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Abstract—Collecting real-world data in mobile communication
has the drawback that these data are often not representing the
real world. In order to collect data in a representative way, we
actively collected further data in addition to the passive data
collection. In this data acquisition, we can collect data with
respect to specific characteristics like time of day or weekday. It
is important to identify gaps of data in the dataset, to know where
active measurements are needed. Thus, we explore a method to
calculate our data gaps and do active measurements to fill these
gaps afterwards. Finally, we compare our newly collected data
with our passively collected data to evaluate our method.

Index Terms—Mobile communications data, representative
data, dataset extension

I. INTRODUCTION

Collecting data to generate representative datasets leads to
a lot of challenges, like measuring at different locations at
as many points in time as possible. Thus, datasets are often
incomplete and not representative. Especially, if the data is
collected in a passive way. In the subject of wireless networks
some datasets are collected in a passive way, meaning the
measurement devices collect data by driving through fixed
regions at fixed time slots. This leads to biases in the data
through temporal and mobility patterns. Additionally, few
datasets in wireless networks are publicly available.

Since datasets in wireless networks are important to measure
network conditions, especially in the subject of autonomous
driving, but as well for other network appearances, it is
important to have complete and reliable datasets. This means
that the dataset should contain all information that are relevant
for the purpose of this dataset (completeness), as well as
having good data quality containing, for example, consistency
and accuracy (reliability). This completeness and reliability of
a dataset leads to a reduction of biases in the data.

As a measure of completeness and reliability of our dataset,
we use the term of representativeness. A dataset is representa-
tive if the characteristics of the data samples are reflected well
and the diversity of the samples is fully shown by the data.
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Getting a representative dataset can be achieved by adding
actively measured data. Active data measurement describes the
specific collection of data at a particular time or place. To do
so, the important gaps in the dataset that lead to biases must
be found. The challenge is to differentiate between the gaps
that are real data anomalies and the gaps that occur due to
measurement lacks.

So far, there are few methods to extend datasets of wireless
networks. Only some attempts to extend datasets by using
sampling theory exist so far [13]. Thus, we explore methods to
actively extend our dataset and reduce biases. Afterwards we
use the best method to do active measurements, with a special
focus on time specific patterns. Then, we compare the new,
actively collected data with the passive data collected before
to check the representativeness of our dataset with the newly
collected data.

The remainder of this paper is organized as follows: Chapter
IT highlights the related work concerning the topic of this
paper. Chapter III gives an overview of our dataset, while
chapter IV gives an overview of daily patterns, wireless
network conditions and the weather, since they have the most
influence on the data. After that, chapter V describes the
active measurement methods to extend data, regarding active
learning, Bayesian optimization and descriptive statistics as
well as our active learning method. Chapter VI shows a
comparison of the new, actively collected data with the original
data. This chapter is followed by a chapter of future work.
Finally, the paper ends with a conclusion.

II. RELATED WORK

It is difficult to find suitable datasets in wireless communica-
tion that are publicly available. An overview of these datasets
can be found in the paper of Herlich et al. [3], where the
datasets are grouped depending whether they are one-time
experiments or ongoing data collections. Additional, there are
some datasets available at CRAWDAD'.

Similar to the data collection of our work, Wang et al. [14]
provide a dataset for wireless communication. However, this
dataset collects a protocol for railway wireless data commu-
nication, while our dataset is collected on the highway.

Additionally, the work of Raca et al. [11], [10],
Narayanan et al. [7], Palaios et al. [8] and Meixner et al. [6]
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show similar datasets. However, they took not the redundancy
into account.

In the subject of extending datasets, there is little literature.
Nevertheless, are there some general approaches to generate
a dataset or add data to an existing dataset from a statistical
perspective as in the works of Argyrous [1] and Quatember [9].

III. DATASET

We created a dataset to analyze the effects of redundancy
on reliability. For this dataset, we collect data on the Austrian
highway Al between Salzburg and Mondsee (see Figure 1)
using two measuring devices (each based on a Raspberry Pi).
The measuring devices are connected to two major Austrian
mobile network providers.

