Predicting Connectivity and Link Performance in Dynamic LEO
Satellite Networks

Bin Hu Feng Qian Ahmad Hassan
University of Southern California University of Southern California University of Southern California
hubin@usc.edu fengqian@usc.edu ahmadhas@usc.edu

Z. Morley Mao
University of Michigan
zmao@umich.edu

Abstract

Although LEO systems such as Starlink provide low-latency ac-
cess through high-speed, low-altitude orbits, they also experience
frequent handovers and highly variable link conditions that un-
dermine transport-layer performance. In this work, we present a
multi-granularity prediction framework that learns to predict fu-
ture satellite connections and link quality directly from network
telemetry and satellite geometry. At the coarse scale, our model pre-
dicts upcoming satellite handovers and connection windows. At the
fine scale, it predicts per-second performance within each window.
Through real-system measurements on Starlink, we demonstrate
that LEO link dynamics exhibit strong temporal and spatial corre-
lations that can be learned and predicted accurately. Our results
highlight prediction as a key enabler for proactive, satellite-aware
optimization across transport, routing, and application layers in
future LEO Internet systems.

CCS Concepts

» Networks — Network performance modeling; Network mea-
surement; Network dynamics.
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1 Introduction

The deployment of large-scale Low Earth Orbit (LEO) satellite con-
stellations, pioneered by SpaceX’s Starlink, has introduced a fun-
damentally new paradigm for global Internet connectivity. Un-
like terrestrial networks, LEO satellites operate at low altitudes
and high velocities, offering low latency but causing frequent han-
dovers between satellites. Their rapidly changing geometry and
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limited capacity lead to significant temporal variations in link qual-
ity that challenge existing network protocols and prediction mod-
els [7, 11, 15, 16, 24]. Such dynamics often result in unreliable
throughput and frequent performance degradation [25], where TCP
performance on Starlink can drop to around 25 Mbps while UDP
remains near 120 Mbps [7]. This instability directly affects latency-
sensitive and bandwidth-hungry applications such as video confer-
encing and adaptive video streaming [6, 9, 14, 29]. Although recent
work has sought to mitigate handover-induced disruptions [1],
packet loss in LEO systems is not confined to switching periods.
These dynamics highlight the need not only for measurement but
also for prediction, enabling systems to predict satellite transitions
and link degradation.

Recent advances in LEO networking have made impressive progress
in network optimization under dynamic satellite conditions, as
demonstrated by SaTCP [1], SatPipe [28], and LeoCC [12]. These
advancements show that incorporating satellite awareness into
congestion control and link adaptation can significantly improve
throughput and stability. However, their designs still inherit the
logic of terrestrial networks, reacting to measured impairments
rather than predicting them. The underlying models primarily rely
on packet-level feedback or link-layer indicators, while the influ-
ence of satellite-specific factors such as orbital geometry, elevation,
or handover periodicity remains underutilized. A few recent efforts
have explored performance prediction using statistical or learning-
based methods [13, 21, 27], yet they often ignore the direct coupling
between satellite motion and network behavior, limiting prediction
accuracy and generalization. To address these gaps, we propose a
two-stage prediction framework that jointly models satellite connec-
tivity and performance evolution. Our approach leverages precise
satellite information obtained through gRPC [22] and TLE [3] align-
ment, and integrates them into a joint learning model that predicts
throughput and latency conditioned on predicted connections. By
explicitly learning the interaction between orbital dynamics and
link performance, our framework provides a predictive foundation
for future satellite-aware optimization systems.

In this work, we focus on prediction as the foundation for proac-
tive LEO networking. We present a hierarchical prediction frame-
work that jointly models satellite connectivity and network perfor-
mance across multiple time scales. Our approach moves beyond
simple satellite awareness: it learns to predict which satellite a user
terminal will connect to next, and how throughput and latency will
evolve within and across connection periods. By accurately predict-
ing both coarse-grained and fine-grained dynamics, our framework
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provides a crucial building block for future satellite-aware opti-
mization, from congestion control to routing and application-layer
adaptation.

