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Highlights

What are the main findings?
• A feasibility-preserving GRIP-MAPPO framework is developed for downlink-

constrained LEO remote-sensing scheduling.
• Typed satellite–task–ground relations and bounded insertion preferences are integrated

to guide observation insertion and downlink repair.
What are the implications of the main findings?
• In controlled benchmark simulations, GRIP-MAPPO improves observation completion

and transmitted-data fraction over greedy, heuristic, and MAPPO-based baselines.
• The framework demonstrates a scalable online scheduling approach for simulated large

LEO constellations under downlink bottlenecks and resource constraints.

Abstract

Online scheduling for low-Earth-orbit (LEO) remote-sensing constellations must coordinate
short observation windows, sequence-dependent slews, finite onboard resources, intermit-
tent downlink contacts, and rolling command commitment. We study an acquisition-driven
downlink-constrained observation problem in which retained observations carry the pri-
mary mission value, while their generated data must remain storable until transmitted.
This formulation targets observation-centric missions where downlink supports storage
feasibility and future acquisition capability; missions with explicit delivery-value or latency
requirements can include downlink completion and delivery delay directly in the objective.
The central difficulty is suffix-dependent feasibility: a single locally attractive insertion can
cascade into downstream infeasibility through altered slew margins, resource levels, and
downlink opportunities. We propose Graph-Relational Insertion-Preference Multi-Agent
Proximal Policy Optimization (GRIP-MAPPO), a feasibility-preserving learning-to-dispatch
framework comprising a relation-aware satellite–task–ground encoder, orbital-group ac-
tors that output bounded insertion-preference vectors, and a deterministic scheduler that
enforces hard constraints via insertion, repair, and rollback. Thus, GRIP-MAPPO learns
dispatch preferences rather than direct task, satellite, or window assignments, while hard-
constraint satisfaction remains in an auditable scheduler interface. Controlled benchmark
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simulations over 24–288 satellites and six operating regimes show that GRIP-MAPPO
improves observation completion and transmitted-data fraction over greedy, heuristic,
and graph-based online baselines in the simulated setting, while retaining sub-second
replanning latency at reference scale.

Keywords: Low Earth orbit; remote sensing; transmission-aware scheduling; satellite
constellation scheduling; multi-agent reinforcement learning; graph neural networks;
rolling-horizon planning

1. Introduction
Low-Earth-orbit (LEO) remote-sensing constellations increasingly support time-

sensitive Earth-observation services. Their schedulers must replan online because requests
arrive continuously, observation time windows (OTWs) are short, onboard resources evolve
after every operation, ground-station transmission time windows (TTWs) are intermittent,
and only a near-term segment of each rolling plan can be committed. A feasible command
sequence must therefore determine not only the observed target, but also the satellite, start
time, predecessor–successor attitude transition, energy and storage trajectory, downlink use,
and locked execution segment. These coupled timing, attitude, and resource constraints
remain central challenges in agile Earth-observation satellite scheduling [1–4].

This paper focuses on acquisition-driven downlink-constrained observation schedul-
ing. An OTW is a time interval in which a satellite can image a target, and a TTW is a
ground-station contact interval in which onboard data can be transmitted [5]. In the mission
setting considered here, the primary scheduling value is assigned to retained observations:
a task is completed when the required observations are included in the feasible rolling
schedule. Downlink is modeled as an enabling operation that preserves onboard storage
feasibility and supports future acquisition opportunities. Accordingly, each retained ob-
servation creates an onboard data item whose storage, transmission, and residual backlog
status are tracked. Transmitted-data fraction (TDF) is reported as a transmission-status
metric, and age-weighted residual backlog is included as an operational risk term. For
delivery-driven missions, such as near-real-time disaster response, tactical surveillance,
direct-to-user delivery, or service-level-agreement-based data products, successful down-
link and delivery latency can be promoted to direct objective terms.

The main technical difficulty is suffix-dependent feasibility. A candidate observation
may satisfy its OTW and deadline locally, but still become unacceptable after insertion
because it changes the slew time to the next operation, pushes a later energy state below the
safe floor, fills storage before the next usable TTW, creates duplicate coverage, or conflicts
with commands already locked in the execution segment. These effects are downstream
sequence properties rather than one-step satellite–task masks. A direct neural assignment
policy may therefore produce many actions that require rejection or repair, while a purely
optimization-based method may become too expensive when satellites, tasks, OTWs, TTWs,
ground-station channels, and insertion positions must all be reconsidered at each epoch.

Recent deep reinforcement learning methods have improved the adaptivity of agile
Earth-observation scheduling, including deep reinforcement learning (DRL)-based sched-
ule revision, attention-based decision networks, and hybrid DRL optimization. However,
directly learned task, satellite, or window decisions remain difficult to certify when down-
stream sequence feasibility depends on slews, storage, downlink opportunities, and locked
rolling segments [6,7]. Graph-relational insertion-preference multi-agent proximal policy
optimization (GRIP-MAPPO) is designed around a narrow and auditable scheduler inter-
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face. It uses a typed satellite–task–ground graph to summarize resources, active requests,
OTW alternatives, task conflicts, satellite coordination, and TTW/downlink opportunities.
Orbital-group actors output bounded insertion preferences over profit, urgency, imaging
quality, energy cost, memory/downlink pressure, load balance, acceptance threshold, and
resource reservation. A deterministic scheduler uses these preferences to rank candidates,
insert observations, repair storage violations with feasible downlinks, remove surplus cov-
erage, re-simulate affected suffixes, and commit only the executable rolling segment. The
policy can change which candidates are attempted and with what margins, but it cannot
bypass timing, resource, downlink, duplicate-coverage, or rolling-commitment checks.

GRIP-MAPPO therefore adopts an auditable learning-to-dispatch interface for
downlink-constrained LEO scheduling. The neural policy does not directly generate
low-level satellite commands or certify final schedule feasibility; instead, it compresses
the high-dimensional graph-relational state into a compact bounded preference vector
with physically interpretable dimensions, such as profit, urgency, imaging quality, mem-
ory/downlink pressure, and resource reservation. The deterministic scheduler then con-
verts this preference into executable operation sequences through constraint checking,
insertion, repair, rollback, and final audit. In this way, learning improves candidate or-
dering and resource-aware schedule quality, while hard feasibility remains enforced by
deterministic scheduling logic.

The main contributions are as follows:

• We formulate a downlink-constrained rolling-horizon LEO remote-sensing scheduling
problem with OTW/TTW availability, coverage requirements, sequence-dependent at-
titude transitions, energy/storage propagation, observation-data accounting, storage-
relief downlink, ground-station channel contention, and locked-segment consistency.

• We propose GRIP-MAPPO, a graph-relational insertion-preference framework in
which orbital-group MAPPO actors generate a compact bounded preference vector
from a typed satellite–task–ground graph, while hard feasibility certification remains
outside the neural network.

• We develop a deterministic feasibility-preserving scheduler that converts learned pref-
erences into validated operation sequences through observation insertion, bounded
downlink repair, duplicate resolution, suffix resource propagation, rollback, and final
C1–C10 audit. We formalize the corresponding scheduler-interface feasibility invariant
and evaluate the method through reference-scale comparison, robustness, scalability,
transmission-stress sensitivity, ablation analysis, and reduced-scale calibration against
exact or bounded references.

2. Related Work
2.1. Optimization and Integrated Observation–Downlink Scheduling

Earth-observation satellite scheduling has long been studied through mathemati-
cal programming, constraint programming, graph search, and tailored meta-heuristics.
Foundational single- and agile-satellite formulations model OTWs, attitude-transition
times, target priorities, and resource constraints explicitly [8–10], while constellation-level
extensions add multi-satellite coupling, resource propagation, and sequence-dependent
transitions [11,12]. Recent surveys emphasize the same trade-off that motivates this work:
explicit constraint modeling is essential, but online scalability remains difficult [1,2].

Exact and decomposition-based methods provide strong references. Mixed-integer pro-
gramming has been used for multi-satellite and cloud-aware constellation planning [13,14];
exact algorithms, parallel-machine abstractions, branch-cut-and-price, and branch-and-
price have been developed for agile or energy-aware observation scheduling [15–18].
Heuristics, neighborhood search, and distributed negotiation protocols trade optimality for

https://doi.org/10.3390/rs18132109

https://doi.org/10.3390/rs18132109


Remote Sens. 2026, 18, 2109 4 of 33

speed and have been used for robustness, data-driven genetic search, large-neighborhood
improvement, and dynamic data-relay satellite rescheduling [19–22]. These approaches
are important baselines, but their online cost or tuning burden grows when many OTWs,
TTWs, channel choices, and sequence positions interact at each rolling epoch. Table 1
summarizes the methodological positioning of GRIP-MAPPO.

Table 1. Position of GRIP-MAPPO relative to representative solution lines. The table compares deci-
sion interfaces and feasibility roles rather than assigning checklist scores to broad method families.

Solution Line Typical Decision
Interface Downlink/Data Role Feasibility Mechanism Gap Addressed by

GRIP-MAPPO

Exact, CP, or
MIP scheduling

Binary or sequence
variables over tasks,
windows, resources, and
sometimes contacts

Explicit when included in
the formulation

Solver-enforced
constraints and bounds

Strong modeling reference,
but repeated online solves
can become expensive as
OTWs, TTWs, channels,
and insertion positions row.

Constructive heuristics
and neighborhood search

Handcrafted priority rules,
insertion moves,
destroy–repair, or local
improvement

Usually encoded through
rules, penalties, or repair
operators

Deterministic checks after
insertion or neighborhood
moves

Fast and interpretable, but
priority surfaces are fixed
or require long search
under changing urgency
and downlink pressure.

Integrated
observation–downlink RL

Direct choices over tasks,
satellites, windows, or
communication actions

Often part of an integrated
delivery objective

Masks, penalties, repair, or
environment rejection

Adaptive, but direct
actions are hard to certify
because one choice can
change downstream slews,
resources, and TTW
opportunities.

Graph-based satellite
scheduling policies

Graph embeddings used
to score tasks, satellites, or
construction steps

Problem-dependent;
downlink may be absent
or simplified

Local masks or
downstream repair
depending on the
implementation

Relational state is useful,
but final assignment is still
not automatically a
sequence-level feasibility
certificate.

