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ABSTRACT: Tra�c prediction plays a crucial role in the e�cient operation of satellite networks. However, due to

resource consumption arising from redundant training of multiple individual prediction models, the dynamic and

coupled spatial-temporal relationship of tra�c, and maintenance of accurate tra�c proportions, this problem is non-

trivial to solve. �erefore, we consider this problem and makes the following contributions. First, a multi-granularity

tra�c prediction framework based on a shared feature extraction is designed to jointly predict total network tra�c and

service-speci�c tra�c of satellite networks.�is design ensures that both global and per service predictions bene�t from

common representations, reduces redundant computations and lowers overall model complexity. Second, a dynamic

adaptive graph with Graph Di�usion Convolution (GDC) and Gated Recurrent Units (GRUs) is proposed to extract

the spatial-temporal dependency of network tra�c by fusing the features of population coverage, satellite distances

and historical tra�c data.�ird, to preserve the proportional relationship of the network tra�c, the angle-based loss is

employed to minimize the angle deviation between the predicted and truth tra�c vectors. Meanwhile, a multi-task loss

function is proposed that jointly optimizes the total tra�c prediction loss, the service-level losses, and the consistency

regularization term to achieve accurate multi-granularity prediction. Numerical results demonstrate that the proposed

framework can reduce prediction error and improve correlation for both global and service-level predictions.

KEYWORDS: Multi-granularity tra�c prediction; satellite networks; spatial-temporal modeling; graph di�usion

convolution

1 Introduction

Due to the advantages of global coverage and random access, the satellite network has gained more and

more attention in recent years [1,2].While the traditional terrestrial networks can o�er stable and high-speed

communication services, they are geographically constrained and incapable of covering remote areas. �e

satellite network is viewed as a critical supplement and extension to terrestrial communication systems [3,4].

Many companies and countries are making a series of measures and initiatives to develop satellite network.

�e typical examples include the Starlink LEO broadband constellation operated by SpaceX in the United

States [5], the OneWeb constellation governed by Eutelsat in France [6], and the Telesat Lightspeed network

managed by Telesat in Canada [7].

In order to provide high quality network service for satellite network, it is necessary to obtain the

multi-granularity �ow status of the network. �e multi-granularity tra�c is de�ned as two levels of tra�c.

�e �rst granularity is global level tra�c which aggregates the total load across all services in network

nodes or links. Network tra�c re�ects the real-time workload variations of nodes and links and serves
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as a key metric for evaluating network performance. Accurate global tra�c prediction enables network

operators to perform e�ective resource allocation and operational scheduling to reduce congestion and

minimize resource wastage [8,9]. In addition, it can also assist in detecting abnormal activities within the

network [10].�e second granularity is service-level tra�c which can be obtained by disaggregating the total

network tra�c according to di�erent service or application types (e.g., video streaming, IoT telemetry, data

transfer). However, coarse-grained global tra�c prediction obscures the inter-service resource competition

andmakes it hard to identify resource bottlenecks for speci�c services and possible leads to a lack of targeted

optimization strategies. Service-level prediction supports �ne grained quality of service management,

enforcement of service level agreements, and priority scheduling for latency sensitive or bandwidth critical

applications. By capturing both coarse-grained and �ne grained tra�c patterns, multi-granularity prediction

allows network operators to perform end to end performance optimization, e�ciently virtualize resources

across beams, and adapt routing or caching strategies in real time. �erefore, it is of great practical interest

to develop methods to predict the multi-granularity tra�c in satellite networks.

Satellite network tra�c prediction methods have evolved from those of ground networks and can be

broadly divided into the following categories. One category is model-driven methods. Traditional time-

series models, such as ARIMA, can e�ectively capture the short-range dependence of network tra�c [11].

Han et al. [12] combined wavelet transform with the ARIMA model to address the self-similarity problem

caused by multiple tra�c sources in satellite communication systems. While the Fractal ARIMA model

captures long-range dependence, it has high complexity and large parameters [13]. Due to the limitations

of a single model, many scholars advocate for hybrid prediction models. �ese models decompose network

tra�c data using techniques such as wavelet algorithms, simplifying the data so it can be adapted to more

prediction models, thus reducing complexity and improving prediction accuracy [9]. �e model-driven

methods are favored for their simplicity and ease of implementation. However, LEO satellite tra�c exhibits

strong spatial-temporal coupling due to satellite mobility, frequent link switching, time-varying coverage,

and abrupt demand changes triggered by user behaviors and unexpected events. �ese tra�c patterns

are o�en nonlinear and non-stationary. Traditional statistical models therefore struggle to capture tra�c

evolution under rapidly changing network conditions. To better match satellite tra�c characteristics, data-

driven methods, especially arti�cial intelligence (AI)-based approaches, have attracted increasing attention.

AI-based models can learn nonlinear mappings and extract spatial-temporal dependencies from data.

�is capability improves prediction accuracy in highly dynamic environments. In addition, satellite tra�c

prediction o�en requires information beyond historical tra�c, such as inter-satellite distance or topology

dynamics and coverage-related indicators. �ese features di�er in modality, scale, and semantic meaning.

Conventional handcra�ed or linear models usually fail to fuse them e�ectively. AI-based representation

learning maps multi-source heterogeneous features into a shared feature space and learns their correlations.

�is enables the model to capture the coupled e�ects among di�erent tra�c-related factors more e�ectively.

To enhance the capability of modeling complex tra�c pattern, researchers have focused onmachine learning

methods, such as using Support Vector Machines (SVMs) to build nonlinear tra�c prediction models [14].

Deep learningmethods have the advantages of powerful feature extraction capabilities and have been widely

applied in various �elds [15]. Some studies have proposed long short-term memory (LSTM) and Gated

Recurrent Unit (GRU) tra�c prediction models [16,17]. Attention weights are introduced to balance the

impact of each component of the input sequence on the output [18]. Additionally, a multi-dimensional time-

series feature neural network has been constructed to capture short-term dependencies using LSTM while

reinforcing the focus on long-term dependencies with attention mechanisms [19]. Tra�c in networks is

in�uenced not only by temporal factors but also by spatial factors, such as network topology. Recent studies

construct graph structures to model the interdependencies among nodes. Graph Neural Networks (GNNs)



Comput Mater Contin. 2026;87(3):82 3

have advantages in capturing the spatial-temporal relationships of network tra�c [17,20]. Some work has

also proposed a hybrid prediction model combining Graph Convolutional Networks (GCNs) and GRUs to

jointly extract spatial-temporal features of satellite network tra�c [17].

Existing research on tra�c prediction has predominantly focused on single-granularity prediction at

the global node or link level, with relatively little exploration ofmulti-granularity prediction.However,multi-

granularity prediction can enable network operators to simultaneously grasp the overall network load and

�ne-grained service composition, thereby supporting re�ned network management. Preliminary studies

have emerged in related �elds, such as multi-task prediction and multi-service prediction. Nie et al. [14]

proposed a multi-task learning framework for single-granularity tra�c prediction, where the main task

predicts the future tra�c matrix and the auxiliary task predicts the current link load. LSTM networks

model statistical correlations among tra�c matrix elements, and a linear relationship from a �xed routing

matrix constructs the auxiliary task’s supervision signal. �e model is optimized by jointly minimizing the

mean squared error of both tasks. Building upon this work, Wang et al. [21] introduced Convolutional

Neural Network (CNN) modules to capture spatial features. Zhang et al. [22] proposed a mobile tra�c

prediction method based on a Sequence-to-Sequence architecture and ConvLSTM for single-task multi-

service tra�c prediction. It treats multi-service tra�c data as multi-channel sequences, feeds them into an

encoder-decoder architecture with ConvLSTM layers, and uses mean squared error for training to realize

end-to-end prediction of future multi-service tra�c. TransMUSE [23] �rst clusters edge nodes based on

similarity of tra�c statistical characteristics and services based on Wasserstein distance. Subsequently, a

Transformer-based multi-service tra�c prediction method is trained separately for each service cluster.�is

model captures temporal dependencies in service tra�c through amulti-head attentionmechanism and does

not consider spatial dependencies. However, these preliminary explorations exhibit clear limitations. First,

they are o�en con�ned to multi-task optimization or multi-service prediction within a single granularity.

