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Abstract

To address the resource scheduling problem of ground-based optical stations for key
space target observation, this study proposes a station-structured genetic algorithm driven
by dual-level tabu memory. The proposed method integrates station-grouped encoding,
heuristic initialization, station-structured crossover, neighborhood-enhanced mutation, and
local and global tabu-memory mechanisms to enhance the search capability under complex
constraints and reduce redundant searches. Results from 30 independent runs show that,
with population sizes of 150 and 300, the proposed algorithm achieves mean final fitness
values of 15,162.784 and 15,870.237, respectively, corresponding to improvements of 62.54%
and 63.84% over the single-point crossover strategy and 28.11% and 27.23% over the multi-
point crossover strategy. Under the high-load condition with 250 candidate observation
tasks, the total observation profit achieved by the proposed algorithm in the LEO target
scenario is 30.09%, 9.14%, 13.78%, and 21.60% higher than that achieved by GA, TGA, ACO,
and PSO, respectively. In the mixed MEO and HEO target scenario, the corresponding
improvements are 29.94%, 6.26%, 13.22%, and 19.67%, respectively. The results demonstrate
that the proposed method provides high-quality scheduling solutions, stable performance,
and good adaptability to different orbital scenarios under complex resource constraints
and high task loads.

Keywords: satellite observation tasks; optical ground stations; resource scheduling

1. Introduction

As the number of satellites in orbit continues to grow, the imbalance between limited
ground resources and increasing demands for satellite observation, tracking, telemetry and
command (TT&C), and communication has become increasingly pronounced. Constrained
by orbital motion and ground-station locations, satellite-ground tasks can be executed only
within limited visibility windows and are subject to resource exclusivity, task switching,
and temporal conflict constraints. Consequently, coordinating satellite tasks and ground
resources has become an important combinatorial optimization problem in satellite op-
erations management [1]. Existing studies have employed mathematical programming,
dynamic programming, and decomposition-based optimization to address the coupling
among visibility windows, ground resources, and task rewards, establishing a foundation
for resource scheduling across multiple satellites and ground stations [2-7].

Metaheuristic algorithms have been widely adopted as task volumes and resource
conflicts increase. Ant colony optimization allocates TT&C resources by exploiting visibility
arcs and task conflict relationships [8,9]. Li et al. [10] proposed a station-ID-based grouped
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encoding scheme that improves genetic search by combining station-specific chromosome
segments from different parents. Building on this representation of station-level task
structure, the present study orders tasks within each station by their window start times
and restricts crossover to a local segment within a single station block. Subsequent studies
have incorporated local search, population perturbation, and specialized genetic operators
to improve solution quality and search efficiency in complex scheduling problems [11-13].

Regarding hybrid search, Xu et al. [14] proposed a tabu-genetic algorithm incorporat-
ing heuristic rules. Their method constructs schedules through task-permutation encoding,
execution-duration trimming, and hardware allocation, while using a local tabu list, a global
tabu list of historical best solutions, and neighborhood-based mutation to reduce repeated
search. The present study draws on this search-memory strategy but directly optimizes
binary decisions indicating whether complete observation windows are selected. Task com-
binations are modified through within-station segment exchange and bit flipping, without
permuting tasks or trimming observation windows. For single-pass imaging planning of
agile satellites, Wu et al. [15] combined composite encoding, conflicting-target replacement,
and midpoint bidirectional selection with tabu-based local search. Their search operates on
imaging-target sequences under attitude-maneuver constraints, whereas the present study
constructs neighborhoods around ground-station window selection, resource conflicts, and
cumulative observation requirements. These distinctions highlight that the suitability of a
hybrid algorithm depends not only on the combination of search mechanisms but also on
the alignment among decision representation, genetic operators, and constraint handling.

Related research has also developed memetic algorithms, learning-guided multiobjec-
tive evolutionary algorithms, and variants of the non-dominated sorting genetic algorithm
II (NSGA-II) [16-19], while incorporating parental knowledge, elite archives, task conflict
information, and reinforcement learning to guide the search [20-23]. Wang et al. pro-
posed an adaptive variable neighborhood search algorithm incorporating the Metropolis
acceptance criterion and a tabu list [24], and a surrogate-assisted variable neighborhood
search approach for integrated TT&C and data transmission scheduling [25]. Liu et al. [26]
further incorporated frequent pattern mining into an iterated adaptive large neighborhood
search algorithm, using inferior and superior structures identified in historical solutions to
guide task removal and new-solution construction. These studies offer complementary ap-
proaches to satellite resource scheduling through population evolution, local exploitation,
and the use of historical search information.

Meanwhile, the scope of research has expanded to integrated imaging—downlink
scheduling and distributed observation planning [27-30]. Li et al. [31] proposed the
AEM-D30QN framework, which uses graph neural networks to extract task features and
incorporates an adaptive exploration mechanism for dynamic satellite mission planning.
Zhu et al. [32] combined spatiotemporal task decomposition, accessibility-visibility model-
ing, and deep reinforcement learning to enable coordinated observation by heterogeneous
platforms. These studies extend scheduling capabilities to dynamic environments and set-
tings involving coupled resources, further highlighting the importance of tailoring solution
methods to task structures and resource characteristics.

This study addresses resource scheduling for ground-based optical stations, treating
each complete satellite—station visibility window as a candidate observation task. Once
selected, a task occupies its entire window and must satisfy station switching requirements,
mutual exclusion of simultaneous observations of the same target across stations, and
minimum cumulative observation durations. Building on station-grouped encoding and
hybrid tabu search, we propose a station-structured genetic algorithm driven by dual-
level tabu memory to maximize the priority-weighted cumulative effective observation
duration. The algorithm combines heuristic initialization, local segment crossover within
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station blocks, single-bit-flip neighborhoods, and feasibility screening, while using local
and global memories to restrict duplicate candidates. The methodological contribution lies
in coordinating station-structured operators with search memory under complete-window
selection constraints, rather than in introducing dual-level tabu memory as a standalone
innovation. Numerical experiments are conducted to evaluate solution quality, convergence
behavior, and computational cost.

The remainder of this paper is organized as follows. Section 2 formulates the resource
scheduling model for ground-based optical stations. Section 3 presents the proposed
algorithm and its principal operators. Section 4 reports and analyzes the experimental
results. Section 5 concludes the paper and discusses directions for future research.

2. Mathematical Formulation of Optical Ground Station Resource
Scheduling for Satellite Observation Tasks

We consider the Optical Measurement Resource Scheduling (OMRS) problem. Given
a set of high-priority target satellites, a set of optical ground stations, and a set of precom-
puted satellite—station visibility windows within the planning horizon, the objective of the
scheduling problem is to determine the final set of observation tasks to be executed from
the candidate observation tasks, subject to the temporal requirements of the observation
tasks and the resource constraints of the optical ground stations. To focus on multi-station
resource competition and observation task scheduling, the model is formulated under
deterministic observation conditions. Specifically, it is assumed that the weather conditions
throughout the planning horizon are suitable for optical observations, that all ground-based
optical stations remain fully operational, and that the satellite—station visibility windows
obtained from orbital visibility analysis are deterministic. Accordingly, uncertainties associ-
ated with weather variations, equipment failures, and visibility-window prediction errors
are not considered in the current model. Let the set of high-priority target satellites be
defined as S = {s; |i € I)}I = {1,2,...,Ngs}, where N denotes the number of high-priority target
satellites. The set of optical ground stations is defined as G = {gx | k € K)}K ={1,2,.. .,Ng},
where N denotes the number of optical ground stations. For notational simplicity, i € I
and k € K are used throughout this paper to index the high-priority target satellites and
optical ground stations, respectively. Accordingly, the i-th high-priority target satellite s; is
hereafter referred to as satellite i, and the k-th optical ground station g as station k.

