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ABSTRAKT 

Tato práce se zabývá technologiemi velkých dat v kontextu měření parametrů sítě.  

Popisuje téma velkých dat a jejich využití, představuje základní parametry sítě, jejich 

měření a metody zhodnocení.  Vyhodnocuje RTR NetTest aplikaci, testovací proceduru 

a měřené parametry. Byla vytvořena skupina nástrojů pro posouzení základních 

kvantitativních parametrů mobilní sítě na základě dat z databáze RTR. Rozbor denního 

efektu shrnuje časovou proměnlivost sítě. Chování v prostoru je posouzeno binováním a 

shlukovou analýzou, současně se srovnáním řízeného testování a crowdsourcingu. 

 

KLÍČOVÁ SLOVA 
Crowdsourcing, Denní efekt, K-Mean, RTR-NetTest, Shluková analýza 

 

 

 

 

 

ABSTRACT 

This thesis focuses on big data techniques in the context of network performance 

measurement. The topic of big data and its utilization is being presented, followed by the 

research on basic network parameters, their measurement and evaluation methods. The 

RTR NetTest application, testing procedure and measured parameters are being 

evaluated. A set of tools was created for estimating the basic quantitative parameters of a 

mobile network on the basis of RTR dataset analysis. Time-of-Day Effect study 

concludes the time variance of the network. The spatial behaviour is evaluated by 

applying binning and clustering algorithms and in the end the comparison of drive test 

and crowdsourcing is provided. 

KEYWORDS 

Cluster Analysis, Crowdsourcing, K-Mean, RTR-NetTest, Time-of-Day Effect 
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ROZŠÍŘENÝ ABSTRAKT 

V době bezdrátových komunikačních sítí narůstá pozornost na téma monitorování 

výkonnosti sítě a její optimalizace s využitím crowdsourcingových databází. Úkolem této 

práce je vytvořit nástroj pro evaluaci výkonu sítě schopného odhadovat chování sítě na 

základě volby operátora, polohy a použité technologie. V této práci je zkoumáno a 

diskutováno téma crowdsourcingu ve spojení se systémy využívajícími velká data, s 

analýzou, s efektivním zpracováním velkých databází a predikcí parametrů sítě. Je zde 

rozebráno téma různých metod měření výkonu sítě, historie crowdsourcingu, výzvy a 

statistické distribuce testovací analýzy měřených veličin. Práce rovněž obsahuje přehled 

nástrojů pro srovnávání parametrů a společností, jenž se jimi zabývají a jejich 

metodologiemi.  

Aplikace pro testování parametrů sítě vyvinutá Telekomunikačním regulátorem 

Rakouska, RTR NetzTest je analyzována a její koncept, funkcionalita, testovací 

procedura a výstupní metriky jsou prezentovány. Databáze měření, která je veřejně 

přístupná jako otevřená data je zhodnocena.  

Je provedena analýza databáze pro jednotlivé operátory bezdrátových sítí stejně jako 

časová analýza, posuzující stabilitu sítě s využitím statistických metod v závislosti na 

efektu části dne. Procedura detekce anomálií nachází a řeší nekonzistentnost v 

hodinových distribucích parametrů sítě. 

Dvě prostorové metody jsou použity pro hodnocení chování sítě v prostoru, stejně 

jako nástroj pro evaluaci chování parametrů komunikačních uzlů v čase. Prostorová 

metoda, nazývaná binování, rozděluje měření do pravoúhlé mřížky a zhodnocuje 

parametry sítě separovaně pro každý bin. Druhá použitá prostorová metoda se nazývá 

K-Means shluková analýza. Jedná se o neřízené strojové učení, které shlukuje měření na 

základě jejich podobnosti vůči středu shluku.  

Práce rovněž popisuje limity dostupné databáze a obsahuje rozsáhlé srovnání 

crowdsourcingu a řízeného testování. Je otestován vliv vysoké rychlosti na výsledky 

testování parametrů sítě. V dokumentu je provedeno vyhodnocení chování parametrů sítě 

za použití několika metrik na každý parametr včetně porovnání s referenčním měřením 

za účelem zhodnocení přesnosti vytvořených nástrojů. 
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INTRODUCTION 

In the approaching era of wireless communication networks, the topic of network 

performance monitoring and optimization with the utilization of crowdsource-based 

databases will attract increasing attention. The goal of this thesis is to create a network 

performance evaluation tool able to estimate the network performance based on the 

operator, location and technology used. Within this thesis, the topic of crowdsourcing 

associated with big data systems and analysis, efficient processing of large databases and 

network performance prediction is researched and discussed. The topics of various 

network performance measurement methods, the history of crowdsourcing, the 

challenges and statistical testing analysing distributions of measured quantities are 

presented. The thesis also includes the overview of network benchmarking tools, 

companies and their methodology. 

A network performance testing application deployed by Austrian telecommunication 

regulator RTR NetzTest is analysed and its concept, functionality, testing procedure and 

output metrics are presented. The database of measurements, that is publicly available as 

open data, is examined and reviewed. 

The analysis of the database per wireless network operator as well as in time is 

performed, evaluating the stability of the network performance based on the time of day 

using statistical methods. The anomaly detection procedure finds and resolves 

inconsistencies within the hourly distributions of the network parameters. 

Two spatial methods for evaluating the network performance in space are created, as 

well as a tool evaluating the performance of the communication node in time. A spatial 

method called binning distributes the measurements based on the squared grid, examining 

the network performance separately within each bin. The second spatial method is 

K-means clustering, an unsupervised machine learning method, which groups the 

measurements based on their closeness to the cluster centroids. 

The thesis describes the limitations of the available database and presents the 

extensive comparison of drive testing with crowdsource-based network analysis. 

The high mobility impact on the results of network performance measurement is tested. 

The evaluation of the network performance using several metrics on each parameter is 

realized and compared to the reference measurements to evaluate the accuracy of the 

created tools. 
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1 RELATED WORK 

This chapter introduces the theoretical background and related literature for this thesis. It 

presents the basic measured parameters of the LTE networks and their definitions, 

techniques and state-of-art methods for the measurement of network parameters. The 

definition and basic parameters of crowdsource-based measurements are discussed. 

Mobile network benchmarking tools and methods are presented. 

1.1 INTRODUCTION TO THE BIG DATA 

This chapter describes the utilization of big data systems both in general and in nowadays 

wireless communication systems. After introducing the topic, the classification of big 

data systems using “V” characteristics is explained, the technologies and formats 

developed for big data processing are presented and several use cases of big data analysis 

in communication networks are mentioned. 

1.1.1 BIG DATA WITHIN MOBILE NETWORKS 

Communication technology is one of the fastest growing industries of 21st century. In 

2014, communication networks processed 2.5 exabytes of data per day [1] globally. This 

number keeps growing every year, especially in cellular networks. At the end of 2017, an 

average data usage per smartphone in North America was 7.2 GB [2] and 4 GB in Western 

Europe with predictions reaching 48 GB usage per smartphone per month in 2023. Not 

only the networks have to be capable of processing that large amounts of data, they also 

have to adapt quickly to the new requirements of millions of users for fast, uninterrupted 

and reliable connection regardless the user’s current position. Network operators while 

processing these data can get valuable information about the connection quality of the 

user and their network, but since the data volume is extremely large, it is difficult and 

costly to store them and to process them using traditional methods. 

The predictions about the difficulties of processing and keeping large amounts of 

data were first published by Fremont Rider in 1944 where he approximated, that with 

current book volume growth, the Yale Library will have 200 million volumes by the year 

2040, which will require staff of over 6000 people [3]. The trend of volume increase 

affected not only libraries, but also transport, industry and of course communication 

networks. Today, big data analytics refer to processing large amounts of raw data and 

extracting smaller, useful information that can be used for a specific purpose [4]. To 

realize this, large data centres are produced across the world to be able to store and analyse 

such data. For example, in Utah, National Security Agency built a complex with capacity 

of 1 yottabyte (a trillion terabytes) and the processing power over 100 petaflops [5]. 

Commercial companies also build their own data centres to evaluate the behaviour of the 

customers, bookkeeping of their storage status and to create business and queue analysis. 

In the topic of communication networks, the data volumes increased tremendously 

when 4G LTE was introduced and the trend will continue towards the introduction of 5G 

networks, which promise new utilizations of wireless networks such as self-driving cars 
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and Vehicle-to-Vehicle communication, massive Internet of Things, Augmented Reality, 

Virtual Reality and Smart Grids [6] [7]. These new services can be extremely demanding 

on network connection speed, short latency or extreme reliability. The amount of data 

processed will skyrocket again and the new propagation model techniques will have to 

be implemented due to vertical and horizontal densification of the network [8]. 

1.1.2 CLASSIFICATION OF BIG DATA SYSTEMS 

According to different sources [9] [10], each big data system can be measured using a 

large variety of characteristics [11]. The basic three characteristics, volume, variety and 

velocity are always present. The most frequently used characteristics are described in 

Table 1.  

Table 1 Frequently Used Big Data Characteristics 

Number Characteristic Description 

1 Volume The size of data set, which the system operates. 

2 Variety The difference in data types, sources or formats. The 

Variety also specifies whether the data are structured, 

semi-structured or unstructured.  

3 Velocity The “dynamics” of the system. Refers to the speed of 

processing data, generating data and receiving data. 

4 Value The degree of importance of the data. The value of data 

determines the security of the system and usability of the 

data in the system. 

5 Veracity The level of accuracy and reliability of the data from 

different sources. 

6 Volatility The lifetime of data within the system. Determines for how 

long the data remain valid. 

7 Variability Inconsistency of data due to multiple sources of data or 

non-regularity of data. 

8 Validity Data accuracy and correctness regarding the later usage of 

that data. 

9 Visualization Option of representing large data in sophisticated and 

understandable way. 

 

Communication data include data in IT system (user profile and characteristics), data in 

access network and core network (signalling data, voice data, SMS etc.) and data in 

operators’ databases (access modes, addresses, business preferences and consumption 

habits). The network operators possess authentic user information due to the requirement 

in most countries to register the user’s SIM card using ID card. All the data can therefore 

be connected to the exact person, enabling aimed advertising or statistical analysis of the 

user groups in the network. 
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1.1.3 DATA STORAGE SYSTEMS 

There are two types of big data platforms regarding their architecture. The ones utilizing 

horizontal scaling distribute performance across many machines with lower individual 

performance. The advantage of such a solution is a lower price and near infinite scaling 

possibility. The drawbacks include limited software framework availability for its proper 

utilization. The available solutions are peer-to-peer networks, Apache Hadoop, Spark or 

BDAS. The second type is vertical scaling, which consists mainly of a single high-

performance unit with large numerous processors, memory and fast hardware. The 

management of resources is simpler in this solution, but scalability options are limited. 

This solution usually requires larger investment than horizontal scaling one. 

The data mining algorithms work with the database and process the information 

within to “mine” useful information [12]. The basic requirement of the system is to have 

all data available together, at the same time and completely in the main memory for 

processing. The available memory is the most critical issue which the data mining 

platforms face. The alternative approaches and solutions to this challenge include 

“classification” of data to categories by several input attributes. Proper selection of 

attributes and accurately predicting the target class is crucial for this application. 

“Frequent pattern mining” is used for looking for associations and relation within input 

data items of large databases. “Clustering” searches for patterns within data and joins 

them into sub-classes and “Recommender system” identifies the data based on the system 

preferences and priorities. 

One of the most crucial decisions when creating a big data ecosystem is the proper 

choice of the data format, which may influence overall success of the project. The 

differences between formats include row or column-based format. A column-based 

format is beneficial when performing analytics that require only a subset of columns to 

be analysed over a large data set. The data are stored column-wise, meaning that the whole 

category is stored together. Row-based format is recommended when a large number of 

columns of the data set is processed at once. It stores data samples one by another as a 

whole. It is also important to consider, whether the data in the database should be 

compressed [13], encoded or thinned in case of time-series data. Apache Avro is a row-

based format released by Hadoop. The key data is stored in JSON while the data itself is 

stored binary for maximized efficiency and minimized data size. It supports many 

programming languages and is typically utilized for dynamic systems, where the data 

rapidly changes. Apache Parquet is a column-based format optimized for column storage 

on Hadoop. It can be highly compressed and is optimized to analyse large data sets with 

many columns. It is usually chosen for read-heavy databases where the content does not 

dynamically change. Apache ORC stands for Optimized Row Columnar and has been 

optimized for the storage performance in Hive – a query and analysis tool on top of the 

database (mostly Hadoop). Hive uses HiveQL language, which is very similar to SQL. It 

is optimized for high performance in both reading and writing, can efficiently store data 

without compression and saves large amounts of space when utilized properly. 

The data available from the main data source for this thesis are the SQL data utilizing 

JSON standard format as well as CSV format. JSON is utilized as a format for web and 

mobile applications, storage of unstructured data. It is not optimized for high processing 

capabilities or efficient storage as the formats mentioned above, yet for the sake of this 

thesis is seems to be the most sufficient in those regards. 
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1.1.4 USE CASES IN NETWORK SYSTEMS 

Nowadays, the role of big data analysis within the scope of cellular network increases. 

The number of possible applications is countless. These may involve failure prediction, 

detection, system recovery and prevention of the network recovery.  

An example of this may be found in [14]. Here, the problem of failing handovers 

between 3G BS (Base Station) and 2G BS occurred while the UE (User Equipment) 

moved at the edge of coverage area from one technology to another. The authors present 

the solution while using big data analysis to analyse the message exchange between the 

BSs. Another example of big data utilization may be an anomaly detection system within 

the cellular network. The system collects the data and distributes them to relevant 

departments and when the anomaly occurs, it quickly reacts and feedbacks the issue to 

minimize the solution time.  

The deployment of self-healing system capable of detecting errors and faults within 

itself, performing diagnoses and recovery action is possible through big data analysis. 

Such system is capable of analysing only the data which were measured during and 

shortly before a failure was detected, merging the data from similar failures together. The 

troubleshooting and analysis of the failure sources and causes becomes possible. Sleeping 

cells can be detected using big data analysis through monitoring of the neighbouring base 

stations [15] by detecting the number of handovers between those cells. Big data can be 

utilized for equipment failure prediction as well. Popular data tracking can be utilized by 

gathering information from the users and allocating such data closer to the end-user using 

proactive data cashing method. This technique will be deployed with the fifth generation 

of networks. 

1.2 NETWORK PARAMETERS 

In this chapter, the basic network parameters used in the scope of this thesis are presented 

and explained. It sums up the most frequently used terms, sets the terminology used 

within this text and defines the relations between them. 

In mobile networks, there are two directions in which the communication is 

occurring. Downlink (DL) describes the direction of data into the considered device and 

uplink (UL) describes the outgoing data from the device.  In LTE networks, there is a 

number of parameters which directly influence user experience in the network. The 

parameter, which universally describes the connection, is throughput. Downlink 

throughput is characterized as data volume flowing into the considered device over time. 

Uplink throughput describes the reverse direction of the data flow. The basic formula for 

calculating the (DL) throughput is received data volume divided by the time over which 

it was received. Throughput is usually expressed in (kilo, mega) bits (bytes) per second 

(b/s, B/s, more commonly kb/s or Mb/s). Throughput as one of the parameters each user 

experiences first-hand is directly affected by the quality of other parameters.  

Closely related to throughput, capacity or maximum possible bandwidth is a metric 

describing the maximum possible bandwidth the link can deliver. Some of the widely 

used metrics are peak download and peak upload speeds, used in several related articles 

[16]. Peak DL and UL speeds are defined as the average of 98 percentile performances.  
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Received Signal Strength Indicator (RSSI) measures the power of the received signal 

[17]. RSSI is measured as the power of the signal received by the device before it is 

amplified, either in baseband frequency or in intermediate frequency. RSSI is defined as 

the average power of signal and noise per OFDM symbol. The unit used to express RSSI 

is usually dBm (decibel referenced to one milliwatt) and its values usually vary from 

around -50 dBm (great signal) to -100 dBm (weak to unreadable signal). 

Signal-to-Interference plus Noise Ratio (SINR) is the ratio of the desired signal’s 

power to unwanted noise. Unwanted noise comprises of external interference and internal 

noise of the system. SINR is expressed in decibels and its usual values are greater than 

zero (20 and more for excellent signal). 

