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Abstract

5G New Radio is the next generation of mobile networks and it comes with promises
of ultra-high speeds, ultra-high reliability and ultra-low latency. This has posed a
challenge for the engineers entrusted with the task of finding solutions which could
fulfil the specification, and as a result, some promising areas have received increased
attention in recent years. Signal processing techniques like directional transmission
and reception, also referred to as beamforming, is believed to be a key area of ad-
vancement to meet the requirements. The general benefit of applying beamforming
is to concentrate the power of a signal in a given direction, which also translates
to a smaller area of coverage on the ground surface. As a user traverses the area
surrounding a base station, it will thus need to keep an updated image of the radio
environment including available beams for transmission and reception. This is done
through a frequent and periodic synchronization signal procedure which, partially
due to carrier aggregation, intensifies the workload put on the often battery pow-
ered user equipment as it continuously updates and stores state variables related
to available physical channels. In order to reduce required processing power and
cache memory usage in the user equipment, telecommunications engineers have in-
troduced beam subsets which each user may operate on rather than the full set of
available beams.

This report investigates purely data-driven and machine learning based alterna-
tives to the current, static, implementation responsible for selecting and evaluating
beam subsets with the goal of mitigating the downsides posed by not considering
all available channels, as is the case with any such subset strategy.

The results show that the current static implementation of the subset selector
can be improved in terms of reducing the selected subsets which do not include
the widebeam of highest signal strength at a cost of more frequent subset updates,
which are of relevance for distributed systems where such configurations take place
over the air interface. A probabilistic approach involving a Markov Chain yielded
the greatest benefit at the highest subset update cost, while a Machine Learning
approach involving a Random Forest Regressor offers a smaller improvement at a
much lower cost relative to the Markov method. A subset evaluation technique in-
volving a Multi-Layer Perceptron classifier yielded promising results, being able to
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detect 76.8% of subsets not including the strongest widebeam. Another evaluation
technique based on a convolutional neural network resulted in accuracies of up to
95% based on various different image inputs. Furthermore, it was shown via ex-
periments performed on the Markov method that the frequency of selected subsets
which did not include the best widebeam decrease exponentially with an increasing
subset size.
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1
Introduction

5G New Radio (NR) is the next generation of mobile networks and it comes with
marketing promises of ultra-high speeds, ultra-high reliability and ultra-low latency.
[Ericsson, 2022b] This has posed a challenge for the engineers entrusted with the
task of finding solutions that fulfil these promises while also satisfying the 3GPP
specification, and as a result, some promising areas have received increased atten-
tion in recent years. [Ericsson, 2022a] In order to solve these problems, the industry
focus has shifted to frequency bands located far above those of previous genera-
tions along with techniques like Massive Multiple-Input-Multiple-Output (MIMO)
and intelligent beamforming. This report aims to provide a contribution to this new
area of research by investigating the possibility to save resources and improve per-
formance by managing the available physical channels efficiently using data-driven
methods including, but not limited to, Machine Learning (ML).

1.1 Project Motivation

A theoretical environment without any obstacles provides what is referred to as line-
of-sight (LOS) conditions, meaning that any signal sent between User Equipment
(UE) and Base Station (Next Generation Node B, gNB) travels in a straight line
between transmitter and receiver. The analog beamforming performed at gNB is
configured to cover a certain area on the ground commonly referred to as a sector.
In perfect LOS conditions, the optimal choice of subset would be that which sur-
rounds the UE in a circle-like structure since these widebeams would always yield
the highest Reference Signal Received Power (RSRP) when measured by the UE.
Matters become more complicated when introducing obstacles as they give rise to
reflections and shadowing, complicating the mapping between the theoretical grid
and real coverage. In LOS conditions, the optimal subset can be easily identified as
the geographical neighbors of the UE. In non-line-of-sight (NLOS), it makes more
sense to talk about neighbors in terms of signal strength.

In an effort to enable dynamic channel selection to adjust for movement and
disturbances, the UE continuously performs measurements on so-called Tracking

14



1.2 Delimitations

Reference Signals (TRS), which are sent for each carrier in each widebeam, and
stores them in cache memory. Since this operation has to be done for each carrier
in each widebeam, the required cache memory and Digital Signal Processor (DSP)
processing power on the UE side becomes a limiting factor. Therefore, the UE will
report its TRS limit to gNB at connection setup and gNB will calculate how many
widebeams the TRS limit corresponds to. If the TRS limit corresponds to a lower
number than the number of widebeams in the cell, gNB is forced to instead assign a
subset of widebeams for the UE to keep track of. This subset may then be updated
during the full duration of the connection. The selection of which widebeams to
include in a given subset is crucial to the user experience with the ultimate goal of
always including the highest RSRP widebeam in the subset.

The current procedure responsible for handling widebeam selection keeps track
of four static subsets of all available widebeams in a cell. Specifically, the cell con-
sists of 24 widebeams which are divided into four overlapping subsets of size 14
(the size is based on the number derived from the TRS limit of the device used in
experiments). Furthermore, the UE measures the channel state information of all
widebeams in its assigned subset, but only the top four are reported back to gNB.

In an effort to optimize the user experience with respect to the fixed-size subset
condition posed by the UE, this report aims to investigate alternative methods to
the subset member selection algorithm that is currently used in several Radio Ac-
cess Network (RAN) components offered by Ericsson. As a complement to this,
methods for evaluating a given subset will also be investigated with the aim of
laying the groundwork for future, more sophisticated subset selectors which could
theoretically be feedback driven. The set of key performance indicators to be used
are presented in Section 1.3.

To summarize, the project objectives are as follows:

• Evaluate how the baseline subset selector performs with respect to the below
specified KPIs.

• Develop and benchmark alternative methods of subset selection that select
subset members dynamically, based on data gathered from the radio environ-
ment.

• Investigate the idea of utilizing Machine Learning to evaluate whether or not
the highest RSRP beam is present in a measurement report of a given subset.

1.2 Delimitations

User data from real world deployments are protected by data protection laws such
as GDPR around the globe. To avoid handling of sensitive data and save time, it
was decided that an internal simulator was to be used to produce the data necessary
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Chapter 1. Introduction

to perform all experiments within this project. It must thus be said that any results
and conclusions presented in this report apply to the performance of the internal
simulator and not necessarily the real-world products it was set up to simulate. It
is however assumed, due to the scale at which the simulator is used to conduct
Ericsson internal research, that any present discrepancies between the simulation
and the real world are negligible with respect to this project.

Furthermore, it was decided that the effectiveness of any algorithms produced
by the authors be evaluated against a Python implementation of the real product
behavior. The sections of the code responsible for subset selection in the product
source-code will hence be implemented in Python along with logging functionality
needed to extract information about the performance.

1.3 Key Performance Indicators (KPI)

The first key performance indicator related to selection of physical channel is the
frequency at which subsets are updated as this procedure requires an Radio Re-
source Control (RRC) reconfiguration exchange, costing bandwidth. This indicator
will be quantified as the frequency of subset switches. The second primary indicator
is the quality of the selected subset itself. There are several ways of quantifying the
quality, but the most indicative one was determined to be if the highest RSRP beam
in the cell is part of the subset or not, as the best beam in the subset constitutes
the upper limit of the channel quality. The case where the best global beam is not
included in the selected subset will be referred to as a beam miss in this report. The
third indicator, average RSRP over time during the connection, is interesting as it
indicates the macro effect of the micromanagement that is selection of individual
subsets. Similar to the frequency of subset switches, it should be mentioned that the
frequency of beam switches does also come at a cost of synchronization bandwidth,
but this generally accepted as the end goal of subset management is to always make
use of the highest RSRP beam.

