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Abstract

Various solutions of indoor positioning system have been proposed to compensate for
the impractical use of the GPS signal for the indoor environment. Current solutions
are designed to estimate the location of people inside buildings by taking advantages
of the built-in smartphone sensors such as magnetometer, accelerometer, gyroscope
and WiFi received signal strength [1]. However, the accuracy and reliability of these
system highly rely on the well-defined equations which identify the relationship be-
tween sensor data and location information [2].

By relying on machine learning to automatically learn features in a large datasets
of sensor data is a potentially better approach to improve the robustness of indoor
positioning systems rather than hand-tuning the signal processing equations [3]. When
tracking the movement data of walking inside a building, those data are processed as
sequential data with the location label. Hence, a recurrent neural network of long short
term memory based location tracking system is proposed as a new solution for indoor
positioning problems.

Hence, a recurrent neural network based location tracking system is proposed as
a new solution for indoor positioning problems. This work presents a range of RNN
models for tracking mobile phone location inside a building. In particular, this involved
collecting a large dataset of movement sensor data and signal strength data with loca-
tion labels for the same indoor routine as the training data. Training is done by feeding
the data into RNN models to learn the pattern features by setting a time window. At run
time, the RNN model predicts the next location based on the previous input features
and the time distributed prediction location outputs.

From a system perspective, our solution made a balance between energy consump-
tion and inference accuracy, which is achieved by compressing input data dimension-
ality (down sampling and PCA). The result shows that with the estimation accuracy of

80%, the system error is 5.57 metres in average.
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Chapter 1
Introduction

Predicting object’s indoor location is a challenging task due to the limitation of Global
Positioning System (GPS). The GPS signal is affected by the indoor building materi-
als. Instead, an indoor location tracking system is supposed make use of the built-in
smartphone sensors such as accelerometer, gyroscope, magnetometer as well as the
received signal strength (RSS) for positioning [3]. In this project, we aim to develop
a machine learning based indoor location tracking system using only the sequential

signal of built-in smartphone sensors.

1.1 Objective

GPS is a system level navigation system relying on satellite signals. However, concern-
ing the indoor environment, the GPS signal is sheltered out by building. Therefore, an
indoor positioning system (IPS) is given which relies on alternative signals such as
WiFi, Bluetooth, Infrared RSS and movement tracking sensors for locationing track-
ing system [4].

Integrating indoor location tracking into smartphone has become a favourite re-
search topic in recent years as smartphone provides all the necessary built-in sensors
for location tracking such as collecting acceleration, orientation, magnetic field and
RSS data. Based on the RSS data and other sensor data received from the access
points (AP) or the smartphone, the system could return a location estimation by cal-
culating user’s location based on set of well-defined equations. Currently, most indoor
localisation systems contain two main techniques, WiFi Fingerprinting and Pedestrian
Dead Reckoning (PDR) [5]. These systems work on a firm set of equations defining

the possible mobility frame, such as step counting, direction estimation and WiFi fin-
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gerprint matching. However, the accuracy is usually affected by the variations of the
signal distribution so that those equations need to be up to date. This process adds to
the complexity of the indoor positioning system which impedes its deployment.

Recently, using machine learning algorithms for indoor location tracking becomes
popular as it avoids artificial intervention which automatically learns the dependen-
cies between the sensor features and the location labels. It is extremely hard to extra
relevant hand-crafted features from sensor signals, a task that is relatively easy for ma-
chine learning. Meanwhile, the machine learning based system shows its advantages
of higher robustness and lower application costs [6]. Not many previous works use
machine learning to extract these features through machine learning for indoor po-
sitioning system. One specific class of ML techniques is to use the artificial neural
network such as backpropagation algorithm for location tracking.

In this work, we aim to build a recurrent neural network (RNN) regression model
for the indoor location tracking system. RNN could predict the location by making
use of the sequential data of acceleration, orientation and magnetic field data collected
from built-in smartphone sensors. We believe the RNN based model could avoid
any intervention and hand-tuned equations by relying on data alone and machine
learning end-to-end to learn the features for locationing automatically.

Data is of vitally importance to the model training process. The project starts by
collecting the raw sensor data during the walking in an indoor environment. Specifi-
cally, we collected training sensor data in several runs over the same path. The whole
procedures include collecting the training data by matching the raw sensor data with
the ground truth locations. Selecting a proper time window to feed the training data
into the RNN model for training and tune the model structure. Meanwhile, implement-
ing data processing such as overlapping to increase the data amount but at the same
time using PCA and downsampling to compress the data size of the input to improve
training speed. We use one of the RNN called Long Short-Term Memory (LSTM)
for extract locationing features. LSTM shows its advantage in dealing with sequential
data /] [8]. It is typically used for speech and translation tasks. Similarly, by feeding
the sequential training data into the LSTM network, we find that even with a reduced
memory functionality, the well-trained model could provide the user’s real-time loca-

tion estimation of (x,y). Table|l.1|lists the main procedures of the experiment.
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Select the smartphone sensors which are suitable for positioning

Build the training dataset (Collect sensor data, Label matching)

Data processing (Overlapping, Down Sampling, PCA)

Develop an RNN model for indoor location tracking

Optimise the RNN model (Adjust model setting, change data structure)

NN | B~ |WIN |-

Evaluation and Test

Table 1.1: objectives

1.2 Motivation

We believe that using machine learning to solve indoor positioning problems instead
of relies on a firm set of equations like traditional fingerprinting or PDR techniques
could provide automated solutions for indoor locationing [9]. By taking the advantages
of LSTM that learn feature from sequential sensor data, we could build a self-learn
model for location tracking. Without artificial intervention, the system can update its
parameters by feeding further training data if the indoor environment is changed. The
model can easily be applied in many indoor environments such as parking navigation,

patients tracking in hospitals and location-based advertisement in shopping malls.

1.3 Results

By collecting and processing the sensor data in time sequential order, we provide a new
solution that uses RNN for indoor location tracking. After comparing different models
configured with different settings as well as the input data structure, we select the
stateless LSTM model with downsampling 90% overlapping data for location tracking.

The testing result shows that it achieves an average estimation accuracy of 5.57 metres.

1.4 Thesis Structure

The rest of this thesis is organised as follows:

Chapter 2 Background: Introduce the location based service and the indoor lo-
cation tracking system. Specifically, it includes indoor positioning algorithms of both
traditional and machine learning based methods.

Chapter 3 Experiment Design: Explain the methodology used in this project
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such as the data processes, recurrent neural networks with different structures and the
evaluation methods.

Chapter 4 Data Processes: Describe the data collection and processing proce-
dures.

Chapter 5 Model Selection and Evaluation: Explain the model building, training
and comparison sections with the evaluation and testing the performance of the LSTM
based locationing system.

Chapter 6 Conclusion: Summaries the experiment and introduce the later works

with future planning.



Chapter 2

Background

2.1 Location-Based Service

Location-Based Service (LBS) is an application-level information service based on
user’s location [[10]. Its applications include navigation system, location tracking sys-
tem and promotion notification system that integrates with the map on smartphones
based on user’s location.

Federal Communications Commission (FCC) of the United States is the first or-
ganisation that deployed LBS which known as Enhanced 911 (E-911) Act in June
1996. The reason to integrate LBS to the 911 emergency service is that the number of
calls of 911 made by mobile phones increases 30% by each year. However, with the
mobile phone incoming call, it is hard to track caller’s location. E-911 Act required
that the system has to able to provide caller’s location information with the precision
of 125 metres by October 2001 while the confidence probability of achieving this re-
quirement should be higher than 67% [11]. Similarly, the European Union proposed a
similar regulation known as E-122 Act in 2002.

With the development of LBS, it has been widely used in not only in national
defence but also commercial behaviours. The applications of LBS mainly includes the
following four aspects.

Notification System: Notification such as shopping promotions, travel guidance
and public safety will be pushed on the user’s smartphone when the user enters the
area that covered by those services.

Location Search System: Searching information based on location such as nearby
friends finding or public bus searching.

Location Tracking System: Track object’s location such as navigation system,
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tracking patients in hospital, car parking system and bus service tracking.
Games: Combining a player’s location with virtual scenes such as Pokemon Go
[12]. (An augmented reality game to catch monsters based on instant user’s location

provided by Nintendo)

2.2 Indoor Location Tracking System

There is an increasing demand for location-based service in the indoor environment
such as indoor navigation and location search service. However, due to the limitation of
the GPS that the satellite signal is distorted or attenuated affected by building materials,
GPS cannot usually work in an indoor environment. Therefore, the indoor positioning
system is proposed to replace GPS for indoor location tracking service.

The indoor location tracking system or indoor positioning system is a system level
service that tracks user’s indoor location information based on smartphone built-in
sensor signals such as accelerator, gyroscope and radio wave signals such as earth
magnetic field signal, acoustic signals, WiFi signals, Bluetooth signals.

