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The rapid growth of low-Earth-orbit satellites has injected new vitality into future service provisioning. 
However, given the inherent volatility of network traffic, ensuring differentiated quality of service in 
highly dynamic networks remains a significant challenge. In this paper, we propose an online 
learning-based resource scheduling scheme for satellite–terrestrial integrated networks (STINs) aimed 
at providing on-demand services with minimal resource utilization. Specifically, we focus on: ① accu-
rately characterizing the STIN channel, ② predicting resource demand with uncertainty guarantees, 
and ③ implementing mixed timescale resource scheduling. For the STIN channel, we adopt the 3rd 
Generation Partnership Project channel and antenna models for non-terrestrial networks. We employ a 
one-dimensional convolution and attention-assisted long short-term memory architecture for average
demand prediction, while introducing conformal prediction to mitigate uncertainties arising from burst
traffic. Additionally, we develop a dual-timescale optimization framework that includes resource reser-
vation on a larger timescale and resource adjustment on a smaller timescale. We also designed an online
resource scheduling algorithm based on online convex optimization to guarantee long-term performance
with limited knowledge of time-varying network information. Based on the Network Simulator 3 imple-
mentation of the STIN channel under our high-fidelity satellite Internet simulation platform, numerical
results using a real-world dataset demonstrate the accuracy and efficiency of the prediction algorithms
and online resource scheduling scheme.

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

In recent years, low-Earth-orbit (LEO) satellite–terrestrial inte-
grated networks (STINs) have gained significant attention and 
rapid development, emerging as a key enabling technology for
sixth-generation (6G) mobile communication networks [1,2]. With 
their extensive coverage and dense deployment, LEO satellites 
offer global coverage and seamless connectivity, even in remote
regions without terrestrial network infrastructure [3,4]. Further-
more, satellite networks play a crucial role in easing the workload
of terrestrial networks [5,6], providing on-demand services tai-
lored to a wide range of application scenarios.
The diverse nature of service requirements introduces consider-
able variation in quality of service (QoS) demands [7]. For example, 
delay-sensitive (DS) applications requiring real-time interaction 
depend on low latency and high reliability, while data-intensive 
services typically require greater capacity but can tolerate higher 
latency. Resource scheduling involves multiple stakeholders: net-
work operators (NOs), service providers (SPs), and users. Each SP
represents a specific service type, assessing its users’ resource
needs and requesting allocation from the NO. However, fluctua-
tions in traffic load often lead to reduced resource efficiency and
hinder QoS provisioning for SPs [8]. Additionally, due to the rapid 
orbital motion of LEO satellites, network resources experience
highly dynamic fluctuations within the STIN [9,10]. For instance, 
the bandwidth of downlink feeder links can fluctuate by up to 
100% within just 150 s. A critical challenge, therefore, is to develop
adaptive and intelligent resource scheduling mechanisms that
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effectively allocate limited resources among SPs with varying QoS 
requiremen ts, considering the fluctuations in traffic and network
dynamics.

The existing research on resource scheduling primarily focuses 
on terrestrial mobile networks that effectively adapt to dynamic 
service demands through traffic prediction. Although terrestrial 
networks encounter stochastic service demands and dynamic 
resource availability, the unique characteristics of STIN signifi-
cantly increase the complexity of resource scheduling. In terrestrial
networks, the primary network dynamics result from user mobil-
ity, causing relatively slow (minute-level) topological changes. In
contrast, the rapid movement of LEO satellites in STIN leads to
much faster (second-level) topological changes, greatly intensify-
ing fluctuations in link resources [11,12]. This increased dynamism 
requires real-time, accurate modeling of network dynamics to cap-
ture and reflect these rapid state transitions effectively. Regarding 
service demand prediction, precise forecasting is crucial in com-
pensating for the high-latency feedback loops and limited onboard
resources typical of STINs [8,13]. Additionally, as channel condi-
tions are highly sensitive to environmental factors, maintaining a 
degree of redundancy is necessary to account for uncertainties dur-
ing resource provisioning. In terms of on-demand matching, which 
faces the dual dynamics of the network environment and service
requirements, resource scheduling requires both performance iso-
lation and timely adjustment capabilities, while ensuring the long-
term effectiveness of the algorithm, even in the case of incomplete
or lagging information.

This study addresses three critical challenges: ① accurately 
characterizing dynamic satellite–terrestrial link resources, ② pre-
cisely predicting service demands while accounting for uncertain-
ties, and ③ achieving on-demand matching between dynamic 
network resources and stochastic traffic fluctuations. To tackle 
these issues, we propose an online learning-based resource 
scheduling framework for STINs, designed to provide dynamic 
QoS guarantees with minimal resource consumption under highly 
dynamic network conditions and uncertain service demands. For 
satellite–terrestrial link modeling, we developed channel and 
antenna models compliant with the 3rd Generation Partnership 
Project (3GPP) non-terrestrial network (NTN) standards, imple-
mented within a discrete event simulation (DES)-based STIN sim-
ulator. This accurately reflects the real transmission
characteristics of STINs. For service demand prediction, we propose
a one-dimensional convolution (1D-Conv) and attention-assisted
long short-term memory (CA-LSTM) architecture. The 1D-Conv
layer is used for local feature extraction, long short-term memory
(LSTM) captures temporal dependencies, and attention aggregates
weighted features, resulting in superior performance compared to
single-model approaches. To enhance prediction reliability, we
introduce conformal prediction (CP), which is specifically adapted
to handle sequential uncertainties in service demand. CP offers
the significant advantage of being distribution-free and model-
free.

Building on this foundation, we designed a dual-timescale 
resource scheduling optimization framework to facilitate on-
demand resource matching. Resource reservation occurs on a lar-
ger timescale based on service demand predictions, ensuring dif-
ferentiated service isolation, whereas resource adjustments are
performed on a smaller timescale in response to dynamic network
resources and fluctuating traffic, thereby ensuring efficient
resource utilization and QoS. The main contributions of this study
are summarized as follows:
• We propose a 1D-Conv and CA-LSTM algorithm for 
high-accuracy multidimensional service demand prediction. 
Additionally, we developed an adaptive sequential conformal
prediction (ASCP) algorithm tailored for time-series data. This
128
algorithm effectively manages uncertainties caused by bursty 
traffic and provides statistically guaranteed prediction intervals
at user-defined confidence levels.

• We designed a dual-timescale optimization framework that 
incorporates resource reservation at a larger timescale and 
resource adjustments at a smaller timescale, aiming to mini-
mize resource occupation while maintaining QoS constraints.
Using online convex optimization (OCO) theory, we propose
an online resource scheduling (ORS) algorithm that guarantees
long-term performance despite limited network information.

• We implemented channel and antenna models based on the 
3GPP NTN standard in our high-fidelity STIN simulation plat-
form, which simulates satellite orbital movements to capture 
dynamic satellite-to-ground link conditions. Numerical experi-
ments using real-world traffic datasets validate the effective-
ness of the proposed prediction algorithm. Furthermore, the
prediction-assisted resource-scheduling scheme demonstrated
a performance comparable to that of an optimal oracle with
complete future system state information.
The remainder of this paper is organized as follows: Related

studies are introduced in Section 2.  I  n Section 3, we describe the 
system model and formulate a dual-timescale optimization prob-
lem. Traffic prediction and resource scheduling modules are pro-
posed in Sections 4 and 5, respectively. Simulation results are 
presented in Section 6. Finally, Section 7 concludes the study.

2. Related works

Service-demand prediction is a critical component of resource 
scheduling. By analyzing historical data and variations in trends, 
future resource demands can be forecasted, providing vital infor-
mation and decision-making support for resource scheduling
schemes.

