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Synopsis:

The position of autonomous robot is of
great significance for the purpose of nav-
igation in an indoor environment. The
goal of this project is improved localisa-
tion in Non Line of sight(NLoS) condi-
tions. The current technologies during
Line of sight (LoS) such as GPS, Bluetooth
has an uncertainty of greater than 20 cm,
whereas Ultra Wide Band sensors are ac-
curate with a lower uncertainty of less than
8 cm. In this project, the tracking of an
autonomous robot, assisted by Ultra Wide
Band (UWB) sensors, in an indoor envi-
ronment by deploying Unscented Kalman
Filter (UKF) has been explored to miti-
gate effect NLoS. The autonomous robot
in this project is addressed as "Deepcar",
provided by a company known as SMPL
robotics. A machine learning classifica-
tion model is employed to detect whether
a robot is in NLoS or LoS with the beacon
by analysing the power of the impulse re-
sponses received at the beacon. This clas-
sification model is developed using TREK
1000 evaluation kit.
In the proposed approach, during NLoS
conditions, persons in the indoor environ-
ment, who also carry UWB tags are used
as non stationary beacons and are assigned
variable weights in UKF, hence aiding in
position estimation of the Deepcar, along
with stationary beacons.
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Introduction 1
As technology continuously progresses, the need of robots becomes more signi�cant

and especially autonomous robots. The �eld of interest is increasingly pointed towards the
ability to autonomously navigate in an indoor environment and nonetheless the property
of avoiding static and dynamic obstacles.

An another �eld that is heavily researched is the use of robots in warehouses. For
example, this could be to pack or move goods within the warehouse. Big companies like,
Amazon, Proshop, Alibaba and BMW are just a few of the companies that utilize robot
technology to their advantages [1], [2], [3].

Robot being aware of its own position is an integral part of enabling precise navigation.
Complex indoor environment such as coal mines, hospitals, and warehouses have an
essential need of more precise localisation[4]. The order of localisation, that utilises
GPS and other outdoor satellite systems, is in meters, which is suitable for outdoor
purposes[5], but indoor environment necessitates even more precision. Ultra Wide Band
(UWB) Technology is a wireless communication technology, which is especially suitable for
indoor positioning because of its superior advantages such as low power consumption and
good resistance to interference[6]. Based on Time Di�erence of Arrival (TDOA) approach,
Ultra Wide Band has a capacity to localise the robot in order of centimeters. Hence, it is
decided to explore the topic of indoor localisation using UWB sensors.

1



Group 935 1. Introduction

1.1 Project setting

The application of autonomous robots has a great variety of usage. Ranging from

ˆ Eldercare.
ˆ Parcels allocation.
ˆ Cleaning.
ˆ Autonomous car.
ˆ etc.

In all sectors, accuracy, cost-e�ciency and reliability plays a signi�cant role in order
to avoid damaging or hurting the people and the environment where robot is operated.
Especially, in real-time systems created for indoor navigation face the problem of accuracy
with technologies such as GPS, bluetooth and Wi-Fi, however a new aspect has made a
prominent appearance in the later years, which is UWB. It has the opportunity to �ll-in
the gap [7]. Hence, an autonomous robot, with Ultra Wide Band sensors mounted, has
been considered in this project.

1.2 Initial problem statement

Based on the project setting described in the section 1.1, the problem statement can
be reformulated in the following way:

"How an autonomous robot can be localised using Ultra Wide Band Sensors
in an indoor environment?"

1.3 State of the art

Robot localization implies the robot's capacity to determine its orientation and
position within a de�ned coordinate system (frame of reference).

The problem of localisation in an indoor environment can be solved in multiple
ways. This section deals with exploring the current methodologies employed in NLoS
identi�cation and localisation techniques. The NLoS identi�cations are done based on
statistical information, channel diagnostic algorithm, machine learning classi�ers and these
are discussed in [8] [9] [10]. The localisation is a two step approach where in the �rst step
certain position parameters are obtained and in the second step the position is determined
by deploying position estimation algorithms and these are discussed in [11] [12].

For NLoS Identi�cation: In the approach of using relevant statistical tools the
characteristics of the received multipath components are used. This is employed by using
the kurtosis, the rms delay spread and the mean excess delay to view the delay and
amplitude information during NLoS and LoS conditions. If this information is available
prior for both LoS and NLoS conditions in a particular environment then likelihood ratio
tests can be conducted to determine the hypothesis (LoS or NLoS). In the approach of using
channel diagnostic algorithm(CDA ), we use two received signal strengths for identifying
the LoS or NLoS condition. One is �rst-path signal power level(FSL) and the other is

2



1.4. Scope and limitations Aalborg Universitet

received signal power level(RSL). The unit of these two power levels isdBm. A CDA
uses the di�erence betweenRSL and FSL, and if the di�erence greater than 10dB then
it is said to be in NLoS condition whereas when the di�erence is lesser than 6dB it is said
to be in LoS condition. However the region of di�erence between 6dB and 10dB is not
de�ned and hence may cause improper identi�cation. In the approach of using Machine
Learning classi�er, a set of features are selected for the training data set. The classi�cation
of LoS and NLoS can be done using SVM. SVM is a supervised learning classi�er and it
is one of the most widely used because of its low generalization error, requires only a few
user de�ned variables[10].

For Localisation: The position parameters are determined initially and the next step
is estimation of the position. The positioning algorithms are classi�ed by the signal
properties they utilise. The position parameters that can be used for positioning are
Channel Impulse response (CIR ), multipath power delay pro�le ( PDP ), Angle of arrival
(AOA ), Time of arrival ( TOA), Time Di�erence of Arrival ( TDOA ) and Received Signal
Strength Indication( RSSI )[11]. The signal properties such asAOA , TOA, TDOA and
RSSI are used for geometric methods of position estimation and the signal properties
such asCIR and PDP is used by �ngerprinting. The positioning algorithms convert the
recorded signal properties into distances and angles after which the position of the actual
object to be tracked is computed. Hence both the signal property and the positioning
algorithm work cohesively to estimate the position of the target node. The accuracy
of the estimated position is determined by the positioning algorithm deployed and it is
also determined by the accuracy of the signal information collected[12]. The prominent
positioning algorithms are :

ˆ Fingerprinitng or Scene Analysis
ˆ Trilateration
ˆ Triangulation
ˆ Proximity

1.4 Scope and limitations

This project employs the use of an autonomous robot named "Deepcar". It is equipped
with camera, LIDAR sensor and UWB decawave module. Deepcar is designed for many
functionalities such as self driving using camera, mapping of environment using LIDAR,
indoor localization. One of the functionalities explored in this project is indoor localization
using UWB decawave module.

