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Abstract

Efficient task–channel allocation in satellite communication networks becomes particularly
challenging when tasks are subject to both time and frequency constraints, and when re-
source failures or environmental changes invalidate an initially feasible allocation. Existing
studies often treat static allocation and dynamic adaptation separately, lacking a unified
framework that ensures both a low resource fragmentation rate and low reconfiguration
cost. This paper proposes a two-stage approach that integrates static task–channel alloca-
tion with dynamic reconfiguration. In the static stage, a greedy algorithm is developed
to assign tasks to channels under time-window, bandwidth, and conflict-free constraints,
aiming to achieve as low a resource fragmentation rate as possible within the heuristic
search. When channel failures occur, a heuristic search-based reconfiguration algorithm
is proposed to generate a sequence of reconfiguration events that transitions the initial
static allocation strategy step by step to a feasible target static allocation strategy, while
maintaining constraint satisfaction and an acceptable resource fragmentation rate through-
out the process. Comparative experiments on both small-scale and large-scale datasets
demonstrate that the unified framework effectively balances allocation quality, low-cost
and compact dynamic reconfiguration, and adaptability in dynamic network environments.

Keywords: resource allocation; dynamic reconfiguration; heuristic algorithm; satellite
communication

1. Introduction
Task–channel allocation aims to assign limited channel resources to multiple tasks in a

way that satisfies task requirements while improving overall system efficiency and resource
utilization. In satellite communication systems, channel resource allocation has received
sustained attention because of fluctuating service demand, limited onboard resources, and
strict operational constraints. Existing studies have addressed beam-hopping schedul-
ing, satellite bandwidth management, and dynamic resource management by means of
multi-objective evolutionary optimization, gradient-based improvement, and metaheuristic
constraint-handling strategies [1–3]. In hybrid GEO-LEO satellite networks and short-
message satellite systems, resource allocation has also been combined with task offloading,
load balancing, and long-term utility optimization [4–6]. These studies demonstrate that
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resource allocation in satellite-related systems is strongly affected by dynamic demand,
resource coupling, and operational constraints.

Many task–channel allocation problems with temporal and frequency constraints can
be naturally cast as two-dimensional bin packing problems (2D-BPP) [7–9]. Specifically, the
time dimension and the frequency dimension jointly define a rectangular resource region
on each channel, and each task, characterized by its required time interval and frequency
bandwidth, corresponds to a rectangle that must be placed without overlap within the
channel’s available region. This abstraction is not merely a mathematical convenience; it
brings the problem into a well-studied domain with rich theoretical results and practical
heuristics. 2D-BPP and their variants have been widely applied in logistics, manufacturing,
memory management, and scheduling, demonstrating both practical versatility and signifi-
cant theoretical richness. By recognizing the underlying 2D-BPP, we can leverage existing
packing principles—such as envelope-based placement, minimal fragmentation strategies,
and shelf-based ordering—to design efficient allocation algorithms while retaining the
ability to incorporate domain-specific constraints.

In wireless communication networks, especially OFDMA, femtocell, and HetNet-
based systems, resource allocation has been extensively investigated under cross-tier in-
terference, heterogeneous services, imperfect spectrum sensing, channel uncertainty, and
quality-of-service requirements [10–13]. These studies have shown that convex approxi-
mation, decomposition, distributed optimization, game-theoretic modeling, and learning-
assisted methods can effectively improve throughput, capacity, or network profit in specific
scenarios [11,14,15]. However, most of these methods are designed for power allocation,
subchannel assignment, caching, offloading, or user association, and their optimization
variables and objective settings differ from task–channel allocation problems with cou-
pled temporal-frequency constraints. Moreover, although learning-based methods have
shown strong adaptability in dynamic environments [16–20], they usually emphasize long-
term policy learning and often do not explicitly characterize reconfiguration feasibility,
reconfiguration sequence, or transition cost under strict structural constraints.

For general constrained allocation problems, exact optimization is often difficult
because of combinatorial complexity, compatibility requirements, and multi-resource cou-
pling. Accordingly, many researchers have turned to heuristic, metaheuristic, and evolu-
tionary methods. Representative studies include hybrid greedy–metaheuristic methods for
combinatorial allocation [21], pruning-enhanced backtracking for allocation with compati-
bility and exclusivity constraints [22], and genetic or swarm-based methods for NP-hard
multi-objective allocation problems [23,24]. In parallel, distributed and dynamic optimiza-
tion methods have been developed for resource allocation under dynamic constraints,
event-triggered communication, and local convex-set constraints [25–27]. These efforts
indicate that the structure of constraints largely determines the choice of solution method.

In practical systems, resource failures, resource unavailability, or environmental
changes may cause an originally feasible allocation scheme to become invalid. Under
such circumstances, it is not sufficient to only compute a feasible target allocation; it is also
necessary to determine how to move from the initial allocation state to the target state with
low reconfiguration cost and acceptable execution efficiency. Nevertheless, existing studies
mostly focus on static allocation optimization or dynamic adaptation separately, while
relatively limited attention has been paid to the coordinated treatment of static task–channel
allocation and subsequent dynamic reconfiguration, especially when both temporal and
frequency constraints must be satisfied simultaneously.

To address this issue, this paper proposes a two-stage approach that integrates static
task–channel allocation with dynamic reconfiguration. First, a static allocation model is
established to obtain feasible task–channel allocation strategies under resource constraints.
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The effectiveness of this static allocation is demonstrated through both small-scale and
large-scale experiments, showing its capability to generate feasible and efficient assign-
ments across different problem sizes. On this basis, a dynamic reconfiguration model
is further constructed to generate a reconfiguration scheme when the original allocation
becomes infeasible due to resource failure. The performance of the dynamic reconfigu-
ration is evaluated on both small- and large-scale scenarios. Experimental results show
that the proposed reconfiguration algorithm can generate feasible, compact, and low-cost
reconfiguration schemes.