2.1. Service d emand prediction

The existing service demand prediction methods can be broadly 
classified into model-based approaches [14,15] and data-driven 
[16–18] approaches. Model-based methods rely on a comprehen-
sive understanding and precise modeling of the underlying rules
that govern data generation. For instance, Cai et al. [14] introduced 
a dynamic radio access network (RAN) slicing model that incorpo-
rates three distinct service types, each with multiple service distri-
butions, to accommodate diverse user request patterns and traffic
characteristics within the same slice. Similarly, Tu et al. [15] 
explored the RAN slicing problem using a separate architecture 
for control and user planes and proposed a Lyapunov-based deep 
reinforcement learning (DRL) framework to optimize solutions. 
This method assumes that service data arrival times are indepen-
dent and identically distributed (IID), following a Poisson distribu-
tion. However, implementing these model-based approach es
practically is challenging, particularly when the underlying mech-
anisms are overly complex or uncertain. By contrast, data-driven
methods primarily utilize deep-learning algorithms to uncover
patterns and relationships from existing data without explicitly
adhering to specific model structures. For example, Cui et al. [16] 
proposed a deep-learning algorithm to capture the long-term fea-
tures of QoS requests in dynamic vehicular environments and train
a traffic prediction network using real cellular traffic data from
Milan. Li et al. [17] designed a framework to guarantee service-
level agreements in network slicing by employing an LSTM-based 
resource demand predictor trained on data collected by Telecom
Italia to facilitate cross-slice resource reservation and admission
control. Additionally, Jiang et al. [18] introduced a hybrid multi-
modal framework that combines convolutional neural networks
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(CNNs) and graph neural networks (GNNs) for single-step mobile 
traffic prediction. This framework incorporates a convolutional 
LSTM within the CNN module and includes a dedicated fusion layer
designed to effectively merge the outputs from both the CNN and
GNN modules.

Most previous traffic prediction methods typically produced 
only single-point predictions, which inadequately addressed the 
volatility of actual traffic demand influenced by multiple factors. 
As a result, prediction errors were common. Moreover, few studies 
have examined how these prediction errors propagate into 
resource scheduling decisions, often leading to suboptimal 
resource provisioning in real-world environments. These limita-
tions underscore the need to incorporate error-sensing and analy-
sis mechanisms into traffic prediction models to improve
prediction robustness and scheduling efficiency. Many studies
have adopted classical Bayesian learning approaches to quantify
prediction uncertainty [19–21]. For example, Lin and Li [19] intro-
duced a Bayesian deep learning framework featuring uncertainty 
quantification and calibration for predicting the remaining useful 
life (RUL). This framework integrates epistemic uncertainty 
(reflecting model ignorance) and aleatoric uncertainty (represent-
ing inherent observation noise) and proposes an iterative calibra-
tion method combining isotonic regression with standard
deviation scaling. Similarly, He et al. [20] presented a digital 
twin-assisted robust adaptive resource slicing approach that 
merged LSTM networks with Bayesian neural networks (BNNs) to
handle uncertainties in service demand predictions. Moreover,
Sachdeva et al. [21] developed a robust Q-value estimation tech-
nique for autonomous vehicle applications by combining a BNN 
with skewed geometric Jensen–Shannon divergence to mitigate 
the uncertainties from inherent noise. However, Bayesian-based 
methods provide formal calibration guarantees only under the 
assumption that the model of the ground-truth data generation
mechanism is well specified, which is easily violated in practice.
Meanwhile, error-aware prediction frameworks have gained
increasing attention for modeling prediction errors and dynami-
cally correcting uncertainties [22,23]. For example, Aboeleneen 
et al. [22] proposed a two-phase error-aware proactive network 
slicing framework. The initial phase employs a deep learning-
based model for accurate load forecasting, followed by a second 
phase that leverages a DRL agent to adjust the prediction errors
based on key performance indicator requirements. Additionally,
Garrido et al. [23] integrated domain knowledge related to fifth-
generation (5G) network infrastructure, resource demand, and ser-
vice performance into a machine learning-based predictor. How-
ever, such approaches generally require domain-specifi c
knowledge or complex correction mechanisms, which lack rigor-
ous statistical calibration guarantees and encounter difficulties
when adapting to dynamic or diverse application scenarios.

In recent years, CP, a nonparametric method with minimal 
assumptions, has gained attention because of its ability to provide 
statistically valid calibration guarantees for predictive outcomes. 
Owing to its model- and distribution-free characteristics, CP can
be seamlessly integrated with any predictive model, demonstrat-
ing notable flexibility and adaptability. For instance, Park et al.
[24] proposed a meta-learning algorithm based on cross-
validated CP, employing adaptive nonconformity scores to enhance 
input condition calibration. This method effectively reduced the
average prediction set size while maintaining formal task-specific
calibration guarantees. Similarly, Cohen et al. [25] explored the 
application of CP in artificial intelligence (AI)-driven communica-
tion system design. Offline CP methods have been used in demod-
ulation and modulation classification tasks to provide theoretically 
sound calibrated decisions. Additionally, an online CP method was
developed to achieve predefined long-term target coverage rates
with minimal inflation of prediction intervals for aerial measure-
129
ment scenarios. Furthermore, Piao et al. [26] combined deep 
learning-based RUL prediction models with uncertainty-aware 
conformal quantile regression to construct a credible RUL estima-
tion framework, extending conformal quantile regression from 
symmetric to asymmetric variants, supported by rigorous theoret-
ical assurances. Nevertheless, CP methods assume data exchange-
ability, which implies that observations should be statistically 
interchangeable across different time points. It is challenging to 
satisfy this assumption when dealing with sequential data that
exhibit a clear temporal dependence. Violations of this condition
may invalidate the theoretical guarantees of traditional CP meth-
ods for time-series predictions. Consequently, it is crucial to
enhance and extend CP frameworks by incorporating temporal
dependency structures or sequential ordering information to
address the inherent nonstationarity and autocorrelation present
in time-series data.

2.2. Network resource scheduling

Leveraging service demand predictions allows resource 
scheduling to adapt more effectively to dynamic service require-
ments, thereby enhancing resource utilization and ensuring reli-
able service delivery in complex environments. For example, Lai
et al. [27] introduced a multi-tier edge computing architecture 
designed to address load imbalances by utilizing inter-satellite 
links for collaborative offloading. This architecture integrates a 
multi-agent DRL optimization framework, solving the computation 
offloading subproblem with multi-agent deep Q-networks and
addressing the resource allocation subproblem using a deep deter-
ministic policy gradient model. Additionally, Jiang et al. [28] pro-
posed an enhanced fuzzy neural network (FNN) model optimized 
using the African Vulture optimization algorithm, specifically tai-
lored for access selection in STINs. Similarly, Wang et al. [29] 
developed a resource allocation algorithm for delay-tolerant (DT) 
services based on traffic prediction by employing the dueling dou-
ble deep Q-network (D3QN) algorithm to allocate physical resource 
blocks (RBs) among different network slices, complemented by a
heuristic approach for RB allocation among nodes within each
slice. Furthermore, Hou et al. [30] proposed a slice-based RB leas-
ing and an association adjustment scheme. In this approach, the 
prediction module employs LSTM networks, whereas the leasing 
module optimizes the RB renting and borrowing through a coali-
tion exchange. Subsequently, the association adjustment module
determines precise RB adjustment strategies using the potential
game theory, ensuring effective interference isolation.