Due to the insu�cient documentation of deepcar, the state model and the controller
for the deepcar are not designed in this project. Position localization of deepcar must be
accurate for better navigation in an indoor environment. UWB positioning is accurate
when the tag on deepcar is in line of sight (LoS) with all the anchors. But UWB is prone
to many problems such as clock synchronization between two transceivers, Non Line of
sight (NLoS) interference, interference due to environment, and so forth[13]. In case of
Non Line of sight (NLoS) with one of the anchors, the positioning is greatly a�ected by the
re�ection of waves from the obstacles, that are causing NLoS. The positioning of deepcar
can be made better by utilising persons.

3



Group 935 1. Introduction

This project builds on the work presented in article [14]. Identi�cation of LoS/NLoS
has been given more signi�cance, and hence di�erent metrics for the classi�er are considered
to deploy it in real-time. The environment in which the deepcar is operated is considered
to be of much importance because it should be mapped before implementation. The
environment that does not vary much with time is preferably considered such as warehouse
in an industry, but if the environment is unpredictable such as home, the deepcar might
not be the best option. This report is aimed to analyse the e�ect of interference due to
NLoS conditions on localisation of robot using Ultra Wide Band technology and exploring
approaches to improve accuracy of localisation [15].

1.5 Use case for indoor navigation of Deepcar

Deepcar is navigated in a closed environment (such as room, inventory house) which is
mapped into a 2D grid, including all the stationary obstacles (such as walls, racks, pillars).
A �xed number of anchors, which are decawave UWB modules con�gured as anchors, are
positioned at the corners of the environment. The number of anchors should be chosen on
the basis of location of stationary obstacles in the considered setting.

In this project(�gure 1.1), any person entering the environment is considered as a
non stationary anchor by the UWB tag he/she wears. These non stationary anchors are
considered as obstacles by the deepcar. During NLoS conditions with the �xed anchors, a
person, whose position can be estimated accurately using indoor localization, is considered
as an anchor and the deepcar estimates its position.

4



1.5. Use case for indoor navigation of Deepcar Aalborg Universitet

Figure 1.1: Demonstration of Use Case

5



Group 935 1. Introduction

1.6 Final problem statement

Based on the limitations presented in the previous section, the problem statement can
be reformulated in the following way:

"How to improve localisation performance in an indoor environment using
Ultra Wide Band, in Non Line of Sight (NLoS) conditions?"

1.7 Solution overview

As described in the use case, the position of deepcar is calculated by using the
anchors in the room. The line of sight or non line of sight condition of deepcar with an
anchor is identi�ed by employing a trained machine learning model, which takes Channel
Impulse Response(CIR) from the tag connected to deepcar. The machine learning model
is developed for the environment where deepcar is operated. An evaluation kit is used
to obtain CIR's for various settings of LoS and NLoS conditions, which are used to train
the model. An unscented kalman �lter has been designed to track deepcar in both LoS
and NLoS conditions. In LoS conditions, UKF utilizes the stationary anchors to localise
the deepcar. In NLoS conditions, UKF utlilizes the persons as non-stationary anchors to
estimate deepcar position accurately.

6



Line of sight and Non-Line

of sight 2
This chapter will deal with the identi�cation of the two scenarios, "line of sight" (LoS)

and "non-line of sight" (NLoS) by using channel impulse response (CIR). All the provided
information is from the following source [16].

2.0.1 Line of sight

In case of line of sight two scenarios could emerge.

1. Optically LoS: Specify the arrangement of no obstruction of physical objects in-
between the transmitter and receiver antenna. This is considered in this chapter.

2. Fresnel Zone LoS: This refers to the area around optically LoS into which
electromagnetic waves spread out, this type of LoS is known as Fresnel Zone and
has its application in �eld such as RF.

Figure 2.1: Example of Line of sight

Communication range

First approach is to deal with the power signal in order to know the range of the
signal, then follow up by an accuracy technique, which is Time-of-Flight (ToF) in order to
estimate the distance.

The communication range is de�ned upon two criteria, "the level of arrived signal"
and "the sensitivity of the receiver antenna". As long as the signal level surpasses a certain
threshold, the signal will be acknowledged.

The following equation will describe the received power signal:

PR = PT + G � L � 20 log10(
4�f cd

c
) (2.1)

where
PR = Received Signal level.
PT = Transmitted power,

7



Group 935 2. Line of sight and Non-Line of sight

G = The gain from the transmitting, received antennas and other ampli�ers.
L = Losses in the system like PCB, cable, connector etc.
c = Speed of light (299792458).
fc = Center frequency of the channel used (in Hertz).
d = Distance in meters between transmitter and receiver.

The received signal PR will indicate the robustness of the communications by
considering the Link Margin, which is the di�erence between the value of PR and the
threshold of the receiver. A large Link Margin represents a robust communication and can
be attenuated if wanted, whereas the opposite indicates a bad signal.

Distance Determination

The following objective is to determine the distance between two antennas in LoS.
In order to determine the distance, time-of-�ight is a necessary tool. It is with great
importance to accurately measure the time-of-�ight, as 0.1ns provides a measurement
precision of 3cm, whereas 1ns gives a deviation of 30cm.

The ideal case of LoS occurs when there is no multipath propagation, however this is
not possible in real life scenario even when no object is obstructing. The e�ect of these
multipath(s) could change the direct pulse in normal circumstances, however this is not a
severe problem in case of UWB since it is narrow pulses.

The most common re�ector is the ground which could occur in both the outdoor and
indoor environment. This leads to an in�nite number of multipaths among the antennas.

8
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Figure 2.2: Illustration of ground as a re�ector

2.0.2 Non-line of sight

NLoS di�ers from the LoS as the peripheral �eld contains obstruction and eventually
this will delay, re�ect or refract the signal.

When occupying NLoS, three main categories should be examined.

1. Time of �ight error due to the refractive index, which depends on the hindering
object.

2. Attenuation, in the signal power, leads to a reduction in the communication range.
3. Attenuation of the direct path signal as interference, of multipath, occurs as a result

of the re�ection and refraction.

Figure 2.3: NLoS with re�ection and refraction of the incident signal

Communication range

The e�ect of signal attenuation, by obstacle, on communication range depends on the
material, thickness and the frequency of the incident signal. So the obstructions attribute

9



Group 935 2. Line of sight and Non-Line of sight

to Friis equation likewise:

PR = PT + G � L � 20 log10(
4�f cd1 + d2

c
) � L MAT ERIAL (2.2)

where
PR = Received signal level.
PT = Transmitted power.
G = The gain from the transmitting, received antennas and other ampli�ers. The
DWM1000 emits su�cient power so that � 41:3 dBm/MHz is radiated from the
transmitting antenna.
L = Any losses in the system like PCB, cable, connector etc.
c = Speed of light (299792458 m=s).
fc = Center frequency of the channel used (in Hertz).
d1 = Distance in free space from transmitter to attenuating material.
d2 = Distance in free space from attenuating material to receiver.
LMATERIAL = Describe the loss in material.

