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Abstract

Driven by the abundant availability of spectrum resources and the

high data rate demands, millimetre wave (mmWave) technologies have

emerged as one of the strongest contenders for the delivery of future

wireless applications. Nonetheless, due to their shorter wavelengths

when compared to traditional microwave transmissions, the wireless

signals at these frequencies are extremely sensitive to the blocking and

shadowing caused by obstacles within the local environment. This

challenge is especially pronounced for indoor dense small cell deploy-

ments. One potential approach to mitigate signal deteriorations is

the application of distributed antenna systems (DASs) upon which

the research in this thesis is focused. In this work, a distributed

mmWave measurement system operating at 60 GHz is designed in

order to take the snapshots of the signal received simultaneously at

multiple candidate access point (i.e. antenna) locations. Using time

series data collected from this experimental mmWave DAS setup, a

comprehensive analysis of the channel fading, cross correlation coef-

ficient (CCC), channel power imbalance (CPI), user equipment (UE)

usage classification, and handover prediction has been performed.

In more detail, this thesis first investigates the influence of ele-

vation angle on near-body path gain at 60 GHz and then presents a



fading characterisation for indoor mmWave DASs. This is followed

by a study of the CCC and CPI using time series tools such as au-

toregressive moving average (ARMA) and autoregressive integrated

moving average (ARIMA) modelling. The potential improvement in

signal reliability has also been empirically studied by considering dif-

ferent access point selection and signal combining approaches. With

the aim of assisting radio resource management in future mmWave

DASs, a machine learning (ML)-based system which combines super-

vised and unsupervised learning is proposed to recognize common UE

use cases in indoor mmWave DASs. In this system, the small-scale

fading is extracted from the raw received signal time series after an un-

supervised pre-processing stage and various supervised classifiers are

trained based on the extracted small-scale fading features. This the-

sis also presents an empirical analysis of the handover performance in

indoor mmWave DASs. This is achieved by considering some conven-

tional handover algorithms and then determining the optimal ranges

for the associated handover parameters.
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Chapter 1

Introduction

The millimetre wave (mmWave) band is the spectrum of frequencies which lie

between 30 GHz and 300 GHz. The name comes from the corresponding range

of wavelengths which span from one 1 mm to 10 mm. It is also regulated as the

extremely high frequency (EHF) band by the International Telecommunication

Union (ITU). Compared to the lower frequency bands, as seen in Figure 1.1, radio

waves in the mmWave band suffer from high attenuation due to rain as well as

atmospheric absorption [1]. In Figure 1.1, more notably, the rain attenuation and

atmospheric absorption is a particular problem for wireless communications at

60 GHz. The 60 GHz band is a natural candidate for next-generation short-range

wireless communication systems because of several favourable properties, such as

higher frequency reuse (the oxygen absorption reduces link radiation so that a

60 GHz link will not interfere with other 60 GHz links operating in the same

geographic vicinity [3]) and the ability to support a much higher data rate, e.g.,

a maximum data rate of 2 to 3 Gbit/s could be achieved at 60 GHz, which is

1



Figure 1.1. Features of micro-, millimetre and terahertz waves [1].

at least ten times of the peak speed in the ultra-wideband (UWB) system [4].

Another reason for the interest in the millimetre wave band is the large amount of

spectrum available worldwide, e.g., there is at least 3 GHz of bandwidth available

(with most regions allowing use of more than 7 GHz) between 57–66 GHz [5, 6].

Additionally, using mmWave frequencies, many favorable system attributes can

also be attained because of the short wavelength, e.g., smaller antenna size, better

context awareness for WiFi-sensing applications (e.g., indoor activity recognitions

and localisations [7,8]) and the potential for improved security (by virtue of using

beamforming technologies with large antenna arrays) [9, 10].

2



1.1 Motivation

1.1 Motivation

Although the use of mmWave may provide many benefits, such as those listed

above, it will also equally present as many challenges, inhibiting the widespread

adoption of mmWave networks. One of these relates to the increased susceptibility

(due to the short wavelength) to blocking and shadowing caused by obstacles

which reside in the local environment. To study these phenomena, several indoor

measurement campaigns have been undertaken at mmWave frequencies and it

has been found out that, obstruction of the direct link between the transmitter

(TX) and receiver (RX) can cause a signal deterioration of between 20–40 dB at

60 GHz in [11–14]. This is clearly a major issue for the proposed deployment

of mmWave infrastructure in high demand areas which are likely to be densely

populated, e.g., shopping malls, factories and indoor offices [15].

To overcome the blocking and shadowing in mmWave small cell deployments,

using a multiple-antenna system that includes spatially separated antennas could

be a possible solution. Placing antennas at geographically separated distances

much greater than the wavelength, also known as macro diversity, a distributed

antenna system (DAS) could access to spatial diversity which helps to overcome

the shadowing the blocking which may be encountered [16]. This is achieved by

dividing the serving area into several small cells, each of which is served from

an antenna located in its own center location. To successfully deploy distributed

systems such as DAS, it is critical to understand the propagation and blockage

effects likely to be encountered during their use. Unfortunately relevant infor-

mation for DAS at 60 GHz, a frequency which will be used for future wireless

local area networks (WLANs) such as Wireless Gigabit Alliance (WiGig) [17], is
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currently missing from the literature. To address these issues, Chapter 3 firstly

provides an experimental study of the influence of elevation angle on the near-

body channels. This is followed by introducing the 60 GHz indoor DAS mea-

surement set-up and a statistical analysis of observed fading characteristics for

the considered scenario. Important metrics associated with the performance of

DASs, include the channel cross correlation, channel power imbalance (CPI), and

diversity gain [18]. Nonetheless, the impact of these metrics upon mmWave DASs

has yet to be reported in the literature. To address this, Chapter 4 statistically

analyses and models the observed cross correlation and CPI using various time

series tools. Additionally, several common diversity combining techniques, along

with different access point (AP) selection mechanisms, are utilised to provide a

comprehensive insight into the performance of mmWave DASs.

Within distributed systems, how to guarantee the quality of service (QoS)

at the user side has become an important research topic in recent years [19].

This will undoubtedly be an important consideration at mmWave frequencies

since the user-induced channel effects vary significantly with activity and user

equipment (UE) operating mode. To tackle this problem, utilising radio resource

management (RRM) optimisation techniques based on identifying the UE use

case (e.g., making a call, texting messages, etc.) and the user activity (e.g.,

walking, standing, sitting, running etc.) or the user orientations relative to the

AP (resulting in a line-of-sight (LOS)/non-LOS (NLOS) condition) will be help-

ful [20,21]. Furthermore, user activity recognition can also provide opportunities

to optimise emerging applications, such as smart home automation, entertainment

etc [22]. Although this topic has been studied previously, all previous works have

focused on the traditional Industrial Scientific Medical (ISM)/long-term evolu-
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tion (LTE) bands in the microwave region of the spectrum or used vision-based

methods [23,24]. Motivated by the potential of higher classification accuracies re-

lated to the shorter wavelength and the concerns of privacy problems (due to the

fact that the vision-based methods require deployments of cameras), a machine

learning based approach of combining supervised and unsupervised learning is

proposed in Chapter 5 to assist with the recognition of the UE use case and user

activity for indoor mmWave scenarios.

Another way to overcome the shadowing and blocking within mmWave dense

small scenarios is to implement judiciously controlled handovers [25]. Some early

studies considering the 60 GHz WLAN have shown several promising results,

such as improving network throughput and improving signal reliabilities [26,27].

Nonetheless, these works are all based on simulations. In order to address this

issue, an empirical analysis of the handover performances in an indoor 60 GHz

DAS is presented in Chapter 6 considering some conventional handover algo-

rithms. Furthermore, the optimum settings for the various handover associated

parameters are determined based on the measurement results, which could po-

tentially facilitate the design of future intelligent handover algorithms at 60 GHz.

1.2 Objectives

The main objectives of this thesis are summarised as follows:

� To investigate the impact of the elevation angle of incidence on mmWave

near-body channels.

� To characterise the shadowing and multipath fading observed in indoor
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mmWave DASs.

� To study the cross correlation and CPI of the received signal strength (RSS)

time series experienced in mmWave indoor DASs by statistically modelling

and reconstructing the time evolution using time series analysis.

� To investigate the improvement in signal reliability using diversity combin-

ing and AP selection approaches within indoor mmWave DASs.

� To propose a new approach to recognise UE use case and user activity

within indoor mmWave networks.

� To empirically evaluate some conventional handover algorithms for use in

mmWave systems and investigate the optimum values of the associated

handover parameters.

1.3 Contributions

Using the RSS time series observed at spatially distributed APs, this thesis inves-

tigates a number of particularly important factors related to the implementation

of mmWave DASs. These include: the fading characteristics; key metrics associ-

ated with macro diversity systems, such as the channel cross correlation, the CPI

and the diversity gain; UE usage classification and handover performance. The

main contributions of this thesis are now summarised as follows:

1. Firstly, the influence of the elevation angle of incidence is experimentally

investigated utilizing low-gain and wide-beamwidth antennas at 60 GHz. Vari-

ous elevation angles, with and without a test user present and different antenna

polarisations (for the lowest elevation) are considered. The benefits of using high
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elevation angles of incidence, e.g., placing mmWave APs at heights higher than

the user body, are demonstrated. Motivated by this, 9 ceiling-mounted APs are

deployed in an open office area to imitate a future mmWave DAS system. Chan-

nel measurements are performed while considering a voice call scenario, followed

by an analysis of the fading. The observed shadowing and multipath fading at

various AP locations are then fitted using the log-normal and κ-µ fading models.

These results will be beneficial in system level analysis of future indoor mmWave

DASs.

2. Secondly, a number of key metrics governing the performance of DASs, such

as the cross correlation, CPI and diversity gain, are characterised using a range

of time series tools. The time series of the localized cross correlation coefficient

(CCC) and CPI is modelled using an autoregressive moving average (ARMA)

model and an autoregressive integrated moving average (ARIMA) model, respec-

tively. The empirical CCC and CPI time series are successfully reconstructed

using in-sample forecasting. Furthermore, the performances of different linear di-

versity combining techniques, i.e., selection combining (SC), equal-gain combin-

ing (EGC) and maximal-ratio combining (MRC), along with three AP selection

mechanisms, namely per-sample random AP selection, one-shot AP selection, and

per-sample AP selection, are discussed and compared.

3. Thirdly, a classification system combining supervised and unsupervised

learning approaches is proposed to recognise UE use cases at 60 GHz. Within

this system, a series of small-scale fading features of the mmWave channels are

extracted after an unsupervised preprocessing stage, followed by supervised clas-

sification stage based on the extracted small-scale fading features. The classi-

fication accuracy and computation performance of utilized supervised classifiers
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are then compared. Moreover, the influence of various RSS segmentation window

types and sizes on the classification accuracy is also investigated. Additionally,

the most significant small-scale fading features, which should be used to train

the supervised classifier at 60 GHz for UE usage identification, are determined

by using a feature ranking algorithm. Based on the feature ranking results, im-

plementation on platforms with differing processing capacity is considered.

4. Finally, for the first time, an empirical analysis of the handover perfor-

mance in indoor 60 GHz DASs is presented. A conventional handover algorithm

is adopted and the impact of varying handover associate parameters on the sys-

tem performance are then demonstrated. Considering commonly used handover

performance metrics, such as overall handover frequency and handover delay, etc.,

the optimum range of handover related parameters, such as average period, hys-

teresis margin (HM), and time-to-trigger (TTT), is determined. This provides

an experimental basis for optimisations of more advanced handover algorithms in

future indoor mmWave DASs.

1.4 Thesis Outline

The remainder of this thesis is outlined as follows:

Chapter 2 provides an overview of the background information and a review

of relevant literature required to understand the topics covered in this thesis.

In more detail, it starts by explaining the phenomena of path loss, shadowing,

and multipath fading, which are often exploited for accurately characterising the

received signal in wireless communication systems. This chapter also presents

the principles behind the SC, EGC and MRC schemes, which are commonly
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employed in diversity receptions. It is followed with an introduction of user

activity recognition and a review of some of the related state-of-art. The concept

of handovers in wireless communication systems and some conventional handover

algorithms are then presented and discussed.

Chapter 3 firstly introduces the custom 60 GHz measurement system used

in this thesis. This is followed by a description of some measurements made

in an anechoic chamber while considering the effect of various elevation angles

of incidence on the near-body path gain. Afterwards, the hypothetical indoor

60 GHz DAS is presented, along with the experiments used to characterise the

user-induced fading. Subsequently, the shadowing and multipath fading are ex-

tracted from the raw RSS time series recorded at the various AP locations and

characterised using log-normal and κ-µ models, respectively.

Chapter 4 investigates the cross correlation of the CPI of the RSS collected

by the 60 GHz DAS. Details of the statistical time series modelling approaches

employed, namely ARMA and ARIMA, are explained and some relevant statis-

tical tests are discussed. The in-sample forecasting results obtained from the

ARMA and ARIMA models are also provided. Accordingly, the diversity gain

considering various AP numbers as well as AP selection mechanisms are studied

and some key observations are provided.

Chapter 5 starts with the introduction of the proposed automated UE usage

classification approach at 60 GHz. After this, the details of the measurement data

and the processing methodology are given. The effects of choosing the correct

window size and type are then investigated to provide the optimal classification

performance. Subsequently, the results of applying the classification techniques

to the empirical RSS are discussed and some insights related to the subsets of the
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selected features are also given.

Chapter 6 introduces an empirical based handover performance analysis for

indoor mmWave DASs. The data processing approach is presented first along

with some of the underlying assumptions used in this chapter. Handover per-

formance metrics, such as handover frequency and delay, etc, are then explained

in detail. Afterwards, the handover performance for various handover associated

parameters are presented and discussed.

Chapter 7 summarises some important conclusions obtained from previous

chapters and also presents several possible avenues for future work.

10



Chapter 2

Background and Literature

Review

To help with the understanding of the work presented in this thesis, the neces-

sary background information on the related topics is presented along with the

relevant literature. Key propagation phenomena, namely path loss, shadowing,

and multipath fading, are explained first in this chapter. Afterwards, a number

of commonly used diversity combining schemes are also presented. This chap-

ter also briefly discusses the concepts of user activity recognition and handover,

which are important applications of the time-series data collected in the process

of preparing this thesis.
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2.1 Propagation

2.1.1 Path Loss

Path loss is a measure of signal attenuation between the TX and RX as a function

of the separation distance. It is commonly modelled using the classical power law

in the logarithmic form, which can be expressed as follows [28]

P [dB] = P0 + 10ne log10

(
d

d0

)
, (2.1)

where P0 represents the path loss at the reference distance of d0 and ne denotes

the path loss exponent which indicates the rate at which the path loss increases

with a separation distance of d between the TX and RX. There exist a number

of studies on path loss at mmWave frequencies [29–34]. It has been found out

that the value of d0 was commonly set to 1 m [31] and the values of ne varied

depending on the antenna configurations and propagation environments, e.g., the

pass loss exponents were estimated to be between 0.1 and 3 at 60 GHz [34,35].

Furthermore, the path loss model at millimetre wave frequencies could also

be modelled by considering the geometry of the two-dimensional (2D) and three-

dimensional (3D) distances between the TX and RX. For example, the Rural

Macrocell (RMa) LOS path loss in [36] and [37], denoted as P1 and P2, respec-

tively, can be expressed as

P1[dB] = 20 log10(40π · d3D · fc/3) + min(0.03h1.72, 10) log10(d3D)

−min(0.044h1.72, 14.77) + 0.002 log10(h)d3D,

(2.2)
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P2[dB] = P1[dB] + 40 log10(d3D/dBP ), (2.3)

where fc is the centre frequency in GHz, d3D is the 3D separation distance in

metres between the TX and RX, h is the average building height in metres,

and dBP is the 2D breakpoint distance along the flat earth in metres. In this

way, the path loss models can be further specified by carrier frequencies, antenna

heights, propagation environments, e.g., rural or urban areas, and LOS/NLOS

circumstances.

2.1.2 Shadowing

One of the main causes of shadowing in wireless systems is obscuring of the signal

by topographical elements and objects, e.g., mountains, hills, buildings, and hu-

mans etc., in the propagation path between the TX and RX. It reflects the slow

fluctuation of the radio signal over a relatively large distance, during which a mo-

bile TX/RX passes through the “shadow” of the surrounding obstacles [38]. The

shadowing process is commonly modelled by the well-known log-normal distribu-

tion1 [39–41]. Recently, due to the intractability of the log-normal distribution,

the inverse Gaussian [42], inverse Nakagami-m [43], gamma [44], and inverse

gamma [45] distributions, have been explored as an alternative to the log-normal

distribution. Similar to the log-normal distribution, these newly developed distri-

butions can also exhibit the semi heavy-tailed behaviour which could potentially

be helpful for the accurate characterisation of shadowing. Nonetheless, despite

1It is noted that at mmWave frequencies, blockage and oxygen absorptions can also be
considered as large scale effects, therefore a Gaussian shadow fading of zero mean and standard
deviation of σ was commonly adopted as part of the path loss model. For instance, the values
of σ were 4 dB and 6 dB in [36] and [37], respectively.
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the emergence of these newly proposed shadowing models, it has been found out

that the traditional log-normal fading generally provides a better fit with the

empirical data under most considered scenarios [46, 47]. A further treatment of

the log-normal distribution and its use in the characterisation of shadowing is

given in Section 3.3.2.

2.1.3 Multipath Fading

Mutipath fading is due to the interference between two or more versions of trans-

mitted signal arriving at the receiver at slightly different time instants [38]. It

describes the rapid fluctuation of the amplitude and phase of a radio signal over

a short travel distance, or equivalently a short period of time. Aiming to sta-

tistically characterise the multipath fading process, a number of popular models

have been proposed and widely used in the history of wireless communications,

among these are Rayleigh [48], Rice [49] and Nakagami-m [50]. Recently, a more

generalized physical model, namely κ-µ, was developed in [51]. A detailed ex-

planation of the κ-µ fading model and its application to the characterisation of

multipath fading is presented in Section 3.3.2. The κ-µ fading model was pro-

posed due to its ability to characterise a wide range of fading scenarios and its

versatility, whereby many of the aforementioned popular fading models exist as

special cases. For example, when µ = 1, the κ parameter coincides with the

Rice K factor and the κ-µ fading model corresponds with the Rice fading model.

Similarly, the Rayleigh fading model can be obtained by setting κ = 0 and µ = 1.

It has also been shown in [51] that as κ→ 0, the Nakagami-m fading model can

also be obtained and under this circumstance, the parameter µ coincides with

14



2.2 Distributed Antenna System

the well-known Nakagami m parameter. Following this, a series of measurement

campaigns for various wireless communication systems has been conducted to

validate the applicability of the κ-µ fading model. These include wireless body

area networks (WBANs) in [52–54] and mmWave cellular systems in [55, 56]. In

all of these studies, it was demonstrated that the κ-µ fading model generally pro-

vides satisfactory fits with the empirical multipath fading data obtained in these

studies.

2.2 Distributed Antenna System

2.2.1 mmWave Distributed Antenna System

As stated in Section 1.1, it will be necessary to deploy multi-antenna technologies,

such as a DAS, to overcome the effects of blocking and shadowing encountered

at mmWave frequencies. There exist a few works exploring the application of

DASs in the mmWave bands. For instance, in [57], a DAS based mmWave mo-

bile broadband communication system was proposed for high speed trains and

the numerical simulations showed that this system could potentially provide a

throughput exceeding 2 Gbps, when the train was moving at a speed of 400 km/h.

A 3D ray tracing simulation was performed in [58] for mitigating shadowing ef-

fects in 60 GHz WLANs. It was found that for indoor scenarios, the 60 GHz link

connectivity can be dramatically improved by placing two remote access units

(RAUs) at the diagonal centres of the ceiling. Although these studies provided

some useful information, unfortunately the work relied on simulations which can

differ from real-world conditions. A more detailed description of the measurement
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based indoor mmWave DAS used in this thesis will be provided in Section 4.1.

2.2.2 Diversity Combining

Three types of the most popular diversity combining techniques are used to com-

bine the received signal in multiple antenna systems include SC, EGC and MRC.

In these diversity combining approaches, the output of combiner is a linear com-

bination of the signals received by all of the available diversity paths.

SC is a switched combining technique that selects the AP with the highest

RSS at each sample interval [59]. For an M -AP DAS (here M denotes the number

of utilized APs in DASs) which utilizes SC, the signal envelope at the output,

LSC(i), can be written as

LSC(i) = max
(
X1(i), X2(i), · · · , XM(i)

)
, (2.4)

where XM(i) is the signal envelope of the ith sample at the Mth AP of the DAS.

EGC considers the case where the channel gains of different APs are equal.

Following this, an equal-gain combiner simply assigns an equal weight to the

signal envelope observed at each AP [59], thus the instantaneous sample output

of an M -AP EGC DAS can be written as

LEGC(i) =
X1(i) +X2(i) + · · ·+XM(i)√

M
. (2.5)

Unlike the EGC approach, MRC is performed by weighting the sampled signal

of each AP with respect to its own instantaneous signal to noise ratio (SNR). If the

noise is assumed to be uncorrelated with the received signal at each AP location

and the noise power is equal to unity for all the utilized APs, the instantaneous
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sample output of an M -AP MRC DAS can be expressed as

LMRC(i) =
√
X2

1 (i) +X2
2 (i) + · · ·+X2

M(i). (2.6)

Though SC is the simplest one to be implemented, its performance are often

found out to be worse than the EGC and MRC approaches [59]. When con-

sidering the tradeoffs encountered between processing overhead and achievable

diversity gain, EGC could offer the best overall performance. Not only does the

EGC scheme perform better than the SC scheme, it also requires less process-

ing overhead compared to the MRC scheme. This is due to the fact that in

MRC scheme, the weight assigned to each AP has to be constantly updated by

monitoring the simultaneous RSS observed at various AP locations [59].

2.3 User Activity Recognition

User activity recognition, also referred as human activity recognition, aims to

understand human behaviors, enabling computing systems to proactively assist

users based on their use of equipment [60]. User activity recognition can be

treated as a pattern recognition problem and a flowchart of typical user activity

recognition systems is presented in Figure 2.1. Firstly, raw signal streams are

collected from sensors or UEs, such as smartphones, wearable sensors, and Wi-

Fi, etc. Subsequently, statistical features from the time and frequency domains,

such as the mean, variance, and kurtosis, etc., are extracted from the raw signal

based on existing knowledge. Finally, these extracted features are used to train a

pattern recognition model (often solved using machine learning algorithms [61])

to estimate user activities.
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Figure 2.1. An illustration of conventional user activity recognition systems [2].

Implementation of human activity recognition is often achieved using wear-

able sensors and can be broadly categorized into one of three groups namely:

RSS/received signal strength indicator (RSSI) or radio frequency (RF) signal

based; inertial sensor data based; and finally the combination of the RSS/RSSI

and inertial sensor data based methods. Considering the RSS/RSSI-based method,

the authors of [62] classified a series of human motions, such as running, walking,

sitting, sleeping, etc., using the RSS data obtained from numerical simulation

and measurement campaigns at 403.5 MHz and 2.45 GHz. It was found that the

Back Propagation and support vector machine (SVM) classifiers provided the best

classification accuracy of between 63.8% and 95.7%. Similarly, in [63], Chi et al.

proposed human activity recognition using monitoring middleware. This middle-

ware, named Harmony, utilized coarse-grained RSS measurements from Internet

of Things (IoT) devices at 2.45 GHz and a state-transition based Markov model

was then applied to understand the states and events including the daily, acci-

dent, fitness and steady categories with an accuracy between 74% and 90%. Now
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turning attention to the inertial sensor data based method, the authors of [64] pro-

posed an online framework using NB [65] and K-Nearest Neighbors (KNN) [66].

