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Low-Energy Resource Optimization and Task
Assignment for Satellite Edge Computing Networks

Xiaoteng Yang
Qingqi Pei

Abstract—Satellite edge computing (SEC) has emerged as a
promising paradigm to enhance in-orbit data processing capa-
bilities and reduce transmission latency. However, satellite image
processing tasks in SEC environments face critical challenges in
efficient data handling, resource coordination, and transmission
scheduling. The dynamic network topology and time-varying
resource availability in satellite constellations further degrade the
quality and stability of SEC services. To address these challenges,
we propose a deep learning-based Collaborative Image Feature-
extraction Task Optimization (CIFTO) framework. CIFTO dy-
namically distributes image processing workloads across multiple
Low Earth Orbit (LEO) satellites, enabling continuous temporal
updates for task allocation while significantly accelerating con-
vergence and reducing computational overhead. By integrating
temporal modeling and iterative optimization, CIFTO effectively
mitigates the NP-hard nature of satellite task allocation. Further-
more, a lightweight satellite image processing model is designed
to meet the strict constraints of on-orbit computation, achieving
efficient image inference with minimal parameters. Extensive ex-
perimental evaluations demonstrate that the proposed framework
ensures timely task completion, substantially lowers system-wide
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energy consumption, and enhances the adaptability and training
efficiency of SEC services.

Index Terms—Satellite edge computing, resource collaboration,
task assignment, energy consumption.

1. INTRODUCTION

RIVEN by the rapid development of space technology,

modern satellites are increasingly equipped with ad-
vanced sensors and onboard computing devices, which signif-
icantly enhance their computational capabilities and broaden
their application scope [1]. The rapid development of mo-
bile edge computing and 6G technologies has created new
opportunities to advance satellite edge computing (SEC) [2],
[3], [4]. Notably, Low-Earth Orbit (LEO) satellites, due to
their miniaturization and cost-effectiveness, can be deployed
as large-scale, fully functional constellations to provide critical
services in applications such as precision agriculture, remote
sensing, and environmental monitoring. Moreover, LEO satel-
lite constellations can offer scalable computing resources and
on-demand services, enabling dynamic allocation and efficient
utilization of satellite resources to satisfy diverse application
demands while delivering user-specific, high-quality services
(51, [61, [7].

However, with the widespread deployment of LEO satellite
services, the volume of data generated by onboard sensors has
increased dramatically, exceeding the processing capacity of
satellite-ground links for timely data transmission. Even with
the use of high-frequency Ka/Ku bands for data downlink, satel-
lites can only transmit a portion of the collected data to ground
receiving centers within the limited communication window
[8], [9]. Meanwhile, the rapid expansion in the number of LEO
satellites has outpaced the deployment of corresponding ground
receiving stations. As a result, a large amount of sensor data
cannot be downlinked in time due to the limited capacity of
satellite-ground links and must be discarded, leading to severe
resource waste. To mitigate this issue and reduce the over-
head of satellite-ground link resources, SEC has emerged as a
promising solution [10]. As shown in Fig. 1, the SEC network
architecture offloads computing tasks to satellite edge nodes
near the data source, thereby reducing transmission latency and
bandwidth demands. This approach improves network resource
utilization and enables users to achieve better quality of service
and faster response times [6].
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Fig. 1. SEC services network architecture.

In recent years, researchers have conducted in-depth and
extensive studies to address the multifaceted challenges faced
by satellite edge computing and processing tasks. Firstly, in
[11], the concept of satellite edge intelligent computing was
proposed, which captures satellite images and then performs
intelligent processing directly on the satellite, transmitting the
computational results to the ground to reduce communication
overheads and improve the quality of service in the star-ground
network. Secondly, [6] integrated satellite on-orbit computing
with distributed cloud computing by considering each LEO
satellite as a distributed node in the network, executing on-orbit
computation via inter-satellite links, and transmitting the results
to ground users, thereby providing an efficient task process-
ing method. Considering the variability of satellite links, [12]
proposed a processing algorithm based on satellite resources,
which successfully improves the utilization of satellite com-
puting resources. In order to solve the problem of complex
operation and management of LEO satellites performing tasks
on-orbit, [13] proposed a task decomposition method, which
uses the IP model to generate the upper bound of the satellite
scheduling problem and, for the first time, applies an optimiza-
tion algorithm to the satellite broadcast scheduling problem,
thereby effectively solving the management problem of LEO
satellites performing tasks. Given the increasing computational
demand of satellite native data for on-orbit processing, [14]
proposed using cloud-native technology to improve the com-
putational capability of on-orbit processing tasks. Driven by
the large number of satellite remote sensing images, [15] pro-
posed a working model for computing nanosatellite pipelines
to alleviate resource constraints when processing tasks on a
single satellite. [16] proposed an SDN-based network architec-
ture that successfully reduces end-to-end latency and improves
the efficiency of network resource utilization by converging
satellite and terrestrial networks and adopting an on-demand
and hierarchical approach to managing and scheduling network
resources. Finally, [17] introduced a satellite IoT framework to
fully utilize the LEO satellite task processing capability and
proposed the E-CORA resource assignment algorithm, success-
fully minimizing the energy consumption of processing tasks.
These studies offer substantial theoretical and technical support
for LEO satellite processing tasks on-orbit and provide a solid
foundation for the development of future satellite applications.
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Meanwhile, image processing algorithms are crucial in SEC
[18]. In this regard, [19] proposed using saliency information
to assist ship detection in complex maritime environments,
thereby reducing false alarms. In addition, tropical cyclone
prediction can be performed by analyzing satellite images in
real time. To this end, [20] employed deep convolutional neural
networks to classify features of satellite cloud images in real
time, thereby improving the accuracy of cyclone condition es-
timation. Furthermore, [6] introduced a new satellite framework
that integrates on-orbit computing and artificial intelligence
services, with the LEO satellite constellation covering the entire
Earth’s surface. However, the proposed system is not specif-
ically designed to address on-orbit satellite image processing
tasks. The limitations of satellite computational resources and
the system complexity caused by multiple LEO satellites exe-
cuting concurrent tasks are often ignored. As a result, energy-
efficient task allocation strategies for resource collaboration in
SEC environments remain underexplored.

