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Abstract

LTE and 5G cellular networks are evolving at a rapid pace to accom-

modate more users and higher traffic. Existing studies have largely focused on

urban mobile networks, leaving their rural fixed-wireless counterparts largely

ignored. This work investigates the performance of a rural Canadian fixed

wireless network on several time scales. Short- and long-term performance

properties are considered. It is well known that rural propagation environ-

ments behave differently from urban ones. Long-term temporal changes in

the propagation environment, such as foliage and snow, were shown to have

a small impact on the performance of the network. From a forecasting point

of view, it was shown that including environmental features and increasing

the time horizon of the forecasts will increase the accuracy of the forecast. In

contrast, it was shown that including environmental features did not provide

any benefit to short-term forecast accuracy; however, longer input sequence

lengths were demonstrated to be beneficial for short-term forecasts. Finally,

an unsupervised anomaly detection algorithm, RAINFOREST, is presented

which leverages the temporal context obtained from the forecasts alongside

density-based clustering analysis to outperform all the baselines tested.
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Chapter 1

Introduction

Access to the internet has provided the world with an unprecedented

level of connectivity. An internet user can purchase groceries online, have a

video conference call with their co-workers, or stream their favorite musical

artist with ease. The dependency on the internet for work and entertainment

has solidified it as a requirement for daily life in the 21st century.

The consumption of data through mobile and wireless devices has

increased at a staggering rate [4]. LTE and 5G services are often deployed

to provide service to urban and rural internet users. To accommodate the

growth of the traffic consumed by each subscriber, network operators are

rapidly scaling the capacity of their network. In urban environments, it can

be simple to add more capacity; however, in rural areas, it is often difficult to

provide high-speed broadband. Long-range channels and difficult terrain pose

a significant problem for wireless communication using cellular technology.
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Monitoring a rapidly scaling number of cells in a national rural fixed

wireless network is no simple task. How can a network operator monitor

problems, dynamically handle resources, and make long-term planning deci-

sions when the scale has grown beyond what is possible for large teams of

engineers to manage? Machine learning and automation have been suggested

as keys to enabling the advancement of wireless networks [5].

Wireless communication networks produce enormous amounts of data

that describe their performance and configuration. Performance and to some

extent configuration are intrinsically temporal signals. Internet traffic is gen-

erally higher during the day when users are online and lower around 2 am

when most users are asleep. Analysis of these time series signals is critical

for network operators to understand how their network is performing and for

long-term planning. For example, a sudden sharp decrease in traffic could in-

dicate that a network fault occurred and a long-term upward trend in traffic

could suggest that upgrades are needed to meet growing capacity demands.

The focus of literature has been predominantly on urban mobile net-

works. This is not surprising since most subscribers to cellular network ser-

vices reside in urban areas [4]. One of the key aspects of this work is the

consideration of rural fixed wireless networks. This requires a paradigm shift

in how a network can be designed and analyzed. Users are placed in fixed

positions, meaning that they do not roam from cell to cell. The distance be-

tween users and the base station is no longer hundreds of meters as in urban

networks, it is on the order of tens of kilometers. The effects of terrain will
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also be dramatically different; wireless propagation in one urban center ver-

sus another is likely very similar, while propagation in a forest is likely very

different than in coastal plains. In addition to environmental factors, the

populations of rural areas themselves are known to behave differently from

their urban counterparts, which can further change the temporal dynamics

of a rural network [6].

This work will aim to investigate three aspects of rural fixed wireless

networks and compare them with similar urban studies. First, the long-term

seasonal variation of the network will be considered. This will aim to char-

acterize the implications of seasonal changes in the propagation environment

and how they can be used to generate long-term forecasts for tasks such

as network and capacity planning. Second, short-term forecasting will be

investigated for use in dynamic resource allocation. Similar urban studies

have not provided a robust analysis or statistical approach to the short-term

temporal behavior of a wireless network, and rural networks have received

little to no investigation. Finally, a novel unsupervised anomaly detection

algorithm is proposed for LTE KPI fault detection that outperforms baseline

models by using the temporal context obtained from time series forecasts.

1.1 Overview and Research Objectives

Modern telecommunication networks are a monumental source of data.

The volume and diversity of the data sets are significant. For a wireless net-

3



work, there will be user equipment, cells, sites, and network cores. Each of

these components has hundreds or thousands of metrics being logged. In

many cases, there are multiple unique sources of data. A user could have

a set of data related to networking features, such as throughput, or electro-

magnetic features, such as interference levels.

The unprecedented scale of data being generated from telecommu-

nication networks provides an impressive level of visibility into a network’s

performance. Each generational increase in cellular technology introduces an

additional layer of complexity in terms of management and operation. This

increase in complexity directly leads to more difficulty in monitoring and

maintaining a network. Furthermore, as the number of cells and subscribers

in the networks increases, the complexity will increase further. Automation,

Big Data analytics, and machine learning are rapidly becoming the only

way to address network-scale monitoring without significantly increasing the

number of telecom engineers. It would not be surprising if the number of

telecom engineers was not growing rapidly enough for traditional monitoring

and analytics to be viable in the near future.

Although all components of a network are important to consider, in

fixed wireless networks, the primary focus is typically at a cell level. Cells are

the building block of the network itself. The stationary nature of users means

that their cell connection options are small. The sites are carefully chosen in

the best coverage location available; however, it is not practical to move the

location of a given installation. This leaves cells as the largest optimization

4



surface in the network, which is why this work focuses exclusively on the

cell-level aspects of the network.

The three main research objectives of this work relate to characterizing

the temporal and environmental properties of a rural fixed wireless network,

the forecast implications of these relationships, and how these forecasts can

be used to detect anomalous behavior at the network scale.

The temporal properties of communication networks are critical for

business decisions. Weekly and daily seasonality can be used to understand

network congestion. Monthly or yearly seasonality can be used to under-

stand long-term trends, such as subscriber growth or performance trends.

Seasonality is critically important for network monitoring. Urban season-

ality has been highlighted in open datasets such as Big Data Italia [7] and

several similar studies; however, no investigation of seasonality in rural fixed

wireless networks has been conducted. One of the objectives of this work is

to characterize the long-term behavior of rural fixed wireless LTE network

KPIs. Additionally, mechanisms that could be causing seasonal changes on

the network scale, such as temperature and snow, will be analyzed.

Existing urban mobile studies have highlighted that weather and en-

vironmental covariates can be used to greatly improve the accuracy of net-

work performance forecasting [7]. Using the seasonality and environmental

relationships identified, forecasting models with different time horizons were

created to investigate the merits of covariate signals in the LTE KPI forecast-

ing model. Short-term forecasts with horizons on the order of a day or less

5



are expected to see minimal benefit from including environmental features

due to the short-time dependencies of the network KPIs; however, long-term

forecasts with horizons extending weeks or more are expected to benefit from

these covariates.

Using LTE forecasting models and combining several AD methods,

a novel hybrid AD method is proposed. AD is a major problem in LTE

due to the rudimentary nature of built-in LTE monitoring systems. Manag-

ing the tuning of threshold-based alarms on a network scale is not practical

or economical because of the time that network experts would spend for a

minor improvement in monitoring. Anomalous behavior has a wide array

of manifestations; however, common examples are users disconnecting due

to power outages or interference issues reducing spectral efficiency. The pro-

posed methodology combines statistical, clustering, and forecasting AD tech-

niques to alleviate the drawbacks of each individual method while achieving

robust and explainable results. Furthermore, the proposed method is unsu-

pervised and can be tuned based on a small number of intuitive parameters.

1.2 Seasonal Properties of Rural Fixed Wire-

less LTE Networks

Changes in an environment over time are a common experience for the

majority of the world’s population. Some climates have wet and dry seasons,

while others experience more seasons. This work investigates the impact of

6



seasonal changes in rural Canada on a fixed wireless communication network.

The Canadian climate is harsh: the winter months can have tempera-

tures below −40◦C while summers can exceed 40◦C. The transitions between

these months are in autumn and spring, where the temperature changes are

not drastic, but introduce changes in the foliage that can dramatically alter

propagation characteristics and user behavior.

Existing studies have considered a small number of temporal sam-

ples and measurement locations [8, 9, 10]. The industry partnership that

supported this research provided access to an unprecedented temporal and

spatial resolution: data was collected from a rural Canada fixed wireless LTE

network with a 15-minute sampling period. The unique nature of this data

set is such that direct comparable studies do not exist.

A key objective of this work is to analyze the relationship between en-

vironmental factors and changes in network performance over time. Studies

by Chee et al. have identified that there are changes that impact propagation

characteristics; however, this work aims to determine if there are measure-

able changes in network performance. These changes may be caused by the

physical environment, user behavior, or some combination of both.

Using the relationships identified between environmental changes and

network performance, forecasting models were created to test how these rela-

tionships could be used to improve modeling. The objective of these models

was to help with capacity planning and management, which meant that the

time horizons were on the order of months. A variety of models and forecast-

7



ing horizons were tested; however, it was ultimately shown that the amount

of information added by environmental signals was minimal and resulted in

minimal changes in forecast accuracy.

1.3 Short-Term Multivariate Forecasting

Approaches to automated network monitoring and dynamic resource

allocation often rely on short-term forecasting. Being able to accurately esti-

mate the future demand and performance of a network will allow anomalies

to be detected or resources to be reallocated as needed.

The general premise of forecasting is to consider some historical data

and use them to predict the future. Depending on the forecasting task,

the history could be a few hours, a few days, or longer if needed. Short-

term forecasting has been considered in urban LTE networks [7, 11, 12];

however, rural networks remain largely ignored. Furthermore, the forecasting

architecture approaches are often rudimentary and do not consider newer

time series forecasting neural network architectures.

In existing studies, there are generally limited or no statistical anal-

ysis performed. Although many neural network approaches do not require

significant investigation into the properties of the signals being forecasted, it

is noteworthy that early analysis can help reduce the hyperparameter tuning

search space.

This work considers multivariate forecasting of rural fixed wireless
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LTE network KPIs using a variety of neural network architectures. The pri-

mary focus will be on characterizing the time history requirements needed to

achieve accurate single-step forecasts. One of the contributions of this work

will be to evaluate the time-history requirement of a variety of models. Gen-

eralized or theoretical neural network architecture research, such as [1] or [2],

will focus on the performance of a neural network on a variety of bench-

marks. It is important to note that this work is application-based, where

the objective is to maximize performance for a specific application. In other

words, this work aims to investigate how to optimize single-step multivariate

LTE KPI forecasts rather than optimize the architecture to perform well on

a variety of benchmarks.

1.4 Robust Anomaly Detection

Quickly detecting anomalies is the key to ensuring a good end-user

experience in any commercial network. It is inevitable that problems will

occur, given the scale of equipment required to provide services; however,

detecting and mitigating problems when they occur will help reduce their

impact on end users.

Anomaly detection for LTE networks has been investigated; however,

the approaches are problematic and make erroneous problem formulation

assumptions. Namely, algorithms generally adopt approaches that force a

specific percentage of samples to be considered anomalies regardless of their
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true status [13, 14, 15].

This work investigated an alternative approach that does not enforce

or assume properties of the sample data. Using forecasting, clustering, and

statistical analysis, an anomaly detection algorithm was proposed to offer a

more robust anomaly detection process. The proposed algorithm was tested

over a rural fixed wireless network and was found to outperform the base-

line methods. Furthermore, a case study of a known outage is presented to

demonstrate the operation and interpretability of the algorithm itself.
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Chapter 2

Background and Literature

Review

2.1 Big Data and Open Source Software

Big Data is often used as a nebulous term to describe the existence of a

large amount of data. What is a large amount of data? There is no threshold

for what is considered big data; however, many researchers, scientists, and

engineers begin to encounter big data problems when Excel spreadsheets are

no longer able to open files and perform analysis in a timely manner. In the

context of this work, big data is loosely defined as data that is larger than the

memory of a single computer. There is also often the connotation that data

must be poorly structured and require extensive cleaning and processing;

however, Big Data is more of a problem of scale than of usability, since data
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can be bad in any volume. As the scale of available data grows, simple

questions like how many users were on the network today by hour? begin to

require analyzing gigabytes or terabytes of data.

Data collection for this work began in September 2020. The primary

source of data was LTE and 5G cells distributed throughout Canada in rural

areas. Every 15 minutes, thousands of cells collect thousands of metrics

related to performance and configuration; the scale of the raw data is easily

on the order of terabytes. The cleaned and distilled data remain on the order

of terabytes per year. Data on this scale pose two significant problems: how

can data be both stored and analyzed efficiently?

Storage of data on the terabyte and petabyte scale is not a new prob-

lem. The data collected for this research are primarily in tabular form, so it

is natural to use a database. Various database options are available; however,

Postgres [16] is an incredibly popular choice, as it has a large community and

is open source. Furthermore, there are extensions of Postgres that allow for

more efficient handling of geospatial and time series data. Furthermore, Post-

gres natively supports scalability features such as high availability through

replication.

Although large-scale storage is straightforward to implement, com-

puting resources can be problematic. Since no single computer is capable

of handling the sheer volume of data, distributed computing is an inherent

requirement. Open source software has grown exponentially to fill this void

in large-scale analytical work. The creation of open source distributed com-
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puting frameworks such as Dask [17] and Spark [18] serves to scale massive

workloads to arbitrarily large computing clusters. The independent nature

of LTE and 5G cells easily allows for parallelization. In other words, most

operations and analysis are segmented by cell, allowing workloads to be dis-

tributed across as many CPU cores as there are cells.

In many large-scale computational problems, analysis deadlines can

be relatively short. For example, a business could look to analyze quarterly

sales volumes or predict what advertisements would perform best with a

specific user. Both of these operations can take days or weeks to process,

without the results becoming stale and outdated. In the context of this work,

there are short and long time horizons that can result in a variety of deadline

requirements. Most of the analysis is short-term, where the timescale is on

the order of minutes, while additional analysis is done on a much longer

timescale where yearly trends are analyzed. Optimization of performance

and scaling a system for short-term deadlines will inherently enable long-

term analysis deadlines to be met. The focus of this work is not distributed

computing or data warehouse designs; however, understanding the scale and

application of this work provides context for why it is important.

2.2 Wireless Communication

Internet access methods vary widely depending on location and cost.

In simple terms, urban internet speeds are typically very fast and cheap,
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whereas rural Internet speeds are typically slow and more expensive. The

density of urban areas makes it cost-effective for modern internet infrastruc-

ture to rely largely on fiber optic connections. Wireless local area networks

(WLAN), long-term evolution (LTE), and 5th generation (5G) cellular net-

works provide mobility and edge connection to users. Rural internet users

do not have the same quality of internet access as urban counterparts; the

low population density of rural areas forces many users to rely on satellite,

fixed wireless, and antiquated DSL connections. Governments in countries

like Canada have been pushing to improve rural internet access [19]; however,

finding cost-effective deployment methods is a constant concern.

In Canada, most rural internet coverage is provided through fixed

wireless or satellite platforms. Fiber and DSL options exist; however, their

availability is limited by region and population density. Fixed wireless im-

plementations of LTE and 5G are a popular access method in rural areas.

Ericsson projects that there will be more than 300 million fixed wireless ac-

cess (FWA) subscriptions worldwide by the end of 2028 [4]. Although this

is a significant number of subscriptions, it is nearly two orders of magni-

tude smaller than the projected figure of 9.2 billion mobile subscriptions

worldwide by 2028. More subscribers are forcing service providers to rapidly

expand capacity; however, the compound annual growth rate of traffic per

device is expected to grow 21% year-over-year meaning that they need to

accommodate not only subscriber growth, but also traffic growth.

More users who consume exponentially increasing amounts of data
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pose a significant problem for network operators. The cellular concept al-

lows efficient reuse of spectrum resources by segmenting coverage by area;

however, Shannon’s capacity theorem ultimately limits what is possible with

a single block of spectrum [20]. 5G is promising as it is able to achieve higher

spectral efficiencies and allows broader spectrum allocations; however, equip-

ment upgrades are not instantaneous, and users will surely grow to exceed

5G’s traffic capacity in the long term.

2.2.1 Urban Versus Rural Networks

In an urban environment, the rapid deployment of the wireless net-

work infrastructure is almost trivial. Network hotspots can be identified and

coverage can be added as needed. The time it takes an infrastructure team

to set up a new cell or upgrade an existing one is relatively short. Existing

buildings and infrastructure can easily have networking hardware mounted

on them, which serves to further accelerate the deployment. For rural fixed

wireless networks, this is not the case for several reasons. First, the in-

frastructure of a rural wireless network is inherently remote. Sites can be

deployed hundreds of kilometers from major cities, making physical access

difficult. Second, the deployment conditions are also physically different and

do not allow for the same amount of coverage redundancy. It is generally not

practical or difficult to provide coverage to a single user using multiple cells.

Furthermore, while networking hardware can be mounted on structures such

as silos and barns, it is not always practical or possible to do so.
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Urban networks will leverage several different cell sizes. Cells with

large radii, often called umbrella or macro cells, can be used to provide

coverage in high-mobility situations, such as on roads. In areas with higher

density and lower mobility, it is typical for more cells to be deployed with

much smaller radii to allow better spatial spectrum reuse and capacity. Rural

networks, especially those that are fixed wireless, do not have the same design

paradigm. Due to the remote nature and low population density in rural

areas, the size of cells becomes much larger. Despite the fact that cells have

radii on the order of tens of kilometers, it is often unlikely that a user can

connect to more than one or two cells. In cases where a user can connect to

multiple cells, it is often due to a shared coverage footprint shared between

several cells for load-balancing purposes.

The objective of any commercial wireless communication network is to

provide quality service as efficiently as possible. In this sense, the efficiency

of wireless communication is paramount. For many network operators, spec-

trum licensing is a large part of their operating costs. A recent spectrum

auction in Canada for allocations around 3.5 GHz had a final cost of almost

$9 billion CAD [21]. These exorbitant costs lead to a desire to ensure that

spectrum is used efficiently. Spectral efficiency is therefore a key performance

indicator (KPI) of special interest and is loosely defined as the throughput

of a cell divided by the bandwidth. The theoretical limit is bounded by the
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channel capacity C, which is defined as

C = B log2 (1 + γ) , (2.1)

whereB is the channel bandwidth and γ is the signal-to-noise ratio (SNR) [20].

This definition of capacity is only valid under conditions where the channel

experiences frequency flat fading and single-input single-output (SISO) com-

munication is used. For broadband LTE networks, these assumptions do not

hold as several MHz of bandwidth with multi-input multi-output (MIMO)

will inherently experience frequency-selective fading.

Many wireless communication systems, such as LTE and 5G, use

MIMO to increase spectral efficiency. Using multiple antennas allows multi-

ple signals to be transmitted simultaneously or a single symbol to be trans-

mitted multiple times concurrently to decrease the probability of error. The

former is spatial multiplexing, while the latter is known as transmit diversity.

Eqn. 2.1 can be generalized for frequency-selective fading MIMO channels by

accounting for the number of antennas, subdividing the channel bandwidth

into frequency-flat fading components and characterizing the channel impulse

response. The normalized bandwidth form can be expressed as

C =
1

K

K−1∑
i=0

log2

(
det
[
IN +

γ

M
HH

i Hi

])
, (2.2)

where K is the number of discrete uniform frequency bins such that the

subchannels experience frequency-flat fading, M and N are the number of
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transmitters and receivers, respectively, I is the identity matrix, γ is the

SNR, H is the channel impulse response matrix of dimensions M by N , and

(·)H is the Hermitian transpose [22].

Both Eqn. 2.1 and Eqn. 2.2 demonstrate a strong dependence on SNR.

Although Eqn. 2.1 indicates that capacity grows linearly with bandwidth

and logarithmically with SNR, there are practical limitations to both. As

previously mentioned, spectrum licenses are prohibitively expensive. Net-

work operators can and do leverage unlicensed spectrum such as ISM bands

around 2.4 and 5.7 GHz; however, ensuring quality service for end users can

become difficult, as they ultimately have no control over who is using that

shared spectrum. Bluetooth, Wi-Fi, and microwave ovens are a few exam-

ples of spectrum uses that would compete with LTE and 5G for the use of

unlicensed spectrum.

Increasing capacity using SNR improvements and higher ranks of

MIMO has become a popular research topic. Higher ranks of MIMO are

achieved by maximizing the diagonal components of HH
i Hi while minimiz-

ing the non-diagonal terms. In other words, the objective is to minimize

interference between non-diagonal antenna pairs when multiple antennas are

used. In the context of rural fixed wireless LTE networks, it has been shown

that the properties of H can be modified by carefully selecting antenna spac-

ing [23]; however, network operators often forego this in favor of standard

vendor solutions such as massive MIMO.

Massive MIMO has become a key technology for the deployment of
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high-performance wireless networks [24]. Historically, networks have been de-

ployed with an arbitrary coverage footprint and users are distributed through-

out the coverage area. Antenna beamforming was possible; however, the

number of antennas and control over beamforming were rudimentary. Mas-

sive MIMO is aptly named and uses an enormous number of antennas to

significantly increase the capabilities and control of beamforming. Massive

MIMO gains come largely from beamforming. Users that are spatially sep-

arated can share spectrum while still achieving full speed communication.

Furthermore, beamforming allows users to have antenna beams electrically

steered, further increasing their SNR. In other words, massive MIMO allows

a single cell to create dynamic pseudocells within it by beamforming.

One of the common example use cases of massive MIMO is in ur-

ban environments where a massive MIMO cell provides coverage to a nearby

multi-story building. Azimuth and elevation beamforming can be used to

provide excellent performance to users with sufficient displacement between

them relative to the incident wave from the basestation. Although this is a

great real-world example of a massive MIMO use case, what happens in a

rural propagation environment? Users are often so far away from the bases-

tation that elevational beamforming is no longer meaningful. Often times, it

may even be difficult for some users to benefit from azimuthal beamforming;

however, it can still be beneficial in cases with sufficient azimuth spacing.

Despite best efforts to improve broadband spectral efficiency, free

space pathloss will ultimately introduce problems for providing high SNRs
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to remote users. Friis’ equation dictates the power level at a receiver to be

Pr =
GtGrλ

2

(4πR)2
Pt, (2.3)

where Pr is the power at the receiver, Pt is the power at the transmitter,

Gr is the gain of the receiver, Gt is the gain of the transmit antenna, λ is

the carrier wavelength, and R is the distance between the transmitter and

receiver [25]. In simple terms, the wave spreads spherically as it propagates

from the transmitter to the receiver. Eqn. 2.3 assumes an ideal environment

with no effects from the channel except for path loss. A generalization of

this is to exchange the exponent of 2 for an arbitrary exponent, n, which is

related to the specific propagation environment. Using logarithms, Eq. 2.3

can be rewritten more generally as

Pt,dB − Pr,dB = Gt,dB +Gr,dB + 10log10

(
λ

4πR

)n

(2.4)

where n is the path loss exponent. The free-space pathloss is n = 2. In-

door line-of-sight paths are often n < 2 due to propagation phenomena such

as waveguiding and reflections along hallways and in rooms. In urban en-

vironments, n varies significantly more than the indoor line of sight, but is

generally less than 5 [26]. Rural environments can vary much more signifi-

cantly than urban ones in terms of pathloss.

In an urban cell, the distance between users and a given tower is likely

to be on the order of a few hundred meters. Higher mobility urban cells may
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push that distance to a few kilometers. In contrast, rural cells will have

propagation distances that are almost always longer than one kilometer and

can stretch up to 30 kilometers. Terrain is often mixed in urban environ-

ments; hills, buildings, cars, or overpasses could block or obstruct signals.

Rural propagation will experience obstruction from hills, mountains, and

other problematic terrain characteristics. Ultimately, they represent two sets

of propagation environments with suburban mixing of both. For example,

the path loss difference between an urban and rural cell can easily exceed 20

dB at 3.5 GHz. Furthermore, this does not account for any changes in the

path loss exponent, which typically further penalizes rural channels. Assum-

ing that bandwidths and, thereby, thermal noise are kept constant, a rural

cell will require significantly more power to achieve levels equivalent to those

of an urban cell. Practical and regulatory [27] limits restrict the maximum

power that can be used, further putting rural users at a disadvantage in terms

of spectral efficiency.

2.2.2 Propagation Factors

For any modeling task, it is important to understand the fundamental

properties of the system being modeled. In the context of this work, the

models will characterize and describe the performance of a rural fixed wireless

network. Temporal user behavior is a major driver of network traffic, that

is, high use in the evenings and low use overnight; however, the time of day

may not account for all seasonal changes in a given cell. Beyond the daily
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schedule of users, there is also a need to consider the long-term changes that

can occur in the propagation environment.

Canada is well known for its large seasonal changes. Summer months

are warm and can exceed 30◦ C while winter months can dip below -40◦C.

These seasonal changes are also highly location dependent. This can lead to

a few different phenomena which will be discussed in later sections; however,

water freezing, snowfall, and foliage are just a few examples.