Both static user activities, e.g., standing, sitting, and laying down and dynamic

user activities, e.g., walking and climbing up and down stairs were classified with

an accuracy of up to 90.1%. In [67], a Single Layer Feedforward Neural Net-

work with some carefully chosen features, such as the mean, standard deviation,

and interquartile range in the time domain as well as weighted average, skewness

and kurtosis in the frequency domain, was utilized to assist a Long Short-Term

Memory network. Three-dimensional linear acceleration, total acceleration and

gyroscope data from a smartphone was used to classify static and dynamic ac-

tivities achieving an accuracy as high as 97.7%. Studies on the combination of

RSS/RSSI and inertial sensor data based methods have included [68], which used

a combined RSS and inertial sensor approach along with the Echo State Net-

work to classify the daily user activities at 2.4 GHz (within the frequency band

defined by the IEEE 802.15.4 standard), such as bending, cycling, laying, and

walking etc., with an overall accuracy of between 95.6% and 98.8%. In [69], the

RSSI, Transmission Control Protocol (TCP) throughputs, cellular based-station

IDs for LTE, together with acceleration sensor data were analyzed as a means

of recognizing different user transportation modes, e.g., static, walking, riding a

bicycle, on a bus or a train, etc. A convolutional neural network (CNN) model

was applied to the data, providing a classification accuracy of between 77.0% and

96.5%.

A list of the previous RSS/RSSI-based user activities recognition work is pro-

vided in Table 2.1. It is noted that different categories of user activities are

considered in these work and as can be seen from Table 2.1, acceptable accura-

19



2.4 Handover

Table 2.1. Frequency bands and accuracies of previous RSS/RSSI-based user
activities recognition works

Work Frequency band Accuracy

Archasantisuk et al. [62] 403.5 MHz and 2.45 GHz 63.8% – 95.7%

Chi et al. [63] 2.4 GHz 74% – 90%

Palumbo et al. [68] 2.4 GHz 95.6% – 98.8%

Kawakami et al. [69] LTE band 77.0% – 96.5%

Xiao et al. [70] Wi-Fi band (sub 6 GHz) up to 95%

Geng et al. [71] 2.45 GHz 82.7% – 90.4%

cies could be reached considering traditional Wi-Fi or LTE bands. Nevertheless,

due to the much shorter wavelengths which exist in mmWave bands and the

more profound effect that the human body has on signal propagation at these

frequencies, a higher resolution of user activities could potentially be achieved.

2.4 Handover

Handover, alternatively known as handoff, is a key aspect in the wireless commu-

nication because its ability to support the mobility of terminal users (i.e., allowing

them move around the cell edge while keeping an ongoing call or session) and help

with frequency reuse to deliver reasonable service quality [41, 72]. More specif-

ically, handover is a process that maintains the service of a UE while moving

around the coverage area of different cells. The execution of handovers is usually

based on the RSS information and in order to achieve this, the signal strength of

the link between the UE and the AP, must be measured continuously [73,74].

If a handover process occurs, e.g., when a mmWave UE is moving from the
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coverage of one AP into that of another AP within the same network, this type

of handover process can be categorized as horizontal handover. In contrast to

this, vertical handover is defined as the handover process between APs that use

different wireless networking technologies, e.g., mmWave WLAN systems to and

from cellular wireless networks [74].

In addition to the classification of handover process stated above, handover

can also be divided into two classes depending on the connection types during

the handover execution stage:

� Hard handover : a UE can only connect to one AP at a time. An absolute

(binary) decision has to be made to initiate and execute the handoff process

without maintaining simultaneous connections among the candidate APs.

The target AP is already selected prior to the handover execution based

on radio link measurements and the active connection is transferred to the

target AP instantly. As a drawback, the connection may experience a short

period of interruption during the actual transfer because of the fact only

one AP can be connected at a time. Furthermore, this hard handover

strategy does not make the most of the potential diversity gain opportunity,

where the links to other candidate APs may provide comparable signal

strengths. Nevertheless, it is relatively simple to implement, thus this type

of handover is often used in LTE/long-term evolution advanced (LTE-A)

systems [75,76].

� Soft handover : a UE can connect to a number of candidate APs during

the handover process. This handover strategy is more careful in selecting

the target AP, since the target AP needs to be the best candidate from
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all the candidate APs. In addition, during the handover process, soft han-

dover further improves the system performance by exploring any potential

improvement from diversity reception. This requires the UE to monitor the

signals from all the candidate APs. One drawback here is that interference

in the forward link might also become a problem when there are many APs

in the handover region, especially if the area of handover region is compara-

tively large. Therefore, it is relatively complex and expensive to implement

soft handover strategies. Soft handover is commonly used in code division

multiple access (CDMA) based systems due to its ability to maximize the

capacity of the network and limit the effects of inter-cell interference [41].

Though handover plays an important role in many aspects of wireless net-

works, e.g., QoS and the capacity of the communication system, there are a

number of features and performance metrics that require careful attention so as

to minimize any potential negative effects due to the handover process:

� Handover latency : the latency of the handover process must be as low as

possible so that the user can ignore any degradation of service or the session

interruption during the handover process.

� Handover frequency : given a specific trajectory of a UE, the total number

of handovers needs to be as low as possible while the ratio of unsuccessful

handover attempts should be minimized.

� Handover blocking and dropping rate: the probability of new session block-

ing and current call dropping should be reduced and the traffic between the

adjacent cells should be balanced.
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� Handover signaling : the additional signaling during the handover process

needs to be minimized for the purpose of reducing the overall system load.

In order to achieve fast and accurate handover decisions, the most common

parameter used in the conventional handover algorithms is the RSS. In the pure

RSS-based method, the RSSs of APs are measured over time and the AP with

the strongest RSS is selected to execute a handover. As an example, when a UE

approaches AP2 at the time instant T1 in Figure 2.2, the RSS of AP2 exceeds

that of AP1 and the UE will be handed over to AP2. Due to the fact that the

signal may fluctuate because of multipath fading, several handover requests may

happen while the RSS of AP1 is still strong enough to support the communication

link with the UE. This effect results in the undesirable handover requests, or so-

called ping-pong effects. These unnecessary handovers will increase the chances

of session blocking or call dropping and impact the network load. Aiming to

overcome this problem, an RSS averaging period based method has been proposed

in [77, 78] to minimize the impacts of multipath fading. Furthermore, a series of

handover algorithms based on the RSS and various threshold-based parameters

have been introduced in [72,79]:

� RSS with Threshold : the handover is requested if and only if the RSS of AP1

is lower than a threshold value and the RSS of AP2 is stronger than that

of AP1. In Figure 2.2, δ represents the threshold value and the handover

is executed at the time instant T2. This algorithm assists the network to

limit the number of handovers when the signal from the current serving AP

is still strong enough. However, finding an appropriate threshold value is

a crucial problem and if δ is too low, the ongoing session may be dropped.
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Figure 2.2. Received signal strength when the mobile user in the handover region
between AP1 and AP2.

Besides, if it is closed to the RSS cross point, e.g., T1 in Figure 2.2, the

ping-pong effect can still persist.

� RSS with Hysteresis Margin: this algorithm allows handover requests if

the RSS of AP2 is stronger than that of AP1 with a hysteresis margin.

This algorithm is also illustrated in Figure 2.2, and the hysteresis margin is

denoted as HM. Under this circumstance, the handover will be executed in

the time instant T3. This algorithm can further avoid the ping-pong effect,

but the problem still exists to choose an appropriate HM value. If HM

is too high, the signal from current serving AP may fall below a very low

value and the ongoing session could be dropped. On the contrast, if the
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HM is too low, unnecessary handovers may still happen since the RSS at

the current serving AP may still be strong enough to support the ongoing

session.

� RSS with Hysteresis Margin and Threshold : this algorithm combines both

threshold-based and hysteresis margin-based approaches to minimize the

number of handovers. Here, the handover only takes place if the RSS of

AP1 is below the threshold and the RSS of AP2 is stronger than that of

AP1 by the hysteresis margin. For example, the handover process will be

activated at the time instant T3 in Figure 2.2. This algorithm is widely

utilized in LTE systems [80].

In Figure 2.2, the receiver threshold, denoted as ∆, is also shown and this

represents the minimum value of RSS that can maintain the current ongoing

session. The network could potentially choose to further delay the handover

request until the receiver threshold is reached, e.g., at the time instant T4 in

Figure 2.2. This allows more flexibility for the network to allocate the resources

for other UEs in the target cell. Additionally, in LTE/LTE-A systems, a TTT

parameter is applied to assist the handover process [81, 82] and the handover is

initiated only if the triggering requirement is fulfilled for a time interval of TTT,

e.g., at the time instant T5 in Figure 2.2. This parameter can further decrease

the number of unnecessary handovers and effectively avoid ping-pong effects, but

it may also delay the handover which could increase the probability of handover

failures.

Despite several early works which have attempted to investigate the handover

performance in mmWave communication systems [83–85], the handover associ-
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ated parameters, as illustrated above, were commonly considered as constants

and the optimum settings for these aforementioned parameters have yet to be

discussed. Furthermore, to the best of the author’s knowledge, no experimental

studies are reported in the open literature that consider handover operations in

indoor mmWave DASs.
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Chapter 3

Fading Characterisation in

Indoor mmWave DASs

The currently underutilized mmWave bands are being considered as a possible

solution to enhance capacity in future networks [86,87]. Because of this spectrum

availability and propagation characteristics which naturally support shorter-range

systems, it is unsurprising that the 60 GHz band is being exploited to support

dense small cell networks [88, 89]. In such deployments there has also been in-

creasing interest in low-gain, wide-beamwidth antenna solutions, especially as the

AP to UE path lengths may be relatively short. The potential benefit arises due

to the increased beamwidth at the AP antenna permitting the reception of sig-

nals arriving from a broader range of angles, including both LOS and multipath

propagation. To make the most of the benefits brought about by low-gain and

wide-beamwidth antenna systems, placing the AP at higher elevations has been

considered as a possible solution to improve the system performance for indoor

small cell applications [14]. Therefore, for such systems, an understanding of how
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the elevation angle of incidence affects mmWave channels needs to be addressed.

Furthermore, due to the significant challenges presented for maintaining link re-

liability when mmWave devices are operated in crowded environments or closed

to the human body, the use of distributed antenna systems (DASs) has been

considered as a strategy for overcoming the deleterious effects, associated with

signal propagation such as shadowing and multipath fading [90]. It is therefore

imperative that the shadowing and multipath fading experienced within mmWave

DAS, involving multiple high-elevated APs, is adequately characterised to permit

system level performance analysis.

3.1 Introduction

There have been a number of studies investigating human body effects on the

60 GHz channel. For example, in [91] a statistical body shadowing model was

combined with numerical ray-determination methods. In [12], propagation char-

acteristics, such as the signal attenuation and coherence bandwidth were used

to analyze the influence of human activity on 60 GHz indoor channels through

wide-band measurements. In [92], a physical optical method (Piazzi’s numeri-

cal integration method) was applied by assuming that the human body can be

represented as absorbing screens of infinite height. The sufficiency of this model

was shown by comparison with blocking measurements at 60 GHz, which consid-

ered both single and multiple persons. In [93], the authors presented a numerical

model for 60 GHz near-body channels that combined the indoor channel model

standardized by IEEE 802.11ad and diffraction models by considering the human

body as a circular cylinder [94]. However, all of these studies only considered
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azimuthal (horizontal plane) angles of incidence.

In near-body channels, the UE is positioned physically close to the human

body during use. Everyday operation of laptops, tablets and smartphones falls

into this category of use cases. It is worth highlighting that at 60 GHz these

devices are operated at a significant number of wavelengths away from the user’s

body and are therefore in the far-field region. As a result, the overall system per-

formance can be influenced by scattering and attenuation due to the user’s body

and the relative positioning and orientation of the UE. Furthermore, the effect

of different antenna types at mmWave bands is also an important consideration.

For example, for high-gain and low-beamwidth antenna systems, the human body

can dramatically degrade the signal power by significantly shadowing the main

propagation paths between the transmitter and receiver [95] [96]. In order to

tackle this problem, the use of low-gain and wide-beamwidth antenna systems

shows much promise due to the capabilities of capturing the signals arriving from

a broad-range of angles. Nevertheless, for such systems, an understanding of how

the elevation angle of incidences affects near-body mmWave channels has yet to

be determined in the open literature. As a first step to addressing this, in this

chapter the 60 GHz wireless NLOS near-body path gain at a range of elevation

angles was experimentally investigated within an anechoic chamber. Having es-

tablished the advantages of using a high elevation mounting position for mmWave

APs, in the sequel, multiple mmWave APs were deployed over the ceiling within

a typical indoor office environment and a measurements based study of the shad-

owing and multipath fading encountered at various candidate AP locations was

performed.

The remainder of this chapter is organized as follows. In Section 3.2, the near-
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Figure 3.1. The 60 GHz near-body channel measurement system.

body 60 GHz measurement system and experiments are firstly described. This

is followed by a presentation of the measurement results and related statistical

analysis. Section 3.3 then discusses the indoor mmWave DAS measurement set-

up and scenarios. A characterisation of the shadowing and multipath fading for

the considered scenarios is then presented. Finally, the conclusions of this chapter

are provided in Section 3.4.

3.2 Anechoic Chamber Measurements

3.2.1 Experimental Set-Up

The measurements reported in this section were conducted in the anechoic cham-

ber situated in the Institute of Electronics, Communications and Information

Technology (ECIT), Queen’s University, Belfast, UK. As shown in Figure 3.1,

the 60 GHz near-body channel measurement system was based on the Hittite
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3.2 Anechoic Chamber Measurements

HMC6000LP7111 transmitter (TX) and Hittite HMC6001LP711E2 receiver (RX)

modules manufactured by Analog Devices. To imitate a hypothetical 60 GHz

UE, the TX module was fixed to the inside of a compact acrylonitrile butadiene

styrene (ABS) enclosure (80 mm × 80 mm × 20 mm) and configured to transmit

a continuous wave signal centered at 60.05 GHz with an equivalent isotropically

radiated power (EIRP) of +10.9 dBm. The RX module was connected to a field

programmable gate array (FPGA) based v1.4 Red Pitaya data acquisition plat-

form. The 50 MHz intermediate frequency (IF) signal output of the RX module

was then sampled using a 14-bit, 125 Msps analog-to-digital converter (ADC)

within the Red Pitaya v1.4 platform3. The FPGA unit was programmed to

provide custom digital signal down conversion using the embedded software de-

fined radio (SDR). This implementation provided an effective channel sampling

frequency of 96 kHz and a receive bandwidth of 86 kHz. Additionally, the Fraun-

hofer distance [97], denoted as d, of the utilized TX module can be calculated

as

d =
2D2

λ
, (3.1)

where D represents the largest dimension of the radiator (11 mm for the 60 GHz

antenna package on the TX module) and λ is the wavelength (5 mm at 60 GHz).

Thus, the Fraunhofer distance of the 60 GHz TX module is 4.8 mm, thus verifying

that the measurements were performed in the far field region throughout this

1https://www.analog.com/media/en/technical-documentation/data-sheets/hmc6000.pdf
(visited on 21/10/2020)

2https://www.analog.com/media/en/technical-documentation/data-sheets/hmc6001.pdf
(visited on 21/10/2020)

3https://redpitaya.com/ (visited on 21/10/2020)
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3.2 Anechoic Chamber Measurements

Figure 3.2. Measured RX module normalized antenna gain patterns at 60 GHz.

thesis.

Both the TX and RX modules utilize an identical linearly-polarized antenna-

in-package with +7.5 dBi gain. The measured normalized gain patterns of the

RX module are shown in Figure 3.2. The measured half power beam width of

the antenna-in-package is approximately 120◦. The TX module was used as the

near-body UE and fixed at a height of 86 cm using a wooden tripod. The antenna

boresight was facing upwards (towards the zenith) with a horizontal polarization.

The RX module was fixed to a Watson Radio (model TFM-20-2) telescopic fiber

glass mast, which is height adjustable to 6.1 m. In all but one case (outlined

below), the RX module was arranged to ensure that the antenna was co-polarized

(horizontal polarization) with the TX module with the boresight directed towards

the floor of the anechoic chamber.
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Figure 3.3. Geometry of the measurement scenario.

3.2.2 Anechoic Chamber Measurement Scenario

The geometry of the measurement scenario is shown in Figure 3.3. For the with-

body measurements, the test user, an adult male of height of 1.72 m and mass

75 kg, stood upright, centred at a distance of 1.5 m to the fiber glass mast. The

UE (TX) tripod was placed on the other side of the user’s body at a distance of

45 cm from the body center-line. To investigate the effects of various elevation

angles of incidence (θ1 = 47.6◦ to θ5 = 25.7◦), the RX module was placed at 5

discrete heights from 3 m to 1.8 m in 30 cm intervals.

At the beginning of each measurement, the received power was firstly recorded

without the test user present to provide a reference case. This allowed the elim-

33



3.2 Anechoic Chamber Measurements

Figure 3.4. 60 GHz near-body channel measurement set-up.

ination of factors such as the slightly different path lengths due to the angular

geometry and equipment positioning inaccuracies. The measurement was then

repeated with the test user present. Since it was difficult for the test user to

stand perfectly still, the with-body measurement was repeated to allow consid-

eration of unintended movement effects. The duration of each measurement was

set to 20 s which allowed a total of 1, 920, 000 samples to be collected. Figure 3.4

shows the measurement set-up with the test user present with the tripod to the

left of the user and the RX mast at the right of the figure. It should be noted

that the test user always faced the UE (TX) and the TX and RX modules were

co-polarised (horizontal polarization) for all 5 heights. Since the 1.8 m height

case was very close to the test user’s height (meaning that the boresight of TX

and RX antennas were facing in opposite directions), an extra measurement case
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3.2 Anechoic Chamber Measurements

was introduced for this height with the TX and RX modules re-oriented so that

their boresights were directed towards the test user with vertical polarization.

3.2.3 Results and Analysis

An averaging window of fixed size n (n = 96) was applied to the measurement

data to improve the SNR performance. This downsampled the raw received signal

power to 1, 920, 000/96 = 20, 000 time series points, giving an effective sampling

rate of 1 kHz. Following this, the time series data was normalized to the mean

value of the received signal power of the reference measurement (i.e., ‘without-

body’) for each measurement height. The normalized received signal power time

series data for RX heights of 3 m to 1.8 m are presented in Figure 3.5 to Figure 3.7.

A visual inspection of the ‘with-body’ and ‘without-body’ results shows that the

presence of the user has a significant effect on the 60 GHz near-body channel. It

is also evident that there can be significant link attenuation and, despite the care

taken to minimize the motion artefacts in these stationary measurements, even

small movements seem to have had a discernible impact on the observed channel.

Firstly, considering the ‘without-body’ case (in particular the samples in the

range from 0.3 × 104 to 0.45 × 104 and 1.4 × 104 to 1.6 × 104) depicted in Fig-

ure 3.6(b). Since the measurements were undertaken for a static scenario, the

observed variations were caused by a combination of measurement system noise

and, given the short wavelength, equipment vibrations. Likewise, for the ‘with-

body’ cases, the uncertainty of the user positioning and any unintended move-

ments also need to be considered. Therefore, to investigate any perturbations in

the path gain brought about the presence of the user, the mean (denoted as µ and
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Figure 3.5. Time series data for height (a) 3m and (b) 2.7m.
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Figure 3.6. Time series data for height (a) 2.4m and (b) 2.1m.
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Figure 3.7. Time series data for height 1.8m (a) H-polarisation and (b) V-
polarisation.
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Table 3.1. Summary of measurement results.

Height
Body Shadowing

Factor (dB)
Increase in the Standard

Deviation (dB)
(µ− µ0) (σ − σ0)

3 m, trial 1 −1.2 dB +2.4 dB
3 m, trial 2 −3.1 dB +1.4 dB

2.7 m, trial 1 +2.0 dB +2.0 dB
2.7 m, trial 2 −1.0 dB +2.8 dB
2.4 m, trial 1 −16.0 dB +3.8 dB
2.4 m, trial 2 −13.0 dB +2.4 dB
2.1 m, trial 1 −14.4 dB +4.2 dB
2.1 m, trial 2 −15.0 dB +1.1 dB
1.8 m, trial 1 −14.7 dB +2.2 dB
1.8 m, trial 2 −13.5 dB +4.7 dB
1.8 m, trial 1

(V-polarization)
−24.3 dB +2.6 dB

1.8 m, trial 2
(V-polarization)

−26.8 dB +4.7 dB

µ0 for ‘with-body’ and ‘without-body’ cases, respectively) and standard deviation

(σ and σ0) values of the logarithmically transformed received signal power were

calculated. The body shadowing factor (µ−µ0) and the increase in the standard

deviation (σ−σ0) when moving from the ‘without-body’ to the ‘with-body’ cases

are summarized in Table 3.1.

The benefits of utilizing high elevation angles for near-body to AP channels,

e.g., for RX heights of 3 m and 2.7 m, can be clearly seen in the Table 3.1,

where the body shadowing factor is significantly reduced (between +2.0 dB and

−3.1 dB) compared to values reported for azimuthal (horizontal plane) incidence

reported elsewhere [92] [96] (from −20 dB to −40 dB). Also, higher elevations

show less variation in the received signal power for a stationary user: e.g., the
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increase in the standard deviation for the RX heights of 2.4 m and 2.1 m is

much higher than for the 3 m and 2.7 m cases. This is mainly because the

geometry is such that the direct path may only be partially shadowed (if at all)

by the user’s head in the higher elevation cases. Indeed, there was a positive

body shadowing factor for one of the trials at 2.7 m height (Figure 3.5(b)) which

suggests some of the transmitted signal reflected off the test-user’s body providing

signal enhancement. This phenomenon can also be explained by the null point of

the transmitted signal, as the body shadowing were observed to be least significant

at 2.7 m. Furthermore, the wide-beamwidth antennas used in the measurement

system have the ability to capture significantly more scattered wave energy under

NLOS scenarios, which corresponds to the conclusion in [98]. This effect can be

further verified by inspecting the results for the lower elevations, e.g., for the RX

heights of 2.1 m and 2.4 m where the body shadowing factor increases to between

−13.0 dB and −16.0 dB.

The effect of polarization under low elevation circumstances can be seen by

comparing the horizontal and vertical polarization results at the height of 1.8 m.

Compared to the horizontal polarization case, the body shadowing factor for

vertical polarization increases from between −13.5 dB and −14.7 dB to between

−24.3 dB and −26.8 dB. These increased body shadowing factors are now closer

to the azimuthal incidence cases already reported in the literature. However,

the degree to which wave polarization is the cause of the increased shadowing

cannot be determined from these results since the TX and RX antenna boresight

directions are now directly towards the user rather than towards the ceiling and

the floor of the anechoic chamber, respectively. Due to the space limitations

of the anechoic chamber, the effects of different polarizations can not be fully
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Figure 3.8. The hypothetical 60 GHz ceiling-mounted AP.

isolated using the current measurement set-ups, but more efforts, such as using

an antenna positioner, should be paid on this in order to validate this conclusion

in the future work.

3.3 Indoor mmWave DAS Measurement

3.3.1 Experimental Set-Up and Scenarios

Given the benefits of using a high elevation as highlighted previously, nine 60 GHz

RX boards, or equivalently hypothetical APs, were mounted over the ceiling in an

office environment to emulate a realistic indoor DAS system. An example of the

hypothetical 60 GHz ceiling-mounted AP is shown in Figure 3.8 and the deployed

AP locations are also indicated by the red circles in Figure 3.9. It should be noted

that all of the RXs were positioned so that the antenna boresight was facing

towards the floor. A complimentary TX board representing the hypothetical UE

was used by a human operator (adult male of height of 1.72 m and mass 75 kg)
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Figure 3.9. Floor plan of the indoor office environment.

who imitated making a voice call with the device positioned at their right ear, as

shown at the left side of Figure 3.9. The TX antenna was oriented such that its

boresight was facing outwards and away from the user’s head. It is noted that

during the measurements, the indoor office area was unoccupied to ensure that

any variations in the channel were due to the considered user themselves. The

received signal at each of the AP locations was downsampled to a rate of 2 kHz by

averaging 48 consecutive samples to improve the SNR of the received waveform.