Resource scheduling typically involves balancing long-term 
planning with real-time responsiveness to meet varying require-
ments across different temporal scales and resource granularities.
For instance, Huang et al. [31] aimed to optimize network compu-
tational performance and ensure QoS for tasks in STIN by designing 
a DRL framework that handles task scheduling on smaller time-
scales and resource slicing on larger timescales. Similarly, Liu
et al. [32] introduced a reconfigurable satellite network slicing 
architecture designed to maximize resource utilization and service 
satisfaction. This was achieved through a two-tier DRL algorithm, 
where the first layer managed resource scheduling and the second 
layer handled user association decisions. The existing resource 
scheduling methods often rely on conventional optimization tech-
niques (e.g., convex optimization and game theory) or reinforce-
ment learning solutions (e.g., DRL). Traditional convex
optimization methods typically assume complete knowledge of
network state information (e.g., service demands) in advance,
which is often unrealistic in rapidly evolving satellite network
environments. While DRL methods excel in adapting to dynamic
situations, they typically require extensive interactions with the
environment to converge, leading to high computational resource
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demands and increased communication overheads. This limits 
their practical application in resource-constrained satellite scenar-
ios. OCO has emerged as a promising dynamic optimization frame-
work, providing a novel approach to address these challenges. OCO 
algorithms optimize objective functions progressively through 
real-time decision updates under partial observability and
dynamic conditions, without the need for full network state infor-
mation. They offer advantages such as low computational over-
head, strong adaptability, and theoretical reliability. For example,
Wang et al. [33] proposed an OCO algorithm that utilizes periodic 
queuing and multistep gradient aggregation for online precoding
design in large-scale multi-antenna systems. Choi et al. [34] 
explored joint optimization of dynamic learning and resource scal-
ing for mobile vision applications within an OCO framework,
enabling context–aware adaptation in uncertain environments.
Additionally, Chouayakh and Destounis [35] developed an OCO-
based online algorithm for edge resource reservation, introducing 
a novel metric, the degree of interruption compliance, to mitigate 
service disruptions. However, these studies predominantly address 
single-timescale optimization problems and do not fully exploit
service demand predictions, leaving significant opportunities to
enhance both resource utilization efficiency and QoS guarantee
performance.
3. System model

In this section, we first introduce the network and communica-
tion models of the STIN, and then formulate the resource schedul-
ing problem based on these models.

3.1. Network model

We investigated satellite-to-ground downlink transmission in 
STIN. Each LEO satellite provides various services to users within 
its target area, defined as the coverage of a single satellite beam.
LEO satellites are equipped with steerable antennas that can con-
tinuously point toward a target area under elevation angle con-
straints. As shown in Fig. 1, we focus on two typical network 
services with different QoS requirements: the DS service
and the DT service Generally, DT services aim to provide 
high-data-rate transmission, such as file transfer protocol (FTP), 
voice over Internet protocol (VoIP), and video streaming. In con-
trast, DS services support scenarios that require low latency and

MDS 

MDT. 
Fig. 1. Resource scheduli
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high reliability, characterized by randomness and suddenness, 
such as emergency communication and engineering monitoring.

We define the STIN to run in the time-slotted mode, where the 
time horizon is first divided into several equal time windows

(where T is the total number of the time windows) 
and each time window is further subdivided into time slots, 
denoted as (where K is the total number of the 
time slots). For simplicity, represents the h time slot within
the h time window, where and 
Because the duration of each time slot is relatively short (typically 
a few seconds), we assume that the position of the LEO satellite
remains fixed within each time slot and varies over the time slots.

3.2. Communication model

Consider a time-varying satellite-to-ground downlink channel, 
where the channel state changes over time with satellite move-
ment. Let denote all user requests for the two ser-
vices. In time the channel state between LEO satellite
and users can be modeled as follows, where and repre-
sent the LEO satellite set and the user set, respectively.

hs u t k GTr 
s GCh 

s u t k GRv
u 1

where is the channel state, represents the satellite– 
terrestrial channel between LEO satellite and user represents 
the transmitting antenna gain of the LEO satellite s, and repre-
sents the receiving antenna gain of the user u . According to 3GPP TR
38.811 [36], both satellites and ground terminals commonly use a 
circular aperture antenna model. The normalized antenna gain pat-
tern (G) is given by

G h 
1 h 0 
4 J1 c l sinh 

c l sinh

2
0 h 90

2

where is the first order Bessel function, represents the radius 
of the antenna’s circular aperture, and is the angle measured from 
the bore sight of the antenna’s main beam. The value of can be cal-
culated as where is the carrier frequency of the LEO satel-

lite s and is the speed of light in vacuum.

The channel model is also specified as Ref. [36], including 
path loss atmospheric absorption scintillation and 
fast fading which can be written as (in dB)
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GCh 
s u t k dB GPL 

s u GAA 
s u GSS

s u GFF
s u 3

Note that, on the right-hand side of Eq. (3), we omit the time 
indices and the subscript dB for simplicity. The path loss

(in dB) can be written as

GPL 
s u FSPL d f s SF CL aEA f s 4

where is the free-space path 
loss and represents the distance (in meters) between the user
and the LEO satellite. represents the shadow fading 
modeled as a log-normal random variable, where is log-normal 
distribution and the variance is related to the propagation sce-
narios, the frequency, the path loss condition (line of sight (LOS)
or non-line of sight (NLOS)) and elevation angle (denoted as
[14]. For the clutter loss its calculation is similar to sha-
dow fading.

Atmospheric absorption plays a crucial role in the satellite–
ground channel [37]. According to the 3GPP standard, the addi-
tional path loss caused by atmospheric gases can be calculated as
follows:

GAA 
s u 

Azenith f s 
sinaEA

5

where is zenith attenuation. Atmospheric fading is only 
considered at frequencies greater than 10 GHz, or at any frequency
of

The scintillation is divided into two parts: ionospheric scin-
tillation (IS) and tropospheric scintillation. The IS was based on the 
gigahertz scintillation model. In mid-latitude regions (between 20°
and 60°) or at frequencies above 6 GHz, IS is generally negligible;
otherwise, it is modeled as

IS f s 
4 

1 5 P flu
2

6

where is the scale factor of the ionospheric attenuation level. 
Unlike IS, the effect of tropospheric scintillation increases with
the frequency and becomes significant at frequencies above 10 GHz.

In general, fast-fading is described by a frequency-selective 
fading model based on 3GPP TR 38.901 [38], which is widely appli-
cable to cellular network scenarios; however, the configuration
parameters of satellite networks are different.

For users with the DT services, the average achievable 
throughput provided by LEO satellite is obtained based on 
Shannon’s theorem and can be expressed as

Ds u Ws ulog2 1 Ps hs u t k 
Ws uN0 is IIis

7

where is the average achievable throughput and denotes the 
satellite transmission power. Constraint is the noise power den-
sity. is the spectrum bandwidth allocated to user u. The inter-
ference from other satellites is denoted as where
represents the set of interfering satellites.

For users with the DS services, since their packet sizes 
are much smaller than those in traditional services, the finite
block-length capacity theorem [39] should be applied. The maxi-
mum data rate that can be achieved in one time slot with a decod-
ing error probability is given by

Ds u w Ws u log2 1 Ps hs u t k 
Ws uN0 is II is

V ch

Ws uTK
f Q
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8
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where is the inverse of the Q-function. is the duration of 

each time slot. is the channel

dispersion.

3.3. Problem formulation

We divided the participants into NOs, SPs, and users. Each SP 
represents a type of service and applies network resources from 
the NO to meet the demands of its users. To ensure isolation 
between different services, the resources allocated to each SP must 
remain fixed over a specific period to prevent traffic load variations 
from affecting other SPs. Simultaneously, to adapt to dynamic net-
work environments, resources must be adjusted in real-time based 
on traffic load conditions to mitigate the potential negative effects
of environmental changes on network performance. To achieve
this, resources must be reserved in advance for each SP, ensuring
that each SP has exclusive access to a portion of the total resources
over a given period, and avoiding frequent reconfigurations. Addi-
tionally, when user demand within an SP increases, the system
should promptly allocate the remaining resources to meet the
users’ real-time needs.