WiFi: Through the access points of the wireless local area network (WLAN), lo-
cation estimations could be made by the position information of the network node’s
signal. Based on the signal propagation equations, the system could return the location
of the mobile devices. Generally, the highest accuracy is from 1 to 20 metres. How-
ever, WiFi-based locationing errors become larger when the location measurement is
only based on the real-time connected access point with no reference to nearby signal
strength composition maps. Meanwhile, WiFi signal covers the radius of around 90
meters and sometimes it is affected by irrelevant signal interference. On the other side,
power consumption is relatively high.[13]]

Bluetooth: Bluetooth communication is a short-range wireless transmission method
with a lower power consumption compared to WiFi. Bluetooth-based locationing re-
quires the installation of several Bluetooth APs under the multiple user connection
modes, estimating user location is based on the signal strength of the Bluetooth. Blue-
tooth locationing is usually suitable for a small environment such as the warehouse.
However, for indoor environments with more complex structure, Bluetooth location-
ing system is slightly unstable because of noise from other electronic devices.[14]

Infrared: Infrared locationing estimates the user’s location based on The infrared
signal which achieves higher positioning accuracy compared to WiFi and Bluetooth

system. However, due to infrared ray physical feature, it is impossible to go through
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the obstacles. Meanwhile, the transmission distance is short as it requires the direct
transmission. Furthermore, infrared receivers are necessary for installing which in-
creases the system’s overall cost.[15]]

ZigBee: ZigBee is a short-range indoor locationing technique. The sensors work
based on the signal transmitted from a signal generator to the signal receiver via the

radio wave with low power consumption. Meanwhile, it is low cost.[16]

2.3 Traditional Indoor Positioning Algorithms

Traditional indoor positioning algorithms work on a set of well-defined numerical
equations. Here, we mainly introduce the pedestrian dead reckoning that works on
inertial sensor and the fingerprint (range-free) positioning as well as the range-based

algorithms using both inertial sensors and radio signals.

2.3.1 Pedestrian Dead Reckoning

Dead reckoning is a navigation method that estimates an object’s current position based
on the previous location. It is different from the GPS or Indoor positioning system
(GPS) that relies on the external radio signals. It uses the inertial built-in smartphone
sensors such as accelerator, gyroscope and magnetometer.

Smartphone provides all the necessary sensors for inertial based navigation. Specif-
ically, the accelerometer could be used as a pedometer for calculating the step and step
distance; Magnetometer can be used as a compass for heading detection. PDR provides
an alternative navigation solution when other external radio signals are not available

for localisation.

Figure 2.1: Pedestrian Dead Reckoning Workflow
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Figure shows the workflow of the PDR. By using the inertial sensor, the al-
gorithm calculates the step distance and the angle or direction of the front of the user
using the compass. Based on the previous position or initial starting point, the system
can predict the next footstep with the step distance and direction.

It is a simple implementation that only using the inertial sensors. The accuracy
of the next estimation depends on whether the current location is accurate or not. In
general, estimation accuracy is affected by the sensor sensitivity. PDR requires a set of
well-defined equations that accurately utilise the accelerator and compass to estimate
user’s next location. This limits its applications. Meanwhile, other activities such as
climbing stairs between different floors is a challenge of using only PDR algorithm
[L7].

2.3.2 Range-free Positioning

Range-free Positioning mainly includes fingerprint algorithm which relies on the re-
ceived signal strength (RSS). Fingerprint positioning algorithms contain two phases:
offline data collection stage and online positioning stage.

Offline data collection phase: Collect RSS signal in the indoor environment and
match location labels with the signal to create fingerprint library. For example, WiFi-
based fingerprint requires to build the data library that includes all the RSS information
received from each place with the location labels. Specifically, the format of signal data
is (RSSy, RSSy, ..., RSS;, ..., RSS,) at point (X;,Y;) while n is the total number of
access points (AP) measured by the mobile.

Online positioning phase: During the online real-time positioning phase, the real-
time sensor data would be received from a user’s mobile phone and compared with the
RSS data stored in the fingerprint library. Based on the similarity between the real-time
data and fingerprint data, the possible location label would be returned to users as the
estimation location.

To be specific, the fingerprint positioning system includes deterministic based and

probabilistic localisation algorithms.

2.3.2.1 Deterministic Positioning Algorithm

One of the deterministic positioning systems is called RADAR is given by Microsoft
[18]. RADAR consists of two stages of the offline data collection stage and the online

positioning stage as explained in the fingerprinting algorithm.
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During the data collection phase, the room is divided into clusters with different
precision requirements. The system builds the fingerprinting library formatted as F; =
(xi,yi,V1,Va,...,Viy) where V,, is the RSS measurement. During the online locationing
phase, RADAR works on the algorithm of KNN. By matching the real-time signal
data with the data stored in the fingerprint library, the location of the mobile could be

calculated by the Euclidean Distance is shown in equation [2.3.2.1]

Distance = \/(vl —V))2+(va—)2 4+ (v — V)2 (2.1

After deriving the Euclidean distance between the mobile node with every location
stored in the library dataset, selecting the first K shortest Euclidean distance from the
fingerprint library. The final position estimation is calculated by getting the average

value by KNN or the weighted locations.

2.3.2.2 Probabilistic Positioning Algorithm

Horus positioning system is based on probability theory. It belongs to the fingerprint-
ing idea that includes offline data collection stage and online locationing phase. How-
ever, the difference compared to deterministic positioning algorithm such as RADAR is
during the online positioning phase. Under the assumption that RSS signal contributes
to a Gaussian Distribution, Horus estimates user’s location based on the statistical dis-
tribution of the RSS [19].

During the offline data collection stage, building the fingerprinting library which
contains not only the RSS value but also the mean and variance variables which rep-
resents the likelihood of how much of the sampling data belongs to the ground truth
location. Regarding the online positioning phase, it predicts user’s location based on
the Naive Bayesian and the posterior probability.

Specifically, selecting the maximum expectation as the estimated location from all

the expectation calculated based on the posterior probability shown in equation[2.3.2.2]

_ pDp)
p(l|v> - p(V)

Ilv] = Zlip(li]v)
i=1
Under the assumption that each RSS value is independent which follows the Gaussian

distribution, p(v|l) could be derived as equation[2.3.2.2

(v]1) o< ﬁ i) 2.3
p(v exp — (2.3)
i1 O 2(5?

(2.2)



Chapter 2. Background 10

Probability-based positioning system works on a set of well-defined equations with
the assumption of RSS follows the normal distribution. However, in the real situation
such as a complex indoor environment, the signal distribution frequently changes by

many reasons such as refurbishment and moving electronic devices.

2.3.3 Range-based Positioning

The range-based positioning system includes trilateral and triangular methods which
estimate mobile’s location based on the high precision signal such as signal receiving

angle and the transmission distance between the mobile nodes and the signal generator.

2.3.3.1 Trilateration

By using the Time of Arrival (TOA) algorithm or signal propagation algorithm, the
distance R between the mobile A and the beacon nodes B could be calculated [20].
Here, R represents the radius of a circle which the circle centre is beacon B while
mobile A is on the circumference. Figure shows the tree circle which represents
three signal generators. Assume that location of the mobile node is (xg,yo) while three
signal generators’ coordinate are (x1,y1), (x2,¥2), (x3,y3). The cross point of three

circles is the estimation of the mobile location.

o) * e ()

Figure 2.2

This cross point could be calculated by the equation[2.3.3.1}
(x1 —x0)> + (y1 — y0)* = d}
(x2—x0)*+ (2 —y0)* =3 2.4)
(x3 —x0)>+ (33 —y0)* = &5
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After elimination from the above equations, we could get the following equations:

[xo] B [2(x1—x3) 2(}’1—)’3)] B [x%—x%+y%_y%+r§_r%

(2.5)
Y0 2(x2—x3) 2(y2—y3) 3

G=x3+y3 =y +r—r3
2.3.3.2 Triangulation

Triangulation locationing algorithm using the Arrival of Angle (AOA) to estimate mo-
bile’s location [21]. Specifically, mobile’s position is estimated based on the signal
received angle from two signal generators. The antenna installed in the mobile phone
could measure the received signal angle from the beacon. This is achieved by calculat-
ing the azimuth direction of the mobile to the beacon. Figure [2.3]illustrates the AOA
algorithm. Here, N represents the mobile while A1 and A2 represent for the signal

generator.

Figure 2.3

If the mobile location is N(xp,yo) , 01 and a represent the angle of signal gen-
erators of Ay (x,y;) and A, (x2,y2) respectively. The angle could be calculated by the

following equation.

tan(oy) = 2 ;=12 (2.6)
Yo —Y1

2.4 Machine Learning Indoor Positioning Algorithms

Instead of the range-free and range-based positioning algorithm that require the fine-
tuning equations to estimate the locations, machine learning provides automatic tuning
solutions for the locationing systems. Currently, there are insufficient applications that

are integrating machine learning algorithms into an indoor positioning system.

2.4.1 Neural Network Based Positioning

Battiti provided a machine learning positioning solution based on an artificial neural

network (ANN) using WiFi received signal strength [22]]. It is developed based on
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a feed-forward neural network which uses the RSS data as the training data and the
matched locations as the labels. Their experiment was deployed in a room with 56
WiFi routers, and each measurement was generated by getting the average value of 100
scans. Battiti’s research proves that ANN is possible to apply to the indoor locationing
system which reduces the requirement of the external locationing devices such as a
large number of signal generators (beacon). However, his experiment requires at least
three access points.

