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Abstract: With the continuous expansion of low-Earth-orbit (LEO) satellite networks,
the services within these networks have exhibited diverse and differentiated demand
characteristics. Due to the limited onboard resources, efficient network resource allocation
is required to ensure high-quality network performance. However, the dynamic topology
and differentiated resource requirements for diversified services pose great challenges
when existing resource awareness or prediction methods are applied to satellite networks,
resulting in poor awareness latency and the inaccurate prediction of resource status. To
solve these problems, a network resource allocation method based on awareness—prediction
joint compensation is proposed. The method utilizes the node awareness latency as a
prediction step and employs a long short-term memory model for resource status prediction.
A dynamic compensation model is also proposed to compensate for the prediction results,
which is achieved by adjusting compensation weights according to the awareness latencies
and prediction accuracies. Furthermore, an efficient, accelerated alternating-direction
method of multipliers (ADMM) resource allocation algorithm is proposed with the aim
of maximizing the satisfaction of service resources requirements. The simulation results
indicate that the relative error between the compensation data and onboard resource
status does not exceed 5%, and the resource allocation method can improve the service
resource coverage by 15.8%, thus improving the evaluation and allocation capabilities of
network resources.

Keywords: low-Earth-orbit (LEO) satellite network; network resource allocation; in-band
telemetry (INT); long short-term memory (LSTM); joint compensation

1. Introduction

The services in low-Earth-orbit (LEO) satellite networks have diversified with the
continuous expansion of these networks and the increase in the associated number of
users. The demand for network resources to guarantee network transmission in concurrent,
multiservice scenarios has experienced exponential growth [1]. However, the available
network resources on the satellite, including bandwidth, computing power, and storage,
are severely limited by the harsh space environment, resulting in a bottleneck in network
service performance. The varying demands for resources among different services further
increase the complexity of network resource management and scheduling [2]. Therefore,
it is necessary to utilize network resource allocation technology, in conjunction with the
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resource demands of services, to jointly optimize the allocation of multi-dimensional
network resources and enhance the service capability of LEO satellite networks.

Network resource allocation methods primarily encompass static pre-allocation of
resources and dynamic adaptive scheduling of resources. Due to the fixed position of
terrestrial network nodes and the stability of links, the method of allocating resources
on demand is commonly employed to achieve dynamic resource scheduling, while static
pre-allocation is used for special services [3]. However, the topology of satellite networks
undergoes dynamic changes, characterized by large inter-satellite distances and poor link
stability. As such, the transmission of operational or management commands is subject to
large latency and latency deviation, leading to inadequate timeliness in dynamic resource
allocation processes, including resource status awareness, decision-making, and the dis-
patch of commands [4]. The intelligent and dynamic online decision-making approach
for terrestrial networks has become ineffective due to the limited computing capabilities
on satellites and the complexity of time-varying scenarios. Static resource allocation and
resource reservation mechanisms are therefore frequently adopted in satellite networks,
helping to guarantee the stable transmission of network services.

The efficient real-time awareness of the resource status of the satellite [5] and the
precise prediction of changes in resource status are important prerequisites for network re-
source allocation. However, the application of terrestrial network awareness and prediction
methodologies to satellite networks encounters challenges such as inadequate awareness
latency and imprecise resource state predictions, owing to the dynamic characteristics of
the network topology and the unpredictability of services. On the one hand, the instability
of inter-satellite and satellite-ground links, coupled with the significant distance involved,
results in propagation delay, transmission delay, and onboard processing delay at each node
as the awareness data traverse multiple nodes within the network [6]. The cumulative effect
of these delays leads to a certain degree of awareness latency when the awareness data
are relayed back to the ground, meaning that the awareness data received on the ground
exhibit lag. On the other hand, satellite network resources exhibit complex temporal and
spatial distributions, with resource status characterized by nonlinearity and discontinu-
ity. Furthermore, the operations within the network demonstrate significant randomness,
leading to considerable uncertainty in resource variations. The insufficient availability
of data to guarantee the robustness and generalization capabilities of prediction models
poses challenges in accurately forecasting the resource status. Consequently, developing an
efficient network resource awareness method, augmented with precise and agile prediction
techniques, is necessary to facilitate accurate and flexible resource allocation.

There have been numerous studies on resource allocation based on satellite network
resource awareness and the prediction of network resource status. However, research on
these two aspects is often conducted in isolation. In other words, relevant research may
solely concentrate on optimizing awareness methods or enhancing prediction accuracy
while neglecting the relationship between them. For example, in the case of satellite net-
work awareness technology, the method of [7] employs telemetry technology to perceive
the network status in real time and implements dynamic adaptive routing based on the
awareness data. However, it fails to take into account the issue of awareness delay during
the telemetry process. The volume of awareness transmission data is enhanced by em-
ploying dynamic channel allocation, enabling the establishment of an awareness method
characterized by low latency and high bandwidth [8]. However, this approach also in-
creases the complexity and awareness overhead of the network. Research on the allocation
of network resources has employed intelligent prediction models [9,10], such as RNNs, long
short-term memory (LSTM) [11], graph convolutional networks (GCNs) [12], and transfer
learning [13], to forecast network traffic or resource status, subsequently making intelligent
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computing or dynamic allocation decisions based on the predictions. However, due to the
limited onboard computing resources, these models struggle to fulfill the dynamic and
intricate resource allocation demands of the network in terms of their real-time capability
and deployment ability. Reference [14] predicted the computing, storage, and bandwidth
resources of onboard control plane units and user plane units using an LSTM in order to
improve the dynamic resource allocation capability for network service functions. The
authors of [15] proposed a routing strategy based on cache resource awareness and predic-
tion, which can reduce the end-to-end transmission delay by sensing user needs and using
cache prediction results for dynamic routing planning. However, unpredictable random
events and subsequent data perturbations are prone to arise within the network due to
the dynamic and uncertainty of network topology, leading to a decline in the prediction
accuracy of the model [16]. Additionally, the sparsity of data and the non-stationarity of
time series further impact the authenticity and reliability of the data.