For any high-priority target satellite i € I and optical ground station k € K, the j-th
visibility window between satellite i and station k is denoted by wy; = [start;;,endy;), where
start; and endy; denote the start and end times of the visibility window, respectively. Let
Jit = {1,...,Cix},where Cj denotes the number of visibility windows between satellite i and
optical ground station k. The duration of each visibility window is defined as dj; = endy; —
startj;. For a given satellite-station pair, the visibility windows are indexed in chronological
order according to their occurrence times and satisfy startj; < starty, < ... < startyc,,
Each visibility window corresponds to a candidate observation task. Accordingly, the
complete set of candidate observation tasks is defined as T = {(i,k,j) | i € Lk € K;j € [i)}, and

Ng Ng
the total number of candidate tasksis Ny = |T| = ¥ Y. Cy, To facilitate the formulation
i=1k=1

of the conflict constraints, an arbitrary task can be cor;lpactly represented as t = (it,ki,jt)
€ T, where i; denotes the satellite associated with task ¢, k; denotes the optical ground
station assigned to task ¢, and j; denotes the index of the corresponding visibility window
for the satellite—station pair. The start time, end time, and duration of task t are then
defined as start; = start;

end; = enditktjt, and d; = enditkt]'t — start; respectively. The

tkijer tkijir

corresponding task-selection variable is denoted by x¢ = x;,,.-
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Let p; denote the priority of high-priority target satellite i. All optical ground stations
are assumed to have identical baseline observation capabilities, and differences in observa-
tion quality for the same high-priority target across different stations and visibility windows
are not considered. Accordingly, all candidate observation tasks associated with the same
high-priority target are assigned the same priority, i.e., pjx; = p; > 0. For a successfully sched-
uled task ¢, its scheduling reward depends jointly on the priority p;, of the corresponding
target and the duration d; of its associated visibility window. Let C1, with C; > 0, denote the
station turnaround time, defined as the fixed time required before an optical ground station
can begin executing the next task after completing the current one. The turnaround time C;
accounts for equipment slewing, stabilization, target reacquisition, and task preparation.
Let C; denote the minimum continuous observation duration required for an individual
optical observation task. Only candidate tasks satisfying d; > C,, are admitted into the
scheduling model. Accordingly, the set of admissible tasks is defined as T,4,, = {t € T 1d; >
()}, which contains all candidate tasks that satisfy the basic duration requirement and are
therefore eligible for scheduling. For any task t ¢ T4, no decision variable is introduced;
equivalently, its selection variable is fixed as x; = 0. Furthermore, let D}“i“ denote the
minimum cumulative observation time required for high-priority target satellite i over
the entire planning horizon. It is important to distinguish D™ from Cj. Specifically,
C, specifies the minimum continuous observation duration for an individual task and is
used to exclude visibility windows that are too short to provide an effective observation,
whereas DM specifies the minimum cumulative observation time required to ensure that
each high-priority target satellite receives a sufficient amount of observation data over the
planning horizon. The parameter set D is therefore defined as D = {Cy, Cp, D™|i € I }.

The objective function is defined in Equation (1) as follows:

maxZ = 2 pi,dtxt (1)

t€ Togm

Subject to the minimum cumulative observation-time requirement for each high-
priority target, the model maximizes the total priority-weighted effective observation time,
thereby preferentially allocating the limited optical ground-station resources to candidate
observation tasks associated with higher-priority targets and longer effective visibility
windows. In this way, longer continuous visibility windows can be more effectively
utilized, while the total priority-weighted effective observation time is maximized. The
binary decision variable x; in Equation (1) indicates whether candidate observation task ¢ is
selected for execution and is defined in Equation (2) as follows:

= {1 if the j-th visibility window of satellite i at station k is selected o)
0 if the j-th visibility window of satellite i at station k is not selected

Constraint 1: Because each candidate observation task corresponds to a complete
satellite—station visibility window, only tasks whose visibility-window durations reach
the minimum effective continuous observation duration C, are meaningful for scheduling.
Accordingly, the following constraint must be satisfied, as given in Equation (3):

end; — starty > Cp, YVt € Ty 3)

For any task Vt € T\T,4,,, the duration of the corresponding visibility window is
insufficient to satisfy the minimum duration requirement for a single effective optical
observation. Therefore, such a task is excluded from subsequent scheduling, which is
equivalently enforced by setting x; = 0. Accordingly, when x; = 1, task t is selected and
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occupies the entire corresponding visibility window; when x; = 0, the task is not selected
and the corresponding visibility window yields no observation reward.

Constraint 2: Optical ground stations are exclusive-use observation resources; there-
fore, a given station can continuously track and observe only one high-priority target at
any given time. In addition, after completing one task, the same station requires a fixed
turnaround time C; before it can begin the next observation task. For any two distinct
schedulable tasks t and g, let V{t,q} € Cg, where the ground-station resource-conflict set Cg
is defined in Equation (4) as:

t/q € Tudm/t 7é q,
ki = kg,

endy + Cy > starty,
endg + Cy > start;

Cc=<{tq} 4)

If tasks f and g are assigned to the same optical ground station, that is, k; = k;, they
can both be included in the final schedule only if at least one of the following temporal
conditions is satisfied: end; + Cy < start; or end; + C; < start;. These conditions ensure that
one task is completed, together with the required station turnaround time, before the other
task begins. Consequently, if end; + Cy>start; and end, + Cy>start; hold simultaneously,
tasks ¢t and g constitute a ground-station resource conflict. In this case, the following
constraint, given in Equation (5), must be imposed:

x+ x5 < 1,V{tg} € Cg (5)

This constraint ensures that an optical ground station cannot execute two conflicting
observation tasks simultaneously and that a fixed turnaround time of at least C; is reserved
between two consecutive tasks.

Constraint 3: Simultaneous redundant observation of the same high-priority target
satellite by multiple optical ground stations is not considered. Therefore, for any two
distinct tasks t and g, let V{t,q} € Cs, where the same-target observation-conflict set Cs is
defined in Equation (6) as:

trq € Tudm/t 7é q,
i = ig,
Cs =< {tq}| ke #ky, (6)
starty < endy,
starty < endy

If tasks t and g correspond to the same high-priority target satellite, that is, iy = iy,
but are assigned to different optical ground stations, that is, k; # k;, and their visibility
windows overlap in time, such that start; < end, and start; < endy, the two tasks cannot be
selected simultaneously. Accordingly, the following constraint must be satisfied, as given
in Equation (7):

Xt + Xg <1, V{t,q} € Cg (7)

This constraint ensures that, at any given time, each high-priority target satellite is
observed by at most one optical ground station.

Constraint 4: To ensure that sufficient observation data are available for subsequent
orbit analysis and orbital maneuver detection, the cumulative observation time of all
successfully scheduled tasks associated with each high-priority target satellite i € I over
the entire planning horizon must be no less than the prescribed minimum cumulative

https://doi.org/10.3390/aerospace13100892


https://doi.org/10.3390/aerospace13100892

Aerospace 2026, 13, 892

6 of 25

observation time D{“in. Therefore, the following constraint must be satisfied, as given in
Equation (8):
prr< Y dpx,Viel (8)
t € Toam
it =1t

This constraint ensures that high-priority target i receives at least the prescribed
amount of cumulative effective observation data over the entire planning horizon.