Two scenarios were investigated, which consisted of the test user walking along

a straight line path 9 m long, in two opposite directions, namely Path AB and

BA, as illustrated in Figure 3.9. The downsampled SNR time series was verified

by switching off the TX module and collecting the noise floor samples for both

mobile paths. It was found out that over 95% of the SNR data was between 15
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and 60 dB greater than the noise for paths AB and BA, respectively. Additionally,

due to the fact that the user was holding the UE with the right hand and the

boresight of TX antenna was pointing away from user’s head, the TX antennas

was oriented to face towards and outwards from most APs for Path AB and BA,

respectively.

3.3.2 Results and Analysis

Prior to characterising the fading observed at each of the hypothetical AP po-

sitions, the path loss was removed from the raw received signal power using the

methodology described in [99]. The multipath fading component was then ob-

tained from the resultant data set by first removing the shadowing which was

calculated using a moving average window of length 10λ. As discussed in Sec-

tions 2.1.2 and 2.1.3, the log-normal distribution [39] generally provides satisfac-

tory fits for the empirical shadowing at different frequencies, and both of Rice

and Nakagami-m multipath fading models are special cases of the κ-µ [51] fading.

Therefore, the observed shadowing and multipath fading were characterised using

the log-normal and κ-µ distributions in this thesis, respectively.

The probability density function (PDF) of the log-normal distribution can be

expressed as [39]

f(x, µ, σ) =
1

xσ
√

2π
exp

[
−(ln(x)− µ)2

2σ2

]
(3.2)

where x represents the envelope of the shadowing, while µ and σ denote the mean

and standard deviation values of shadowing, respectively. The PDF of the κ-µ

multipath signal envelope, R, can be written as [51]
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fR(r) =
2µ(1 + κ)

µ+1
2 rµ

κ
µ−1
2 exp(µκ)Ω

µ+1
2

exp

[
− µ(1 + κ)r2

Ω

]
× Iµ−1

[
2µ
√
κ(1 + κ)

r√
Ω

]
(3.3)

where κ > 0 represents the ratio between the power of the dominant components

and total power of the scattered waves, µ > 0 is given by µ =
E2(R2)

V(R2)

(1 + 2κ)

(1 + κ)2

(E(·) and V(·) denote the expectation and variance operators, respectively) and

associated with the number of multipath clusters. Ω is further obtained by Ω =

E(R2) and represents the mean signal power, while Iv(·) denotes the first-kind

modified Bessel function of the order v.

Parameter estimates (Table 3.2) for the shadowing (log-normal distribution)

were obtained using maximum likelihood estimation and multipath fading (κ-µ

distribution) using non-linear least squares, both performed in MATLAB. As can

be seen for the path AB, the estimated σ parameter of the log-normal distribution

ranged between 0.26 and 0.51. For the return path BA, this reduced to 0.21 and

0.42 which suggests that magnitude of the shadowing observed at each of the AP

locations was generally less than that for path AB.

The κ parameters obtained for the multipath fading showed significant varia-

tion between the two scenarios AB and BA. For the path AB, as the UE generally

maintained a LOS with the majority of the AP locations, the κ parameter which

characterises the ratio of the power carried in the dominant signal to that carried

by the scattered signal contribution [51] was quite large, suggesting that a strong

dominant component existed. Interestingly, the µ parameters obtained (which

are related to the number of multipath clusters in the channel) were often quite

low µ << 1 suggesting that little scattering contributed to the multipath fading.
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Table 3.2. Parameter estimates for the log-normal and κ-µ distributions for the
path AB and BA.

Path AB
AP index Shadowing Multipath Fading

u σ κ µ Ω
AP1 -0.04 0.40 68.75 0.10 1.07
AP2 -0.12 0.39 23.29 0.26 1.07
AP3 -0.13 0.31 3.41 0.70 1.12
AP4 -0.08 0.41 69.61 0.10 1.05
AP5 -0.07 0.40 67.16 0.10 1.06
AP6 -0.11 0.51 3.50 0.69 1.13
AP7 -0.11 0.30 2.26 0.85 1.15
AP8 -0.18 0.27 4.09 0.67 1.10
AP9 -0.18 0.26 1.75 0.91 1.15

Path BA
Shadowing Multipath Fading

AP index u σ κ µ Ω
AP1 -0.03 0.30 1.16 0.97 1.19
AP2 -0.08 0.29 0.76 1.07 1.20
AP3 -0.06 0.21 0.97 0.99 1.20
AP4 -0.01 0.29 1.30 0.92 1.20
AP5 -0.07 0.35 1.44 0.98 1.17
AP6 -0.01 0.24 0.76 1.01 1.22
AP7 -0.02 0.31 1.26 0.99 1.16
AP8 -0.07 0.42 1.80 0.89 1.16
AP9 -0.01 0.27 0.90 0.98 1.23

Contrasting this with path BA, here the UE was now typically in NLOS and it

can be seen that the κ paramters were significantly reduced and the µ parame-

ters increased, suggesting a greater scattered multipath contribution. Fig. 3.10

shows some examples of the empirical and theoretical PDFs for the shadowing

and multipath fading. As can be seen from Figure 3.10, generally there is a good

agreement between the plots. However, for the shadowing plots (Figures 3.10(a)

and (c)) some digression between the empirical and theoretical plots can be ob-
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Figure 3.10. Empirical (shapes) and theoretical (continuous line) PDFs (a) shad-
owing / path AB / AP3, (b) multipath fading / path AB / AP3, (c) shadowing
/ path BA / AP6, (d) multipath fading / path BA / AP6.

served. The reason of these digression behaviours is that the existence of the

multimodal fading observed in Figures 3.10(a) and (c), therefore multimodal dis-

tributions, such as Gaussian mixture models (GMMs) [100,101], could potentially

provide a better fit for the observed shadowing fading under these circumstances.

3.4 Conclusion

In this chapter, the influence of the elevation angle of incidence on 60 GHz near-

body path gain was experimentally investigated using low-gain, wide-beamwidth

antennas. The scenarios considered included various elevation angles, with and

46



3.4 Conclusion

without a test-user present and different polarizations for the lowest elevation

case. It was found that, for the ‘with-body’ measurements, user positioning

uncertainties and unintended movements were found to be more significant at

this frequency. Due to the short wavelength involved, channel variations were

observed in time series data even without the user present, most likely associated

with equipment vibrations. More importantly, the results further show that the

near-body path gain can be dramatically improved, by as much as 10 dB to

15 dB, by increasing the elevation angle of incidence for near-body UEs. This is

achieved by ensuring that the mmWave APs are placed at relatively high heights.

Furthermore, under low angle of elevation circumstances, horizontal polarization

outperforms vertical polarization by up to 13 dB.

Motivated by the performance improvements of placing APs at high elevation

angles of incidence, a measurements based characterisation of the shadowing and

multipath fading observed at multiple ceiling-mounted AP locations likely to be

used in future DAS systems has been performed. A common voice call UE appli-

cation was considered during the measurement process. Generally, the log-normal

and κ-µ fading models were found to provide a good fit to the observed shad-

owing and multipath fading. It was also discovered that under LOS conditions,

the signal was more susceptible to shadowing caused by the obstacles in the en-

vironment, including the user. Additionally, the scattered multipath consisted of

a finite number of components for the LOS conditions (µ� 1), while for NLOS

conditions, much richer multipath fading conditions were observed (µ→ 1).
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Chapter 4

Time Series Based Study in

Indoor mmWave DASs

In order to meet the high data rate demands of next-generation applications, the

use of mmWave frequencies may provide many benefits, such as smaller antenna

size, lower inter-cell interference and the potential for improved security (due to

the higher propagation losses), nevertheless it will also equally present as many

challenges. One of these relates to the increased susceptibility to blocking and

shadowing caused by obstacles which reside in the local environment [11]. This

is especially pronounced for indoor dense small cell deployments. For example,

in [12] it was demonstrated that for a human body intersecting the LOS path

of an indoor 60 GHz point-to-point link, signal attenuations in the range of 20–

40 dB can be induced. Meanwhile, in [14], the wireless link between a 60 GHz

UE and a wall mounted AP was studied. It was observed that compared to LOS,

under NLOS conditions, the received signal power can deteriorate by as much as

30 dB depending on the UE usage scenario. With such large signal attenuations
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possible in mmWave systems, it is essential that diversity techniques, which can

potentially improve the signal reliability, are thoroughly investigated.

4.1 Introduction

One possible approach which can be used to mitigate signal deteriorations related

to blocking and shadowing in mmWave small cell deployments is the use of a DAS

[16]. With this objective in mind, an indoor DAS system operating at 60 GHz was

investigated in [102]. Various switched diversity techniques were considered to

assess their effectiveness for improving the overall performance. It was found that

employing switch-and-examine combining can provide up to 9.1 dB of diversity

gain. Nonetheless, the key metrics widely used in the analysis of diversity-based

systems [103–105] and closely related to the diversity performance were omitted,

namely the cross correlation [18] and the CPI [106] between the signals observed

at the different AP locations.

To the best of the author’s knowledge, no empirically driven study of the cross

correlation and CPI of the RSS experienced in indoor DASs operating at 60 GHz

has appeared in the open literature. To address this issue and the shortcomings

of [102], for the first time, the results of a series of experiments undertaken to char-

acterise and provide new insights into the cross correlation and CPI encountered

in indoor mmWave DASs are presented in this chapter. This has been achieved

using a purposely developed measurement system which allowed simultaneous

sampling of the received signal power at 9 ceiling mounted locations, using pur-

posely developed 60 GHz RXs. Using this setup, the localized CCC [107, 108]

and CPI of the RSS across the mmWave DAS has been computed, while consid-
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ering the signal transmitted from a mobile user who imitated making a voice call

with a custom 60 GHz TX, emulating a UE. More importantly though, build-

ing upon a detailed statistical analysis of collected results, the time evolution of

the localized CCC and CPI is modeled using an ARMA model and an ARIMA

model, respectively. Subsequently, the empirical CCC and CPI time series is re-

constructed via in-sample forecast. Furthermore, the performances of different

linear diversity combining techniques, i.e., SC, EGC and MRC, are discussed and

compared by considering three AP selection mechanisms which will see deploy-

ment in future mmWave DASs, namely per-sample random AP selection [109],

one-shot AP selection [110], and per-sample AP selection [110].

4.2 Experimental Set-Up and Scenarios

The details about the experimental set-up and measurement scenarios can be

found in Section 3.3.1.

4.3 Cross Correlation and Channel Power Im-

balance

After acquiring the raw RSS data, the centralized AP, i.e., AP5 in Figure 3.9, was

selected as the target base station in the DAS since its overall mean was observed

to be the highest for both paths AB and BA. Aiming to fully capture the temporal

behavior of the CCCs between various AP pairs, the localized CCC, introduced

in [107], was adopted in this work. This was obtained by computing the CCC

using a moving window of length N applied to the RSS data. An exploratory
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analysis of the data performed using the Kolmogorov-Smirnov (K-S) test indi-

cated that the localized RSS observed at each of the APs was non-Gaussian in

all cases. Consequently, the Spearman’s rank-order correlation coefficient, was

employed to calculate the localized CCCs between the RSS observed at different

AP locations. The Spearman’s rank-order correlation is a nonparametric measure

of the monotonic relationship which exists between two variables in the ordinal

form [111]. The sampled Spearman’s rank-order correlation coefficient at the time

instant t, denoted as rS(t), can be written as

rS(t) = 1−
6

N∑
i=1

[RXij(t)−RXik(t)]
2

N(N2 − 1)
, (j 6= k) (4.1)

where Xij(t) and Xik(t) are the corresponding RSS values of the ith sample at

the time instant t, observed at the AP indexes of j and k, respectively. In (4.1),

RXij(t) and RXik(t) represent the ranks within the RSS vectors Xij(t) and Xik(t),

respectively. In this chapter, three different values of N , (i.e., 400, 1, 000 and

4, 000, or equivalently 0.2 s, 0.5 s and 2 s), were initially selected to investigate

the impact of differing window sizes upon the CCC. For convenience, in the

sequel, these three moving windows are referred to as short-term, medium-term

and long-term, respectively.

As an example, the empirical PDFs of the short, medium and long-term CCCs

between AP5 and AP9 for paths AB and BA are presented in Figure 4.1 and

4.2. Also included in Figure 4.1 and 4.2 are theoretical plots for the best fitting

Gaussian distributions. Compared to the medium-term and long-term cases,

it can be seen from Figures 4.1(a) and 4.2(a) that the Gaussian distribution
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provided a better fit for the short-term CCCs. This may be attributed to the fact

that as N increases, the number of wavelengths (distance) contained within the

averaging window also increases and hence the signal propagation scenario can

change significantly. The quantile-quantile (Q-Q) plots of the empirical short-

term rS(t) and the corresponding Gaussian distribution fits are shown in Figures

4.3(a) and 4.3(b), respectively. Although slight fat-tailed (path AB) and thin-

tailed (path BA) artifacts can be observed in Figures 4.3(a) and 4.3(b), the

majority of the empirical short-term rS(t)’s quantiles show a good match with

those of the Gaussian fits. Therefore, N was selected to be equal to 400 for all of

the ensuing statistical analysis presented below.

The mean and standard deviation of rS(t), denoted as µrS and σrS , of various

AP pairs are given in Table 4.1, alongside the minimum and maximum values

of rS(t), denoted as rS,min and rS,max. As shown in Table 4.1, the range of µrS

and σrS lies between −0.04 to 0.05 and 0.10 to 0.19, respectively. Therefore,

it can be concluded that the distribution of rS(t) can be approximated by a

Gaussian distribution with µ = 0 and σ ranging from 0.1 to 0.2. Comparing the

statistics of rS(t) between different AP pairs for both mobile paths, the µrS and

σrS values were typically found to be higher for the path AB. A possible reason

for this is that with the test user imitating making a voice call, the UE antenna

boresight was facing outwards away from the user’s head and towards most of

the APs. As a result, the wireless links between the UE and APs were more

likely to experience LOS/quasi-LOS (QLOS) conditions. Conversely, as shown

in Figure 3.9, the UE antenna boresight was facing towards the metal cabinets

for the majority of the path BA leading to QLOS/NLOS conditions between the

UE and APs. Consequently, the observed CCC values between different AP pairs
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Figure 4.1. Empirical PDFs of rS(t) between AP5 and AP9 for the path AB
along with the corresponding Gaussian distribution fits: (a) short-term rS(t), (b)
medium-term rS(t), (c) long-term rS(t).
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Figure 4.2. Empirical PDFs of rS(t) between AP5 and AP9 for the path BA
along with the corresponding Gaussian distribution fits: (a) short-term rS(t), (b)
medium-term rS(t), (c) long-term rS(t).
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Figure 4.3. Q-Q plots of short-term rS(t) and the corresponding Gaussian dis-
tribution fits between AP5 and AP9: (a) short-term rS(t) of the path AB, (b)
short-term rS(t) of the path BA.
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Table 4.1. Mean, standard deviation, minimum and maximum values of the
localized RSS Spearman’s rank-order CCCs between different AP locations for
the path AB (upper triangle) and the path BA (lower triangle).

(µrS , σrS)
AP1 AP2 AP3 AP4 AP5 AP6 AP7 AP8 AP9

[rS,min, rS,max]

AP1
(0.02, 0.18) (−0.04, 0.16) (0.02, 0.18) (−0.02, 0.19) (0.01, 0.19) (−0.04, 0.16) (0.01, 0.14) (0.02, 0.15)

[−0.48, 0.51] [−0.62, 0.61] [−0.66, 0.59] [−0.66, 0.57] [−0.57, 0.62] [−0.51, 0.41] [−0.51, 0.42] [−0.39, 0.59]

AP2
(−0.01, 0.12) (0.03, 0.20) (0.00, 0.19) (−0.01,0.16) (0.01, 0.16) (0.02, 0.11) (−0.04, 0.13) (0.02, 0.14)
[−0.33, 0.46] [−0.53, 0.69] [−0.52, 0.77] [−0.63,0.40] [−0.58, 0.46] [−0.29, 0.36] [−0.44, 0.33] [−0.33, 0.40]

AP3
(−0.01, 0.11) (0.01, 0.12) (−0.02, 0.14) (−0.01, 0.13) (−0.00, 0.13) (−0.01, 0.14) (0.01, 0.11) (−0.00, 0.12)
[−0.31, 0.28] [−0.59, 0.39] [−0.40, 0.41] [−0.36, 0.41] [−0.37, 0.43] [−0.47, 0.38] [−0.28, 0.45] [−0.42, 0.33]

AP4
(−0.00, 0.13) (0.02, 0.12) (−0.00, 0.12) (0.00, 0.21) (−0.02,0.17) (−0.01, 0.15) (−0.01, 0.15) (−0.02, 0.14)
[−0.40, 0.41] [−0.36, 0.42] [−0.42, 0.31] [−0.66, 0.61] [−0.55,0.52] [−0.47, 0.40] [−0.47, 0.43] [−0.49, 0.38]

AP5
(−0.03, 0.13) (0.03, 0.12) (−0.00, 0.13) (0.01,0.15) (−0.01, 0.15) (−0.01, 0.18) (0.01, 0.16) (−0.00, 0.14)
[−0.43, 0.35] [−0.38, 0.38] [−0.32, 0.43] [−0.43,0.44] [−0.40, 0.47] [−0.53, 0.63] [−0.50, 0.67] [−0.58, 0.47]

AP6
(0.01, 0.13) (0.01, 0.13) (0.00, 0.13) (−0.01, 0.12) (−0.01, 0.13) (−0.04, 0.12) (−0.02, 0.14) (0.00, 0.10)

[−0.32, 0.41] [−0.39, 0.36] [−0.37, 0.36] [−0.37, 0.28] [−0.36, 0.39] [−0.40, 0.37] [−0.34, 0.46] [−0.32, 0.28]

AP7
(−0.00, 0.14) (0.02, 0.15) (−0.02, 0.11) (0.00, 0.14) (−0.02, 0.15) (−0.01, 0.15) (0.02,0.16) (−0.02, 0.13)
[−0.45, 0.46] [−0.37, 0.48] [−0.40, 0.32] [−0.35, 0.48] [−0.56, 0.47] [−0.39, 0.40] [−0.48,0.48] [−0.38, 0.40]

AP8
(0.02, 0.13) (−0.01, 0.13) (0.03,0.13) (0.02, 0.16) (−0.01, 0.12) (−0.00, 0.14) (−0.00, 0.16) (0.05, 0.14)

[−0.38, 0.39] [−0.48, 0.49] [−0.29,0.41] [−0.37, 0.57] [−0.47, 0.37] [−0.45, 0.46] [−0.53, 0.56] [−0.27, 0.71]

AP9
(−0.01, 0.13) (−0.01, 0.14) (−0.02,0.12) (−0.04, 0.11) (−0.03, 0.13) (−0.02, 0.10) (−0.00, 0.12) (−0.02, 0.11)
[−0.45, 0.38] [−0.40, 0.43] [−0.39,0.36] [−0.35, 0.22] [−0.36, 0.32] [−0.30, 0.24] [−0.30, 0.34] [−0.44, 0.33]

are generally higher with a wider spread because of the existence of LOS/QLOS

paths, while under the NLOS conditions, the increased multipath tends to assist

decorrelation and hence prompts lower CCC values with a smaller spread.

As with the computation of the localized CCC, the corresponding sampled

mean CPI at the time instant t for AP indices of j and k, denoted as Cj,k(t), can

be expressed as

Cj,k(t) =

∣∣∣∣∣20 · log10

(∑N
i=1Xij(t)/N∑N
i=1Xik(t)/N

)∣∣∣∣∣
=

∣∣∣∣∣20 · log10

(∑N
i=1Xij(t)∑N
i=1Xik(t)

)∣∣∣∣∣.
(4.2)

For the purpose of brevity, the sampled mean CPI at the time instant of t for

all possible AP pairs are denoted as C(t) herein. With N = 400, the resultant

PDFs of the localized CPI time series of different AP pairs were observed to

be multimodal, thus the corresponding median of C(t), denoted as mC , along
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Table 4.2. Median, minimum and maximum values (in decibels) of the localized
CPI between different AP locations for the path AB (upper triangle) and the
path BA (lower triangle).

mC AP1 AP2 AP3 AP4 AP5 AP6 AP7 AP8 AP9
[Cmin, Cmax]

AP1
7.84 5 .86 5.42 6.87 2.28 12.39 10.48 7.12

[0.00, 20.47] [0 .00 , 20 .44 ] [0.00,15.59] [0.00,15.98] [0.00,24.28] [0.01,22.16] [0.00, 20.85] [0.00, 24.70]

AP2
2.72 3.11 8.50 14.18 6 .65 18 .43 15.75 13.39

[0.00, 14.72] [0.00,10.36] [0.00,24.22] [0.00,24.01] [0 .00 , 20 .80 ] [0 .01 , 36 .82 ] [0.00, 31.30] [0.02, 25.26]

AP3
6.71 3 .46 8.31 11.78 5.86 12 .95 12 .43 10 .76

[0.00,16.42] [0 .00 , 13 .03 ] [0.00,27.05] [0.00, 25.69] [0.00,20.76] [0 .00 , 34 .58 ] [0 .01 , 33 .33 ] [0 .00 , 28 .68 ]

AP4
3.57 5.63 3 .23 2.99 3.65 12.88 9.71 7.55

[0.00,12.41] [0.00,15.08] [0 .00 , 14 .23 ] [0.00,12.97] [0.00,11.88] [0.00,25.75] [0.00,20.90] [0.00,16.75]

AP5
9.57 8.63 4 .75 5.16 5.85 14.05 9.70 7.02

[0.00,18.94] [0.00,18.80] [0 .00 , 13 .36 ] [0.00,18.68] [0.00,15.23] [1.04,26.99] [0.00,24.34] [0.00, 22.63]

AP6
10 .41 9.19 6.52 4.99 1 .86 14 .22 12.18 8.82

[0 .00 , 17 .61 ] [0.00,17.40] [0.00,12.56] [0.00,15.90] [0 .00 , 6 .98 ] [0 .00 , 32 .44 ] [0.00,27.52] [0.00, 24.33]

AP7
5.56 7.90 8.03 5 .70 11 .31 10.78 4.18 7 .53

[0.00,14.42] [0.00, 21.44] [0.00,22.87] [0 .00 , 12 .66 ] [0 .00 , 24 .60 ] [0.00, 21.37] [0.00,18.88] [1 .06 , 23 .19 ]

AP8
5 .18 10.70 7.63 4.18 6.60 5 .80 6.63 3.83

[0 .00 , 22 .39 ] [0.01,21.67] [0.00,17.38] [0.00,14.92] [0.00, 15.65] [0 .00 , 14 .32 ] [0.45,19.78] [0.00,9.79]

AP9
4.71 10 .26 9 .10 2.75 5.97 5 .06 8.09 2 .71

[0.00,24.10] [0 .00 , 23 .05 ] [0 .00 , 16 .51 ] [0.00,18.56] [0.00,13.64] [0 .00 , 13 .56 ] [3.10,18.77] [0 .00 , 9 .49 ]

with the minimum and maximum values of C(t), denoted as Cmin and Cmax, are

provided in Table 4.2. Comparing the statistics of C(t) for paths AB and BA,

the mC and Cmax values were commonly discovered to be higher for the path AB.