Borenovic provided an optimised solution based on ANN locationing system which
includes a cascade structure of two parallel neural networks [23]]. During the data col-
lection phase, the WiFi RSS training data is collected from only eight access points.
Therefore, the training data is formatted as (X;,Y;, RSSi, RSS,, ..., RSSg). The in-
door experiment environment is divided into 12 blocks while each one of the blocks is
further divided into small grids. Figure [2.4{shows the structure of the cascade artificial
neural network. The system firstly feeds the data into type 2 ANN which returns a
block estimation. Secondly, reuse the data and feed into type 1 ANN which returns the
grid estimation of the block predicted from the type 1 ANN. This double parallel ANN

APs RSSI ANN (1) | Pos Est

type 1

2
7

8

Collecting

Forwarding

ANN (i)
Hype 1

ANN _ SubSp Ln

8 type 2 No. of
SubSps (n)

ANN (n)

yype 1 2

<o - ; I N N
First Stage 1 Second Stage

Figure 2.4: Cascade structure of ANN locationing system

structure reduces the complexity of the system by firstly estimate a large area then scale
into a smaller location prediction. Meanwhile, it has a relatively loose requirement of
the number of the signal generators which could be less than three. The overall accu-
racy is 8.33 metres, compared to the fingerprinting algorithm of Fuzzy logic [24] with

the error of 16.1 metres.
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2.4.2 Decision Tree Based Positioning

CabDet is another machine learning based indoor positioning system that using decision
tree algorithm for location estimations. It works on the fundamental theory of finger-
print positioning as well that first learn the feature from the fingerprint library and then
compare the real-time data with the library to provide the position estimations [25]].
CaDet used 25 WiFi routers in a room. During the data collection stage, the room
is divided into clusters. Five access points’ signal covers each cluster. By comparing
the information entropy of the RSS, the system could select several access points (less

than the total number of the APs) for locationing shown in equation
InfoGain(AP;) = H(G) — H(G|AP;) (2.7)

Here, the information gain is the subtraction that using the entropy of the cluster H(G)
to minus the conditional entropy H(G|AP;). After deciding several APs based on the
information gain value, the system has filtered out the necessary APs for locationing.
Figure shows the structure of the decision tree. It is growth based on the RSS
value from different AP. Here, growing starting from AP2, the tree develops into three
sub end with three RSS range. Later, it continues growing based on the RSS received
from AP1, AP4 and AP1. As shown in figure each cluster of the room contains a

decision tree that ends with a particular location.

Figure 2.5: Decision tree of a cluster
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During the real-time locationing phase, CaDet estimates the location by firstly
choosing the Kth sub-grids from the clusters. It compares the difference between the
real-time data with fingerprinting library data and then following the flow of the deci-
sion tree generated during the training process until it reaches the end of the tree with
an estimated location value.

By clustering a room into six groups, CaDet achieves a locationing accuracy of
82.3%. It shows the decision tree based locationing system is reliable for the indoor
positioning system. It could deal with a large space indoor environment that clustering

into some subgroups and then create decision trees for each of the clusters.
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Experiment Design

3.1 Methodology

The indoor location tracking system includes two phases. The first phase is to build
the data library. Specifically, walking through the route that selected for experiment
and collects the smartphone built-in sensor data with the location information that in-
dicates the ground truth locations. The second phase is to build the machine learning
model for real-time user location estimations. Figure [3.1] shows the workflow of the
location tracking system in this experiment. We start by collecting the suitable data for
localisation. After that, data processing methods are implemented such as normalisa-
tion and dimension reduction for improving accuracy and efficiency. Those processed
data are later used for the model as the training dataset. Here, we aim to use a recurrent
neural network called Long Short Term Memory (LSTM) as the locationing algorithm.
The cumulative distribution function (CDF) is used for evaluation. After we select the

proper model, we would use it for real-time data based location estimations.

3.1.1 Data Collection

By calling the Android API of SensorManager, We could choose the refreshing sam-
pling rate defined by Android SDK, written in code Therefore, with recording
the location of latitude and longitude during the data acquisition, we could build the
data library with formats as shown in table

private static final int ACCELEROMETER_SAMPLING = SensorManager.SENSOR_DELAY_GAME;
private static final int MAGNETIC_SAMPLING = SensorManager.SENSOR_DELAY_ GAME;
private static final int GYROSCOPE_SAMPLING = SensorManager.SENSOR_DELAY_GAME;

15
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Data Collection
Data preprocessing —
RNN Model Developement
Data matched with location label
Model Training -~
Evaluation -~
Trained RNN Model
Real time data Predicted location coordinate
S
Figure 3.1: Location tracking system work flow
Place | Acceleration Gyroscope | Magnetic Field WiFi Coordinate
1 Xll,Yll,le Xll,Yll,le Xll,Yll,le RSSll,... X1, Y1
1 Xil, Yil, Zil Xil, Yil, Zil Xil, Yil, Zi1 RSSil, Xi, Yi

Table 3.1: Data library

Hence, we collect the data of accelerator, gyroscope and magnetometer with the

WiFi scans signal used for location tracking system.

3.1.2 Data Preprocessing

Principal component analysis: In machine learning area, in order to avoid the curse

of dimensionality, dimensionality reduction is a method to reduce the size of training



Chapter 3. Experiment Design 17

data by calculating principal variables [26]. Here, we use Principal component analy-
sis to compress the input data size. PCA is a dimension reduction technique which is
usually used for machine learning area to compress the data size of model inputs. It
is a statistical method that transforms a number of possibly correlated observations to
a smaller size of linearly uncorrelated variables which is called principal components.
It offers a linear mapping transformation from a higher-dimensional size of data into
a lower-dimensional space. During the transformation, new variables are generated
which replaces the original variables but contain similar data features. The covariance
matrix is limited by the eigenvectors which relate to the largest eigenvalues (princi-
pal components). It is used to reconstruct a bigger fraction of the variance from the
original dataset. Hence, by calculating the eigenvectors and the eigenvalues, a higher-
dimensional data can be compressed into a lower-dimensional dataset. The package

we use for dimension reduction is imported from sklearn listed in code|3.1.2

Listing 3.1: sklearn.decomposition.PCA Code

import numpy as np

from sklearn .decomposition import PCA
pca = PCA()

Compressd_Data = pca. fit ( Original _Data )

Normalisation: Data is normalised before feeding into neural network. Normal-
isation is a statistic method that adjusting data measured from different scales (here,
it refers that receiving data from different smartphone, different situations.etc) to a

notionally common scale [27]]. The mathematics is shown in equation (3.1

Xnew = (31)

We use the function of MinMaxScaler from sklearn to normalise sensor data. The code
is listed in code

Listing 3.2: sklearn.decomposition.PCA Code

from sklearn . preprocessing import MinMaxScaler
scaler = MinMaxScaler()

Normalised_Data = scaler . fit (data)
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3.1.3 Recurrent Neural Network

Recurrent neural network is one of the artificial neural network that includes connec-
tions between nodes which flow along a sequence. This structure offers the RNN
model has the ability to exhibit temporal information through a time serial data.

The recurrent neural network has proven its advantages in dealing with sequential
data such as speech recognition, image captions and machine translation tasks. RNN
is similar to feedforward neural network. The difference is that the recurrent connec-
tions link a neuron from the current layer to the next neuron of the next layer. This
feature makes the RNN model ‘remember’ the features from previous loop [28]]. RNN
transfers the state within each loop, therefore, it could deal with sequential data such
as the sensor data we used in the experiment.

The RNN (Fully Recurrent) structure is shown in Figure [3.2] It is an unfolded

® ..

Figure 3.2: RNN

basic RNN structure which contains a number of neuron-like nodes. Those connected
nodes which are either input, output or hidden nodes organise into successive layers
which follows a one-way direction connected to the next layer. Each neuron includes
an activation that varied based on the time sequence. Errors are calculated from each
sequence while the total error is the total value of the deviations of the target label
values calculated from each sequence.

However, SimpleRNN has the problem of vanishing gradient when feeding a long
sequential data. It cannot catch the feature of the dependencies between samples in a
relatively longer sequential data. Hence, Long short-term memory (LSTM) is given to
solve this problem.

LSTM is an optimised RNN model that solves the basic RNN problem of vanishing
gradient. This is achieved by adding a forget gate. It prevents vanishing or exploding
caused by back propagated errors. Figure [3.3|shows the internal structure of the LSTM

unit. In each unit, there are not only input, output gates but also a forget gate that
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controls the 'memory’ to either propagate into the next layer or being forgotten in the

current layer [29].

