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Abstract—As autonomous driving becomes increasingly feasi-
ble, the German government has introduced a legal framework
to enable the operation of vehicles with Level 4 automated
driving functionality. A key requirement is the maintenance of
a continuous connection between such vehicles and a remote
technical supervisor. If this link is lost, the vehicle must transition
into a safe state by bringing itself to a controlled stop. To
mitigate the risk of connection loss, accurate forecasting of
mobile network availability along routes is essential. This paper
describes a spatio-temporal analysis of mobile network signal
quality metrics along a fixed rural route based on 48 repeated
measurement drives. The route was segmented into 320 spatial
reference sections to enable consistent cross-trip comparison and
stability assessment. A classification into usable and non-usable
connectivity states reveals that more than half of the sections show
pronounced trip-to-trip variability. The results show that mobile
network quality is not only dependent on geographic location
but is also influenced by environmental conditions. While global
correlations between weather parameters and raw signal metrics
remain weak, moderate relationships can be seen when analyzing
the share of functionally usable connectivity in spatially unstable
sections. A walk-forward forecasting model demonstrates that
the inclusion of temperature in the model reduces prediction
error compared to a purely historical baseline in 73.7% of
evaluated trips. The findings show the importance of feature
selection and also the limitations of linear modeling approaches.
Rather than acting as deterministic predictors of signal strength,
contextual parameters primarily modulate connectivity uncer-
tainty in spatially unstable regions. These findings underscore
the importance of contextual information and localized modeling
to predict network availability for safety-critical systems, such as
autonomous vehicles.

Keywords-mobile network stability; connectivity forecasting; ve-
hicular communication; autonomous driving; signal quality indi-
cators.

I. INTRODUCTION

This extended study builds upon a previous contribution [1],
presented at The Second International Conference on Vehicu-
lar Systems (VEHICULAR ANALYTICS 2025). While the
previous study focuses on the context-aware prediction of
mobile networks, this study extends the data analysis and
presents one additional forecasting model approach. It also
investigates the spatial stability and trip-to-trip variability of
mobile network quality along the selected rural route.

Even though recent forecasts are more cautious regarding
the future proliferation of automated driving vehicles, it is
evident that they will gradually become part of everyday
life as technology evolves [2]. In this context, emerging
automated driving functions and Vehicle-to-Everything (V2X)
communication systems highlight the growing importance of
robust and reliable vehicular connectivity [3].

Automated driving functions provided by future vehicles
at Society of Automotive Engineers (SAE) Level 4 depend
on reliable mobile network connectivity. While the core driv-
ing decisions must be performed locally inside the vehicle,
the mobile network is considered a requirement to enable
remote supervision and instructions in case of uncertainties.
Therefore, it is important to assess the connectivity along
a route before such an automated vehicle drives into an
area without connection. While static cellular coverage maps
provide a coarse indication of network availability, they fail
to capture variations in signal quality that may occur at
many spatial locations [4]. Although mobile networks are
generally planned for wide geographical coverage, this must be
distinguished from functional connectivity. A geographically
covered location may still have insufficient signal quality under
real driving conditions. Therefore, this study focuses on the
stability and functional usability of connectivity rather than on
theoretical coverage stated by mobile network operators. Vari-
ations in mobile network quality are particularly critical for
safety-relevant automated driving applications, where transient
connectivity loss or severe degradation may trigger fallback
behaviors, such as bringing the vehicle to a safe stop [5].

Network connection quality is influenced by various dy-
namic factors, including the environment and time of day
[6][7]. Open areas near base stations usually offer strong
coverage, while remote or forested areas do not. To investigate
this variability, 48 test drives along a predefined 64 km
rural route, recording passive mobile network parameters
and Global Navigation Satellite System (GNSS) data, were
conducted. During post-processing, additional context, such
as weather conditions and metadata, was integrated.

From a system-level perspective, such pre-trip connectivity
information can be integrated into the route planning and data
transmission schedules of automated vehicles. By identifying
route segments with unstable or unreliable connectivity in
advance, vehicles may adapt operational strategies, adjust
communication-intensive data transmission, or initiate alter-
native routes.

The main extensions of this contribution are:

o A data cleaning and preprocessing methodology tailored

to vehicular mobile network measurements.

e An approach for the functional classification of mobile
network quality into usable and non-usable connectivity
states.

o A spatial stability analysis revealing route segments with
persistent connectivity, persistent coverage holes, and
pronounced trip-to-trip variability.
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« An investigation of contextual influences on connectivity

variability.

This study is based on measurements collected along a fixed
route over the year 2025. The data is restricted to linear cor-
relations between contextual and network parameters. Urban
environments and larger datasets, beyond the 48 measurement
drives used here, remain for future work and are expected to
further improve prediction performance.

A. Motivation

The key motivation for this work comes from recent reg-
ulatory developments in Germany. According to legislation,
automated vehicles classified under SAE Level 4 (high driving
automation [8]) must maintain a permanent connection to a
technical supervisor (§ 1e(2) no. 10 StVG [5]). This supervisor
must receive real-time status information and can intervene, for
example, by enforcing a safety stop or assisting in complex
scenarios [5]. One example of such a scenario is near construc-
tion zones, where the vehicle may need to cross continuous
lane markings, an action typically prohibited by internal rules.
If the connection to the technical supervisor is lost, the vehicle
has to bring itself to a controlled stop. Driving under Level
4 automation must not resume until a network connection is
reestablished. According to the law, the technical supervisor
has to be a natural person with specific knowledge about
vehicular systems (§ 1d(3) no. 3 StVG [5]. The qualification of
the supervisor must be demonstrated by a diploma, bachelor’s,
master’s, or technical degree in mechanical engineering, au-
tomotive engineering, electrical engineering, or a related field
(§ 14(1) no. 1 AFGBV [9].

Another motivation is the observation that static coverage
representations are insufficient for characterizing mobile net-
work availability in safety-critical automated driving scenarios.
Even if average signal metrics indicate acceptable coverage at
a given location, individual trips may experience severe degra-
dation or complete loss of connectivity (shown in Section VI).
Such trip-to-trip variability cannot be captured by static maps
or historical averages, yet it directly impacts the operational
reliability of Level 4 automated vehicles.

Unlike prior studies that focused on static coverage maps,
short-term prediction, or urban areas, this work presents a
long-term measurement campaign on a rural route and also
integrates contextual factors (e.g., time of day, ambient tem-
perature). To our knowledge, this is among the first studies to
target pre-trip forecasting of Long-Term-Evolution (LTE)/ 5G
quality for Level 4 driving scenarios.