This further verifies the previous observations for the channel conditions under

both mobile paths. More significant power imbalance between the AP pairs can

be observed for the path AB due to the existence of the LOS/QLOS links between

the UE and the majority of APs. This situation means that the signal received

at the APs is sensitive to the user location on the walk path and the relative

orientation of the UE. This phenomenon appeared to have less of an influence for

the path BA, as the increased multipath contribution tended to homogenize the

signal received at the APs under QLOS/NLOS circumstances.
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4.4 ARMA and ARIMA Modelling

Prior to the model fitting, an augmented Dickey-Fuller (ADF) test [112] was

used to check the stationarity properties of the localized CCC and CPI time

series data. The p–values of the ADF test for the CCC time series obtained from

the measurement data were found to be significantly less than 1%, implying that

the ADF test rejected the null hypothesis that a unit root existed in a univariate

time series and thus it can be concluded that the collected localized CCC time

series data was stationary or trend-stationary. Turing attentions to the localised

CPI time series, here, the p–values of the ADF test were observed to be notably

higher than 5%, suggesting that a unit root was present in the tested time series,

and therefore the obtained localized CPI time series data was considered to be

non-stationary. As a consequence, stationarity of the localised CCC time series

and non-stationarity of CPI time series, ARMA and ARIMA models were adopted

to model and reconstruct the localised CCC and CPI time series, respectively.

Considering the mixture of an autoregressive (AR) process of p-th order,

AR(p), and a moving average (MA) process of q-th order, MA(q), an ordinary

ARMA(p, q) process [113] can be expressed as

(
1−

p∑
i=1

φiL
i

)
xt =

(
1 +

q∑
i=1

θiL
i

)
εt + c, (4.3)

where L represents the lag operator, e.g., xt−i = Lixt, and it can be seen from

(4.3) that the output xt not only depends on the previous p inputs of itself, but

also relies on the previous q inputs of a zero-mean Gaussian white noise process

εt (often referred to as residuals). In (4.3), {φ1, φ2, ..., φp} and {θ1, θ2, ..., θq} are

coefficients that weight previous samples of the AR and MA processes, respec-
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tively. Additionally, c represents a constant term, usually estimated as the mean

value of xt, i.e., µxt . The ARMA model is a suitable choice for the description of

a wide-sense/weakly stationary stochastic process [113], but nevertheless, in real

life some empirical time series data show evidence of non-stationarity. In order

to model a stochastic process which exhibits non-stationarity, a more generalized

model, referred to as an ARIMA model, is typically used. An ARIMA(p, d, q)

process [113] can be defined as

(
1−

p∑
i=1

φiL
i

)
(1− L)dxt =

(
1 +

q∑
i=1

θiL
i

)
εt + c, (4.4)

where d is the degree of differencing. Comparing (4.3) with (4.4), the key differ-

ence between an ARMA and ARIMA process is the introduction of an additional

differencing step (d) which is applied ahead to eliminate the non-stationarity

property within the time series data. Clearly, when d = 0, an ARIMA(p, d, q)

process naturally degenerates to an ARMA(p, q) one.

As can be seen from Table 4.1, the values of µrs were very close to 0 for all the

AP pairs, thus the value of c was set to 0 for all the ARMA model fits. Following

the instructions in [114] and using the ADF test, an ARIMA(0, d, 0) process

was initially applied to the localized CPI time series and it was found that the

residuals of the time series’ second-order differencing, i.e., d = 2, were stationary

or trend-stationary. Accordingly, d was selected to be 2 for the ARIMA model fits

presented afterwards. Moreover, the value of c was also set to 0 for the ARIMA

model since a constant is normally to be included when d ≤ 1 but not for higher

differencing orders [114].

There are many approaches available to select appropriate values for the orders
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p and q. The maximum likelihood estimation (MLE) based second-order Akaike

Information Criterion (AICc) is often used due to its ability to take into account

the trade-off between the goodness of fit and number of parameters used by

the candidate model [115]. As shown in [116], the optimal model order can be

determined by comparing the AICc values of various order selections. Although

the AICc can effectively avoid the problem of overfitting [115], it does not always

guarantee that the residuals obtained after ARMA or ARIMA modelling are in

fact a white noise process. The residual’s randomness can be examined by visually

checking the autocorrelation function (ACF) and partial autocorrelation function

(PACF) of the residuals against different confidence intervals (CIs) [117]. The

95% and 99% CIs can be approximated by ±1.96/
√
n and ±2.576/

√
n (here n

denotes the size of the test sample), respectively. An alternative approach to

assess the randomness of the residuals is to apply the Ljung-Box test, which is

calculated using the Q statistic [118]. The Q statistic of a test sample of size n

is defined as

Q = n(n+ 2)
K∑
k=1

ρ̂2k
n− k

, (4.5)

where K is the number of lags to be tested and ρ̂k is the sample autocorrela-

tion at the corresponding lag of k. It is known from [118] that the Q statistic

asymptotically follows a chi-squared distribution with K degrees of freedom, i.e.,

χ2
K , and under the ARMA/ARIMA residual test, the degrees of freedom should

be adjusted with the orders of the corresponding model, e.g., in [119] it was

suggested that for an ARMA(p, q) or an ARIMA(p, d, q) model, the degree of

freedom should be modified to K − p− q. Therefore, in this work, the residuals
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after ARMA and ARIMA model fitting were tested with a χ2 distribution with

(K − p− q) degrees of freedom at both CIs of 95% and 99%. After selecting

the values of p and q, the corresponding AR and MA coefficients were estimated

based on the combination of conditional sum of squares and MLE (CSS-MLE)

method, in which the speed and accuracy of the coefficients’ computation can be

optimally balanced [113].

It was found that the AICc scores of the fitted ARMA model converged for the

observed CCC time series across all the measurement scenarios when the order

of the AR process was larger than 5. Thus, different ARMA(p, q) models with

p ≥ 5 were investigated. It was observed that for the majority of the CCC time

series obtained for the path AB, the residuals series of ARMA(9, 1) passed the

Ljung-Box test across all the required number of lags K ranging from 20 to 40.

Similarly, most of the CCC time series for the path BA were successfully modeled

using an ARMA(5, 1) process. Since there existed more APs experiencing LOS

conditions for the path AB as opposed to path BA, it is unsurprising that strong

autocorrelation of the CCCs for path AB was noticed for a longer time lag,

thus resulting in a larger AR order. It is noted that the residuals of a small

number of AP pairs (< 10% overall) failed the Ljung-Box test at both CIs and

the corresponding pairs are indicated in bold in Table 4.1.

Now considering the collected CPI time series, the minimum AICc scores of

the fitted ARIMA model were obtained when the values of p and q did not exceed

10 and 20, respectively. Therefore, ARIMA models with p ≤ 10 and q ≤ 20 were

explored for the localized CPI time series data. It was found that the p and q

values of the optimal ARIMA model fit varied, depending on which AP pair was

being considered. It is worth remarking that the residual time series of some AP
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Figure 4.4. (a) ACF of ARMA(9, 1) residuals for the path AB, (b) PACF of
ARMA(9, 1) residuals for the path AB, (c) ACF of ARMA(5, 1) residuals for the
path BA, (d) PACF of ARMA(5, 1) residuals for the path BA.

pairs (≈ 50% overall), identified in bold in Table 4.2, failed the Ljung-Box test

at both CIs across the number of lags K ranging from 30 to 40 (recall that the

degree of freedom for the Ljung-Box test, i.e., K − p− q, has to be positive).

To provide some further insights into the residual diagnostics, an example of

the first 200-lag normalized ACF and PACF of the residuals obtained for the rS(t)

and C(t) between AP5 and AP9 are provided in Figures 4.4 and 4.5, respectively.

The corresponding estimated 95% and 99% CIs are also shown. Although the

autocorrelations of a few time lags appear to be consequential, the normalized

ACF and PACF of most time lags still lay within the CIs in Figure 4.4 and Figure

4.5. Additionally, comparing the normalized ACF and PACF plots in Figure 4.4

with Figure 4.5, it is clear that the residuals after the ARIMA fitting exhibit

stronger autocorrelations than those after the ARMA fitting. Hence more AP
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Figure 4.5. (a) ACF of ARIMA(5, 2, 6) residuals for the path AB, (b) PACF of
ARIMA(5, 2, 6) residuals for the path AB, (c) ACF of ARIMA(6, 2, 14) residuals
for the path BA, (d) PACF of ARIMA(6, 2, 14) residuals for the path BA.

pairs were observed to fail the Ljung-Box test after the ARIMA modelling for

the CPI time series. Nonetheless, the models still provided a very good fit to the

data as demonstrated in the sequel.

Due to space limitations, the ARMA and ARIMA coefficients for the CCCs

and CPI of all AP pairs can not be reported in this chapter. However, an example

of the ARMA coefficients along with the variance of the residuals for the CCCs

of AP5 and AP9 for both paths are presented in Table 4.3. To further validate

the ARMA and ARIMA model fitting, using the empirical rS(t) and C(t) data

as well as the corresponding ARMA and ARIMA coefficients as inputs, the fitted

short-term rS(t) and C(t) time series data, or so-called in-sample forecast time

series, were reconstructed. An example of the first 10,000 empirical and in-sample

forecast CCC and CPI time series data between AP5 and AP9 is presented in

Figure 4.6 and 4.7. An expanded section between the sample indexes of 4,000 and
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Table 4.3. ARMA coefficients and the variance of the residuals for the CCCs
between AP5 and AP9 for paths AB and BA

Path
ARMA Filter Coefficients

φ1 φ2 φ3 φ4 φ5 φ6 φ7 φ8 φ9 θ1 var(εt)
AB 2.039 −1.252 0.062 0.312 −0.237 0.132 −0.087 0.052 −0.022 −0.005 2.2×10−5

BA 2.870 −3.339 2.075 −0.720 0.114 −0.173 2.0×10−6

4,100 is also provided. From Figure 4.6 and 4.7, it can be seen that the in-sample

forecast CCCs and CPI typically achieved an excellent match with the empirical

CCCs and CPI (even if the residual series failed the Ljung-Box test at both

CIs, such as the case in Figure 4.7(b)). Nevertheless, some slight forecast errors

were still observed from the expanded section. Therefore, several commonly used

accuracy measures were employed to quantify the in-sample forecast errors. The

accuracy measures are now discussed below.

Let h(t) and ĥ(t) denote the empirical and in-sample forecast data at the time

instant t, respectively, then the mean error (ME) can be defined as

ME =

∑n
t=1

[
h(t)− ĥ(t)

]
n

. (4.6)

Similarly, the mean absolute error (MAE) is described as

MAE =

∑n
t=1

∣∣∣h(t)− ĥ(t)
∣∣∣

n
. (4.7)

The root-mean-square error (RMSE) between the empirical h(t) and in-sample
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4.4 ARMA and ARIMA Modelling

Figure 4.6. Empirical and in-sample forecast CCC time series (first 10,000 sam-
ples) between AP5 and AP9 along with the expanded section between the sample
index of 4,000 and 4,100: (a) CCCs of the path AB, (b) CCCs of the path BA.
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4.4 ARMA and ARIMA Modelling

Figure 4.7. Empirical and in-sample forecast CPI time series (first 10,000 sam-
ples) between AP5 and AP9 along with the expanded section between the sample
index of 4,000 and 4,100: (a) CPI of the path AB, (b) CPI of the path BA.
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forecast ĥ(t) can be defined as

RMSE =

√√√√∑n
t=1

[
h(t)− ĥ(t)

]2
n

. (4.8)

The mean percentage error (MPE) is defined as the computed average of

percentage errors by the forecast samples of a model differing from observed

values, and can be expressed as

MPE =
100%

n

n∑
t=1

[
h(t)− ĥ(t)

]
h(t)

. (4.9)

Similarly, the mean absolute percentage error (MAPE) can be computed as

MAPE =
100%

n

n∑
t=1

∣∣∣h(t)− ĥ(t)
∣∣∣

h(t)
. (4.10)

The mean absolute scaled error (MASE), which is determined by the MAE of

the forecast divided by the MAE of the in-sample one-step naive forecast [120],

is given as

MASE =
n− 1

n

∑n
t=1

∣∣∣h(t)− ĥ(t)
∣∣∣∑n

t=2 |h(t)− h(t− 1)|
, (4.11)

a MASE value of larger than one implies that the actual in-sample forecast per-

forms worse than a simple naive forecast, while a value of MASE less than one

indicates that the in-sample forecast outperforms the naive forecast. The au-

tocorrelations of forecast errors at lag 1, denoted as ACF(1), are also used in

order to exclude the possible existence of the AR(1) process within the residuals.

The selected accuracy measures for the ARMA and ARIMA models in-sample
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Table 4.4. Selected accuracy measures for the ARMA and ARIMA models in-
sample forecast of the short-term rS(t) and C(t) between AP5 and AP9 for paths
AB and BA

Path ME MAE RMSE MPE MAPE MASE ACF(1)

rS(t)
AB −2.8×10−5 1.1×10−3 4.7×10−3 0.25% 7.05% 0.37 1.6×10−3

BA −1.6×10−5 9.1×10−4 1.5×10−3 −0.07% 14.66% 0.39 −1.0×10−2

C(t)
AB 5.6×10−6 3.4×10−3 4.5×10−3 0.03% 0.14% 0.21 −4.8×10−5

BA −9.3×10−6 3.2×10−3 4.1×10−3 0.02% 0.15% 0.18 −7.8×10−4

forecast of the short-term rS(t) and C(t) between AP5 and AP9 for both mobile

paths are presented in Table 4.4. It can be clearly seen from Table 4.4 that,

compared to the empirical rS(t) and C(t), the in-sample forecast achieved a very

high accuracy, e.g., in the case of the C(t) time series estimation, the MPE of

the paths AB and BA was only 0.03% and 0.02%, respectively. Furthermore, the

MASE of the in-sample forecast of rS(t) was 0.37 and 0.39 for the paths AB and

BA, indicating that the ARMA(9, 1) and ARMA(5, 1) models provided a much

better in-sample forecasting performance than the naive forecast, thus verifying

the feasibility of our ARMA modelling approach. Finally, the values of ACF(1)

ranged from −1.0×10−2 to 1.6×10−3 in Table 4.3, suggesting that a higher-order

ARMA or ARIMA model to fit the empirical rS(t) and C(t) time series data is

not needed.

4.5 Diversity Gain

An important performance metric in the context of diversity combining is di-

versity gain. For a macro diversity system such as a DAS, it is defined as the

difference between the signal level of a target AP and that received at the output

68



4.5 Diversity Gain

of the DAS for a given signal reliability [18]. Following the studies conducted

in [18] and [121], in this work the diversity gain was evaluated at a signal reli-

ability of 90%. Similar to the computation of the localized CCC and CPI, the

localized diversity gain was computed by applying a moving window of length N

on the raw RSS data in each of the APs. To keep the analysis of the localized

diversity gain consistent with that for the localized CCC and CPI, N was set

equal to 400.

To visually check the improvement associated with the use of each of the

combining techniques, an example of the output from a dual-AP DAS (AP5 and

AP9), considering the first 400 samples, is shown in Figure 4.8. It can be seen

from Figure 4.8(a) and Figure 4.8(b) that, for both mobile paths, when one of

the APs suffered from deep fading caused by shadowing and blocking, the other

AP typically experienced better channel conditions thus offering the opportunity

to exploit the spatial diversity offered by the mmWave DAS. The corresponding

empirical cumulative distribution functions (CDFs), which illustrate the improve-

ment in the signal reliability achieved using a dual-AP indoor DAS, are provided

in Figure 4.9. It can be seen from Figure 4.9(a) and Figure 4.9(b) that, compared

to using only the target AP, the dual-AP DAS significantly improved the received

signal reliability performance for both paths, e.g., the localized EGC gains were

6.7 dB and 11.3 dB for the paths AB and BA, respectively. It is also interesting to

note that for the first 400 samples (equivalently 0.2 s), the values of the localized

diversity gains for path BA were found to be larger than those for path AB, e.g.,

the localized SC gain was 10.2 dB for the path BA, while the localized SC gain

was only 5.9 dB for the path AB. A possible reason for this can be deduced from

Figure 3.9. More precisely, when the user started moving along the path BA, the
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distance between the UE and AP9 was much smaller than that between the UE

and AP5, meaning that the RSS values at AP9 were generally larger than those

at AP5 (see Figure 4.9(b)).

Figure 4.8. The RSS of the first 400 samples (equivalently 0.2 s) at AP5 and
AP9 along with the SC output, EGC output, and MRC output: (a) path AB,
(b) path BA.
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(a)

(b)

Figure 4.9. Empirical CDFs of the 60 GHz indoor macro diversity system con-
sidering the first 400 samples (equivalently 0.2 s) of the RSS at AP5 and AP9:
(a) path AB, (b) path BA. Note that all CDFs are relative to the mean of the
first 400 samples of the RSS at AP5.

71



4.5 Diversity Gain

Even though it has been demonstrated that simply using a dual-AP DAS

can lead to considerable improvements in the signal reliability, it is still useful

to explore the potential for further enhancements that can be achieved by using

an even greater number of APs. This is a typical consideration often associated

with macro diversity systems, and is commonly referred to as the base station

(BS) or AP selection problem [122, 123]. It is especially important at mmWave

frequencies since a dense deployment of APs is desirable to mitigate the effects of

high path loss and possible LOS blockages. Another factor which must be taken

into account when considering macro diversity systems such as DAS relates to

the additional signal processing which must be performed to combine the infor-

mation received at multiple APs. This typically requires additional hardware and

the burden of handling coordination between APs, which can lead to increased

power consumption [124]. In the sequel, three different AP selection mechanisms

which have been proposed for use in future mmWave DAS deployments [109,110]

are considered. Their performance, in terms of the diversity gain that can be

achieved when considering different numbers of APs, are compared as well. The

AP selection mechanisms are now listed as follows:

� Per-sample random AP selection [109]: As the name suggests, an AP pair is

selected randomly at each sample interval. This is the simplest AP selection

mechanism because the random AP selection does not require any RSS

information. For a fixed number of APs (M(M ≥ 2)), the mean localized

per-sample random AP selection diversity gain, denoted as GRS, can be

written as

GRS =
1

UT

U∑
u=1

T∑
t=1

G(u, t), (4.12)
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where U represents the number of possible AP pairs for a fixed value of M ,

and U can be calculated as CO
M =

(
O
M

)
(here C is the combination operator

and O denotes the maximum number of APs). Besides, T represents the

total sample number of the collected localized diversity gain time series,

i.e., G(u, t).

� One-shot AP selection [110]: One-shot AP selection is achieved by persist-

ing with the connections established between the UE and APs in the first

time slot. During the first time slot, the UE simply selects the AP pairs

that can achieve the maximum localized diversity gain. This means the UE

will communicate with the same APs for the remaining time slots and can

not choose other APs. This AP selection mechanism is more complex than

the per-sample random AP selection in terms of the signal processing since

a computation of CO
M is required to select the one-shot AP pairs. The mean

localized one-shot AP selection gain, denoted as GOS, can be expressed as

GOS =
1

T

T∑
t=1

arg max
u∈[1,COM ]
t=1

G(u, t). (4.13)

� Per-sample optimal AP selection [110]: This is the most complex and opti-

mal approach. Under this scheme, optimal matching between the UE and

APs is determined by choosing the AP pairs that achieve the maximum lo-

calized diversity gain in each time sample. Under this scheme, it is entirely

possible that the UE could connect to different AP pairs in each sample

interval. An overall computation of CO
M · T is needed in order to obtain

the per-sample optimal gain performance. The mean localized per-sample
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optimal AP selection gain, denoted as GOPT, can be written as

GOPT =
1

T

T∑
t=1

arg max
u∈[1,COM ]

t=i

G(u, t), (1 ≤ i ≤ T ). (4.14)

The effects of using increasing numbers of mmWave APs and different AP

selection mechanisms on the mean localized diversity gain for the paths AB and

BA are shown in Figures 4.10(a) to 4.10(c). As expected, for a fixed number

of mmWave APs, the per-sample random AP selection always performed worst,

while the per-sample optimal AP selection provided the best performance for both

of the considered mobile paths, e.g., when M = 5, for the path AB, the value of

SC GRS was only 8.1 dB (Figure 4.10(a)), while the corresponding values of the

SC GOS and GOPT were 9.4 dB and 11.1 dB (Figure 4.10(b) and Figure 4.10(c)),

respectively. This observation is the result of the per-sample random AP selection

simply choosing AP pairs randomly while ignoring the instantaneous feedback

contained within the RSS information. Conversely, the per-sample optimal AP

selection updates the AP selection by choosing the AP pairs with the maximum

localized gain per sample interval.

Furthermore, for the one-shot and per-sample optimal AP selection mech-

anisms, the diversity gain improvements were observed to ‘saturate’ with the

increasing numbers of mmWave APs. For instance, for the one-shot AP selection

mechanism in Figure 4.10(b), when M is increased from 3 to 6, the EGC GOS for

the path AB increased from 6.1 dB to 11.7 dB. Meanwhile, when M was further

increased from 6 to 9, the EGC GOS for the path AB only slightly increased from

11.7 dB to 12.3 dB. A similar phenomenon was also observed in the per-sample
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Figure 4.10. The effects of using increasing numbers of mmWave APs on the
mean localized diversity gain for the path AB (solid) and BA (dashed): (a) per-
sample random AP selection, (b) one-shot AP selection, (c) per-sample optimal
AP selection.
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optimal AP selection mechanism (Figure 4.10(c)). This was due to the fact that

with an increasing number of mmWave APs, values of the localized CCC and

CPI between different AP locations also unavoidably increase, thus providing a

ceiling for the DAS diversity gain improvements [18].

Most importantly, from the mean localized diversity gain plots provided in

Figure 4.10, the optimal number of APs for each selection mechanism can be iden-

tified. For instance, for the per-sample random AP selection in Figure 4.10(a), it

can be observed that up until M = 6, significant improvements in the diversity

gain are achieved for all the combining schemes. Although after this point, im-

provements in the diversity gain were not as significant as subsequent APs were

added to the system. Similar to the per-sample random AP selection, the greatest

improvements in the diversity gain for the one-shot AP selection were observed

for successive additions of the APs until M = 6 (Figure 4.10(b)). After this, the

value of GOS only marginally increased for both mobile paths, e.g., when M in-

creased from 6 to 9, the MRC GOS for the path AB only increased from 13.5 dB

to 14.8 dB (i.e., a 1.3 dB improvement). Considering the extra system com-

plexities introduced by including additional mmWave APs, using 6 APs appears

to provide the optimal diversity gain performance for the one-shot AP selection

mechanism. Compared to the previous two AP selection mechanisms, as shown

in Figure 4.10(c), the GOPT converged to its optimal values at a much faster rate

for both paths AB and BA. This behavior is particularly noticeable for the SC

and MRC schemes for M > 4. The reason for this is that the per-sample optimal

AP selection evaluates the connections among different AP pairs during sample

interval, thus the same favorable AP pairs will always be chosen within a specific

time and increasing the number of mmWave APs simply adds additional ‘noisy’
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APs to the previously selected ‘optimal’ AP pairs. This can be further verified

for the EGC technique when M was larger than 4. Here the values of GOPT were

discovered to actually decrease since EGC assigns the same weight to each of the

APs regardless of the individual link’s quality, e.g., when M increased from 4 to

9, the values of GOPT for the path AB decreased from 13.1 dB to 12.3 dB.

4.6 Conclusion

Prior to the successful deployment of DASs, it is necessary to understand many

of the factors related to signal propagation which can affect system performance.

In this chapter, the signal received from a hypothetical UE operating at 60 GHz

in an indoor environment by 9 ceiling-mounted APs has been empirically stud-

ied. In particular, a number of the key metrics governing the performance of

DASs such as the cross correlation, channel power imbalance and diversity gain

are characterised using a range of time series tools. The results have shown that

the distribution of the CCCs between various AP pairs was well described by a

Gaussian distribution with µ = 0 and σ varying between 0.1 and 0.2. Addition-

ally, when compared to NLOS scenarios, the existence of LOS and QLOS signal

paths produced higher CCCs values with increased spread.