We gather the GPS position, as well as timestamps and
network parameters like signal strength and RSRP values.
Furthermore, we measure on alternating days the data rate and
the latency. Table I shows an overview of selected columns
from this dataset.

We publish our dataset at https://github.com/mherlich/
redundant-wireless-data-set, where it is publicly available.

IV. REPRESENTATIVENESS OF DATASET

When collecting data, there occur the difficulty of making
the dataset representative. To do so, it is important to analyse
all parameters that have influence on the data or make the
dataset incomplete. Thus, we look at the aspects of our data
collection, that could primarily be responsible for a lack of
the representativeness of our dataset.

A. Daily patterns

For our dataset, we collect data whenever someone drives
with the measurement devices on the highway Al between
Salzburg and Mondsee. Since this part of the highway serves
as a way to work, it occurs that the dataset contains most
of its samples in the morning and the late afternoon. Thus,
data is missing at other times of the day, like at night and
at midday, while our dataset has many data points in the
morning and the late afternoon. These daily patterns can be
seen in the histogram in Figure 2. Additionally, our dataset has
most of its drives from Mondsee to Salzburg in the morning,
while most of the drives from Salzburg to Mondsee were
done in the late afternoon. This accumulation of data then
coincides with the rush hours on weekdays from Monday to
Friday. This data collection in the rush hours has effects on the
representativeness. For example do we get a lot more data if
the car collecting the data is stuck in traffic, since we measure
our data every second and the car takes longer for the ride as
if there is no or less traffic on the highway.

Furthermore, the amount of data depends on the day of the
week due to the fact that most of our dataset collections are
ways to work. This means that our dataset contains most of
its data on workdays (Monday to Friday) and less data on
Saturday and Sunday.

B. Wireless network conditions

Another aspect that influences the representativeness of the
dataset are the wireless network conditions. This happens,
because the network parameters are not constant. Furthermore,
the network parameters depend on the accessibility of the
resources, as well as, on the number of devices, that use the
resources. A higher amount of users in the communication cell
could lead to a lower data rate within the cell compared to
low capacity utilization. Thus, it is possible that there occur
daily patterns in the wireless network conditions. Since the
majority of our measurement drives take place on specific
times of day and on specific workdays, there might be a lack
of representativeness.

Additionally, there can occur a spacial lack of represen-
tativeness, since we measure our data only on one specific
section of the Al highway, which is not representative for
Austria in terms of network conditions. It is, for example,
possible, that there are fewer base stations along this specific
section of the highway than along other highway sections,
such that the network coverage decreases in comparison to
other highway sections or vice versa.

C. Weather

Another important factor that can influence the represen-
tativeness of our dataset is the weather. Thus, we analyzed
our dataset based on the weather conditions. This shows us,
that we collected most of our data on non-raining days. That
means on the other way round that we have less data on rainy
days compared to days without rain. This happens on the one
hand, due to the fact that it is more pleasant to drive without
rain and on the other hand, an analysis of the weather data
shows that there are less days without rain in total. Thus
it is an ordinary distribution that our dataset contains more
data on non-raining days. The amount of rain is shown in the
histogram of Figure 3. However, it is important to take these
differences of the weather conditions into account, since it
could affect the values of our network parameters.

V. ACTIVE MEASUREMENT METHODS

Collecting data to create a dataset depends on different
external factors. These factors influence the data and thus,
the data is biased. Data that is collected on a highway, like
the dataset in this work, is affected by time and date as well
as the traffic on the highway and the weather. This means,
that for example on workdays at rush hour there is more
traffic on the highway. This traffic leads to lower speed, which
results in more data points for this measurement. Another
consequence of the high traffic can be a lower data rate or a
higher packet loss, since many devices are using the resources
of one communication cell.

Additionally, our dataset is incomplete. This incompleteness
occurs from passive measurement, because the measurement
takes only place when a driver uses the car. And the driving
of the car underlies no measurement constraints.