Second, they lack adaptation to the dynamic spatial-temporal characteristics inherent to satellite networks.

�ird, they fail to ensure the intrinsic coordination among tra�c �ows across di�erent granularities.

�is paper mainly explores a uni�ed framework to achieve multi-granularity tra�c prediction that can

capture the dynamic spatial-temporal characteristics of satellite networks while maintaining consistency

across granularities.

Based on the above discussion, this problem is non-trivial to solve due to the following di�culties.

First, resource consumption arises from redundant training of multiple individual prediction models.

�e traditional methods primarily perform single-granularity prediction. Independent models must be

designed and trained to predict both total network tra�c and service-level tra�c simultaneously. Training

each model brings substantial redundant computational overhead. Moreover, although the objectives of

di�erent granularities prediction models are di�erent, they may rely on some common features. �ese

latent representations cannot be shared or reused, which further results in additional waste of data and

computational resources.

Second, dynamic and coupled spatial-temporal relationship of tra�c. In the spatial dimension, the

communication links and network topology between satellites are changing over time. �e tra�c demand

of satellite propagates through inter-satellite links (ISLs) and a�ects the load distribution of neighboring

satellites. �is propagation establishes spatial correlations between the satellites. In the temporal dimension,

tra�c demands exhibit clear periodic �uctuations and trends due to factors such as the periodic movement

of satellites in orbit, Earth’s rotation, and user activity patterns. �e spatial and temporal correlations are

coexisting, coupled and dynamically changing.

�ird, maintenance of accurate tra�c proportions. Existing tra�c prediction methods typically pri-

oritize improving the prediction accuracy of individual tra�c elements such as link or node. However,
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they focus solely on absolute tra�c values and fail to preserve the proportional relationships among tra�c

elements during prediction [24]. As a result, this limitation can lead to suboptimal network optimization,

particularly in tasks like tra�c load scheduling, bandwidth allocation, and routing decisions. �erefore, the

ability to maintain tra�c proportional relationships has become increasingly important.

Based on the above discussions, we consider this problem in the paper and make the following

contributions.

• A multi-granularity tra�c prediction framework based on shared feature extraction for satellite

networks is proposed to enable the collaborative prediction of total network tra�c and service-

speci�c tra�c. �is framework ensures that both global and per-service tra�c predictions leverage

common feature representations, which e�ectively reduces redundant computations, lowers overall

model complexity, and mitigates ine�ciencies from independent model training.

• A dynamic graph integrated with Graph Di�usion Convolution (GDC) and Gated Recurrent Units

(GRUs) is constructed. It fuses population coverage, satellite distances, and historical tra�c data to build

adaptive adjacency matrices, thereby extracting the spatial-temporal dependencies of network tra�c.

�is design ensures the validity of spatial-temporal feature representations by integrating multiple

features and continuously updating the graph structure.

• To preserve the proportional relationship of network tra�c, an angle-based loss function is employed

to minimize the angle deviation between predicted and ground-truth tra�c vectors. A multi-task

loss function is further designed to jointly optimize total tra�c prediction loss, service-level traf-

�c losses, and a consistency regularization term, yielding improved accuracy for multi-granularity

tra�c prediction.

�e rest of this paper is organized as follows. �e problem formulation is presented in Section 2.

Section 3 presents the proposed multi-granularity spatial-temporal model. �e numerical results are

discussed in Section 4. �e conclusion is given in Section 5.

2 Problem Formulation

As illustrated in Fig. 1, a satellite network composed of N satellite nodes is considered. Each satellite

establishes communication links with ground regions through directional beams and periodically provides

data transmission services to ground users. �e ground is divided into a regular grid, where each grid cell

represents a geographical node containing various communication entities such as base stations, aircra�,

ships, and residential areas. Each ground node is associated with a speci�c level of population density or

tra�cdemand.As a result, the overall tra�cdistribution is dynamic in both spatial and temporal dimensions.

At each time step t, satellite Sati (i = 1, 2, . . . ,N) serves ground nodes within its beam coverage and receives

uplink tra�c generated by users. Due to continuous orbital motion, the satellite responsible for serving

a speci�c ground node may vary over time. �is leads to time-varying satellite-ground associations. In

the �gure, the red numbers indicate the service population of each ground node and the unit is 106. �e

upward arrows represent the data uploads initiated by di�erent service types, including video, IoT, and

internet services. Satellites are also interconnected through inter-satellite links, which support high-speed

data relaying and cooperative communication between satellites.�e presence of dynamic coverage patterns

and heterogeneous service demands increases the complexity of tra�c prediction in such networks. For

the problem of multi-granularity satellite tra�c prediction, we primarily consider the following types of

input data.
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Figure 1: System description of the satellite network.

Multi-granularity tra�c

�e state of inter-satellite communications is captured by the total tra�c matrix Xtotal
t ∈ RN×N at time

t, which is represented as follows,

Xtotal
t = [x i , j

t ]N
i , j=1

(1)

where x
i , j
t is the volume of data transmitted from satellite i to satellite j during the interval (t − 1, t]. �is

matrix represents the tra�c volume exchanged between every pair of satellites and provides a global view of

the network load distribution.

To capture �ne-grained tra�c behaviors while preserving a uni�ed network view, the total tra�cmatrix

at time t is decomposed into K service-speci�c components. �e decomposition is represented as follows,

X total
t = K∑

k=1

X
(k)
t (2)

where X
(k)
t denotes the tra�c matrix corresponding to the k-th service category (e.g., video, IoT.) and K is

the number of service types. �is �ne-grained decomposition not only preserves the structural consistency

of the overall network but also enables the model to learn service-aware patterns. Such enriched feature

representations bene�t both macro-level total tra�c prediction and micro-level service-speci�c prediction.

To predict total satellite tra�c at the next time step, the historical tra�c data should be used.We consider

the latest historical data for input which is represented as follows,

X
total
t = [X total

t−T+1 , X
total
t−T+2 , . . . , X

total
t ] (3)

where T denotes the time window of the latest data.

Similarly, For the k-th service tra�c, the input sequence is represented as follows,

X
(k)
t = [X(k)t−T+1 , X

(k)
t−T+2 , . . . , X

(k)
t ] (4)

To perform multi-granularity tra�c prediction, the macro-level and micro-level historical sequences

are jointly organized as a uni�ed multi-granularity input which is represented as follows,

X
MG
t = [X total

t , X
(1)
t , . . . , X

(K)
t ] (5)
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Dynamic inter-satellite distance

Due to continuous orbital motion, inter-satellite distances vary in real time. �ese variations directly

a�ect signal quality and link stability. As a result, routing strategies and tra�c �ows must dynamically

adapt to the changing spatial topology [25]. When the distance between two satellites approaches the

maximum communication range, available bandwidth can drop sharply or be lost altogether. As a result,

tra�c is rerouted via alternative paths. In contrast, when inter-satellite distances become shorter, the resulting

improvements in link quality and throughput can e�ectively alleviate existing network congestion.�erefore,

distance is considered an important factor a�ecting satellite tra�c. It is further used as an auxiliary input to

improve the extraction of spatial-temporal dependencies.