Aiming at the problems of poor awareness latency and low resource prediction accu-
racy, a network resource allocation method for LEO satellite networks based on awareness—
prediction joint compensation (NRA-PPJC) is proposed in this study. This method can be
utilized to dynamically compensate for resource prediction results, improve the timeliness
and accuracy of data, and build an efficient network resource allocation method. Satellite
networks have fewer available open-source resource data than terrestrial networks, while
the data gathered by terrestrial networks lack complex and time-evolving characteristics.
Therefore, the variations in resource occupancy and release of satellite network resources
during the arrival and transmission processes of service were simulated in this work us-
ing service arrival models. These simulations were tailored to account for differences in
the service generation period, user distributions, and varying resource demands among
different types of services. In-band network telemetry (INT) technology was utilized to
obtain the resource status of each node. To address the issue of significant awareness
latency unique to satellite networks, node resource awareness data were correlated with
awareness latency to create a resource dataset that sequences data based on latencies. Using
the differentiated awareness delay between nodes as the prediction step size, the LSTM
method was employed to flexibly forecast the resource status for various nodes. Fur-
thermore, an awareness—prediction joint compensation model was designed considering
the impact of awareness latency between nodes on the timeliness of awareness data, as
well as the varying prediction accuracies of various resources. This model assesses the
accuracy of awareness data based on the extent of awareness latency and subsequently
determines the compensation weights for various resource prediction accuracy scenarios.
A dynamic network resource allocation algorithm based on the accelerated alternating
direction method of multipliers (ADMM) is proposed, which uses compensation data as an
input with the optimization objective of maximizing the service resource coverage ratio
(SRCR). Considering the differences in service priorities and resource requirements, the
ability of resources between nodes to carry service was calculated, and the local variable
initialization process of the ADMM was optimized to reduce search iterations, improve
algorithm convergence speed, and achieve efficient network resource allocation.

The main contributions of this paper are as follows:

(1) A network resource dataset that utilizes the different awareness latencies of each node
as its temporal sequence was constructed. The changes in node resource occupancy
and release were simulated based on the service arrival models. INT was used for
resource awareness, and a dataset was compiled using the corresponding awareness
latency as the time interval. The dataset served as the foundation for resource status
prediction, data compensation, and resource allocation.
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(2) An awareness—prediction joint compensation model was designed. The LSTM is used
to dynamically predict the onboard resource status for each node using the different
awareness latencies between nodes as the prediction steps. An innovative method for
constructing compensation parameters based on awareness latency and prediction
accuracy is also proposed. This approach can compensate for the prediction results
based on the resource prediction accuracy combined with awareness data, thereby
improving the timeliness and accuracy of the data.

(3) A dynamic network resource allocation algorithm based on the ADMM is proposed.
The initialization process of the ADMM'’s local variables was refined based on the
actual service carrying capacity of satellites, using compensation data as the input
and with the optimization objective of maximizing the SRCR. This enhances the
algorithm’s convergence speed and enables efficient resource allocation.

The remainder of this paper is organized as follows: Section 2 introduces the scenario of
the LEO satellite network, service model, and resource model. Section 3 introduces resource
state awareness based on INT and resource state prediction based on LSTM. Section 4
introduces the awareness—prediction joint compensation model. Section 5 proposes a
dynamic network resource allocation algorithm based on accelerated ADMM. Section 6
validates the proposed method through simulation experiments. Section 7 provides a brief
summary of the paper.

2. LEO Satellite Network Model
2.1. Satellite Network Scenario

The LEO satellite network scenario is shown in Figure 1. A set of satellite nodes
in the network is represented as Sat = {S1, Sy,...,Sny}. The network mainly comprises
periodic, high bandwidth, and computing—storage services, which primarily consume
satellite bandwidth, computing, and storage resources. The network contains k time slots,
and there exists a set of time slots Tx = {T1, Ty, ..., T}, where the time interval between
each time slot is AT, and the network topology remains fixed within each time slot. The
corresponding adjacency matrices Map = {M;, My, ..M;} are generated for each time
slot based on the static topology, and each adjacency matrix encompasses information
on inter-satellite link visibility, link distance, and the availability of satellite-to-ground
links. Dynamic topology scenarios can therefore be converted into static slices, and services
can be deployed within time slots based on the topology at the current moment. A task
tuple {Z, Pz, Tz} is used to represent each service flow, where Z is the set of service
identifiers, Py is the set of service transmission paths, and T is the time when the service
starts transmitting until it is received at the gateway station.

The satellite transmits service data via the inter-satellite wireless communication link,
with the topology remaining unchanged throughout the transmission process. The source
and destination nodes of any service in the network are denoted as S, and S,. There are
N, satellites on the service transmission path P, and the propagation delay at the nodes is
defined as follows:

: |
thro = ei Vi,j € P, Vz € Z, )
pro

where L;; is the inter-satellite distance from node i to node j, and Op, is the propagation
speed, and the value is equal to the speed of light. The time consumed by node i when
sending service packets to the next node j is called the transmission delay:

i _E VzeZ 2
tirans = o ze4, ( )
(1
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where ElZ represents the data size sent by each satellite, and ; is the transmission rate of
the switch on each satellite.
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Figure 1. LEO satellite network scenario.

2.2. LEO Satellite Network Resources

In the LEO satellite network, each node is a communication satellite that can pro-
vide network services such as data forwarding, routing calculation, and data caching
based on the services, with the corresponding onboard network resources being band-
width, computing, and storage resources. There are variations in the scale of onboard
resources among different satellites considering the differences in their payload capabil-
ities. Therefore, to better characterize the three types of onboard network resources, the
maximum available resources for each satellite node are set at the initial state, specifically
R = [B"®, C"®, S™¥]. Then, a corresponding resource status matrix is generated
for each satellite, reflecting the remaining status of onboard resources. Specifically, the
remaining bandwidth, computing, and storage resources of the i-th satellite at time t; can
be represented as R; (t;) = [B;(t;),C;(t;),S;(tj)]. Therefore, there exists a network resource
status matrix at time t; for all nodes in the entire network:

By (t;) Ba(t) B (t))
R(t) = |Ci(y) Caly) - ()| 3)
S1 (t]) S (tj) SN (t]) 3xN

2.3. LEO Satellite Network Services

Three typical types of traffic services in LEO satellite networks were selected in order
to better simulate the impact of differentiated resource demands between services on the
resource variation of nodes—namely, periodic services, high-bandwidth services, and
computing-storage services—with the priority of services gradually decreasing. Periodic
services refer to periodic requests that are triggered on time based on the laws of topological
motion or the repetitive needs of users. Typical services include daily control commands
and periodic network data transmissions. Such services have relatively small data volumes
and consume bandwidth resources and computing resources on the satellite. The Bernoulli
binary distribution was utilized in this work to represent the success rate of a node receiving
services within a fixed period [17]. Specifically, services arrive at certain intervals within
a certain length of time with a certain probability. High-bandwidth services primarily
target scenarios with high data rates and high-capacity transmission requirements. These
services involve substantial data volumes and have high-bandwidth resource demands,
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often resulting in larger transmission delays at nodes. They consume larger amounts of
bandwidth resources and some storage resources on the satellite. Typical services include
audio and video streaming as well as large-volume image transmission services. The
average arrival rate of the service per unit time, the number of service requests, and the
observation interval were used as parameters in this work to simulate the probability of
service arrival based on the Poisson distribution model [18,19]. Computing storage services
rely on the onboard processing and storage capabilities of satellites. Typical application
scenarios include satellite protocol acceleration, routing computation, and routing caching,
which often consume a significant amount of satellite computing and storage resources. A
Gamma model based on the arrival intervals and time scales of service was constructed in
this study in order to model the probability of service arrival [20].

After the completion of the service, the resources occupied by the service are gradually
released, and the resource consumption of the service does not exceed the maximum
available resources of the satellite. Simulations were conducted for the three types of
services based on the arrival probability distribution and data characteristics of each type
of service. There are total of M services in the network, with the service set denoted as Fservy -
Among them, the periodic service set is Fseryv. Among them, the periodic service set is Fper,
the high-bandwidth service set is Fy,,nq, and the computing—storage service set is F._s, with
Fserv = Fper U Fpang U Fe—s and Fper N Frang N Fe—s = @. The number of the three types of
services are Mper, Mpand, Mc—s, and M = Mper + Mpand + Mc—s.

3. Network Resource Awareness and Resource Status Prediction
3.1. Network Resource Awareness Based on INT

An awareness method based on INT technology is employed in LEO satellite networks.
INT represents a hybrid awareness approach that writes awareness data into the unused
fields of the service packet header, thereby enabling the awareness data to be transmitted
alongside the service [21], which means the service transmission path can be regarded as
the awareness path. Specifically, when the service flows through, the node integrates the
status information of the onboard resources and incorporates it into the telemetry data
within the service packet header, formatted as metadata [22]. The time consumed by each
node when executing the telemetry packet header reading and metadata writing operations
is defined as the awareness delay, which is much smaller than the propagation delay and
transmission delay. The awareness delay of satellite node i can be therefore set as a fixed
value t/,. When the service reaches the target node Sy and the satellite arrives above the
nearest gateway station, the awareness data and service data are transmitted back to the
ground via satellite—ground links (SGLs), and the propagation time of the SGL is as follows:

D,

=

epro ’ (4)
where Dg, is the visible SGL distance from the target node Sy, to the nearest gateway station,
and Opy, is the propagation speed, the value of which is equal to the speed of light. The
queuing delay is similar to the on-board awareness delay, which is generally measured in
microseconds due to the processing capability of the onboard hardware. In the congestion
scenario, it increases to several milliseconds. The queuing delay has less impact than the
propagation delay of ISL and SGL, such that it can also be set as a fixed value tiQ. Based
on Equations (1) and (2), it can be concluded that for each node along the path, the time
consumed for awareness and transmission processes is as follows:

Si Si Si Si | 4Si
td = tpro + tirans T tw + tQ, S, eP,, (5)
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The accumulated awareness latency generated during the process of each node is

as follows: q
b
TS =60+ Y t,SeP,S, ePs, 6)
j=Si
The collection of awareness latency from n; nodes on the service path P, received by
the ground control center is T5 = Ti“, Ti”“, .. .,Tz‘”“fz, Tib } Therefore, the awareness

latency matrix of each node at different times within the current time slot Ty is as follows:

S S
T (t) ... TH(t)
T4(t;) = : : €Ty, (7)
S S
Ta () - T3(y)
3.2. Construction of Resource Awareness Dataset
3.2.1. Integration of Awareness Data

INT technology enables refined awareness of the resource status of all nodes in the
network, providing data support for resource prediction. Due to the limited number of es-
tablished LEO satellite networks, there are relatively few available open-source datasets for
satellite network node resources. Terrestrial network traffic datasets and network resource
datasets do not possess the complex time-varying characteristics and multidimensional
heterogeneous features of satellite networks, making them unable to meet the resource
prediction requirements in the current LEO satellite network scenarios. Network resource
awareness datasets were therefore constructed in this work using simulation methods. The
generation process of the awareness datasets is presented in Algorithm 1.

Algorithm 1: Resource awareness dataset generation

Input: The number of the three types of services Mper, Mpand, Mc—s; Time slot Ty;
network resource status matrix R; (t;);

1 fori<1to Mdo

2 Generate corresponding service sets for three types of services based on arrival
models and number of services;

3 Generate resource demand vectors FF = [B;, C;, S;] for each services;
4 end

5 forj+ 1tokdo
6 Deploy services within the network, confirm the services across each node;

7 Update the on-board resource status based on the corresponding resource
requirements of services;

8 Generate a network resource status matrix R; (t]-) for the satellite;

9 end

10  Collect and integrate the on-board status of resources across the entire network at
each time slice RY = {R",R%,... R}, t; € Ty;

11  Extract data and construct corresponding resource datasets based on three types of
resources in chronological order.

Output: Network resource awareness datasets.

3.2.2. Preprocessing of Dataset

Based on the in-band telemetry awareness method, the frequency of node status up-
dates is related not only to the awareness delay on the service path but also to the intensity
of the service. On the one hand, a large number of service requests pass through the nodes
in certain areas of the network, leading to an increased frequency of awareness at each node.
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However, in certain areas of the network where the number of service requests is small,
there are fewer services passing through the nodes, resulting in a decreased frequency of
awareness at each node. On the other hand, at the same node, the frequency of resource
awareness also varies across different time slots. The number of service requests passing
through the node is higher in the current time slot than other slots, resulting in a larger
interval between the awareness data. Therefore, the resource awareness data of the satellite
node itself is nonlinear, and the data intervals between nodes are significantly different.