3. Station-Structured Genetic Algorithm Driven by Dual-Level
Tabu Memory

To address the challenges of a large number of candidate tasks, strongly coupled
resource constraints, and redundant search caused by conventional genetic operations in
the OMRS problem, this study proposes a station-structured genetic algorithm driven by
dual-level tabu memory. The proposed method constructs grouped binary chromosomes
using optical ground stations as the basic resource units and integrates heuristic population
initialization, fitness-proportionate selection, station-structured crossover and mutation,
and a dual-level tabu-memory mechanism consisting of local and global tabu memories.
By maintaining scheduling feasibility, these mechanisms improve search efficiency while
preserving population diversity. Finally, an elitist strategy is employed for population
updating, and the feasible schedule with the highest fitness over the planning horizon is
returned as the final solution.

3.1. Chromosome Encoding Based on Optical Ground Station Grouping

This study employs a binary chromosome representation to encode optical ground-
station resource schedules. Because each candidate observation task in the admissible task
set T,4,, corresponds to a binary decision variable x; in the mathematical model, each gene
in the chromosome has a one-to-one correspondence with a specific candidate observation
task. Specifically, x; = 1 indicates that task ¢ is selected for execution, whereas x; = 0 indicates
that the task is not selected. Accordingly, the length of the complete chromosome is equal
to the number of admissible candidate observation tasks, as given in Equation (9):

length(X) = | Ty | 9)

This encoding scheme directly adopts the binary task-selection variables defined in the
mathematical model. A predetermined ordering of the candidate tasks establishes a unique
correspondence between each gene position and its associated task, thereby eliminating
the need for complex indirect encoding and decoding procedures. Each candidate task
t uniquely specifies its associated high-priority target satellite i, optical ground station
ki, and visibility window j;. Moreover, only tasks satisfying the minimum continuous
observation-duration requirement are included in T,4,,. Consequently, the chromosome
encodes only those candidate observation tasks that are eligible for scheduling.

Considering that optical ground stations are exclusive-use observation resources in the
OMRS problem, schedulable candidate tasks are further grouped according to optical ground-
station ID to establish an explicit correspondence between the chromosome structure and
the actual station-resource configuration. For any optical ground station k € K, the subset of
candidate observation tasks assigned to station k is defined in Equation (10) as:

Te={t € Tpam ki =k)},k € K (10)
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Because each candidate observation task is associated with a unique optical ground
station, the task subsets associated with different stations are mutually disjoint, and the
union of all station-specific task subsets constitutes the complete admissible task set, as
expressed in Equation (11):

Toim = kLeJKTk/ T, NThy = 9, k1 # k2 (11)

For the candidate observation tasks associated with the same optical ground station
k, the tasks are sorted in ascending order of their start times start;. When multiple tasks
have identical start times, a deterministic ordering is further established according to their
high-priority target-satellite indices i; and visibility-window indices j;. Let t; , denote the
h-th candidate observation task associated with station k after sorting. Accordingly, the
candidate tasks in T} are ordered by start time and indexed sequentially, as expressed in
Equation (12):
starty , <starty, < ... < starttk"Tk‘ (12)

Organizing the candidate tasks within each station in chronological order enables
the local gene arrangement in the chromosome to reflect the actual temporal sequence
of task execution at the corresponding optical ground station over the planning horizon.
Accordingly, the chromosome segment associated with optical ground station k is defined
in Equation (13) as:

Xk = (xfk,lf xtk,Z’ xtk/s’ ey xtk,\Tk\) (13)

where X contains the selection states of all admissible candidate observation tasks assigned
to optical ground station k, and Xty denotes the binary task-selection variable associated
with candidate task f . By concatenating the chromosome segments associated with indi-
vidual stations in ascending order of optical ground-station ID, the complete chromosome
is obtained as expressed in Equation (14):

X=(X,X2,X3,... Xpey- .-, XNp) (14)

Therefore, the k-th chromosome segment X represents the local observation-task
configuration of optical ground station k for the current individual, whereas the complete
chromosome X represents the overall observation-resource allocation across all optical
ground stations over the planning horizon. This representation maintains a one-to-one
correspondence with the task-selection decision variables x; defined in the mathematical
model and provides a unified representation of individuals for the subsequent genetic
operations based on candidate-task selection states.

3.2. Heuristic Rule-Based Initial Population Generation

Based on the chromosome encoding scheme described above, a heuristic rule-based
strategy is further developed for initial population generation. Since each binary gene in the
complete chromosome corresponds uniquely to a candidate observation task in T, the
generation of an initial individual essentially involves determining the value of the decision
variable x; associated with each candidate task while satisfying all model constraints.

First, candidate observation tasks with relatively short durations are preferentially
selected from the admissible task set T,;,,,. A task is incorporated into the current schedule
only if the ground-station resource exclusivity and turnaround constraints, as well as
the simultaneous same-target observation exclusivity constraint, remain satisfied. This
strategy enhances the flexibility of task allocation under limited observation resources.
Meanwhile, during the construction of each initial individual, the observation requirements
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of all high-priority targets are given priority to ensure that the resulting individual satisfies
the minimum cumulative observation-time requirement D",

On this basis, candidate observation tasks whose durations exceed a predefined
threshold and that have not yet been selected are subjected to random insertion attempts.
Because a fixed-position binary encoding scheme is adopted, task insertion is implemented
by changing the corresponding decision variable x; from 0 to 1, without altering the
encoding position of the task within the chromosome. If the task to be inserted does not
conflict with any currently selected task, it is retained directly. If a resource conflict occurs,
the inserted task is used to replace the selected task or tasks that conflict with it, after which
the total priority-weighted effective observation time is recalculated. The replacement is
retained only if the modified schedule satisfies all model constraints and yields an improved
objective value; otherwise, the original schedule is restored. For each candidate task, at
most five random insertion attempts are performed. If no improved feasible schedule can be
obtained after these attempts, the task is discarded. By prioritizing shorter-duration tasks to
construct high-quality initial solutions while using the random insertion and replacement
of longer-duration tasks to introduce differences among individuals, the proposed strategy
achieves a balance between initial population quality and population diversity. Since
each binary variable in the chromosome corresponds uniquely to a specific candidate
observation task and the variables are grouped according to optical ground-station ID, the
above definition of task “insertion” remains fully consistent with the chromosome encoding
scheme described previously.

3.3. Fitness Evaluation Based on Priority-Weighted Observation Reward

Fitness is used to evaluate the quality of the optical ground-station resource sched-
ule represented by a chromosome and provides a unified criterion for candidate-solution
evaluation during subsequent parent selection, offspring competition, and tabu-search
procedures. Since the binary chromosome adopted in this study has a one-to-one corre-
spondence with the task-selection decision variables x; in the mathematical model, the
fitness of an individual can be calculated directly from the original optimization objective,
without requiring an additional mapping between the chromosome representation and the
objective function. Each candidate observation task t € T4, is uniquely associated with a
high-priority target satellite i, an optical ground station k;, and a visibility window, while
its inclusion in the schedule is determined by the binary decision variable x;.