In any environment, it is important to understand permittivity and

how it can affect propagation. One of the main ways permittivity will af-

fect propagation is through reflection and transmission. When a plane wave

propagates through a lossless medium with permittivity ϵ1 and collides with

another medium with permittivity ϵ2, the wave will be reflected and trans-

mitted. The reflected wave will remain inside the first medium, while the

transmitted wave will pass into the second.

To understand the magnitudes of the transmitted and reflected sig-

nals, the angles of incidence and reflection, as well as the permittivity of both

mediums, must be known. Each medium will have an impedance defined as

η =
µ

ϵ
, (2.5)

where η is the impedance, µ is the permeability and ϵ is the dielectric constant

of the medium.

The reflection coefficient Γ and the transmission coefficient τ depend
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on the incident angle and the impedance of the mediums. In simple terms,

the transmission and reflection coefficients describe the phase and magnitude

of the signal passing into the second medium and the signal staying in the

first medium.

When the Poynting vector of the wave is parallel to the normal vector

of the plane formed by the boundary of the two mediums, the reflection and

transmission coefficients can be written as [28]

Γ =
η2 − η1
η2 + η1

, (2.6)

τ =
2η2

η2 + η1
. (2.7)

Although there are many cases where a wave enters a new medium

at an incident angle, it is more likely that the wave enters at some angle.

This angle will cause the transmission and reflection coefficients to change

as the angles change. Moreover, in most cases, the relative permeability of

both mediums can generally be assumed to be unity, µ1 = µ2 = µ0, when

ferromagnetic materials are excluded. With this assumption, Eqn. 2.7 and 2.6

can be written more generally as

Γ =

cosθi −
√

ϵ2
ϵ1

√
1−

(
ϵ1
ϵ2

)
sin2θi

cosθi +
√

ϵ2
ϵ1

√
1−

(
ϵ1
ϵ2

)
sin2θi

(2.8)
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τ =
2cosθi

cosθi +
√

ϵ2
ϵ1

√
1−

(
ϵ1
ϵ2

)
sin2θi

(2.9)

where θi is the incident angle relative to the normal vector of the medium

boundary plane [29]. A visualization of these two curves for several different

media changes can be seen in Fig. 2.1. Furthermore, a diagram of the physical

configuration described by these equations can be seen in Fig. 2.2.

The values of θi and θr for greenfield channels in a rural environment

will have values close to π/2. From Fig. 2.1 it can be seen that as the

incident angle approaches π/2 that the reflection coefficient approaches unity

regardless of the boundary media permittivities.

It is typical for long-range fixed wireless rural networks to be config-

ured in such a way that users experience line-of-sight (LOS) or near LOS.

This is important, since it will allow users to mitigate the effects of prop-

agating through trees or diffracting over terrain. Despite this attempt to

mitigate additional path loss, there will typically still be signal paths that

go through trees and around terrain. This will mean that incident angles

are much smaller, meaning that transmission and reflection can occur, as

opposed to primarily reflections for grazing angles.

Scattering is generally modeled as isotropic with some retransmission

efficiency or attenuation introduced by the object. Scattering could be caused

by foliage, trees, buildings, etc. In rural environments, it is common to

encounter double scattering. One set of scatterers is near the transmitter
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Figure 2.1: Reflection and transmission coefficient magnitude for several dif-
ferent boundary conditions for θi ∈ [0, 90] degrees. ϵr,air ≈ 1, ϵr,water ≈ 80,
ϵr,vegetation ≈ 15, ϵr,soil ≈ 5 [3].

and another near the receiver. When the distance between the transmitter

and receiver is long, double scattering channels will form keyhole channels,

which can be problematic for channel capacity [30].
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Figure 2.2: Example of boundary conditions for incident, reflected, and trans-
mitted wave.

Local scattering will result in a much larger number of strong signals

reflecting at nongrazing angles. Because of this, an environment with chang-

ing permittivity may see changes in performance. Snow, rain, foliage, and

other transient changes in a propagation environment could lead to perfor-

mance changes.

2.3 Time Series Forecasting

The ability to accurately predict the future values of a time series

signal is of monumental interest in many industries. Weather [31], stock
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prices [32, 33], electricity demand [34], sales [35], and traffic [36] are just a

few examples of areas that have gained significant traction in the time series

forecasting space. At its core, time series forecasting is a regression problem

that takes historical data for a set of input variables and makes predictions

in the future.

Forecasting tasks can be used to address a variety of problems. Differ-

ent tasks require different models and techniques depending on the problem

being considered. A few common considerations are whether the problem is

univariate or multivariate, single- or multi-step forecasting target, stationary

or nonstationary time series, and finally the inclusion of extra signals. Time

series forecasting research generally takes one of two approaches; studies typ-

ically either optimize a model across a number of benchmark datasets [37] or

optimize a set of models on a given forecasting task [1]. This roughly divides

the lines between ‘pure’ forecasting modeling research and machine learning

application engineering research. Both approaches are crucial in that the

theoretical approaches provide tools for application-based research.

2.3.1 Problem Formulation

Univariate single-step forecasts are the simplest form of time series

forecasting. Several points from the past are fed into a model, which then

predicts the next value in the series. The signal of interest is often called the

target variable, or target signal. Although univariate forecasts can be useful

in simple systems, it is often insufficient for complex forecasting models to
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limit the number of target signals and the number of forecast steps to one.

To address this desired increase in model complexity, it is often required that

forecasts become multivariate and multistep in nature. A simple multivariate

forecasting problem can be written as

ŷi,t:t+n = f(yi,t−m:t−1) (2.10)

where yi is the ith target signal, •̂ indicates the estimate, t is the discrete

time step, m is the number of historical steps, n is the number of future time

steps, and f(•) is the forecast process. Historical and future time steps are

often used interchangeably with the input sequence length and the output

sequence length, respectively.

In addition to the desire to forecast several target signals simultane-

ously, it is often desirable to consider additional signals. For example, when

predicting the number of people buying umbrellas, it could be beneficial to

know what time of year it is and the current weather. It should be noted

that the forecast proposed in Eqn. 2.10 does not account for the inclusion

of covariate signals. Although most of the information in a signal is typi-

cally contained in the target signals, external signals commonly referred to

as exogenous features or covariates, can be used to improve forecast accu-

racy. There are several types of covariate that can be used: past, future, and

static covariates. Past covariates are signals with known historical values.

Future covariates are signals with known historical and future values; time

28



is the most commonly used future covariate. In essence, static covariates are

additional data on the entity being considered. In the context of LTE cell

performance forecasting, this could be information related to location, equip-

ment, bandwidth, etc. This allows Eqn. 2.10 to be rewritten more generally

as

ŷi,t:t+n = f(yi,t−m:t, x
p
i,t−m:t, x

f
i,t−m:t+n, x

s
i,t−m:t), (2.11)

where xp are past covariates, xf are future covariates, xs are static covariates,

i is the input signal index, t is the discrete time step, m is the number of

input steps, and n is the number of target steps. It is important to note that

future covariates have a known history but also have a definition beyond the

current time, t.

2.3.2 Loss Metrics

Forecasting ultimately seeks to create a model that minimizes the se-

lected error metric. The basis for many of these metrics is the error described

as

e = yi,t:t+n − ŷi,t:t+n. (2.12)

The mean squared error (MSE) and the root mean squared error (RMSE)

are two of the most commonly used error metrics. For a forecast with N
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targets and T time steps, the MSE is defined as

emse =
1

NT

N−1∑
i=0

T∑
t=1

e2i,t, (2.13)

where the RMSE is simply the square root of Eqn. 2.13.

It is often typical for the mean absolute error (MAE) to be considered

alongside either the MSE or RMSE. It is defined as

emse =
1

NT

N−1∑
i=0

T∑
t=1

|ei,t| , (2.14)

where N is the number of target signals and T is the number of forecast

steps.

Another metric that will be considered in this work is the coefficient

of determination R2. It is the square of the correlation between the actual

and forecasted signals. It can also be written as

R2 =

∑
(ŷ − ȳ)2∑
(y − ȳ)2

, (2.15)

where ȳ is the mean of the target variable throughout the time horizon of

interest [38].

Using error metrics, such as those mentioned, helps drive the overar-

ching objective of finding objectively good models. It is important to select

good and robust error metrics to allow comparison between different models

and configurations. Many of the older statistical forecasting models are still
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relevant and are used as baselines, such as the Holt-Winters models [39].

Over time, these models have evolved from autoregressive techniques like

autoregressive integrated moving average (ARIMA) and seasonal ARIMA

(SARIMA) to advanced neural network-based architectures such as the tem-

poral fusion transformer (TFT) [40] and neural hierarchical interpolation for

time series (N-HiTS) [1]. Improvement in forecast accuracy is often demon-

strated by comparing the performance of existing models with new forecast

architectures, making it critical that metrics be standardized for repeatabil-

ity.

2.3.3 Time Series Decomposition

A key concept that appears in many different types of forecasting

models is the decomposition of time series. The objective of time series de-

composition is to break down the signals of interest into different components

that describe its trend, seasonality, and residuals. Time series decomposition

is not unlike segmenting a signal into its high, mid, and low band frequency

components. Many time series data sets are very noisy, making it difficult

to extract meaningful information from the raw signals. Decomposition does

not explicitly remove noise; however, strong periodic components and trends

can be extracted to improve analytical capabilities.

In broad terms, there are two approaches to decomposition: additive
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and multiplicative. Additive models can be expressed as

yt = Tt + St +Rt, (2.16)

while multiplicative models can be expressed as

yt = Tt × St ×Rt, (2.17)

where yt is the signal that is decomposed at time t. T , S and R are the

trend, seasonal, and residual components, respectively [38].

Time series decomposition is a valuable technique when considering

signals that exhibit changes in both trend or seasonality. Many statistical

forecasting models struggle with nonstationary signals. If a signal’s mean

or variance changes, it can be difficult for some models to make meaningful

predictions. The decomposition allows the trend and seasonality components

to be separated while using the residuals to account for any additional vari-

ations in the signal. An example of an additive time series decomposition

can be found in Fig. 2.3. The raw signal is very noisy, but visual inspection

indicates that there is some periodicity to the signal. Although it depends

on the exact decomposition algorithm selected, the trend line can be roughly

approximated as a rolling average of the signal. The window size or expected

frequency to be used can generally be specified; in this case, the periodicity

was set to one day. Compared to the original signal, the periodicity of the

seasonal component is much more apparent. Some of the flat spots caused by
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peak hours around November 20-21 have been removed, and the shape of the

daily signal is clearer. Finally, we can observe that this is a rather noisy sig-

nal since the remainder contains a moderate amount of power; however, the

assumption that the remainder signal is entirely noise is a risky assumption.

Sometimes there can be periodic components that were simply not captured

by the trend or seasonal components, especially in the event of a signal with

multiple seasonalities.

Several different time series decomposition techniques have been de-

veloped over the years. The most popular method appears to be seasonal

trend decomposition with local regression (STL) [41]; however, other meth-

ods have been developed for specific time horizons or applications. Some of

these methods include seasonal extraction in ARIMA time series (SEATS)

and X-11. STL is desirable in that it can handle arbitrary seasonalities,

changes in seasonality, and robustness to outliers [38]. Furthermore, STL

was developed to operate rapidly in long time series with large amounts of

smoothing.

Another powerful feature of STL is that it allows the input and de-

composed sequences to have the same length; this is not the case for all de-

composition methods. Many decomposition techniques use sliding-window

averaging to extract the trend component. This forces the endpoints of the

signal to be dropped unless the analysis is willing to accept partial mov-

ing average windows. STL extrapolates these values, which can be prob-

lematic depending on the use case; however, in general the performance is
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Figure 2.3: STL decomposition of downlink physical resource block use.

adequate [41].

One of the deficiencies of most decomposition techniques is that they

do not have the ability to capture multiple seasonalities. For example, it is

safe to assume that the LTE KPI data will have a daily, weekly, and yearly
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seasonality. Depending on the time horizon used for the analysis, the effects

of different seasonalities will be present. STL has been adapted to handle

multiple seasonalities to address this specific edge case [42]. This will allow

all of the unique seasonalities and trends to be extracted to provide better

context for what is happening in an arbitrary window of time.

2.3.4 Statistical Relationships and Properties

The rise of deep learning models for time series forecasting has led to a

significant downturn in the robustness of feature analysis. The architectural

research of neural networks focuses on optimizing performance in a large

number of benchmark datasets; however, feature analysis is foregone in an

attempt to provide a better comparison of the raw performance of the archi-

tecture [2, 40, 1, 43, 44, 45]. In a sense, the architectural research approach

aims to minimize feature engineering and preprocessing. This approach is

not without merit as it can accelerate the time for industrial applications to

go from building to deploying models for tangible benefits.

Blindly feeding data into a neural network architecture is a problem-

atic approach which has become commonplace in the current literature. In

many cases, it is possible to achieve near- or actual-state-of-the-art perfor-

mance with much simpler models and hyperparemeter tuning. Many fore-

casting applications are not time sensitive in their forecast generation. Pre-

dicting monthly or quarterly sales projections or weather for the next week

have large time buffers with lax deadlines. For short-term LTE performance
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forecasting, this is not the case. Forecasts must be generated in a timely

manner so that dynamic resource allocation and anomaly detection can be

performed rapidly. Dynamically switching users between cells is not mean-

ingful if the forecast is created after the next cell performance data collection

period occurs.

Although many neural network architectures can ignore the statistical

properties of the data in favor of simple preprocessing and sufficient training

time, using smaller models allows for looser deadlines on forecast generation

and further downstream analysis. In other words, for long-term analysis ar-

bitrarily large models with minimal hyperparameter tuning can be adequate;

however, for tight deadlines, tuning and architectural optimization must be

considered.

There are several statistical analysis techniques that can provide sig-

nificant information in preliminary hyperparameter selection for both sta-

tistical and machine learning models. For statistical models, it is often a

requirement that they are fed stationary input signals; this will be ana-

lyzed using stationarity tests such as the Kwiatkowski-Phillips-Schmidt-Shin

(KPSS) and the Augmented Dickey Fuller (ADF) tests. The self-contained

information in the signals will be analyzed using the autocorrelation function

(ACF) and the partial autocorrelation function (PACF). Finally, Pearson’s

correlation (PC) and mutual information (MI) will be considered to evaluate

the strength of the relationships between signals.

Time series signals change inherently over time. A constant time
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series is trivial to forecast an arbitrary number of steps ahead because it is a

constant. Signals that are strongly periodic are also easy to forecast, as the

properties are consistent over time. Stationary signals are those that have

constant mean and variance. If a signal has a significant linear component

that results in long-term growth, it is not stationary but trend stationary.

Similarly, a person’s time to complete a task could be highly variable, but

as they become more proficient, the variability in their time to complete the

task would decrease; this also results in a nonstationary signal.

Two statistical tests are commonly used to identify the stationarity

properties of a signal; they are the KPSS and ADF tests. KPSS evaluates

whether the data is stationary around a level or a linear trend, while ADF

determines the presence of a unit root. Although both tests indicate the

stationary properties of a signal, they test fundamentally different properties.

The difference in properties allows more information about the signal to be

determined.

For KPSS, the null hypothesis is that the signal is trend-stationary,

while the alternate hypothesis is that it is not stationary. For ADF, the null

hypothesis is that the signal has a unit root, while the alternate hypothesis

is that there is no unit root. When using KPSS and ADF in conjunction for

stationary testing, there are four possible results. The first occurs when both

tests agree that a signal is stationary. The second occurs when the KPSS

indicates stationary, while ADF does not; in this case, the signal is trend

stationary. The third case is where KPSS indicates nonstationary while ADF
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indicates stationary; in this case, the signal is difference stationary. Finally,

both tests can indicate that the signal is nonstationary [46]. In general,

stationary testing is required for statistical models but is not required for

neural network-based approaches. This is discussed further in Section 2.3.6.

Stationary testing is used to help identify a signal’s temporal statisti-

cal relationship with itself. Although this provides insight into what types of

model are usable for forecasting, it does not provide information about prop-

erties, such as how long a history is required or what covariates should be

included. Self- and inter-signal relationships can be characterized using met-

rics like Pearson’s correlation (PC), autocorrelation, partial autocorrelation,

and mutual information.

PC is a very popular statistical metric for measuring the linear de-

pendence of one signal on another. PC is defined as

Rxy =

∑n−1
i=0 (xi − µx) (yi − µy)√∑n−1

i=0 (xi − µx)
2
√∑n−1

i=0 (yi − µy)
2
, (2.18)

where R is the correlation, x and y are the signals being considered, n is

the number of samples, and µ is the mean of the subscripted variable. From

the Cauchy-Bunyakovsky-Schwarz inequality, it can be said that the mag-

nitude of the numerator will always be less than or equal to that of the

denominator [47]; this assertion leads to R ∈ [−1, 1]. The magnitude of

PC indicates the strength of the relationship, while the sign indicates the

direction of monotonic increase. For preliminary signal investigation, PC is
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a very powerful metric; however, it becomes problematic in situations where

the relationships between variables are nonlinear.

For two independent variables, the PC will theoretically be zero. In

practical applications, this may not be the case, but it will ultimately be of

low value. When considering the joint distribution of these two variables,

circular patterns will be observed in a two-dimensional scatter plot. Adding

in a linear dependence between the variables will transform the circular pat-

terns into ellipses. In simple terms, the PC will allow the linear dependence

to be identified. Although PC is excellent at detecting linear dependence,

it begins to breakdown for nonlinear relationships or heteroskedasticity [48].

An example of these three cases can be seen in Fig. 2.4. The provided ex-

ample of a nonlinear relationship is a quadratic relationship between the

two variables. The value of PC was small, indicating that the relationship

is insignificant; however, visual inspection indicates that there is clearly a

nonlinear relationship.

To address PC’s inability to capture nonlinear relationships, MI can

be considered. MI represents the amount of information shared between two

signals. In other words, how much is known about the signal x based on the

signal y? It is not unlike the channel capacity described by Eqn. 2.1. More

formally, MI can be written as

I (X, Y ) = H (X) +H (Y )−H (X, Y ) , (2.19)
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Figure 2.4: Joint distributions of datasets for feature relationship discussion.
Subplot (a) is two Gaussian variables, subplot (b) is two correlated Gaussian
variables, subplot (c) is a squared relationship between two Gaussian vari-
ables.
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where I is the mutual information, X and Y are two unique processes or sets

of signals, and H is the entropy. Furthermore, entropy can be expressed as

H (f) = −
∑
a∈A

pf (a) log2p (a) , (2.20)

where f is a discrete random process with a set of values, A, and a is a value

in the set A, and p (a) is the probability of the result a being achieved [49].

PC is a simple metric to compute and is easy to calculate on large

datasets; however, the same is not true for MI. From Eqn. 2.19 and Eqn. 2.20,

it can be seen that the probability density function of the random process

must be known to estimate the MI. Using k-nearest neighbor distances has

been proposed as a way to minimize computational complexity while still

achieving accurate results [50].

Although it is able to capture nonlinear relationships and is only zero

in the case when the two signals being considered are truly independent,

MI can be problematic in that it is partially bounded. PC is restricted to

R ∈ [−1, 1]; however, MI is restricted to I ∈ [0,∞). Signals with lower

MI are easier to forecast. For example, a signal that is constant will have

I = 0. As the signal becomes more random, it contains more information

and becomes harder to forecast. Unfortunately, low-information signals are

rarely of interest for forecasting applications.

Adding additional signals to a forecasting problem can improve per-

formance, but can also degrade it. A large part of this assumption hinges
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on the assumption that adding features will increase the information known

about the target signals. The unbounded nature of MI can introduce some

difficulty in the matter. If a signal had 10 bits of information and a covariate

signal added 1 bit of certainty about the target signal, does it merit being

involved?

Using the normalized mutual information is the easiest way to facil-

itate a ‘quality’ estimation for covariate signals. Similarly to a correlation

matrix that describes the linear relationship between signals, the equivalent

can be constructed using MI instead. In this case, the MI is similar to the co-

variance, and the desired result is the correlation; the objective is to constrain

the scale of the variables. For an MI matrix, this can be done by normal-

izing a given row or column by the nearest diagonal term. Although MI is

unbounded, it is limited by the information contained in either signal of inter-

est. This allows for the assertion that I(X, Y ) ∈ [0,min{I(X,X), I(Y, Y )}].

By normalizing by the nearest diagonal term in the row, the relative amount

of information about a signal is known using a bounded metric. This better

facilitates the comparison of targets and covariates.

PC and MI are excellent metrics to identify when signals share re-

lationships at a given sample time tn, where n is an arbitrary time step.

These metrics highlight the relationship between the features at tn; however,

this is ultimately not what is required for a forecasting problem. The objec-

tive of forecasting is to predict the future based on the present value, which

means that the relationship between tn and tn+m is of great interest. Two
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common techniques for evaluating the relationship of signals over time are

the autocorrelation function (ACF) and the partial autocorrelation function

(PACF).

The ACF and PACF are very similar; however, they serve slightly

different purposes. ACFs are used to identify the relationship between a

signal xt and its lags xt−k for some integer k. The identified relationship

is the strength of the correlation between the two signals. A key detail of

this metric is that it evaluates the correlation between all shifted points, i.e.

tn against tn−k for all valid n; however, it does not allow subcomponents

of the signal to be extracted and analyzed. Although the ACF can provide

insight into the signal, it is often necessary to consider the PACF as well.

The ACF considers the full range of the signals for some lag K, while the

PACF considers the relationships for a given lag without being affected by

earlier lags [51].

Despite the ACF and PACF describing temporal relationships in the

data, they will still continue to suffer from the same problems as PC. ACF

and PACF are based on linear relationships between lags that will eventually

break down for nonlinear signals.

2.3.5 Preprocessing

Preprocessing data for machine learning applications is often the key

to ensuring quality learning outcomes. Although not applicable to all types

of model, data preprocessing will help precondition the data in such a way
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as to improve the learning capacity of the model. For neural network-based

approaches, this generally takes the form of input scaling, while statistical

forecasting methods will require more extensive preprocessing and optimiza-

tion. The focus of this work is on the first one, and the reason behind this

decision is further discussed in Section 2.3.6.

When creating a global model that learns across many different time

series, there are several ways to handle each individual time series. Most

likely, each series was created by a unique entity, such as an LTE cell, a

store, or a stock. If the assumption is made that the set of signals contain

information that can be learned in a global context, the problem becomes

deciding how to handle the input scaling. There are two approaches that are

commonly used: entity-based and globally-based scaling.

The decision to use global or entity scaling can yield different results

depending on the application. Some models, such as N-BEATS [43] go so far

as to abandon input scaling, preprocessing, or feature engineering altogether.

Global scaling for bounded signals is intuitive. For example, if the target

signal was a percentage, it would be natural to use the global context of

all signals, since they are bounded. Entity-based scaling is often used in

applications where the scale of the signals is not related or constrained in the

same way. A commonly used benchmark data set are stock exchange prices,

where the price of a single stock could vary; however, global trends may be

similar.

For univariate forecasting, it is intuitive that all unique entities are
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scaled using the same scaler properties. For example, MinMax scaling would

have a global maximum and minimum used to scale all entities. Although it

is intuitive for univariate forecasting problems, for multivariate forecasting

problems, it is important to note that each unique feature will share the

same scaler. Consider a set of LTE cells: features such as cell throughput

will share a scaler, while the number of connected users will share another.

Global scaling in multivariate applications does not share scaler parameters

across features such as cell throughput and connected users.

Research studies often have the luxury of avoiding practical deploy-

ment conditions. For commercial production environment forecasting mod-

els, it is important to understand the implications of selecting a specific

scaling and entity handling process. In the context of LTE KPI forecasting,

this leads to the question of how can new cells being added and end-of-life

cells being removed be handled without having to retrain a model and recre-

ate scaler objects? The easiest way to address this issue is to use global

scaling. Many KPIs are constrained to specific intervals or effectively so. For

example, interference levels may have undefined limits; however, at a certain

point, the cell will not function due to interference. If the selected set of

entities for model training accurately represents the global limits of the KPIs

then the scaler should be good for the addition or removal of entities from

the deployment conditions.

Standardization is a popular scaling method for time series forecast-

ing [2, 1]; however, it can be difficult to handle the addition or removal of
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entities from the set. For example, if a new entity were added with a differ-

ent distribution, it could result in poor forecast accuracy. Moreover, global

MinMax scaling will not be as sensitive to temporal fluctuations. Seasonal

changes have been observed in LTE network KPIs and are discussed in fur-

ther detail in Section 3. These seasonal fluctuations could lead to a change

in mean and variance that changes the input range of features being fed to

a model. Despite concerns about changes in mean and variance over time, it

has been shown that using a sufficiently large training set and global scaling

will ultimately have standardization outperform MinMax scaling [37].