Reference Signal Received Power (RSRP) describes the signal strength of the 

reference signals (RS) in the OFDM signal. Since there are several RS in a single resource 

block (RB), the RSRP is calculated as the average signal strength per RS over the duration 

of the measurement. RSRP values are usually -80 dBm to -100 dBm in LTE networks.  

Reference Signal Received Quality (RSRQ) is the indicator of signal quality in LTE 

networks. It is defined as the number of measured resource blocks N times RSRP divided 

by RSSI: 

𝑅𝑆𝑅𝑄𝑛 =
𝑁 ∙ 𝑅𝑆𝑅𝑃𝑛
𝑅𝑆𝑆𝐼𝑛

 (1.1) 

Usual RSRQ values are from -10 dBm to -20 dBm. 

Round Trip Time (RTT), usually expressed in milliseconds, is defined as the time 

interval needed for a two-way signal trip, in other words as the time between the moment 

sender starts sending the signal and receives the acknowledgement from the receiver. The 

measurement of RTT is conditioned by receiving the acknowledgement and therefore 

measurement of RTT using protocols such as User Datagram Protocol (UDP) is 

impossible. Two-way connection establishment for RTT measurement is necessary, 

which is why Transmission Control Protocol (TCP) is utilized. 

There is a vast number of other parameters, which can be derived from network 

performance such as VoIP availability, TCP port availability and others. The paper 

Quality of Service (QoS) and Quality of Experience (QoE) of the 4G LTE Perspective 

[18] discusses such parameters of 4G systems. It describes QoS as the tests focused on 

measuring standard quantitative information about the network performance, whereas 

QoE refers to the tests evaluating the support of the system services.  

1.3 MEASUREMENT METHODS 

In this chapter the measurement methods related to the scope of this thesis are introduced 

and described. The methods are compared more thoroughly in the Chapter 5. Also, state-

of-art approaches to the network parameter measurements are listed in this overview to 

introduce the reader to the topic of active and passive measurements, followed by the 

introduction to crowdsource-based measurements and statistical methods used for 

extracting useful data from vast databases. The thesis then introduces the benchmarking 

organizations and their methodology. 

Deriving the bandwidth, throughput and other network parameters can be done either 
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by active or passive measurements. Passive measurements are defined as network 

monitoring without directly injecting any data into the stream [19]. In cabled networks, 

passive measurement involves link splitters, hubs or monitoring devices at routers. In 

wireless networks, passive measurements are either implemented in routers and other 

end-devices or are realized as autonomous systems. Since wireless medium is shared and 

available to anyone, the passive measuring systems are able to listen to the traffic and 

determine the network usage from the idle time of the network.  

Active measurements on the other hand inject data into network. One such approach 

is by probing the network with packets of data and measuring the response of the whole 

system, assessing the parameters indirectly. The other is by thoroughly testing the entire 

network and measuring the parameters directly. 

1.3.1 ACTIVE METHODS 

The system inserting small packets into the communication system was implemented in 

1993 by Jean-Chrysostome Bolot [20], who measured the delays of small UDP packets 

probing the network to characterize the end-to-end system. Based on previous work, 

Vinay Ribiero et al. [21] created a technique of probing the network using Delphi system 

to estimate the cross-traffic of the link. Another end-to-end active measurement tool able 

to assess bandwidth called pathload was developed by M. Jain and C. Dovrolis [22]. The 

system takes 10 to 30 seconds to estimate the available bandwidth. The study by J. Strauss 

et al. [23] compares the mentioned active bandwidth estimation tools as well as several 

additional ones such as Parhchirp [24] or PTR/IGI [25]. 

As the systems mentioned above are designed for static systems, measurements in 

mobile networks such as UMTS or LTE introduce new requirements for active 

measurement. The paper by M. Ringler, P. Svoboda and M. Rupp [26] presents the 

approach for modern available bandwidth estimation based on fast probing. The 

introduced FLARP (Fast Lightweight Available Rate Probing) system utilizes sending 

chirps of UDP packets into the network with increasing rate, measuring throughput of the 

network on the network layer level. FLARP, OpenRMBT [27] and iPerf3 [28] systems 

were deployed for three months and the measurements compared. The results show that 

all three systems present similar results for all 3G, 4G and cable communication. The 

crucial difference is the data volume per tool, where FLARP performed the measurements 

with significantly (more than five times than iPerf and three times than OpenRMBT in 

LTE) smaller volumes (below 4 MB per test). Later it is shown, that FLARP is able to 

measure the available data rates even with tariff limitation, as if the system was using 

unlimited tariff. 

V. Raida, P. Svoboda and M. Rupp created Constant Rate Ultra Short Probing 

(CRUSP) system [29], which improves the capabilities of FLARP by leaving the intervals 

between the packets constant, further decreasing the data volume required for the test 

down to 2 MB. The system calculated the maximum available rate from measuring bursts 

of data, namely their data volume and arrival time. CRUSP was evaluated using 

MONROE node and outperformed iPerf3 and OpenRMBT, having higher speed and 

significantly smaller data consumption per test. 

Nowadays, the network testing applications such as RTR NetzTest based on 

OpenRMBT, 4GMARK Speed Test or Speedtest by Ookla more commonly utilize 

Transmission Control Protocol (TCP) connection instead of UDP. TCP connection 
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requires bidirectional link establishment, utilizes acknowledgements and retransmissions 

using Automatic Repeat Request (ARQ) protocol, providing better and more complex 

information about the link between the user and the testing server (the internet). Some 

tools such as OpenRMBT or iPerf3 utilize both TCP and UDP connections during the 

measurements. As pointed out above, due to the thorough two directional TCP connection 

testing and QoS measurements, the available applications consume up to hundreds of 

megabytes of user’s data per test. The connectivity testing applications save the 

anonymised results, creating a crowdsource-based database of results for later evaluation. 

1.3.2 CROWDSOURCING  

Historically, to evaluate the performance of the network, a test equipment operated by a 

test attendant was deployed for drive testing, walk testing or stationary testing. The testing 

had to be predefined, prepared, testing equipment borrowed or bought and the attendant 

had to be paid to operate the whole process. Nowadays, thanks to the vast databases of 

testing results being available, an approach called crowdsourcing emerged, presenting an 

opportunity to cut down the costs and efforts needed to evaluate the network parameters. 

In the following paragraphs the theoretical approach of crowdsourcing and work utilizing 

crowdsource-based measurements are presented. The crowdsourcing is an approach of 

gathering the data by deploying the data mining tool (paid or unpaid) to a large and 

divergent group of users. The purpose of data mining tool is to gather large amount of 

predefined data, from which useful information is later extracted by processing the 

created database. Crowdsource-based database provides data with high diversity, 

containing data from a large number of users with both bad and excellent testing 

conditions. In papers presented below, various methods and techniques compensating for 

crowdsourcing downsides are described. The comparison of crowdsourcing to regular 

testing and further discussion can be found in Chapter 5. 

“The Four Pillars of Crowdsourcing: A Reference Model” [30] introduces the global 

basis for the crowdsourcing. It identifies four pillars of crowdsourcing: the crowd (people 

running tests on their UEs), the crowdsourcer (entity seeking information – analyst, 

operator), the crowdsourcing task (running the rest) and crowdsourcing platform (system 

within which the crowdsourcing is performed - NetzTest application). Each pillar has its 

features which determine the crowdsourcing as whole. The features of most importance 

are diversity and largeness for the crowd pillar, modularity and automation for the task 

pillar. 

A paper by Rogério Dionísio et al. [31] presents testing based on MONROE nodes, 

called transport fleets, attached to the public transport vehicles in large cities. The system 

measures two sets of metrics: network-centric quality of service parameters (call setup 

rate, call quality, data throughput in uplink and downlink, round trip time, packet loss, 

jitter and network metadata) and application-oriented measurements such as quality of 

experience. The paper does not specify the achieved results clearly yet presented idea of 

gathering data while attaching nodes to public transport is interesting and overall 

applicable. 

The paper by C. Midoglu and P. Svoboda [32] presents the general opportunities and 

challenges for using crowdsource-based measurements for mobile network 

benchmarking. The paper presents the positive and negative aspects of crowdsourcing, 

such as the extent of data that may be used for benchmarking. The paper describes the 
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chosen properties and parameters of data collected by RTR and mentions several 

statistical testing tools. The authors discuss the impact of the tariff-limitation on the 

results and normalizing the measurement data to reduce the overhead. 

In the paper by T. Linder et al. [33] from 2016, a large-scale dataset from 

Bredbandskollen is used to evaluate the accuracy of performance prediction in Swedish 

networks. The dataset of 16 million measurements from January 2014 to February 2015 

has been used. The area of Sweden has been divided into 200×200 m, 400×400 m, 

800×800 m and 1600×1600 m bins and only non-empty bins were considered. The paper 

measured the time-of-day curve, showing the number of measurements per time of day, 

but while comparing peak and bottom results download-speed-wise, the characteristics 

were similar enough not to take time-of-day into account for the rest of the paper. The 

locations with lower variances of the throughput provide better prediction opportunities. 

The paper also shows that the areas with lower number of measurements have lower 

average download throughput. The authors applied Welch’s t-test to the samples at the 

locations with more than 10 measurements per operator to show, whether the two 

measurements (each form different operator) have equal download speed in each location. 

The results show that 37.3 – 73.5 % tests show different values when comparing different 

operators, but when the test takes into account one of the measurements regardless of the 

operator, the test rejects significantly smaller percentage of pairs (14.5 – 26.1 %). The 

same test performed between two neighbouring locations shows that in slightly less than 

a half of the locations, there is a preferred location to perform a download in. The paper 

then evaluates the relative speed increase of the user’s device while travelling through 11 

locations while either having none, full (own and statistical) or partial information about 

the network performance in different locations. 

1.3.3 STATISTICAL TESTING 

Since the data from crowdsource-based measurements are widely distributed in their 

values, some statistical methods must be implemented to assess the true parameters from 

a wide variety of test results. The papers analysed in this chapter introduce such methods 

and present possible solutions for deriving plausible results. 

The article “Comparing all quantiles of two distributions simultaneously” [34] 

demonstrates the importance of considering other trends in the distributions than central 

tendencies. Using Harrell-Davis estimator shows significant differences between two 

distributions with the same mean, one with normal-like plot and the other with fast 

reaction times (fluctuations and changes of slope). The article highlights the following 

statements when comparing two groups of distributions: plot the densities and compare 

them, visually assess the differences in the distributions and conclude, whether the central 

tendency summarizes the distribution sufficiently. Describing the central tendency is 

better achieved by calculating truncated (trimmed) mean rather than by mean or by 

median. Calculating tendencies in borders (tails) can be achieved by qcomhd function 

presented in the article. 

The paper by R. R. Wilcox et al. [35] focuses on statistical comparison of two groups 

by their tail probabilities (lowest and highest percentiles of the distribution). The paper 

introduces the Harell-Davis estimator. It concludes, that the estimator performs well in 

terms of Type 1 error (rejection of true null hypothesis (false positive)) and power 

(probability to reject a false null hypothesis (false negative)), outperforming other 
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techniques such as Doksum-Sievers methods when considering quantile smaller than 25 

or larger than 75. The paper also states the minimum number of samples for the mentioned 

techniques for Type 1 error to remain in the nominal values to be in ranges of tens. The 

paper presents a solid method for evaluating the statistical behaviour of two groups when 

considering tail probabilities. 

The paper by M. P. Cabollero [36] evaluates statistical methods for comparing two 

independent groups. The study compares the confidence intervals around mean, trimmed 

mean and median for two independent groups obtained using different statistical 

techniques. The paper uses Student’s t-test, Yuen-Welch’s t-test, nonparametric Mann-

Whitney U-test, mean confidence intervals, trimmed mean confidence intervals, median’s 

confidence interval from standard error and several other methods. When considering 

sample sizes of 30-50, Yuen-Welch’s t-test got lowest decision error rate of 5%. For the 

case of sample size 10, the best performing technique was Mann-Whitney U-test, 

however its performance is still low compared to the higher-sample results when 

comparing two groups of different population. In the end, the paper recommends Yuen-

Welch’s t-test and Mann-Whitney U-test as the preferred statistical tools, preferring t-test 

due to its robustness of being based on trimmed mean and “winsorized” variance. 

1.3.4 NETWORK BENCHMARKING TOOLS 

This chapter describes the property-based network benchmarking tools and focuses on 

data gathering and network providers comparison. Sadly, most of the benchmarking 

companies do not share their procedures of acquiring and processing their data, as it is 

the asset of their secret know-how. 

OpenSignal [37] is an international network-analytics company operating their own 

applications for network measurements and analysis. Their website offers periodic reports 

by country including Germany or Peru, as well as connectivity speeds per city, latency 

analysis and others. Data collection is realized by automated measurements in end-user 

device running in background several times a day (claiming 3 billion measurements daily 

total) [16]. The application measures the parameter called 4G Availability, which 

represents a portion of time when the user has LTE connection (assuming 4G device and 

active subscription). The application tracks dead zones, which are the areas with zero 

coverage. Utilized download and upload speed measurements cover 4G throughput, 3G 

throughput and additionally peak download and upload speed – throughput of 98 

percentile of users representing the best real-world results, maximum throughput of the 

operator. Video Experience metric rates the user’s experience while receiving a video 

stream from the network. 

Monroe company [38] operates testing nodes on large-scale, both static and mobile, 

to measure the performance of multiple (up to 3) mobile broadband networks at the same 

time. Nodes measure network performance data, time, location and network metadata 

(cell ID, signal strength etc.). Monroe systems are open to external users to deploy 

experiments through Open Calls projects, which are funding proposed projects deployed 

on Monroe infrastructure [39]. FaLiCaB (Fast and Lightweight Capacity Benchmarking) 

is one of the projects deployed on Monroe infrastructure. As a result, a measurement of 

LTE cell connection was proposed and realized while minimizing the data consumption 

per test. Speeds of the unloaded LTE cell can be measured with 2MB per test. 

P3-Analytics [40] present their methodology as a combination of drive tests, walk 
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tests and crowdsourcing. The drive tests are utilized within cities, on roads and railways. 

Walk-tests complement drive tests in big cities within busy areas, public transport and in 

frequently visited buildings. Furthermore, P3 claims to gather the data from more than 

800 applications to gather intelligence on global scale. P3 created over 100 KPIs (Key 

Performance Indicator) to rank the networks and their providers, evaluating over 180 

networks in 80 countries. The article [41] presents the analysis of three top mobile 

network providers in Austria: T-Mobile, H3 and A1. The analysis confirms the T-Mobile 

scores the highest in most categories with A1 as close-second and H3 slightly behind. 

4Gmark [42] analyses the three largest network operators in Austria. The 

downlink/uplink test utilizes a single-thread measurement in comparison to up to three 

threads in RTR test (see Chapter 2), claiming the resulting link strength does not depend 

on the number of individual TCP links. The test also rates Web Navigation and YouTube 

streaming, resulting in a single 4Gmark Quality of Experience rating. 

Tutela, one of the biggest company providers of crowd-sourced mobile data, 

originally from Canada, that collects around 30 billion measurements per day, is focused 

on gathering the data through various platforms, gaining the location-based 

characteristics of local networks and performance, data devices and state information, 

application data etc. Its software is implemented into games and other third party’s 

applications (more than 3000 mobile app developers cooperate with Tutela), running in 

background and contributing to their massive database. These data are later processed, 

and their summaries and reports are used to pinpoint the weaknesses and to optimize the 

customer’s network [43]. Since 2017, Tutela in cooperation with MapD Technologies, 

has provided a real-time mobile network performance analysis tool. Through this cloud-

based platform, Tutela’s database may be accessed from anywhere around the world 

using only a username and password. It allows to process the data gain though 

crowdsourcing in real time thanks to its powerful computation power and speed of 

rendering of visualization transforms. Therefore, the customer companies like operators 

and mobile device manufactures may use the data about the network state to e.g. identify 

the problems with specific cell towers, optimize their equipment, directly improve their 

services, analyse the trends in their usage, analyse the network issues and opportunities 

without delay [44]. This platform uses so called Tutela Explorer for visualization, 

designed so that any user could create dashboards and protocols that may be used for 

benchmarking of the performance, comparison of services by many providers, to analyse 

the competence of the network and most importantly to identify the coverage problems. 