We make the following contributions:
o Exploratory analysis of satellite network dynamics. Through
preliminary experiments on real Starlink systems, we observe the
impact of satellite switching events and reveal strong correlations
between orbital dynamics and end-to-end performance. These find-
ings motivate our prediction design and underscore the tight cou-
pling between satellite motion and link variability.
o Multi-granularity performance prediction. We design a hier-
archical prediction framework that captures both long-term con-
nection transitions and short-term performance fluctuations. At the
coarse granularity, we predicts the next connection and temporal-
level link quality; at the fine granularity, we predicts per-second
performance variations, achieving a throughput MAE of 8.37 Mbps.
o Implementation and real-system evaluation. We implement
the proposed framework on operational Starlink terminals and
evaluate its prediction accuracy using real trajectories and traffic
traces. Our model achieves up to 20% improvement over state-of-
the-art satellite networking optimization solutions. These results
demonstrate the feasibility of low-latency, high-fidelity prediction
in live LEO environments and highlight its potential as a foundation
for prediction-driven optimization in satellite Internet systems.

2 Background and Motivation
2.1 Limitations of Existing Prediction

Existing models generally ignore the deterministic influence of
satellite geometry and connection-level discontinuities. As a result,
they cannot predict abrupt link transitions or capture fine-grained
performance variations necessary for latency and throughput sen-
sitive applications.

Our preliminary experiments illustrate this limitation concretely.
A baseline model built solely on an LSTM architecture without
incorporating any satellite information achieves a throughput mean
absolute error (MAE) of 41.13 Mbps, as shown in Table 1. This
error is substantial given that the measured average throughput is
approximately 200 Mbps, indicating that purely temporal models
fail to capture the key factors governing performance dynamics in
LEO networks.

LEO satellite networks, unlike terrestrial networks, rely on fast-
moving satellites that relay data over hundreds to thousands of
kilometers. This dynamic topology leads to frequent handovers, as
user terminals continuously switch connections among satellites
passing overhead. Figure 1 presents time-series throughput mea-
surements across multiple Starlink connection periods, where each
window represents the duration of a single satellite connection. Red
dashed lines denote handover events. We observe that throughput
fluctuates significantly across windows, suggesting heterogeneous
performance among satellites, while within a single window, per-
formance remains relatively stable. These observations highlight
the importance of accurately identifying the connected satellite,
as it provides essential context for interpreting link performance
variations and predicting future connectivity dynamics.

These limitations and observations motivate our two-stage pre-
diction framework: (1) predicting the next connected satellite and (2)
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Figure 1: Performance Heterogeneity.

predicting link performance conditioned on the predicted connec-
tion. By leveraging orbital regularity and satellite-specific features,
our design transforms prediction from a reactive process into a
proactive mechanism that predicts network dynamics.

Throughput
Model MAE (Mbps)
Model without satellite information 41.13
Model without connection prediction 27.54

Table 1: Impact of Satellite Information on Prediction.

2.2 Identifying the Connected Satellite

To effectively exploit the relationship between satellites and net-
work performance, it is necessary to identify which satellite the
user terminal is connected to, along with the corresponding satellite
properties. However, it is challenging to directly obtain satellite
connection information through any publicly available interface.
One potentially useful signal is the 2D image obtained from the user
terminal via starlink-grpc-tools [22]. As illustrated in Figure 2, this
2D image depicts the trajectory of the currently connected satellite
in polar coordinates. For example, Figure 2a shows a 15-second
satellite trajectory corresponding to a single connection period.

Nevertheless, the information provided by this 2D image is lim-
ited: azimuth and elevation are encoded only as angular coordinates
and radial distance, without explicit geometric or orbital context,
making it insufficient for accurately inferring the satellite’s 3D posi-
tion or connectivity dynamics. Fortunately, global satellite position
information is available through publicly accessible two-line ele-
ment (TLE) data [3]. TLEs provide a compact orbital description for
Earth-orbiting satellites by encoding key Keplerian elements and
their time of validity, and can be propagated to obtain time-resolved
3D satellite trajectories.