2.3.6 Forecasting Models

Creating a forecast based on an input sequence can be done in a variety

of ways. Ultimately, the input will be some set of signals, while the output

will be the forecast. The generation of output sequences can be broken down

into two categories: autoregressive and direct. Autoregressive models will

iteratively build the output step-by-step, while direct methods will predict

all output steps concurrently. These two methods are often referred to as

direct multistep (DMS) and iterative multistep (IMS) [2].

The selection of a model is largely application-dependent. One type

of model may outperform others for a given task. Additionally, there may be

practical performance considerations that need to be taken into account when

selecting a forecasting model. For a multi-step forecast, an autoregressive

model will iteratively build a forecast one step at a time. If there are many
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steps to forecast, this becomes inefficient compared to direct models, which

could generate the forecast in one shot. This does come with the caveat that

the time complexity of the direct model must be less than the accumulative

autogressive model’s complexity to make this beneficial. This is an open

topic in multistep long-term forecasting [1].

Beyond the forecasting output sequence generation, the inner work-

ings of a forecasting model can be broadly classified as soft-computing or

statistical methods. This segmentation of model architectures is not clear

cut, but serves to segment the problem space into two common approaches.

Statistical models often require an extensive analysis and processing of tar-

get signals to carefully select model parameters [11, 52]. On the contrary,

many soft-compute methods only need preprocessing in the form of scaling

the input signal. Some soft-compute models, such as N-BEATS [43] go so far

as to abandon input scaling, processing, or feature engineering altogether.

Furthermore, soft-compute models generally do not care about properties

such as the signal being stationary; however, this is a double-edged sword in

that blindly feeding data into a model can achieve poor results.

With the rapid development of soft-compute forecasting models, it is

important to be able to accurately characterize the performance. As such,

many published works leverage open datasets. Although there are inconsis-

tencies as to which datasets are included in the published results, in general

they include a variety of tasks and an adequate number of comparison models.

An important observation about these datasets is that they are all relatively
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small in size compared to the datasets used in this work. Table 2.1 contains

a summary of some commonly used datasets. Traffic is the largest bench-

mark data set with more than 15-million data points. Deep learning models

perform better with larger datasets, whereas statistical models may perform

better relative deep learning models on sparser data sets. Data set size re-

quirements for good time series forecasting remain to be studied; however,

it can be inferred from the results of existing time series forecasting studies

that more data is generally better.

Dataset Number of Observations
ETTh1∗ 17,420
ETTh2∗ 17,420
ETTm1∗ 69,680
ETTm2∗ 69,680
Electricity∗ 26,304

Exchange-Rate† 60,704

Weather† 1,106,595
ILI† 6,762

TrafficL† 15,122,928
ECL† 8,443,584

Table 2.1: Common benchmark time series datasets. ∗ indicates results taken
from [1] while † indicates results taken from [2].

2.3.6.1 Forecast Generation

Before introducing and discussing different forecasting models, it is im-

portant to understand the ways in which forecasts are generated. In general,

there are two ways to generate a forecast. The typical forecast generation is

either DMS or IMS. In simple terms, is a multistep forecast built one step at
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a time or is it all created in one iteration? There are benefits and drawbacks

to either forecasting method. The recursive nature of IMS forecasts may lead

to a higher time complexity.

When using autoregressive models, which are further discussed in Sec-

tion 2.3.6.2, it is important to correctly configure the model. Incorrect specifi-

cation can lead to bias when using IMS forecasting techniques. If the optimal

model specification is unknown, a DMS forecast will always achieve better

performance than IMS; however, if the model is correctly specified, then the

performance is equal. For AR models, it has ultimately been suggested to

test both options and select the better performing strategy [53]. Comparing

the two methods it can be intuited that the direct strategy will avoid accu-

mulation of error from recursion; however, the direct strategy may not learn

how the prior forecasted steps are related to the current target step.

2.3.6.2 ARIMA

A family of statistical models that has stood the test of time is ARIMA.

This family of models is a generalized form of three other types of model from

which it is named: autoregressive (AR), integrated (I), and moving average

(MA) models.

When explaining the configuration of an ARIMA model, it is common

to refer to it by the order of the individual components. This is commonly

written as

ARIMA(p, d, q) (2.21)
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where p is the number of AR terms, d is the difference order, and q is the

number of MA terms.

The AR component of this family of models is a linear combination

of the lags of the target variable. This component can be expressed as

ARIMA(p, 0, 0) =

p∑
i=1

ϕi yt−i + b0 + ηt, (2.22)

where ϕi is the weight of the regressor for the i
th time delay, b0 is a constant

and ηt ∼ N (0, 1).

The MA component takes a similar form as the AR components; how-

ever, the MA terms involve the noise terms rather than the previous values

of y. It can be written as

ARIMA(0, 0, q) =

q∑
i=1

θi ηt−i + b0 + ηt, (2.23)

where θi is the weight of the regressor for the ith delayed noise term.

It is common to find AR and MA terms considered without differenc-

ing. It is a category of models called ARMA. It is ultimately a combination of

Eqn. 2.22 and 2.23 without duplicating the noise and constant terms. ARMA

is expressed as

ARIMA(p, 0, q) =

(
p∑

i=1

ϕi yt−i

)
+

(
q∑

i=1

θiηt−i

)
+ b0 + ηt. (2.24)

From the definition of an ARMA model, it is trivial to arrive at an
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ARIMA model. Before fitting the model described in Eqn. 2.24 the input

sequence will undergo d discrete derivatives. This results in one data point

being lost due to the fence post problem; however, it is not ultimately a

problem in a practical sense. Taking the derivative of the input signal can

help convert nonstationary signals into stationary ones.

References for AR, MA, ARMA and ARIMA models are loosely based

on [51, 38] with adjustments made for notation.

There exist further extensions of ARIMA, such as SARIMA, ARI-

MAX (ARIMA with eXplanatory variables), and SARIMAX; however, they

are ultimately extensions of the basic models outlined in Eqn. 2.24. SARIMA

extends ARIMA by adding lagged terms with some specified look-back pe-

riod. Instead of lags taking the ith delay for the AR and MA terms outlined

in Eqn. 2.24, the lags of the AR component will become t − iS ∈ [0, P − 1]

and t− iS ∈ [0, Q− 1] where P and Q are the SARIMA AR and MR orders,

and S is the seasonality period.

2.3.6.3 Tree-based Regressors

XGBoost [54], random forest (RF), and other tree-based methods have

gained popularity in many tasks such as classification, regression, and time

series forecasting. Tree-based techniques are known to outperform many

neural network approaches in tabular data. This is largely attributed to their

ability to extract important features, while not smoothing out the output

space [55]. Although these findings strongly support the use of tree-based
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methods over neural networks for tabular data, time series forecasting in

the context of short-term LTE forecasting has found contradictory results in

which RF was outperformed by all evaluated neural network models [37].

Although not discussed further in this work, tree-based methods achieve

poor time complexity relative to many of the neural network-based methods

discussed in later sections. The time complexity of XGBoost is known to

be O (Kdx+ x log (B)) where x is the number of inputs, d is the maximum

tree depth, K is the total number of trees, and B is the number of rows

in each block. This is objectively worse than models such as NLinear and

DLinear which will be introduced in Section 2.3.6.6. Although time complex-

ity is not the be all end all of model efficiency, the scaling and performance

of tree-based methods for time series forecasting quickly removes them from

contention in high-throughput forecasting scenarios such as short-term fore-

casting.

2.3.6.4 NN, RNN, LSTM, and GRU

Neural networks (NN) have become a topic of great interest. Although

the concept of neural networks has been researched for many years, their ag-

gressive adoption for ML tasks can be largely attributed to the availability

of compute power. Generally, the NN must grow to be larger in size to

perform more complex operations. Small networks have small learning ca-

pacities, while larger networks have larger learning capacities. More compute

power in the form of graphics processing units (GPUs) was one of the keys
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to the wide-scale adoption of NNs, since they allowed networks to grow in

complexity to address more complicated problems. More computing power

with infinitely scaling network sizes is one way to address complex problems;

however, it is not always efficient or the best approach to do so.

At its core, an NN is a set of neurons connected in predefined patterns

with an activation function at the output of each neuron. The structure of a

neuron is similar to that of its biological counterpart. An example of a single

neuron with three inputs and one output can be found in Fig. 2.5.

x1

x2

x3

∑
f (·) y

w0

w
1

w2

w 3

Figure 2.5: Example of a single neuron from a NN. Inputs x are multiplied
by weights w and summed. Following the sum they are passed through an
activation function, f (·), which produces the output of the neuron.

The equation to describe the operation of the neuron shown in Fig. 2.5

can be written as

y = f
(
wxT + w0

)
, (2.25)

where x is the a × b input vector, w is the a × b weight vector, f (·) is the

activation function, w0 is the bias weight, and y is the neuron output. There

are many different approaches to selecting an activation function; however,

for now it is abstracted in favor of only requiring the function itself to be
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nonlinear.

Input
Layers

Output
Layers

Hidden
Layers

Figure 2.6: Inter-cell connections for a fully connected NN with 4 layers.

To increase the complexity and learning capacity of a NN, the afore-

mentioned cells are stacked to create depth and breadth for a network. By

abstracting mathematical notation in favor of structure, a fully connected

(FC) NN can be seen in Fig. 2.6. For an FC NN, information is passed in,

propagated through each neuron pathway, to obtain some output value. Al-

though FC NN can learn to approximate functions of arbitrary complexity,

they do not have any awareness of the structure of the input signals and

consider all inputs to the network concurrently.
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Recurrent neural networks (RNNs) have been proposed as a way to

capture temporal dynamics within NNs. By adding feedback mechanisms to

a FC NN the network becomes able to learn sequences of data with temporal

dependencies. Furthermore, feedback connections allow RNNs to be smaller

than an equivalent FC NN [56]. In the current literature, RNN is often

used interchangeably with Elman RNNs (ERNNs) [57]. One of the most

popular NN libraries, PyTorch [58], goes so far as to name its implementation

of ERNNs RNN. ERNNs, hereby referred to as RNNs, gain recurrence by

copying their hidden state and feeding a delayed version of it back into the

neuron.

Although RNNs can provide a more compact form with better tem-

poral learning capabilities than FC NNs, their feedback mechanism does

introduce problematic behaviors while training the network: exploding and

vanishing gradients. RNNs share similarities with infinite impulse response

(IIR) filters; however, nonlinear activation functions ultimately cause a di-

vergence in behavior [59]. Training RNNs on long time dependencies is where

vanishing and exploding gradients typically occur. Exploding gradients are

caused by the RNN equivalent of a resonating IIR filter, whereas vanishing

gradients are the result of exponential decay of the signal over time [60, 61].

RNNs provide a way to learn temporal dependencies, but introduce many

problems with their recurrence.

Long short-term memory (LSTM) networks were proposed as a solu-

tion to exploding and vanishing gradients [62]. LSTMs are an extension of
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RNNs; however, they add learnable gating mechanisms that allow for con-

stant error flow during weight updates. These take the form of input, output,

and forget gates. The input to the cell and the previous hidden state are fed

to each of these gates. Each gate applies its own set of weights and biases

before applying the sigmoid function. A key difference between LSTMs and

RNNs is that they contain internal memory, which is used to ensure uniform

gradients across all timesteps. There is also a gating mechanism used to con-

trol how information is allowed to impact the memory cell, the forget gate

is used to control how much the current memory cell will be carried into the

future, while the output gate controls the flow of information out of the cell.

More formally, the operation of the LSTM can be described as

it = σ(Wiixt + bii +Whiht−1 + bhi), (2.26)

ft = σ(Wifxt + bif +Whfht−1 + bhf ), (2.27)

gt = tanh(Wigxt + big +Whght−1 + bhg), (2.28)

ot = σ(Wioxt + bio +Whoht−1 + bho), (2.29)

ct = ft ⊙ ct−1 + it ⊙ gt, (2.30)
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ht = ot ⊙ tanh(ct), (2.31)

where subscript t indicates a discrete time step, it is the input gate, ft is

the forget gate, gt is the cell gate, ot is the output gate, ct is the state of

internal memory, and ht is the hidden state. Furthermore, σ is the sigmoid

function, W is the weight applied to various signals, such as the input x and

the hidden state h, and b is the bias. The subscripts in the weights indicate

their connection: Wsource,target. For example, Wifxt is the input signal at

time t multiplied by the input weights i to be passed to the forget gate f ,

hence Wif [63, 58].

Gated recurrent units (GRU) are a more recent architectural develop-

ment that helps address vanishing and exploding gradients in a way similar

to that of LSTM [64]. LSTMs manage the flow of information through the

network using three gates and an internal memory. GRUs foregoes three

gates in favor of two: the update and reset gates. Like the LSTM, the input

and previous hidden states are passed to the gates, weighted, and passed

through a sigmoid function. The update, or new gate, controls how much

of the previous hidden state is passed on in time relative to the amount the

current internal cell is. Meanwhile, the reset gate determines how much the

previous hidden state is allowed to update the internal cell. The update gate

of GRU is similar to the input gate of the LSTM, while the reset gate is

similar to the LSTM’s output gate. In a way, GRU effectively merges the
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LSTM’s forget gate into the reset gate.

GRU operation can be described as

rt = σ(Wirxt + bir +Whrh(t−1) + bhr), (2.32)

zt = σ(Wizxt + biz +Whzh(t−1) + bhz), (2.33)

nt = tanh(Winxt + bin + rt ∗ (Whnh(t−1) + bhn)), (2.34)

ht = (1− zt) ∗ nt + zt ∗ h(t−1), (2.35)

where rt is the reset gate, zt is the update gate, and nt is the new gate [64, 58].

2.3.6.5 Seq2Seq

Development of RNN, LSTM, and GRU is roughly spread over the

1980s, 1990s, and 2010s, respectively. A reoccurring theme across their re-

spective foundational papers is the discussion of varied-length sequences. FC

NNs are restricted to fixed-size inputs and outputs, while the RNN family

of models is not. Tasks such as translation, speech analysis, and time se-

ries forecasting can result in varied length sequences that come into and out

of a network. Sequence-to-sequence (Seq2Seq) models have been proposed

as a way to map input sequences to output sequences [65]. A surface-level
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view of Seq2Seq models may have them appear to simply be another RNN-

family model; however, their translation from the input to output sequence

is remarkably different.

Seq2Seq models are a form of the encoder-decoder architecture, where

the encoder transfers the last hidden state to the decoder network. This type

of model was originally presented for the purpose of neural translation, with

the original work encoding English to decode French. This segmentation

of the translation process allows for an easier discernment of how Seq2Seq

differs from RNN: RNN considers the current and past input values to pro-

duce an output, while Seq2Seq can consider all input times before generating

the output. Although Seq2Seq generally outperforms the RNN, LSTM, and

GRU models in a variety of tasks, it is important to note that the context

vector can be a significant performance bottleneck in terms of accuracy and

computational efficiency. If an insufficiently large context vector was used,

then information would be lost when the signal is encoded to it, thereby

meaning that information will be lost on the reconstruction by the decoder.

Furthermore, since Seq2Seq models are built using RNNs, they will also suffer

from recurrent computational inefficiency.

2.3.6.6 Transformers and Other DL Models

Recurrent connections in Seq2Seq and other RNN-based models al-

low them to handle arbitrary input and output sequence lengths. Although

recurrence is a powerful way to handle time-dependent data, it introduces
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problematic performance issues: the time and memory complexity of RNNs

is O (T ).

In recent years, a significant amount of work has been done to allevi-

ate the performance bottleneck of recurrence. In quick succession, an entire

family of models for sequential data has rapidly made progress. A keystone

architecture in the handling of sequential data is the Transformer [66]. Trans-

formers forego recurrent and convolution mechanisms in favor of attention

mechanisms. The overall structure of Transformers is an encoder-decoder

network with additional peripherals such as positional encoding and atten-

tion. Attention mechanisms are used throughout the transformer to allow

all inputs to be attended to. Transformers themselves allow unknown input

sequence lengths to be consumed to produce output sequences of unknown

length without the use of RNNs. Although they achieved state-of-the-art

neural translation results at the time, transformers ultimately have O (T 2)

time and memory complexity for sequence length T , which is problematic for

model scaling and performance [1].

In general, the encoder-decoder and Seq2Seq models achieve excellent

results in time series forecasting tasks; however, they quickly run into per-

formance bottlenecks. Following the introduction of transformers, significant

efforts were made to improve the scalability of their attention mechanisms.

Reformer introduced locality-sensitive hashing to reduce time and memory

complexity from O (T 2) to O (T log T ) [67]. In the LogTrans transformer,

LogSparse self-attention was proposed as a way to reduce complexity by us-
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ing exponential step sizes between connections with sufficient layers to ensure

that each cell eventually is exposed to the input of all previous cells [68].

The efficient scaling of attention in transformers remains a problem-

atic area; however, attention can provide valuable insight into the operation

of the architecture. The temporal fusion transformer (TFT) leveraged the

scaled-dot product attention from the original transformer architecture [66]

and employed additive aggregation for all heads [40]. The outcome of using

additive attention aggregation was readily interpretable attention. Explain-

able results are important for some forecasting applications, but again, TFTs

experience high complexity due to the attention mechanisms.

When comparing the results of many popular transformer models in

benchmark datasets, the results are rather bleak: ARIMA beats LogTrans

and Reformer in all datasets. Informer [44] and Autoformer [69] failed to

outperform ARIMA in all datasets tested [1]. Significant strides are being

made with transformers, but their staggering complexity has led to an impor-

tant question asked by an aptly named paper, Are Transformers Effective for

Time Series Forecasting? [2]. Zhu et al. proposed that transformer models

benefit from being an architecture that directly generates multi-step forecasts

rather than ARIMA and RNNs which generate multi-steps autogressively.

Two models were proposed, DLinear and NLinear. DLinear performs time

series decomposition before passing the data through a single linear layer,

while NLinear subtracts the first input signal before passing through a linear

layer, after which this offset is added back. It should be noted that both of
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these models are a linear model with a small amount of additional architec-

ture before it. The results of DLinear and NLinear strongly support the bold

questioning of transformers for time series forecasting, as they outperformed

all baseline transformers while having a time complexity of O (1) [2].

Although transformer-based models have shown promising results de-

spite their high complexity, time series forecasting architecture research is

simultaneously investigating transformer-free forecasting models. The afore-

mentioned DLinear and NLinear fall into this category as well as models such

as N-BEATS (neural basis expansion analysis for interpretable time series

forecasting) and N-HiTS (neural hierarchical interpolation for time series).

N-BEATS and N-HiTS differ from transformer models in that they are pure

DL solutions. They do not contain convolution or attention mechanisms, but

they still achieve excellent results in benchmark data sets [1, 43].

N-BEATS and N-HiTS are interesting models in that they employ

an architecture not unlike successive interference cancelation (SIC). In the

context of multiple-access wireless communication networks, SIC enables the

recovery of two symbols that arrive at the same time. This is done by ex-

tracting the strongest symbol, removing the effects of said symbol on the

received signal, and then repeating this procedure until all symbols are de-

modulated. N-BEATS and N-HiTS follow a similar process using stacked

FC NNs that generate a forecast (similar to SIC’s decoded symbol) and a

backcast (similar to SIC’s demodulated symbol removal). These models have

been reported to be more accurate than all the transformer models evaluated
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and ARIMA [1]. This result is particularly impressive, since both models are

less computationally complex than the baseline transformers.

DLinear and NLinear are paradigm shifting models for time series

forecasting [2]. Although some transformer-based architectures fail to out-

perform baseline ARIMA models, this is mainly on smaller datasets. N-

HiTS outperformed ARIMA across all tested datasets; however, the spread

increased as the size of the data sets increased. Cross-referencing the result

of N-HiTS [1] and DLinear/NLinear [2] it can also be seen that the Linear

models outperformed ARIMA as well. The Linear models are aptly named:

the model is a linear network connecting all inputs to all outputs. It can

produce an arbitrary number of timesteps and has a depth of 1. The DLin-

ear variant includes a smoothing kernel to split the inputs into trend and

seasonal components, while NLinear subtracts the first value from the input

sequence and adds it back after prediction. Regardless of the variant chosen,

they are ultimately linear models with some peripheral components.

The Linear family of models is of special interest not only for their

reduced computational complexity but also for their composition. ARIMA

models, specifically AR components, leverage a linear combination of an

arbitrary number of historical time lags. Using these forecasts, an arbitrary

number of steps can be generated in the future. The Linear models are

similar in that they are a linear combination; however, now the model is able

to attend to all inputs and how they relate to all output time steps. This is

readily visualized as a result of the simplicity of the model. A visualization of
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the weights of a DLinear model can be seen in Fig. 2.7. The input data were

roughly periodic, with three periods being used to predict one output period.

This periodicity is clearly reflected in the weights as prominent diagonal

components. Some of the aforementioned models, notably N-HiTS and N-

BEATS, do provide a level of explainability, but it is not as easily extracted

and interpreted as the Linear models.

The simple nature of the Linear models allows their architecture to

be described as

ŷi,t =
∑
i∈I

∑
t∈T

Wi,txi,t + bi,t, (2.36)

where I and T are the input signals and timesteps, respectively. This is not

unlike AR models where the history is used to regress the output; however,

now all inputs are used to predict all outputs. Furthermore, it simply creates

a linear regression of all inputs to all outputs, providing a direct multistep

approach.

2.4 Anomaly Detection

Monitoring an ever-growing number of components of the network

infrastructure is no simple task. Simple equipment state checks are often

sufficient for small-scale systems; however, considering nation-wide networks

requires a change in how monitoring is performed. For cellular networks,

there are a significant amount of built-in monitoring capabilities; however,

they are often primitive in nature.
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Figure 2.7: DLinear weights extracted from a model trained to predict 5
signals with a horizon of 96 samples based on an input of 288 samples. The
input data had a sampling frequency of 15-minutes and had a strong daily
seasonality. The three strong diagonal lines in the weights demonstrate the
model learning the daily seasonality.

In general terms, the process of anomaly detection (AD) is a clas-

sification task. There are ways to determine the intensity of a detected
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anomaly; however, in the end, the question is whether the sample is anoma-

lous in nature. Although it is a classification task, the underlying techniques

for determining this do not need to be directly classification-based. Some

form of analysis could be performed, and then a classification could be per-

formed on that new analysis. This has been highlighted in deep learning

AD approaches [70]. By taking a modular approach to AD, components can

readily be exchanged for better performing ones as time goes on.

For time series AD, the objective is to process a stream of samples and

identify if there is a fault. A fault could present as a handful of samples being

abnormal or as a total change in temporal properties. A sudden power outage

may cause a large number of people to lose internet connection, which would

appear as a sudden drop in traffic and connected users, which would be a few

samples that are present as anomalous in nature. Similarly, a user jumping

between cells erratically could present as a shift in temporal properties, which

could be an issue.

The approaches to handle AD tasks can be broken down into roughly

five categories: statistical, classification, clustering, soft computing, and

knowledge-based [71]. Hybrid methods are also quite popular, where the

AD method is some combination of these five methods. Hybrid and ensem-

ble methods have become increasingly popular, as combinations of each of

these methods can be used to reduce the potential issues of any individual

method. Furthermore, the nature of the data being analyzed can further

constrain the choice of method.
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Although AD is a classification task, it is not always a supervised

task. That is, clean and accurately labeled data are often not available or

require a significant cost to obtain. This is another constraint that can be

used to select an AD method for a given task: are labeled data available,

and if so, how much? If labeled data is available that adequately represents

the distribution of possible outcomes, a supervised approach can be taken.

If some labels are available but not a significant enough number for good

supervised results, a semi-supervised method could be used. Finally, if no

labels are known, an unsupervised method must be used.

2.4.1 Supervision

Machine learning and statistical modeling are almost always limited

by the quality or quantity of data provided. It is generally difficult to gen-

erate data periodically without missing time steps. Furthermore, accurate

metadata for each entity that generates a time series can be difficult to obtain

due to configuration changes. The increasing number of IoT devices and in-

telligent infrastructure causes the volume of data generated to be larger than

ever across many domains; wireless communication networks are no excep-

tion to this observation. Across most domains, the volume of data produced

exceeds what can be labeled by a domain expert.

The presence of labels associated with a data set will ultimately limit

the selection of AD methods. If labels are present and there are sufficient

numbers of them for a given AD method, then a supervised learning method
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can be used. This type of approach will create a model that will learn to

map the input sample space to a set of labels. An error metric can be

used to provide feedback to the prediction model, which will then hopefully

converge to a good solution assuming that hyperparameters are properly set

and training data are sufficiently rich to describe the sample space.

Due to the volume of data produced by infrastructure monitoring, it

is rare that a significant amount of data can be labeled. Furthermore, it

is unlikely that the data will be consistently labeled and that all types and

occurrences of anomalous events will be found. There are approaches that

can leverage a data set with which a subset has been labeled, which are known

as semi-supervised methods [72]. Like supervised methods, semi-supervision

is susceptible to limitations in the labels. If the labels do not adequately

describe the full range of anomalies, then they are unlikely to result in a

quality AD model.