To overcome these limitations, we combine artificial intelli-
gence (Al) with satellite computing to enhance the on-orbit task
processing capabilities of SEC. However, due to the complex-
ity of SEC systems, achieving efficient joint management of
resources such as on-orbit image processing and inter-satellite
communication remains challenging. In this context, we inves-
tigate a low-energy image processing task allocation optimiza-
tion framework within the satellite service computing paradigm
to improve the energy efficiency of on-orbit computational
services in SEC systems. Specifically, we propose a Collab-
orative Image Feature-extraction Task Optimization (CIFTO)
framework that integrates computing resource allocation and
lightweight image processing model optimization to maximize
image detection accuracy, minimize system energy consump-
tion, and ensure timely task completion. The main contributions
of this paper are summarized below:

1) We propose a deep learning-based task allocation frame-
work for satellite edge computing, named CIFTO. The
framework jointly optimizes task allocation among mul-
tiple LEO satellites and image feature extraction through
an adaptive temporal model.

2) We design a lightweight satellite image processing model
tailored for in-orbit computation. Experimental results
demonstrate that this model achieves superior classifica-
tion accuracy with a minimal number of parameters, en-
suring efficient and stable operation under the constrained
resources of LEO satellites.

3) To ensure continuous optimization and low-energy op-
eration, we introduce the Dynamic Iterative Preserving-
sequential Optimization (DIPO) unit into CIFTO. This
unit iteratively refines the assignment scheme, guiding
the system toward energy-efficient task execution while
preserving temporal consistency across iterations.

4) Simulation results validate that CIFTO significantly re-
duces the overall system energy consumption and guar-
antees timely task completion under dynamic satellite
network conditions. Moreover, the proposed framework
exhibits faster convergence and higher training stability
compared with baseline approaches.
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Fig. 2.

The proposed SEC system.

The rest of this paper is structured as follows. Section II
introduces the system model and formulates the optimization
problem aimed at minimizing the overall energy consump-
tion. Section III presents the proposed on-orbit task assign-
ment framework, CIFTO, and the lightweight satellite image
processing model. Section IV details the experimental setup,
while Section V evaluates and discusses the performance of the
proposed scheme. Finally, Section VI concludes the paper and
outlines future research directions.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first present an overall overview of the
system and then elaborate on the computational models within
the system. Subsequently, we explore the system’s communi-
cation model, clarify the problem definition, and propose an
optimization objective.

A. System Overview

Fig. 2 presents the proposed multi-LEO multi-task SEC sys-
tem. The system consists of a local LEO (denoted as LEO
0), surrounded by L neighboring satellites, denoted as £ =
{1,2,..., L}. The imaging camera on the local satellite cap-
tures and collects image data, and then transmits the corre-
sponding data mission to the neighboring satellites. The SEC
server on each neighboring satellite receives and processes the
data using its onboard computing resources. The processing
results are subsequently transmitted to the ground cloud center
through the downlink. The ground cloud center is responsible
for monitoring the satellite status and dynamically adjusting and
assigning real-time tasks according to the mission’s completion
and system feedback.

The system operates as follows: a lightweight satellite image
feature selector is initially trained on the ground and deployed
onboard each neighboring satellite. During the time sequence
N ={1,2,..., N}, the local satellite captures images and seg-
ments them into several independent sets, each representing a
separate task, with () tasks denoted as Q = {1,2,...,Q}. The
ground cloud center collects state information from each satel-
lite and inputs this critical data into a task assignment model
(discussed in detail in the next section). This model predicts
an assignment matrix &, € {0, 1}9*L, where @ denotes the
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number of tasks and L denotes the number of neighboring
satellites. For a task ¢, d4,;(n) = 1 indicates that task ¢ has been
assigned to satellite [ (I < L). Each task is assigned to only one
satellite, represented by ZlelcS%l(n) = 1. The local satellite
then distributes the stored images to neighboring satellites for
feature extraction based on the assignment scheme. The fea-
tures extracted by different tasks are denoted as xq(n). After
task execution, each neighboring satellite transmits the selected
features to the ground cloud center via the downlink for further
analysis and global decision-making.

B. Computing Model

In this section, we describe the computational model of the
system. The computing system in each neighboring satellite
is equipped with an image feature selector, which selects ap-
propriate features and transmits them back to the ground. We
use a lightweight architecture for feature extraction across dif-
ferent image tasks. The performance of the selected features
is described by the metric A. In this paper, we use A, ;(n)
to represent the overall accuracy of the feature x4(n) that is
processed on satellite [ at different times for task ¢, i.e.,

Agi(n) = A(f(2q(n), ), yq (1)), ()

where y,(n) denotes the ground-truth label or expected output
of the image in task ¢, and f represents the corresponding
feature selection processing model. Thus, the model can achieve
a target detection accuracy of A¢qyqe¢ for a specific number of
parameters, i.e., Aq (1) > Aiarget-

After the satellite receives the task command, the vari-
ous components of the system operate. Within the period n,
we focus on different tasks g, which is denoted by ¢4(n) =
{Dy(n),Cq(n), Ty(n)}, where Dy(n) is the size of the data,
Cy(n) is the number of CPU cycles required to process the task
and Ty (n) is the tolerable latency.

Within the system time frame, the time required to process
task ¢ on satellite [ is

Cy(n)
S
where ) represents the CPU clock speed of the satellite [. Here,

7" (n) denotes the computation time required for executing
task ¢ on satellite [ during time slot n. Therefore, the energy

consumed in performing task ¢ on the satellite is defined as

EC™(n) =Y pr- t55™(n) - 5qu(n), 3)

el

=

(@)

where d,,,(n) € {0, 1} is the task assignment decision variable,
indicating whether task ¢ is executed on satellite [ at time slot
n. p; denotes the power consumption of satellite [ per unit time.