By propagating TLEs to the corresponding measurement times-
tamps and projecting the resulting satellite positions into the local
azimuth-elevation frame, we can correlate the dish-reported 2D
image with candidate satellite trajectories. This correlation enables
us to infer richer serving satellite information, such as satellite
identity and handover dynamics, that is not directly exposed by the
dish telemetry alone. However, it is difficult to accurately perform
the matching using the method proposed in [23], due to ignoring
dish geolocation and position, as well as gradual orbital drift over
time [19, 20].

In our preliminary data collection, we conduct long-term mea-
surements of Starlink’s 2D trajectory images. These measurements
reveal that the center of the observed trajectories does not coincide
with the geometric center of the image, and that the distribution
of visible satellite tracks is highly uneven. The satellite’s visibility
region depends on both the global constellation geometry and the
dish’s pointing direction. When the dish faces north (azimuth ~ 0°),
the visible region is symmetric and centered; as the dish rotates
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eastward, the dense trajectory region shifts westward, reflecting
the relative motion of satellites within the local orbital plane.

As illustrated in Figure 2c, even when the dish points eastward
from north, most visible tracks cluster on the west side in the 2D
projection. This occurs because the dish’s boresight (i.e., the phys-
ical pointing direction) defines the center of the 2D projection,
rather than the true zenith. Starlink’s phased-array dishes typically
maintain a fixed elevation (e.g., ~ 70°) and a slight azimuth offset
(e.g., ~ 10°), limiting their observable sky region to a tilted partial
dome relative to the local vertical. Consequently, connected satel-
lites appear concentrated within this offset region, and the overall
trajectory pattern becomes displaced and anisotropic. Furthermore,
the non-uniform distribution of orbital planes at mid-latitudes leads
to directional density asymmetry, with tracks accumulating toward
the azimuth where orbital planes intersect the horizon.

Figure 2b further demonstrates that the 2D satellite image is
not referenced to an absolute global frame, but is instead centered
on the user dish’s position and orientation. To validate this, we
intentionally rotate the user dish during a single satellite connec-
tion window (e.g., a 15-second window), thereby altering the dish
orientation. As a result, the dish-centric coordinate system changes,
causing what was previously a continuous satellite track in the 2D
image to split into two segments. Notably, only the white pixels cor-
respond to the actual satellite trajectory. This observation indicates
that the projected satellite trajectory in the 2D image is directly
coupled with the dish’s position and orientation.

Together, these effects explain why long-term averaged trajec-
tory patterns are shifted and non-uniform, rather than centered and
circular. They also motivate the design of a more reliable satellite
identification method that accounts for dish orientation, positional
uncertainty, and orbital geometry, forming the foundation for our
satellite information alignment model.

2.3 Beyond Satellite Awareness: Toward Next
Connection Prediction

While satellite awareness helps correlate link performance with
orbital geometry, accurately predicting network performance in
dynamic LEO networks remains challenging. Knowing only which
satellite the user terminal is currently connected to is insufficient for
reliable performance prediction, as link quality is also influenced by
imminent handovers and rapidly evolving satellite positions. More-
over, in the absence of any open interface exposing the provider’s
handover policy, future satellite connections and satellite positions
relative to the user cannot be directly observed, further complicat-
ing the prediction of near-term network performance.
Specifically, incorporating historical satellite features (e.g., ele-
vation angle, distance, or identifier) can improve short-term predic-
tion, but such approaches remain fundamentally reactive. Once the
user terminal switches to a new satellite, prior correlations often no
longer hold, and the performance context effectively resets. Because
each satellite differs in orbit, visibility, and load, these transitions in-
troduce significant discontinuities that static or per-satellite models
cannot capture. In addition, it is possible that after a handover event
is triggered, the user dish continues to connect to the same satellite.
As illustrated in Figure 2d, the user dish remains connected to a
single satellite for three consecutive connection windows (e.g., 45
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seconds), which is reflected as a long continuous trajectory in the 2D
image. Consequently, network performance exhibits significantly
less variation compared to cases where the connection switches to
a different satellite. In such scenarios, historical measurements pro-
vide stronger predictive power for forecasting near-term network
performance.