Applying ARMA models to the CCC time series, it was found that processes

of order ARMA(9, 1) and ARMA(5, 1) could be used to satisfactorily model the

evolution of the CCC for paths AB and BA (representing two opposite mobile

directions), respectively. Similar to the CCC, the presence of LOS and QLOS

signal paths induced higher CPI values. As the CPI typically displayed non-

stationary statistical characteristics, it was necessary to model the CPI process
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using an ARIMA model. For this purpose, it was found that the CPI time series

could be adequately modeled and predicted using an ARIMA(p, 2, d) process,

with p ≤ 10 and q ≤ 20. The validity of the ARMA and ARIMA models was

examined by visually checking the ACF and PACF of the acquired residual series,

using the Ljung-Box test as well as a comparison of the CCC and CPI time series

in-sample forecast and those of the experimental results. Despite failing the

Ljung-Box test for ≈ 50% of the considered cases, the resultant normalized ACF

and PACF across most time lags was observed to fall within the CIs of 95% and

99%. Furthermore, the in-sample forecast (and associated error measures) have

shown that ARIMA models can still be used to provide an adequate prediction

of the CPI time series evolution.

Lastly, three diversity combining techniques (SC, EGC and MRC) along with

three AP selection mechanisms for use in mmWave DAS are considered within

this chapter. It was found that the per-sample optimal AP selection provided the

highest diversity gains albeit at the cost of additional computations. Most no-

tably, based on the diversity gain results, it was ascertained that utilizing greater

numbers of mmWave APs generally provided a better performance for the per-

sample random AP selection mechanism, while the performance improvements

over a certain number of mmWave APs were discovered to be limited for the

one-shot and per-sample optimal AP selection mechanisms. It can be concluded

that a 6-AP with one-shot AP selection and 4-AP with per-sample optimal AP

selection mmWave DAS should provide satisfactory diversity performances.

78



Chapter 5

User Equipment Usage

Classification in Indoor mmWave

DASs

User-induced channel effects vary significantly with activity and UE operating

mode and tend to be more pronounced at mmWave frequencies [13, 14]. One

way to guarantee the QoS at the user side and further evolve traditional wire-

less networks towards intelligent networks is to utilize network radio resource

management RRM optimization techniques based on identifying the UE use case

(e.g., making a call, texting messages etc.) and the user activity (e.g., walk-

ing, standing, sitting, laying down etc.) or whether the UE is in a LOS/NLOS

condition relevant to the AP [20, 21, 70, 125, 126]. User activity recognition also

provides opportunities to optimise emerging applications, such as smart home

automation, entertainment, healthcare, safety protection and well-being moni-

toring/management [22,127].
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5.1 Introduction

One approach to identifying user activity or use case often employed in the litera-

ture makes use of wearable sensors. Geng et al. [71] proposed a RF based motion

classification approach combined with some statistical measures obtained from

the RSS collected by on-body sensors. These metrics included mean, variance,

level crossing rate (LCR) and fading duration, etc. A Support Vector Machine

(SVM) was utilized in the classifier and an accuracy of between 82.7% and 90.4%

was obtained for correctly identifying human motions, e.g., standing, walking

and running, etc. An inertial sensor coupled with a supervised based approach

to learning was proposed in [64]. Using data collected by the tri-axial accelerom-

eter and gyroscope of a smartphone, a series of statistical features were extracted

from the time domain information, including the mean, standard deviation, and

interquartile range as well as weighted average, skewness and kurtosis in the fre-

quency domain. The authors of [64] proposed an online framework using Naive

Bayes (NB) and K-Nearest Neighbors (KNN) [66]. Both static user activities,

e.g., standing, sitting, and laying down and dynamic user activities, e.g., walking

and climbing up and down stairs were classified with an accuracy of up to 90.1%.

Another popular approach commonly used for activity recognition in wireless net-

working is vision-based, typically requiring video camera monitoring to recognize

different human actions. For instance, mmWave human blockage prediction using

RGB-D (depth) cameras was used to assisted with handovers in [128]. A test-bed

consisting of a Kinect sensor [129] and IEEE 802.11 ad compliant WLAN devices

was constructed to estimate the position and velocity of pedestrians, with the aim

of avoiding throughput degradation by predicting potential human body blockage
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incidents.

While clearly proficient at estimating user activity, the sensor based ap-

proaches do require supplementary sensors, data analysis, and processing capabil-

ity at the UE. Besides, the application of video cameras at mmWave frequencies

is not always practical, for example when the necessary recording equipment is

unavailable or where there are privacy concerns. Furthermore, image processing

can be computationally expensive, which may mean that it may not be able to

adapt in response to the real-time nature of wireless communications. Motivated

by the need for accurate user activity recognition in mmWave networks and some

of the limitations of the previously discussed work, in this chapter a combined su-

pervised and unsupervised learning approach is proposed that is able to recognize

UE use case and user activity for indoor scenarios.

5.2 Classification Methodology

The proposed classification system is illustrated in Fig. 5.1. There are five key

stages which make up the system. These are (1) data preprocessing, (2) data

segmentation and labeling, (3) RSS feature extraction, (4) RSS feature scaling,

and (5) supervised learning based classification. After preprocessing, the system

segments the user state into either static or mobile scenarios. The UE use cases

for both static and mobile can be classified after the supervised learning based

classification. In particular, for the user static scenario, user orientation (LOS,

QLOS, and NLOS) is additionally classified.

Fig. 5.2 illustrates the geometry of the different measurement scenarios. As

can be seen, three common UE use cases are considered in this study: (1) Call
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Figure 5.1. Flow diagram indicating the different stages of the proposed classifi-
cation system.
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Figure 5.2. Geometry of measurement scenarios.
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scenario, where the user holds the UE at his right ear while imitating the action

of making a voice call; (2) App scenario, where the user holds the UE with his

two hands in front of his chest, replicating the behavior of using an application;

(3) Pocket scenario, where the user keeps the UE in the right waist pocket of his

clothing. Consequently, the antenna boresight is oriented outwards away from the

user’s right ear, front chest, and right waist pocket for the Call, App and Pocket

scenarios, respectively. In addition, in the static scenario, the LOS, QLOS and

NLOS cases are specified in terms of the orientation angle relative to the direct

geometric path to the wireless AP, i.e. 0◦ for LOS, 90◦/270◦ for QLOS and 180◦

for NLOS cases, respectively. The relationship between the orientation angles (0◦,

90◦/270◦ and 180◦) relative to the wireless AP and the user orientations (LOS,

QLOS and NLOS) was investigated in [130,131]. This convention is followed for

the UE orientations in the measurement set-up within this chapter.

5.2.1 Data Segmentation and Labeling

Windowing approaches are normally used for time-series signal segmentation in

human activity recognition [132]. In this chapter, sliding windows with overlap

and without overlap have both been applied in the data segmentation stage to

investigate the optimal window type for 60 GHz indoor scenarios. Given that T

is the sliding window size and the overlap ratio is defined as p (0 ≤ p < 1), thus

the overlap size is given by T ∗ p. Suppose there are N available RSS segments

in total after the data segmentation process, the RSS vector R can be defined as

R = [R1, ...,Rn, ...,RN ] , (1 ≤ n ≤ N) (5.1)
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where Rn is the RSS vector of the n-th segment, thus Rn can be written as

follows

Rn =
[
r1n, ..., r

t
n, ..., r

T
n

]
, (1 ≤ t ≤ T ) (5.2)

where rtn is the linear RSS value at time instant t in the n-th segment. Afterwards,

the labels are assigned in the data labeling stage for later used by the supervised

learning based classifier. The label vector L is denoted as

L = [L1, ..., Ln, ..., LN ] , (1 ≤ n ≤ N) (5.3)

where Ln is the assigned label for the n-th RSS segment. It is relatively easy

to assign the label, if only one activity occurs during one segmentation window,

however, if more than one activity occurs within a segment, it becomes difficult

to allocate the corresponding label. In this chapter, since the current UE use

case is considered to be recognized rather than the previous state, the label is

assigned based on the latter state of the window segmentation, e.g., if the Call

and App states occur in succession within the n-th segment, then the label Ln

will be given as App.

5.2.2 K-means Preprocessing

To extract the small-scale fading for analysis, the path loss and large-scale fading

must first be removed. Typically, the path loss and large-scale fading components

can be acquired by applying a low-pass filter to the raw RSS data in the linear

scale. However, the correct length of the low-pass filter depends on the actual

user activities. For instance, in the static case, the path loss and large-scale
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fading can be assumed to be fairly constant, thus the length of low-pass filter

can be conveniently set as exactly the same as the segmentation window size,

However for the mobile case, the path loss and large-scale fading components can

vary over time, thus following convention, a low pass filter with a length of ten

length wavelengths was chosen [121]. At 60 GHz, this equates to a distance of

50 mm. The effective sampling rate of the RSS measurement system used in this

study was 1 kHz, with a user walking speed of 1 m/s, the moving window size

is exactly 50 samples. The details of the experimental set-up are discussed in

Section 5.3. Due to choices of different lengths of low-pass filter window size, an

initial decision on whether the user is standing static or walking needs to be made.

For this purpose, unsupervised k-means clustering [133] is used. More precisely,

the variance of the small-scale fading (on a logarithmic scale) in each segment

and the cluster number of 2 are set as the inputs to the k-means algorithm.

An example of the output of the k-means preprocessing is shown in the top

part of Fig. 5.3 which uses a segmentation window with no overlap (i.e., T = 1000

and p = 0) applied to the raw RSS. From the output, it can be seen that accurate

state estimation can be achieved with approximately 99.8% success, verifying that

the static and mobile activities can be accurately differentiated using this simple

preprocessing technique. A detailed discussion on selecting the segmentation

window type and size will be presented in Section 5.5.1. Although a very high

estimation accuracy was achieved at the preprocessing stage, incorrect estimation

was still observed to occur. An example of this is illustrated in the bottom part

of Fig. 5.3. The incorrect estimation occurs in the 84th segmentation element,

as the segment element in fact consists of both mobile and static states. The

majority of this element is dominated by the mobile state, however, as discussed
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...

Raw RSS

Segmented small-scale fading

K-means output

Figure 5.3. The output of k-means preprocessing with a segmentation window
of size T = 1000 and no overlap p = 0 is shown at the top. Meanwhile, an
example of where the k-mean preprocessing failed to estimate the correct state is
demonstrated at the bottom.

in Section 5.2.1, the label allocated to this element is based on the more recent

state, thus this type of incorrect estimation is unavoidable.

After the static and mobile activities are differentiated, the low-pass filter of

correct window type and length will be applied to each RSS segment based on

the estimated user activity. Thus the exact small-scale fading of the mmWave

channel can be extracted and the small-scale fading vector Sn is obtained as

Sn = [s1, ..., sn, ..., sN ] , (1 ≤ n ≤ N) (5.4)

where sn is the linear small-scale fading of the n-th segment and sn can be

expressed as
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sn =
[
s1n, ..., s

t
n, ..., s

T
n

]
, (1 ≤ t ≤ T ) (5.5)

where stn is the linear small-scale fading of time instant t in the n-th segment.

Correspondingly, the small-scale fading of the n-th segment in the logarithmic

scale, denoted as yn, can be calculated as

yn = 20 · log10(sn). (5.6)

5.2.3 Small-scale Fading Feature Extraction

Six statistical features were extracted from the segmented small-scale fading time-

series in this work: 1) variance, 2) Rice K factor, 3) Nakagami m parameter, 4)

channel coherence time, 5) AFD, and 6) LCR. Details of each feature in the n-th

segment are shown as follows

5.2.3.1 Variance

Var [yn] =
1

T − 1

T∑
t=1

∣∣∣∣∣ytn − 1

T

T∑
q=1

yqn

∣∣∣∣∣
2

(5.7)

where ytn is the logarithmic small-scale fading at the time instant t in the n-th

segment.

5.2.3.2 Rice K Factor

The PDF of Rice distribution [49] is defined by

p(sn|ν̂, σ̂) =
sn
σ̂2

exp

{
−
[
(sn)2 + ν̂2

]
2σ̂2

}
I0(

snν̂

σ̂2
) (5.8)
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where ν̂ and σ̂ are estimated Rice shape and scale parameters. The Rice K factor,

which characterises the ratio between the power carried by the LOS component

and the power contained the scattered waves, is defined as

K(sn) =
ν̂2

2σ̂2
. (5.9)

5.2.3.3 Nakagami m Parameter

The PDF of the Nakagami distribution [50] may be written as

p(sn; m̂, Ω̂) =
2m̂m̂

Γ(m̂)Ω̂m̂
(sn)2m̂−1 exp

[
−m̂

Ω̂
(sn)2

]
(5.10)

where Ω̂ (Ω̂ > 0) is the estimated parameter controls the spread and m̂ (m̂ > 0.5)

is the estimated shape parameter, which represents the multipath fading severity

and defined by

m̂(sn) =
E2
[
(sn)2

]
Var

[
(sn)2

] . (5.11)

5.2.3.4 Channel Coherence Time

The time-series autocorrelation function (ACF) for time lag i [113] is given by

Ri =
ci
c0

=
ci

Var [sn]
(5.12)

where ci is the autocovariance function of time lag i and defined as

ci =
1

T

T−i∑
t=1

(
stn −

1

T

T∑
q=1

sqn

)(
st+in −

1

T

T∑
q=1

sqn

)
(5.13)
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and the channel coherence time Tc is defined as

Tc(γ) = i(Ri > γ) · Ts (5.14)

where γ (0 < γ < 1) is a selected ACF threshold and Ts represents the sampling

time.

5.2.3.5 Average Fade Duration

The AFD is defined as the average time duration of a fading event [134]. The

empirical AFD below a pre-defined threshold δ may be written as

AFD(yn, δ) =
d (ytn < δ)

N(ytn < δ)
(5.15)

where d denotes the overall time duration of fading events below a threshold δ

within the n-th segment, and N denotes the total number of fading events within

the n-th segment.

5.2.3.6 Level Crossing Rate

The LCR is defined by the average number of times per second that a fading

signal crosses a pre-defined threshold δ [134]. It is given by

LCR(yn, δ) =
N(ytn < δ)

T
. (5.16)

The rationale for choosing the Rice K factor and Nakagami m parameter fea-

tures is that both models have shown a good fit to the small-scale fading observed

in 60 GHz small cell deployments [14]. Besides, due to the computational com-
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plexities of κ-µ models, the Rice K factor and Nakagami m parameters are chosen

rather than the κ and µ parameters as presented in Section 3.3.2. Additionally,

as shown in [135], the second-order statistics, such as AFD and LCR, are highly

correlated to different UE use cases. Therefore, the UE use cases could poten-

tially be classified by exploiting the characteristics of these statistical features.

The Rice K factor and Nakagami m parameter were estimated using maximum

likelihood estimation (MLE) performed in MATLAB, the first empirical ACF

threshold γ was selected to be 0.5, since the coherence time is defined as the time

over which the ACF is above 0.5 [38]. A second ACF threshold γ of 0, indicating

the first time instance that the small-scale fading observed to become entirely

decorrelated, was also selected. It can be seen from Fig. 5.3 that the majority of

the small-scale fading occurred in the range of −20 dB to 10 dB. Subsequently, δ

was set between [−20, 10] dB with a 1 dB step size. As a result, the dimensions

of the adopted statistical features were N × 67 in the proposed approach.

5.2.4 Small-scale Fading Feature Scaling

During the exploratory data analysis, it was noticed that the range of each fea-

ture’s values varies widely. If one feature’s value has a much broader range than

the others, it is very likely that the object function’s distance of the classifier

could be dominated by this wide-range feature [136]. Additionally, it is known

that the gradient descent converges much faster with feature scaling than with-

out it [137]. For these reasons, the values of all features were scaled before being

used as an input to a classifier. This scaling process is also known as feature

normalization. There are four different scaling mechanisms adopted in this chap-
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ter, namely: 1) min-max normalization (min-max ) [138], 2) mean normalization

(mean) [139], 3) standardization (standard) [140], and 4) unit length scaling (unit

length) [141]. Each of the scaling mechanisms is defined below where fj denotes

the j-th extracted feature before normalization, while f
′

j denotes the j-th nor-

malized feature:

5.2.4.1 Min-max

f
′

j =
fj −min(fj)

max(fj)−min(fj)
(5.17)

where max(fj) and min(fj) denote the maximum and minimum value of the j-th

extracted feature, respectively.

5.2.4.2 Mean

f
′

j =
fj − f̄j

max(fj)−min(fj)
(5.18)

where f̄j denotes the mean value of the the j-th extracted feature.

5.2.4.3 Standard

f
′

j =
fj − f̄j

Std(fj)
(5.19)

where Std(fj) denotes the standard deviation of the j-th extracted feature.

5.2.4.4 Unit length

f
′

j =
fj

‖fj‖
(5.20)

where ‖fj‖ denotes the l2-norm of the j-th extracted feature.
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5.2.5 Supervised Learning Based Classifier

Four types of supervised learning approaches are considered in this chapter,

namely multi-class SVM [142], DT [143], NB [144] and EL [145]. Different from

the solution of binary classification problems using SVM methods, the multi-

class SVM methods often adopt voting schemes based on combining many binary

classification decision functions, thus are typically used in multi-class pattern

recognition problems [142]. The DT classifier is another one of the most common

supervised learning approaches and the basic idea of DT classifiers is to transform

the learning task into a multistage decision making process. It aims to break up

a complex decision into a collection of several simpler decisions and obtain a final

solution could resemble the intended desired result [143]. The NB method as-

signs the most likely class to a given example described by its own feature vector,

and this is based on a unrealistic assumption that the features are independent

given class. Despite its naive design and oversimplified assumptions, NB method

has worked well in many complex real-world situations, such as text classifica-

tion, medical diagnosis, and systems performance management [144]. Unlike the

supervised learning methods described above, the EL method combine multiple

base learners that produce the learning models and the errors of a single base

learner are likely to be compensated by other base learners [145]. As a result, the

overall prediction performance of the EL method could be better than that of a

single base learner.

As shown in Figure 5.1, the inputs provided to the supervised learning based

classifier are the scaled RSS statistical features and the assigned data labels. It

is noted that the order of the input features is as described in Section 5.2.3,
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i.e., starting from the Var through to LCR. Furthermore, aiming to train the

corresponding classifier model, the data is partitioned randomly into three parts,

i.e., training, validation and test data. Additionally, 10-fold cross validation [146]

has been performed to ensure that the trained classifier model is independent of

the unknown data set and avoids the problem of overfitting or selection bias. In

10-fold cross validation, the segmented data is randomly partitioned into 10 equal-

size sub-samples. Subsequently, a single sub-sample is retrained as validating

data, while the remaining 9 sub-samples are used as training data. In this way,

the cross-validation is repeated 10 times and these results are averaged to produce

a unique estimation.

5.3 Experimental Set-up and Scenarios

The details of the experimental set-up can be found in Section 3.3.1. In this work,

only the centralized AP was considered and indicated by the red circle (Fig. 5.4).

The recorded RSS data was downsampled by averaging 96 consecutive samples

to improve the SNR performance, thus giving an effective sampling rate of 1 kHz

after downsampling. Additionally, the horizontal, i.e., floor projected distance

between the mmWave AP and the test user was always maintained at 3 m for the

static scenarios and varied from 0 m to 7 m for the mobile scenarios, respectively.

During the mobile scenarios, the user walked at a constant speed of approxi-

mately 1 m/s along different paths (in both directions), i.e., Path a, b, c, and d

as shown in Fig. 5.4. The lengths of Path a, b, c, and d are 10 m, 9 m, 9 m and

9 m, respectively. The user alternated between each of UE use cases (Call, App

and Pocket) in a random manner. For the static scenario, measurements were
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Figure 5.4. Floor plan for mmWave indoor measurement scenario.

conducted in the gray color-filled area indicated in Fig. 5.4 during which the

user stood stationary and randomly cycled through the UE use cases. A digital

camera was utilized to record the experiments and generate the ground truth of

the measurement as well as the labels for the training data.

5.4 Data Validation

To improve the robustness of the measurement results, each of the aforemen-

tioned measurement scenarios were repeated three times. Afterwards, all of the

collected RSS data was fed in to the data segmentation stage of the classification

system, as shown in Fig. 5.1. The overall measurement data set consisted of

approximately 570,000 samples, equivalently 570s length in time (210s for the
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mobile scenarios and 360s for the static scenarios). This included the measure-

ment data for all the four mobile paths, i.e., paths a, b, c, and d, to make sure

that the small-scale fading for various user walking cases was fully captured. In

the static scenarios, the minimum duration for each user orientation (LOS, QLOS

and NLOS) measurement was 10s to ensure that various physiological effects such

as breathing were adequately recorded. Subsequently, the data was randomly di-

vided into three independent sets, i.e., training (70%), validation (15%) and test

sets (15%). Additionally, the 10-fold cross validation (described in Section 5.2.5)

was performed on the acquired data to make sure that the problem of overfitting

can be effectively avoided.

5.5 Results

5.5.1 Effects of Various Window Sizes and Types

After obtaining the measurement data from the mobile state (including different

walking paths) and static state (including various user orientations), firstly the

RSS data needs to be segmented as described in Section 5.2.1. Nonetheless,

choosing the optimal window type and size for the RSS segmentation is a critical

issue in the classification process. On one hand, a larger window size is needed

for complex activities but requires more computational resources. On the other

hand, a smaller window size enables a faster recognition rate, but the limited

information in the smaller window may result in poorer classification performance.

Generally speaking, there is not a specific optimal window type and size for

activity recognition work, the selected window type and size is often dependent
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Figure 5.5. Effect of various window sizes and types upon classification accuracy

on the device and system requirements [132].

The classification accuracy performance after k-means preprocessing for dif-

ferent window types is presented in Fig. 5.5. Specifically, the performance of

various sliding window sizes T without overlap (p = 0) and sliding windows with

different overlapping ratios for the T = 1000 case are shown. As the RSS sam-

pling rate in this work was 1 kHz, the time duration of each segmentation window

of T = 1000 is exactly T/1000 = 1s. The highest classification accuracy obtained

was 99.8% for T = 1000 and p = 0. Thus this segmentation format was used

to obtain the results presented in the remainder of this chapter. Additionally,

the mean normalization described in Section 5.2.4 was observed to provide the

highest classification accuracy throughout all the considered scenarios, thus it is

also adopted in the sequel.
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5.5.2 Performance Metrics

A confusion matrix, also known as an error matrix, allows the visualization of an

algorithm’s performance in statistical classification problems. In a typical confu-

sion matrix, each row of the matrix represents the instances in a predicted/output

class, while each column represents the instances in an actual/target class. The

diagonal cells correspond to ratios of observations that are correctly classified and

the off-diagonal cells correspond to ratios of incorrectly classified observations.

Additionally, the Recall, also called true positive rate (TPR) and Precision, also

called positive predictive value (PPV) metrics are also provided in the confusion

matrices given in Tables 5.1 to 5.7. Recall is defined by the fraction of the num-

ber of correct positive results and the number of positive results that should have

been returned, while Precision is defined by the fraction of the number of correct

positive results and the number of all positive results predicted in the test set.

The values of Recall and Precision are given by

Recall =
TP

P
=

TP

TP + FN
(5.21)

Precision =
TP

P̂
=

TP

TP + FP
(5.22)

where TP is the number of true positive samples, P is the number of all actual

positive results, FN is the number of false negative samples, P̂ is the number

of all predicted positive results and FP is the number of false positive samples.

Also, the overall accuracy of correctly classified classes is given in the bottom

right corner (boxed) of the confusion matrix table, i.e., the cross-section of the
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MCC =

∑
u

∑
v

∑
z(VuuVvz − VuvVzu)√∑

u(
∑

v Vuv)(
∑

u′ |u′ 6=u
∑

v′ Vu′v′ )
√∑

u(
∑

v Vvu)(
∑

u′ |u′ 6=u
∑

v′ Vv′u′ )

(5.23)

Recall and Precision entries.