GRIP-MAPPO

Bounded graph-relational
insertion-preference vector
consumed by a
deterministic scheduler

Storage-relief downlink
with TDF and backlog
diagnostics computed
from the returned
sequence

Validated insertion,
bounded downlink repair,
duplicate resolution, suffix
propagation, rollback, and
final C1–C10 audit

Adapts the priority surface
while keeping hard timing,
resource, downlink, and
rolling-commitment
constraints outside the
neural actor.

Transmission-aware work is closest to the present problem. Joint observation–
transmission models encode shared storage and ground-station conflicts [23], and inte-
grated imaging–downloading scheduling has been addressed by branch-and-price, genetic
algorithms, and more recent agile-satellite formulations [24–27]. Learning-based integrated
schedulers include MILP-based imitation learning, hybrid actor–critic methods, hierar-
chical DRL, and PPO-based auction mechanisms for multi-satellite observation and data
transmission or inter-layer link scheduling [28–31]. GRIP-MAPPO differs in objective
and interface: observation completion remains the value-bearing outcome, downlink is
modeled as constrained storage relief, and TDF/backlog is a deterministic diagnostic of the
validated sequence rather than a separate communication-service reward.

2.2. Reinforcement Learning and Graph-Based Satellite Scheduling

Reinforcement learning has been used to replace fixed priority rules with adaptive
policies. Neural combinatorial optimization shows that attention-based policies can learn
routing and sequencing heuristics [32,33]. In satellite scheduling, MDP formulations,
parameter-transfer DRL, distributed multi-agent DRL, high–low-orbit mission planning,
periodic agile-constellation scheduling, satellite range scheduling, and varying-scale gener-
alization have all been explored [34–40]. These methods demonstrate the value of adapta-
tion, but many policies directly select tasks, satellites, or windows. Such actions are difficult
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to certify in large constellations because feasibility depends on the downstream sequence,
not only on the selected local pair.

Multi-agent RL is natural for constellations because satellites interact through shared
targets, overlapping OTWs, and ground-station contention. Centralized training with de-
centralized execution has been effective in cooperative domains [41,42]; however, assigning
one agent to every satellite can increase non-stationarity, whereas a single centralized actor
scales poorly. GRIP-MAPPO uses orbital groups as agents, giving each actor a localized
coordination role while sharing a graph encoder and centralized critic.

Graph learning is also well suited to this domain. Satellites, tasks, ground stations,
OTWs, conflicts, and TTWs form a typed relational state; heterogeneous attention provides
a general representation mechanism [43]. Satellite-specific graph-learning studies have
learned multi-satellite scheduling policies or neural construction rules for time-dependent
transition times [44,45]. GRIP-MAPPO uses this relational representation not to output
a final assignment, but to parameterize a bounded insertion-preference vector that is
consumed by an explicit scheduler.

2.3. Learning-Guided Dispatching and Feasibility Interfaces

The proposed method is related to learning-guided optimization, where neural models
accelerate or steer structured combinatorial procedures. Learning-to-branch methods
guide mixed-integer programming search [46,47]; neural large-neighborhood search learns
destroy, repair, or selection policies within a classical search loop [48]; and learning-to-
dispatch estimates priority parameters while deterministic rules construct schedules [49,50].
These ideas share the principle of using learning for guidance rather than replacing the
combinatorial procedure.

GRIP-MAPPO follows this principle but uses a stricter feasibility interface. Hybrid
MIP or neural LNS methods may explore infeasible partial states and rely on the solver
or repair loop to recover feasibility. GRIP-MAPPO instead restricts the learned action
to low-dimensional insertion preferences and lets the deterministic scheduler perform
only validated insertions, repairs, rollbacks, suffix propagation, and final audit. The target
difficulty is therefore suffix-dependent feasibility in a coupled satellite–task–ground system,
rather than only priority prediction for a machine queue, iterative destroy-and-repair search,
or direct neural assignment over a large action space.

The gap left by these lines of work is not the absence of graph learning, MAPPO, or
insertion heuristics individually. It is the lack of a compact neural action interface that
can adapt to a typed satellite–task–ground state while preserving suffix-level feasibility
through deterministic construction and audit.

3. Problem Formulation and Operation Model
Figure 1 shows the physical entities in the mission scene, while this section defines

the temporal, resource, and transmission-status semantics used by the scheduler. At each
rolling epoch, the scheduler receives active tasks, satellite resource states, candidate observa-
tion time windows (OTWs), transmission time windows (TTWs), transition-time functions,
link-rate functions, inherited locked operations, and the onboard observation-data state
induced by previous observations. The learned policy does not directly output task as-
signments, start times, or ground-station TTW choices. It outputs bounded scheduling
preferences; a deterministic scheduler converts those preferences into operation sequences
and accepts only schedules that satisfy the feasibility checks summarized below.

The formulation is downlink-constrained rather than a full communication-service
objective. Observation tasks determine the primary observation-completion value, but
every accepted observation produces data that must remain stored until a valid downlink
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removes it. The model therefore includes observation-data-item backlog and age-weighted
untransmitted-data risk. These additions make downlink pressure observable and measur-
able without changing the method: the same scheduler operations determine observation
completion, storage feasibility, and transmission-status metrics.

observation
window

g1

gL

downlink	contact
window

Target(m=1,...,M) Ground	station(l=1,...L)

different	orbit
planes

LEO
	satellites

Figure 1. Physical mission scene for downlink-constrained LEO remote-sensing constellation schedul-
ing. Satellites acquire targets during observation time windows (OTWs) and offload generated data
during intermittent transmission time windows (TTWs) with ground stations.

The formulation separates hard operational constraints from implementation-specific
fidelity. OTWs, TTWs, attitude-transition times, link rates, and resource updates may be
generated by simplified simulators, high-fidelity mission analysis tools, or flight-dynamics
software. The scheduler only requires deterministic interfaces for these quantities during a
rolling epoch. This separation keeps the proposed learning interface independent of a partic-
ular orbit propagator or communication-link model, while clarifying that the experimental
simulator is used for controlled algorithmic comparison rather than flight qualification.

3.1. Rolling State and Operation Primitives

At epoch t, the look-ahead horizon and committed execution segment are

Ht = [t, t + ∆H], Hexe
t = [t, t + ∆h], 0 < ∆h < ∆H. (1)

Operations whose start times lie in Hexe
t are locked after the epoch; later operations

remain tentative and may be revised at the next epoch. The satellite, ground-station, and
active-task sets are

S = {s1, . . . , sN},

G = {g1, . . . , gL},

Tt = {τ1, . . . , τM(t)}.

(2)

Each task is represented by

τj = (ℓj, pj, aj, dj, δj, mj, qj, Dj, κj), (3)

where the entries denote target location, profit, arrival time, deadline, imaging duration,
required number of observations, imaging mode, generated data volume, and urgent-task
flag. An observation time window (OTW) and a transmission time window (TTW) are
denoted by

wobs
ijr = [t−ijr, t+ijr], wdl

ilr = [tdl,−
ilr , tdl,+

ilr ]. (4)
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A satellite operation is written as

o = (χ, η, ts, te, θi, dtx
i ), (5)

where χ is the operation type, η is a task or ground-station identifier, ts and te are start and
end times, θi is the pointing direction, and dtx

i is the downlinked volume for a downlink
operation. A rolling schedule Πt = {πt

i}N
i=1 is a set of time-ordered operation sequences,

one sequence for each satellite, together with inherited locked operations.
The notation separates requests, time-window opportunities, and executed operations.

A task stores value, timing, mode, data volume, coverage, and urgency information; OTWs
and TTWs describe the time intervals in which service can occur; and each satellite sequence
contains observation, downlink, and idle operations ordered by start time. Energy Ei(t),
storage Bi(t), attitude direction θi, and transition time Tslew

i are propagated whenever an
operation is inserted or removed. This separation is used throughout the scheduler: learned
preferences rank candidates, while feasibility is decided only after suffix propagation.

The simulator propagates each accepted sequence by applying operation-specific up-
date functions to energy and storage. For a candidate operation o′ inserted after predecessor
o, the affected suffix begins with

(E+
i , B+

i ) = Pi(o′|o, E−
i , B−

i ), (6)

where E−
i and B−

i are the propagated resource states before o′. For an observation of task
τj, the simplified accounting used by the scheduler can be summarized as

Ei(te(o′)) = Ei(ts(o′))− eslew
i (o, o′)− eimg

i (qj, δj), (7)

Bi(te(o′)) = Bi(ts(o′)) + Dj. (8)

For a downlink starting at v with duration ∆v inside TTW wdl
ilr, the transmitted volume

must satisfy

0 ≤ dtx
i ≤ min

{
Bi(v),

∫ v+∆v

v
Ril(ξ)dξ

}
. (9)

The detailed orbit, link, and attitude implementation can be replaced by higher-fidelity
models as long as they provide OTWs, TTWs, transition times, and deterministic resource
propagation to the scheduler.

3.2. Observation-Data Accounting and Transmission-Status Metrics

To strengthen the downlink model without changing the scheduler interface, each
accepted observation creates an observation-data item

z = (j, i, tobs
z , Dz, κz), Dz = Dj, κz = κj, (10)

where j is the parent task, i is the producing satellite, tobs
z is the observation end time, Dz is

the generated or residual volume, and κz inherits the urgency flag. Let Zi(ξ) be the multiset
of untransmitted observation-data items stored on satellite si at time ξ. Observation and
downlink operations update this set consistently with the scalar storage state:

Zi(te(oobs)) = Zi(ts(oobs)) ∪ {z}, (11)

∑
z∈Zi(te(odl))

Dz = ∑
z∈Zi(ts(odl))

Dz − dtx
i . (12)

When a downlink transmits only part of the onboard backlog, the transmission-status
evaluator uses a fixed attribution rule: urgent data items are served first in increasing
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observation end time, non-urgent items are then served in increasing observation end time,
and remaining ties are broken by task and satellite identifiers. A partially served item
keeps a residual volume in Zi. This rule does not introduce a scheduling decision; it only
attributes transmitted volume to observation-data items for reproducible reporting and
risk evaluation.

For task τj, the generated observation-data volume, transmitted-data fraction, and
untransmitted-data backlog within the horizon are

Dgen,H
j = njDj,

δtr,H
j = min

1,
Dtx,H

j

Dgen,H
j + ϵD

, Dgen,H
j > 0,

UH
j =

[
Dgen,H

j − Dtx,H
j

]
+

. (13)

where Dtx,H
j is the volume attributed to observation-data items of task j that has been

transmitted by the end of the look-ahead horizon. Aggregate TDF is computed over
tasks with generated observation data; tasks for which the returned schedule generates no
data are omitted from the aggregate transmission-status score. The primary completion
indicator cj remains observation-based; δtr,H

j and UH
j are transmission-status quantities.

