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Abstract—Satellite computing reduces transmission overhead
through in-orbit data processing, enhancing service performance
in Earth observation, disaster monitoring, and weather fore-
casting. However, the harsh space environment exposes satellite
nodes to stochastic failure, and limit onboard resources renders
traditional fault-tolerance strategies largely inapplicable, making
service migration critical for service continuity. To address
dual challenges of timeliness and stability in satellite service
migration, this paper proposes SatBaco, an adaptive framework
that formulates migration node selection as an optimization
problem minimizing both service migration latency and average
satellite storage load. Accordingly, coalition game theory is
employed to characterize the interactions among satellites during
the migration process, recasting the optimization as a coalition
equilibrium problem. Migration node coalition formation algo-
rithm is then proposed to resolve conflicting interests between at-
risk satellite and candidate nodes, deriving an initial migration
decision within acceptable complexity. To adapt to dynamically
satellite-ground networks, a dynamic coalition adjustment algo-
rithm guided by risk-aware neighborhood selection is introduced.
Extensive evaluations driven by realistic constellation information
have demonstrated excellent performance of SatBaco, achieving
39.05% migration latency reduction and 26.34% satellite system
average load pressure decrease compared to existing methods.

Index Terms—Satellite computing, Resource allocation, Load
balancing, Coalition game theory, Service migration.

I. INTRODUCTION

As Low Earth Orbit (LEO) mega-constellations proliferate,
satellite computing has evolved from passive communication
relay into a cornerstone of space-based service infrastruc-
ture [1], [2]. Commercial deployments such as Starlink and
OneWeb, spanning tens of thousands of satellites, now deliver
global low-latency connectivity, remote sensing, and naviga-
tion enhancement to underserved regions [3], [4]. Yet harsh
orbital environment subjects satellite nodes to stochastic fail-
ure, driven by high-energy particle radiation, extreme thermal
cycling, and microgravity [5], [6], while severe constraints on
onboard compute, storage, and power render terrestrial fault-
tolerance strategies largely inapplicable [7]-[9]. Any loss of
service state is irreversible, posing a fundamental threat to

continuity. Against this backdrop, satellite service migration
has emerged as a critical enabler, transferring service state
from an at-risk satellite to a healthy node upon fault prediction
to avert service disruption [10]-[12].

Existing service migration methods fall broadly into two
categories [13]-[15]. Centralized methods depend on a cen-
tral controller and timely state aggregation, such as Mapsm,
ApMove, and path selection [16]-[18], which are impractical
for satellite networks due to rapidly changing topologies
and intermittent inter-satellite links. Distributed methods (e.g.,
BAACO and ADSA [1], [19]) mitigate single-point bottleneck
of centralized architectures, but they lack dual-objective mod-
eling and fine-grained awareness of satellite health indicators
(temperature, radiation, storage queue), making them ill-suited
for dynamic scenarios with node failures and topology changes
[6], [20]. Overall, existing service migration methods suffer
from dual limitations in timeliness and stability in large-
scale LEO constellations, narrow communication windows
(3-5 minutes [1]) impose extreme latency constraints, while
imbalanced storage load risks cascading service degradation.

Leveraging the high-speed inter-satellite links and central-
ized control afforded by large-scale LEO constellations [21],
[22], this paper employs multi-satellite collaborative service
migration that dynamically allocates migration tasks to mini-
mize latency while balancing satellite storage load. However,
resource-constrained satellite nodes make multi-satellite col-
laboration face critical challenges [23], [24]. On one hand,
warning satellites tend to select neighboring satellites with the
lowest communication delay to shorten migration time. On the
other hand, candidate satellites, aiming to minimize their own
load, treat task rejection as a rational choice. This fundamental
conflict of interest, coupled with dynamic variations in on-orbit
load and failure risk causing continuous network topology
evolution, renders pre-computed optimal solutions prone to
failure during execution. The computational complexity of
global optimization grows exponentially, failing to meet the
real-time requirements of emergency migration.



Therefore, to address above challenges and achieve low-
latency and load-balanced service migration, this paper pro-
poses SatBaco, an adaptive satellite service migration frame-
work that integrates both regular and emergency migration
strategies, facilitating rapid response to warning satellites
through multi-satellite collaboration The core challenge lies
in determining target migration nodes and load allocation to
implement migration strategy in SatBaco, t, i.e., the migration
nodes selection (MNS) problem. To this end, this paper mod-
els satellite node risk states and dynamic satellite-terrestrial
network topology, formulating MNS as a multi-objective opti-
mization problem to simultaneously minimize service migra-
tion latency and average storage load. Furthermore, to address
conflicts between warning satellite and candidate nodes, we
reformulate MNS problem based on coalition game, strategic
interactions among multiple nodes to derive coalition equilib-
rium solution. Specifically, we design migration node coalition
formation (MNCF) algorithm via a distributed convergence
mechanism guided by preference factors to obtain the optimal
migration strategy, reducing computational complexity from
0O(2™) to O(nlogn). We further propose a risk-aware coali-
tion adjustment (RACA), which leverages node risk factors to
guide neighborhood search, enhancing system adaptability to
dynamic topology changes in satellite-ground networks.

