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Abstract

Advances in satellite miniaturisation have led to a steep rise in the number of Earth-
observation platforms, turning the downlink of the resulting high-volume remote-sensing
data into a critical bottleneck. Low-Earth-Orbit (LEO) communication constellations offer a
high-throughput relay for these data, yet also introduce intricate scheduling requirements.
We term the associated task the Remote Sensing Data Transmission in Communication
Constellations (DTIC) problem, which comprises two sequential stages: inter-satellite
routing, and satellite-to-ground delivery. This problem can be cast as a Hybrid Flow
Shop Scheduling Problem (HFSP). Unlike the classical HFSP, every processor (e.g., ground
antenna) in DTIC can simultaneously accommodate multiple jobs (data packets), subject to
two-dimensional spatial constraints. This gives rise to a new variant that we call the Hybrid
Flow Shop Problem with Two-Dimensional Processor Space (HFSP-2D). After an in-depth
investigation of the characteristics of this HFSP-2D, we propose a constructive heuristic,
denoted NEHedd-2D, and a Two-Stage Memetic Algorithm (TSMA) that integrates an
Inter-Processor Job-Swapping (IPJS) operator and an Intra-Processor Job-Swapping (IAJS)
operator. Computational experiments indicate that when TSMA is initialized with the
solution produced by NEHedd-2D, the algorithm attains the optimal solutions for small-
sized instances and consistently outperforms all benchmark algorithms across problems of
every size.

Keywords: remote sensing satellite data transmission; hybrid flow shop scheduling;
memetic algorithm; satellite constellation

1. Introduction
Remote sensing satellites are indispensable to contemporary Earth-observation sys-

tems, supporting disaster mitigation, crop yield estimation, weather forecasting, and many
other applications. A typical mission cycle comprises five steps: (i) ground control centres
generate observation schedules; (ii) ground antennas upload the schedules to the satellites;
(iii) the satellites acquire imagery accordingly; (iv) the acquired data are downlinked; and
(v) analysts process the products. Among these steps, data transmission, consisting of the
delivery of observation data to the ground through direct space–ground links or relay satel-
lites, remains the key bottleneck for timely data exploitation [1–4]. Satellite miniaturisation
and falling launch costs have accelerated the deployment of commercial low-Earth-orbit
(LEO) imaging constellations; although these larger fleets greatly enhance observation op-
portunities, they also generate data at an unprecedented pace; thus, efficient downlinking
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has become the limiting factor in the value chain. Existing transmission paradigms are
broadly divided into ground station-based and geostationary relay-based modes.

In the ground station mode, illustrated in Figure 1, satellites transmit their data
directly to fixed ground stations. Scheduling research on this mode began with the seminal
hybrid integer–programming model for the Air Force Satellite Control Network (AFSCN)
proposed by Gooley et al. [5]. Since then, a rich body of heuristics and meta-heuristics has
emerged: Chen et al. [6] designed a fast local-search heuristic that jointly plans imaging and
transmission; Zhang and Xing [7] improved genetic algorithms through refined encoding
and decoding; and swarm intelligence-based approaches have also proven effective [8,9].
Direct downlinks feature high data rates, negligible onboard energy constraints, and modest
operating costs. Their chief limitation is geometric; a ground station can communicate only
while the satellite passes overhead, meaning that the contact windows are too short to clear
the massive data backlogs of prominent constellations.

Figure 1. Ground station-based data transmission process.

In the relay satellite mode, shown in Figure 2, an LEO image satellite first uplinks its
data to a geostationary (GEO) relay, which then forwards the packets to ground stations.
The GEO platform’s high altitude affords almost continuous visibility, enlarging the trans-
mission window. Notable studies include the breakpoint-resumption scheme combined
with adaptive large neighbourhood search by Chen et al. [10], the conflict-resolution-aided
iterative scheduler (CRITS) by Wu et al. [11], and several deep reinforcement learning-
based frameworks [12]. However, these approaches are hampered by the high cost of GEO
launches, the relay’s limited ability to serve multiple imaging satellites concurrently, and
its lower effective downlink rate compared with direct ground stations.

The recent rise of large-scale LEO communication constellations such as Starlink and
OneWeb offers a promising third paradigm [13,14]. As sketched in Figure 3, remote sensing
satellites upload data to an ingress communication satellite inside a precomputed visibility
window; the data then traverse the constellation’s inter-satellite links until an egress satellite
downlinks them to a terrestrial gateway. The sheer number of communication satellites
yields abundant contact opportunities, while the comparatively low cost of LEO platforms
delivers economic advantages over dense ground station networks or expensive GEO
relays. Distinct differences nonetheless arise. For instance, a gateway can receive data from
several egress satellites simultaneously under bandwidth constraints, whereas a traditional
ground antenna usually tracks only one spacecraft at a time; in addition, unlike the single-
layer decision in GEO relay scheduling, the LEO constellation requires two-layer planning
to choose both the gateway and the appropriate contact windows. Therefore, conventional
scheduling techniques cannot be applied directly, and new models are required.
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Figure 2. Relay satellite-based data transmission process.

Figure 3. Data transmission in communication constellations.

We decompose the resulting Data Transmission In Communication Constellations
(DTIC) problem into an inter-satellite stage followed by a satellite-to-gateway stage. In-
terpreting data bundles as jobs, communication satellites as first-stage machines, and
gateways as second-stage machines, the resulting problem exhibits unidirectional flow and
uncertain routing. The DTIC problem introduces two fundamental novelties that are ab-
sent in classical scheduling. (1) Integrated two-layer decisions: Unlike traditional satellite
scheduling (e.g., AFSCN models) that optimize antenna assignment alone, DTIC requires
joint routing selection (inter-satellite) and delivery scheduling (satellite-to-ground) with
coupled constraints. (2) Two-dimensional resource contention: Gateway stations exhibit
continuous spatial resource sharing (bandwidth allocation) rather than binary machine
occupancy, extending beyond classical HFS models.

