tools, this constraint can typically be enforced by design.

However, once agents are empowered to generate tools dynami-
cally, the resulting output types become inherently unpredictable
and are often incompatible with direct consumption by an LLM. For
example, a database client or figure object are incompatible with
LLMs, as they are not text-based. While larger models may exhibit
an implicit awareness of these limitations and could consequently
construct tools to output only compatible outputs, smaller language
models lack the ability to anticipate whether a tool’s output will
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1 "artifact_id": "artifact_475",
2 "summary": "Tool result of tool

calculate_closest_approach",
3 "context": "Result stored as artifact (dict)",
4 "content": {
5 "closest_approach_time": 11.4285 ,
6 "minimum_distance": 21.3808
7 },
8 "handle": "/artifacts/artifact_475.pkl"

Listing 4: Artifact Representation Created from Tool Output
(Decimal values rounded to 4 decimal places for readability)

be produced in a consumable format. To address this challenge,
our system introduces an explicit artifact abstraction that mediates
between tool execution and agent reasoning. Tool outputs are en-
capsulated into serializable artifacts with a semi-fixed structure,
consisting of the raw tool result, its data type and size, a handle
for later reference, and a concise verbal description generated by
a lightweight language model. Whenever the tool output itself is
serializable, it is forwarded directly to the Tool Agent; only in cases
where the output cannot be serialized do we fall back to the verbal-
ized description, which provides a high-level semantic summary
without exposing an incompatible internal representation. Listing 4
showcases the representation of artifact 475, representing the out-
put of the tool calculate_closest_approach (Listing 3). The raw
output (content) is a small dictionary containing the TCA and PCA
of the two objects. As this output format is directly consumable by
the Tool Agent, no additional textual description is required here.
For LLM-incompatible outputs, the constructed verbal description
cannot describe the raw content of the output. Instead, it can de-
scribe its metadata and purpose. For example, in case of a database
client, the description might state the type of client and how it can
be used in other tools.

Overall, our approach departs from the conventional paradigm
in which agents directly operate on tool outputs. Instead, we adopt
an artifact-centric interaction model in which agents reason over
structured representations of results rather than raw outputs them-
selves. This shift decouples agent reasoning from the concrete data
representations produced by tools, enabling robust handling of
heterogeneous and non-serializable outputs while preserving com-
posability across sequential tool invocations.

5 DISCUSSION
5.1 Advantages of Dynamic Tool Generation
The core contribution of this work is a dynamic tool generation pro-
cess, autonomously triggered by LLM-based agents. The primary
value of this framework is not necessarily to produce code thatis
more computationally efficient than human-written code, but to
produce code that is adapted to unseen data schemas and scenar-
ios. In the motivating example, the generated tool automatically
ignored the irrelevant ’mass’ column in the CSV file. A pre-defined
human tool might have requird explicit error handling for unex-
pected columns. Therefore, the distinction lies in rovustness to
novelty rather than raw performance. This approach allows agents
to overcome two key limitations of tool-based LLMs.

First, the LLMs remain restricted to the tools that were provided
to them. Hence, they cannot dynamically adapt them to new or
evolving situations. It is infeasible to anticipate every possible sce-
nario in advance and create mechanisms for each one that the LLM
can use. On one hand, evenminor deviations from nominal use cases
- such as adapting a maneuver-planning tool to different propulsion
models - would require explicitly predefined tools for each variation.
On the other hand, entirely new problem classes may emerge, such
as the sudden need to analyze an unprecedented orbital regime or
a previously unconsidered debris interaction scenario.

Second, when an LLM faces a situation requiring more advanced
(e.g. mathematical) reasoning, it is forced to perform those calcula-
tions within its own internal framework, as long as no tool exists for
that specific purpose. While modern LLMs have made significant
advancements in reasoning, these types of calculations are inher-
ently prone to error. Unlike specialized tools that perform precise
computations, LLMs do not actually "calculate" but instead "reason"
through them, leading to potential hallucinations or inaccuracies.
Figure 3 illustrates this imprecise nature of LLMs when presented
with calculations. We prompted the LLMs individually with the
task of calculating the TCA and PCA based on the same provided
measurements. Their calculations are often approximate, but not
precise. This example illustrates one of the major benefits of tool-
generating LLMs: it enables them to offload critical computations
to external, reliable systems, thus ensuring more accurate results
and reducing the cognitive load on the LLM itself.

Figure 3: Model Inaccuracies in Reasoning the Correct TCA
and PCA. We prompted all models with the same, neutral
prompt instructing it to identify the TCA and PCA based on
the measurements. The scatter plot displays their calculated
TCA and PCA.

5.2 Limitations & Challenges
While the benefits of dynamic tool generation can fundamentally
advance the capabilities of agentic systems, our research uncovers
new challenges that have to be addressed.

Tool Output Handling. Among the most prominent hurdles
of our system is the handling of tool outputs. For conventional
approaches, tool outputs are well structured and can be easily for-
matted into a form that LLMs can interpret - typically serializable,
formatted text. In our framework we encountered the challenge
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of agents generating tools that produce outputs which are inher-
ently incompatible with the LLMs text-based input requirements.
Examples of such cases include tools that output database clients,
pandas dataframes or image files. Further, output that is serializable
but simply too large to be handled by LLMs efficiently (e.g. large
HTML documents) are a highly impractical side-effect of dynamic
tool-generation.

In our framework, we tackle this issue by separating the Tool
Agent from the immediate consumption of the tool’s output. After
a tool is executed, we check whether the output is serializable
and can be directly used by the agent. If that is not the case, we
provide the agent with a handle to the artifact in which the original
output is stored. It is pickled, stored to file, and can be reused as
input to subsequent tool calls. Crucially, we employ a small LLM
to generate a concise description of the output. This description
is based on the tool itself, its output and the purpose of the call as
provided by the Tool Agent at the time of execution, allowing the
agent to understand and reason about the result without needing
to process the full raw data. While this process can be cumbersome,
it is a first step towards enabling agents to handle incompatible
datatypes, an important requirement for explorative situations in
which unexpected situations will occur.

Security of Arbitrary Code Execution. One of the more in-
tuitive concerns is the issue of arbitrary code execution. While
predefining tools restricts agents capabilities, it also provides a
level of security and predictability. With dynamic tool generation,
however, agents can, in theory, generate arbitrary code that is po-
tentially harmful, whether done intentionally or by accident. In our
implementation, we solely validate whether the tools are executable
and scan for unsafe imports based on a minimal heuristic. How-
ever, once tool generation is unconstrained, agents could quickly
produce code that is unpredictable, introduces subtle errors, or has
unintended side effects. Managing these risks is not just a technical
problem - it also requires a shift in perspective on autonomy and
reliability. In many ways, it’s similar to trusting human astronauts:
rigorous training and screening reduce risk, but there is never abso-
lute certainty that they will act perfectly. For autonomous agents,
pretraining, safety checks, and validation can help, but some uncer-
tainty will always remain. Oversight mechanisms could be added
to monitor or constrain agent behavior, yet doing so limits the
very flexibility and creativity that make dynamic tool generation
valuable. And if the oversight itself becomes AI-driven, the same
question remains: how can we ensure that the system enforcing
trustworthiness follows its instructions? This layered dilemma un-
derscores that enabling true autonomy in deep-space missions is
as much an ethical challenge as it is a technical one.

Fidelity of Generated Tools and Physics Models In the moti-
vating example, the generated tools utilized a linear approximation
for trajectory propagation to demonstrate the framework’s code
generation capabilities. This approximation is valid only for ex-
tremely short horizons (seconds), where gravitational curvature
is negligible, For operational collision avoidance, higher-fidelity
models such as the Clohessy-Wiltshire-Hill (CWH) equations for
close-proximity relative motion are required. This highlights a crit-
ical dependency: the frameworks output quality is bounded by the
agents knowledge of such domain-specific physics. Future iterations

will require to integrate domain-informed constraints or domain-
specific libraries into the agents context to ensure the generated
tools adhere to orbital mechanics standards suitable for flight.

5.3 Implications for Space Missions
Artificial Intelligence (AI) is already being adopted into the space
domain. NASA uses AI to enable robots like the Perseverance [5]
rover to make real-time navigation decisions without Earth’s inter-
ventions. CIMON [6], an interactive assistant for astronauts, was
deployed in the Columbus module of the ISS during the Horizons
mission [3] in 2018.

NASA explicitly states that autonomous operations are a key
capability for deep-space missions, where live communication to
and interventions from Earth is impossible [2, 4]. As a result, future
space exploration will need to do more than simply follow prede-
fined procedures - they must be able to reason, adapt, and respond
to unexpected situations. Current AI systems onboard rovers and
robotic assistants, while capable of sophisticated navigation and
decision-making, still rely on fixed tools and pre-programmed re-
sponses. In contrast, a system based on large language models that
can dynamically generate tools opens the door to true autonomous
discovery: it could analyze sensor data, formulate hypotheses, and
create new computational or operational tools on the fly, without
human intervention. For example, when encountering unexpected
sensor readings, the system could develop tools for data-filtering
or clustering, aiming to identify anomalies in the system readings.
This kind of adaptability is especially critical for deep-space mis-
sions to outer planets and beyond, where severe communication
delays make real-time guidance from Earth impossible. By enabling
onboard reasoning, flexible problem-solving, and autonomous tool
creation, LLM-based systems could dramatically extend the scien-
tific and operational reach of future missions, turning spacecrafts
into explorers capable of handling challenges that humans on Earth
cannot anticipate.

We envision the Multi-Agent System operating as an autonomy
layer on top of the vehicle’s standard systems. The Reasoning Agent
does not directly access hardware. Instead, it accesses a shared back-
board where subsystems (e.g. power, thermal, navigation, etc.) pub-
lish telemetry, In an operational scenario the agent acts proactively:
it continuously monitors specific telemetry artifacts for threshold
violations and upon detection, it triggers planning workflows.

6 CONCLUSION
We presented a framework enabling autonomous multi-agent sys-
tems to dynamically generate and execute Python tools at runtime,
addressing deep space communication constraints. Our approach
connects high-level reasoning with environment interaction by
creating task-specific tools on demand. Central to our approach is
separating reasoning from computation. Agents delegate numerical
operations to tools, ensuring precise trajectory estimation while
the LLM focuses on orchestration. In our space debris example,
agents autonomously generated tools for trajectory analysis and
closest-approach estimation without predefined instructions. Fu-
ture work will address challenges in tool output handling, security
and integration with spacecraft autonomy concepts. As missions
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move further from Earth, dynamic tool generation offers a path to
handle unfamiliar situations without predefined functionality.
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Figure 4: Walkthrough of Collision Assessment
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Abstract
Earth-observation satellite fleets are increasingly difficult to oper-
ate with limited mission-control staff in a highly evolving spatial
environment while facing mounting challenges such as inherent
uncertainty, time constraints, communication disruptions, cyber
threats, resource limits, and collision risks. We propose to address
this global challenge through an automated operational-assist ap-
proach with two complementary contributions: (i) a fully tunable
environment that abstracts the main features of ground opera-
tions, enabling controlled, reproducible fleet-level experimentation
across diverse scenarios; (ii) an explicit decision architecture com-
bining organizational reinforcement learning to improve coordi-
nation while preserving safety, controllability, and explainability
through trajectory-level analysis, yielding actionable recommenda-
tions and partial automation to support operators. Compared with
handcrafted, planning-style, and unconstrained learning baselines,
our approach improves long-horizon operational performance and
safety compliance while providing useful diagnostics for operator
audit. These results support a progressive path from simulation
benchmarks to supervised operational-assist deployment.
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1 Introduction
Earth-observation satellite fleets are increasingly difficult to oper-
ate with limited mission-control staff in a rapidly evolving space
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environment [12, 24, 26]. Operational teams must coordinate un-
der uncertainty and time pressure while handling communication
disruptions, cyber threats, resource limits, and collision risks. This
creates a strong need for automated operational-assist systems that
support decision-making without removing human oversight.