To address the above problems, preprocessing with timestamp synchronization is
necessary for the resource status datasets of each node. First, the minimum value TZi_min of
the transmission latency from multiple services is taken as the standard awareness time
slice in the dataset, representing the minimum data interval. The dataset is resampled
and divided based on the interval, and multiple sets of awareness data in the interval are
weighted and fused. Considering the nonlinearity of awareness data in time sequence
caused by the sparsity of services and awareness delay caused by the difference of the path
length, taking the minimum delay as the acquisition interval can increase the sampling
frequency and reduce the data groups in the sampling interval, which can effectively
alleviate the problem of data information loss when multiple groups of data are fused in
the weighting process. The weighted calculation formula for data fusion to ensure the
correlation between sets of data and mitigate the influence of outliers on data weighting is
as follows:

Ag
Xo(t) = Y wexe(t), ®)
k=1

where Ay is the awareness frequency within the interval TEL min- Yk (t) is the awareness
data within the corresponding interval, and wy is the weight corresponding to each data.
According to the differences in factors such as nodes and time periods, wy can be calculated
using an exponential amplification weighting model, which is as follows:

_ (@ 9
B A o

j=1"%]

where the weights satisfy the condition that Z,A:fl w; = 1, and h represents the weighted
amplification coefficient, ranging from 0 to 5. The specific value of & influences the data
fusion effect. (1) When h = 0, the weights degrade to a simple average. (2) When h = 1,
the weights degrade to linear weighting. (3) When & > 1, higher weights are assigned to
high-value data, making them suitable for emphasizing outliers or key values. (4) When
0 < h < 1, the influence of high-value data is reduced, while the weights of low-value data
are enhanced, making them suitable for smoothing noise or mitigating extreme values. The
value of h can be dynamically adjusted according to the characteristics of the actual data
in order to compensate for correlations between data and prevent excessive information
loss. After temporal synchronization, the data are normalized and scaled within the range
of [0, 1]. The normalization formula is as follows:
X — Xmin

Xdata = Xomax — xmin, (10)
where xmax and Xy represent the maximum and minimum values in the fused data,
respectively. Although normalization obscures features of data such as multi-peaks and
shifts in resources, it preserves the relative positioning of the data. In other words, the
model can still capture trends in data changes over time, including linear growth or
cyclical fluctuations. More importantly, there exist differences in the dimensions and orders
of magnitude among bandwidth, computing, and storage resources. Furthermore, the
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maximum available resources vary between satellites. Adopting a normalization method
therefore facilitates the rapid processing of multi-dimensional data by the model, without
the necessity of extensive modifications to training parameters, thereby enhancing the
model’s generalization capability.

3.3. Resource State Prediction Based on LSTM

Resource status data exhibit nonlinear characteristics due to dynamic topological
features. Traditional regression prediction methods perform poorly on nonlinear data,
failing to meet the requirements for both accuracy and real-time performance. However,
prediction models based on artificial intelligence can effectively enhance the prediction
performance for nonlinear data. Neural networks, such as recurrent neural network models,
are commonly used as prediction models, but they encounter the issue of exponentially
decaying or growing back-propagated gradients in long time series, leading to problems
of gradient vanishing or exploding during the training process [23]. These issues make
it difficult for the model to learn the long-term dependencies in sequential data. LSTM,
a lightweight intelligent prediction model, introduces cell states and gating mechanisms
to discard, retain, and update certain information over long sequences, which effectively
addresses the long-term dependency issues arising from cumulative long time series data,
achieving the goal of accurate forecasting [24]. Therefore, a resource status prediction
algorithm based on LSTM is proposed. This algorithm dynamically predicts the resource
status of each node with the prediction step set as the awareness latency.

The dataset contained 500 samples and was divided into three parts in chronological
order, with 70% of the data used as the training set, 15% as the validation set, and the
remaining 15% as the test set. Input samples for the training set were generated using a
sliding window T,,, which contains 10 to 15 time slices of perceptual data. The predicted
output sequence has a length of a single time slice, and the prediction target is x;. The
batch size was set to 32, and the number of epochs was 30. The model consists of an input
layer, LSTM layer, and output layer. The dimension of the input layer was set to (Tw, Ny),
and Ny, is the number of features. The LSTM layer consists of a three-layer structure, with
dropout layers placed between them. The output layer consists of a fully connected layer

and a regression layer, with the fully connected layer employing a linear activation function.
Ty A 2

The loss function uses mean squared error as MSE = %k ‘Zl <yi - Yi) . Taking X; as the
i=

input, h;_; as the hidden state, and the cell state as V;_1, the LSTM computation steps are

as follows:
f, = a(wf.[ht,l,xt} +bf), 11)

where W [ is the weight matrix for the state, b f is the bias vector, and o(f) is the sigmoid
function, with output values in the interval [0, 1], indicating which information is discarded
in the cell state, retaining a certain proportion [25].

it = o(Wj-The—q,x¢] +b;), (12)

(Et = tanh(WV-[ht,l,xt] + bv), (13)

where tanh is the activation function, W; and Wy are the state weight matrices, b; and
by are the bias vectors. The model determines whether the current input information is
written to the memory cell. The cell status is updated based on the above results:

Vi=fi OV +i: © \~/t, (14)
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where © is the element-wise multiplication function. Then, the output memory cell infor-
mation is controlled:
y; = 6(Wo[ht—1,xt] +bo), (15)

h; = Yyt O tan h(Vt), (16)

where W, is the state weight matrix, and b, is the bias vector.

4. Awareness—Prediction Joint Compensation Methods

LSTM is a traditional resource state prediction approach [23,26]. However, the innova-
tion of this study lies in applying the prediction model to the specific challenges faced by
satellite network resource awareness. The issues of varying time intervals in data awareness
among nodes and differing prediction step sizes are addressed by dynamically adjusting
the prediction step size based on node-aware latency. The prediction accuracy of network
resource status based on LSTM varies with the change in the prediction step size. When
the awareness latency is high, the error in the resource status prediction results increases.
Additionally, the randomness of services and the instability of links in satellite networks
lead to significant fluctuations in resource changes, which result in poor data continuity and
stability, thereby reducing the prediction accuracy. Specifically, in scenarios characterized
by significant resource fluctuations, such as those exhibiting spikes in resource curves,
the retention of early growth trends in resources, attributed to the gating mechanism
and the cumulative impact of errors, can cause prediction results to diverge substantially
from actual values, thereby generating significant errors. Consequently, relying on these
predictions can undermine the reliability and precision of the decision-making.