In our preliminary experiments, we also implement an enhanced
LSTM-based model [26] that incorporates satellite-related features,
including satellite connection status and geometric position. As
shown in Table 1, incorporating satellite information substantially
improves prediction accuracy, achieving an MAE of 27.54. However,
residual prediction errors remain non-negligible, highlighting the
need for prediction mechanisms that are more robust to uncertainty
when used to guide network policy adaptation. The primary reason
for this limitation is Starlink’s proactive switching of satellite con-
nections approximately every 15 seconds, which forces the network
into a new performance state after each handover. These frequent
and abrupt transitions make it difficult for traditional time-series
models to capture long-term dependencies using historical data
alone. This challenge motivates us to more effectively leverage
satellite dynamics in the prediction process. Accordingly, we in-
corporate both satellite handover behavior and real-time satellite
status into our framework, decomposing the overall prediction task
into multiple subtasks: connection prediction, window-level perfor-
mance prediction, and per-second fine-grained prediction. These
subtasks are designed to operate cooperatively, enabling the mod-
els to learn complementary relationships rather than functioning
independently.

3 Multi-Granularity Prediction

Understanding and predicting satellite network dynamics is cru-
cial for improving performance stability in LEO Internet systems.
Due to frequent handovers between satellites and rapid spatiotem-
poral variation in link conditions, accurately predicting network
performance remains challenging. Building on next-connection
prediction, we design a multi-granularity prediction framework
that captures satellite behavior and network quality across different
time scales. At the satellite level, we predict the next connected
satellite by modeling orbital geometry and dish orientation. At
the temporal level, we predict the average network performance
within each connection period (e.g.,15s), capturing coarse-grained
performance trends. Finally, at the per-second level, building on
the temporal-level prediction, we estimate short-term fluctuations
in throughput and latency, providing fine-grained insights into
instantaneous performance. Together, these layers form a unified
predictive view that bridges physical satellite motion and end-to-
end network experience, enabling proactive understanding and
potential optimization of LEO Internet systems.

3.1 Satellite-Level Prediction

To obtain a precise insight into future network performance, it is
essential to determine which satellite the user terminal will connect
to next. Put simply, our goal is to predict the satellite that a user
terminal will connect to in the upcoming connection period. User
terminals typically switch to a new satellite approximately every
15 seconds, depending on satellite visibility and orbital dynamics.
Our approach is to identify the next serving satellite from the set
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Figure 2: 2D trajectories collected from Starlink Debug data.

of candidate satellites currently overhead. This approach is reli-
able because satellite motion is continuous, and the next connected
satellite must appear among recently visible candidates. Before pre-
dicting the next connection, the first step is to identify the current
serving satellite. We start from the gRPC 2D image and match it
against candidate satellites to infer detailed satellite information
through the following steps. Converting the gRPC 2D image
to global coordinates. Each pixel (x;,y;) in the gRPC 2D image
corresponds to a direction vector in the dish’s local coordinate sys-
tem. The pixel is first mapped to a local azimuth a; and elevation
e; according to its position in the image. This mapping yields the
local direction vector:

cos(e;) sin(a;)
v1~°c = |cos(e;) cos(a;)
sin(e;)

1

Given the dish orientation matrix Rgsh, the corresponding direction
in the global coordinate system is obtained as

glob _ »T _loc
vi = RggVi )

Matching gRPC Observations to TLE-Derived Tracks. For
each candidate satellite s from the TLE dataset, its predicted global

direction vector at time ¢; is denoted by uflOb(ti). The difference
between the observed and predicted directions is measured by the
angular distance:

®)

The satellite with the smallest mean angular distance over all ob-
servation samples is selected as the most likely match:

a; = arccos(vglob . uflOb(ti))

i

N .1
s =argmsmﬁ2ai (4)
1

With accurate satellite positioning and enriched features such as
distance, elevation, and azimuth, we construct a supervised dataset
for predicting the next connected satellite. We employ a classifi-
cation model to identify the most probable candidate from this
refined set, enabling the system to predict upcoming connectivity
transitions. Rather than training this model in isolation, we inte-
grate it with the performance prediction framework, allowing joint
learning of both connection dynamics and link quality evolution.