The remainder of this paper is organized as follows. Section 2 formalizes the static
task–channel allocation problem and describes the greedy allocation algorithm with its
complexity analysis. Section 3 defines the dynamic reconfiguration problem and proposes
a heuristic search-based reconfiguration algorithm that ensures feasibility and minimizes
transition cost. Section 4 provides experimental results on both small-scale and large-scale
scenarios, comparing the proposed methods with several baseline approaches. Finally,
Section 5 concludes the paper and discusses future research directions.

2. Static Task–Channel Allocation Problem
The goal of static task–channel allocation in a satellite communication system is to

assign as many tasks as possible to suitable channels in a conflict-free manner, while
achieving a low resource fragmentation rate. This section provides a formal definition of
the considered static task–channel allocation problem.

2.1. Problem Description

Consider a task–channel allocation system involving n to-be-assigned tasks and m
channels, where the set of to-be-assigned tasks is denoted by T and the set of channels is
denoted by C.

A task τi ∈ T (i ∈ {1, 2, . . . , n}) is defined by

τi = (ts
i , te

i , ∆ fi) (1)

where ts
i and te

i denote the start and end times of task τi, and ∆ fi represents its bandwidth
requirement. The frequency allocation interval ( f s

i , f e
i ) for each to-be-assigned task is the

decision variable to be determined, subject to the constraint

f e
i − f s

i = ∆ fi (2)

The resource demand of task τi, to be denoted by sti, is calculated by the product of its
time duration and bandwidth requirement:

sti = (te
i − ts

i ) · ∆ fi (3)

Accordingly, the total resource demand of all to-be-assigned tasks is

ST =
n

∑
i=1

sti (4)

A channel cj ∈ C (j ∈ {1, 2, . . . , m}) is defined as

cj = (bs
j , be

j , ds
j , de

j ) (5)

where bs
j (be

j ) denotes the starting (ending) frequency of channel cj and ds
j (de

j ) denotes the
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starting (ending) time of channel cj. The capacity of channel cj, to be denoted by scj, is
given by

scj = (be
j − bs

j ) · (de
j − ds

j ) (6)

As a consequence, the amount capacity of all channels is

SC =
m

∑
j=1

scj (7)

To represent a static task–channel allocation strategy precisely, a task–channel alloca-
tion matrix X ∈ Rn×m is introduced, where

X(i, j) =

 f s
i , if τi is assigned to cj with starting frequency f s

i

−1, otherwise
(8)

Let Oj denote the set of initial occupied tasks on channel cj. An occupied task ojk ∈ Oj

(k = {1, 2, . . . , |Oj|}) on channel cj is defined by

ojk = (ts
jk, te

jk, f s
jk, f e

jk) (9)

where ojk denotes the k-th initial occupied task on channel cj, characterized by the time
interval (ts

jk, te
jk) and the frequency range ( f s

jk, f e
jk).

Taking channel cj as an example, as illustrated in Figure 1, there are q initially oc-
cupied tasks and g newly to-be-assigned tasks on this channel. Let τk = (ts

k, te
k, f s

k , f e
k )

(k = 1, 2, . . . , q + g) denote a task assigned to this channel. The envelope of the tasks on
channel cj, defined as the minimal bounding region that fully contains all q + g tasks, is de-
termined by Equation (10), where αj, β j, γj, δj are computed as described in Equation (11).

Figure 1. Envelope of tasks on channel cj.

Env(cj) = (β j − αj) · (δj − γj) (10)
αj = mink∈[1,q+g] ts

k

β j = maxk∈[1,q+g] te
k

γj = mink∈[1,q+g] f s
k

δj = maxk∈[1,q+g] f e
k

(11)

The envelope of tasks of a channel reflects the resource block used in a channel. The
resource fragmentation rate (RFR) of a task–channel allocation strategy X is defined by

Φ(X) =
∑m

j=1 Env(cj)

SC
(12)
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Two tasks τi = (ts
i , te

i , f s
i , f e

i ) and τj = (ts
j , te

j , f s
j , f e

j ) on a shared channel are conflict-free,
to be denoted by τi||τj, if the following condition holds:

[min{te
i , te

j} ≤ max{ts
i , ts

j}] ∨ [min{ f e
i , f e

j } ≤ max{ f s
i , f s

j }] (13)

the first condition indicates that the two tasks are conflict-free in the time domain, while
the second condition indicates that they are conflict-free in the frequency domain. There-
fore, a conflict occurs only when the two tasks overlap in both the time and frequency
domains simultaneously.

Assume that task τi will be assigned to channel cj in a final obtained task–channel
allocation strategy X. Let A be a flag matrix of a task–channel allocation strategy X, which
is defined by Equation (14).

A(i, j) =

1, if X(i, j) ≥ 0

0, otherwise
(14)

The objective and constraints of the studied static task–channel allocation problem is
given by Equation (15), where the constraints are described as follows:

min Φ(X)

s.t.



A(i, j) ̸= 0 : bs
j ≤ f s

i < f e
i ≤ be

j & ds
j ≤ ts

i < te
i ≤ de

j (a)

Σm
j=1 A(i, j) ≤ 1 (b)

A(i, j) ̸= 0 & A(i′, j) ̸= 0 : τi||τi′ (c)

A(i, j) ̸= 0, ∀ok ∈ Oj : τi||ok (d)

A(i, j) ̸= 0 : X(i, j) ≥ 0 (e)

(15)

• Constraint (a) indicates that the frequency range and time window of τi should confine
within the bandwidth and the time window of cj.