Contributions of this paper are summarized as follows:

1) We propose SatBaco, an adaptive satellite service mi-
gration framework that formally models in-orbit risks
and dynamic topology impacts on migration, employing
coalition game theory to characterize inter-node strategic
conflicts and jointly optimize migration latency and
storage load balance.

2) Existence and convergence of the migration coalition
game equilibrium are formally proved. Building on this,
the MNCF algorithm achieves distributed optimal strat-
egy search, RACA further enhances system resilience
through risk-guided neighborhood search to accommo-
date dynamic topology changes.

3) Simulation experiments based on Starlink and OneWeb
constellations validate the effectiveness of SatBaco.
Compared to the baseline, SatBaco reduces average
service migration latency by 39.05% and average storage
load by 26.34%, achieving an effective tradeoff between
migration latency and load balance.

II. RELATED WORK

As satellite computing becomes key infrastructure for
mission-critical applications such as Earth observation, dis-
aster response, and weather forecasting [1], [6], service mi-
gration has emerged as a core technology for ensuring service
continuity [5], [15]. However, existing research exhibits sig-
nificant limitations in both timeliness and load balancing. This
section reviews relevant work and analyzes limitations.

A. Centralized Service Migration and Load Balancing

Most mainstream service migration solutions adopt central-
ized control architectures in MEC and cloud-edge collabora-

tive scenarios, where a central controller or orchestrator makes
unified decisions based on a global view [13]-[15]. MAPSM
[16] integrates RNN with geo-embedding Markov chains to
predict user locations, executing service migration before han-
dover to reduce latency. ApMove [17] provides a centralized
orchestration framework for stateful edge services. yang et.al
[18] a centralized migration strategy based on path selection to
minimize migration latency. For load balancing, QEdgeProxy
[25] uses a centralized proxy to distribute workloads based on
global QoS metrics. These approaches substantially improve
migration latency in terrestrial environments. However, such
centralized solutions universally assume sufficient control-
plane bandwidth and timely state aggregation. In satellite
networks, orbital dynamics cause rapid topology changes and
intermittent ground links, making timely global state acqui-
sition impractical. Moreover, their O(n?) state-collection and
decision complexity cannot be completed within the minute-
level warning window.

B. Distributed and Cooperative Service Migration

To overcome the scalability and single-point bottleneck of
centralized control, some works adopt distributed approaches
[13]-[15], [26], [27]. BAACO [27] uses capacity-aware ant
colony optimization to distributedly search migration targets
across candidate nodes, reducing fault recovery time. ADSA
[26] combine multi-objective optimization with deep rein-
forcement learning to collaboratively allocate migration or
compute tasks across nodes, balancing latency and energy
consumption. However, these distributed works share two
common limitations. First, most optimize only one or a few
network-layer metrics (e.g., latency, energy), lacking joint
modeling of migration latency and storage load. Second,
most rely on static weights or offline-trained policies, with
insufficient fine-grained awareness of satellite health states
(temperature, radiation, storage queues, etc.), making them
ill-suited for dynamic adaptation to node failures and abrupt
topology changes.

C. Satellite Fault Tolerance and Service Migration.

Inter-satellite link management and data migration strategies
is mainly research. For link management, StarCure [6] and
LSREF [10] focus on quickly restoring services through
adaptive network topology adjustments and balancing com-
putational resources with fault response time. Data migration
are further divided into two types. First, periodic ground
synchronization method synchronizes satellite-generated data
to ground data centers on an hourly or daily basis, offering a
simple mechanism with reliable ground datacenter [28]-[30].
For instance, L.2D2 adopts a hybrid ground station model to
reduce downlink latency, serving as a representative imple-
mentation [28]. However, its core limitation lies in the inability
to complete migration within the short warning window of
sudden satellite failures. On the one hand, satellite—ground
communication windows are brief (typically 5-8 minutes)
and constrained by limited bandwidth, making large data
transfers time-consuming. On the other hand, when failure



TABLE I: A Summary of Contributions of Related Papers

Category Works Contribution Limitation

Centralized service migration [16], [17], [18] | Mobility-aware and proactive migration scheduling Neglects orbital-window and inter-satellite coordination

Centralized load balancing [25] Dynamic adaptive resource allocation Disregards orbital topology dynamics

Distributed migration [27], [26] Capacity-aware migration optimization Lacks joint optimization of migration latency and load

Inter-satellite link management [6], [10] Adaptive topology reconfiguration under link dynamics Overlooks service instance migration and storage load
distribution

Periodic ground synchroniza- [28], [29] Scheduled data synchronization via ground contact Constrained by ground contact windows and limited

tion downlink bandwidth

warnings occur unexpectedly, satellites may not be within
range of any available ground station, even with distributed
coverage [28]. Second, multi-satellite cooperative migration
utilizes inter-satellite links to perform data redundancy among
pre-selected satellites, aiming to reduce dependence on ground
links [26], [27], [31]-[33]. It draws from established migration
mechanisms in terrestrial networks [27], [34]-[36] and is
supported by extensive research on satellite resource allocation
and task offloading [2], [7], [29], [37], [38], like above mature
distributed migration methods.