3.2 Temporal-Level Prediction

To accurately model and predict Starlink network behavior, we
propose a joint prediction architecture that simultaneously learns
satellite connectivity status and link performance trends. As shown

82

Connection Next Connection Output Connection
Input ML Model Vector Output
Encoding (—I

Performance Performance Performance .
Input MLModel || Output Joint Model

Figure 3: Joint Prediction Model.

in Figure 3, the architecture consists of two interconnected pre-
diction branches: one for predicting the next satellite connection,
and another for predicting average network performance over the
upcoming connection window.

The connection prediction branch takes as input the current
user dish orientation and a set of visible satellite candidates. We
use a Gated Recurrent Unit (GRU) [4]-based temporal encoder and
combine it with discrete embeddings for satellite identifiers and
hardware versions. The resulting output also serves as a learned
representation that captures satellite-specific behavioral patterns.

The performance prediction branch incorporates both past per-
formance indicators (e.g., throughput, jitter, and handover his-
tory) and the shared representation from the connection prediction
branch. By conditioning performance prediction on the likely next
satellite, the model is better equipped to predict performance shifts
caused by upcoming handovers or spatial transitions. We observe
that user dishes often reconnect to the same satellite across con-
secutive handover events, suggesting that similarities between the
current connection and candidate satellites can provide useful cues
for predicting future connections. Motivated by this observation,
we apply an attention mechanism over the satellite candidate set
to emphasize the most relevant candidates, enabling more accurate
and robust performance prediction.

The two branches are trained jointly with a shared encoder. The
overall loss function is a weighted combination of the connection
prediction loss and the performance regression loss:

©)

Here, o and S balance the influence of each task. This joint training
strategy encourages the encoder to learn shared, generalizable
representations that are useful for both connection prediction and
performance estimation, thereby improving the robustness and
accuracy of the prediction system.

Liotal = @ © Leonnection + ﬁ . -Z:performance

3.3 Second-Level Prediction

While average performance prediction provides coarse-grained
guidance over each satellite connection period, latency-sensitive
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applications and real-time traffic steering require finer temporal res-
olution. To address this need, we develop a per-second performance
predictor that estimates throughput in the next second within each
active satellite window.

This predictor builds on the output of the average performance
model and leverages recent historical data collected within the
current connection window. Specifically, we use a sequence of past
per-second performance metrics including throughput, latency, and
packet loss over a fixed-length horizon as the input.

We implement the model using a GRU architecture, which effec-
tively captures temporal dependencies in the performance signals.
The GRU processes the sequential input and outputs a single scalar
representing the predicted throughput for the next second. Instead
of predicting the absolute performance value, we predict the per-
formance fluctuation relative to the temporal-level prediction.

4 Evaluation Results

We implement our framework on a real Starlink Standard Kit (Gener-
ation 3). To collect network metrics, we develop a custom UDPPing
program to measure latency and packet loss, and use iperf3 for
throughput evaluation. We also utilize starlink-grpc-tools [22] and
Celestrak [3] to gather satellite telemetry and orbital information.
In our experimental setup, the Starlink user terminal and client
are deployed in Los Angeles, CA, while a remote server located
in Minnesota is used to generate and capture end-to-end network
traffic.

4.1 Prediction Model Performance

We evaluate the effectiveness of our prediction framework using
two key metrics: mean absolute error (MAE) for throughput pre-
diction and connection error rate (CER) for connection prediction.
Table 2 reports the prediction performance for throughput and
latency across different model configurations.

We replicate a self-similar model [27] that captures long-term
temporal correlations in network data by feeding multi-scale time-
series structures into an LSTM. Our proposed multi-granularity
model achieves a throughput MAE of 8.37 Mbps and a CER of
0.1685. As shown in Figure 4, our model outperforms the self-similar
baseline by first predicting satellite-level performance and then
capturing fine-grained fluctuations conditioned on this prediction,
following the principle of multi-granularity modeling. These re-
sults highlight the advantage of jointly learning satellite-aware
representations that integrate both connection dynamics and path-
specific characteristics. By sharing learned features across tasks, the
model generalizes more effectively and achieves higher robustness
in Starlink’s highly dynamic environment.