• Constraint (b) guarantees that each task is assigned to only one channel.
• Constraint (c) ensures that any two to-be-assigned tasks cannot conflict with each

other if they are assigned to a same channel.
• Constraint (d) ensures that there is no conflict between τi and any initial occupied task

in Oj if τi will be assigned to cj.
• Constraint (e) indicates that the start frequency of task τi should be a non-negative

real number.

2.2. Static Task–Channel Allocation Strategy

To address the static task–channel allocation problem, a sorting-based greedy algo-
rithm (Algorithm 1) is employed to derive a feasible allocation strategy that satisfies all
constraints in Equation (15) and keeps the RFR at a reasonably low level.

This static task–channel allocation algorithm aims to assign a set of tasks T to a set of
channels C, considering initial occupied tasks O1, O2, . . . , O|C|, to produce a task–channel
allocation matrix X and the corresponding RFR Φ(X). It begins by sorting tasks in ascend-
ing order of their time duration requirements. For each task τi in this sorted order, the
algorithm iterates through all channels to identify the best candidate channel. If channel cj

satisfies constraint Equation (15) (a), it tentatively determines a feasible starting frequency
for τi on cj. When cj is idle, the starting frequency is tentatively set as f s

i = bs
j according

to the minimal frequency principle. Otherwise, the starting frequency f s
i is obtained by a

sorted-interval scan such that Equation (15) (c) and Equation (15) (d) are satisfied. Specifi-
cally, only the tasks that overlap with τi in the time domain are considered. Their occupied
frequency intervals are scanned in ascending order, starting from the lower boundary bs

j ,
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and τi is tentatively placed at the lowest feasible starting frequency. After a feasible starting
frequency is found, the algorithm computes the envelope of channel cj by temporarily
adding τi to its occupied task set. The channel yielding the smallest envelope after this
tentative placement is recorded as the best channel for τi, and the corresponding starting fre-
quency is also recorded. If such a channel exists, the task is finally allocated to the recorded
best channel with the recorded starting frequency, the channel’s occupied set is updated,
and the corresponding minimum envelope value is recorded as min_envelope; otherwise,
the task is marked as unassigned. This process continues until all tasks are processed.

Algorithm 1 Static task–channel allocation algorithm

Input: Set of to-be-assigned tasks T, set of channels C, and sets of initial occupied tasks of
each channel O1, O2, . . . , O|C|.

Output: Task–channel allocation matrix X, RFR Φ(X).
Sort tasks in T by time duration requirements in ascending order;
Initialize the allocation matrix X;
for all task τi in the sorted set T do

Initialize min_envelope = +∞ and best_channel_τi = null;
for all channel cj in C; do

if Equation (15) (a) holds then
if Oj = ∅ then

Tentatively set the starting frequency of τi on cj as f s
i = bs

j ;
else

Find the lowest feasible starting frequency by the sorted-interval scan and set it
as the starting frequency f s

i of task τi, such that Equation (15) (c,d) hold;
end if
if a feasible starting frequency f s

i of task τi is found then
Compute the envelope of cj after temporarily adding τi to Oj by using Equation (10);
if Env(cj) < min_envelope then

min_envelope = Env(cj);
best_channel_τi = cj;
Record the current f s

i as the starting frequency of τi on best_channel_τi;
end if

end if
end if

end for
if best_channel_τi ̸= null then

Assign τi to best_channel_τi with the recorded starting frequency;
Update Oj by adding τi;

else
Mark task τi as an unassigned task;

end if
end for

The computational complexity of Algorithm 1 can be analyzed as follows. Let m = |T|
denote the number of tasks and n = |C| denote the number of channels. The initial sorting
of tasks requires O(m · log m) time. Then, for each task, the algorithm scans all n channels
to search for the best feasible assignment. For each channel, feasibility checking involves
verifying the frequency and time-window constraints in Equation (15) (a), as well as the
compatibility conditions in Equation (15) (c) and Equation (15) (d) with respect to the tasks
already occupying that channel. Let q denote the maximum number of occupied intervals
associated with a channel during the allocation process. For each candidate channel, the
placement feasibility of τi is checked by scanning the relevant occupied intervals. If these
intervals are already maintained in sorted order, the per-channel placement check requires
O(q) time. Otherwise, an additional sorting step is required, and the per-channel cost
becomes O(q · log q). Therefore, in the worst case without sorted-interval maintenance,
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the overall complexity of the channel-selection phase is O(m · n · q · log q). Combining
the sorting phase and the allocation phase, the total worst-case time complexity of the
algorithm is O(m · log m + m · n · q · log q). In the worst case, since q can be as large as m,
the complexity can be further written as O(m · log m + n · m2 · log m). Hence, the proposed
greedy algorithm runs in polynomial time and is suitable for static task–channel allocation
with moderate problem sizes. If the envelope value of a channel can be incrementally
maintained, the practical runtime can be lower than the above worst-case bound.

3. Dynamic Reconfiguration of Allocation Strategy
To ensure robust task execution despite potential partial channel failures, this sec-

tion investigates the corresponding resource allocation challenge. Extending the static
allocation scheme, we focus on this dynamic scenario, which we refer to as the dynamic
reconfiguration problem of task–channel allocation strategies.

3.1. Problem Description

In the current work, a reconfiguration event r changes a static task–channel allocation
strategy X to another strategy X′, where the two strategies differ in the allocation of exactly
one task. This implies that a reconfiguration event is defined as a reallocation event of
a task. Let τi be the task operated by the reconfiguration event r. The following cases
are permitted:

• τi remains on the same channel cj but its start frequency is changed, i.e., (X(i, j) ̸=
X′(i, j) ̸= −1);

• τi is moved from channel cj to a different channel cj′ , i.e., (X(i, j) ̸= −1, X′(i, j) = −1
and X(i, j′) = −1, X′(i, j′) ̸= −1);

• τi is removed from its allocated channel cj, i.e., (X(i, j) ̸= −1, X′(i, j) = −1);
• τi is newly allocated to a channel cj, i.e., (X(i, j) = −1, X′(i, j) ̸= −1).