However, existing methods face two fundamental limitations
in dynamic satellite environments. First, lack joint modeling
of migration latency and post-migration storage load, often re-
sulting in data concentration on a few satellites and increasing
risk of overload and failure. Second, above approaches rely
on static replication strategies, overlooking dynamic evolution
of storage resource states and network topology, making it
difficult to handle link fluctuations and unexpected events,
ultimately compromising system stability and robustness.

Overall, existing works fail to simultaneously satisfy both
orbital-window timing constraints and multi-node load bal-
ancing (see Tab. 1). First, centralized schemes overlook inter-
satellite collaboration potential and cannot handle hard orbital-
window constraints. Second, existing distributed schemes lack
load awareness, causing secondary overload on target nodes.
Third, existing satellite service migration research neglects
dynamic evolution of storage resource states and network
topology.

To address the above limitations, this paper aims to develop
a low-latency and load-balanced satellite migration.

III. SYSTEM MODEL

We first model satellite network topology and node re-
sources, then define failure triggers and migration constraints,
and finally formulate problem as a multi-objective optimiza-
tion minimizing migration latency and storage load variance.

A. Satellite Computing Network Model

Dynamic network topology. Considering dynamism and
predictability, SatBaco adopts a virtual topology strategy to
address dynamic of satellite network. The topology strategy
discretizes dynamic topology of satellite network by dividing
the orbit period into multiple time slots, ie., ' =1,2,--- |£.
Links and network topology status remain unchanged during
time slot ¢. Network topology within a time slot t is represented

as a graph G; (V4, F;). Each snapshot of the satellite in time
slot ¢ is recorded as V; = {K;, M.}, where, satellite set is
denoted as K* = {K!, K%, ..., KL, }, ground station set is de-
noted as My = {M}{, M}, ..., ML }. An edge connecting two
nodes indicates the existence of an effective data transmission
path between them, including satellite-ground links (GSL) and
inter-satellite links (ISL).

Satellite node resource model. Two dimensional resource
model of a satellite service node is defined as K; = (C;, B;),
where C; denotes computational and storage capacity, and B;
is communication bandwidth.

Inter-satellite link state. It varies dynamically with orbital
position, denoted as L(s;, sj,t). The communication window
function is defined as W(K;,K;,t) — [tstart,tend|, Tepre-
senting time window during which satellites X; and K; can
communicate at time ¢.

B. Satellite Failure and Early-Warning Model

Satellite node failure probability. The failure probability
Prai(KC;, t) is jointly determined by cumulative radiation dose
effects and thermal failure probability distribution:

Pfail(lciat) = f(Rrad(’Ciat)vTchip(’Ci)a RZSk(IC“ C))’ (1)

where R,.q(/C;, t) is cumulative radiation dose and T, (KC;)
is chip temperature, Risk(/C;,C')) is storage overload risk.

Early-warning trigger conditions. Service migration is
triggered when any of following conditions holds. Stor-
age utilization exceeds the threshold, ie., Load(K;) >
Quhreshold- Node temperature surpasses the thermal limit, i.e.,
Tenip(KCi) > Tinreshotd- Accumulated radiation dose exceeds
the warning level, i.e., R.qq(KCi, t) > Rinreshold-

C. Communication Link Latency Model

Satellite-ground link latency. Transmission conditions of
the satellite-ground link need to be clarified. Satellites must
be within the communication range of the ground station to
transmit data. We use a visibility model to represent when
satellites can see ground stations and when they can com-
municate. There are two main conditions for communication.
Firstly, satellite sub-point enters a designated circular region
centered around the ground station, enabling communication
between satellite and ground station. Secondly, the elevation
of the satellite in the sky must be higher than the minimum
angle of elevation from a ground station, for connectivity to be



possible. If the above two conditions are met, data transmission
can be carried out. Vis (Ky, M,,)" = {0,1} indicates the
feasibility of communication between satellites and ground.

After meeting the communication conditions, we Migration
important data to the ground data center through the satellite-
ground link. Hence the latency is calculated as:
pest . _lenld)  yuoge M) ®)

latency — R(K:k,./\/lm) ks m)
where len (d) is size of Migration data, R (Ky, M,,) is the
date rate of the satellite to ground link.

Inter-satellite link latency. Establishing an inter-satellite
link requires three conditions. First, there must be no obstruc-
tion between the satellites, and they cannot be in opposite
directions. Second, the straight-line distance between the satel-
lites must be greater than the sum of the Earth’s ionospheric
height and radius. Third, the satellites’ antennas must be
within the specified pointing angle range for communication
to occur. Inter-satellite links enable communication between
satellites, with the length of link corresponding to the linear
distance between satellites. Inter-satellite transmission time
in Migration path is the sum of following two parts. 1)
Transmission delay is the time it takes to transmit all the
data from first bit, which is determined by the size len (d) of
Migration data divided by data rate R(XC, K’) of inter-satellite
link. 2) Propagation delay, which is the time it takes for the
electromagnetic radiation to travel the distance gy, i.e., the
quotient of distance and the propagation rate of the electrical
signal (approximately equal to the speed of light ¢). Here, the
latency of inter-satellite links is calculated as,
ey = o) 2o )

(K, K") c

where R(K,K’) is date rate for communication between K
and K’. This rate is defined by,

“4)

!
R(K,K") = Blog, <1 + P (K, K) ) ,

kpTsBS,

where P.(KC,K') is received power, B is the bandwidth, Kp
is Boltzmann’s constant, T is the system noise temperature,
and S, is the signal-to-noise ratio margin.