E�ect of refraction

E�ect of refraction contributes to a delayed signal, which a�ects the calculation of the
position as mentioned before. The following equation will describe e�ect of NLoS:

ToF =
d � w

c
+

w � R
c

ToF =
d + w � (R � 1)

c
d0 = ToF � c = d + w � (R � 1) (2.3)

where
d = Physical distance between two nodes.
d' = Calculated distance between two nodes.
c = Speed of light.
w = Width of the object between the two nodes.
R = Refractive index.

NLOS and multipath operation

Third case describes the NLOS scenario with multipath.

10
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Figure 2.4: NLoS alter the signal and delays the original signal

When the scenario is in NLoS as in �gure 2.4 the e�ect is a misinterpretation of the
distance, because the amplitude of the direct path is attenuated and has become lower
than the multipath's amplitude, hence misinterpreting multipath signal as a direct path
signal.

This could also be illustrated as in �gure 2.5

Figure 2.5: Re�ection signal power interfere the direct path signal power

11



UWB Positioning 3
This chapter gives a brief description about the estimation of distance between

two Ultra Wide Band (UWB) modules using a Two way ranging(TWR) protocol. A
mathematical approach has also been discussed to estimate the coordinates of deepcar
using anchors.

3.1 Ultra Wide Band (UWB) Sensors

Information is transmitted in UWB by radio energy at speci�c time intervals and
occupying a large bandwidth (typically more than 500 MHz). The key di�erence between
radio systems and UWB is that a small duration pulse is directly propagated, without any
Radio Frequency (RF) mixer in UWB systems. Detection of UWB detection is di�cult
because of the low Power Spectral Density (PSD) and pseudo random characteristic of the
signal. The advantages of having high bandwidth are as follows [17]:

ˆ High Multipath resolution
ˆ Resistant to Multipath propagation and jamming/interference
ˆ Good Low Probability of Interception and Detection (LPI & LPD) properties

In the deep car, UWB sensors are used primarily for following purposes:

ˆ Positioning of the deep car using tags
ˆ Obstacle Detection

3.1.1 UWB Positioning Algorithm

UWB positioning is nearly accurate because of the short duration pulses. If the arrival
time of one of these pulses is measured, it is possible to determine the distance between
the receiver and the transmitter with a small uncertainty. If the distances from multiple
receivers and one transmitter are measured, then the position of the transmitter can be
determined with more precision using various position estimation techniques.

3.1.2 Distance Determination between Anchor & Deepcar

Distance of anchor from tag is obtained using time of �ight(ToF) of the radio signal
between them. ToF measurements are obtained using a ranging protocol Two Way Ranging
(TWR) technique.

12
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Two Way Ranging(TWR)

This is the simplest protocol, which uses only three messages. Tag sends out a start
message at instantt1. Tag receives two messages consisting an acknowledge request in one
message and time stamps in the other (Figure 3.1). From the timestamps received, the
ToF [18] is measured as follows:

ToF =
1

2
(t4 � t1 � (t3 � t2)) (3.1)

It is important to note that the timestamps t2 and t3 are computed by the same crystal
oscillator as t1 and t4 are computed. In real systems, it is always not ensured that there
will be no clock drifts between the tag and the anchor. In such cases, a co-e�cient(k) is
de�ned to account for this drift. Consider the frequency of the tag asf T and the frequency

of the anchor asf A . Then k =
f T

f A
[18]. The equation (3.1) can be modi�ed as

ToFmodif ied =
1

2
(t4 � t1 � k(t3 � t2)) (3.2)

This measurement is used in calculating distance(dT A ) between the anchor and the tag in
Line of Sight conditions as

dT A = c � ToFmodif ied (3.3)

where c is de�ned as the speed of electromagnetic wave.

Figure 3.1: TWR Ranging

3.1.3 Mathematical Approach for determination of Deepcar Position

When a tag is connected to the deepcar, distances of each anchor from the tag are used
to determine the position of deepcar mathematically. It is assumed that the distance(di )
of tag from the anchor is interpreted as tag could lie anywhere on the sphere of radius(di )
with anchor at the centre of sphere. Hence, for3D position estimation, at least four
anchors should be mounted. As the visualisation of spheres is di�cult, 2D position
calculation(�gure 3.2) is represented using three anchors [19].

13
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Assume anchors are denoted byA i and deepcar is denoted asDC . Prior before
computation, position of anchors and distances are obtained.

Figure 3.2: 2 dimensional Position estimation of Deepcar

(xDC � xA 0 )2 + ( yDC � yA 0 )2 = d2
0

(xDC � xA 1 )2 + ( yDC � yA 1 )2 = d2
1

(xDC � xA 2 )2 + ( yDC � yA 2 )2 = d2
2

(3.4)

Equations in (3.4) are rearranged into a set of two equations by subtraction

2(xA 1 � xA 0 )xDC + 2( yA 1 � yA 0 )yDC = d2
0 � d2

1 �
�
x2

A 0
+ y2

A 0

�
+

�
x2

A 1
+ y2

A 1

�

2(xA 2 � xA 1 )xDC + 2( yA 2 � yA 1 )yDC = d2
1 � d2

2 �
�
x2

A 1
+ y2

A 1

�
+

�
x2

A 2
+ y2

A 2

�

(3.5)

Equation (3.5) expressed in matrix form (3.6)

AX DC = B (3.6)

where

A = 2

"
xA 1 � xA 0 yA 1 � yA 0

xA 2 � xA 1 yA 2 � yA 1

#

X DC =

"
xDC

yDC

#
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B =

"
d2

0 � d2
1 � (x2

A 0
+ y2

A 0
) + ( x2

A 1
+ y2

A 1
)

d2
1 � d2

2 � (x2
A 1

+ y2
A 1

) + ( x2
A 2

+ y2
A 2

)

#

X DC gives the position of deepcar, whereasA and B are obtained from position of anchors
and distance measurements on the tag. Least squares technique is applied to solve matrix
equation (3.6) for position of deepcar. This approach can be expanded forn anchors and
3 dimensional position estimation.

X DC =
�
AT A

� � 1
AT B (3.7)
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Machine Learning 4
This chapter deals with di�erent machine learning models and the topics correlated,

such as classi�cation, model selection and feature extraction. An intuitive understanding
on design of classi�er and the concerned mathematical aspects have also been discussed.

4.1 Introduction

The fundamental idea of machine learning concerns design and optimization of an
algorithm that will improve the performances of the algorithm by examples or experience
(training).

There are di�erent types of machine learning and it is mainly divided into three
categories as following [20]:

ˆ Supervised Learning: Supervised learning uses labelled data, which means by
providing the inputs along with the outputs, the algorithm will be trained to correctly
map the input with the corresponding output. Furthermore it can be divided into
two subsections, which are Classi�cation and Regression.