The awareness data also have poor timeliness due to the awareness latency caused
by the dynamic topology of LEO satellite networks. Specifically, after the satellite node
completes the writing operation of the metadata at time ¢,, the ground control center can
only receive the resource status data after a certain awareness latency T(Sji, with the current
time being ¢; = t, + Ti’] At the current moment, the onboard resources may have already
changed, meaning that the awareness data received at the ground control center do not
represent the real-time resource status of the node, but rather awareness latency data. The
actual resource status on the satellite may fall into one of the following situations. (1) With
no new services arriving, the resources occupied by previous services on the satellite remain
unreleased. The state of onboard resources unchanged, and the awareness latency data
are equivalent to the quantity of onboard resources. (2) With no new services or fewer
services arriving, the resources occupied by previous services are significantly released,
resulting in an increase in available onboard resources. The quantity of awareness latency
data is smaller than the quantity of onboard resources. (3) With the arrival of new services,
the resources occupied by previous services have yet to be released, and the quantity of
onboard resources is smaller than the awareness latency data. (4) With the arrival of new
services, the resources occupied by previous services are released and the onboard resources
may not change, or they may be greater or less than that of the awareness latency data.

As shown in Figure 2, both the awareness latency data received on the ground and
the resource status prediction results exhibit poor accuracy and timeliness. To address the
above problem, a dynamic compensation model based on awareness data and prediction
results is proposed. The model dynamically compensates for awareness latency data based
on the prediction results and dynamically adjusts the compensation weights for each node
according to the awareness latency and prediction accuracy, ensuring that the authenticity
and accuracy of the compensated data are closer to the actual onboard resource status.
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Figure 2. Scenario introduction of awareness—prediction joint compensation.

Specifically, the LSTM-based prediction algorithm uses the awareness latency Ti" as
the prediction step length, so the predicted result of node S; for the k-th type of resource

AN
status at time f is Rg, (t). The actual awareness data received by the ground control center

at the current moment for node S; are R’ Iéi (t — 7), where T is the awareness latency of the

node, and T = Ti’ﬂ The dynamic compensation model based on the awareness data and the
predicted results is as follows:

~k N
Rg, (t) = 7Rg, (£) + (1 — 9)RE (¢ — 1), (17)

where 7 is the compensation weight, and ¢ € [0, 1]. Furthermore, the design of 7y is based
on the awareness latency and the accuracy of the prediction model, and its calculation

formula is as follows: 1

T 1t e Pl (1-5,(0)]

v (18)

where T is the awareness latency, 19 is the awareness latency threshold, f is the latency
coefficient, and y is the resource type weight. d;(t) is the prediction error of the k-th
resource. The impact analysis of each parameter is as follows:

(1) « is the weight of the awareness latency data and the prediction results in the com-
pensation process. When 1 is large, the credibility of the current awareness data is
high, and its weight is relatively large. When vy is small, the prediction results account
for a larger proportion in the compensation process, thereby dynamically adjusting
the ratio of awareness latency data and prediction results.

(2) B controls the speed of the change in y weight, representing the sensitivity to changes
in awareness latency and prediction error during the compensation process. When f is
large, if (T — 1) + -0k (t) > 0,theny = 1. If (T — 1) + -0k () < 0, theny = 0.
If (t — 1)+ we-0k(t) =0, theny ~ 0.5, and at this point, the weights of awareness
latency data and prediction results are the same, independent of the parameters.

(3) T is the awareness latency threshold. When 7 increases, it enhances the tolerance of
the compensation data to latency, meaning that at this time, there is a greater reliance
on prediction data. When 19 is small, it is more sensitive to awareness latency and
relies more on awareness latency data.
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(4)  py is used to adjust the impact of prediction errors on weights, as there are differences
in prediction accuracy when using LSTM models for different types of resources on
the satellite. Therefore, if the current resource prediction results are unreliable, the
value of ;. can be increased to ensure that the impact of awareness delays is more
significant during the weight update process. When . is small, it reduces the impact
of prediction errors on 7, making the compensation process more reliant on adjusting
weights based on latency differences.

(5)  O(t) is the prediction error for different resource types. When §(t) is large, the
compensation process relies more on awareness latency data. When 8(t) is small, its
corrective effect on 7 is stronger, and the reliability of the prediction results during
the compensation process is higher.

The above compensation model complies with the characteristics of LEO satellite
networks. The awareness latency of the node is higher for satellites that are relatively
far from the gateway station in the network, and the reliability of the awareness latency
data decreases significantly with the increase in latency. At this point, compensation for
the awareness latency data can be performed based on the predicted results of the node’s
re-sources. The awareness latency is small in the case of satellites in the network that are
relatively close to the gateway station. The real-time performance of the awareness data
at this time is better, and the error between the actual onboard resource status and the
awareness data is smaller, which means the compensation weight of the awareness data is
larger. For instance, when the resource state undergoes a sudden peak shift due to services,
resulting in a significant prediction error, the accuracy of the awareness data be-comes
more pronounced. Consequently, the proportion of awareness data dynamically increases.

There are also differences in the speed and magnitude of changes in the onboard
bandwidth, computation, and storage resources in the same node, leading to variation in the
prediction accuracy of the LSTM algorithm for three types of resources. Regarding re-source
types exhibiting poor prediction accuracy, the impact of prediction results on compensation
data can be mitigated through the application of Equation (18). For example, in the scenario
where the resource state changes abruptly, the prediction result error is relatively large.
Although there is a delay in the awareness data, the error may be relatively small. Therefore,
the impact of the awareness data can be improved by adjusting the compensation weight.
The compensation effect of the prediction results on data is strengthened for resource types
with better prediction results. For instance, the compensation weight of the prediction
results can be elevated to bolster the compensating impact of pre-diction results on the data
in scenarios with significant delays and substantial awareness data error.