In all cases, all other entries remain unchanged.
Given the initial static task–channel allocation strategy X0 before channel failures and

the objective fault-tolerant static task–channel allocation strategy Xd, a reconfiguration
scheme R is defined as a finite sequence of reconfiguration events:

R = r1, r2, . . . , rd (16)

The corresponding sequence of intermediate strategies of R is denoted by RX = X0, X1,
X2 . . . , Xd and we have X0

r1−→ X1
r2−→ X2 . . .

rd−→ Xd.
Let τj (j ∈ {1, 2, . . . , n}) be the task that processed by the reconfiguration event ri

(i ∈ {1, 2, . . . , d}). The implementation cost of ri is assumed to be proportional to the
resource demand of the processed task τj, which is computed by Equation (3), i.e.,

Cost(ri) = α × stj (17)

Here, weighting coefficient α is a positive real number to scale the normalized resource-
dependent reconfiguration cost. Generally, α is related to factors such as task urgency,
channel switching overhead, and resource preemption cost. Accordingly, the cost of a
reconfiguration scheme R = r1, r2, . . . , rd is defined by Equation (18).

Cost(R) = Σd
i=1Cost(ri) (18)

The dynamic reconfiguration problem for task–channel allocation strategies is formu-
lated in Equation (19), with the objective of finding a reconfiguration scheme that minimizes
the total cost. The first constraint describes the relationship between consecutive strategies.
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The second constraint requires that no task conflict exists in any intermediate strategy.
Finally, the last constraint specifies that the RFR of every intermediate strategy must not
exceed β, where 0 < β < 1.

min Cost(R)

s.t.


Xi

ri−→ Xi+1 ∀i = {0, 1, . . . , d − 1}
Xi satisfies all constraints in Equation (15) ∀i = {0, 1, . . . , d}
Φ(Xi) ≤ β ∀i = {0, 1, . . . , d}

(19)

3.2. Dynamic Reconfiguration Algorithm

Solving the dynamic reconfiguration problem is highly complex. For each task opera-
tion, except for task deletion, all other operations require computing a suitable placement
position for the task, i.e., a new starting frequency. However, the starting frequency is
actually continuous. Moreover, although the set of tasks that need to be reconfigured is
known, the operations performed on them still lead to differences in the intermediate
allocation strategies during the reconfiguration process, especially because these inter-
mediate strategies must satisfy all constraints in Equation (15). Furthermore, the RFR of
the intermediate strategies is also subject to certain constraints. Different sequences of
reconfiguration events can result in different total numbers of steps in the reconfiguration
process. For example, a task can either be moved directly to its target position or first
deleted and then re-added, which means that the operation on this task may take either
one step or two steps. Since each additional step increases the reconfiguration cost, we
expect the total reconfiguration cost to be as small as possible.

The current work adopts an A∗-inspired heuristic best-first search algorithm to find a
feasible low-cost reconfiguration scheme R from the initial task–channel allocation matrix X0

to the target task–channel allocation matrix Xd, where X0 and Xd are obtained by Algorithm 1.
In the proposed method, each node in the search space represents a possible intermediate
task–channel allocation strategy, and each edge corresponds to a reconfiguration event.
The intermediate strategy Xk is evaluated by using the evaluation function:

f (Xk) = g(Xk) + h(Xk) (20)

where g(Xk), as defined in Equation (21), is the actual cumulative reconfiguration cost from
X0 to Xk and h(Xk), as defined in Equation (22), is a heuristic guidance term that measures
the envelope-area difference between the intermediate strategy Xk and the target strategy
Xd. Specifically, Env(cj)

k (i ∈ {1, 2, . . . , d} and j ∈ {1, 2, . . . , m}) denotes the envelope of
channel cj under the allocation strategy Xk. Since h(Xk) is designed to guide the search
according to the envelope difference rather than to provide a strict lower bound on the
remaining reconfiguration cost, the proposed search does not claim the global optimality
guarantee of classical A∗. Instead, it is used as a heuristic best-first search method to
efficiently obtain a feasible reconfiguration scheme with low implementation cost.

g(Xk) =
k

∑
i=1

Cost(ri) (21)

h(Xk) =
m

∑
j=1

|Env(cj)
k − Env(cj)

d| (22)

A detailed description of the dynamic reconfiguration algorithm is provided in
Algorithm 2. It initializes Open and Close tables, adds X0 to the Open table, and iterates
while the Open table is not empty: at each step, the strategy Xk with the minimum evalua-
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tion is selected from the Open table. If Xk equals Xd, the algorithm backtracks from Xd to
X0 to output R; otherwise, Xk is moved to the Close table, compared with Xd, and the set
Nk+1 of possible next strategies satisfying constraints in Equation (19) is computed. For
each strategy Xk+1 in Nk+1, if it is in the Close table, it is skipped; otherwise, the actual
cumulative reconfiguration cost g(Xk+1) and heuristic cost h(Xk+1) are calculated. If it is
already in the Open table but the newly obtained g(Xk+1) is smaller, its cost value and
predecessor are updated.

Algorithm 2 Dynamic reconfiguration algorithm

Input: Initial resource allocation strategy X0 and target resource allocation strategy Xd.
Output: Reconfiguration scheme R.