Their test may collect more than 130 measured quantities e.g. downlink, uplink, packet 

loss, RSRP, RSSI, signal-to-noise ratio, spectrum usage and which types of spectrum are 

being used [45].  
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2 DATA SOURCES 

The main source of data being processed within this thesis are the test results from the 

application RTR-NetTest provided by the Austrian telecommunication regulator RTR 

[46]. The application is available for Android and iOS devices as well as it has a browser 

version for other mobile operating systems. There is a number of parameters measured 

by the application which are shown to the user after the test is finished. The results are 

then stored on RTR server as open data, which are available for download for everyone 

(last 48-hour results, 31-day results and past monthly results). In this chapter, the 

application, its testing process, test outcomes and possibilities are presented.  

2.1 TEST AND ITS PROCEDURE 

The RTR Multithreaded Broadband Test (RMBT) is the end-user oriented broadband test, 

that measures download and upload speed, latency and other parameters of the internet 

connection of user’s device. The test is based on the OpenData test formerly developed 

by Alladin [47], now developed by Martes-Specure company [48]. The other companies 

and organizations from other countries use the tool based on the same system, yet the test 

operated by RTR is the most profound and supports most features. The examples of other 

companies are AKOS (Agency for communication networks and services of the Republic 

of Slovenia), HAKOM (Croatian Regulatory Authority for Network Industries) or 

RATEL (Regulatory Agency for Electronic Communications and Postal Services from 

Serbia). 

The RMBT system consists of control server connected to the database, the client 

device and the RMBT server, which conducts all tests with cooperation with the client 

device. The data communication between the client and the server is realized via TCP 

port 443, which is a standard secure TCP port which allows connection uninterrupted by 

firewalls and similar technologies. The communication between the client and control 

server is realized via JSON format [49], a commonly used JavaScript format for 

transmission of data objects, such as arrays or strings. The communication between the 

client and RMBT server uses simpler protocol to reduce the complexity of the data 

processing as much as possible. The test procedure is described in 7 phases bellow. 

Phase 1: Initialization 

The procedure begins with the client trying to connect to the control server using TCP 

port 443 to avoid being blocked by firewalls, which block unencrypted data. The 

Transport Layer Security (TLS) handshake is short to reduce the delays in communication 

during testing, which reduces the security of the data. This fact is not a problem since no 

important or personal data are being sent during the test. After establishing the basic 

connection, the client and the server exchange the information required for realizing the 

test. 

The control server creates a token, which is later used by the client to connect to the 

RMBT server and to get identified. The token includes the unique UUID [50] 

identification, time information for the measurement in Unix time to ensure the 

synchronization and a Base64-encoded HMAC-SHA-1 value [51], an encrypted message 

based on the data in the token, for which the key is known only to the control server and 
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RMBT server. 

The time in which the measurement may start, included in the token, usually starts 

immediately after sending the token. The measurement has to start in specified time 

window, otherwise the client has to request the new measurement. Along with the token, 

the Domain Name System (DNS) or IP address of the RMBT server, number of allowed 

TCP connections, number of pings and other critical information are being sent to the 

client. The client then opens the allowed number, 3 by default, of TCP connections with 

the RMBT server, identifying itself with the token every time. 

Phase 2: Downlink pre-test 

To ensure the communication channels in the test are open and ready to use, the pre-test 

is being carried out first. The pre-test ensures, that the measurement is reproducible and 

gives rough estimation of the device’s connection capabilities and available bandwidth. 

The nominal duration of the pre-test is two seconds, in which the client requests a data 

block from the RMBT server, which has double the size of the previously sent data block 

(the first one has 4096 bytes). The information in data blocks is a high-entropy, randomly 

generated message. This process happens in all connections independently. After the pre-

test time runs out, the server finishes sending the last data block. In case less than four 

data blocks were sent during the pre-test, all but one connection are being terminated and 

the downlink test is realized only via a single TCP connection. The RTR test does not 

record the progress of the pre-test in any form. 

Phase 3: Latency test 

During this test, the client sends a number of pings defined in phase 1 to the RMBT server 

via a single TCP connection, while the rest remain idle. After receiving the ping, the 

server responds with another ping. The nominal number of pings is 10 and each ping is 

sent only after receiving the response for the previous one. Each side measures the time 

between sending and receiving each ping. The median (a value of the medium-fast 

measurement) of all measured pings is saved as the result. 

Phase 4: Downlink RMBT 

This client uses all established TCP connections from phase 1 to simultaneously request 

and receive data blocks from the RMBT server for the fixed time, nominally 7 seconds. 

These data blocks consist of fixed-sized chunks (in comparison to the pre-test) with high 

entropy. 

The transmission via all connections start at the same time and the amount of data 

received is calculated independently. After the nominal time runs out, the server stops 

sending any further chunks and ends the last chunk in each connection with a termination 

byte set. In case the network error happens, and the client does not receive the termination 

byte set after 7 seconds, the client may terminate the connection himself. The main reason 

for this is poor internet connection to the server. 

The start of the test is denoted as relative zero and the data rate is then calculated 

from the Equation 2.1: 

𝑹 =
𝟏

𝒕∗
∑(𝒃𝒌

𝒍𝒌−𝟏 +
𝒕∗ − 𝒕𝒌

𝒍𝒌−𝟏

𝒕𝒌
𝒍𝒌 − 𝒕𝒌

𝒍𝒌−𝟏
(𝒃𝒌

𝒍𝒌 − 𝒃𝒌
𝒍𝒌−𝟏))

𝒏

𝒌=𝟏

 

 

(2.1) 
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Where 𝑡∗ is the shortest time after which the termination byte set is received in any 

connection 𝑘. The symbol 𝑏𝑘
𝑙𝑘−1 symbolizes the total data volume received with the last 

received chunk before the time limit runs out in 𝑘𝑡ℎconnection. The expression 
𝑡∗−𝑡

𝑘

𝑙𝑘−1

𝑡
𝑘

𝑙𝑘−𝑡
𝑘

𝑙𝑘−1
 

characterizes the fraction of the last chunk in the 𝑘𝑡ℎ connection received before time 𝑡∗ 

and the expression 𝑏𝑘
𝑙𝑘 − 𝑏𝑘

𝑙𝑘−1expresses the data volume of the last chunk in the 𝑘𝑡ℎ 

connection. 𝑅 approximates the data rate during the downlink test. 

The measurement is also being saved as a time-series of received data volume over 

time, which enables the software to view the process in graphs and allows to further 

examine the process. Unfortunately, the RTR server reduces the size of each test by 

dumping most of the measurement points. The result resolution of each test varies and 

therefore it is complicated to analyse all the tests reliably. 

Phase 5: Uplink pre-test 

This phase works similarly to the downlink pre-test phase, with the same time limit and 

testing procedure. The client serves as a sender, the RMBT server as a receiver. The 

RMBT reports time information to the client about the time of receiving the blocks. After 

the pre-test is finished, the established connections remain open for later use. In case the 

number of received data-blocks is smaller than the threshold, all connections but one is 

terminated just like in downlink pre-test phase. Again, RTR does not record the progress 

of this test. 

Phase 6: Uplink RMBT 

Similarly to the phase 4, uplink RMBT utilizes all available TCP connections (not 

discarded in phase 5). The test begins at the same time, denoted as relative zero and lasts 

nominally 7 seconds. The chunks of data are high-entropy, same-size packet streams. 

After the nominal time, no further chunks are sent, and the last chunk is sent with 

termination byte set in each connection. After receiving a chunk, the server sends a report 

back to the receiver containing time of receiving the chunk. In case the chunk is received 

in shorter interval than the minimum interval (nominally 0.001 seconds), the report is not 

transmitted. After sending the last chunk, the client waits a fixed time (0.1 second), 

receiving feedbacks from all chunks. In case some reports are still missing, the client 

waits additional three seconds to receive the reports on the chunks which were being 

received by RMBT server one second before the end of the test. 

The formula for calculating the approximation of the uplink data rate is identical to 

the one for downlink. The times in the formula refer to the times of receiving the data 

chunks by the RMBT server, sent back via the reports. The data is also saved as a time-

series, which is then significantly reduced by the RTR server to save more space in the 

database. 

Phase 7: Finalization 

In this phase the client sends the test reports along with collected data to the control server 

regardless the success or failure of the test. The connection to the control server is then 

terminated and the test is officially ended. 

The whole procedure is captured in Figure 2-1. 
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Figure 2-1 Test Procedure Diagram 
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2.2 TEST RESULTS - APPLICATION 

After running the test on the client device, the basic results are shown in several tabs. The 

first tab is divided into two categories: “Measurement” category includes calculated 

download speed approximation, upload speed approximation, ping time between the 

client and the RGBT server, signal strength during the test and the summary of quality 

tests, which are being performed as the part of the testing. The second category 

“Network” shows the network type of the internet connection during the test, network 

operator and WLAN SSID (Wireless Local Area Network Service Set Identifier). 

The quantities visible on cellular phone in “details tab” are shown in Table 2: 

Table 2 Test Outcome Quantities 

Number Quantity Description 

1 Test time Time and date of the test  

2 Time zone Time-zone in which the test was performed 

3 Download speed Measured download speed as a single value 

[(M)bps] 

4 Upload speed Measured upload speed as a single value [(M)bps] 

5 Ping Latency - response time measured after sending a 

request, characterizes responsiveness of the 

connection [ms] 

6 Signal strength The strength of signal at the receiver end [dBm] 

7 Network type Type of communication network through which 

the test was completed (WLAN, 4G(LTE)…) 

8 Location Coordinates of the location where the test was 

performed with the accuracy information 

9 Country of location Country code, where the test was performed 

10 Country of AS Country code, to which the phone number is 

registered to 

11 Country of IP Country code, to which the user Internet Protocol 

address corresponds 

12 - 19 Locality, District etc. Information about the city, district and region the 

test was performed in 

20 External IP External IP address (IP address of the router) 

21 IP network (AS) Code of the home network 

22 IP network name Name of IP network provider 

23 Hostname Name of the host server 

24 Internal IP IP address of the local network router 
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Number Quantity Description 

25 NAT status Network Address Translation status 

26 Network (display) Displayed information about current network 

operator 

27 Mobile network Code of current network operator 

28 Home network 

(display) 

Displayed information about home network 

operator 

29 Home network Code of home network operator 

30 Roaming Roaming type 

31 Frequency DL Frequency at which the download was performed 

during the test 

32 Band Frequency band utilized for the test [MB] 

33 Data amount RMBT Data transferred during the RMB Test [MB] 

34 Data amount interface Total data transferred during the whole test [MB] 

35 Data if_dl (dl-test) Data downloaded during the downlink test [MB] 

36 Data if_ul (dl-test) Data uploaded during the downlink test [MB] 

37 Data if_ul (ul-test) Data uploaded during the uplink test [MB] 

38 Data if_dl (ul-test) Data downloaded during the uplink test [MB] 

39 Time offset download The time between pressing start and beginning of 

the “download test” [s] 

40 Duration download Duration of “download test” [s] 

41 Time offset upload The time between pressing start and beginning of 

the “upload test” [s] 

42 Duration upload Duration of “upload test” [s] 

43 Download (NDT) Download speed during the NDT test [MBps] 

44 Upload (NDT) Upload speed during the NDT test [MBps] 

45 Test server name Name of the server where the test was performed 

46 Platform Operating system of the device 

47 Platform version Version of the operating system 

48 Model Model of the tested device 

49 Software name Name of the testing software 

50 Software version Version of the testing software 

51 RMBT version Version of the RTR Multithreaded Broadband Test 

52 Nominal test duration Theoretical duration of the downlink and uplink 
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Number Quantity Description 

test (7 s) 

53 Parallel connections 

DL 

Number of parallel connections (data streams) in 

download  

54 Open test ID Identification number of the performed test 

55 Open user ID Identification number of the user 

56 Details NDT (main) Network Diagnostic Tool main details of the 

testing process 

57 Details NDT (stat) Network Diagnostic Tool stat details of the testing 

process 

58 Details NDT (diag) Network Diagnostic Tool diagnostic details of the 

testing process 

 

The test also offers QoS (Quality of Service) parameters shown in Table 3: 

Table 3 QoS Parameters 

Number Quantity Description 

1 Traceroute This tool checks the data route across several IP 

networks. 

2 VoIP Voice over IP is a technology, which allows the 

voice (from mobile calls) to be transferred via 

IP packets. 

3 Unmodified content Check, whether the content (in this case picture) 

has been modified (quality reduction etc.) 

during the transport to the device. 

4 Web page Check, whether the reference web page is 

loaded properly and how long does the 

download take. 

5 Transparent connection Tests for the request modification in some stage 

of the transport (proxy etc.) 

6 DNS Check whether the Domain Name System 

service is available, its correctness and response 

time of the server. 

7 TCP ports Checks the availability and security of 

Transmission Control Protocol internet 

protocol. 

8 UDP ports Checks the availability and security of User 

Diagram Protocol internet protocol. 
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Further results of the test include graphs of the download speed over time during 

Downlink RMBT test, upload speed over time during Uplink RMBT test and signal 

strength information over time during the whole test, as well as the information about the 

location is possible to view e.g. in several open-source maps. All displayed results are 

shown in Figure 2-2 and Figure 2-3. 

   

Figure 2-2 Test Results in the Application I 

  

Figure 2-3 Test Results in the Application II 
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2.3 TEST RESULTS – OPEN DATA 

The test results stored on the RTR server are available as Open Data, either as CSV files 

(Excel) or as JSON data. The tests can be found and acquired either by selecting the 

criteria or by searching for the specific test. While searching for the tests in open-data, 

the request parameters are described on the Open Data Specification webpage [46].  

After submitting a request, the provided JSON file contains the information about 

the time which the server took to search for the results matching user-defined criteria, 

cursor specifying next page of the results and the results themselves. The example of the 

results is shown in Table 4. 

Table 4 Example of the result 

Name  Data type Explanation Example 

bytes_download Numeric Total bytes downloaded 

during download test 

11365334 

bytes_upload Numeric Total bytes uploaded 

during upload test 

3365334 

cat_technology String Technology of the 

network 

“3G” 

lat Numeric Latitude of the client 

during the test 

48.202902 

long Numeric Longitude of the client 

during the test 

16.3967841 

open_test_uuid String The UUID of the test, 

unique identifier 

"O10b9e95c-d47a-

4328-b2ff-

82ef24c8e6fe" 

signal_strength Numeric Signal strength in dBm -56 

sim_mcc_mnc String Mobile country code and 

mobile network code of 

home operator 

“232-05” 

network_mcc_mnc String Mobile country code and 

mobile network code of 

current operator 

“232-01” 

download_kbit Numeric Estimated download 

speed in kb/s 

20503 

upload_kbit Numeric Estimated upload speed 

in kb/s 

9777 

ping_ms Numeric Measured RTT 27 

lte_rsrp Numeric Measured RSRP -81 
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Each test contains a summary item, which contains the basic information about it. The 

webpage contains several request examples, first searching for specific system number, 

the second containing several specifications including downlink speed, date, platform 

specification and limitation to 1000 results returned sorted by uplink speed result. The 

example for requesting a single specific test is also granted with all returned parameters 

displayed, specified and explained. It is worth noting, that while requesting the CSV files, 

some of the result categories are not included.  

The results also include several arrays of data measured during test. These arrays are 

JSON time-series, which may be considered the key results of each test. The time-series 

results are specified in Table 5. 

Table 5 Time-Series Results 

Name  Data type Explanation 

download JSONArray Series of downloaded bytes over the duration of the test, 

containing time_elapsed information and bytes_total 

information 

upload JSONArray Series of uploaded bytes over the duration of the test, 

containing time_elapsed information and bytes_total 

information 

ping JSONArray Measured latency over the duration of the test, containing 

time_elapsed information and ping_ms information 

signal JSONArray Client’s signal strength over the duration of the test, 

containing time_elapsed information, network_type, 

cat_category, signal_strength, lte_rsrq (LTE signal 

quality), lte_rsrp (LTE signal strength) and additional 

information depending on the network type (band, 

frequency of downlink, area code etc.) 

location JSONArray Client’s location during the test, containing time_elapsed 

information, loc_accuracy, long, lat, altitude, speed and 

bearing (the direction of the client in degrees) 

 

The “download”, “upload”, “signal” and “location” information is additionally sent for 

each TCP connection created during the test. Each thread is measured independently, so 

the time resolution, duration, speed curve and other measurements may vary thread-wise. 