B. Structure

The remainder of this paper is organized as follows. Sec-
tion II discusses the state of the art and related work. Sec-
tion III introduces the fundamentals of mobile networks and
describes the target parameters. Section IV outlines the data
collection followed by the data cleaning and preprocessing
methodology in Section V. Next, Section VI presents a spatial
stability and trip-to-trip variability analysis of mobile network
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connectivity. Section VII investigates the influence of con-
textual factors. Section VIII introduces an initial connectivity
forecasting model. Finally, Sections IX and X discuss the
results and limitations of the study. In the end, Section XI
concludes the paper and outlines directions for future work.

II. RELATED WORK

Several studies have addressed the prediction and analysis of
mobile network quality, to some extent, in vehicular contexts.
These efforts vary in scope, methodology, and focus, often
targeting real-time diagnostics, network-side optimization, or
static coverage mapping rather than pre-trip forecasting.

Torres et al. [10] propose a data-driven approach to forecast
congestion in LTE networks using analytics and Machine
Learning (ML) techniques. Their model is designed to sup-
port Self-Organizing Network (SON) optimization and real-
time traffic management from a network operator perspective.
However, it does not incorporate contextual factors such as
weather or time of day and is not intended for vehicle-centric
or route-specific pre-trip predictions.

Madariaga et al. [6] adopt a time-series perspective and
demonstrate that meteorological conditions significantly af-
fect mobile Quality of Service (QoS). By combining ML
models with temperature, humidity, and rainfall data derived
from crowdsourced Android measurements, they show that
context-aware approaches outperform purely historical aver-
ages, particularly in dense urban environments. In a related
study, they address the spatial aggregation of signal strength
measurements using advanced interpolation techniques [11].
While these works provide important insights into context-
aware modeling and spatial estimation, they are restricted
to stationary urban settings and do not investigate long-term
variability or repeated measurements along fixed routes.

Sahin and Sathya [12] present a lightweight classification
approach that estimates mobile network quality in a given area
using only Global Positioning System (GPS) data. Although
computationally efficient, their method omits dynamic envi-
ronmental influences such as weather or time and does not
explicitly address predictive uncertainty. Similarly, Rahman
et al. [13] employ reinforcement learning in combination
with Unmanned Aerial Vehicles (UAVs) to detect mobile
coverage holes in urban environments. Their work focuses
on infrastructure-centric optimization and coverage assessment
rather than vehicle-specific planning or pre-trip prediction.

Other studies have also investigated connectivity-aware nav-
igation and planning. Hultman et al. [14] introduce a route
planning approach based on static mobile signal coverage
maps derived from publicly available data. While such meth-
ods are useful for coarse connectivity-aware routing, they lack
the temporal and contextual sensitivity required to capture the
trip-to-trip variability experienced during real-world driving.

More recently, large-scale measurement campaigns and
open-access datasets have become available. Schippers et
al. [7] introduced the DoNext dataset, a comprehensive multi-
region 5G measurement campaign designed to support data-
driven mobile network research. The dataset provides exten-

2026, © Copyright by authors, Published under agreement with IARIA - www.iaria.org

84



sive spatial and temporal coverage and enables the analysis of
general network behavior across different contexts. However,
its primary focus lies on general-purpose analysis rather than
route-specific forecasting or the investigation of connectivity
stability along repeated vehicular trajectories. Their results
nevertheless confirm that signal quality at a given location can
vary significantly over time, for example, due to congestion
effects during peak hours.

Beyond dataset-centric contributions, recent work has em-
phasized methodological challenges in predictive mobile net-
working. Blasco et al. [4] discuss the concept of predictive
QoS and highlight fundamental issues such as non-stationarity,
feature selection, and evaluation bias in cellular networks.
Similarly, Palaios et al. [15] provide an extensive analysis of
machine learning-based QoS prediction for vehicular commu-
nication, focusing on robustness, data splitting strategies, and
explainability. While these studies offer valuable guidance for
model design and evaluation, they primarily treat variability
as a modeling challenge rather than as an inherent spatial and
temporal property of the environment.

Overall, prior work has addressed many important aspects
of mobile network analysis, including data aggregation, spatial
modeling, and urban QoS prediction. However, most existing
approaches implicitly assume that mobile network conditions
at a given location can be sufficiently described by average
or aggregated metrics. Such assumptions are insufficient for
autonomous driving applications, where transient connectivity
loss or severe degradation can have immediate operational
consequences.

The present study focuses on real-world measurements
along a rural route and explicitly investigates the stability
of mobile network connectivity across multiple trips. Rather
than treating variability solely as noise or uncertainty to be
mitigated by predictive models, it is additionally analyzed
as a characteristic property of specific route segments. Fur-
thermore, a functional distinction between usable and non-
usable connectivity states is introduced that directly reflects the
operational requirements of Level 4 autonomous driving and
supports pre-trip connectivity assessment under uncertainty.

III. BACKGROUND AND FUNDAMENTALS

This section outlines the technical background necessary
to understand the mobile network measurements analyzed in
this study. In addition to a general overview of LTE and
5G principles, it explains the radio signal metrics that are
particularly relevant for vehicular communication. The rela-
tionships between these Key Performance Indicators (KPIs)
and their impact on the functional connectivity of autonomous
driving systems are also described. Furthermore, the physical
propagation effects caused by atmospheric conditions are
briefly discussed to motivate the investigation of contextual
influences in later sections.

A. Principles of Mobile Networks

Mobile communication networks consist of wireless links
between User Equipments (UEs) and base stations, which
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connect to a core network. The transition from LTE to 5G
enhances bandwidth, latency, and reliability [16], which are
critical for autonomous driving applications [17]. LTE pro-
vides high data rates and reduced latency through techniques
such as Multiple Input Multiple Output (MIMO), handovers,
and advanced radio resource management [18]. 5G builds on
LTE by adding capabilities such as beamforming and network
slicing. It also specifies dedicated QoS mechanisms, including
profiles for specific service classes.

5G can be deployed in Non-Standalone (NSA) or Stan-
dalone (SA) architectures. In NSA, 5G is operated with
existing LTE infrastructure, whereas in SA deployments use
a dedicated 5G core [19]. While German mobile network
operators are introducing an increasing amount of 5G SA
services, the public network still involves LTE and 5G NSA,
depending on location and operator. As a result, robustness
against environmental influences and coverage gaps is still
strongly tied to LTE radio characteristics, particularly in rural
areas where dense 5G deployments are uncommon.

5G operates across low-, mid-, and high-frequency bands,
including millimeter waves [20]. Research has also investi-
gated the fundamental performance limits of millimeter-wave
systems for cooperative localization, underlining the relevance
of advanced 5G [21]. Moreover, 5G offers even lower latency
and increased capacity supporting safety-critical automotive
applications [17]. In both LTE and 5G networks, signal quality
plays a central role in determining the performance and
reliability of a connection [22].

In the context of remote supervision for automated driving
applications, the data volume of status messages like the
Cooperative Awareness Message (CAM) is generally low (a
size of 200 to 800 bytes and a frequency between 1 Hertz (Hz)
and 10 Hz [23]). For this use case, connection robustness is
more important than peak data throughput. This motivates a
closer examination of signal stability rather than instantaneous
performance metrics.