� Classi�cation: Classi�cation considers the discrete variable case (pattern
recognition).

� Regression: Regression appertain to real-valued output (prediction), which are
continuous variables.

ˆ Unsupervised Learning: Unsupervised learning uses unlabelled data, which di�ers
from the labelled one by not having the output given in prior, and thereby only tries
to �nd various patterns in the data set by the following approaches:

� Density estimation.
� Clustering.
� Dimensionality reduction.

ˆ Reinforcement learning: As this project does not concerns reinforcement learning, it
is not described.

4.1.1 Classi�cation

Classi�cation is the prediction of a random variable Y from the a variable X in discrete
state.

De�nition 4.1.1. Consider following data set (x 1; y1); :::; (x n ; yn ) where x i =
(x i 1; :::; x id )T 2 X � Rd could be described as ad-dimensional vector andy i 2 f 1; :::; kg
retrieve values in some �nite setY. Classi�cation rule is a function h : X ! Y . Each of the
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discrete variable represent data or observation and has a respective label corresponding to
it. Thus, the function h(x) will predict Y based on theX [21].

4.1.2 Deep neural network (DNN)

Deep neural network consists of several segments such as input layer, hidden layers
and output layer. The �rst layer is the input layer. This layer takes in multiple inputs at
a time as illustrated in �gure 4.1.

Figure 4.1: Principle of DNN classi�er

These inputs are assigned weights individually and forwarded into the hidden layer by
channels(indicated by lines). Inside the hidden layer, there is a bias, which is added to
the previous input and is given to a activation function (Sigmoid, Relu etc). Further, this
output is compared to a threshold, whether to propagate the weighted input or not, and
this process is repeated until this propagation reaches output layer as in �gure 4.2.

Figure 4.2: DNN threshold reached
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During training phase, the predicted output, at the output layer, is compared to the
actual value, thus computing the error, which is propagated back (only if the error is
a non-zero value) during backward cycle to update the weights, assigned in the hidden
layers, so as to lower the deviation between the actual and predicted values as shown in
�gure 4.3,[22].

The error formula inside of the output layer is given by:

Error =
nX

i =1

(yn � f (xn ))2 (4.1)

where
yn = actual value
f (xn ) = predicted value

Figure 4.3: DNN Evaluation

4.1.3 Support Vector Machines (SVM)

The objective of support vector machine is to obtain a hyperplane(s) that segregates
classes. In order to explain the concept of SVM, an example of a two-class classi�cation
will be considered (see �gure 4.4), and a linear model is developed for this purpose [23][24].

y(x) = wT � (x) + b (4.2)

where
� (x) = feature space transformation.
b = bias parameter.
w = distance, which is normal to the hyperplane.
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Figure 4.4: SVM classi�er with two classes

To achieve the most optimal hyperplane, it is important to notice that the training
data x1,...xn , also comprises a target valuet1,...tn where tn " f� 1; 1g. In case of linear
distinction, the variables w and b from equation 4.2 will be optimized by satisfying the
following conditions[24]:

y(x) = wT � (x) + b > 0 for tn = 1 (4.3)

y(x) = wT � (x) + b < 0 for tn = -1 (4.4)

These lines are parallel to the segregation line and is displaced by a distance, called
margin. The margin (between parallel lines on support vectors) is maximised, thus aiding
us in future inferences of datapoints. This could be express as following:

arg max
w;b

f
1

k w k
min

s
[tn (wT � (xn ) + b)]g (4.5)

The following illustration (�gure 4.5) demonstrates the concept in more detail, and it
is implied that the support vectors a�ects the position and the distance of the segregation
line(s).
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Figure 4.5: Detailed concepts of SVM.

The �gure 4.5 exemplify the principle of a hard margin, which indicates that the data
is restricted to be exactly on the lines, however it will a�ect the performance of the classi�er
and therefore a soft margin is often considered, as shown in �gure 4.6. Soft margin allows
the datapoints to exceed the segregation lines, which pertain to the bias and variance trade
o�, which will be described later in the report[25].

Figure 4.6: Illustration of SVM in case of soft margin.

4.1.4 K-nearest neighbor (KNN)

K-nearest neighbor is a classi�cation method that classi�es data without any
assumptions regarding the distribution, it considers the label for the nearest neighbors
to the point x. To select the closest neighbor(s) the Euclidean distance is one of the
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commonly used:
vu
u
t

dX

r =1

(x ri � x rj )2 (4.6)

The value of k (number of neighbors) is inversely proportional to the complexity of
the classi�cation model. [26],[27].

Figure 4.7: Knn with 3 nearest neighbor.

4.1.5 Principal Component Analysis (PCA)

Conventionally, all of the dimensions of the dataset produce some variation in
datapoints. The dimensions that contain lower variance ( dimensions that will not a�ect
the separation boundary to a higher degree) can be disregarded, prior to training the
classi�cation model. Hence the dimensions of the dataset are reduced. This task is
ful�lled by adopting one of the dimensionality reduction techniques termed as "Principal
Component Analysis".

Principal Component Analysis is projection of datapoints onto a lower dimensional
subspace, known as "principal subspace", such that variance of projected data is
maximized[28].

Consider a datasetx = x1; x2; x3:::xN , whereN is the number of datapoints. Assume
there areM dimensions in the dataset considered. The variance and mean ofx is calculated
from equation (4.7) and equation (4.8).

x =
1
N

NX

i =1

xn (4.7)

S =
1
N

NX

i =1

(xn � x)(xn � x)T (4.8)
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Let the data be projected onto a lower dimensional vectoru, chosen arbitrarily. The
variance of the projected data is given by the equation (4.9)[28]. Each vector, along which
there is a variation in x, is obtained by maximizing the variance of projected data with
respect to vectoru, as shown in equation (4.10)[27].

1
N

NX

i =1

�
uT xn � x

	 2
= uT Su (4.9)

max
u

u T S u

subject to u T u = 1

S = ST � 0

(4.10)

Due to the constraint of unitary vector, the optimization problem is constrained. It is
transformed into an unconstrained optimization by employing Lagrange multipliers (� )[28].
Since, co-variance matrix is symmetric, another constraint can be removed,

max
u

uT S u + � (1 � uT u) (4.11)

By di�erentiating and equating the (4.11) to zero, the vectors, along which there is
data variance, are the eigen vectors of covariance matrix (S)(shown in equation (4.12))[28].
The eigen vector, which has maximum value, is taken as the �rst principal component.
Thus, principal components vector (u) is a decreasing magnitude eigen vector matrix.

