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Abstract—In recent years, the use of machine learning (ML)
in cellular networking has increased significantly, enabled by
the availability of new ML algorithms and cellular datasets.
However, existing 5G datasets focus mainly on land-based ve-
hicular networks, which do not capture the unique challenges of
the coastal maritime domain, such as large distances from base
stations, dynamic sea states, such as waves and tides, and varying
interference from water surface reflections and nearby vessels.

This paper introduces the Fjord5G1, a 5G dataset for coastal
maritime connectivity research. We conduct an extensive mea-
surement campaign aboard research and public ferries in the
Kiel Fjord, Germany, collecting GPS-located cellular data along
maritime routes. These measurements cover the network condi-
tions encountered in coastal and near-shore regions and provide
insights into metrics such as signal strength, modulation, and
bandwidth. The resulting dataset includes cellular measurements
at a sampling rate of 1 Hz from two mobile network operators,
four 5G routers, and two ferries for up to 12 months per
router. Initial data analysis reveals key challenges for ML, such
as dealing with varying bandwidth and handover events, while
highlighting potential features, such as signal strength metrics,
that can be exploited to improve coastal maritime connectivity.

Index Terms—Dataset, coastal, maritime, LTE, 5G, machine
learning, QoS prediction, remote control, autonomous ferry

I. INTRODUCTION

As wireless communication technologies evolve toward 6G
and beyond, machine learning (ML) enables adaptive and
intelligent behavior in network components [1], [2]. Espe-
cially in remotely controlled and autonomous systems, these
capabilities are critical for maintaining a high quality of
service (QoS) under dynamic network conditions. Unlike land-
based environments, the coastal maritime domain poses unique
communication challenges, such as long distances from base
stations, varying waves and tidal movements that affect line-
of-sight to base stations, and dynamic interference from water
surface reflections and nearby vessels. Combined with varying
signal propagation conditions, these challenges often result in
sudden bandwidth drops, increased latency due to handovers,
and fluctuations in other QoS parameters. Therefore, we need
new datasets (1) to train existing ML algorithms to learn the
specifics of cellular networking in the near-shore and coastal
regions and improve QoS [3]–[7], (2) to provide the basis of
new ML algorithms tailored to coastal maritime settings, for
example, to manage handovers [8], [9].

1https://github.com/ds-kiel/Fjord5G

Fig. 1: The research vessel MS Wavelab in the Kiel Fjord: For
remote and autonomous operation, the ferry features 5G and
Starlink connections, cameras, LiDAR, and mmWave sensors.

In this paper, we introduce the Fjord5G dataset, collected
during an extensive measurement campaign in the Kiel Fjord,
Germany, over 12 months, with more than 240 hours of data
collection time over 48 individual ferry rides using research
and public vessels, see Figure 1. Our dataset provides GPS-
located cellular measurements at a 1 Hz sampling interval
along coastal maritime routes and harbor areas, capturing
diverse network conditions encountered at sea. The dataset
includes cellular measurements from two mobile network
operators (MNOs), Vodafone and Deutsche Telekom. It also
incorporates data from four 5G routers using two different an-
tenna arrays, making it a comprehensive dataset for maritime
wireless communications research. Our measurements allow
researchers to investigate how such transitions impact network
performance and how ML algorithms can optimize connec-
tivity during handovers. Key features such as signal strength
metrics (e.g., CQI, RSRP, and SINR), network deployment
characteristics (e.g., LTE, 5G NSA, and 5G SA), a peak
uplink bandwidth of more than 300 Mbps, a peak downlink
bandwidth of more than 700 Mbps, and handover events
provide valuable insights into maritime network performance.
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Our initial analysis of the dataset reveals key challenges in
maritime wireless communications, such as handling intermit-
tent connectivity and predicting QoS parameters in changing
environments. The dataset highlights potential features, such as
RSRP and SINR, that ML models can exploit to predict QoS,
optimize network resources, and manage adaptive resources.
Furthermore, the Fjord5G dataset supports transfer learning by
providing real-world data, allowing ML models trained in one
domain to adapt to other domains.