5. Dynamic Network Resource Allocation Algorithm Based on
Accelerated ADMM

5.1. LEO Satellite Network Resource Allocation Modeling

After compensation based on Equation (17), the remaining resources of node S; at
time ¢ are f{sl.(t) = {ésl.(t), (Nisl.(t), ési(t)} . In the network, there are periodic services

denoted as Fper, high-bandwidth services denoted as Fy,,,4, and computing-storage ser-
vices denoted as F._g, with their respective priority weights being {wz, wp, wc}. The
total resource demands are set as { Rz, Rp, Rc} for each service, with the corresponding
coefficient matrices for bandwidth, computing, and storage resource consumption for each
type of service being:

o« Br V2

x Bp Yol (19)

o Beo Ve
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where «; is the bandwidth resource consumption coefficient, 3; is the calculation resource
consumption coefficient, and vy; is the storage resource consumption coefficient.

The issue of network resource allocation is addressed by maximizing the service re-
source coverage ratio (SRCR) in order to maximize fulfillment of resource requirements
among various services and enhance the utilization rate of network resources across the
entire network. This ensures the highest number of service requests in the network,
thereby guaranteeing resource utilization and enhancing network service performance.
Considering the limited resources on the satellite and the complex spatial and temporal
characteristics of the distribution, maximizing the SRCR can improve the robustness of
resource utilization, avoid the reduction in service capacity in other regions due to excessive
resource reservation, and ensure the critical coverage of high-priority services. The quantity
of resources assigned to each of the three types of services by node S; is {xgi, xgi, Xg, } The
optimization objective is to maximize the SRCR, and the optimization objective function is

as follows: )
N xZ . ~C
<wz X§, N WpXg, N we XSL-)

= 2
MaxXESRCR Z RZ RB RC ( 0)

i=1

st. Cl: ocz‘xgi + O(,b'Xgi < le,(t), Vi e N

C2: Bz~x§i + BC-XEI, < Cg(t),VieN

C3:vpG, +vex§, < Ss (), VieN
N

C4:)y xi <Ry
i=1 "

N

C5: ¥ xg_ < Rp
.:1 1
ZN

C6: Y xgi < Rg,
i=1

where C1 to C3 represent node resource constraints, signifying the individual resource
capacity limits of each node. Specifically, the aggregate resources allocated by each node to
various services must not surpass its current resource surplus, with bandwidth, computing,
and storage resources all subject to these constraints. C4 to C6, on the other hand, represent the
resource demand constraints of the entire network, establishing upper limits for the allocation
of three types of services across the network to prevent resource wastage or over-allocation.

5.2. Dynamic Solution Algorithm Based on Accelerated ADMM

The optimization model is a multi-objective joint optimization problem. In this section,
the ADMM algorithm is introduced to solve the model. The ADMM is an efficient algorithm
tailored for large-scale distributed optimization scenarios. It integrates the parallel design
of dual decomposition with the rapid convergence properties of the augmented Lagrange
method, breaking down complex global optimization problems into multiple simpler sub-
problems for resolution. The sub-problems are considerably easier to solve than a joint
solution. Efficient global convergence is achieved through alternating optimization and
multiplier updates. The ADMM algorithm has the characteristics of rapid convergence in
distributed computing, high compatibility under complex constraint conditions, robust
parameter performance, and excellent scalability.

In the resource allocation scenario, the algorithm introduces global auxiliary variables

N N N
h, = Y xg,hy =} xg, h. = Y} x5, and h;, i € Fy, representing the resources allocated
i=1 ' i=1 "' i=1 '
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by the current node to three types of services. The augmented Lagrange function in the
ADMM algorithm is as follows:

minL, = —é&Rrcr+ L [?\j<hjfzxé) g(hf):xs>}

je{zb,c}
N [wzx§ ngg_ wex§, ) 0 .2
=-y L+ O i+ {N hi—Yxk )+ 2 (h —Xxl }
i1\ Rz Rp Re jelzbe} /( ! S’) 2< ! S’)

where A; represents the Lagrange multiplier, which is employed to dynamically facilitate

(21)

the satisfaction of constraints during the optimization process and is constantly updated. p
denotes the penalty parameter, which is utilized to expedite the algorithm’s compliance
with conditional constraints.

The traditional ADMM algorithm initializes the local variables {xéi, xgl_, xgi }, global
variables {h_, h;, h:}, and Lagrange multipliers {A,, A;, Ac} to zero or randomly, then
proceeds through multiple iterations until convergence is achieved. However, initiating
each variable’s value at 0 and gradually updating it can not only prolong the convergence
time but also introduce oscillations in the local variable update process, subsequently
impacting the multiplier update process and compromising accuracy.

To address the aforementioned issues, this section introduces a dynamic initialization
approach for local and global variables in the ADMM algorithm that utilizes resource
compensation data. The aim of this approach is to expedite the convergence speed of
the algorithm and enhance its computational capabilities within large-scale satellite net-
works. The formula for determining the maximum service capacity of a node is presented
as follows:

: Bs,(£) Cs,(t) Ss,(t
pl = min 5:(8) Csi(t) Ssi()
l 6 B

Vi€ zb,c], (22)

where each component represents the actual service capacity of node S; for a specific type of
service, and selecting the minimum value refers to opting for the service capacity with the
lowest capacity among the various service types corresponding to the remaining resources.
Therefore, the initialization process for local variables can be optimized as follows:

J
& R;, j € [zb,c]. (23)
Z:z 1 pS

Then, the global variable can be initialized as follows:
N .
0) =min| Y x5 (0)R; |,j € [z0,c], (24)
i=1

where Z xS (0) is the resource constraint of the nodes, and R; refers to the service require-
=1
ments of the whole network. The Lagrange multiplier reflects the relationship between

local and global variables and is therefore updated with reference to the initial bias between
these variables:

0= p D% ORLIO} )

Its practical significance lies in the fact that when A;(0) > 0, the local allocation

decreases during the iterative process, whereas when A;(0) < 0, it will increase. The
specific algorithm flow is shown in Algorithm 2.
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Algorithm 2: Dynamic solution algorithm based on accelerated ADMM

Input: Compensation data Rg, (t); Network services Fy; The total resource demands for
each service type, {Rz,Rg,Rc};

1 forj <+ 1to N do

2 Calculate the maximum service capacity according to Equation (22);

3 Initialize local and global variables according to Equations (23) and (24);
4 Initialize the Lagrange multiplier according to Equation (25);