C. Communication Model

In this section, we detail the communication model of the
SEC system, which is responsible for the efficient transmission
of information between the local and neighboring satellites,
as well as between the ground cloud center and neighboring
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satellites, to ensure that critical information can be transferred
smoothly within the system.

According to the command, the primary communication pro-
cess consists of the local satellite transmitting the image task
to the neighboring satellites. Then, the neighboring satellites
perform feature extraction and transmit the processed data back
to the ground through the downlink. In this paper, it is assumed
that all satellites operate in near-circular orbits within the same
orbital plane. The distance between the local satellite 0 and
neighboring satellite [ is obtained as follows:

do(n) = (R+h)\/2(1 - cos(Abou(n)), ()

where R is the radius of the Earth, A is the orbital altitude, and
Ay (n) is the angular difference between the local satellite 0
and neighboring satellite [.

The Inter-Satellite Link (ISL) between satellites uses the Ka-
band [9], and the channel gain hg;(n) for data transmission
from the local satellite O to neighboring satellite [ is given by

ho,i(n) &)

C
4w fdou(n)’

where c is the speed of light and f is the carrier frequency.
Therefore, the data rate of transmission between the local satel-
lite O and neighboring satellite [ is expressed as [21]

PGl (ho,l(n)f) s

70,1(n) = bo,1(n) log, (1 + Nos

where by ;(n) is the channel bandwidth, P, is the local satellite
transmit power, G is the local satellite antenna gain, and Ny ; is
the noise power between the channels of the local satellite 0 and
neighboring satellite [. The antenna gain of the local satellite is
approximated as G = (4D f /c)?, where Dy is the diameter
of the transmitting antenna on the local satellite. Therefore,
the transmission time t’ff{m(n) for data transmission between
satellites is [22]

Dqy(n)

ttran — .
0,1 (n) ZleL TO,l(n)

The energy consumed at the same time E{"7"(n) is

dg.1(n). N

Egy™(n) = Po - tgi" (n). ®

Another part of the energy consumption is the neighboring
satellite | after processing task ¢, which transmits the data to
the ground cloud center. The distance from the nearby satellite
[ to the center of the ground cloud is

dig(n) = \/(R+1)? + B2 = 2R+ h)r cos(én,4(n)), ()

where ¢; 4(n) is the geocentric Angle of satellite /, that is, the
center Angle of the satellite concerning the center of the ground
cloud. Its calculation formula is as follows

Rcos gf)?f;n (n)

R+h

where ¢;7) (n) is the minimum elevation Angle of the ground
cloud center to the satellite [.

¢1,4(n) = arccos (10)

— @1 (n),
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After satellite [ completes task ¢, the data rate 7, 4(n) trans-
mitted to the ground cloud center is

2
rig(n) = brg(n) log, (1 4 PlGl(h”””) S A

where b; (n) is the channel bandwidth transmitted by satellite
[ to the ground, P is the transtask power of satellite [, G, is the
antenna gain of satellite [, and IV; , is the noise power transmit-
ted by satellite [ to the ground, h; 4(n) =1/ (47rdlyg(n)f/c)2
is the channel gain of satellite [ transmitted data to the
ground.

Therefore, after satellite [ has processed task ¢, the time
required to transmit the processed data back to the ground
station through the downlink is

~0q,1(n); 12)
where b, (n) represents the size of the feature extracted by the
processing task ¢, and 7, 4(n) denotes the downlink transmis-
sion rate between satellite [ and the ground station at time slot
n. The amount of energy expended at the same time is

E{r™(n) = Py - 179" (n). (13)

D. Problem Formulation

In this section, we first define the energy consumption in
a satellite computing system. The energy consumption within
the system consists of three components: the energy E(t)”"ﬁ”(n)
consumed by the local satellite O for transmitting data to the
neighboring satellite /, the power Egom(n) consumed for fea-
ture extraction of task ¢ on satellite /, and the energy El”q‘m(n)
consumed for transmitting the processed task ¢ to the ground-
based cloud center, defined as

E(n) = Eg;™" (n) + Eg” (n) + E[7"(n).  (14)

Next, we formally define the problem as an optimization
problem aiming to minimize the total energy consumption in
a satellite computing system. Our goal is to find a resource
assignment strategy to minimize the system’s total energy con-
sumption while satisfying various constraints. Specifically, our
optimization objective can be expressed as

1
P1l: min— Z Z E(n)

n qeQ
w1(n) €{0,1},Vge Q. Vi€ L,

L
(€C2): > Gqu(n) =1,

(C3): Agi(n) > Atarget, Vg€ Q, V1 € L,

s.t.(C1):

>

L
(C4): > 6gu(n)bou(n) < B,VIEL,

=1
(C5) g™ (n) + g7 (n) + 17" (n) < Ty(n),¥q € Q.

q,l
(15)
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Fig. 3.  The structure of the proposed CIFTO framework.

‘P1 represents the minimum total system energy consumption
value for a given task assignment. We need to find an assign-
ment scheme 0(n) that minimizes the system’s total energy
consumption for a given task. The optimal assignment scheme
is denoted as 0*(n), with the constraints (C1) and (C2) ensuring
that each task is assigned exactly once to one of the available
LEO satellites in time frame n. The constraint (C3) ensures
that each on-orbit computation task achieves the predefined
target accuracy Ayqrget, and the constraint (C4) limits the total
communication bandwidth of all satellites performing the tasks
so that it does not exceed the maximum available bandwidth
B supported by the system. The final constraint (C5) guaran-
tees that each task ¢ is completed within its acceptable delay
threshold T, (n).