Initialize Open table and Close table;
Add X0 to the Open table which stores candidate strategies to be evaluated;
while Open table is not empty do

Take a strategy Xk that satisfies all constraints in Equation (15) and is with the minimum
evaluation from the Open table;
if Xk equals Xd then

Backtrack from Xd to X0;
Return reconfiguration scheme R;

else
Add Xk to the Close table which stores evaluated strategies to avoid re-processing;
Compare Xk with Xd to obtain the set of tasks that need to be reconfigured;
Compute the set of possible next strategies of Xk satisfying constraints in Equation (19),
to be denoted by Nk+1;

end if
for all possible next strategies in Nk+1 do

if Xk+1 is in the Close table then
Skip;

else
Calculate g(Xk+1) and h(Xk+1);

end if
if Xk+1 is not in the Open table then

Add strategy Xk+1 to the Open table;
else if the newly obtained g(Xk+1) is smaller than the recorded one then

Update g(Xk+1), f (Xk+1) in the Open table;
end if

end for
end while

This algorithm has a worst-case time complexity of O(V[m · n + b(m · n + K + log V)]),
where m is the number of tasks, n is the number of channels, K is the total number of
occupied intervals in all channels, V is the number of visited states, and b is the average
branching factor. For each expanded state, comparing Xk with Xd requires O(m · n) time,
since the allocation matrix contains m · n entries. For each candidate successor, feasibility
checking, conflict detection, and cost evaluation require O(m · n + K) time, while main-
taining the Open table implemented as a min-heap requires O(log V) time. Therefore,
the complexity can be simplified as O(V · b(m · n + K + log V)). Let s denote the number
of adjusted tasks. The number of expanded states V depends on s, the branching factor,
and the conflict-induced evictions during reconfiguration. In the worst case, V may grow
exponentially with s, i.e., V = O(bs). Therefore, the time complexity can also be expressed
as O(bs[m · n + b(m · n + K + log V)]), The space complexity is O(V(m · n + K)), because
the Open and Close tables store visited allocation matrices and the corresponding channel
occupation states.
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4. Case Study
This paper validates the proposed static task–channel allocation method and allocation

scheme dynamic reconfiguration method through several sets of data. In addition, the
performance of these methods is compared with related algorithms. The experiments are
conducted on a Legion Y9000P laptop with Windows 11, an Intel Core Ultra 9 processor,
and 32 GB of memory. The algorithms were implemented in Python 3.13.5 and developed
using PyCharm 2024.1.7 Professional Edition.

In the static task–channel allocation experiments, we first conducted experiments using
a small-scale dataset. The small-scale datasets are used to illustrate the allocation process
under different task sizes and initial channel-occupation conditions. Each small-scale group
consists of three channels, and the number of tasks varies from 10 to 25. The time range of
the channels is [0, 90], and the bandwidth ranges of the three channels are [0, 36], [0, 54],
and [0, 72], respectively. Although the channel bandwidth settings are the same across the
small-scale groups, the number of tasks and the initially occupied tasks on each channel
are different, resulting in different resource-occupation patterns.

The following algorithms: dynamic programming algorithm, Hungarian algorithm,
genetic algorithm, and randomized algorithm are selected as baseline methods for compari-
son with Algorithm 1. For a fair comparison, all these methods are implemented under the
same task and channel constraints. The dynamic programming algorithm formulates the
bandwidth allocation problem as a two-dimensional bin-packing variant and derives the
final allocation scheme by applying a staged allocation process to multiple candidate task
sequences under the channel-capacity and non-overlapping constraints. The Hungarian
algorithm formulates the channel–task allocation problem as a constrained assignment
problem, constructs a cost matrix according to the feasibility and bandwidth-occupation
change of each task–channel assignment, and iteratively updates the task set and channel-
occupation state to obtain the final allocation scheme. The genetic algorithm encodes each
allocation scheme as a chromosome consisting of task-ordering and channel-selection genes.
During decoding, tasks are assigned according to the encoded order and selected channels.
If a task cannot be feasibly placed on the encoded channel, it is repaired by searching other
feasible channels; otherwise, it is marked as unassigned. In the experiments, the genetic
algorithm uses a population size of 50 and runs for 50 generations in small-scale cases,
while it uses a population size of 500 and runs for 100 generations in large-scale cases.
The maximum number of generations is used as the stopping criterion. The randomized
algorithm processes tasks according to their input order and places each task by sequen-
tially checking the available channels and feasible positions under the non-overlapping
constraint, ensuring a consistent allocation process; if no feasible placement is found, the
task is discarded and the algorithm proceeds to the next task. All methods are evaluated
using the same RFR definition and computational environment.

As shown in Table 1, the compared methods are evaluated using two metrics: RFR
and computational time. RFR is reported as a percentage, and the running time is reported
in seconds using the format mean ± standard deviation over 30 repeated runs. Algorithm 1
performs well on both metrics. In terms of RFR, Algorithm 1 has the lowest value among all
the compared methods in most experiments. For example, it remains at a low value in the
small-scale dataset, far lower than the generally high levels of other methods, which proves
that the algorithm model indicates better solution quality under the considered objective.
In terms of computational efficiency, the running time of this method is also significantly
lower than that of these selected methods. In the small-scale static task–channel allocation
experiments, Algorithm 1 even achieves the shortest runtime among all compared methods
and has the fastest running speed. In addition, Algorithm 1 achieves both the lowest
RFR and the shortest computational time in almost all experimental scenarios, leading
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comprehensively in these two core dimensions, which fully proves the superiority and
practicality of this method.

Table 1. Comparison of small-scale data for static task–channel allocation experiments.