B. Mobile Network Signal Quality Metrics

Radio signal propagation in vehicular environments is in-
fluenced by various physical and atmospheric factors. Tem-
perature and humidity affect air density, while fog, rain,
and precipitation can introduce additional attenuation and
scattering effects, particularly at higher carrier frequencies
[24]. Although such effects are often secondary compared to
geometric factors and network load, they can contribute to
signal variability and are therefore considered as contextual
parameters in this study.

Signal quality in LTE and 5G networks is assessed using a
set of key radio frequency indicators. These metrics help to
evaluate the reliability and performance of the wireless link
between the UE and a cellular base station [25]. The most
commonly used parameters are as follows:

o Received Signal Strength Indicator (RSSI) represents the
total received power observed by the device within the
channel bandwidth [22]. This value includes not only the
desired signal but also background noise and interference
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from neighboring cells. Measured in decibel-milliwatt
(dBm), RSSI serves as an indicator of signal presence
but lacks specificity for signal quality [26][27].

o Reference Signal Received Power (RSRP) quantifies the
average power of reference signals transmitted by a
serving cell [22]. Unlike RSSI, it excludes interference
and noise, offering a more accurate measure of usable
signal strength. RSRP is expressed in dBm and is used by
UEs for tasks such as cell selection, handover decisions,
and radio link monitoring [26].

o Reference Signal Received Quality (RSRQ) is the ratio
of RSRP to RSSI, normalized by the number of resource
blocks [22]. It reflects both the signal strength and the
level of interference within the channel. It is particularly
useful in scenarios with heavy network load or high
interference levels, where a strong signal may still result
in poor quality due to congestion. RSRQ is commonly
measured in decibel (dB) [26].

« Signal-to-Interference-plus-Noise Ratio (SINR) indicates
the quality of the wireless communication channel by
comparing the power of the desired signal to the sum
of interference and background noise [22]. It directly
impacts achievable data rates and overall link perfor-
mance. SINR is also measured in dB and is a parameter
for evaluating network efficiency and optimizing system
performance [26].

TABLE I. SIGNAL QUALITY METRICS FOR LTE AND 5G NETWORKS [22]

Quality

Unit Interpretation

Parameter Range

RSSI dBm | -120 to -30 | > -65: Excellent
-65 to -75: Good
-75 to -85: Fair

< -85: Poor

RSRP dBm | -140 to -60 | > -80: Excellent
-80 to -90: Good
-90 to -100: Fair

< -100: Poor

RSRQ dB -20 to -3 > -10: Excellent
-10 to -15: Good
-15 to -20: Fair

< -20: Poor

SINR dB -20 to +30 | > 15: Excellent
10 to 15: Good
5 to 10: Fair

< 5: Poor

Table I summarizes the value ranges for each of the four
metrics based on industry standards and field experiments,
including recommendations provided by the applied router’s
manufacturer [22].

In general, higher values of these metrics correspond to
better network quality and more stable connectivity. However,
for autonomous driving applications, the relevance of these
metrics lies not only in their absolute values but also in
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their temporal stability and their ability to indicate whether
a connection is functionally usable.

IV. DATASET

This section describes the measurement campaign, the data
acquisition setup, and the resulting dataset used for the sub-
sequent analysis.

A. Measurement Campaign

The dataset used in this study was collected during a series
of 48 real-world measurement drives along a 64 km segment of
the road B16 in southern Germany. The route was selected to
cover different environmental conditions. It includes suburban
areas near the cities of Ingolstadt and Regensburg, smaller
villages, extended rural sections, and forested segments. In
addition, the route contains various topological properties
such as small hills, bridges, and roadside structures, which
are known to influence mobile radio propagation [28]. This
diversity was expected to induce a broad variance in mobile
network conditions and connectivity behavior, making the
route suitable for studying spatial variability and stability of
network quality. The measurement campaign extended over 10
months (March to December 2025) to capture a broad range
of temporal, seasonal, and environmental variability. In total,
92,210 measurement points along the route were collected.

For the data acquisition, a custom-built mobile measurement
unit was used. An overview of the setup, including its hard-
ware components and their interconnections, is illustrated in
Figure 1.

e

0O 2
= [s)
ublox ZED-FIR

Active GNSS
Antenna

GNSS Receiver

| Touchscreen Monitor |

Teltonika RUTXS50
LTE/SG Router

Mobile Power Supply

Figure 1. Setup of the custom-built mobile measurement unit

In detail, the setup consists of the following components:

o Raspberry Pi: As the central processing unit, a Raspberry
Pi 5 with 8 GB of Random-Access Memory (RAM) is
used. It is running Raspberry Pi OS in the Graphical User
Interface (GUI) version. For data processing, Python 3.12
is used on this device.

e Router: For the connection to the mobile network, a
Teltonika RUTX50 LTE/5G router is used. It is con-
nected to the Raspberry Pi via a Local Area Network
(LAN) cable. The router is capable of measuring the
passive mobile network parameters needed for the study.
Those parameters are transferred to the Raspberry Pi
over Simple Network Management Protocol (SNMP).
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The router does not use dedicated 5G QoS profiles for
this measurement campaign.

e GNSS receiver: A u-blox ZED-FOR GNSS receiver is
included in the setup for determining a precise geographic
location while driving along the route. The data is trans-
ferred to the Raspberry Pi via a serial connection using
a Universal Serial Bus (USB) port. The receiver uses
the National Marine Electronics Association (NMEA)
standard commonly used in navigation devices. These
messages are in a human-readable format and contain not
only the location but also information about time, date,
current speed, heading direction, visible satellites, and
precision of location determination like Position Dilution
of Precision (PDOP).

o GNSS antenna: The active antenna u-blox ANN-MB-
00-00 is connected to the receiver. During measurement
drives, it is placed in a fixed position under the vehicle’s
windshield.

e Monitor: A 7-inch display from Waveshare is built into
the setup. It shows the current state of the GNSS receiver
and the LTE/5G router, as well as the currently measured
values. With its capacitive touchscreen, the measurements
can be started and stopped via two buttons. The screen
is connected to the Raspberry Pi via High-Definition
Multimedia Interface (HDMI).

o Power supply: Two rechargeable mobile batteries are
included in the setup to provide the power needed. One
battery powers the Raspberry Pi while the other powers
the display. Both batteries provide 3 Ampere (A) at 5
Volt (V). The router is powered by the vehicle’s electrical
system to ensure stable power availability for this critical
device.

The collected mobile network parameters, as presented
in Section III-B were logged continuously throughout each
drive. In addition, the GNSS receiver provided geographical
coordinates and motion-related parameters, enabling precise
spatial alignment of network measurements along the route.