To address this, we consider resource scheduling on two time-
scales, where the resource reservation for each SP is updated at 
the beginning of each time window, and additional resourc e
adjustments are performed at the start of each time slot. In time
window ,  SP  decides its reservation plan for this window, 
where represents the proportion of bandwidth resources 
reserved by LEO satellite to SP relative to all available 
resources. At the beginning of each time slot ,  SP  determines 
its adjustment plan for this time slot, where also repre-
sents the proportion similar to .  We use  
to denote the adjustment amounts over period ,  whe  re

Due to the dynamic nature of satellite 
networks, the revenue for the same resource proportion may 
vary across different time slots. For example, the bandwidth of 
a link may change due to satellite movement. The data rate
obtained by SP s resource scheduling strategy can 
be quantified by and respectively, wh ere

and respectively represent the performance 
contribution values of each unit of resource proportion within
time window and time slot

To facilitate the unified management of resource reservation in 
time windows and resource adjustment in small time slots, we
introduce a pricing mechanism. Let denote the reservation 
price per unit of resource proportion within time window let 

represent the adjustment price per unit of resource propor-
tion in time slot and let vector denote the 
adjustment price within time windows Both and are 
announced by the NO and will fluctuate according to the dynamic 
changes of service demand and resource supply, used to measure
the scarcity of resources. For example, and in our study are 
defined as the ratios of the total service demand within a time win-
dow (or time slot) to the available network resources. Furthermore, 
macrolev el control over resource scheduling can be achieved by
setting different prices for resource reservations and adjustments.
For example, when the system prioritizes service isolation, can 
be reduced to incentivize SPs to reserve resources in advance, 
ensuring that critical services have access to the necessary
resources when needed.

Our objective was to satisfy the on-demand QoS requirements 
of each SP with minimal resource occupation. The resource
scheduling strategy for the entire system can be formulated as
follows:
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min 
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Eq. (9b) ensures that the data rate derived from the bandwidth 
resources allocated to the DT during each time slot is not less than
the actual demand, where represents the actual resource 
demand of in time slot Eq. (9c) states that the probability of 
the resources allocated to DS meeting the actual data rate demand
must be no less than where represents the level of 
service dissatisfaction (also referred to as the significance level in
the following text) and represents the probability. The reason 
for the different QoS constraints of the two SPs is that the actual
demands are always unknown, making it difficult to ensure that
Eq. (9b) is satisfied. Simultaneously, owing to the higher require-
ments of DS, it is necessary to ensure a certain level of QoS satisfac-
tion regarding uncertainty. Eq. (9d) ensures that the cost of the 
resources used by an SP does not exceed its budget, where rep-
resents the budget in time window Eqs. (9e) and (9f) confine the 
decision variables to a convex set that imposes upper limits on the
resource occupation ratios for each SP, where represents the 
maximum bandwidth allocation that LEO satellite can provide 
to SP

The key to solving the problem of Eqs. (9a)–(9f) lies in meeting 
the actual service demands specified in Eqs. (9b) and (9c). Due to 
the nonstationary and time-varying nature of traffic, accurately 
predicting demands in advance is challenging. However, in real-
world environments, traffic loads often follow specific patterns, 
making it feasible to predict service demand. Accordingly, the sys-
tem can forecast future service demand variations based on histor-
ical traffic data and use these predictions as the basis for resource
scheduling. Given the distinct prediction objectives tailored to the
characteristics of each SP, we elaborate on them individually
below:

For users of DT services, the service durations are typically long 
and the delay requirements are not strict. Therefore, the prediction
objective is to minimize the average mean square error (MSE)

between the predicted resource demand and the actual 
resource demand over the time window:

argmin 
Em k 

1 
K 

k Kt 

Em k Em k
2
m MDT 10

Owing to the high reliability and latency requirements of DS 
users, it is essential to quantify the uncertainty of predictions. This 
enhances the credibility of the prediction results and mitigates the
risk of service dissatisfaction. The goal is to provide prediction
intervals with a user-specified level of dissatisfaction that is, 

P Em k Cm k 1 a 11

where represents the prediction interval, that is, the range
around the predicted point

To address the complex optimization problem described in Eqs.
(9a)–(9f), we propose an online learning-based STIN resource
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scheduling framework, as shown in Fig. 2. The proposed frame-
work divides the original problem into three modules: link simula-
tion, traffic prediction, and resource scheduling. Specifically, the 
link simulation module accurately represents the satellite-to-
ground link bandwidth resources. The traffic prediction module
forecasts future service demands and uncertainties, while the
resource scheduling module optimizes resources on two time-
scales. We elaborate on each module in the following section.

4. Prediction model

It is evident that the service demands are the basis of resource
scheduling in Eqs. (9a)–(9f); therefore, a traffic prediction module 
is required. In this section, we introduce the prediction module 
that includes a single-point prediction for the demand value and
an uncertainty prediction for the intervals.

4.1. Single-point prediction

For single-point prediction, local features of time-series data 
can be effectively extracted using 1D-Conv, followed by LSTM to 
capture temporal dependencies. The attention mechanism then 
assigns different weights to these features. We combine 1D-Conv,
LSTM, and the attention mechanism to build a traffic prediction
model that delivers better performance than using a single model.

(1) 1D-Conv network: 1D-Conv is the key to feature extraction, 
where local perception domains are obtained using sliding kernel
filters [40]. Assume the input is where is the length 
of the input data. The output of the 1D-Conv is fed into the LSTM,
which can be obtained as follows:

Vk ReLu Vk Wcd bcd 12

where and are the weight and deviation of the filters, 
respectively, ReLu is the activation function, indicates the convo-
lution operations, and represents the output of the 1D-Conv
network.

(2) LSTM network: LSTM has the ability to handle relatively 
long sequences and capture long-term dependencies, making it
widely used in time series prediction [41]. LSTM regulates the 
information flow by introducing gated cell structures. The con-
struction of a single LSTM unit consists of two states (i.e., cell state

and hidden state and three gates (i.e., forget gate input 
gate and output gate , whose calculation formulas are as
follows:

f k r Wx 
f Vk Wh 

f Hk 1 bf 

Ck f k Ck 1 ik tanh Wx 
c Vk Wh 

c Hk 1 bc 
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ik r W xi Vk Wh
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ok r Wx
o Vk Wh

o Hk 1 bo

13

where the weight matrices and 
biases are all trainable parameters, and denotes the 
Hadamard product. The functions and represent the sig-
moid function and the hyperbolic tangent function, respectively.
Here, the external input interface is and the output interface is

(3) Attention mechanism: Conceptualized as weighting, atten-
tion aims to mimic the cognitive way the human brain quickly
identifies and concentrates on important information within com-
plex environments [42]. This mechanism evaluates the importance 
of the input and aggregates the most relevant elements to generate
the final output, while effectively disregarding irrelevant details. In
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Fig. 2. Overview of the online learning-based STIN resource scheduling framework. Dtl: the size of the unit time window; Dts: the size of the unit time slot.
this study, we apply an attention mechanism to enhance the
weighting of peaks in traffic prediction.

The hidden state is used as the LSTM output, also as the input 
of the attention mechanism. The output is calculated as follows:

Ek 
k 

bkH k 14

where is the attention weight, which is represe nted by the soft-
max function.

bk softmax sk 
exp sk 
K 
k 1 exp sk

15

where the score represents and is the 
weightin g.

The single-point prediction model CA-LSTM is shown in Fig. 3. 
In this synergistic architecture, the 1D-Conv layer first refines the 
local features to enhance the input quality for LSTM processing. 
The LSTM layer captures temporal dependencies but may be influ-
enced by irrelevant historical context. To address this, the atten-
tion layer automatically filters out noncritical time steps,
highlighting key information. Through the joint optimization of
these three modules, the CA-LSTM model adapts to diverse data

Hk 

Ek 

bk 

sk sk tanh WattHk Watt 
Fig. 3. Structure of the single-
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patterns, with each module compensating for the limitations of 
the others, forming a comprehensive and robust prediction model.