D. Satellite Storage Queue.

Each satellite manages its regular tasks through a dedicated
processing queue. When handling migration task from a
warning satellite, incoming requests are queued and processed
sequentially by storage device. As task volume increases, mi-
gration requests experience growing queuing delays, resulting
in higher storage latency and prolonged completion times.
Queue length directly impacts waiting time: longer queues lead
to extended migration durations. If storage task queue becomes
congested, processing delays increase, lengthening completion
times. Under high load, migration tasks are delayed by other
tasks, affecting system’s overall performance.

To accurately characterize the satellite storage queue, and
the waiting time for migration data storage and the time re-
quired for storage completion, we first provide an explanation
of the relevant parameters:

o Arrival rate (A). it represents arrival rate of satellite stor-
age requests, measured in tasks per second. It quantifies
the number of storage tasks arriving within a unit of time,
assuming that these incoming requests are independent
and follow a poisson distribution.

o Device throughput (7). it denotes throughput of storage
device, indicating the amount of data that device can
process per second, measured in bytes per second.

o Task size (D). it refers to data volume of each storage
task, which can be measured in KB, MB, GB.

o Processing rate (u). it indicates processing rate of storage
tasks, represents the number of tasks that storage device
can handle per unit slot. The processing rate p is di-
rectly related to task size D of storage tasks. Under the
constraints of device throughput, as task size increases,
the number of tasks that device can process per unit slot
decreases. We express processing rate as p1 = 3.

« Remaining storage capacity (C}). it refers to remaining
storage capacity of the storage device in satellite &
responsible for migration tasks.

To calculate waiting time and storage time required by
storage device when processing migration requests, we employ
classic M/M/1 [39]-[41] queuing model for storage queue
Q' = {Q},Q%,...,QL}. We define system utilization as
p = ﬁ When p approaches 1, it indicates that device is
increasingly busy, leading to longer queue waiting times. We
denote the average queue length as t., and the average waiting
time of requests in queue as W,

P A
W, = = : 5
o =p) plp =N ©)
2
l@:AWQ:—JL—q (6)
p(p—A)

where both queue length L, and waiting time W, are deter-
mined by the relationship between arrival rate A and process-
ing rate u, with performance degrading as A\ approaches p.
The total storage time for migration data in satellite storage
queue consists of two components: queue waiting time W,
and storage processing time Wy, Among these, storage
processing time W, represents total time taken by storage
device to process all migration data requests. Given that
processing rate is p (the number of requests processed per
second), processing time can be expressed as follows,

S

W'roc:iv
P Dxp

(7
where W,,,. depends on total data size S and effective
processing capacity D x p, which combines per-task data
volume D with the system’s task processing rate p.



Taking into account both queuing delay and processing
delay, total time required to complete storage of migration
can be expressed as Eq. (8), that is migration latency,

Ao, 8
plp =) D xp’

where total migration latency T},, combines queue delay
W, and processing time Wp,..., where the first term captures
congestion effects and the second term depends on the total
data volume S and system throughput.

Tiotal = Wq + Wprac = ®)

E. Satellite storage load.

The storage load A for a satellite &k is quantified by the sum
of the stored data, queued data, and assigned migration data.

hy = (C = Cy) + Q) + Sk, 9)

where storage load 7y, aggregates occupied capacity C' — Cf,
queued data @}, and newly assigned migration data Sk,
providing a combined measure of satellite’s storage burden.

FE. Problem Formulation

Migration Nodes Selection Problem (MNS). To efficiently
back up task data within a limited time, we model selection
of migration nodes for warning satellites as MNS optimization
problem in SatBaco. The core optimization objectives include
minimizing total migration latency and average storage load
of satellites. By optimizing both objectives, system meets task
deadlines and prevents performance bottlenecks from over-
loaded satellites. First, objective of minimizing total migration
latency is to quickly transmit data to secure nodes within
specified warning time limit, including both migration data
transmission time and the total storage completion time. mi-
gration data transmission time depends on path latency, while
storage completion time is determined by waiting and pro-
cessing time for each data unit. Second, minimizing average
storage load migration ensures tasks are well-distributed, pre-
venting satellite overload. To optimize performance, SatBaco
minimizes total migration latency and average satellite storage
load for better system efficiency and load balancing. Given set
of satellites and ground stations in every slot, connectivity and
capacity of each link in every slot, and storage capabilities of
each satellite and ground station in every slot, MNS problem
can be formulated as:

min Z (L15T 4
ke
subject to,

Cl:Vke K*,CL > Sl teT

+ Zkelc R

Ttt,cl)ctal ) |K ‘

C2: Vee E, Z B, < B. (10)

ses
C3: > Sp=> K;
keK* jex'
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Fig. 1: The overview of SatBaco architecture.