B. Dataset Description

The initial dataset comprises time-stamped mobile network
measurements, geographic location information, and motion-
related parameters. Recorded network metrics include RSRP,
RSRQ, RSSI, and SINR, as well as cell identifiers and connec-
tion state information. Spatial context is provided by latitude,
longitude, altitude, and GNSS-derived quality indicators such
as PDOP, Horizontal Dilution of Precision (HDOP), and
number of visible satellites. Vehicle speed and heading were
recorded to capture the motion context of each measurement.

In total, 92,210 measurement points were collected with
a temporal resolution of approximately 2-3 seconds. Not all
measurements are located on the target route, as recordings
also include short segments at the beginning and end of
each drive. These off-route measurements are excluded during
preprocessing, as described in Section V.
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C. Relationship Between Signal Metrics and Data Rate

To empirically motivate the relevance of the selected passive
mobile network parameters, we analyze an independent open-
access dataset collected in the Salzburg region, which provides
both passive radio signal metrics and measured data rates [29].
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Figure 2. Relationship between measured data rate and passive mobile
network parameters based on an open-access dataset [29]. Linear correlation
coefficients are indicated for each parameter.

Figure 2 illustrates the relationship between data rate and
RSRP and SINR. The corresponding Pearson correlation co-
efficients are R = 0.67 for RSRP and R = 0.74 for SINR,
indicating a positive linear association between signal quality
and achievable data rate. The correlation R-value of the two
other metrics is R = 0.58 for RSRQ and R = 0.58 for RSSI as
well. The Pearson correlation coefficient (R-value) quantifies
the strength and direction of a linear relationship between two
variables on a scale from —1 (perfect negative correlation) to
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+1 (perfect positive correlation), with values closer to zero
indicating weaker linear dependence.

Across all parameters, a clear positive correlation trend
can be observed, with SINR exhibiting the strongest linear
correlation. These results are consistent with prior studies
on QoS prediction in cellular networks and confirm that
passive signal metrics provide meaningful information about
the achievable data rate.

V. DATA CLEANING AND PREPROCESSING

While the dataset provides rich spatial and temporal infor-
mation, the raw measurements include missing values, default
placeholders, and off-route samples. The following section
describes the data cleaning and preprocessing pipeline applied
prior to analysis. All steps were implemented in Python using
the libraries pandas and numpy and are designed to preserve
variability while removing invalid measurements.

The first preprocessing step was the validation of the
GNSS data. A total of 339 measurements (0.37%) contained
invalid location information, either due to missing coordinates
or fallback values with latitude or longitude equal to zero.
Notably, 215 of the zero-valued GNSS samples originated
from a single measurement run, where the GNSS receiver did
not yet obtain a valid fix at the beginning of the drive. As these
samples occurred in extended consecutive blocks, no spatial
interpolation was applied. Instead, all measurements without
valid GNSS coordinates were excluded from spatial analysis.
This issue could be avoided in future campaigns by explicitly
verifying a valid GNSS fix prior to initiating measurements.

The next cleaning step focused on the identification of
placeholders used by the router when no network connectivity
is available at all. Radio quality indicators were first analyzed
without applying any filtering or correction. By comparing the
observed minimum, maximum, and average values of RSSI,
RSRP, RSRQ, and SINR with the plausible ranges defined
in Table I, fallback values were identified. Specifically, the
values —32768 (corresponding to the minimum signed 16-bit
integer), —255, and 0 were found. Based on this observation,
explicit placeholder values (—32768 and —255) were consis-
tently replaced by Not a Number (NaN) for all radio quality
indicators. This served as the basis for all subsequent cleaning
steps. An additional column was included in the dataset that
marks the locations at which placeholders were replaced.

Handling zero-valued SINR measurements required special
attention. Because it lies within the normal range of SINR, a
value of 0 can also represent a valid signal condition. But it
was also used by the device as a fallback value when no SINR
calculation was possible. To distinguish between valid and
invalid zero-values, the occurrence of SINR values equal to
zero and anomalies in other radio KPIs were analyzed. Many
SINR samples with a value of 0dB were found to coincide
with missing or implausible values in the other radio quality
indicators. These samples were therefore classified as invalid
values and excluded from the cleaned SINR distribution. Fig-
ures 3 and 4 illustrate the SINR value distributions before and
after removing those invalid fallback values. The comparison
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shows the impact of poorly chosen device fallbacks on the
observed SINR statistics.
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Figure 3. Frequency distribution of SINR values after removing explicit
sentinel values. Zero-valued SINR samples include both physical
measurements and implicit device fallback values.
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Figure 4. Frequency distribution of SINR values after removing both
explicit sentinel values and implicit zero-valued fallback measurements.

After removing the placeholders, all mobile network KPIs
follow physically plausible ranges and statistically consistent
distributions. Missing radio measurements were not treated as
noise but explicitly encoded as a separate indicator variable.
This allows the prediction models to distinguish between
absent connectivity and weak but valid signal conditions.
There are no indications of further systematic invalid values.
Figure 5 shows an example of the distribution of the frequency
of RSRP values. The other KPIs follow a similar pattern.

Table II summarizes basic descriptive statistics of the
cleaned measurements. All KPIs exhibit value ranges and
central tendencies consistent with expected cellular radio con-
ditions in vehicular environments, indicating that no further
systematic invalid values remain after the applied filtering
steps.
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Figure 5. Frequency distribution of RSRP after cleaning the dataset.

TABLE II. SUMMARY STATISTICS OF CLEANED RADIO KPI
MEASUREMENTS AFTER REMOVAL OF EXPLICIT AND IMPLICIT
PLACEHOLDER VALUES.

KPI Count Min Max Mean Median
RSRP [dBm] 72606 -140 -59  -99.6 -100
RSRQ [dB] 72627 -20 3 -13.7 -13
RSSI [dBm] 72594 -115 26 -65.8 -67
SINR [dB] 72538 -20 30 4.7 4

In addition to cleaning, the dataset was enriched with
contextual information describing the environment. Base sta-
tion proximity was incorporated by computing the distance
between each measurement point and the serving base station.
The base station locations were obtained from the open-source
platform CellMapper [30], and distances were computed using
haversine-based spatial calculations. Also, historical weather
data were added to each measurement point using the Open-
Meteo Application Programming Interface (API) [31]. The
weather attributes (e.g., temperature, wind speed, precipitation,
ground fog) were matched based on timestamp and geograph-
ical coordinates, allowing for the inclusion of environmental
context in the analysis process.

As a result of this process, a spatiotemporally tagged
dataset that combines passive network parameters, location,
and environmental conditions was created. This dataset forms
the basis for the subsequent spatial stability and variability
analysis.

VI. SPATIAL NETWORK VARIABILITY

To gain insights into the structure and variability of the
collected dataset, an Exploratory Data Analysis (EDA) was
conducted. This analysis aims to find spatial and contextual
patterns in the signal measurements and to identify the most
relevant features for subsequent modeling tasks.