They let the evaluation distinguish retained observation data that remain onboard from
data that are relieved through available TTWs, while preserving the same actor output and
scheduler operations.

3.3. Objective and Scheduler Interface

The number of retained observations for task τj and its observation-completion indica-
tor are

cj = I(nj ≥ mj), nj = ∑
i

∑
r

xijr, (14)

where xijr = 1 if si observes τj in OTW r. The indicator cj is intentionally tied to retained
observations rather than to a separate communication-service profit. Downlink affects
the objective through storage feasibility, storage evolution, and the age-weighted risk of
residual untransmitted observation data. This choice matches observation-driven missions
in which the scheduler must acquire high-value imagery while preventing onboard data
from blocking future acquisitions.

The rolling-horizon objective is

max
Πt

Jroll(Πt) = ∑
τj∈Tt

p̄j

(
1 + λuκje

−∆obs
j /τu

)
cj − λopΦ(Πt), (15)

where p̄j is normalized profit, ∆obs
j is urgent observation-response lag, λu controls urgent-

task emphasis, and λop controls the price of conservative operation. The operation cost is

Φ(Πt) = Ψres(Πt) + Ψload(Πt) + Ψrev(Πt). (16)

The three components are normalized before combination. The learning architecture
and action dimension are unchanged by this objective: every term in Φ is computed after
the deterministic scheduler returns Πt.
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The strengthened resource-and-untransmitted-data risk component is

Ψres =
1
N

N

∑
i=1

(RE
i + RB

i + RD
i ), (17)

RE
i = αE

[
Esafe

i − Emin,H
i

Ecap
i

]
+

,

RB
i = αB

[
Bmax,H

i − Bsafe
i

Bcap
i

]
+

,

RD
i = αD

1
Bcap

i
∑

z∈Zi(t+∆H)

Dz

(
1 + αAaH

z + αUκz

)
,

where Emin,H
i is the minimum propagated energy in the horizon, Bmax,H

i is the maximum
propagated storage occupancy, aH

z = (t + ∆H − tobs
z )/(∆H + ϵA) is the normalized age of

an untransmitted observation-data item, and κz is its urgency flag. The term RD
i refines

the simpler undownloaded-volume penalty by distinguishing recent low-urgency backlog
from older or urgent onboard data. It does not create a new downlink-profit task class; it
penalizes the returned operation sequence when it leaves risky data onboard.

The load-balance term is based on Jain’s index,

Jt =


1, ∑i Li = 0,

(∑i Li)
2

N ∑i L2
i + ϵJ

, ∑i Li > 0,
Ψload = 1 − Jt. (18)

The zero-load case is defined as perfectly balanced. The revision term is

Ψrev =
|Πtent

t △Πtent
t−1|

|Πtent
t ∪ Πtent

t−1|+ ϵR
, (19)

where Πtent
t is the non-committed part of the look-ahead schedule.

For a fixed rolling state and inherited committed schedule, define

Ft(Πlock) = {Πt :Πt contains all locked operations in Πlock,

Πt satisfies constraints C1–C10 over Ht}. (20)

Definition 1 (suffix-dependent feasibility). Given a rolling schedule Πt, inserting a candidate
observation c at position h is locally admissible if it satisfies its own OTW, deadline, sensor-mode,
and immediate predecessor–successor slew checks. Let Suf(c, h) denote the inserted operation and
all subsequent operations whose timing or resource states may be changed by this insertion. The
insertion is suffix-feasible only if, after re-propagating Suf(c, h), the resulting schedule belongs to
Ft(Πlock). Thus, local admissibility does not imply suffix feasibility:

Loct(c, h; Πt) = 1; ̸⇒; Πt ⊕h c ∈ Ft(Πlock). (21)

The ideal rolling problem is

Π⋆
t ∈ arg max

Πt∈Ft(Πlock)
Jroll(Πt). (22)
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GRIP-MAPPO does not solve (22) exactly. Given graph state st and bounded preference action
at, the deterministic scheduler returns

Πt(at) = S(st, at) ∈ Ft(Πlock). (23)

The policy therefore controls the priority surface, acceptance threshold, and resource-reservation
margin, while feasibility and transmission-status accounting are supplied by deterministic sequence
construction and validation.

3.4. Feasibility Constraints and Markov Game

The deterministic scheduler validates each candidate against ten constraint groups.
These constraints define the feasible set used by the scheduler and are enforced after every
accepted insertion, repair, deletion, and merge operation. For an accepted observation
candidate, the OTW, deadline, and sensor-mode checks (C1–C3) are

xijr = 1 ⇒ t−ijr ≤ uijr ≤ t+ijr − δj, (24)

xijr = 1 ⇒ uijr + δj ≤ dj, (25)

xijr = 1 ⇒ qj ∈ Qi. (26)

The coverage and duplicate-control checks (C4–C5) are

nj = ∑
i

∑
r

xijr, cj = I(nj ≥ mj), (27)

0 ≤ nj ≤ mj. (28)

The last inequality is imposed after duplicate resolution. A surplus observation
does not increase task value once the required coverage has been met, but it still consumes
imaging time, attitude maneuver margin, storage, energy, and downlink capacity. Therefore,
if a candidate construction temporarily creates nj > mj, the scheduler removes surplus
observations by score order and re-simulates the affected suffixes before returning the
schedule. To avoid counting repeated coverage from a single satellite within one horizon,
the scheduler also enforces

∑
r

xijr ≤ 1, ∀i, j. (29)

For any two consecutive operations o and o′ on satellite si, the attitude-transition check
(C6) requires

ts(o′) ≥ te(o) + Tslew
i (o, o′). (30)

Energy and storage feasibility (C7–C8) is evaluated at all operation events and simula-
tor check points:

Ei(ξ) ≥ Emin
i , 0 ≤ Bi(ξ) ≤ Bcap

i , ∀ξ ∈ Ξi(Πt), (31)

where Ξi(Πt) is the set of operation starts, operation ends, and intermediate check points
used by the simulator. For a downlink assigned to TTW (i, l, r), the downlink feasibility
check (C9) requires

tdl,−
ilr ≤ vilr, vilr + ∆vilr ≤ tdl,+

ilr , (32)

0 ≤ dtx
ilr ≤ min

{
Bi(vilr),

∫ vilr+∆vilr

vilr

Ril(ξ)dξ

}
. (33)
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The finite-channel version of C9 also includes ground-station contention. If station gl

has Cch
l simultaneous channels, overlapping downlinks satisfy

∑
i,r

I{ξ ∈ [vilr, vilr + ∆vilr]} ≤ Cch
l , ∀l, ξ. (34)

When an independent-channel abstraction is used, Cch
l is set large enough that this

constraint is nonbinding and the assumption is reported with the experimental setting. C9
also enforces data conservation through (9): transmitted volume cannot exceed the data
available onboard at the start of the TTW segment. Observation-data-level transmission
attribution in (12) is therefore a transmission-status evaluation of the same feasible oper-
ation sequence, not an additional scheduling action. Finally, rolling consistency (C10) is
enforced by

Πt|Hexe
t

⊇ Πlock, Πt ⊆ Ht, (35)

and the scheduler is not allowed to shift or remove locked operations.
The learning problem is a cooperative-graph Markov game

M = ⟨K,Senv, {Ok}K
k=1, {Ak}K

k=1, P, R, γ, µ0⟩. (36)

Here K denotes orbital-group agents; Senv contains graph state, active tasks, resources,
OTWs/TTWs, onboard observation-data state, and locked or tentative schedules; Ok is
the group-local graph readout; and Ak = R8 is the raw preference-action space before
bounded transformation. The shared reward R is computed from the committed segment
after the scheduler has constructed, repaired, validated, and transmission-status-evaluated
the schedule. The transition P is induced by the deterministic scheduler, the committed-
segment simulator, the observation-data accounting rules, and the exogenous scenario
stream. Conditioned on a sampled episode stream, candidate OTWs/TTWs, and task
arrivals, the scheduler, simulator, and transmission-status evaluation are deterministic;
without this conditioning, P also includes the task-arrival and window-generation processes.

4. Proposed GRIP-MAPPO Method
GRIP-MAPPO is described here at the interface level. The neural component maps

the typed scheduling graph to a compact eight-dimensional preference action, and the
deterministic scheduler converts this action into a feasible rolling sequence. To reduce
implementation-level detail, this section focuses on the graph representation, bounded
action interface, and feasibility-preserving scheduler invariant.

4.1. Heterogeneous Satellite–Task–Ground Graph

At epoch t, the environment constructs a typed multigraph

Gt = (Vs,Vτ ,Vg, Ess, Esτ , Eττ , Esg). (37)

Satellite, task, and ground-station nodes represent resources, observation requests,
and TTW/downlink opportunities. The four edge types are kept separate because they
have different scheduling meanings: satellite–satellite edges encode coordination and cov-
erage overlap, satellite–task multiedges encode OTW alternatives, task–task edges encode
competition for shared feasible intervals, and satellite–ground edges encode downlink
pressure and storage-relief opportunities.

The graph uses normalized satellite, task, and ground-station features together with
typed edge attributes. Satellite–task multiedges retain OTW timing, geometric quality, tran-
sition lower bounds, and resource cost; task–task edges summarize competition for shared
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feasible intervals; satellite–ground edges encode TTW timing, remaining capacity, link
rate, and near-term storage relief; and satellite–satellite edges provide coordination context
across neighboring orbital positions. These relation types give the actor the information
needed to adapt insertion preferences, while final sequence feasibility remains enforced by
the deterministic scheduler rather than by the graph encoder alone. Figure 2 illustrates the
resulting heterogeneous scheduling graph.

satellite	features

task	features

ground-station
features

relation
attributes

global
summary

Linear	project
Xs∈N×Fs

Xτ∈M×Fr
Linear	project

Linear	project

Linear	project

Linear	project

Xg∈L×Fg

eruv∈Er×Fe

Fr

relation	specific	Q/K/V
projection

multi-head	relation-aware
attention

relation	fusion	gate

add	&	norm

position-wise	feed-forward

add	&	norm

group	readout

gaussian	policy	head

raw	action

bounded	transform

group	readout

value	head

VΦ(st)

A=[a1,...,aK]

stack	over	all	groups

shared	relation-aware	graph	encoder
orbit	group	actor

centralized	critic

Hs(0)∈[N×d]

Hτ(0)∈[M×d]

Hg(0)∈[L×d]

eruv(0)∈[Er×d]

×L

Figure 2. Heterogeneous scheduling graph construction. The physical rolling state is converted into a
typed satellite–task–ground multigraph. Node features summarize resources, observation requests,
and ground-station TTWs; relation-specific edge attributes encode OTW feasibility, coordination,
conflict, and storage-relief TTW/downlink opportunities.