P1 is an NP-hard mixed-integer nonlinear programming
(MINLP) problem. To solve this problem efficiently, we pro-
pose an approach consisting of three key steps. First, we in-
troduce a deep learning-based task assignment model, whose
computational complexity and structure will be analyzed in
detail in the following section. Next, we perform image feature
extraction using a lightweight processing model deployed on-
board the LEO satellite’s computational module to ensure that
the expected performance can be achieved during on-orbit task
execution. Finally, we optimize the energy consumption of the
entire system under the above constraints to achieve minimal
energy usage while ensuring timely task allocation and effec-
tive processing. Through this three-stage optimization strategy,
the proposed framework achieves efficient task assignment and

processing while significantly reducing overall system energy
consumption.

III. THE CIFTO FRAMEWORK
A. CIFTO Framework Overview

As illustrated in Fig. 3, the proposed CIFTO framework
consists of four tightly coupled modules: dynamic network con-
dition prediction, temporal convolution-based task assignment
decision generation, policy update, and execution. To effec-
tively adapt to the time-varying and heterogeneous nature of
terrestrial-satellite communication environments, CIFTO inte-
grates a Long Short-Term Memory (LSTM) network for tem-
poral prediction and a Temporal Convolutional Network (TCN)
for sequential decision learning. This hybrid LSTM-TCN struc-
ture enables CIFTO to capture both long-term dependencies
and local temporal correlations in network dynamics while
maintaining computational efficiency for onboard inference.

B. Satellite Feature Embedding and Temporal Decision
Generation

To enhance decision robustness under dynamic communica-
tion environments, the CIFTO framework employs an LSTM-
based temporal predictor to model the sequential evolution
of satellite-ground communication quality, represented by the
signal-to-noise ratio (SNR). At each system time step n € N,
the LSTM receives a sequence of historical SNR observations
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(Y(n—T+1),...,%(n)) and outputs the predicted next-step
network state:

fistm(n+1) = Fy(yp(n — T +1),...,9(n)),

where F denotes the LSTM model parameterized by ¢.

The predicted link quality flstm(n + 1) is then combined
with other satellite-related features to construct a comprehen-
sive embedding vector for each satellite node. The input feature
of satellite v; at time step n is defined as

zi(n) = [fi(n), fi(n), fi(n), flsm(n + 1), fL, fa(n)], (17)

where fi(n), fi(n), and fi(n) represent the energy, compu-
tational, and task accuracy features, respectively; flistm (n+1)
corresponds to the predicted SNR obtained from the LSTM;
[ encodes the intrinsic attributes of the satellite; and f%(n) =
[Li(n), P;(n),Q;(n)] denotes dynamic operational attributes
including computational load, residual power, and task queue
length.

The concatenated feature representations are processed by
the TCN to capture short-term dependencies and inter-feature
correlations through dilated causal convolutions. For the [-th
convolutional layer, the temporal feature transformation is ex-
pressed as:

(16)

EO ) = oW xg BV (1) + 5D, (18)

where *4, denotes a one-dimensional convolution with dilation
factor d;, W®) and b are trainable parameters, and o (-) rep-
resents the ELU activation function. After multiple temporal
convolutional layers, the TCN outputs the probabilistic task
assignment distribution

P(n) = Softmax (W, [th), héL), .. ,h%)]), (19)

where P(n) = [pg.1(n)] € [0,1]9*E, and p,(n) denotes the
probability that task ¢ is assigned to satellite [ at time step 7.

After obtaining the probabilistic task assignment matrix
P(n) from the LSTM-TCN module, the next step is to deter-
mine the optimal executable task assignment matrix §(n). To
achieve this, the probability outputs are fed into the Dynamic It-
erative Preserving-sequential Optimization (DIPO) unit, which
performs a refined optimization process that jointly considers
task accuracy and system energy consumption.

In the DIPO unit, the feature extraction performance of each
task—satellite pair during execution, denoted as A, ;(n), is in-
tegrated into the optimization process. The objective is to min-
imize total energy consumption while maintaining high feature
extraction accuracy. To balance these two factors, a Lagrange-
based utility function is defined as

Ug(n) = dq1(n) (Agi(n) — AEqu(n)), (20)

where A is a weighting factor that regulates the trade-off be-
tween task accuracy and energy efficiency. The overall opti-
mization problem can thus be formulated as

Q L
P2: mngZZUq(n),

q=11=1

s.t. (C1),(C2). 1)
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Algorithm 1: Dynamic Iterative Preserving-sequential Opti-
mization (DIPO) unit
Input: Probability matrix P(n), number of candidate solutions
K, initial values: A = 1.0, @ = 0.01, adjustment factor n =
0.05, convergence threshold ¢ = le — 3.
Output: Task assignment plans {¢*, 462, ...,6"}.
1: Initialize Lagrange multipliers 1, < 0, Vg.
2: Initialize task assignment matrix J,;(n) < 0,Vq, !
3: while £ < K and not converged do

4:  Initialize converged < True

5:. forg=1toQ do

6 Compute U, (n) with equation (20).

7: Generate candidate solutions based on equation (23).
8 Store the previous value of ji: £ 4 fig.

9: Update 1, with equation (24).

10: if |11 — 119 > € then

11: converged <— False

12: end if

13:  end for

14:  Adjust the weighting factor A:

150 A« max(0, min(1, A x (1 —n))).
16: end while

17: return {41,862, ..., 6%}

To solve P2, we define the Lagrangian function as follows:

Q L Q L
LOm =D Y U+ g (1 - Zéq,z(m) . @
q=1 =1

q=11=1

where p is the Lagrange multiplier. Next, we initialize the
0(n) matrix to be an all-zero matrix, i.e., d5;(n) =0 Vg,l.
then, for each task ¢, compute its utility function U,(n). At
different moments, generate /X candidate solutions based on the
following rule

k
5 (n) = 1 [ =argmaxy (Ué )(n) + ,qu(’“)(n)) 23
0 otherwise.
The Lagrange multiplier 1, is then updated, i.e.
L
[g < g + (1 — Zéq,l(n)> , (24)
=1

where « is the learning rate. We iteratively optimize until s
converges. After completing the DIPO, we obtain a set of
K allocation schemes, denoted as {6'(n), 6%(n),...,0%(n)}.
The pseudo-code of DIPO is presented in Algorithm 1. Finally,
the best allocation scheme &*(n), which corresponds to the
minimum energy consumption of the whole system, is selected
from the resulting & candidates, denoted as

6" (n) = E(n). (25)

arg min
ske{s1,52,...,06K}

Importantly, as the optimization process progresses, CIFTO
can dynamically generate K candidate assignment schemes
based on the temporal representations obtained from the
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Fig. 4. The architecture of lightweight satellite image processing model.