1.4 Previous Work

The topic of beam management is related to selection of widebeams, but also so-
called narrowbeams or traffic beams which are carriers that further divide and refine
the areas covered by each widebeam. A previous study [Wang, 2021] conducted
under supervision of Ericsson successfully showed the possibility of using machine
learning to reduce the number of synchronization signals needed to adequately se-
lect such a traffic beam in LOS conditions. The idea to also investigate machine
learning as a method to improve widebeam selection in NLOS conditions, which
is the topic of this report, was part of the same initiative to optimize resource al-
location in beam management. The similarities between the projects allowed the
authors (us) to re-use parts of the simulator logging functionality implemented as a
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1.4 Previous Work

part of Wang’s project. Furthermore, the workflow of using the internal radio envi-
ronment simulator to evaluate performance offline by using MATLAB for sanitation
and Python with Scikit Learn for ML applications was inspired by several previous
projects conducted by M.Sc. students at Ericsson.

It should also be mentioned that beam subset selection based on data gathered
from radio environments has been theorized and published in the form of a patent
application by Patel et al., on behalf of Ericsson. The suggested architecture in-
volves a central node configured to, via beamforming, transmit signals to a number
of users and selecting a suitable beam subset based on the predicted trajectory of
the user device. [Patel et al., 2020] This material served as an inspiration to the
objectives presented in this report.

The application of machine learning in telecommunications has been studied
extensively in various publications. A study conducted by Sim et al. developed an
algorithm for millimeter wave beam selection which build upon the idea of estimat-
ing the power delay profile of a sub-6 GHz channel using a dense neural network.
After testing said algorithm in both simulated environments and real-world exper-
iments the authors report a reduction in beam sweeping overhead by as much as
79.3%. [Sim et al., 2020]

Adding to this, a study [Antón-Haro and Mestre, 2019] funded by the European
Commission investigated the possibility to conduct beam selection on the uplink
using angle-of-arrival in machine learning classification approaches including k-
nearest neighbors, support vector classifier and multi-layer perceptron models. Pre-
sented results show that the multi-layer perceptron outperformed both other mod-
els with results similar to that of theoretically optimal beam selection in terms of
sum-rate, which is computed via summation of the achievable bit rates of multiple
concurrent transmissions from the analog beamformer.
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2
Background

2.1 First Principles of 5G NR

This section describes the first principles deemed necessary to understand connec-
tion establishment between a 5G NR Base Station (gNB) and User Equipment (UE).
Technical specifications for 5G NR are developed by the 3rd Generation Partnership
Project (3GPP) organization.

2.1.1 Introduction
The area of telecommunications is a continuously evolving area of technology
which has been an especially hot topic as of late with the first roll-outs of com-
mercial 5G NR networks. This new technology comes with promises of high band-
width, ultra-reliable and low latency communications and it is expected to assist the
development of new technologies such as e-health, connected vehicles and cloud
computing. This increase in performance is partially a result of the wavelengths
used for transmission, which are shorter than that of previous generations. This is
partially enabled by the more advanced beamforming capabilities offered by the 5th
generation of mobile networks. [Ericsson, 2022b]

2.1.2 RAN
The Radio Access Network (RAN) is the part of the internet infrastructure that en-
ables over-the-air communication between clients and the core network via radio
communication. Examples of clients are mobile phones, computers or any other de-
vices that has the ability to communicate with a base station using radio technology.
[Chapter 6 Dahlman, E. and Parkvall, E. and Sköld, J., 2018, Page 73]

2.1.2.1 RAN distribution
Depending on the 5G NR deployment version (3GPP specification), RAN can

be realized in several ways. This means that the centralized RAN offers most of
its services in a cloud form. If the architecture is not cloud centralized, the afore-
mentioned services are handled by the distributed hardware units in the field. These

18



2.1 First Principles of 5G NR

units provide the L2 and L3 layer operations and all interconnections between them.
[Chapter 6 Dahlman, E. and Parkvall, E. and Sköld, J., 2018, Page 73]

2.1.2.2 Control Plane
RRC in Layer 3 is the main protocol of the control plane. It is responsible for

tasks such as cell selection, handover and data conveyance between the user plane
layers. Relating back to this thesis, it should be mentioned that the control plane
is also responsible for handling beam selection and beam switches performed from
the distributed radios in the field. [Flynn, 2022]

2.1.2.3 Carrier Aggregation in the RAN
Carrier Aggregation is a method of assigning multiple carriers (frequency seg-

ments) to a user to introduce improvements in terms of throughput. The more fre-
quency segments that are assigned to a user, the more throughput the system is able
to enable by utilizing carrier aggregation technology. Using carrier aggregation in
the the RAN makes it possible to assign partner bands from different commercial
operators for the moving client devices in the cell in order to achieve higher data
rates and better coverage. [3GPP, 2022]

2.1.3 Frequency Bands and mmW
The frequency spectrum used in mobile telecommunications is continuously ex-
tended as unexploited bands are added with the development of new generations.
The range occupied by the different generations do however overlap by design in
order to utilize licensed frequency bands efficiently. [Chapter 3 Dahlman, E. and
Parkvall, E. and Sköld, J., 2018, Page 31] The physical properties of different fre-
quencies make for different propagation characteristics, with lower frequencies less
susceptible to blocking and fading than higher frequencies which can be notably af-
fected even by changes in weather conditions. The long range and high penetrability
of low frequency electromagnetic waves come with the downside of lowered bit rate
as less information can be encoded into the wave per time unit. Contrarily, higher
frequency waves come with the upside of enabling high speeds and low latency,
which are both big selling points for the fifth generation mobile networks. The
frequency bands are commonly divided into low-band (<1GHz), mid-band (1GHz
- 6GHz) and high-band (24GHz - 40GHz). [Chapter 3 Dahlman, E. and Parkvall,
E. and Sköld, J., 2018, Page 27] Hardware improvements that led to the possibility
of utilizing the high-band frequency range along with the substantial performance
increase it implies has prompted a need to further separate and brand the bands. The
mid- and low-band range is thus often referred to as the sub-6 GHz bands while
high-band has been branded as millimeter wave (mmW) in reference to the wave-
lengths they use. Limitations in propagation distance of the mmW spectrum have
in large been mitigated via advancements in Massive MIMO, miniaturization of
antenna processing components and adaptive beamforming. [Chapter 3 Dahlman,
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Chapter 2. Background

E. and Parkvall, E. and Sköld, J., 2018, Page 32]

There are many applications that are utilized by the mmWave frequency bands.
Examples of these are radio astronomy, remote sensing, automotive radars defense
industry, security in the digital world and telecommunications. [Parker, 2017] Many
of the standards that the mmWave spectrum use offer diverse modulation schemes
and efficient spectrum manipulation for single or multi-carrier enabling techniques
such as Orthogonal Frequency Division Multiplexing (OFDM) and Orthogonal Fre-
quency Division Multiple Access (OFDM-A). MIMO enables Ultra Dense Net-
works (UDN) to fulfill the need of high capacity without risking a decrease in data
rate. UDNs offer better connectivity to the users because of their higher operating
frequency, thus the distance between the base stations and the users is decreased.
This will enable the networks to become greener since the power consumption will
decrease. [Srivastava et al., 2021] MmW is a very popular band of operation, since
it enables Device-to-Device (D2D) connectivity. Recently, it has been noticed that
more smart devices are using the mmW bands to offer better experience to the users
from smart devices other than cell phones, these could either be vehicles, tablets,
sensor devices cameras etc. [Zeb et al., 2020]

2.1.4 Reference Signal Received Power (RSRP)
The signal used to measure signal strength in 5G NR is called Reference Signal
Received Power (commonly RSRP). It is measured in the unit decibel-milliwatts
and will thus always be a negative number. High RSRP values are desired and the
upper theoretical limit is 0. [Chapter 8 Dahlman, E. and Parkvall, E. and Sköld, J.,
2018, Page 145]

2.1.5 Synchronization Signal Block (SSB)
The purpose of the SSB is to serve as a container of information that, when broad-
casted periodically on the down-link for each beam, enables the UE to locate said
beam. This is done through the inclusion of two predefined sequences also stored
on the UE called the primary synchronization signal (PSS) and secondary synchro-
nization signal (SSS). Together with the physical broadcast channel (PBCH), these
three components constitute the SSB. Like all down-link transmissions in 5G NR,
the SSB is transmitted using the modulation scheme OFDM, meaning that it is
separated in both time- and frequency domain during transmission.