�e communication distance d
i , j
t between satellites i and j at time t is represented as follows,

d
i , j
t =
⎧⎪⎪⎨⎪⎪⎩
d
i , j
t , if d

i , j
t ≤ Rmax

−∞, if d
i , j
t > Rmax

(6)

where Rmax represents the maximum distance for establishing a communication link between satellites due

to the curvature of the Earth and limitations of communication equipment. Based on all pairwise distances,

the inter-satellite distance matrix at time t is represented as follows,

Dt = [d i , j
t ]Ni , j=1 (7)

To assist in predicting satellite tra�c at the next time step, the historical inter-satellite distances can be

used. We consider the latest historical inter-satellite distances for input which is represented as follows,

Dt = [Dt−T+1 , Dt−T+2 , . . . , Dt] (8)

�e sequence Dt can capture short-term geometric variations in the satellite constellation and serve

as an auxiliary input to help learn spatial-temporal dependencies of tra�c �uctuations caused by satellite

mobility.

Dynamic served population

�e continuousmovement of satellites causes their coverage areas on the ground to shi� over time.�is

results in dynamic changes in both the number of served users and the corresponding tra�c load [26]. Tra�c

demand in satellite networks is closely tied to the size of the covered population. As illustrated in Fig. 1, Sat 1

and Sat 3 cover the same geographical region at di�erent time, which results in a strong correlation between

their tra�c demands. In particular, whenmultiple satellites simultaneously or sequentially serve overlapping

or adjacent areas, their tra�c loads tend to exhibit signi�cant correlation. In regions with high population

density, tra�c demand across multiple satellites o�en varies synchronously and tends to exhibit similar

�uctuations. �e dynamic variation of served population information supports the modeling of spatial-

temporal tra�c correlations and contributes to improving prediction accuracy.�erefore, population density

maps are integrated with satellite beam footprints to derive a dynamic served population representation,

which is incorporated as auxiliary input to the prediction model.

�e satellite coverage region can be approximated as the ground projection of its antenna beam [27].

Assuming a circular beam footprint, the coverage area S i(t) of satellite i at time t is computed by

S i(t) = 2πR2
e(1 − cos β i(t)) (9)
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β i(t) = arcsin(h i(t) + Re

Re

sin θ) (10)

where Re denotes the Earth’s radius, h i(t) denotes the altitude of satellite i above the ground at time t, θ

denotes half-beamangle of the satellite antenna, and β i(t)denotes geocentric half-cone-angle of the coverage
region. Based on the coverage area S i(t), the total population served by satellite i at time t can be estimated by

pit =∬
(x ,y)∈Si(t)

p(x , y)dx dy (11)

where p(x , y) is the population density at geographic coordinates (x , y) at time t.�is formulation explicitly

incorporates the temporal dimension, enabling dynamic estimation of each satellite’s coverage area and the

corresponding user population over time.

By aggregating the estimates across all satellites, the served population state at time t is represented as

Pt = [ pit]Ni=1 (12)

To assist in predicting satellite tra�c at the next time step, the historical served population information

can be utilized. We consider the most recent sequence of served population vectors as input, which is

represented as follows

Pt = [Pt−T+1 , Pt−T+2 , . . . , Pt] (13)

�e sequence Pt can capture short-term variations in user distribution and serve as an auxiliary input

to help learn spatial-temporal dependencies of tra�c �uctuations driven by population dynamics.

Based on the above input data, the prediction problem can be represented as follows

X total
t+1 , X

(1)
t+1 , . . . , X

(K)
t+1 = g(XMG

t ,Dt ,Pt ; θ) (14)

where X total
t+1 denotes the predicted total tra�c matrix at time step t + 1, X(k)t+1 denotes the predicted

tra�c matrix for the k-th service type at time t + 1 and θ represents the learnable parameters for the

prediction model.

3 Multi-Granularity Tra�c Prediction Model Based on Dynamic Adaptive Graph Modeling

To achieve multi-granularity satellite tra�c prediction, a graph-based model architecture is proposed,

which consists of a shared spatial-temporal feature extractionmodule and task-speci�c prediction branches.

Both global tra�c and service-level tra�c are derived from the same underlying network topology and

population dynamics, therefore a shared feature extractor enables consistent modeling of spatial depen-

dencies and temporal evolution across tasks. �is design reduces parameter redundancy and enhances the

generalizability of the learned representations. In addition, global and service-level tra�c exhibit distinct

spatial-temporal characteristics and modeling objectives. Employing a single prediction head for all tasks

compromises the model’s capacity to capture �ne-grained tra�c variations, which may result in suboptimal

performance. Hence, the model adopts a modular architecture comprising one macro branch and multiple

micro branches.
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�e overall model parameters θ are divided into three parts. �e macro branch focuses on predicting

the total network tra�c based on historical data. It relies on shared spatial-temporal features and employs

independent parameters for total tra�c prediction. �e prediction function gmacro is

X̂ total
t+1 = gmacro(X total

t , Dt , Pt ; θshared , θmacro) (15)

where θshared denotes the shared spatial-temporal feature extraction parameters, and θmacro denotes the

macro-branch parameters used for total-tra�c prediction.�emicro branch is designed to predict tra�c for

individual service types. Although it shares the spatial-temporal feature extraction module with the macro

branch, each service type employs a dedicated set of prediction parameters to capture its unique tra�c

patterns. �e prediction function gmicro is

X̂
(k)
t+1 = gmicro(X (k)t , Dt , Pt ; θshared , θ

(k)
micro) (16)

where θ
(k)
micro represents its service-speci�c prediction parameters. �is structural design enables the

allocation of dedicated parameters to di�erent tasks and enhance prediction �exibility and accuracy.

�e proposed multi-granularity tra�c prediction model is shown in Fig. 2 which consists of �ve

steps. First, the node feature projection module processes the original multi-source heterogeneous inputs,

including tra�c, population distribution, and inter-satellite distance. Each modality is transformed by a

dedicated weight matrix and nonlinearly projected into a shared latent space to obtain node-level repre-

sentations from dual perspectives. Second, the node feature embeddings module integrates the projected

features through element-wise operations. �is produces uni�ed node embeddings that serve as the basis

for graph construction. �ird, the adjacency matrices construction module computes similarity between

node embeddings. It dynamically generates multiple adjacency matrices that re�ect spatial relationships

from di�erent views and form the dynamic graph structure. Fourth, the spatial correlation modeling

module applies graph di�usion convolution. It captures spatial dependencies and aggregates multi-hop

neighborhood information to enhance representation capability. Fi�h, the temporal correlation modeling

module uses gated recurrent units (GRUs) to perform sequence modeling. It fuses the current node input

with historical hidden states to extract temporal dynamics. Finally, the model predicts both global tra�c

and service-level tra�c through one macro branch and multiple micro branches. A consistency loss is

introduced to enforce alignment between macro and micro predictions, which improves both accuracy and

generalization. �e details of the model are further introduced below.
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Figure 2: �e architecture of the multi-granularity tra�c prediction model.