In order to complete our dataset, we do active measurements
to expand our data to a preferably uniformly distributed



TABLE I
THIS OVERVIEW OF SELECTED COLUMNS FROM THE DATASET PROVIDES A (SHORT) DESCRIPTION TOGETHER WITH THE MINIMUM, MEDIAN, AND
MAXIMUM VALUE AND THE STANDARD DEVIATION.

description min median max std
time time reindexed to whole seconds 2021-06-02 05:14:20  2022-09-14 05:16:51  2023-12-27 13:47:22
lat latitude from GPS 47.8 47.9 47.9 0.004 23
long longitude from GPS 13.1 13.2 13.3 0.0737
alt altitude from GPS —471 583 975 54
signal signal strength in “bars” 0 4 5 1.27
rssi received signal strength indicator —113 —61 —53 7.11
sinr signal-to-interference-and-noise-ratio —42 13 42 9.79
rsrp reference signal received power —141 —83 —49 11.9
rsrq reference signals received quality —20 —10 -3 2.9
datarateDown  data rate in bit/s 0 3.54 x 107 2.51 x 108 2.93 x 107
ping round trip latency in ms 0 36.5 9.76 x 103 36.5
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Fig. 1. The measurements were done on a highway that mostly stretches in east-west direction.
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Fig. 2. This histogram of the data points per hour of the day, shows the daily
pattern of collected data.

dataset. Active measurements are in this case new measure-
ment drives that happen at a certain time and date and if possi-
ble at certain weather and traffic conditions. Due to this active
measurements, we hope to increase the representativeness of
our dataset.

Since there are no given procedures to close data gaps
in datasets with active measurements, we looked at different
possible methods, including descriptive statistics [1], Bayesian
optimization (BO) [2] and Active Learning (AL) [12] to
develop our method. This method tells us at what time in
the week we need to collect more data to achieve a balanced
dataset.

A. Active Learning to extend data

Active Learning (AL) is a method for searching the point
of the greatest uncertainty in a set of data. Therefore, it is
mainly used as a helping tool to train semi-supervised machine
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Fig. 3. This histogram shows the amount of rain in mm per day over the
time of the data collection. The green bars show the natural rain distribution,
while the yellow bars show the rain distribution in our dataset.

learning (ML) algorithms. In this case, the AL algorithm can
tell which data needs to be labeled to get the best performance
of the ML methods. This occurs due to the fact that the model
itself can decide which data it needs for learning. Thus, the
labeling process, which is often expensive, gets cheaper whilst
the performance increase with less labeled data points. This
AL process happens within a repeated circle: The ML model is
calculated by a set of already labeled data. Afterwards the ML
model asks a query from the unlabeled pool of data by using
the uncertainty of the model with respect to the unlabeled
data points. Then, this query has to be labeled and thus, the
labeled training set increases. With this new labeled data the
ML model is calculated once more and hence, the circle starts
again. The AL in this circle describes the process of selecting



queries to be labeled.

The calculation of the uncertainty of the different data
points in the dataset can be used to estimate points for active
measurements. Therefore, the AL algorithm can select the next
query, which is the point of highest uncertainty. Afterwards a
new active measurement is done to receive this data point.
Thus, the active measurements close the gaps of uncertainty
in the dataset and hence, make it more complete and reliable.
Although AL methods seem to be a good strategy to determine
where to expand a dataset, a difficulty arises due to the
different parameters that describe the dataset. This means, that
it is difficult to decide which of the parameters to apply the
uncertainty calculation to. This parameter always depends on
the collected data so far. This means for example, that in one
dataset the weather condition can be a relevant parameter for
calculating the uncertainty, while it is absolutely irrelevant in
another dataset. Thus, the parameters are very individual. Even
though this individuality makes it hard to create one common
method to expand a dataset with active measurements, the
method described below can be applied to many different
datasets and their most important parameters.

B. Other methods to extend data

Active Learning seems to be the best method to extend our
data. However, since there are different kinds of datasets, we
want to highlight other methods, that could be used for data
extension, as well.

Since the subject of descriptive statistic describes datasets
and its properties, it is a helpful tool to extend data. Descrip-
tive statistics contain different methods of data collection. It
describes approaches to collect data from scratch as well as
methods to select specific data out of datasets to reduce bias
in the selected data. Another important aspect is the weighting
of data, which could reduce bias as well [4].