Throughout this paper, we use several key concepts. Operational-
assist refers to decision-support systems that augment human oper-
ators without removing their authority. Organizational constraints
are explicit roles and missions that guide agent behavior beyond
reward optimization. Role specialization captures differentiation of
agent behaviors to improve coordination efficiency. Mission-phase
discipline describes structured progression between operational
phases (acquire, deliver, stabilize) rather than greedy behavior.

Operationally, the target behavior is to maximize useful data
delivered to the ground while preserving fleet health. A central
tension is that serving observation tasks and delivering value are
decoupled phases: agents can be locally productive yet globally
ineffective if buffered data is not relayed within time constraints.
This acquire–deliver logic motivates explicit coordination.

From a multi-agent perspective, each satellite can be modeled
as an autonomous agent interacting with teammates in a partially
observable setting. This naturally motivates Dec-POMDP formu-
lations and Multi-Agent Reinforcement Learning (MARL) meth-
ods [20, 21, 23, 31]. However, rawMARL performance is insufficient
for deployment, since operational practice also requires explicit con-
trollability, traceable safety compliance for operator audit [1, 3, 11].

To address this global challenge, we propose two complementary
contributions. First, we introduce Orbital Resilient Benchmark for
Interactive Task-aware Autonomous Learning (ORBITAL), a tunable
environment for controlled, reproducible fleet-level experimenta-
tion. Second, we propose a decision-making architecture combining
decentralized autonomy, organizational constraints, and human
oversight. The core control layer uses organizational reinforcement
learning grounded inM𝑂𝐼𝑆𝐸+ and MOISE+MARL [15, 16, 28] to
improve coordination while preserving safety, controllability, and
explainability through trajectory-level analysis.

Compared with handcrafted and unconstrained learning base-
lines, results indicate that our approach improves long-horizon
operational performance and safety compliance, while providing
actionable diagnostics for operator audit [28]. These findings sup-
port a progressive deployment path from simulation benchmarks
to supervised operational-assist deployment.

Section 2 reviews related work; Section 3 presents technical back-
ground; Section 4 introduces ORBITAL and the decision-making
architecture; Section 5 details the experimental protocol; Section 6
reports results; and Section 7 concludes with a deployment path.

89



2 Related work
Satellite Operations and Decision Support Satellite planning and

scheduling have been extensively studied in operations research,
including Earth-observation mission planning, agility constraints,
and integrated allocation/scheduling formulations [9, 12, 24]. These
works provide strong optimization baselines and realistic constraint
modeling. However, they usually focus on centrally optimized plans
and are less oriented toward adaptive, decentralized, and continu-
ously learning operational-assist loops.

In parallel, agent-based autonomy has long been investigated
for spacecraft constellations [26]. This line of work supports dis-
tributed decision-making, but often without a unified benchmark
that jointly emphasizes modern MARL evaluation, explicit organi-
zational control, and operator-oriented explainability.

Digital Twin and Simulation for Space Systems Recent work on
digital twins for space systems highlights their potential for system
validation, software testing, and predictive decision support [6, 19].
Nevertheless, many current approaches target specific subsystems
or engineering workflows. For fleet-level autonomy research, there
remains a need for reproducible environments that are simple
enough for controlled MARL experimentation while progressively
extensible toward higher realism.

MARL, Safety, and Explainability Cooperative MARL methods
have significantly progressed, from actor-critic and value factoriza-
tion methods to practical training recipes [10, 20, 23, 31]. Bench-
marks and software ecosystems such as SMAC, PettingZoo, Gymna-
sium, and MARLlib improved reproducibility and comparison [14,
25, 29, 30]. However, these environments do not directly repre-
sent satellite operational constraints and domain-specific safety
priorities.

Safety-aware reinforcement learning (RL) has introduced con-
strained optimization and shielding methods [1, 3, 11], while ex-
plainable RL research has proposed post-hoc and introspective
analysis tools [22, 27]. Yet, these strands are often developed sep-
arately from organizational modeling and from domain-specific
operational-assist requirements.

Organizational Modeling and Organizational MARL Organiza-
tional MAS modeling (roles, groups, missions, deontic constraints)
is well established throughAgent-Group-Role (AGR) andM𝑂𝐼𝑆𝐸+ [8,
15, 16]. Building on this foundation, MOISE+MARL integrates or-
ganizational constraints into MARL and uses trajectory-based post-
analysis to assess organizational alignment [28]. This direction is
promising for controllability and explainability, but it has not yet
been fully studied in the context of satellite-fleet operational-assist
settings with an explicit benchmarking perspective.

Overall, no single line of work jointly satisfies high operational
relevance for satellite fleets, adaptive multi-agent learning, ex-
plicit organizational control, and operator-oriented explainability.
This motivates our contributions, comprising the operationally
grounded benchmark ORBITAL for satellite fleet assistance and the
decision-making architecture built on organizationally constrained
MARL for safety-aware controllability and trajectory-level analysis
for actionable explainability.

3 Background
This section provides the technical background we built on.

3.1 Cooperative Dec-POMDP
We formalize fleet-level decision-making as a Dec-POMDP [4, 21].
This framework is suitable for ORBITAL-like settings where agents
act under local observability, decentralized execution, and team-
level objectives.
A Dec-POMDP instance is:

𝑑 = ⟨𝑆, {𝐴𝑖 }𝑛𝑖=1,𝑇 , 𝑅, {Ω𝑖 }𝑛𝑖=1,𝑂,𝛾⟩,

where 𝑆 is the latent state space, 𝐴𝑖 and Ω𝑖 are local action and
observation spaces for agent 𝑖 , 𝑇 is the transition kernel, 𝑂 the
observation kernel, 𝑅 a cooperative reward function, and 𝛾 ∈ [0, 1]
the discount factor.

Let 𝜋𝑖 (𝑎𝑖 | 𝜏𝑖 ) denote the local policy of agent 𝑖 over local action-
observation history 𝜏𝑖 . The joint policy is 𝜋 = (𝜋1, . . . , 𝜋𝑛) and
optimizes expected return:

𝑉 (𝜋) = E𝜋,𝑇 ,𝑂

[
𝐻−1∑︁
𝑡=0

𝛾𝑡𝑟𝑡

]
.

In ORBITAL, this objective already embeds operational trade-offs
(service, energy, communication, resilience), but by itself it does
not guarantee role specialization, safety-compliant behavior, or
interpretability.

3.2 Organizational modeling with M𝑂𝐼𝑆𝐸+

To encode controllable coordination semantics, we rely onM𝑂𝐼𝑆𝐸+

[15, 16]. Its key contribution is to separate organization into com-
plementary layers:

(1) Structural specifications: roles and role relations (special-
ization or inheritance-like structures).

(2) Functional specifications: goals and missions that struc-
ture collective progress.

(3) Deontic specifications: permissions and obligations link-
ing roles to missions under conditions.

This layered representation is important because it separates what
should be done (functional), by whom (structural), and under which
normative constraints (deontic), instead of collapsing everything
into scalar reward coefficients.

3.3 MOISE+MARL as organizational control
layer

MOISE+MARL [28] injects organizational knowledge into MARL
while keeping standard MARL backbones usable. The integration
relies on three families of guides:

(1) Role-action guides (RAG): constrain or prioritize actions
based on role and trajectory context.

(2) Role-reward guides (RRG): penalize role-inconsistent deci-
sions.

(3) Goal-reward guides (GRG): rewardmission-consistent progress
patterns.

In the following, we use the abbreviations RAG, RRG, and GRG for
readability.
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For agent 𝑖 at time 𝑡 , the effective decision/reward mechanism
can be summarized as:

𝑎𝑖,𝑡 ∼ 𝜋𝑖 (· | 𝜏𝑖,𝑡 ) over 𝐴̃𝑖,𝑡 = 𝑟𝑎𝑔(ℎ𝑖,𝑡 , 𝑜𝑖,𝑡 ),

𝑟𝑡 = 𝑟𝑡 +
∑︁

𝑚∈M𝑖,𝑡

𝑔𝑟𝑔𝑚 (ℎ𝑡 ) + 𝑟𝑟𝑔(ℎ𝑖,𝑡 , 𝑜𝑖,𝑡 , 𝑎𝑖,𝑡 ).

The result is a hybrid control paradigm in which learning remains
data-driven while search is guided by explicit priors. This can re-
duce unsafe exploration regions and improve policy controllability,
particularly in partially observable cooperative settings [5, 28].

3.4 Trajectory-based analysis for explainability
Even if policies are trained with organizational constraints, one
still needs post-hoc evidence of the actual learned behavior. The
Trajectory-based Evaluation inMOISE+MARL (TEMM)method [28]
addresses this gap. TEMM operates on multi-episode trajectories
and infers implicit organizational regularities. At a high level: i) in-
fer structural regularities (role-like behavior clusters);; ii) in-
fer functional regularities (goal/mission progression patterns);;
iii) compare inferred and intended structures to quantify alignment.

This process yields quantitative interpretable artifacts through:
OF = 𝛼 · SF + (1 − 𝛼) · FF, where structural fit (SF) captures role
consistency, functional fit (FF) captures mission/goal consistency,
and organizational fit (OF) summarizes both dimensions.

In ORBITAL-like environments, pure return maximization can
produce brittle policies that exploit local shortcuts while degrading
long-term viability. Typical failure modes include energy collapse,
communication fragmentation, or cyber-sensitive behavior such
as persisting in observation or relay actions while compromise
indicators are high. The combination of Dec-POMDP formaliza-
tion, organizational constraints, and trajectory-level organizational
analysis provides the conceptual foundation needed to evaluate
policies not only by performance but also by controllability, safety
compliance, and explainability.

4 Method
This section describes our two coupled contributions, namely (i)
ORBITAL, an operationally grounded benchmark for satellite fleet
operational-assist, and (ii) a decision-making architecture relying
on an ORBITAL-oriented MOISE+MARL, which injects organiza-
tional control and interpretability into MARL policies.

4.1 The ORBITAL environment
ORBITAL 1 is intentionally designed as a benchmark for operational-
assist use, not as a full-fidelity orbital propagator. The objective
is to keep the environment simple enough for controlled MARL
experimentation while preserving the interaction structure that
makes fleet management difficult in practice.

ORBITAL offers two geometric modes: a default 2D orbital ab-
straction with states (𝜃, 𝑟 ), as shown in Figure 1, and a 3D mode
that includes an inclination variable 𝜙 for enhanced visualization,
illustrated in Figure 2. While the 3D mode increases realism, it does
not alter the core decision problem of balancing task servicing,
delivery, and safety under uncertainty. Thus, the 2D mode is used
as the primary view for clearer comparisons across conditions.

Design requirements The benchmark was designed around five
requirements derived from our research problem: i) represent ob-
servation-task pressure (dynamic and priority-sensitive tasks),;
ii) represent resource pressure (energy-limited long-horizon deci-
sions),; iii) represent communication uncertainty (time-vary-
ing connectivity),; iv) represent cyber uncertainty (degraded
sensing/acting/relaying),; v) represent conjunction-risk pres-
sure from orbital debris fields. This is why ORBITAL combines
non-stationary observation tasks, finite energy with heterogeneous
action costs, stochastic communication degradation, stochastic
compromise events, and drifting debris clouds that induce local
conjunction-risk signals.