3.1 Node Feature Projection and Embedding

Before training and testing the model, all input features are normalized to ensure numerical stability

and consistency across di�erent modalities. �is preprocessing step allows the model to focus on relative

variations rather than absolute magnitudes. Prophet [24] normalizes each tra�cmatrix at time t by dividing

all elements by its maximum value, thereby mapping the raw tra�c intensities into the relative range [0, 1].
�is approach preserves the spatial structure of the matrix and allows downstream models to e�ectively

capture load disparities across paths. Inspired by thismethod, the resultingmatrix is referred to as the relative

load matrix. Speci�cally, let

Mt = max
1≤i , j≤N

x
i , j
t , x̃

i , j
t = x

i , j
t

Mt

, (17)

and de�ne

X̃ total
t = [x̃ i , j

t ]Ni , j=1 , (18)

where x̃
i , j
t ∈ [0, 1] with 1 indicating that link (i , j) carries the maximum tra�c at time t and 0 indicating

no tra�c. �is normalization eliminates �uctuations in absolute tra�c levels across time steps, enabling

the model to concentrate on relative intensity patterns and spatial distribution dynamics. To quantify each

service’s relative contribution on a given link, a ratio-based normalization is applied to the k-th service tra�c

on link (i , j):
S
i , j
t =

K∑
l=1

x
(l), i , j
t , x̃

(k), i , j
t = x

(k), i , j
t

S
i , j
t

, (19)

with∑K
k=1 x̃

(k), i , j
t = 1. �e service-speci�c load ratio matrix is then de�ned as

X̃
(k)
t = [x̃(k), i , jt ]N

i , j=1
(20)
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which represents the proportion of total tra�c on each link attributed to service k at time t. Similarly, the

distance and population matrices are normalized using min-max scaling at each time step, yielding the

normalized distance matrix D̃t and normalized population vector P̃t , which are used as auxiliary inputs to

the prediction model.

3.1.1 Node Feature Projection

Link tra�c variations in a satellite network are driven not only by the current tra�c distribution but

also by the constellation’s geometric structure and the ground user density. A single feature mapping cannot

fully capture the complex interactions among these three modalities. Hence, the node feature projection

module processes the original multi-source heterogeneous inputs, including tra�c, population distribution,

and inter-satellite distance. Each modality is transformed by a dedicated weight matrix and nonlinearly

projected into a shared latent space to obtain node-level representations from dual perspectives.

Tra�c projection

To further boost expressive capacity, dual-head parallel projections are introduced during tra�c

mapping: two channels share the same input but employ independent learnable linear mappings to encode

both the global relative-load matrix X̃ total
t and the k-th service relative-load matrix X̃

(k)
t . Speci�cally, the

projection of head h is given by:

Zh , total, tra
t = [ X̃ total

t ∥ Htotal
t−1 ] W h

tra (21)

Z
h , (k), tra
t = [ X̃(k)t ∥ H(k)t−1 ] W h

tra (22)

where Htotal
t−1 and H

(k)
t−1 denote the node representations generated by the GRU cell at time t − 1, the operator[ ⋅ ∥ ⋅ ]denotes the concatenation of two featurematrices along the feature dimension andW h

tra is the learnable

projectionmatrix of head head h. h ∈ {1, 2} indexes the two parallel linearmapping channels.�is dual-head

con�guration enables the model to capture a richer set of feature representations.

Population projection

To incorporate temporal context into static population information, the normalized population vector

P̃t is concatenated with the GRU hidden state and projected as:

Z
h , total, pop
t = [ P̃t ∥ Htotal

t−1 ] W h
pop (23)

Z
h , (k), pop
t = [ P̃t ∥ H(k)t−1 ] W h

pop (24)

whereW h
pop are learnable weight matrices.

Distance projection

Similarly, the normalized inter-node distance matrix D̃t is projected using a temporal-aware mapping:

Zh , total, dis
t = [ D̃t ∥ Htotal

t−1 ] W h
dis (25)

Z
h , (k), dis
t = [ D̃t ∥ H(k)t−1 ] W h

dis (26)

whereW h
dis are learnable weight matrices.
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�e learnable parameters for the node feature embedding module are:

Θprojected = {W h
tra , W

h
dis , W

h
pop} for all h ∈ {1, 2} (27)

3.1.2 Node Feature Embeddings

�e node feature embeddings module integrates the projected features from di�erent modalities

through element-wise operations. �is yields uni�ed node representations that serve as the foundation for

graph construction. Speci�cally, each tra�c projection is fused with its corresponding distance and popula-

tion projections via element-wise multiplication⊙ (i.e., the Hadamard product). �e fused representation is

then passed through a nonlinear activation function ϕ(⋅), such as tanh.

Eh ,total
t = ϕ (Zh ,total,tra

t ⊙ Zh ,total,dis
t ⊙ Z

h ,total,pop
t ) (28)

E
h , (k)
t = ϕ (Zh , (k), tra

t ⊙ Z
h , (k), dis
t ⊙ Z

h , (k), pop
t ) (29)

A�er dual-head fusion, the �nal node embeddings are generated by vertically stacking the outputs from

the two heads, resulting in a uni�ed representation for each node that integrates complementary directional

and modal information. Speci�cally, the global tra�c and service-speci�c embeddings are constructed as

follows:

Etotal
t = [E1, total

t

E2, total
t

] , E
(k)
t = ⎡⎢⎢⎢⎣

E
1, (k)
t

E
2, (k)
t

⎤⎥⎥⎥⎦ (30)

�ese embeddings represent two complementary views of each node at time t, capturing both direc-

tional dependencies and heterogeneous tra�c semantics. �e resulting representations are then forwarded

to the dynamic adjacency matrix construction module to model pairwise node interactions. �is enriched

embedding space facilitates the learning of bidirectional and multimodal spatial dependencies, serving as

input for subsequent graph di�usion and temporal reasoning stages.

3.2 Dynamic Adaptive Adjacency Matrix Construction

Based on the fused node feature embeddings, the adjacency matrices construction module computes

pairwise similarities to capture spatial relationships between nodes. Speci�cally, a pair of direction-aware

similarity matrices is constructed by calculating the inner-product di�erences between dual-head embed-

dings. �is design leverages the asymmetry and complementarity of dual views to model heterogeneous

spatial dependencies more e�ectively. �e choice of inner-product di�erences over widely used alternatives

(i.e., cosine similarity and attention-based methods) is motivated by the unique characteristics of satellite

network tra�c prediction, as elaborated below.

First, cosine similarity is not adopted because it inherently yields a symmetric matrix, which incorrectly

treats asymmetric node interactions as having equal strength and thusmasks the unidirectional transmission

characteristic of satellite network tra�c. In satellite network link tra�c prediction, spatial interactions

between nodes exhibit strict directionality and asymmetry—for instance, the data transfer intensity from

satellite i to satellite j may be much higher than that in the reverse direction (satellite j to satellite i). Such

symmetry would mislead the subsequent graph convolution module into failing to capture the true spatial

dependencies. In contrast, inner-product di�erences create an antisymmetric matrix that quanti�es the

di�erence in interaction strength between the two directions in the satellite network.
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Second, attention-based methods are not selected despite their adaptability, as they typically intro-

duce additional projections and higher computational overhead. Attention mechanisms rely on learnable

query/key projectionmatrices to implicitlymodel node dependencies, and these extra projection parameters

increase the model’s computational complexity and parameter burden. Since the dynamic graph needs to be

updated at each time step, computing attention weights across all node pairs at each step would elevate the

cost of dynamic graph construction.

�e resulting dynamic adjacency matrices re�ect both the similarity and interaction strength between

nodes.�ey enable bidirectional and multi-modal spatial modeling in subsequent graph convolution stages,

serving as the structural backbone for dynamic graph construction.

Speci�cally, for the global tra�c embeddings, the head-wise similarity matrix is de�ned as:

∆total
t = E1, total

t ⋅ (E2, total
t )⊺ − E2, total

t ⋅ (E1, total
t )⊺ (31)

For the k-th service-speci�c embeddings, the asymmetric similarity matrix is:

∆
(k)
t = E1, (k)

t ⋅ (E2, (k)
t )⊺ − E2, (k)

t ⋅ (E1, (k)
t )⊺ (32)

To preserve the directional distinction and �lter out negative interactions, a nonlinear activation

function ϕ(⋅) (e.g., ReLU or tanh) is applied to both the forward and reverse components of each similarity-

di�erencematrix.�e results are then normalized row-wise using so�max to obtain two directional dynamic

adjacency matrices. For the global tra�c embedding, the resulting adjacency matrices are:

Atotal
t = [A1, total

t

A2, total
t

] = [so�max(ϕ(∆total
t ))

so�max(ϕ(−∆total
t ))] (33)

For the k-th service tra�c embedding, the two-view adjacency matrices are:

A
(k)
t =

⎡⎢⎢⎢⎣
so�max(ϕ(∆(k)t ))
so�max(ϕ(−∆(k)t ))

⎤⎥⎥⎥⎦ (34)

where so�max(⋅) is applied row-wise to ensure each node’s outgoing edge weights form a valid probability

distribution. �e matrices A1, total
t and A2, total

t (as well as A
1, (k)
t and A

2, (k)
t for each service k) together form

the two-view directional adjacency matrices, which are then forwarded into the graph di�usion convolution

and temporal modeling modules.