4.2. Conformal prediction

CP is a general scheme for quantifying uncertainty, which has 
attracted considerable attention in recent years. It provides a sta-
tistically valid prediction interval with the desired significance-
level requirement for arbitrary machine learning models. Com-
pared with traditional probabilistic predictors, CP offers the follow-
ing significant advantages:
• Model-free: CP is compatible with various predictive models 
and can be applied as a post-processing step to trained models
without the need for hyperparameter tuning in the original
models.

• Distribution-free: CP does not rely on any assumptions about 
the probability distribution of the data, but only on the rela-
tively weaker condition in which the data are exchangeable.
Suppose a sequence of observations where is the ser-

vice demand and denotes the features, generally historical traf-
fic. Let the first data be the training data The goal is 
to construct prediction intervals sequentially from time

Ak E k Ek 

Ak 

Ktr Ak Ek 
Ktr 
k 1.

Ktr 1
point prediction module.
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that encompass the true values with a user-specified level of satis-
faction

The prediction intervals are around single-point pre-
dictions described previously and the subscript indi-
cates that the interval can be built using up to previous 
observations. In extreme cases, selecting the entire range of real 
numbers always yields true values. To avoid vacuous prediction

intervals, the width of the prediction interval should be 
as narrow as possible without significant violations to reflect the 
difficulty of accurate predictio ns. A wider interval indicates a
greater uncertainty or difficulty in achieving precise predictions.

CP uses a nonconformity score to estimate the prediction inter-
vals, where a commonly used nonconformity score is the absolute
residual between the true value and the corresponding pre-
diction

k Ek Ek Ek f  A  k 17

By calculating the non-conformity score for each data point, we 
obtained a distribution of scores that reflects the range of non-
conformities observed in the training set. This distribution serves
as a reference for evaluating the non-conformity of new query data,
and the prediction interval can then be computed as

Ck 1 Ak f  Ak 1 a Ktr 1 thof R asc j
Ktr

j 1 18

where denotes the ceiling function arranges the elements 
in ascending order, and is the sequence number of the training 
data. Equivalently, there is

C k 1 Ak f  Ak Q1 a 
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K tr
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1
Ktr 1

d
j
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where denotes the quantile and denotes the 
probabilis tic mass.

Nevertheless, the desired coverage guarantee of the traditional 
CP methods relies on the critical assumption of data exchangeabil-
ity. The exchangeable sequence means that for any
permutation of the observations the joint probability distribu-
tion remains unchanged, that is,

P A1 A2 Aq P Aq 1 A q 2 Aq q 20

where is the length of the sequence.
In real-world applications, ordered data such as time series tend 

to exhibit significantly strong correlations, making it challenging to
satisfy the exchangeability assumption. Referring to Ref. [43], we 
developed a novel CP algorithm for sequential data with theoreti-
cal guarantees, and applied it to uncertainty prediction in service 
demands. The main idea of sequential CP is to leverage the ‘‘feed-
back” structure of prediction residuals to achieve the desired cov-
erage. As shown in Fig. 4, past residuals were used to perform a 
quantile regression for future residuals by exploiting the temporal

1 a .
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Fig. 4. Structure
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correlation across the prediction residuals. To this end, we propose
an ASCP algorithm.

The ASCP algorithm consists of two phases: training and predic-
tion. In the training phase, the ASCP first fits a set of bootstrap esti-
mators based on the training data. Using the leave-one-out (LOO) 
method, the prediction results of these bootstrap estimators on 
the training data are aggregated to generate LOO-predicted values 
and LOO residuals, which are used for subsequent predictions. In 
the prediction phase, for each data point, the center of the predic-
tion interval is calculated by aggregating the LOO-predicted values.
A quantile estimator is then trained using historical LOO residual
sets to construct the prediction intervals. Once the actual response
variable was observed in the new prediction data, the residual set
was immediately updated by removing the old values and adding
new ones to ensure the adaptiveness of the PIs. The core steps
are as follows.

(1) Bootstrap estimator: The bootstrap estimator is a statistical 
estimation technique based on the bootstrap method, which is a 
resampling technique that generates multiple new sample sets 
by performing random sampling with replacement from the origi-
nal dataset. These sample sets are then used to estimate the distri-
bution of statistics. The bootstrap method does not rely on
assumptions about the data distribution, making it capable of pro-
viding reliable estimates, even for small sample sizes. The boot-

strap estimator can be expressed as

f b SP Aib Eib i b Sb 21

where represents the index set obtained from the 
bth bootstrap resampling with replacement. denotes arbi-
trary single point prediction model is the h training data.

(2) LOO ensemble prediction: The basic idea of the LOO 
method involves sequentially treating each data point in the data-
set as a test sample, while using all remaining samples as the train-
ing set. This process was repeated until every individual sample 
served as a test sample exactly once, thereby constructing multiple
models. The predictions from these models are then aggregated to
maximize the utilization of the limited training data while enhanc-
ing both the robustness and accuracy of the predictions.

f k Ak / f b Ak k R Sb
B

b 1
22

where represents an aggregation function for scalar values, 
where we specifically choose the mean function. denotes 
the LOO ensemble prediction model. B is the number of bootstrap
estimators.

(3) Conditional quantile estimator: The latest feedback from 
the prediction residuals obtained by the LOO model is used to con-
struct the sequential prediction interval, where the estimate of the
conditional quantile estimator is adopted. The center of the predic-
tion interval is calculated by aggregating the LOO-predicted values,

and the prediction interval can be expressed as

Ck 1 Ak f k Ak Q k b f k Ak Q k 1 a b 23
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where is to minimizes 
interval width. Here, we used quantile random forest (QRF) algo-

rithm to train the quantile estimator
(4) Residual sliding update: During prediction process, when a 

new true value is observed, the current residual is computed and 
added to the residual set, and the oldest residual is removed. 
Simultaneously, the quantile estimator was refitted with an
updated residual set to recalculate the prediction intervals, ensur-
ing that the constructed intervals had adaptive widths. Specifically,
we use the past residuals to predict the conditional quantile 
of future residuals. Let Here 
consists of residuals to predict the conditional quantile of

for Therefore, is used to train 
QRF, while continuously updating the residual set to reflect the
most recent prediction errors.

The overall description of the ASCP is shown in Algorithm 1.  In  
summary, the ASCP provides an efficient, accurate, and adaptive 
method for constructing prediction intervals by combining boot-
strap methods with LOO prediction, which can dynamically adjust
the PIs on the test data to ensure accuracy and reliability. Accord-
ing to Ref. [43], it can be proven that ASCP can maintain marginal 
coverage when the data satisfies exchangeability, and for time ser-
ies data, ASCP can provide asymptotic guarantee of prediction
interval coverage.

Algorithm 1. ASCP.