4.2 Reference Operational Scenario
We evaluate this architecture on a reference Earth-observation sce-
nario inspired by agile LEO constellation operations. The setup
considers eight satellites distributed over three orbital shells, dy-
namic observation demands with priorities, intermittent down-
link opportunities, and coupled safety pressures (energy depletion,
communication isolation, cyber degradation, and conjunction-risk
proxy from debris density).

The intent is not to replicate a specific industrial mission one-
to-one, but to preserve the operational doctrine that matters for
assistive autonomy: acquire–deliver–stabilize. In this doctrine, ob-
servation throughput alone is insufficient if delivery windows are
missed or if safety margins are consumed too aggressively.

Table 1: Reference operational scenario (used for all main
comparisons).

Aspect Scenario choice

Constellation geometry 8 cooperative satellites over 3 LEO shells
Mission demand Non-stationary observation tasks with dynamic priority
Delivery model Inter-satellite relay and intermittent ground-station windows
Safety pressures Energy limits, link degradation, compromise events, debris-risk

proxy
Success criterion High delivered value with bounded risk and no mission collapse

Operational state and coupling At time 𝑡 , the latent state includes
satellite positions, energy levels, buffered data, compromise timers,
active observation-task set, and communication adjacency matrix.
Satellites are coupled through shared observation tasks, shared
communication paths to ground, and shared team-level reward.
This coupling produces the coordination tension we need to study
because individual actions affect both local and fleet-level viability.

Observation and action modeling ORBITAL uses fixed-size local
observations (16-dimensional vectors) and a compact discrete action
space of size 7 (Observe, Relay, OrbitDown, OrbitUp, LowPower,
CyberScan, Idle). The fixed vector format supports reproducible
MARL pipelines and avoids benchmark bias toward a specific ar-
chitecture. The action set was chosen to reflect the minimum oper-
ational primitives needed for operational-assist settings, including
task servicing, data return, mobility, energy management, secu-
rity response, and fallback behavior. These interface choices are
1 An implementation of ORBITAL and the conducted experiments, including all details
(organizational specifications, hyperparameters, and architectures), are available at
https://github.com/julien6/ORBITAL.git.
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Figure 1: Screenshot of the ORBITAL environment (t = 68/200) in its orbital representation. Earth is shown at the center,
surrounded by three low-Earth-orbit (LEO) shells (LEO-1 to LEO-3). Eight cooperative satellites (indexed markers) evolve on
orbital states (𝜃 , r), with role tags (OBS/REL) and per-satellite buffered-data bars. Orange markers denote active observation
tasks (brightness proportional to priority). Green squares indicate ground stations (GS0, GS1) with downlink windows. Orange
translucent halos denote orbital debris clouds and conjunction-risk zones. Inter-satellite communication links and downlink
rays are line-of-sight constrained and clipped by Earth (no signal through Earth); feasible buffered downlinks are shown in
green, blocked ones in dashed red. The right panel (ORBITAL MISSION VIEW ) reports mission/safety indicators (alive satellites,
active tasks, isolated satellites, active debris clouds, delivered total) and the per-step reward decomposition (task, delivery,
energy, isolation, failure, cyber, debris, collision), highlighting the trade-off between mission productivity, connectivity,
and conjunction-safe resilience.

intentionally minimal: fixed-size vectors improve reproducibility
across MARL families, the 7-action set captures core operational
primitives, and both Agent Environment Cycle (AEC) and Paral-
lel application programming interfaces (APIs) are available with
consistent semantics.

Task-delivery decoupling A critical modeling decision is to sep-
arate observation-task servicing from value delivery. Observe con-
verts local task opportunities into buffered data, but mission value
is maximized only when data is later relayed through available com-
munication opportunities toward ground. For example, a satellite
may continue observing tasks while its buffer is full and no relay
opportunity is available. While this maximizes local productivity,
it degrades global mission performance since collected data can-
not be delivered. In parallel, a local debris-density signal yields a
simplified conjunction-risk proxy (𝑃𝑐-like indicator) that can be
reduced through orbital maneuver actions (OrbitDown/OrbitUp).
We use this proxy as an operational trigger variable: if risk remains
high across successive steps, the architecture should shift from
productivity-focused actions toward safety-preserving actions. This

separation forces policies to balance sensing throughput, topology
management, delivery timing, and collision-risk mitigation rather
than greedily optimizing local sensing only.

Reward design for operational trade-offs Default reward mode
is shared team reward with positive terms for mission produc-
tivity and penalties for resilience degradation: 𝑟𝑡 = 𝑤task 𝑐task +
𝑤delivery 𝑐delivery−𝑤energy 𝑐energy−𝑤isolation 𝑐isolation−𝑤failure 𝑐failure
−𝑤cyber 𝑐cyber −𝑤debris 𝑐debris_risk −𝑤collision 𝑐collision .

This reward structure is intentionally non-myopic, since maxi-
mizing return requires balancing service, survivability, connectivity,
cyber resilience, and conjunction-risk control over the whole hori-
zon. ORBITAL also provides a local reward mode for controlled
comparisons.

Episode termination and realism scope Episodes stop at horizon
or mission collapse (no alive satellites or critically low survivabil-
ity). This choice makes unsafe policies self-limiting in long runs.
ORBITAL remains a simplified environment, but it preserves the
operational couplings required to evaluate coordination doctrine,
safety control, and human-supervised assist behavior.
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Figure 2: ORBITAL 3D mode screenshot. The same opera-
tional entities are represented in 3D (Earth, LEO shells, satel-
lites, ground stations, debris, and communication/downlink
links), with the same mission semantics as in the 2D mode.

4.3 ORBITAL-oriented decision-making
architecture

In the ORBITAL setting, static rule-based scheduling systems re-
main easy to inspect and certify. However, they tend to be brit-
tle when facing evolving observation demand, fluctuating inter-
satellite connectivity, and stochastic cyber or operational distur-
bances, as commonly observed in large-scale Earth observation
constellations [32]. Distributed Constraint Optimization Problem
(DCOP) formulations provide an explicit framework for decentral-
ized coordination and property-preserving optimization in such
scenarios [18], enabling safety guarantees.

However, extending DCOP-based approaches to support long-
horizon adaptation under partial observability and non-stationary
uncertainties typically requires non-trivial model extensions and
proactive mechanisms. Adaptation is therefore less direct than in
learning-based control [13]. Vanilla MARL is highly adaptive to
dynamic environments because it learns directly from interaction
data. However, it lacks explicit mechanisms to enforce structured
behaviors such as: (i) role specialization (e.g., some satellites focus-
ing on observation while others relay data), and (ii) mission-phase
discipline (e.g., prioritizing delivery when buffers are saturated).
In such cases, reward shaping alone is often insufficient to ensure
consistent and safe behavior [7]. Organizational MARL is therefore
adopted here as a middle ground. It enables preserving data-driven
adaptation while injecting declarative role and mission constraints
that improve system-level controllability, interpretability, and post-
hoc auditability of agent behaviors [28].

Therefore, building on the MOISE+MARL [28] framework, we
propose an ORBITAL-oriented organizational architecture 1 aligned
with mission-control practice (Figure 3).

Architecture overview The architecture is organized into three
coupled layers with different timescales. The top layer is human-
in-the-loop supervision, where operators set mission priorities
and safety posture through high-level levers (role priorities, guide
weights, safety thresholds, and fallback policy). The middle layer is

Human-in-the-loop supervision

ORBITAL-oriented MOISE+MARL decision layer

Trajectory analysis and feedback (ORBITAL-TEMM)

Mission-control operators
set priorities and risk posture

Supervisory levers:
role priorities, guide weights,
safety thresholds, override/fallback

Decentralized onboard policies
(per-satellite local observations/actions)

Organizational guides:
roles, missions, deontic rules
(𝑟𝑎𝑔, 𝑟𝑟𝑔, 𝑔𝑟𝑔) in ORBITAL

Trajectory logs:
actions, reward terms, energy,
connectivity, cyber, delivery events

TEMM outputs:
structural/functional fit,
organizational fit, audit diagnostics

supervisory updates

episode trajectories

operator
feedback

and revision

fast
local
loop

Figure 3: Operational-assist architecture based on an
ORBITAL-oriented MOISE+MARL. Human supervision sets
priorities and safety posture; decentralized policies are con-
strained by organizational guides; ORBITAL-TEMM analyzes
trajectories and returns audit-oriented feedback for supervi-
sory updates and corrective override.

decentralized onboard decision-making under organizational con-
straints (roles, missions, and deontic rules). The bottom layer is tra-
jectory analysis (ORBITAL-TEMM), which produces interpretable
diagnostics for audit and corrective feedback.

Two control loops The design features a fast local loop and a
slower supervisory loop. The fast loop allows each satellite to act
based on local observations and organizational guides, while the
supervisory loop updates high-level guidance without direct tele-
operation. This structure ensures reactivity and maintains opera-
tor authority. For example, if communication quality declines and
buffered data increases, supervisors can enhance delivery guidance
(prioritizing relay roles), prompting a shift towards relay actions.
Conversely, if compromise and isolation indicators rise, supervisors
can tighten safety thresholds, encouraging safety-guard behavior
and minimizing risky actions. In both scenarios, intervention is
high-level, while action selection remains decentralized.

Feedback and auditability Trajectory logs (actions, reward com-
ponents, energy, connectivity, cyber events, delivery events) are
analyzed by ORBITAL-TEMM to estimate structural/functional
alignment and organizational fit, then returned to supervision for
the next revision cycle.

Organizational mapping We map ORBITAL operational intents
to M𝑂𝐼𝑆𝐸+-style specifications:

(1) roles: behavioral specialization templates,
(2) goals: trajectory-level objectives with measurable progress,
(3) missions: coherent groups of goals in operational phases,
(4) deontic rules: permissions/obligations linking roles to mis-

sions.
This mapping gives a declarative control layer that can be inspected
and revised independently from the MARL backbone. Table 2 sum-
marizes the role profile used in this paper.

Constraint guides adapted to ORBITAL The ORBITAL adaptation
ties guide logic to operational indicators available in trajectories
and observations, including local task opportunity, buffered data
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Table 2: ORBITAL-oriented organizational specifications
(high-level view).

Role Main mission focus Typical obligations/permissions

Observer Prioritized acquisition Obliged to observe feasible high-priority
tasks; permitted to defer low-priority op-
portunities under strong resource pres-
sure

Relay Delivery continuity Obliged to relay when buffered data and
communication opportunities are favor-
able; permitted to adapt relay cadence
under congestion

Safety guard Fleet survivability Obliged to prioritize safe actions under
elevated risk (energy depletion, isolation,
compromise); permitted to override non-
critical productivity actions

pressure, communication degree, energy margin, compromise sta-
tus, and recent delivery events.

Mission semantics We structure behavior around three mission
families: i)Acquisitionmission: increase task servicing under fea-
sibility constraints.; ii) Delivery mission: convert buffered data
into delivered value reliably.; iii) Resilience mission: preserve
fleet viability under resource/cyber stress. Role-specific permissions
and obligations switch emphasis between these missions according
to context. This produces a controllable trade-off between produc-
tivity and safety rather than relying on implicit reward.

Hard and soft control regimes The adaptation supports two con-
trol regimes. In hard regimes, RAG can enforce action masking so
that non-authorized actions are unavailable. In soft regimes, ac-
tions remain selectable but violations are discouraged through RRG.
This hardness axis is useful to tune exploration freedom versus
organizational compliance.

ORBITAL-adapted TEMM We integrate an ORBITAL-specific
TEMM process [28] as post-training validation and explainabil-
ity. Trajectories include action traces, reward components, energy
evolution, communication context, task-service and delivery events,
and cyber-state transitions. TEMM is applied in three stages: i) in-
fer structural regularities corresponding to implicit role behavior;;
ii) infer functional progression patterns corresponding to missions/-
goals;; iii) compare inferred and intended specifications to quan-
tify alignment. We report organizational fit as OF = 1

2 · (SF + FF).