Another method to extend a dataset is BO. It is a method
from the subject of machine learning, where it is mostly used
for hyperparameter optimization. Thus, BO tries to find a
global extremum of an unknown function, using less data
samples [5].

For this purpose BO is dealing with uncertainty belonging to
the missing data in the dataset. But the BO algorithm searches
a global extremum of a distribution. Hence, it needs more data
points around the probable point of interest than at other parts
of the data distribution. For this reason, we cannot know if
the suggested new data point is one of many near the assumed
extremum or one point in the whole distribution.

Thus, BO is a good method to extend data, where a lot of
data near an extremum is needed. If a whole dataset should
be extended uniformly, the advantages of AL predominate the
ones of BO.

C. Our Method

In order to increase the representativeness of our dataset, we
need the most uncertain parts of our dataset to make active
measurements and thus, close the gaps of data. We create
an active measurement method, that tells us at which time
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Fig. 4. This heatmap shows the amount of data per hour per week, where
one datapoint describes one measurement drive on the highway (yellow: more
then 10 data points; light green to dark blue: between 1 and 10 data points,
with decreasing number from light to dark color; darkest blue: O data points).

we miss the most data, so that we can collect more data
at exactly these points. Therefore, we use an active learning
based approach. This approach tells us at what time of the
week we need to make a new data sample to reduce as
much uncertainty of the data as possible. Therefore, we use
the starting time (day of the week, hour, minute) of every
measurement drive between Salzburg and Mondsee. These
starting times of the measurement drives are then the data
points of our active measurement method.

First we need a measure of uncertainty. This uncertainty
should correlate with the representativeness of the dataset,
meaning that a low uncertainty of data points stands for a
high representativeness of these data points. In our case the
uncertainty is described by the distance (in minutes) between
the measurement points. Thus, a big distance between the
actual data point and the next one means that we have a high
uncertainty between these data points, while a low distance
implies low uncertainty in this interval. Since we are searching
the time of the week with the highest uncertainty, we then
choose the two data points that have the biggest distance
between them. The point in the middle of this distance is the
data point with the highest uncertainty and thus, we need to
make a new measurement drive at that time of the week.

Another possibility of measuring the uncertainty of our
dataset is to count the amount of measurements per hour on
all days of the week. In that case, the point of the highest
uncertainty is the hour with fewest data points. Figure 4 shows
a heatmap of the amount of measurement drives per hour over
the week. Here, yellow represents an amount of more than 10
data points, while the colors from light green to dark blue
describe an amount between 1 and 10 data points per hour,
with a decreasing number from light to dark color. Finally,
the darkest blue characterizes that there are no measurement
drives in this hour.

Since we have a lot of measurement drives on week days
at rush hours and few measurement drives at night or on the
weekend, both possibilities of measuring the uncertainty result
in the same time periods of highest uncertainty. Thus, both
possibilities can be used to select our next data point. However,
it is important to consider, that the possibility of measuring
uncertainty through the distance between the data points lead
to more exact results for the next active measurement. In
contrast, the second possibility leads to more flexibility since



the next measurement point only has to be in the right hour.

In general, it is important, to check whether both possibili-
ties lead to the same results. If the methods lead to different
results with the two possibilities, it is necessary to decide if
one of the possibilities is more important for the uncertainty
in this dataset. Especially, if the dataset is not as sparse as
our dataset, there can occur differences in the possibilities. If
there is neither possibility more important than the other, it is
possible to combine them. To do so, you can use appropriate
measures between 0 and 1 for both possibilities and sum them
up. Doing that for all data points, lead to new combined values
of uncertainty, that lead to the next active measurement.

In any case, all of these methods result in a point in time of
highest uncertainty, where the next active measurement should
be done. Thus, we do an active measurement drive at exactly
this point in time. This new data is then added to the dataset
and afterwards the whole process begins again from measuring
the uncertainty of the data to calculate the next time for an
active measurement drive.