Ol

LSTM unit

F; I tanh
O
o o tanh (0}

® & ©

Figure 3.3: Long short-term memory (LSTM)
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The value in the current state is controlled by the forget gate f gate signal. Specifi-
cally, save the value when the signal is set as / while forget the value if gate is set as 0.
The activation of receiving a new input or propagating are determined by its input gate
and output gate respectively [7]. The equations to show the numerical defini-
tion. The softmax output of m, determined the final probability distribution while © is

the product of the cell value of the gate value.

iy = 6(Wixx; + Wi, —1) 3.2)

fi = o(Weexy + Wemmy; 1) (3.3)

0r = S(Woxxy + Wommy—1) (3.4)
= fiOc—1+i ©h(Weexy + Wepmy 1) (3.5)
my = 0; O ¢y 3.6)
Pr+1 = Softmax (my) (3.7)

As the sensor data is presented in time sequence, the LSTM model is ideal for
location estimations. As mentioned in the data acquisition section, the data will be fed
via samples to the LSTM model. Here, the size of one sample is time step * feature.
The feature of each data point is the three total values of acceleration and gyroscope
and magnetic field data. The number of the data point in each sample depends on the
time window. Each sample is matched with a coordinate of (X;, Y;). The output of the

LSTM model is the estimated location coordinate of (X, Yes;) When feeding a set of
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new real-time sensor data. The numerical definition is shown in equation [3.8|to (3.10

x_1 = Sensor Data(/) (3.8)
x =W.S;, te{0..N—1} 3.9

LSTM updates its weight and state by each time reading a new incoming sensor data
and returns a location estimation result. In this experiment, we would build a regression

LSTM model as the prediction is the numerical coordinates of latitude and longitude.

3.1.4 Stateful/ Stateless LSTM

In the machine learning framework such as Tensorflow, PyTorch and Keras, there are
mainly two types of LSTM: stateful and stateless LSTM. Theoretically, Two LSTM
models are the same regarding the structure and mathematical definitions as explained
before. However, the difference between stateful and stateless LSTM is about the
“state’ [30]. As the data is fed in batch through the training process, the model learns
the feature by batch and batch until batch covers all the samples.

Stateless LSTM: LSTM updates its parameters on the first batch and then initi-
ates its weight and state on the second batch. The hidden states and the cell states
which contain memory history would be reset as zero for the next batch. Therefore,
parameters are isolated between different batch or ’state’ which means stateless.

Stateful LSTM: LSTM continues to use the parameters settings for the next com-
ing batch after it has updated its parameters on the first batch. This means that the
hidden and cell states are shared between different batch and emphasis the dependen-
cies between batch and batch known as stateful.

For example, in the natural language processing tasks, regarding understanding an
article and a set of poems, we could consider those two tasks are in different situa-
tions. An article includes certain sentences and those sentences are related between
each other as the context effect. Poems are isolated between different poems. There
are no connections external to the poem. Therefore, when data between batches are
related to each other (e.g. a lengthy sequential input of a whole article), stateful LSTM
supposes to perform better while stateless LSTM could handle the shorter length of the
sequential data of a set of poems. Comparably, the sensor movement data is collected
in time series which means it has dependencies from the previous data sampling to the

next sampling. In another word, it is impossible for a person to walk from one place to
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another place instantly.
In this experiment, depends on the size (or length) of the training data, we would

deploy both stateful and stateless LSTM models for location tracking.

3.1.5 Evaluation Methods

We would use a statistical evaluation of the cumulative distribution function (CDF,
also cumulative density function) for evaluating the model’s performance [31]. CDF
includes the estimation error from zero to the maximum estimation error. The accuracy

in each error precision is calculated using equation [3.11]

Estimation inside the precision range

Accuracy = (3.11)

Total number of the estimation

Meanwhile, besides using CDF to compare models’ performances, we would also vi-
sualise the prediction pathway upon the geographical map as each pixel of the map has

the location information of latitude and longitude.

3.2 Experiment Preparation

3.2.1 Experiment Environment

Informatics Forum of the University of Edinburgh is selected as the experiment envi-
ronment as a result of its complex indoor structure with sufficient signal coverage. The
magnetic field distribution is identifiable and could be used for indoor location track-
ing. The indoor position is easy to locate (label to the sensor data) with the symbol of
the lifts, stairs, opening area and offices with room numbers.

In this experiment, we selected the route on the second floor of the Informatics
Forum. The whole route is in the middle of the path shown in figure Starting from
the right side of the lift following the anti-clockwise direction and finally back to the

starting point.

3.2.2 Experiment App and Devices

App: MapLoc Android App is used for data collection. It could record the built-in
smartphone sensors raw data into a log file in XML format. This function is achieved
by calling the Android API which monitors the sensors movement information with

different monitoring frequency. The type of sensors used for positioning includes the
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Figure 3.4: Route in the second floor of Informatics Forum

accelerator, gyroscope, magnetometer and WiFi module. The app records the X, Y,
Z values of sensors with both system timestamp and built-in sensor timestamp. WiFi
data includes the current timestamp which monitors the WiFi received signal strength
from certain WiFi routers, represented as certain MAC addresses with following the
signal strength in dBm and the channel from each MAC address. Each data point is
logged starting with the name of the sensor, the timestamp of when the data is logged
and the sensor data. Here, it is noticed that the monitoring frequency is not in constant
time gaps, which means the time difference between the two sampling of the sensor
varies. It is limited by the Android API that only if the system monitors the changes
of the sensors position, a new data point would be saved into the log file. Besides, by
accessing the Google Map API, the location information which represented by latitude
and longitude could be saved simultaneously with the sensor data when clicking the

current location on the map showing on the mobile screen.
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Figure 3.5: MapLoc Screenshot

Devices: OnePlus 6 and Smartisan U2 are used for data collection. OnePlus is a
flagship phone with high sensitivity sensors while Smartisan is an entry-level phone
with less sensitive sensors. MapLoc is installed in both devices with the same settings

of the monitoring frequency.

3.2.3 Develop Environment

The LSTM based indoor locationing tracking system is developed in Python 3.6. The
packages used for data processing and machine learning are TensorFlow, Scikit-learn
and Keras.

TensorFlow™

is an open source library for machine learning jobs provided by
Google. Initially developed by Google Brain team within Googles Al organisation. It
contains support for data mining and deep learning algorithms with flexible numerical

computation in many scientific domains.
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Scikit-learn is a simple and efficient data mining and data analysis tools running
in Python. It is an open source commercially usable tools built on NumPy, SciPy, and
matplotlib.

Keras is a high-level neural networks application programming interface (API) run-
ning based on top of TensorFlow, CNTK and Theano. Here, we use Keras with the

backend of Tensorflow while the models are built on the Keras sequential model.

“t" TensorFlow . Cearn Keras

(a) TensorFlow (b) Scikit-learn (c) Keras

Figure 3.6: Open Source Library
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Data Processes

4.1 Data Collection

4.1.1 Data Gathering

Standing at the starting point of the route, click the start button in the MacLoc App and
put the phone in the right pants pocket. In the same time, use a timer to record when
the App starts to generate a log file. Keep the phone stable in the pocket to avoid it
shaking when the person collecting the data are walking to avoid random noise. After
clicking the start button, wait for three seconds to let the sensors finish initialisation.
Start walking and record the time. Waking at a constant speed with the same step
distance to collect the data while using a secondary phone to capture participant input
labels (location points). Tap the screen to log the location information when passing
by special places such as lifts, stairs, kitchen and corners. Record the time when back
to the starting point and stop walking. Finally quit the App to stop writing the log
file. Time records are used to clip the raw file which only includes walking data with
no unnecessary data logged in the file such as operating and preparation behaviour.

Repeat those steps to collect multiple rounds of the data.

Listing 4.1: log file

<data phone="6169b50559d0c09” building="undefined” t="2018—06—21._13:45:55.479">

<m t="1529585155482" x="—12.648" y="—1.9653" z="—161.131" st="1710227306959” />
<a t="1529585155491” x="0.96646" y="2.56660" z="9.1324" st="1710242840406" />

<g t="1529585155572” x="—0.089385" y="—0.082061" z="—0.0577" st="1710322888014" />
</data>

25
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4.1.2 Variations

There are some factors which brings variations during gathering the sensor data.

Magnetic Field Distribution: Different standards of the sensors affect the accu-
racy of the data in terms of the sampling density and precision. Meanwhile, during the
collection process, magnetic field data is mainly influenced by the environment. De-
spite the fact that the rotation of the earth changes the density of the earth magnetic field
in daily time and seasons, indoor moving items affect the distribution and the density
of the indoor magnetic field data more obviously. Sensed magnetic field data increases
when two electronics items come closer to each other. Meanwhile, the moving lift
changes the distribution of the magnetic field. During the weekday and weekends, the
indoor magnetic field distribution changed mainly by peoples behaviour. To eliminate
this influence, collecting the data on both weekdays and weekends in a different time
to make the training data include most of the situations.

Walking speed and step distance: Consider increasing the robustness of the
model. It is better to contain the sensor data collected in different situations. Here,
we obtain the data in different walking speed with different step distance. In general,
we collect the data in three cases: fast walking with large step distance, slow walking
with short step distance, dynamic speed and step distance walking. Those three situa-
tions can cover many different people’s walking behaviours. In this project, we collect
12 rounds of sensor data in total from 2.5 minutes; 3 minutes, 3.5 minutes to 4 minutes

with three rounds of each time span.

4.2 Data Pretreatment

4.2.1 Data Transformation

In this section, we explain how the data is transformed from the log history into sensor
training data (features). The raw file includes sensors movement information in dif-
ferent timestamps. Due to the delay of the system timestamp compared to the sensor
built-in instant timestamp, we use sensor timestamp as the time standard. Meanwhile,
sensors timestamp is not starting from 0. We use the relative time (millisecond) to
replace the timestamp. Specifically, get the difference between each sensor timestamp
with the initially logged sensor timestamp. Each data point is represented in millisec-
onds with the first log history starting from time zero.