Group
Algorithm 1 Dynamic Programming Hungarian Algorithm Genetic Algorithm Randomized Algorithm

RFR Running
Time (s) RFR Running

Time (s) RFR Running
Time (s) RFR Running

Time (s) RFR Running
Time (s)

1 35.61% 0.00 ± 0.02 63.46% 0.72 ± 0.09 70.41% 0.00 ± 0.02 63.24% 3.25 ± 0.17 53.55% 0.72 ± 0.07
2 77.04% 0.00 ± 0.03 79.73% 0.80 ± 0.12 84.57% 0.10 ± 0.03 77.92% 3.47 ± 0.15 74.82% 0.81 ± 0.12
3 66.09% 0.00 ± 0.01 80.68% 1.16 ± 0.11 77.65% 0.02 ± 0.01 77.85% 3.73 ± 0.23 84.69% 0.88 ± 0.13
4 68.42% 0.00 ± 0.02 83.40% 1.98 ± 0.12 76.79% 0.00 ± 0.02 75.62% 3.23 ± 0.14 69.44% 0.83 ± 0.09
5 69.86% 0.00 ± 0.02 71.81% 1.04 ± 0.08 77.53% 0.00 ± 0.02 74.46% 3.43 ± 0.15 72.67% 0.82 ± 0.10
6 66.32% 0.00 ± 0.03 87.54% 0.82 ± 0.10 87.54% 0.01 ± 0.03 90.14% 3.93 ± 0.25 77.54% 0.92 ± 0.12
7 72.71% 0.00 ± 0.03 82.10% 0.70 ± 0.09 90.53% 0.01 ± 0.03 82.89% 3.93 ± 0.25 75.01% 0.92 ± 0.12
8 72.35% 0.00 ± 0.01 69.71% 0.76 ± 0.10 85.47% 0.01 ± 0.01 78.50% 3.67 ± 0.20 69.60% 0.89 ± 0.13

Following the completion of the static task–channel allocation experiments, we further
evaluated the performance of dynamic reconfiguration under channel failure conditions.
Table 2 reports the damage scenario of the eight small-scale datasets, while Table 3 compares
Algorithm 2, the rule-based algorithm, and the randomized algorithm in terms of scheme
length, reconfiguration cost, and running time on the eight small-scale datasets. The
initial allocation strategy X0 is generated by Algorithm 1 before channel failure, while the
target allocation strategy Xd is obtained by re-running Algorithm 1 after a single-channel
failure. For consistency, the failed channel is set to the third channel in all datasets, whose
bandwidth range is [0, 72]. Since this channel has the largest bandwidth among the three
channels, its failure represents a relatively severe single-channel failure scenario. Note that
Algorithm 2 takes X0 and Xd as inputs and is not restricted to a specific failed channel;
if another channel fails, the corresponding Xd can be generated in the same way and the
same reconfiguration procedure can be applied.

Table 2. Damage scenario of dynamic reconfiguration experiments on small-scale data.

Metric 1 2 3 4 5 6 7 8

Total number of tasks 10 15 20 10 15 20 15 24
Matrix differences 16 12 21 10 15 14 15 15

Number of adjusted tasks 8 9 10 7 9 7 10 10

Table 3. Results of dynamic reconfiguration algorithms on small-scale data.

Algorithm Index 1 2 3 4 5 6 7 8

Algorithm 2
Scheme length 11 11 17 8 11 10 14 14

Cost 33,150 34,200 43,710 23,800 39,530 34,460 38,320 41,160
Running time (s) 0.01 ± 0.02 0.01 ± 0.02 0.06 ± 0.03 0.00 ± 0.02 0.56 ± 0.12 0.11 ± 0.01 0.00 ± 0.01 0.53 ± 0.13

Rule-based algorithm
Scheme length 16 18 20 14 18 14 20 20

Cost 39,460 40,400 45,120 31,600 41,140 37,270 42,230 44,170
Running time (s) 0.40 ± 0.11 0.45 ± 0.12 0.53 ± 0.13 0.42 ± 0.10 0.83 ± 0.21 0.51 ± 0.14 0.52 ± 0.15 0.84 ± 0.22

Randomized algorithm
Scheme length 14 15 19 12 17 13 18 19

Cost 37,450 37,950 44,460 27,800 40,970 36,710 40,700 43,890
Running time (s) 0.62 ± 0.17 0.67 ± 0.19 0.71 ± 0.16 0.65 ± 0.15 0.98 ± 0.20 0.71 ± 0.19 0.64 ± 0.18 0.97 ± 0.21

As shown in Table 2, the first row denotes the total number of tasks included in the
experiment, the second row denotes the number of different entries between the initial
allocation matrix and the target allocation matrix, and the third low denotes the number of
tasks whose allocation states need to be changed. The rule-based algorithm first extracts
these adjusted tasks from the initial strategy and then places them into the target channels
one by one according to Xd. As shown in Table 3, Algorithm 2 achieves the shortest scheme
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length in all datasets and the lowest reconfiguration cost in all datasets. It also has the lowest
running time on the small-scale cases, indicating that it can efficiently generate compact
and low-cost reconfiguration schemes when the problem size is limited. In contrast, the
rule-based algorithm obtains the longest scheme length and the highest reconfiguration
cost, because it removes the affected tasks one by one and then reallocates them one by one
during the reconfiguration process, which increases both the number of reconfiguration
events and the accumulated implementation cost. The randomized algorithm generally
produces longer schemes and higher costs due to its random task-selection process. These
results demonstrate the superiority of Algorithm 2 in generating efficient, compact, and
low-cost reconfiguration schemes under small-scale dynamic reconfiguration scenarios.
The running time is reported in seconds using the format mean ± standard deviation over
30 repeated runs. For the randomized algorithm, the random selection sequence is fixed
within each experimental group, so repeated runs produce the same reconfiguration result
and only the running time varies.

