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ABSTRACT

As the demand for Earth observation satellite (EOS) services grows,
allocating limited orbital windows among diverse stakeholders re-
quires balancing overall system utility with equitable access. While
distributed constraint optimization (DCOP) has been successfully
applied to address user privacy in these settings, existing methods
often prioritize efficiency over fairness. A recent hybrid approach
offers a compromise between efficiency and fairness. However,
it lacks the granularity needed for specific operational contexts.
This paper proposes a queue-based distributed algorithm that uti-
lizes multi-level priority queues to resolve resource conflicts. By
adjusting the number of queues, the mechanism provides a tun-
able tradeoff between efficiency and fairness. We provide a formal
description of the algorithm and demonstrate its effectiveness in
highly-conflicted satellite scheduling scenarios.
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1 INTRODUCTION

Systems of observation satellites (EOS) [12] are frequently co-
financed by multiple stakeholders (e.g., countries, companies, or
research institutes) due to their high cost, requiring allocation of
shared satellite resources once operational. In multi-satellite set-
tings, scheduling must accommodate requests from multiple users,
balancing efficiency — maximizing utilization for high-priority tasks
— and fairness, as perceived by stakeholders [1]. Most existing ap-
proaches are centralized, assuming all requests are submitted to a
single optimizing authority; however, stakeholders may be reluctant
to share sensitive or proprietary information.

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).

Appears at the International Workshop on Autonomous Agents and Multi-Agent Sys-
tems for Space Applications (MASSpace-26). Held as part of the Workshops at the 25th
International Conference on Autonomous Agents and Multiagent Systems., S. Chien,
G. Picard, 1. Zilberstein (Chairs), May 2026, Paphos, Cyprus. © 2026 Copyright held by
the owner/author(s).

To mitigate these concerns, the distributed constraint optimiza-
tion problem (DCOP) modeling [6] has been proposed for EOS
scheduling [11], followed by several DCOP-based methods [5, 9,
10, 14]. These approaches enable users to coordinate via message
exchange and jointly construct a schedule without a central author-
ity.

While DCOP-based algorithms typically emphasize global utility
maximization, fairness — namely, equitable resource allocation
among stakeholders — remains essential in shared EOS systems.

Prior work introduced a hybrid approach that uses a probabilis-
tic rule to mitigate the "efficiency-first" bias [8]. However, that
method provides a static compromise. In this paper, we focus on
a queue-based approach that replaces randomization with a struc-
tured selection process across multiple priority queues, allowing
system operators to explicitly control the efficiency-fairness trade-
off by adjusting the number of queues.

2 PROBLEM DEFINITION

The EOS scheduling problem consists of a set S of satellites and a
set U of independent users. Each satellite s € S follows an orbit
plan OPs and has a capacity limit ks, defined as the maximum
number of observations during OPs. Each user u € U submits
a set R of observation requests. Each request r € R specifies a
geographic area to be observed for a duration A, € 7 within
the validity window [tﬁm”, tre"d], where tﬁm”, tf”d €7 and T
denotes the system timeline. The location to be observed is given
by pr (latitude-longitude-altitude).

Given the high cost of Earth observation satellites, they are typi-
cally funded by multiple stakeholders with unequal contributions.
To reflect these disparities, users are allocated “tokens” represent-
ing their entitlement to system usage. Each request r is associated
with a reward p, (in tokens), reflecting either the stakeholder’s
relative contribution or the user’s willingness to pay; thus, identical
requests may carry different p, values across users.

Each request may induce multiple observation opportunities O.
Each opportunity o € O is characterized by its satellite s,, start
time tf,mr !, duration A,, and observation location, and yields a
reward p, derived from p, and adjusted according to factors such as
observation angle and weather conditions. Users generate O based
on OPg, 34Tt tf”d, Ay, and p,. A feasible solution assigns at most
oneo € O toeachr € R such that no two assigned opportunities on
the same satellite overlap and the capacity constraint K is satisfied
for every s € S. A desirable solution is both efficient and fair.