5 end

6 forj < 1 to N do (parallel execution)

7 Update the first variable x§ (k), with fixed x’é]_ (k), x§

8  Update the first variable Xg; (k), with fixed x§ (k), xg, (k) and A;(k);
9  Update the first variable xg (k), with fixed x§ (k), x&

10 Update A;(k);

11  Until the constraint conditions are met and the result converges;
12 end

Output: The optimal allocation scheme {xgi, xgi, xgi }

6. Simulation Results and Analysis

This paper evaluates the proposed NRA-PPJC method through numerical simulations.
A LEO satellite network consisting of 293 nodes is simulated, comprising both polar and
inclined orbits. The inclined orbit has an altitude of 550 km and an inclination angle of
50°, with a total of 19 orbital planes, each containing 11 satellites. The polar orbit has an
altitude of 560 km and an inclination angle of 86.5°, with a total of 6 orbital planes, each
containing 14 satellites. The arrival processes of periodic services, high-bandwidth services,
and computing-storage services are simulated in the network. Then, dataset construction
and preprocessing of node resource awareness data are also conducted.

Figure 3 presents a comparison of the robustness evaluation of the awareness—prediction
joint compensation method. Figure 3a demonstrates the influence of awareness latency
on compensation weights across different awareness latency threshold benchmarks. The
prediction error of node resources is fixed at 5%, which is based on the average value of the
relative prediction error of node resources in the whole network. It can be seen from the figure
that as the awareness latency threshold is set lower, the compensation weight converges to 1
within a shorter awareness latency. This implies that when the awareness latency threshold is
small, a smaller awareness latency results in a larger proportion of awareness latency data in
the compensation data, and as the awareness latency increases, the proportion of prediction
results will also rise.

Figure 3b illustrates the variation in compensation weights in relation to prediction
accuracy across different awareness latencies. Since the prediction accuracy of various
resource types falls within 10%, the compensation weight will decrease as the prediction
error rises, meaning that the proportion of prediction results in the compensation process
will decrease accordingly. Moreover, for a fixed awareness latency threshold, the compensa-
tion weight increases rapidly as the latency increases, thereby increasing the proportion of
prediction results in the compensation process. In summary, the proposed method allows
for the adjustment of compensation weights based on prediction accuracy, and it can further
undergo dynamic optimization in response to latency, enhancing the robustness of the
method in scenarios characterized by high dynamics and varying prediction accuracies.
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Figure 3. Comparison of the robustness of the awareness—prediction joint compensation method.
(a) Influence of awareness latency on 7; (b) Influence of prediction error on +.

Figure 4 shows comparisons of the compensation data, prediction results, and the
awareness data, representing the actual status of onboard resources. Figure 4a shows
the comparison for bandwidth resources. It can be seen from the figure that although
the bandwidth resources are heavily utilized, the usage of high-bandwidth services is
continuous. Therefore, the trend of change is relatively smooth over time. The prediction
results based on the LSTM algorithm are close to the actual resource status, with a small
error. After the compensation based on the prediction results, the compensation data can
fit the actual results. The maximum relative error between prediction results and actual
onboard state data is 4.14%, and the error of the compensation data is 2.72%, demonstrating
the accuracy and reliability of the proposed algorithm.
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Figure 4. Comparison of the compensation model for the three types of resources. (a) Comparison for
bandwidth resources; (b) Comparison for computing resources; (¢) Comparison for storage resources;
(d) Comparison of average relative error.

Figure 4b shows the comparison for computing resources. It can be seen from the figure
that although the resource utilization is relatively low, the speed of resource occupation and
release is rapid due to the characteristics of the services. This leads to significant fluctuations
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in resource trends, which in turn reduces the prediction accuracy. The compensation data
fit well with the awareness data. However, the compensation results can reduce some of
the prediction errors for the rapidly changing peak areas. The maxi-mum relative error
between prediction results and actual onboard state data is 9.89%, and the error of the
compensation data is 2.98%, effectively addressing the issue of poor prediction accuracy in
dynamic environments.

Figure 4c shows the comparison for storage resources. It can be seen from the figure
that the utilization is relatively low. However, the frequency of resource occupation and
release is higher than that of computing resources, resulting in many spikes, which also
affects the prediction accuracy. The maximum relative error between prediction results
and actual onboard state data is 4.19%. This indicates that although spikes can affect ac-
curacy, the inherent characteristics of resource occupation and release still allow for better
prediction performance than scenarios with rapid fluctuations in computing resources. The
compensation data fit well with the awareness data. The maximum relative error be-tween
compensation data and actual onboard state data is 2.12%, which effectively enhances the
fitting accuracy and improves data reliability.

Figure 4d demonstrates the average relative errors between the prediction results
and the actual onboard data as well as the average relative errors of the compensation
data. From the graph, it can be seen that the relative errors of the compensation data are
consistently smaller than those of the prediction results, suggesting that the compensation
model can significantly enhance the accuracy of the data.

To further evaluate the effectiveness of the proposed method, actual awareness data
are introduced for testing. Due to the limited availability of open-source satellite network
data, a LEO satellite network consisting of 293 satellites was established based on existing
systems using container technology. Programmable switches were employed to measure
the transmission port rate (TPR) and reception port rate (RPR) per second of device ports
in both non-service and high-bandwidth service scenarios, thereby showcasing the actual
bandwidth capabilities of the nodes. Especially when there is no traffic passing through,
due to the presence of awareness packets or other signals in the network, the node port
rate remains small but is not zero.

Figure 5 illustrates the comparison among the actual awareness data, prediction
results, and compensation data. The background flow, acting as noise, exhibits a high
degree of randomness and is characterized by frequent and significant changes. Regarding
the issue of frequent changes, prediction algorithms may produce deteriorated prediction
results at peak points, and their prediction performance may be reduced compared to
simulated awareness data. This is exemplified in the 57th time slot in Figure 5a, where
the error between the predicted result and the actual awareness data is approximately
22.7%. However, after joint compensation, the error between the compensated data and
the actual awareness data drops to only 6.8%. For problems involving significant changes,
the prediction method will produce significant errors. For instance, in the 57th time slice
depicted in Figure 5b, the prediction method exhibits a relative error of 14.5%, whereas
the compensated data demonstrates a relative prediction error of only 5.7%. The above
analysis indicates that for actual awareness data, prediction algorithms cannot maintain the
high prediction accuracy during simulation due to the volatility and randomness inherent
in the data. Nevertheless, the joint compensation algorithm presented in this paper has the
potential to enhance the accuracy and reliability of the data.