Throughput  Latency
Model CER  MAE (Mbps) MAE (ms)
Self-Similar N.A. 29.54 26.31
Multi-Granularity  0.1685 8.37 14.25

Table 2: Performance and Connection Prediction.

4.2 Multi-Granularity Prediction into
Scheduling

To demonstrate how our prediction results can enhance existing
satellite networking solutions, we reimplement three representative
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transport-layer models—SaTCP [1], SatPipe [28], and LeoCC [12]—on
our real Starlink testbed. We then integrate our prediction outputs
into each algorithm to evaluate how predictive information can
improve their performance. The results are shown in Figure 5. The
blue bars indicate the original performance achieved by the respec-
tive models, while the red bars show the additional improvement
obtained after incorporating our prediction framework. For SaTCP,
which freezes the congestion window during satellite switching,
we apply our channel capacity prediction to adjust the maximum
congestion window size before the last loss event in the CUBIC
algorithm. This strategy allows the sender to better utilize available
bandwidth when switching to a higher-capacity satellite, while mit-
igating packet loss when transitioning to a weaker link. For SatPipe,
beyond its deterministic handover detection mechanism, we incor-
porate our fine-grained (per-second) throughput prediction into
the BBR [2] model to refine the estimated bottleneck bandwidth,
enabling more responsive and efficient sending-rate adjustments.
For LeoCC, we replace the aggressive and moderate estimators
with prediction+uncertainty and prediction—uncertainty variants,
respectively. This design improves adaptation when the user termi-
nal switches to a different satellite with substantially different link
capacity. Overall, these experiments illustrate that integrating pre-
dictive information into existing transport algorithms significantly
enhances robustness and throughput under highly dynamic LEO
conditions.

5 Discussion and Future Work

By revealing how satellite transitions, geometry, and path hetero-
geneity jointly shape throughput and latency, we establish predic-
tion as a critical foundation for future satellite-aware networking. In
future work, we will extend our evaluation to Quality-of-Experience
(QoE) analysis, quantifying how accurate prediction of upcoming
connections and short-term performance fluctuations affects real
applications such as video streaming and interactive services. This
direction will bridge the gap between physical-layer satellite dy-
namics and user-perceived quality, guiding the design of future
predictive and adaptive satellite networking systems.

Moreover, LEO systems support a wide range of mobility scenar-
ios, including vehicular, maritime, and other use cases in which user
movement is inherent. Such mobility introduces additional chal-
lenges for network performance prediction, as the user terminal’s
coordinates continuously change, directly affecting link geometry,
propagation conditions, and, consequently, network performance.
In future work, we plan to investigate how user terminal mobil-
ity impacts the accuracy and robustness of network performance
prediction.

6 Related Work

Recent research on Low Earth Orbit (LEO) satellite systems has
primarily focused on measurement, characterization, and system ex-
tensions [5]. Studies such as [8, 10, 17, 18] analyze Starlink’s latency,
throughput, and handover dynamics, revealing strong temporal and
spatial variability in link performance. While these works provide
valuable empirical insights, they remain largely observational and
do not address how such dynamics can be predicted or proactively
exploited. Recent advances in LEO transport protocols, including
SaTCP [1], SatPipe [28], and LeoCC [12], aim to make congestion
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control more adaptive to satellite-induced dynamics. These sys-
tems rely on link-layer feedback or deterministic timing models
to mitigate performance degradation during frequent handovers.
However, their effectiveness is limited by the lack of accurate pre-
diction of upcoming satellite transitions and link fluctuations. Our
work complements these efforts by developing a multi-granularity
prediction framework that forecasts both satellite connectivity and
fine-grained link performance.

7

Conclusion

We design a multi-granularity prediction framework that predicts
both upcoming connections and performance variations across mul-
tiple time scales. Our results demonstrate that accurate prediction
is essential for understanding and mitigating the dynamics of LEO
Internet systems, and lay the groundwork for future satellite-aware
applications and network optimization.
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