The first part represents total time to complete data
migration for failed satellites. When nodes in migration set are
satellites, L/5T is used to denote data transmission time and
Tti‘;cml is used to denote data storage completion time. The
second part describes storage load situation of satellites in
system. When a fault alert occurs during a dynamic emergency
process, it is necessary to evaluate load conditions of migration
satellites after they have received desired migration data.
By minimizing both parts, we obtain the optimal migration
set K* and the optimal allocation of migration quantities
S = {51, 52,...,5;}. Constraint conditions Cy: remaining
capacity of migration node is sufficient. C'5: ensure availability
of bandwidth resources during transmission. C's: ensure total
data carried by migration satellites equals total data of warning
satellites.

IV. SATBACO: ADAPTIVE SATELLITE SERVICE
MIGRATION MECHANISM

This section presents SatBaco’s design, covering migration
strategy, and adaptive switching mechanism.

A. Framework Overview

SatBaco is an adaptive satellite service migration mecha-
nism that ensures timely migration of service state data from
failure-prone satellites through dynamic optimization of target
node selection and data block allocation. The core idea is
to make hierarchical decisions on migration methods based
on satellite status, leveraging multi-satellite collaboration for
rapid large-scale migration while reducing storage pressure
through distributed migration. Fig. 1 illustrates SatBaco sys-
tem architecture, consists of a satellite segment and a ground
segment. Satellite segment is constructed from large constel-
lations managed by companies such as SpaceX or OneWeb,
and ground segment comprises geographically distributed data
centers. Satellites store their own data and also undertake
migration tasks from neighboring satellites. SatBaco ultimately
migrates onboard mission data to ground data centers to ensure
reliability of subsequent computations.

Specifically, migration executor is deployed on each satellite
and adaptively selects migration strategies based on satellite



status. Two strategy types are supported. During normal opera-
tion, executor performs standard incremental migration of task
and instruction data while maintaining ground station commu-
nication. During warning, executor invokes migration target
node selection algorithm (MNCF, RACA) based on coalition
game to form migration node coalition for emergency.

B. Dual-Mode Migration Strategy

Regular Cooperative Migration (RCM) performs incre-
mental migration, synchronizing only changed task data and
instruction states within scheduled communication windows.
This keeps ground snapshot up to date and reduces ERM
pressure, as a full TB-scale transfer during failure is nearly im-
possible within the 3—-5 minute warning window. This design
minimizes disruption to normal operations while accelerating
fault-time migration.

Emergency Migration Strategy (ERM). The core chal-
lenge of ERM is that warning window is extremely short
(typically 3-5 minutes), yet service state data can reach
GB scale, making single-link ground transmission impossible
within the deadline. To address this, ERM adopts a two-phase
cooperative transfer. In the first phase, data is distributedly
offloaded to multiple neighboring satellites via parallel inter-
satellite links, forming a node coalition. In the second phase,
coalition nodes relay data to ground through their respective
communication windows. ERM transforms single-link serial
transfer into multi-link parallel transfer.

In SatBaco, RCM and ERM are not simply sequential but
are dynamically selected based on satellite health indicators
including storage utilization, temperature, and radiation dose.
While all indicators remain within normal thresholds, the
system maintains RCM mode. Once any indicator exceeds its
warning threshold, ERM is triggered immediately.

V. COALITION GAME-BASED MIGRATION TARGET
SELECTION

In ERM, migration node selection faces interest conflicts.
Warning satellite prefers neighbors with lowest communi-
cation latency to minimize migration time, while candidate
satellites rationally choose to reject migration tasks in order
to maximize their own utility. This conflict renders traditional
optimization methods ineffective. Centralized methods rely on
global state, but satellite load and failure risk change con-
tinuously, causing precomputed optimal solutions to become
invalid at execution time. Distributed global search carries
a computational complexity of O(2"), which cannot meet
requirements of 3—5 minute emergency window.

Therefore, SatBaco models MNS as a coalition game. Each
candidate node acts as an independent player, autonomously
deciding whether to join the migration coalition based on
local information, with coalition stability guaranteed by game-
theoretic equilibrium. SatBaco requires no central coordinator,
naturally aligning with the decentralized nature of satellite net-
works, while reducing computational complexity from O(2™)
to O(nlog n) to satisfy real-time emergency migration require-
ments. The definition of coalition game is as follows.

Definition 3.1: Coalition Game for Migration Node
Selection (CGMS). The process of identifying various coali-
tions of migration nodes for warning satellites’ data is defined
as a quintuple CG =< P,C,, F,U,,U(F) >, and formula-
tion of CGMS is as follows,

o Players. P is the set of nodes that could establish a
communication connection with warning satellites, in-
cluding satellites that can establish ISL connections. Each
player is independent and responsible for handling data
migration tasks of warning satellites.

o Strategy. The strategy space for players includes the
maximum storage capacity resources C), they can pro-
vide, and decision on which coalition to form, that is,
whether to join or leave a coalition.