Unsupervised learning has received significant attention in recent years

because a model can be created without the need for labeled data. Since

labeling data is an arduous and difficult task, this brings relief to practical

applications of classification in big data applications. Without labels to guide

the model, information must be extracted from the set of samples. This can

be done using a few different techniques, such as reconstruction, forecasting,

distance, distribution, or encoding techniques [73]. Although unsupervised

classification can be broken down into the categories mentioned above, it

can be further compressed into just two categories. Reconstruction, forecast-
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ing, and encoding techniques transform the sample space into an alternate

one. Distance and distribution methods are related in that they consider the

sample space directly.

The ability to create AD models without labeled data is promising;

however, it raises the question of how to quantify the performance of a model

without any tangible definition of what is anomalous? Receiver operat-

ing characteristic (ROC) and precision recall (PR) curves are often used

to quantify the performance of a supervised classification algorithm. For un-

supervised methods without labels, they are undefined. The consideration

of excess mass (EM) and mass volume (MV) has been proposed as a way to

characterize the performance of an unsupervised classification model. EM

and MV have been shown to emulate the results of the ROC and PR curves.

When characterizing the performance of the unsupervised AD method, if EM

and MV agree on which model is the best performing, it is probably the best

method. If they are not in agreement, there may not be a definitive best

method of AD [74].

2.4.2 Statistical

Statistical approaches for AD are extremely popular due to their ease

of use and generally explainable nature. The complexity of statistical AD

methods can range from a z-score threshold test to a complex distribution

analysis. Z-score AD is straightforward and one of the simplest methods to
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implement. For a given set of samples, the z-score can be expressed as

zi =
xi − µ

σ
, (2.37)

where zi is the z-score for the ith sample, xi is the sample value, µ is the

mean of the set and σ is the standard deviation of the set. From the z-scores

a threshold can be set to determine which level of ‘abnormality’ is allowed

in the sample distribution. For a time series implementation, the data are

generally windows to some amount of time such as a week, a month, or a year

rather than considering the entire available history. Selecting a threshold is

not always a straightforward process. How significant an event is considered

anomalous? What if a set is highly volatile? What if a set is nonstationary

and the history window is large enough for shifts in mean or variance to be

significant? Despite these drawbacks, statistical AD is powerful in that it

does not require labeled data.

AD using z-score analysis can be adequate for very simple univariate

AD tasks; however, it does not explicitly consider the distribution of the sam-

ples. Z-score analysis is excellent when the data are normally distributed,

but in many cases, nonideal sets of samples are being considered. The sample

distribution distance analysis has been proposed as a way to improve statisti-

cal AD [75]; however, these methods do not consider the temporal properties

of the sets.

Time series signals with a periodic component will have some form
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of structure. Fig. 2.3 shows an excellent example of how the data can have

periodicity. There is noise present; however, ultimately the signal is periodic

in nature. Distribution analysis loses this structure. Fig. 2.8 provides an

example of the density estimation for time series considered in Fig. 2.3. The

probability density function was estimated by day. The time series represen-

tation of the signal clearly shows that the magnitude was larger for the first

day’s worth of data. After the first day, the data maintains the same peri-

odic structure; however, the amplitude is generally lower. When considering

the density estimates, this intuition is lost. A large amount of samples are

present around 90% for the first (0th) day. If only the density were consid-

ered for an AD method, it would clearly be a fault; however, in reality it is

simply a day with increased use and likely does not merit flagging the day

as anomalous.

For AD tasks related to events, distribution analysis is often powerful.

For example, the time it takes for a server to produce a webpage could be an-

alyzed. There will always be some mean and associated variance. Changes in

the shape or properties of the distribution could be easily identified. As was

previously stated, distribution analysis for time series is not always beneficial,

especially as the dimensionality of the problem increases. The selected ex-

ample presented in Fig. 2.8 is a univariate problem. When considering more

time series features simultaneously, it becomes unwieldy to perform distribu-

tion analysis. Furthermore, the interpretability of the detection process can

rapidly be lost as the number of dimensions increases.
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Figure 2.8: Daily probability density estimation for the raw time series data
presented in Fig. 2.3

2.4.3 Clustering

Multi-dimensional datasets are often problematic for many AD meth-

ods; however, clustering methods can excel at providing a highly interpretable

method. Methods like k-nearest neighbors (k-NN) and density-based spatial

clustering of applications with noise (DBSCAN) have become immensely

popular for the exploration and clustering of multidimensional data. Under

the assumption that anomalies are statistically improbable, some clustering

methods can be readily used to identify anomalies. If a sample is near its
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neighbors, then it is likely not an anomalous sample. The converse of this is

also valid; if a sample is far from its neighbors, it is likely anomalous.

One of the biggest benefits of using clustering methods for AD is

that they are generally unsupervised classification algorithms. Given a set of

samples with an arbitrary number of dimensions, without labels or a priori

knowledge, the structure of the data can be estimated using a clustering

method. At a high level, the objective is to take samples and subdivide them

into groups of similar samples. This is generally done using centroid-based

algorithms, such as k-NN or density-based methods, such as DBSCAN.

At a high level, k-NN, specifically, k-means clustering, will create a

predetermined number of clusters. Each cluster will have an associated cen-

troid. The proximity of these points to the centroid is then used to move

samples between groups until some exit condition is reached [76]. On the

other hand, DBSCAN iterates through the samples and finds neighbors based

on the radial limits of each sample. If there are enough samples in a region,

then it is considered a cluster. If a point is not part of a cluster, it is identified

as noise [77].

From these brief summaries, the biggest difference between the two

algorithms becomes apparent: k-means require a number of clusters to be

known, DBSCAN requires the selection of a point density value, and k-means

does not have limitations on how far away a point can be from the centroid.

In other words, k-means begin with the preconceived notion of what clus-

ters look like, whereas DBSCAN does not make this assumption. DBSCAN
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requires parameter tuning in terms of the number of points required to be

considered a cluster and the distance required for the points to be neighbors.

In general, k-means are tuned by using the number of clusters.

Another important difference is that DBSCAN has the ability to de-

clare a sample as anomalous. If a point is sufficiently far from its neighbors,

it will not be assigned to a cluster and will be labeled as noise. In the con-

text of AD, this is an extremely powerful behavior. In contrast, k-means do

not inherently have the ability to reject points and often require extensive

post-processing to identify an anomalous sample.

A visualization comparing the clustering methods in an AD context

can be seen in Fig. 2.9. The figure compares the amount of downlink phys-

ical resource blocks (DL-PRB) being used for a given downlink throughput

(DL-THRP) for a cell. In a sense, this is an approximation of the band-

width normalized channel capacity described in Eq. 2.2. The relationship

between these KPIs is expected to be strongly correlated; increase in DL-

PRB will result in an increase in DL-THRP. k-means clearly do not identify

any anomalous behavior of the samples. There are samples that are clearly

distant from their neighbors; however, they are still clustered with no anoma-

lous points identified by k-means. On the contrary, DBSCAN with a very

small amount of parameter tuning was able to identify anomalous points by

finding low-density regions.

The use of k-means as part of a hybrid AD method in the wireless

network has been proposed [15]; however, the inability of k-means to reject
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Figure 2.9: Comparison of k-means and DBSCAN for clustering-based AD
using standardized KPI values.
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the classification of anomalous points is problematic. More specifically, this

is similar to picking one of the k-means clusters in Fig. 2.9 and arbitrarily

deciding that it is anomalous.

Although DBSCAN and k-means are not the only clustering methods

that could be considered, their performant nature makes them well suited for

big data AD tasks. DBSCAN and k-means have been shown to outperform

many other clustering algorithms in synthetic data sets [78]. In many big data

applications, the computational deadlines are not always very strict; however,

in short-term time series AD, the deadlines can be very strict. Alternative

clustering algorithms can provide better results for anomaly detection, such

as OPTICS, which allows variable density clusters, while DBSCAN does not;

however, the computational cost increase associated with other algorithms

will significantly increase the cost of selecting these algorithms.

2.4.4 Classification

Supervised classification has received significant attention due to its

application in computer vision. Although there are semi-supervised classifi-

cation methods, the vast majority of conventional classification tasks leverage

labeled data. Time series AD surveys have highlighted that the rare occur-

rence of anomalies, along with the requirement to label the data, results in

poor performance [73].
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2.4.5 Soft Computing

AD using soft computing covers a broad number of methods. Neural

networks, genetic algorithms, and fuzzy logic are examples of soft computing;

however, neural network approaches, specifically deep learning approaches,

have gained significant traction for AD [79].

Deep learning approaches generally take one of two approaches; recon-

struction or forecasting [73]. Both approaches are commonly used, as they

do not require the labeling of input data, which is often sparse in large data

sets [79]. Depending on the architecture of the model chosen, reconstruction

and forecasting can be nearly identical in procedure.

Consider some of the forecasting methods discussed in Section 2.3.6.

Seq2Seq models map a time series to a latent space and then use the en-

coded information to create a forecast. This forecast could then be used to

detect anomalies by looking at the distribution of the error or the confidence

interval of the forecast. Similarly, a reconstruction procedure could map an

input series to a latent space and extract information from the latent space;

however, the target would be the input data, rather than the next time step.

In broad terms, forecasting will map input space to future time steps, while

reconstruction will map the input space back to the input space. For both

approaches, it is assumed that the number of anomalous samples is much less

than the number of normal samples. This allows for a model to be trained

across the entire data set and will learn a representation of normal samples,

while the sparse anomalous samples will have minimal impact on the learned
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representation. Both of these methods are incredibly powerful in that they

do not need labeled data. The labels are the input sequence or future values

of the input sequence.

For AD prediction or reconstruction methods using neural networks,

a wide variety of architectures can be used. Forecasting models are more

flexible in their implementation since they do not need to create a latent

state of the input sequence. This means that models such as DLinear and

NLinear could be used for forecasting, but not for reconstruction. Some

of the forecasting models would directly map the input to the output if a

latent space was not used as an intermediary. Other forms of soft computing

approaches exist and have been found to achieve excellent results; however,

many of them require labeled data, which is not practical for network-scale

AD considerations.

2.4.6 Knowledge

A primitive and inherently explainable form of AD is knowledge-based

or rule-based methods. Methods in this category construct a framework that

formally defines what is normal or anomalous behavior. In the context of

wireless networks, rules can be as simple as the number of users connected

to a cell must be greater than 0 or more complex, leveraging multiple signals

with more complex analysis.

Most alarms built into LTE and 5G networks are threshold-based; this

is one of the most primitive forms of rule-based AD. An issue with threshold-
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based alarms is that they must be carefully set by experts. Setting thresholds

across a large number of cells without careful consideration of each cell can

lead to problematic results. If an alarm goes off every day, multiple times

a day, then it is likely to be silenced or ignored by network administrators.

For primitive alarms, this is problematic because setting an alarm so that

it is not triggered as often can lead to under reporting; this could lead to

the network experiencing catastrophic anomalous behavior, yet the monitor-

ing system would be reporting everything is online and operating normally.

It is well known that AD methods that use knowledge-based systems are

more susceptible to over-reporting; that is, the fraction of samples flagged as

anomalous is typically much higher than the actual value [71].

To better address the reliability of threshold-based alarms, it is com-

mon for network operators to set multiple consecutive thresholds. In other

words, one threshold value would indicate a minor problem, while another

threshold would indicate the same problem, except with a great impact on

users. Adding hierarchical information to detected anomalies can help im-

prove the prioritization of network operator administrators in the event of

multiple anomalies; however, this method is ultimately susceptible to the

same problems that would occur with a single alarm. If thresholds are not

optimally set cell-by-cell, the AD results are unlikely to be meaningful or

properly leveraged by a network operator.

Although it is technically a hybrid method that combines knowledge

and statistical methods, direct thresholds can be easily replaced with sta-
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tistical ones. Z-scores can be easily used to identify how unlikely a sample

will be given the input distribution. Experts can then select how statistically

anomalous a sample must be to be flagged as problematic. In many cases,

this method requires less administrative effort, since the thresholds can be

set without considering cell-by-cell performance due to the standardization

that is inherently part of the z-score calculation.

Despite typically underperforming clustering and soft-compute meth-

ods, rule-based approaches are beneficial as they are explainable by nature.

Knowing that an anomaly has occurred is important; however, being able to

detect an anomaly and know its likely root cause from a single AD method

is very powerful from an administrative standpoint. Moreover, this family of

methods is often very computationally efficient. Clustering and soft-compute

methods generally require extensive setup and computation before being able

to detect an anomaly, whereas knowledge-based methods generally are a

framework built of simple calculations and threshold analysis.

Although rule-based AD systems are built into modern network in-

frastructure, extensions of these frameworks are common. Furthermore, rule-

based methods are often the glue used to join AD methods in hybrid frame-

works.
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Chapter 3

Seasonal Properties of Rural

Fixed Wireless LTE Networks

The relationship between seasonality, user behavior, and environmen-

tal factors is critical for understanding what drives network performance

indicators. People are known to behave differently depending on where they

live and what the weather is like [80, 81, 6]. Furthermore, seasonal events

driving population behavior, such as the academic school year and summer

holidays, can create a user-driven seasonal change. From an environmental

standpoint, significant changes can also be introduced. In Canada, it is not

uncommon for temperatures to vary from -30 to +30 degrees Celsius in a

given area. Although some studies have considered the temporal changes in

a network over the course of a few weeks with good sampling resolution [11],

the durations of the studies are insufficiently long to capture the long-term
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seasonalities and are generally in environments where the temperature swings

are not nearly as significant as they are in Canada. Propagation studies have

been performed in rural regions that characterize propagation characteristics

over a long-time span; however, the number of samples is small, often only a

handful of data points over the duration of the study. This chapter will aim

to address the lack of temporal duration or the lack of samples by consid-

ering nearly two years worth of data with a higher sampling frequency than

existing studies.

One of the most difficult aspects of considering long-term network

scale seasonality is deciding which performance indicators to monitor. Since

thousands of metrics are collected every 15 minutes, distilling the number

of KPIs into a robust subset to describe overall performance is critical. To

characterize the performance of the network, a set of seven network KPIs was

selected. An overview of the selected KPIs can be found in Table 3.1. The

overarching objective of the selected KPIs is to describe the performance

of a cell with a small number of KPIs. Spectral efficiency is the practical

realization of channel capacity. Since this is the upper bound on the com-

munication rates for a given channel, KPIs are selected to allow this to be

described: physical resource block (PRB) and throughput (THRP) for both

UL and DL. These metrics can be combined to create an approximation

of how efficiently the spectrum is being used. AUE is considered since it

will allow the number of users on a given cell to be tracked over time. In

regions where habitation is primarily seasonal, for example, cottages or sum-
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mer homes, it is important to be able to relate potential dips in DL-TV and

DL-PRB back to what may have been a reduction in the number of users

since they have suspended their service while they are not at that location.

Finally, UL interference is tracked as changes in the propagation environ-

ment may see changes in measured interference as foliage, snow, and other

temporal phenomena occur.

KPI Abbreviation Units Comment
Active Users AUE Users Number of users connected to a cell and sharing the cell resources
Downlink Physical Resource Block Use DL-PRB % Percentage of downlink time-frequency resources in use
Downlink Throughput DL-THRP Mbps Total downlink traffic speed across all users
Uplink Physical Resource Block Use UL-PRB % Percentage of uplink time-frequency resources in use
Uplink Throughput UL-THRP Mbps Total downlink traffic speed across all users
Downlink Traffic Volume DL-TV GB Total downlink traffic volume across all users
Uplink Interference UL-INTRF dBm Interference measured at the cell

Table 3.1: Overview of network KPIs used to characterize the seasonal vari-
ations of rural fixed wireless networks.

Data related to the environment is much sparser compared to the

thousands of metrics offered by the cellular network. Environment Canada

is a government agency that provides current and historical weather data.

Weather data is available for public use and cover the whole country with

reasonable spatial resolution. Throughout Canada there are 1552 weather

stations. Data collection is carried out at these weather stations every hour,

day, or month. These metrics describe meteorological conditions such as

temperature, snow, rain, humidity, and wind speed. Of the aforementioned

metrics, the focus will be on temperature and snow, since they can be more

directly tied to the network’s performance.

Once the relationships between network and environmental features

have been characterized, forecasting models were created that attempt to
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leverage these relationships to improve forecast accuracy. Establishing the

existence of a relationship is important; however, it is arguable that the ex-

ploitation of identified relationships is equally important. In other words,

if a relationship is identified but has limited use in time series analysis and

forecasting due to the majority of the information being self-contained in the

signal of interest, then the relationship can be ignored. Forecasting mod-

els will consider a variety of neural network based forecasting architectures.

Several IMS and DMS forecasting architectures will be used.

3.1 Related Studies

The unique nature of the data collected for this study means that

there are few or no comparable studies. Propagation-focused studies have

considered rural environments specifically; however, network-focused studies

often consider only mobile networks.

One of the primary concerns of a commercial fixed wireless network

is consistent and quality service. Broadband channels are a requirement to

provide quality connectivity to end users. Government spectrum allocations

typically increase as the center frequency increases. Increasing the carrier

frequency in order to access greater bandwidths is a difficult optimization

problem: lower carrier frequencies will have better propagation characteris-

tics with lower bandwidths, while higher carrier frequencies will have worse

propagation characteristics with higher bandwidth allocations. Spectrum al-
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locations in the 3500 MHz region have received significant attention as they

provide a good trade-off between bandwidth and coverage [9].

A research group studied the characteristics of rural propagation around

Hetzwege, Germany [8, 9, 10]. These studies consider both the propagation

and networking aspects of performance. The selected radio access technol-

ogy was WiMAX. In general terms, the three studies consider the effects of

foliage [8], the effects of antenna height and season [9], and the effects of

season and vegetation in a residential environment [10]. The first two studies

are related to the presented work; however, the third study focuses on prop-

agation within a rural town, which does not necessarily have the same user

distribution as this study. Furthermore, drive tests were used for these stud-

ies, which may yield characteristics different from those of a fixed wireless

network.

The first study identified that the presence of foliage added an at-

tenuation of 0.7 dB/m at 3500 MHz [8]. For long-range propagation of the

order of kilometers, this is a significant level of attenuation. The second

study considered the placement of antennas in terms of height and the ef-

fects of foliage. To measure the effects of foliage, a drive test was performed

using the same path with and without foliage. At 3500 MHz, it was found

that the mean path loss increased by 1.42 dB with a standard deviation of

4.32 dB. Furthermore, it was highlighted that popular propagation models,

such as COST-231, SUI, and Hata, did not capture seasonal changes in the

propagation environment, leading to significant errors in the models [9].
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Snow and ice are environmental factors that can dramatically alter

the propagation environment. The aforementioned studies in Germany were

conducted strictly in the absence of snow [8, 9, 10]. From a modeling point

of view, snow and ice are difficult to characterize. Liquid water is relatively

constant in its electromagnetic properties; however, snow and ice are subjec-

tive to a wide range of conditions. The relative dielectric constant of snow

can vary from similar to that of air to approximately that of water, depend-

ing on conditions such as density and wetness [82, 83]. The values of ϵsnow

generally fall between 1.1 and 2 depending on conditions [84, 85, 86]. It is

important to note that these values are strictly snow, not ice, not snow with

ice crust, or partially melted snow.

In addition to the permittivity of snow that varies significantly with

environmental conditions, it is important to note that several rays are present

in the reflection process. When the wave in the air collides with the snow

surface, part of the wave will be reflected, while part of it is transmitted

into the snow. The wave inside the snow will then collide with the media

underneath it, and another reflection will occur. The interactions between

radiated waves and snow on the ground are likely to interact with the ground

beneath it [87].

The dielectric properties of the ground are also important to consider.

For heavily forested regions, waves are unlikely to interact with the ground,

since they will be largely above and partially in the canopy [8]; however,

within Canada, there are regions in Canada that have little or no forests,
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such as the prairies, where ground and surface cover will interact directly with

propagating waves. As with snow, the relative permittivity of the ground can

vary widely depending on its composition. Different soil compositions have

been shown to vary the relative dielectric constant from less than 3 to as

high as 22 [88]. The moisture content of the soil and the presence of ground

cover, such as grass, has also been shown to cause significant changes in ϵr.

The introduction of green grass as ground cover increased ϵr by almost 10 at

various soil moisture levels [89].

3.2 Environmental Data

As mentioned above, the Canadian government offers weather data

at three sampling rates: hourly, daily, and monthly. Although many of the

commonly used weather signals, such as temperature, are available across

all sampling rates, snow depth and snow fall are only available at daily or

monthly intervals. The prospect of analyzing the responses of the network

performance to snow with a fine sampling resolution is intriguing; however,

the objective of this study is to analyze long-term trends, which means that

a daily resolution is adequate. LTE data was be aggregated to match this

sampling rate. There are a total of 1552 weather stations reporting data

during this study; however, only 1471 stations reported daily.

Of the array of available environmental characteristics, only three were

ultimately selected for analysis: temperature, snow fall, and snow depth.
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The temperature is highly seasonal, where summers are hot and winters are

cold. The coldest months are roughly offset by six months from the warmest

months, resulting in the signal being relatively sinusoidal. The average daily

temperature, snow depth, and snowfall of all weather stations can be seen in

Fig. 3.1.

Of the three environmental signals considered, temperature contains

the most information. Although all of the environment signals provide peri-

odic samples, the snow depth and snow fall will be zero for a large part of the

year because the temperature is too high for snow. Although snow metrics

have long periods of time when they are zero, the contextual information they

provide is invaluable. Foliage is an important contributing factor to seasonal

propagation changes. As leaves bud, emerge, and fall, they can introduce

dramatic changes to the propagation environment. Foliage has been a key

component of some rural propagation studies; however, it is not practical to

consider in large-scale studies.

In addition to weather data, the Canadian government provides a

high-level categorization of the country by environmental properties called

ecozones. There were a total of 12 ecozones spread throughout the coun-

try [90]. For each ecozone, a general classification of terrain, forest composi-

tion, and forest coverage percentages is provided. The boundaries in ecozones

are roughly defined and can span several provinces; however, they often align

around the provincial borders. For example, the maritime provinces of Nova

Scotia and New Brunswick are in the same ecozone. A portion of the ecozone
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Figure 3.1: Average environmental features by day across all available
weather stations. Temperature is measured in degrees Celsius, snow depth
and snow fall are measured in centimeters.
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extends into the western part of Quebec; however, it remains relatively close

to the provincial border.

The permittivity of the medium in the propagation environment has

been identified to change significantly with season. Seasonal variations will

vary between ecozones. For example, 82.3% of the Atlantic Maritime ecozone

is covered with forests. The forests in this region are 41.8% coniferous. In

contrast, the Prairie ecozone has less than 5% forest coverage and almost all

are deciduous forests [90]. Both ecozones experience loss of foliage; however,

the Atlantic Maritime ecozone will likely see smaller variations, as coniferous

trees retain their foliage (needles). Furthermore, the significant reduction in

forest by coverage area in the Prairies could have snow introduce a much

more significant change in network performance and propagation.

3.3 Network Data

There are a wide variety of metrics that can be used to characterize the

seasonal performance of a wireless network. Since channel capacity is a crit-

ical performance indicator, the selection of DL-PRB, DL-THRP, UL-PRB,

and UL-THRP were a natural starting point. Furthermore, UL interference

(UL-INTRF) and DL traffic volume (DL-TV) are selected to describe ob-

served electromagnetic and user behavior, respectively. Finally, the number

of users connected to a cell, AUE, is important to understand the load and

volume of traffic consumed per user over time.
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The network data was collected every 15 or 30 minutes from January

1, 2021 to February 23, 2023. The quality of the data was very high and

missing values were rare and infrequent. In the event of missing data, lin-

ear interpolation was used to fill missing values. To facilitate joining with

the environment data that is limited to daily reporting, the network data

was aggregated to daily data as well. Despite the temporal aggregation, this

study provides unprecedented temporal resolution and duration. The net-

work under consideration is a multi-vendor multi-access technology network;

however, only LTE cells have a duration that covers the majority of the data

collection period, and so 5G cells are excluded.

In addition to the KPIs outlined in Table 3.1, several composite KPIs

are included in the analysis. Firstly, an approximation of the spectral effi-

ciency is presented. This is done by taking the throughput of the cell and

dividing it by the amount of PRBs used to achieve that throughput. Instead

of considering the true number of PRBs used, the percentage of PRBs in

use is instead considered. Since the objective of this analysis is to analyze

trends across the network, the relative values of the KPIs are not of partic-

ular interest. For example, one cell might have a DL-THRP that is twice as

high as another. Relationships across cells are not considered. The nature

of this analysis therefore allows for the bandwidth allocation of any cell to

be ignored in favor of the percentage of PRBs being used.