When task t is selected for execution, its effective contribution to the schedule is
jointly determined by the target priority and the continuous effective observation duration,
namely p;,d;. Consistent with the objective of the mathematical model, the fitness function
is designed to prioritize high-priority targets while fully exploiting longer effective visibility
windows, thereby maximizing the total priority-weighted effective observation time over
the entire planning horizon. For any chromosome X, the fitness is defined in Equation (15)
as follows:

Fit(X) = Y pidex; (15)
+E€ T

When x; = 1, task t is included in the current observation schedule and con-
tributes p;,d; to the fitness of the individual. When x; = 0, the task is not selected and
therefore contributes no observation reward. Accordingly, Fit(X) represents the total
priority-weighted effective observation time achieved by the schedule represented by chro-
mosome X over the entire planning horizon. For two feasible individuals X* and X?, if the

condition given in Equation (16) is satisfied:

Fit(X?) > Fit(X?) (16)
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If the above condition is satisfied, the optical ground-station resource schedule rep-
resented by X* is considered superior to that represented by X”. A larger fitness value
indicates that the current schedule achieves a greater total priority-weighted effective
observation time over the planning horizon. Specifically, while effectively utilizing the
available satellite-station visibility windows, the schedule allocates more valuable observa-
tion resources to higher-priority target satellites.

3.4. Parent Selection via Fitness-Proportionate Cumulative Probability Sampling

The selection operator is used to identify parent individuals from the current popula-
tion for subsequent genetic operations. The associated selection pressure directly affects
both the retention and propagation of high-quality schedules and the preservation of pop-
ulation diversity. In this study, a fitness-proportionate roulette-wheel selection strategy
is adopted, whereby feasible schedules with higher fitness values are assigned higher
probabilities of being selected as parents, while other feasible individuals retain a nonzero
probability of participation. This mechanism maintains a balance between preserving high-
quality individuals and retaining sufficient stochasticity in the population search process.

Let the current population size be Ny, and denote the m-th chromosome by X™, where
m=1,2,..., Npyp. According to the fitness function defined in the preceding subsection,
the fitness of the m-th individual is given in Equation (17) as follows:

Fit(X™) = Y pidexf' (17)

€ Togm

where x}" € {0, 1} denotes the selection state of candidate observation task ¢ in chromosome
X™. Since parent selection in this study is performed only on feasible individuals that
satisfy all model constraints, Equation (17) can be directly used to evaluate the relative
quality of different schedules. Based on the proportion of an individual’s fitness to the
total fitness of the current population, the probability that chromosome X" is selected as a
parent is defined in Equation (18) as follows:

_ Fit(X™)
N
Y Fit(X")
r=1

Py ,m=1,2,...,Npp (18)

where P, satisfies the normalization condition given in Equation (19):

Npop
Y Pu=1 (19)
m=1

Therefore, an individual with a higher fitness value occupies a larger probability inter-
val during the selection process and consequently has a higher probability of being selected
as a parent. This mechanism provides more reproductive opportunities to schedules with
greater total priority-weighted effective observation time, while avoiding the determin-
istic elimination of other feasible individuals. In this way, sufficient selection pressure is
maintained while a certain degree of stochasticity is preserved within the population.

The cumulative selection probability of the first m individuals is further defined in
Equation (20) as follows:

m
Qm:ZPrrmzlrzw--/Npop (20)
r=1
Let Qo = 0. Since Qn;,,, = 1, the cumulative probability sequence partitions the interval

(0,1] into Npey nonoverlapping probability intervals. The interval associated with the m-
th individual is given by (Qy—1,Qw]. During each parent-selection operation, a random
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number ¢ is generated from a uniform distribution over (0,1]. If the condition given in
Equation (21) is satisfied:
Qm-1<€¢ < Qm (21)

Chromosome X" is selected and added to the parent population. This independent
sampling procedure is repeated until the parent population reaches the predefined size.
Roulette-wheel selection is performed with replacement, allowing the same high-fitness
individual to be selected multiple times and thereby enhancing the propagation of high-
quality scheduling structures during subsequent genetic operations.

3.5. Station-Structured Crossover and Mutation Strategy Based on Dual-Level Tabu Memory

The crossover operator generates new candidate schedules by recombining task-
selection information from the parent chromosomes and therefore plays a key role in
expanding the search space of the genetic algorithm. As the evolutionary process proceeds,
the similarity among individuals in the population gradually increases, making conven-
tional random crossover more likely to regenerate chromosomes that have already been
visited and thereby reducing effective search efficiency. To mitigate this problem, local
and global tabu lists are incorporated into the crossover process to exploit historical search
information and suppress the repeated generation of previously visited individuals.

Based on the optical-ground-station-grouped binary encoding established in Section 3.1,
the two parent chromosomes obtained through the parent-selection procedure described
in Section 3.4 are denoted as X* = (X{,X},..., XZ“\]G), Xt = (Xi’, Xé’, ... ,X?\]G), respectively.
For optical ground station k, the corresponding chromosome segments in the two parent
chromosomes are expressed as X{ = (x?m’ x?k,z’ e, xltlk,|Tk\) and X}g = (x?k,l’ x?krz, e, xfk/‘Tk‘ ),
respectively. When crossover is performed according to the prescribed crossover probability,
an optical ground station k is randomly selected, and two crossover positions r and s are
randomly determined within the corresponding chromosome segments X;’ and X,l{’ , subject
tol <r <s < |T;|. The binary selection states of the candidate observation tasks located
within the interval [r,s] are then exchanged between the two parent chromosomes. For any
h=1.2,...,1Tl, the gene states of the two candidate offspring in the chromosome segment
corresponding to station k are defined in Equations (22) and (23), respectively:

cl xi)kh’r <h<s (22)
xit = .
i xp h<rorh>s

c2 xltzkh’r <h<s (23)
Xgo = .
e xfkh,h <rorh>s

This procedure yields two complete candidate offspring, X°! and X°2. If the gene states
of the two parent chromosomes are identical within the selected crossover interval, the
crossover positions are reselected to avoid generating offspring that are completely identical
to their parents and thus constitute ineffective crossover results. Because the proposed
method adopts a fixed-position binary encoding scheme, crossover alters only the selection
states x; of candidate observation tasks and does not change the correspondence between
candidate tasks and gene positions. Therefore, unlike permutation-based encoding schemes,
the proposed representation does not suffer from duplicated or missing task indices and
requires no additional mapping or repair procedure.

To reduce the generation of duplicate candidate solutions, a local tabu set Ly, and
a global tabu set Gy, are introduced. Both tabu sets are implemented using hash sets to
store complete binary chromosomes, and duplicate candidate solutions are identified by
directly comparing the complete chromosomes. The local tabu set is initialized as empty
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at the beginning of each crossover or mutation operation and records only the candidate
chromosomes visited during the current operation. The maximum number of attempts for
each crossover and mutation operation is set to MaxTry = 20. Since each crossover operation
generates at most two candidate offspring, the local tabu set used during crossover stores
at most 40 candidate chromosomes. Similarly, because each mutation attempt generates at
most 10 neighborhood candidate solutions, the local tabu set used during mutation stores
at most 200 candidate chromosomes. Candidate solutions that are contained in Ly, Giapu,
or the current offspring set are rejected. After the current crossover or mutation operation
is completed, Liap,, is cleared.

After the initial population is generated, the current best chromosome is inserted into
Gtapy- Thereafter, following each population update, the best feasible chromosome of the
current generation is added to Gy, while chromosomes already stored in the set are not
inserted repeatedly. The global tabu set remains active throughout a single independent
run and is reinitialized at the beginning of the next run. Therefore, | Gy, | < MaxGen + 1.
When MaxGen = 500 the global tabu set contains at most 501 chromosomes. If no acceptable
candidate offspring is generated after the maximum number of attempts is reached, the
current crossover or mutation operation is terminated.