5G NR was designed with the intent of avoiding so-called always-on signals
which are transmitted continuously with short periodicity as time division multi-
plexing makes such signals block a large number of available slots, considering they
are to be sent between gNB and all UEs in the system. Thus, the implementation of
the SSB was limited in both transmission periodicity and bandwidth, rendering it
less useful for channel sounding on parameters used in beam management as they
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can vary rapidly in both time and frequency. Its main use within channel sounding
instead lies in measurements of average channel quality and path-loss. [Dahlman,
E. and Parkvall, E. and Sköld, J., 2018, Chapter 16]

Figure 2.1 Time and frequency domain structure of a Synchronization Signal Block (SSB).

2.1.6 Channel State Information - Reference Signal (CSI-RS)
The main purpose of CSI-RS signals is down-link channel sounding, meaning mea-
surements of parameters linked to the quality of the transmission link. CSI-RS sig-
nals are highly configurable in both frequency and time domain, making them flex-
ible and useful for the task of measuring parameters with qualities that impose spe-
cific requirements on the sounding signal. These configuration possibilities include
splitting the signal over up to 32 different carriers, corresponding to 32 different an-
tenna ports (channels). Actions taken upon receiving a broadcasted CSI-RS signal
is configured on a per-device level, meaning that many devices can utilize a single
CSI-RS signal in different ways. [Dahlman, E. and Parkvall, E. and Sköld, J., 2018,
Chapter 8]

2.1.7 Cell Search
Cell Search is the procedure that is used for identifying individual cells when a UE
moves into the area covered by some gNB. It continues to get carried out as the UE
moves through the system to maintain updated information about its state, which
is necessary to establish and maintain a connection. The Cell Search procedure can
be based either on SSBs in both idle and connected state or the channel state infor-
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mation reference signal (CSI-RS) in connected state. [Dahlman, E. and Parkvall, E.
and Sköld, J., 2018, Chapter 16]

2.1.8 Random Access
The procedure used for establishing a connection between some UE and gNB
through a given cell is called Random Access. This procedure consists of four main
sub-procedures, namely:

1. UE transmission of a preamble

2. gNB transmission of a Random Access Response

3. UE transmission of a message for resolving collisions caused by identical
preambles sent by other devices

4. gNB transmission of a follow-up message used to transfer the UE to con-
nected state in case of a successfully resolved collision

Random Access is used when connecting to a cell from idle or disconnected
state or when switching to one cell from another. Unlike the rest of the messages,
the preamble is sent over a dedicated (physical layer) channel called the Physical
Random Access Channel (PRACH) during predefined timing windows determined
by the gNB scheduler. The length and periodicity of these dedicated slot windows,
also referred to as Random Access Resources (RACH Resources), depend on cell
specific characteristics such as size or configured preamble length. The UE bases
the transmission timing of a preamble on information derived from a received SSB.
[Dahlman, E. and Parkvall, E. and Sköld, J., 2018, Chapter 5]

(a) Multiple beams emanating from gNB in
multiple directions.

(b) Uplink and downlink beam pair.

Figure 2.2 Images depicting beam forming and beam pairs.
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2.1.9 Beam Management
Connection establishment within 5G NR relies heavily on analog beamforming, a
technique which aims at establishing and maintaining a suitable beam pair emanat-
ing from the gNB and UE correspondingly.

Processing of the analog information received by the antenna of some UE will
be performed on a carrier basis. In practice, this means that down-link transmissions
from gNB to several UEs at different geographic locations will have to be separated
in time, resulting in a so-called beam sweep (sequential transmission over each
beam). The same theory holds true for UE side beamforming, meaning that the full
system consists of a down-link beam and an up-link beam, hereafter beam-pair.
Figure 2.2 shows an illustration of beamforming and beam pairs in the system.

The goal of beam management is to continuously maintain a suitable beam pair
to support a stable connection between the transmitter and receiver side. The case
where a beam pair suitable for down-link transmission is also suitable for up-link
transmission is often true. This important quality, often referred to as beam corre-
spondence, implies that there is no need to perform the procedure for finding a beam
pair from both directions as it is sufficient to perform the necessary computations
on one side and assume the result to be valid also for the other side. [Dahlman, E.
and Parkvall, E. and Sköld, J., 2018, Chapter 12]

2.1.9.1 Initial Beam Establishment
Beam establishment, meaning for the UE and gNB to agree upon a beam pair,

is initialized with gNB performing a beam sweep where SSBs are broadcasted on
each beam. Each such SSB carries information such as which beam was used to
transmit it and implicit information about the timing window used for preamble
transmission. After Random Access has been carried out the network can assume
that subsequent transmissions from the UE will be carried out on the same beam
used to transmit the preamble. Likewise, the UE can assume that subsequent trans-
missions from the network will be carried out on the same beam used to transmit
the previously received SSB. [Dahlman, E. and Parkvall, E. and Sköld, J., 2018,
Chapter 12]

2.1.9.2 Beam Adjustment
The purpose of performing beam adjustment is to improve signal quality by

changing either one or both beams in the current pair. The necessity to do so might
be rotation or movement of the UE or changes in the environment causing shadow-
ing or reflections. Assuming analog beamforming, the symmetric nature of the up-
link and down-link beam pair gives rise to the possibility of either refining the down-
link beam direction based on the up-link beam direction or vice versa. [Dahlman,
E. and Parkvall, E. and Sköld, J., 2018, Chapter 12]
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2.1.9.3 Reporting
The task of selecting a subset of physical channels for communication means

that there are two main components relevant to the project: UE and gNB. It is there-
fore helpful to break down where in the system information is obtained, how it is
shared and in what order.

The 5G NR specification makes use of something called report configurations
to specify what and how information about the channel state should be collected
and reported. More specifically, the report configuration defines the set of quantities
to be reported, which exact down-link resources that should be measured to acquire
the information and detailed scheduling for up-link transmission of the report. The
scope of this project limits the measurement of interest to the received power of
a signal (RSRP) transmitted over a certain channel, since this information is vital
for beam management. In previous generations of mobile networks, this quantity
was measured and transmitted in the network layer, but due to efficiency improve-
ments in 5G NR there is support for reporting RSRP already in the physical layer.
The report configuration for the beam management case will thus consist of a set
of measurement resources - one SSB per widebeam in the product implementation
investigated in this project. The device will then perform measurements on said sig-
nals and report the result to gNB to be used by the beam management functionality.
[Dahlman, E. and Parkvall, E. and Sköld, J., 2018, Chapter 8]

2.2 First Principles of Machine Learning

This section describes the principles deemed necessary to understand the concept
of Machine Learning (ML) along with its possible use cases and limitations.