Su = �u (4.12)

Figure 4.8: Demonstration of PCA
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The data considered in �gure 4.8 is of higher dimensions, represented in two
dimensional space. The �rst principal component(PC1) represents the direction of
maximum variation in data (region in red) and the second principal component (PC2)
represents the direction in which there is second maximum variation in data (region in
green). The direction of the variation in data points, colored black, might be represented
by rest of the principal components. An appropriate number of principal components are
chosen based on the amount of data variation, needed for the classi�er.

4.1.6 Model selection

Figure 4.9: Model selection depicts 3 polynomials.

Over�tting signi�es a model (a) capturing true relationship between datapoints in
the training set, resulting in low bias and high variance, as depicted in �gure 4.9. This
model can't be generalized appropriately, when new datapoints are tested using this kind
of model. The over�tting model tends to provide a poor performance, since the model is
trained to �t a speci�c pattern of the data. In contrast, a model that under�ts consist of
high bias and low variance, this type of model is illustrated as polynomial (b) in �gure 4.9.
Model b does not replicate the model well, however it has a consistent generalisation for
new datasets. The objective of machine learning is to �nd a model that generalizes well
even in the case of new datapoints, which is (in this case) represented as polynomial (c) as
it contains the �exibility to replicate the datapoints better than (b), but not as sensitive
as polynomial (a) [29].

In order to estimate a well de�ned classi�er, the needs of true error and sample error
is essential. The ideal case is to obtain a low true error, which means to achieve a low
probability of misclassi�cation, considering the following equation [30]:

L (h) = P(f (X ) 6= h(X )) (4.13)

where
P = probability.
h(x) = hypothesis function.
f(x) = true/target function.

True error represent the entire population, which makes it di�cult to compute, hence
a representative amount of the population is obtained and used, giving the sample error
function.

Sample error=
1
n

X

x2 S
� (f (X ) 6= h(X )) (4.14)
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The sample error is minimized by the objective function (also known as Mean Squared
Error (MSE)) in order to acquire the generalised true error.

MSE =
1
n

nX

i =1

(Ŷi � Yi )2 = V ar(Ŷi ) + Bias 2(Ŷi ) (4.15)

where
Ŷ i = estimate value.
Y i = true value.

Bias (f̂ ) = E [Ŷi ] � Yi (4.16)

V ar(f̂ ) = E [(Ŷi � E [Ŷi ])2] (4.17)

Since variance and bias are used to compute MSE (equation (4.15)), it is possible to
justify for the optimal complexity point for the machine learning algorithm as shown in
the �gure 4.10. However to ensure that the complexity of the model selected is well
designed, a technique called cross-validation should be utilized [21].

Figure 4.10: Desired true error point indicated by the red dotted line.

4.1.7 Cross validation

The main justi�cation of cross-validation is to assure the complexity of the model
holds true. This is done by dividing the total amount of sample into two parts. These
parts are randomly split into training set and validation set. However this comes with
a disadvantage, of using decreased amount of data for training and is computationally
heavy. Usually, when validating the generalised model without cross validation, the
predictive performance will be noisy, but K-fold cross-validation compensates this problem
by repeatedly evaluating the data K times. This means that if K=4 the data set is
divided into 4 parts, approximately at same size, and evaluated 4 times, like depicted in
�gure 4.11,[21],[24]

Amount used for training data =
K � 1

K
(4.18)
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Figure 4.11: Illustration of the cross validation technique.
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Kalman Filter 5
This chapter is dedicated to provide an intuitive understanding on the working of

Kalman �lter, instead of being mathematically focused, and is extensively derived from
the "Kalman Filtering:Theory and Practice using MATLAB"[31] by Mohinder.S.Grewal.

5.1 Introduction

Kalman �lter is a statistical algorithm, also termed as Linear Quadratic Estima-
tion(LQE), to obtain a close approximate in dynamic systems when the measurement
device is erroneous. The Kalman �lter algorithm uses a string of measurements detected
over a period, together with statistical white noise and other uncertainties, and also it has
a relatively simple structure and requires small computational power. This is a straight-
forward approach that is employed in almost all radar systems.

5.2 Working

Kalman �lters are used to estimate states based on linear dynamical systems modelled
in state space. The process model is de�ned for change of the state from time instance
k� 1 to time instance k as:

xk = Fxk� 1 + Buk� 1 + wk� 1 (5.1)

where
F = state transition matrix applied to the previous state vector xk� 1

B = control-input matrix applied to the control vector uk� 1

wk� 1 = the process noise vector that is assumed to be zero-mean Gaussian with the co-
variance Q.

The measurement model and the process model together explain the relation between
the measurement and the states at that current time instancek as:

zk = Hx k + vk (5.2)

where
zk = measurement vector
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H = measurement matrix
vk = the measurement noise vector that is assumed to be zero-mean Gaussian with the
covarianceR.

The purpose of the Kalman �lter is to produce estimate of xk at time k , with the
given initial estimate of x0, the system details are given byF , B , H , Q , and R, and by
utilising the string of z1; z2; z3: : : ; zk which are measurements. The matrices are taken to
be invariant over time so the subscripts of these are ignored because of this assumption.
The statistical properties of the noise is re�ected through the covariance matrices, but
however in many practical applications the actual statistical properties of the noises are
not known. Hence, to obtain the desired performance generally theQ and R are treated
as tuning parameters[32].

5.2.1 Algorithm

Kalman �lter algorithm consists of two stages: prediction and update 1. The Kalman
�lter algorithm is summarized as follows:

Figure 5.1: Steps in KF[33]

1The equations presented in the algorithm are from the "Kalman Filtering:Theory and Practice using
MATLAB" book [31]
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Figure 5.2: Flowchart of KF

Predict Step

From the input to the system model, previous error co-variance and state predictions,
the new state and error co-variance estimates are determined from the system model (5.1)
as in equation (5.3). At the �rst iteration, kalman �lter is initialized with initial estimate
of state and error co-variance.

x̂kjk� 1 = F x̂k� 1jk� 1 + Buk

Pkjk� 1 = FPk� 1jk� 1F T + Q
(5.3)

Kalman Gain

This is computed from the new error covariance estimate from the predict step as in
equation (5.4). The Kalman gain can be intuitively understood to be a metric, which
decides the degree of weight assigned to the observed output and the estimated output.

K =

�
FPkjk� 1F T + Q

�
H T

�
H

�
FPkjk� 1F T + Q

�
H T + R

� (5.4)

Update Step

The di�erence between the output computed from the new state and co-variance
predictions and observed output is utilised to compute a state and co-variance estimate
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as in equation (5.5). The new predictions are fed as input to the predict step in the next
iteration and the loop repeats.

x̂kjk = x̂kjk� 1 + K (yk � ŷkjk� 1)
Pkjk = ( I � KH )Pkjk� 1(I � KH )T + KRK T (5.5)

5.3 Unscented Kalman Filter

The Kalman Filter is the optimal algorithm for its state estimation if

ˆ System model is linear
ˆ Process and Measurement noises are additive and Gaussian in nature.