3 DCOP MODELING OF THE PROBLEM

ADCOPisatuple < A, X,a,D,C >, where A = {A;,...,Ap}isa
finite set of agents; X = {X1,...,Xjn} is a finite set of variables; « :



X — A assigns each variable to a single agent; D = {D,...,Dp}
is a set of finite domains, where D; contains the values of X;; and C is
aset of constraints, each ¢ € C being a function ¢ : Dj, X- - -xXDj, —
R, that assigns a non-negative cost to every value combination of
its scope. A complete assignment assigns values to all variables in X,
and an optimal solution is a complete assignment of minimal total
cost.

Krigman et al. [9] model the EOS scheduling problem as a DCOP
in which agents represent users (A := {u € U}), variables repre-
sent requests (X = {r € R}), and « assigns each r to its requesting
user according to Ry,. The domain of X, is D, := O,U{L}, where O,
is the set of feasible observation opportunities for r and L denotes
rejection.

Three constraint types are defined. Unary constraints assign
a cost to each value based on the opportunity reward,! binary
constraints impose oo cost on overlapping opportunities assigned
to the same satellite and zero otherwise; and global constraints
over opportunities of each satellite s enforce that the number of
assigned opportunities does not exceed k.

4 THE DSARC_xQ ALGORITHM

The DSA_RC algorithm [3, 7] is an extension of the classical Dis-
tributed Stochastic Algorithm (DSA) [13] that can explicitly handle
resource capacity constraints. In the EOS scheduling context, each
agent in DSA_RC computes, for each of its requests, the total num-
ber of observation opportunities requested by all agents from the
satellite associated with its selected opportunity. If this number
exceeds the satellite’s capacity, the agent independently decides, for
each request, whether to withdraw the corresponding opportunity.

Three approaches were proposed in the literature for making
the above decision — an efficiency-aimed approach DSARC_Eff [9],
a fairness-aimed approach DSARC_Fair [3], and a hybrid approach
DSARC_Hyb [8]. In the next subsection, we propose a novel queue-
based approach that enables fine-tuning of the efficiency-fairness
tradeoff.

Algorithm 1 presents the DSA_RC algorithm in a general manner
that encapsulates all the existing approaches together with the
new queue-based approach. Each agent distributively executes the
algorithm for each request. We focus on the call to the function
DEeciDETOREMOVEOPP (Line 10), which differntiates between the
above approaches. The new queue-based approach is described
next.

4.1 Queue-based decision

Our proposed approach is inspired by the biased front-queue selec-
tor for web crawling [2].

In this approach, presented in Function 2, the agent partitions
all observations associated with the same satellite into x reward-
based queues, where x is an input parameter (Line 1). The reward
range is divided into x intervals, each mapped to a queue, and
each observation is assigned accordingly. The first queue contains
the highest-reward observations and the last contains the lowest;

1Since DCOPs are formulated as minimization problems with non-negative costs, the
cost of opportunity o is defined as cost, = maxCost — p,, where maxCost >
maxee0 Po- The cost of L is maxCost.

Algorithm 1: DSA_RC run by agent u for request r

Input:p, K
1: counter < 0
2: o < Ranpom(Oy)
3: send so, and p,, to all agents
4: while counter < K do
50 Rew < {po, }
6:  collect all agents’ s, and p,
7. if 55, = 5o then
8 Rew « Rew U {p,}
9:  if |Rew| > ks, then
10: if DeCIDETOREMOVEOPP(Rew, ks, ) then
11: oy «—.L
12: send o, to all agents
13:  else if Ranpom([0..1)) < p then
14: o « valid value with minimal cost in D,
15: send s, and p,, to all agents

16: counter < counter +1
17: Xy < op

the partitioning may be skewed so that, for example, most high-
reward observations reside in the first queue. Each queue is sorted in
descending reward order (Lines 2-3). A list arr is then constructed
(Lines 5-14) as follows: in iteration i, one observation is selected
sequentially from each of the first i queues (when non-empty). Thus,
the first iteration draws from the first queue only; the second from
the first and second queues; the third from the first, second, and
third queues; and so on. The process continues until all queues are
empty or arr reaches the capacity limit «s. Finally, if the agent’s
opportunity is not included in arr, it is dropped (Lines 15-18).