Regarding the selection of a suitable scheduling model, we note that although Job Shop
Scheduling permits flexible routing, it cannot enforce the DTIC problem’s stage-precedence
requirement, under which inter-satellite transmission must occur before downlink. Open
Shop Scheduling is likewise inappropriate, as its allowance for arbitrary operation ordering
conflicts with the DTIC problem’s fixed sequence. In contrast, the flow–shop structure
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of the Hybrid Flow Shop Problem (HFSP) inherently matches our two-stage process,
and its hybrid extension with parallel machines at each stage naturally represents the
multiple communication satellites in Stage 1 and multiple gateways with spatial capacity
in Stage 2. Consequently, the DTIC problem is best modeled within the Hybrid Flow Shop
Scheduling (HFSS) framework, which is the canonical paradigm for multi-stage systems
featuring identical parallel processors and a unidirectional flow of operations [15]. A
crucial departure from the classical HFSP is the many-to-one satellite-to-gateway downlink
governed by continuous bandwidth allocations. To capture this feature, we introduce the
notion of processor space, which combines temporal and spatial constraints; we formalise
the resulting variant as the Hybrid Flow Shop Problem with Two-Dimensional Processor
Space (HFSP-2D).

Solution strategies for the HFSP can be divided into exact and heuristic methods.
Exact algorithms, such as the branch-and-bound schemes of Choi and Lee [16] and their
enhancements by Lee [17], guarantee optimality but scale only to small instances, rendering
them impractical for the DTIC problem’s massive task sets. Consequently, heuristic research
has flourished. The Nawaz–Enscore–Ham (NEH) constructive heuristic [18] remains the
cornerstone of many contemporary variants, including extensions for distributed flow
shops [19,20], decomposed parallel-machine subproblems [21], and sequence-dependent
setups [22,23]. Most existing work, however, targets makespan minimisation, whereas
DTIC seeks to minimise total tardiness, an objective that has received far less attention
in the HFSP literature [24]. Although makespan minimisation is the prevalent objective
in manufacturing, total tardiness constitutes a more pertinent performance measure for
remote sensing data transmission. In applications such as maritime search and rescue,
emergency response, and early warning of major natural disasters, the usefulness of a
remote sensing product is determined by the latency between its acquisition and its delivery
to the ground segment; data received after the prescribed deadline loses its operational
value. Accordingly, this study takes the minimisation of the to transmission tardiness as its
optimisation objective. In this context, effective tie-breaking among equal-cost schedules is
essential, yet remains largely unexplored.

This study makes three principal contributions. First, at the problem level, we for-
malise the HFSP-2D and present a Mixed-Integer Linear Programming (MILP) model that
embeds all key inter-satellite and satellite-to-gateway constraints while permitting multiple
processors per stage. Small instances solved with CPLEX confirm the model’s correct-
ness. Second, at the algorithmic level, we design an NEHedd-2D constructive heuristic
with domain-specific tie-breakers and develop a Two-Stage Memetic Algorithm (TSMA)
meta-heuristic that incorporates two specially designed local-search operators. Third, at
the empirical level, comprehensive experiments assess each algorithmic component and
benchmark TSMA against state-of-the-art alternatives, demonstrating its superior efficiency
and solution quality.

The rest of this paper is organized as follows: Section 2 contains the problem descrip-
tion; the proposed NEHedd-2D and TSMA are introduced in Section 3; and our experiments
are presented in Section 4.

2. Model
2.1. Nomenclature

The parameters in the model are described in Table 1.
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Table 1. Nomenclature.

Symbols Definition

i processing stage, i ∈ I = {1, ..., m}
j processor in stage i, j ∈ Ji = {1, ..., ni}
k job, k ∈ K = {1, ..., υ}
π job list, π = {k1, k2, . . . , kυ}

πij job list of processor j in stage i
m number of processing stage
υ number of jobs
ni number of parallel processors in stage i
pik processing time for job k in stage i
rik spacing requirements of job k in stage i
Q a large number not less than the maximum completion Time
P a large number not less than the maximum space of processors
M a large number not less than 4
T total tardiness
cik completion time of job k in stage i
dik due time of job k in stage i
hik start of spacing requirements of job k in stage i
wij space of processor j in stage i
xijk 1, if job k is assigned to processor j ∈ Ji in stage i ∈ I; otherwise xijk = 0
yikl 1, if job k precedes job l; otherwise yikl = 0
zikl 1, if job k is processed below job l; otherwise zikl = 0

µikl
1, if job k and job l in stage i ∈ I do not conflict under resource constraints;
otherwise µikl = 0

δijkl
1, if job k and job l is assigned to processor j ∈ Ji in stage i ∈ I; otherwise
δijkl = 0

2.2. Problem Description

As illustrated in Figure 4, the DTIC problem can be described as follows. The remote
sensing data set acquired by satellites is arranged according to predefined rules into a job
sequence that contains υ jobs, K = {k1, k2, . . . , kυ}. In the inter-satellite stage, the jobs are
assigned to n1 processors, corresponding to the LEO communication satellites, and the
processing times of different jobs are not allowed to overlap. In the satellite-to-gateway
stage, the jobs are dispatched to n2 processors, corresponding to the gateway stations,
where multiple jobs may be processed simultaneously provided that the processing space
constraint (i.e., the bandwidth of the gateway stations) is satisfied.