The geometric quality used in edge scoring is

Qgeo
ijr = norm

(
max

u∈[t−ijr ,t+ijr−δj ]

1
δj

∫ u+δj

u
sin(ϵi(ℓj, ξ))dξ

)
, (38)

where ϵi is the elevation angle. Deterministic truncation bounds graph density; it can affect
quality if useful candidates are removed, but it cannot create hard-constraint violations
because retained candidates still pass downstream validation.

For reproducibility, the retained graph is defined by four truncation budgets rather
than by a learned sparsifier: each satellite keeps at most q satellite-neighbor edges, each
satellite keeps at most p satellite–task OTW multiedges, each task keeps at most cτ task-
conflict edges, and each satellite keeps at most rg satellite–ground TTW edges. Ties are
broken deterministically by normalized OTW quality, time slack, and identifier order. A
candidate removed by truncation is not considered by the scheduler in that epoch, so
truncation can reduce objective quality; however, every retained candidate still undergoes
the full insertion, resource, downlink, and final committed-segment validation.
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4.2. Graph Encoder and Preference Action

A shared relation-aware graph encoder maps Gt to node embeddings. For relation r
and neighbor set Nr(u), the edge-aware attention message is

Mℓ
r (u) = ∑

v∈Nr(u)
αr,ℓ

uv

(
Wr,ℓ

V hℓv + Wr,ℓ
E er

uv

)
, (39)

αr,ℓ
uv = softmaxv∈Nr(u)

(Wr,ℓ
Q hℓu)⊤(W

r,ℓ
K hℓv + Wr,ℓ

EKer
uv)√

d
, (40)

where er
uv denotes the retained edge attributes. Relation messages are then combined by a

node-wise gate,
gℓu,r = softmaxr∈Ru

(
a⊤r [h

ℓ
u∥Mℓ

r (u)]
)
, (41)

and the layer update is

hℓ+1
u = FFN

(
LN

(
hℓu + ∑

r∈Ru

gℓu,r Mℓ
r (u)

))
. (42)

This presentation keeps the encoder definition explicit without committing the method
to a particular number of heads or hidden width; those are implementation hyperparame-
ters. If a node has no retained neighbor of a given relation, that relation contributes zero
message and the residual update preserves its own state. This case is important for satellites
or tasks that are temporarily isolated after graph truncation.

Satellites are partitioned into orbital-group agents,

S =
⋃̇K

k=1
Sk. (43)

The partition groups satellites with close orbital planes or neighboring orbital phases
and uses a balancing rule to avoid highly uneven group sizes. It gives each actor a physically
meaningful coordination region while keeping the number of agents much smaller than
the number of satellites.

The actor observation is a pooled readout,

ot
k = [poolsi∈Sk

hs
i ∥ poolτj∈Tk

hτ
j ∥ poolgl∈Gk

hg
l ∥ r̄t]. (44)

Here Tk contains active tasks incident to at least one satellite in Sk through a retained
OTW edge, Gk contains ground stations incident to satellites in the group through retained
TTW edges, and r̄t is a compact normalized summary of global resource pressure, load
distribution, and rolling revision statistics shared by all group actors. The pooling operator
is permutation-invariant, so the policy does not depend on an arbitrary ordering of satellites,
tasks, or stations.

For raw action ãk ∈ R8, the first six coordinates become normalized weights,

wk
m = σ(ãk

m), ωk
m =

wk
m

∑6
r=1 wk

r + ϵa
, m = 1, . . . , 6. (45)

The last two coordinates control candidate acceptance and resource reservation,

βk = βmin + (βmax − βmin)σ(ãk
7), ρk = ρmaxσ(ãk

8). (46)

Thus,
ak = (ωk

p, ωk
d, ωk

q, ωk
e , ωk

b, ωk
l , βk, ρk). (47)
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The eight bounded coordinates have the following scheduler-level meanings. The
first six coordinates are normalized ranking weights: ωk

p emphasizes task profit p̄j, ωk
d

emphasizes deadline urgency uurg
j , ωk

q emphasizes geometric imaging quality Qgeo
ijr , ωk

e

penalizes estimated energy consumption ∆Eijr, ωk
b penalizes storage and downlink pressure

∆Bijr, and ωk
l penalizes recently overloaded satellites through L̄i. The remaining two co-

ordinates control deterministic scheduling decisions: βk is the group-specific acceptance
threshold for filtering low-score candidates, and ρk is the resource-reservation margin
used to tighten suffix-level energy and storage feasibility checks. No additional action
coordinate is introduced for transmission-status evaluation, because downlink feasibility is
handled by deterministic repair and suffix propagation rather than by a separate neural
action dimension.

4.3. Preference-Guided Constrained Scheduler

For candidate (i, j, r) in group k,

Scorek
ijr = ωk

p p̄j + ωk
duurg

j + ωk
qQgeo

ijr

− ωk
e ∆Eijr − ωk

b∆Bijr − ωk
l L̄i. (48)

All terms in (48) are normalized before scoring. The term uurg
j is a normalized deadline-

and-urgency score that increases for urgent tasks and shorter remaining slack; ∆Eijr and
∆Bijr are incremental energy and storage costs estimated for the candidate and its immedi-
ate transition context; and L̄i is the normalized recent load of satellite si. The score therefore
ranks candidates by learned value, urgency, quality, resource cost, and load balance, but
it does not certify feasibility. Candidates below βk are ignored. For insertion between o−

and o+,
umin = max{t−ijr, te(o−) + Tslew

i (o−, j)}, (49)

umax = min{t+ijr − δj, dj − δj, ts(o+)− Tslew
i (j, o+)− δj}. (50)

The propagated affected suffix, rather than only the immediate successor state, must
satisfy the reservation margins

Emin,H
i (c) ≥ Emin

i + ρkEcap
i , (51)

Bmax,H
i (c) ≤ Bcap

i (1 − ρk). (52)

When primary scores are nearly tied, the scheduler applies the fixed deterministic
tie term

Tie(c) = ηQQgeo
ijr (u) + ηEĒi(c) + ηB B̄i(c)

− ηT
Textra

i (c)
∆H + ϵT

− ηR∆rev
ijr (c), (53)

where Ēi(c) and B̄i(c) denote the normalized post-insertion energy and storage margins
obtained after suffix propagation. The fixed η coefficients only break construction ties and
are not learned action dimensions.

The scheduler uses the following surrogate only to induce a deterministic ranking
among feasible construction choices:

Jsch(Πt|at) = ∑
(i,j,r)∈Πobs

t

Scoreg(i)
ijr +ϵtie ∑

c∈Πobs
t

Tie(c)

− Crep(Πt), (54)
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where g(i) is the orbital group of satellite si, Crep penalizes deterministic repair or revision
choices used only for ordering, and ϵtie is chosen small enough that ties do not override the
primary score in (48). This surrogate is not a second mission objective and is not optimized
to global optimality. It defines the candidate order used by the finite construction operator

Πt(at) = Construct
(
st, at; rankJsch

)
, (55)

which greedily applies the induced ranking, validates every accepted modification, and
returns a feasible schedule through Algorithm 1.

Algorithm 1 Compact preference-guided constrained scheduler

Require: Rolling state st, bounded group actions {ak}K
k=1, locked schedule Πlock

1: Initialize satellite sequences with locked operations.
2: for each orbital group k in parallel do
3: Rank retained observation candidates by (48) and (53); discard candidates below βk.
4: for each ranked candidate do
5: Test insertion bounds (49) and (50), propagate the affected suffix, and check

resource margins.
6: If a storage violation appears, apply bounded downlink repair.
7: Accept the candidate only if the applicable C1–C10 checks pass.
8: end for
9: end for

10: Merge group-local sequences, recompute task coverage, and remove duplicate cover-
age.

11: Apply one bounded fill pass to still-incomplete tasks.
12: Run the final C1–C10 audit; roll back infeasible modifications if needed.
13: Commit executable operations and return Πt.

Algorithm 1 keeps only the scheduler interface in the main text. Implementation
details of the downlink-repair routine are summarized rather than listed as a separate
algorithm: repair is triggered only by storage excess, tests retained TTW segments, accepts
a downlink only when it reduces storage excess without introducing non-storage violations,
and is bounded by Rmax. The normalized storage excess used by this check is

EB
i (πi) = ∑

ξ∈Ξi(πi)

[
Bi(ξ)− Bcap

i (1 − ρk)

Bcap
i + ϵB

]
+

. (56)

The neural actor only changes candidate priorities, the acceptance threshold, and the
reservation margin. Observation insertions, induced downlinks, duplicate removals, fill-
pass updates, rollback, and final audit are all re-simulated before commitment; infeasible
candidates are rejected rather than corrected by the neural policy itself. Figure 3 summarizes
the insertion-and-repair procedure.

4.4. Scheduler-Interface Feasibility Invariant and Compatibility

The scheduler guarantee is an interface invariant. It relies on three conditions: the
locked schedule is initially feasible; suffix propagation is sound for the modeled timing,
attitude, energy, storage, TTW, channel, and data-conservation checks; and every accepted
modification is re-simulated and audited before commitment.

Proposition 1 (scheduler-interface feasibility invariant). Under these conditions, Algorithm 1
returns either the inherited feasible schedule or a modified schedule Πt ∈ Ft(Πlock) for any bounded
preference action at.
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Proof. The scheduler starts from the locked feasible sequence and modifies it only through
validated insertions, bounded downlink repairs, duplicate removals, fill-pass updates, and
rollback decisions. Each accepted modification is followed by suffix propagation and the
applicable C1–C10 checks. Rejected candidates leave the current feasible sequence un-
changed, and the final global audit rolls back infeasible merged modifications. By induction
over accepted modifications, the returned sequence preserves the locked operations and
satisfies C1–C10.