The thread-wise measurement has time_elapsed_ns information in nanoseconds instead 

of milliseconds compared to the global test. The visualization of the thread-wise downlink 

speed during the OpenRMBT test is shown in Figure 2-4. The data was obtained by 

measuring the devices throughput while performing the test and shows, that the download 

speed fluctuates within each thread during the test. The black line visualizes the sum 

throughput of the three TCP connections using Wireshark software. 
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Figure 2-4 Thread wise result and a Total sum result of a single RTR test 

The Quality of Service tests are saved as JSONArrays and are available on request. These 

tests evaluate the quality parameters of the client’s connection to the internet and they 

consists of QoS procedures described above. 

2.4 TEST RESULTS – THINNING 

The time-series tests sent to the RTR database are thinned – part of the samples are 

dumped, reducing the size of the file and reducing the resolution of the measurement. 

This technique is commonly used when the data is oversampled and needlessly take a lot 

of space and processing power to go through. The negative aspect of thinning is reducing 

the amount of information in data and if too large portion of data gets dumped, the data 

may become unusable. 

In this case, the reduction of data is not documented anywhere on the RTR website 

and it is only possible to find in source code of the open-test. The measurements were 

carried out at the Vienna University of Technology using Wireshark software while 

running the RTR NetTest on the device and measure the data rate. The results of the 

original data-rate and reduced data-rate were then compared and are captured in Figure 

2-5 (before compression) and Figure 2-6 (after compression). 

 

Figure 2-5 Original Data-Rate 
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Figure 2-6  Thinned Data-Rate measurements 

It is shown the figure, that a significant portion of the information was lost due to the 

compression. The compression ratio is changing depending on the test, which makes the 

analysis of the data more difficult. 

2.5 TEST RESULTS – WEB VIEW 

Within the RTR NetTest website [46] there are several options of visualizing and 

interpreting the measured data. One of these reflects the measurements onto maps. This 

option imprints values of desired quantity based on location and projects them into the 

online map. The maps used within the application are Bing maps, basemap.at and 

OpenStreetMap. The visualizing tool enables filtering the data to obtain the requested 

values of interest based on measured quantity, network provider, time span, network 

technology and network type. It allows viewing the results either as a heat map or as 

single points, where each point stands for a single measurement or a sum of measurements 

taken at the same GPS coordinates. The example of such view is shown in Figure 2-7 that 

captures a heatmap of mobile 4G download in the span of 3 months, projected onto Bing 

Maps. 

 

Figure 2-7 Test result – Bing Map with 4G Mobile Download over 3 months [46] 
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Another possibility to display the data of interest is in the statistics section of the website 

[46]. The user has an option of filtering the data based on several values and obtaining 

filtered data in the form numerous tables. The user may filter the data based on operator’s 

origin country, province, location accuracy, network provider, time span, network 

technology and network type. The data may also be sorted according to the type and brand 

of the device performing the measurement. The last table is a list of the newest 

measurements taken. Within the scope of these filters, the result may be displayed as a 

histogram where the user may manually set the graph’s borders and step size. From the 

displayed histogram (see Figure 2-8 where the same filters as for Figure 2-7 are applied) 

it is possible to list all the test reports that were merged into specific region of that 

histogram. See Figure 2-9 for an example of Advanced Search Filter. 

 

Figure 2-8 Test Result – Histogram [46] 

 

Figure 2-9 Part of Advanced Filter's possibilities [46]  
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3 DATA ANALYSIS 

In this chapter the data from the crowdsource database are analysed and processed. The 

core data for the analysis are LTE measurements taken over the year 2018 in Austria. The 

raw database consists of 390 922 test results. First, the functions for pre-processing data 

are presented, which prepare the dataset for the further analysis, either spatial or temporal.  

Time-of-Day analysis evaluates the consistency of data in time. The goal of this analysis 

is to find the inconsistencies and anomalies within the data, evaluate the distributions of 

the network parameters and to assess, whether the network performs constantly 

throughout the day, or whether in the busier hours the performance is dampened. 

3.1 PRE-PROCESSING 

The main task of pre-processing the data is to prepare the dataset for the further analysis 

by removing the undesired and corrupted entries, grouping the tests by used operator or 

location and acquiring additional data (.json files). The system is designed to work with 

.csv files primarily to save computational resources, loading desired .json files only when 

needed. First, the tool loads the list of measurements into a table containing all .csv 

available results. As the next step, the number of pre-processing functions are available 

to filter, group, analyse and plot the data based on the further analysis chosen and 

specified input parameters  (see Table 4 for input parameter definitions). The following 

text presents and explains the utilization of each of those functions that may be found in 

the thesis attachment. 

removeroaming(tab) 

The algorithm calls the function, which removes all measurements with empty 

‘sim_mcc_mnc’, ‘network_mcc_mnc’ and with ‘sim_mcc_mnc’ and ‘network_mcc_mnc’ 

not having the same value. With this step, the tests done in unknown network as well as 

the tests done while roaming are removed. This function is called for all types of analyses. 

The database is reduced to 158 094 measurements after the initial filtering. 

nanGPS(tab); 

This simple function removes measurements from input table with unspecified latitude 

and longitude information. After this step, the database is left with 116 333 

measurements. 

loadjson(tab) 

This function returns the structure of decoded .json files identified by ‘open_test_uuid’ 

parameters contained in table tab. The algorithm checks all test ID entries in the input 

table and tries to load the corresponding .json. Along with output structure of loaded 

measurements, the algorithm informs how many entries were loaded and how many were 

not found. 

find3oper(tab) 

This function finds the entries from three largest operators in Austria by their 

‘sim_mcc_mnc’ and ‘network_name’ [52]. The second criterion is required since the 

mnc’s are shared with sister providers. The entries for operators A1 (e.g. 232-01), 
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T-Mobile (e.g. 232-03) and H3 (e.g. 232-05) are returned as three tables containing only 

the entries of those network operators. The table of A1 results contains 39 632 tests, T-

Mobile contains 32 514 tests and H3 contains 25 690 tests. 

splithour(tab) 

The algorithm analyses the input table’s parameter ‘time_utc’ in datetime format and 

divides the entries based on the hour, during which the measurement was taken. This 

function creates a structure containing 24 tables using ‘for’ loop. Each entry represents 

one hour, when the first one corresponds to measurements taken between 0:00 and 1:00, 

second to 1:00 to 2:00 etc. The function also returns an array of hourly measurement 

counts. 

3.2 TIME-OF-DAY EFFECT 

The crowdsource-based database contains measurements distributed in time and space, 

with unequal density. The following chapter analyses the temporal effect on the 

measurements, their density and qualitative results. The filtering and grouping of data is 

realized for the further steps of the analysis to compensate for the distortions in the data 

caused by the varying distributions in time. This chapter is divided into three parts, the 

first one analyses the initial dataset, the seconds localizes and removes biased data and 

the last one evaluates the data and draws conclusions. 

3.2.1 TIME ANALYSIS 

The following text presents the analysis and its results for temporal effects within each of 

the operator’s network. Biased measurements were found (and in later chapter removed) 

within the T-Mobile’s data, corrupting the distributions of the parameters within the 

network. The data for this analysis are prepared using the functions removeroaming, 

nanGPS, find3oper and splithour. There are several functions implemented for better 

visualization and interpretation of the results. Their functionality and the results are 

shown and discussed below each function. First, it is necessary for the analysis to assess 

the hourly measurement count per operator. 

barhours(A1, Tmob, H3) 

This function creates a plot with four subplots. The first graph shows the hourly count of 

measurements across all operators, the next displays results for A1, then T-Mobile and 

the final subplot visualizes the H3 measurements. The results are shown in Figure 3-1.  
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Figure 3-1 Hourly measurement for all measurements (top left), A1 (top right), T-Mobile 

(bottom left), H3 (bottom right) 

There are several conclusions that can be drawn from the figure above. The measurement 

count between 23:00 and 4:00 is significantly smaller. During the day, the highest 

measurement count is registered between 9:00 and 11:00. The total measurement count 

is above 3000 measurements from 4:00 to 22:00, corresponding to the time, when most 

of the population is awake. There are over 3000 hourly measurements in T-Mobile 

network registered between 4:00 and 6:00, which do not correspond to the trend of data 

in any of the other operators. This anomaly will be analysed further to find out the quality, 

location and the author of the “suspicious” measurements. The following analysis 

estimates the qualitative properties of the hourly data. 

boxhours(A1, Tmob, H3, param) 

After calling this function, the hourly boxplots are shown for all operators depending on 

the chosen parameter. The algorithm evaluates the following parameters: downlink speed, 

uplink speed, RTT, RSRP and RSRQ. Boxplot plotting requires reformatting the data 

from 24 hourly measurements to be merged into two vectors, first one containing the 

analysed quantity and the other one x-axis data (hour of measurement). The merging of 

data is done by loading all results (e.g. ‘download_kbit’) form the first hour (0-1), creating 

the same-length vector of hourly values (0) and then, in the loop, merging the additional 

results after the previous results as well as extending the hourly vector by equivalent 

number of new hourly entries. The value on x-axis represents the starting hour of the 

interval. 

The boxplot shows the distribution of the results with the red line symbolizing the 
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median, blue box containing all results between 25 and 75 percentiles being referred to 

as “spread” during the analysis, the “whiskers” represent the extreme values and red 

pluses represent outliers. The resulting boxplots for RSRQ measurements are shown in 

Figure 3-2 (left) for A1, Figure 3-2 (right) for T-Mobile and Figure 3-3 (left) for H3. 

 

Figure 3-2 Boxplot of RSRQ for A1 (left) and for T-Mobile (right) 

All three figures show stable behaviour throughout the day, with only a slight drop of 

median (by 1 dB) in the afternoon hours for T-Mobile and A1. For T-Mobile 

measurements, the median value of RSRQ is increased (by 2 dB) between 3:00 and 4:00. 

The measurements show minimal differences in RSRQ measurements throughout 

the day. Additionally, since RSRQ in OpenRMBT measurement is estimated in the wrong 

way, this parameter is not considered as the reference parameter for the rest of this thesis. 

RSRP boxplot results are shown in Figure 3-3 (right) for operator A1, Figure 3-4 (left) 

for T-Mobile and Figure 3-4 (right) for H3 and are interpreted below. 
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Figure 3-3 Boxplot of RSRQ for H3 (left) and of RSRP for A1 (right) 

 

Figure 3-4 Boxplot of RSRP for T-Mobile (left) and for H3 (right) 

RSRP behaviour of A1 has peak between 9:00 and 11:00, when the value of median is 

-95 dBm. Throughout the day, the median drops about 5 dBm and the distribution remains 

in the same bounds. The median of RSRP of T-Mobile fluctuates throughout the day from 

-83 dBm (3:00 - 4:00) to -103 dBm (20:00 - 21:00). The median is also significantly 

higher during the time of measurement count anomaly (-91 dBm, -92 dBm from 4:00 to 

6:00). The spread (25 to 75 percentiles height) of results is significantly higher than the 
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spread at different times (across all operators) from 3:00 to 4:00 and from 22:00 to 24:00. 

During the anomaly, the spread is significantly smaller. RSRP of H3 is stable throughout 

the day, only with small fluctuations (-101 to -113 dBm) from 1:00 to 3:00. Boxplot of 

RTT distributions is shown in Figure 3-5 (left) for A1, Figure 3-5 (right) for T-Mobile 

and Figure 3-6 (left) for H3. 

 

Figure 3-5 Boxplot of RTT for A1 (left) and for T-Mobile (right) 

The median of RTT for A1 measurements stays stable throughout the whole day, varying 

only from 18.2 to 22 ms. The spread of the distribution is slightly increased in the 

afternoon hours, the results of T-Mobile RTT strongly vary depending on the hour. 

Median of RTT ranges from 19 ms (20:00 – 21:00) to 121.4 ms (3:00 – 4:00) with higher 

median values during the anomaly. The spread of results is significantly bigger compared 

to the spread of other operators. Median of RTT for H3 stably varies from 27.1 ms (1:00 

– 2:00) to 32.5 ms (19:00 – 21:00) with stable spread. 

Boxplot of uplink speed distributions is shown in Figure 3-6 (right) for A1, Figure 

3-7 (left) for T-Mobile and Figure 3-7 (right) for H3. A1’s uplink speed has stable spread 

throughout the day, with median ranging from 8 Mb/s (18:00 – 19:00) to 15 Mb/s (9:00 

– 10:00). The distribution of T-Mobile’s uplink speed varies in similar way as the RTT, 

median ranging from 15.1 Mb/s (16:00 – 17:00) to 48.5 Mb/s (3:00 – 4:00).  

Downlink speed boxplots are shown in Figure 3-8 (left) for A1, Figure 3-8 (right) 

for T-Mobile and Figure 3-9 for H3. The highest median of A1’s downlink is 54.8 Mb/s 

(1:00 – 2:00) and the lowest is 22.9 Mb/s (19:00 – 20:00). The highest measured values 

are during the night and the lowest in the afternoon, corresponding to larger number of 

people utilizing the connection. The median of downlink speed of T-Mobile varies 

between 121.4 Mb/s (3:00 – 4:00) and 19.0 Mb/s (20:00 – 21:00) with the distribution 

similar to the two previous parameters. The results of downlink speed analysis for H3 

show the maximum median 50.2 Mb/s (2:00 – 3:00), minimum median 17.5 Mb/s (19:00 

– 20:00) and the spread is slightly higher in the morning, shrinking towards the evening. 
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Figure 3-6 Boxplot of RTT for H3 (left) and of uplink speed for A1 (right) 

 

Figure 3-7 Boxplot of uplink speed for T-Mobile (left) and for H3 (right) 
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Figure 3-8 Boxplot of downlink speed for A1 (left) and for T-Mobile (right) 

 

Figure 3-9 Boxplot of downlink speed for H3 

Interestingly, the anomalies within the results of T-Mobile look exactly the same for RTT 

and uplink/downlink speeds. Commonly the throughput of the TCP connection is inverse-

proportional to the RTT value due to the requirement of receiving acknowledgements 

before being able to send more TCP packets. The unnatural fact of increased throughput 

and RTT at the same time will be evaluated. The previous analysis showed the 

inconsistencies within the data, but they did not clearly visualize their distribution. 
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ecdfhours(Tmob,Hours) 

This function plots the empirical cumulative distribution function (eCDF) for downlink 

speed, uplink speed, RTT and RSRP of the selected operator for each hour in array Hours 

corresponding to the selected bin from boxhours (0 corresponding to 0:00 – 1:00). RSRQ 

was not implemented due to the small hourly variations in previous analysis. Along with 

the eCDF, the function shows 95 % confidence intervals of the parameter. Empirical 

cumulative distribution function is sample-based cumulative distribution function (CDF). 

CDF is defined as a function showing a probability of a value on y-axis being smaller 

than a value of the parameter on the x-axis. Its values vary from 0 in negative infinity to 

1 in infinity. The upper part of the plot represents the tests with the highest values of the 

results, which in case of RTT correspond to the worst performing tests. 

Figure 3-10 shows the comparison of A1’s downlink speed, uplink speed, RTT and 

RSRP for the best-performing hours (1:00 – 2:00 and 2:00 – 3:00) and the worst-

performing hours (18:00 – 19:00 and 19:00 – 20:00). Results for 1:00 – 2:00 and 2:00 – 

3:00 (blue and purple line) have significant steps in their distribution since they contain 

much less entries (see Figure 3-1) than the afternoon plots. The distribution of 18:00 – 

19:00 and 19:00 – 20:00 (red and yellow line) have their probability line in lower 

parameter values (instead of RTT, where their distribution is in higher values), yet the 

shapes of the distributions are similar to the better-performing ones. The difference in 

higher parts of RTT distribution indicates the higher utilization of the network (higher 

delays in routers due to full buffers). 

 

Figure 3-10 eCDF, A1, lines: blue = 19, purple = 18, red = 1, yellow = 2 

The eCDFs of T-Mobile’s downlink speed, uplink speed, RTT and RSRP for the best-

performing hours (3:00 – 4:00, 4:00 – 5:00 and 5:00 – 6:00) and the worst-performing 

hours (19:00 – 20:00 and 20:00 – 21:00) is shown in Figure 3-11. The results of 3:00 – 

4:00 interval (blue line) for downlink speed shows significantly different distribution of 

results than the rest. The shape of uplink speed’s distribution also significantly varies, as 

well as RSRP curve. The eCDF of the latency shows, that 40 % of the measurements had 
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exactly 15 ms RTT. The eCDFs for 4:00 – 5:00 and 5:00 – 6:00 (red and purple line) also 

have different shape of the distribution in downlink and uplink speeds. These results 

correspond to the anomaly in the measurement count bar graph (see Figure 3-1) and imply 

that the measurements were taken under different circumstances than the remaining 

measurements within the network as well as within the other operator’s networks. The 

19:00 – 20:00 and 20:00 – 21:00 measurements have a distribution similar to the 

distributions of the remaining measurements. 