The second composite KPI was be DL-TV divided by AUE. This pro-

vides a measure for how much data the average user is consuming. Population
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studies have suggested that inclement weather causes more people to stay in-

side [80]. Although it is not a guarantee that they will use the internet, it is

likely given the exponential increase in internet traffic [4]. It is expected that

as temperatures decrease and snow accumulates that the traffic per user will

increase due to more time being spent indoors on the internet.

3.4 Network-Environment Relationships

There are numerous ways to segment the data collected for the pur-

pose of analyzing the relationship between environment and network features.

Two levels of segmentation are considered: network and cell. The network-

level analysis considers the time-aggregated results of all cells over time, while

the cell-level analysis considers the performance at the cellular level. Each

level of granularity provides a unique perspective. The network scale allows

a macroscopic view to be obtained while the cell-level analysis will consider

the data in the least aggregated form, which could reveal relationships that

are obfuscated by the aggregation. A top-down analysis can be beneficial

in many cases; however, for this work, the analysis is ordered by network

and then cell. This is to allow the relationship at the cellular level to be

introduced after a high-level observation of network performance.

For each level of analysis, Pearson’s correlation (PC) and mutual infor-

mation (MI) will be considered as described in Section 2.3.4. The empirical

distribution of each network-environment features pair will be considered to
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evaluate how the subpopulations of cells behave relative to each other.

3.4.1 Network Analysis

Considering the network as a single entity is interesting in that it

provides insight into the temporal behavior while abstracting the noise of

any individual cell or site. Terrain, ecozone, configuration, and nearly any

other variable in cells are abstracted. Daily cell data was aggregated in time

using the mean across all cells.

Network aggregation is not meaningful from a network design and

monitoring perspective; however, when considering global performance in

terms of congestion or planning, it can provide a comprehensive overview

of trend analysis. For example, if the congestion or subscriber count of the

network were to be tracked, it could be meaningful to aggregate and analyze

trends in a global sense. Additionally, tracking the number of subscribers

and average user behavior could be better analyzed in a global context.

First, consider the PC and MI between pair of network-environment

features. The I and R for all network-environment feature pairs can be found

in Table 3.2. Using a significance value of p < 0.05, it was found that almost

all pairs of characteristics had a significant relationship. All pairs involving

temperature were statistically significant. Only the values that involved snow

had insignificant correlations. This is not surprising because half of the year

or more does not have snow, which could partially dampen the relationship.

Since temperature is a year-round measurement, this does not happen. When
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comparing temperature and snow, they are inversely correlated; however, the

temperature can go above zero while the snow fall and depth get clipped at

zero.

The magnitudes of the identified correlations are indicative of moder-

ate relationships between network and environment features; however, corre-

lation does not mean causation. It can be seen that the relative information

shared between the feature pairs is low. The magnitudes of the correlations

range from roughly 0.1 to 0.6. On the contrary, relative mutual informa-

tion ranges from approximately 0.02 to 0.17. This means that the amount

of information that can be predicted about the network feature using the

environmental feature is very small.

The measured metrics can be divided into roughly three groups of

metrics related to unique properties: traffic, air interface, and users. PRB,

THRP, and TV indicate that as temperatures drop and snow accumulate,

the amount of spectrum resources used and the associated traffic increase.

Increases in traffic are expected based on existing population behavioral stud-

ies [80].

Although increased traffic and resource use was anticipated, it was not

expected that DL-SE would decrease with temperature. Furthermore, it can

be seen that UL-INTRF increases in winter months. Traffic and resource use

may increase; however, they are not more efficient based on the identified DL-

SE change. This is probably caused by the noise floor increasing more than

the received signal power. This leads to a reduction in the signal-to-noise

94



ratio, which will degrade the spectral efficiency, as was observed. Although

this is apparent at a network scale, further analysis is required on a cellular

level and will be discussed in further detail in subsequent sections. Although

not available for this study, user oriented data would provide an improved

level of granularity and insight into the temporal changes of the physical

environment.

Network KPI Temperature (R) Snow Depth (R) Snow Fall (R) Temperature (I) Snow Depth (I) Snow Fall (I)

DL-PRB -0.567 0.470 0.324 0.057 0.052 0.041
AUE -0.116 0.182 *-0.012 0.130 0.118 0.050
DL-TV -0.141 0.161 *0.034 0.111 0.089 0.063
DL-THRP -0.186 0.109 0.178 0.106 0.083 0.045
UL-INTRF -0.168 0.128 0.188 0.084 0.084 0.035
UL-THRP -0.294 0.210 0.243 0.065 0.065 0.020
DL-SE 0.256 -0.260 -0.088 0.055 0.051 0.022
UL-SE -0.072 *0.011 0.103 0.166 0.142 0.078
DL-THRP-PAUE -0.145 0.133 *0.070 0.066 0.047 0.031

Table 3.2: Correlation (R) and relative mutual information (I) between net-
work scale, time aggregated, environment-network features pairs. Statisti-
cally insignificant correlations are indicated by ∗ where p ≥ 0.05

One of the key difficulties with considering network scale relationships

is that commercial networks are constantly changing. Sites and cells are

being added, customer counts are changing, and there is a team of engineers

constantly redesigning and optimizing parts of the network. Newly added

cells are inherently excluded from long-term trend analysis since they do not

have a history to include. As a result, the observed cell population will be

skewed towards a more mature subset of network infrastructure. A specific

example of this can be seen in Fig. 3.2 where the number of AUE appears

to be declining; however, this is simply due to the fact that more cells and

capacity have been added.
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At a network level, visual inspection of the time series data does not

provide significant insight into performance. The PC and MI indicate that

the relationships are low to moderate when the features are temporally aggre-

gated. The strongest relationship between feature pairs is between DL-PRB

and temperature. From Fig. 3.2 it can be seen that temporal variations

closely align with those of temperature. The relationships are less visually

apparent for the other pair of features.
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3.4.2 Cell Analysis

Considering the network cell-by-cell will provide the best macroscopic

view of the behavior of the network over time. User-level KPIs were not

available with a duration as long as the RAN data; however, user-level data

would need to be aggregated, since at the user level the behavior can change

significantly on a daily basis. As such, the cell-level analysis provides a good

trade-off between spatial and user behavior resolution.

From the population studies and the electromagnetic considerations

it was expected that the environmental impacts would be more prevalent

at this level. Aggregation can be used to help reduce the variations caused

by noise; however, configuration changes and the deployment of new cells

may result in these changes not always being noise. First, the distribution

of the correlations between the network and environment features will be

considered.

The network-level results presented in Table 3.2 are scalar in nature.

In other words, there is only one value for each pair of metrics. Removing

the time aggregation allows for the distributions of the relationships to be

considered. In a global sense, metrics related to traffic volume are expected to

increase as the temperature decreases. Furthermore, it is expected that the

interference and spectral efficiency will increase as the temperature decreases.

When comparing the analysis of PC and MI, it is important to note

that MI does not have an associated p-value, while PC does. As a result, the

MI for all cells can be considered, while some PC values may be discarded

98



due to statistical insignificance. It is difficult to have statistically signifi-

cant correlations for small magnitudes of correlation. This is a result of the

way p-values are defined. If all statistically insignificant correlations are re-

moved, then the distributions become bimodal when in fact they are likely

not. When presenting correlation distributions, the statistical significance

will be ignored. Fig. 3.3 shows an example of the change in the correla-

tion histogram that results from filtering by statistical significance. Cells

that are discarded generally have correlations near zero. When observing

all correlations, it is clearly a unimodal distribution; however, considering

statistically significant correlations results in a bimodal distribution may not

accurately characterize the relationship. Furthermore, the segmentation of

the cell population is considered in the context of forecasting in Section 3.5

where the positive, negative, positive and negative, insignificant, and all cells

are considered for modeling purposes.

The distribution of all correlations on a cellular level can be seen in

Fig. 3.4. The distributions that included snowfall had the lowest variance

of all the distributions. Most of the distributions including snowfall were

|R| < 0.25 while the temperature and snow depth distribution pairs are

closer to |R| < 0.5. This result is expected since snow fall is zero for most

of the year, while the temperature is continuous and the depth of the snow

is less sporadic. The mean values for each of the distributions are non-zero;

however, the correlations between snow depth and AUE are approximately

zero.

99



−1.00 −0.75 −0.50 −0.25 0.00 0.25 0.50 0.75 1.00
DL-PRB vs Temperature

0

100

200

300

400

500

600

Co
un

t

All Data
All KDE
Significant Data
Significant KDE

Figure 3.3: Histogram of DL-PRB and temperature for statistically signifi-
cant and all correlations. The black shaded area represents the distribution
of all cell relationships while the grey is only those that are statistically signif-
icant. The lines tracing the contour of the histograms are the kernel density
estimate (KDE).

100



0

1

2
DL-PRB vs Snow Depth

0

2

4
DL-PRB vs Snow Fall

0

1

DL-PRB vs Temperature

0

1

AUE vs Snow Depth

0

2

4
AUE vs Snow Fall

0.0

0.5

1.0

AUE vs Temperature

0

1

2
DL-TV vs Snow Depth

0

2

4

DL-TV vs Snow Fall

0

1

DL-TV vs Temperature

0

1

2
DL-THRP vs Snow Depth

0

2

4

DL-THRP vs Snow Fall

0

1

DL-THRP vs Temperature

0.0

0.5

1.0

UL-INTRF vs Snow Depth

0

2

UL-INTRF vs Snow Fall

0.0

0.5

UL-INTRF vs Temperature

0

1

2

UL-THRP vs Snow Depth

0

2

4

UL-THRP vs Snow Fall

0

1

2
UL-THRP vs Temperature

0

1

2

DL-SE vs Snow Depth

0

2

4

DL-SE vs Snow Fall

0

1

DL-SE vs Temperature

0

1

2

UL-SE vs Snow Depth

0

2

4

UL-SE vs Snow Fall

0

1

UL-SE vs Temperature

−1.0 −0.5 0.0 0.5 1.0
0

1

2

DL-THRP-PAUE vs Snow Depth

−1.0 −0.5 0.0 0.5 1.0
0

2

4

DL-THRP-PAUE vs Snow Fall

−1.0 −0.5 0.0 0.5 1.0
0

1

2
DL-THRP-PAUE vs Temperature

Figure 3.4: Probability density estimates for all correlations regardless of sta-
tistical significance. Red vertical line indicates the mean of the distribution.

101



Temperature and snow depth have similar relationships among net-

work pairs; however, the signs of distribution are inverted. This is intu-

itively explained by the fact that temperature and snow are inversely related.

Low temperatures allow snow to fall and accumulate, while high tempera-

tures cause snow to melt. Similarly to the results of snowfall versus net-

work features, the network-environment feature pairs with temperature and

snow depth are somewhat Gaussian in nature. Feature pairs with the least

Gaussian-like properties are those that evaluate the correlations between UL-

INTRF, DL-THRP-PAUE (DL throughput per active user), temperature,

and snow depth.

UL-INTRF was expected to vary significantly between seasons. Changes

in the propagation environment introduced by snow and foliage were expected

to result in a large change in interference. Snow with a crust of ice on top

of it will likely have a higher permittivity than soil, meaning that ground

reflections would become stronger depending on their incident angle. Fur-

thermore, the lack of foliage was expected to reduce the loss of signal path,

resulting in an increase in interference. From the distributions, it is not im-

mediately apparent that this is the case. The distributions are skewed so

that snow and foliage could be the driving factor for UL-INTRF changes;

however, the means of the UL-INTRF distributions are still near zero.

Unlike the UL-INTRF distributions, the DL-THRP-PAUE compared

to temperature and snow depth exhibits the expected result of increasing

traffic per user during the cold and snow months. This aligns with the afore-
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mentioned population studies and the inference that a population spending

more time indoors results in more internet traffic. Moreover, the mean of the

distributions is such that the average cell across the set experiences increased

traffic in cold snowy months. Although correlation can be a good indicator of

the relationship between, MI will provide a stronger measure of the potential

to exploit the relationship for forecasting purposes.

MI will provide a better characterization of the relationships between

network and environment feature pairs. PC’s constraint of only identifying

linear relationships may fail to capture all shared information. Using MI,

specifically relative MI, the amount of information known about the net-

work feature contained in the environment features can be determined. The

estimates of the probability density function of relative MI can be seen in

Fig. 3.5. A large number of feature pairs have I < 0.1. All pairs involving

snowfall are much lower than this. As with correlation, there is no definitive

threshold for what a strong relationship is; however, small values of relative

MI mean that most of the information in the signal is self-contained and

adding exogenous features may provide little or no benefit.

The correlation and MI relationships between feature pairs are some-

what related to network-wide relationships. The signs of the correlations are

generally aligned between the network scale and the negatively correlated cell

population at the cell level. All relationship pairs can be found in Table 3.3.

Snowfall has been identified as a feature that has approximately no

relationship to network features. At a cell level, the average MI was approx-
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Figure 3.5: Probability density estimates for all MI. Values less than 1E-2
were discarded from the visualization. Red vertical line indicates the mean
of the distribution which does include the values discarded from the visual-
ization.
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imately zero. Furthermore, The correlations were all less than 0.1 indicating

that the relationships are not strong. This result is expected since the amount

of snowfall per day will be a sporadic and noise-like signal. For a significant

amount of time, the signal will be zero, followed by unpredictable bursts.

Snow depth and temperature exhibited a much stronger relationship

with network features in terms of correlation and MI. Normalized MI val-

ues were all low, most of them below 0.01; however, the temperature had

correlations with magnitudes as high as 0.250. The correlation indicates

that including temperature could improve forecast accuracy, but the relative

MI indicates the contrary. This strongly suggests that it will not improve

performance.

An important thing to note with these relationships is that the correla-

tions and MI values are between the signals at the same time. For forecasting,

it is often better to consider the cross-correlation function and partial cross-

correlation function to evaluate the temporal relationship between signals.

A similar process could be used to identify lagged relationships with MI. Al-

though this would present a characterization of the relationships across time,

this is foregone in favor of creating neural network models which leverage the

data directly. Moreover, the relationships between the network and environ-

mental features are not particularly strong, and it is not anticipated that

lagged correlation analysis will yield further insight. It is also noteworthy

that neural network models will be able to create complex functions that cap-

ture learnable relationships. There is always the risk of over fitting; however,
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careful training and configuration can allow the relationship between network

and environmental features to be captured and characterized by models.

Snow Depth Snow Fall Temperature
I R I R I R

Network KPI Correlation

AUE
+ 0.022 -0.051 0.000 -0.016 0.036 0.115
- 0.021 0.083 0.000 0.032 0.036 -0.128

DL-PRB
+ 0.009 -0.008 0.000 0.022 0.012 0.024
- 0.013 0.154 0.000 0.098 0.023 -0.250

DL-SE
+ 0.011 0.035 0.000 0.014 0.018 -0.061
- 0.014 -0.065 0.002 -0.043 0.023 0.107

DL-THRP
+ 0.012 0.039 0.000 0.038 0.020 -0.046
- 0.014 0.127 0.000 0.074 0.027 -0.194

DL-THRP-PAUE
+ 0.009 0.029 0.000 0.027 0.014 -0.029
- 0.011 0.084 0.000 0.048 0.019 -0.114

DL-TV
+ 0.011 -0.002 0.000 0.008 0.016 0.034
- 0.016 0.122 0.000 0.068 0.025 -0.175

UL-INTRF
+ 0.025 -0.012 0.000 0.033 0.060 0.037
- 0.024 0.029 0.001 0.039 0.056 -0.032

UL-SE
+ 0.012 0.088 0.000 0.063 0.021 -0.128
- 0.012 0.070 0.000 0.040 0.022 -0.105

UL-THRP
+ 0.011 0.024 0.000 0.038 0.017 -0.014
- 0.011 0.091 0.000 0.061 0.019 -0.130

Table 3.3: Mean correlation and relative MI by correlation population. Only
cells with statistically significant correlation are considered.

3.5 Forecasting

The seasonal behavior of a network is critical to understanding net-

work planning and management. In the event that long-term seasonality is
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not considered, network upgrades or investigations could be performed, de-

spite variations caused by external factors beyond the control of the network

operator. One way to address this problem is to use long-term forecasting

to predict network performance. Seasonality can be taken into account by

using these forecasts to compare with the actual signal. Explainable season-

ality is good; however, unpredictable changes will appear when forecasts are

inaccurate. This could indicate anomalies or changes in the use pattern that

could merit investigation.

Section 3.4 considered the relationship between nine network KPIs,

outlined in Table 3.1, and three environmental features. There is a significant

amount of shared information between some of the network features, such

as DL-THRP and DL-PRB being related because the throughput will be

related to the amount of spectrum being used. From a network planning

perspective, nine metrics are likely too many for long-term capacity planning.

The number of combinations and variability across features can become too

difficult to fully characterize. In reality, it is likely sufficient to leverage a

smaller subset. The original set of nine KPIs was reduced to a total of four

to address this problem and make the forecast more manageable for network

engineers. There is also a significant amount of information shared across

many of these metrics, which means that a large amount of information will

be redundant. Furthermore, the forecasting of metrics like interference are

not meaningful from a capacity planning perspective.

Network capacity planning and management generally aim to optimize
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downlink performance. In other words, most users consume more data than

they send. To accommodate this planning, the set of four KPIs selected as

the target variables for the prediction will be DL-THRP, DL-PRB, DL-TV,

and AUE. This subset of KPIs allows for some important relationships to be

observed, such as throughput per use, traffic per user, spectral efficiency, and

user growth. Of the nine previously considered KPIs, three were composite

KPIs, two of them completely dependent on the DL KPIs. Interference was

previously analyzed; however, it was discarded from the forecast, as it is

generally ignored in network capacity planning.

3.5.1 Data and Model Configuration

Using network KPIs, forecasting models will be created that consider

target features with and without environmental features as covariates. In

addition, several different forecasting time horizons will be considered to

identify if and when environmental features benefit the forecasting task. The

time horizons were set to 4, 8, 12, 16, and 20 weeks. This translates to 28,

56, 84, 112, and 140 day horizons. For each time horizon, the input sequence

length is the same length as the target horizon. This is similar to many

existing time series forecasting studies [1, 2]. The overarching objective of

these forecasting models is to create long-term forecasts; however, long time

horizons are problematic in terms of creating training data due to the desire

to capture long-term seasonalities.

It is best practice to consider a training, validation, and test set when
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training a machine learning model. A model will be trained on the training

set. Validation sets are used to determine when to stop training, and finally,

test sets are used to quantify the performance of the model. In many cases,

the validation and test sets are the same. Regardless of the decision to use

two or three datasets for training, it is critical not to have data leak from the

training set into the validation and test sets. In time series forecasting, this

is generally avoided by segmenting the data in a temporal manner. In other

words, pick a date and call the data before the date the training set, and

anything after it the validation or test sets. Splits are often created as 80-

10-10 percent when using train-validation-test or 80-20 when the validation

and test sets are combined. This section of the work considers an 80-20 split

in which the validation set is used as the test set.

Long-term forecasts with finite histories present a major problem:

How can a large test and validation set be obtained when forecasting hori-

zons are almost as long as the duration of the data collected? Instead of

temporally cutting the data into sets, the data can be spatially segmented.

Instead of temporally cutting the data, it is cut by cell. This allows longer

time horizons to be used while still having test sets that are a good repre-

sentation of the training set. It is also important that spatial slicing is used

instead of temporal to ensure that snow will be present during both training

and test periods. There is the risk that a model including environment fea-

tures may train on a set of data that has snow present, but then be validated

on a set with no snow present. This is a risk when using temporal slice;
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however, this becomes a non-issue when spatial slicing is used. Although

spatial slicing resolves many potential problems, it introduces the potential

for leakage between data sets. Two cells could share the same environmental

data, but one cell ends up in the training set, while the other is in the test set.

If performance improvements are significant when environmental covariates

are added, a potential cause could be the aforementioned data leakage.

Four different model architectures will be considered: GRU, Trans-

former, N-HiTS, and DLinear. These models were selected because the first

two are iterative forecasting strategies while the latter are direct forecasting

strategies. The parameters of the GRU model were set at two layers with 64

hidden units per layer, a configuration similar to that suggested by an ex-

perimental survey of model architectures for time series forecasting [91]. The

Transformer used the same configuration as in the foundational study [66]

except that the number of encoder and decoder layers was reduced from six

to three. Similarly, N-HiTS [1] and DLinear [2] consider the same configu-

ration as their respective introductory studies. The learning rate, gradient

clipping, and batch size were set to 1E-4, 1, and 2048 respectively. Initial

small hyperparameter tuning runs were used to identify the learning rate.

Higher learning rates resulted in models that converged to different values;

however, for 1E-4 and lower, the results obtained were identical. The batch

size was set to optimize the VRAM use of the GPUs used for model train-

ing. Again, small hyperparameter tuning runs indicated that training results

were insensitive to batch size; however, larger batch sizes greatly accelerated
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training times. The training epoch limit was set at 100 with the option for

training to exit early on the condition that the improvements were less than

1E-4 for 5 epochs.

3.5.2 Results

The performance of trained models will be considered in three unique

contexts: performance by forecast horizon, performance by model type, and

performance by correlation population. These levels of granularity will pro-

vide insight into what the best performing model architectures are, what

forecasting strategy is better, and over which time horizon environmental

features can improve forecast accuracy. Furthermore, it can assess whether

there is merit in further segmentation of cell populations to improve forecast

results. For each forecast horizon considered, a model was trained with and

without environmental features. Additionally, a model was trained on each

population.

It is important to note that long-term KPI forecasting for LTE and

5G networks has been largely ignored. Forecast time horizons are generally

short, often less than one day [12, 7]. It is important to clarify two termi-

nologies: long term forecasting or long time horizon forecasting. It is largely

a semantics argument; however, long-term forecasting could be a long time

duration into the future, while long time horizon forecasting could be a large

number of points. For example, consider the process of forecasting the next

24 hours in 5-minute intervals. It is a relatively short duration in time; how-
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ever, 288 step forecasts are long in terms of a model’s ability to forecast

accurately. Forecasting the traffic of urban mobile cells for the next 24 hours

in 10-minute intervals has been shown to benefit from the inclusion of envi-

ronmental, spatial, and other exogenous features [7]. The results presented

in this section are both long time horizon and long temporal duration in a

rural fixed wireless network that has yet to be considered in the published

literature.

The MSE and MAE for all combinations of cell population can be

found in Table 3.4. To reiterate, the Combined population is all cells, Corre-

lated are cells with statistically significant positive and negative correlation,

Insignificant is any cell without statistically significant correlation with en-

vironment features, Negative is negatively correlated cells, and Positive are

positively correlated cells. For cell population segmentation, the sign of the

relationship is that between DL-PRB and temperature.

The accuracy of the forecast by horizon provides the greatest insight

into the relationship between the pair of network and environmental features.

In total, there are five correlation populations to consider; however, the hori-

zon analysis considers only two: correlated and combined. Histograms of

the correlated and combined population training results with and without

environmental features can be found in Fig. 3.6.

For the correlated cell population, it was found that including environ-

mental features only increased the accuracy of the forecast when the horizon

reached 12 weeks. Beyond the 12-week horizon, the best models always in-
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Figure 3.6: Forecast accuracy by time horizon, selected cell correlation pop-
ulation, and inclusion of environment features.
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Horizon 28 56 84 112 140
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Population Model Env.