Clip the raw sensor data based on the timer record with the start and end walking
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time. Therefore, the raw sensor data only contains the walking information.
In order to eliminate the difference of the smartphone position in each rounds when
collecting the data, we calculate the total value of the accelerator, gyroscope, magne-

tometer.

Sensor;pra) = \/ SensorZ + Sensor; + Sensor? 4.1)

Hence, the sensor data include discontinues time in millisecond with three total values
shown in Table[4.1]

ST | AccTotal GyrTotal MagTotal

Oms

9.602782476110509

0.34956840840168957

147.6066924925367

Ims

9.600623329987638

0.34944948195427106

147.5879780562939

4ms

9.594145891619025

0.3490927026120156

147.5318347475655

Table 4.1: Discontinues data

To generate whole sensor data in every millisecond, we use interpolation to fill
the empty data in between each sampling. For example, the first two sampling of the
accelerator appears at 0, 1 ms and 4 ms with sensor data. Insert two empty datapoint
that represent 2ms and 3 ms. Use linear interpolation to fill those three datapoint as
giving the both side of the value (1 ms and 4 ms). So far, we have the sensor data in

every millisecond exported from the raw log file shown in Table

ST

AccTotal

GyrTotal

MagTotal

Oms

9.602782476110509

0.34956840840168957

147.6066924925367

1ms

9.600623329987638

0.34944948195427106

147.5879780562939

2ms

9.598464183864767

0.34933055550685255

147.5692636200511

3ms

9.596305037741896

0.34921162905943411

147.5505491838083

4ms

9.594145891619025

0.3490927026120156

147.5318347475655

Table 4.2: Data with interpolation

To create the training file, we need to add labels to each datapoint which match
the locations with sensor data based on the time of tapping on the map during the data

collection process.
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4.2.2 Label Matching

During the data collection procedure, certain special points have been marked down
with the time. Meanwhile, we collect the data at a relatively constant speed. Therefore,
using linear interpolation could fill out the missing labels to the sensor data as the label
are represented by the numerical values of latitude and longitude. In particular, firstly
match the marked location information (label) to the sensor data at the same time.
Secondly, interpolate value in between two marked locations. Here, the total number
of labels depends on the time window we used in data processing. For example, if the
time window is set to cover ten data points, there will be ten data points as 1 sample

with a location label of latitude and longitude.

4.3 Data Processing

The recurrent neural network is used to build the location tracking model. Therefore,
the training data needs to be reshaped to a three-dimensional array of (Samples, Time
Step, Features). To be noticed, time window equals to time step without data com-
pression. Here, the data point is sensor scanning with the location label information
in each millisecond. Samples represent the total training samples in the training set
where each sample includes the number of time step datapoint. Time step is related to
the time window that covers certain datapoint. Features include the accelerator, gyro-
scope, magnetometer x, y, z and total value. In this experiment, the time window is set
as 10ms, 100ms, 1000ms and 2000ms.

4.3.1 Data without overlapping

Depends on the time window setting, the data is reshaped as (Samples, Time Step,
Features). Figure 4.1 shows the detail of the label matching without overlapping val-
ues. Specifically, if there are 10k datapoint in the original sensor data file while we set
the time window as 1000ms and consider using the three total values of accelerator,
gyroscope, magnetometer as the feature input. The data would be reshaped as (10,
1000, 3). Meanwhile, each sample (here we have ten samples in total) is followed by

the location label which is matched based on the time record.
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ST | AccTotal | GyrTotal [MagTotal

Ooms - Location| Lat

Lng

100073  C—

Lable0

55.95

999ms

ST | AccTotal | GyrTotal [MagTotal

1000ms - Location|  Lat

Lng

10003  C—

Lablel

55.85

-3.28

1999ms

Figure 4.1: Data without overlapping

4.3.2 Data with overlapping

29

Taking the advantages of RNN that it could remember the features from the previous

input, the overlapping parameter allows each sample to include previous information

that emphasises the dependencies between samples. In other words, the next sample

contains part of the data point in the previous sample. For example, if there are 10k data

points and three feature inputs, set the time window as 1000ms and the overlapping as

900ms. The first sample includes the datapoint from 1 to 1000. The second sample

includes the datapoint from 100 to 1100 shown in Figure 4.2

ST AccTotal | GyrTotal |MagTotal

Oms Location

Lat

Lng

100073  C—

Lable0

55.95

999ms

ST AccTotal | GyrTotal |MagTotal

99ms Location

Lat

Lng

10002  C—

Lablel

55.90

1099ms

Figure 4.2: Data with overlapping

The reshaped training data will be as (90, 1000, 3). As the data has been overlapped
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of 90% (repeated by nine times), therefore, the sample increases nine times from 10 to
90. Meanwhile, 1000 is the number of data points in one sample which represents the

1000 milliseconds. 3 is the input feature of three total sensor values.

4.3.3 Down-sampling Data

To improve feed-forward speed with a smaller input size without losing too much
information, a down-sampling method is used to compress the data. For example,
set a pickup value as 100ms which means we pick up data points from the original
sensor data every 100ms. If there are 10k datapoint, the down-sampled training set

only includes ten data points but with the same time cover range illustrated in Figure

A3

ST AccTotal | GyrTotal | MagTotal

oms ST AccTotal | GyrTotal | MagTotal | ~

Oms

99ms 99ms

1000*3< > 103

499ms

499ms

999ms /

\ 999ms

Figure 4.3: Data down sampling

Figure shows three total sensor values of the accelerator, gyroscope, magne-
tometer of 1000 data point (1000ms) on the left side and the down-sampled total value
of 10 data points on the right side in both 1000ms. Figure compares the original
data and the down-sampled in 7000ms.
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(a) Sensor values in the range of 1000ms (b) Sensor values in the range of 7000ms

Figure 4.4: Compare between the original data and the down-sampled data. It shows
that loss of information is minimal across the two time windows, being able to follow the

trend in signal for the walking activity.

The comparison from the figure [4.4]illustrates that when minimising the data size,
the down sampled data keeps the data features without significant information loss.
Therefore, with the down-sampled data, there would be only 10 datapoint of the train-
ing data which covers the original 10K ms datapoint with the pick up value of every

100ms while the training data would be reshaped as (10, 10, 3).

4.3.4 PCA Data

Considering an automatic method to compress the training data instead of artificially
selecting the pickup value such as downsampling processing, we implement PCA di-
mension reduction by giving the output dimension size. The original data can be com-
pressed into a lower-dimensional matrix. To keep the output size the same as the down-
sampling for later comparison, we set the PCA output as 10. Due to the requirement
of PCA from sklearn, we need to firstly reshape the original data horizontally, which
means that each sample includes 3*1000 features. Three represents that there are three
types of the sensors while 1000 represents that the time window for one sample covers
1000ms of the measurement. Figure d.5]shows the workflow of PCA. On the left-hand
side is the reshaped 2D original data with overlapping of 90%. By implementing PCA,

the 3*1000 features is compressed to 3*10 features of each sample.
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MO00-M1199 |——PCA—p>|

3*1000
A
4 Y
Sample ST AccTotal GyrTotal MagTotal
Samplel Ooms A0-A999 G0-G999 MO0-M999
Sample2 99ms A99-A1199 | G99-G1199
Sample3 199ms A199-A1299 [G199-G1299|M199-M1299

Figure 4.5: Data down sampling

3*10

A
r N\
Sample ST AccTotal | GyrTotal [MagTotal
Samplel| Oms a0-a9 g0-g9 | mO-m9
Sample2| 99ms |al0-al9|g10-g19 |m10-m19
Sample3| 199ms |a20-a29 | g20-g29 |[m20-m29
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Chapter 5
Model Selection and Evaluation

The machine learning model for location tracking develops on a recurrent neural net-
work called Long-Short-Term-Memory (LSTM). We start to customise the model in
two stages. The first stage is to determine the baseline model which includes finding
the model hyperparameters setting and the structure such as time step. After determin-
ing the structure of the LSTM model with keeping the hyperparameters the same, we
move to find out a balance between learning efficiency and location estimation accu-
racy by adjusting the data input such as adding overlapping or downsampling as well

as PCA in the second stage.

5.1 Baseline Model

5.1.1 Time Window

As LSTM read the data by time window, a proper time window setting could make the
model catch the detail information within each time window while has an overview of
the features among the whole dataset. In other words, a narrow time window setting
could catch the detail information but lose the general features of the training set.
In contrast, a wide time window could cover the overall feature but miss the detail
information be computationally expensive and slow to react on changes. A proper time
window setting which captures sufficient variations allows model identify different
activities such as walking at different speeds or climbing stairs.

Here, we trained the model with the time window of 10ms, 100ms, 1000ms and
2000ms with the model setting listed in table [5.1]

33
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Parameter Settings
Epoch 100

Batch Size 100

LSTM Hidden Units | 128

LSTM Layer 1 Layer
Learning Rate 0.005
Learning Rules RMSprop
Training Data One Round

Table 5.1: Baseline Parameters

According to figure[5.1] it shows that based on one round of the training data, 10ms
model performs best with the validation accuracy of aapproximately 64%. 100ms
model has a slightly lower accuracy at approximately 60%. 1000ms and 2000ms mod-
els perform relatively poorer than the narrow time window models. Specially, both of
them have the validation accuracy around 56%. In general, the differences between
various time window setting does not affect the accuracy significantly. From figure
we could find that all four models have a similar validation loss at about 0.08.