5 Experimental setup
This section describes the experimental protocol.

5.1 Experimental goals
We target four experimental questions: i) Q1 (Performance): Does
ORBITAL-oriented MOISE+MARL improve long-horizon mission
execution compared with unconstrained learning and handcrafted
coordination?; ii) Q2 (Control/Safety): Does organizational
guidance reduce unsafe or mission-degrading behavior under re-
source, communication, and cyber stress?; iii) Q3 (Robustness):
Does the approach remain effective under intensified non-station-
arity (task dynamics, link drops, compromise rate)?; iv) Q4 (Ex-
plainability): Do TEMM-based organizational indicators provide
coherent and actionable post-hoc analysis of learned trajectories?

To answer these questions, each experiment combines: i) one
environment configuration (nominal or stressed),; ii) one learn-
ing/control condition (baseline or proposed method),; iii) one
MARL backbone,; iv) multiple independent random seeds. All
protocol parameters and seeds are fixed before result aggregation.

5.2 Hardware and Software Configuration
Hardware profile All experiments were conducted on an aca-

demic high-performance computing (HPC) cluster using hetero-
geneous GPU nodes, including NVIDIA A100, NVIDIA V100, and
AMD MI210 devices in a Linux-based scheduling environment. We
executed 5 parallel instances per algorithm-environment combi-
nation to efficiently explore the baseline and proposed-method
parameter spaces while preserving reproducibility through fixed
random seeds and deterministic hyperparameter selection on vali-
dation data before final evaluation runs.

Software stack The environment is implemented through PettingZoo-
compatible APIs (see Table 3). The ORBITAL-oriented decision-
making architecture reuses the implementation of MOISE+MARL 2

[28] (organizational specification layer and trajectory analysis),
while specializing in role/mission logic for ORBITAL.

Table 3: Software configuration and role in the pipeline.

Component Role in experiments

Python 3.10 Training and evaluation runtime
Pygame/PyVista 2D and 3D rendering
PettingZoo 1.25.0 [29] Multi-agent APIs (AEC and Parallel interfaces)
Gymnasium 1.2.3 [30] Standard RL spaces/wrapping compatibility
PyTorch [17] Neural policy/value modeling and gradient-based optimization
Optuna [2] Hyperparameter search and trial-based configuration selection
NumPy 2.2.6 Numerical operations and logging
ORBITAL codebase Environment dynamics, reward components, rendering/debugging
MOISE+MARL [28] Organizational guides, role/mission constraints, TEMM pipeline

5.3 Baselines and comparison conditions
Handcrafted baselines To represent operational heuristics, we

include: i) RB-Rule: rule-based action selection prioritizing local
high-priority tasks, then relay, with simple low-energy fallback.;
ii) RB-Relay-heavy: heuristic emphasizing delivery continuity
(relay when possible, observe otherwise), with weak safety adapta-
tion.; iii) PB-DCOP-lite: inspired by DCOP decomposition, with
periodic assignment of observer/relay intents under communica-
tion and energy constraints, then local heuristic execution. These
baselines provide interpretable references as operational scripts.

Learning baselines We compare the proposed organizational
framework to unconstrained MARL and partially constrained vari-
ants: i) LB-Unconstrained: same MARL backbone, ORBITAL re-
ward only, no organizational guides.; ii) LB-RewardOnly: un-
constrained action space, additional reward shaping but no role-ac-
tion masking.; iii) LB-ActionOnly: role-action guidance active,
no mission reward guides.; iv) Proposed (ORBITAL-M𝑂𝐼𝑆𝐸+

MARL): role-action + role-penalty + mission guides with deon-
tic assignments. This decomposition isolates where gains come
from, whether through action control, reward structure, or full
organizational coupling.
2 Accessible at: https://github.com/julien6/MOISE-MARL.
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Backbone algorithms To reduce algorithm-specific bias, each con-
dition is evaluated with representative cooperative MARL fami-
lies: i) actor-critic / policy-gradient style methods (MAPPO [31]),;
ii) value-factorization methods (QMIX [23]),; iii) multi-agent ac-
tor-critic references (MADDPG/COMA style [10, 20]).

5.4 Ablation plan
To validate causal contributions of the proposed framework, we
define the ablations in Table 4. We also stress-test each setting
along controlled perturbation axes: i) increased task non-station-
arity (spawn/priority volatility),; ii) increased communication
degradation (𝑝link_drop),; iii) increased compromise intensity (ad-
versarial rate and duration),; iv) reduced energy budgets.

Table 4: Ablation settings for ORBITAL-oriented
MOISE+MARL.

ID Ablation description

A0 Full framework (role-action + role-penalty +mission guides + TEMManalysis)
A1 Remove role-action guide (𝑟𝑎𝑔 off): no action-space organizational control
A2 Remove role-penalty guide (𝑟𝑟𝑔 off): no explicit role-violation penalty
A3 Remove mission guides (𝑔𝑟𝑔 off): no mission-level shaping
A4 Soft-only control: no action masking, penalties/rewards only
A5 Hard-only control: action masking active, no additional role penalty
A6 TEMM feature reduction: remove cyber/context features in trajectory analysis

5.5 Evaluation metrics
We report control, and organizational interpretability metrics.

Mission performance metrics i) Cumulative return: episode
return.; ii) Task service volume: serviced task-priority mass.;
iii) Delivery volume: delivered data.; iv) Mission completion
rate: episodes without mission collapse.

Safety and resilience metrics i) Energy stress index: low-en-
ergy occupancy over agents and time.; ii) Isolation ratio: alive
agents with zero communication degree.; iii) Failure count: de-
pleted satellites per episode.; iv) Cyber impact score: aggregate
compromise-related penalties/events.

Control and explainability metrics i) Constraint violation rate:
role-inconsistent action frequency.; ii) Structural fit and func-
tional fit from ORBITAL-TEMM.; iii) Organizational fit using
structural and functional organizational fits.; iv) Consistency
score: intended vs inferred role/mission agreement.

Subjective operator-audit indicators Operator-facing indicators
use an ordinal scale (very low, low, high, very high): i) Mis-
sion alignment rating: alignment between inferred motifs and
expected mission logic.; ii)Human-audit agreement rating:
agreement between TEMM diagnostics and human audit.

5.6 Training and evaluation protocol
We use disjoint seeds for training/selection/final evaluation and
report aggregate metrics over at least 10 seeds per condition. Learn-
ing conditions share identical episode horizons and optimization
budgets; hyperparameters are tuned on validation seeds only, then
frozen for testing. We report mean, standard deviation, and results
uncertainty intervals, with two-sided significance testing and effect

sizes for pairwise comparisons. All runs log per-step reward compo-
nents and mission/safety/organizational events, enabling targeted
failure-mode analysis and reproducible reruns.

6 Results and discussion
We first compare strong, medium, and weak organizational-control
regimes (Table 5). Strong constraints deliver the fastest early con-
vergence, weak constraints preserve flexibility but slow learning
and increase violations, and medium constraints provide the best
global compromise. Medium control reaches the highest final return
(379.8±16.1), mission success (0.91±0.03), and OF score (0.92±0.02),
while keeping convergence substantially better than weak control.

Relating these results to the gaps identified in Section 2, our con-
tributions strongly cover adaptive multi-agent learning, explicit or-
ganizational control, and operator-oriented explainability at bench-
mark level: compared with handcrafted and unconstrained base-
lines, the proposed framework improves mission value and success,
reduces role-inconsistent behavior, and increases trajectory-level in-
terpretability/audit agreement. Coverage of the operational-realism
gap is partial by design: ORBITAL captures the key coupled pres-
sures required for operational-assist evaluation, but does not yet
represent full flight-grade orbital and communication realism.

6.1 Baselines against handcrafted and learning
conditions

Table 6 compares our method against handcrafted and learning
baselines. As expected, handcrafted policies do not rely on orga-
nizational constraints and therefore violation metrics are marked
n/a. Two implications stand out. First, handcrafted and planning-
style policies remain interpretable and operationally plausible, but
plateau at lower performance and resilience levels than the pro-
posed framework. Second, partial organizational variants improve
either control or speed, but the full framework is required to simul-
taneously optimize mission value, convergence, and robustness.

6.2 Convergence and robustness trade-off
The key behavioral result is a non-monotonic relation between con-
trol hardness and end-task quality. Overly hard constraints accel-
erate convergence but reduce robustness; overly weak constraints
preserve robustness but underuse organizational priors. Medium
constraints act as the best compromise, improving convergence
and compliance without collapsing policy diversity.

6.3 Ablation results
Table 7 shows that each component contributes to at least one
critical dimension. Removing RAG strongly reduces return and
robustness, and increases violations. Removing GRG yields the
largest mission-performance drop (−10.4% return). Removing RRG
most strongly harms compliance, with the largest violation increase.
Reducing TEMM features barely affects training performance but
degrades interpretability quality, consistent with TEMM.

6.4 Explainability and trajectory analysis
Quantitative explainability indicators Table 8 shows that the pro-

posed method achieves higher role-cluster separability (0.67± 0.04)
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Table 5: Aggregate results by constraint regime (mean ± std over seeds). Higher is better for all metrics except convergence
episode, violation rate, and energy stress.

Regime Final return Return AUC (early) Convergence episode ↓ Robustness score Constraint violation ↓ OF score Mission success rate Energy stress ↓
Strong constraints 352.6 ± 18.4 205.3 ± 9.8 118 ± 14 0.71 ± 0.05 1.8% ± 0.9 0.90 ± 0.03 0.86 ± 0.04 0.37 ± 0.06
Medium constraints 379.8 ± 16.1 192.7 ± 8.2 146 ± 17 0.84 ± 0.04 3.9% ± 1.2 0.92 ± 0.02 0.91 ± 0.03 0.31 ± 0.05
Weak constraints 334.9 ± 21.7 143.5 ± 11.6 213 ± 22 0.87 ± 0.04 8.7% ± 1.8 0.81 ± 0.05 0.83 ± 0.05 0.35 ± 0.07

Table 6: Baseline comparison. Handcrafted baselines report n/a for organizational violation metrics.

Condition Final return Convergence episode ↓ Robustness score Violation rate ↓ OF score Delivery volume Mission success rate

RB-Rule (priority-first) 241.3 ± 12.9 n/a 0.63 ± 0.06 n/a 0.49 ± 0.07 112.4 ± 9.8 0.64 ± 0.08
RB-Relay-heavy 228.1 ± 14.7 n/a 0.67 ± 0.07 n/a 0.45 ± 0.08 121.7 ± 10.3 0.61 ± 0.07
PB-DCOP-lite 286.2 ± 15.8 n/a 0.73 ± 0.06 n/a 0.61 ± 0.06 138.9 ± 9.5 0.72 ± 0.06
LB-Unconstrained 319.7 ± 20.5 229 ± 24 0.82 ± 0.05 10.4% ± 2.1 0.74 ± 0.05 151.8 ± 11.7 0.79 ± 0.05
LB-RewardOnly 341.5 ± 19.2 188 ± 20 0.79 ± 0.05 7.1% ± 1.9 0.82 ± 0.04 162.3 ± 10.8 0.84 ± 0.04
LB-ActionOnly 348.0 ± 17.9 161 ± 18 0.76 ± 0.06 4.6% ± 1.5 0.85 ± 0.04 167.9 ± 10.1 0.86 ± 0.04
Proposed (medium constraints) 379.8 ± 16.1 146 ± 17 0.84 ± 0.04 3.9% ± 1.2 0.92 ± 0.02 182.5 ± 9.4 0.91 ± 0.03

Table 7: Ablation outcomes relative to full method.