Tabu checking is performed by comparing the task-selection states of complete binary
chromosomes. For the two candidate offspring, the following conditions must be satisfied
independently: X! & Ly, X! & Giapu, X2 & Ligp, X? & Gyapy- In addition, neither candidate
offspring is allowed to duplicate any offspring already generated in the current crossover
process. The crossover result is accepted only when both X! and X°? satisfy all of the above
conditions. If either offspring is found in the local tabu list, the global tabu list, or the set
of offspring already generated during the current crossover process, the crossover result
is rejected, and new crossover positions are selected to generate another pair of candidate
offspring. The detailed procedure of the crossover algorithm is presented in Algorithm 1.

Algorithm 1: Dual-Tabu-Memory Station-Structured Crossover Operator

Input: Parent chromosomes X” and X?; station-task groups {I}; global tabu set Gy;,,;
previously generated crossover offspring in the current generation; maximum attempts
MaxTry = 20.

Output: Accepted offspring X°! and X2, or @ if no acceptable offspring is generated.

1: Initialize Ly, < @.

2: ifnok € K satisfies | Ty | > 2and X7 # X! then
3 return @.

4: endif

5:  for at most MaxTry attempts do
6 Randomly select k € K satisfying | Ty | > 2 and X¢ # X?.

7 Randomly select r and s satisfying 1 <r <s < [Ty I.

8 if the gene states of X} and X}C’ are identical over [r, s] then
9

continue.
10: end if
11: Generate X! and X“? by exchanging the gene states of X! and X,lz over [r, s].

12: if X1 ¢ (Lygpu U Grapu), (X2 & Ligpu U Gyapy), and neither offspring duplicates
any previously generated crossover offspring then

13: return X°!, X2,

14: end if

15: Ligpu <= Ltapy Y {XCl/ Xcz}-
16: end for

17: return @.
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The subsequent mutation operation enhances population diversity and local search
capability by modifying local task-selection states. Since a fixed-position binary encoding
scheme is adopted in this study, a single-gene flip is employed as the basic mutation
operator and is combined with neighborhood search and the dual-level tabu-memory
mechanism to construct the mutation strategy. For a chromosome X to be mutated, an
optical ground station k € K is first selected at random, and a gene is then randomly
chosen from its corresponding candidate-task set Ty. According to the task ordering
defined previously, the selected gene corresponds to candidate task t; j, where 1 < h <
| Tx | ,tx i, € Ty. The binary selection state of this task is flipped according to xg(‘zt =1— 2,
while all other gene states remain unchanged. When x; , = 0, the flip indicates that the
candidate task is added to the current schedule; when x; j, = 1, the task is removed from the
schedule. To reduce the randomness associated with a single stochastic bit flip, multiple
single-bit flips are performed at different gene positions within the selected station segment
Xk, using the original chromosome as the reference solution, thereby generating a set of
neighboring candidate solutions. Since a bit flip may alter the feasibility of the original
schedule, each generated candidate solution is checked against the ground-station resource-
conflict constraint Cg, the same-target observation-conflict constraint Cg, and the minimum
cumulative observation-time requirement D™". Only candidate solutions satisfying all
scheduling constraints are retained for fitness evaluation, whereas infeasible candidates are
discarded directly. The feasible neighboring solutions are then evaluated using the fitness
function, and the individual with the highest fitness is selected. This solution is further
compared with the feasible individual obtained from the initial random mutation, and the
better of the two is retained as the current candidate mutation solution.

Let the final candidate mutation chromosome be denoted by X"*. The local tabu
list Lz, and the global tabu list Gy, introduced above are retained in the mutation
procedure. The local tabu list L, is reinitialized at the beginning of each new local
mutation search and is used to record candidate chromosomes that have already been
visited during the current mutation process. The global tabu list Gy, which is shared
with the crossover operator, stores the historically best chromosomes identified during
the evolutionary process. The current mutation result is accepted only if Xbest ¢ [y, and
Xt ¢ Gy, and the chromosome does not duplicate any mutation individual that has
already been generated in the current mutation process. If XPest matches a tabu record, it is
added to Ly, and a new set of neighboring candidate solutions is subsequently generated.
The detailed procedure of the mutation operation is presented in Algorithm 2.

After the crossover and mutation operations, the generated candidate offspring are
subjected to a feasibility check, and only those satisfying all scheduling constraints are
retained. The feasible offspring are then combined with the current population for fitness
evaluation, and the top Ny, individuals ranked in descending order of fitness are selected to
form the next-generation population. Since the best individual from the current population
always participates in the survivor selection process, the best fitness value of the next
generation cannot be lower than that of the current generation, provided that the scheduling
instance, objective function, and constraints remain unchanged. Therefore, this elitist
retention strategy guarantees a non-decreasing best fitness value across generations, while
still allowing crossover and mutation to generate candidate solutions with relatively lower
fitness values, thereby facilitating the exploration of alternative task combinations.

After each population update, the chromosome with the highest fitness value in the
current population is added to the global tabu set Gy,p,,,. The local tabu set Ly, is used to
prevent repeated searches within a single crossover or mutation operation, whereas Gy,
stores the historically best individuals obtained during the evolutionary process, thereby
reducing redundant searches across generations and improving search efficiency.
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Algorithm 2: Dual-Tabu-Memory Station-Structured Mutation Operator

Input: Chromosome X; station-task groups {T}}; global tabu set Gy,,,; current mutation
offspring; maximum attempts MaxTry = 20.
Output: Accepted mutant chromosome X, or the original chromosome X.
Initialize Ly, < @, Try < 0.
while Try < MaxTry do
Randomly selectk € Kand h € {1,2,..., [ Ty |'}.
xgzt < 1—xy,; generate single-gene-flip candidates within X.

if no feasible candidate remains then Try <— Try + 1; continue.
Select the feasible candidate with the largest fitness as X",
if Xbet ¢ Ly, XUt ¢ Gy, and X! is nonduplicate in current offspring then
: return X?est,
10: end if
11: Ligpy < Lygpy U (X, Try < Try + 1.
12: end while
13: return X.

1
2
3
4
5: Retain candidates satisfying Cg, Cs, and D™,
6.
7
8
9

In terms of space complexity, each chromosome consists of | T4, | binary genes,
and therefore the storage complexity of a single chromosome is O(| T4y, | ). According to
the tabu-set capacity settings described above, the local tabu sets used during crossover
and mutation store at most 40 and 200 candidate chromosomes, respectively, while the
global tabu set stores at most MaxGen + 1 historically best chromosomes during a single
independent run. Consequently, the additional space complexity introduced by the dual-
tabu-memory mechanism is O((200 + MaxGen + 1) | T4, 1 ). In addition to the tabu memory,
Npop chromosomes must be maintained simultaneously in the population. Therefore, when
the complete pairwise task-conflict matrix is not explicitly stored, the dominant space com-
plexity of the proposed algorithm is O((Npop + MaxGen) | T,4y, |). Since both the capacity
of the local tabu set and the number of neighborhood candidate solutions generated in a
single attempt are bounded by fixed constants, they do not affect the above asymptotic
space complexity. If a complete pairwise conflict matrix is additionally precomputed and
stored, an extra O(| Ty, |%) storage space is required. In terms of time complexity, the fitness
evaluation of a single chromosome requires traversing all task-selection states and therefore
has a complexity of O(l T4, 1). Each candidate solution must also be checked against
scheduling constraints, including station-resource conflicts, simultaneous duplicate obser-
vations of the same target, and minimum cumulative observation-time requirements. If
task conflicts are examined in a pairwise manner, the feasibility check for a single candidate
solution has a worst-case complexity of O(| T,y ?) The crossover and mutation procedures
additionally involve chromosome construction, tabu checking, and neighborhood candi-
date screening. For a complete chromosome of length | T,;,, |, chromosome construction
and hash computation both require O(| T4, |) time, and a complete chromosome compar-
ison has the same time complexity. Therefore, compared with the O(|T,4, |2) feasibility
check, these operations do not change the asymptotic complexity of processing a single
candidate solution.