2.2.1 Introduction
The past decades Machine Learning has been proven to be a very useful methodol-
ogy to improve the way researchers use and acquire data from real world examples
and study cases. The ML scientific era is using algorithms that manipulate differ-
ent and complex types of data to derive meaningful results that can benefit research
and improve the derivation of scientific knowledge. Through knowledge acquisi-
tion from complex data helps to expand the understanding of problems unsolved by
human capability. Feeding complex and big amounts of data into well performing
algorithms can help to apply ML into real world problems and derive even more
clever solutions and ways of optimizing resources. [Mitchell, 1997]

2.2.2 Supervised Learning
Supervised learning is the procedure of knowledge acquisition based on example
data for output and input. This procedure of supervised learning consists of feed-
ing the system with pairs of inputs. The types of data that the supervised learning
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system utilize, consists of training data and validation data which are supposed to
be expressed in a numeric fashion. The input data are pairs of training data with a
labeled description (in a numeric fashion also). For example, if one would want to
classify if an animal is a dog or a cat (see Classification in ML) based on training
data, then they would choose 0 and 1 for labels. The procedure of training the sys-
tem is completed in cycles of training called epochs. The system’s performance is
hypothetically improving the more epochs it undergoes. The provided data to the
system are split into two percentiles. One of the percentiles is fed as training data
with which the algorithm creates a mapping of labeled results. The other percentile
is given as validation data for the algorithm’s results. [Scikit-Learn, 2022c]

2.2.3 Unsupervised Learning
Unsupervised learning shares the same concept of data training as supervised learn-
ing, though unsupervised learning feeds the system with unlabeled training data.
Since unsupervised learning, works in no labeled data feeding fashion one can no-
tice that it is very difficult for the system to measure its accuracy. Thus, Unsuper-
vised Learning systems tries to make a rationalistic structure, or mapping out, its
provided data without any labels. Unsupervised Learning is commonly used to find
patterns in data that would have been impossible for humans to find. Data that is
uncategorized and non-labeled, which is most likely the data we find for many ap-
plications. [Mitchell, 1997]

2.2.4 Balancing of Training Samples for Classification
When gathering training data for any classification machine learning algorithm it
is important that samples are evenly distributed across all possible classes. If this
is not the case, the model adjustment may become significantly biased towards
the more commonly represented classes during training, resulting in poor predic-
tion performance for all underrepresented classes. This can be prevented by under-
sampling the data such that some samples from the commonly represented classes
are removed or over-sampling such that the less represented classes are duplicated
through random selection with replacement. A third option is to adjust the cost func-
tion such that the impact of a sample during training is weighted according to the
inverse of the representation of its corresponding class.

2.2.5 Cross Validation
Cross validation is a practice used to test the performance of an ML model by shuf-
fling and splitting the data used for training and testing. One common way of per-
forming such a split is via the so-called K-fold method, which works by splitting
the available data into K groups, where after each group is systematically used as
the test set while the rest is used for training. Calculating the prediction score for
each of the K test sets then gives good insight into the performance of the model
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along with an indication of the level of variability one might expect from a randomly
selected training set. [Scikit-Learn, 2022a]

2.2.6 Time Series Forecasting and Supervised Learning
Time series forecasting is the practice of predicting future values of a process using
historical, time stamped data. One common approach is to create a mathematical
model of the real process through analysis of internal qualities and relationships
of the gathered data. Information about the performance of the model can be de-
duced from the discrepancy between the real process and the values produced by
the model, also referred to as the residual, which should ideally be equal to 0 for
all sample indices. It is possible to transform a time series forecasting problem to
a supervised learning problem by producing labeled data from the historical time
series data. For one-step predictions, this is done by letting the values at index n and
n+1 constitute X and y respectively. The traditional method of regression analysis
can thus in theory be replaced by a machine learning algorithm trained with labeled
data. [Dietterich, 2002]

2.2.7 Training
Generally, the training of an ML model is performed by feeding labeled or unlabeled
data into the system based on which internal variables of the model can be adjusted
with respect to some cost function. The data type used during training depends on
the specific model implementation and the number of iterations and/or samples used
depends on a user specified tolerance, processing or time limit.

2.2.7.1 Cost Function
A cost function is a function used to derive a number corresponding to the fail-

ure rate of a system. This quantification of inaccuracy is used to set tolerance re-
quirements to be used during training. Since a lower cost means higher accuracy,
minimizing the cost function is the fundamental goal of performing training on a
given ML algorithm. [Chollet, 2015]

2.2.8 Multi-layer Perceptron (MLP)
A Multi-layer perceptron is a type of artificial neural network which, depending on
the implementation, can be used for either binary or multi-class classification and
single or multiple output continuous regression. The fundamental structure of the
model consists of several layers of nodes, where the first and last one are referred
to as the input layer and output layer correspondingly. In the case of the classi-
fication architecture, each output node corresponds to an individual, via training
samples seen class. Notably, classification problems with a large sample space does
in general require a great and balanced number of training samples to accurately fit
a working model. If this requirement is not met, the influence of well represented
classes on the fitted model may bury the influence of equally important, but less
represented classes. [Scikit-Learn, 2022c]
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2.2.9 Random Forest Regressor (RFR)
A Random Forest is a machine learning algorithm consisting of several individual
decision trees whose results are weighted together to produce the output of the
random forest. Each decision tree consists of a root node, internal nodes and leaf
nodes. Each non-leaf node represents categorization in two or more bins based on
the value of some variable associated with the node. Each tree is created based on
observed data via expansion from the root node where a predefined set of rules
define whether or not to perform a given split. [Scikit-Learn, 2022b]

Such rules include:

• A minimum number of samples in a leaf node

• A minimum number of samples needed to perform a split

• The maximum depth of the tree

2.2.10 Convolutional Neural Network (CNN)
A convolutional neural network is a class of a neural network similar to the previ-
ously mentioned MLP. The main difference from the other artificial neural networks
is the fact that they are able to identify patterns from images passed through several
sublayers. The types of sublayers that they use are namely the convolutional layer,
the pooling layer and the fully connected layer. The convolutional layer is the main
building block of the CNN. In this layer the filtering of multiple overlapping pix-
els occur in order to map reoccurring features of input images. The pooling layer
is where the dimensionality reduction of the CNN occurs as the filter scans each
input image and select the highest, for extraction, into the next output layer where
the average pooling happens. In the fully connected layer, as the name implies, each
node in a given layer is connected with the each node in the following one. All to-
gether, the CNN model is a neural network capable of performing classification, but
modified to accommodate image data types as input [Chollet, 2015] .

2.3 System Modelling

This section describes the first principles deemed necessary to understand parts of
the project related to system modelling, including configuration of the simulator
environment and attempts at improving the performance of the system through al-
ternative methods of subset selection.

2.3.1 Transition Matrices and Markov Chains
A system which consists of a number of states and the possibility to transition be-
tween said states can be represented as a stochastic model in the form of a Markov
Chain (see Figure 2.3). This data structure can then be used to simulate the system
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behavior by traversing the stochastic graph iteratively. It is common practice to rep-
resent a Markov chain as a square matrix, often referred to as a transition matrix,
where each row and column corresponds to a given state and the values corresponds
to the probabilities of transitioning between them. [Chan et al., 2012]

This way, the Markov chain derived from a transition matrix can represent
groups of self selected subsets of widebeams that each time stamp of the system
progression will give a different possible subset that will supposedly work effec-
tively with the purpose of including the best widebeam measured in RSRP (dBms).

Figure 2.3 A simple example of a Markov chain with two states 1 and 2. The probability of
staying in a state is represented as a self-pointing arrow and the probability of transitioning
to another state is represented as an arrow pointing away from the current state.

2.3.2 Propagation Model
Signals sent over the air interface in a physical, wireless system experiences unde-
sired effects in the form of decreased amplitude, phase shift and destructive inter-
ference. In an effort to understand and counteract these undesired effects, so-called
propagation models to be used in simulations have been implemented by 3GPP.
[ETSI, 2022] Through models like these, it is possible to study complex phenom-
ena such as the effect of multi-path propagation on a link consisting of multiple
bands at different frequencies.