Ablation Δ Return Δ Robustness Δ Violation Δ OF

A1 (no 𝑟𝑎𝑔) −8.6% −6.2% +2.7 pts −0.07
A2 (no 𝑟𝑟𝑔) −3.9% −4.8% +3.1 pts −0.09
A3 (no 𝑔𝑟𝑔) −10.4% −2.0% +0.8 pts −0.06
A4 (soft-only) −4.7% +1.1% +1.9 pts −0.05
A5 (hard-only) −5.3% −7.4% −1.4 pts −0.04
A6 (reduced TEMM features) −0.2% −0.1% +0.0 pts −0.11

compared to unconstrained learning (0.41 ± 0.06), indicating that
organizational constraints enhance behavioral specialization. Audit-
agreement ratings improve from low to very high, reflecting that
TEMM patterns align closely with intended specifications.

Table 8: Explainability indicators.

Condition Role-cluster separa-
bility

Mission alignment
rating

Human-audit agree-
ment rating

LB-Unconstrained 0.41 ± 0.06 low low
LB-RewardOnly 0.49 ± 0.05 high high
Proposed (medium) 0.67 ± 0.04 very high very high

Qualitative and operational relevance Trajectory analysis con-
firms role/missionmotifs in the proposed setting (observer acquisition-
to-relay transitions, relay draining patterns, and safety-oriented
stress responses), consistent with higher role-cluster separability in
Table 8. TEMM outputs provide actionable traceability of role con-
sistency and repeated deontic violations, with mission-alignment
and audit-agreement ratings improving from low to very high.

6.5 Human-in-the-loop audit case
To evaluate auditability, we analyze one representative stress episode
where communication degradation and compromise overlap. In the
unconstrained condition, two satellites persist in Observe despite
rising isolation and energy stress, which leads to buffered-data sat-
uration and delayed delivery recovery. TEMM flags this pattern as
repeated mission-role mismatch for relay-assigned agents.

Applying a supervised intervention changes the subsequent tra-
jectory: one satellite transitions to relay behavior, one to safety-
guard behavior, isolation duration is shortened, and delivery recov-
ery occurs before mission-collapse threshold. Those observations

confirmed the intended usage mode of the architecture, where the
learning policy remains autonomous between updates, but opera-
tors retain structured levers for corrective control.

7 Conclusion
This paper introduced an operational-assist framework for satellite
fleet management comprising: i) the ORBITAL environment as an
operationally grounded abstraction in a reproducible multi-agent
setting under various constraints; ii) and an ORBITAL-oriented
decision-making architecture adapted from MOISE+MARL that
combines organizational role/mission constraints with trajectory-
based analysis to improve controllability and explainability.

The main result is a structured control trade-off: strong con-
straints accelerate early convergence but may reduce robustness,
weak constraints preserve robustness but slow learning, andmedium
constraints provide the best compromise between performance,
convergence speed, and resilience, suggesting that organizational
specifications are most useful when guiding safety-critical behavior
while preserving policy freedom for emergent cooperation.

However, ORBITAL is a simplified abstraction that lacks full
communication, high-fidelity orbital mechanics, and operational
complexity. The manually designed organizational specifications
may introduce bias and limit scalability. TEMM analysis quality re-
lies on trajectory features and clustering choices, necessitating care-
ful calibration. This simplification may miss second-order effects
like communication latency and orbital perturbations. Therefore,
we identify three key directions: enhancing environment realism
for better simulation of real-world conditions, integrating model-
based reinforcement learning and multi-agent world models for
improved long-horizon robustness, and reinforcing neuro-symbolic
integration to align learned behaviors with safety constraints. Our
goal is ultimately developing offline advisory support systems.
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ABSTRACT
The size and capabilities of Earth-observing satellite constellations

are rapidly increasing. Leveraging distributed onboard control, we

can enable novel time-sensitive measurements and responses. How-

ever, deploying autonomy to satellites requires efficient computa-

tion and communication. This work tackles the challenge of effi-

ciently scheduling observations for hundreds of satellites in a dy-

namic, large-scale problem with millions of variables. We present

the Dynamic Multi-Satellite Constellation Observation Scheduling
Problem (DCOSP), a new formulation of Dynamic Distributed Con-

straint Optimization Problems (DDCOP) that models integrated

scheduling and execution. DCOSP has a novel optimality condi-

tion for which we construct an omniscient offline algorithm for

its computation. We also present the Dynamic Incremental Neigh-
borhood Stochastic Search algorithm (D-NSS), an incomplete online

decomposition-based DDCOP algorithm that repairs and solves

sub-problems when problem dynamics occur. We show through

simulation that D-NSS converges to near-optimal solutions and

outperforms DDCOP baselines in terms of solution quality, com-

putation time, and message volume. As part of the NASA FAME

mission, DCOSP and D-NSS will be the foundation of the largest

in-space demonstration of distributed multi-agent AI to date.
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1 INTRODUCTION
There has been a proliferation of Earth-observing spacecraft in

recent years, including advancements in their capabilities to act as

autonomous agents. Reduced launch costs have led to constellations

composed of hundreds or thousands of spacecraft that can monitor
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Earth phenomena [31]. Large observation systems result in shorter

revisit times to the target observation locations. Reduced revisit

times are crucial for rapid responses to dynamic events such as

natural disasters. New spacecraft also possess edge hardware capa-

ble of performing more intensive computation onboard, including

neural network execution and even planning [7, 8, 10, 40, 51]. The

advancement of inter-satellite links (ISL) has enabled persistent

communications between spacecraft and stations on the ground.

These capabilities support observation campaigns that require

time-sensitive and coordinated measurements. An example is global

monitoring of all volcanic activity or flooding events. However,

without consistent observation and the ability to react to dynamic

events, key measurements of these processes may be missed. For ex-

ample, wildfire monitoring requires 30-minute updates to be useful

to ground responders [23]. Centralized scheduling on the ground

suffers from latency and may not be able to meet these timing

constraints. Therefore, to successfully tackle these campaigns, we

require large-scale observation systems with reduced revisit times

and distributed autonomy so that agents can operate online without

ground control.

This work focuses on distributed online scheduling that can effi-

ciently coordinate the actions of hundreds or thousands of space-

craft continually as problem dynamics change. Coordinating the ac-

tions of a large-scale constellation requires reasoning about agents

with varying capabilities, constraints, and visibility of Earth targets

while managing limited computational resources. Satellites share

CPU and RAM with other critical flight software. Large volumes

of communication in space are also unreliable and may even carry

a financial cost [25]. These limitations make solving a static prob-

lem challenging. However, any operational solution must solve

dynamic problems that change over time, which further increases

the complexity. In these scenarios, the satellite constellation is fixed,

yet the observation requests change. These changing observation

requests alter the constraints of the problem. We desire continual

scheduling solutions that are lightweight yet can effectively handle

these problem dynamics.

Operational satellite observation scheduling uses centralized

paradigms [43], and many research efforts have concentrated on

centralized solutions [3, 30]. Centralized approaches may be insuf-

ficient for dynamic situations that require real-time response due

to latencies to the ground. Centralized approaches are also vulnera-

ble to single-point failures that would result in a non-operational

constellation.

We model a large-scale satellite constellation as a multi-agent

system (MAS) and focus on continual decentralized scheduling that

optimizes observation completion during an overlapping schedul-

ing and execution horizon. We present the Dynamic Multi-Satellite
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Constellation Observation Scheduling Problem (DCOSP), which is

a dynamic distributed constraint optimization problem (DDCOP).

DCOSP is a novel application of a DDCOP for dynamic satellite

observation scheduling, and extends DDCOPs in multiple ways.

The assumptions of DCOSP differ from those of a DDCOP to reflect

real-world constraints. We assume agents are aware of the existence

of other agents, but do not have access to detailed capabilities or

state information. This assumption allows our approach to apply

to scenarios with intermittent connectivity, limited bandwidth, or

security-mandated communication restrictions. We also formulate

a novel optimality condition for a DDCOP that takes into account

integrated scheduling and execution. In addition, DDCOP solutions

tend to rely heavily on computation and communication, especially

when problem dynamics are volatile, which prevents application to

DCOSP. These challenges make current DDCOP solvers insufficient

for DCOSP.

DCOSP problem instances are much larger than typical DDCOP

problems examined in previous literature. DCOSP instances con-

sist of millions of variables that change over time. Agents must

react to problem dynamics while expending limited time, memory,

and communication. We extend the Neighborhood Stochastic Search
algorithm (NSS) to a dynamic variation referred to as Dynamic In-
cremental Neighborhood Stochastic Search (D-NSS). NSS decomposes

the global problem into smaller sub-problems, producing global

solutions more efficiently. D-NSS uses the same foundation and

leverages repairing previous solutions to efficiently handle problem

dynamics.

The contributions of this work are

(1) a novel formulation of the real-world application of dynamic

satellite scheduling as a DDCOP with a unique optimality

condition that models task execution,

(2) constructing an omniscient, offline optimal solution to the

dynamic satellite scheduling problem, and

(3) presenting the Dynamic Incremental Neighborhood Stochastic
Search algorithm, a scalable incomplete DDCOP approach.

We evaluate the effectiveness of the approaches on large-scale

real-world scenarios as well as analyze the challenges of deploying

existing DDCOP solutions to this problem. DCOSP and D-NSS will

be leveraged in the largest in-space demonstration of multi-agent AI

to date, beginning in 2026. TheNASA FAMEdemonstration involves

over 60 participating spacecraft that will dynamically coordinate

to observe Earth phenomena [9].

A version of this work appears as an extended abstract in the

proceedings of AAMAS 2026 [52].

2 RELATEDWORK
2.1 Satellite Observation Scheduling
Satellite observation scheduling is typically framed as an optimiza-

tion problem that involves geometric reasoning, downlink schedul-

ing, and constraint-based task allocation. The majority of research

efforts and operational work have focused on centralized solu-

tions to satellite observation scheduling [1, 3, 6, 11, 17, 18, 30, 43–

45, 47]. There is limited work on decentralized scheduling ap-

proaches, and these mainly focus on static problems. Examples

include auction-based methods [36, 37] and heuristic search-based

methods [4, 5, 33, 53]. The work of Zilberstein, Rao, Salis, and Chien

proposed the Multi-Satellite Constellation Observation Scheduling
Problem (COSP), a DCOP formulation of observation allocation [53].

We extend this work by formulating the Dynamic Multi-Satellite
Constellation Observation Scheduling Problem (DCOSP), which is a

novel DDCOP formulation of the problem.

2.2 Dynamic Distributed Constraint
Optimization

Distributed constraint optimization problems (DCOP) havemodeled

applications including mobile sensor teams [34], smart grids [14],

and satellite scheduling [53]. Solutions to distributed constraint

optimization problems tend to be intensive in computation and

communication, making deployment to agents with limited compu-

tation challenging. Optimal solutions have exponential complexities

[16, 19, 28, 29, 35]. Incomplete DCOP algorithms are more efficient,

yet typically rely on agents communicating with all neighboring

agents in the constraint graph, resulting in large complexities when

constraint graphs are fully connected [26, 32, 46, 49]. The Neighbor-
hood Stochastic Search (NSS) algorithm, which iteratively improves

sub-problem solutions, has been shown to solve large-scale dis-

tributed satellite observation scheduling with limited computation

and communication [53]. We extend the NSS algorithm to the dy-
namic DCOP setting (DDCOP) to perform scalable and effective

dynamic observation scheduling.

Dynamic distributed constraint optimization problems (DDCOP)

[24] extend DCOPs to capture problem changes. A standard DDCOP

is composed of a sequence of 𝑇 static DCOPs where an optimal

solution is obtained by solving each of the 𝑇 DCOPs optimally.