Require: Training data arbitrary single-point 
prediction model significance level quantile random 
forest algorithm number of bootstrap estimators

Output: Prediction intervals
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Ck 1 Ak k Ktr
1. 
For to  do B b 1  

2.
 Based on the bootstrap method, perform random 

sampling with replacement 
From the indices of the original training dataset, that

is, Sb Sb 1 2 Ktr
3.
 Train the corresponding bootstrap estimators on 
data that is,

f b 
Aib 

Eib 
ib S b ,

f b SP Aib 
Eib 

i b Sb

4. 
End for 

5. 
Initialize residual set as an ordered sete

6. 
For to do Ktr k 1 

7.
 Aggregate the prediction results of bootstrap estimators 

on the training data using the LOO method, that is,

f k Ak mean f b Ak k R Sb
B

b 1
8. 
Compute the residuals obtained from the LOO models

k Ek f k Ak
9.
 Update the residual set to e e k 
10. 
End for 

11. 
For do t Ktr 

12.
 Calculate the center of the prediction interval by 

aggregat ing the LOO predicted values, that is,

f t At mean f itr A t itr 1 Ktr
13.
 Train the quantile estimator based on the most recent

residual set that ise, ,Q t Qqr e 

14.
 Compute b argminb 0 a Qk 1 a b Qk b
15.
 Compute the prediction intervals
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Ck 1 Ak f k Ak Qk b f k Ak Q k 1 a b
16.
 Upon observing the actual response variable in the test 
data, advance the sliding window by one index to update
the residuals, that is, e e 1 t 
17. 
End for 
5. Resource scheduling module

Based on the predictive values and intervals of service demands 
discussed in the previous section, this section introduces a 
resource scheduling module that incorporates resource reservation
on a large timescale and resource adjustment on a small timescale.
The problem described in Eqs. (9a)–(9f) is a convex optimization 
problem; however, it cannot be solved directly due to the following
challenges: Ch1: The actual resource demand of each service is 
unknown and is potentially generated by a nonstationary stochas-
tic process. Even with predictions, the true value cannot be pre-
cisely determined. Ch2: Adjustment prices and reservation 
prices are time-varying and unpredictable, as they depend on 
the service demands of all SPs, which are private to each other.
Considering the long-term optimization objective in Eq. (9a),  we
cannot initially solve the problem for the subsequent time win-
dows because the future evolution of the system parameters is 
unknown. Therefore, it is imperative to design an online learning 
algorithm that can adapt to the dynamics of networks and SPs. 
Because SPs are relatively independent, we consider a certain SP 
as an example to analyze its resource scheduling strategy. To sim-
plify the description, we simplified the variable notation by omit-
ting the superscripts/subscripts related to the satellite and SP
information. First, we analyze the resource scheduling strategy
on a large timescale and define the resource occupancy, QoS satis-
faction, and cost functions of the SP during one time window as

f t xt yt 
k Kt 

x t yk 24

gt 1 xt yt 
k Kt 

Em k yt 
Tht xtht 25

gt 2 xt yt xtpt yt 
T qt Bt 26

where and are the resource occupancy, QoS satisfaction, 
and cost functions of the SP during the time window respectively. 
Let vector denote the resource scheduling 
strategy of the SP during the time window where is the 
resource scheduling strategy set and represents the 
range of values for the resource scheduling strategy. By introducing
dual variables the Lagrangian function can be 
defined as

Lt z k 
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f t zi z zt 
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k igt i z
z zt

2

2m
27

where denotes the cumulative gradient of resource 
occupancy function, zi is the resource scheduling strategy vector
during the time window and z is the resource scheduling strategy 
vector variable. Because of the high randomness inherent in online 
learning, the cumulative gradient can help avoid misjudgments
caused by excessive local fluctuations in certain sample dimensions.

are Lagrangian multipliers of constraint. The last term is a
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regularization, represented by a Euclidean regulator with a nonneg-
ative argument Note that is omitted here because it has no
impact on and 

The information about the current time window is revealed to 
the SP after a decision is made. At the beginning of time window
each SP determines its reservation policy as follows:

zt arg min
z 

Lt 1 z kt 28

As mentioned above, SP makes this decision without having
access to or which can be inferred from the time index

in the Lagrangian function. After is fixed, demand and price 
are revealed, at which point the SP measures its resource occu-
pancy QoS satisfaction and cost At the end 
of this window, SP can access the current Lagrangian value and 
update its dual variables by performing dual gradient rise with
step size that is, 

kt 1 kt l kLt zt k 29

These dual variables assist the SP in resource scheduling 
decision-making in the subsequent time window. Furthermore, 
we discuss the resource adjustment strategy for each time slot.
In each time slot the resource occupancy, QoS satisfaction, and 
cost functions are expressed as follows:

f k yk xt y k 30

gk 1 yk Em k ykhk xthk 31

gk 2 yk xtpt Bt K y kqk 32

where is treated as a parameter fixed at the beginning of Sim-
ilarly, the Lagrangian function of time slot is 
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where and are the dual variables and regulator argument,
respectively is the resource adjustment plan variable and is the 
adjustment plan in time slot

At the beginning of each time slot the SP updates its resource
adjustment strategy through the following equation:

yk argmin 
y C 

Lk 1 y k k 34

After each time slot, the dual variables are updated based on the
known network information.

kk 1 kk l kLk y k k 35

ORS scheme for the two timescales is summarized in Algorithm2. 
In an ORS, each SP iteratively makes decisions to minimize cumula-
tive resource occupancy. At the beginning of each time window
the SP determines its reservation strategy by solving Eq. (27)without 
knowing the current actual demand and price. Once is fixed, at the 
beginning of each time slot the SP updates its resource adjustment 
strategy using Eq. (33). At the end of each time slot, the SP obtains 
the demandandprice parameters to update its dual variables accord-
ing to Eq. (34). Similarly, after committing to decision the 
resourceoccupancy,QoS satisfaction, and cost functions are revealed, 
and the SP updates its dual variables based on Eq. (35). 
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Algorithm 2. ORS.

Initialize: Resource scheduling strategy dual variable

number learning rates 

Output: Resource scheduling strategy

x0 y0 ,

k1 0 0 k1 0 0 
m m l and l

zt xt y t

1. 
For do m MDS M DT

2.
 For to do t 1 T 

3.
 Determine the reservation strategy for the current

time window by solve xt 

z 
zt arg minLt 1 z kt
4.
 For to do K k 1 

5.
 Determine the adjustment strategy for the current

time slot by solve yk 

yk arg min
y 

Lk 1 y kk
6.
 Replace the h element of vector by kt yk yt 

7.
 Observe the slot adjustment price and actual 

resource demand
k- qk 
Em k 
8. 
Calculate the resource occupancy function
QoS satisfaction function and cost function

according to Eq. (30), Eq. (31), and Eq. (32), 
respectively 

f k yk ,
gk 1 y k ,

gk 2 y k
9. 
Update bykk 1 kk 1 kk l kLk yk k
10.
 End for 

11.
 Observe the window reservation price and actual 

service demand
t- pt 
12.
 Calculate the resource occupancy function
QoS satisfaction function and cost function

as Eq. (24), Eq. (25), and Eq. (26), respectively 

f t xt y t ,
gt 1 xt y t ,

gt 2 xt yt

13.
 Update by kt 1 kt 1 kt l kL t zt k
14.
 End for 

15. 
End for 
The ORS algorithm operates online, where resource scheduling 
strategies are learned online from previous experiences rather 
than being computed using a pre-given model. SPs can adaptively 
provide better strategies using more observations. Because the 
QoS satisfaction function can only be obtained retrospectively, it 
is unlikely that the actual cumulative resource occupancy will 
be minimize d. Instead, an appropriate performance metric is the
difference between the cumulative resource occupancy of the SP
during the ORS and the optimal solution in hindsight, which is
referred to as regret. Specifically, when full information is avail-
able at the start of each window, including the reservation price

resource demand and adjustment price the optimal 
decision within can be calculated using the CVX
toolbox.

min 
zt CK 1 

f t zt 

s t gt 1 z t 0 gt 2 zt 0
36

Formally, we define the dynamic regret as

RT 
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where is the dynamic regret and quantifies how well our policy 
fairs gains Another commonly known metric for

algorithm performance measurement is the constraint fit metric
which is defined as
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VT 
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which quantifies the extent to which the constraints are violated, 
on average. Here, we are more concerned with the QoS constraints. 
If the regret grows sublinearly over time, the algorithm can be con-
sidered low-regret. This implies that the average low-
regret algorithm performs as well as the optimal solution in hind-
sight as goes to infinity. It is also necessary to satisfy the condition 
that the constraint violation metrics are sublinear as a function of
that is, 

lim 
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0 39
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6. Numerical simulation s

In this section, we conduct simulations to evaluate the perfor-
mance of the proposed resource scheduling framework, including 
channel implementation, service demand prediction, and the
resource scheduling scheme. We considered the constellation con-
figuration of StarLink phase I as a typical satellite network case
[44], including 72 orbits with 22 satellites in each orbit, where 
the satellite altitude was 550 km and the inclination angle was
53°. The default values of the basic parameters used in the simula-
tions are listed in Table 1. 