 

Figure 3-11 eCDF, T-Mobile, lines: blue = 3, purple = 4, red = 5, yellow = 19, cyan = 20 

The visualization of H3’s parameter’s distributions can be found in Figure 3-12. There, 

the best-performing hours (2:00 – 3:00 and 3:00 – 4:00) are plotted in blue and purple 

and the worst-performing hours (19:00 – 20:00 and 20:00 – 21:00) are displayed as red 

and yellow distributions with their 95 % confidence intervals. All distributions there have 

similar shapes, differing only by their position in graph or slope. It is also clearly visible, 

that blue and purple lines (early morning hours) are more granular than the lines 

representing distributions of the afternoon hourly results. 
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Figure 3-12 eCDF, H3, lines: blue = 2, purple = 3, yellow = 19, red = 20 

3.2.2 ANOMALY IDENTIFICATION 

In the next part of this chapter, the analysis is conducted to identify the source and causes 

of the anomaly in the T-Mobile network within 4:00 to 6:00 period (see Figure 3-1), as 

well as check the remaining hourly bins for similar inconsistencies (significant increase 

of network performance in 3:00 to 4:00 bin and 22:00 to 0:00 bins).  

barminutes(tab, Hours) 

This function plots the per-minute count of measurements from the chosen table of 

results, based on the selected hours (similar to the barhours function). All hourly bins 

across all operators were analysed, and within the T-Mobile measurements the frequent 

inconsistencies were detected, namely in hourly bins 3:00 – 4:00, 4:00 – 5:00, 8:00 – 

9:00, 9:00 – 10:00, 13:00 – 14:00 ,14:00 – 15:00, 18:00 – 19:00, 22:00 – 23:00, 23:00 – 

24:00, always in 10th minute, as the example shows in Figure 3-13. The function is able 

to return the structure of measurements of 10th minute within the considered hourly bins. 

Figure 3-14 presents the eCDF of the measurements within the 10th minute of hours 

mentioned above compared to the eCDFs of T-Mobile measurements within 9:00 – 10:00 

and 18:00 – 19:00 as the bins not containing any anomalies or extremes. Overall, there 

are 1377 measurements within the 10th minute anomaly. 

Removing the measurements containing the anomaly is the obvious solution to get 

“the clean data”. Removing the whole minute bins would also remove the unbiased 

measurements within those bins, removing valuable information. The T-Mobile’s 

measurement count anomaly is not solved by removing the 10th minute bins as it occurs 

elsewhere in time. Therefore, additional analysis including the measurement count 

anomaly as well as 10th minute anomaly is realized. 
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Figure 3-13 The inconsistencies within T-Mobile measurements for 8:00 - 9:00 and 

22:00 - 23:00 bins 

 

Figure 3-14 eCDF visualization of 10th minute’s anomaly within T-Mobile network for 

downlink 

The merged structure of data containing 8792 tests from both anomalies was tested and 

evaluated. The ‘model’ analysis shows 3668 tests were ran on LG G5, 2878 tests on 

BlackBerry KEY One (BBB100-2) and 1383 tests on Samsung galaxy S8. ‘ip_anonym’ 

analysis shows that 2975, 2613, 1578 and 1346 entries were each ran on a single IP 

address. The following analysis shows ‘cell_area_code’ results showing, 3201 results 

with area code 14062, 2092 results with area code 14052 and 1978 results with area code 

14061, and ‘cell_location_id’ analysis shows, that 1301, 602, 303, 259 and 251 

measurements were taken on while connected to the same eNodeB. After localizing the 

measurements on the map using [53],the analysis shows frequent measurement during 

biased hours on a path through Vienna centre, as shown in Figure 3-15 (left). Figure 3-15 

(right) shows that the location of majority of 10th minute anomaly measurements is inside 

T-Mobile’s central building. To resolve the 10th minute anomaly, all measurements within 
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the anomaly, measured within the coordinates 48.1868 to 48.1874 of latitude and 16.4025 

to 16.4035 of longitude will be discarded as biased measurements. In similar manner, 

measurements from corrupted bins (4:00 – 5:00 and 5:00 – 6:00) corresponding to the 

locations with coordinates 48.184 to 48.259 of latitude and 16.383 to 16.405 of longitude 

will be dropped from the database as biased. Interestingly, the route of the measurements 

starts in front of the T-Mobile central office, where 10th minute testing took place. The 

measurements discarded in this step correspond to drive-test quality measurements.  

  

Figure 3-15 Anomalies in T-Mobile measurements, (left) testing on a path, (right) testing in 

T-Mobile central office [53] 

 removebias(Thours) 

This function removes biased measurements from the structure of hourly measurements 

by filtering the chosen bins of data, specified either by hour or minute using GPS 

coordinates. First, the hourly anomaly is compensated by removing the measurements 

with coordinates 48.184 to 48.259 of latitude and 16.383 to 16.405 of longitude from 4:00 

– 5:00 and 5:00 – 6:00 hourly bins. Next, 10th minute anomaly is removed from 3:00 – 

4:00, 4:00 – 5:00, 8:00 – 9:00, 9:00 – 10:00, 13:00 – 14:00 ,14:00 – 15:00, 18:00 – 19:00, 

22:00 – 23:00 and 23:00 – 24:00 hourly bins by selecting the measurements realized 

within 10th minute and removing the ones with the coordinates 48.1868 to 48.1874 of 

latitude and 16.4025 to 16.4035 of longitude. This function removes 4840 biased 

measurements from the T-Mobile’s dataset. The resulting distributions and boxplots of 

T-Mobile measurements are shown on the example of downlink speed boxplot and eCDF 

across all hourly results (see Figure 3-16). Figure 3-17 additionally shows the hourly 

measurement count after the bias filtering and shows, that the distortions in the 

measurement counts were removed. 
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Figure 3-16 eCDF of download speed and boxplot for download speed for T-Mobile after 

resolving the anomalies 

  

Figure 3-17 Hourly measurement number for all operators (left) and of T-Mobile (right) after 

removing biased measurements 

3.2.3 TIME-CONSISTENCY EVALUATION 

After evaluating and “clearing” the data, the hourly measurement distributions were 

plotted, and their distributions compared (see figures in the thesis attachment). To 

evaluate, whether two data sets have the same (or similar) distribution, a number of 

statistical tests are available, such as Welch’s t-test or Kolmogorov-Smirnov two-variable 

test. 

To utilize Welch’s t-test, the distributions of the quantities within the data have to 

comply to the Gaussian distributions. To check, whether the distributions are Gaussian, 

Anderson-Darling test was applied to each dataset. The test showed, that none of the 

measured quantities in almost none of the time bins (with exception of RSRP for T-

Mobile within 2:00 – 3:00 bin) have Gaussian-like distribution and therefore Welch’s t-

test cannot be reliably utilized. 

Kolmogorov-Smirnov two-variable test is a statistical non-parametric hypothesis 

testing tool evaluating, whether two sets of data come from the same distribution. The 
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null hypothesis of this test is that the two datasets come from the same distribution, which 

is either rejected or accepted. The test’s methodology is to find the point on the x-axis 

with the largest difference between the distributions and compare it to the null hypothesis 

level given by number of samples and the level of the test. Usually, the test is realized on 

power level 𝛼 = 0.05 corresponding to 95 % confidence interval between distributions. 

The test was utilized to analyse, whether and how reliably the two hourly bins can 

be merged within each operator’s network for all considered parameters (DL throughput, 

UL throughput, RTT and RSRP). In case the best-performing hourly bin compared to the 

worst-performing hourly bin per parameter confirms the null hypothesis, it is safe to 

declare, that all bins come from the same distributions and therefore time-of-day aspect 

can be fully neglected. The results show full rejection of the null hypothesis, meaning 

none of the parameters behave in the same fashion throughout the day for none of the 

operators. The first conclusion from this chapter is that from the statistical point of view 

the time of day effect cannot be neglected. 

In the following testing, each parameter was cross-tested across all bins to evaluate 

how different the distributions are. The results of such analysis are shown in Table 6, 

where the attempt to cover the whole range of results using two measurements was made. 

The goal was to find the “reference” hour, which proves null hypothesis with the majority 

of bins and the secondary bin to prove the null hypothesis with the rest. In “Null” column 

of primary bin the number of unified bins is shown, in “Null” of secondary bin, the 

number of remaining unified bins is presented. In case there was no bin proving null 

hypothesis for more than a half of the bins, further search was abandoned. The table 

shows, that there is no common trend within the data and that for the analysis of 

the majority of the parameters, two time-bases, such as busy and quiet intervals, are 

insufficient. 

Table 6 Finding common basis from hypothesis testing 

Operator Parameter Primary bin Null Secondary  Null 

A1 RSRP 3:00-4:00 21 10:00 – 11:00 3 

T-Mobile RSRP 5:00 – 6:00 16 22:00 – 23:00 7 

H3 RSRP 8:00 – 9:00 19 20:00 – 21:00 2 

A1 RTT 15:00 – 16:00 6 X X 

T-Mobile RTT 5:00 – 6:00 18 23:00 – 24:00 3 

H3 RTT 15:00 – 16:00 7 X X 

A1 DL speed 9:00 – 10:00 7 X X 

T-Mobile DL speed 3:00 – 4:00 5 X X 

H3 DL speed 0:00 – 1:00 6 X X 

A1 UL speed 3:00 – 4:00 17 20:00 – 21:00 3 

T-Mobile UL speed 23:00 – 24:00 12 X X 

H3 UL speed 7:00 – 8:00 17 1:00 – 2:00 4 
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The last set of analyses is the visual verification, whether the hourly bins can or cannot 

be merged together. Figures in the attachment show the hourly distributions of all 

considered parameters in each operator’s network. While statistically the parameters have 

the distribution varying in time, visually the distributions differ only slightly and the 

differences within the distributions are caused either by low number of samples (see DL 

speed for T-Mobile, 1:00 – 3:00), high-performing measurement results or “shortening” 

of the distributions in upload and download speeds  in the busier hours due to the higher 

traffic within the network (see DL speed for T-Mobile, 7:00 – 8:00 bin compared to 20:00 

– 21:00 bin). The conclusion of visual comparison is that the distribution of data is 

consistent in time to some extent. Considering the number of available measurements 

after filtering and removing the biased data being equal to only 87 316, splitting them 

more ways than 3 would not leave any considerable data density for spatial analysis. 

CONCLUSION ON TIME-OF-DAY EFFECT 

Concluding this chapter, after presenting the hourly distributions and boxplots of the 

measurements per operator the bias within the T-Mobile network has been found. The 

analysis of the bias concludes, that the measurements were taken by T-Mobile company, 

probably to test the performance of the devices periodically (10th minute anomaly) and 

during the drive-tests (measurement count anomaly). These measurements were removed 

from the considered database due to their drive-test characteristics (significantly 

increased performance in comparison to the rest of the database) statistically favouring a 

single operator. 

The Kolmogorov-Smirnov two-variable test was applied to the data across all 

parameters and operators showing that the hourly bins do not belong to the single 

distribution, statistically concluding that due time-of-day effect the data are inconsistent 

in time and cannot be considered as a single set. Finding double time basis using 

Kolmogorov-Smirnov two-variable test showed, that there is no two-base consistency 

within the data (such as splitting the time into busy and quiet intervals). Finally, a visual 

test was performed while showing the distributions of each parameter (per operator) 

concluding the distributions are similar and under mitigating circumstances can be 

considered consistent in time, mainly due to practical utilization of the data for spatial 

analysis. Time-of-day effect is therefore to be ignored in the following chapters, with the 

possibility of later hour-wise compensation. 
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4 SPATIAL METHODS 

In this chapter, the methods evaluating the network performance in spatial dimensions 

are presented, discussed and applied to the available data. These methods unite spatially 

similar data and evaluate the measurements within them, processing them and returning 

the estimated network parameters per spatial area. The goal of this chapter is to create 

two spatial methods for evaluating the network parameters based on the chosen 

coordinates. This chapter also includes the eNodeB performance evaluation tool 

description and its results. 

4.1 BINNING 

The first considered spatial technique is called binning. This technique divides the area 

into bins of pre-defined sizes and assigns each measurement to the bin with corresponding 

latitude and longitude range. The bin-wise results are then evaluated from the assigned 

measurements and stored for further access. The approach of binning was described in 

[33], where the whole area of Sweden was divided into squared bins on 200×200, 

400×400, 800×800 and 1600×1600 m bins. The chapter presents the pros and cons of this 

technique, the method of transforming latitude and longitude coordinates to metres, 

the binning algorithm and the results. The output of this method are network parameters 

evaluated bin-wise and the algorithm, which returns the network parameters evaluated at 

the selected location. 

Binning technique is a straight-forward approach for spatial qualification of 

measurements. Its main advantage is the ability to set the size of each bin to the exact 

value. This way, the whole area is evenly divided, and each result corresponds to that part 

of the area. Because the density of measurements and the behaviour of signal is not 

consistent in space, it is useful to choose smaller bins in the city areas (where the signal 

changes rapidly due to the density of buildings and users) and larger bins outside the city 

in areas such as highway segments (where the surface is flat, and tests are realized in high 

speeds).  

The disadvantage of binning is the requirement to convert latitude and longitude of 

each measurement into metre coordinates before attaching the measurement to the 

corresponding bin. The bins have to be rectangle or square-shaped to cover the whole 

area evenly. Rectangular or squared bins do not reflect the behaviour of the network per 

area in the best manner. The main transport routes for example (such as highways) are far 

from square-shaped. Additional disadvantage of binning arises when the measurement is 

realized on the border between two bins. The result then affects the whole area of one bin 

and is ignored by the other. To compensate for this fact, two bin maps are created for each 

bin size, each with half-bin offset to provide an additional result. 

4.1.1 TRANSFORMATION TO METERS 

The RTR test result contains latitude and longitude information about the measurement 

location. These coordinates need to be transformed into metres, since one degree of 

latitude and longitude does not correspond to the even and constant values in meters. 

There are several methods of transforming latitude and longitude information into meters. 
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The technique of choice for this thesis is the utilization of Haversine formula, which 

determined the distance between two points on the sphere given their latitude and 

longitude information. The fact, that Earth is an oblate ellipsoid, not a sphere, is 

compensated by considering the measurements within a small region of the ellipsoid, 

which allows to consider Austria as an area on a sphere with radius corresponding to the 

radius of Earth at the same latitude. Earth radius 6366.5 km is considered for the latitude 

of Austria. 

To convert the latitude and longitude to metres, the reference coordinate has to be 

chosen, towards which the vertical and horizontal distances are measured. For this thesis, 

the zero distance has been chosen to be 46° latitude and 9° longitude. Such choice enables 

considering all latitude and longitude measurements within Austria to have positive 

vertical and horizontal values in metres. The distance between two points on a sphere is 

expressed using Haversine formula as: 

∆𝑙𝑎𝑡 = 𝑙𝑎𝑡2 − 𝑙𝑎𝑡1 

∆𝑙𝑜𝑛𝑔 = 𝑙𝑜𝑛𝑔2 − 𝑙𝑜𝑛𝑔1 

𝑑 = 2 ∙ 𝑟𝑎𝑑 ∙ arcsin (√sin2 (
∆𝑙𝑎𝑡

2
) + cos(𝑙𝑎𝑡1) ∙ cos(𝑙𝑎𝑡2) ∙ sin2 (

∆𝑙𝑜𝑛𝑔

2
)) 

(4.1) 

Where 𝑑 refers to the distance in kilometres, 𝑟𝑎𝑑 refers to the radius of the sphere in 

kilometres, 𝑙𝑎𝑡1 and 𝑙𝑜𝑛𝑔1 refer to the coordinates of the first point and 𝑙𝑎𝑡2 and 𝑙𝑜𝑛𝑔2 

refer to the coordinates of the second point. Transforming the formula to receive vertical 

and horizontal distances leads to the following equations: 

𝑑𝑣𝑒𝑟 = 2 ∙ 𝑟𝑎𝑑 ∙ arcsin (√sin2 (
𝑙𝑎𝑡1 − 𝑙𝑎𝑡0

2
)) (4.2) 

and 

𝑑ℎ𝑜𝑟 = 2 ∙ 𝑟𝑎𝑑 ∙ arcsin (√cos2(𝑙𝑎𝑡0) ∙ sin2 (
𝑙𝑜𝑛𝑔1 − 𝑙𝑜𝑛𝑔0

2
)) (4.3) 

Where  𝑙𝑎𝑡1 and 𝑙𝑜𝑛𝑔1 refer to the coordinates of the considered point and 𝑙𝑎𝑡0 and 𝑙𝑜𝑛𝑔0 

refer to the coordinates of the reference point. For the calculation of vertical distance, 

longitudes are considered equal to the reference and therefore the second component in 

the equation can be eliminated (sin(0) = 0). The formula for horizontal distance neglects 

the first part of the equation since the latitude of the considered test is considered equal 

to the reference. 