With this method, it is possible to get not just one point of
highest uncertainty, but some more points with the highest
uncertainty in total. Here, it is important to be aware of
the fact, that one measurement at the one point of highest
uncertainty can, but does not have to, change the uncertainty
of the whole dataset and thus, result in completely different
points of highest uncertainty in the next step.

VI. EXTENSION OF DATASET WITH ACTIVE
MEASUREMENTS

Using the strategy explained above, we make new active
measurement drives on the Al highway between Salzburg
and Mondsee. Additionally, we collect more passive data on
the highway as well. While the passive measurement drives
were mostly in the morning or the late afternoon, our active
measurement drives collect data at night or in the middle of
the day.

In order to check, how the active measurements influ-
ence the representativeness of our dataset, we compare the
actively collected data to the passively collected data. For
most parameters, like latitude, track or SINR the values are
similar, but there are some parameters that show different data
representation.

In Figure 5, the histogram shows that near the longitude of
13.10, there are more longitude data in the passively collected
data than in the actively collected data. This difference occurs
due to the proximity to the city of Salzburg. Near the city,
there is more traffic especially during rush hours when our
passive measurements take place. This leads to slower driving
and thus, more measurement points. In contrast, in the night,
where most of our active measurement drives take place, there
is less traffic near the city. Thus, the speed is higher, which
leads to fewer data points in comparison.

The speed values of our measurement drives differ as well
in the active and passive collected data. This can be seen in
Figure 6, where blue shows the passively collected data and
orange indicates the actively collected data. The histogram
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Fig. 5. This histogram of the longitude values shows the comparison of the
passively collected data (blue) and the actively collected data (orange).
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Fig. 6. This histogram of the speed values shows the comparison of the
passively collected data (blue) and the actively collected data (orange).

shows that the active measurement drives include much more
data points with high speed over 30 ms~?, than lower speed
values, while the passive measurement data contain a regular
distribution over all speeds between 20ms~! and nearly
40ms~!. Again this difference can be explained with the
amount of traffic during the measurement drives. Since during
night time, there are less vehicles on the highway than during
rush hours, it is possible to drive more often at high speed
over 30ms~1.

Figure 7 shows a histogram of the data rate values, where
the passively collected data is shown in blue and the actively
collected data is shown in orange. In this histogram the orange
data has a larger amount of higher data rate than the blue data.
Especially the maximum of the histogram is shifted to the right
by about 30 Mbits™!.

Another group of values, that differ between actively and
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Fig. 7. This histogram of the data rate values shows the comparison of the
passively collected data (blue) and the actively collected data (orange).
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Fig. 8. This histogram of the rsrp values shows the comparison of the

passively collected data (blue) and the actively collected data (orange).

passively collected data are the RSRP values. The histogram
of the RSRP values is shown in Figure 8, where blue shows
the histogram of the passively collected data and orange is
the histogram of the actively collected data. The plot shows,
that the curve of the orange data is shifted to the left in
relation to the maximum of both curves. Additionally, the
gaps occurring in the RSRP values, for the values with no
data, are shifted as well comparing the orange with the blue
curve. This data shift can occur due to several reasons: It
is possible that the higher speed in the active measurements
(since most of this measurements are made with less traffic at
night) lead to a different data point distribution, which could
lead to the differences in the RSRP values. Alternatively it
is possible that the differences occur because there are less
participants in the communication cells than at day time or
that the communication cells are in power saving mode.

VII. FUTURE WORK

As described in chapter 4 the representativeness of datasets
is dependent on different aspects. This work focuses on
increasing the representativeness of the dataset in aspects of
time and weekday. In future work covering aspects of weather
conditions, especially information like rain and temperature,
could make the dataset even more representative. Additionally,
the aspect of wireless network conditions could then be cov-
ered, too. The points of biggest uncertainty can be measured
as described in this paper and considering this issues could
increase the representativeness of the dataset even further.

VIII. CONCLUSION

This paper describes a dataset on multi-provider redundancy
in mobile network communication. The data is collected
passively in an automotive scenario and is extended by active
measurement drives. To do so, the highest uncertainty of
representativeness within the data is calculated with a method
based on Active Learning. After the active data collection, the
data is compared to the passively collected data showing small
differences in some of the parameters.
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