The construction of arr enables the inclusion of lower-priority
opportunities, promoting fairness while maintaining efficiency.
Higher-reward opportunities retain a greater likelihood of selec-
tion. The parameter x governs the efficiency-fairness tradeoff: x = 1
yields the purely efficiency-oriented variant, whereas larger x in-
creases fairness at the expense of efficiency. This algorithm is de-
noted DSARC_xQ, where x is the number of queues.

5 EXPERIMENTAL EVALUATION

We evaluated four decision types: efficiency-oriented (DSARC_Eff),
fairness-oriented (DSARC_Fair), hybrid (DSARC_Hyb), and queue-
based (DSARC_xQ). For DSARC_xQ, we tested DSARC_2Q, DSARC
_40Q, and DSARC_8Q. Results were compared to centralized post-
processing (DSA_PP) [9]. Parameters were set to p = 0.7 and K = 10
in all algorithms, following [9].

Problem instances were based on the “highly-conflicted prob-
lems” of [10]: a 10-minute horizon, three satellites (capacity 20 each),
ten users submitting | Ry, |= {2,4,..., 20} requests, and ten oppor-
tunities per request. Request validity windows were [100 : 200],
with A, = [10 : 20] and p, = [10 : 50]. We also generated a second
set of high-density problems.

To capture diverse settings, we considered four reward distri-
butions per instance: uniform, exponential, normal, and a bimodal
split (two user groups with high vs. low rewards).



Function 2: Queue-based DECIDETOREMOVEOPP

Input:Rew, kg, x
1: Divide Rew into x queues according to p,
2: for all queues do
3. sort queue from highest p, to lowest
4 cyc < 0,arr < 0
5: while queues are not empty do
6: fori« Otocyc—1do
7 if queue[i] is not empty then
8 move next o from queue(i] to arr
9 if |arr| = ks then

10: break while
11:  if cyc = x then

12: cyc «— 0

13 else

14: cyc «— cyc+1

15: if o, € arr then
16:  return false
17: else

18: return true

Efficiency was measured by the total number of scheduled re-
quests and total rewards. Fairness was evaluated via the Gini coeffi-
cient [4], computed over total rewards and over scheduled requests
(with po = 1).

Results for the highly-conflicted set appear in Figure 1. For
small workloads, all methods schedule all requests; beyond capacity,
scheduling decreases accordingly. Results are therefore reported
from 48 requests onward.

Efficiency and fairness exhibit a clear tradeoff: gains in one re-
duce the other. DSARC_Hyb provides a balanced but fixed com-
promise. When no prior knowledge is available, DSARC_Hyb is a
robust choice. With distributional insight, DSARC_xQ can perform
better. Under uniform rewards, DSARC_2Q exceeds DSARC_Hyb
in total rewards while matching its fairness (Gini). Under expo-
nential rewards, DSARC_2Q matches DSARC_Eff in efficiency and
approaches DSARC_Hyb in fairness. For bimodal rewards, DSARC
_2Q and DSARC_4Q achieve the highest fairness in scheduled re-
quests.

6 CONCLUSION

We have presented the DSARC_xQ algorithm for managing the
efficiency-fairness tradeoff in distributed satellite scheduling. By
implementing a structured priority queue system, this approach
moves beyond the static compromise of the previous hybrid co-
ordination model, offering a tunable solution that can be tailored
to specific reward distributions. Our evaluation demonstrates that
while the foundation of distributed scheduling relies on efficient
DCOP modeling, the addition of multi-level queues effectively pre-
vents the systemic exclusion of users with lower-priority tasks
without requiring centralized coordination.

Possible future research directions include investigating the ap-
plication of this mechanism in dynamic environments and adopt-
ing advanced privacy-preserving protocols to further secure stake-
holder information.
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Figure 1: Comparison of scheduling algorithms. Each row corresponds to a different reward distribution: Uniform (first row),
Exponential (second row), Normal (third row), and Two equal groups (fourth row). The columns represent the following
evaluation metrics: (1) Number of Scheduled Requests, (2) Total Rewards, (3) Gini Coefficient for Scheduled Requests, and (4)

Gini Coefficient for Total Rewards.
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