Validation Accuracy Validation Loss

accuracy
loss

(a) Validation Accuracy (b) Validation Loss

Figure 5.1: Model performance with different time windows

We use three rounds data as the validation set and the one round data as the test
set to plot the CDF. According to figurg5.2] all models perform similarly with the
estimation accuracy of 80% at the precision of 20 metres. In terms of the testing
set CDF, they perform similarly as well. However, according to the x axis of the
test CDF, 10ms based model has the maximum prediction error of over 60 metres

(showing on the right end of the x axis). In general, 1000ms based model shows an
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acceptable estimation accuracy. On the other hand, selecting a large time window of
1000ms allows the model capture variations and different activities for further function
expansion. Therefore, in the later research, we aim to improve model’s efficiency and

locationing accuracy based on the model with 1000ms time window setting.
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Figure 5.2: CDF with different time windows

5.1.2 Input Features

After deciding the time window, we move to select the input features of the model.
As mentioned in the data collection section, MapLoc App provides X, y, z values of
accelerator, gyroscope and magnetometers. Meanwhile, we could calculate the total
values from each sensor’s three-dimensional measurement by the square root explained
in equation 4.1}

We compared the models with 3, 9 and 12 features input listed in table[5.2]

3 Features (Accroral, Gyrogorar, Magsorar)

9 Features | (Accy, Accy, Accy), (Gyry, Gyr,, Gyr,), (Mag,, Mag,, Mag,)

12 Features | 3 * (Sensory, Sensory, Sensory) + (AcCsorar, GYT0s0tal, Magsorar)

Table 5.2: Input Feature

From figure all models with 3, 9 and 12 features input have similar validation
accuracy at approximately 62.5%. In terms of the validation loss, 3 features performs

relatively stable which its loss remains around 0.005.
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Figure 5.3: Model performance with different numbers of input features

According to the figure [5.4] both models with 3 and 9 features input reach the
validation accuracy about 80% with the error of 18 metres. Model with 12 features

input reach the same accuracy with a slightly larger error at 20 metres.
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Figure 5.4: CDF with different numbers of input features

From the comparison, model with 3 total value input shows the best performance.
Meanwhile, when collecting the data for either building the training data library or the
real-time user’s data, smartphone’s position affects the three individual measurement.
However, the total value would not be affected by the position. Therefore, using the
three total values as the input features could eliminate the influence of the smartphone

position.
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5.1.3 Learning Rate
We explored model’s performance based on three learning rate settings of 0.05, 0,005

and 0.0005 while kept the other settings same. Settings are listed in table 5.1}
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Figure 5.5: Model performance with different learning rates

According to figure both models with 0.005 and 0.0005 learning rate have
an acceptable validation accuracy around 62% after 100 epoch while the 0.05 learning
rate based model remains approximately only 50% of the accuracy. Meanwhile, figure

[5.5(b)| illustrates that the 0.005 and 0.0005 learning rate models have similar perfor-
mance with both of the validation loss reaches 0.2. However, 0.05 based model has an

unstable performance which its loss fluctuates between 0.3 and 8.
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Figure 5.6: CDF with different learning rates

From both validation and test set CDF according to figure |5.6(a) and [5.6(b), 0.005

and 0.0005 models have similar prediction accuracy. Specifically, with the precision
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of 20 metres, both of them reach the prediction accuracy around 85% while the 0.05
learning rate model minimum prediction error starts from around 46 metres. Therefore,
consider of the time spend of training the model, we determine to use learning rate as
0.005 for the following model.

5.1.4 Learning Rules

In terms of optimiser, we explore model’s performance based on Stochastic gradient
descent (SGD) and RMSProp with the learning rate of 0.005 and train the model based
on one round of the training data.

Gradient Descent: The size of the training dataset affects the learning efficiency
of the basic gradient descent as it requires prediction results by calculating each of the
training datapoints. SGD optimised its efficiency by sarcastically updating the model
weight from each training instance [32]. SGD has a faster learning efficiency when

dealing with a large dataset. The numerical explain is shown in equation[5.1.4]

Awi(t) = —ngi(7) (5.1)

RMSProp: RMSProp (Root Mean Square Propagation) is an optimised learning
rule based on SGD [33]. It brings an adapted learning rate during the model training.
The equation is given in[5.1.4]

Si(t) =BSi(t — 1)+ (1—PB)gi(r)*, (5.2)
Awi(t) = W‘Legi(r), (5.3)
Wi(t) :Wi(t—l)-i-AWi(l‘), 5.4

where S is the adjusted sum of the previous parameters while  (usually set as 0.9) is
attenuated by the decay rate . The € is a relatively small constant value to prevent the
divider comes to 0.

Figure shows the performance with different learning rules of SGD and RM-
SProp. It is obvious that RMSprop based model performs better than the SGD based
model. In particular, according to the figure RMSProp based model has a val-
idation accuracy around 60% despite there are some fluctuations through the training
process while the validation accuracy of the SGD based model starts decreasing from
47% to lowest 37%. From figure [5.7(b), we could find that RMSprop based model
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converge faster as it reaches 0.1 loss after three epoch while the SGD based model has

not converged to the validation loss of 0.1 after 100 epoch.
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Figure 5.7: Model performance with different learning rules

Figure [5.8] shows the model prediction CDF of both validation set and test test.
With the precision of 15 metres, according to the figure[5.8(a), RMSprop based model
has the accuracy of 47% while the SGD based model has an accuracy of 28%. The test
cdf shown in figure [5.8(b)|has the same trend.
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Figure 5.8: CDF with different learning rules

It is interesting that the cross point that two models reach the same prediction ac-
curacy when the precision is set as around 18 metres. SGD based model has relatively
higher accuracy than the RMSprop based model. However, to reach a higher accuracy
performance with a higher precision requirement, RMSprop based model shows its
advantage of faster convergence and higher prediction accuracy. Therefore, we select

RMSprop as the optimizer of the model for later model training.
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5.1.5 Training Data Size

Recall the model performance in different time window settings. 10ms based model
has the best performance compared to the model with 100ms, 1000ms and 2000ms
time window. One of the reason is that when reshaping the training dataset into the
RNN required shape (Samples, Time Step, Features), if set the time step (same as the
time window of 10ms here) as 10, which means the total number of the samples is the
total datapoint divided by the time window (10ms). Compare to the time window of
1000ms, which divides the total sample by 1000, the samples that are offering for 10ms
based model is 100 times larger than the samples of 1000ms based model if given the
same size of the training data. In another word, one of the reasons that 10ms based
model performs better than the 1000ms based model is because the 10ms based model
has sufficient training data to learn the positioning features. Therefore, in order to find
out the influence of the training size, we compare the model by giving only one round
of the data, and eight rounds of the data with other parameters keep the same as shown
in table 5.1l

According to figure [5.9] the same model with different input data size performs
similar despite the data increases eight times. From the figure both of the vali-
dation accuracies fluctuate between 50% and 70% while the validation loss from figure
also proves that both versions have similar performance with the validation loss
stays around 0.05 despite that the model with 1 round input data has a large initial loss
around 0.35.
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Figure 5.9: Model performance with different training data size

From figure[5.10] it is interesting that 1 round input model performs better than the

8 round version. This possibly happens because of the validation set and the test set
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extract similar features from the data that feed into the 1 round model. In general, both

versions have a roughly 70% accuracy when the precision is required as 16 metres.
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Figure 5.10: CDF with different training data size

This comparison between different size of the training data input has not shown an

obvious result of the influence of the input data size. However, in order to avoid the

possibility that there is no sufficient dataset for training model, we increase the training

dataset to include 8 rounds of the sensor data with different walking speeds and step

sizes to allow models to learn more variations. Therefore, the baseline model is set as

shown in table
Parameter Settings
Epoch 100
Batch Size 100
LSTM Hidden Units | 128
LSTM Layer 1 Layer
Time Window 1000ms
Learning Rate 0.005
Learning Rules RMSprop
Training Data Eight Rounds

Table 5.3: Baseline Model Setting
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5.2 Overlapping Model

Recall the overlapping diagram by giving an overlapping rate (here, set as 30%,
50% and 90%) to the original sensor data. We could generate a new dataset in which
each sample contains part of the sensor data from the previous sample. Figure [5.11]
shows the procedure of generating the training data by an overlapping rate of 50%.

Each sample contains half sensor data of the previous sample.

ST AccTotal | GyrTotal [MagTotal

Ooms

Samplel ——p1000*3

999ms
Sample2 ———p1000*3

Sample3 ———1000*3 1499ms

Sample4 —1000*3

2499ms

Figure 5.11: Overlap: 50 Percentage

There are mainly two reasons for implementing overlapping to the original data.
The first reason is to emphasise the dependencies between neighbouring samples by
including repeated information. This allows the recurrent neural network to remember
more information from the previous sample to the current sample input. The second
reason is to increase the training dataset as the model needs more samples to learn the
required features when the time window is set larger than 1000ms. Therefore, we can
increase the dataset not only by adding more rounds of the data but also by overlapping
the sensor data.