6.1. High-fidelity STIN simulation and link resource characterization

Compared to terrestrial networks, the dynamics of STINs have 
distinctive characteristics such as global coverage, high-speed 
mobility, periodicity, and predictability, all of which are primarily 
driven by satellite motion, while user mobility is typically negligi-
ble. The strictly deterministic nature of satellite orbital motion, 
governed by orbital mechanics, allows for precise predictions of 
future network topologies using ephemeris data, enabling accurate
characterization of network dynamics. Leveraging the high pre-
dictability of satellite trajectories, we have developed a dedicated
high-fidelity simulation platform for STINs. This platform supports
dynamic topology construction and maintenance, protocol stack
development and configuration, and provides quantitative
Table 1 
Simulation parameters.

Module Parameters Value 

Satellite antenna gain (circular
aperture)

Channel module 40 dB 

Minimum elevation angle 30° 
Transmission power 50 dBm 
Noise power density −174 dBm Hz −1

Frequency 20 GHz 
Scenario Suburban 

Prediction 
module 

Number of convolution kernels 3 
Number of hidden layers 2 
Hidden units of each layer 32 
Number of trees in QRF 10 
Max depth for fitting QRF 2 
Number of bootstrap models 20 
Learning rate 0.001 
Number of epochs 600 
Time step 12 
Batch size 64 

Scheduling 
module 

Time window 60 s 
Time slot 5 s 
Step size of the primal (slot) update 0.01 
Step size of the dual (slot) update 0.05 
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network performance statistics and evaluations [44]. In our simu-
lation platform, we propose a dual-stage topology maintenance 
method specifically designed for the high dynamics of LEO satel-
lites, including topology initialization and updating. In the topol-
ogy initialization stage, the initial satellite coordinates are
generated based on the given constellation configuration parame-
ters. In the topology update stage, the current satellite coordinates
are calculated based on the orbit prediction model [45]. Under this 
framework, discrete motion with appropriate time resolution is 
used to simulate the continuous motion of nodes based on DES
theory.

In the STIN simulation, the physical layer module is responsible 
for simulating real-world signal propagation environments, includ-
ing mobility models, antenna patterns, and propagation scenarios 
for the transmitti ng or receiving node. This enables a realistic char-
acterization of various environmental factors in STINs. Building on
the communication model described in Section 3.2, NTN physical 
layer modules based on 3GPP TR 38.811 and 38.901 were further 
developed within the simulation platform. These modules include
antenna, channel, and statistical components, allowing for accurate
characterization of ground-to-satellite link (GSL) resources.
• Antenna module: This module provides an interface for 
antenna gain calculation, which computes the gain based on 
the azimuth and elevation angles of the transceivers. It supports
multiple functions, such as frequency setting, maximum
antenna gain setting, azimuth/elevation angle setting, and con-
version calculation.

• Channel module: Extended from Network Simulator 3 (NS-3)’s 
propagation module, the channel model described in Section 3.2 
is implemented. It supports various propagation scenarios 
(dense urban, urban, remote, and rural areas), calculating the
received power based on the transmission power and positions
of the transceivers.

• Statistical module: This module supports the quantitative sta-
tistical analysis of various network performances. This study 
focuses on the calculation of the link signal-to-noise ratio
(SNR) to reflect dynamic changes in bandwidth resources,
which provides critical data support for subsequent resource-
scheduling algorithms.
To demonstrate this phenomenon intuitively, we simulated the 

variation in the SNR of the GSLs over a period using our high-
fidelity and high-efficiency STIN simulation platform. All satellites 
were initialized based on two-line element (TLE) data. After gener-
ating the initial constellation’s TLE, it was used as input for the 
mobility model to maintain the nodes’ mobility. The simplified 
general perturbation (SGP4) orbital prediction model was
employed for the satellite mobility model, accounting for both
long-term and periodic variations caused by the Earth’s non-
spherical shape, the gravitational effects of the Sun and Moon,
gravitational resonance effects, and orbital decay. Based on this,
we developed coordinate systems and geocentric mobility models
to accurately simulate satellite movement.

The simulation was based on the constellation parameters of 
1584 LEO satellites from StarLink phase I, with four satellite Earth 
stations (SESs) located in Tokyo, Japan (35°41′N, 139°41′E), São 
Paulo, Brazil (23°32′S, 46°38′W), Shanghai, China (31°13′N, 
121°27′E), and Mumbai, India (19°04′N, 72°52′E). The simulation 
employed a minimum-di stance handover strategy, where a ground
station selected the nearest LEO to establish a GSL until the angle
between the LEO and ground station fell below the minimum ele-
vation threshold. At that point, the ground station switched to the
next nearest LEO. As shown in Fig. 5, the SNR of all four GSLs exhib-
ited significant periodic fluctuations. These fluctuations were pri-
marily caused by the rapid movement of LEO satellites, which
continuously altered the signal propagation conditions of GSLs.
For example, SES 2 sequentially established GSLs with LEOs 273,
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Fig. 5. The SNR diagram of GSLs. Fig. 6. Traffic prediction results of DT service on partial testing set.

Fig. 7. Comparison of RMSE for traffic prediction among different predictors.
294, 272, and 315. The SNR of the GSL reached a peak at a certain 
time and then gradually decreased. When the angle between the 
current LEO satellite and SES reached the minimum elevation 
threshold, SES switched to the nearest satellite, causing an abrupt 
change in channel quality, and the SNR immediately rebounded. 
This pattern repeated cyclically. Additionally , the fluctuation range
of the SNR for the same GSL was significant. For instance, the SNR
of SES 3–LEO 1002 drops from a peak of approximately 11.5 dB to a
minimum of approximately 5.9 dB within 150 s, representing a
fluctuation of nearly 5.6 dB. Within the time span of 500 s shown
in Fig. 1, the SNR for the same SES (i.e., users in the same region) 
changed frequently and often exhibited significant fluctuations 
within tens of seconds. This second-level variation was far faster 
than the minute-level changes observed in terrestrial networks. 
Moreover, within a short period, the SNR of the GSL can fluctuate 
by a factor of approximately two, leading to substantial variations
in the maximum data rate provided by the GSL. This highlights that
compared to terrestrial networks, satellite networks exhibit more
pronounced and complex dynamics. These highly dynamic
resource fluctuations impose stricter requirements on resource
scheduling and QoS assurance in STIN.

6.2. Prediction effectiven ess

We evaluated the proposed prediction approaches using a real-
world traffic dataset [17] that recorded the traffic changes of three 
services: short message service (SMS), calls, and the Internet. We 
classify these services into DT and DS services and use traffic data 
within a certain period to represent the service resource demand
for prediction and analysis. We divided the entire dataset with real
values into two parts, where 80% was used as the training dataset
and the remaining 20% was used as the test dataset. Fig. 6 shows 
the DT traffic prediction results for the partial testing set using 
the CA-LSTM structure. As observed, the actual traffic consistently 
exhibits a periodic pattern, making service demand prediction fea-
sible. The predicted values from CA-LSTM were very close to the
ground truth, demonstrating high accuracy and the model’s ability
to track changes in service resource demand effectively.