LSTM-TCN hybrid network. This mechanism provides an ef-
ficient solution, as it enables the framework to continuously ex-
plore task assignment schemes with lower energy consumption.
During the iterative optimization, CIFTO updates its internal
state representations to further refine the temporal decision pro-
cess, thereby enhancing its ability to identify energy-efficient
allocation strategies under varying satellite conditions.

To ensure that the predicted assignment scheme remains
consistent with the optimal solution of P1, CIFTO continu-
ously updates the temporal decision parameters through iter-
ative learning. At the early stage of task execution, however,
the model may face a cold-start problem, as the LSTM-TCN
parameters are not yet well trained, potentially leading to subop-
timal assignment schemes. To mitigate this issue, we introduce
a high-quality initial assignment scheme generated by a greedy
algorithm, denoted as 6" (n), which serves as the initialization
reference.

As CIFTO executes and learns from temporal data, the qual-
ity of the predicted assignment scheme d*(n) gradually im-
proves and may surpass the initial scheme §”(n). To ensure
continuous improvement, the two schemes are compared at
each iteration. If the energy consumption of *(n) is lower, the
system updates 6" (n) = §*(n), ensuring that CIFTO iteratively
evolves toward high-quality solutions. At the n-th system time
point, new temporal decision samples (6" (n), z(n)) are stored
in a limited-capacity memory buffer. When the buffer is full,
older samples are replaced by the most recent ones to maintain
the adaptability and timeliness of the iterative optimization
process.

C. Task Assignment Execution

After completing the optimal task assignment through the
CIFTO framework, the ground cloud center issues execution
commands to satellites via the satellite—ground communication

Bneck
Avg_poal

FC

BN

_! . I'nl;lt' _\’- .....................

“ ‘ 2 )\
© N

! CxHleool Cx1xW
Chox 1w |
Chx 1qwe)

CxHx1[ Comv2d | C x 1xW

link. As illustrated in Fig. 4, we enhance the MobileNetV3 ar-
chitecture by integrating the Coordinate Attention (CA) mecha-
nism, resulting in a lightweight model termed LCA-MobileNet
[25], [26]. MobileNetV3 employs depthwise separable convo-
lution, which reduces the computational cost to approximately
one-ninth of that of standard convolution operations, and adopts
an inverted residual structure to alleviate gradient vanishing
issues during training. By replacing the original Squeeze-and-
Excitation (SE) attention with the CA mechanism, the model
achieves a more effective fusion of positional and channel fea-
ture information, which is particularly beneficial for capturing
spatially distributed characteristics in satellite imagery [27].

Coordinate information embedding is achieved by decom-
posing global average pooling into two spatially scaled pooling
kernels, (H, 1) and (1, W), encoding each channel with hori-
zontal and vertical coordinates for feature aggregation. This en-
ables the attention mechanism to capture remote dependencies
in one spatial direction while preserving location information
in the other, enhancing the model’s focus on regions of interest.
The outputs for the c-th channel in the horizontal and vertical
directions are given by

Z .’L‘c(h,i), Zg)(w):% Z xc(j,w),

0<i<W 0<j<H

1
ZMn) = —

(26)

where H and W are the height and width of the input feature
map.

The coordinate attention generation process first compresses
the feature map using 1 x 1 convolution, reduces channels by a
factor of r, applies ReLU activation, and segments the feature
map into horizontal and vertical tensors. The number of chan-
nels is restored using 1 x 1 convolution, followed by Sigmoid
activation and weighted fusion. The final output is

ye(i,§) = z(i,§) x g (i) x g% (j), 27)
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where g" (i) and g% (j) are the attentional weights in the hori-
zontal and vertical directions, respectively.

D. Assignment Policy Update

To obtain the optimal task assignment strategy with minimal
energy consumption, the CIFTO framework continuously re-
fines the assignment policy generated by the TCN-based prob-
abilistic model. At each iteration, temporal decision samples
are randomly drawn from a memory buffer to form a batch B,
where d € B indicates that the data pair was generated in the
d-th period. Each data pair in the batch consists of the reference
assignment 4" (d) and its corresponding feature vector z(d).
The TCN processes x(d) and outputs a probabilistic task assign-
ment distribution P(d) = [p,.i(d)] € [0,1]9*L, where p,(d)
denotes the probability of assigning task ¢ to satellite [. The
single-sample objective is to minimize the expected energy
consumption

Q
Ud) =" paa(d) - Eqa(d),

q=11=1

(28)

where E, ;(d) represents the estimated energy cost of assigning
task ¢ to satellite [ under the system state at period d.

Based on the single-sample objective, the average batch loss
function is defined as

£B) = 5 3 H@).

deB

(29)

where |B| denotes the size of the training batch. The model
parameters are updated using the Adam optimizer with learning
rate 7, which enables stable convergence and efficient adapta-
tion under dynamic satellite communication environments [28].
By minimizing £(B), the CIFTO framework adaptively updates
its task assignment policy, ensuring energy-efficient and reliable
satellite collaboration. The complete optimization process is
summarized in Algorithm 2.