A. Route Segmentation

As shown in Figure 6, the measurement route was seg-
mented into Reference Points (RPs) along the road. This

International Journal on Advances in Networks and Services, vol 19 no 1 & 2, year 2026, http://www.iariajournals.org/networks_and_services/

resulted in a total of 320 RPs covering the test route. The seg-
mentation enables consistent spatial aggregation by grouping
measurements recorded at the same physical location across
repeated drives. For each RP, the mean, median, minimum,
and maximum values of the target parameters were calculated.
This helps to mitigate the influence of measurement noise
and improves the robustness of comparisons between different
measurement runs.

RP28

Figure 6. Extract of the route clustered into reference points with a distance
of 200 m.

To limit the analysis to measurements recorded on the
predefined test route, each sample was assigned to its nearest
RP. The RPs were placed on the road centerline with a fixed
spacing of 200 m. Consequently, measurements located less
than half of the spacing away from their nearest RP originate
from the interior of the route. Measurements that exceed the
100 m distance to a RP are likely associated with boundary
regions or could also be off-route segments.

TABLE III. VALIDATION OF DISTANCE CUTOFF VALUES BASED ON
REFERENCE POINT EXCEEDANCES.

Cutoff [m] Reference Point ID Count
100 1 13932

11 1

19 1

97 1

123 1

152 2

319 1

320 1883
101 1 13931

152 2

320 1882
102 1 13930

320 1880

To determine an appropriate distance threshold, increasing
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cutoff values were tested, and the occurrence of threshold
exceedances across the RPs was inspected. Table III sum-
marizes the number of samples that exceed different distance
thresholds and their associated RP identifiers. For cutoff values
of 100m and 101 m, a small number of on-route measurements
were still observed. This could plausibly be due to GNSS jitter.
At a cutoff of 102m, all exceedances occurred only at the
first and last RPs, which are at the beginning and the end of
the route. No interior RPs exhibited distances exceeding this
threshold. Based on this observation, a distance cutoff of 102 m
was selected as the smallest value that reliably excludes off-
route measurements while preserving all valid interior route
samples.

B. Variability Across Repeated Drives

After associating the measurements with their nearest RPs,
the next step is to analyze how mobile network connectivity
differs across repeated drives. While the vehicle’s location is
a dominant factor influencing signal quality, an initial analysis
confirms that connectivity conditions at the same location can
vary substantially from trip to trip, as also suggested by prior
work discussed in Section II.

Figure 7 illustrates the relationship between the mean prob-
ability of usable connectivity and its trip-to-trip variability for
each RP.
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Figure 7. Trip-to-trip variability of functional connectivity based on the
SINR. Every point shows one reference point of the route.

For this plot, connectivity was classified as usable if the
measured SINR was available and higher than 0. Accordingly,
the mean value shows the measurements with functionally
usable connectivity across the drives. The standard deviation
quantifies how this functional state fluctuates between trips.

Route sections with consistently good connectivity (x-axis
close to 1) and sections with persistently poor connectivity
(x-axis close to 0) showed very low variability (y-axis), indi-
cating stable connectivity conditions across drives. In contrast,
sections with intermediate mean values consistently show trip-
to-trip variability. At these locations, the same geographic
position on the route alternates between usable and non-usable
connectivity depending on the individual drive.
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The resulting inverted U-shaped distribution shows that
connectivity cannot be sufficiently characterized by static
coverage maps or average signal metrics alone [4][15]. The
same analysis was conducted for the RSRP, showing the
same distribution. These findings underline the necessity of
incorporating additional contextual information when assess-
ing mobile network conditions before starting a trip.

C. Stability Classification

Based on the per-trip aggregation of functional connectivity,
each route section was classified according to its stability
across repeated drives. Four distinct stability classes were
defined.

e Stable good sections show consistently usable connec-
tivity across almost all trips. These segments represent
areas where a good mobile connection can be expected,
independent of contextual variations.

e Stable hole sections are characterized by persistently
non-usable connectivity. Across repeated drives, these
segments rarely reach sufficient signal quality for data
transmission, indicating stable coverage gaps.

e Unstable sections are those in which functional connec-
tivity alternates between usable and non-usable states
across different measurement drives. As a result, the same
physical location may support reliable data transmission
during one drive while being unusable during another.
This behavior cannot be captured by static coverage
representations or average signal metrics.

e Mixed sections denote transitional segments that do not
exhibit pronounced trip-to-trip state changes, yet cannot
be classified as consistently usable or consistently non-
usable. These sections reflect moderate variability without
clear state transitions.

TABLE IV. CLASSIFICATION OF ROUTE SECTIONS ACCORDING TO THEIR
FUNCTIONAL CONNECTIVITY STABILITY ACROSS REPEATED DRIVES.

Stability Class Number of Sections Share [%]
Stable good 25 7.8
Stable hole 102 31.9
Unstable 111 34.7
Mixed 82 25.6
Total 320 100.0

Table IV shows the distribution of those classes along the
route. Notably, only a small fraction of the route sections
(7.8%) exhibit consistently good connectivity, whereas about
one third (31.9%) are classified as stable holes. The remaining
60.3% of the route cannot be uniquely characterized by a
single functional connectivity state.

Figure 8 illustrates the spatial distribution of the stability
classes along a part of the route. Stable hole sections mostly
appear in rural and near forested areas, whereas stable good
connectivity is mainly observed near villages. Unstable sec-
tions frequently occur in clusters between these extremes. This
finding indicates that functional connectivity uncertainty is not
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randomly distributed but is tied to specific environmental and
infrastructural characteristics.
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Figure 8. Spatial distribution of route sections classified by functional
connectivity stability across repeated drives. The colors show the four
classes: stable good (green), stable hole (red), mixed (blue) and unstable
(orange).

The stability analysis shows that a significant part of the
route cannot be characterized by a single functional connec-
tivity state. Instead, several route sections exhibit pronounced
trip-to-trip variability, alternating between usable and non-
usable connectivity despite identical spatial locations.

This observation underlines the research question of whether
such variability can be partially attributed to contextual factors
that differ between individual drives. Environmental condi-
tions, temporal aspects, and geometric relationships to the
cellular infrastructure may influence the instantaneous radio
conditions and thereby affect the functional connectivity state
observed along a given route section.

In the following section, the role of contextual parameters
and their relationship with the observed connectivity vari-
ability is analyzed. The goal is to assess whether contextual
information provides systematic indications that can support
pre-trip connectivity prediction under uncertainty.

VII. INFLUENCES OF CONTEXTUAL FACTORS

To improve the prediction of mobile network KPIs, par-
ticularly in areas with weak or inconsistent coverage, it is
important to account for environmental and temporal influ-
ences. Contextual parameters are assumed to influence radio
propagation and therefore the network performance [24][28].