3.3 Spatial-Temporal Correlation Modeling

Satellite network tra�c exhibits signi�cant spatial-temporal dependencies.�e approach that combines

Graph Di�usion Convolution (GDC) with Gated Recurrent Units (GRU) can e�ectively capture the spatial-

temporal features of the input sequences [28]. GDC aggregatesmulti-hop neighborhood information to form

spatial representations that re�ect dynamic topology.�e spatial features are subsequently processed byGRU

units tomodel both short-term and long-term temporal dynamics within a uni�ed framework. Based on this

method, we propose a dynamic adaptive graphmodel that fuses population coverage, inter-satellite distances,

and historical tra�c data into the adjacency structure.�e constructed dynamic graphs are fed into both the

GDC and GRU components to extract robust spatial-temporal representations.
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3.3.1 Spatial Correlation

Given the input node feature matrix X ∈ RN×d and the set of multi-channel adjacency matrices A =[A1 ,A2 , . . . ,AC], the spatial dependency is modeled using GDC [29]:

G(A, X) = L∑
l=0

C∑
c=1

(Ac)l XΘ(c , l) (35)

where C is the number of adjacency matrix channels and L is the di�usion order.

To incorporate node-speci�c adaptive transformations, element-wise modulation is applied to the

weight pool.

Θ(c , l) = E ⊙W(c , l) (36)

where E ∈ RN×d is the node adaptive embedding matrix,W(c , l) is the weight pool corresponding to the l-th

order di�usion of the c-th channel.

�e full parameter set of the spatial convolution module is

ΘGDC = {W(C i , L j) ∣ C i = 1, . . . ,C; L j = 0, . . . , L } (37)

3.3.2 Temporal Correlation

Given input (At , Xt , Ht−1) at time t, temporal modeling is performed via a GRU cell integrated with

graph convolution operations:

zt = σ(G(z)(At , [Xt∥Ht−1])),
rt = σ(G(r)(At , [Xt∥Ht−1])),
h̃t = tanh(G(h)(At , [Xt∥(rt ⊙Ht−1)])),
Ht = zt ⊙Ht−1 + (1 − zt)⊙ h̃t (38)

where σ(⋅) is the sigmoid activation, ∥ denotes feature concatenation, and G(⋅) is a graph convolution (same

form as above) speci�c to the gate or hidden state. zt and rt are the update and reset gates, respectively, while

h̃t is the candidate state.

Both the total-tra�c and per-service features are fed into GRUs to generate their respective hidden

representations:

Htotal
t = GRU (X total

t , Atotal
t , Htotal

t−1 ) (39)

H
(k)
t = GRU(X(k)t , A

(k)
t , H

(k)
t−1 ) (40)

�ese outputs serve as spatial-temporal node embeddings, providing dynamic, service-aware represen-

tations for prediction tasks. Each GRU gate is associated with an independent GDC module. �erefore, the

parameter set of the GRU-based spatial-temporal modeling is

ΘGRU = (Θ(z)GDC , Θ
(r)
GDC , Θ

(h)
GDC) (41)

where Θ
(⋅)
GDC denotes the GDC parameters used for the update gate, reset gate, and candidate state.
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�e set of shared model parameters is de�ned as

θshared = {Θprojected , ΘGRU} (42)

which is jointly optimized across both macro-level and micro-level prediction branches to enable consistent

spatial-temporal representation learning.

3.4 Multi-Granularity Prediction with Consistency Regularization

�eproposedmacro-micro dual-branch architecture is designed to balance the trade-o� between learn-

ing common spatial-temporal dynamics and preserving service-speci�c characteristics. A key challenge in

multi-granularity prediction is the potential con�ict between feature patterns of di�erent service types.While

services exhibit unique characteristics (e.g., burstiness of video, periodicity of IoT), they are fundamentally

governed by common underlying dynamics, such as satellite mobility, topology evolution, and regional

user distribution. �ese common dynamics are captured by a shared spatial-temporal feature backbone.

�is shared module learns universal representations and prevents redundant modeling of these common

factors. Service-speci�c variations are then isolated and re�ned by lightweight, independent micro-branch

heads. It prevents service-unique signals from interfering with the learning of universal spatial-temporal

patterns, thereby striking a balance between e�cient representation learning and the preservation of service

characteristics. Based on the shared spatial-temporal feature extraction, the model generates macro-level

predictions for global tra�c and micro-level predictions for each service tra�c.�e total tra�c at time t + 1

is predicted by

X̂ total
t+1 = Htotal

t W total
out (43)

For each service type k ∈ {1, . . . ,K}, the tra�c at time t + 1 is predicted by

X̂
(k)
t+1 = H(k)t W

(k)
out , k = 1, . . . ,K (44)

�e parameters of macro prediction branch are de�ned as

θmacro = {W total
out } (45)

Similarly, the parameters of micro prediction branch are de�ned as

θmicro = {W(k)
out ∣ k = 1, . . . ,K} (46)

To capture proportional variations and directional trends in satellite tra�c data, an angle loss func-

tion [24] is employed as the predictionmetric. Given two�owvectors x , y ∈ RF , the loss function is de�ned as

f (x , y) = 1 − xT y

∥x∥2 ∥y∥2 (47)

�e loss emphasizes the relative orientation between the predicted and true tra�c vectors. By ignoring

absolute magnitudes, it enables the model to capture proportional variations and directional trends in tra�c

patterns.�e model is trained by minimizing a composite loss function that includes three components: the

global tra�c prediction loss, the service tra�c prediction loss and a consistency regularization term. �e

overall loss is de�ned as

L = Ltotal +Lsvc + λLcons (48)
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where λ is a hyperparameter balancing the contribution of the consistency term.

�e �rst term Ltotal measures the discrepancy between the predicted and ground-truth total tra�c at

time step t + 1 and computed by

Ltotal = f (X̂ total
t+1 , X total

t+1 ) (49)

�e second term Lsvc is total service-level loss. For each service k, the corresponding prediction loss is

L
(k) = f (X̂(k)t+1 , X

(k)
t+1 ) (50)

and the total service loss is computed by

Lsvc = K∑
k=1

L
(k) (51)

�e third term Lcons is a consistency regularization loss designed to ensure coherence between the

macro-level and micro-level predictions. It compares the predicted total tra�c with the sum of all service-

level predictions to encourage �ow conservation across granularities. �e loss is computed by

Lcons = f (X total
t+1 ,

K∑
k=1

X̂
(k)
t+1 ) (52)

�is term penalizes deviations between the aggregated micro predictions and the total tra�c ground

truth. It encourages structural alignment between the two prediction levels and helps improve overall

prediction accuracy. �e entire training process involves sequentially processing historical time steps to

extract spatial-temporal representations, generatingmacro andmicro predictions, and optimizing themodel

parameters via gradient-based learning. At each step, multi-modal features are projected and embed-

ded, similarity-based dynamic graphs are constructed, and spatial-temporal representations are updated

recursively. �e �nal predictions are compared with ground-truth data using the composite loss function

described above, and the parameters are updated accordingly. �e detailed procedure is summarized in

Algorithm 1.