Assuming that the number of candidate offspring generated in each generation is
of the same order as Ny, the overall complexity of feasibility checking within one gen-
eration is O(Npop|Tﬂdm|2). After merging the current population with the feasible off-
spring, sorting the individuals according to fitness requires O(NpoplogNpep) time. Therefore,
over MaxGen generations, the worst-case time complexity of the proposed algorithm
is O(MaxGen(Nyop| Taam 1 + Nyop 1og Npop) ). The maximum number of generations, Max-
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Gen, is adopted as the termination criterion. Once the number of generations reaches
MaxGen, the search process terminates, and the feasible chromosome with the highest
fitness value in the final population is returned as the resource scheduling solution for the
ground-based optical stations.

4. Results and Discussion

To evaluate the optimization performance of the proposed algorithm for the optical
ground-station resource scheduling problem, numerical experiments are conducted under
a consistent experimental scenario and computational environment. All algorithms are
implemented in Python 3.10 and executed on a computing platform equipped with an
AMD Ryzen 9 processor (2.50 GHz) and 16 GB of RAM. All experiments use identical
task inputs, constraint settings, and termination criteria. Multiple independent runs are
performed to comprehensively assess solution quality, convergence performance, and
computational cost, thereby mitigating the influence of stochastic search behavior on the
experimental results.

Table 1 summarizes the main parameters of the experimental scenario. Based on these
parameters, a simulation scenario comprising high-priority targets and optical ground sta-
tions is established using STK 12, and the corresponding satellite-station visibility windows
over the planning horizon are generated. The visibility windows are then screened accord-
ing to the minimum continuous observation-duration requirement for an individual task,
yielding the admissible candidate task set used in the subsequent optimization. The priori-
ties and minimum cumulative observation requirements of all high-priority targets are kept
identical across the experiments with different algorithms to ensure consistent comparison
conditions. The crossover probability, mutation probability, and tabu-memory parameters
jointly affect the balance among global exploration, local exploitation, and computational
cost. A relatively high crossover probability facilitates information exchange among in-
dividuals and expands the search range of task combinations, whereas an excessively
high crossover probability may disrupt well-formed high-quality scheduling structures. In
contrast, a relatively low crossover probability may weaken information recombination
among individuals. The mutation probability is mainly used to maintain population di-
versity and prevent search stagnation. An excessively low mutation probability may lead
to premature population convergence, whereas an excessively high value may introduce
excessive random perturbations and weaken the inheritance of high-quality structures. For
the tabu-memory mechanism, MaxTry determines the maximum number of retry attempts
after a candidate solution is rejected, while the number of mutation candidates per attempt
determines the width of the local neighborhood search. Appropriately increasing these two
parameters can improve the probability of obtaining non-redundant feasible solutions, but
may also increase the computational overhead associated with feasibility checking, tabu
checking, and fitness evaluation. Therefore, these parameters should be properly balanced
in terms of search adequacy, solution stability, and computational efficiency.

Table 1. Experimental Scenario Parameters for Optical Ground-Station Resource Scheduling.

Parameter Value Unit
Number of optical ground stations 12 -
Planning horizon 1440 min
Station turnaround time 5 min
Minimum continuous observation duration 30 S

Considering the stochastic search characteristics of genetic algorithms, each experi-
mental configuration is independently executed 30 times. Performance metrics, including
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average fitness, convergence behavior, and CPU runtime, are recorded for comprehensive
performance evaluation. Under the same experimental scenario, the control parameters of
the algorithms are specified in Table 2.

Table 2. Main Parameter Settings of the Genetic Algorithms.

Parameter Value

Population size 150,300
MaxGen 500
MaxTry 20
Crossover probability 0.7
Mutation probability 0.1

Based on the aforementioned experimental settings, further comparative experiments
were conducted to investigate the performance of different genetic strategies and pop-
ulation sizes. The algorithm performance was evaluated from multiple perspectives,
including solution quality, convergence characteristics, and computational efficiency. First,
the optimization performance of single-point crossover and multi-point crossover genetic
algorithms was investigated, followed by the validation of the proposed algorithm under
identical experimental conditions.

Under the same task data, constraint conditions, and termination criteria, experiments
were conducted using the single-point crossover, multi-point crossover, and the proposed
station-structured genetic strategy, respectively. Each strategy was independently executed
30 times with population sizes of 150 and 300. The fitness evolution process, final solution
quality, and operational stability were compared to evaluate the performance of differ-
ent genetic strategies. Figures 1 and 2 illustrate the fitness evolution results of different
strategies, where the light-colored curves represent individual runs and the shaded areas
indicate the 1 standard deviation intervals around the average fitness values.
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Figure 1. Fitness evolution of the single-point crossover genetic algorithm. (a) Population size of 150;
(b) Population size of 300.
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Figure 2. Fitness evolution of the multi-point crossover genetic algorithm. (a) Population size of 150;
(b) Population size of 300.

When the population size was set to 150, the average final fitness values of the
single-point crossover and multi-point crossover strategies were 9328.417 + 434.352 and
11,835.732 £ 491.574, respectively. Compared with the single-point crossover strategy, the
multi-point crossover strategy achieved a 26.88% improvement in the final fitness value,
indicating that the recombination of multiple gene segments can generate more diverse task
combinations and enhance the exploration capability in high-quality scheduling regions.
However, the larger standard deviation observed for the multi-point crossover strategy
suggests that although it improves solution quality, it also introduces greater variability
among independent runs.

When the population size was increased to 300, the average final fitness values of the
single-point crossover and multi-point crossover strategies increased to 9686.253 £ 278.931
and 12,473.586 4 392.855, respectively, corresponding to improvements of 3.84% and
5.39% compared with those obtained with a population size of 150. Meanwhile, the final
standard deviations of the two strategies decreased by approximately 35.78% and 20.08%,
respectively. These results demonstrate that increasing the population size can enhance
population diversity, improve solution quality, and reduce the dispersion of independent
runs. Nevertheless, a larger population size also increases the search effort required to
achieve a stable convergence state.

Under the same experimental conditions, the proposed dual-tabu-memory-driven
station-structured genetic algorithm was independently run 30 times, and the fitness
evolution results obtained from these experiments are presented in Figure 3.

Under the same experimental conditions, the proposed dual-tabu-memory-driven
station-structured genetic algorithm was independently run 30 times with population sizes
of 150 and 300, and the corresponding fitness evolution results are presented in Figure 3.
For both population sizes, the fitness curves exhibit a rapid increase during the early stage
of the search and gradually stabilize in the later iterations, indicating that the proposed
algorithm can quickly obtain high-quality scheduling solutions at the beginning of the
search and further improve the solution quality through subsequent local refinement.

When the population size was set to 150, the average final fitness value was
15,162.784 + 185.168. When the population size was increased to 300, the average final
fitness value increased to 15,870.237 & 176.063, representing an improvement of 4.67% over
that obtained with a population size of 150. As shown in Figure 3a, with a population size
of 150, the fitness value increases rapidly during the early iterations and gradually stabilizes
after approximately 300 generations. Figure 3b shows that, with a population size of 300,
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the fitness value remains nearly unchanged after approximately 350 generations, indicating
that a larger population size enables more extensive exploration of the solution space,
although a slightly longer evolutionary process is required to achieve stable convergence.
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Figure 3. Fitness evolution of the proposed algorithm. (a) Population size of 150; (b) Population size
of 300.