Figure 4. Two-stage transmission architecture of the remote sensing data transmission process.
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Consequently, the problem is naturally partitioned into two stages, namely, classical
hybrid flow–shop scheduling and hybrid flow–shop scheduling incorporating processing
space constraints. It is worth noting that the classical HFSP can be regarded as a special case
of the latter in which the processing space requirement of every job is identical and equal
to the whole processing space of all processors in the stage. Therefore, the DTIC problem is
rigorously formulated as an HFSS problem with processing space constraints; its processing
sequence is extended from one to two dimensions, and the problem is henceforth denoted
as the Hybrid Flow Shop Problem with Two-Dimensional Processor Space (HFSP-2D). An
illustrative Gantt chart of the resulting schedule is provided in Figure 5.

Figure 5. Gantt chart of the resulting schedule for HFSP-2D.

The correspondence relationships between various elements of the DTIC and HFSP-2D
problems are presented in Table 2.

Table 2. Correspondence relationships between the DTIC and HFSP-2D problems.

DTIC Elements HFSP-2D Elements

Remote sensing data transmission job Job
LEO communication satellite Processor in first stage

Ground gateway station Processor in second stage
Maximum bandwidth of gateway station Processor maximum processing space

Data transmission rate Job space requirement

2.3. Mixed-Integer Linear Programming Formulation

This subsection presents a Mixed-Integer Linear Programming (MILP) model for the
HFSP-2D. The notation used in the sequelae is identical to that introduced in Section 2.1.
The model minimises the total tardiness while guaranteeing feasible temporal and spatial
arrangements of all jobs.

2.3.1. Objective Function

Minimise the sum of individual job tardiness values:

min
n

∑
k=1

Tk. (1)
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2.3.2. Tardiness Definition

Tk ≥ Cmk − dk ∀k ∈ K (2)

Tk ≥ 0 ∀k ∈ K (3)

Constraints (2) and (3) state that the tardiness Tk of job k is the positive part of the
difference between its completion time at the last stage Cmk and its due date dk.

2.3.3. Job–Processor Assignment

Each job is processed by exactly one processor at every stage:

∑
j∈Ji

xijk = 1, ∀i ∈ I, ∀k ∈ K, |Ji| > 1. (4)

2.3.4. Stage-Precedence (Completion) Constraints

Processing at stage i can only start after the preceding stage has finished.

c1k ≥ p1k ∀k ∈ K (5)

cik − c(i−1)k ≥ pik ∀i ∈ I, i > 1, ∀k ∈ K (6)

2.3.5. Processor-Capacity (Spatial) Constraints

The right-most occupied position of a job may not exceed the available width wij of
the assigned processor j:

(hik + rik)− P(1− xijk) ≤ wij, ∀i ∈ I, ∀j ∈ Ji, ∀k ∈ K. (7)

2.3.6. Spatiotemporal Non-Overlap Constraints

Jobs assigned to the same processor must overlap in neither time nor space. The
following pairs of constraints enforce temporal ((8) and (9)) and spatial ((10) and (11))
separation, respectively.

cik + Q(2 + yikl − δijkl − µikl) ≥ cil + pik, ∀i ∈ I, ∀j ∈ Ji, ∀k < l ∈ K (8)

cil + Q(3− yikl − δijkl − µikl) ≥ cik + pil , ∀i ∈ I, ∀j ∈ Ji, ∀k < l ∈ K (9)

hik + P(1 + zikl − δijkl + µikl) ≥ hil + rik, ∀i ∈ I, ∀j ∈ Ji, ∀k < l ∈ K, wij > 0 (10)

hil + P(2− zikl − δijkl + µikl) ≥ hik + ril , ∀i ∈ I, ∀j ∈ Ji, ∀k < l ∈ K, wij > 0 (11)

2.3.7. Linking Constraint

Constraint (12) activates the foregoing spati-temporal constraints only when the two
jobs under consideration are processed on the same processor:

xijk + xijl ≤ 1 + M δijkl , ∀i ∈ I, ∀j ∈ Ji, ∀k < l ∈ K, wij > 0. (12)

Collectively, constraints (8)–(12) guarantee that any two jobs sharing a processor are
sequenced without temporal interference and are placed within the processor’s horizontal
workspace without spatial collision.

2.4. Complexity Analysis of the MILP Model

The classical hybrid flow–shop scheduling problem is already NP-hard even in the
restricted case of two stages with a single processor at each stage [25]; therefore, the HFSP-
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2D inherits this hardness. In the worst case, solving the proposed MILP to optimality is
exponential in the number of binary variables |B|.

Let nmax = max ni be the maximum number of jobs at any stage. The model con-
tains n continuous tardiness variables Tk along with 2mn continuous timing/position
variables cik and hik, i.e., O(mn) continuous variables in total. The binary part comprises
three groups: (i) assignment variables xijk, which have cardinality ∑i sin = O(msmaxn);
(ii) pair-dependent variables yikl , zikl , µikl introduced for every ordered job pair at each stage,
providing 3m(n

2) = O(mn2) variables; and (iii) variables δijkl that additionally distinguish
processors, amounting to ∑i si(

n
2) = O(msmaxn2).

Hence, the total number of binary variables is |B| = O(msmaxn2). Despite this
polynomial growth in model size, the NP-hardness of the underlying problem implies that
solving the MILP requires exponential time in the worst case; specifically, the search space
scales as (2O(msmaxn2)), which becomes intractable for moderate n.

Because both the number of binary variables and the total number of constraints grow
quadratically with n, optimally solving instances with n ≥ 30 and moderate m is already
beyond the reach of state-of-the-art MILP solvers. Therefore, for larger problems we must
rely on meta-heuristic strategies.