Moreover, in order to consider both the Precision and Recall of the test to

compute the score of classification accuracy, the F-measure [147] and Matthews

correlation coefficient (MCC) [148] are commonly applied in the machine learning

field. The main difference between the F-measure and MCC is that, MCC takes

into account TP, true negative (TN), FP, and FN even if the classes are of very dif-

ferent sizes, while the F-measure does not include TN and performs better when

the sizes of classes are exactly same. In this chapter, since the time the user spends

in each UE use case may be slightly different, MCC is adopted as the classifica-

tion score for the proposed recognition approach. The MCC under the multi-class

case, also called the RU statistic (for U classes), is generally defined in terms of a

U × U -size confusion matrix V in [149] and shown in Equation (5.23). In Equa-

tion (5.23), Vuv corresponds to the element of u-th row and v-th column in the

confusion matrix V and {u, u′ , v, v′ , z ∈ Z : 1 ≤ u, u
′
, v, v

′
, z ≤ U} = {1, 2, ..., U}.

The maximum value of MCC is always +1 and the minimum value will be be-

tween −1 and 0 depending on the true distribution. Consequently, an MCC of

+1 represents a perfect prediction, 0 means no better than random prediction

and negative MCC values indicate a great disagreement between prediction and

observation.
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5.5.3 UE Use Classification Results

Following the approach described above and illustrated in Fig. 5.1, classification

results for different UE use cases using each classifier were obtained and are given

in Tables 5.1 to 5.4. As can be seen, the DT classifier outperforms all others with

an accuracy of 100% (MCC: 1.0) and 98.0% (MCC: 0.9725) for both mobile and

static activities, respectively. The NB classifier performs worst in both mobile and

static cases, with an accuracy of 71.1% (MCC: 0.684) and 59.2% (MCC: 0.6756).

The reason for this is that the statistical features adopted in this chapter are

potentially highly correlated, whereas the assumption of the NB classifier is that

the features are non-correlated. Furthermore, for every classifier the accuracy

performance for the mobile activity is better than static activity. For example,

with the EL classifier (Table 5.4), the overall accuracy is 89.5% (MCC: 0.8329)

in the mobile scenario, compared to 87.8% (MCC: 0.7835) for the static scenario.

The main reason for this is that in the mobile scenario, the statistics of small-

scale fading are highly correlated with the UE use cases [135], i.e., how the UE is

handled by the user. However, in the static scenario, in addition to how the user

is handing the UE, user breathing and vibration effects cannot be neglected at

mmWave frequencies. Hence the statistics of small-scale fading are more likely

to be quasi-stationary or non-stationary [150].

5.5.4 User Orientation Classification Results

The user orientation estimation results are provided in Tables 5.5 to 5.7. Again,

the DT classifier performs better and is more robust than the other classifiers with

an accuracy of 98.2% (MCC: 0.9725), 97.6% (MCC: 0.9672) and 100% (MCC: 1)

99



5.5 Results

Table 5.1. Confusion matrix for multi-class SVM classifier

(a) Confusion matrix for SVM classifier – mobile scenarios

Accuracy Call App Pocket Precision

Call 1.0 0.0 0.0 1.0

App 0.125 0.875 0.0 0.875

Pocket 0.0 0.0 1.0 1.0

Recall 0.875 1.0 1.0 0.947

MCC 0.94

(b) Confusion matrix for SVM classifier – static scenarios

Accuracy Call App Pocket Precision

Call 0.882 0.059 0.059 0.882

App 0.0 0.857 0.143 0.857

Pocket 0.0 0.083 0.917 0.917

Recall 1.0 0.706 0.824 0.837

MCC 0.8299

Table 5.2. Confusion matrix for DT classifier

(a) Confusion matrix for DT classifier – mobile scenarios

Accuracy Call App Pocket Precision

Call 1.0 0.0 0.0 1.0

App 0.0 1.0 0.0 1.0

Pocket 0.0 0.0 1.0 1.0

Recall 1.0 1.0 1.0 1.0

MCC 1.0

(b) Confusion matrix for DT classifier – static scenarios

Accuracy Call App Pocket Precision

Call 1.0 0.0 0.0 1.0

App 0.0 1.0 0.0 1.0

Pocket 0.0 0.056 0.944 0.944

Recall 1.0 0.941 1.0 0.980

MCC 0.9725
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Table 5.3. Confusion matrix for NB classifier

(a) Confusion matrix for NB classifier – mobile scenarios

Accuracy Call App Pocket Precision

Call 1.0 0.0 0.0 1.0

App 0.278 0.444 0.278 0.444

Pocket 0.0 0.111 0.889 0.889

Recall 0.688 0.889 0.615 0.711

MCC 0.684

(b) Confusion matrix for NB classifier – static scenarios

Accuracy Call App Pocket Precision

Call 0.424 0.273 0.303 0.424

App 0.111 0.889 0.0 0.889

Pocket 0.0 0.0 1.0 1.0

Recall 0.933 0.471 0.412 0.592

MCC 0.6756

Table 5.4. Confusion matrix for EL classifier

(a) Confusion matrix for EL classifier – mobile scenarios

Accuracy Call App Pocket Precision

Call 1.0 0.0 0.0 1.0

App 0.143 0.857 0.0 0.857

Pocket 0.0 0.2 0.8 0.8

Recall 0.875 0.857 1.0 0.895

MCC 0.8329

(b) Confusion matrix for EL classifier – static scenarios

Accuracy Call App Pocket Precision

Call 0.838 0.063 0.1 0.938

App 0.0 0.789 0.211 0.789

Pocket 0.0 0.071 0.929 0.929

Recall 1.0 0.882 0.765 0.878

MCC 0.7835
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for the Call, App, and Pocket cases, respectively. Furthermore, the classification

accuracy for the Call case is higher than the App and Pocket scenarios. For

example, for the multi-class SVM classifier, the overall classification accuracy for

the Call case is 98.2% (MCC: 0.9793) and only 92.7% (MCC: 0.8894) and 85.4%

(MCC: 0.7807) for App and Pocket, respectively. A possible explanation for this is

due to the fact that in the Call scenario, the user was holding the UE very close to

the ear position at a higher elevation, with the antenna boresight facing away from

the body, thus more strongly differentiating between the LOS, QLOS and NLOS

cases than those in the App and Pocket scenarios. It is also interesting that the

App and Pocket scenarios are difficult to recognize under QLOS conditions. For

example, in the confusion matrix of the EL classifier in Table 5.6 and Table 5.7,

the precision of QLOS is 62.5% (App) and 88.9% (Pocket), while the precision

of LOS is 72.7% (App) and 93.8% (Pocket) and the precision of NLOS is 64.3%

(App) and 93.8% (Pocket), respectively. This indicates for the App and Pocket

scenarios, the differences between QLOS and LOS/NLOS are not always clear as

the antenna boresight is facing towards the floor in the App case and the UE is

positioned at a lower elevation in the pocket in the Pocket case.

5.5.5 Computational Cost

Another significant issue for human activity recognition in mmWave networks is

the computational cost for training and validating the machine learning model.

Table 5.8 shows the time taken to train and validate models for the various classi-

fiers. The workstation used in this study featured an Intel(R) Core(TM) i7-6700

CPU operating at 3.40 GHz with 16.0 GB of RAM. Table 5.8 shows that the
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Table 5.5. User orientation confusion matrix for the Call case

(a) Confusion matrix for multi-class SVM classifier

Accuracy LOS QLOS NLOS Precision

LOS 0.958 0.042 0.0 0.958

QLOS 0.0 1.0 0.0 1.0

NLOS 0.0 0.0 1.0 1.0

Recall 1.0 0.938 1.0 0.982

MCC 0.9793

(b) Confusion matrix for DT classifier

Accuracy LOS QLOS NLOS Precision

LOS 1.0 0.0 0.0 1.0

QLOS 0.0 1.0 0.0 1.0

NLOS 0.0 0.056 0.944 0.944

Recall 1.0 0.938 1.0 0.982

MCC 0.9725

(c) Confusion matrix for NB classifier

Accuracy LOS QLOS NLOS Precision

LOS 0.84 0.08 0.08 0.84

QLOS 0.2 0.8 0.0 0.8

NLOS 0.0 0.286 0.714 0.714

Recall 0.913 0.50 0.882 0.786

MCC 0.6811

(d) Confusion matrix for EL classifier

Accuracy LOS QLOS NLOS Precision

LOS 1.0 0.0 0.0 1.0

QLOS 0.0 1.0 0.0 1.0

NLOS 0.0 0.0 1.0 1.0

Recall 1.0 1.0 1.0 1.0

MCC 1.0
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Table 5.6. User orientation confusion matrix for the App case

(a) Confusion matrix for multi-class SVM classifier

Accuracy LOS QLOS NLOS Precision

LOS 0.917 0.083 0.0 0.917

QLOS 0.0 0.923 0.077 0.923

NLOS 0.0 0.063 0.938 0.938

Recall 1.0 0.857 0.938 0.927

MCC 0.8894

(b) Confusion matrix for DT classifier

Accuracy LOS QLOS NLOS Precision

LOS 1.0 0.0 0.0 1.0

QLOS 0.067 0.933 0.0 0.933

NLOS 0.0 0.0 1.0 1.0

Recall 0.909 1.0 1.0 0.976

MCC 0.9672

(c) Confusion matrix for NB classifier

Accuracy LOS QLOS NLOS Precision

LOS 1.0 0.0 0.0 1.0

QLOS 0.2 0.5 0.3 0.5

NLOS 0.067 0.267 0.667 0.667

Recall 0.545 0.714 0.625 0.634

MCC 0.5894

(d) Confusion matrix for EL classifier

Accuracy LOS QLOS NLOS Precision

LOS 0.727 0.182 0.091 0.727

QLOS 0.0 0.625 0.375 0.625

NLOS 0.214 0.143 0.643 0.643

Recall 0.727 0.714 0.563 0.659

MCC 0.4982
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Table 5.7. User orientation confusion matrix for the Pocket case

(a) Confusion matrix for multi-class SVM classifier

Accuracy LOS QLOS NLOS Precision

LOS 0.857 0.071 0.071 0.857

QLOS 0.308 0.692 0.0 0.692

NLOS 0.0 0.0 1.0 1.0

Recall 0.75 0.90 0.933 0.854

MCC 0.7807

(b) Confusion matrix for DT classifier

Accuracy LOS QLOS NLOS Precision

LOS 1.0 0.0 0.0 1.0

QLOS 0.0 1.0 0.0 1.0

NLOS 0.0 0.0 1.0 1.0

Recall 1.0 1.0 1.0 1.0

MCC 1.0

(c) Confusion matrix for NB classifier

Accuracy LOS QLOS NLOS Precision

LOS 1.0 0.0 0.0 1.0

QLOS 0.286 0.714 0.0 0.714

NLOS 0.259 0.185 0.556 0.556

Recall 0.438 0.5 1.0 0.659

MCC 0.6635

(d) Confusion matrix for EL classifier

Accuracy LOS QLOS NLOS Precision

LOS 0.938 0.063 0.0 0.938

QLOS 0.111 0.889 0.0 0.889

NLOS 0.038 0.024 0.938 0.938

Recall 0.938 0.8 1.0 0.927

MCC 0.8829
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Table 5.8. Computational time for training and validation

Classifier type Computation time (s)
Multi-SVM 0.28

DT 0.09
NB 3.76
EL 2.60

DT and multi-SVM classifiers outperformed the other classifiers when consid-

ering computational time (0.09s and 0.28s, respectively), while the EL and NB

classifiers were most computationally costly (with times of 2.60s and 3.76s re-

spectively). Taking the accuracy and computational performance into account,

the DT classifier is undoubtedly the best choice for mmWave UE use case recog-

nition, while the multi-SVM classifier has acceptable performance, it is slightly

more computationally expensive, and the NB classifier always performs worst,

both in terms of accuracy and computational speed.

5.5.6 Feature Ranking and Selection

5.5.6.1 Full Feature Set

Despite satisfactory classification accuracy being achieved by the supervised learn-

ing classifier, it is also useful to check the ranking of the adopted small-scale fading

features, i.e., which of these features contributes most during the classification

stage. As described in Section. 5.2.3, the dimension of the adopted features is

N × 67 and for the purpose of brevity, this feature set is denoted as Full feature

set herein.

In order to produce the ranking of the Full feature set, the ReliefF algorithm

described in [151] is utilized. The ReliefF algorithm is based on KNN and the
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main concept behind ReliefF is that for the feature f , ReliefF searches for k (here

k stands for the k nearest neighbors in KNN) near hits from one particular class,

i.e., the closest inter-class instances, and k near misses from each different class,

i.e., the closest intra-class instances. Afterwards, the differences between the

intra-class’s and inter-class’s distance are compared, then the weight of feature

f will be increased if the inter-class’s distance is larger than the intra-class’s

and vice versa. Finally, the rank of various features will be produced based on

the corresponding weights, with positive and larger values of weight receiving

the highest rankings. ReliefF is a good choice in domains with strong inter-

dependencies between features for multi-class classification problem [151]. Since

the value of k is user-defined and affects the ranking results, various k values were

carefully investigated and then chosen so that the feature ranking results reached

were stable and thus reliable.

The first ten feature ranking results of the Full feature set for the UE use case

and user orientation classification are provided in Tables 5.9 and 5.10. In Table

5.9, for the mobile scenarios, the Nakagami m parameter and Rice K factor rank

first and fourth, respectively, indicating that m and K values vary for different

UE use cases and thus could be used to classify UE use cases for mobile users at

mmWave frequencies. It is interesting to note that the LCR values between−2 dB

and +2 dB are all within top nine ranks, indicating that the main differences

between the small-scale fading observed for the mobile Call, App and Pocket

cases occur close to the zero threshold level (i.e., mean). Nonetheless, for the

static scenarios, both the Nakagami m parameter and Rice K factor are not in

the top ten rank, while the Tc(γ = 0), Tc(γ = 0.5) and Var take the top three

places. In Table 5.10, it can be seen that the Var is ranked within top five features
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Table 5.9. Ranking of Full feature set for UE use case classification in the mobile
and static scenarios

Rank
Features Features

(mobile scenarios) (static scenarios)
1 Nakagami m Tc(γ = 0)
2 Tc(γ = 0) Tc(γ = 0.5)
3 LCR(δ = 0) Var
4 Rice K LCR(δ = −8)
5 LCR(δ = +1) AFD(δ = +4)
6 LCR(δ = −1) AFD(δ = −9)
7 Tc(γ = 0.5) LCR(δ = −7)
8 LCR(δ = +2) AFD(δ = −6)
9 LCR(δ = −2) AFD(δ = +3)
10 AFD(δ = −16) LCR(δ = −5)

to classify the user orientation for all three UE use cases in the static scenarios.

Moreover, different ranges of the threshold δ for LCR and AFD are observed

for the various UE use cases, e.g. under the App case, δ is between −1 dB to

+4 dB for the first ten ranked features, while δ is between −13 dB and +4 dB

for the Pocket case. The reason for this is that the UE was positioned at a lower

elevation for the Pocket case, thus the shadowing resulted in a more significant

difference between the LOS, QLOS and NLOS scenarios than that under the App

case.

5.5.6.2 Reduced Feature Set

As seen in Tables 5.9 and 5.10, it can be concluded that the Nakagami m param-

eter and Rice K factor are crucial features when classifying UE use cases for the

mobile scenarios. Also, Var, Tc(γ = 0.5), Tc(γ = 0), as well as LCR and AFD

with δ between −2 and +2 dB play vital roles when classifying UE use cases and
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Table 5.10. Ranking of Full feature set for user orientation classification in the
static scenarios

Rank
Features Features Features

(Call case) (App case) (Pocket case)
1 Var Tc(γ = 0) Tc(γ = 0)
2 LCR(δ = −1) Var LCR(δ = +4)
3 LCR(δ = −4) AFD(δ = +3) LCR(δ = +3)
4 Tc(γ = 0) LCR(δ = 0) LCR(δ = −9)
5 LCR(δ = −2) LCR(δ = +2) Var
6 LCR(δ = +2) AFD(δ = +2) LCR(δ = +2)
7 LCR(δ = 0) LCR(δ = +1) LCR(δ = −12)
8 LCR(δ = +3) LCR(δ = −1) LCR(δ = −8)
9 AFD(δ = +3) AFD(δ = 0) LCR(δ = −13)
10 LCR(δ = −6) AFD(δ = +4) LCR(δ = −1)

user orientations for the static scenarios. Therefore, aiming to reduce the com-

plexity and computation resources required for the classification system, Var, the

Rice K factor, the Nakagami m parameter, Tc(γ = 0.5), Tc(γ = 0), and LCR and

AFD with δ between −2 and +2 dB are selected from the Full feature set to form

a new feature set, denoted the Reduced feature set. Consequently, the dimension

of the adopted features is reduced to N × 15. As shown in Section 5.5.3 to 5.5.5,

the DT classifier provided the best accuracy and computation performance, thus

it is chosen to investigate the performance of the Reduced feature set.

The confusion matrix of the Reduced feature set for the DT classifier is pro-

vided in Table 5.11. Compared to the Full feature set performance for the DT

classifier in Tables 5.2, 5.5, 5.6 and 5.7, as expected, the classification accuracy

of the Reduced feature is decreased, e.g. for mobile scenarios, the UE use classi-

fication accuracy dropped slightly from 100% (MCC: 1.0) for the Full feature set

to 94.7% (MCC: 0.9245). Significantly, it can be observed the feature reduction
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has a larger impact on the user orientation classification performance of the App

and Pocket cases compared to the other cases, e.g. the classification accuracy

declined significantly from 92.7% (MCC: 0.8894) to 83.8% (MCC: 0.7361) for the

App case.

5.5.6.3 Constrained Feature Set

Though the Full and Reduced feature sets have provided favorable classification

accuracy, it is noted that the Rice K factor and Nakagami m parameter need

to be estimated using MLE. The process of obtaining maximum likelihood esti-

mates is usually computationally expensive, thus it may not be favorable for UE

usage identification in real time communications. Therefore, Var, Tc(γ = 0), and

LCR(δ = 0) were further selected to form a Constrained feature set. As a result,

the dimension of the Constrained feature set is limited to N × 3.

The confusion matrix of the Constrained feature set for DT classifier is shown

in Table 5.12. Intuitively, it is interesting to observe that compared to the Reduced

feature set performance in Table 5.11, the feature reduction in the Constrained

feature set has a greater impact on the UE use case classification performance in

the mobile case than the static case. For example, the UE use case classification

accuracy for the mobile case deteriorates from 94.7% (MCC: 0.9245) to 86.8%

(MCC: 0.8546) while the classification accuracy decreases from 89.8% (MCC:

0.8509) to 87.8 (MCC: 0.8282) in the static case. This further verifies the signif-

icance of the Rice K factor, the Nakagami m parameter as well as the LCR and

AFD values around the zero threshold level during the UE use case classification

process in the mobile case, which corresponds to the ranking result in Table 5.9.

Moreover, it can be seen that for the Constrained feature set, the classification
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Table 5.11. Confusion matrix of Reduced feature set for DT classifier

(a) Confusion matrix for the mobile scenario
Accuracy Call App Pocket Precision

Call 0.938 0.062 0.0 0.938
App 0.0 0.909 0.091 0.909

Pocket 0.0 0.0 1.0 1.0

Recall 1.0 0.909 0.917 0.947
MCC 0.9245
(b) Confusion matrix for the static scenario

Accuracy Call App Pocket Precision
Call 1.0 0.0 0.0 1.0
App 0.105 0.842 0.053 0.842

Pocket 0.0 0.143 0.857 0.857

Recall 0.889 0.889 0.923 0.898
MCC 0.8509

(c) Confusion matrix for the Call case (static)
Accuracy LOS QLOS NLOS Precision

LOS 0.944 0.056 0.0 0.944
QLOS 0.053 0.894 0.053 0.894
NLOS 0.0 0.053 0.947 0.947

Recall 0.944 0.894 0.947 0.929
MCC 0.8925

(d) Confusion matrix for the App case (static)
Accuracy LOS QLOS NLOS Precision

LOS 0.933 0.067 0.0 0.933
QLOS 0.4 0.6 0.0 0.6
NLOS 0.0 0.083 0.917 0.917

Recall 0.778 0.75 1.0 0.838
MCC 0.7361

(e) Confusion matrix for the Pocket case (static)
Accuracy LOS QLOS NLOS Precision

LOS 0.857 0.143 0.0 0.857
QLOS 0.154 0.615 0.231 0.615
NLOS 0.0 0.0 1.0 1.0

Recall 0.857 0.8 0.824 0.829
MCC 0.743

111



5.5 Results

Table 5.12. Confusion matrix for Constrained feature set for DT classifier

(a) Confusion matrix for the mobile scenario
Accuracy Call App Pocket Precision

Call 1.0 0.0 0.0 1.0
App 0.125 0.688 0.187 0.688

Pocket 0.0 0.0 1.0 1.0

Recall 0.833 1.0 0.8 0.868
MCC 0.8546
(b) Confusion matrix for the static scenario

Accuracy Call App Pocket Precision
Call 0.889 0.111 0.0 0.889
App 0.083 0.917 0.0 0.917

Pocket 0.0 0.158 0.842 0.842

Recall 0.941 0.688 1.0 0.878
MCC 0.8282

(c) Confusion matrix for the Call case (static)
Accuracy LOS QLOS NLOS Precision

LOS 1.0 0.0 0.0 1.0
QLOS 0.053 0.894 0.053 0.894
NLOS 0.0 0.1 0.9 0.9

Recall 0.944 0.894 0.947 0.929
MCC 0.8974

(d) Confusion matrix for the App case (static)
Accuracy LOS QLOS NLOS Precision

LOS 0.833 0.167 0.0 0.833
QLOS 0.154 0.462 0.384 0.462
NLOS 0.0 0.0 1.0 1.0

Recall 0.833 0.75 0.706 0.757
MCC 0.6635

(e) Confusion matrix for the Pocket case (static)
Accuracy LOS QLOS NLOS Precision

LOS 0.75 0.25 0.0 0.75
QLOS 0.231 0.462 0.307 0.462
NLOS 0.0 0.083 0.917 0.917

Recall 0.8 0.545 0.733 0.707
MCC 0.5689
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performance deteriorates under the App and Pocket use cases, e.g. compared to

the Reduced feature set performance in Table 5.11, the classification accuracy un-

der the Pocket use case declined substantially from 82.9% (MCC: 0.743) to 70.7%

(MCC: 0.5689). This is in contrast to the Call scenario where the classification

accuracy is maintained at 92.9% (MCC here is between 0.8925 and 0.8974). Since

the Rice K factor and Nakagami m parameter are not within the top ten ranks

in Table 5.10, it can be inferred that in addition to the zero threshold level, the

LCR and AFD must be considered over wider ranges in order to achieve a higher

UE orientation classification accuracy for the App and Pocket use cases.

5.6 Conclusion

In this chapter, a novel supervised and unsupervised learning approach to auto-

matically recognize user states and UE use cases has been presented, based on the

extraction of RSS statistical features for mmWave indoor scenarios. Extensive

measurements were performed using a custom 60 GHz wireless measurement sys-

tem for realistic indoor scenarios involving a UE and a ceiling mounted wireless

AP. It was established that, for the considered activities, a sliding window length

of 1s without overlap was the best choice for time series segmentation at 60 GHz.