Based on the baseline model settings listed in table [5.3] feed the training data of
overlapping 30%, 50% and 90%. Figure [5.12] shows the three models’ performance
based on the validation set. From figure we could find that 90% overlapping
based model has the best performance reaching 90% of the validation accuracy after
approximately six epoch despite there being a noticeable decrease at ten epoch, but
it increases back to around 93% accuracy with the following iterations. Meanwhile,
overlapping 50% based model shows an acceptable accuracy of 86% at 10th epoch and

stays around 89% accuracy. Overlapping 30% based model has an unstable validation
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accuracy that fluctuates from 50% to 86%. This result illustrates that with the increas-
ing the overlapping rate, model can learn features better. This is firstly because the
training data size is increased and secondly each neighbouring sample contains more
repeated data points which allows model to extract localisation features better. On the
other hand, according to figure [5.12(b)} both models with the overlapping rate of 50%
and 90% have a relatively small validation loss about 0.008 while overlapping 30%

based model’s validation loss shifts between 0.2 to 0.7.
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Figure 5.12: Model performance with different overlapping rate

From the prediction CDF shown in figure[5.13] it is noticed that overlapping 90%
based model performs slightly better than the 50% based model while 30% based
model has a lower prediction accuracy. Based on the test CDF shown in figure[5.13(b)]

90% based model reaches 82% of the prediction accuracy when the precision is 15

metres.
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From the comparison results, by implementing overlapping strategy, model per-
formance improves compared to the model with same hyper-parameters settings but
feed with original data. Specifically, overlapping 90% of the training data has the best
improvement to the model’s prediction accuracy. Therefore, we would use 90% over-
lapped sensor data for the following model training. However, as the training data
increased, the model training time increases as well. Hence, we need to balance be-
tween the time spent and the prediction accuracy as well as avoiding losing training

data information.

5.3 Compressed-Data Models

Regarding down-sampling processing, recall from figure By setting a pickup
value, we could downsample the data without losing significant data information which
is confirmed in figure #.4] For the PCA data processing, by defining output size, new
variables in a lower dimension could be calculated based on eigenvalues and eigen-
vectors and therefore replace the original variables in a higher dimension matrix. In
order to compare the performance between downsampling and PCA with keeping the
compressed data the same size. Therefore, we restrict the output of the PCA as 10*3
of each sample either.

Figure [5.15] on the left side represents the procedure of downsampling (pick up
datapoint every 100ms) based on the training data with overlapping of 90%. There-
fore, one sample has been downsampled from the size of (1000,3) to (10,3). On the
right side, it shows the procedure of implementing PCA dimensionality reduction to
compress training data from (1000,3) to (10,3) of each sample. It should be noted
that both downsample and PCA are implemented based on the training data with 90%

overlapping rate.
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By keeping the time window unchanged as 1000ms, a sample in a time window is
compressed from 1000*3 to 10*3. In another word, setting the time step as ten could
cover the data features of 1000ms from the original data. This avoids having LSTMs a
heavy time step setting of 1000 which increases the model’s complexity and learning
time spent.

Figure [5.15] shows the comparison between the down-sampled based model and
PCA based model with the overlapping 90% model. According to figure the
down-sampled based model has a faster convergence rate that reaching 95% of the
validation accuracy at eighth epoch and then stays at high accuracy. PCA based model
has a lower accuracy rate at around 87%. Original dataset based model is relatively
unstable which has an obvious fluctuation between 78% to 92%. From figure [5.15(b)]
it is shown that the down-sampled based model converges rapidly from the validation
loss of 0.06 to 0.005 within 20 epochs while the original data based model has an
unstable validation loss that shifts from 0.2 to 0.04. PCA based model has a larger

validation loss of 0.08.
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Figure 5.15: Model performance of input data down-sampled, PCA on input data and

original data

Figure [5.16] shows the prediction CDF based on validation set and test set. Both
figures illustrates that down-sampled based model performs better than the original
data based model that it reaches 80% of the prediction accuracy with the precision
requirement of 8 metres of the testing set. PCA based model performs similarly to the

original based model in both validation and testing sets.
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Figure 5.16: CDF of down-sampled, PCA and original data

In general, the downsampled based model has the highest accuracy and reliability
compared to PCA based and the original model. By implementing downsampling to
the overlapping data, the model reduces its complexity by setting a smaller time step to
save calculation time spend. It could handle the data with a larger time window without
losing significant data features. Specifically, the model of the time step of 10 could

cover the data with the time window of 1000ms. In other words, it allows the model to
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further increase the time window allowance with little model complexity increased. It
could make the model process more activities. Meanwhile, it allows the model to deal
with larger training dataset with large overlapping rate and more rounds of data in a
shorter time span compared with feeding the original data. This is of vital importance
when integrating the model into mobile devices to improve the prediction efficiency

which reduces application response time and also saves the power consumption.

5.4 Stateful LSTM Model

Besides the stateless LSTM models as mentioned above, we also build a stateful LSTM
model in the experiment. As explained in the methodology section, stateful LSTM
model could learn the dependencies between the data points in the current batch and
those in the next neighbouring batch when feeding the training data in sequential order.
According to the features of the sensor data, it is collected in time sequence while
each of the measurement has connections between the previous and next data point.
Therefore, we deploy the stateful LSTM model for location tracking.

Here, we start by training the model with only five rounds input data and then
increase the dataset to 11 rounds of the data. Results are shown in figure Both
two versions perform unreliably that the validation accuracy is approximately 55%

with the validation error is around 0.29.
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Figure 5.17: Model performance of stateful LSTM with different rounds

Concerning the estimation performance which is shown in figure [5.18] both ver-
sions of the models perform worse than the downsampling based model (stateless).
However, it is noticeable that there is a trend of the prediction accuracy increased

when adding more rounds of training data.



Chapter 5. Model Selection and Evaluation 48

One possible explanation for this situation is stateful LSTM updates its parameters
of hidden states and cell stated by each batch in the time sequential order. The simi-
larity between data points in the current batch and the next batch affects how much of
the parameters have been updated after each batch. In another word, it requires a large
amount of training data to tune its model setting fully. However, due to the time limit

of the experiment, it is hard to collect sufficient training data for the stateful LSTM.
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Figure 5.18: CDF of stateful LSTM with different rounds

Therefore, we could make an assumption based on the improvement of the state-
ful LSTM model that sufficient amount of the training data allows the stateful model
to learn the features of the internal dependencies between sensor sequential measure-
ments. The stateful model can fully tune its weight and state if there are sufficient of

rounds of data.

5.5 Evaluations

Starting with selecting a suitable time window from 10ms, 100ms, 1000ms and 2000ms,
we choose 1000ms as the time window as it allows more variations of the data. Tuning
the hyperparameters of the model with the learning rate of 0.05, 0.005, 0.0005, learn-
ing rules of SGD and RMSprop, we determine to use the stateless LSTM model with
0.005 learning rate and RMSprop learning rule. After that, we explore the influence of
the training size between one round of input data with eight rounds of the training data.
The results are not improved significantly. Therefore, we move to improve estimation
accuracy by further increasing the training size with overlapping. With the 90% of

the overlapping, the model shows a significant improvement of the locationing accu-
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racy. To reduce the complexity and the training time of the models, we compress the
training data size by downsampling and PCA dimension reduction. Finally,by com-
paring all the different model and data input settings in terms of different learning rate,
learning rules, size of the training data, with overlapping, downsampling and PCA,
we selected the stateless LSTM model with down sampling based on 90% overlapped
training data as the locationing model which balances between the estimation accuracy
and efficiency.

Figure[5.19] contains all models that have been explored in the experiment, CDF is
generated based on the same one round of the test set. It is noticed that to satisfy each
model’s input data structure requirement. The test file has been reshaped to the required
data structure with different time windows, overlapping rate and downsampling as well
as PCA dimension reduction. In general, all models’ performance concentrates into
three subgroups.

With the prediction accuracy of 80%, it is obvious that the downsampled overlap-
ping based model has the best performance regarding the convergence rate and pre-
diction accuracy that it has the maximum prediction error of 6 metres. PCA based
model and overlapped based models have a larger estimation error of around 14 me-
tres. Raw training data based models with different learning rules and learning rates
settings about 18 metres. Compare between the downsampled model shown in blue
line and the initial model of 1000 time window (time step) labelled as RMSprop in

grey colour. The estimation error reduces significantly from 18 metres to 6 metres.
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Regarding evaluating our down sampled based stateless LSTM model, we collected
two rounds of sensor data from the entry-level phone called Smartisan and the flagship
phone called OnePlus. To be noticed, the sensor data received from the flagship phone
has never used for model training. The model was only trained based on the data
collected from the entry-level smartphone which has a lower sensor scanning rate.