It should be noted that while the MILP provides an exact formulation for the HFSP-2D,
its computational complexity inherently limits its applicability to large-scale scenarios.
Alternative exact approaches, such as branch-and-price or logic-based Benders decomposi-
tion, could potentially improve scalability; we explicitly recommend this as future work.
However, because data transmission scheduling must be carried out in real time and must
accommodate large constellations of remote sensing and communication satellites, our
primary focus remains on developing fast and effective heuristic algorithms instead of on
refining exact methods. In this study, we treat the MILP solution as an upper bound for the
problem, and use it to validate the correctness of our heuristic algorithm.

3. Memetic Algorithm for HFSP-2D
Memetic algorithms have proved to be highly efficient not only for shop scheduling

problems [26] but also for remote sensing satellite mission planning problems [27,28]. To
tackle the HFSP-2D, we propose a Two-Stage Memetic Algorithm (TSMA). As illustrated in
Figure 6, the proposed Two-Stage Memetic Algorithm (TSMA) comprises four principal
phases: initialization, crossover, mutation, and local search. This iterative cycle of construc-
tion, perturbation, and refinement progressively guides the search toward high-quality
solutions for the HFSP-2D.

Figure 6. Flowchart of the TSMA.
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3.1. Encoding and Decoding
3.1.1. Encoding

During the encoding stage, a single chromosome is produced that concurrently records
the global processing order π = {k1, k2, . . . , kυ}. For every processor j in stage i, the local
subsequence πij is inherited from π, providing a compact yet comprehensive description
that captures both the shop-wide dispatching sequence and the exact execution order on
each processor.

3.1.2. Decoding

During decoding, the completion times of all jobs are computed stage-by-stage.
As illustrated in Algorithm 1, in first stage, the overall job sequence π is first used to

obtain the first-stage workspace-unconstrained completion time c1k for each job.

Algorithm 1 Decoding for first stage (Decode1)

Require: Global job order π = ⟨k1, k2, . . . , kυ⟩; number of parallel processors n1; processing
times p[·][1]

Ensure: Completion-time vector C1 = ⟨c11, c12, . . . , c1υ⟩
1: for b← 1 to n1 do Ready[b]← 0
2: Build a min-heap H of pairs (Ready[b], b)
3: for a← 1 to υ do
4: (t, b)← ExtractMin(H)
5: f ← t + p[ka][1]
6: Ready[b]← f
7: Insert(H, (Ready[b], b))
8: c1a ← f
9: end for

10: return C1

As illustrated in Algorithm 2, in the second stage, the per-processor job sequences
πij and first-stage completion times together yield the second-stage completion time c2k;
afterwards, the total tardiness ∑ T is calculated from c2k and the due date dk of each job.

Algorithm 2 Decoding for second stage (Decode2)

Require: Completion times in first stage C1 = ⟨c11, c12, . . . , c1υ⟩; processing times p[·][2];
due date D = ⟨d1, d2, . . . , dυ⟩; job lists π2j for every processor j in second stage,
j = 1, . . . , n2.

Ensure: Total tardiness T
1: T← 0
2: for j← 1 to n2 do
3: for all k ∈ π2j in given order do
4: s← max

(
c1k, BL(j, k)

)
5: f ← s + p[k][2]
6: T← T + max

(
f − dk, 0

)
7: end for
8: end for
9: return T

Due to the processing space constraints around concurrent job processing, the FAM
rule cannot directly determine the scheduling sequence on a single processor. Therefore,
this paper introduces the Bottom-Left Placement (BL) algorithm (Algorithm 3) to schedule
the processing sequence of jobs on individual processors.
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Algorithm 3 Bottom-left placement (BL)

Require: process space of processor w; spacing requirements of job r; processing time of
job p; current set of placed jobs R = {(xj, xj + pj, yj, yj + rj) | j = 1, . . . , m}

Ensure: completion time of new job c ,update R
1: x ← max

(
x1x2 . . . , xm), y← w− p

2: while (x, x + p, y, y + r) ∩ R = ∅ do
3: x ← x− 1
4: y← y− 1
5: end while
6: Insert vertice (x, x + p, y, y + r) into R in sorted order
7: c← x + p
8: return c

3.2. Initialization

To expedite the generation of high-quality initial solutions, we extend the classical
constructive NEHedd heuristic to the two-dimensional domain and introduce the resulting
NEHedd-2D algorithm.

NEHedd, which sequences jobs using the Earliest Due Date (EDD) rule, is a well-
known constructive heuristic for minimizing total tardiness in the Hybrid Flow Shop
Problem (HFSP) [29]. Nevertheless, its scope is limited to one-dimensional scheduling.
In contrast, the HFSP-2D simultaneously requires assigning jobs to parallel machines at
every stage and allocating the secondary resource shared by the jobs processed on the
same machine. To meet these additional requirements, we replace the profit evaluation
step in the original NEHedd with a tailored two-dimensional decoding procedure. The
resulting algorithm is designated NEHedd-2D (Algorithm 4). Because NEHedd-2D’s
iterative insertion phase maintains only a single global processing sequence π, jobs are
ultimately dispatched to individual machines according to the First-In, First-Out (FIFO)
and First Available Machine (FAM) rules.

Algorithm 4 NEHedd-2D

Require: π ← Jobs ordered by non-decreasing due dates, where π ← {k1, k2, . . . , kυ};
Ensure: overall job sequence πυ; job sequence set π2,j on each processor j = 1, . . . , n2

1: π1 ← {k1}
2: for k = 2 to υ do
3: Test job k in any possible position i of πk in first stage.
4: C ← Decode1(π)
5: for j← 1 to n2 do
6: Test job k in any possible position i of π2j, j ∈ J2.
7: T ← Decode2(π)
8: end for
9: Select the best processor j and best insertion position in processor j.