A range of supervised machine learning algorithms were applied and the results

showed that the DT classifier outperformed all other classifiers with an accuracy

of 100% and 98.0% for mobile and static scenarios, respectively. For a static

user, their orientation could also be correctly estimated using the DT classifier

with an accuracy of 98.2%, 97.6% and 100% for the Call, App and Pocket use

cases, respectively. Also, the computational time required for the DT classifier
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to reach a decision was much lower than the others considered. Furthermore,

the small-scale fading features used in this study were ranked during the training

stage and it was found that, when it is desired to classify UE use cases under

mobile conditions, the Nakagami m parameter, Rice K factor, and LCR around

the zero threshold level contributed the most useful information. In the static

scenarios, variance, channel coherence time and LCR/AFD were found to provide

the greatest influence. Additionally, it was demonstrated that the orientation of

a static user can be recognized by exploring the differences of the variance, chan-

nel coherence time and LCR/AFD. Finally, considering the requirements of a

real time wireless communication system, the system classification performance

for the Full, Reduced, and Constrained feature sets was compared. It was deter-

mined that feature reduction had a pronounced impact on the user orientation

classification performance for the App and Pocket use cases, with the accuracy

decreasing from 92.7% to 75.7% and 85.4% to 70.7% for the App and Pocket

use cases, respectively. In contrast, the feature reduction was observed to have a

lesser effect when classifying the UE use cases in both mobile and static scenarios.
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Chapter 6

An Empirical Study of Handover

Performance in Indoor mmWave

DASs

The previous chapters have shown that indoor mmWave links are extremely sen-

sitive to the user’s body and movement. Because of this, in ultra-dense mmWave

networks, such as DASs, handover events are expected to be more frequent than

in networks which operate at more conventional microwave frequencies [85]. This

clearly creates the potential for increases in service interruption time and per-

formance degradation. In order to tackle these problems, handover algorithms

currently employed in wireless networks need to be evaluated for use in future

mmWave DASs. Therefore, in this chapter, some conventional handover algo-

rithms are empirically investigated when used in indoor 60 GHz DASs.
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6.1 Introduction

Over the last few years, there has been growing research interest in handover

approaches for mmWave cellular systems. For example, a macro LTE Evolved

Node B (eNB) aided dual connectivity framework is proposed to perform a fast

handover among the mmWave eNBs [152]. In this work, a semi-statistical channel

model with obstacles deployments was used to emulate mmWave mobility-related

scenarios. Moreover, in [153] a ray-tracing simulation was performed using waves

at 100 GHz for train-to-infrastructure scenarios to execute handover decisions.

Antenna configurations, types, and the speed of train were considered while al-

lowing up to third order of reflection and the Kirchhoff scattering of the simulated

multipath signal.

Though aforementioned work has shown promising results on handover per-

formance for future mmWave cellular networks, only simulations have been per-

formed and to the best of the author’s knowledge, no empirical based handover

analysis on mmWave systems has appeared in the open literature. In order to ad-

dress this, an empirical driven study of handover performance in indoor mmWave

DASs is presented in this chapter. The common handover-related parameters,

such as the averaging period and hysteresis margin, etc. (see Section 2.4), are

considered and their impacts on the handover performance are analysed.

6.2 Experimental Set-Up and Scenarios

The details of the experimental set-up and measurement scenarios can be found in

Section 3.3.1. Prior to the data analysis, the raw RSS series was transformed into
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the received SNR series [121]. In order to achieve this, the noise parameters µn

(mean) and σn (standard deviation) were firstly estimated from noise floor mea-

surements using MLE [154] with the assumption that the noise envelope followed

a Gaussian distribution [155]. The noise floor measurements were conducted by

switching off the 60 GHz TX and then collecting a total of 19079 noise sam-

ples. The estimated noise parameters were characterised to be 0.0217 uV and

0.00158 uV for the µn and σn, respectively. After this, random variables repre-

senting this noise process were generated using the normrnd function in Matlab.

The raw RSS series was then transformed into the received SNR series using the

definition of SNR = Psignal/Pnoise, where Psignal and Pnoise denote the received

signal power and noise power, respectively. An example of the instantaneous and

the long-term average SNR (acquired using an averaging window of 5 s length)

is shown in Figure 6.1(a) and Figure 6.1(b), respectively.

6.3 Performance Metrics

The performance metrics used for the handover analysis are as follows:

� The total number of handovers (NHO): NHO represents the total number

of handovers within a specific UE moving trajectory.

� The total number of unnecessary handovers (NPP ): NPP is defined as the

total number of unnecessary handovers. Here an unnecessary handover

occurs, if a UE is allocated to a specific AP at the time instant t, but at the

next time instant t+ 1, this UE is assigned to another AP. Clearly, NPP is

an important metric that describes the severity of ping-pong effects.
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Figure 6.1. The SNR observed at AP3 and AP9 for the path AB: (a) the instan-
taneous SNR, (b) the long-term averaging SNR with a 5 s average window.

� The ratio of handover failures (FHO): FHO can be given as

FHO = 100%
nfail
n

, (6.1)
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where nfail denotes the number of samples in which the instantaneous SNR

values (after the handover process is accomplished) are below a receiver

threshold, ∆ (see Section 2.4) and n represents the overall number of sam-

ples with a given UE trajectory. FHO is an indicator of the link quality,

which is closely related to the service dropping and blocking rate.

� The handover delay (DHO): here DHO denotes the difference between the

‘actual’ time instant and the ‘ideal’ time instant that the UE is handed

over to the target AP. In this work, if more than one handover take place

within a UE trajectory, only the final handover process to the target AP is

considered to compute the ‘actual’ handover time instant. This is due to

the fact that, multiple handovers could happen because of multipath fading

or channel noise (as can be seen in Figure 6.1(a)) and except for the final

handover process to the target AP, all the previous handover processes

can be considered as unnecessary handovers that deteriorate the system

performance. The ‘ideal’ time instant of the handover can be computed

using a long-term average SNR based approach [77], e.g., a 5 s averaging

window (referred to Section 3.3.2) is applied to the raw SNR series in Figure

6.1(b) and T1 can be assumed to be the ‘ideal’ time instant the UE is

handed over from AP3 and AP9. It is noted that this ‘ideal’ time instant

of handover is not realistic in real time systems since it requires a very

long time-averaging window (resulting in a long handover delay) and this

method is applied here only to provide a reference of an ‘ideal’ handover

time instant.
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6.4 Results and Analysis

For the purpose of low-cost and low-complexity, only hard handover is considered

in this work. For the path AB, AP3 and AP9 were chosen to be the current serving

and target APs, respectively, due to the fact that as can be seen in Figure 3.9, the

distance between the UE and AP3/AP9 is the shortest at the beginning/finishing

stage of the measurement. Similarly, for the path BA, AP9 and AP3 were chosen

to be the current serving AP and target AP, respectively. The value of the

handover threshold, i.e., δ (see in Section 2.4), was set to 30 dB since the SNR

values at the ‘ideal’ time instant, e.g., T1 in Figure 6.1, are 33.5 dB and 35.3 dB

for the path AB and BA, respectively. In addition, the receiver threshold, i.e., ∆

was set to 30 dB as well since a 256-quadrature amplitude modulation (QAM)

or higher modulation scheme requires a SNR of at least 30 dB in physical layer

links [156]. This consideration is vital for next-generation use cases, such as future

ultra-high-definition television (UHD) applications, where 4K-UHD and 8K-UHD

can only be realised with a 256-QAM or higher modulation scheme [157].

To keep the analysis consistent among different performance metrics, the range

of the average period, denoted as τ , was set to between 0 ms and 50 ms (equiv-

alently 0 λ and 10 λ length), while the values of HM were set to between 0 dB

and 20 dB. Firstly, the NHO under various values of τ and HM for the path AB

and BA is shown in Figure 6.2(a) and Figure 6.2(b), respectively. It is clear that

there existed abundant handovers when a short average period is applied, e.g.,

the values of NHO were over 100 when τ is less than 20 ms in Figure 6.2(a). This

is due to the fact that the handover process is designed to overcome the prob-

lem of path loss and shadowing, thus the multipath fading has to be completely
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Figure 6.2. NHO between AP3 and AP9 (without TTT): (a) the path AB, (b)
the path BA.

filtered in advanced to produce an effective handover decision. Besides, the val-

ues of NHO in Figure 6.2(b) were generally observed to be larger than those in

Figure 6.2(a), e.g., the maximum value of NHO for the path BA can be as high

as 969, while that for the path AB is 815. The main reason behind this is there

exists less LOS/QLOS paths for the path BA than those for the path AB (see

the characterisation results in Section 3.3.2), resulting in less power imbalance

between AP3 and AP9 that could potentially cause more frequent handover exe-

cutions. This phenomenon can be also observed in Figures 6.3(a) and 6.3(b), as

the values of NPP are commonly larger for the path BA than those for the path

AB. More importantly, it can be seen from Figures 6.3(a) and 6.3(b) that the

ping-pong effects can be effectively avoided by choosing an appropriate value of

τ , e.g., when τ is larger than 20 ms, NPP can be decreased close to 0.

The impact of τ and HM on the radio link quality for the path AB and BA is

shown in Figure 6.4(a) and Figure 6.4(b), respectively. It can be observed from

Figure 6.4(a) and Figure 6.4(b) that, for most circumstances, the value of FHO

decreases with the increasing τ , while an increase of HM commonly results in a

larger value of FHO. Furthermore, when τ is set to larger than 30 ms and HM is
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Figure 6.3. NPP between AP3 and AP9 (without TTT): (a) the path AB, (b)
the path BA.

Figure 6.4. FHO between AP3 and AP9 (without TTT): (a) the path AB, (b)
the path BA.

set to less than 5 dB, the values of FHO can decrease close to 0%, meaning that

under these cases, the radio link can maintain a SNR above 30 dB. This implies

that the link failure is due to the existence of multipath fading, since after the

multipath fading is completely removed by a longer averaging window, FHO can

be decreased to a very small value.

Another key performance metric, DHO, for the path AB and BA is shown

in Figure 6.5(a) and Figure 6.5(b), respectively. It can be intuitively seen that,

after the multipath fading is removed by the low-pass filter, the handover delay

can be decreased to a very low value with a small HM value, e.g., the minimum

values of DHO were as low as 0.37 s and 0 s in Figure 6.5(a) and Figure 6.5(b),
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Figure 6.5. DHO between AP3 and AP9 (without TTT): (a) the path AB, (b)
the path BA.

respectively. One can argue that introducing a larger average period may further

decrease the handover delay. However, it should be noted that, the average

period of τ includes τ/2-length samples with half of them extracted from the

past samples would result in a constant delay of τ/2 [158, 159]. Additionally,

when τ is between 30 ms and 50 ms, and HM is between 0 dB and 5 dB, the

values of DHO for the path BA are generally less than those for the path AB.

Until this moment, the TTT has not been utilized for the handover analysis.

In order to further decrease the number of overall and unnecessary handover

times, an extra TTT of 10 ms duration was introduced for the analysis in the

sequel. The NHO with TTT= 10 ms is shown in Figure 6.6. Comparing Figure 6.6

with Figure 6.2, the overall handover times can be dramatically reduced with the

introduction of TTT, e.g., the maximum value of NHO was found to be only 31

in Figure 6.6(a), while this was as high as 815 in Figure 6.2(a). Although not

shown, this is further verified by the values of NPP , which were reduced to 0 for

both mobile paths.

Nevertheless, the reduction of the NHO and NPP comes along with tradeoffs

for FHO and DHO. Accordingly, FHO and DHO under various values of τ and HM
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Figure 6.6. NHO between AP3 and AP9 (with TTT=10 ms): (a) the path AB,
(b) the path BA.

Figure 6.7. FHO between AP3 and AP9 (with TTT=10 ms): (a) the path AB,
(b) the path BA.

Figure 6.8. DHO between AP3 and AP9 (with TTT=10 ms): (a) the path AB,
(b) the path BA.

for both paths are presented from Figure 6.7(a) to Figure 6.8(b). The values of

FHO in Figure 6.7 were generally observed to be larger than those in Figure 6.4,

and this is due to the fact that, the UE has to maintain the link with the AP
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regardless of the possible SNR degradation within the current link, for at least

a duration of TTT. However, this effect can be neglected with the appropriate

choice of τ and HM, e.g., FHO can be reduced to close to 0% when τ is set

between 30 ms and 50 ms with HM set between 0 dB and 5 dB. Finally, from

Figures 6.7(a) and 6.7(b) it can be seen that, with the application of TTT, HM

becomes the dominant factor for the handover delay and the effect of τ lessens,

compared to the results in Figures 6.4(a) and 6.4(b). This implies that, if both

TTT and HM parameters are utilized in the handover algorithm, the value of

HM needs to be set as small as possible to reduce the handover delay.

6.5 Conclusion

An empirical driven analysis of the handover performance in indoor 60 GHz DASs

has been presented in this chapter. The effects of various handover related pa-

rameters on the system performance have been demonstrated. It was shown that,

due to the existence of rapid multipath fading at 60 GHz, a significant number

of handovers occurred during the handover process. Compared to LOS paths,

NLOS paths often generate more unnecessary handovers. More importantly, con-

sidering different performance metrics, such as handover frequency and delay, it

can be concluded that the optimum setting for the τ lies between 30 ms and

50 ms, while the optimum values of HM is between 0 dB and 5 dB. Furthermore,

it was found that using a TTT duration of 10 ms could dramatically reduce the

overall handover frequency and unnecessary handovers, with little impacts on the

link quality and delay performance. In particular, the handover delay under this

circumstance was found to be mostly dependent on the value of HM.
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Chapter 7

Conclusion and Future Work

In this thesis, several metrics related to the analysis of time series data includ-

ing fading characterisation, cross correlation, CPI, and diversity gain in macro

diversity systems, UE usage classification, and handover performance, have been

studied for indoor 60 GHz DASs. This chapter summarises the conclusions ob-

tained from this thesis and presents some possible avenues for future work.

7.1 Conclusion

In Chapter 1, the main motivations and contributions for this thesis were stated.

In order to help with the understanding of the work in this thesis, the necessary

background knowledge and the related literature about the phenomena of wireless

channel propagation, such as path loss, shadowing and multipath fading, was

presented in Chapter 2. The principles of DASs and different diversity combining

schemes were also explained. Also in Chapter 2, the fundamental mechanisms

and several research studies on the topics of the user activity recognition and

handover were provided.

Chapter 3 investigated the impacts of the elevation angle of incidence on

60 GHz near-body path gain using a custom low-gain, wide-beamwidth antenna
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based measurement system. Various elevation angles, with or without a user’s

presence and different polarisations (for the lowest elevation case) were consid-

ered in an anechoic chamber. It was found that the effects of user positioning

uncertainties and unintended movements were more significant at 60 GHz. More

importantly, the results showed that increasing the elevation angle of incidence

for near-body UEs can effectively improved the near-body path gain by 10 dB

to 15 dB. Also, horizontal polarisation improved performance by up to 13 dB

compared to vertical polarisation under the low angle of elevations. Motivated

by the performance improvement obtained by placing mmWave APs at higher

elevations, a measurement based characterisation of the shadowing and multi-

path fading for multiple ceiling-mounted AP locations was performed. A voice

call UE use case was considered during the measurement campaign. It was as-

certained that the log-normal and κ-µ fading models provided a satisfactory fit

to the observed shadowing and multipath fading, respectively. It was also noted

that compared to the QLOS/NLOS paths, the LOS paths were more susceptible

to shadowing caused by the obstacles which resided in the environment, includ-

ing the test user. Additionally, it was deduced that, the scattered multipath only

consisted of a finite number of components for the LOS cases, while much richer

multipath fading was observed for the NLOS cases.

Chapter 4 presented some key metrics governing the performance of DASs,

such as the cross correlation, channel power imbalance and diversity gain. These

metrics were characterised using a range of time series tools. It was shown that

the distribution of the localized CCCs between various AP pairs followed a Gaus-

sian distribution with µ = 0 and σ varying between 0.1 and 0.2. It was also

observed that, when compared to NLOS cases, the existence of LOS and QLOS
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paths generally produced higher values of localized CCCs with increased spreads.

More importantly, it was found out that the evolution of the CCC could be well

described by an ARMA process. Similar to the CCC, the presence of LOS and

QLOS paths induced higher CPI values. Due to the non-stationary characteristics

in the collected CPI time series, the CPI process was modelled using an ARIMA

process. The validity of the ARMA and ARIMA models was verified by visually

checking the ACF and PACF of the residual series obtained from the modelling

process using the Ljung-Box test as well as via in-sample forecasting. Following

from this, three commonly used diversity combining techniques, namely SC, EGC

and MRC, along with three AP selection mechanisms (per-sample random AP se-

lection, one-shot AP selection and per-sample optimal AP selection) for mmWave

DASs use were considered. It was observed that the per-sample AP selection al-

ways provides the highest diversity gains, albeit at the cost of more computational

resources. Most notably, it was found that utilizing greater numbers of mmWave

APs continued to provide a better performance for the per-sample random AP

selection mechanism. However, the performance improvements observed for the

one-shot and per-sample optimal AP selection mechanisms tended to be less sig-

nificant as the number of mmWave APs was increased. In the case of one-shot

AP selection, this was 6 APs, while for per-sample optimal AP selection, this was

4 APs.

A novel supervised and unsupervised learning approach to automatically recog-

nise user states and UE use cases was proposed in Chapter 5. To achieve this,

extensive measurements were performed in an indoor environment at 60 GHz.

From the empirical data, it was discovered that, for the considered user activi-

ties, a sliding time window length of 1s without overlap was the standout choice
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for RSS segmentation. A range of supervised machine learning classifiers were

then trained using the statistical features from the time series of these RSS and

the results showed the DT classifier outperformed all other candidate classifiers

with an accuracy of 100% and 98.0% for mobile and static scenarios, respectively.

When the user was static, their orientations could also be estimated by the DT

classifier with an accuracy of 98.2%, 97.6% and 100% for the Call, App, and

Pocket use cases, respectively. Besides, the computational time that DT classi-

fier consumed was much lower than other considered classifiers. Moreover, based

on the feature ranking information, it was found that under mobile cases, the

Nakagami m parameter, Rice K factor, and LCR around the zero threshold level

contributed the most useful information for classifying UE uses, while variance,

channel coherence, LCR/AFD were noticed to provide the greatest influence un-

der static cases.

Chapter 6 empirically investigated the handover performance in an indoor

60 GHz DAS. The effects of different parameters associated with handovers upon

system performance, such as averaging period and hysteresis margin, were inves-

tigated. Frequent unnecessary handovers were spotted due to the rapid multipath

fading at 60 GHz. It was also shown that the NLOS signal paths commonly re-

sulted in more frequent unnecessary handover than the LOS signal paths. More

importantly, in order to effectively reduce the handover frequency and delay, the

optimum setting for the average period was found to be between 30 ms and 50 ms,

while a hysteresis margin between 0 dB and 5 dB was observed to provide the

best performance. In addition, it was also determined that a TTT duration of

10 ms could dramatically reduce the overall handover frequency as well as unnec-

essary handovers, with a limited impact on link quality and delay performance.
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In particular, with the application of TTT, the handover delay performance was

dominated by the values of hysteresis margins.

7.2 Future Work

This thesis has provided some important applications of time series analysis in

indoor 60 GHz DASs. It has investigated the elevation angle of incidence on the

60 GHz near-body path gain and provided a measurement based fading char-

acterisation within the indoor 60 GHz DAS. This is followed by a time series

based study on several key metrics determining the performance of DASs. More-

over, an empirical analysis on the handover performance has been studied as well.

Nonetheless, there are still several open issues that should be investigated in the

future. These include:

� Spatial and temporal characterisation of mmWave DASs: Although

some characteristics related to multipath fading were reported in Chapter 3,

in future work, commonly used metrics for classifying multipath components

include angle of arrival (AOA), time of arrival (TOA), power delay profile

(PDP) and power angle profile (PAP) [38] should be investigated1. The

PDP can record temporal power distributions relative to multipath TOA,

while the PAP will be useful for describing the spatial power distribution

relative to multipath AOA. In order to characterise these metrics observed

at various ceiling-mounted AP locations, the current 60 GHz measurement

1In this thesis, the narrowband mmWave system was focused due to the concerns of low
power and processing complexities. Nevertheless, it is acknowledged that the vast spectrum
resources at mmWave bands has enable the opportunity to achieve higher data rates by us-
ing mmWave wideband systems [160]. In such systems, higher resolutions of the number of
multipath clusters, the number of spatial lobes and the cluster birth/death could be achieved.
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system needs to be enhanced, e.g., by adding an antenna positioner to

allow the antenna to be fully scanned in the azimuth and elevation domains

[89]. This development will provide a better understanding of the signal

propagation within mmWave DASs.

� Multimodal fading characterisation: It was demonstrated in Section 3.3.2

that the shadowing was occasionally observed to have more than one mode.

In fact, a similar behavior has also been reported in [161] at 60 GHz. This

suggests that distributions which are able to characterise multimodal fading

behavior could be beneficial in future work. Motivated by this, multimodal

fading distributions, such as the Gaussian mixture model [100, 101], al-

ternate Rician shadowed fading model [162], multi-wave with generalized

diffuse scatter and fluctuating multiple-ray models [163], may be useful for

characterising the shadowing observed at mmWave frequencies. Not only

potentially providing better fits with empirical data, these aforementioned

models may also offer new physical interpretations for the observed shad-

owing process.

� Deep learning based user activity recognition at mmWave fre-

quencies: Deep learning based user activity recognition has attracted a lot

of research interest in recent years [164–166]. Instead of using handcrafted

features, deep learning approaches, such as long short-term memory and

deep neural networks, are capable of automatically learning the deep fea-

tures hidden behind the time series data, thus overall providing higher clas-

sification accuracies. Despite the promising results achieved in Chapter 5,

user activity recognition work using deep learning approaches at mmWave
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frequencies has yet to appear in the open literature. Due to the poten-

tial benefits of the higher resolution brought by much shorter wavelengths,

more complex user activities and motions, such as mobile traces and user

poses, could be further investigated at mmWave frequencies. Furthermore,

in Chapter 5, only a single centralized mmWave AP was utilized for recog-

nising the user activity and UE use case. Nevertheless, the information from

other mmWave APs could also be used to improve the classification accu-

racy in future work. Additionally, aiming to reduce the required processing

time and data amount for future mmWave system deployments, transfer

learning based approaches, e.g., using a pre-trained model acquired from

other AP locations, should also be explored.

� Intelligent handover algorithms at mmWave frequencies: Although

conventional handover algorithms have shown adequate handover perfor-

mance in Chapter 6, the optimum values of handover related parameters

could be varied depending on different user movement speeds, propagation

environments, and network topologies [74]. In order to address this problem

and achieve fast handover decisions, intelligent handover algorithms need

to be designed to support the deployment of future wireless communica-

tion systems. There exist a number of studies on the intelligent handover

design, such as neural network based handover algorithms [167–169], pat-

tern recognition based handover algorithms [170,171], and prediction based

algorithms [172, 173]. These methods have shown potential for avoiding

unnecessary handovers, decreasing blocking rates and reducing corner ef-

fects (i.e., the received signal level usually experiences a sharp drop when
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the UE takes a turn off the main street in which the BS is located [158]).

Nonetheless, all of these algorithms are on based on simulation results and

have not been validated using empirical data, especially for mmWave ap-

plications. Therefore, an empirical driven study on intelligent handover al-

gorithms should be performed and new intelligent algorithms, based upon

deep learning approaches, need to be investigated to meet the requirements

of more advanced and functional systems.

� Performance comparisons of mmWave distributed and co-located

antenna systems: In this thesis, the performance of the mmWave DASs

has been studied, nevertheless, the other important category of Multiple-

Input and Multiple-Output (MIMO) cellular systems, namely co-located an-

tenna systems [174], has not been considered. With the layout of mmWave

co-located antenna systems, the mmWave antennas are usually co-located

at the center of each cell [175] and this releases the potential of a large-

scale antenna array deployment at mmWave APs. Moreover, the mmWave

co-located antennas systems could also lower the transmit power of each

antenna so that the cost of power amplifiers can be further reduced [176].