Compared with the aforementioned single-point crossover and multi-point crossover
strategies, the proposed algorithm improves the average final fitness by 62.54% and 28.11%,
respectively, when the population size is 150. For a population size of 300, the corre-
sponding improvements are 63.84% and 27.23%, respectively. In addition, the final fitness
standard deviation of the proposed algorithm is lower than those of the two comparison
strategies, indicating that the proposed method not only improves scheduling solution
quality but also reduces performance fluctuations across independent runs. The Wilcoxon
test was further applied to the final fitness values obtained from the 30 independent runs
to assess statistical significance. For both population sizes of 150 and 300, the differences in
final fitness between the proposed algorithm and each of the two comparison strategies,
namely the single-point crossover and multi-point crossover strategies, were statistically sig-
nificant, with all p-values less than 0.05. Overall, the combined use of station-group-based
encoding, structured crossover, neighborhood-enhanced mutation, and dual-tabu-memory
mechanisms enhances the utilization of station-resource structures and improves both
solution quality and operational stability in complex scheduling spaces.

To further evaluate the performance of different scheduling algorithms under varying
task loads in the low-Earth-orbit (LEO) target observation scenario, test instances with
different numbers of candidate observation tasks were constructed under a unified ground-
station configuration, planning horizon, and set of scheduling constraints. All observation
objects were LEO targets. STK 12 was used to establish the orbital and visibility simulation
models between the LEO targets and the ground-based optical stations, from which satellite—
station visibility windows within the planning horizon were generated. The candidate
visibility windows were then screened according to the minimum continuous observation
duration requirement. With the number of ground-based optical stations fixed at 12,
the planning horizon at 24 h, the inter-task switching time at 5 min, and the minimum
continuous observation duration per task at 30 s, the number of candidate observation
tasks for LEO targets was set to 50, 100, 150, 200, and 250, respectively, to progressively
increase task competition and scheduling conflicts under limited ground-based optical
station resources.
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For the proposed algorithm, the population size was fixed at 150, the maximum
number of generations was set to 500, and the crossover and mutation probabilities were
set to 0.7 and 0.1, respectively. The standard genetic algorithm (GA), tabu genetic algorithm
(TGA), particle swarm optimization (PSO), and ant colony optimization (ACO) were
selected as benchmark methods. These algorithms were used as representative baselines
to evaluate the relative performance of the proposed algorithm from the perspective of
different search mechanisms. Specifically, GA and TGA represent conventional genetic
search and tabu-enhanced genetic search, respectively, whereas PSO and ACO provide
comparisons against classical swarm-intelligence optimization methods. It should be noted
that these algorithms are intended only as representative baselines for comparisons across
different search mechanisms and do not cover all related optimization algorithms discussed
in the Introduction. For each task scale, all algorithms were evaluated using the same
task inputs, objective function, and constraint set, and each algorithm was independently
executed 30 times to reduce the influence of stochastic search behavior on the experimental
results. Algorithm performance was evaluated from two perspectives: task coverage
capability and scheduling profit. Specifically, the task completion rate was defined as the
ratio of the number of successfully scheduled tasks to the total number of candidate tasks,
while the total observation profit was defined as the sum, over all completed tasks, of the
product of effective observation duration and the priority of the corresponding target. The
mean and standard deviation obtained from the 30 independent runs were finally used
for statistical analysis, providing a comprehensive evaluation of the solution quality and
run-to-run stability of the different algorithms as the LEO task scale increased.

As shown in Figure 4, the total observation profit obtained by all algorithms increases
as the number of LEO observation tasks grows from 50 to 250, while the performance gap
among the algorithms gradually widens. When the task scale is 50, all five algorithms
achieve the same observation profit of 5738 with a standard deviation of 0, indicating that
the available ground-station resources are sufficient under low-load conditions and that
all algorithms are able to obtain an identical scheduling solution. As the number of tasks
increases, competition for limited resources and conflicts among visibility windows become
more pronounced, and the advantage of the proposed algorithm gradually emerges. At
a task scale of 250, the proposed algorithm achieves an average total observation profit
of 20,342.449, representing improvements of 30.09%, 9.14%, 13.78%, and 21.60% over GA,
TGA, ACO, and PSO, respectively. Its standard deviation is only 323.084, indicating that
the proposed algorithm not only achieves a higher observation profit under complex task
conditions, but also maintains good solution stability.

As shown in Figure 5, the task completion rates of all algorithms decrease as the task
scale increases. This trend indicates that, with a fixed number of ground stations and an un-
changed planning horizon, a heavier task load further intensifies resource competition and
visibility-window conflicts. When the task scale is 200, the average task completion rates of
GA, TGA, ACO, and PSO are 84.78%, 91.63%, 89.47%, and 86.82%, respectively, whereas the
proposed algorithm achieves 92.78%. This corresponds to relative improvements of 9.44%,
1.26%, 3.70%, and 6.86% over the four benchmark algorithms, respectively. Meanwhile, the
standard deviation of the task completion rate for the proposed algorithm is only 0.64%,
demonstrating that it can maintain both high task coverage and good solution stability
under relatively heavy task loads.

Taken together, Figures 4 and 5 show that task completion rate and total observa-
tion profit are related, but not in a simple linear manner. Task completion rate mainly
reflects the coverage of a scheduling solution, whereas total observation profit also depends
on the priorities of the scheduled targets and their effective observation durations. As
the number of candidate tasks increases, the proposed algorithm maintains a relatively
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high task completion rate and total observation profit. These results suggest that the
station-grouped encoding scheme, structured crossover operator, neighborhood-enhanced
mutation strategy, and dual-tabu-memory mechanism help identify high-value task combi-
nations and improve solution quality and stability under the tested LEO workloads of 50
to 250 candidate tasks.
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Figure 4. Comparison of the mean total observation profit and standard deviation of different
algorithms under different LEO task scales.
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Figure 5. Comparison of the mean task completion rate and standard deviation of different algorithms
under different LEO task scales.

To further evaluate the adaptability of the proposed algorithm to targets in different
orbital regimes and to more complex visibility-window conditions, a mixed medium-Earth-
orbit (MEO) and high-Earth-orbit (HEO) observation scenario is constructed on the basis
of the LEO experiments, while keeping the number of ground-based optical stations, the
planning horizon, and the main scheduling constraints unchanged. Compared with LEO
targets, MEO and HEO targets generally exhibit longer visibility windows, resulting in more
complex resource-occupancy characteristics and task-conflict relationships. This scenario
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therefore provides a more challenging test for assessing the scheduling performance,
solution quality, and stability of the different algorithms under varying task scales.

As shown in Figure 6, the total observation profit obtained by all algorithms increases
as the number of mixed MEO-HEOQO observation tasks grows from 50 to 250, while the
performance gap among the algorithms gradually widens. When the task scale is relatively
small, the observation profits achieved by the different algorithms are close to one another.
As the number of tasks increases, competition for ground-station resources and conflicts
among visibility windows become increasingly pronounced, and the advantage of the pro-
posed algorithm gradually emerges. At a task scale of 250, the proposed algorithm achieves
a higher average total observation profit than the benchmark algorithms, with improve-
ments of 29.94%, 6.26%, 13.22%, and 19.67% over GA, TGA, ACO, and PSO, respectively. Its
standard deviation is only 443.762, which is lower than those of all benchmark algorithms.
These results indicate that the proposed algorithm can achieve a higher observation profit
under heavy task loads while maintaining good solution stability.
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Figure 6. Comparison of the mean total observation profit and standard deviation of different
algorithms under different MEO-HEO task scales.