When the system is non-linear, the Kalman Filter cannot be applied, and in practical
cases, most system dynamics are non-linear. Therefore, non-linear �ltration algorithms
such as an Extended Kalman Filter (EKF), and an Unscented Kalman Filter (UKF) have
been developed.

In EKF, non-linear functions are not approximated globally and done locally with
the linear equations derived from Taylor expansion. In highly dynamic systems these
approximations can introduce signi�cant errors, because only the �rst part of the Taylor
series expansion is utilised by the linearization. During such instances, it may be
advantageous to make do of the UKF algorithm, as a substitute to linearizing non-
linear equations. THe UKF algorithm performs non-linear transformations on a set of
deterministically selected sigma points and this transformation is called an unscented
transformation (UT) and it is more bene�cial since the mean and the covariance matrix
of the transformed points are precise in the Taylor series expansion upto the second
order(5.3) after the non-linear transformations. In algorithms that utilise linearization
of the non-linear equations, this accuracy is obtained only upto the �rst part of the Taylor
expansion. A supplementary bene�t of the UKF algorithms is the implementation can be
easily done, because the Jacobian matrix elements need not be obtained. The sigma point
transformation is performed instead of these matrix calculations. points[34][35][36].

The designed system is depicted by a non-linear observation model which shows the
relationship between the object's position and measured distances and that is why one of
possible non-linear �lters should be applied. Hence in our situation the Unscented Kalman
Filter has been opted.
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Figure 5.3: UKF prediction process[37]

Scaled Unscented Transform

Before implementation of UKF, sigma points(� i ) are generated based on certain
sampling strategies and the weights (Wi ) are also chosen based on these strategies.
Depending on our application, di�erent strategies are considered. In this project, scaled
Unscented Transform (UT) is chosen for selection of weights and samples.

Three scaling parameters (�; �; � ) are selected based on application. From the mean
and covariance of the input state distribution, samples are chosen according to equation
5.6 and weights are determined from equation 5.7.2

� 0 = x̂
� i = x̂ +

p
n + � c i

� n+ i = x̂ �
p

n + � c i

(5.6)

W [ŷ]
0 = �= (n + � )

W [Pyy ]
0 = �= (n + � ) + 1 � � 2 + �

Wi = 1=[2(n + � )]
Wn+ i = 1=[2(n + � )]

(5.7)

where
x̂ = mean of the input states (x)
n = number of states
ci = i th column of a cholesky factorCxx of covariance matrix
� = � 2� + (1 � � 2)n
W0 = weight associated with �rst sample

2Sampling and Weighting strategies described here are considered from the "Kalman Filtering:Theory
and Practice using MATLAB" [31]
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W [Pyy ]
0 = weight associated with �rst value of output covariance matrix

Wi = weight associated with i th sample

x̂ =
X

i

Wi � i

Pxx =
X

i

Wi (� i � x̂)( � i � x̂)T (5.8)

The mean and covariance from the generated sigma points are computed (equation (5.8)),
so as to utilise them in the calculation of the sigma points in the next iteration.

The generated sigma points are propagated through a non-linear functionf as
in equation (5.9). Further mean and covariance of the output are calculated as in
equation (5.10).

� i = f (� i ) (5.9)

ŷ �
X

i

Wi � i

Pyy �
X

i

Wi (� i � ŷ)( � i � ŷ)T (5.10)

Unscented Kalman Filter Algorithm

Equations, describing how scaled Unscented transform is utilised for tracking of state,
have been presented3.

3Equations provided here are taken from the book:"Kalman Filtering:Theory and Practice using
MATLAB"
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Figure 5.4: UKF Algorithm

Predict Step

Scaled UT is deployed for non linear state transition function (F; B ) as in
equation (5.11).

U[F; x̂k� 1jk� 1; Pk� 1jk� 1] = [ x̂kjk� 1; Pkjk� 1] (5.11)

Kalman Gain

Kalman gain is computed from comparison of the predicted output with the measured
output as in equation (5.12).

K =

� P
i Wi (� i � x̂kjk� 1)( � i � ŷkjk� 1)T

�

� P
i Wi (� i � ŷkjk� 1)( � i � ŷkjk� 1)T + R

� (5.12)
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Update Step

From the kalman gain (K ), state and covariance predictions in current iteration are
computed as in equation (5.13)

x̂kjk = x̂kjk� 1 + K (yk � ŷkjk� 1)

Pkjk = Pkjk� 1 � K

"
X

i

Wi (� i � ŷkjk� 1)( � i � x̂kjk� 1)T

#
(5.13)
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Onboard Components 6
This chapter brie�y discusses the structure of UWB module and the necessary

components embedded on it. Ultra Wide Band transceiver (known as DW1000) considered
in this project is manufactured by Decawave company. This transceiver is interfaced with
STM micro-controller for power management, clock control and for integration with wide
range of micro-controller units (MCU's).

6.1 Antennas

Antennas embedded on this module are Dielectric Chip antennas, which are usually
used for microwave frequencies. These antennas are preferred as they have lower energy
losses at microwave and millimeter wave frequencies.

When this module is connected to power source such as battery, the display on the
module shows the information regarding the con�guration (tag/anchor), name, distances
of anchors on the tag (when the tag is also switched on). A module can be con�gured as
an anchor or tag based on certain con�guration (�gure 6.1)of Dual In-line Package (DIP)
switches.

6.1.1 Anchor/Tag Con�guration

The state of switch 4 aids us to identify a module as an anchor or tag. The unit of
anchor is provided by binary con�guration of switches (5; 6; 7). For example, if the switches
con�guration are On( 4), O�( 5), O�( 6), On(7), then the unit is anchor and it's number is
1.

Figure 6.1: DIP switch con�guration for both tag and anchor [38]
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When this module is plugged into deepcar, the distances of anchors, from the
deepcar, are obtained through a serial port. Through TDOA based localization algorithm
(section 3.1.3) in deepcar, which takes distances as input, position of deepcar is determined.

6.2 TREK1000

ˆ TREK1000 is an evaluation kit that is used to evaluate external module called
DW1000 Ultra-Wideband transceiver IC (IEEE 802.15.4-2011 standard).

ˆ Accuracy of TREK in the X and Y plane that is less than 20 cmand supports a data
rates of 110kbps, 850 kbps and 6 8Mbps.

ˆ Furthermore, DW1000 has a span of RF ranging from 3.5GHz to 6.5 GHz .

The power consumption of TREK1000 is de�ned to be low (lower than Zigbee, Wi-Fi
and BLE). Usually TREK 1000 is deployed to evaluate performance of DW1000 IC in the
following use cases:

1. Tracking: Determination of tag location using stationary beacons.
2. Geo-fencing: Entrance or exit of a tag in zones around anchor.
3. Navigation: Position of tag determined by stationary anchors at every step in

navigation [38].