The reconfiguration process generated by Algorithm 2 is represented as a sequence
of reconfiguration events, where each event denotes the allocation-state change of one
task. Since moving one task may conflict with other tasks, some tasks can be temporarily
removed and reallocated in later steps. To illustrate this dynamic process, the second
small-scale experimental set is used as an example, the initial static allocation strategy is

X0 =

−1 −1 −1 −1 −1 −1 0 19 −1 −1 −1 −1 −1 13 0
−1 −1 −1 −1 0 18 −1 −1 −1 −1 33 22 0 −1 −1
49 −1 −1 40 −1 −1 −1 −1 17 0 −1 −1 −1 −1 −1

, the target static al-

location strategy is Xd =

−1 −1 −1 −1 −1 −1 0 −1 −1 19 −1 −1 −1 13 0
−1 −1 −1 −1 0 33 −1 18 −1 −1 −1 33 0 −1 −1
−1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1

,

and its reconfiguration sequence is shown in Figure 2. The obtained sequence is r1, r4, r8, r10,
r9, r12, r6, r8, r11, r12, r6. In Figure 2, each sub-matrix represents an intermediate allocation
state, with rows corresponding to channels and columns corresponding to tasks. Each
sub-matrix has a size of 3 × 15, representing the allocation relationship between 3 channels
and 15 tasks. The colored blocks highlight the changes between consecutive states: blue
denotes the original task placement, yellow denotes task addition, red denotes task deletion,
and green denotes task movement. This example shows how Algorithm 2 adjusts tasks
step by step until the target allocation state is reached.

After the small-scale experiments, large-scale experiments are conducted to further
evaluate the scalability of the proposed methods. Compared with the small-scale setting,
the large-scale setting uses more diverse channel bandwidth ranges, selected from [0, 36],
[0, 54], [0, 72], and [0, 300]. The datasets cover four task-density settings, namely low-
load, high-load, overload, and high-occupancy cases. For each setting, both uniform
and Gaussian task distributions are considered. Specifically, Groups 1–2 are low-load
cases, Groups 3–4 are high-load cases, Groups 5–6 are overload cases, and Groups 7–8
are high-occupancy cases, where the two groups in each pair correspond to uniform
and Gaussian distributions, respectively. These datasets are used to examine algorithm
performance under different resource-demand intensities, task-distribution patterns, and
channel bandwidth configurations.

As shown in Table 4, Algorithm 1 maintains good performance on the large-scale
datasets, where each dataset contains 500 tasks and 400 channels. The evaluation met-
rics are the same as those used in Table 1, including RFR and running time. Similar to
the small-scale results, Algorithm 1 achieves competitive RFR values across the eight ex-
perimental groups, indicating stable allocation quality under different task-density and
task-distribution settings. In terms of computational efficiency, Algorithm 1 shows a clear
advantage. Its running time is only about 3–5 s in all large-scale cases, whereas the com-
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pared methods require tens or even hundreds of seconds. These results demonstrate that
Algorithm 1 can maintain stable allocation performance and high computational efficiency
as the problem scale increases.

Figure 2. Reconfiguration procedure diagram. Blue, yellow, red, and green indicate the original task
placement, task addition, task deletion, and task movement, respectively.

Table 4. Comparison of large-scale data for static task–channel allocation experiments.

Group
Algorithm 1 Dynamic Programming Hungarian Algorithm Genetic Algorithm Randomized Algorithm

RFR Running
Time (s) RFR Running

Time (s) RFR Running
Time (s) RFR Running

Time (s) RFR Running
Time (s)

1 35.23% 5.43 ± 0.23 40.97% 2.33 ± 0.18 56.63% 57.51 ± 1.12 45.27% 21.60 ± 0.96 42.16% 0.84 ± 0.11
2 35.04% 5.56 ± 0.25 41.18% 2.04 ± 0.16 56.79% 57.78 ± 1.18 44.46% 29.51 ± 1.13 42.19% 0.96 ± 0.15
3 52.80% 3.24 ± 0.15 59.87% 6.58 ± 0.20 66.60% 36.32 ± 1.05 58.31% 154.22 ± 2.87 60.54% 0.97 ± 0.16
4 53.75% 3.30 ± 0.18 59.53% 6.34 ± 0.25 65.89% 46.92 ± 1.22 59.59% 169.48 ± 2.31 60.17% 0.91 ± 0.17
5 57.89% 3.14 ± 0.20 65.30% 8.39 ± 0.21 67.32% 32.30 ± 1.33 65.88% 47.60 ± 1.35 64.72% 1.00 ± 0.20
6 57.66% 3.08 ± 0.13 64.65% 8.42 ± 0.22 66.94% 32.52 ± 1.02 65.27% 47.68 ± 1.33 63.46% 0.93 ± 0.16
7 89.06% 5.37 ± 0.22 88.80% 27.82 ± 1.04 91.15% 98.32 ± 1.97 89.41% 125.28 ± 2.57 88.93% 0.95 ± 0.18
8 89.18% 5.21 ± 0.29 88.78% 52.41 ± 1.86 91.15% 100.96 ± 2.68 89.52% 232.89 ± 3.79 89.03% 0.95 ± 0.17