We compared the proposed CA-LSTM predictor with four other
predictors: CNN, LSTM [41], CNN-attention, and LSTM-attenti on
[46]. The root mean square error (RMSE) was used to evaluate
the performance of the predictors. Fig. 7 presents a comparison 
of the RMSE for various predictors in the DT and DS traffic predic-
tions. Compared to a single prediction module or algorithms com-
bining two modules, our proposed approach can achieve the
smallest RMSE, regardless of the service type. For single-point pre-
138
diction, local features are first extracted using 1D-Conv, followed 
by LSTM to capture temporal correlations in sequences. The atten-
tion layer is then applied to improve the weighting of peak values
in traffic flow prediction, resulting in superior performance com-
pared to the other benchmarks.

For DS services with high latency and reliability requirements, 
single-point prediction alone is insufficient; therefore, CP is used 
to provide additional reliability. Next, we evaluated the perfor-
mance of CP in uncertainty prediction. The traditional split CP
(SCP) [47] and SCP with normalized nonconformity (SCPN) [47] 
were selected as comparison algorithms. We utilized the proposed 
CA-LSTM as a single-point predictor. CP is a general framework for
uncertainty quantification, and can be applied to an arbitrary user-
chosen predictive algorithm.

Fig. 8 illustrates the single-point prediction, ground truth, and 
prediction intervals for DS services, with a significance level set to 
a = 0.1. The prediction intervals from all three methods encompass 
the ground truth with a probability greater than the user-defined
threshold. However, it is evident that SCP lacks adaptability, as the
width of its prediction interval remains constant across all data
points, as shown in Eq. (19). In contrast, ASCP and SCPN offer more 
adaptive and flexible prediction intervals, better capturing varying 
levels of prediction difficulty or uncertainty for different data points. 
For cases with less accurate predictions—especially those far from the
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Fig. 8. Traffic prediction results of DS service on partial testing set.

 

Fig. 10. Comparisons of coverage probability among different CP methods.
true values—the prediction intervals tend to be wider, reflecting 
weaker confidence in the predictions. Furthermore, the proposed 
algorithm achieves significantly n arrower interval widths, providing
stronger confidence in the prediction results.

The performance of CP is evaluated in terms of coverage and inef-
ficiency. Coverage refers to the probability that the true values fall 
within the prediction interval, while inefficiency relates to the aver-
age width of the prediction intervals. The objective is to achieve a
narrower prediction interval while maintaining the desired cover-
age level. Figs. 9 and 10 present comparisons of prediction interval 
width and coverage probability across different CP methods. The
horizontal black dashed line in Fig. 10 indicates the user-specified 
confidence levels. As the desired confidence level increases, the pre-
diction interval width also expands to ensure that the true value is 
included with a higher probability. It is evident that the proposed 
ASCP method consistently guarantees the coverage properties of
prediction intervals across different significance levels. Further-
more, ASCP outperformed the other methods, providing signifi-
cantly narrower interval widths without sacrificing coverage.

6.3. Resource scheduling effectiveness

Next, we evaluated the performance of the ORS scheme. In this 
study, price varies with time, set by NO as the ratio of the total
Fig. 9. Comparisons of prediction interval width among different CP methods.
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resource demand of all SPs to the available network resources over 
the considered time period. In addition, the advance reservation
price needs to be multiplied by the number of slots and then a 

discount factor that is, and .  NO

can encourage the SPs to reserve more resources in advance by
offering higher discounts, which default to

Figs. 11 and 12 show the simulation results for the time-
averaged regret and QoS constraint violation, respectively. The
online gradient descent (OGD) algorithm [48], a classical low-
regret algorithm, was used for comparison. The two algorithms 
achieved sublinear growth in regret for the two types of services, 
demonstrating the overall effectiveness of the proposed algorithm. 
The proposed algorithm exhibited smaller regret values, indicating 
that it was closer to the global optimal solution provided in hind-
sight. After the calculation, the time-averaged regret values of the
ORS for DT and DS services differ from the optimal solution by 0.6%
and 1.3%, respectively. As shown in Fig. 12, the optimal solution 
obtained by convex optimization always satisfies the QoS con-
straints; therefore, its time-averaged constraint fit metrics remain 
at zero. Moreover, the constraint fit metrics for both algorithms
approached zero over time, demonstrating the ORS’s superior abil-
ity to satisfy the QoS constraints.

K 
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m
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Fig. 11. Comparison of dynamic regret. OGD: online gradient descent.
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Fig. 12. Comparison of constraint fit metrics.

Fig. 14. Constraint fit metrics versus budget.

Fig. 15. Resource occupancy ratio versus price. x: resource reservations over a large
timescale; y: resource adjustments over a small timescale.
Next, we analyzed the role of the prediction module in the 
resource scheduling module using the DS service as an example.
Fig. 13 illustrates the relationship between resource bounds and 
QoS constraint violations. The resource bound refers to the maxi-
mum proportion of resources that can be allocated to the SP. When 
the resource bound is relatively low, all algorithms struggle to 
guarantee user QoS. As the resource bound increases, the number 
of QoS violations decreases. Among the three algorithms, the CP-
assisted ORS allocated more resources to accommodate uncer-
tainty, consistently achieving the lowest constraint violations and
demonstrating the strongest ability to meet QoS requirements.
Furthermore, incorporating the prediction module improved
resource scheduling optimization, leading to better QoS fulfillment
compared to an ORS without prediction. From Fig. 14, it is clear 
that the higher the budget, the lower the degree of QoS violation. 
Similarly, the CP-assisted ORS exhibited the best performance in
terms of QoS guarantee, whereas the prediction-assisted ORS out-
performed the ORS without prediction.

Fig. 15 shows the relationship between the resource occupancy 
ratio and the resource price. Here, we consider the change in
adjustment price as an example. As the adjustment price 
increases, the reservation amount gradually increases and the
adjustment amount decreases. It can be observed that an ORS with

qk 
Fig. 13. Constraint fit metrics versus resource bound.
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CP consistently occupies more resources to counteract uncertainty.
However, as shown in Figs. 13 and 14, this additional resource 
occupation is beneficial for QoS guarantees. Clearly, the NO must 
strike a balance between QoS provision and resource utilization. 
Moreove r, because the ORS has some foresight into future condi-
tions, it tends to prioritize reservation strategies over the ORS
without prediction.

7. Conclusi ons

To address the QoS guarantee challenges in STINs, particularly 
in highly dynamic network environments and stochastic traffic 
fluctuations, we investigated an online resource-scheduling 
scheme assisted by service demand prediction. First, to character-
ize dynamic network resources, we implemented 3GPP NTN 
standard-based channel and antenna models on NS-3, ensuring 
accurate capture of the actual transmission characteristics of
STINs. Next, for service demand prediction and uncertainty quan-
tification, we propose a CA-LSTM architecture that combines 1D-
Conv, LSTM, and attention mechanisms, enabling precise multidi-
mensional traffic demand forecasting. To effectively manage
uncertainties from burst traffic, we developed an adaptive CP
algorithm, ASCP, for time-series data. This algorithm provides
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statistically guaranteed prediction intervals, significantly enhanc-
ing prediction reliability. Building on this foundation, we intro-
duced a dual-timescale resource scheduling framework for on-
demand resource matching, which includes large-timescale 
resource reservation and small-timescale resource adjustment. 
We also introduced an ORS algorithm based on OCO, delivering 
long-term performance guarantees with limited network informa-
tion. Experimental results on real-world datasets validated the 
accuracy and efficiency of our prediction algorithms: CA-LSTM 
achieved the smallest RMSE, and ASCP outperformed competitors
with narrower interval widths and no loss of coverage. Further-
more, using our high-fidelity STIN simulation platform, the exper-
imental results show that the proposed scheme achieves near-
optimal performance, comparable to the optimal solution with glo-
bal information. This approach significantly reduces the resource
occupancy rate while ensuring QoS, thus achieving the co-
optimization of resource utilization efficiency and service quality.
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