4.1.2 BINNING ALGORITHM 

This chapter describes the algorithm for creating the database for bin-wise results. Before 

applying the binning algorithm, the database is pre-filtered using functions 

removeroaming and nanGPS to drop the measurements without the corresponding 

operator and coordinates. As the next step, the conversion of latitude and longitude 

coordinates to metres is realized using latlong2m function, which utilizes the Haversine 
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conversion described in the chapter above. As the result, each measurement is assigned a 

vertical and horizontal information in metres. Next, the database is converted into a 

structure, within which each operator is assigned its measurements. 

The grid for binning is created between 9° and 17.2° of longitude and 46° and 49.05° 
of latitude. After converting the coordinates to metres, the area for binning results in 

632.66 km in length and 338.90 km in height. The chosen bin sizes are 400×400 metres 

and 1600×1600 metres. The smaller bins are designed to capture urban areas, where the 

signal strength changes more dynamically than in rural and open areas, which are better 

described by the larger bin size, since measurement density there is significantly smaller. 

For each bin size, two realizations of the binning are realized, the second with half-bin 

offset in both horizontal and vertical direction to compensate for the strictly dividing 

edges between the bins. As the result, 1339107 bins for 400×400 and 83345 bins for 

1600×1600 are created. 

The binning algorithm is shown in Figure 4-1. It repeats once per operator and twice 

for each bin size (with and without the half-bin offset). The selected area is transformed 

into horizontal and vertical distance in meters and divided into bins of chosen size both 

horizontally and vertically. The measurements coordinates are transformed into distances, 

then divided into bins vertically, while checking for measurements from outside the 

considered grid. Those measurements are then removed from the considered database. 

The same procedure is applied horizontally. The network parameters are calculated 

independently for each bin with the number of measurements above a certain threshold. 

The number of measurements within each bin is then calculated and saved as a matrix 

within corresponding structure. To evaluate the number of filled bins, the algorithm 

creates three masks within each structure, counting bins with more than 10, 20 and 50 

measurements per bin.  

 

Figure 4-1 Binning algorithm 

Table 7 shows the number of bins, that satisfy the measurement amount requirement per 

bin. In best scenario (see A1, 10+ measurements), the results for 400×400 bins cover 

0.05 % of the considered area and the results for 1600×1600 bins cover 1.01 % of the 

total area. This means, that in the majority of Austria there is not a sufficient number of 

measurements to evaluate network parameters using this technique. 
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Table 7 Number of bins with 10, 20 and 50 or more measurements 

Operator 400×400 bins (1339107 total) 1600×1600 (83345 total) 

10+ 20+ 50+ 10+ 20+ 50+ 

A1 679 197 37 842 375 117 

T-Mobile 275 100 37 387 148 45 

H3 472 156 24 531 250 84 

 

The network parameters are calculated only for bins with more than 10 measurements to 

ensure statistically reliable results. For 400×400 bins this corresponds to one 

measurement per 127×127 m area, for 1600×1600 bins to one measurement per 

506×506 m area. The algorithm repeats for each bin with more than 10 results and saves 

the corresponding measurements to the temporary table. Downlink throughput, uplink 

throughput, RTT and RSRP are then evaluated and saved bin-wise. For each parameter, 

mean value, trimmed mean, median and 95th percentile are calculated and saved. Mean, 

median and 95th percentile are calculated from all data samples, trimmed mean rejects 

20 % tail samples (ignores 10 % of the worst and 10 % of the best results). 

4.1.3 BINNING RESULTS 

The results of binning algorithms include maps within which the network performance is 

evaluated (with a sufficient number of measurements) and also performance information 

obtained after entering the specific coordinates into the evaluation algorithm. The 

parameters were evaluated per operator, meaning that different mobile network operators 

have the performance defined in different bins, as well as different performance results 

in defined bins they have in common. 

The visualization of measured areas is realized using the function 

mapHcountall(oper,i,j), which evaluates ith operator (1 for A1, 2 for T-Mobile and 3 for 

H3) in jth binning realization (1 for 400×400 bins, 2 for shifted 400×400 bins, 3 for 

1600×1600 bins and 4 for shifted 1600×1600 bins) using oper results from binning 

performance measurement script. 

As shown in Figure 4-2 for A1, Figure 4-4 for T-Mobile and Figure 4-5 for H3, the 

1600×1600 m bins with available data in Austria differ per operator. The mapping 

function A1’s map has larger portion of covered area than T-Mobile or H3, having 39632 

measurements compared to T-Mobile’s 26803 and H3’s 25690. To increase the 

effectiveness and coverage area of binning, the results of shifted bins are added to the 

“basic” ones, significantly increasing the effectiveness of the method as shown in Figure 

4-3. Using this approach, each measurement is considered twice in case it lies in the area 

where the two realizations of binning overlap. The resulting performance value in such 

area is then considered as the mean between the two binning realizations. All following 

plots within this thesis, that are plotting the data onto a map are using [53] as the tool for 

creating the underlaying map. 
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Figure 4-2 Map of 1600x1600 bins for A1 

 

Figure 4-3 Map of 1600x1600 bins including the shifted bins for A1 

 

Figure 4-4 Map of 1600x1600 bins for T-Mobile 
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Figure 4-5 Map of 1600x1600 bins for H3 

The 400×400 bins with available measurements depicting the surroundings of Vienna are 

shown in Figure 4-6 for A1, Figure 4-8 for T-Mobile and Figure 4-9 for H3. It is visible 

from the figures, that the areas outside the city are sparsely measured due to the lack of 

measurements in those areas. The main communication routes, as well as some areas 

within the cities are measured only partially. By considering both shifted and non-shifted 

bins, the area gets significantly larger (see Figure 4-7 for A1). While using double binning 

for 400×400 m bin sizes, each measurement is ensured to influence the vertical and 

horizontal range of at least 200 meters around itself, compared to the singular binning, 

where the minimum influence was 0 metres (in case the measurement was located at the 

bin border). The performance in points which are covered by both performance maps is 

averaged between the two values. 

 

Figure 4-6 Map of 400x400 bins for A1 near Vienna 
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Figure 4-7 Map of 400x400 bins including the shifted bins for A1 near Vienna 

 

Figure 4-8 Map of 400x400 bins for T-Mobile near Vienna 

 

Figure 4-9 Map of 400x400 bins for H3 near Vienna 
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Network performance evaluation was realized only in bins with 10 or more 

measurements. Drawing conclusions from smaller number of measurements leads to 

increasing inaccuracy of the method due to the lack of samples. Considering larger areas 

than 400×400 m for city areas, where the network performance varies rapidly, and 

1600×1600 m for open areas increases the inaccuracy due to non-constant network 

performance behaviour within the considered area. 

The function mapHcount(oper,i,j) visualizes the evaluated areas in the similar way 

as mapHcountall(oper,i,j). Figure 4-10 depicts the area evaluated using binning algorithm 

for 1600×1600 m bins for A1 operator with the utilization of double binning. The density 

of evaluated bins (with minimum of 10 measurements) corresponds to the total 

measurement count per operator. Figure 4-11 shows the area of Vienna with binning 

algorithm for A1 for 400×400 m bins. The figures show, that evaluating the 

measurements within the bins with 10+ measurements strongly decreases the area with 

available network performance. The density of RTR measurements is not high enough to 

reliably cover the capital of Austria, which is by far most-densely covered area by 

measurements. 

 

Figure 4-10 Evaluated bins for A1, 1600x1600 m bins  

 

Figure 4-11 Evaluated bins for A1, Vienna, 400x400 m bins 
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For the purpose of evaluating the network parameters within each bin, four different 

performance metrics were created to specify the achievable performance. The first metric 

was chosen to be mean value of the measured parameter across all considered tests. The 

second metric, trimmed mean, as the name suggests, removes the tails from the results 

and then calculates the mean. Trimming parameter is set to 20 %, therefore removes 10 % 

of the worst and 10 % of the best results. In minimum sample size, trimmed mean ignores 

the best and the worst result. Median is the exact 50th percentile value and 95th percentile 

metric evaluates the highest achievable performance within the bin. For RTT evaluation, 

95th percentile evaluation is performed as 5th percentile evaluation, since the goal of the 

latency parameter is to be as low as possible in comparison to the remaining metrics. By 

considering these two metrics, it is possible to assess the mean tendencies of the data, 

whether the low-performing tests are further from mean than high performing tests 

(relation mean - median), whether the low tail is further from mean than high tail (relation 

mean – trimmed mean) and to what extent the best achievable performance is different 

from the average user performance (relation 95th percentile - median). 

The performance metrics are applied to the four parameters that are evaluated within 

this thesis. Downlink throughput of the network (derived from download speed), Uplink 

throughput of the network (derived from the upload speed), RTT and RSRP. 

Binning algorithm is divided into two sections for which a set of scripts was created 

and is available in the thesis attachment. Spatial distribution of measurements and their 

binning, filtering and performance evaluation is realized using BINmain script and saves 

the resulting parameters with spatial information for the further use. 

BINeval script is used to evaluate the results. The function mapHcountall(oper,i,j) 

creates a histogram of all measurements on the map, depicting all bins with existing 

measurements (see Figure 4-7). The histogram of only the bins suitable for parameter 

estimation is created by calling the function mapHcount(oper,i,j). 

The function, which is used to evaluate the performance metrics on the chosen 

coordinates is called BINeval_GPS(oper,operator,latitude,longitude), where oper refers 

to the structure of results from BINeval, operator describes the chosen operator and 

latitude and longitude refer to the  selected coordinates. The function returns the structure 

of results, containing four tables, each for one network parameter. The user may select 

the area of interest by setting its GPS coordinates into the script and receives the full 

evaluation table. Each table contains performance metrics based on the bins 

corresponding to the chosen coordinates. The function also shows the results in figure, as 

shown in Figure 4-12. In case the coordinates correspond to the bins with evaluated 

parameters (10 or more measurements), the parameters of the bin are shown. Otherwise 

the parameter’s evaluation result is 0. The following figure presents the situation, where 

the corresponding 400×400 bin contains more than 10 results, but the corresponding 

shifted 400×400 bin was not evaluated due to insufficient number of measurements in 

depicted area. Both 1600×1600 bin and shifted 1600×1600 bin were evaluated but contain 

much less accurate information (spread over 16 times larger area). In this case, the most 

accurate evaluation is given by 400×400 bin alone. 
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Figure 4-12 Results of binning performance evaluation 

4.2 CLUSTERING 

The second spatial method within this thesis is a clustering-based approach, which groups 

the data into clusters, utilizing unsupervised machine learning technique. The following 

chapter describes the numerous available clustering categories and algorithms, each with 

unique classification properties. The spatial classification using k-means clustering is 

realizes and the techniques algorithm presented. Then, the network performance 

evaluation using clustering is presented and evaluated. 

Cluster analysis or Clustering is a classification approach trying to group the data 

using data specified algorithms. The goal of clustering is to uncover groups with common 

features in underlaying data. Clustering algorithms are the examples of unsupervised 

learning, an important part of machine learning in which the “truth data” or labels are not 

known beforehand and therefore can be used in various scenarios with previously 
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unknown variables and on datasets, on which the supervised learning is impossible. It is 

not an automatic task but rather an iterative process of knowledge discovery, in which the 

optimization is a multi-objective task, as the metrics can favour different features while 

splitting the data into clusters. The objective of cluster analysis is to find a valid 

organization of the current data, not to establish rules for separating the future data inputs 

into categories. 

Cluster, group or category is a term defined as a set of data points. Most researchers 

describe a cluster by considering the internal homogeneity and the external separation. 

Patterns in the same cluster should be similar to each other, while patterns in different 

clusters should vary. Both the similarities and the differences should be examinable in a 

clear and meaningful way, leading to the defined common features of the individual 

points within a cluster and varying features between the points from other clusters. The 

objective of cluster analysis is to identify the clusters in data by specifying or learning the 

similarity measure, so that the purpose of clustering is satisfied. Clusters can be created 

with different shapes and sizes [54].  

To create an accurate clustering algorithm, a precise definition of similarity or 

distance between samples has to be defined. The similarity can be applied by defining the 

Euclidian distance, Jaccard correlation coefficient or cosine similarity [55]. 

The clustering algorithms can be generally categorized based on the metric of 

clustering: 

Hierarchal clustering creates a tree-like structure of clusters representing their 

hierarchy. It can be either agglomerative, where every data point is a cluster 

at the beginning and pairs of clusters are joined per each clustering iteration, or divisive, 

which starts with all data points joined within a single cluster, then recursively divided in 

the process. Agglomerative techniques are more common and include SLINK and Ward 

hierarchal clustering. 

Centroid-based clustering, such as k-mean or k-centre assigns a central vector to 

each cluster. The vector is not necessarily a member of the dataset. The technique is easy 

to use in practice but has some shortcomings. The first one is that no objective method is 

available to determine the initial centres with absolute reliability, which has 

a considerable effect on the final clustering results. Another one is that the number of 

clusters cannot be determined objectively, but rather guessed at the beginning of the 

process. Furthermore, the distance metric used in centroid-based clustering usually cannot 

measure the complicated relationships between the samples [56]. 

Density-based approaches utilize a local cluster criterion. Clusters are defined as 

regions in the dataspace, where the objects are dense, and remain separated from one 

another by low-density regions. The best known among them is the DBSCAN approach. 

It is known for its ability to discover clusters of any arbitrary shape and handle noise 

points effectively. It may also be used on large databases as its current versions are 

memory and computationally effective [57]. 

Clustering using representatives (CURE) is a large-scale hierarchical clustering 

algorithm which adopts a middle ground between the centroid-based and the all-point 

extremes. It does not assume anything about the shape of clusters nor their distribution. 

In CURE, a constant number of well scattered points in a cluster is first chosen. The 

scattered points capture the shape and extent of the cluster. The chosen scattered points 
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are next shrunk towards the centroid of the cluster by a fraction. These scattered points 

after shrinking are used as representatives of the cluster giving the algorithm its name. 

The clusters with the closest pair of representative points are the clusters that are 

merged at each step of CURE’s hierarchical clustering algorithm. 

4.2.1 K-MEANS 

K-means (also called Lloyd’s) algorithm has a rich and diverse history as it was 

independently discovered in different scientific fields by Steinhaus (1956), Lloyd 

(proposed in 1957, published in 1982), Ball and Hall (1965), and MacQueen (1967) [58]. 

Even though K-means was first proposed over 50 years ago, it still remains one of the 

most widely used algorithms for clustering. Despite some disadvantages listed above, this 

method excels in simplicity and efficiency. The algorithm consists of several steps and is 

depicted in Figure 4-13. After loading the data, the algorithm has to find k clusters. To 

choose the initial cluster centroids, several methods can be used. They are either chosen 

from the input samples at random, uniformly distributed at the range of input samples, or 

using k-means++ algorithm. The coordinates of the initial centroids can also be 

predefined manually. The k-means++ algorithm, according to [59], decreases the number 

of required iterations and optimizes the resulting solution. As the next step, the distances 

of all points to the cluster centroids are calculated and each point is assigned to the cluster. 

In case there is no change of data points in clusters compared to the previous iteration, 

the algorithm returns the clustered data along with centroid coordinates. Otherwise the 

new centroids are calculated etc. until the centroids are in optimal position, or the 

maximum number of iterations is reached. 

 

Figure 4-13 K-means algorithm 

In this thesis K-means was chosen as the clustering algorithm utilized to evaluate the 

network parameters due to its robustness, straight-forward approach and ability to pre-

define the required number of clusters. Another positive aspect of this solution is that the 

measurements are attached to clusters based on Euclidian distance. 