Overall, this paper makes the following contributions:
1) Introduces the Fjord5G, a 5G dataset with GPS-labeled

cellular metrics for coastal maritime connectivity.
2) Offers detailed measurements from two mobile network

operators (MNOs), four 5G routers, and two vessels,
capturing a wide range of network conditions.

3) Demonstrates the utility of the dataset in addressing
key challenges for ML tasks in maritime communication
environments, such as handling intermittent connectivity.

The remainder of this paper is organized as follows. Section
II details the measurement campaign conducted on ferries in
the Kiel Fjord. Section III presents an initial analysis of the
data set, highlighting the challenges and opportunities. Section
IV discusses potential studies that use the Fjord5G dataset.
Section V concludes the paper with a discussion of future
work and potential uses of the dataset.

II. RELATED WORK

4G Datasets Bokani et al. [10] provide a 4G bandwidth
dataset for urban vehicular networks around Sydney, Australia.
Raca et al. [11] present a 4G LTE dataset with channel and
context metrics, including different mobility patterns, such as
static, pedestrian, car, bus, and train around Cork, Ireland.
NYU-METS [12] is an LTE mobile bandwidth dataset that
covers several transportation scenarios like buses, subways,
ferries, cars, and trains in New York City, United States.

5G Datasets 5Gophers [13] is a measurement study of the
5G performance in U.S. cities to analyze the handoff mecha-
nism and predict network performance in urban environments.
Raca et al. [14] present a 5G trace dataset with channel and
context metrics from two mobility patterns (static and car) and
two application patterns (video streaming and file download)
in Ireland. Farthofer et al. [15] publish a 5G dataset with
channel metrics on a highway in Austria to analyze mobile
communications and their use for machine learning. Berlin
V2X [16] is a vehicular ML dataset from multiple vehicles
using cars in urban environments around Berlin, Germany.

Unlike prior vehicular datasets, Fjord5G provides a com-
prehensive 5G dataset with channel metrics recorded with
research and public ferries for coastal maritime connectivity.
We include GPS-labeled measurements at 1 Hz from multiple
ferries, mobile virtual network operators, 5G routers, and
antennas in the Kiel Fjord, Germany.

III. DATA MEASUREMENT CAMPAIGN

We collect data from research and public ferries operating
around the Kiel Fjord along the routes shown in Figure 2.

Fig. 2: Measurement region in the Kiel Fjord: We plot the CQI
coverage for the 5G router #1 by averaging the measurements
in square regions. Regions and values: green (CQI ≥ 11),
yellow (CQI ≥ 7), orange (CQI ≥ 3), and red (CQI ≤ 2).

The Kiel Fjord, originating from the Hörn in the city center,
stretches nearly 17 km. It then merges into the Bay of Kiel
and connects to the Kiel Canal. Our measurements cover most
of the Kiel Fjord, the Bay of Kiel, and parts of the Kiel Canal.

The dataset spans between 5–12 months, depending on the
router and ferry, with a sample rate of 1 Hz. The research
ferry operates on average once per week, while the public
ferry runs practically daily. With the research ferry, the data
collection time is over 240 hours over 48 individual rides, with
an average of 5 hours per ride. The public ferry runs on fixed
routes, on average, for 8 hours a day for 5–7 days per week
unless there is maintenance work. We collect data from four
5G routers installed on two ferries with the following setup:

1) Research ferry MS Wavelab: 5G router #1 with external
antennas (operator 1)

2) Research ferry MS Wavelab: 5G router #2 with external
antennas (operator 2)

3) Research ferry MS Wavelab: 5G router #3 with default
antennas (operator 1)

4) Public ferry MS Gaarden: 5G router #4 with default
antennas (operator 1)



TABLE I: Overview of captured features

Data Category Features
Position Latitude, Longitude, Altitude, Speed, Heading
Operator information Operator name (e.g., 1 or 2)

Cell ID, Enb ID, Sector ID, PHY Cell ID
Network deployment Data Class (e.g., LTE, 5G NSA, or 5G SA)

Primary Band (e.g., n3 at 25Mhz)
Carrier Aggregation (CA) Band (e.g., n78, B7)
UL CA Band (e.g., B1, B7) (only for LTE)