10: Insert k to π2j
11: Select the best insertion position in πk−1.
12: Insert k to πk−1 .
13: end for

return πυ and π2,j

3.3. Selection

The selection operator in this work is implemented using an elitist tournament scheme.
At the start of each generation, the algorithm first invokes elitism. A small elite subset

consisting of the best-scoring individuals is copied unchanged into the next population,
thereby safeguarding the highest-quality genetic material.
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The remaining positions are filled via tournament selection. For every vacancy, a
group of candidates is sampled uniformly at random from the current population. The
candidate with the lowest objective value in a minimisation context wins the tournament
and is placed in the offspring pool. This procedure is repeated until the population is
fully replenished.

By coupling elitism with stochastic tournaments, this strategy simultaneously pre-
serves outstanding solutions. It sustains selection pressure and diversity, thereby promoting
both rapid convergence and compelling global exploration within the memetic algorithm.

3.4. Crossover

As illustrated in Figure 7, the crossover operator in our algorithm works in three
consecutive phases. It first identifies the crossover positions on the task permutation π, then
marks in the other parent the genes (tasks) that will not be exchanged, and finally copies all
remaining genes in their original order into the crossover segment of the opposite parent.

Figure 7. Crossover.

A set of crossover points is uniformly sampled along the chromosome; the number
of points is even and lies strictly between the two extremes of single-point and whole-
length crossover, while the sampled positions are sorted in ascending order. These points
partition each chromosome into segments that are swapped in an alternating “keep and
swap” fashion, allowing the offspring to inherit contiguous blocks of genes that preserve
positional information while still recombining material from both parents.

Because each permutation must contain every task exactly once, the tasks in the
parents that are not exchanged are explicitly identified, preventing duplicate or missing
tasks during the crossover process.

3.5. Mutate

The employed mutation operator is a permutation-preserving swap mutation. Two
distinct loci are chosen uniformly at random within the chromosome, and the genes located
at these loci are exchanged. This simple exchange perturbs the current solution while
maintaining the feasibility of the permutation, thereby enhancing population diversity and
reducing the risk of premature convergence.

3.6. Local Search

To further optimize the scheduling scheme, we designed two neighborhood search
methods for processing space scheduling. The primary approach is to reduce idle time
in the production space by relocating jobs between processors or adjusting job sequences
within individual processors, thereby minimizing the total tardiness cost.

3.6.1. Inter-Processor Job Swapping Operator (IPJS)

Because the NEHedd-2D algorithm schedules jobs using FIFO and FAM rules, the
order in which jobs enter the production flow determines the processor assignment for
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each job at every stage. Exchanging jobs between processors can expand the search space.
The Inter-Processor Job Swapping (IPJS) procedure is shown in Algorithm 5 and Figure 8.

Algorithm 5 Inter-processor job swapping operation

Require: Set of processors J at second stage; current schedule of processors π2j
Ensure: A new schedule of processors π′2j at the second stage if the total tardiness does

not increase
1: Randomly pick two distinct machines ja, jb
2: Randomly choose start indices sa, sb of πa, πb
3: Determine crossover lengths la ∈ (0, size(π2a)− sa), lb ∈ (0, size(π2b)− sb) from sa, sb
4: idx1 ← π2a[sa], idx2 ← π2b[sb]
5: seg1 ← π2a[idx1 , ..., idx1 + ℓ1 − 1], seg2 ← π2b[idx2 , ..., idx2 + ℓ2 − 1]
6: Delete seg1 from π2a and seg2 from π2b
7: π′2a ← Insert seg2 at idx1 in π2a , π′2ab ← Insert seg1 at idx2 in π2b
8: Ta ← decode2(π2a), Tb ← decode2(π2b)
9: T′a ← decode2(π′2a), T′b ← decode2(π′2b)

10: if T′a + T′b > Ta + Tb then
11: π2a ← π′2a
12: π2b ← π′2b
13: end if

return A new schedule of processors π′2j

Figure 8. IPJS operation.

3.6.2. Intra-Processor Job Swapping Operator (IAJS)

In the NEHedd-2D algorithm, the job processing sequence on a single processor is
determined by job arrival times or job completion times from the previous stage. Different
job processing sequences can affect job waiting times. Therefore, we designed an IntrA-
Processor Job Swapping (IAJS) method to enhance the utilisation of processing space. The
intra-processor job swapping procedure is shown in Algorithm 6 and Figure 9.

Although the TSMA embeds several domain-specific operators, its two-stage evolu-
tionary framework is broadly applicable; when machining space constraints are ignored,
meaning that the spacing requirement and the space of the processor coincide, the TSMA
can be applied directly to the classical two-stage HFSP. Analysis of the IPJS and IAJS
operators shows that if the scheduling problem includes a parallel machine stage that must
satisfy continuous two-dimensional spatial constraints, then both operators can still make
a meaningful contribution. Thus, by suitably redefining the problem’s constraint set, the
TSMA can be adapted to a wide range of other hybrid flow–shop variants.
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Algorithm 6 Intra-processor job swapping operation

Require: Set of processors J at second stage;current schedule of processors π2
Ensure: A new schedule of processors π′2 at second stage if the total tardiness does not

increase
1: j← A randomly processor in second stage
2: T ← decode2(π2j)
3: k← Randomly remove a job from π2j
4: π′2j ←Insert k reinserted into another position in π2j.
5: T′ ← decode2(π′2j),
6: ∆T ← T − T′

7: if ∆T ≤ 0 then
8: π2j ← π′2j
9: end if

return π2

Figure 9. IAJS operation.

4. Computational Comparison and Statistical Analysis
In this section, we analyse the factors influencing tardiness in the HFSP-2D using a

testbed based constructed on the basis of these factors. Using this testbed, we evaluate the
solution efficiency of the NEHedd-2D algorithm under different tie-breaking conditions.
The solution quality of the TSMA is compared to that of state-of-the-art algorithms on the
testbed and further benchmarked against results from the CPLEX solver. Experimental
results demonstrate that the TSMA achieves superior solutions at significantly lower
computational costs in all cases.