¢ Coalition. The coalition partition is defined as the set
of F = {FA,F,...,Fj,...,Fs}, where it partitions
player set of workers P, i.e., Vj, F; C P. Each coalition
is independent. A coalition F; C P is formed by multiple
players with goal of achieving rapid data migration tasks
from failed satellites. The members of each coalition
coordinate together to execute migration tasks.

o Player Utility Function. The utility of each player in
migration data coalition depends on their storage capacity,
transmission time, and satellite storage load. The utility
function for player p € P can be represented as U,,, where
indicates contribution degree of node p within coalition.
Utility is directly proportional to storage capacity of
satellite Czt, and inversely proportional to transmission and
storage time Ly ;, + W/ and storage load (Qf, + S}).
Nodes with greater storage capacity, shorter transmission
times, and lower loads will be tasked with undertaking
more migration responsibilities.

t
Oélcp

az(Lep + WiG) + as(Q) + 5))

« Total Utility of Coalition. The total utility of coalition is
constituted by the sum of utilities of its member nodes.
This reflects overall migration capability and resource
utilization level of coalition.

where a1 + as + a3 = 1,0 < a1,a,a3 < 1. Then, we
provide definition of coalition Nash equilibrium.

Definition 3.2: Nash Equilibrium of CGMS. Nash equilib-
rium is achieved when following two conditions are satisfied
in coalition games:

1. Individual Rationality. Each player’s utility in the coali-
tion is no less than their utility from acting alone. That is, for
each player p and coalition F, U,(F) > U,({p}),¥p € F.

2. Coalition Stability. No player can increase their utility
by acting alone, leaving coalition, or forming a new coalition
with other players. That is, U, (F) > U,(F'),VF' C P,Vi €
F'. No player can gain higher utility by leaving the current
coalition F', acting alone, or forming a new coalition F’ with
other players.

Furthermore, we prove that equilibrium solution of CGMS
corresponds to the optimal solution of MNS problem, sup-
ported by formal theorem 1 and proofs.

U, =

(1)



Algorithm 1 MNCF: Migration Node Coalition Formation
Algorithm.

1: Input: P, S, VZS(K:, K:/), Cp, {Oél, 2, 013}, {91, 0, 93}
2: Output: F, U = {¢1,¢2,...,9p}

3. Initialize F = {F1, Fo,..., Fj, ..., Fr}

4: Initialize Fiy, < F,n <0

5: repeat

6: p € P chooses two coalitions, F; € Feur, Fjr € Feur
7. Fi#EFp,n<—n+1

8: if F; transitions to Fj & Fj =, F;s then

9: Fjr.add(p)

10: Feur < (Feur \{F;, Fj:}) U (F; \ {p}, Fj» U{p})
11:  else

12: Fj.add(p)

13:  end if

14: until max U (F)

15: Get U = {1, 2,...,0p} by Eq. (14)

Theorem 1: Under the condition that U, is concave and
monotonically increasing in C; and decreasing in latency and
storage load, maximizing the coalition utility

UF)=> 1T,
pEF
is equivalent to minimizing the MNS objective (Eq. 10) up to
a constant factor determined by Czt,.
Proof: Since U, > 0 and is monotonically decreasing in
both latency and storage load, maximizing U(F) = >_ > Up
is equivalent to minimizing » U-L. Taking the reciprocal

peEF ~'p
of U, and multiplying by a positive constant 3 > 0 gives:

B af s total asf

— = L»>Y + T + hp.

Up alczt, ( tp ) alCZt) P
Setting coefficient of latency term to unity and that of storage
load term to &, 228 — 1 B — Wll’ the summation

m’ O(lC; ? Oélc}t"
B ISL total 2rexc e _
doper 7 reduces to D kK (L + T35, ) + =hehe =

J, which is precisely MNS objective. Since § and C; are
positive constants with respect to the optimization, minimizing
Zp U% is equivalent to minimizing J. Therefore, maximizing
U(F) is equivalent to minimizing the MNS objective up to
the constant factor.

A. Migration Node Coalition Formation Algorithm

Preference factor-guided distributed convergence. Tradi-
tional coalition formation algorithms typically prioritize max-
imizing coalition utility, neglecting the benefits of individual
members. In satellite networks, this leads to overloaded core
nodes while edge nodes remain idle. MNCF’s core innovation
lies in introducing a preference factor, allowing nodes to
consider both coalition utility and size when making decisions,

0= 01% — 055 + 03 - Nl,ll’l’l(]:j)7 (12)

where ¢, is node utility, S is total amount of migrated
data within coalition, and Num(F;) is coalition size, all

normalized. The key insight is that introduction of third term
encourages nodes to form moderately sized coalition, avoiding
overload of core nodes.

Convergence and complexity analysis. Iterative process
of MNCEF is essentially a potential function descent. Define
potential function of a coalition structure as sum of all

coalition utilities:
> UF)).
FjeF

O(F) = (13)

here, each coalition switch (a node transferring from Fj
to Fj') necessarily satisfies 655" > 0%, meaning node
achieves a higher preference factor in new coalition. Since
preference factor is positively correlated with coalition utility,
it follows that ®(Fnew) > ®(Fyq). As number of coalition
structures is finite, algorithm converges to a local optimum in
a finite number of steps.

Computational complexity of MNCF is O(nlogn), sig-
nificantly better than O(2") of traditional exhaustive search.
Specifically, each node compares O(logn) candidate coali-
tions on average, across n nodes, converging within a constant
number of iterations.

Finally, Shapley values are used to fairly distribute coalition
payofts,

$p = Z

FCP\p

|]-‘!(|7>|7—)||!]:| “ D Fup) - uF), a4

where migration task assigned to node p is ¢,S.