Corollary 1 (policy cannot directly violate hard constraints). The neural actor changes the
candidate ordering, acceptance threshold, and reservation margin only. Since every accepted
modification is checked by Algorithm 1, any bounded MAPPO action either yields a feasible
sequence or causes infeasible candidates to be rejected.

Corollary 2 (transmission-status compatibility). The observation-data variables in (10)–(13)
are deterministic functions of accepted observation and downlink operations. They refine scoring
and diagnostics without adding another neural action coordinate or operation type.

Thus, Proposition 1 is an interface-safety claim, not an optimality or completeness
claim. Candidate truncation, greedy ordering, and bounded repair may still exclude
opportunities that a longer exact or neighborhood search could exploit.
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Figure 3. Observation insertion and bounded repair. This figure summarizes the operation-sequence
mechanisms that preserve feasibility: the scheduler computes a feasible start interval from neighbor-
ing operations, propagates energy and storage along the affected suffix, and uses downlink repair
only when a storage violation can be reduced by an available TTW.

5. Training and Online Inference
The scheduler is treated as part of the environment transition. During training, each

orbital-group actor samples a raw Gaussian action, the bounded transformation in (45)
and (46) converts it into scheduler preferences, and the deterministic scheduler returns
Πt = S(st, at).
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The factorized policy is

πψ,θ(ãt|st) =
K

∏
k=1

N
(
ãk; µθ(ot

k), diag(σ2
θ (o

t
k))
)
, (57)

where ot
k is the graph readout in (44). The actor outputs (µt

k, ζt
k) and uses

σt
k = exp

(
clip(ζt

k, log σmin, log σmax)
)

(58)

during training. The clipping stabilizes exploration of the raw preference action; online
inference uses the mean action and therefore does not sample from this Gaussian. A cen-
tralized critic estimates the team value from a global graph readout.

Given the scheduler mapping in (23), MAPPO optimizes

max
ψ,θ

E
[

T−1

∑
t=0

γtRt

∣∣∣∣∣ at ∼ πψ,θ , Πt = S(st, at)

]
. (59)

The shared reward uses the same two-weight structure as the rolling objective:

Rt = Rval
t − λopRop

t , (60)

Rval
t = ∑

j∈Cnew
t

p̄j

(
1 + λuκj exp

[
−(tfirst

j − aj)/τu

])
, (61)

Rop
t = Ψres(Πt) + (1 − Jt) + Ψrev(Πt). (62)

The value part of the reward is triggered by newly observation-completed tasks, while
the operational part carries energy, storage, age-weighted untransmitted-data, load-balance,
and revision effects. Thus the strengthened observation-data model changes only how
the returned sequence is scored and evaluated; it does not require gradients through the
scheduler, additional actor heads, or a modified action map.

The policy and critic are updated with the standard clipped MAPPO objective using
generalized advantage estimation,

min
ψ,θ,ϕ

−Lclip
MAPPO(ψ, θ) + cvLV(ϕ)− ceH(πψ,θ). (63)

No gradient is propagated through the deterministic scheduler. At online inference,
the actor uses the mean raw action, transforms it into bounded preferences, and calls the
same scheduler used during training.

Table 2 lists the implementation parameters fixed before evaluation. The values were
selected to keep the actor compact relative to the deterministic scheduler: the learned output
remains eight-dimensional per orbital group, while graph density and repair iterations are
bounded explicitly.

Table 2. Fixed GRIP-MAPPO implementation parameters.

Item Fixed Setting

Graph encoder Hidden width d = 128; LG = 3 relation-aware graph layers; 4 attention heads; FFN width 256;
dropout 0.10.

Graph truncation Retained-neighbor budgets: satellite-neighbor q = 4, satellite–task p = 36, task-conflict cτ = 16, and
satellite–ground rg = 10.

Orbital groups Plane-based actors; the reference case has K = 12 groups with six satellites per group.
Preference action Eight raw coordinates per group; σmin = 0.05, σmax = 0.60, βmin = 0.05, βmax = 0.45, and ρmax = 0.15.
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Table 2. Cont.

Item Fixed Setting

MAPPO loss γ = 0.995, λGAE = 0.95, PPO clip 0.20, value coefficient cv = 0.5, entropy coefficient decayed from
10−2 to 2 × 10−3.

Optimizer Adam with learning rate 3 × 10−4 and ϵ = 10−5; 4 PPO epochs; 8 minibatches; maximum gradient
norm 0.5.

Rollouts and budget 48 rolling epochs per mission-day rollout; 8 parallel rollouts per PPO update, i.e., 384 epoch transitions
before minibatch splitting; 5000 mission-day episodes per seed; five seeds; validation every 50 episodes.

Scheduler limits Uk ≤ 3 start trials per gap; Rmax = 3 transmission-repair iterations; 60 s resource-check spacing; final
C1–C10 audit.

Reward weights λu = 1.0, τu = 2 h, λop = 0.12, αE = 1.0, αB = 1.0, and αD = 0.6.

6. Computational Complexity
The online cost is counted after observation time windows (OTWs) and TTWs have

been generated for the current epoch. Let |V| = N + M + L, |E| be the retained edge count,
LG the number of graph layers, d the hidden width, K the number of orbital groups, Ck

the retained candidate count for group k, Ik the average number of insertion gaps, Uk the
number of tested start times per gap, and Lk the affected suffix length.

The graph encoder has complexity

Tenc = O
(

LG(|E|d + |V|d2)
)
, (64)

where the retained edge count is controlled by the truncation budgets:

|E| = O(Nq + Np + Mcτ + Nrg). (65)

Here q, p, cτ , and rg denote the satellite-neighbor, satellite–task, task–task, and satellite–
ground retention budgets. For group k, observation insertion costs

Tobs
k = O(Ck log Ck + Ck IkUkLk), (66)

because candidates are sorted and each accepted trial triggers suffix propagation. Bounded
downlink repair contributes

Tdl
k = O(FkRmaxDk Idl

k VkLdl
k ), (67)

where Fk is the number of storage-triggered repair events, Rmax is the repair iteration limit,
Dk is the retained TTW count, and Vk is the number of tested downlink durations or start
offsets. Duplicate resolution costs

Tdup = O

(
∑

j
aj log aj + Rdup L̄

)
, (68)

where aj is the number of accepted observations for task τj before duplicate removal. With
group-parallel construction, the wall-clock online cost is approximately

Tonline = Tenc + O
(

max
k

(Tobs
k + Tdl

k ) + Tdup + KCactor
)
. (69)
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The memory cost is

Monline = O(|V|d + |E|de + ∑
i
|πt

i |). (70)

The transmission-status evaluation adds only a linear pass over generated observation-
data items and accepted downlink operations,

Ttrans = O

(
∑

i
|πt

i |+ ∑
i
|Zi(t + ∆H)|

)
, (71)

which is dominated by suffix propagation in the tested settings.
In the evaluated implementation, Uk ≤ 3 and Rmax = 3. Runtime is therefore dom-

inated by retained graph edges and suffix propagation, not by the eight-dimensional
actor output.

7. Experiments
We evaluate GRIP-MAPPO in a public-data-anchored rolling-horizon LEO constel-

lation benchmark designed to isolate observation contention, downlink scarcity, onboard
resource pressure, communication uncertainty, and emergency task bursts. The bench-
mark is controlled in the statistical sense: all methods face paired instances with the same
OTWs, TTWs, task arrivals, initial resources, locked-operation histories, and disturbance
realizations. Its orbital and ground-network geometry is not an arbitrary random scene;
OTWs and TTWs are generated from SGP4-compatible propagated orbital elements and
ESTRACK-derived station coordinates documented in the accompanying experiment pro-
tocol file.

7.1. Experimental Setup

The satellite population follows a reproducible Walker-like LEO construction anchored
to public Earth-observation GP/TLE data. Specifically, the altitude–inclination envelope fol-
lows the public CelesTrak Planet group and the CelesTrak GP data interface [51,52]. SGP4-
compatible mean-element propagation is used for OTW and TTW generation [53]. The
ground network contains 12 globally distributed stations derived from the ESA/NAIF ES-
TRACK topocentric frame kernel [54]. The complete station coordinates and link-generation
settings are fixed in the Supplementary Materials. Table 3 summarizes the core simula-
tion settings.

For the reference scale, the constellation has 12 orbital planes with six satellites per
plane. For all scales, RAANs are uniformly spaced, satellites are uniformly spaced in mean
anomaly within each plane, and the Walker phasing factor is fixed to F = 1. OTW and TTW
boundaries are detected on a 30 s ephemeris grid and refined to 1 s resolution. Each station
has one reception channel at N = 24 and N = 72, two channels at N = 144, and four
channels at N = 288. Within one channel, one satellite at most may downlink at a time.

Each satellite has normalized energy capacity 1.0, safety floor Emin
i = 0.10, and nominal

storage capacity Bcap
i = 512 Gbit unless modified by the scenario. Targets are visible when

the required off-nadir angle is at most 35◦. Observation durations are sampled from 12–45 s.
Normal tasks have value pj ∼ U[1, 3], deadline slack U[4, 12] h, coverage multiplicity one
with probability 0.9 and two otherwise, and data volume U[0.8, 4.0] Gbit. Urgent tasks have
value U[6, 10], deadline slack U[1, 3] h, multiplicity one, and data volume U[1.0, 5.2] Gbit.
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Table 3. Core simulation settings.

Item Setting

Simulation epoch 2026-01-01 00:00:00 UTC

Orbit envelope Public-data-anchored circular sun-synchronous Walker-like LEO; altitude 500 km, inclination
97.4◦, eccentricity 0.001

Constellation scales N ∈ {24, 72, 144, 288}; the 72-satellite case is the reference scale

Ground network 12 fixed stations; minimum elevation 10◦; contacts shorter than 60 s discarded

Rolling horizon 24 h episode, 48 epochs, 4 h look-ahead, 30 min committed segment

Task scale Reference nominal count M0 = 1200; other scales use M0(N) = ⌊16.7N⌋
Data split Per scenario: 600 training seeds, 60 validation seeds, and 60 held-out test seeds

7.2. Operating Regimes

Table 4 summarizes the six fixed operating regimes used for training-curve evaluation
and robustness testing. They are controlled instance generators rather than post hoc labels.
S1 is the balanced reference condition. S2–S5 isolate one dominant pressure source each,
while S6 combines emergency arrivals with downlink and communication stress. The
detailed task-clustering, burst, resource, and link perturbation parameters are fixed in the
Supplementary Materials.

Table 4. Operating regimes used in the main experiments. Multipliers are relative to the nominal
reference setting.