Here, we feed two testing data into both down sampled based model and PCA based
model. Figure [5.20| shows the CDF results. In general, down sampled based model
performs better than PCA model for both Smartisan and OnePlus data. Meanwhile, it is
reasonable that estimations from Smartisan data have higher accuracy than those from
OnePlus data as all models were trained based on the data collected from Smartisan
Phone. It approves model’s robustness its ability to process unseen data from multiple

devices.
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Figure 5.20: Test set prediction map

Table [5.5] listed part of the samples’ estimation from the test data collected from
Smartisan phone. (Prediction generated by the down sampled based model with 90%
overlapping). The estimation errors shift from minimum 0.05 to maximum 38 metres

while the average estimation error is 5.57 metres.
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Ground Truth Estimation
Sample | X Y X’ Y’ Error
1 29.92286 | 38.69607 | 22.85031 | 37.00532 | 7.27183
2 24.73692 | 37.00729 | 30.52618 | 39.40655 | 6.266732
3 19.55098 | 35.31851 | 12.22434 | 32.76583 | 7.7586
4 14.36505 | 33.62973 | 9.862818 | 33.39841 | 4.508168
5 9.179109 | 31.94095 | 20.13337 | 36.04194 | 11.69675
6 3.993172 | 30.25217 | 2.94912 | 28.24183 | 2.265285
7 0.35678 | 27.32769 | 0.897456 | 26.5135 | 0.977354
8 1.908 20.26627 | 0.800159 | 21.99939 | 2.056949
9 3.45922 | 13.20485 | 3.225421 | 14.8013 | 1.613477
10 5.010439 | 6.143433 | 4.655814 | 6.730763 | 0.686087
11 7.060323 | 0.227901 | 7.745199 | 3.065923 | 2.919491
12 12.44742 | 1.980984 | 9.279351 | 1.11019 | 3.285565
13 17.83452 | 3.734067 | 3.569337 | -1.4285 15.17061
14 23.22161 | 5.48715 | 18.92965 | 3.849344 | 4.593837
15 28.60871 | 7.240233 | 23.72109 | 5.402205 | 5.221798
16 33.99581 | 8.993316 | 30.19011 | 8.259878 | 3.875723
17 39.3829 | 10.7464 | 9.624118 | 13.176 29.8578
18 38.26973 | 17.42241 | 39.0442 | 12.40384 | 5.077978
19 36.66729 | 24.46897 | 37.72407 | 26.48625 | 2.277321
20 35.06485 | 31.51553 | 37.2802 | 18.89889 | 12.80966
Minimum error: 0.050345603 metres
Maximum error: 37.94992097 metres
Average error: 5.573350694 metres

Table 5.4: Numerical comparison between ground truth and estimations

5.6 Visualisation

Besides of CDF figures, we visualise the results by plotting the estimation over the
graphical map. As the map has integrated with location information in each pixel,

prediction results could be matched with the pixel on the map.
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Figure shows the estimation results of the testing data collected from the
entry-level phone. The orange colour route is the raw prediction. It is generated by
lining all prediction results of latitude and longitude together. As the testing data is
processed with overlapping 90% and then downsampled, there are a large number of
samples included in one round of data. This is the reason why the orange route is
almost cover the corridor densely. We plot the filtered routine in red colour by getting
the average value every 100 samples’ predictions.

Figure [5.21(b)| shows the locationing results of the testing data collected from the
flagship phone. The orange colour route is the raw prediction while the red path is the
averaged results from every 100 samples.

According to both results, downsampled based model can provide a reliable es-
timation as it generates the route which follows the ground truth routine. Smartisan
based prediction accurately converge to the corridor while OnePlus base estimations

roughly return a stable prediction routine.

(a) Location Prediction from Smartisan (b) Location Prediction from OnePlus

Figure 5.21: Location Prediction Map



Chapter 6

Conclusion

6.1 Summary

Due to the limitations of the GPS in the indoor environments, researchers are look-
ing for alternative indoor localisation solutions. Indoor locationing systems based
on smartphone built-in sensors is a popular research topic due to the complexity of
predicting user’s location from noisy and unreliable smartphone sensors. Traditional
indoor localization systems work on a set of well-defined equations such as finger-
printing or pedestrian dead reckoning as well as on probabilistic positioning methods.
In this work, we provide a new solution that uses a stateless LSTM regression model
to estimate user’s location based on smartphone sensors (accelerator, gyroscope and
magnetometer). It returns the location estimation from the sensor data input on time
windows.

By selecting a proper time window which allows the model to cover more varia-
tions, choosing the input features, tuning the model hyper parameter settings such as
learning rate, optimiser, we determined the model structure of using time window of
one second, three sensors’ magnitude across the three orthogonal axis value inputs,
learning rate of 0.005 and optimiser of RMSprop and eight rounds of training data
size as the baseline model. After that, we implement overlapping of 30%, 50% and
90% to further increase the training data by repeating measurements in each samples.
Meanwhile, in order to improve efficiency, we used the down sampling and PCA to
compress the input data size.

Finally, with the down sampling of 90% overlapping input data, the stateless LSTM
regression model achieves the prediction accuracy of 80% with the error of 8 metres.

The median estimation error is 5.57 metres.
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6.2 Future Work

As mentioned in time window section. A larger time window allows the model to deal
with variations and other activates such as walking and climbing stairs. However, due
to the time constrain for this project, there is no sufficient time to build new training
data which contains climbing stairs data. Therefore, to extend model’s functions, we
continue our research by collecting climbing data and train the model with a dataset
extension using the current model settings.

Meanwhile. in terms of the stateful LSTM model which read the training data in
time sequential order mentioned in the thesis. By increasing the amount of training
data, the model has a trend to perform more accurate and stable. Therefore, by using
cloud computing in the future [34], users’ movement data is authorised [35] to upload
to the server which allows the model to learn the pattern between sensor measurements
and location information continuously. Stateful LSTM model could therefore fully
tune its weight and state.

For further updates, please check project Github page:

https://github.com/jsd1994wxj/LocationTracking


https://github.com/jsd1994wxj/LocationTracking

Appendix A

MobiUK 2018 Research Symposium

MobiUK 2018 research symposium is the first symposium that provides an opportunity
for discussion and presentation for the research within in the UK mobile, wearable and

ubiquitous systems community.
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End-to-End Machine Learning for Smartphone-based Indoor
Localisation and Tracking using Recurrent Neural Networks

Xijia Wei and Valentin Radu

School of Informatics, University of Edinburgh

Indoor localization with smartphones is a favourite research topic for Mobile Systems re-
searchers. This is due to the complexity of estimating accurate locations from noisy sensor data,
and the potential benefit this can have on many location-based services. Various solutions to esti-
mate indoor locations have been proposed to compensate for the obvious limitation of GPS inside
buildings. Predominantly, these solutions rely on built-in sensors, such as the accelerometer, mag-
netometer, gyroscope and WiFi received signal strength, although integrating their signal streams
to achieve a single accurate location estimation is not easy.

Currently, most indoor localization systems build on top of two main techniques, WiFi Fin-
gerprinting and Pedestrian Dead Reckoning (PDR) [Radu and Marina, 2013]. Each of these two
techniques functions on a firm set of equations defining the possible mobility frame, such as step
counting, direction estimation and WiFi fingerprint matching. Their accuracy inherently depends
on the well-defined mathematical formulation of these models, which identify the relationship be-
tween sensor data and location information. These are generally hard to determine to start with
and are commonly fitted based on a small set of observations. We believe this is limiting the
potential of indoor localization systems. Instead, we propose to avoid any intervention and hand-
tuned formulation by relying on data alone and machine learning end-to-end to extract the relevant
patterns that are not trivial for us to observe.

To replicate the construction of PDR, which starts from a known location and estimates con-
secutive locations based on sensor observations, we employ a range of sequential machine learning
algorithms, commonly referred to as Recurrent Neural Networks (RNN), which estimates location
from time windows of sensor data as input and an intermediary representation of previous esti-
mations. Multimodal neural network constructions [Radu et al., 2018] permit the integration of a
diverse set of sensors in different time window settings of the sensor signal.

Data is crucial to the proposed solutions, so we collected training sensor data in several runs
over a long path on corridors, together with their ground truth location. We find that even with
a reduced memory structure within the Long Short-Term Memory (LSTM) networks, estimations
approximate the shape of the path well, with more than 80% of location estimations having error
below 6 meters, while taking as input only inertial sensors (accelerometer, gyroscope and magne-
tometer) data. From a system perspective, our solution is energy-efficient without compromising
on inference accuracy, which is achieved by reducing input data dimensionality (down sampling
and PCA), making this ideal for mobile phones. We are expanding the system to capture more
user mobility patterns including moving between floors.
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Appendix B
Training Time Spent

Figure [C.1]|shows the time spend per epoch of different models.

Time per epoch vs Model

B | Time per epoch

Down Sampled |3

Overlap: 90%

Overlap: 50%

Overlap: 30%

RMSprop

0.0005

0.005

Time per epoch

Figure B.1: Time spend per epoch VS Models
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Appendix C
Data Visualisation Tool

Due to some unknown errors, when gathering the sensor data, we found that part of the
log histories are missing in the raw log file. It happens occasionally and those data can
not be used for training data. Therefore, we write the code to visualise the sensor data
before transforming it to the training file Figure shows one example that contains

missing measurements.

Acceleration

0 5K 10K 15K 20K

Figure C.1: Data Visualisation
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