K-MEANS REALIZATION 

The data are prepared and saved in a similar way as in binning, using the script 

KMEANSmain. The database is filtered using removeroaming and nanGPS functions, 

then vertical and horizontal distance in metres is added to the table. The database is then 

divided between three operators using find3oper function. The clustering is realized on 

all measured points with horizontal and vertical distances in metres. The number of 

clusters is chosen as 1000, since binning was able to find approx. 660 clusters for the 
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smaller grid and 840 clusters for the larger grid. K-means distributes the measurements 

in more meaningful and less wasteful way. The initial cluster centroids are found using 

k-means++ algorithm, maximum of iterations is set to 200 and the whole clustering 

process is repeated 5 times, choosing the one with the smallest sum of distances of points 

to their cluster’s centroid and the result. 

The results of the clustering (cluster indexes of points, cluster centroids coordinates 

in metres and cluster centroids coordinates in degrees) are then saved. The cluster-wise 

calculation of network parameters is then calculated in similar fashion, as it is in the 

binning chapter. For each evaluated cluster, the corresponding measurements are 

selected, and the network parameters are calculated using the selected metrics. 

4.2.2 K-MEANS RESULTS 

The results of K-means clustering are prepared and processed in the script KMEANSeval. 

The script first filters the clusters with 10 and more measurements as well as the 

corresponding measurements for the further analysis using the function 

filtkmean10(oper). This function does not remove any measurements from the database, 

only highlights the ones for the later use. 

The following figures are created using the function mapKMEAN(oper,i). Figure 

4-14 depicts the results of the K-means clustering on the area of Austria within the A1 

operator. In comparison to binning, K-means is not limited by the distance and all 

measurements are attached to the closest bin. Figure 4-15 shows the clustering results 

for T-Mobile and Figure 4-16 shows the results of the clustering within H3 network 

measurements. Figure 4-17 depicts the detail of the clustering algorithm on the area of 

Vienna, clearly defining which areas belong to the same cluster. 

 

Figure 4-14 K-means results for A1 
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Figure 4-15 K-means results for T-Mobile 

 

Figure 4-16 K-means results for H3 

 

Figure 4-17 K-means results for A1, Vienna detail 
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The resulting network parameters are evaluated using the metrics introduced in the 

chapters above, it is realized using KMEANSeval_GPS(oper,operator,latitude,longitude) 

function. The inputs of the function are the current K-means database oper, 

the information about the operator that is evaluated and the coordinates of interest in the 

form of latitude and longitude information. The function first transforms the GPS 

coordinates to metres using latlong2m function. As the next step, the Euclidian distance 

to all clusters is calculated and two closest bins are chosen as the reference bins. Figure 

4-18 depicts the resulting table of the network parameters within the two closest clusters, 

along with the information about the distance to the centre of the cluster from the 

considered point. In case the distance from the cluster centroid is significant (e.g. larger 

than 500 m when considering the city area and larger than 5 km for rural and open areas, 

as shown in the figure), the resulting network parameters do not correspond directly to 

the considered point’s parameters. In case one cluster is significantly closer than the other, 

the parameters of the chosen location correspond to the closest cluster. In case both 

clusters are in the same distance, the resulting parameters should be considered as the 

values between the two. 

 

 

Figure 4-18 K-means clustering results 
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4.3 NODE MONITORING TOOL 

For the purpose of evaluating the mobile network cell performance, the script NODEmain 

was created. After loading the desired data, the script offers to find the most-frequently 

utilized eNodeB using the function mode. Based on the found or selected cell location ID, 

the software filters all measurements realized on different nodes and returns the table of 

corresponding tests, which is then sorted by time of the test realization in the ascending 

manner. The table is also checked for “not a number” values in the columns of interest, 

namely in downlink speed, uplink speed, RTT and RSRP results. 

As the next step, the time-series objects are created for each network parameter with 

the corresponding time of measurement. For such operation, the time information had to 

be converted from “datetime” format into “datestring” (specific character array) format. 

To better visualize the results with neglected tail measurements, the second corresponding 

time-series was created. In this step, the input parameter data were smoothed using 

smoothdata function with moving median smoothing technique and window size 15 

samples. 

Moving median smoothing chooses the median parameter value from the parameter 

values surrounding the current sample with the specific window size. The size of the 

window determines the number of samples taken into consideration located 

symmetrically around the considered sample in case the window size is odd. This way, 

the singular extreme values are filtered out, resulting in the series of values varying within 

the local average ranges of the parameter. 

Figure 4-19 presents the results of the evaluation of T-Mobile’s eNodeB with the 

highest number of measurements from all mobile network cells included in the database. 

The ID of the node is 19461633 and the four figures show the chosen parameter 

performance over the span of the year 2018. The total number of measurements on this 

node was 1376. 

The top left figure depicts the measured downlink speed variation over time with the 

blue line representing the exact results of the measurements and the orange line 

representing the smoothed data using moving median smoothening. It is worth noticing, 

that in some time intervals (September, December) the measurement count was 

signifficantly lower than in the remaining months. Also, before 29th January there are zero 

registered measurements on this node. This was probably caused either by changing the 

ID of the node or by installing the node during the end of January. The figure in top right 

shows the results of measured uplink speed. The trend is much more stable than in 

downlink and is capped at 67.9 Mb/s. This speed closely approaches the maximum 

theorethical uplink speed in LTE, which is capped at 75 Mb/s [60]. RTT in bottom left 

varies between 18 and 20 ms throughout the year. RSRP results vary throughout the year 

with the minimum measured at the end of August (bottom right). 
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Figure 4-19 Evaluation of eNodeB performance in time 
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5 REFLECTION AND EVALUATION 

In this chapter, the overview of the available crowdsource measurement database and the 

comparison of the crowdsource measurements to drive testing is given, followed by the 

summary about available data used as a base for this thesis and the process of acquiring 

a new data set used in the experimental part. The RTR measurements were realized to 

evaluate the user mobility effect on the results and to gain reference measurements. In the 

end of this chapter, the experiment procedure and evaluation is given, complemented by 

the overall summary results, accuracy evaluation and the future opportunities. 

5.1 REMARKS ON DATA SOURCES 

In this text the motivation for using crowdsource-based measurements in contrast to the 

conventional drive tests is presented. The advantages and disadvantages of each of them 

are compared against each other. The goal is to create a comparison of the results of 

crowdsource data analysis to the reference measurements to assure the data retrieved from 

the crowdsource database using the tool created as the part of the thesis are accurate and 

applicable. The considered database serving as the main source of data is open-data from 

RTR containing 390 922 individual measurements from LTE networks from over 

300 000 users. The database consists only of the users utilizing mobile data in LTE 

network (no WiFi, 3G etc.). 

5.1.1 RTR AVAILABLE DATA AND THEIR LIMITATION 

The measurements were made from 1905 different models of mobile phones and tables, 

ranging from modern, high-performance units such as Samsung Galaxy S8 or iPhone X, 

to budget-friendly, older, low-performance models such as Sony Xperia M2. The devices 

used for measurements are in unknown conditions, varying from barely used ones to 

damaged units with reduced performance. The performance of the unit is also affected by 

the installed operating system, whether original or rooted, current or outdated. The 

performance of the test may also be affected by other applications running in the 

background. Nowadays, most mobile phone users keep all previous applications running 

instead of clearing the memory after finishing using them. While the systems are 

optimized to cope with such approach, some unoptimized applications do not go to idle 

mode while minimized and continue to draw the device’s resources (RAM memory, CPU, 

live connection links for download in the background). It is also possible to run the RTR 

NetzTest test with active voice call in the background (taking up most of the available 

bandwidth). In case there are other applications utilizing the connectivity of the cell while 

conducting the test, the results are skewed and inaccurate. 

Pinpointing the measurement to a location presents an additional challenge, since 

there is no requirement for having GPS activated during the measurement. Network-based 

positioning provides coordinates with the accuracy varying from 6 metres to several 

kilometres. On top of this, since the OpenRMBT test takes over 30 seconds including 

QoS testing, the mobile user travelling on a highway with 100 km/h moves over 

800 metres over the duration of the test. The mobility aspect of the measurement can be 

partially mitigated, since in “high mobility” areas, such as highways, 
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the telecommunication nodes are distributed with larger intervals, covering larger areas 

and neglecting the requirement for frequent handovers. The mobility affects the 

connectivity, reducing the maximum throughput with increasing speed of travel. The 

results of tests should therefore vary with respect to the mobility of the user and will be 

evaluated in the following chapter. 

The main limitation of RTR-available data is the limited available amount of 

measurements. 390 922 seems like a large number first, but after filtering and processing 

(see Chapter 3), the database is left with 87 316 LTE measurements split among three 

operators. When compared to the area of Austria (83 879 km2), this corresponds to one 

measurement (for a random operator) every 0.96 km2. Deriving a precise performance 

map on a larger scale is impossible. Even the minimum metric for 400×400 binning, 

requiring at least 10 measurements per bin is not accurate. The limited amount of 

measurements is caused by the data consumption of OpenRMBT test. After downloading 

a network performance application and running a single test, an average user gets easily 

discouraged from using the application when he finds out that it consumed over 100 MB 

of his data. NetzTest is due to the large data consumption properties not suitable for 

creating an accurate, crowdsource-based performance evaluation maps. 

5.1.2 CROWDSOURCING VS. DRIVE TESTS 

The arguments mentioned above affect the results of the crowdsource-based testing in 

both positive and negative way. The analysis of these and other aspects influencing 

crowdsource-based measurements is presented in the paragraphs below, comparing them 

to the real-world performance and the test results from coordinated drive tests.  

As mentioned above, diversity of users and their equipment increases the spread 

of the overall performance results of crowdsourcing, yet on the other hand provides the 

information about the network performance of an average performing cell. Crowdsource 

measurement results reflect the user-oriented performance at the given moment. The 

information about the cell model is available in the RTR database, combined with the 

number of utilized TCP connections and overall test results, provide the rough indicator 

of the cell performance possibilities. Compared to that, drive tests provide the peak, 

unbiased performance of the network under controlled circumstances such as time, 

location and mobility. 

One of the main strengths of the crowdsource-based measurements is their spatial 

diversity. Where the drive tests may only be performed at strictly defined time, space and 

location, the power of the crowd offers the results spread over a vast area. The density of 

measurements in the database is directly linked to the density of users in that area. The 

measurements are made both indoors and outdoors, reflecting the realistic network 

utilization of an arbitrary user. The downside of this fact is that from the results it is 

impossible to assess the exact location (indoor, outdoor, floor etc.) of the user, whereas 

while the considering drive-tests the exact location at which the testing was realized is 

available. 

Additional factors negatively influencing crowdsource-based measurements include 

other undocumented limitations, such as tariff limitation. There are techniques, which are 

able to assess the throughput of the system even with tariff limitation such as CRUSP, 

which calculates the maximum link data rate from the received bulk packets. RTR 

NetzTest calculates the throughput from the average data rate over the duration of the 
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test, visualizing the current user connectivity (as opposed to the maximum network 

throughput). 

Crowdsource-based database consists of network results from all available operators, 

providing the user-end information about the real-life parameters without prioritizing a 

single network operator. The database therefore offers transparent and independent 

results considering all measurements equally. In is shown in Time-of-Day Analysis 

section (see Chapter 3.2), that even in crowdsource-based database there can be a one-

side influence by a single operator. Since the crowdsourcing tool is available globally, 

there is a chance of a single company utilizing the testing platform for their own tests and 

experiments as shown in Chapter 3. 

By analysing the data, it is possible to find the “corrupted” measurements to equalize 

the results. In comparison, there is a possibility of biasing the results of drive tests towards 

a single company either by choosing the locations in which it is known that one 

of the operator has stronger coverage, measuring some operators using an altered device 

or post-factum influencing the results without releasing them. 

An aspect negatively influencing crowdsourced data may come from a psychological 

point of view. The user usually needs an impulse to run the network connectivity test, 

since running the OpenRMBT test in loop is extremely data consuming and performance-

heavy. Such impulse is usually a temporal negative experience with the network, either 

drop in performance while playing a game, lagging video conference or a problem with 

loading a favourite webpage. Running the test only in the moment of lowered 

performance floods the crowdsource database with e.g. low-throughput results. 

Additionally, unfinished tests (due to connection failure) are saved the same way as the 

completed ones, corrupting the database with implausible measurement. 

One of the challenges of running a crowdsource-based system is keeping the 

database up to date, which is done by operating the measurement application. Currently, 

there is a number of applications for network performance measurement such as RTR 

NetzTest, Speedtest by Ookla, SPEEDCHECK, Meteor, FAST Speed Test and countless 

others, each (possibly) keeping their own databases of results. Since the competition in 

the field is high, there is a live possibility of going out of fashion for an application, not 

being able to gather a high enough number of the database entries. Since NetzTest is a 

data-heavy application, it needs to make up for the data consumption by the variety and 

quality of offered results (such as QoS metrics), an interesting application design or by 

advertising. Application compatibility with various mobile operating systems provides 

perspective for wider customer database. As an example, RTR NetzTest is offered for 

Android, iOS and Windows systems as well as in browser for other operating systems, 

yet only the Android version of the application offers services such as VoIP and other 

QoS tests. 

In case there is a large number of customers contributing to the database, high spatial 

and temporal resolution of the results is possible. It becomes possible to evaluate the data 

in both spatial and temporal dimensions e.g. identifying the effect of Time-of-Day (Busy 

Hour) by finding the hours, during which throughput is higher/lower. 

Additional challenge arises when merging the data from more testing tools together 

or evaluating the results against each other. There is no unified approach to measuring 

some parameters by different applications, which may evaluate the connection parameters 

in different ways, for example throughput may be calculated as either average over the 
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whole test, maximum measured speed or average in the middle section of the text to 

exclude ramp-up phase etc. 

The important drive for utilizing crowdsource-based databases for the evaluation of 

parameters by companies is the prospect of cost reduction on their side. Since the 

measurement is performed at the user’s end, the user is the one buying, maintaining and 

updating the measurement device. Companies save financial resources by offloading 

these costs to the customer side. Open-source test providers generate their income from 

advertisements within the application, which causes the whole testing costs to be 

excluded from the company’s side. The only associated costs remain in operating the 

database and data processing to obtain the desired results. 

In comparison, drive tests offer exact results of the network parameters, but they 

include an additional effort, both physical and financial, to realize the measurements. The 

measurement equipment is costly to acquire and maintain, alternatively to rent. 

Additionally, with the rapid advancement in communication technologies, new 

generations of mobile networks utilizing higher frequencies etc., the measurement 

equipment may become obsolete a after the new technology is launched. To realize the 

drive test, the performer needs to invest time to set up the measurement (plan the path, 

pinpoint measurement points etc.), install the measurement device (install the equipment, 

prepare the measurement parameters), perform it (drive around, wait for results, relocate 

the equipment etc.), uninstall the equipment and process the acquired data. This effort is 

compensated while using crowdsource-based results to download the database and 

process the data. Drive tests can only provide limited number of measurements at limited 

number of locations and times. Testing nodes have to be installed or operated, limiting 

the results to either time or space, where the testing node is located at the given moment 

either due to limited time options of the test performer or due to limited mobility of testing 

nodes (can be partially compensated by placing them e.g. on a bus, taxi, etc.). 

Concluding the above, crowdsource-based measurements provide a massive number 

of tests from the whole scale of devices, times and locations, with limited validity per 

measurement, and require further processing for reliable statements about network 

performance. Drive tests on the other hand provide exact and accurate information about 

the network parameters if carried out properly and without (operator) preferences, yet 

with additional effort needed for the testing as well as additional costs. 

One of the key objectives of this thesis is to establish, whether the results from 

crowdsource-based measurements are consistent with the results measured by controlled 

drive test. The unbiased RTR NetzTest measurement in loop mode using unlimited SIM 

card and a modern cell phone, while complying to the specified parameters provides 

conclusive information, whether the algorithm utilized in this thesis provides reliable 

information about network parameters, or whether it is impossible to assess the correct 

parameters of the network from crowdsource-based measurements. 