PHY metrics CQI (between 0–15)
RI (e.g., 1 or 2)
MCS (between 0-31)
RSSI (dBm), RSRP (dBm)
RSRQ (dB), SINR (dB)
NR RSRP, NR RSRQ, NR SINR (for 5G NSA)

Modulation DL Modulation (e.g., QPSK, 64-QAM)
NR DL Modulation

Rx/Tx information Rx/Tx packets per second
Rx/Tx bits per second

For our measurement campaign, we use MikroTik Chateau
5G AX2 routers, which rely on Quectel RG502Q-EA 5G sub-
6GHz modules. These modules support 3rd Generation Part-
nership Project (3GPP) Release 15 specifications, with both
standalone (SA) and non-standalone (NSA) modes. The 5G
modules use 4×4 MIMO, supporting a theoretical maximum
download rate of 5.0 Gbps in 5G NSA and 4.2 Gbps in 5G SA.
The theoretical maximum upload rate in 5G SA is 900 Mbps
(using 2×2 MIMO), compared to 650 Mbps in 5G NSA. The
routers are backward-compatible with 4G and 3G networks.

The 5G routers utilize two types of antenna arrays: The
routers #1 and #2 use external marine-grade POYNTING
RIPPLE-163 MIMO antennas, while the routers #3 and #4
use the default antennas provided by the manufacturer.

We record the network status every second and include
GPS position and baseband information, see Table I. We
use the public Vodafone and Deutsche Telekom networks
across frequency bands B1, B20, B28, B3, B7, B8, n28, n3,
and n78, with channels ranging from 5 MHz to 80 MHz.
Vodafone operates LTE, 5G NSA, and 5G SA networks, while
Deutsche Telekom supports LTE and 5G NSA. We map them
as operators 1 and 2, respectively.

Using position information, we can identify regions with
lower network connectivity. Operator information allows for
the analysis of handover behavior between cell towers. Net-
work deployment details provide insights into accessible tech-
nologies, including data class, frequency bands, and channel
bandwidth. Physical layer metrics reflect the signal quality
received and transmitted by the router. Modulation features
indicate the downlink modulation for both primary and sec-
ondary bands. We collect received (Rx) and transmitted (Tx)
packets and bits per second using the modem interface.

IV. DATA ANALYSIS

This section presents a preliminary analysis of the dataset
focusing on coverage and the correlation between operators
and devices. In Figure 2, we analyze CQI coverage by aver-
aging the measurements from the router #1 in square regions,

2https://mikrotik.com/product/chateau 5g ax
3https://poynting.tech/antennas/ripple-16/
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Fig. 3: Comparison of Channel Quality Index (CQI) across
routers: The CQI value is between 0 and 15, with higher values
showing better channel quality. Routers #1, #3, and #4 use
operator 1, while router #2 uses operator 2.
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Fig. 4: Operator correlation matrix for 5G routers #1 and #2:
We compare the correlation of features between operators 1
and 2 using the same routers and external MIMO antennas.

revealing variations in coverage across different areas. The
CQI value is between 0 and 15, with higher values showing
better channel quality. We define regions and values as follows:
green (CQI ≥ 11), yellow (CQI ≥ 7), orange (CQI ≥ 3),
and red (CQI ≤ 2). We explore the CQI comparison between
routers in Figure 3. The routers #1 and #3 exhibit similar CQI
distributions, with primarily high CQI metrics. Both routers
are on the same ferry and use the same MNO despite having
different antenna systems. The router #4 is on a public ferry
with a fixed route and shows a uniform CQI distribution.

Next, we analyze the correlation between features from
operators 1 and 2 using the routers #1 and #2, as shown
in Figure 4. We observe a correlation between physical layer
(PHY) features for both operators. For instance, RSSI shows
a 58% correlation, RSRP 36%, SINR 30%, and RSRQ 19%
between operators 1 and 2. Due to resource constraints, we
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Fig. 5: We compare uplink data rates between routers #1,
#2, and #3. Routers #1 and #3 offer higher peak data rates
using operator 1 than router #2, which uses operator 2. This
measurement takes place on the 28th of June for 270 minutes.
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Fig. 6: Analysis of handover events with 5G SA on router #3:
Handover events impact SINR, which in turn affects Tx rates.

only perform bandwidth measurements on select occasions.
Figure 5 compares uplink bandwidth for the routers #1, #2,
and #3 during a ride on June 28th. The routers #1 and #3
show a 33% correlation for NR RSRP and a 27% correlation
for NR SINR, and 33% for NR RSRP and 39% for NR SINR
to uplink bandwidth, respectively.