DDCOP solutions are inherently online algorithms as a system

reacts to changes. Most work has adapted common DCOP algo-

rithms to dynamic variations that inherit computational complexi-

ties [2, 12, 22, 27, 41, 48, 54].

When it comes to the application of DDCOPs to satellite oper-

ations, there are limitations with the standard definition. When

solving static DCOPs, it is possible to assume that solutions are

found prior to the execution horizon. However, DDCOPs cannot

always make this assumption as dynamics may occur during the

execution horizon. This is true for satellite operations; utility is

obtained by taking an observation, not scheduling one. Therefore,

when the problem changes so that a requested task is removed from

the problem, having it scheduled prior to execution may not be

optimal. In addition, due to consumptive resources, the starting

state of subsequent DCOPs is driven by previous solutions.

3 PROBLEM DEFINITION
3.1 Multi-Satellite Constellation Observation

Scheduling
We outline the Multi-Satellite Constellation Observation Scheduling
Problem (COSP) and discuss the related challenges. COSP is defined

by the following sets.

‚ 𝐻 “ rℎ𝑠 , ℎ𝑒 s: the scheduling horizon.

‚ 𝐴: the set of agents in which each agent is a satellite in the

constellation.

‚ T : the set of point targets on Earth defined by a latitude and

longitude.
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‚ 𝑅: the set of requests where each request is defined by the

target to observe, 𝜏 P T , and when in the scheduling horizon

to observe, ℎ Ă 𝐻 . Note that we index elements of a request

𝑟 , such as the horizon, with the notation ℎp𝑟q and use this

notation consistently for other variables.

‚ 𝑆 “
Ť

𝑎P𝐴 𝑆𝑎 : the set of tasks (also referred to as observa-

tions) where each 𝑆𝑎 corresponds to the tasks of agent 𝑎. A

task 𝑠 P 𝑆𝑎 is defined by the request being satisfied, 𝑟 P 𝑅,

the interval required to schedule the task, ℎ Ă ℎp𝑟q, and the

data volume required to take the observation,𝑚 P R`
.

‚ X “
Ť

𝑎P𝐴 X𝑎 : the set of Boolean decision variables where

each X𝑎 corresponds to the variables of agent 𝑎. For each

𝑠 P 𝑆𝑎 we define the Boolean decision variable 𝑥 P X𝑎 where

𝑥 “ 1 iff agent 𝑎 schedules task 𝑠 .

‚ 𝐷 “
Ť

𝑎P𝐴 𝐷𝑎 : the set of downlinks where each 𝐷𝑎 corre-

sponds to the downlinks of agent 𝑎. A downlink is defined

by the maximum data volume downlinked,𝑚 P R`
, and the

time interval of the downlink, ℎ Ă 𝐻 . We assume that all

downlinks are mandatory.

‚ 𝐶 “
Ť

𝑎P𝐴𝐶𝑎 : the set of constraints for each agent. Each

agent is constrained by processing and data volume. An

agent cannot execute two tasks at once and tasks cannot

overlap with downlinks. An agent must also never exceed

its memory capacity and all observations acquired must be

downlinked at the earliest opportunity. Formally,

𝐶𝑎 “ 𝐶𝐷𝑎
Y𝐶𝑆𝑎 .

We define

𝐶𝐷𝑎
“

ď

𝑑P𝐷𝑎

𝑐𝑑

where

𝑐𝑑 “
ÿ

𝑠P𝑆𝑑𝑎

𝑥p𝑠q ¨𝑚p𝑠q ď minp𝑚p𝑎q,𝑚p𝑑qq.

The set 𝑆𝑑𝑎 contains the possible tasks for which the soonest

downlink window in the future is 𝑑 . The value𝑚p𝑎q denotes

the memory capacity of agent 𝑎. We define

𝐶𝑆𝑎 “
ď

𝑠,𝑠1P𝑆𝑎

𝑐𝑠,𝑠1

where

𝑐𝑠,𝑠1 “
“

𝑥p𝑠q ¨ 𝑥p𝑠1q ` Ipℎp𝑠q X ℎp𝑠1q ‰ Hq ď 1

‰

.

The objective of COSP is to maximize the number of requests

satisfied subject to the constraints. A request is satisfied if a single

observation for that request is completed. An optimal assignment

of variables X˚
is defined as

X˚ “ arg max

X
F pXq

where

F pXq “
ÿ

𝑟P𝑅

»

–1´
ź

𝑥PX𝑟

p1´ 𝑥q

fi

fl .

Here, X𝑟 is the set of variables such that 𝑥 “ 𝑥p𝑠q and 𝑟p𝑠q “ 𝑟 .

COSP has been shown to be a challenging problem for DCOP

methods. Typical COSP instances have hundreds of agents and

thousands of requests, leading to millions of decision variables. In

addition, the constraint graph of COSP has high degrees on the

order of Ωp|𝐴| ¨ |𝑅|q. The constraint graph is also assumed to be

only locally known to an agent. An agent 𝑎 is oblivious to all tasks

𝑠 R 𝑆𝑎 and variables 𝑥 R X𝑎 . This is not consistent with standard

DCOPs in which agents know all neighboring variables/agents

in the constraint graph [13]. In COSP, it is assumed that agents

know the existence of all other agents but have no knowledge of

the variables of other agents. These factors make existing DCOP

approaches that rely on agents communicating with neighboring

agents in the constraint graph both computationally challenging

due to the high degrees in the graph and inapplicable since we

cannot assume agents know which agents they share constraints

with.

3.2 Dynamic Multi-Satellite Constellation
Observation Scheduling

We now present the Dynamic Multi-Satellite Constellation Observa-
tion Scheduling Problem (DCOSP) and discuss how previous chal-

lenges from COSP transfer to DCOSP.

A DDCOP consists of a set of 𝑇 sequential DCOPs. We define

DCOSP similarly as a set of COSP instances. Let 𝛿𝑡 be the COSP

instance at time 𝑡 . We then define the DCOSP, 𝛿 , as 𝛿 “ t𝛿𝑡 u
𝑇
𝑡“0

.

We assume that the agents have no prior knowledge of when or

how the problem might change and must act reactively. We refer

to the requests and variables of 𝛿𝑡 as 𝑅𝛿𝑡 and X𝛿𝑡
. Note that 𝛿𝑖

depends on 𝛿 𝑗 for 𝑗 ă 𝑖 since these prior DCOPs will determine the

starting state of 𝛿𝑖 . For example, resource expenditure affects both

current and future solutions. We assume that there is a globally

known horizon for a DCOSP instance, ℎp𝛿q “ rℎ𝑠p𝛿q, ℎ𝑒p𝛿qs and

that the horizon of each COSP instance is ℎp𝛿𝑡 q “ rℎ𝑠p𝛿𝑡 q, ℎ𝑒p𝛿qs

where ℎ𝑠p𝛿𝑡 q P ℎp𝛿q.

The utility of DCOSP is not the same as a typical DDCOP. In

a typical DDCOP, the utility is defined as the sum of the utility

functions of the individual DCOPs, which means that an optimal

solution is obtained by solving each DCOP optimally in sequence.

However, this formulation does not adequately capture DCOSP

utility. We define the utility of DCOSP to be the number of requests

that are satisfied, where satisfaction is determined by an observation

for a request being executed. This utility rewards completing a

task rather than just scheduling one. Due to the online nature of

DCOSP, the scheduling horizon overlaps the execution horizon.

Therefore, scheduling an observation does not guarantee that it

will be executed. Consider that a task for request 𝑟 is scheduled at

time 𝑡0 in 𝛿𝑡0
to be executed at time 𝑡𝑖 . If the task is then unscheduled

at some 𝛿𝑡 𝑗 where 0 ă 𝑗 ă 𝑖 then 𝑟 will not be satisfied despite

having a task scheduled in COSP instance 𝛿𝑡0
.

To formally define this utility, we provide some useful definitions.

Let
¯ℎp𝛿𝑡 q be the unknown execution horizon of 𝛿𝑡 . We visually show

¯ℎp𝛿𝑡 q in Figure 1. This is the horizon for which the problem is static

and is defined by 𝛿𝑡 . Formally,

¯ℎp𝛿𝑡 q “

#

rℎ𝑠p𝛿𝑡 q, ℎ𝑠p𝛿𝑡`1qs if 𝑡 ă 𝑇

rℎ𝑠p𝛿𝑡 q, ℎ𝑒p𝛿𝑡 qs else (i.e. 𝑡 “ 𝑇 q.

We then define the proposition executedp𝑥q as
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തℎ(𝛿0) തℎ(𝛿1) തℎ 𝛿𝑇 = ℎ(𝛿𝑇)

ℎ(𝛿0)

ℎ(𝛿1)

…

Figure 1: We illustrate ¯ℎp𝛿𝑡 q; the line spans the entire horizon
of the DCOSP 𝛿 where ¯ℎp𝛿𝑡 q shows the unknown interval the
problem is static as defined by 𝛿𝑡 .

executedp𝑥q “ 𝑥 ¨ IrD𝑡 𝑥 “ 𝑥p𝑠q ^ ℎp𝑠q X ¯ℎp𝛿𝑡 q ‰ Hs.

The above is equal to one if and only if 𝑥 “ 1, meaning task 𝑠

was scheduled, and the horizon of 𝑠 occurred during the time when

the problem is static as defined by 𝛿𝑡 . This means that the task was

scheduled when it was executed. Using this proposition, we can

define the utility of DCOSP for an assignment of variables X𝛿
over

all time steps.

F pX𝛿 q “
ÿ

𝑟P𝑅𝛿

»

–1´
ź

𝑥PX𝛿
𝑟

p1´ executedp𝑥qq

fi

fl

where 𝑅𝛿 “
Ť𝑇

𝑡“0
𝑅𝛿𝑡 and X𝛿

𝑟 “
Ť𝑇

𝑡“0
X𝛿𝑡
𝑟 . 𝑅𝛿 is the set of all

requests in DCOSP 𝛿 and X𝛿
𝑟 are all tasks for request 𝑟 over 𝛿 . This

utility function rewards observations that are completed, not just

scheduled.

The same challenges of solving COSP are multiplied when solv-

ing DCOSP. Solving a single instance of COSP is computationally

challenging for most DCOP methods. Solutions that are linear in

the maximum degree of the constraint graph suffer due to COSP

instances having degrees Ωp|𝐴| ¨ |𝑅|q. We again assume that the

constraint graph is only partially known to an agent. Therefore,

solutions to DCOSP need to conform to this assumption that cross-

agent edges in the constraint graph are unknown and to be efficient

in computation and communication.

4 ALGORITHMS
4.1 Obtaining an Optimal Solution to DCOSP
There is no clear online algorithm for computing an optimal DCOSP

solution. This is due to agents having no prior knowledge of prob-

lem dynamics and optimally solving each individual COSP instance

not necessarily constituting an optimal DCOSP solution. However,

we can obtain an optimal solution by collapsing DCOSP into a

single DCOP. This relies on using omniscient knowledge of the

problem dynamics and is therefore not feasible in actuality.

We can collapse a DCOSP 𝛿 into a DCOP 𝛿 1
to reason only

about the observations that matter. The following are the key set

constructions of 𝛿 1
:

𝑆𝛿
1

“ t𝑠 P 𝑆𝛿 | D𝑡 ℎp𝑠q X ¯ℎp𝛿𝑡 q ‰ Hu and

X𝛿 1

“ t𝑥 P X𝛿 | D𝑡 𝑥 “ 𝑥p𝑠q ^ ℎp𝑠q X ¯ℎp𝛿𝑡 q ‰ Hu.

By construction, executedp𝑥q “ 𝑥 if and only if 𝑥 P X𝛿 1

and

executedp𝑥q “ 0 otherwise. Therefore, we obtain the following

equivalence.