ID Main Stress Obs. Load DL Load Resource State Additional Controls

S1 Balanced nominal 1.0M0 data × 1.0, rate × 1.0 B0 = 20–40%, E0 = 65–95% 10% clustered tasks, 5% urgent
tasks, no link noise or outage

S2 Observation contention 1.6M0 data × 1.0, rate × 1.0 same as S1
60% clustered tasks from
2–3 hotspots; shorter normal
deadlines

S3 Downlink bottleneck 1.1M0 data × 1.6, rate × 0.70 B0 = 35–55%, E0 = 60–90% no link noise or outage;
moderate observation pressure

S4 Resource-tight satellites 1.2M0 data × 1.0, rate × 1.0 storage capacity × 0.80,
B0 = 45–65%, E0 = 45–65%

charging × 0.80; slew time and
slew energy × 1.30

S5 Communication uncertainty 1.1M0 data × 1.1, stochastic rate B0 = 30–50%, E0 = 60–90% log-normal link factor with CV
0.30; one 90 min station outage

S6 Emergency combined stress 1.3M0 plus urgent burst data × 1.3, rate × 0.80 B0 = 35–55%, E0 = 55–80% urgent burst of 0.15M0 tasks;
link CV 0.25; one 60 min outage

7.3. Compared Methods and Metrics

The comparison separates methods according to their experimental role rather than
treating all baselines as directly comparable online alternatives. Table 5 lists three roles.
Direct online scheduling alternatives include EDF, profit-density greedy, tuned constructive
heuristic, vector-state MAPPO, homogeneous-graph MAPPO, and GRIP-MAPPO; these
methods return one rolling-epoch schedule under the same online replanning setting.
Long-budget LNS is included only as a search-quality reference because it performs iter-
ative destroy-and-repair search under a substantially larger, scale-dependent wall-clock
budget. CP-SAT/MILP is used only for small-scale calibration where exact or bounded
search remains tractable. Therefore, the reported experiments should not be read as one
equal-runtime online leaderboard: direct online comparisons are made among the online
schedulers, whereas LNS and CP-SAT/MILP provide reference points for search qual-
ity and small-scale calibration, respectively. Non-learning baselines do not appear in
learning-curve figures because they do not have training episodes.
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Table 5. Compared method groups and their experimental roles. Direct online alternatives are
evaluated under the online replanning setting; long-budget LNS is a search-quality reference; CP-
SAT/MILP is a small-scale calibration reference.

Group Methods and Role

Heuristics EDF [1,2], profit-density greedy [9,10], and tuned heuristic methods [19,20] provide direct online
scheduling references under the same rolling-horizon evaluation setting.

Long-budget search reference
Long-budget LNS [21] uses the same insertion, repair, and validation primitives as the proposed
scheduler, but performs iterative destroy-and-repair search under a scale-dependent wall-clock
budget. It is reported as a search-quality reference, not as an equal-runtime online baseline.

Learning-based online alter-
natives

Vector-state MAPPO [32,40] removes graph messages; homogeneous-graph MAPPO [40–42] removes
relation typing; GRIP-MAPPO is the full proposed method. These methods are compared as online
learning schedulers.

Small-scale exact/bounded
calibration

CP-SAT/MILP [13–15] is run only on 6-, 12-, and 24-satellite instances to report optimality or
best-bound references where exact or bounded optimization remains tractable. It is not used as a
large-scale online baseline.

Training behavior is evaluated by scenario-wise normalized episodic return:

R̃s,e =
Rs,e − Rlow

s

Rhigh
s − Rlow

s + 10−8
, (72)

where Rlow
s is the mean EDF return on the validation seeds and Rhigh

s is the mean long-
budget LNS return on the same validation seeds. The same normalization pair is used
for all algorithms and seeds within scenario s, and values are not clipped. Final sched-
ules are evaluated by weighted observation completion (WOC), transmitted-data fraction
(TDF), urgent-task completion (UTC), online replanning time per rolling epoch, and the
independent C1–C10 feasibility audit. Diagnostics such as peak storage ratio, minimum
energy margin, repair attempts, repair success rate, and infeasible-candidate rejection rate
are recorded for ablation and supplementary reporting.

7.4. Training, Fairness, and Statistics

All MAPPO variants use the reward in (60)–(62), the same eight-dimensional sched-
uler action map, and the implementation parameters in Table 2. A mixed-scenario train-
ing distribution samples S1–S6 uniformly, producing one deployable policy per learning
method rather than six scenario-specialized policies. Each learning method is trained for
5000 mission-day episodes per seed using five independent seeds. A PPO update consumes
eight complete mission-day rollouts, each rollout contains 48 rolling-epoch transitions, and
check points are evaluated every 50 training episodes.

All paired comparisons use identical test seeds, task arrivals, OTWs, TTWs, initial
resources, link multipliers, outage intervals, and urgent-burst realizations. Hyperparam-
eters and tuned heuristic weights are selected only on validation seeds. Main tables
report mean ± 95% confidence interval over paired held-out test instances, together with
Holm–Bonferroni-corrected significance markers for the GRIP-MAPPO quality metrics.
GRIP-MAPPO is compared against the strongest non-GRIP online baseline in each experi-
ment using a two-sided paired Wilcoxon signed-rank test with Holm–Bonferroni correction;
the long-budget LNS results are retained as search-quality references rather than as online-
deployment comparators, and no significance claim is made against LNS unless explicitly
stated. All experiments were implemented in Python (v3.10) with PyTorch (v2.10.0). Run-
time is measured on an Intel Xeon Gold 6338 workstation with 256 GB RAM and one
NVIDIA RTX 4090 GPU; CPU-side scheduling, feasibility checking, and LNS run with one
process and one thread per instance.
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7.5. Learning Dynamics Across Six Operating Regimes

Figure 4 reports the training dynamics of GRIP-MAPPO and two learning ablations
under the six operating regimes. Each curve shows the normalized episodic return averaged
over five independent training seeds, and the shaded region denotes the standard error. A
50-episode moving average is used only for visualization.

Several observations can be made from Figure 4. First, all three learning variants
improve from near-zero normalized return, indicating that the bounded preference-action
interface provides a trainable control signal even though the final operation sequence is con-
structed by a deterministic feasibility-preserving scheduler. Second, GRIP-MAPPO achieves
the fastest and most stable improvement in all six regimes. In the balanced nominal case,
the proposed method reaches a high-return plateau earlier than both ablations, suggesting
that the heterogeneous satellite–task–ground representation accelerates policy learning
when resource conflicts are moderate. In the observation-contention regime, homogeneous-
graph MAPPO remains competitive during part of training, but GRIP-MAPPO still obtains
the highest final return, showing that relation typing is useful even when the dominant
difficulty is dense target competition rather than downlink scarcity.
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Figure 4. Learning dynamics of normalized episodic return across six operating regimes. Solid curves
show the mean over five independent training seeds, and shaded bands show the standard error.
GRIP-MAPPO consistently reaches the highest return across all regimes. Its advantage is moderate in
the balanced and observation-contention regimes, but becomes more pronounced under downlink
bottlenecks, resource-tight satellites, communication uncertainty, and emergency combined stress.

The gap becomes larger in the more constrained regimes. Under the downlink-
bottleneck and resource-tight settings, GRIP-MAPPO maintains a clear advantage over
homogeneous-graph MAPPO and vector-state MAPPO, which indicates that explicitly
encoding satellite–ground contacts, onboard storage pressure, and resource-dependent
relations helps the policy assign more appropriate scheduling preferences before determin-
istic repair and validation are invoked. Under communication uncertainty and emergency
combined stress, all methods exhibit larger variance because link perturbations, station
outages, urgent bursts, and tight deadlines make the rolling-horizon return more sensitive
to early scheduling decisions. Nevertheless, GRIP-MAPPO remains consistently above the
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two ablations after convergence. This trend suggests that the proposed graph-relational
insertion-preference policy does not merely fit the nominal scenario, but learns a more
transferable priority surface across heterogeneous operating pressures.

The two ablations clarify the source of the improvement. Vector-state MAPPO removes
relational message passing and learns more slowly, especially in S3–S6, where local satellite
statistics alone are insufficient to represent shared downlink contention and burst-induced
task coupling. Homogeneous-graph MAPPO improves over the vector-state baseline but
remains below GRIP-MAPPO in most regimes, showing that using graph structure without
relation-specific modeling only partially captures the scheduling state. These results
support the design choice of combining typed graph encoding, orbital-group actors, and a
deterministic constrained scheduler: the neural policy learns adaptive preferences, while
feasibility remains enforced by explicit insertion, propagation, repair, and audit procedures.

7.6. Reference-Scale Scheduling Performance

Table 6 reports the held-out reference-scale results for N = 72 in the balanced nominal
regime. All entries use the paired test instances and the same C1–C10 audit, but they do
not serve the same evaluation role. EDF, profit-density greedy, tuned heuristic, vector-
state MAPPO, homogeneous-graph MAPPO, and GRIP-MAPPO are interpreted as online
schedulers under rolling replanning. Long-budget LNS is included as a search-quality
reference with a substantially larger wall-clock budget, rather than as an equal-runtime
online alternative. Lightweight greedy methods are the fastest, but they leave substantial
observation value and transmitted data unexploited. GRIP-MAPPO requires only a small
constant-factor increase in online time over EDF because online inference consists of graph
construction, one bounded actor pass, and deterministic insertion-and-validation. At the
same time, it improves WOC by 23.3 percentage points over EDF and by 5.4 points over
homogeneous-graph MAPPO. The long-budget LNS reference reaches competitive quality,
but its per-epoch runtime is two orders of magnitude larger; it therefore indicates the quality
attainable by extended search rather than the runtime of an online deployment baseline.
Accordingly, the small absolute differences between GRIP-MAPPO and long-budget LNS
in this table should be interpreted as near-parity at very different runtime budgets, not as
evidence that GRIP-MAPPO is statistically superior to the long-budget search reference.

Table 6. Reference-scale scheduling performance at N = 72 under S1. WOC, TDF, and UTC are
percentages; runtime is wall-clock online replanning time per rolling epoch.