4.1. Computational Environment

All algorithms were compared under the same conditions, meaning the same com-
puter (Intel(R) Xeon(R) Platinum 8352V CPU @ 2.10 GHz and 60 GB RAM) and the same
programming language (C++).

4.2. Testbed

To comprehensively and rigorously validate the effectiveness of the compared algo-
rithms and facilitate future research, we developed a standardised testbed. In this testbed,
access constraints between satellites and gateway stations are simplified to enable more
focused benchmarking of different algorithms’ performance.

4.2.1. Analysis of Influencing Factors

In the problem studied in this paper, the parameters of each instance must be defined,
including the number of jobs υ, processors (Ji) in stage i, processing times (pik), and
resource requirements (rik). Fernández-Viagas et al. analysed the impact of job due date
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settings on HFSP-type problems [29]. This influence persists in the HFSP-2D while further
incorporating job space requirement settings, as manifested through four key properties:

• When dj >max(cik), ∀i ∈ I, k ∈ K, any solution is an optimal solution.
• When dj < ∑s

i=1 pij, ∀j, the objective shifts from minT to minCmax.
• When rik + ril > ωij, ∀i ∈ I, j ∈ Ji, k, l ∈ K, the problem reduces to a two-stage HFSP.
• When ∑υ

k=1 rik < ωij, ∀i ∈ I, j ∈ Ji, k, l ∈ K (indicating sufficient gateway station
bandwidth), the second-stage scheduling becomes unnecessary, reducing the problem
to a parallel machine scheduling problem.

This analysis demonstrates that testbed generation must holistically consider the following:

• Relationships between due dates and processing times.
• Relationships between job space requirements and processor capacity constraints.

4.2.2. Due Date Parameter Design

In this paper, the due date parameters are generated using Equations (13)–(15), where
T1 and R1 are related to the mean and variance of the due dates, respectively, according to
a uniform distribution between ρ1 · (1− T1 − R1/2) and ρ1 · (1− T1 + R1/2), where ρ1 is
the lower bound for the makespan.

T1 = 0.6 (13)

R1 = 0.1 (14)

ρ1 = ∑m
i=1(

1
n1

∑n1
i=1 pij +

1
n2

∑n2
k=1 pik) (15)

4.2.3. Space Requirement Parameter Design

In this paper, the space requirement parameters are generated using Equations (16)–(18),
where T2 and R2 are related to the mean and variance of the resource, respectively, according
to a uniform distribution between ρ2 · (1− T2− R2/2) and ρ2 · (1− T2 + R2/2), where ρ2 is a
lower bound for the resource.

T2 = 0.5 (16)

R2 = 0.5 (17)

ρ2 = max(ω2j), ∀j ∈ J2 (18)

4.2.4. Problem Size Parameter Design

In this paper, the problem size parameters are as presented in Equations (19)–(21).

J1 = 25 (19)

J2 = 5 (20)

υ = {10, 20, 30, 40, 50, 60, 70, 80, 90, 100} (21)

Our carefully designed testbed minimizes the risk of overfitting by creating a highly
diversified evaluation environment. In particular, the due date and space requirement
parameters are not fixed; rather, they are sampled from uniform distributions with means
and variances chosen to emulate a broad spectrum of time constraints and highly volatile
resource demand scenarios. This forces the algorithm to adapt to a variety of constraints
rather than memorize a specific pattern. Moreover, the problem size parameter υ is sys-
tematically scaled over a ten-fold range, enabling a rigorous assessment of the algorithm’s
scalability across different levels of complexity.
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4.2.5. Performance Indicators

In addition, following Fernandez-Viagas and Framinan [1] and Fernandez-Viagas
et al. [30], the computational effort of heuristics is evaluated using the Average Relative
Percentage Deviation (ARPD). The ARPD is defined in Equations (22) and (23):

ARPDh =
1
I ∑I

i=1 RPDih, ∀h = 1, . . . , H (22)

RPDih =
OFih − Besti

Besti
· 100, ∀h = 1, . . . , H (23)

where H is the number of algorithms, I is the number of instances, OFih is the total tardiness
of algorithm h for instance i, and Besti is the minimum total tardiness achieved by any
algorithm for instance i.

4.3. Analysis of Satellite–Gateway Access Constraints

To streamline the experimental design, we introduced a simplified model of satellite
gateway–access constraints. To validate this simplification, we carried out an access experi-
ment between a single ground gateway station with geographic coordinates in latitude and
longitude of (0°, 0°) and a communication satellite constellation. The constellation followed
the Walker configuration detailed in Table 3, and the simulation covered 24 h.

Table 3. Walker constellation parameters.

Category Parameter Value

Orbital Elements of the Seed Satellite

Semi-major axis 7178.14 km
Eccentricity 0
Inclination 45◦

Argument of perigee 0◦

RAAN 0◦

True anomaly 0◦

Walker Constellation Layout

Number of orbital planes 6
Satellites per plane 4
Inter-plane phasing Uniform
Intra-plane phasing Uniform

As depicted in Figure 10 and Table 4, with a 24 satellite constellation, the ground
station enjoyed uninterrupted coverage—access to at least one communications satellite
was available 100% of the time, while access to two or more satellites occurred during
28.74% of the total period. These results demonstrate that the simplifications adopted in
our testbed for satellite–gateway access constraints are well founded.

Figure 10. Changes in the number of satellites visible to the gateway station over time.
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Table 4. Visibility statistics for different numbers of satellites.