Despite various possible benefits described above, the system capacity may

be severely reduced because of the strong antenna correlations in co-located

antenna systems [177]. Therefore, the topics of comparing the performance

of mmWave distributed and co-located antenna systems are still open at

this moment. This work could be achieved by grouping the 60 GHz APs at

the centralised area of the indoor office and different performance metrics

require to be considered, such as AP correlations, channel capacities and
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computational complexities [178].
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Author’s Publications

� L. Zhang, S. L. Cotton, S. K. Yoo, M. Fernández and W. G. Scanlon, ”Ac-

cess Point Selection Strategies for Indoor 5G Millimeter-Wave Distributed

Antenna Systems”, presented at 2021 15th European Conference on Anten-

nas and Propagation (EuCAP), Düsseldorf, Germany, Mar. 2021.

� L. Zhang, S. L. Cotton, S. K. Yoo, H. Q. Ngo, M. Fernández and W.

G. Scanlon, ”A Time Series Based Study of Correlation, Channel Power

Imbalance, and Diversity Gain in Indoor Distributed Antenna Systems at

60 GHz”, accepted, IEEE Transactions on Antenna and Propagation

� L. Zhang, Y. Hua, S. L. Cotton, S. K. Yoo, C. R. C. M. da Silva, and

W. G. Scanlon, ”An RSS-Based Classification of User Equipment Usage

in Indoor Millimeter Wave Wireless Networks Using Machine Learning”,

IEEE Access, vol. 8, pp. 14928-14923, Jan. 2020.

� L. Zhang, S. K. Yoo, and S. L. Cotton, ”A Measurements Based Character-

ization of Fading in Indoor Millimeter-Wave Distributed Antenna Systems”,

in 2019 International Symposium on Antennas and Propagation and USNC-
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� S. K. Yoo, L. Zhang, S. L. Cotton and H. Q. Ngo, ”Distributed Antenna

Systems used for Indoor UE to Access Point Communications at 60 GHz”,
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Krakow, Poland, Apr. 2019.

� S. K. Yoo, L. Zhang, S. L. Cotton, H. Q. Ngo and W. G. Scanlon, ”Ceiling-

or Wall-Mounted Access Points: An Experimental Evaluation for Indoor

Millimeter Wave Communications”, in 2019 13th European Conference on

Antennas and Propagation (EuCAP), Krakow, Poland, Apr. 2019.

� S. K. Yoo, S. L. Cotton, and L. Zhang, ”Measurement Based Path Loss

Study for Indoor Device-to-Device Communications at 60 GHz”, in 2019 8th
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Korea, Aug. 2019.
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[21] Ö. Yürür, C. H. Liu, Z. Sheng, V. C. Leung, W. Moreno, and K. K. Leung,

“Context-awareness for mobile sensing: A survey and future directions,”

IEEE Communications Surveys & Tutorials, vol. 18, no. 1, pp. 68–93, 2016.

[22] H. Jiang, C. Cai, X. Ma, Y. Yang, and J. Liu, “Smart home based on WiFi

sensing: A survey,” IEEE Access, vol. 6, pp. 13 317–13 325, 2018.

[23] S. C. Mukhopadhyay, “Wearable sensors for human activity monitoring: A

review,” IEEE Sensors Journal, vol. 15, no. 3, pp. 1321–1330, 2014.

[24] H. Okamoto, T. Nishio, M. Morikura, K. Yamamoto, D. Murayama, and

K. Nakahira, “Machine-learning-based throughput estimation using images

for mmWave communications,” in 2017 IEEE 85th Vehicular Technology

Conference (VTC Spring), 2017, pp. 1–6.

[25] Y. Koda, K. Yamamoto, T. Nishio, and M. Morikura, “Reinforcement learn-

ing based predictive handover for pedestrian-aware mmWave networks,” in

IEEE INFOCOM 2018-IEEE Conference on Computer Communications

Workshops (INFOCOM WKSHPS). IEEE, 2018, pp. 692–697.

141



REFERENCES

[26] M. Umehira, G. Saito, S. Wada, S. Takeda, T. Miyajima, and

K. Kagoshima, “Feasibility of RSSI based access network detection for

multi-band WLAN using 2.4/5GHz and 60GHz,” in 2014 International

Symposium on Wireless Personal Multimedia Communications (WPMC).

IEEE, 2014, pp. 243–248.

[27] X. Zhang, S. Zhou, X. Wang, Z. Niu, X. Lin, D. Zhu, and M. Lei, “Im-

proving network throughput in 60GHz WLANs via multi-AP diversity,” in

2012 IEEE International Conference on Communications (ICC). IEEE,

2012, pp. 4803–4807.

[28] S. L. Cotton, R. D’Errico, and C. Oestges, “A review of radio channel

models for body centric communications,” Radio Science, vol. 49, no. 6,

pp. 371–388, 2014.

[29] A. I. Sulyman, A. Alwarafy, G. R. MacCartney, T. S. Rappaport, and A. Al-

sanie, “Directional radio propagation path loss models for millimeter-wave

wireless networks in the 28-, 60-, and 73-GHz bands,” IEEE Transactions

on Wireless Communications, vol. 15, no. 10, pp. 6939–6947, 2016.

[30] G. R. MacCartney, T. S. Rappaport, M. K. Samimi, and S. Sun,

“Millimeter-wave omnidirectional path loss data for small cell 5G channel

modeling,” IEEE Access, vol. 3, pp. 1573–1580, 2015.

[31] G. R. MacCartney and T. S. Rappaport, “Rural macrocell path loss models

for millimeter wave wireless communications,” IEEE Journal on Selected

Areas in Communications, vol. 35, no. 7, pp. 1663–1677, 2017.

142



REFERENCES

[32] G. R. Maccartney, T. S. Rappaport, S. Sun, and S. Deng, “Indoor office

wideband millimeter-wave propagation measurements and channel models

at 28 and 73 GHz for ultra-dense 5G wireless networks,” IEEE Access,

vol. 3, pp. 2388–2424, 2015.

[33] J. Huang, Y. Liu, C.-X. Wang, J. Sun, and H. Xiao, “5G millimeter wave

channel sounders, measurements, and models: Recent developments and

future challenges,” IEEE Communications Magazine, vol. 57, no. 1, pp.

138–145, 2018.

[34] S. K. Yoo, S. Cotton, and L. Zhang, “Measurement based path loss study

for indoor device-to-device communications at 60 GHz,” in 8th Asia-Pacific

Conference on Antennas and Propagation. IEEE, 2019, pp. In–Press.

[35] M. Khatun, H. Mehrpouyan, and D. Matolak, “60-GHz millimeter-wave

pathloss measurements in Boise airport,” in 2018 IEEE Global Conference

on Signal and Information Processing (GlobalSIP). IEEE, 2018, pp. 1276–

1280.

[36] 3GPP, “Technical specification group radio access netwrok; channel model

for frequence spectrum above 6 GHz (release 14),” 3rd Generation Partner-

ship Project (3GPP), TR 38.900, Dec 2016.

[37] ITU-R, “Guidelines for evaluation of radio interface technologies for IMT-

Advanced,” International Telecommunication Union (ITU), M. 2135-1, Dec

2019.

[38] T. S. Rappaport et al., Wireless communications: principles and practice.

Prentice Hall PTR New Jersey, 1996, vol. 2.

143



REFERENCES

[39] L. Fenton, “The sum of log-normal probability distributions in scatter trans-

mission systems,” IRE Transactions on Communications Systems, vol. 8,

no. 1, pp. 57–67, 1960.

[40] J. Clark and S. Karp, “Approximations for lognormally fading optical sig-

nals,” Proceedings of the IEEE, vol. 58, no. 12, pp. 1964–1965, 1970.
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distribution in wireless channels: Second-order statistics and channel capac-

ity,” IEEE Transactions on Communications, vol. 60, no. 11, pp. 3167–3173,

2012.

[43] F. Louzada, P. L. Ramos, and D. Nascimento, “The inverse Nakagami-

m distribution: A novel approach in reliability,” IEEE Transactions on

Reliability, vol. 67, no. 3, pp. 1030–1042, 2018.

[44] A. Coulson, A. Williamson, and R. Vaughan, “Improved fading distribution

for mobile radio,” IEE Proceedings-Communications, vol. 145, no. 3, pp.

197–202, 1998.

[45] S. K. Yoo, S. Cotton, L. Zhang, and P. Sofotasios, “The inverse gamma

distribution: A new shadowing model,” in 8th Asia-Pacific Conference on

Antennas and Propagation. IEEE, 2019, pp. In–Press.

[46] A. Abdi and M. Kaveh, “On the utility of gamma PDF in modeling shadow

fading (slow fading),” in 1999 IEEE 49th Vehicular Technology Conference

(Cat. No. 99CH36363), vol. 3. IEEE, 1999, pp. 2308–2312.

144



REFERENCES

[47] M. Razzaghpour, R. Adeogun, I. Rodriguez, G. Berardinelli, R. S. Mo-

gensen, T. Pedersen, P. Mogensen, and T. B. Sørensen, “Short-range UWB

wireless channel measurement in industrial environments,” in 2019 Inter-

national Conference on Wireless and Mobile Computing, Networking and

Communications (WiMob). IEEE, 2019, pp. 1–6.

[48] B. Sklar, “Rayleigh fading channels in mobile digital communication sys-

tems. I. Characterization,” IEEE Communications Magazine, vol. 35, no. 7,

pp. 90–100, 1997.

[49] S. O. Rice, “Mathematical analysis of random noise,” Bell System Technical

Journal, vol. 23, no. 3, pp. 282–332, 1944.

[50] M. Nakagami, “The m-distribution—a general formula of intensity distri-

bution of rapid fading,” in Statistical Methods in Radio Wave Propagation.

Elsevier, 1960, pp. 3–36.

[51] M. D. Yacoub, “The κ-µ distribution and the η-µ distribution,” IEEE An-

tennas and Propagation Magazine, vol. 49, no. 1, pp. 68–81, Feb 2007.

[52] N. Bhargav, S. L. Cotton, and D. E. Simmons, “Secrecy capacity analysis

over κ-µ fading channels: Theory and applications,” IEEE Transactions on

Communications, vol. 64, no. 7, pp. 3011–3024, 2016.

[53] N. Bhargav, S. L. Cotton, G. A. Conway, A. McKernan, and W. G. Scan-

lon, “Simultaneous channel measurements of the on-body and body-to-body

channels,” in 2016 IEEE 27th Annual International Symposium on Per-

sonal, Indoor, and Mobile Radio Communications (PIMRC). IEEE, 2016,

pp. 1–6.

145



REFERENCES

[54] N. Bhargav, S. L. Cotton, and D. B. Smith, “An experimental-based analy-

sis of inter-BAN co-channel interference using the κ-µ fading model,” IEEE

Transactions on Antennas and Propagation, vol. 65, no. 2, pp. 983–988,

2016.

[55] S. K. Yoo, L. Zhang, S. L. Cotton, H. Q. Ngo, and W. G. Scanlon, “Ceiling-

or wall-mounted access points: An experimental evaluation for indoor mil-

limeter wave communications,” in 2019 13th European Conference on An-

tennas and Propagation (EuCAP). IEEE, 2019, pp. 1–5.

[56] J. Kibi lda, A. B. MacKenzie, M. J. Abdel-Rahman, S. K. Yoo, L. G. Gior-

dano, S. L. Cotton, N. Marchetti, W. Saad, W. G. Scanlon, A. Garcia-

Rodriguez et al., “Indoor millimeter-wave systems: design and performance

evaluation,” Proceedings of the IEEE, vol. 108, no. 6, pp. 923–944, 2020.

[57] J. Kim and I. G. Kim, “Distributed antenna system-based millimeter-wave

mobile broadband communication system for high speed trains,” in 2013

International Conference on ICT Convergence (ICTC). IEEE, 2013, pp.

218–222.

[58] Q. Wang, D. Debbarma, A. Lo, Z. Cao, I. Niemegeers, and S. H. de Groot,

“Distributed antenna system for mitigating shadowing effect in 60 GHz

WLAN,” Wireless Personal Communications, vol. 82, no. 2, pp. 811–832,

2015.

[59] D. G. Brennan, “Linear diversity combining techniques,” Proceedings of the

IRE, vol. 47, no. 6, pp. 1075–1102, 1959.

146



REFERENCES

[60] A. Bulling, U. Blanke, and B. Schiele, “A tutorial on human activity

recognition using body-worn inertial sensors,” ACM Computing Surveys

(CSUR), vol. 46, no. 3, pp. 1–33, 2014.

[61] C. M. Bishop, Neural networks for pattern recognition. Oxford University

Press, 1995.

[62] S. Archasantisuk, T. Aoyagi, T. Uusitupa, M. Kim, and J.-i. Takada, “Hu-

man motion classification using radio signal strength in WBAN,” IEICE

Transactions on Communications, vol. 99, no. 3, pp. 592–601, 2016.

[63] Z. Chi, Y. Yao, T. Xie, Z. Huang, M. Hammond, and T. Zhu, “Harmony:

Exploiting coarse-grained received signal strength from IoT devices for hu-

man activity recognition,” in 2016 IEEE 24th International Conference on

Network Protocols (ICNP). IEEE, 2016, pp. 1–10.

[64] A. Wang, G. Chen, J. Yang, S. Zhao, and C.-Y. Chang, “A comparative

study on human activity recognition using inertial sensors in a smartphone,”

IEEE Sensors Journal, vol. 16, no. 11, pp. 4566–4578, 2016.

[65] A. McCallum, K. Nigam et al., “A comparison of event models for naive

bayes text classification,” in AAAI-98 Workshop on Learning for Text Cat-

egorization, vol. 752, no. 1, 1998, pp. 41–48.

[66] T. Cover and P. Hart, “Nearest neighbor pattern classification,” IEEE

Transactions on Information Theory, vol. 13, no. 1, pp. 21–27, 1967.

147



REFERENCES

[67] Z. Chen, L. Zhang, Z. Cao, and J. Guo, “Distilling the knowledge from

handcrafted features for human activity recognition,” IEEE Transactions

on Industrial Informatics, vol. 14, no. 10, pp. 4334–4342, 2018.

[68] F. Palumbo, C. Gallicchio, R. Pucci, and A. Micheli, “Human activity

recognition using multisensor data fusion based on reservoir computing,”

Journal of Ambient Intelligence and Smart Environments, vol. 8, no. 2, pp.

87–107, 2016.

[69] W. Kawakami, K. Kanai, B. Wei, and J. Katto, “A highly accurate trans-

portation mode recognition using mobile communication quality,” IEICE

Transactions on Communications, vol. 102, no. 4, pp. 741–750, 2019.

[70] Z. Xiao, H. Wen, A. Markham, N. Trigoni, P. Blunsom, and J. Frolik, “Non-

line-of-sight identification and mitigation using received signal strength,”

IEEE Transactions on Wireless Communications, vol. 14, no. 3, pp. 1689–

1702, 2015.

[71] Y. Geng, J. Chen, R. Fu, G. Bao, and K. Pahlavan, “Enlighten wear-

able physiological monitoring systems: On-body RF characteristics based

human motion classification using a support vector machine,” IEEE Trans-

actions on Mobile Computing, vol. 15, no. 3, pp. 656–671, 2016.

[72] K. D. Wong, Fundamentals of wireless communication engineering tech-

nologies. John Wiley & Sons, 2011, vol. 98.

[73] M. Anas, F. D. Calabrese, P.-E. Ostling, K. I. Pedersen, and P. E. Mo-

gensen, “Performance analysis of handover measurements and layer 3 fil-

148



REFERENCES

tering for UTRAN LTE,” in 2007 IEEE 18th International Symposium on

Personal, Indoor and Mobile Radio Communications. IEEE, 2007, pp. 1–5.

[74] B. Van Quang, R. V. Prasad, and I. Niemegeers, “A survey on hand-

offs—lessons for 60 GHz based wireless systems,” IEEE Communications

Surveys & Tutorials, vol. 14, no. 1, pp. 64–86, 2010.

[75] J. Han and B. Wu, “Handover in the 3GPP long term evolution (LTE)

systems,” in 2010 Global Mobile Congress. IEEE, 2010, pp. 1–6.

[76] I. Shayea, M. Ismail, and R. Nordin, “Advanced handover techniques in

LTE-Advanced system,” in 2012 International Conference on Computer

and Communication Engineering (ICCCE). IEEE, 2012, pp. 74–79.

[77] A. Murase, I. Symington, and E. Green, “Handover criterion for macro

and microcellular systems,” in 41st IEEE Vehicular Technology Conference.

IEEE, 1991, pp. 524–530.

[78] D. Wong and D. C. Cox, “Estimating local mean signal power level in a

Rayleigh fading environment,” IEEE Transactions on Vehicular Technol-

ogy, vol. 48, no. 3, pp. 956–959, 1999.

[79] I. Stojmenovic, Handbook of wireless networks and mobile computing. Wi-

ley Online Library, 2002.

[80] 3GPP, “Telecommunication management; Self-Organizing Networks (SON)

Policy Network Resouce Model (NRM) Integration Reference point (IRP);

Information Service (IS),” 3rd Generation Partnership Project (3GPP), TS

28.628, Sep 2013.

149



REFERENCES

[81] ——, “E-UTRA and E-UTRRA; overall description,” 3rd Generation Part-

nership Project (3GPP), TS 36.300, June 2009.

[82] ——, “Self-configuring and self-optimizing network use cases and solution,”

3rd Generation Partnership Project (3GPP), TS 36.902, May 2009.

[83] Y. Kim, H.-Y. Lee, P. Hwang, R. K. Patro, J. Lee, W. Roh, and K. Cheun,

“Feasibility of mobile cellular communications at millimeter wave fre-

quency,” IEEE Journal of Selected Topics in Signal Processing, vol. 10,

no. 3, pp. 589–599, 2016.

[84] Y. Sun, G. Feng, S. Qin, Y.-C. Liang, and T.-S. P. Yum, “The SMART

handoff policy for millimeter wave heterogeneous cellular networks,” IEEE

Transactions on Mobile Computing, vol. 17, no. 6, pp. 1456–1468, 2017.

[85] S. Kang, S. Choi, G. Lee, and S. Bahk, “A dual-connection based handover

scheme for ultra-dense millimeter-wave cellular networks,” in 2019 IEEE

Global Communications Conference (GLOBECOM). IEEE, 2019, pp. 1–6.

[86] T. S. Rappaport, S. Sun, R. Mayzus, H. Zhao, Y. Azar, K. Wang, G. N.

Wong, J. K. Schulz, M. Samimi, and F. Gutierrez, “Millimeter wave mobile

communications for 5G cellular: It will work!” IEEE Access, vol. 1, pp.

335–349, 2013.

[87] C.-X. Wang, F. Haider, X. Gao, X.-H. You, Y. Yang, D. Yuan, H. M. Ag-

goune, H. Haas, S. Fletcher, and E. Hepsaydir, “Cellular architecture and

key technologies for 5G wireless communication networks,” IEEE Commu-

nications Magazine, vol. 52, no. 2, pp. 122–130, 2014.

150



REFERENCES

[88] P. Smulders et al., “Exploiting the 60 GHz band for local wireless mul-

timedia access: prospects and future directions,” IEEE Communications

Magazine, vol. 40, no. 1, pp. 140–147, 2002.

[89] X. Wu, C.-X. Wang, J. Sun, J. Huang, R. Feng, Y. Yang, and X. Ge, “60-

GHz millimeter-wave channel measurements and modeling for indoor office

environments,” IEEE Transactions on Antennas and Propagation, vol. 65,

no. 4, pp. 1912–1924, 2017.

[90] W. Choi and J. G. Andrews, “Downlink performance and capacity of dis-

tributed antenna systems in a multicell environment,” IEEE Transactions

on Wireless Communications, vol. 6, no. 1, pp. 69–73, 2007.

[91] S. Obayashi and J. Zander, “A body-shadowing model for indoor radio

communication environments,” IEEE Transactions on Antennas and Prop-

agation, vol. 46, no. 6, pp. 920–927, 1998.

[92] J. S. Lu, D. Steinbach, P. Cabrol, and P. Pietraski, “Modeling human

blockers in millimeter wave radio links,” ZTE Communications, vol. 10,

no. 4, pp. 23–28, 2012.

[93] T. Mavridis, L. Petrillo, J. Sarrazin, A. Benlarbi-Delai, and P. De Don-

cker, “Near-body shadowing analysis at 60 GHz,” IEEE Transactions on

Antennas and Propagation, vol. 63, no. 10, pp. 4505–4511, 2015.

[94] T. Mavridis, L. Petrillo, J. Sarrazin, D. Lautru, A. Benlarbi-Delai, and

P. De Doncker, “Creeping wave model of diffraction of an obliquely inci-

dent plane wave by a circular cylinder at 60 GHz,” IEEE Transactions on

Antennas and propagation, vol. 62, no. 3, pp. 1372–1377, 2014.

151



REFERENCES

[95] C. Gustafson and F. Tufvesson, “Characterization of 60 GHz shadowing by

human bodies and simple phantoms,” in 6th European Conf. on Antennas

and Propagation (EUCAP), 2012, pp. 473–477.

[96] M. Fakharzadeh, J. Ahmadi-Shokouh, B. Biglarbegian, M. Nezhad-Ahmadi,

and S. Safavi-Naeini, “The effect of human body on indoor radio wave prop-

agation at 57–64 GHz,” in IEEE Intl. Symp. on Antennas and Propagation

(APSURSI), 2009, pp. 1–4.

[97] K. T. Selvan and R. Janaswamy, “Fraunhofer and Fresnel Distances: Uni-

fied derivation for aperture antennas.” IEEE Antennas and Propagation

Magazine, vol. 59, no. 4, pp. 12–15, 2017.

[98] S. Rajagopal, S. Abu-Surra, and M. Malmirchegini, “Channel feasibility for

outdoor non-line-of-sight mmwave mobile communication,” in IEEE Vehic-

ular Technology Conference (VTC Fall), 2012, pp. 1–6.

[99] N. Jaldén, P. Zetterberg, B. Ottersten, A. Hong, and R. Thoma, “Corre-

lation properties of large scale fading based on indoor measurements,” in

Wireless Communications and Networking Conference (WCNC), 2007, pp.

1894–1899.

[100] M. G. Doone, S. L. Cotton, and C. Oestges, “An experimental investigation

into the impact of vehicular traffic on interpersonal wearable-to-wearable

communications channels,” IEEE Transactions on Antennas and Propaga-

tion, vol. 65, no. 10, pp. 5418–5430, 2017.

152



REFERENCES

[101] G. Dahman, J. Flordelis, and F. Tufvesson, “Cross-correlation of large-scale

parameters in multi-link systems: Analysis using the box-cox transforma-

tion,” IEEE Access, vol. 6, pp. 13 555–13 564, 2018.

[102] S. K. Yoo, L. Zhang, S. L. Cotton, and H. Q. Ngo, “Distributed antenna

systems used for indoor UE to access point communications at 60 GHz,” in

2019 13th European Conference on Antennas and Propagation (EuCAP),

2019, pp. 1–5.

[103] K. Zayana and B. Guisnet, “Measurements and modelisation of shadowing

cross-correlations between two base-stations,” in ICUPC’98. IEEE 1998

International Conference on Universal Personal Communications. Confer-

ence Proceedings (Cat. No. 98TH8384), vol. 1, 1998, pp. 101–105.

[104] B. Yanakiev, J. Ø. Nielsen, M. Christensen, and G. F. Pedersen, “On small

terminal antenna correlation and impact on MIMO channel capacity,” IEEE

Transactions on Antennas and Propagation, vol. 60, no. 2, pp. 689–699,

2011.

[105] I. Khan, P. S. Hall, A. A. Serra, A. R. Guraliuc, and P. Nepa, “Diversity

performance analysis for on-body communication channels at 2.45 GHz,”

IEEE Transactions on Antennas and propagation, vol. 57, no. 4, pp. 956–

963, 2009.

[106] B. B. Haile, A. A. Dowhuszko, J. Hämäläinen, R. Wichman, and Z. Ding,
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