F pX𝛿 q “
ÿ

𝑟P𝑅𝛿

»

–1´
ź

𝑥PX𝛿
𝑟

p1´ executedp𝑥qq

fi

fl

“
ÿ

𝑟P𝑅𝛿

»

–1´
ź

𝑥PX𝛿1
𝑟

p1´ 𝑥q

fi

fl

“ F pX𝛿 1

q.

Solving 𝛿 1
optimally results in an optimal solution to the DCOSP

𝛿 . By definition, 𝛿 1
is a static COSP instance. Therefore, we can

employ any complete algorithm to obtain an optimal solution to

𝛿 by solving 𝛿 1
. Although the omniscient solver is not deployable,

it serves as a key performance upper bound for benchmarking

practical, online algorithms such as D-NSS. However, even solving a

single DCOP is NP-Hard [29]. Therefore, for large DCOSP instances,

we use an incomplete solver to obtain a near-optimal solution since

any exponential time search is infeasible.

4.2 Dynamic Incremental Neighborhood
Stochastic Search

In this section, we present the Dynamic Incremental Neighborhood
Stochastic Search algorithm (D-NSS) shown in Algorithm 1. Due to

the scale of DCOSP and the computational constraints of satellites,

we require DDCOP algorithms that are both efficient and can rea-

son about the dynamic nature of the problem. D-NSS extends NSS

to address the drawbacks of general DDCOP algorithms. NSS is an

iterative algorithm where at each iteration agents stochastically up-

date their variable assignments based on the assignments of agents

they communicate with. This iterative procedure is shared with

other algorithms such as DSA. However, NSS relies on a decom-

position heuristic Υ : 𝐴ˆ 𝑆 Ñ t0, 1u to generate a subproblem N
for neighborhoods of agents to solve. This subproblem is a smaller

DCOP consisting of requests 𝑅N and agents𝐴N . D-NSS continually

computes subproblems, repairs local solutions between problem

instances, and reasons about prior scheduling and execution in the

search and repair phases.

We leverage the Geometric Neighborhood Decomposition heuris-

tic (GND) to create these subproblems every time dynamics occur

[53]. GND efficiently allocates requests to neighborhoods of agents

based on the orbital geometry of the constellation and has been

shown to effectively partition COSP instances. For completeness,

Algorithm 1 Dynamic Incremental Neighborhood Stochastic

Search (D-NSS) for agent 𝑎

Input: 𝑠𝑐ℎ𝑒𝑑, 𝑅,𝐴, 𝑆𝑎,𝐶𝑎, Υ,𝑚𝑎𝑥𝐼𝑡𝑒𝑟𝑠
Output: Schedule for agent 𝑎
1: N “ computeSubProblemp𝑎,𝐴, 𝑅, 𝑆𝑎, Υq
2: 𝑠𝑐ℎ𝑒𝑑 “ repairp𝑠𝑐ℎ𝑒𝑑, 𝑅N , 𝑆𝑎,𝐶𝑎q
3: 𝑠𝑐ℎ𝑒𝑑 “ D-NSS-Searchp𝑠𝑐ℎ𝑒𝑑, 𝑅N , 𝐴N , 𝑆𝑎,𝐶𝑎,𝑚𝑎𝑥𝐼𝑡𝑒𝑟𝑠q
4: return 𝑠𝑐ℎ𝑒𝑑
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Algorithm 2 repair for agent 𝑎

Input: 𝑠𝑐ℎ𝑒𝑑, 𝑅, 𝑆𝑎,𝐶𝑎
Output: Repaired Schedule for agent 𝑎

1: for 𝑠 P 𝑠𝑐ℎ𝑒𝑑 do
2: if 𝑟p𝑠q R 𝑅 then
3: removeFromSchedule(𝑠𝑐ℎ𝑒𝑑, 𝑠)

4: shuffle 𝑆𝑎
5: for 𝑠 P 𝑆𝑎 do
6: if 𝑠 satisfies 𝐶𝑎 ^ 𝑟p𝑠q R 𝑠𝑐ℎ𝑒𝑑 then
7: addToSchedule(𝑠𝑐ℎ𝑒𝑑, 𝑠)

8: return 𝑠𝑐ℎ𝑒𝑑

Algorithm 3 D-NSS-Search for agent 𝑎

Input: 𝑠𝑐ℎ𝑒𝑑, 𝑅N , 𝐴N , 𝑆𝑎,𝐶𝑎,𝑚𝑎𝑥𝐼𝑡𝑒𝑟𝑠
Output: Schedule for agent 𝑎
1: while 𝑖 ă𝑚𝑎𝑥𝐼𝑡𝑒𝑟𝑠^ not converged do
2: 𝑐𝑜𝑚_𝑜𝑢𝑡, 𝑐𝑜𝑚_𝑖𝑛 “ messagep𝐴N , 𝑠𝑐ℎ𝑒𝑑)
3: shuffle 𝑅N
4: for 𝑟 P 𝑅N do
5: assigned “ stochasticUpdatep𝑟, 𝑠𝑐ℎ𝑒𝑑, 𝑐𝑜𝑚_𝑖𝑛q

6: if assigned “ true then
7: 𝑠𝑐ℎ𝑒𝑑 “ schedulep𝑟, 𝑠𝑐ℎ𝑒𝑑, 𝑆𝑎q

8: 𝑖 Ð 𝑖 ` 1

9: return 𝑠𝑐ℎ𝑒𝑑

we provide an outline of GND. GND was first introduced with the

NSS algorithm and we refer the reader to prior work for a full

presentation of the heuristic [53].

GND leverages the orbital geometry of the satellite constellation

to hierarchically partition requests to neighborhoods of agents. Let

𝐾 be the set of orbital planes that define a satellite constellation
1
.

For every request, an agent computes the supply from all orbital

planes and adds these to estimate the total number of agents with

overflights for the request. The supply can also be thought of as

an estimate of degrees in the constraint graph. Iterating through

requests in ascending order of supply, a request gets assigned to

the 𝑛 neighborhoods with the highest ratio of supply to temporal

conflicts. Temporal conflicts are counts of other requests already al-

located to a neighborhood that overlap in time with a given request.

Finally, within a neighborhood, requests are further subdivided to

agents based on biases towards specific tiles on Earth. GND with 𝑛

degrees of incompleteness is denoted GND(𝑛).

D-NSS restarts the search phase when changes are initiated in

the problem. A key procedure is the repair function that repairs

previously computed solutions to leverage assignments of unchang-

ing variables shown in Algorithm 2. Repairing consists of removing

all tasks that are no longer in the current problem instance and

greedily inserting new tasks in random order. Note that we can also

remove from an agent’s schedule all requests that have been previ-

ously executed by agents in the same neighborhood. One benefit

of the D-NSS algorithm is that it can leverage different repair pro-

cedures. We use the random repair function for two main reasons.

1
An orbital plane is a fixed orbit around Earth that many satellites may follow at

various spacing.

Random initialization is the standard for DSA and NSS variants in

static domains [49] as it promotes diverse solutions and D-NSS is

designed to be as lightweight as possible. Computation-intensive

repair procedures counteract the efficiency of the algorithm. We

show later on that performing random repair improves the quality

and efficiency of D-NSS on DCOSP instances.

After each agent repairs its solution, all agents synchronously

begin the iteration phase, D-NSS-Search, to fine-tune the repaired

solutions. D-NSS-Search extends the search phase of NSS to ac-

count for tasks that have just been scheduled versus ones that have

been executed. We detail the following sub-procedures.

‚ computeSubProblemp𝑎,𝐴, 𝑅, 𝑆𝑎, Υq. This function computes

the neighborhood of agent 𝑎 and the subset of requests for

that neighborhood using the decomposition heuristic Υ. We

use Υ “ GND. GND produces neighborhoods that are reflex-

ive and transitive.

‚ messagep𝐴N , 𝑠𝑐ℎ𝑒𝑑). This function defines the message ex-

change between agents in a neighborhood. Each agent 𝑎

sends to each other agent in 𝐴Nzt𝑎u the subset of 𝑅N that

it has executed a task for already and the subset that it has

scheduled in the previous iteration via the variable 𝑐𝑜𝑚_𝑜𝑢𝑡 .

The resulting data structure 𝑐𝑜𝑚_𝑖𝑛 contains the satisfaction

information for the neighborhood.

‚ stochasticUpdatep𝑟, 𝑠𝑐ℎ𝑒𝑑, 𝑐𝑜𝑚_𝑖𝑛q. This function computes

the assignment of an agent and a request based on the neigh-

borhood’s communication. An assignment refers to if an

agent should attempt to schedule a specific request. Let𝑊

be the count of agents that scheduled or executed 𝑟 in the

previous iteration, the probability 𝑃𝑢 be a hyperparamater,

executedp𝑟q be the predicate that 𝑟 was executed already,

and assignedp𝑎, 𝑟q be the predicate that 𝑎 is assigned to 𝑟 .

An agent computes the probability of assigning to 𝑟 in the

next iteration, 𝑃p𝑎, 𝑟 |𝑐𝑜𝑚_𝑖𝑛q using the update scheme from

Table 1. For example, according to 𝑐𝑜𝑚_𝑖𝑛, if request 𝑟 has

not been executed, agent 𝑎 is not assigned to it, and𝑊 ě 1,

agent 𝑎 will always remain unassigned to 𝑟 . This update

scheme extends the static NSS update schemes to account

for dynamic scheduling and execution. If a task for a request

has already been executed, then all agents should unassign.

Note that executedp𝑟q ùñ 𝑊 ě 1.

‚ schedulep𝑟, 𝑠𝑐ℎ𝑒𝑑, 𝑆𝑎q. This function tries to schedule a task

for request 𝑟 given the current schedule. If a task for 𝑟 satis-

fies 𝐶𝑎 it is inserted into the schedule. Otherwise, the sched-

uler may remove a single task from the schedule to satisfy

the constraints. The task with the closest start time to the

new task is used as a heuristic for removal. Agent 𝑎 remains

executedp𝑟q ␣executedp𝑟q ␣executedp𝑟q
␣assignedp𝑎, 𝑟q assignedp𝑎, 𝑟q

𝑊 “ 0 N/A 1 1´ 𝑃𝑢
𝑊 ě 1 0 0 1{𝑊

Table 1: Stochastic assignment update scheme for agent 𝑎.
The table values denote the probability that agent 𝑎 assigns
to request 𝑟 based on 𝑐𝑜𝑚_𝑖𝑛, 𝑃p𝑎, 𝑟 |𝑐𝑜𝑚_𝑖𝑛q.
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assigned to a removed task and can attempt to re-schedule

it in subsequent iterations. Task removal enables the search

phase to overcome local maxima. Note that vanilla DCOSP

considers all requests of equal priority and there is no tem-

poral flexibility in the start or end times of tasks. However,

DCOSP and the scheduling procedure are amenable to these

extensions.

Without prior knowledge of the problem dynamics, it is difficult

for any online algorithm to reason about which scheduled tasks

will be executed. Prioritizing requests that are earlier in the horizon

may be more likely not to be removed and yield reward. How-

ever, expending resources early on in the horizon results in fewer

resources available to handle problem dynamics later. Although

D-NSS currently focuses on reactive repair, it can be extended to

integrate proactive scheduling through predictive models, which is

a subject of future work.

We introduce variables to analyze the complexity of D-NSS.

Let 𝐿 be the maximum size of a satellite’s schedule, 𝐴N be the

largest set of agents in a sub-problem, and 𝑅N be the largest set

of requests in a sub-problem. In general 𝐿!|𝑅N |!|𝑅| since 𝐿 is

constrained by resources and time. Sub-problem computation via

GND has a time complexity of𝑂p|𝑅N |q and uses no communication.