2.3.2.1 Slow Fading Propagation
Fading is considered slow if the rate of change in amplitude and phase shift is

slow compared to the minimum delay requirement of the system. The rate of change
of the fading is quantified as the coherence time, which is the minimum unit of time
needed for the amplitude and phase of a channel to change to the degree that it is
no longer correlated to its previous value. Ericsson supervisors name shadowing,
which can occur due to obstructions in the environment such as a building or hill, as
one example of conditions which can introduce slow fading. Furthermore, they add
that the slow change in signal properties during the time duration of a typical use
case make it possible to model slow fading channels as constant during transmission
in simulations. [Belloni, 2004]
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2.3.2.2 Spatial Channel Modeling
Due to the high computational cost associated with ray-tracing and low industry

demand to simulate a very specific environment very accurately, 3GPP has coordi-
nated the development of a simplified statistical approach, Spatial Channel Model-
ing (SCM). [ETSI, 2022] It is built on a technique where user locations are con-
sidered special points of interest. Objects in the environment, here called scatterers
are placed randomly in the environment where they are parameterized and associ-
ated with each user location. The result is a computationally efficient system with
focus on measurements at UE locations. [Ferrand et al., 2016] SCM also includes a
specification for simulating propagation to and from antenna arrays used in beam-
forming. [MathWorks, 2022]
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3.1 Data Gathering

The simulator was set up to simulate a single active user continuously but randomly
traversing the area made up by a regular hexagon with a radius of 150 meters (mea-
sured from center to vertex) while communicating with the network. The UE was
given the task of using the file transfer protocol to transmit a sequence of 100’000
bytes to gNB. Due to the nature of the simulator, a user that has finished its task will
despawn and a new instance will be created to fulfill the requirement of keeping a
single active user at a given point in time. The final data set used in experiments
was gathered throughout 56 minutes of simulated UE and gNB activity.

To achieve the continuous UE movement described above, a new mover type
had to be implemented in the simulator source code as no current mover implemen-
tation supported the desired functionality. This implementation made it possible to
spawn any new user at the last location of the previous one, effectively creating a
sequence of RSRP reports that was geographically continuous. This quality was
important as the goal of the project involved making predictions based on data gath-
ered in a realistic environment affected by reflections and shadowing. The NLOS
model was achieved through simulating a slow fading propagation link with SCM.
The radio equipment to be simulated was chosen as a specific, but herein unnamed,
commercially available antenna-integrated radio used in deployment of high-band
5G NR networks. This equipment was placed in the bottom vertex of the hexagon,
25 meters above ground level. The user state was automatically set to connected to
avoid the RA procedure as this would have slowed down the simulation while not
providing any data relevant to the project.

The mover was set to travel around randomly at a speed of 10 km/h and change
directions if its next step would have ended up outside the hexagonal area. This
way, data points could be gathered homogeneously throughout the radio environ-
ment given enough time. Logs for gathering RSRP values for each widebeam were
enabled along with logs of the UE position. These outputs from the simulator in-
clude undesirable strings and IDs that were removed using MATLAB. A first script
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Figure 3.1 Illustration of the hexagonal simulation area and the superimposed theoretical
beam grid. As one can imagine, beams directed further away from gNB will occupy a larger
area than those close by due to the flashlight effect.

was used to split and sanitize data before creating a comma-separated value file for
each log. Plots of the radio environment were also created to provide feedback in
the task of tuning the new mover class and verifying that the rest of the simulation
was setup correctly.

3.2 Generating Baseline Performance Data

To enable proper evaluation of any algorithms used in this project, it was necessary
to quantify the performance of the baseline algorithm. Due to the simulator not sup-
porting the subset functionality at the time of writing the report, an offline version
of the baseline algorithm was implemented in Python by the authors. In order to en-
sure this crucial step was performed correctly, both authors implemented their own
version separately and the results of feeding the same data into the resulting algo-
rithms were compared and verified by members of a team of baseband developers
at Ericsson. The implementation of the baseline was designed such that sanitized
logs from the simulator could be fed into the algorithm, essentially simulating the
behavior of gNB in the task of handling subset selection while making it possible
to track the various KPI mentioned in the previous chapter.

Logging functionality was implemented to track beam miss count, beam switch
count, subset switch count, RSRP history and beam history. The ability to track
coordinates along with a certain log event was also added to assist in plotting a
visual representation of the behavior. This was used to investigate patterns in beam
misses.
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3.3 Algorithms for Subset Selection

3.3.1 Transition Matrix
The simulated data consists partially of lines of RSRP values for each of the 24
widebeams. To gain further insight into the data set, a matrix keeping track of the
number of occurrences where a certain beam went from being the strongest to an-
other one being the strongest, without respect to any subset boundaries, was cre-
ated. After normalizing each row, the matrix contained the probabilities of each
beam having the strongest RSRP in the next measurement given that a certain beam
(given by the row number) is currently the strongest. When paired with plots de-
picting areas where each beam was strongest, this data structure gave insight into
how the NLOS propagation model altered the behavior of the system.

The transition matrix serves as a good foundation for experimenting with simple
probabilistic approaches for subset selection as the most likely future top beams
are easily accessible in each row. It is for example possible to examine the rows
recursively to predict which beams will likely become relevant a number of switches
into the future.

3.3.2 Markov Chain
In the attempt to dynamically alter the subset of the widebeams that are used from
the base station, in order to achieve increased throughput in our channel, endeavors
of application of the mathematical system named Markov chains have been made. A
Markov chain is a mathematical system that applies a set of probabilistic alterations
from different states intertwined. This way it is possible to imitate a probabilistic
distribution of alterations depicted as finite discrete states. For the thesis’ cause,
the finite discrete states are represented by the widebeams that our base station is
producing. These are the widebeams 1-24.

As it has been described before, the transition matrix is a graphical represen-
tation of the probability distribution of the widebeams alteration. Hence, the finite
states of the Markov chain can be represented with a probability vector derived by
the transition matrix. Every state of the chain, maps to the other 23 widebeams and
also to itself with a certain probability based on the highest RSRP beam in each
measurement report [Gallager, 2013]

3.3.3 Random Forest Regressor (RFR)
A multi-input multi-output random forest regressor was trained to predict the RSRP
of each widebeam using the RSRP of the last recorded top four beams. The result-
ing output is then sorted, and the top beams are chosen to constitute the next subset.
The training data was structured in such a way that a list of 24 values kept track of
the indices of the beams to enable the model to distinguish between them, while the
values kept at each index contained the RSRP value for that respective beam. Since
only the top four beams are reported back to gNB, all values except four would
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therefore have a value of 0. The data used for training was gathered from the big
data set described above and extracted such that the top four beams in measurement
report n constituted X and the corresponding RSRP values measured in report n+1
constituted y. Firstly, the training was conducted without any pre-processing, mean-
ing that the four values contained in the training sample lists were the actual RSRP
as measured by the device. In an attempt at improving the performance, the values
in X was also normalized to values between 0 and 1. Since the result of normalizing
X was not expected, both versions are included in the results section. The training
was conducted on a model consisting of 800 decision trees and a maximum number
of features equal to the number of samples seen during training.

3.4 Algorithms for Subset Evaluation

The potential of using Machine Learning to validate the subsets was also investi-
gated. The purpose of the subset evaluation experiments is to investigate the viabil-
ity of evaluating a subset given a full measurement report instead of only the top
four beams, which is the result of a design choice rather than a physical limitation
in the real world implementation.

3.4.1 Multi-Layer Perceptron Classifier (MLP)
The model used was a Multi-layer Perceptron Classifier, a neural network, which
was trained using labeled data created from the recorded subsets (produced by the
RFR model) along with the highest RSRP global beam from the corresponding
measurement as the label. The input consisted of a list of 24 numeric values, where
each index represented a certain widebeam, and the associated value was set to
either the recorded RSRP for that beam in case it was included in the subset and
0 otherwise. There were also two hidden layers of 120 and 60 nodes respectively.
The output layer consisted of 24 nodes, again corresponding to the beam indexes,
of which only one was returned as the predicted highest RSRP global widebeam.