Combined

DLinear
False 0.119 0.227 0.132 0.240 0.164 0.273 0.172 0.278 0.184 0.291
True 0.125 0.233 0.145 0.252 0.164 0.270 0.182 0.286 0.179 0.287

GRU
False 0.117 0.224 0.149 0.255 0.173 0.276 0.184 0.286 0.183 0.289
True 0.130 0.233 0.153 0.255 0.160 0.270 0.179 0.283 0.175 0.283

NHiTS
False 0.119 0.230 0.134 0.250 0.163 0.274 0.171 0.278 0.181 0.291
True 0.118 0.226 0.142 0.254 0.168 0.278 0.176 0.285 0.177 0.290

Transformer
False 0.121 0.230 0.153 0.258 0.166 0.274 0.173 0.284 0.183 0.291
True 0.133 0.234 0.156 0.256 0.174 0.274 0.181 0.285 0.185 0.292

Correlated

DLinear
False 0.120 0.227 0.129 0.237 0.160 0.263 0.163 0.274 0.170 0.282
True 0.119 0.226 0.127 0.235 0.147 0.255 0.157 0.272 0.170 0.283

GRU
False 0.119 0.226 0.129 0.237 0.152 0.258 0.156 0.267 0.174 0.283
True 0.118 0.225 0.133 0.244 0.144 0.256 0.147 0.260 0.167 0.280

NHiTS
False 0.108 0.217 0.129 0.239 0.150 0.259 0.166 0.279 0.171 0.282
True 0.118 0.227 0.132 0.245 0.144 0.258 0.150 0.265 0.168 0.284

Transformer
False 0.109 0.217 0.133 0.238 0.154 0.261 0.172 0.281 0.185 0.289
True 0.119 0.226 0.134 0.244 0.142 0.248 0.172 0.282 0.175 0.284

Insignificant

DLinear
False 0.147 0.253 0.188 0.284 0.200 0.298 0.246 0.334 0.239 0.329
True 0.147 0.253 0.178 0.282 0.193 0.294 0.214 0.315 0.225 0.328

GRU
False 0.147 0.252 0.190 0.286 0.200 0.297 0.240 0.328 0.245 0.330
True 0.147 0.256 0.177 0.280 0.202 0.302 0.230 0.326 0.222 0.326

NHiTS
False 0.145 0.251 0.186 0.286 0.198 0.297 0.245 0.337 0.253 0.346
True 0.144 0.252 0.179 0.283 0.186 0.290 0.208 0.314 0.239 0.339

Transformer
False 0.158 0.263 0.193 0.287 0.197 0.300 0.257 0.345 0.247 0.335
True 0.147 0.253 0.181 0.285 0.191 0.291 0.245 0.334 0.233 0.336

Negative

DLinear
False 0.115 0.222 0.132 0.242 0.146 0.257 0.154 0.264 0.183 0.294
True 0.110 0.214 0.133 0.242 0.145 0.254 0.146 0.260 0.158 0.274

GRU
False 0.113 0.219 0.132 0.241 0.146 0.257 0.175 0.276 0.167 0.277
True 0.116 0.223 0.130 0.240 0.141 0.250 0.163 0.269 0.157 0.273

NHiTS
False 0.115 0.224 0.132 0.242 0.146 0.258 0.153 0.265 0.169 0.280
True 0.112 0.224 0.132 0.245 0.142 0.253 0.146 0.263 0.160 0.275

Transformer
False 0.113 0.219 0.132 0.242 0.151 0.261 0.154 0.264 0.177 0.287
True 0.116 0.223 0.132 0.242 0.143 0.252 0.154 0.265 0.166 0.281

Positive

DLinear
False 0.140 0.249 0.155 0.259 0.175 0.281 0.180 0.284 0.184 0.290
True 0.140 0.248 0.154 0.259 0.174 0.280 0.178 0.283 0.182 0.289

GRU
False 0.141 0.249 0.153 0.259 0.176 0.282 0.180 0.284 0.182 0.288
True 0.140 0.249 0.153 0.259 0.173 0.279 0.178 0.280 0.179 0.286

NHiTS
False 0.140 0.250 0.155 0.262 0.175 0.284 0.182 0.288 0.184 0.292
True 0.138 0.249 0.155 0.264 0.173 0.283 0.181 0.288 0.181 0.292

Transformer
False 0.142 0.249 0.156 0.261 0.180 0.285 0.186 0.287 0.189 0.294
True 0.141 0.250 0.155 0.261 0.178 0.282 0.183 0.287 0.187 0.294

Table 3.4: Forecasting performance of different models across different fore-
casting horizons, cell populations, and environmental covariate inclusion.
Best results by population are in bold.

cluded environmental features. This result is interesting in that the correla-

tion and the MI were indicative that the instantaneous relationship between

network and environment features was low; however, these results indicate

that as the time horizon increases, environmental features have a greater

impact. Although the results clearly favor the inclusion of environmental

features for cells with statistically significant correlation, the performance

improvement in the forecast accuracy is minimal. The greatest gains were
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found with the 16-week horizon, in which the MSE was reduced by almost

6% by including environmental features; however, there was an increase of

approximately 1% in the MSE for the 4-week horizon.

The performance of the cell population without attention to the cor-

relation properties had results similar to those of the statistically signifi-

cant correlation population. Until the horizon increased beyond 12-weeks,

the MSE was not definitively in favor of including environmental features.

Despite this observation, longer horizons are not significantly better when

statistically insignificant cells are added to the available population of cells.

Model architectures for time series forecasting are rapidly evolving.

The selected models cover a large number of architecture choices such as the

inclusion of attention, block-based models, and IMS or DMS. The perfor-

mance of the models will be evaluated across the different horizons without

segmenting the data by cell population. The model validation MSE by model

architecture and time horizon can be seen in Fig. 3.7.

One of the most astonishing results of the model performance is how

poorly the Transformer performed. Although it was a vanilla Transformer,

the median validation MSE across all time horizons is worse than any other

architecture. The use of attention mechanisms has not been shown to benefit

short-term forecasting using Seq2Seq models [37]; however, it was expected

that long-term forecasting would benefit from the use of attention, as mul-

tiple seasonalities and long temporal effects could be easily captured. Fur-

thermore, it was unexpected that the GRU model would be top performing
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in any configurations; however, it achieved the best results on all 140-day

horizon.

The accuracy results by population identified that segmentation based

on correlation properties can improve the accuracy of the models. Box plots

for the performance by horizon and population can be found in Fig. 3.8.

The negative population was approximately 10-times larger than the positive

population and 3-times larger than the insignificant population. Across all

horizons the positive and insignificant populations had the highest validation

MSE. It can be seen that combining the positively and negatively correlated

populations yielded better results than the positive population alone. More-

over, combining all populations allowed for the insignificant population to

have a significant reduction in forecasting error across all horizons. Models

trained on a given population, regardless of environmental covariates, be-

have similarly. This observation supports the segmentation of the cells into

unique populations based on their relationship to the physical deployment

environment.

3.6 Conclusion

Rural propagation studies have been performed and provide some in-

formation on seasonal changes that a rural wireless network could experience.

There are a large number of variables that affect the propagation performance

of a network. Seasonal user behavior, snow, temperature, foliage, and many
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Figure 3.7: Forecast accuracy by model and time horizon. Vertical edges of
the boxes indicate the upper and lower quartiles, diamonds are outliers, and
the horizontal lines extending from the boxes are the non-outlier limits of
the results. Horizontal line in the box indicates the median.
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other changes in the propagation environment can impact performance. The

work outlined in this chapter has demonstrated that there exist moderate

correlations between selected network and environmental features. Using

the unprecedented level of temporal granularity and duration, it is observed

that the accuracy of the forecast can be improved using the identified rela-

tionships.

Forecasting a long time horizon in terms of both duration and number

of steps was demonstrated to be improved using environmental covariates.

Including covariates was shown to help the forecasting accuracy for longer

time horizons. For short-term forecasting, it may not be practical to include

environmental covariates as it will increase the difficulty in achieving dead-

lines due to increased computation time; however, for long-term planning

and capacity management, a more accurate forecast will result in more effi-

cient use of network operator capital expenditure. Furthermore, it has been

identified that segmenting cells based on their relationship to the physical en-

vironment can allow for more accurate forecasts to be obtained in the unique

populations.

The expansion of this work has several interesting avenues. First, the

exploration of more complex population segmentation could yield further im-

provements in accuracy; however, there will be a finite limit to how many

populations can be created due to the amount of data available. Training

models, deep learning or not, with a insufficient data will result in poor

performance. Second, instead of segmenting populations further, a hierar-
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chical forecasting model could be created that leverages features relating to

province or user behaviour. This could allow for a model to learn the op-

timal population segmentation rather than a statistical analysis; however,

understanding the fundamental properties of the phenomena can be just as

important as the result when it comes to the capital expenses required to

build and upgrade a commercial wireless network.
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Chapter 4

Short-Term Multivariate

Forecasting

Long-term forecasting can be easily used for network design and ca-

pacity management. Knowing the long-term behavior of a network has many

benefits; however, short-term forecasting can enable a separate set of ad-

vanced network management features such as dynamic resource allocation

and anomaly detection [5]. For clarity, short-term in this context means a

short time span rather than a small number of points ahead; however, the

intent of this work is to focus on a small number of points ahead.

Urban mobile deployments are the predominant focus of short-term

forecasting in LTE and 5G networks. Forecasting LTE performance KPIs

has shown promising results in urban environments. Furthermore, including

environmental-specific information in the models has been shown to dramat-
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ically increase the accuracy of the forecast [7, 12].

The objective of this chapter is to investigate multivariate short-term

forecasting in a rural fixed wireless network. LTE and 5G forecasting studies

have focused mainly on urban mobile networks. The temporal dependencies

of urban mobile networks have been shown to be very long, indicating that

they are excellent candidates for forecasting [11]. Similar temporal studies

have not been conducted for rural fixed wireless networks. This work will

begin with an investigation of the temporal properties of the KPIs. Once the

temporal properties have been characterized, the inclusion of covariates will

be investigated and compared with urban studies.

There are many KPIs that could be selected for forecasting; however,

this section focuses on AUE, DL-THRP, DL-PRB, UL-THRP, and UL-PRB.

This is a small set of KPIs that allows for the identification of spectral effi-

ciency and performance per user. It is important that short-term forecasting

application consider as succinct a set of KPIs as possible to reduce the di-

mensionality of the problem. The data was collected from a rural Canadian

fixed wireless network with a sampling period of 15 minutes. 1000 cells were

considered from September 2022 to February 2023. Missing time steps were

infrequent and filled using linear interpolation.
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4.1 Temporal Properties

Understanding the temporal properties of the signals to be forecasted

is critical. Model selection and hyperparameter tuning can result in a sig-

nificant search space for an optimal model. If the underlying time series has

a strong relationship between the current and the past two or three time

lags, the selection of a model that considers the past 100 time steps will be

meaningless. The argument can be made that a model should be larger and

trained longer [92]; however, with short-term forecasting, a larger model will

result in a longer time to make predictions. For activities such as anomaly

detection and dynamic resource allocation, it is often better to have a faster

model with marginally lower accuracy. In other words, if action cannot be

taken on the forecast data before the next samples arrive, the forecast is

useless. There are cases where the use of historical forecast data can be

beneficial for tasks such as anomaly detection, which will be discussed in

Chapter 5; however, for dynamic resource allocation, historical forecasts are

often meaningless.

Existing studies on time series forecasting for LTE and 5G networks

have been almost exclusively based on deep learning. Deep learning time

series studies typically abandon temporal analysis prior to model training

and evaluation [2, 1]. An excellent example of temporal analysis can be

found in [11] where ACF was identified as significant for weeks in urban

mobile networks.
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A major fault with many existing studies is that an arbitrary his-

tory is selected without taking into account the periodicity of the temporal

properties of the KPIs. In this section, three approaches will be considered:

stationary properties of the KPIs, ACF, and PACF.

Many deep learning approaches are not affected by aperiodic or non-

stationary signals. For example, architectures such as N-HiTS can forecast

non-periodic and non-stationary signals [1]. In contrast, ARIMA, SARIMA,

and other statistical models often require that signals be stationary.

Stationary testing will be considered using the KPSS and the ADF

test, respectively. Two tests and the decision to accept or reject the null hy-

pothesis result in four combinations, each having their own unique meaning.

For the ADF, the null hypothesis identifies if the series has a unit root, while

the alternative is that there is not one. For the KPSS, the null hypothesis

is that the series is trend-stationary, while the alternative is that it has a

unit root. If both tests indicate that a series is stationary, then the signal is

stationary. If both indicate that the signal is nonstationary then it is nonsta-

tionary. When KPSS indicates that the signal is stationary and ADF does

not, the signal is trend stationary. If ADF indicates stationary and KPSS

does not, then the signal is difference stationary.

Three of the four combinations of the results of the stationary statisti-

cal tests indicate that a given signal would be stationary in some capacity. In

other words, as long as one of the tests indicates that the signal is stationary,

then it is stationary, trend stationary, or difference stationary.
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Using a significance level of 0.05, nearly all KPIs in all cells tested

were stationary according to the KPSS or ADF tests. Approximately 20 to

40% of cells were determined to be stationary on a KPI basis according to

KPSS and ADF. Performance metrics were closer to 40% while AUE was

closer to 20% of cells. ADF indicated that 95% of the cells were station-

ary in all KPIs. In contrast, KPSS found that only 20 to 60% of the cells

were stationary across all KPIs. In summary, nearly all cells and KPIs are

trend stationary. Furthermore, most of the KPIs are difference stationary.

Although stationarity does not alter the forecasting approaches taken in this

section, it is beneficial to be aware of the underlying properties of the signals

for hyperparameter tuning.

The ACF and the PACF are often used to select the order of ARIMA

models [38]. PACF can be used to select the AR order, while ACF can be

used to determine the MA order. Although ACF and PACF are not always

directly beneficial to neural network-based approaches, they can be used to

reduce the hyperparameter space for models to a more manageable search

space.

An example of the ACF and PACF for the DL-PRB of a single cell can

be found in Fig. 4.1. These results are generally consistent across all cells

and KPIs. The ACF indicates that there is a long temporal dependency.

In other words, the shape of the signal is repeating. This indicates that a

large number of MA lags could be used for an ARIMA model. The PACF

indicates that the number of significant independent correlations between
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the current and past values is small except for the first few lags and near a

24-hour delay. The shaded regions show the 95% confidence interval, which

indicates the boundary for statistically significant values. There are not

many significant PACF values, which suggests that a low AR order could

be used for an ARIMA model or a shorter number of input steps for other

architectures.

The results of the PACF and ACF analysis can be used to evaluate

the temporal dependencies of a signal. These dependencies can be used to set

parameters, such as the number of input samples to be considered. For exam-

ple, the values presented indicate that including a long history is unlikely to

improve the accuracy of the forecast. Furthermore, forecasting models such

as LSTM and GRU will struggle with incredibly long dependencies. Not all

models will be able to adequately capture the increase in the input sequence

length. Transformers and other forecasting models may perform better if

they attend to all input samples at the same time.

4.2 Hyperparameters

Many forecasting studies, especially LTE KPI forecasting, provide in-

adequate information to replicate their work. In many circumstances, closed-

source data sets are used; however, the model architectures presented are of-

ten poorly described. For example, many studies simply state that they used

ARIMA rather than specifying the order of the components [1]. Many studies
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Figure 4.1: ACF and PACF of DL-PRB for zero to 192 lags. Shaded region
indicates the 95% confidence interval.
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do not present any indication of hyperparemeter tuning [93, 94]. The models

considered in this chapter are DLinear, NLinear, GRU, N-HiTS, Transformer,

Seq2Seq, and Seq2Seq+Attention.

NLinear and DLinear have a very small number of tunable parameters.

NLinear has none, while DLinear has a smoothing kernel size to estimate sea-

sonality. This kernel was kept constant at 25 samples for all input sequence

lengths to smooth out short-term noise and variations.

GRU, Seq2Seq, and Seq2Seq+Attention are all RNN-based models.

The Seq2Seq models used GRU as the RNN component of the encoder-

decoder. This was done instead of using LSTM since Seq2Seq-GRU has

been shown to outperform Seq2Seq-LSTM in short time intervals [95]. From

a similar study and an empirical analysis in a large number of time series

datasets, the number of hidden cells and layers was set to 64 and 2 respec-

tively [37, 91]. For GRU, this describes the entire model, while for Seq2Seq

models, it describes the architecture of the encoder and decoder separately.

For the attention mechanism in the Seq2Seq+Attention, scaled dot product

attention was used as described in the original Transformer manuscript [66].

N-HiTS was configured with three stacks, one block, and two multi-

layer perceptrons of width 512. This was found to be the optimal configura-

tion in the original article [1]. Parameter tuning on small subsets of the data

found negligible changes in performance across different configurations.

The transformers were configured in the same way as in the original

paper; however, the number of layers in the encoder and decoder was re-
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duced from six to three [66]. This reduction was made without a decrease in

accuracy while improving computational efficiency.

With the models described, it is also important to note the training

parameters. The learning rate was set to 1E-3 with gradient clipping enabled

and set to 1. The batch size was set to 4096. These three parameters are

closely related in that they will determine how quickly the models can learn.

Various batch sizes and learning rates were tested; however, the effects on

accuracy were negligible. Lower learning rates and smaller batch sizes caused

training to take longer, while precision did not change in terms of MSE and

MAE.

Six months worth of data from 1000 cells was used to train the net-

work. Each KPI, including temperature, was scaled to zero mean and unit

variance in a global context. Standardization has been shown to outperform

Min-Max scaling for LTE KPI forecasting [37]. In other words, all cells were

scaled according to global mean and variance. This decision was made to

allow the models to learn global patterns, such as when a cell is not expe-

riencing a high load versus when it is experiencing a congested state. The

training and validation splits were temporal. The first 80% of the data were

used for training, while the remainder was used for validation.

The training was set to run for a maximum of 100 epochs. Early exit

conditions were created for the event when the validation accuracy did not

decrease by 5E-4 for two epochs. This value was determined empirically.

Most models had fully converged after two to three epochs. Convergence at
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this point was no surprise given the use of global scaling and the amount of

data being considered.

4.3 How Long is Long Enough?

Characterizing the performance of forecast model architectures re-

quires testing many different configurations of the input sequence length,

output sequence length, and internal dimensions of the model. Most neural

network forecasting studies present results similar to those presented in Ta-

ble 3.4. Benchmarking the performance of a model on standardized datasets

leads to specific input and output sequence lengths being selected; however,

for neural network application tuning, the inverse is required. For a given

application, the forecasting horizon is generally fixed. There are cases where

autoregressive forecasts can be used to generate arbitrarily long sequences;

however, in general there are some arbitrary number of steps in the future

to predict. With a fixed horizon, the length of the input sequence can be

adjusted to optimize accuracy. Forecast accuracy is important; however, it is

also important to be aware of the trade-off of longer horizons and increased

computational cost. An infinitely complex forecasting model might be able

to achieve perfect accuracy, but ultimately the forecast will not be available

to a network operator during the time when it is needed.

Based on the ACF, PACF, and practical computational limits, the

maximum input sequence length will be limited to 96 steps, which corre-
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sponds to one day. For each model, the input sequence lengths 4, 8, 16, 32,

and 96 were used. Short temporal dependencies have been identified in rural

fixed wireless networks; however, input sequence length variations were not

tested [37].

A mixture of DMS and IMS forecasting models was selected to test

input sequence length variations. For DMS models, N-HiTS, DLinear, and

NLinear were chosen. The selected IMS models were GRU, Transformer,

Seq2Seq, and Seq2Seq+Attention.

Unlike the forecast performance analysis performed in Chapter 4,

where the objective was to compare the accuracy of different models on

different time horizons with or without covariates, this analysis examines the

effect of the length of the input sequence between models. The performance

results for each architecture and parameter configuration can be found in

Table 4.1

Horizon 4 8 16 32 96
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
Model

DLinear 0.146 0.220 0.145 0.220 0.145 0.220 0.145 0.220 0.142 0.218
GRU 0.142 0.218 0.141 0.216 0.141 0.216 0.140 0.217 0.138 0.214
N-HiTS 0.140 0.216 0.139 0.214 0.139 0.216 0.140 0.221 0.138 0.216
NLinear 0.144 0.218 0.144 0.219 0.146 0.221 0.145 0.220 0.140 0.217
Seq2Seq 0.142 0.218 0.141 0.217 0.141 0.217 0.140 0.216 0.137 0.213
Seq2Seq+Attention 0.140 0.215 0.142 0.218 0.139 0.218 0.140 0.216 0.137 0.216
Transformer 0.142 0.219 0.142 0.221 0.142 0.222 0.142 0.222 0.140 0.221

Table 4.1: Forecasting performance of different models across different input
sequence lengths. Best results by horizon are in bold.

Overall, the best performing architecture was found to be N-HiTS. It

was top-performing in six out of ten possible metrics-horizon pairs and was
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close in the remaining four columns. Surprisingly, the Seq2Seq-based models

were the second best model across all horizons.

Seq2Seq and Seq2Seq+Attention were expected to perform well; how-

ever, the variation in the input sequence length highlights that Seq2Seq+Attention

outperforms a regular Seq2Seq model on most horizons. A similar study had

considered an input sequence length of eight [37]. Across more horizons it

can be seen that the attention mechanism marginally improves performance.

Increasing the length of the input sequence was found to improve per-

formance across all architectures. On average, MSE and MAE were found

to decrease by 2.4 and 0.59%, respectively. Ultimately, the use of these fore-

casts will depend on how constrained a practical deployment condition will

be; however, selecting N-HiTS with an input sequence length of 4 will be

within 2% of the best trained model across all input sequence lengths. In

an ideal environment, even longer histories could be considered; however,

these results agree with the short temporal relationships highlighted by the

PACF analysis. Increasing the history beyond a handful of timesteps will

ultimately not increase the forecast accuracy, regardless of the model archi-

tecture. Longer historical time steps will primarily increase the computation

time.
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4.4 Implication of Covariates

The amount of information contained within a single target feature

signal is limited. Multivariate forecasting generally allows information from

one target signal to be shared with others. This can intuitively be seen in

models such as the Linear family, where all inputs get mapped to all outputs

and in Seq2Seq models where all signals are compressed into a context vector.

The information shared between signals can help improve accuracy;

however, there are sometimes additional features that can be added to fur-

ther improve accuracy. For example, forecasting DL-PRB and DL-THRP

together is intuitive, in that they are intimately related. Inclusion of exoge-

nous features such as temperature or snow, as presented in Chapter 3, can

further improve accuracy. In this chapter, the inclusion of environmental fea-

tures is considered; however, snowfall and snow depth are foregone in favor of

only temperature. Similar urban studies suggest that a reduction in RMSE

above 40% is achievable by including covariate signals, including weather [7].

Environment Canada provides weather data every hour for most weather

stations throughout the country. The considered wireless network collects

KPIs every 15 minutes. This is problematic in that the KPI data should

be kept to the finest granularity possible for short-term forecasting. Linear

interpolation was used to resolve the sampling rate mismatch between the

hourly environment and 15-minute KPI signals.

Similarly to Section 4.3, the lengths of the input sequences were varied;
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however, temperature data was also included. The results can be found in

Table 4.2.

Horizon 4 8 16 32 96
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Model Env.

DLinear
False 0.146 0.220 0.145 0.220 0.145 0.220 0.145 0.220 0.142 0.218
True 0.145 0.220 0.145 0.221 0.144 0.220 0.145 0.220 0.143 0.220

GRU
False 0.142 0.218 0.141 0.216 0.141 0.216 0.140 0.217 0.138 0.214
True 0.142 0.218 0.141 0.218 0.140 0.217 0.140 0.215 0.138 0.215

N-HiTS
False 0.140 0.216 0.139 0.214 0.139 0.216 0.140 0.221 0.138 0.216
True 0.140 0.216 0.140 0.218 0.140 0.218 0.139 0.217 0.138 0.219

NLinear
False 0.144 0.218 0.144 0.219 0.146 0.221 0.145 0.220 0.140 0.217
True 0.144 0.218 0.143 0.218 0.145 0.220 0.145 0.220 0.140 0.217

Seq2Seq
False 0.142 0.218 0.141 0.217 0.141 0.217 0.140 0.216 0.137 0.213
True 0.142 0.218 0.141 0.216 0.140 0.217 0.140 0.217 0.137 0.213

Seq2Seq+Attention
False 0.140 0.215 0.142 0.218 0.139 0.218 0.140 0.216 0.137 0.216
True 0.140 0.216 0.142 0.217 0.139 0.216 0.140 0.218 0.137 0.214

Transformer
False 0.142 0.219 0.142 0.221 0.142 0.222 0.142 0.222 0.140 0.221
True 0.143 0.219 0.142 0.218 0.140 0.219 0.139 0.214 0.137 0.214

Table 4.2: Forecasting performance of different models across different in-
put sequence lengths and environmental covariate inclusion. Best results by
horizon are in bold.

For an input sequence length of 4, the change in MSE and MAE was

either zero or 1E-3 when including temperature data as a covariate. For

an input sequence length of 8 some changes were introduced by including

temperature data; however, it is almost universally a decrease in forecast

accuracy. For 16 input steps and higher, the accuracy of the forecasts was

unchanged or marginally better. In some cases, the best model was a tie be-

tween the same architecture with and without temperature data; see Seq2Seq

with an input sequence length of 96.

In contrast to urban results, the addition of temperature data nega-

tively or negligibly affected MSE and MAE. This agrees with a similar rural

study [37] while disagreeing with urban results [7]. Furthermore, the ad-
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dition of covariates increases the complexity of the data collection system.

Using only LTE network KPIs allows all data to be sourced from a single

location. Unless the network operator collects their own environment data,

they will need to rely on an external weather collection service. If there is

a delay from the external weather service, then that can delay the ability to

generate a forecast. This will further constrain the computation deadlines of

a forecasting system without providing a significant increase in accuracy.

4.5 Conclusion

Forecasting LTE KPIs has received significant attention in urban mo-

bile networks, leaving rural fixed wireless networks largely untouched. This

has left a significant gap in knowledge about the temporal behavior, statisti-

cal properties, and forecasting performance of rural fixed wireless networks.

Urban mobile networks have been shown to have long-term temporal rela-

tionships [11], while rural fixed wireless networks have been shown to have

the opposite [37].