IV. EXPERIMENTAL SETTINGS
A. Simulation Setup

To systematically evaluate the proposed CIFTO framework,
we first establish the overall experimental configuration, which
includes both the LEO satellite system parameters and the task
assignment framework execution settings. The LEO satellite
configuration includes an orbital altitude i = 780 km, an Earth
radius R = 6371 km, speed of light c = 3 x 108 m/s, and carrier
frequency f = 30 GHz. The phase difference between satellites
0o,1(n) varies from 5° to 15°, and the minimum elevation angle
of the ground center to the satellite gbf‘f;n(n) is 16°. Inter-
channel noise powers Ny ; and N; 4, are set to -203 dBm/Hz,
while satellite antenna gains G and () are 43.3 dBi. Transtask
power Py and P; ranges from 50 W to 60 W, and computational
power p; ranges from 50 W to 100 W. The CPU clock speed S
varies from 0.8 GHz to 4 GHz. The channel bandwidth b ;(n)
and by 4(n) vary from 80 MHz to 100 MHz. Task sizes Dy(n)
vary between 64 MB and 100 MB [9], [21], [22].
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Algorithm 2: Execution Procedure of the CIFTO Framework

Input: Feature vector x;(n) for each satellite v;; system pa-
rameters.
Initialization: Initialize reference assignment 6" (n); initialize
model parameters ¢ of TCN; initialize memory buffer B =
0.
1: for each time step n € [1, N] do
2:  Predict future link quality flstm(n + 1) for all satellites
using LSTM.
3:  Construct feature embeddings x;(n) and input them into
the TCN.
4:  Obtain probabilistic task assignment distribution P(n) =
[pg,1(n)] from TCN output.
5. Estimate the energy cost E,;(n) for assigning task ¢ to
satellite /.
6:  Determine the optimal assignment §*(n) that minimizes
l(n) = Zq,lqu(n) - Equ(n).
7. if §*(n) yields lower energy consumption or higher re-
liability than 6" (n) then
: Update reference assignment: 6" (n) < 6*(n).
9:  end if
10:  Execute tasks according to 6" (n).
11:  Store the current temporal sample (6”(n),z(n)) into

buffer B.
12 if n mod I =0 then
13: Randomly sample a mini-batch Bi,i, C B.
14: Compute batch 108s: £(Buain) = 157 2 de B, £(4)-
15: Update TCN parameters € using the Adam optimizer:

0 $— Adam(VgC(Bmun)a 7])

where 7 denotes the learning rate.
16:  end if
17: end for
Output: Final optimized task assignment 6*(n).

The CIFTO framework was executed for N = 6000 system
time steps. The task assignment model fy is trained under
supervision at the ground-based cloud center. Initial assignment
schemes are generated using a greedy selection method. To
avoid overfitting, the batch size is 256, dropout rate is 0.1, and
training parameters are updated every 10 CIFTO steps (i.e.,
training interval I = 10). The memory buffer size is set to 1.5
times the batch size. Adam’s optimizer is used with a learning
rate of 0.001. In CIFTO execution, the assignment scheme
generated by DIPO uses K = 30 candidates. A timeout penalty
mechanism is introduced, consuming 100 units of energy per
timeout task to ensure that tasks exceeding deadlines are depri-
oritized.

B. Task Assignment Methods

To evaluate the effectiveness of CIFTO, we compare
it against several representative baseline task assignment
schemes. Energy consumption over the last 1000 system time
steps is used as the primary metric:
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1) Random: Tasks are randomly assigned to available satel-
lites. Ten independent schemes are generated, and the one
achieving the lowest total energy consumption is selected.

2) Greedy: Tasks with the longest estimated processing
times are assigned to satellites with the highest available
computational resources, updating satellite states dynam-
ically.

3) PPO [34]: Task offloading is formulated as a Markov
decision process. PPO learns an adaptive strategy min-
imizing energy and delay in a dynamic satellite network.

4) JTO-CCRO [35]: Task offloading and resource allocation
are decoupled. The task offloading subproblem is solved
via a game-theoretic approach, and resource allocation is
optimized via Lagrange multipliers.

5) ATO-SLA [36]: Spatiotemporal satellite workloads are
considered for adaptive task allocation to prevent over-
load while optimizing system performance.

C. Lightweight Model Evaluation

In addition, the proposed lightweight image processing
model LCA-MobileNet is evaluated on single-label and multi-
label datasets. The single-labeled dataset is merged from AID
[29], NWPU RESISC45 [30], and PatternNet [31], selecting
35 common categories. For each category, 350 images are ran-
domly selected for training, and 140 images are reserved for
validation. The multi-labeled dataset merges MLRSNet [32]
and AID-multi [33], containing 76 categories; 20% of data
from each category is used for training, and the remaining for
validation.

V. EXPERIMENTAL RESULTS
A. Comparison of Task Processing Models

By comparing evaluation metrics on satellite image datasets,
the effectiveness of the LCA-MobileNet model in image pro-
cessing tasks is verified. When deploying the model to LEO
satellites, accuracy (satisfying constraint C3), number of pa-
rameters, and computational requirements must be balanced to
avoid reduced processing speed due to limited resources.

LCA-MobileNet demonstrates consistently high processing
accuracy across both single-label and multi-label datasets. As
shown in Figs. 5 and 6, the solid curves represent the average
test accuracy obtained over ten independent experiments, indi-
cating strong stability and robustness. The quantitative results in
Table I show that LCA-MobileNet outperforms MobileNetV3
by 1.58% and 2.00% on the respective datasets, while main-
taining a compact architecture with 6.24M parameters. This
balance between accuracy and efficiency highlights the model’s
suitability for deployment in resource-constrained LEO satel-
lite environments. Subsequently, the CIFTO framework will be
evaluated under various operational scenarios to further verify
its adaptability and performance.