The training data was balanced, meaning to include a similar number of samples
for each class during training, through under-sampling to avoid biasing the model
towards more commonly represented classes. This reduced the number of samples
in the data set from 63239 to 4632 which means a large part of the gathered infor-
mation was not utilized. The number of epochs used in training was regulated by
hyper-parameters such that either a stagnation of improvement (no score improve-
ment of at least 10

-12
over the last 1k iterations) or a maximum number of iterations

(30k) stopped the training procedure.
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Figure 3.2 Visual representation of the MLP model used for subset evaluation.

3.4.2 Convolutional Neural Network (CNN)
3.4.2.1 Image Production from the subset history

In order to provide input images for the CNN, the subset history from the
Markov method was used to create a balanced data set of labeled images with valid
or invalid subsets. The valid subsets are the ones that contained the widebeam with
the highest RSRP value in the cell at the time of deployment and the invalid im-
ages are the ones that did not. The two sets of subsets were then converted into
images representing included and non-included beams. This procedure can be seen
in Figure 3.3.
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(a) Procedure used to produce the grey scale images.

(b) Procedure used to produce the RSRP color coded images.

Figure 3.3 Flow diagrams describing the methodology used to create images to be used in
the CNN method from example subset.

Four groups of subset images were produced and used for training. These are
shown in the Figures 3.5 - 3.8. In the case of the gray scale images, only the shape
of a given subset is encapsulated. The color coded images extend the representation
to also account for RSRP strength in each included widebeam, in theory providing a
way for the model to relate the user position to the subset shape. Furthermore, a sinc
interpolation function was used to make the coverage of each subset on the ground
surface more realistic. One can notice the effect of the interpolation as non-square
subset shapes.

Figure 3.4 Example of gray scale subset without interpolation.
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Figure 3.5 Example of gray scale subset with interpolation.

Figure 3.6 Example of RSRP color coded subset without interpolation.

Figure 3.7 Example of RSRP color coded subset with interpolation.

3.4.2.2 CNN Architecture
All four groups of images were used separately in training of the same CNN

architecture, which is shown in the Figure 3.8. The specific model implementation
used is included in the TensorFlow library. [Martín Abadi et al., 2015]
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Figure 3.8 Convolutional neural network architecture.

3.4.2.3 Training of the CNN
The training was conducted by feeding the CNN with batches of 32 images out

of a pool of 724 equally classified images from classes of valid and invalid subsets
from the Markov method. The four groups of images were each used in training
over 25 epochs. The data set of each group was divided in 70% training data, 20%
validation data and 10% testing data. The average accuracy of the classification
prediction was calculated using 5-fold cross validation.
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4.1 Simulator Configuration

The configuration of the radio environment simulation was verified by studying
Figure 4.1 which depicts the propagation of 8 beams from gNB with LOS enabled,
meaning via slow fading propagation without SCM. It is clear that the beams prop-
agate in the directions predicted by the theoretical beam grid used in the product.
Comparing Figures 4.1 and 4.2 gives good insight into how the slow fading propa-
gation model with SCM affects the radio environment as the directions of left angled
beams seem to be fairly intact apart from increased internal noise, while right angled
beams appear to reflect of a scatterer close to gNB. Widebeam 17, which is intended
to connect with the upper right part of the hexagon, is scattered but mainly reflected
to the left hand side instead. Widebeam 1, which is intended to connect with an area
to the right hand side of and close to gNB is almost completely blocked.

Figure 4.1 Plot of RSRP values per widebeam from a LOS simulation.
Top row: WB20, WB19, WB18, WB17. Bottom row: WB4, WB3, WB2, WB1. It is clear
that the beams propagate in the expected direction based on the theoretical beam grid.
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Figure 4.2 Plot of RSRP values per widebeam from an NLOS simulation.
Top row: WB20, WB19, WB18, WB17. Bottom row: WB4, WB3, WB2, WB1. The theoret-
ical grid is mostly intact on the left hand side, but very distorted on the right hand side.

4.1.1 User Movement
The behavior of the UE mover class implemented by the authors to generate a geo-
graphically continuous random trail in the simulation area is presented below. Fig-
ure 4.3a shows the geographical position associated with each measurement report
gathered during a relatively small time frame in order to properly distinguish the
characteristics of the movement. Figure 4.3b, which contains 63239 samples, shows
the geographical positions associated with all measurement reports contained in the
big data set used for experiments.

(a) Visual example of the trail generated by
the modified random mover.

(b) Coordinates from all samples in the data
set used for experiments.

Figure 4.3 Coordinate locations depicting the random mover behavior.
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4.2 Data Gathering

During the simulation, the UEs location and measured RSRP was logged as it tra-
versed the NLOS radio environment surrounding gNB. Figures 4.4a and 4.4b shows
the geographical coordinates (x,y) associated with each measurement report in a 3-
dimensional space with z corresponding to the beam index with highest measured
RSRP. In the LOS case, each beam is clearly mapped to a specific geographical area
corresponding to the theoretical beam grid. The NLOS plot shows a similar result
at lower index beams close to gNB where a clear separation between the layers is
maintained. The noise introduced by the propagation model becomes a lot more
apparent at medium to high index beams as vertical outliers increase remarkably
in numbers and the borders between layers become increasingly undefined, espe-
cially on the right hand side where an object close to gNB appears to be interfering
significantly with the beams.

(a) LOS simulation with datapoints sorted
vertically depending on the highest RSRP
beam. There is distinct separation between
beams at different coordinates which is ex-
pected on a flat surface.

(b) NLOS simulation with datapoints sorted
vertically depending on the highest RSRP
beam. The environment has introduced noise
into the system, but the theoretical beam grid
can still be visible especially at lower index
beams close to gNB.

Figure 4.4 Comparing RSRP measurements in LOS and NLOS.

4.3 Beam Switch Transition Matrix

Figure 4.5 depicts the transition matrix generated by tracking the beam index of the
highest RSRP beam in each measurement report. The matrix, which is of dimen-
sions 24x24, should be interpreted such that a row index corresponds to the current
strongest beam and each of the values of that row contains probabilities of each of
the other beams being the strongest in the following measurement report. The ma-
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trix has a strong diagonal, meaning that the on average most likely event is that the
current strongest beam is also the strongest beam in the next measurement report.

Figure 4.5 Transition matrix generated by tracking beam switches throughout the big
dataset used in experiments.

4.4 Baseline Performance

Running the RSRP measurement reports generated by the simulator configuration
above through the python implementation of the currently used static subset algo-
rithm generated what is also referred to as the baseline performance. This perfor-
mance serves as a benchmark for all following alternative methods. Table 4.1 shows
that roughly every 10th beam switch results in a subset switch and that 728 beam
misses occurred in total over the 56 minutes of simulated time (0.2162 misses/s),
meaning that 6.3% of all beam switches resulted in a miss. Figure 4.6 shows the
coordinates of said misses. Most misses occur close to gNB and in series which
could be partially explained by the small area covered by each low index beam due
to propagation distance. Furthermore, a significant portion occur close to the middle
of the hexagon, which is expected since this corresponds to the location where the
four static subsets overlap.

Baseline
Beam Switches 11573 (3.4362 switch/s)
Subset Switches 1172 (0.3480 switch/s)

Beam misses 728 (0.2162 miss/s)
Average RSRP (dBm) -103.291

Table 4.1 Baseline performance.

4.4.1 KPI performance of the Optimal Selector
In order to put the performance achieved by the alternative methods presented be-
low into perspective, the average RSRP of a hypothetical, optimal method which
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Figure 4.6 Coordinates where a beam miss occurred when using the Baseline Selector.

would always include the best beam (meaning 0 beam misses) in each subset was
calculated as -102.495 dBm, meaning that these are the respective upper and lower
bounds which can be achieved on the data set used in experiments. The lowest the-
oretical number of beam switches required for a given data set is found by counting
the number of instances of two consecutive reports where the two corresponding
highest RSRP values map to different beams. The number is however not indepen-
dent from the subset selector as the UE can only detect a required beam switch
within the assigned subset. For the optimal subset selector which always includes
the best beam, the optimal beam switch count is 11592. The minimum number of
subset switches which could be achieved remains unknown.