The repair procedure is individually computed by an agent and

takes𝑂p|𝑅N | log𝐿q time and again uses no communication. D-NSS

inherits from NSS a computation and communication complexity

of 𝑂p|𝐴N |¨|𝑅N |q during an iteration.

4.3 Baseline Algorithms
We evaluate several baseline algorithms in addition to D-NSS. The

naive alternative to D-NSS is to recompute a solution from scratch

every time problem dynamics occur. We refer to this procedure

as 0-NSS. 0-NSS has the same theoretical complexities as D-NSS.

We also evaluate dynamic variations of the Distributed Stochastic
Search Algorithm (DSA) [33, 49]. D-DSA uses Algorithm 2 to re-

pair DSA solutions. Likewise, 0-DSA runs DSA from scratch every

time the problem changes. These DSA variants have a complex-

ity of 𝑂p|𝐴|¨|𝑅|q per iteration. Dynamic DSA is one of the most

lightweight DDCOP solvers and can be deployed without violat-

ing the constraint graph assumptions of DCOSP. Other DDCOP

algorithms such as a dynamic variation of MGM [26], would also

incur a computation and communication complexity of 𝑂p|𝐴|¨|𝑅|q

per iteration. Due to the scale of the problem instances and the

constraints of satellite computation and communication, we are

unable to evaluate any exponential-time algorithms.

We include two baseline non-communication-reliant algorithms:

random and greedy. Both of these algorithms construct a schedule

for a satellite without reasoning about other agents. These algo-

rithms transition schedules after the dynamics occur by removing

redundant tasks. The random solver randomly inserts tasks into an

agent’s schedule while the greedy algorithm orders tasks by their

start time and iteratively inserts them into a schedule in a single

pass. Although simple, a greedy solver is comparable to deployed

planners on spacecraft [15].

Finally, we use the construction outlined previously to obtain op-

timal and near-optimal solutions. For small problems, we obtain an

optimal solution by constructing a static COSP instance and solving

Figure 2: The satellite constellations: Planet (left) andWalker
(right). Dots show satellites in an orbital plane.

it with a centralized branch and bound. For large problems, comput-

ing an optimal solution is not computationally feasible, so we lower

bound the optimal solution using Squeaky Wheel Optimization [21],

an incomplete centralized solver.

5 EXPERIMENTS
5.1 Setup
In this section, we outline the experimental setup including con-

stellations and dynamic observation campaigns.

5.1.1 Satellite Constellations. We evaluate two constellations mod-

eled after operational low Earth orbit constellations [38]. The Planet

constellation is modeled on the Dove constellation from Planet Labs.

This constellation is composed of two near sun-synchronous or-

bital planes at 95
˝
inclinations each composed of 95 satellites with

an additional two orbital planes at 52
˝
inclinations each with 5

satellites. The Walker constellation is motivated by the Skysat con-

stellation from Planet Labs. This constellation has 6 orbital planes

with 14 satellites each at an 88
˝
inclination and an overlay of 2

orbital planes at a 51.6˝
inclination with 12 satellites. Each satellite

has a memory capacity of 125 GB and a single sensor that can slew

to 60
˝
and 45

˝
off-nadir for the Planet and Walker constellations

respectively. Figure 2 depicts these two constellations.

5.1.2 Downlinks. A 62.5 MB/s constant bit streammodels the satel-

lite downlink during visibility periods with a ground station. We

incorporate two ground stations: the ASF Near Space Network

Satellite Tracking Ground Station and the Guam Remote Ground

Terminal System.

5.1.3 Dynamic Observation Request Campaigns. The target set, T ,

is 634 globally distributed cities. Dynamic campaigns consist of

periodic requests of these targets. For large problem instances, a

periodicity is uniformly sampled from the range r5, 12s. A target

with periodicity 𝑝 is requested to be observed once within 𝑝 evenly

spaced intervals. For small problem instances, we fix the periodicity

at 3. The scheduling horizon is set to be one day. However, the start

of the horizon is randomly initialized. An observation’s memory

consumption is sampled from a normal distribution with mean 50

MB and standard deviation 10 MB. The time interval required to

execute an observation is 63 seconds which accounts for imaging,

slewing, and processing.
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To generate dynamics, we select a volatility parameter 𝑣 . This

determines the number of changes during the horizon. The time

of the dynamics is uniformly distributed over the final 1´ 2

3¨𝑣 of

the scheduling horizon. This ensures that dynamics do not occur

directly after the start of the horizon. The set of starting requests is

randomly selected from the request set and initialized to one-third

of the total size. We select from the remaining requests a random

set of
2

3¨𝑣 to add. From the active requests, we randomly remove
1

3¨𝑣
of them. We enforce that once a request is removed, it is not added

back, and requests are not changed after their execution horizon

starts. We sample 𝑣 P r3, 5s uniformly.

5.1.4 Hyperparameters and Execution Environment. The stochastic
update of NSS and DSA relies on the probability, 𝑃𝑢 that determines

when an agent should unassign from a task. We fix this value at 0.7,

as published in previous work [33, 53]. The𝑚𝑎𝑥𝐼𝑡𝑒𝑟𝑠 is set to 20.

For the GND heuristic, we set all hyperparameters as described in

previous work, and specifically use the GND(2) heuristic [53]. We

use a random seed of 2005 for the initial scenario generation. When

evaluating 𝑁 scenarios, we increment this seed for generation of

each subsequent simulation. The random seed used in the repair

procedure is initialized to 1. TheNSS andDSA algorithms are seeded

with a value of 1234, and the random seed for GND is set to 2. The

random scheduling algorithm uses a seed of 2023. All experiments

are executed using Java 19 on a MacBook Pro 16 laptop with an M2

Max processor (12-core CPU and 38-core GPU) and 64 GB of RAM.

5.2 Results on Small Problem Instances
We are able to obtain an optimal solution for small problem in-

stances using the omniscient offline algorithm. We solve this DCOP

with a centralized branch and bound to obtain an optimal schedule

for each satellite. For the Planet constellation, we solve campaigns

Algorithm Opt. Gap (%) Time (ms) Messages (KB)

Random 2.530 ă1 0

Greedy 8.373 ă1 0

D-NSS 1.867 ă1 7.3
0-NSS 2.590 ă1 13.2

D-DSA 4.217 5.3 980.6

0-DSA 3.795 4.7 718.4

Table 2: Results on 10 dynamic problems for the Planet con-
stellation (up to 500 requests).

Algorithm Opt. Gap (%) Time (ms) Messages (KB)

Random 14.945 ă1 0

Greedy 15.604 ă1 0

D-NSS 0.142 5.2 240.2
0-NSS 0.480 6.1 400.0

D-DSA 1.165 58.2 10,459.5

0-DSA 1.215 54.0 7,789.0

Table 3: Results on 10 dynamic problems for the Walker
constellation (up to 1000 requests).

of up to 500 requests. For the Walker constellation, this increases

to 1000 requests. In addition to having fewer agents, the Walker

constellation geometry under-constrains small problems, making

finding optimal solutions faster. An optimal solver does not con-

sistently terminate for larger problems. We report the average gap

in satisfaction percentage to the optimal solution for 10 dynamic

small problem instances in Tables 2 and 3.

These results support the theoretical analysis of D-NSS and

demonstrate near-optimal performance. D-NSS outperforms all

baselines, including D-DSA, 0-DSA, and 0-NSS, and does so while

using less computation and communication. Notably, compared

to DSA variants, D-NSS finds better solutions using an order of

magnitude less computation and up to two orders of magnitude less

communication. This is due to both the lower theoretical complexity

per iteration and the faster convergence of D-NSS.

5.3 Results on Large Problem Instances
We evaluate the algorithms on realistic, large-scale, dynamic sce-

narios with thousands of requests. Figure 3 shows the results for

the Planet and Walker constellations. We report the total utility

of each algorithm in Figures 3a and 3d, the total message volume

in Figures 3b and 3e, and the average per-agent execution time

in Figures 3c and 3f. Note the log scale in the figures for message

volume and runtime.

In terms of solution quality, D-NSS and D-DSA achieve close to

the optimal lower-bound solution. D-NSS outperforms both 0-NSS

and 0-DSA as well as the greedy and random baselines. Crucially,

D-NSS achieves high solution quality while having a lower total

message volume and execution time compared to D-DSA, 0-DSA,

and 0-NSS. Both D-NSS and 0-NSS use an order of magnitude fewer

messages and computation times than their DSA counterparts. Since

the optimal lower bound algorithm is computed centrally, the mes-

sage volume corresponds to the schedules a ground station would

have to uplink.

We also evaluate the stability and convergence of D-NSS com-

pared to D-DSA, 0-DSA, and 0-NSS. Figures 3g and 3h show the

average solution quality over iterations of the algorithms during

large-problem instances with 𝑣 “ 5. We fix the number of iterations

for all algorithms to show the relative performance. Clearly, D-NSS

and D-DSA are much more stable, reacting much less volatility

to problem dynamics, illustrated by the sharp drops in solution

quality of 0-NSS and 0-DSA. Notably, D-NSS is very stable; even

in the iteration directly after problem dynamics, D-NSS repairs

solutions effectively to maintain or improve solution quality. This

supports computing and repairing sub-problems rather than global

solutions like D-DSA. In addition, the stability of D-NSS leads to a

quick convergence in practice, which drives the efficiency of the

algorithm.

6 CONCLUSION
Large problems remain a challenge for DDCOP algorithms due to

their computational and communication complexities. Even linear

time and messaging solutions may not be feasible when constraint

graphs are highly connected or agents have limited compute. These

challenges apply to DCOSP. We present the D-NSS algorithm, a

decomposition-based algorithm that is efficient in time andmessage
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(e) Walker constellation message volume
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(f) Walker constellation execution time
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the Planet constellation.
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(h) Satisfaction % of iterative algorithms for
the Walker constellation.

Figure 3: Results of 10 large-scale simulations for the Planet (top row) and Walker (middle row) constellation. We report the
average satisfaction, total message volume, and per-agent runtime. Note the log scale for message volume and runtime. We also
show the solution quality across a fixed number of iterations for iterative algorithms for instances with 𝑣 “ 5 (bottom).

complexity and can scale to problems much larger than previous

approaches. We show that D-NSS stabilizes quickly and uses an

order of magnitude fewer messages and compute times compared

to DDCOP baselines. Despite no quality guarantees, we show that

D-NSS computes near-optimal solutions.

D-NSS generalizes to many DDCOP problems. While we lever-

age the GND heuristic, the D-NSS framework can accommodate

alternative heuristics, including learned or adaptive ones, enabling

broader applicability across DDCOP domains. Some examples in-

clude multi-agent path finding [42], mobile sensor teams [34], and

UAV coordination [39].

In future work, we can extend D-NSS to reason about future

dynamics. We can construct or learn heuristics that prioritize tasks

that are more likely to yield utility when executed. Alternatively, we

can extend DCOSP to be a Proactive DCOP (PDDCOP) [20] where

we have priors on problem dynamics, and agents can generate

robust offline solutions. However, PDDCOPs require a model of

problem dynamics which may not be obtainable in practice.

DCOSP solutions will be demonstrated in operational scenarios

beginning in 2026. One example is NASA’s FAME demonstration

[9] which centers around a federated observation system [50]. The

FAME demonstration consists of more than 60 participating Earth-

observing spacecraft that will coordinate their measurements to op-

timize observation completion across dynamic scenarios. Through

onboard control, satellites will be able to react faster and with

more precision to time-sensitive events such as natural disasters.

These observations will provide novel measurements of scientific

processes and crucial, up-to-date information for human opera-

tors. This work has laid the foundation for dynamic, large-scale,

distributed onboard scheduling of Earth-observing satellites.
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