Figure 6.2: TREK1000 module [39]
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Figure 6.3: Components of TREK[39]

6.3 DWM 1000 Chip

DWM1000 chip is a micro-controller unit board carrying DW1000 Ultra-Wideband
transceiver IC (IEEE 802.15.4-2011 standard), that is mounted on deepcar. This chip is
relatively identical to TREK 1000 board. However, �rmware �ashed on this chip is solely
convenient to display and send the distances, from beacons to tag. Antenna mounted is
dielectric chip antenna, di�erent from the antenna in TREK 1000. From the display on
this chip, the id of the anchor or tag is observed, and if it is tag, then the distances, of
di�erent anchors, are also observed in a cyclic order [40].

Figure 6.4: DWM1000
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Figure 6.5: Components of DWM1000
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This chapter is dedicated to training and testing various machine learning classi�ers

after which it is deployed for the identi�cation of LoS and NLoS conditions when the
deepcar is navigated through the environment.

7.1 CIR Response

The CIR response obtained from TREK1000 is depicted in �gure 7.1. Impulse response
consists of 1000 samples, among which342 samples are considered based on the �rst
detected path.

Metrics in CIR

ˆ Amplitude of the peak path
ˆ Index of the peak ray in CIR
ˆ Position of the �rst detected path in CIR and the amplitudes of the �rst, second and

third peaks around it.
ˆ Standard noise deviation

Saturation in CIR response is given by a metric "mc", which is the ratio of the maximum
amplitude among the �rst, second, and third peak amplitudes, to the amplitude of the peak
path [41]. If the CIR is saturated, a LoS path between an anchor and a tag is ensured.
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Figure 7.1: CIR Response in typical LOS scenario

Figure 7.2: CIR Response in typical NLOS scenario

7.1.1 Acquisition of CIR

CIR are collected for various LOS and NLOS conditions for training a machine learning
model. TREK evaluation kit is used to obtain CIR's (TREK setup is described in
appendix A).

Training Data collection

To develop a machine learning classi�er that classi�es whether a tag is in line of sight
or non line of sight with anchor, it is necessary to obtain training data in an environment
that suits the environment where deepcar is operated.

39



Group 935 7. NLoS Identi�cation

Figure 7.3 shows the16 probable positions of tag in a room while an anchor is
positioned at the corner of the room at a height of60cm above the tag. These positions are
selected on the basis of navigation of deepcar. For each position, 10 impulse responses are
recorded, aggregating to a total of160 responses. Impulse responses have been recorded
when the anchor and the tag are separated by10m; 15m; 20m; 30m in a corridor.

Figure 7.3: Setting of the room in which CIR's are recorded for possible Line of Sight(LoS)
scenarios.

Figure 7.4 shows the2 probable positions of the anchor and4 probable positions of
the corridor. Anchor can also be positioned at the other end of the corridor, but it is
not considered because of the two way communication between anchor and tag. For each
possible position, 10 impulse responses are recorded, aggregating to a total of80 responses.
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Figure 7.4: Setting of the Corridor in which CIR's are recorded for possible Non Line of
Sight(NLoS) scenarios.

7.2 Experimental Setup for Classi�er

The software tool used for this section is MATLAB. Each classi�er with its particular
parameters will be explained and various evaluation metrics are calculated for comparative
analysis.

The experiment is conducted in the 'Motion Tracking' Lab at Aalborg University with
a volume space of 3.4m x 3m. The anchors are represented by A0, A1, A2 and are placed
in the volume as depicted in the �gure 7.5 and the tag is represented by a solid green circle
on the deepcar (Deepcar is setup as described in appendix A). The deepcar (denoted as
DC ) is navigated from start point 'A' to end point 'B' . A metallic plate with dimensions
0.8m x 0.75m x 5mm is kept parallel to the path taken by the deepcar.

Due to this metal plate, the path of the deepcar is divided into 3 regions, these 3
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Figure 7.5: Top view of setup in Motion Tracking Lab

regions are constructed based on the LoS and NLoS condition created by the metal plate
with respect to tag of DC and anchor A2. These regions are:

1. Region 1: This represents a region of LoS from point A to point L1.
2. Region 2: This represents a region of NLoS from point L1 to point L2.
3. Region 3: This represents a region of LoS from point L2 to point B.

The goal of the Machine Learning classi�er is to identify the above mentioned 3 regions
when the deepcar is navigated from point A to point B in real-time. The classi�er is
implemented by using CIR's obtained by the TREK1000's anchor placed at A2 and tag
placed at DC .

7.3 Data-set Creation

The training data has been obtained by recording CIR's using a pair of TREK1000,
where one functions as an anchor and the other functions as a tag. The anchor is tethered
to a PC through the USB-serial port and the CIR's are recorded using MATLAB. The
CIR obtained is a vector of size 1x342, where the values represent the magnitude of dBm
between the anchor and tag, at that instance and a total of 342 such instances are captured
and clipped within a timeframe of 1000 nanoseconds for each sample run. The number of
sample runs can be both increased and decreased in MATLAB based on the requirements
of the experiment conducted. Hence the �nal CIR vector output from the MATLAB can
be depicted as Nx342 where 'N' represents the number of sample runs selected.

This is repeated for various experiments conducted which implies the dataset of CIR's
is created for di�erent conditions which involves varying between LoS and NLoS states as
described below:
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ˆ Di�erent settings, which involves varying the distance between the tag and the
anchor.

ˆ Di�erent environmental conditions, which involves recording in rooms or spaces with
various building materials and objects in the space.

All the experiments conducted and its parameters are explained in section 7.1.1.

The resulting CIR vector output from this approach is a data-matrix of size 1409x342
where 1409 implies the number of samples collected at all the di�erent settings. However
after initial analysis through a 'probe and study' method it was concluded that the entire
342 instances of the CIR were not mandatory for the identi�cation of NLoS and LoS
conditions.

The reduction of size of the data-matrix across the column(X-axis) would result in
requiring a lower computational power which would thereby result in lesser training time.
In addition to this it decreases the complexity of the trained model and can also prevent
over�tting of the training data. Therefore it can be concluded that if reducing the size of
the data-matrix still yields in a highly accurate identi�cation of LoS and NLoS then that
would be the most optimal and e�cient way to train the model.

7.4 Training data

The data-matrix is clipped across the column after observing the '�rst path index' for
that speci�c sample run from the TREK1000. After obtaining the index, 'n' data points
are opted after this index for a speci�c sample run so the data-matrix can be represented
as 1409 x n. The value of 'n' is opted to be 101 since through experimentation it was
found that 'n' greater than 140 did not yield in better accuracy. Hence for every sample
run 101 data points were selected after their respective �rst path indices, which resulted
in a 1409x101 training data-matrix.