After evaluating Algorithm 1 on large-scale static allocation cases, we further examine
the large-scale dynamic reconfiguration performance of Algorithm 2. Since Algorithm 2
is limited by the reconfiguration search space, the large-scale dynamic experiments use
a reduced setting with 350 tasks and 200 channels compared with the large-scale static
allocation experiments. Meanwhile, the number of adjusted tasks is controlled around 20 to
ensure that the reconfiguration search can be completed. In each group, the same damaged
channel ids are used for all compared algorithms to ensure consistency. Table 5 reports the
damage scenario of the eight large-scale reconfiguration groups, including the number of
damaged channels, matrix differences, and the number of adjusted tasks. Compared with
the small-scale results, Table 5 additionally reports the number of damaged channels to
describe the failure severity. Table 6 compares Algorithm 2, the rule-based algorithm, and
the randomized algorithm in terms of scheme length, reconfiguration cost, and running
time. As shown in Table 6, Algorithm 2 achieves the shortest scheme length and the lowest
reconfiguration cost in all large-scale groups. These results show that, when the number of
adjusted tasks is controlled, Algorithm 2 can still generate compact reconfiguration schemes
with low reconfiguration cost under larger problem settings. Meanwhile, the running time
increases noticeably compared with the small-scale cases, since the enlarged allocation
matrix and reconfiguration search space require more intermediate states to be generated
and evaluated. This indicates that the proposed method provides a favorable balance
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between reconfiguration quality and computational effort, with improved compactness
and lower reconfiguration cost obtained at the cost of longer running time.

Table 5. Damage scenario of dynamic reconfiguration experiments on large-scale data.

Metric 1 2 3 4 5 6 7 8

Number of damaged channels 8 10 7 8 9 6 7 9
Matrix differences 36 50 30 30 30 28 30 30

Number of adjusted tasks 20 23 15 14 15 12 14 15

Table 6. Results of dynamic reconfiguration algorithms on large-scale data.

Algorithm Index 1 2 3 4 5 6 7 8

Algorithm 2
Scheme length 22 26 20 20 21 18 19 22

Cost 68,167.56 60,727.41 63,479.22 62,466.28 76,339.53 64,813.26 62,495.81 63,878.87
Running time (s) 309.65± 2.21 248.61± 1.58 139.22 ± 1.87 197.41 ± 2.02 274.48 ± 1.94 236.38 ± 2.13 79.06 ± 1.01 146.86 ± 1.43

Rule-based algorithm
Scheme length 40 46 30 28 30 24 28 30

Cost 107,347.56 89,533.49 73,582.98 70,358.49 94,872.89 72,049.46 80,650.61 71,563.76
Running time (s) 0.65 ± 0.17 0.66 ± 0.16 0.78 ± 0.18 0.80 ± 0.19 0.70 ± 0.15 0.73 ± 0.16 0.73 ± 0.15 0.73 ± 0.16

Randomized algorithm
Scheme length 30 30 22 23 24 22 22 25

Cost 77,276.84 63,087.43 65,535.79 68,518.02 80,982.83 66,264.57 65,855.97 68,773.83
Running time (s) 0.70 ± 0.17 0.72 ± 0.16 0.69 ± 0.15 0.75 ± 0.16 0.80 ± 0.18 0.71 ± 0.17 0.78 ± 0.17 0.77 ± 0.16

The parameter α for all experiments is set to 10 and the parameter β is set to 0.9. Here,
α is used to weight the accumulated resource-dependent reconfiguration cost, while β

defines the upper bound of RFR for intermediate allocation strategies. The same param-
eter settings are used for all datasets to avoid dataset-specific tuning and ensure a fair
comparison. To examine the influence of α, sensitivity tests are conducted on the first
small-scale dynamic reconfiguration case. As summarized in Table 7, the results show that
increasing α from 1 to 10 helps Algorithm 2 obtain a shorter scheme length and a lower
unscaled reconfiguration cost, while further increasing α to 15 and 20 does not improve the
solution quality but significantly increases the running time. Therefore, α = 10 is used as
the default setting, providing a reasonable balance between reconfiguration quality and
computational efficiency. In addition, β = 0.9 is determined according to the experimental
setting to allow feasible intermediate allocation strategies while keeping the RFR within an
acceptable range.

Table 7. Sensitivity analysis of α for Algorithm 2 on the first small-scale dynamic reconfiguration case.

Metric α = 1 α = 5 α = 10 α = 15 α = 20

Scheme Length 12 12 11 11 11
Cost/α 3865 3865 3315 3315 3315

Running time (s) 0.00 ± 0.01 0.00 ± 0.01 0.01 ± 0.01 26.09 ± 0.86 65.44 ± 1.07

5. Conclusions
This paper addressed the problem of task–channel allocation in satellite communica-

tion systems under both static and dynamic conditions, with a particular focus on tasks
constrained by time windows and frequency requirements. A two-stage framework was
proposed: a greedy static allocation algorithm that minimizes resource fragmentation
while satisfying all conflict and feasibility constraints, followed by a heuristic search-based
dynamic reconfiguration algorithm that generates low-cost strategy reconfiguration event
sequences when resource failures occur. Experimental validation on small- and large-scale
datasets demonstrated that the static allocation algorithm consistently outperforms baseline
methods—including dynamic programming, Hungarian, genetic, and randomized algo-
rithms—in terms of both resource fragmentation rate and computational runtime. In the
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dynamic reconfiguration experiments, the proposed method generated feasible reconfigu-
ration sequences and achieved shorter scheme lengths and lower reconfiguration costs than
the compared methods in both small- and large-scale cases. For the large-scale dynamic
cases, the experiments were conducted with a controlled number of adjusted tasks, which
allowed the reconfiguration search to remain tractable while still reflecting larger allocation
matrices and more complex channel conditions. The results show that the proposed method
is particularly effective in producing compact and low-cost reconfiguration schemes, while
its computational time increases as the allocation scale and search space grow.

Despite these advantages, the current method faces computational challenges in very
large-scale problems, where the complexity of the reconfiguration search space may become
a bottleneck. Future research will focus on integrating metaheuristic techniques such as
genetic algorithms or simulated annealing, as well as learning-based methods, to further
improve scalability.
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