4.5 Alternative Methods for Subset Selection

In this section, the KPI of the Markov method and Random Forest Regressor selec-
tors are presented.

4.5.1 Markov Method
The Markov method yielded very good results in terms of beam misses compared
to the baseline, but suffers in the subset switches metric as it is very unlikely that
two identical subsets are chosen randomly twice in a row. The locations of the beam
misses are presented in Figure 4.7. Notably, the misses are much less dense around
gNB and the tendency for misses to be consecutive, as is the case in the baseline, is
not present in this selector. [Gallager, 2013]
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Markov Method
Beam Switches 11625 (3.4516 switch/s)
Subset Switches 58960 (17.51 switch/s)

Beam misses 348 (0.1033 miss/s)
Average RSRP (dBm) -102.506

Table 4.2 Markov methodology performance.

Figure 4.7 Coordinates where a beam miss occurred when using the Markov selector
method.

4.5.2 Relation Between Subset Size and Beam Misses
The relation between different subset sizes and beam misses were also investigated
for the Markov method. As expected, bigger subset sizes result in less beam misses
than smaller ones. Figure 4.8 shows an exponential decrease in beam misses with
an increasing subset size. Trivially, a subset of size 24 (meaning to include the full
cell) results in 0 beam misses.

4.5.3 Random Forest Regressor (RFR)
The performance of replacing the baseline subset selection procedure with that gen-
erated by the Random Forest Regression model is presented in Tables 4.3 and 4.4.
The unscaled input performed better than the scaled input but both performed better
than the baseline algorithm in terms of beam misses (5.55% and 5.67% of beam
switches resulted in a beam miss respectively). The number of subset switches is
roughly 10 times that of the baseline for both the scaled and unscaled versions.

The geographical locations where a beam miss occurred is presented in Fig-
ures 4.9a and 4.9b respectively. The bulk of the misses occur in the immediate area

43



Chapter 4. Results

Figure 4.8 Relation between subset size and beam misses in the Markov method.

surrounding gNB, but the misses are spaced more uniformly around the station as
opposed to being biased to the left hand side as was the case with the baseline algo-
rithm. The cluster of misses close to the center of the hexagon is reduced compared
to the baseline, but still present.

RFR Selector (unscaled input)
Beam Switches 11564 (3.4335 switch/s)
Subset Switches 11528 (3.4228 switch/s)

Beam misses 642 (0.1906 miss/s)
Average RSRP (dBm) -102.545

Table 4.3 RFR Selector (unscaled input).

RFR Selector (scaled input)
Beam Switches 11554 (3.4276 switch/s)
Subset Switches 11520 (3.4204 switch/s)

Beam misses 656 (0.1948 miss/s)
Average RSRP (dBm) -102.541

Table 4.4 RFR Selector (scaled input).
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(a) Coordinates where a beam miss occurred
when using the RFR Selector with unscaled
input.

(b) Coordinates where a beam miss occurred
when using the RFR Selector with scaled in-
put.

Figure 4.9 Coordinates for beam misses in the RFR Method.

4.6 Alternative Methods for Subset Evaluation

The abilities of the MLP classifier and CNN classifier to evaluate whether a given
subset included the strongest beam or not were also investigated.

4.6.1 Multi-Layer Perceptron Classifier (MLP)
The MLP method of evaluation resulted in an average 76.8% prediction accuracy,
calculated using 5-fold cross-validation. Under-sampling, which was utilized to bal-
ance the classes prior to training, resulted in 4632 of the original 63239 samples to
be used during training. Figure 4.10 shows the confusion matrix of the relation be-
tween predicted and actual labels. Notably, the two vague diagonal lines above and
below the true diagonal show that the most common misclassification happen as
a result of the model predicting the widebeam directly above or below the correct
widebeam in the theoretical beam grid.
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Figure 4.10 Confusion matrix from the MLP evaluator model. X-axis and Y-axis shows
the predicted beam and actual beam.

4.6.2 Convolutional Neural Network (CNN)
The trained CNN model was able to evaluate whether or not a given subset gen-
erated by the Markov method included the highest RSRP widebeam in the cell or
not at a notably high accuracy. The grey-scale image representation of the subsets
yielded results of 75% accuracy both in interpolated and non-interpolated version.
The RSRP color coded versions increased the accuracy to 81.3% and 95.3% re-
spectively as can be seen in Table 4.5. Thus, it seems that the preprocessing step
of smoothing the subset edges had a bigger impact on the performance of subset
images that included an RSRP component than those that did not. [Chollet, 2015]

Average accuracy rate
Gray-scale without interpolation 74.0%

Gray-scale with interpolation 75.0%
Colored without interpolation 81.3%

Colored with interpolation 95.3%

Table 4.5 Average accuracy rate of the different image groups used in the CNN method.
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4.7 Summary

Figures 4.11, 4.12, 4.13 and 4.14 show the performance of each method for each
respective KPI. The Markov method is noteworthy for its low beam miss count of
0.1033 misses per second (baseline: 0.2162) and very high subset update cost due
to updating the subset at nearly every opportunity, meaning 17.5 times per second
(baseline: 0.3480). The RFR method presents a less costly smaller improvement in
beam misses at 0.1906 misses per second at a cost of 3.4228 subset updates per
second. The average RSRP of the baseline, -103.29 dBm, is already close to the
theoretical optimum of -102.49 dBm, but both alternatives pushes the performance
exceptionally close to the limit at -102.51 dBm for the Markov method, -102.55
dBm (unscaled) and -102.54 dBm (scaled) for the RFR method.

The number of beam switches is very similar between the baseline and all pre-
sented alternative methods, which is partially expected since the update criterion is
based on the strongest measured beam in each measurement report, which is the
same for all methods. The small differences are a result of the included beams in
each subset since only beams within the assigned subset are included in the com-
parison between the previously best and currently best beam.

The location of the beam misses for each respective method differs notably from
the baseline which experiences problems with consecutive misses across the lower
part of the hexagon and especially in the area immediately surrounding gNB. The
Markov method successfully addresses the issue of consecutive beam misses, with
the coordinate pattern seeming more random and spread out except from in the
middle of the hexagon where most of the misses occur. Especially notable is the area
close to gNB which was where the majority of misses occurred in the baseline. The
RFR method still results in some chains of consecutive misses and the main issues
lie close to gNB, although more uniform around gNB in the area corresponding to
beams 1-4.
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Figure 4.11 Number of beam misses of the respective methods used for subset selection.

Figure 4.12 Number of subset switches of the respective methods used for subset selection.
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Figure 4.13 Number of beam switches of the respective methods used for subset selection.

Figure 4.14 Average RSRP of the respective methods used for subset selection.
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5
Discussion

5.1 Interpreting the Key Performance Indicators (KPIs)

The subset switch count is an important metric of performance in the use-case
investigated in this project, but it is important to remember that this only applies
to systems where updating the currently serving subset comes at a significant cost
of some kind. Since RAN systems are distributed, any information relevant to two
communicating components (e.g., gNB and UE) need to propagate over the air in-
terface, which costs resources in the form of time slots (time division multiplexing
blocks all but one transmission from gNB at a given time instant) and processing
power (clock cycles, battery power). Notably, energy is of especially high value in
battery powered devices. Furthermore, it should be noted that a real-world imple-
mentation of a solution driven by a machine learning model requires continuously
evaluating a prediction function and possibly also updating the model periodically
to adjust for changes in the radio environment caused by the likes of construction
sites and changes in weather conditions. The average RSRP measured by the UE
gives a good indication of the performance of the solution over time but does not
effectively capture temporary disturbances like loss of connection or otherwise
unstable performance which is crucial for the end consumer. The beam miss metric
is determined by supervisors at Ericsson to be the most significant indicator of a
subset selection algorithm as it quantifies the performance directly related to the
purpose of the beam subsets – seeking to ensure that the user is connected to the
most appropriate beam at all times at the lowest possible cost.