Algorithm 1: Training algorithm for multi-granularity tra�c prediction model

Input: time series {X total
τ , X

(k)
τ , Dτ , Pτ}tτ=t−T+1

Output:model parameters θshared, θmicro, and θmacro

1: normalize inputs to obtain X̃ total
τ , X̃

(k)
τ , D̃τ , P̃τ

2: for τ = t −T + 1 to t do
3: for h = 1, 2 do
4: project tra�c: Zh ,total,tra

τ , Z
h ,(k),tra
τ

5: project distance: Zh ,total,dis
τ , Z

h ,(k),dis
τ

6: project population: Z
h ,total,pop
τ , Z

h ,(k),pop
τ

7: node feature embedding: Eh ,total
τ and E

h ,(k)
τ

8: end for

9: compute similarity matrix: ∆total
τ , ∆

(k)
τ

10: construct adaptive adjacency matrices: Atotal
τ , A

(k)
τ

(Continued)
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Algorithm 1 (continued)

11: extract spatial-temporal feature Htotal
τ , H

(k)
τ

12: end for

13: predict X̂ total
t+1 , X̂

(k)
t+1 based on Eqs. (43) and (44)

14: compute total loss L based on Eq. (48)

15: update parameters θ via gradient descent on L

16: returnmodel parameters θshared, θmicro, and θmacro

3.5 Computational Complexity Analysis

For the single-task single-time-step case, the model’s computational complexity primarily arises from

graph convolution operations, Gated Recurrent Unit (GRU) operations, and the �nal tra�c prediction step.

Speci�cally, the complexity of the graph convolution is O(N2), the complexity of the GRU operation is

O(N), and the complexity of the �nal prediction is O(N2). �erefore, the overall computational complexity

for the single-task single-time-step case can be expressed as O(N2). When extended to the multi-time-step

case, where the input consists of the past T time steps of tra�c data, the complexity of the graph convolution

and GRU operations becomes O(T ⋅ N2) and O(T ⋅ N), respectively. �e �nal prediction complexity is

O(T ⋅ N2). �us, the computational complexity for multiple time steps is O(T ⋅ N2). In the multi-task case,

assuming there are K service types and one global (macro-level) task, the total number of tasks is K + 1. For

each task, the computational complexity is O(N2), so the overall computational complexity for multi-task

multi-time-step prediction is O((K + 1) ⋅ T ⋅ N2). In summary, the computational complexity of the model

is primarily dependent on the number of satellites N and the number of service types K. �e computational

complexity of the model grows quadratically with the number of satellites N and linearly with the number

of service types K.

4 Numerical Results

4.1 Parameter Settings

Based on the proposed multi-granularity model, we assess its performance in a scenario comprising

66 satellite nodes deployed in low Earth orbit. Each satellite has four neighboring nodes. �e simulation

duration is set to one month. �e detailed hyperparameter settings for model training are presented

in Table 1. �e proposed tra�c prediction model supports two deployment options. First, the model can be

deployed on ground stations. In this con�guration, satellite tra�c data is transmitted via satellite-ground

communication links for predictions. Second, the model can be deployed on satellites using an o�ine

training and online inference paradigm. Considering the limited on-board resources of satellites, it may

be challenging to implement tra�c prediction directly on orbit. We conducted research on the current

satellite computing performance. For example, each satellite inChina’s�ree-BodyComputingConstellation

has an onboard computing capability of up to 744 TOPS, and the constellation targets a total computing

power of 1000 POPS, demonstrating signi�cant on-orbit AI compute potential [30]. Additionally, Starcloud-

1, launched on 02 November 2025, is an experimental orbiting computation satellite developed by Starcloud,

Inc. It carries an NVIDIA H100 GPU and represents a signi�cant advancement in space-based compute

capability compared to previous in-orbit systems [31]. �e proposed model requires 28.25 MFLOPs for one

forward pass of inference. Hence, as the computing power of satellites continues to improve, the proposed

algorithm is technically feasible for on-orbit implementation and operation.
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Table 1: Training parameter settings.

Parameter Value

Optimizer Adam

Data sampling interval 5 min

Initial learning rate 0.001

Historical data window T 6

Batch size 32

Number of epochs 200

Computing device NVIDIA A100 GPU

Consistency loss weight λ 0.1

Dataset split ratio 0.7:0.15:0.15

Number of service types 3

�e FLOPs of model 28.25 M

�e inference time of model 38.354 ms

�e proposed tra�c prediction model has a single inference time of only 37.439 ms, which allows it

to predict the tra�c state for the next time slot. �e existing routing strategies are typically updated based

on �xed time slots, which means that route decisions are refreshed at regular intervals [32,33]. Since the

predicted time slot aligns with the routing update time slot and themodel’s inference time is short, this tra�c

prediction capability matches the time requirements for routing updates.

4.2 Dataset

Due to the lack of publicly available real-world satellite tra�c datasets, tra�c generation is simulated

based on representative characteristics of service distribution. �e geographic partitioning strategy in [34]

divides the Earth’s surface into 12 × 24 = 288 regions, and population data is available for each region. A

ground station is deployed in every region. Each ground station serves a regional user cluster that has a

relatively stable communication demand. Since most tra�c is handled by terrestrial infrastructure and only

a small portion requires satellite relaying, it is assumed that approximately 5% of ground station tra�c is

forwarded via satellite links [35]. �e tra�c demand of ground station g at time t is modeled as:

Cg(t) = ǫ λgγ(t) (53)

where ǫ= 0.05 denotes the proportion of tra�c requiring satellite transmission, λg is the number of users

within the coverage of station g (in units of 106), and γ(t) is a temporal modulation factor that captures

diurnal variation in demand. Service types are indexed by k = 1, 2, . . . , K, and the generation probability of

service type k at time t is denoted as πk(t). �e day is divided into four periods: 00:00–08:00, 08:00–18:00,

18:00–22:00, and 22:00–24:00. �e probability proportions of generated tra�c for the three service types in

these periods are set to 0.1:0.1:0.8, 0.4:0.5:0.1, 0.6:0.3:0.1, and 0.1:0.1:0.8, respectively. �e demand for service

k generated by ground station g at time t is given by:

Ck
g (t) = πk(t) ⋅ Cg(t) (54)
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�e set of ground stations covered by satellite i at time t is denoted as Gi . �e total amount of type-k

tra�c received by satellite i is calculated as:

xk
i (t) = ∑

g∈Gi

Ck
g (t) (55)

To support multi-hop routing in the satellite network, a gravity-inspired tra�c splitting mechanism is

applied.�e set Ω represents the neighbors of satellite i that are reachable for data forwarding.�eproportion

of type-k tra�c forwarded from satellite i to satellite j ∈ Ω is determined by:

xk
i j(t) = xk

i (t) ⋅ xk
j (t)/d i j

t

∑q∈Ω xk
q(t)/d iq

t

(56)

where d
i j
t is the distance between satellites i and j at time t. �e total tra�c transmitted from node i to node

j is obtained by summing across all service types:

x i j(t) = K∑
k=1

xk
i j(t) (57)

�is modeling framework incorporates population distribution, temporal variability, spatial topology,

and coverage constraints, and results in a synthetic satellite network dataset.