5.2 HIGH MOBILITY IMPACT 

This part of the thesis evaluates the impact of the user’s mobility on the performance of 

the network. The performance in high mobility areas, such as core communication routes, 

is evaluated from the perspective of a high-mobility user, resulting in network parameters 

evaluated from the user perspective, instead of “true” network parameters characterizing 
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optimal, stationary network parameters offered from the side of the provider. Both drive 

test measurements and crowdsource-based measurements in high mobility areas are 

realized from the moving vehicles, therefore the mobility conditions in both approaches 

can be considered equal. 

To evaluate the impact of mobile on the measured network performance, the custom 

measurements were realized with the SIM card from H3 with unlimited data volume, 

50 Mb/s download and 20 Mb/s upload limitation. The throughput limitation is 

sufficiently high to determine, whether the network performance is excellent (at 40 Mb/s 

download and higher), average (approx. 20 Mb/s) or bad (below 10 Mb/s). The 

measurements were taken using Samsung Galaxy S8 device. 

The testing is realized in three different mobility conditions, high mobility, low 

mobility and stationary while running RTR NetzTest measurements in the loop. The high-

speed measurements were taken on the highway S2 in the direction to Vienna at the speed 

of at least 100 km/h, as shown in Figure 5-1 in the top side of the map. Low-speed 

measurements were realized on Leopoldauer Strasse, Vienna, at the speed of 50 km/h 

(higher-density crosses on the map) and stationary measurements were taken while 

walking on Mariahilfer Strasse in the direction to Burggarten. 

 

Figure 5-1 Map view of high mobility measurements 

Table 8 depicts the table of averaged results from all three tests. It is apparent from the 

table, that there is no decisive difference between the measured quantities with the 

exception of uplink, for which the static testing exceeded the tariff limitation from the 

operator. Interestingly, although the low speed measurements have higher RSRP values, 

their performance is worse than one taken with high mobility. RTT and RSRP are higher 
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only due to the larger distances of the measured device from the eNodeB and fluctuations 

in performance. 

Table 8 Comparison of mean parameter results based on the mobility 

 Downlink [Mb/s] Uplink [Mb/s] RTT [ms] RSRP [dBm] 

High speed 47.0 14.7 20.8 -107 

Low speed 37.3 11.1 23.2 -99.9 

Static 47.5 21.2 19.1 -89.7 

 

The conclusion of this evaluation is that the mobility does not affect RTT or RSRP at all. 

Downlink speed and uplink speed are theoretically decreased due to the larger CP 

overhead to neglect the doppler effect caused by mobility. Only the uplink was negatively 

affected, whereas the downlink speed remained at the capped value just below 50 Mb/s. 

One explanation for the uplink speed decrease is high mobility compensation, but 

reduction of speed due to the lower RSRP (coding and modulation adjustment) is a viable 

explanation as well. 

5.3 FINAL REMARKS 

This chapter summarizes the findings within the thesis, then presents the set of scripts, 

which allow to evaluate the network parameters based on the operator, technology and 

location. Its results are then interpreted and discussed. Accuracy of the method is 

evaluated, and the possible improvements to the method and database are discussed. 

DATA SOURCE 

The source of data for this thesis is the database from RTR NetzTest containing the results 

of the network performance tests. The main data structure contains all LTE measurements 

over the year 2018, containing almost 400 000 tests, which consist of .csv and .json data 

and scalar, as well as time-series information about each test. 

Most of the data stored within the database is not utilized in the scope of this thesis. 

To obtain the same results, s simple test measuring basic network parameters using 

minimalistic methods would be perfectly sufficient. The main drawback of the 

OpenRMBT testing procedure is its large data consumption per test (see Chapter 5.1). 

The users with limited monthly data usage shift towards the less data consuming methods 

of estimating their current network performance. 

TOD FINDINGS 

In the chapter, which analyses the data in time, the data was divided into hourly bins and 

evaluated. It has been found, that there is a large anomaly within the measurements in the 

T-Mobile’s network caused by the company’s tests utilized using the NetzTest 

application. The biased measurements were removed from the database. 
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The script with a number of supporting functions were created to visualize and 

evaluate the data in temporal region. These include boxplots, histograms and eCDF plots 

for the hourly bins. 

The second finding within this chapter is that the distributions of the hourly tests 

across all parameters and operators cannot be considered equal, meaning that the time-

of-day effect should not be neglected. These conclusions were drawn by applying the 

Kolmogorov-Smirnov two-variable test to the pairs of hourly bins. The differences in the 

central tendencies differ by as much as 30 %, depending on the considered hour. 

Nevertheless, due to the lack of samples for further splitting the data and after careful 

visual analysis of the data, the time of day effect was not considered as an aspect for the 

remainder of the thesis. 

SPATIAL RESULTS 

Chapter 4 introduces and presents the results of two individual spatial methods. The first 

one, binning, presents the solution, which splits the considered area into square bins of 

predefined sizes. This method evaluates the network performance within each bin from 

the measurements, that were taken inside the corresponding bin. Due to the minimum of 

10 measurements per bin, the coverage of this method varies from 1.01 % of the binned 

area for 1600×1600 bins to 0.05 % of the area for 400×400 bins. The area is slightly 

increased by creating a double binning grid for each realization of bin size, which shifts 

the bin by half its size vertically and horizontally. The coverage areas and the tool for 

evaluating the network performance in the chosen location using binning is shown and 

explained in Chapter 4.1. The binning scripts show the evaluated bins in the map view. 

The second technique, K-means clustering, finds a defined number of clusters 

defined by their centroid location and divides the measurements based on their proximity 

to the centroids. Using this technique, it is possible to evaluate the whole area of Austria, 

but along with the network parameter results from the two closest clusters, the algorithm 

calculates the distance from the considered point to the centroids of those clusters. In case 

the centroids are further than several kilometres, the resulting network parameters should 

be considered inaccurate. The visualizing function returns the map view of Austria 

including the cluster centroids with the corresponding tests. 

FURTHER OUTCOMES 

For the purpose of mobile network node’s performance monitoring over time, the tool 

NODEmain was created. The tool filters the measurements realized on the selected 

eNodeB based on its unique identifier and creates a time-series comparison of the network 

performance parameters. Since the measurements are scattered in performance, the 

moving window median filtering was applied to the data to remove the outliers and better 

reflect the changing performance on the node. The resulting evaluation is then displayed 

in plots for each of the evaluated parameters. 

Also, the experimental testing of the user’s mobility impact on the measured 

parameters was performed. The analysis show that the mobility has no impact on RTT or 

downlink throughput. Although there were some differences in measured uplink 

performance, there are several possible explanations for this fact. The findings show, that 

there is no conclusive impact of mobility on the degradation of network parameters. 
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Several supporting globally applicable functions were created while preparing 

the structure of this thesis. For example, function latlong2m transforms GPS coordinated 

into the distance in metres. By adjusting the zero coordinates and radius, the script is 

applicable world-wide for short relative distances. The set of supporting functions for 

filtering and data processing is also included. 

The thesis also includes the extensive back-to-back comparison of crowdsource-

based database utilization against drive-test-based measurements. 

5.3.1 NETWORK PARAMETER EVALUATION TOOLS 

In the following paragraphs the final tool for the evaluation of the network parameters 

based on the operator, technology and location is described. 

The evaluation tool consists of two sets of the scripts with a number of supporting 

and data processing functions. First of them evaluates the parameters using the binning 

algorithm, the second one utilizes K-means clustering. Each analysis has its own “main” 

and “eval” scripts. First, the database has to be chosen (in both “main” files in the same 

way) either by loading the table of chosen monthly results, by loading the 2018 LTE 

database or by loading own file in RTR data format. Then the choice between 4G and 3G 

has to be made. All scripts are created primarily for LTE, therefore in case 3G network is 

desired to be evaluated, signal3G function is prepared to copy the 3G signal strength into 

the RSRP column, since RSRP measurement is not supported for 3G technology. The 

“main” algorithm then creates and saves the prepared file for “eval” scripts to perform 

the evaluation. There are pre-processed clustering and binning data files for evaluation 

available in the attachment. 

In the “eval” scripts, there is a number of functions prepared for evaluation of the 

results (see Chapter 4 for details). The scripts visualize the distribution of the evaluated 

bins and cluster centroids with the corresponding measurements in the map view. After 

choosing the desired coordinates, the algorithm returns the table with the evaluated 

metrics on network parameters based on the utilized method. The example of the side-

by-side results for the chosen coordinates of the performance metrics of binning and 

clustering is shown in Figure 5-2 and in Figure 5-3. At the same coordinates the reference 

measurements were taken to compare the coordinated results to the prediction. 
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Figure 5-2 Binning results for the reference coordinates 

The cluster analysis shows, that all considered bins were evaluated, therefore the mean 

performance of the first and the second rows (for the smaller-size clusters) will be 

considered as reference from the binning. 
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Figure 5-3 K-means clustering results for the reference coordinates 

The results of clustering show, that the closest cluster centroid is only 71.36 metres away 

from the considered point on the grid, meaning the results should closely correlate to the 

measured values. 

5.3.2 ACCURACY  

The accuracy of the method strongly depends on the proximity of the chosen coordinate 

to the cluster centroids and whether the point lies in the evaluated bins. The prediction 

accuracy is either related to the binning or clustering, in the ideal scenario the two 

methods strengthen each other’s prediction. In case the coordinate lies in the non-

evaluated bin and further than 2 km from the cluster centroid, the accuracy of the 

prediction is very low. On the other hand, in case the cluster centroids are within several 

hundred metres from the evaluated point, the predicted value can be considered accurate. 

The reference measurement was realized using the same setup as in Chapter 5.2 static 

test. The 10 reference measurements were taken at the mean coordinates 48.1999° of 

latitude with standard deviation 0.0011° (122 m) and 16.3506° of longitude with standard 



 67 

deviation 0.0016° (123 m). The measured parameters are shown in Table 9, each 

parameter is shown as mean value, minimum and maximum value. The list of their test 

IDs can be found in the attachment of this thesis. The results from binning and clustering 

at the same coordinates are shown in Table 10 and Table 11. 

Table 9 Table of the results of the reference measurements 

 Mean value Min. value Max. value 

Downlink [kb/s] 41966.6 25889 56145 

Uplink [kb/s] 20217.3 16005 21905 

RTT [ms] 21.13 17.97 24.97 

RSRP [dBm] -99.1 -107 -87 

Table 10 Binning results at reference coordinates 

 Mean  Trimmed mean Median 95th percentile 

Downlink [kb/s] 49301 42036 36969 145660 

Uplink [kb/s] 14968 14662 15039 30565 

RTT [ms] 27,1 26.9 27.1 17.3 

RSRP [dBm] -96.7 -98.2 -98.5 -67.4 

Table 11 K-means clustering results at reference coordinates 

 Mean  Trimmed mean Median 95th percentile 

Downlink [kb/s] 43967 35668 29191 141990 

Uplink [kb/s] 12631 11997 10629 27458 

RTT [ms] 28.7 28.3 29.3 17 

RSRP [dBm] -97.0 -97.2 -97 -79 

 

By comparing the tables, it is obvious that qualitatively the results correspond to the 

excellent network performance across all considered parameters. The reference mean 

value for downlink and the binning result differ by 17.5 % and with K-means clustering 

they differ by 4.8 %. It is clear, that such low differences in the estimated parameters are 

the best achievable results for this network evaluation technique, since all bins were 

evaluated, and the cluster centroid was in the close proximity. 

5.3.3 FUTURE POTENTIAL 

The created network performance evaluation tool can be utilized to benchmark the 

performance of the operators based on the location, locate the areas with weak network 

performance and establish the density of measurements per area. The performance 
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monitoring of telecommunication nodes allows for failure detection and node utilization 

evaluation. 

The potential improvements to the created network evaluation tool are discussed in 

the following. The most impactful shortcoming within this work is the insufficient 

database of measurements. As stated above, NetzTest measurements are not designed to 

be frequently used due to the large data consumption per test, as well as rather long time 

to evaluate the network (approx. 40 seconds). Adding more data sources to the existing 

database and converting the data into the common format and form may greatly increase 

the efficiency of the created tool. The effort to obtain additional databases of 

measurements has been made. The appeal for the data has been sent to more than 10 

companies operating mobile data-gathering applications including OpenSignal, 

P3-Analytics, 4GMark, Zafaco or Ookla. From all contacted companies, Ookla offered 

to share their overview of the results and Zafaco replied with the reference to the open-

data RTR database. The data from Ookla were not utilized in this thesis, since the 

summary of the results with no concrete location information brings no additional 

measurement value to the evaluation tool, since the tool’s input requires a database of 

data instead of already evaluated overview of performance. 

Securing additional data sources (from e.g. P3 Analytics or 4GMark) to extend the 

current database will allow to implement the findings from the time-of-day analysis. The 

resulting network performance will then reflect the time-varying load on the network. 

Apart from adding more data sources, the second approach, which may bring 

additional value to this thesis is to utilize additional clustering algorithms, such as density-

based DBSCAN or distribution-based expectation-maximization algorithm. The 

mentioned techniques are undeployable on their own, but with the proper pre-processing 

of the data, the results might be interesting. 
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SUMMARY 

This thesis introduces the topic of big data within mobile networks, their classification 

and use cases. It presents the key network parameters and their measurement methods, 

the topic of crowdsourcing, statistical testing and benchmarking tools utilized to evaluate 

the network parameters.  

RTR NetzTest and its test procedure are described. The results available within the 

application, in RTR’s web view and the anonymized open data database are outlined. 

In the data analysis chapter, the functions used for pre-processing of data are 

presented. By initial pre-processing the core database, all but 116 333 tests are removed 

from the database initially containing 390922 measurements due to the missing core 

information or roaming. The remaining tests were divided by operator and further 

analysed.  

Time-of-day analysis splits each operator’s database into hourly bins and evaluates 

the relations between them. It discovers the two anomalies within the T-Mobile’s 

database and resolves them by removing 4840 measurements as corrupted data. The 

distributions of downlink speed, uplink speed, RTT and RSRP are evaluated bin-wise to 

show how much they differ throughout the day. To evaluate the consistency in time, 

a Kolmogorov-Smirnov two-variable test is utilized to conclude, that the distributions 

significantly differ from each other. By comparing the hourly distributions visually, the 

similarity between the bins allows for neglection of the time effect for the rest of the 

thesis. 

To evaluate the network parameters for each operator in space, two methods are 

implemented within the thesis. Binning splits the considered area into squared bins of the 

same sizes and assigns the measurements bin-wise, based on the coordinates of the test. 

The grid is divided into 400×400 and 1600×1600 metre bins, creating two sets of grids 

per grid size (the second is shifted by half-bin size vertically and horizontally) to increase 

the effectiveness of the method. The parameters are calculated only within the bins with 

10 or more measurements, resulting in 0.05 % of the considered area covered by 

evaluated 400×400 bins and 1.01 % of the area covered by the larger ones. The considered 

network parameters are evaluated as mean, trimmed mean, median and 95th percentile 

values. The resulting coverage area of binning is shown in figures and an example of 

binning results is presented. K-means, which is one of the machine learning methods, is 

a centroid-based clustering method utilized as the second way of spatial evaluation in the 

thesis. It groups all measurements into a specified number of clusters based on their 

proximity to the cluster centroid. The algorithms utilizes an optimized initial centroid 

selection method and is repeated several times, choosing the most optimal solution. The 

resulting centroids with the corresponding measurements are shown in the thesis, together 

with the example of the test output. 

The node monitoring tool created in this thesis is able to track the performance of 

the selected eNodeB in time, examining the behaviour of the network parameters. 

The advantages and limitations of the available data source are analysed. The thesis 

then includes a thorough comparison of utilizing crowdsource-based performance 

evaluation methods with drive test evaluation. The drive-testing of the mobility’s impact 

on the measurements is performed. The findings show, that the mobility does not impact 
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RTT and downlink throughput in measurable way, and the variations in uplink throughput 

can be explained by various factors that are stated in the thesis. 

The evaluation of the method’s achievable accuracy is performed by comparing the 

results of binning and K-means evaluation tool to the results of the reference 

measurement. The findings show, that in the best-case scenario, when the location 

corresponds to the fully evaluated bin and is in proximity to the closest cluster centroid, 

the achieved accuracy of binning is 17.5 % and the accuracy of K-means is 4.8 % 

regarding downlink throughput. As a result of this work a set of scripts for evaluating, 

analysing and visualising the network parameters are available in the thesis attachment. 

The tool can be utilized to estimate the quality of network parameters, monitor the 

telecommunication node’s performance and benchmark the network operators, based on 

the chosen location and therefore may serve as a network optimisation tool. 
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