B. Dynamic Risk-Aware Coalition Adjustment Algorithm

MNCEF operates under a static network assumption, whereas
satellite networks exhibit dynamic evolution in link states,
node loads, and failure probabilities. RACA addresses this
through risk-guided neighborhood search, which drives direc-
tional convergence across the state space rather than relying
on the random perturbation of standard simulated annealing.

Risk-guided neighborhood selection. Standard simulated
annealing generates neighborhoods randomly, exploring all
neighboring solutions with uniform probability. This is ineffi-
cient in large state spaces due to excessive invalid exploration.
RACA uses a risk factor to guide the search direction. The
node risk is defined as:

T (15)

Tlmax

Risk, = A, +

where h,, is normalized storage load and 7, is failure rate. The
risk-guided neighborhood generation rules are:

o High-risk nodes (Risk, > /) are removed from current
coalition with probability 1.

e Low-risk nodes are included as candidates with high

probability.

Satellites with high storage load are already near capacity,
and accepting additional migration task greatly increase their
failure risk. Nodes with high failure rates should not be
assigned extra tasks.



Algorithm 2 RACA: Risk-Aware Coalition Adjustment Algo-
rithm

1. Input: 7 = {F1, Fo,...

Vis(P,P'), a123,0123 . Y7, = {¢1,02,-- -, ¢p} > S
2: Output: F*, V% = @1, ¢5,..., 0,
3: Compute Risk; for all p € F.
4: F* + {p € Fo | Risk, < ¢}.
5. if F* = Fy then
6: return Fy {No adjustment needed.}
7: else
8 Tem < Temy.
9 while T > T,,;, do
10: Randomly select index p € {p € P|vis(p,p’) = 1}.
11: if Risk,, > ¢ then
12: d'[p] - 0 {Remove high-risk node.}
13: else
14: Propose new ¢’[p] = ¢, +U(—(s/|F|), —(s/|F]))-
15: Clip ¢'[p] to [0, C*** — Ry)].
16: end if

17: Compute ®(c'[p]) and A = ®(/[p]) — D(p).
18: if A <0 then

19: Accept [p].

20: else

21: Accept ¢/[p] with probability exp(—A/Tem).
22: end if

23: Tem < (- Tem.

24:  end while

25: end if

26: return V% < {c[p] | p € F*}.

TABLE II: Parameters

7~Fj""5ff}7p(cgmzvnpahp)5€7£ g

Parameters Value

Inclination 53°, Altitude 550 km,

Starlink (Phase T) Orbit 72, Satellite 22

Inclination 87.9°, Altitude 1200

OneWeb km, Orbit 18, Satellite 40

ISL transmission rate R(K, K') 2 Gbps

GSL transmission rate R(K, M) 300 Mbps

Satellite storage capacity C' 450 GB (Maximum)
Arrival rate y [3,6]/s

Task size D 1 GB

Throughput R 500 MB/s

Game rounds 150 (Maximum)
Risk thresholds ¢ 0.6, 0.8

Preference weight parameter 6
Game utility weight parameter o

61 =06,0> =02, 03=02
a1 =02, as =06, ag =0.2

Convergence Analysis. Introducing risk guidance into sim-
ulated annealing adds a bias toward low-risk regions over
Boltzmann distribution. Define modified objective function,

o = Z [max uy(cpr, c—p) — up(cp)] +e Z Risk,, (16)
peEF* peEF*

Nash deviation coalition risk

where first term ensures game-theoretic equilibrium and sec-

ond penalizes high-risk members. Risk-guided neighborhood
selection preserves Markov chain structure of simulated an-
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nealing, every solution retains a positive visitation probability,
but frequency is biased toward low-risk regions. As 1" — 0,
algorithm converges to global (or near-global) optimum with
probability 1.

Complexity Analysis. For n satellites network, coalition
search space is 2". Standard SA effectively explores only 1/2"
of this space. RACA’s risk guidance compresses search space
to O(n), each node only needs to evaluate whether it satis-
fies the risk constraint, eliminating exhaustive enumeration.
Empirically, RACA converges 1-2 orders of magnitude faster
than standard SA due to this reduction in invalid exploration.

In summary, MNCF and RACA form complementary struc-
ture of static optimality and dynamic stability. MNCF finds
optimal coalition for a given network state, while RACA
adaptively adjusts coalition as network conditions evolve.

VI. PERFORMANCE EVALUATION
A. Experiment Setup

Based on the STK (System Tool Kit) [42] orbit analysis tool,
we simulate the movement of satellites over time to generate
a satellite network diagram. The constellation configuration
parameters are set according to the state-of-the-art commercial
mega-constellations—Starlink [43] and OneWeb [44]. Table II
details the key parameters of the selected mega-constellations.
Specifically, the Starlink constellation consists of 1,584 satel-
lites distributed across 72 orbital planes, with 22 satellites per
plane. The orbitals altitude are set to 550Km, and the orbitals
inclination are set to 53°. The OneWeb constellation comprises
720 satellites distributed across 18 orbital planes, with 40
satellites per plane, the orbitals altitude are set to 1200Km and
the orbitals inclination are set to 87.9 degrees. According to
limitations such as distance and power, it is specified that each



satellite can establish connections with other satellites within
its antenna scanning range. We set the GSL transmission rate
at 300Mbps based on the actual measurement data from the
Tiansuan constellation. Meanwhile, the ISL transmission rate
is set at 2 Gbps according to [45]. The specific parameter
settings are shown in the Table II.