To provide a comprehensive view of the generated dataset’s characteristics, Table 2 presents summary

statistics for both total tra�c and individual service tra�c a�er normalization. Statistics metrics include the

minimum(min),maximum(max),mean, standard deviation (std), 95th percentile (p95), and 99th percentile

(p99) for each tra�c type. �ese statistics reveal several key properties that de�ne the inherent challenge of

multi-granularity prediction. First, a signi�cant scale di�erence exists between total and service-level tra�c

due to distinct normalization strategies. During preprocessing, total tra�c undergoes max-normalization,

where each element is divided by the maximum tra�c value across the entire network at that time step. In

contrast, service-level tra�c undergoes ratio-normalization, where each service’s tra�c is divided by the sum

of all service tra�c on its corresponding link. Consequently, service-level tra�c exhibits mean values 3–5

times larger than total tra�c. Furthermore, service-level data shows greater intrinsic volatility, with standard

deviations 1.6–2.5 times higher than those of total tra�c. Second, the statistics highlight the heterogeneous

characteristics inherent in each service’s tra�c pattern. As shown in Table 2, Service 2 exhibits the most

challenging statistical pro�le. It has the highest mean (0.1412), the highest standard deviation (0.2769),

and the most concentrated extreme-value distribution. �ese characteristics indicate that Service 2 has the

most unstable tra�c pattern, which makes it inherently the most di�cult service to predict. In contrast,

Services 1 and 3 show more moderate and similar statistical pro�les. Together, these properties establish the

fundamental complexity of jointly predicting total network load and �ne-grained service-level tra�c, which

motivates the design of a multi-granularity modeling framework.
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Table 2: Summary statistics for total tra�c and services.

Tra�c Type Min Max Mean Std. p95 p99

Total Tra�c 0 1 0.0315 0.1131 0.1766 0.6560

Service 1 0 0.6 0.1037 0.1771 0.45 0.6

Service 2 0 0.8 0.1413 0.2769 0.8 0.8

Service 3 0 0.5 0.1034 0.1767 0.5 0.5

4.3 Evaluation Metrics

To comprehensively assess model performance, we employ both error-based and correlation-based

metrics: MAE (Mean Absolute Error) and RMSE (Root Mean Square Error) are used to measure the

numerical deviation between predictions and ground truths.�esemetrics quantify the absolute and squared

errors, respectively, and smaller values indicate better performance. CORR (PearsonCorrelationCoe�cient)

and COS (Cosine Similarity) are used to evaluate the consistency of variation trends between predicted

and true tra�c patterns. Higher values of these metrics suggest stronger correlation and alignment in the

overall distribution.

4.4 Results Analysis

4.4.1 Performance Evaluation of the Proposed Model

To evaluate the e�ectiveness of the proposed model in capturing the spatial-temporal correlations

of tra�c �ow, we conducted comparative experiments against several representative baseline methods,

including conventional sequencemodeling approaches (e.g., LSTM [16] andGRU [36]), a convolution-based

model (TCN [37]), and a graph-based spatial-temporal model (STGCN) [38]. To ensure a fair comparison,

all methods were implemented under a uni�ed multi-task prediction framework and trained using our

proposed multi-granularity loss function, which enables consistent optimization objectives across di�erent

models. As shown in Table 3, the proposedmodel consistently outperforms all baselines across all evaluation

metrics. �e proposed model constructs dynamic and adaptive adjacency matrices from multi-source

features and uses a parameter-sharing mechanism to extract spatial-temporal features. In particular, our

model achieves a cosine similarity of 0.739 for total tra�c prediction, which is signi�cantly higher than those

of LSTM, GRU, and STGCN.�is result demonstrates its superior capability in modeling tra�c distribution

proportions. LSTM and GRU capture only temporal sequences and ignore spatial connectivity. �eir total

tra�c MAEs exceed 1.0 and RMSEs exceed 2.0. �e COS of LSTM is 0.02 lower than that of our model,

and the COS of GRU is 0.05 lower than that of our model. �ese results demonstrate that relying solely

on temporal dependencies is insu�cient, and that integrating spatial connectivity is essential for accurate

tra�c prediction. TCN enhances temporal feature extraction but cannot leverage dynamic graph structures.

It yields MAEs as high as 5.501 and RMSEs of 13.091. �e COS of TCN is 0.13 lower than that of our

model. STGCN introduces graph convolutions but relies on a static adjacency matrix and achieves only a

CORR of 0.554 and a COS of 0.584. In summary, the experimental results demonstrate the e�ectiveness of

the proposed model in learning complex spatial-temporal dependencies and enhancing multi-task tra�c

prediction performance.
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Table 3: Performance comparison of di�erent methods.

Method
Total Tra�c Service 1 Service 2 Service 3

MAE RMSE CORR COS MAE RMSE CORR COS MAE RMSE CORR COS MAE RMSE CORR COS

LSTM [16] 1.012 2.014 0.690 0.718 1.809 2.570 0.691 0.778 2.674 3.819 0.642 0.720 1.827 2.604 0.704 0.787

GRU [36] 3.864 6.658 0.657 0.679 6.434 8.892 0.673 0.760 8.860 12.411 0.645 0.720 6.456 8.966 0.691 0.772

TCN [37] 5.501 13.091 0.578 0.609 8.956 13.305 0.637 0.743 13.175 19.002 0.642 0.724 9.102 12.606 0.656 0.754

STGCN[38] 3.598 5.522 0.554 0.584 4.731 6.298 0.581 0.698 5.871 7.919 0.535 0.641 4.702 6.276 0.597 0.708

Ours 0.098 0.404 0.731 0.739 0.614 1.149 0.753 0.812 0.704 1.535 0.740 0.783 0.558 1.051 0.770 0.824

4.4.2 Performance Evaluation of Di�erent Features

�is experiment evaluates the performance of variousmodels for tra�c prediction in a satellite network,

focusing on the impact of population and distance features on the prediction accuracy.�e followingmodels

are compared:

• TP-T: the tra�c prediction model using only tra�c data for prediction.

• TP-T-P: the tra�c prediction model incorporating tra�c data and population features.

• TP-T-D: the tra�c prediction model incorporating tra�c data and distance features.

• TP-T-P-D: the tra�c prediction model using tra�c data, population features, and distance features.

�e results reveal that integrating population and distance features improves prediction accuracy,

especially for tasks with more pronounced spatial-temporal dependencies. From Fig. 3, it is evident that

TP-T-P-D consistently outperforms the other models across all tasks, with signi�cant improvements in

both CORR and COS metrics. Speci�cally, the inclusion of population data helps account for regional

user distribution, while distance features provide critical geographical context, both of which lead to more

accurate predictions. �ese �ndings highlight the critical role that population and distance features play in

capturing the spatial-temporal dependencies of tra�c patterns, especially in satellite networks where both

geographical and demographic factors are crucial for accurate forecasting.

Figure 3: �e e�ect of population and distance features in tra�c prediction.
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4.4.3 Performance Evaluation of Multi-Granularity Models

Comparative experiments between single-granularity and multi-granularity models are conducted

to assess the e�ectiveness of multi-granularity joint optimization in integrated satellite network tra�c

prediction. �e single-granularity model is optimized solely based on the prediction loss for one service

tra�c type, whereas the multi-granularity model further integrates multiple task-speci�c losses and a

consistency regularization term to capture both global tra�c trends and �ne-grained service characteristics.

During testing, the cosine similarity between predicted and true vectors is calculated and corresponding

histograms and kernel density estimation (KDE) curves are generated. Fig. 4 presents the distributions of

cosine similarity (shown as histograms) and the corresponding kernel density estimation (KDE) curves on

testset samples for total tra�c (a) and for individual services (b–d). In Fig. 4, the horizontal axis denotes

the cosine similarity between predicted and true tra�c vectors, and higher values indicate better alignment.

�e vertical axis represents the sample density. Superior models exhibit distributions shi�ed toward higher

cosine similarity and reduced density in the lower-similarity region. Compared with the single-granularity

model, the multi-granularity model’s distribution is notably shi�ed toward higher similarity values and

shows reduced density in the lower-similarity region. �is shi� re�ects its ability to produce accurate tra�c

predictions. �is enhancement is attributed to the multi-granularity framework’s ability to model macro-

level temporal dependencies in its main branch, leverage auxiliary task branches for service-level details,

and align macro-level and micro-level features via consistency loss, thereby enabling more comprehensive

spatial-temporal correlation modeling.