The previous study [1], based on 38 measurement drives,
investigated correlations between contextual features and the
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four passive radio quality indicators RSRP, RSRQ, RSSI,
and SINR. The analyzed context variables include weather
conditions, temporal features, distance to the serving base
station, GNSS precision metrics (e.g., PDOP and the number
of visible satellites), and vehicle speed. Figure 9 summarizes
the correlations reported in that study.

temperature -0.08
distance bs - -0.06 -0.10
hdop - -0.09 -0.10 -0.06 -0.10
humidity 0.09 0.04
pdop -0.09 0.08 -0.06
rms range - -0.10 -0.05 -0.07
ground fog - 0.08 0.09 0.03 - 0.05
wind speed -0.07 -0.08 -0.06
altitude - -0.06 -0.03
vdop - -0.10 -0.08 -0.06 -0.06 0,00
week of year—  -0.09 -0.02 -0.09 -0.04
std longitude - -0.07 -0.07 -0.05 -0.05
std minor - -0.07 -0.07 -0.05 -0.05
day of week - 0.08 0.04 0.07 0.04 - —0.05
atmosp. pressure - 0.06 0.08 0.02 0.05
std altitude - -0.06 -0.06 -0.04 -0.04
std major - -0.03 -0.06 -0.01 -0.04
rain-  0.06 0.02 0.05 -0.00 -—0.10
std latitude - -0.03 -0.06 0.00 -0.04
precipitation - 0.06 0.02 0.05 -0.00
#visible sats gps-  -0.04 0.00 -0.07 0.01
cloud cover-  0.04 0.00 0.04 0.01 -0.15
angle major- -0.01 0.02 0.01 -0.02
speed - 0.01 -0.02 0.02 0.00
r5||rp rsqu rslsi si‘nr

Figure 9. Heatmap showing the correlations between environmental
parameters and received signal quality metrics. Based on 38 test drives of
the previous study [1].

These first results indicate weak to moderate correlations for
the parameters. In particular, ambient temperature showed a
negative correlation with RSRP and RSSI, while humidity and
ground fog exhibited small positive correlations with multiple
signal metrics. Temporal features such as the day of the week
and the week of the year also showed minor correlations, po-
tentially reflecting small time-dependent network load. Vehicle
speed, in contrast, showed no relevant influence on radio signal
quality.

For the pre-trip connectivity forecast assessment in au-
tonomous driving scenarios, it is essential to verify whether
such contextual parameters provide explanatory or predictive
value beyond spatial location. Therefore, a similar correlation
analysis with an extended dataset of 48 measurement drives
was conducted. Because weather parameters appeared to be
the most promising, the analysis focused on them. As a
first step, correlations between weather and passive mobile
network indicators were computed over the entire dataset.
Missing radio measurements (NaN due to no signal at all)
were replaced by worst-case reception values to preserve the
distinction between weak signal and missing connectivity.
Both Pearson correlation coefficients, which capture linear
relationships, and Spearman correlations, which capture mono-
tonic dependencies, were evaluated.
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Across the complete route, all correlations between weather
parameters and radio KPIs remain close to zero. This obser-
vation is consistent for temperature, relative humidity, precip-
itation, wind speed, and surface pressure. Table V reports the
Spearman correlation coefficients for the global dataset.

TABLE V. SPEARMAN CORRELATION BETWEEN WEATHER PARAMETERS
AND RADIO KPIS (ENTIRE DATASET, NANS REPLACED BY WORST-CASE

VALUES).
Context RSRP RSRQ RSSI SINR
Temperature -0.06 -0.00  -0.07 0.00
Relative humidity ~ 0.04 -0.00  0.04 -0.02
Precipitation 0.02 0.01 0.02  -0.01
Wind speed -0.02 0.00 -0.02 0.01
Surface pressure 0.03 0.02 0.04  0.04

This result indicates that environmental context alone does
not explain the dominant spatial structure of mobile network
quality. Instead, infrastructure-related factors and geographic
location remain the primary determinants on a global scale.

To isolate potentially context-sensitive behavior, the analysis
was repeated for route sections classified as unstable or mixed,
as described in Section VI-C. These sections showed high trip-
to-trip variability and therefore represent critical candidates
for contextual influence. In these selected sections, correla-
tions increase slightly in magnitude compared to the global
analysis but remain weak overall. This suggests that weather-
related context does not directly determine instantaneous sig-
nal strength.

As the next step, the analysis was shifted from numeric
signal values to a functional connectivity perspective. Radio
KPIs are mapped to binary usability indicators based on
the thresholds for poor connectivity as described in Subsec-
tion III-B. If the KPI is above the respective threshold, it
is defined as usable; otherwise, it is defined as not usable.
This transformation reflects whether mobile connectivity is
sufficient for data transmission rather than absolute signal
strength. The analysis was again restricted to unstable and
mixed route sections. For each measurement drive, the share
of usable signal conditions was computed and correlated with
aggregated contextual parameters.

When evaluating the share of functional connectivity instead
of raw signal values, moderate correlations with contextual
parameters can be observed. In particular, higher ambient
temperatures are associated with a reduced probability of
usable connectivity. Additionally, higher relative humidity and
precipitation show a small positive association with usable
signal conditions. Table VI summarizes these Spearman corre-
lations between the weather parameters and the share of usable
connectivity states in unstable and mixed route sections.

The effects are clearer for RSRP and RSSI than for RSRQ
and SINR. The observed correlations suggest that environ-
mental factors affect the likelihood of functional connectivity,
particularly in spatially unstable regions. However, they are
also insufficient to predict connectivity state transitions de-
terministically on their own. Contextual information provides
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TABLE VI. SPEARMAN CORRELATION BETWEEN CONTEXTUAL
PARAMETERS AND THE SHARE OF USABLE SIGNAL CONDITIONS IN
UNSTABLE AND MIXED ROUTE SECTIONS.

Context RSRP RSRQ RSSI SINR
Temperature mean  -0.53 -0.10  -0.62 -0.01
Humidity mean 0.32 0.03 035 -0.21
Wind speed mean  -0.29 -0.08 -0.27 -0.06
Surface pressure 0.24 0.16 0.16  -0.06
Rain sum 0.12 0.21 0.04 -0.15

complementary value by quantifying uncertainty tendencies.
This motivates the integration of contextual parameters into
higher-level probabilistic models rather than relying on direct
signal prediction, as shown in Section VIII-C.

A. Correlation with Ambient Temperature

To further investigate the influence of temperature, Fig-
ure 10 illustrates the average RSRP values across different
temperature bins, separated by connection type. The diagram
originates from the previous study with a total of 38 mea-
surement drives. A gradual degradation in signal strength with
increasing ambient temperature can be observed. LTE connec-
tions appear to be more sensitive to temperature increases than
5G-NSA, which seems to be a little more robust across the
temperature range.

—100 1

-102

—104

RSRP [dBm]

—106
—108

-1101 Connection Type
5G-NSA
=312 1 LTE

7-0 07 714 1421 2128

temperature (°C)

Figure 10. Influence of the ambient temperature on the RSRP value
separated into 5G-NSA and LTE measurements. Lower RSRP corresponds
with lower network availability.