Datasets. We reference the scale of four types of real-
world Earth observation services for performance testing,
Gaofen-1 high-resolution image datasets (GHR, 107.3GB)
[46], Sentinel-2 radar image datasets (SR, 29.9GB) [47],
Landsat optical image datasets (LO, 19.9GB) [48], HeDe-2
telemetry dataset (HT, 45.5GB). HeDe-2 is our private dataset
and will be released.

Baseline Algorithms. Following algorithms are selected,

« BAACO [27]: A service migration node selection al-
gorithm based on ant colony optimization, which only
considers transmission distance.

« MOLDO: A multi-objective optimization algorithm based
on deep reinforcement learning, derived from ADSA
mechanism [26], which focuses on global optimality but
employs static weights.

B. Experimental Results

1) Service migration latency over different constellations:
Fig. 2 shows that SatBaco reduces service migration latency
by 48.66% and 29.44% on average compared with BAACO
and MOLDO. This improvement stems from RCM reducing
transmission data volume, and ERM dynamically considering
node storage load and transmission distance to optimize migra-
tion strategies in real time. In contrast, BAACO only considers
transmission distance and cannot handle high-traffic scenarios,
MOLDO uses static weights and cannot adjust dynamically.

2) Load balancing performance: Fig. 3 shows the average
storage load of each migration node under different dataset
scales. SatBaco consistently maintains the lowest average load,
reducing it by 24.54% compared to BAACO and 28.13% com-
pared to MOLDO. This benefit comes from ERM considering
both node storage capacity and transmission distance during
task allocation, effectively preventing overload.

3) Service completion time across different service configu-
rations: Completion time is defined as maximum aggregation
time for migration nodes to transfer all service data to ground
station. As shown in Fig. 4, SatBaco achieves improvements
of 32.72% compared to MOLDO and 58.22% compared to
BAACO. Load balancing reduces the data volume assigned to
each node, significantly shortening aggregation time.

4) Impact of coalition size on performance: Fig. 5 and Fig.
6 shows impact of player number on service migration latency
and average load. This results reveal that both latency and
average load decrease as number of players increases, because
more satellites participate in service migration, thereby sharing
computing and storage loads more effectively and achieving
more uniform load distribution. However, more players are
not always beneficial, as increasing the number of players
inevitably elevates computational complexity, necessitating a
trade-off between performance gains and overhead costs.

5) Impact of risk threshold of RACA on system resilience:
RACA addresses a core challenge, satellite network topology
changes dynamically, and pre-computed optimal combinations
may become invalid during execution. RACA controls inclu-
sion of high-risk nodes in coalition through risk threshold
£. Fig. 7 indicates that when threshold ¢ = 0.6, the overall
resource occupancy rate is lower than that at ¢ = 0.8,
because a lower threshold excludes more high-risk nodes,
thereby reducing the number of coalition members and causing
resource occupancy rate of remaining nodes to increase. Nev-
ertheless, under both threshold settings, SatBaco’s resource
occupancy rate remains lower than those of BAACO and
MOLDO, demonstrating superior performance. This verifies
effectiveness of risk factor design in maintaining coalition
stability by excluding high-risk nodes and enhancing system
resilience.

6) Convergence analysis of MNCF under different satellite
network configurations: MNCF addresses first limitation of
existing work, traditional centralized optimization algorithms
have complexity O(2") that cannot meet real-time require-
ments, and they fail to consider load balancing, leading to
overload of popular nodes. MNCF iteration process is essen-
tially a potential function descent. Fig. 8 shows that change
in the sum of coalition utilities with number of iterations,
MNCEF converges to a stable solution within 60-100 iterations,
verifying convergence analysis of potential function descent.

7) Verification of SatBaco allocation’s individual rational-
ity: We compare individual allocation and allocation in pro-
posed CGMS. Fig. 9(a) shows that CGMS allocation reason-
ably distributes computing load, reduces maximum transmis-
sion latency, and ensures each node receives a fair allocation
result based on its own contribution. Fig. 9(b) shows that
CGMS allocation makes distribution of storage contributions
more balanced, reflecting individual rationality, the utility of
each node in coalition is no less than that when acting alone.

VII. CONCLUSIONS AND FUTURE WORK

This paper proposed a solution for improving the reliability
of satellite services. Service can be prevented by applying
adaptive distributed SatBaco mechanism. Minimize the storage
resources consumed and balance system storage load by ser-
vice migration while ensuring service reliability. By applying
MNCF and RACA algorithms, we achieve coalition game’s
dynamic equilibrium, providing the optimal strategy for mi-
gration node selection. Experiments have shown that SatBaco
achieve a 39.05% reduction in migration latency, a 26.34%
decrease in system average load, and superior performance in
data aggregation response speed, system resilience compared
to state-of-the-art methods.

As part of future research, we will explore integration time-
series forecasting and anomaly detection to enable proactive
backup scheduling that optimizes transmission paths, while
also developing a multi-tiered backup architecture combining
in-orbit, inter-satellite, and ground storage with lightweight
protocols and resource-sharing strategies to enhance system
robustness and scalability.
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