In addition to clipping 101 data points after �rst path index, 7 supplemental
characteristic features of the CIR are selected. These features are unique to the CIR of a
speci�c sample run and hence will assist the model training in a constructive way. These
features are namely: �rst peak, second peak, third peak, rxpreamble count, maximum
growth of CIR, �rst path index and distance between anchor and tag which is calculated
by the TREK1000. Therefore the �nal data-matrix after appending the above said features
is a vector of dimensions 1409 x 108.

The classi�cation is performed for 2 classes namely LoS and NLoS, where LoS is
represented by class '0' and NLoS is represented by class '1'. The matrix 1409 x 108
can be classi�ed into two classes 0 and 1. Among the 1409 samples, samples 1 to 416
are CIR's pertaining to LoS conditions hence class 0, and samples 417 to 1409 are CIR's
pertaining to NLoS conditions hence class 1. A class label column is created containing
416 0's and 992 1's representing LoS and NLoS is appended to the data-matrix to obtain
class labels corresponding to CIR's during training. Hence the training data-set is created
with appropriate class labels, 108 features and 1409 data samples. The dimensions of the
labelled training set is 1409 x 109.
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7.5 Test data

The test data set is created in real-time in MATLAB from the anchor tethered to the
PC through the USB serial data port. For every iteration, a CIR vector of size 1 x 342 is
obtained and this vector has to match the feature size of the trained model which is 108.
Hence similar to the training set this vector is also clipped for 101 data features from the
�rst path index and appended with the same 7 supplemental features to obtain the 1 x
108 test data. This test data is fed to the trained model and it predicts the class label 0
or 1. This procedure is repeated for every iteration.

7.6 Classi�er Training and Validation

The classi�er is trained with the 1409 x 109 data-set with the corresponding class
label 0 and 1. The classi�er is trained and is validated using 5-fold cross validation. K-fold
cross validation where 'k' represents the number of folds is performed to prevent over-�tting
while training the model.

Prior to deployment in the environment the performance metrics such as Confusion
matrix, ROC curve are calculated. Additionally for Neural networks the performance plot,
training state plot and error histogram are obtained.

1. Confusion Matrix : This is a matrix table to evaluate the classi�cation accuracy of the
classi�er. The columns of the matrix depict the predicted class of the data and the
rows of the matrix depict the true class of the data. Therefore the diagonal elements
represent the data vectors that has been predicted accurately while the non diagonal
elements represent the data vectors that has been predicted inaccurately. Hence
the classi�cation accuracy is calculated as the sum of the elements in the diagonal
divided by sum of all elements. Also other terminologies such as True Positive Rate
(TPR) or sensitivity, False Negative Rate (FNR ) or miss-rate, Positive Predictive
Value (PPV) or precision and False Discovery Rate (FDR ) or fall-out are calculated
to assess the performance the classi�er[42].

2. ROC Curve : Receiver Operating Characteristic curve is a graph depicting
performance of a classi�er model at variable thresholds. The curve is plotted
between 2 parameters namely : True Positive Rate (TPR) and False Positive Rate
(FPR) where they are obtained from True Positive(TP), True Negative(TN ), False
Positive(FP ) and False Negative(FN ). TPR and FPR are calculated as:

TPR =
TP

TP + FN
(7.1)

FPR =
FP

FP + TN
(7.2)

'Area Under the ROC Curve' also called as AUC is an algorithm to calculate the
threshold points in an ROC curve. AUC determines the two-dimensional area under
the ROC and gives a compiled measure of performance with the various classi�cation
thresholds. AUC ranges in value from 0 to 1 and hence it can be said that if AUC is
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1 if the model predictions are 100% accurate and if AUC is 0 if the model predictions
are 100% inaccurate[42].

3. Performance plot : The performance plot is charted between Cross-Entropies and
Epochs for the training, validation and test data-set. Cross-entropy is commonly
used as a loss function when optimizing classi�cation models and it is favourable to
minimize cross-entropy so that the classi�er yields a higher accuracy. One Epoch
is if the complete training data-set is cycled in forward and backward through the
neural network exactly once. The plot is drawn to select the best epoch based on
the value of cross entropy di�erences between the training, validation and testing.
This is necessary to choose the neural network model that is neither under�tted nor
over�tted[43].

4. Error histogram : It is a histogram of error calculated between target values and
predicted values after training a neural network. Bins in the histogram, represent
the number of vertical bars on the graph. The number of bins is 20 by default in
MATLAB. The Y-axis denotes the number of samples from the data-set which lie
in a particular bin and it is plotted for training, validation and test. The zero error
line in the histogram represents the zero error value on the X-axis which is the error
axis[44].

5. Parallel coordinate plot : This plot enables in visualising higher dimensional data and
aids in comparing the features of the observations individually. The plot consists of
vertical columns that are spaced equally and the number of parallel vertical columns
equals the number of dimensions. A point from the higher dimensional data is
represented as a line passing through all the vertical columns where the intersection
points represent the value of the observation in that speci�c column. In this report
the plot is drawn for 5 features which are columns 101,102,103,104 and 106 these are
�rst path index, �rst peak, second peak, third peak and distance between tag and
anchor(in mm)[45].

The classi�ers implemented in the experiments are K-Nearest Neighbours, Support
Vector Machine and Neural Network. All the above mentioned metrics are obtained
individually for each classi�er.

7.6.1 Support Vector Machine

A SVM model with kernel function as Linear and Box constraint level as 1 is opted.
The training data-set matrix containing 1409 observations, 108 predictors and 2 response
classes without dimensionality reduction is given to the SVM. It takes 0.58655 seconds to
train and has a prediction speed of approximately 64,000 observations per second. The
training data is validated by performing 5-fold cross-validation to avoid over�tting. The
SVM results in a classi�cation accuracy of 100%.
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Figure 7.6: Confusion matrix of the trained SVM model where the diagonal elements
represent the true classes, and in this model the SVM classi�ed all the data points in their
respective classes. The 416 data points in the light blue box represent LoS condition and
the 993 data points in the dark blue box represent NLoS condition

Figure 7.7: SVM - TPR & FNR Figure 7.8: SVM - PPV & FDR

In �gure 7.7 confusion matrix of the SVM depicting individual class classi�cation
accuracy on the left and on the right each class'sTPR and FNR are calculated. For this
model the LoS and NLoS class accuracies are 100% hence theTPR for LoS and NLoS is
also 100% while theFNR is absent or 0%. In �gure 7.8 confusion matrix of the SVM
depicting individual class classi�cation accuracy on the top and on the bottom each class's
PPV and FDR are calculated. For this model the LoS and NLoS class accuracies are
100% hence thePPV for LoS and NLoS is also 100% while theFDR is absent or 0%
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