Number of Visible Satellites Time (s) Percentage (%)

1 61,564.50 71.26
2 24,773.52 28.67
3 61.98 0.07

Total 86,400.00 100.00

4.4. Parameter Calibration

In this section, we calibrate the parameters of the TSMA using the Taguchi approach.
The proposed TSMA consists of three parameters: the local search rate (r1), crossover rate
(r2), and mutation rate (r3). An L16 (43) orthogonal array was selected for the experimental
design, which can accommodate three parameters (r1, r2, r3) with four levels each (Table 5).
This design generated sixteen distinct parameter combinations, covering all parameter-
level cross-testing while minimising experimental runs. The ARPD values served as the
response variable.

Table 5. Parameter values of each factor level.

Parameter Factor Level
1 2 3 4

r1 0.1 0.2 0.3 0.4
r2 0.6 0.7 0.8 0.9
r3 0.1 0.2 0.3 0.4

Through main effects analysis, the average ARPD values across different levels of each
parameter are calculated as the response variable values, thereby determining the degree
of influence each parameter has on algorithm performance. Figure 11 illustrates the factor
level trend of the three critical parameters. Table 6 describes the Average Response Variable
(ARV) and delta values at different levels of each parameter.

In summary, the parameters of the TSMA are set to r1 = 0.4, r2 = 0.8, r3 = 0.2.

Table 6. Orthogonal Array and Response Variable (ARV) values.

No. r1 r2 r3 ARV (%)

1 0.1 0.6 0.1 6.945958
2 0.1 0.7 0.2 4.213748
3 0.1 0.8 0.3 3.512158
4 0.1 0.9 0.4 5.433704
5 0.2 0.6 0.2 4.833371
6 0.2 0.7 0.1 4.915886
7 0.2 0.8 0.4 2.882959
8 0.2 0.9 0.3 4.799043
9 0.3 0.6 0.3 4.241184

10 0.3 0.7 0.4 3.849483
11 0.3 0.8 0.1 3.691779
12 0.3 0.9 0.2 3.333150
13 0.4 0.6 0.4 3.780806
14 0.4 0.7 0.3 3.888193
15 0.4 0.8 0.2 1.433352
16 0.4 0.9 0.1 4.539569
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Figure 11. Main effects plot for the TSMA.

4.5. Analysis of TSMA Optimization Dynamics

This section evaluates the solution results for varying numbers of tasks and different
iteration counts.

Table 7 shows that the TSMA converges almost instantly on very small instances (υ ≤ 20),
where total tardiness stabilizes after only 100–200 generations. For medium-sized problems
(30 ≤ υ ≤ 60), most improvement is completed within 300–600 generations, and further
evolution yields little benefit. On larger instances (υ ≥ 70), the objective value continues to
decrease even at 1000 generations, indicating that the search space has not been fully exploited.
Relative improvement from generations 100 to 1000 ranges from virtually 0% (υ = 10, 20)
to about 17% (υ = 100), with conspicuous plateaus at υ = 50 and 80, where the algorithm
appears to fall into local optima. These observations imply that early stopping criteria could
safely terminate runs for small and medium problems, whereas larger problems would benefit
from more iterations to avoid premature convergence.

Table 7. Total tardiness at different generations for various problem sizes.

Jobs (υ)
Generations

100 200 300 400 500 600 700 800 900 1000
10 480 480 480 480 480 480 480 480 480 480
20 938 937 937 937 937 937 937 937 937 937
30 914 904 882 882 882 882 882 881 881 881
40 1161 1115 1086 1046 1021 1021 1019 1000 998 998
50 1604 1603 1603 1603 1594 1585 1561 1561 1561 1545
60 1416 1391 1360 1360 1336 1327 1322 1321 1317 1315
70 2165 2098 2041 1989 1905 1876 1874 1874 1873 1868
80 2244 2198 2162 2150 2140 2121 2121 2120 2113 2113
90 1883 1836 1819 1797 1785 1783 1724 1714 1706 1686
100 3288 2894 2854 2815 2807 2769 2755 2729 2729 2728

4.6. Comparative Experiments for Different Algorithms

In this section, the solution results of the proposed TSMA are compared with those of
several other algorithms and the MILP model under varying numbers of jobs.

First, the TSMA is compared with the CPLEX solver in terms of solution quality and
computational efficiency. IBM ILOG CPLEX version 12.8 is employed for solving the Mixed
Integer Linear Programming (MILP) model, with a time limit of 600 s. The average total
tardiness measures the solution quality. The results in Table 8 demonstrate that CPLEX
only identifies optimal solutions for small-scale instances; its performance deteriorates
significantly as instance scales increase.



Technologies 2025, 13, 384 18 of 23

Table 8. TSMA vs. CPLEX performance in different instances.

Jobs (υ)
CPLEX TSMA

Tardiness CPU Time (s) Tardiness CPU Time (s)
10 482 30.06 482 11.31
20 979 600.00 937 22.79
30 1033 600.00 881 25.61
40 1623 600.00 998 26.32
50 - 600.00 1545 31.28
60 - 600.00 1315 31.01
70 - 600.00 1868 39.09
80 - 600.00 2113 44.33
90 - 600.00 1686 84.74

100 - 600.00 2728 81.27

We compared the TSMA with other state-of-the-art algorithms as well: GA [31],
HSA [32], and IG [33]. Genetic Algorithms (GAs) are a population-based meta-search
technique that operate on a set of solutions simultaneously, whereas Iterated Greedy (IG)
and Simulated Annealing (SA) are probabilistic meta-heuristics. Because these algorithms
were not originally designed for the HFSP-2D, we adapted them by modifying their
neighbourhood search mechanisms, initialization procedures, and encoding–decoding
schemes, allowing them to effectively tackle the HFSSP-2D instance set. The computational
results are reported in Table 9, where the best ARPD value in each group is shown in
boldface. Figure 12 depicts a comparison of the ARPD values achieved by the TSMA and
the other algorithms, from which the following conclusions are drawn.