Method WOC ↑ TDF ↑ UTC ↑ Time ↓ Audit

EDF greedy 64.2 ± 1.8 61.2 ± 2.2 56.6 ± 2.6 0.11 s 0% viol.
Profit-density greedy 67.6 ± 1.7 59.8 ± 2.3 60.4 ± 2.5 0.14 s 0% viol.
Tuned constructive heuristic 74.8 ± 1.5 70.2 ± 1.9 68.4 ± 2.2 0.20 s 0% viol.
vector-state MAPPO 75.6 ± 1.6 69.1 ± 2.1 70.6 ± 2.4 0.16 s 0% viol.
Homogeneous-graph MAPPO 82.1 ± 1.3 74.7 ± 1.7 75.6 ± 1.9 0.23 s 0% viol.
Long-budget LNS 86.9 ± 1.2 80.6 ± 1.6 81.2 ± 1.8 48.0 s 0% viol.
GRIP-MAPPO 87.5 ± 1.1 *** 81.2 ± 1.5 *** 82.1 ± 1.7 *** 0.27 s 0% viol.

Note: Superscripts on GRIP-MAPPO quality metrics denote Holm–Bonferroni-corrected two-sided paired
Wilcoxon signed-rank tests against the strongest non-GRIP online baseline under the same paired test instances:
* padj < 0.05, ** padj < 0.01, and *** padj < 0.001. Long-budget LNS is included as a search-quality reference and is
not used as the online-deployment comparator. The markers therefore should not be read as significance markers
against long-budget LNS.

The TDF column is particularly important for this problem setting. Profit-density
greedy improves WOC over EDF, but its TDF is slightly lower because it favors compact
high-value observations without explicitly adapting to downlink pressure. GRIP-MAPPO
instead uses satellite–ground relations, storage pressure, and the downlink-aware resource

https://doi.org/10.3390/rs18132109

https://doi.org/10.3390/rs18132109


Remote Sens. 2026, 18, 2109 24 of 33

term to preserve observation value while also increasing transmitted-data fraction. The
zero-violation audit should be interpreted as a schedule-level certificate produced by the
shared deterministic scheduler and final C1–C10 audit, rather than as a feasibility guarantee
learned by the neural policy itself. Failed trial insertions are rejected before commitment,
or rolled back if a later audit fails, and therefore are not counted as final audit violations of
the returned schedule. These rejected trials may still affect runtime and solution quality
through additional insertion, propagation, and repair checks, or by leaving some valuable
candidates uncommitted. Thus, the learning contribution of GRIP-MAPPO is improved
feasible-schedule quality under the same feasibility-preserving scheduler interface, not
feasibility enforcement alone.

7.7. Robustness Under Operating Stress

Figure 5 compares WOC and TDF across the six operating regimes. GRIP-MAPPO
consistently achieves the best performance among the direct online scheduling alternatives.
The margin is moderate in S1 and S2, where the main difficulty is ordinary target selection
or dense observation contention. The margin grows in S3–S6, where downlink scarcity,
resource pressure, link uncertainty, and emergency bursts make local dispatching rules
less reliable.
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Figure 5. Robustness results at N = 72. GRIP-MAPPO maintains the highest WOC and TDF
across all regimes. The advantage is largest in downlink-bottleneck, communication-uncertainty, and
emergency combined-stress settings, where relation-specific satellite–task–ground information and
bounded downlink repair are most useful.

In S3, GRIP-MAPPO reaches 80.9% WOC and 73.1% TDF, compared with 70.6% and
63.6% for homogeneous-graph MAPPO. In S6, the gap widens to 16.2 WOC points and
13.9 TDF points. These results match the learning-curve evidence in Figure 4: the value
of relation-specific encoding becomes more visible when feasible observations, storage
relief, and urgent observation-response decisions are coupled. Long-budget LNS remains
competitive, but its search cost is not comparable to the learned online schedulers; GRIP-
MAPPO provides higher S6 WOC while retaining sub-second per-epoch inference at the
reference scale.

7.8. Scalability Analysis

Figure 6 evaluates scalability from 24 to 288 satellites. The quality plots use S1 and
S6 to separate nominal scaling from stress scaling, and the runtime plot reports online
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replanning time per rolling epoch. The results show three regimes. EDF and tuned
constructive heuristics are fastest but lose substantial WOC as coupling increases. Long-
budget LNS provides a strong search reference at small scale but becomes minutes-to-hours
for full mission-day rollouts as N grows. GRIP-MAPPO stays within a small constant factor
of greedy construction while giving the best or near-best WOC.

At N = 288, GRIP-MAPPO obtains 82.0% WOC in S1 and 64.6% WOC in S6. The
corresponding measured per-epoch runtime is 2.33 s, compared with 0.81 s for EDF and
420 s for long-budget LNS under a 720 s search cap. Thus, the method does not rely on
expensive iterative improvement to scale. Its runtime increases mainly because graph
construction, retained OTW/TTW edges, and suffix propagation grow with the number of
satellites and tasks, consistent with the complexity analysis in Section 6.
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Figure 6. Scalability from 24 to 288 satellites. The two quality figures separate nominal scaling from
emergency-stress scaling, and the runtime figure reports online replanning time per rolling epoch on
a log scale. GRIP-MAPPO is not the fastest method, but it lies on the best quality–runtime frontier: it
is roughly 2–3× slower than EDF and orders of magnitude faster than long-budget LNS at medium
and large scales.

7.9. Ablation Study

Table 7 links the empirical results to the main interface components highlighted above
and isolates the contribution of each design choice. Removing relation typing reduces
GRIP-MAPPO to the homogeneous-graph variant and causes a 5.4-point WOC loss in S1, a
10.3-point loss in S3, and a 16.2-point loss in S6. This confirms that the typed graph does
more than increase model capacity: it separates OTW alternatives, task conflicts, satellite
coordination, and TTW/downlink opportunities before the scheduler ranks candidates.

Table 7. Component ablation at N = 72. The full-model rows match the corresponding S1, S3, and S6
robustness results.

Variant S1 WOC S1 TDF S3 WOC S3 TDF S6 WOC S6 TDF

Full GRIP-MAPPO 87.5 ** 81.2 ** 80.9 *** 73.1 *** 71.0 *** 64.8 ***
Without heterogeneous relation types 82.1 74.7 70.6 63.6 54.8 50.9
Without satellite–ground/downlink edges 84.6 74.2 72.8 59.8 61.7 51.2
Without orbital-group actors 83.8 77.4 74.8 67.8 63.2 57.0
Without bounded downlink repair 82.3 65.1 62.0 42.5 50.1 38.0

Note: Superscripts on the full-model quality metrics denote Holm–Bonferroni-corrected paired Wilcoxon tests
against the strongest ablated variant for the same scenario and metric: * padj < 0.05, ** padj < 0.01, and
*** padj < 0.001.

The downlink-specific ablations explain the stress-regime gains. Removing satellite–
ground/downlink edges has a modest WOC effect in S1 but sharply lowers TDF in S3 and
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S6, showing that downlink opportunities must be visible to the actor before the determinis-
tic scheduler is called. Disabling bounded downlink repair is the most damaging change
under transmission stress: S3 TDF drops from 73.1% to 42.5%, and S6 TDF drops from
64.8% to 38.0%. Replacing orbital-group actors also degrades performance, especially in
S6, because a single global policy readout weakens localized coordination among satellites
that share targets and ground contacts.

To illustrate the interpretability of the eight-dimensional preference interface, Table 8
adds a post-training coordinate sensitivity analysis. This coordinate-level ablation is
conducted in a post-training manner: the trained GRIP-MAPPO policy is kept fixed, one
preference coordinate is replaced by its neutral mixed-scenario mean at inference time, and
the first six ranking weights are re-normalized when one of them is perturbed. The purpose
is to show which preference channels most strongly affect the returned feasible schedules
under the same scheduler and final audit.

Table 8. Post-training coordinate-level ablation of the eight-dimensional preference vector at N = 72.
Each row neutralizes one coordinate at inference time while keeping the trained policy, graph encoder,
scheduler, and feasibility audit unchanged.

Preference Perturbation S1 WOC S1 TDF S3 WOC S3 TDF S6 WOC S6 TDF

Full GRIP-MAPPO 87.5 81.2 80.9 73.1 71.0 64.8
Neutralized profit weight ωp 85.7 79.6 78.6 70.7 68.6 62.5
Neutralized urgency weight ωd 86.4 80.1 78.9 70.9 64.9 58.8
Neutralized imaging-quality weight ωq 86.1 80.0 79.1 71.2 68.9 63.0
Neutralized energy-cost weight ωe 85.9 79.1 77.2 69.0 65.6 59.7
Neutralized memory/downlink weight ωb 85.5 76.8 75.1 65.6 63.6 55.1
Neutralized load-balance weight ωl 84.7 78.4 77.6 69.7 65.8 59.4
Fixed acceptance threshold β 85.2 79.0 77.7 69.4 66.6 60.5
Fixed reservation margin ρ 86.0 77.9 76.2 67.6 64.4 57.8

The sensitivity pattern is consistent with the component ablations. Memory/downlink
pressure and the reservation margin have the largest effect on TDF in S3 and S6, matching
the importance of satellite–ground edges and bounded downlink repair. Urgency has the
largest WOC effect in S6, where emergency tasks and tight deadlines dominate. Load
balance and the acceptance threshold mainly affect WOC by changing how aggressively
candidates are admitted across locally congested satellites. Profit and imaging quality
remain useful for value ordering, but their neutralization is less damaging than removing
downlink-aware or stress-adaptive preference channels because the deterministic scheduler
still validates candidate feasibility after ranking.

7.10. Transmission-Constrained Sensitivity

Table 9 reports a controlled transmission-stress sweep at N = 72. The sweep jointly
increases generated data volume and decreases link rate so that the third row matches the
S3 downlink-bottleneck regime. This table connects the S1 nominal result, the S3 stress
result, and the downlink-repair ablation in one consistency check.

As transmission stress increases, all methods lose WOC and TDF, but the degradation
is slowest for GRIP-MAPPO. The gap between GRIP-MAPPO and homogeneous-graph
MAPPO grows from 5.4 WOC points in the nominal row to 12.9 points in the severe row.
The no-repair variant deteriorates much faster, confirming that the deterministic repair
loop is essential when storage violations appear before the next useful TTW.
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Table 9. Transmission-stress sensitivity at N = 72. The S3-equivalent row uses the full S3 downlink-
bottleneck generator, including data × 1.6, link rate × 0.70, task-load, and initial-resource settings.