B. CIFTO Performance Given Different Numbers of Tasks

In this experiment, the number of LEO satellites is fixed at
three, and the performance of the proposed CIFTO model is
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Fig. 5. Test accuracy of the proposed model with other models on single-
label dataset [29], [30], [31].
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Fig. 6. Test accuracy of the proposed model with other models on multi-
label dataset [32], [33].

evaluated under different task volumes. Fig. 7 illustrates the
predicted energy cost corresponding to various task assignment
scenarios, where each subplot represents a configuration with a
distinct number of LEO satellites. The notation (x, y) indicates
a system with = LEO satellites and y tasks. The expected as-
signment scheme may include tasks that fail to meet the accept-
able delay thresholds, i.e., tasks violating constraints (C3) and
(C4). The ideal assignment aims to minimize the overall energy
cost while ensuring that all delay constraints are satisfied. To
incorporate this trade-off, a timeout penalty mechanism is in-
troduced, where each delayed task incurs an additional penalty
of 100 energy units added to the system’s total energy cost. This
allows the evaluation of assignment schemes to jointly consider
both energy efficiency and delay performance. As shown in
Fig. 7, the proposed CIFTO model consistently achieves the
lowest total energy cost, including timeout penalties, across all
system configurations. These results demonstrate that CIFTO
effectively generates task assignment strategies that minimize
energy consumption while ensuring timely task completion un-
der varying network conditions.
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TABLE I
COMPARISON ON SINGLE-LABEL, MULTI-LABEL DATASETS. LATENCY IS TESTED ON NVIDIA 4070T1 GPU
WITH BATCH SIZE OF 1

Model Parameters (M) FLOPs(B) Latency (ms)  Acc(single-label)  Acc(multi-label)
MobileNet_v3_large [25] 5.48 0.22 4.19 81.50% 85.70%
ShuffleNetv2_x2 [37] 7.39 0.59 291 80.93% 85.41%
EfficientNet_bO0 [38] 5.29 0.39 5.06 73.66% 80.46%
RegNet [39] 2.68 0.20 2.99 68.09% 70.30%
Vision Transform [40] 86.57 17.57 3.38 85.27% 90.25%
ConvNeXt [41] 28.59 4.46 4.46 66.98% 75.10%
MobileViT [42] 1.27 0.31 5.51 67.06% 71.81%
VanillaNet [43] 15.52 5.16 1.15 78.41% 78.06%
LCA-MobileNet 6.24 0.22 5.03 83.08% 87.70%
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Fig. 7. Comparison of different methods for different numbers of tasks given
in the system. The energy cost represents the energy consumed to perform
the tasks and the overtime ratio represents the percentage of overtime in the
task satisfaction scenario.
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Fig. 8. Comparison of different methods of performing tasks given different
numbers of satellites in the system. The energy cost represents the energy
consumed to perform the tasks and the overtime ratio represents the percentage
of overtime in the task satisfaction scenario.

C. CIFTO Performance Given Different Numbers of LEO
Satellite

In this experiment, we evaluate the performance of the pro-
posed CIFTO model in systems with different numbers of LEO
satellite. The number of assignments in the system is fixed at
20. Fig. 8 shows the predicted energy cost and time delay for
different assignment scenarios. The results show that CIFTO
consistently outperforms the baseline approach and produces
the best energy-efficient assignment scheme for different sys-
tem configurations.

D. Ablation Experiment

This experiment aims to investigate the effect of the proposed
DIPO unit on the performance of the CIFTO framework. We
compare the energy cost of task execution under different con-
figurations to verify the contribution of each module. Table II
summarizes the average performance of the methods over the
last 1000 system time steps. Specifically, CIFTO-E denotes
the model variant without the initialization reference assign-
ment scheme 6" (n), while CIFTO-B represents the baseline
configuration where the probabilistic task assignment matrix
P(n) € RO*L generated by the LSTM-TCN module is directly
used for decision-making without further DIPO refinement.

At each system time step n, CIFTO-B selects the satellite
with the maximum assignment probability for each task ¢ € Q:

1, l=arg mlaqu’l(n),

6q,l(n) = (30)

0, otherwise,

thereby satisfying constraints (C1) and (C2).

As shown in Table II, introducing the DIPO unit significantly
reduces the system’s overall energy cost compared to CIFTO—
B. This improvement arises because DIPO iteratively refines
the task assignment matrix by considering both feature extrac-
tion accuracy and energy efficiency, rather than relying solely
on probabilistic predictions. Throughout the CIFTO execution,
DIPO continuously explores improved assignment strategies
and outperforms the baseline probabilistic approach. In sum-
mary, these results demonstrate that the integration of DIPO
enables CIFTO to generate more energy-efficient and dynami-
cally adaptive task allocation schemes.

E. Cold-Start Problem Analysis

This experiment investigates the effectiveness of introducing
the initial reference assignment scheme 6" (n) in mitigating the
cold-start problem during the early phase of CIFTO operation.
The cold-start problem arises when the LSTM-TCN and DIPO
units lack prior knowledge of high-quality assignment schemes,
leading to suboptimal initialization and slower convergence to
the optimal policy.

In the proposed framework, the initial reference assignment
5" (n) provides a high-quality starting point generated by a
greedy algorithm, which guides the learning process of both
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TABLE 1T
A COMPARISON OF DIFFERENT CIFTO CONFIGURATIONS FOR TASK EXECUTION UNDER VARIOUS SCENARIOS IS PRESENTED. CIFTOB DENOTES THE
MODEL WITHOUT THE DIPO OPTIMIZATION UNIT, AND CIFTOE REFERS TO THE MODEL WITHOUT THE INITIAL REFERENCE ASSIGNMENT. FIG. 9
SHOWS THE ENERGY COST, REPRESENTING THE ENERGY CONSUMED FOR TASK EXECUTION, WHILE FIG. 10 ILLUSTRATES THE OVERTIME RATIO,
INDICATING THE PROPORTION OF TIME-OUTS IN EACH SCENARIO. THE RESULTS REPORT THE AVERAGE VALUES ACROSS 1000 SYSTEM TIME STEPS

Method (3,15) (3,20) (4,15) (4,20)

Energy Cost  Overtime Ratio  Energy Cost  Overtime Ratio  Energy Cost  Overtime Ratio  Energy Cost  Overtime Ratio
CIFTO-B 1518.342 3.74% 1983.277 8.12% 2068.452 5.88% 2381.911 10.32%
CIFTO-E 1476.829 1.62% 1910.564 3.81% 2009.732 5.92% 2294.648 6.84%
CIFTO 1382.217 1.58% 1678.503 2.96% 1835.967 3.97% 2071.482 6.35%

Energy Cost Comparison in Different Schemes

CIFTO-B 1518.34 1983.28 2381.91
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(3.20) (*.15) (4.20)

Fig. 9. Energy cost comparison of different CIFTO configurations under
multiple task—satellite settings.

the LSTM-TCN module and the DIPO optimization unit. In
contrast, the CIFTO-E variant excludes this initialization and
relies on random assignments at the beginning of training.