In Figure 6, we examine SINR, handover events, and uplink
bandwidth. During handover periods, SINR drops, resulting
in lower transmission rates. Handovers are inevitable due to
mobility, thus significantly impacting achievable data rates.

The SINR exhibits higher variability in 5G NR than LTE,
as seen in Figure 8. Higher frequency bands, such as n78,
and 5G deployment approaches, such as NSA and SA, further
complicate understanding SINR performance. We observe dif-
ferences in signal quality between the routers #1 and #3, which
are on the same MNO but have different antenna systems. The
external antennas on the router #1 improve the average SINR,
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Fig. 7: Comparison of measured RSRP by routers #1 and #2
with the Empirical Cumulative Distribution Function (eCDF):
We plot RSRP measurements for LTE, 5G NSA, and 5G SA.

preventing low values in LTE networks compared to the router
#3. In 5G NSA networks, the router #1 shows a higher median
SINR than the router #3. Both routers exhibit similar SINR
distributions in 5G SA networks, with the router #3 slightly
outperforming the router #1 in median SINR.

We compare the RSRP measurements using the Empirical
Cumulative Distribution Function (eCDF) in Figure 7. For LTE
connectivity, routers #1 and #2 exhibit distinct RSRP profiles
for operators 1 and 2. This discrepancy is likely due to the
location of base stations and the number of users connected to
those stations. Since operator 1 also supports 5G SA, there is
less reliance on the LTE core for coordinating user allocations.
In 5G NR, operator 1 shows similar RSRP profiles for both 5G
NSA and 5G SA but with lower average quality than operator
2, which achieves higher average RSRP values.

V. POTENTIAL STUDIES

Firstly, the Fjord5G dataset enables the development of
ML-based predictive models to improve QoS. Proactive radio
resource management technologies, which use predictions to
adapt to upcoming changes in the wireless environment, are
crucial for remote-controlled or autonomous systems. For
example, bandwidth prediction models provide insights into
achievable data rates. Handover prediction models alert the
system to potential handovers that may affect data rates. Dual
connectivity-aware load-balancing models adjust the load of
data transmission between links based on network coverage.

Secondly, the dataset compares cellular network rollouts
from two mobile network operators in a maritime coastal
area. Identifying similarities between network rollouts enables
the development of models that can generalize across op-
erators without the need for additional data collection. The
correlations between operators and devices shown in Figure
4 highlight similarities that transfer learning approaches may
use. The use of transfer learning enables models trained on one
operator or device to apply to others with minimal adaptation.
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Fig. 8: Signal-to-Interface plus Noise Ratio (SINR) ratios for LTE, 5G NSA, and 5G SA networks. The SINR range recorded
by the modem is -20 to 30 dB in LTE and -23 to 40 dB in 5G NR modes. Fig. a shows most SINR measurements are between
10 and 20 for LTE. Fig. b and Fig. c show a much higher variability in the SINR measurements for 5G NR than LTE.

Finally, simulation environments modeled and calibrated us-
ing real-world data generate more realistic simulation outputs,
which allows ML models to be pre-trained before deployment
in production systems. Thus, accurate and precise 5G data
contribute to faster development cycles for ML-based models.

VI. CONCLUSION

In this paper, we present Fjord5G, a coastal maritime
dataset containing GPS-located cellular measurements at 1 Hz
sampling rate from multiple 5G routers, antennas, operators,
and ferries. The dataset captures the unique challenges of the
coastal maritime domain and allows the training of existing
ML models in this domain. It also provides the training data
for new ML models tailored to coastal maritime settings.

The Fjord5G dataset enables comparisons between network
deployments such as 5G NSA and 5G SA by giving insights
into PHY features and achievable data rates. We present
a macro view of the correlation between selected features,
followed by a detailed discussion of CQI, SINR, and RSRP.
We support transfer learning studies with the dataset by
providing real-world data to calibrate simulations, generating
more realistic pre-training data for ML models.
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