From the Figure 5c,d, it can be seen that the actual awareness data are similar to the
simulation results in this article in terms of overall trend. However, spikes are observed
at certain time points, indicating sudden increases or decreases in rate. This is due to
the protocol acceleration of actual switch hardware or differences in switch output queue
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management strategies, leading to more complex characteristics of actual awareness data
and consequently affecting the corresponding prediction performance. From Figure 5c,
the prediction results based on actual measurement data have a large error in the 55th
time slot. The relative error of the prediction method is 21.6%, while the relative error of
the compensation method is 9.3%, indicating a significant improvement in data accuracy.
From Figure 5d, it can be seen that for the time period of 60 to 65, when there is significant
fluctuation in the data, the predicted results for the resource situation at the node are
opposite to the actual data. However, the compensation method, by comprehensively
considering the perception latency data and the predicted results, can not only reduce
relative errors but also retain the trend of resource data changes, further improving the
reliability of the data and providing support for subsequent resource allocation.
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Figure 5. The comparison of different methods under high-bandwidth service scenario. (a) TPR data
of non-service; (b) RPR data of non-service; (c) TPR data of high-bandwidth service; (d) RPR data of
high-bandwidth service.

Figure 6 presents a comparison of the SRCR for various datasets following network
resource allocation utilizing the accelerated ADMM algorithm. It can be seen from the
figure that when the number of service requests is less than 80, the SRCR is 100% in all
data scenarios; that is, the service resource requirements in the network can be met at this
time. The resource allocation approach, which relies on awareness data, suffers from the
inherent latency, resulting in outdated resource status information for certain nodes and
consequently rendering some services unable to fulfill their resource coverage needs. Based
on the predicted results, the SRCR effect is weaker than that of the compensation data. Due
to significant fluctuations in prediction accuracy, the corresponding SRCR also experiences
fluctuations, resulting in poor stability of allocation performance. The SRCR based on
compensation data aligns closely with the actual onboard data, accurately reflecting node
status and capacity and demonstrating an effective SRCR. When the number of service
requests reaches 200, the SCRC based on compensation data deviates from the actual
onboard data by just 10.2%, representing a 15.8% improvement over the predicted data
and a 62% enhancement compared to the awareness data with latency. Consequently,
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the resource allocation method using compensation data can significantly enhance the
efficiency of network resource utilization.
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Figure 6. Comparison of SRCR for various datasets.

Figure 7 presents a comparison of the SRCR among the proposed NRA-PPJC algorithm
and two other algorithms in various service scenarios. The HEAA algorithm [27] is a
historical experience average method which uses each node to allocate corresponding
resources for services on an average basis according to historical experience. PBRA is a
priority-based network resource allocation method [28] which gives precedence to the re-
source requirements of high-priority services. It can be seen from the figure that the SRCR
of the NRA-PPJC method proposed in this paper is higher than that of the HEAA algorithm
because HEAA does not take into account the differences in resource requirements between
services, and the average division of resources for each service leads to wasted resources
when the number of service requests increases. The PBRA algorithm allocates resources
for high-priority services, so when the number of service requests is small, its SRCR is
higher than that of the NRA-PPJC algorithm. As the number of service requests grows,
despite some nodes having surplus resources, they can no longer fulfill the requirements
of additional service demands. The SRCR consequently declines rapidly and may even
fall below that of the HEAA algorithm once a specific service threshold is reached. Taking
a number of services of 160 as an example, the network experiences a moderate demand
pressure for service resources. In comparison to HEAA, the SRCR of NRA-PPJC has
an improvement of 20.4% and a 4.17% increase when compared to the PBRA, which
means it can effectively allocate based on business resource requirements and onboard
resource status.

._.
[ 3
/

T —— DPBRA
b NRA-PPJC
&- HEAA

o
>
»

Service Resource Coverage Ratio
=) =)
FS >
pil
L7
§ :
¥
L
v'.
»
’
;
.

e
)

(o]
(=]

100 120 140 160 180 200

Number of services

Figure 7. Comparison of SRCR for different methods.

Figure 8 shows the comparison of convergence speed of the proposed ADMM algo-
rithm with other common initialization scenarios. From the graph, it can be seen that both



Appl. Sci. 2025, 15, 5665

20 of 22

zero initialization and random initialization [29] have residual values greater than those
based on the compensation data. Moreover, since the initialization method may initially
align local and global variables closer to a local optimal solution, its convergence speed
tends to be faster than that of the zero-initialization approach. The dynamic initialization
approach proposed in this paper, which is based on compensated data, facilitates the rapid
update of local variables, subsequently expediting the convergence of global variables.
When compared to the zero-initialization method, this approach enhances convergence
speed by 60%, and when compared to the random initialization method, it improves
by 41%.
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Figure 8. Comparison of convergence speed of proposed ADMM algorithm.

7. Conclusions

A network resource allocation method based on awareness—prediction joint compen-
sation was proposed to address the problem of the low reliability of network resource
allocation caused by the poor timeliness of network resource awareness and accuracy of
resource status prediction in LEO satellite networks. This method utilizes INT to perceive
the status of satellite network resources, taking the awareness latency as the prediction
step. The node network resource status prediction model is based on an LSTM. A dynamic
compensation model was proposed, which dynamically compensates for prediction results
using awareness data based on awareness latency and resource prediction accuracy. Based
on compensation data, an accelerated ADMM resource allocation method was proposed to
improve the convergence speed of the algorithm and achieve flexible resource allocation.
The simulation results demonstrate that the method can minimize the discrepancy between
compensation data and the actual onboard resource status, enhance the timeliness and
accuracy of the data, and thereby facilitate efficient and reliable network resource allocation.

Further, the method presented in this paper emphasizes the awareness and prediction
of resource status on satellites, as well as resource allocation for differentiated services
across the entire network. However, considering the dynamics and complexity of constel-
lation topology, we will continue to explore flexible resource allocation method for local
areas based on the method in this paper in subsequent research, further improving the
practicability and scalability of the algorithm.
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