The TSMA maintains an ARPD of 0.0% throughout the entire job size range (10–100),
showing that its performance is consistently stable and always the best. For smaller
problems (10–20 jobs), both the GA and TSMA reach the optimal solution; however, as the
size grows, the local search operators embedded in the TSMA reveal a clear advantage. In
most settings, the gap between the two algorithms exceeds 5%. This occurs because with
more jobs, poor sequencing is more likely to waste processing space on the processors, a
situation that the TSMA can effectively avoid.

Figure 12. Comparison of ARPD values across different algorithms.
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Table 9. Comparison of ARPD (%) for the four algorithms at different job sizes.

Jobs (υ) GA IG TSMA SA

10 0.00 0.42 0.00 0.42
20 0.00 11.85 0.00 4.48
30 1.59 19.86 0.00 2.04
40 23.35 55.91 0.00 14.33
50 6.54 8.41 0.00 7.57
60 4.79 20.38 0.00 56.35
70 7.55 20.34 0.00 31.16
80 1.51 11.78 0.00 47.33
90 8.13 11.92 0.00 115.48

100 14.00 22.21 0.00 63.27

4.7. Effectiveness of Local Search Operators

To assess the contribution of the local search mechanism, we performed an ablation
study on the TSMA and compared the complete algorithm with three simplified variants:

• W/o IPJS—Keeps IAJS but removes IPJS.
• W/o IAJS—Keeps IPJS but removes IAJS.
• W/o LS—Removes both IAJS and IPJS, i.e., the entire local search component.

The RPD and ARPD results for the four algorithms are plotted in Figure 13. A one-
way ANOVA (Table 10) shows a significant main effect of algorithm type on performance
(F(3, 35) = 27.13, p < 0.001). Tukey’s HSD post hoc tests (Table 11) further reveal that the full
TSMA significantly outperforms every ablated version; discarding IAJS (p = 0.0403), IPJS
(p = 0.0111), or the whole local search module (p < 0.001) leads to a substantial performance
drop in each case, with the removal of all operations having the most pronounced negative
impact (mean difference = 33.56).

No significant difference is detected between the w/o IAJS and w/o IPJS variants
(p = 0.9498); nevertheless, both outperform the w/o LS version (p < 0.001). These results
indicate that the local search component is the principal driver of the TSMA’s effectiveness.

Table 10. ANOVA results for the different algorithms.

Sum of Squares D f F p

C (Algorithm) 5698.721 3.0 27.126 3.012161× 10−09

Residual 2450.990 35.0 - -

Table 11. Multiple comparison of means via Tukey’s HSD.

Algorithm 1 Algorithm 2 Mean Diff. padj CI Lower CI Upper

TSMA w/o IAJS 10.73 0.040 0.36 21.10
TSMA w/o IPJS 12.73 0.011 2.36 23.10
TSMA w/o LS 33.56 <0.001 23.19 43.93
w/o IAJS w/o IPJS 2.00 0.950 −8.09 12.10
w/o IAJS w/o LS 22.83 <0.001 12.74 32.93
w/o IPJS w/o LS 20.83 <0.001 10.74 30.92
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Figure 13. RPD and ARPD results for the different algorithms.

5. Conclusions and Future Work
This study addresses the scheduling of remote sensing data delivery in low-Earth-

orbit (LEO) communication constellations, which involves two successive stages: inter-
satellite data transfer, and satellite-to-ground downlink. We formalize the problem as
a Two-Dimensional Hybrid Flow Shop Scheduling Problem (HFSP-2D) and develop a
Mixed-Integer Linear Programming (MILP) model for its exact representation.

To solve the HFSP-2D efficiently, we propose a constructive NEHedd-2D heuristic
and a two-stage memetic algorithm which incorporates two problem-specific local search
operators. Guided by an analysis of the key problem factors, we designed a dedicated
testbed and carried out an extensive campaign of computational experiments. The exper-
imental results confirm the correctness of the MILP model, the effectiveness of the local
search operators, and the overall superiority of the TSMA when benchmarked against
state-of-the-art algorithms.

Our results show that the proposed TSMA consistently delivers high-quality solutions
across all instance sizes. The inclusion of the proposed local search operators significantly
enhances the TSMA’s performance, while optimal solutions obtained with CPLEX validate
the soundness of the MILP formulation.

While the No Free Lunch Theorem precludes universal superiority, the TSMA demon-
strates state-of-the-art performance for the HFSP-2D problem class motivated by DTIC
scheduling, as evidenced by its consistent 0% ARPD across all tested instances. Its ef-
fectiveness stems from the incorporation of components explicitly designed to address
the two-dimensional spatial constraints and tardiness minimization objective unique to
this domain.

Although the present study has achieved meaningful progress, several issues remain
open. We have introduced an MILP formulation capable of solving the HFSP-2D to
optimality; however, guided by practical requirements, we have not pursued further
research on exact algorithms in this paper. Enhancing the MILP with decomposition
techniques such as column generation for the routing decisions offers a promising direction
for medium-sized instances, and could extend the applicability of the HFSP-2D model to
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other contexts. Moreover, although the proposed TSMA achieves outstanding solution
quality in static environments, deploying it in real-time settings remains challenging;
schedules must be adjusted swiftly when, for example, a satellite or gateway station fails,
or when urgent high-priority tasks suddenly arise. Recomputing the entire schedule
from scratch under such conditions is prohibitively time-consuming and fails to satisfy
strict real-time constraints. Consequently, our future work will concentrate on developing
rapid incremental techniques for schedule repair that can update existing plans within the
required time limits.
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