As shown in Figure 7, the task completion rates of all algorithms decrease as the task
scale increases. This trend reflects the progressively intensified resource occupancy and task
conflicts caused by the longer observation windows of MEO and HEO targets under a fixed
ground-station configuration. When the task scale reaches 250, the average task completion
rates of GA, TGA, ACO, and PSO are 76.32%, 83.12%, 80.81%, and 78.13%, respectively,
whereas the proposed algorithm still achieves 85.61%, with a standard deviation of only
0.82%. Taken together, these two performance metrics demonstrate that the proposed
algorithm can effectively balance task coverage and observation profit in the mixed MEO-
HEO target scenario, while maintaining high solution quality and good robustness under
complex resource-conflict conditions.
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Figure 7. Comparison of the mean task completion rate and standard deviation of different algorithms
under different MEO-HEO task scales.

A joint examination of Figures 6 and 7 further shows that, as the scale of the mixed
MEO-HEQO task set increases, the task completion rates of all algorithms gradually decline,
whereas the total observation profit continues to increase. This indicates that intensified
task competition also enlarges the selection space for high-value task combinations. Across
different task scales, the proposed algorithm consistently maintains both a relatively high
task completion rate and a high total observation profit, with comparatively small fluc-
tuations among independent runs. These results demonstrate that the proposed method
can effectively balance task coverage capability and observation value under complex
visibility-window conflicts, thereby exhibiting strong overall scheduling performance and
solution stability.

To further evaluate the computational efficiency and run-to-run stability of the differ-
ent scheduling algorithms under varying task scales, a comparative runtime experiment
was conducted under the same hardware environment and parameter settings as those
used in the preceding experiments. Five test instances containing 50, 100, 150, 200, and
250 candidate observation tasks, respectively, were considered, and GA, TGA, ACO, PSO,
and the proposed algorithm were compared. To ensure a fair comparison, all algorithms
were evaluated using identical task inputs, objective functions, constraint conditions, and
termination criteria. In addition, all implementations were developed within a unified
Python-based computational framework, with common modules used for data process-
ing, fitness evaluation, and constraint checking. The runtime measurement covered only
the computational process from algorithm initialization through iterative search to the
generation of the final scheduling solution. Common preprocessing and postprocessing
operations, including visibility-window generation, task-data loading, and result-file stor-
age, were excluded from the timing statistics. For each task scale, each algorithm was
independently executed 30 times. The mean runtime and standard deviation were then
calculated to assess the variation in computational cost and execution stability as the task
scale increased.

As shown in Figure 8, the average running time of all algorithms increases as the
number of LEO observation tasks grows from 50 to 250, and the differences in computa-
tional overhead among the algorithms become more pronounced as the number of tasks
increases. With 250 candidate tasks, the proposed algorithm has an average running time
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of 894.173 s, which is 7.43% and 24.88% lower than those of TGA and ACO, respectively.
Although it runs slightly longer than GA and PSO, their running times remain within
a comparable range. The standard deviation of the proposed algorithm’s running time
is 25.112 s, indicating relatively stable computational overhead across independent runs.
Together with the preceding scheduling results, these findings show that the proposed
algorithm achieves higher total observation profit and task completion rate with limited
additional computation. The station-structured search, neighborhood enhancement, and
dual-tabu mechanisms thus help identify high-value task combinations without intro-
ducing excessive computational overhead. Overall, the proposed algorithm achieves a
favorable balance between solution quality and computational efficiency in the tested LEO
scheduling instances of 50 to 250 candidate tasks.

1400 {=°*— GA === TGA ACO ==PSO =+= Proposed
1200
1000

800

600

!

Average running time (s)

400 A

\
\

200 4

T T T T
50 100 150 200 250
Number of observation tasks

Figure 8. Average running time of different algorithms under different task scales in the LEO target
scenario.

As shown in Figure 9, the running times of all algorithms in the mixed MEO-HEO
scenario increase as the number of candidate tasks grows from 50 to 250, with a more
pronounced increase toward the upper end of the tested range. This behavior is mainly
associated with the longer visibility windows of MEO and HEO targets. As the number
of tasks increases, prolonged ground-station occupancy, greater overlap among visibility
windows, and more task conflicts add to the computational effort required for feasibility
checking, candidate adjustment, and iterative search. With 250 candidate tasks, the pro-
posed algorithm has an average running time of 1030.572 s, which is 8.29% and 25.46%
lower than those of TGA and ACO, respectively. Its running-time standard deviation is
33.594 s, indicating reasonably stable computational cost across independent runs. Together
with the preceding scheduling results, these findings show that the proposed algorithm
maintains high total observation profit and task completion rate in the mixed MEO-HEO
scenario. Overall, although the proposed algorithm is not the fastest in every case, its
additional computational cost remains acceptable relative to its scheduling performance, in-
dicating a favorable balance among solution quality, computational efficiency, and stability
across the tested task loads.
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Figure 9. Average running time of different algorithms under different task scales in the MEO-HEO
target scenario.

5. Conclusions

This study addresses the ground-based optical station resource scheduling problem
for satellite observation tasks by establishing a corresponding resource scheduling model
and proposing a dual-tabu-memory-driven station-structured genetic algorithm. To over-
come the limitations of conventional genetic algorithms, such as insufficient utilization of
intra-station task structures and repetitive searches, improvements are introduced in chro-
mosome encoding, initial population generation, crossover, and mutation operations. The
station-group-based encoding enhances the correspondence between chromosome struc-
tures and actual resource configurations, the heuristic initialization strategy balances initial
solution quality and population diversity, the structured crossover and neighborhood-
enhanced mutation improve local search capability, and the local and global tabu memory
mechanisms further reduce repetitive searches. Experimental results demonstrate that
the proposed method can obtain high-quality feasible scheduling solutions under differ-
ent population sizes, task scales, and orbital scenarios, while achieving favorable overall
performance in terms of total observation profit, task completion rate, run-to-run stabil-
ity, and computational efficiency. Nevertheless, this study still has several limitations.
The current research is primarily conducted under deterministic observation conditions
and does not consider uncertainties such as weather variations, equipment failures, and
visibility-window prediction errors; therefore, the adaptability of the proposed method to
dynamic tasks and changing resource states requires further investigation. Furthermore,
systematic quantitative ablation analyses of the key algorithmic components have not
yet been conducted, and the sensitivity of critical algorithm parameters requires further
evaluation. Future work will incorporate practical factors such as weather conditions,
equipment states, and visibility-window uncertainties, and investigate adaptive scheduling
and robust optimization strategies for dynamic task environments. Meanwhile, module-
level ablation experiments and parameter sensitivity analyses will be conducted to further
evaluate the contributions of individual components and the influence of key parameters,
thereby improving the applicability and reliability of the proposed algorithm in complex
real-world observation environments.
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The following abbreviations are used in this manuscript:

OMRS Optical Measurement Resource Scheduling

GA Genetic Algorithm

TGA Tabu Genetic Algorithm
PSO Particle Swarm Optimization
ACO Ant Colony Optimization
LEO Low Earth Orbit

MEO Medium Earth Orbit

HEO High Earth Orbit

TT&C Tracking, Telemetry and Command
NSGA-II Non-dominated Sorting Genetic Algorithm II
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