To show another perspective, Figure 11 evaluates temper-
ature effects from a functional connectivity standpoint, as
also used in Section VII. In this case, all 48 measurement
drives were included. Instead of analyzing absolute signal
values, the figure shows the share of functionally usable RSRP
measurements per trip, aggregated over repeated drives and
grouped by mean ambient temperature.
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Figure 11. Influence of the ambient temperature on the share of functionally
usable RSRP values aggregated per trip. The black lines indicate the value
range of the respective temperature bin.

A gradual decrease in the probability of usable RSRP
can be observed with increasing temperature up to approx-
imately 24°C. This trend is consistent with the correlation
analysis presented in Section VII, which revealed moderate
relationships between temperature and functional connectivity
metrics. The highest temperature bin (>24°C) contains only
three measurement drives and is therefore not considered
statistically representative.

The corresponding statistics across all KPIs further support
this observation. While the average share of usable connec-
tivity remains above 0.45 for all metrics, the minimum ob-
served shares indicate that higher temperatures coincide with
more frequent connectivity degradation events, particularly for
RSRP and RSSI. In contrast, SINR shows a smaller sensitivity,
suggesting that interference and noise conditions partially
compensate for temperature-related signal attenuation.

VIII. CONNECTIVITY FORECASTING MODEL

The discussed correlations provide a foundation for feature
selection and motivate the inclusion of contextual parameters
into a predictive model, which is described in this section. The
Mean Absolute Error (MAE) was used to assess the influence
of contextual features on the target KPIs. MAE is chosen
for its interpretability and robustness to outliers. It provides
a direct average of absolute errors in the same units as the
target variable, making it suitable for this purpose. The MAE
is defined as:

1 & .
MAE = n;k‘/z yz‘ (1)
where y; denotes the true value, y; the predicted value, and n
the number of samples [32].

As mentioned in Section III-B, the target KPIs are expressed
in dB, respectively dBm, which are both logarithmically
scaled. Therefore, even small changes in the MAE can have a
significant impact on the effective signal quality [26].
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A. Context Parameter Scaling

To investigate how external context parameters affect mobile
network signal quality, a modeling approach that adjusts the
section-wise signal predictions based on environmental devia-
tions was developed. The baseline model predicts the expected
target parameters for every RP along the route using only
the mean value from historical measurements. This section
explores whether incorporating individual context parameters
can improve the prediction by reducing the MAE.

For each context parameter, a linear model was trained using
the deviation between the parameter’s current value and its
historical section average. This deviation was multiplied by
a scale factor to model the resulting shift in signal behavior.
The prediction was then computed by adding this adjustment
to the baseline section average. To identify the optimal scale
factor, values ranging from —5.0 to 15.0 in increments of 0.1
for each context parameter were tested. The scale factor that
minimized the MAE on the test measurement was selected.
The goal was to quantify how strongly each context parameter
contributes to prediction accuracy and whether any of them
provided consistent improvements over the baseline.

RSRP
7.0

temperature_2m
surface_pressure

6.5 —— cloud_cover_low
—— relative_humidity_2m
—— day_of_week
6.0 —— distance_bs
Baseline MAE
w
<55
=
5.0
4.5
4.0

-5-4-3-2-10 1 2 3 4 5 6 7 8 9 1011 12 13 14 15

Scale Factor

Figure 12. Influence of the context parameters with different scale factors on
the MAE compared to the baseline MAE without context

Figure 12 shows the results of the scale factor optimization
for the signal parameter RSRP. Each curve in the plot repre-
sents the MAE progression as a function of the scale factor
applied to the respective context parameter. In all cases, the
MAE initially decreases with increasing scale factor, reaches
a minimum, and then increases again. The findings show
that most context parameters can improve prediction accuracy
compared to the baseline. However, the improvement varies
between the parameters. The distance to the base station could
not improve the MAE. This behavior was expected because
the base station for every RP is the same for most drives, and
therefore, the distance is a fixed parameter.

B. Combining Context Parameters

The aim of this subsection is to investigate whether the
prediction accuracy of mobile network parameters could be
further improved by simultaneously incorporating multiple
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context parameters. Building on the results of the individual
analysis, it was examined whether combining two context
parameters, each with its own scale factor, could reduce
the MAE even further. Therefore, all possible pairs of the
five most relevant context parameters (temperature, surface
pressure, relative humidity, ground fog, and day of week)
were systematically evaluated. For each pair, a linear model
was trained using the deviation of each context value from
its corresponding section average. A grid search over scale
factor combinations in the range -5 to 15 (in steps of 0.1)
was conducted. The goal was to identify the combination that
minimized the MAE for a separate test measurement.

However, the results in Table VII show that none of the
tested parameter combinations yielded significantly better per-
formance than the single context parameter. For RSRP and
SINR, the MAE even increased when using two parameters
instead of one.

TABLE VII. MAE COMPARISON OF BASELINE, BEST SINGLE FEATURE,
AND BEST FEATURE COMBINATION

. . Best Best
Metric | Baseline Feature Combination
3.548
RSSI 3.684 3.336 Surface Pressure
Surface Pressure ..
Humidity
4.440
RSRP 4.635 4437 Surface Pressure
Surface Pressure ..
Humidity
2.063
RSRQ | 2.158 2065 Surface Pressure
Surface Pressure
Ground Fog
3.024
SINR 3.041 Terr? ) (;iZture Temperature
P Surface Pressure

This finding suggests that the influence of context param-
eters on mobile network measurements cannot be adequately
described by a simple linear superposition. Another explana-
tion may be the multicollinearity among weather variables,
which adds redundancy and inflates linear model variance.
For example, temperature and relative humidity are often
negatively correlated [24]. It is likely that complex interactions
or nonlinear relationships exist between the context features
that are not captured by the linear model.

C. Pre-Trip Temperature-Conditioned Forecasting

Since the previous subsections used 38 measurement drives,
another approach was conducted using data from 48 drives.
The extended experiment focuses on the influence of en-
vironmental temperature on the RSRP because this combi-
nation is the most examined in Section VII. Under real-
world conditions, only historical measurements are available
before the start of a trip. Therefore, a walk-forward approach
was implemented in which each measurement campaign was
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predicted using only past trips. A minimum of ten historical
trips was required before a forecast was generated.