Temporal analysis indicated that most of the network KPIs in all mea-

sured cells were stationary in some sense. ACF and PACF analysis identified

that the long-term relationship for the KPIs is minimal. Beyond the first few

lags, the relationship is no longer statistically significant. There are several

points around the 96-lag mark that are significant; however, their magnitude

is very small.
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Using the identified temporal relationships, several lengths of input se-

quence were used to evaluate the ability of various forecasting models to cap-

ture temporal dependencies. Longer input sequences were found to achieve

better performance; however, the improvement in performance was almost

negligible. This suggests that using the last hour of KPI data to predict the

next 15 minutes is likely the best option for practical forecasting tasks.

Exogenous features continue to be a popular approach to further im-

prove the forecast error. Urban mobile studies have suggested that including

environmental features such as weather and spatial information can improve

performance [7, 12]. A similar set of environmental features, namely temper-

ature, snowfall, and snow depth, has been determined to provide no tangible

performance benefit [37]. This work considered the removal of snowfall and

snow depth from the selected set of covariates in favor of only temperature.

The inclusion of temperate degraded the accuracy of the forecast in some

horizons. In summary, including environmental covariates in rural fixed wire-

less LTE KPI forecasting were not found to provide a similar performance

improvement to that found in urban mobile networks.

The focus of the work presented in this section was on forecasts that

consume multiple step input sequences and generate single step output se-

quences. A natural continuation of this work would be to consider output

sequences longer than one time step. Furthermore, as the number of input

and output steps continue to grow multiple seasonalities could be encoun-

tered in the KPI signals. Daily and weekly seasonalities could be removed
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and handled as additional covariates using STL [41] or MSTL [42]. It is

also anticipated that neural network architecture like Seq2Seq and GRU will

achieve worse performance relative to more optimized architecture like N-

HiTS or DLinear as the number of input and output sequence steps grows.
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Chapter 5

Robust Anomaly Detection

Long term capacity planning is critical for network operators; how-

ever, it is equally important to provide quality service at present. Each new

generation of wireless networks has introduced a new level of complexity.

In addition to this, the growing expectation, dependence, and requirement

of subscribers to have access to quality internet service makes outages and

degradation of service problematic. LTE and 5G networks have built-in alarm

systems that are capable of detecting and correcting certain events, but the

capabilities of these fault management systems are limited. Delicately set

thresholds provided by network equipment are generally the primary moni-

toring service that a network operator uses.

A major risk of threshold-based alarms is alarm fatigue where the

sheer volume of alarms causes those who monitor the alarms to become de-

sensitized. If an alarm goes off, it must have meaning; otherwise, it should
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not have gone off. It is inevitable that this occurs with naive alarms. Manag-

ing thousands or millions of alarm thresholds across the equipment required

to support a cellular network is not viable. The classification of severity

is one way this can be addressed; however, more thresholds can potentially

result in more meaningless alarms.

This chapter introduces RAINFOREST (Robust Anomaly detectIoN

FOr Rural fixEd wireleSs lTe), an AD algorithm that leverages temporal

context for explainable anomaly detection while being tunable and providing

anomaly intensity estimation. Furthermore, it is unsupervised, meaning that

the involvement of network experts in model optimization can be greatly

reduced. Section 5.1 provides a high-level overview of RAINFOREST and the

problems it aims to solve. Section 5.2 describes each individual component of

RAINFOREST and the purpose for which it is used. Section 5.3 benchmarks

RAINFOREST against popular baseline AD methods and demonstrates the

AD capabilities on a known problem.

5.1 Why RAINFOREST?

Enormous collections of historical data across an entire network have

made wireless networks exceptionally good candidates for AI, ML, and Big

Data approaches to network management [5]. AD is a key area of net-

work management, as service interruption or poor quality can be frustrating.

Although deep learning is rapidly developing advanced models, one of the
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largest problems remains how to identify anomalous behavior. The number

of signals that a wireless network generates is unmanageable in terms of the

potential for data labeling. Supervised and semi-supervised methods have

been proposed [96, 72]; however, generalization of models with any super-

vision is a concern due to the number of uncharacterized anomalous events

that could occur [97].

Supervised methods are less popular for time series anomaly detection

because of the number of unique types of anomalous event that can occur.

Furthermore, AD methods that are capable of operating in an unsupervised

multivariate context are more complex, however, more desirable [73]. Many

AD applications are multivariate in nature, especially those that consider

wireless networks. Capturing the complete temporal dynamics of a cell using

a single variable is unlikely.

One of the key objectives of this work is to achieve robust AD in an

interpretable way. Pure deep learning approaches can result in explanations

that are not intuitive. The output of the RAINFOREST is an interpretable

report of the detected anomalies; however, the results are presented in such

a way that it can be used to guide network operators in identifying the

root cause of the anomalous behavior. This work does not aim to classify

the types of anomaly detected and instead focuses on the explainability of

the detection process itself. RAINFOREST is a hybrid multivariate AD

algorithm that uses forecasting, clustering, and statistics to overcome the

deficiencies of each of the composing methods.
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Forecasting and reconstruction AD methods can achieve excellent re-

sults without additional downstream processing. For univariate forecasting,

the output is generally highly interpretable. A forecast or reconstruction is

created, and the error is analyzed using a metric such as the z-score or some

other statistical measure. Under the assumption that the output error of

the model is noise, this can be a robust approach. When expanding this

process to a multivariate problem, analyzing the distribution can become

difficult as the number of dimensions grows. RAINFOREST aims to solve

this dimensional analysis problem by using clustering to identify anomalies.

Clustering or density-based approaches are very popular for anomaly

detection. KNN [13] and K-means [96] have been used for AD in wireless

networks. A common problem with density analysis is to select the optimal

density and to have the ability to reject noisy samples. The inability of KNN

and K-means to natively classify abnormal samples as noise reduces their

value in an AD context. To date, DBSCAN or other density-based cluster-

ing has not been applied directly to wireless network AD. Clustering solves

the multidimensional problem of forecasting and reconstruction methods by

considering the proximity of points to each other. Drift is a known prob-

lem with clustering methods; however, the assumption that the forecast is

accurately generated resolves this problem by adding temporal context. For

example, if there is a large traffic burst in a cell at 2 am, it could be an

anomaly, or it could simply be computers running scheduled updates. If it

were a one-off event, then a forecast would flag it as anomalous; however, if
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it occurs everyday at 2 am, then the forecast should allow it not to be as

significantly anomalous.

Finally, statistical analysis is used after clustering analysis for anomaly

intensity purposes. It is important to note that RAINFOREST does not use

statistical analysis to detect anomalies. The binary classification of a sample

as anomalous or not is performed upstream by clustering analysis of the

forecast errors. If a given sample is identified as anomalous, then statistical

analysis is used to determine the intensity of the fault. For example, a sample

with a z-score of 1 is likely not anomalous, while a z-score of 4 indicates that

it is very likely anomalous.

Using a combination of forecasting, clustering, and statistical analy-

sis, RAINFOREST is able to overcome many of the drawbacks of each of the

included methods. It is also highly modular in nature and can readily sup-

port swapping of the comprising elements. For example, a forecasting model

based on ARIMA could be easily swapped to a deep learning approach such

as N-HiTS. Alternatively, DBSCAN or another clustering algorithm could

be exchanged for HDBSCAN or OPTICS. Another notable feature is that

RAINFOREST is highly tunable. These benefits of RAINFOREST are dis-

cussed in more detail in later sections.

142



KPI Data

KPI Forecasting

Forecasting Error z-score

Raw Check

Error Clustering

Temporal Clustering Fault Classification

Figure 5.1: Data flow chart for RAINFOREST

5.2 RAINFOREST

As an AD method, RAINFOREST is highly interpretable. A block

diagram of the AD procedure can be found in Fig. 5.1. The AD process is

relatively direct and cascades from one analytical component to the next.

The only exception to this is a skip connection for a Raw Check which can

be used to add rule-based logic to the algorithm. Each of these unique

components are broken down in more detail throughout the remainder of

this section.

5.2.1 KPI Data

Ingestion of the KPI data is one of the most critical aspects of any

AD process. In AD tasks such as fraud or defect detection, the timelines are

generally more relaxed. Some time series AD tasks are much more challenging
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in terms of strictness of deadlines because of the ramifications of timely

detection. For LTE network monitoring, it is critical that anomalous behavior

is detected quickly so that corrective action can be taken.

For this application, KPI data are collected every 15 minutes for the

entire network. Some network vendors provide direct database access, while

others provide data through a standardized XML interface. Extract, trans-

form, and load (ETL) data pipelines are a key component of the anomaly

detection process. Although they are not directly related to the anomaly

detection process itself, it is important to be aware of upstream processing

delays before clean data can be fed into a forecasting and AD model. For

example, data for the period of time from 00:00:00 to 00:14:59 would be-

come available shortly after 00:15:00. Data must then be fed through ETL

pipelines, which can take a few more minutes. After these pipelines, a fore-

cast must be generated either directly for RAINFOREST or pulled from an

external source, which introduces further delays. Essentially, the sampling

rate may be 15 minutes; however, in reality, the time-to-act is closer to several

minutes.

Any number of LTE KPIs could be considered for RAINFOREST.

Although it is possible to consider a large number of KPIs with a long history,

it is important to note that more data will increase the computation time.

This results in the need for more hardware to support the AD process or

in more missed AD deadlines. It is also important that the selected KPIs

accurately describe the overall performance of the cells being monitored. Due
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to these conditions, a total of five network KPIs were selected: DL-PRB,

DL-THRP, UL-PRB, UL-THRP, and AUE. When combined, they allow key

metrics such as spectral efficiency and traffic per user to be evaluated.

5.2.2 Raw Check

The primary focus of RAINFOREST is to detect anomalies in an

unsupervised manner; however, there are some anomalous events that can

be easily handled by rule-based AD methods. For example, if there are no

users in a cell, an anomalous event likely occurred. There are some special

cases, such as when a cell is undergoing maintenance or when it has just been

installed and there are no users connecting to it; however, these cases are well

known and can be filtered out. Furthermore, the raw check allows the sample

to bypass the clustering method. In other words, if a rule determines that a

sample is anomalous, the sample will be labeled as anomalous regardless of

the status determined by the clustering method. This allows data to be fed

into statistical analysis to determine the intensity of the fault.

For new cells with only a few users, the detection of no-users could be

flagged as an anomaly; however, it is unlikely to be registered as a significant

fault. On the contrary, if a more mature cell with many users suddenly has

no users, the statistical analysis will indicate a significant change in behavior

and identify it as a fault. Although the raw check only considers the detection

of no users in a cell, additional rule-based logic could be added depending

on the requirements of the network operator.
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5.2.3 KPI Forecasting

LTE KPI forecasting has been addressed in both long- and short-term

contexts in Chapters 3 and 4. Long-term behavior is of interest; however,

the focus of this work is on short-term AD. Namely, some of the objectives of

this AD work is for dynamic resource allocation or anomalous configuration

changes to be detected in a timely manner.

It is assumed that the forecasting models are accurate. There is no

threshold set for the level of accuracy required; however, less accurate fore-

casts ultimately result in worse performance of the anomaly detection system.

The forecast generation technique is also irrelevant. A practical implemen-

tation of RAINFOREST in a commercial network checks for anomalies in all

samples as they arrive. Since the process is inherently single-stepped, the gen-

erated forecast should be single-step. This means that DMS or IMS forecast-

ing strategies can be used without encountering the long-horizon drawbacks

of either approach. One architecture may outperform another; however, the

accumulation of bias as the number of forecast steps does not affect the IMS

models.

Ideally, the forecast is stored in a database to be queried when it is

needed. If this is not the case, it is possible to generate a forecast in real time

to meet the forecasting data requirement. Although this is a work around,

it is still important to note that generating forecasts on the fly may be sub-

optimal compared to being able to batch and accelerate their generation

using centralized GPU resources.
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5.2.4 Forecasting Error z-score

One of the most important aspects of forecast error analysis is the

ability of input distributions to be transformed from nonparametric to para-

metric. LTE KPIs are inherently noisy and nonparametric; however, the

forecast error distributions have been found to be Gaussian. Some general

assumptions can be made about traffic, such as high in the evening and lower

during the day. There is a general daily trend across many of the KPIs; how-

ever, depending on the cell load and time of day, there can be significant

fluctuations within and between cells. For example, a new cell could have

a distribution of DL-PRB that is heavily weighted closer to zero, while a

more mature cell could be saturated at 100% PRB use. As a cell transitions

between these two states, the distributions can vary significantly due to user

behavior.

Since the scale of the KPIs can vary from cell to cell, it is important

to normalize the scales of the inputs prior to further analysis. The change in

distribution between the raw and forecast error distributions can be seen in

Fig. 5.2.

Using the Komolgorov-Smirnov (KS) test with a zero-mean unit vari-

ance Gaussian distribution as the target distribution, it was determined that

the KPIs were less normal than the forecast error. Although normality is not

a requirement, transforming a nonparametric distribution into a parametric

one can better facilitate generalization in the analytical process. In other

words, the analysis can leverage Gaussian assumptions rather than being
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Figure 5.2: Comparison of the probability density function estimate for raw
and forecast error. Forecast error was standardized to zero mean and unit
variance while the DL-PRB was scaled from zero to unity.
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forced to operate on a nonparametric distribution.

5.2.5 Error Clustering

The clustering components of RAINFOREST are the most compu-

tationally complex. There are many ways in which clustering can be ap-

proached; however, the objective is ultimately to group data that are similar

while identifying data that are not.

Existing studies have largely considered K-means [15] or KNN [13] for

clustering in AD for communication networks. This is problematic in that

the size of the clusters is unbounded and parameter tuning does not provide

a meaningful indicator of the properties of the data. For example, a point

belongs to a cluster so long as it is closest to the mean of that cluster. This

means that a point could be 10-times farther away from any other point;

however, it still receives a valid label.

Furthermore, K-means clustering for AD is problematic because an

arbitrary cluster can be chosen to be anomalous. AD methods have consid-

ered this exact case where a cluster was declared anomalous when, in fact, it

does not appear to be explicitly anomalous [15]. Approaches that consider

the distance to neighbors using KNN distributions are more robust; however,

they ultimately need to choose a statistical threshold to declare a sample as

anomalous or not [13].

For RAINFOREST, this issue is resolved by leveraging DBSCAN. As

discussed in Chapter 2.4.3, DBSCAN allows points to be labeled as noise
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based on the condition that they do not meet a density threshold. In other

words, if the point is too far from its neighbors, it is noise. A high-level

comparison of the results obtained from K-means and DBSCAN can be seen

in Fig. 2.9. A key example is the sample near (-2, 0). K-means is content to

place this in cluster 2; however, DBSCAN identifies this point as anomalous

since it is far away from its neighbors.

It is not an explicit requirement that DBSCAN be used; however,

since computational hardware is a finite resource, the options of the density-

based clustering algorithm are limited for use in RAINFOREST. If compu-

tational efficiency was not a consideration, alternative techniques such as

OPTICS [98] or BIRCH [99] could be used instead. Initial testing consid-

ered these clustering techniques, but the increase in run time was an order

of magnitude, which resulted in them being dropped from consideration.

A comparison between the distribution of the DL-PRB and DL-THRP

error versus the raw KPI data can be found in Fig. 5.3. The raw KPIs have

a multidimensional nonparametric distribution, making analysis particularly

difficult. As discussed and shown in Fig. 5.2, the forecast transforms the dis-

tributions into roughly normal distributions, which allows for easier analysis.

The forecast error scatter plot clearly takes on an elliptical shape compared

to the raw KPIs. Furthermore, the forecast error allows the temporal context

to be captured. In other words, using the forecast error allows unexpected

events to be analyzed rather than raw changes.
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forecasting error for DL-PRB and DL-THRP. Axis are standardized to zero
mean and unit variance.
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5.2.6 Temporal Clustering

A simple but important part of RAINFOREST is the ability to cluster

outages in time. Alarm fatigue can be a major problem. In addition to fault

intensity ranking, the ability to cluster outages in time allows less outages to

be reported. For example, if a cell had a configuration change that caused

all users to disconnect for several hours, flagging each time step as a unique

outage would raise many more alarms than if they were grouped in time.

Unlike some AD methods, RAINFOREST does not explicitly con-

sider temporal patterns or shapes in the data, sometimes referred to as mo-

tifs [100]. The decision for RAINFOREST to be a motif-free AD method

was made largely due to the fact that cells exhibit dramatically different be-

havior based on loading and that the forecasting component of the model

captures temporal context, which is similar to why motifs are used. Mo-

tifs are interesting in that the start of a pattern could be found to identify

when a recurring type of outage pattern was detected. A further extension

to RAINFOREST could be the inclusion of motif analysis in error signals to

find recurring anomalous forecast error patterns.

Since RAINFOREST does not have the ability to leverage motifs, the

data is simply clustered in time. Once the data are grouped in time, they are

then ranked according to the worst samples in the group. This is a unique

approach in that a cell could go offline for a few reporting periods and then

come back online. All users are not expected to reconnect immediately and

anomalous behavior could continue for several hours after the initial event.
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Density-based clustering is used for temporal grouping. Since the

input to the clustering problem is a one-dimensional array of timestamps,

clustering analysis using DBSCAN were effectively operating like a sliding

window that checks if the points are close enough to be clustered together.

The DBSCAN density was configured so that the samples should be within

the same one-hour window. The minimum number of points required to

be identified as a cluster was set at two. This is important for the fault

classification aspects of RAINFOREST, which are discussed later in this

chapter.

5.2.7 Fault Classification

Once anomalous samples have been identified, the process of classify-

ing the intensity of each anomaly can be performed. An important consid-

eration is how abnormal the anomalous sample is. RAINFOREST does this

in two different ways by addressing the duration and statistical likelihood

of the anomaly itself. RAINFOREST classifies anomalous events into three

unique categories: noise, soft, and hard faults.

Noise faults are transient in nature and are self-resolving. That is,

a network operator does not need to take corrective action. For example,

a sudden spike in traffic from scheduled computer updates in many users

connected to a cell is not a concern. Noise faults are those that are identified

by temporal clustering as being disconnected from other anomalous behavior.

The intensity of noise samples is also ignored from their classification because
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they are self-resolving in nature. In other words, they have a duration of only

one sampling period before returning to normal behavior.

Soft and hard faults are closely related in that they both require

multiple anomalous samples to occur in the same one-hour window. The

difference between the two is that soft faults are below what is called the

hard-soft threshold and hard faults are above it. This threshold considers

the Euclidean distance from the high-density clusters to the potential outlier

sample. Based on the clustering density for DBSCAN, the samples labeled as

noise are already required to be isolated from the cluster. This threshold is

used to determine how severely they are separated. For more advanced anal-

ysis, the continuous value is acceptable; however, when relaying the intensity

of a fault to a network operator, having discrete values for intensity reduces

the knowledge burden on the end users. Continuous value outputs are helpful

for comparing the relative intensity of detected anomalies; however, network

operators would need to understand the scoring metrics intimately to make

informed decisions. The thresholding used alleviates this burden.

The output of the fault classification component of RAINFOREST is

noise, soft, or hard. It should be noted that the objective of RAINFOR-

EST is to detect anomalous behavior. It is assumed that RAINFOREST

would present both discrete and continuous scoring metrics to a separate

model or an expert network operator for root cause analysis. For example;

RAINFOREST could identify that there was a hard fault that occurred. The

anomaly scoring and ranking system of RAINFOREST could then be used to
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determine that there was a sudden change in spectral efficiency (DL-THRP

went down, DL-PRB went up); however, this analysis would be external to

RAINFOREST itself.

5.3 Performance Analysis

Characterizing the performance of RAINFOREST is no simple feat

because it is not supervised and there is no set of labeled anomalies to com-

pare with. Statistical measures were considered, namely EM and MV as

discussed in Chapter 2.4.1. Furthermore, a known anomaly was analyzed

using RAINFOREST to demonstrate the early detection capabilities relative

to the built-in network alarming features.

5.3.1 Network Scale EM and MV Analysis

One of the main difficulties in unsupervised AD is how to objectively

measure the performance of a detection method. A small set of data with

known anomalies could be labeled, or network logs of detected anomalies

could be used to obtain labeled data. This could allow an unsupervised

method to be trained, tested, and then objectively measured. Although

this is a promising idea at first glance; however, the assumption that built-

in network alarming is accurate is a poor assumption. Sleeping cells are

cells that fail without triggering alarms and are an active area of research

due to the commonplace of their occurrence [72]. Furthermore, assuming
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that manually labeling data would capture all types of anomalies is a poor

assumption. The labeling process would not only be time consuming but

would also be prone to human bias and error.

EM and MV have been proposed as a way to quantify the performance

of an unsupervised AD method. To evaluate EM and MV, a scoring function

is required as described by Goix [74]. These scoring functions are used to

create estimates of the density level set which are then generally assigned

to a binary scoring function that indicates whether a sample is anomalous

or not. For RAINFOREST, the scoring method is the distance between the

sample of interest and the nearest core DBSCAN point. In other words, the

high-density regions are not anomalous, whereas the low-density regions are

anomalous. The hard-soft threshold is then used to determine the intensity

after DBSCAN determines whether a point is noise or not.

Robust baseline models are important for any unsupervised analysis

of AD performance. Three common benchmark models are considered: local

outlier factor (LOF) [101], one-class support vector machine (OCSVM) [102],

and isolation forest (IF) [103]. When determining the best performance for

a given set of data, it has been proposed that the agreement between EM

and MV indicates which model is best. This was determined by comparing

the results of EM and MV with the precision recall and receiver operating

characteristic curves on the benchmark data sets [74]. The objective is to

maximize EM while minimizing MV.

To test the performance of RAINFOREST against baseline models,
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two weeks of network data was used. A difficulty with comparing the base-

line is that the temporal context is very critical to the overall AD process.

If a spike occurs every day due to scheduled updates or synchronization of

cloud data, then it should not cause a major fault. To increase the fair-

ness of comparison, the baseline models consider the forecasting error like

RAINFOREST.

The results of the unsupervised classification for the cell set can be

found in Table 5.1. RAINFOREST is clearly the top performing model across

all metrics. RAINFOREST’s dominance was expected, since it operates di-

rectly on the density of the cell KPI data. Using the clusters established by

DBSCAN, new samples can be easily scored based on their distance from the

high-density core points.

Best EM (%) Best MV (%) Best EM and MV (%)

RAINFOREST 98.57 99.97 98.57
LOF 1.23 0.00 0.00
IF 0.08 0.00 0.00
OCSVM 0.12 0.03 0.01

Table 5.1: Performance of AD methods based on EM and MV metrics. Best
EM indicates what percentage of cells had the highest EM for a given model
type. Best MV indicates what percentage of cells had the lowest MV for
a given model type. Best EM and MV indicates when a model had both
the highest EM and lowest MV for a given cell. Note that the EM and MV
columns sum to 100% while Best EM and MV do not since there is not always
agreement between models for a cell.

LOF and IF operate in a similar manner to DBSCAN in that they

roughly approximate the point density and assign labels based on some ex-
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ternal metric. The LOF metric is based on the density estimate of a given

sample relative to that of its neighbors. IF builds a tree that aims to segment

the sample space where anomalous samples generally result in shorter tree

depths.

When comparing the anomaly detection process, OCSVM is closest

to RAINFOREST, which is not surprising given the results. RAINFOREST

identifies the high-density region in the sample space and then identifies

the samples as anomalous as they move away from the identified regions.

OCSVM achieves a similar result by drawing a hyperplane that segments

anomalous samples from those considered normal [102].

From the EM and MV results presented in Table 5.1, RAINFOREST

is a significant performance improvement over the commonly used baseline

models.

5.3.2 Known Anomaly

Thus far it has been shown that RAINFOREST outperforms common

baseline AD methods; however, it is also important to demonstrate the ben-

efits of RAINFOREST beyond the analysis of the performance of EM and

MV. RAINFOREST can detect anomalies in an unsupervised manner bet-

ter than baseline methods, but also provides ranking and temporal context

which bring a large amount of value to network operators. This analysis of

a known anomaly is analyzed to demonstrate that RAINFOREST is able to

detect anomalous behavior earlier than the built-in LTE AD capabilities.
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Leveraging the forecast allows one to add a temporal context to the

AD process. LTE and 5G systems often use threshold-based alarms. In gen-

eral, more robust unsupervised AD methods set thresholds as well; however,

they are based on a probabilistic scoring function [74]. Using the forecast

error allows for a dynamic threshold to be set. In other words, the fore-

cast error allows the theoretically known information to be removed, leaving

only the unexpected information. Under the assumption that the forecast

is accurate, it can be assumed that the forecast captures all predictable in-

formation and the error represents only the unexpected information. Since

anomalous behavior is assumed to be rare when considering a large number

of samples, unpredictable input samples lead to the forecast error increasing

abnormally. If the error is sufficiently abnormal, then the samples end up in

a low-probability region and be flagged as anomalous.