5.1.1 Properties of the Simulation Data Used In Experiments
The data set used in experiments is gathered uniformly throughout the hexagonal
area which means that beams far away from gNB, which naturally cover a larger
area, was measured as the strongest beam in more instances than those closer to
gNB. This is a true property of the real system and not a result of poor practice
when gathering the data, and is thus not a problem when using it for subset selec-
tion. However, in the case of subset evaluation, where the classification model was
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trained to identify the strongest global beam based on a full subset measurement re-
port, balancing is needed to avoid over-fitting the model to the classes corresponding
to the over-represented, higher index beams.

The transition matrix was created in order to access the probabilities of all pos-
sible beam switches in the environment. Notable properties that were found include:

• Staying on the same beam multiple measurements in a row is the most com-
mon scenario for all beams.

• It is uncommon to switch directly from a high index beam to a low index
beam and vice versa.

– This, together with results presented in Figures 4.4a and 4.4b indicate
that the theoretical beam grid stays notably intact even after introducing
noise through the NLOS propagation model.

• Some switches would never occur within the simulated period due to the way
the radio environment affected the data.

Certain non-existent switches were expected to some extent as it is plausible
that the propagation model would completely block certain beams of the radio envi-
ronment from ever neighboring in RSRP value. It was however more surprising that
the geographical neighbors in the theoretical beam grid resulting from the propa-
gation model would be a good predictor of RSRP neighbors even after interference
from the propagation model, but it does give insight into why the naive baseline
implementation worked as well as it did compared to the more advanced methods.
It should be noted that it is possible that the seed used in the simulation affects the
propagation less than the average real-world deployment or other simulation seeds.
Due to the limited scope of the project, this hypothesis is left as a possibility to
further develop the study in the future.

5.2 Subset Selection and Evaluation Approach

With the ultimate goal of the project being to develop a system that was able to ef-
fectively select subsets that would increase performance, it was decided to explore
self-correcting behavior to avoid chains of repeated bad selections. The idea of an
evaluation mechanism encouraged the development of a modular algorithm con-
sisting of a selector, metadata-selector and evaluator in a feedback loop including
an exit routine that could reset the state of any memory dependent selector model.
The intended purpose of the metadata-selector concept is to use the information re-
ceived by the evaluator to adjust state variables used in the following creation step,
effectively offloading responsibility from the selector to reduce model complexity.

Suggested functionality of the metadata-selector includes estimating subset size
and the UEs direction of movement. The subset size is, based on tests showing
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the performance of the Markov method for different subset sizes, believed to be a
crucial parameter for reducing the average power required to process each subset.
However, answering this question requires proof that there can exist an algorithm
which can determine appropriate low-risk time instants where the size can be re-
duced without causing a severe reduction in performance. A previous project con-
ducted at Ericsson which investigated the possibility of improving signal strength of
a moving UE, such as a car passenger, concluded that the direction of travel is use-
ful as it can be used to assign weights to beams depending on velocity and direction
of travel. [Patel et al., 2020]

This modular approach also enables the possibility of having multiple parallel
selectors that are executed based on parameters found in the evaluation steps. It is
plausible that the results from multiple parallel evaluators could yield information
used to switch between a range of specialized selectors depending on the previous
user and subset states. Such states could in practice be related to the UEs means of
transport or varying weather conditions.

5.2.1 Comparing the Methods of Subset Selection
Two algorithms were developed with the intent of selecting a subset based on data
gathered from the environment. The first one, the Markov method, is based upon the
statistical behavior of the system in terms of beam switches. The second one, the
RFR method, is performing selection based on time series forecasting performed by
a supervised ML model.

In the case of the Markov method we can notice a significant decrease in beam
misses compared to the other methods used. This statistical approach works more
efficiently than the previously used baseline subset selection algorithm and both
version of the RFR selector. One can see a drop of nearly 46% in terms of beam
misses, which is not very surprising since the update frequency of the subsets in the
Markov method is vastly higher than that of all other investigated methods.

5.2.2 Comparing the Methods of Subset Evaluation
By examining the plots showing where beam misses occurred geographically it can
be concluded that a big part of them occur in sequence, which highlights a weakness
in both the baseline, Markov and RFR method. All algorithms are blind in the sense
that they do not include routines for adjusting to the quality of previous outputs.
While it would likely be possible to modify it to incorporate such functionality,
the authors concluded that there is merit to delegating the evaluation to a separate
module since this approach would enable the selector and evaluator to be improved
or replaced individually.

The choice of letting the evaluator have access to the full subset measurement
was based on the fact that the current limitation of only including the RSRP of four
beams in the report is not a system limitation, but a design choice. The subset func-
tionality, being already present in the product, motivates exploring selection meth-
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ods compatible with the current report configuration. Following the same reasoning,
limiting evaluation experiments to be compatible with the current configuration was
not deemed constructive as the concept of evaluation is not currently a part of the
system. If such a feature was to be added, it is expected to be relevant further in the
future relative to an update to the subset selection procedure, according to baseband
engineers at Ericsson.

5.2.3 Training Data used in RFR and CNN
The RFR was trained with RSRP measurements gathered from the UE as it traversed
the simulation area. Similarly, the CNN was trained using subset history produced
from the Markov method. In theory, this introduces a bias in the data corresponding
to the UEs direction of movement. However, due to the frequency at which mea-
surements and reports are transmitted between the UE and gNB, combined with the
accuracy at which the current product is able to calculate the user position, it was
decided that including a directional component was not necessary. This hypothesis
was strengthened in the results which show an improvement in beam misses com-
pared to the baseline in the case of the RFR method, which indicates that the model
is able to provide a useful (although noisy) estimation of future RSRP reports with-
out information related to the UE’s direction of movement. Likewise, the CNN is
able to evaluate whether or not the highest RSRP beam in the cell is present in a
given subset or not at significant accuracy of up to 95.3%.

5.3 Future Work

5.3.1 Introducing Biases from the Beam Grid
The quadrants in the transition matrix shows a clear pattern that lower and higher
index beams are much more likely to switch a beam in their corresponding group.
Switches from higher index beams to lower index beams and vice versa are both
unlikely, potentially explaining why the static subset layout performed as well as it
did in terms of beam misses. Since the theoretical beam grid layout stays partially
intact in experiments, manually biasing the matrix according to the cell setup might
be a way to improve performance in future implementations. The authors believe the
goal of such an experiment should be to search for optimal bias weights, possibly by
recording the performance of the Markov method for each combination of a range
of bias values crossed with a range of simulator seeds.

5.3.2 Testing the Evaluation Hypothesis
The pre-study on evaluators presented in this report suggests that it is indeed pos-
sible to evaluate the quality of a subset, which opens up the possibility to create a
more intelligent system that includes feedback between the selector and evaluator.
The authors envision a project on this topic to include experiments on the effect
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of introducing noise into the system and altering the input to the selector such that
the output of the evaluator could affect the next output in a constructive direction if
deemed necessary. Additionally, quantifying such a system in terms of the KPI used
in this project would serve as an interesting, complementary, future study.

Another thing to consider is the the fact that users do not generally move ran-
domly in the real world as organized pathways and infrastructure heavily restricts
and influences movement. The uncertainty posed by a random direction of travel
is also assumed to introduce a certain level of unrealistic noise into the system. It
should therefore be mentioned that any prediction algorithms used in this thesis
could in theory benefit from being trained using data gathered through more realis-
tic, non-random user movement.
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