As illustrated in Fig. 9, CIFTO-E suffers from higher energy
consumption and slower convergence compared to the complete
CIFTO model. Without the initial reference assignment, the sys-
tem struggles to efficiently explore the decision space, resulting
in unstable task execution during the early learning stages. Con-
versely, the initialization strategy accelerates convergence by
providing effective guidance for the collaborative optimization
among the LSTM-based temporal predictor, TCN-based feature
extractor, and DIPO policy optimizer.

Furthermore, Fig. 10 demonstrates that CIFTO achieves a
consistently lower overtime ratio, reflecting its ability to main-
tain stable real-time task execution across varying task—satellite
configurations. These results, together with the data summa-
rized in Table II, confirm that incorporating the initial reference
assignment effectively alleviates the cold-start issue, ensuring
more stable and energy-efficient convergence in dynamic satel-
lite communication environments.

F. Model Complexity Affects System Performance

This experiment investigates the impact of the model com-
plexity within the CIFTO framework on overall system per-
formance. As shown in Fig. 11, we evaluate three variants of
CIFTO with different model configurations: (1) a lightweight
model (Simplified), (2) the proposed balanced model (Pro-
posed), and (3) a high-complexity model (Complex). The main

Overtime Comparison in Different Schemes
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Fig. 10. Overtime ratio comparison of different
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plexities.

Performance comparison of CIFTO under different model com-

differences lie in the number of layers and hidden units within
the LSTM-TCN modules. The Simplified model employs a
single LSTM layer with reduced temporal depth and a smaller
TCN kernel size, while the Complex model incorporates mul-
tiple stacked LSTM layers and an expanded TCN structure
with larger receptive fields. The Proposed model maintains
a moderate configuration designed to balance representation
ability and computational efficiency.

Experimental results indicate that excessive model simpli-
fication leads to degraded decision quality and higher energy
costs, primarily due to limited temporal feature extraction ca-
pacity. Although the complex variant achieves slightly better
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Fig. 12.  Impact of parameter update interval on system energy cost. Each
period represents the average energy cost of 10,000 CIFTO execution steps.

prediction accuracy, its higher computational burden results in
increased system energy consumption and slower adaptation
to dynamic environments. In contrast, the proposed balanced
model achieves the optimal trade-off between computational
overhead and task performance, ensuring efficient and stable
operation of the CIFTO framework.

G. Model Analysis: Training Intervals

In this experiment, we investigate the effect of the temporal
decision update interval I on the performance of CIFTO. The
system is configured with 20 tasks and 5 LEO satellites. As
shown in Fig. 12, the system energy cost under different up-
date intervals demonstrates clear variation. CIFTO maintains
relatively low and stable energy consumption when the update
interval [ is small, while higher energy costs emerge as [
increases to larger values such as 64 or 128.

A smaller update interval enables more frequent parameter
updates in the TCN-based temporal decision model, enhanc-
ing adaptability to dynamic communication environments but
increasing computational overhead and slowing system execu-
tion. In contrast, an excessively large interval causes the model
to lag behind environmental changes, resulting in suboptimal
task assignment. Therefore, setting I to 4 or 16 provides a bal-
anced trade-off between adaptive capability and computational
efficiency. In our system, an update interval of 16 achieves near-
optimal performance while maintaining a fast response speed
for decision updates.

H. Model Analysis: Experience Memory Buffer Size

We further evaluate the influence of the experience memory
buffer size on CIFTO performance, with the system set to 20
tasks and 5 LEO satellites. As illustrated in Fig. 13, CIFTO
gradually produces task assignment schemes with lower energy
costs across different buffer sizes due to the iterative refinement
mechanism of the DIPO unit.

The system achieves the lowest energy consumption when
the memory buffer size is approximately twice the batch size,
ensuring that recent temporal samples play a dominant role in
optimization. When the buffer size becomes excessively large,

3465

2600 Memory size = 0.5 batch size
Memory size = 1 batch size

—®- Memory size = 2 batch size
Memory size = 4 batch size

2500 —®— Memory size = 6 batch size

Memory size =8 batch size

2400

2300

Energy cost

2200

.\.\ \'\’\'ﬁ—'
2100 ~.
~e

2000

Time series

Fig. 13.  Impact of memory buffer size on system energy cost. Each period
represents the average energy cost of 10,000 CIFTO execution steps.

CIFTO exhibits slightly higher energy consumption and an
increased probability of delayed task execution. This occurs be-
cause a large buffer retains outdated temporal samples, reducing
the adaptability of the TCN-based decision model to the latest
communication dynamics. A moderate buffer capacity therefore
provides an optimal balance between adaptability and stability
in the iterative optimization process of CIFTO.

VI. CONCLUSION AND FUTURE WORK

In this paper, we proposed a deep learning-based task al-
location framework named CIFTO, along with a lightweight
satellite image processing model for SEC. The proposed CIFTO
framework minimizes the energy consumption of on-orbit com-
putation by jointly optimizing computational resource alloca-
tion, image feature extraction accuracy, and task processing
delay. Furthermore, the embedded policy optimization unit en-
sures that task execution consistently progresses toward the
direction of minimal energy consumption. Experimental re-
sults demonstrate that the proposed lightweight model signifi-
cantly enhances image processing accuracy while maintaining a
compact parameter scale. Simulation results further verify that
CIFTO outperforms baseline schemes in both energy efficiency
and execution latency. In future work, we will extend our study
to on-orbit target detection tasks and focus on the joint opti-
mization of system energy consumption and task completion
delay.
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