The baseline model in this experiment predicts the expected
signal level for each route section using only the historical
section mean value. Building on the correlation analysis in
Section VII, temperature was taken as a global adjustment
factor. Instead of performing scale-factor optimization, a linear
regression [33] was trained on historical averages per trip:

yt'mﬁp =a+ 'Yﬁrip (2)

where ¥;,;, denotes the mean signal level of a historical trip,
and Tm-p denotes its corresponding mean temperature. The
resulting temperature shift applied to a future trip is then
defined as:

Ay = ,Y(Ttrip - T) 3)

where T is the historical mean trip temperature. The final
prediction becomes:

g5 = ps + Ay “4)
where 5 denotes the historical mean signal level of section
s. The results of this simple model using the extended set

of measurements are as follows. For the RSRP, the baseline
achieved the following MAE:

MAEpaeeline = 4.443 & 0.233 dB

Incorporating the global temperature adjustment reduced the
error to:

MAE e, = 4.415 + 0.211 dB

corresponding to an average improvement of:

AMAE = 0.028 dB

The absolute improvement is small, but it must be interpreted
in the context of logarithmic signal scaling. The model, taking
into account the ambient temperature, reached a lower error in
73.7% of all trips. This shows that temperature can help predict
signal metrics, but the influences seem to be more complex
than a simple linear model can represent. The estimated
temperature sensitivity was:

v = —0.109 £ 0.021 dB/°C

indicating that higher temperatures are associated with system-
atically reduced expected RSRP levels. The uncertainty term
+0.021 dB/°C is the standard error of the estimated coefficient.

An additional analysis examined only route sections with
strong trip-to-trip variability. Sections exhibiting a standard
deviation of 6 dB across historical trips were classified as
variable. In total, 37 of the 320 sections met this criterion.
When the forecasting model was restricted only to these
variable sections, the temperature adjustment produced an
absolute improvement of:
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AMAE,iaple = 0.071 dB

This confirms that contextual information is particularly rel-
evant in dynamically fluctuating route segments, whereas
permanently stable sections are already well captured by the
historical mean.

I1X. DISCUSSION

The study demonstrates that location alone is insufficient
to characterize mobile network availability along a route. The
stability analysis in Section VI revealed that more than half
of the sections on the specific route cannot be described by
a functional connectivity state (stable good or stable hole).
In particular, sections classified as unstable show high trip-
to-trip variability, indicating that connectivity uncertainty is a
property of certain spatial environments.

The forecasting experiments show that including contex-
tual information yields moderate but consistent reductions
in prediction error. Although the MAE improvements are
small in magnitude, the win-rate across trips suggests that
contextual conditioning captures variability rather than noise.
The results further indicate that contextual effects are not
globally uniform but are concentrated in spatially unstable
sections. This suggests that context influences mobile network
uncertainty rather than shifting signal levels in a linear way.

The weak global correlations between weather parameters
and radio KPIs contrast with the moderate correlations ob-
served when analyzing functional usability in unstable sec-
tions. This indicates that contextual variables do not directly
determine instantaneous signal metrics but influence the likeli-
hood of a route section’s current state between usable and non-
usable. Rather than treating variability as noise, the findings
suggest that spatial instability zones represent structurally
sensitive regions where environmental conditions influence
existing propagation weaknesses.

The limited improvements achieved by the linear integration
of multiple context parameters indicate that the relationship
between environmental factors and radio propagation may
be nonlinear. Multicollinearity among weather variables fur-
ther limits interpretability within linear models. The findings
support the need for nonlinear modeling approaches capable
of capturing conditional dependencies and interaction effects,
particularly within spatially unstable sections.

A. Implications for Vehicle Connectivity

The findings of the analysis have different implications
for the operation of modern (automated) vehicles. Pre-trip
forecasts of route-section-wise connectivity quality could be
used to reschedule the path between start and finish for cars
for which a continuous network connection is required (SAE
Level 4). In addition, such forecasts can enable strategic
scheduling of communication-intensive but non-safety-critical
data transfers. For example, the upload of high-resolution sen-
sor logs, map updates, or cloud-based analytics can be sched-
uled accordingly. By allocating large data packets to route seg-
ments with predicted stable and high-quality connectivity, ve-
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hicles can reduce the probability of transmission interruption,
preserve bandwidth for safety-relevant remote supervision, and
minimize fallback maneuvers triggered by temporary degrada-
tion. Conversely, predicted unstable or low-quality segments
could be internally marked as communication-restricted zones
in which only safety-critical data streams are maintained.
These use cases can make connectivity forecasts an important
component of active communication management for Level 4
automated vehicles.

The practical integration of the proposed forecasting frame-
work into automated vehicle architectures will be part of future
work. In such an implementation, the connectivity forecasting
module could act as an additional network planning and
communication-management layer. Before a trip, the module
would combine the planned route, historical route-section-
wise connectivity data, map information, network operator
information, and contextual parameters such as weather con-
ditions. During operation, it could be updated with live radio
measurements from the vehicle’s communication unit. The
resulting outputs could include route-section-wise connectivity
risk scores, predicted signal quality, and warnings for unstable
or communication-restricted segments.

X. LIMITATIONS

The dataset is restricted to a single rural route and one
mobile network operator. Urban environments were not con-
sidered but are often analyzed in other studies [6][7][11]. All
measurements were conducted using a single hardware con-
figuration, which limits generalizability across device types.
Temporal coverage is limited to the measurement period of
one year, and some meteorological events are not represented.

Functional usability was defined using fixed KPI thresholds
derived from industry recommendations. No direct throughput,
latency, or packet-loss measurements were incorporated into
the usability classification. Therefore, the functional connectiv-
ity state represents a proxy for application-level performance
rather than a validated QoS.

The forecasting models rely on linear mechanisms and
section-wise historical averaging. Nonlinear relationships and
temporal dependencies between consecutive route sections
were not modeled. The walk-forward validation approach
requires a minimum number of historical trips before gener-
ating forecasts. While this ensures temporal realism, it limits
applicability in early deployment stages where only limited
historical data is available.

XI. CONCLUSION AND FUTURE WORK

This paper presents a spatio-temporal and context-aware
analysis of mobile network stability along a fixed route based
on 48 repeated measurement drives. The stability classification
revealed that a substantial portion of the route exhibits trip-
to-trip variability that cannot be captured by static coverage
representations. Contextual conditioning yields consistent re-
ductions in prediction error and improves forecasting perfor-
mance, especially in unstable geographic locations. The results
indicate that context parameters act as uncertainty modulators
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rather than deterministic predictors of signal quality. The
study demonstrates that connectivity forecasting can support
not only connectivity-aware route planning but also vehicle
communication management strategies.

Future work will focus on extending the modeling frame-
work. Nonlinear ML approaches (e.g., gradient boosting,
random forests, or neural networks) will be investigated to
capture more complex conditional dependencies. The dataset
will also be expanded to include an additional route and
another measurement platform to improve generalizability
and robustness. Future measurement campaigns will include
connectivity performance indicators, such as throughput and
latency, alongside passive radio KPIs. Through these ex-
tensions, an advanced framework for context-aware mobile
network prediction for automated driving environments will be
created. Such capabilities represent important improvements
for meeting the safety and reliability requirements of modern
and future vehicles, as well as for mobile data exchange in
general.
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