Figure 4: Comparison of cosine similarity distributions and KDE curves between single-granularity and multi-
granularity models.

4.4.4 Generalization Veri�cation of the Proposed Model

To evaluate the generalization capability of the proposed model under various satellite network

scenarios, experiments are conducted on two key parameters: constellation size (withN = 66, 72, 84) and the
proportion of satellite tra�c (with ǫ= 5%, 8%, 10%). As illustrated in Fig. 5a, when the number of satellite
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nodes increased from66 to 84, themodel’s CORR remained stablewithin the range of 0.83–0.85 (a �uctuation

of 2.4%), while COS varied between 0.87–0.89 (a �uctuation of 2.3%). �is demonstrates that the model

maintains consistent performance across di�erent constellation scales. It indicates that the dynamically

adaptive graph modeling approach e�ectively accommodates the expansion of network topology. Even with

an increase in the number of satellites, the model continues to accurately capture spatial dependencies by

constructing adjacency matrices through the integration of population and distance features. Similarly, as

illustrated in Fig. 5b, when the tra�c proportion increased from 5% to 10%, CORR values stayedwithin 0.83–

0.84 (a �uctuation of 1.2%), and COS ranged from 0.87 to 0.88 (a �uctuation of 1.1%). Overall, the model’s

performance remained stable across variations in constellation size and tra�c proportion.

Figure 5: Model performance comparison under di�erent scenario parameters. (a) the CORR and COS values with
di�erent constellation sizes (N = 66, 72, 84); (b) the CORR and COS values with di�erent satellite tra�c proportions
(ǫ= 5%, 8%, 10%).

To validate the model’s adaptability to data uncertainty in real-world scenarios, Gaussian noise was

applied to the population coverage features at varying levels from 0% to 30%. As illustrated in the Fig. 6, the

model demonstrates robustness in prediction performance. �e CORR consistently remains within a high

range of 0.843–0.879, while COS stays stable between 0.896 and 0.919. Notably, at a moderate noise level

of 15%, both CORR and COS reach their peak values of 0.879 and 0.919, respectively. �is suggests that an

appropriate level of noise may enhance the model’s generalization ability through implicit regularization.

Even when noise increases to 30%, performance shows no signi�cant degradation, with CORR at 0.843 and

COS at 0.897. �is indicates that the model’s decision-making does not overly rely on the precise values of

speci�c features but instead capturesmore fundamental tra�c evolution patterns through the shared spatial-

temporal feature extraction and graph di�usion mechanisms. �is con�rms that the proposed framework

can e�ectively handle inaccuracies in population data estimation in real satellite networks and demonstrates

engineering practicality.
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Figure 6: Performance under di�erent noise levels.

4.4.5 Sensitivity Analysis of Hyperparameters

To quantify the role of the consistency loss in balancing �ow conservation and prediction accuracy,

we �x all other hyperparameters and evaluate λ = 0.00, 0.05, 0.10, and 0.20. As shown in Fig. 7, the RMSE,

MAE, CORR, and COS on the test set are compared. As λ increases from 0.00 to 0.10, RMSE and MAE

decrease steadily while CORR and COS improve markedly. �is demonstrates that moderate consistency

regularization e�ectively links service-speci�c branches to the global prediction, enforces �ow conservation,

and enhances both stability and accuracy. When λ increases to 0.20, RMSE and MAE rise and CORR and

COS fall.�is pattern shows that an overly strong consistency constraint impedes themodel’s ability to �t the

original observations. Overall, λ = 0.10 achieves the optimal trade-o� between accurate forecasting and �ow

conservation.�ese �ndings con�rm that the consistency loss plays a important role in ourmulti-granularity

framework by blendingmacro-level trends withmicro-level details, thereby improvingmodel generalization

and robustness.

Figure 7: �e e�ect of consistency-loss weight λ.

In addition to the analysis of the consistency loss weight λ, we expanded the exploration to other key

hyperparameters, including the di�usion order L and the number of headsH.�ese parameters play a critical

role in shaping the model’s ability to capture both spatial-temporal dependencies and �ne-grained features.

As shown in Fig. 8a, with the di�usion order L increases from 0 to 2, the model shows a clear improvement

in capturing spatial-temporal dependencies, with both CORR and COS rising accordingly. In particular,

when L = 2, the model achieves an optimal balance between accuracy and stability. �is suggests that a

moderate di�usion order facilitates the extraction of e�ective spatial features at multiple scales. However,
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further increasing the di�usion order to L = 3 and L = 4 leads to a decline in performance. When L =
4, CORR and COS drop signi�cantly. �is indicates that an excessively high di�usion order may cause

the model to over�t and reduce the model’s generalization ability. Similarly, as illustrated in Fig. 8b, the

model’s performance improves markedly as the number of heads increases from 1 to 2, with both CORR

and COS rising accordingly. �e superior performance of the con�guration with H = 2 suggests that two

heads are optimal for capturingmulti-scale spatial dependencies and thereby enhancing predictive capability.

However, performance declines when the number of heads is increased to 3 and 4. �is drop is particularly

noticeable at H = 4, where both CORR and COS show a marked decrease. �ese results suggest that while

adding heads can improve performance up to a point, an excessive number may introduce complexity that

leads to over�tting and reduced computational e�ciency, ultimately impairing predictive e�ectiveness.

Figure 8: Comparison of model performance with di�erent depths and heads. (a) Performance with di�erent network
depths; (b) Performance with di�erent number of heads.

4.4.6 Evaluation of Multi Service Tra�c Composition Prediction

To evaluate the model’s ability to accurately estimate the distribution of di�erent service types on

each communication link, the predicted and ground-truth proportions for three services are visualized and

compared. Ground Truth denotes the actual tra�c distribution of Service 1, Service 2, and Service 3 on each

link. Multi-Granularity denotes the multi-granularity model proposed in this paper. It employs a macro

branch to predict total tra�c and three micro branches to predict each service independently. �e model is

trained using a consistency loss. Single-Granularity denotes the model that uses the same spatio-temporal

feature extractor but employs a single prediction branch to estimate total tra�c or service-level tra�c. �e

outputs are concatenated without any joint cross-granularity optimization. Fig. 9 shows the distribution of

three service types on two communication links, where the y-axis represents each service’s proportion as

the height of stacked bars. On both links, the Multi-Granularity bars virtually overlap the Ground Truth.

Both the total bar heights and the individual service segment proportions align precisely with the actual

distributions. �is shows that the model captures global trends and service-level details simultaneously. In

contrast, the Single-Granularity bars deviate markedly. In Fig. 9a, the model predicts only Service 2, with

Services 1 and 3 almost entirely omitted. In Fig. 9b, Service 1 is roughly estimated but another service’s share

is greatly overestimated. �ese results con�rm that simply concatenating separate service predictors fails to

integrate macro-level and micro-level information and leads to the omission of low-volume services. �e

multi-granularity model integrates macro and micro branches under consistency constraints to accurately

reproduce each service’s true proportions across diverse scenarios.
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Figure 9: Prediction of service composition over network links.

5 Conclusion

In this paper, a multi-granularity tra�c prediction framework for satellite networks based on a shared

feature extraction is proposed to bene�t from common representations and reduce redundant model

parameters. Population coverage, inter satellite distance, and historical tra�c data are integrated to capture

spatial-temporal dependencies. A multi-task loss function is proposed to jointly optimize predictions

of total network tra�c and service-level tra�c in satellite networks. Experimental results demonstrate

that integrating population and distance features improves prediction accuracy. �e proposed method

outperforms baseline methods and presents its e�ectiveness in capturing the characteristics of satellite

network tra�c.
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