The anomaly presented in this section occurred in April 2022. RAIN-

FOREST operates under the assumption that forecasts are generated exter-

nal to the model; however, it is important to note that the forecasting model

was not exposed to any of the network during the time in which the anomaly

occurred. This was done to ensure that no data leakage had occurred.

N-HiTS was used to generate the forecast. The forecast was a single-

step multivariate forecast model without covariates. Any model architecture

or forecasting strategy can be used as long as the forecast is accurate. The

accuracy in this context is used to describe how much information about

the future the model can extract from the input sequence. The model could
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be exchanged for other models such as GRU, Transformers, or DLinear and

could achieve nearly identical results.

The analysis of the known anomaly can be seen in Fig. 5.4. Two

critical times in the presented event were when the LTE alarms alerted the

network operator of the fault and when RAINFOREST was able to detect

a significant anomaly for the first time. Midday on April 21, 2022 the net-

work operators noticed alarms being raised by the cell being analyzed. One

of the problems with the threshold-based alarm scheme is that anomalous

behavior does not always raise the alarm. The considered event is an excel-

lent example, since RAINFOREST was able to detect the anomaly nearly 24

hours earlier. This includes the hard faults identified mid to late on April

20, 2022, when a significant number of users disconnected and traffic-related

KPIs were heavily affected. Intuitively, fewer users will generate less traffic,

leading to lower cell throughputs and PRB use; however, it can be seen that

UL-THRP and UL-PRB increases despite a decrease in users. Once the net-

work operator was alerted to the problem and took action, it can be seen

that the anomalous behavior stops.

According to the network logs, the anomaly was caused by a power

configuration problem in the cell. A noteworthy aspect of RAINFOREST

and the selected subset of network KPIs is that despite the fact that no

metric is related to cell power levels, the selected KPIs are able to accurately

capture the anomalous event. This is promising in that the dimensionality

of the input space to RAINFOREST or any other multivariate AD method
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Figure 5.4: RAINFOREST AD and intensity scoring applied to a known
outage. Anomalous behaviour was identified by built-in alarms around 12
pm on April 21, 2022.
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can be kept constrained to a small number. This reduces the difficulty of

achieving real-time online anomaly detection.

Although RAINFOREST is focused on analyzing one cell at a time,

the impact of a single anomaly can easily be tracked to other nearby cells.

There are many adjacent cells to the originating one; however, the analysis

was limited to one for brevity. RAINFOREST analysis can be found in

Fig. 5.5. The second cell has more hard faults that are raised compared to

the originating cell. It should also be noted that many of the AUE that were

disconnected from the initial problem migrated to this cell. Users are clearly

hopping between cells in a relatively aggressive manner, which leads to a

poor end-user experience.

Using RAINFOREST to track single-cell anomalies has been demon-

strated to great effect. Numerous anomalous behaviors can be tracked in a

single cell; however, there is no explicit relationship between the cell being

analyzed and its neighbors. Although this work does not consider it, graph-

based approaches could be leveraged to add a spatial context in addition to

RAINFOREST’s existing temporal context. SDGNet [104] has been shown

to improve the accuracy of forecasts in an urban mobile network by adding

spatiotemporal features through a graph. Including a graphical approach in

RAINFOREST would increase computational complexity; however, it would

allow better tracking of behaviors such as user migration or load balancing.
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Figure 5.5: RAINFOREST AD and intensity scoring applied to a cell ad-
jacent to a known outage. Anomalous behaviour was identified by built-in
alarms around 12 pm on April 21, 2022 on the originating cell.
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5.4 Conclusion

Modern wireless communication network infrastructure is being de-

ployed at an astonishing pace. To monitor this new infrastructure, it is

critical to leverage automation and machine learning-based approaches. Fur-

thermore, unsupervised approaches further simplify the deployment of these

advanced tools, as they do not rely on the participation of network operator

experts.

One of the more rudimentary aspects of LTE and 5G networks is the

built-in alarm systems. To enhance anomaly detection capabilities, an unsu-

pervised AD model RAINFOREST has been proposed. RAINFOREST has

been shown to outperform baseline AD models in 98.57% of the cells tested

in terms of EM and MV. This result indicates that RAINFOREST is achiev-

ing the best unsupervised AD performance [74]. The density-based clustering

and temporal context added by using the forecast error allow RAINFOREST

to dramatically improve performance over the baseline models.

Finally, RAINFOREST was tested on a known cell anomaly in a com-

mercial fixed wireless LTE network. The anomalous behavior was first iden-

tified by RAINFOREST nearly 24 hours before any built-in LTE alarms

tripped. Identifying major outages is not difficult for threshold-based alarm

systems; however, the ability for RAINFOREST to rapidly identify a non-

hard outage will enable network operators to provide better quality experi-

ence to end users by reducing the amount of time that anomalies impact the
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network. Although false alarms remain a possibility when using RAINFOR-

EST, the ability to rank by severity and temporally group anomalies will

reduce the overall number of alarms. Network operators generally receive an

unmanageable number of alarms, which may become more manageable when

using RAINFOREST.

It was demonstrated that RAINFOREST can be used to track an

anomaly in a single cell but can also see the effects of the problem in neigh-

boring cells. This is promising in that it could be used to track anomalous

behavior throughout a region. Although cell-by-cell analysis was demon-

strated, expanding the capabilities of RAINFOREST to manage network

data in a spatiotemporal graph could achieve better results [104].
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Chapter 6

Conclusion

Internet access is critical for both work and leisure in the digital era.

Anecdotally, this work has been done entirely through telecommuting. People

spend a lot of time browsing the web, shopping, meeting, and streaming music

or other media content. It is no surprise that governments are supporting the

push for quality internet access because the economic benefits are staggering

in both developed and developing nations [105].

Canada is no exception to the government-backed push for access to

quality broadband internet. The Broadband Fund has been established to

help accelerate the deployment of broadband service in rural and remote

areas [19]. Providing access to capital to develop network infrastructure

is important; however, it is also important to understand how it is being

deployed. For most remote rural areas, it is not possible to deploy fiber optic

or digital subscriber lines. The main options for internet access are satellite,
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LTE, or 5G. In less remote areas, it is not uncommon to have access to

mobile or fixed wireless LTE and 5G services, but some users are forced to

rely entirely on satellite internet if they are outside of cellular coverage.

This work has focused on the fixed wireless aspect of rural broadband

internet initiatives. In an ideal world, the design of cellular networks can be

considered a solved problem, such that with a set of frequency allocations and

a coverage area, an optimal network design can be produced. Unfortunately,

the real world is messy, spectrum allocations are not always continuous, in-

terference can decimate network performance, and equipment will ultimately

fail.

In a modern network, there are many components required to take

a request from a user to the internet and to provide them with content.

Furthermore, the amount of traffic generated per user is growing exponen-

tially [4]. This growth requires that an incredibly complex system be scaled

to handle these increases in traffic. From the perspective of a network opera-

tor, there are a few choices; however, the focus will be placed on the cellular

level. The best way to add network capacity is to increase the number of

cells and the amount of spectrum available.

Unfortunately, there is a finite amount of spectrum available, but

adding more cells is generally feasible. Scaling the number of cells increases

the capacity of the network at the cost of monitoring efficiency. In this

context, monitoring efficiency is how simple it is to perform tasks such as AD,

short-term forecasting, long-term forecasting, and other network planning
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tasks. Automation and machine learning are the keystone to enable a rapidly

growing number of subscribers and their required infrastructure. This work

considers three tasks performed by network operators: long-term forecasting

and network planning, short-term forecasting, and AD.

6.1 Long-term Forecasting

Network operators must understand how their network is going to

evolve over time. Is a given cell congested? If not, when could it become

congested? Is current congestion a seasonal transient or is it the result of

long-term growth? Long-term forecasting can help answer these questions;

however, environmental factors can come into play. This problem was inves-

tigated in Chapter 3.

The network KPIs were observed to show strong temporal changes

throughout the year. Congestion and other metrics associated with traffic

levels indicated that the winter months were worse than the summer months.

This led to the desire to investigate the cause of the observed seasonality.

Statistically significant correlations were found between the KPIs and

snow depth, snow fall, and temperature. The magnitudes indicated a mod-

erate relationship for some KPI-environment feature pairs. Although the

correlations appeared to indicate that the inclusion of environmental fea-

tures was worthwhile, the relative MI between the feature pairs was found

to be negligible. Relative MI was generally much lower than 5% of the LTE
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KPIs, indicating that the amount of information added by the environmental

features is negligible. Despite the relationships appearing minimal; they do

not fully capture the temporal relationships, as PC and MI were considered

for times tKPI = tenvironment. There is the possibility for forecasting models

to extract temporal relationships that could be missed by PC and MI.

To further test how much information could be extracted from the

feature set, a variety of forecasting models were selected. Several new and old

architectures were considered; namely, DLinear, GRU, N-HiTS, and vanilla

Transformers. For each of the models, the input and output sequence lengths

were set to 28, 56, 84, 112, and 140 days. Furthermore, in this work, a unique

approach was taken that segmented cells into subpopulations based on their

relationship with environment features.

Using the relationship between a cell and its environmental features,

the cells were segmented into five distinct sets: Combined, Correlated, In-

significant, Negative, and Positive. Combined considered all cells, correlated

considered only cells with statistically significant correlation with environ-

ment features, insignificant considered only cells with statistically insignifi-

cant correlation with environment features, Negative was cells with a signif-

icant negative correlation, and Positive was cells with a significant positive

correlation. Segmenting cells according to their correlation relationship was

identified to improve the precision of the forecast for subpopulations.

Inclusion of environmental features has been shown to greatly improve

forecast accuracy in urban mobile networks [7]. This work identifies that the
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same is generally not true for long-term forecasting in rural fixed wireless

networks. For longer time horizons, that is, 84 days or longer, the accuracy

of the forecast can be improved by a small percentage when cells are known

to have statistically significant relationships with their environment. If this

condition is not met, there is little to no improvement in the accuracy of

the forecast. Although a small improvement in forecast accuracy was found

in longer time horizons, it is significantly less beneficial than the dramatic

reductions found in urban networks.

6.2 Short-term Forecasting

Long-term forecasts enable network operators to better support plan-

ning and design; however, many additional network management features

can be enabled by short-term forecasts. Examples of these advanced services

are dynamic resource allocation and anomaly detection. To provide a good

trade-off between the number of KPIs and the information contained in the

forecast output, a total of five KPIs were selected: DL-PRB, DL-THRP,

UL-PRB, UL-THRP, and AUE.

Before approaching a forecasting problem, it is critical to understand

the temporal properties of the signals being handled. There is a significant

lack of rigor in existing studies in terms of characterizing the properties of the

signals of interest. Most of the KPIs in all cells were identified as stationary

in some capacity, be it completely stationary, trend stationary, or difference
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stationary.

The PACF identified that the temporal dependencies of the KPIs

were very short. Beyond the first few time steps, the magnitudes of the

PACF were negligible. There were some statistically significant lags near

96 lags, which corresponds to a day; however, the magnitudes were small

despite their statistical significance. Analysis of the ACF indicated that the

patterns in the signal are repeating and that there is a significant relationship

between a signal and daily lagged copies. Despite this relationship, it is

important to be aware of the way in which the ACF is described, since the

PACF will better describe the realizable temporal relationship of the signal

for forecasting applications.

Seven unique neural network architectures were selected: DLinear,

NLinear, GRU, N-HiTS, Seq2Seq, Seq2Seq+Attention, and vanilla Trans-

former. A significant gap in short-term LTE KPI forecasting has been the

selection of model architectures. Significant strides in terms of accuracy

and computational cost have been made in recent years [1, 2]; however,

many studies still consider more rudimentary architectures such as GRU

and LSTM [7, 12, 93].

In addition to a focus on rudimentary architectures, the existing lit-

erature has not considered the effects of input sequence length on accuracy

for single-step multivariate forecasts. Increasing the length of the input se-

quence from 4 to 96 steps was identified to improve MSE and MAE by 2.4

and 0.59%, respectively. Although an improvement was identified, increasing
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the data required to make a prediction by a factor of 24 is probably not worth

the increase in computation time. The use case of the generated forecast will

ultimately set the accuracy requirement; however, an input sequence length

of 4 will provide a good trade-off between accuracy and computational cost.

In Chapter 3 it was shown that longer time horizons could benefit from

the inclusion of environmental covariates under certain conditions. Snow fall

and snow depth were foregone in favor of testing only the inclusion of tem-

perature as an environmental covariate. The input sequence length varia-

tions described earlier in this section were repeated; however, the inclusion

of environmental features was also considered. In general, it was found that

including environmental features decreased or did not change the accuracy

of the generated forecasts. This agrees with the findings of a similar study;

however, it extended it by considering several different time horizons [37].

6.3 Anomaly Detection

Detecting anomalous events in thousands or millions of signals in an

efficient and explainable manner is an ongoing research topic in many do-

mains, of which LTE and 5G networks are no exception. The unknown na-

ture and near-infinite combinations of anomalous patterns make time-series

anomaly detection a difficult problem to approach. Labeling data for super-

vised learning approaches is not practical due to cost and the high likelihood

of not identifying all types of anomaly. Semi-supervised methods have been
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proposed; however, flawed methodologies and poor baseline assumptions in

existing studies have not produced robust AD algorithms [15, 14].

This work proposed an unsupervised hybrid AD method, called RAIN-

FOREST, which combines statistical, clustering, and soft computing meth-

ods to mitigate the problems caused by each of the methods comprised.

Instead of directly considering the LTE KPIs, the presented approach lever-

ages a forecast and instead considers the forecast error. Under the assump-

tion that the forecast is accurate and contains all predictable information,

the error is expected to be noise. This is noteworthy because the error rep-

resents the unpredictable information in the signal. Raw KPIs were found

to have parametric distribution properties, while associated forecast errors

were approximately Gaussian.

Clustering analysis was performed on the multivariate forecast error

using DBSCAN. This is a notable difference from existing studies that gener-

ally consider k-means clustering [15, 14]. K-means is a problematic clustering

algorithm in that it is unable to reject samples as noise and can result in ar-

bitrary clusters which do not represent the sample space in a meaningful

way. For unsupervised AD methods, it is critical that the sample space is

analyzed in a predictable and meaningful way. DBSCAN is used to identify

which samples are anomalous. If a sample is in a low density region, DB-

SCAN will label it as noise. The set of points labeled as noise were flagged

and selected for further statistical analysis.

The statistical analysis component of RAINFOREST considers the
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Euclidean distance of the z-score for a given sample. A threshold was cre-

ated to determine the intensity of the fault: this is known as the hard-soft

threshold. If a sample was far from the cluster but below the threshold, it

could be classified as soft, while it could be a hard fault if it was greater

than the threshold. An important feature of RAINFOREST is that there is

a temporal duration requirement to the anomalous sample classification: if a

fault only lasts for one reporting period, then it will be flagged as noise. If a

fault were to last for more than one reporting period, then it could be either

a hard or a soft fault. This temporal filtering allows anomalous behavior

that is transient in nature to be flagged, but also classified separately from

hard and soft faults.

Characterizing the performance of an unsupervised algorithm is diffi-

cult. A popular and robust way to analyze the performance of unsupervised

AD algorithms is EM and MV analysis. These are unsupervised parallels to

receiver-operating and precision-recall curves [74]. In simple terms, they are

a measure of how well the AD model is able to identify high- and low-density

regions in the sample space. Using EM and MV analysis, RAINFOREST was

compared to three baseline models: IF, OCSVM, and LOF. Since the tempo-

ral aspect added by the forecast is critical to operation, the baseline models

were provided the forecasting error too. RAINFOREST outperformed the

baselines by a significant margin. It was the best in terms of EM, MV, and

combined EM and MV in 98.57%, 99.97%, and 98.57% respectively. The

agreement between EM and MV indicates that it is the best performing
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model [74].

In addition to benchmarking RAINFOREST against baseline models,

a case study was presented on using RAINFOREST on a known network

issue. RAINFOREST was able to detect network faults nearly 24 hours

before they occurred. It should also be noted that RAINFOREST could

be used to track the fault between neighboring cells. This strongly supports

that RAINFOREST could be used to find, track, and monitor network faults,

which could help accelerate root cause analysis for network operators.

6.4 Final Remarks and Future Work

In recent years it has become clear that access to the internet is a

requirement for both work and play. This requirement has driven not only

the requirement for users to have high-speed services but also reliable service.

Providing such services to rural areas is difficult due to the design and cost

constraints of doing so. It is generally best to provide fiber optic connections

directly to homes and businesses, which then distribute access through local

wireless and cabled connections. Installation of fiber optic cables or DSL is

generally not economically viable to install in rural areas, forcing network

operators to focus on wireless access technologies.

Satellite and fixed wireless services have shown great promise in pro-

viding internet in rural areas. Low-earth orbit satellites have been gaining

traction in recent years; however, fixed wireless LTE and 5G are generally the
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best contenders for rural broadband internet access. Fixed wireless services

are not implemented without some difficulties. Terrain and other propaga-

tion factors can be problematic for network operators. Furthermore, seasonal

environmental variations can alter the way users behave.

The cellular concept is one of the key features that helps enable rural

broadband internet service. In a way, satellites provide spatial segmenta-

tion of service using unique satellite beams. LTE and 5G cellular services

use unique cells and spectrum resources to provide service segmentation.

Network traffic capacity can generally be increased in one of two ways: by

creating more smaller cells to increase frequency reuse or by increasing the

available spectrum. The first option is generally more common, since the

spectrum is expensive and finite; however, there is a practical limit, since

deploying and maintaining cells is not free.

The deployment of more cells to increase network capacity is causing

the amount of network infrastructure that network operators need to expand

dramatically. Engineering teams are generally unable to scale as fast as a

network. Furthermore, it is not cost-effective to simply hire more engineers.

Automation and machine learning can enable engineering teams to operate

more effectively. Chapter 3 proposed the use of long-term forecasting for

tasks such as congestion relief and upgrade planning, while short-term fore-

casting and AD were proposed in Chapters 4 and 5, respectively.

Network operators should be aware of the many different time hori-

zons that can affect their network operation. There are many logical con-
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tinuations of this work which would contribute to network management by

operators and by expanding the existing literature. A fundamental aspect

of this work is the computational infrastructure that supports it. Without

databases, distributed computing frameworks, and GPUs and other hard-

ware accelerators, this work would not be possible. Hardware and software

architecture is beyond the scope of this work; however, it is important to be

aware that there technological landscape is rapidly changing. This work con-

siders the implications of machine learning model computational complexity,

which is only one concern of real-time analysis. Processing paradigms such

as batch or stream processing will alter the data pipeline that feeds into the

forecasting and AD models described in this work. End-to-end performance

optimization and machine learning model life-cycle management are no easy

task, but ultimately they are a practical engineering problem rather than a

research problem.

6.4.1 Long-term Forecasting and Analysis

The investigation of seasonal changes and user behavior, which was

discussed in Chapter 3, could be expanded to provide better granularity.

The study focuses on cell-level performance and seasonal variation. Several

different ways to segment the cell population were proposed. Segmentation

of cell populations that were considered improved performance; however,

drilling down to the user level and using motif-based analysis [100] could

yield interesting results. Analyzing the long-term seasonality of users or
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cells that behave temporally similar is expected to provide better forecast

accuracy.

Cell-level analysis indicated that performance changes caused by sea-

sonal changes in the environment were relatively consistent throughout the

country. This was not surprising since the relative MI indicated a small rela-

tionship between environmental factors and network performance; however,

different regions of Canada may behave differently relative to each other,

which could lead to different changes in seasonal user behavior. For example,

the population of Alberta may behave differently than that of New Brunswick

or another province or territory. At a macroscopic level the KPIs are sim-

ilar in their relationship to the environment, but from a network planning

and congestion management perspective there may be some regional devia-

tion. The continuation of this portion of work quickly begins to enter the

anthropological and psychological study of populations and how they use the

internet. The sociological study of populations indicates that there are sea-

sonal changes and differences in behavior between populations [80, 6]. These

studies and other behavior analysis could help drive improved long-term fore-

casts and analysis.

Changes in forecast accuracy were minimal when using different fore-

cast models and covariates. Architectural innovation may help improve ac-

curacy; however, the newer architectures, such as TiDE [106] are offering

diminishing returns with each new incremental advance. Accuracy improve-

ments have largely stalled in favor of more efficient forecast generation. It is
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anticipated that the largest performance improvements will come from find-

ing optimal covariate signals. The considered set of environmental features

yielded minimal benefit; however, there may exist other sets of features that

can augment performance.

6.4.2 Short-term forecasting

Long-term forecasting is poised to benefit from the inclusion of non-

environmental covariates. For short-term forecasting it is not anticipated

that covariates will greatly improve accuracy. Even from a forecast accuracy

perspective the forecast accuracy is not anticipated to improve dramatically

at a cell level. The KPIs are incredibly noisy meaning that it is unlikely

that more information could be extracted from the signal to benefit fore-

casting accuracy. This is supported by the results in Chapter 4 where most

architectures obtain very similar results regardless of configuration.

Since improvement in accuracy is unlikely, computational efficiency

is anticipated to become a key area of development for LTE and 5G KPI

forecasting. From RNN-based models to NLinear and DLinear, there has

been a significant downwards trend in computational complexity while still

achieving excellent forecast accuracy. For downstream analysis of the fore-

casts it is important to generate them as quickly as possible. Faster forecast

generation will enable more complex analysis and actions to be taken with-

out missing computation deadlines. AD and dynamic resource allocation will

greatly benefit from faster forecasting architectures.
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Preliminary studies on graph-based forecasting models have shown

promising results in mobile wireless networks [104]. Although it has been

shown that rural fixed wireless networks behave differently, there is the po-

tential for graph-based approaches to improve performance. Configuring the

entire cellular network as a single graph is not anticipated to perform well

in terms of computational efficiency. Instead, it is likely that segmenting the

network into spatially isolated clusters will achieve best results. This may

also be guided by environmental characteristics of the cells being grouped

together. The first logical configuration to be tested would be combining a

single site into a graph based on its comprising cells. Since the network has

immobile users, features like handovers will not occur; however, users may

behave similarly in a geographical area which could be better learned by a

graph.

6.4.3 Anomaly Detection

One of the greatest practical aspects of the work presented is the AD

capabilities of RAINFOREST. Across many application AD remains incredi-

bly difficult. Anomalous behaviour is generally unpredictable and infrequent,

making for a difficult problem to address. Unsupervised approaches remain

popular since they remove the requirement to have labeled data. Although

it is not a requirement for LTE and 5G AD, unsupervised AD approaches

are highly favored.

RAINFOREST performs exceptionally well at detecting anomalous
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behaviour at a cell level. Expanding the model’s capabilities to consider a

cluster of spatially co-located cells may improve detection capabilities. Fur-

thermore, if the forecast generating model were graph-based, it would be

aware of the relationship between cells. This relationship could allow for

better characterization of the temporal dynamics of a cell. For example,

if two cells shared a coverage footprint for capacity management purposes,

users could be seen to hop back and forth between cells. This might be

flagged as an anomaly; however, a graph-based forecasting model and graph-

based implementation of RAINFOREST would be capable of understanding

the temporal context.

Further experimentation with the comprising components of RAIN-

FOREST could lead to further performance improvements as well. Several

different forecasting algorithms were tested and the results were varied. If a

more accurate forecasting architecture or trained model could be used, that

would tighten the error-margin on the forecast which would improve the

quality of the input data into RAINFOREST. In addition to the forecasting

models, it is likely that the clustering algorithm, DBSCAN, could either be

further optimized or exchanged for a simpler clustering technique. In general,

clustering methods are computationally inefficient so there is the possibility

for improvement in performance and efficiency. Other clustering algorithms

may be developed; however, it is important that RAINFOREST retains the

use of density-based clustering. This will not only provide clustering results

that are explainable, but also allow for the spatially similar samples to be
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clustered together. This will allow for the best theoretical performance in

terms of EM and MV based on their definitions.

6.4.4 Closing Remarks

Automation and machine learning are critical for enabling advanced

monitoring of LTE and 5G networks. It is not expected that telecommuni-

cation experts will be replaced as a result of automation; however, it will

change the way they work. The large-scale analysis of a wireless communica-

tion network is not a simple feat. Creating tools to allow experts to spend less

time massaging data into a usable form and building analysis around it is an

area that is ready for improvement. This work has aimed to build a founda-

tion for automation and machine learning for LTE and 5G networks that are

deployed specifically in rural areas. Forecasting across multiple time scales

and horizons has been demonstrated and can be used for varying tasks such

as network capacity planning and dynamic resource allocation. An improved

approach to AD was also demonstrated that allows anomalous network be-

havior to be detected sooner and more accurately than built-in monitoring

systems.

The ways in which automation and machine learning will change the

ways telecommunication network operators function are nearly infinite. The

question ultimately remains, where can it best be applied to provide the best

service to network users?
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