Stress Level Data Rate GRIP WOC GRIP TDF Hom WOC Hom TDF LNS WOC LNS TDF No-Repair WOC No-Repair TDF

Nominal ×1.0 ×1.00 87.5 *** 81.2 *** 82.1 74.7 86.9 80.6 82.3 65.1
Mild ×1.3 ×0.85 84.2 *** 77.2 *** 75.9 68.2 82.0 74.8 71.1 52.0
S3-equivalent ×1.6 ×0.70 80.9 *** 73.1 *** 70.6 63.6 78.4 69.7 62.0 42.5
Severe ×2.0 ×0.55 75.2 *** 66.8 *** 62.3 54.5 71.3 61.0 50.3 33.7

Note: Superscripts on GRIP quality metrics denote Holm–Bonferroni-corrected paired Wilcoxon tests against the
strongest non-GRIP online comparator in the same stress row: * padj < 0.05, ** padj < 0.01, and *** padj < 0.001.
LNS columns are reported as long-budget search references.

7.11. Small-Scale Reference Calibration

Table 10 reports small-scale calibration against CP-SAT/MILP. The comparison is ex-
pressed as relative objective value with the CP-SAT/MILP reference incumbent normalized
to 100. The 6-satellite cases are solved to optimality; the 12-satellite cases are solved to a
negligible solver-reported bound gap; and the 24-satellite cases use the best incumbent
after the 1800 s limit. Therefore, the last row reports relative loss to the best available
incumbent rather than a certified optimality gap. This calibration is not intended to replace
the large-scale rolling-horizon evaluation; it checks whether the proposed online method
remains close to the strongest tractable references under the same modeled constraints.

Table 10. Small-scale calibration against CP-SAT/MILP references. Objective values are normalized
by the CP-SAT/MILP reference incumbent for each paired instance; the 24-satellite row is not a
certified optimality-gap claim. Runtime is the complete 48-epoch rollout time of GRIP-MAPPO.

Scale CP Status EDF Tuned LNS GRIP Rel. Loss GRIP Time

6 sats Proven opt. 79.2 92.8 98.2 96.1 3.9% 0.8 s
12 sats ≤0.5% gap 78.7 92.5 97.1 95.0 5.0% 1.7 s
24 sats 1800 s inc. 76.8 91.8 96.2 94.6 5.4% 4.1 s

GRIP-MAPPO remains within 3.9–5.4% of the CP-SAT/MILP reference incumbent
while requiring at most 4.1 s for the complete 48-epoch small-scale rollout. Long-budget
LNS is closer to the CP reference in this small regime, as expected from a search method
with substantially more wall-clock budget. The calibration therefore supports the intended
interpretation: GRIP-MAPPO is a fast feasibility-preserving online scheduler that remains
close to the strongest tractable CP-SAT/MILP reference incumbents under the tested
reduced-scale settings, while requiring orders-of-magnitude less computation time. This
comparison should be interpreted as a practical quality–runtime calibration, especially for
the 24-satellite cases where the reference is the best incumbent after the 1800 s limit.

7.12. Core-Hyperparameter Sensitivity

To confirm the robustness of the default implementation parameters, we conduct
a concise sensitivity analysis under the most stressful S6 scenario. Two representative
hyperparameters are tested: the resource-reservation threshold ρmax and the graph-density
multiplier ηg. The former controls the maximum reservation margin used by the determinis-
tic scheduler, while the latter scales the retained-edge budgets (q, p, cτ , rg) in heterogeneous
graph construction.

As shown in Figure 7, a smaller ρmax slightly increases short-term WOC but reduces
TDF. This indicates that aggressive observation acceptance may accumulate excessive
onboard data and increase future downlink pressure. In contrast, an overly large ρmax

makes the scheduler more conservative, which reduces observation completion. The default
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value ρmax = 0.15 therefore provides a balanced trade-off between observation completion
and future resource protection.

For the graph-structure limit, overly sparse graphs remove useful observation-window,
task-conflict, and transmission-window relations before scheduling, leading to lower WOC
and TDF. Increasing graph density improves scheduling quality at first, but the improve-
ment becomes marginal after the default setting ηg = 1.00. Meanwhile, runtime contin-
ues to increase as more graph edges are retained. Therefore, the default graph budgets
(q, p, cτ , rg) = (4, 36, 16, 10) provide a practical balance between scheduling quality and
online operation speed.
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Figure 7. Core-hyperparameter sensitivity under S6. The tested parameters are the resource-
reservation threshold ρmax and the graph-density multiplier ηg. WOC and TDF evaluate scheduling
quality, while runtime measures online operation speed.

8. Discussion
The results support three claims about the proposed interface. First, GRIP-MAPPO

improves schedule quality without transferring constraint satisfaction to a neural network.
In every reported setting, returned schedules pass the same C1–C10 audit. The actor
shapes the candidate-priority surface, acceptance threshold, and reservation margin; timing,
attitude transitions, resource propagation, downlink feasibility, duplicate resolution, and
rolling commitment remain validated by the deterministic scheduler.

Second, the method is designed for an online quality–runtime trade-off. Greedy base-
lines are fastest but lose substantial WOC, TDF, and UTC. Long-budget LNS is a strong
search-quality reference because it uses the same insertion, repair, and validation primitives
with a much larger wall-clock budget; it should not be interpreted as an equal-runtime
online baseline. GRIP-MAPPO adds bounded graph encoding and actor inference to the
constructive scheduler and therefore stays within a small constant factor of greedy con-
struction while approaching the long-budget reference at the reference scale and exceeding
it only in those stressed or larger-scale settings where the reported table values show a
clear advantage.

Third, the downlink-aware components matter most when observation choices and
storage relief are coupled. In nominal settings, several methods can identify high-value
observations. Under downlink bottlenecks, communication uncertainty, and emergency
bursts, satellite–ground edges expose near-term storage relief to the actor, relation-specific
messages prevent OTW, conflict, coordination, and TTW information from being collapsed
into one generic edge type, and bounded downlink repair converts storage pressure into
validated data-removal operations when a useful TTW exists.
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The formulation targets acquisition-driven Earth-observation scheduling, where re-
tained observations define the primary mission value and downlink supports storage fea-
sibility, future observation opportunities, and residual-data-risk control. Delivery-driven
missions can use the same observation–downlink sequence representation but should
assign direct objective terms to downlink completion, delivered data value, or delivery
latency. It tracks transmitted-data fraction and residual backlog to evaluate whether ac-
cepted observations can be supported by available TTWs, but the primary completion value
remains observation-based. The experiments use a public-data-anchored deterministic
benchmark, rather than a proprietary command-history replay or a flight-qualification
campaign. Higher-fidelity orbit, link, attitude, power, or thermal models can replace the
simplified components if they provide deterministic OTWs, TTWs, transition times, rates,
and resource propagation to the scheduler. Finally, the method is not complete or globally
optimal: graph truncation, greedy ranking, and bounded repair can exclude opportunities
that a longer exact or neighborhood search may find. These limitations leave room for fu-
ture scheduler variants with longer search budgets, operational flight-qualification studies,
and higher-fidelity link and power models.

Practical Engineering Connection

In practical satellite mission operations, GRIP-MAPPO can be connected to the exist-
ing scheduling control system as a ground-side online scheduling and decision-support
module, rather than as an autonomous flight-control component. The mission-planning
system provides observation requests, task priorities, orbital ephemerides, observation time
windows, and initial satellite resource states. The ground-station scheduling system pro-
vides transmission time windows, link-rate estimates, and channel-availability information.
The onboard resource management unit reports telemetry on energy, storage, executed
observations, and transmitted data. Based on these inputs, GRIP-MAPPO generates a
feasible observation–downlink schedule through the deterministic scheduler, and only the
locked execution segment is delivered to the command-generation system for uplink. After
execution, updated satellite telemetry and ground-station transmission records are fed back
to the next rolling scheduling epoch.

The practical deployment can be organized in four stages. First, the policy is trained
and stress-tested offline using historical or simulated task streams. Second, the trained
policy and deterministic scheduler are integrated with mission-planning, telemetry, and
ground-station databases through standardized data interfaces. Third, shadow-mode
validation is conducted by comparing GRIP-MAPPO schedules with operator-approved
schedules without directly commanding satellites. Finally, the method can be used in
supervised online scheduling, where the deterministic feasibility audit remains active and
existing rule-based or optimization-based schedulers are retained as fallback mechanisms.
This deployment mode allows the learned policy to improve scheduling quality while
keeping hard feasibility verification in deterministic software.

9. Conclusions
This paper presented GRIP-MAPPO, a feasibility-preserving learning-guided frame-

work for downlink-constrained rolling-horizon scheduling of LEO remote-sensing constel-
lations. The formulation keeps observation tasks as the value-bearing mission requests
while explicitly tracking onboard observation data, TTW-based transmission, age-weighted
untransmitted backlog, energy and storage propagation, ground-station channel con-
tention, and rolling command commitment. These additions do not enlarge the neural
action interface: orbital-group actors output an eight-dimensional bounded preference
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vector, and all transmission-status quantities are deterministic functions of the accepted
operation sequence.

The method combines typed satellite–task–ground graph encoding, orbital-group
MAPPO, and a deterministic insertion-and-validation scheduler. The learned policy adapts
preferences over profit, urgency, imaging quality, energy cost, memory/downlink pressure,
load balance, candidate acceptance, and reservation margin. The scheduler then performs
observation insertion, suffix propagation, storage-triggered downlink repair, duplicate
resolution, transmission-status evaluation, and final audit. The structural feasibility result
shows that, under sound propagation and validated modifications, any bounded neural
action either produces a feasible sequence or causes infeasible candidates to be rejected.

Across 24–288 satellite cases and six operating regimes, GRIP-MAPPO improves WOC,
TDF, and UTC over greedy, heuristic, vector-state, and homogeneous-graph online baselines
while keeping replanning time within a small constant factor of greedy construction.
Ablation and sensitivity results further indicate that relation-specific graph encoding,
satellite–ground/downlink edges, orbital-group actors, and bounded downlink repair are
important for robustness under downlink and emergency stress.

Future work will incorporate higher-fidelity orbital, communication, and energy
models to further improve environmental realism. In addition, more interpretable and
lightweight representations of the learned state-to-preference mapping, such as policy
distillation or surrogate-model approximations, will be investigated to support resource-
constrained onboard deployment while preserving the existing scheduler interface.
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benchmark values used for coordinate conversion; Table S4. Nominal station-rate classes before
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Nominal operation and resource constants. Scenario multipliers are applied after these defaults;
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Supplementary Materials.
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