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ABSTRACT

The demand for accurate localization under indoor environments has increased

dramatically in recent years. To be cost-effective, most of the localization solutions

are based on the WiFi signals, utilizing the pervasive deployment of WiFi infras-

tructure and availability of the WiFi enabled mobile devices. However, one of the

major challenges of indoor localization is that many obstacles such as walls, furniture

and moving human beings, form fluctuations of WiFi signals known as multipath

interferences. Such fluctuations cause significant degradation in the accuracy of in-

door positioning, which has yet to be fully overcome. In this thesis, we develop

completed indoor localization solutions based on WiFi fingerprinting and machine

learning approaches with two types of WiFi fingerprints including received signal

strength indicator (RSSI) and channel state information (CSI).

Starting from the low complexity algorithm, we propose a soft range limited K

nearest neighbours (SRL-KNN) to address spatial ambiguity and the fluctuation of

WiFi signals. SRL-KNN exploits RSSI and scales the fingerprint distance by a range

factor related to the physical distance between the users previous position and the

reference location in the database. Although utilizing the prior locations, SRL-KNN

does not require knowledge of the exact moving speed and direction of the user.

Moreover, to take into account of the temporal fluctuations of RSSI, RSSI histogram is

incorporated into the distance calculation. Besides, the idea of the soft range limiting

factor can be applied to all of the existed probabilistic methods, i.e., parametric and

nonparametric methods, to improve their performances. A semi-sequential short term

memory step is proposed to add to the existed probabilistic methods to reduce their

spatial ambiguity of fingerprints and boost significantly their localization accuracy.

In the following research phase, instead of locating user’s position one at a time

as in the cases of conventional algorithms, our recurrent neuron networks (RNNs)
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solution aims at trajectory positioning and takes into account of the relation among

RSSI measurements in a trajectory. Furthermore, a weighted average filter is proposed

for both input RSSI data and sequential output locations to enhance the accuracy

among the temporal fluctuations of RSSI. The results using different types of RNN

including vanilla RNN, long short-term memory (LSTM), gated recurrent unit (GRU)

and bidirectional LSTM (BiLSTM) are presented.

Next, the problem of localization using only one single router is analysed. CSI in-

formation will be adopted along with RSSI to enhance the localization accuracy. Each

of the reference point (RP) is presented by a group of CSI measurements from several

WiFi subcarriers which we call CSI images. The combination of convolutional neural

network (CNN) and LSTM model is proposed. CNN extracts the useful information

from several CSI values (CSI images), and then LSTM will exploit this information in

sequential timesteps to determine the user’s location. All of our proposed algorithms

are demonstrated by extensive on-site experiments and are compared with several

existing deterministic and probabilistic methods in literature under the same test

environment.

Finally, a fully practical passive indoor localization is proposed. Most of the

conventional methods rely on the collected WiFi signal on the mobile devices (active

information), which requires a dedicated software to be installed. Different from

them, we leverage the received data of the routers (passive information) to locate the

position of the user. The problem of data insufficiency in passive indoor localization is

mitigated by request to send (RTS) and clear to send (CTS) process. Furthermore, the

completed localization solutions for two most popular mobile device usage scenarios,

i,e., idle and transmission modes, are analyzed in details. The localization accuracy is

investigated through experiments with several phones, e.g., Nexus 5, Samsung, Iphone

and HTC, in hundreds of testing locations. The experimental results demonstrate that
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our proposed localization scheme achieves an average localization error of around

1.5 m when the phone is in idle mode, and approximately 1 m when it actively

transmits data.
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Chapter 1

Introduction

1.1 Motivations

Indoor localization has attracted much attention in recent years due to its commercial

values, with market value predicted to worth 10 billion dollars by 2020 [1]. There are

a large variety of the applications such as guidance, rescue operation, virtual reality

game, etc. [2, 3]. For example, indoor positioning can help to guide customers in

a shopping mall towards store, food court, etc., or passengers in an airport to the

right terminal. In a museum, accurate indoor localization can transform a customer’s

phone into a virtual guide to give them contextual information based on his/her lo-

cation. As GPS signal cannot penetrate well in indoor environments, various other

signals have been investigated for localization purpose. Among all the available solu-

tions, one of the promising candidates is WiFi positioning since the wide availability

of WiFi devices eliminates the requirement for additional infrastructure and hard-

ware. In general, WiFi indoor localization methods can be grouped in two categories:

one is signal propagation model based ranging, which utilizes received signal strength

(RSS), the time of flight (TOF) and/or angle of arrival (AOA) [4] to estimate the lo-
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cation of the target; the other is fingerprinting based [1], which discriminates between

locations by associating physically measurable properties as fingerprints or signatures

for each discrete point. Due to the strong multipath effects, exact propagation model

is difficult to obtain. Therefore, the fingerprinting approach is more favourable for

the WiFi based localization.

In WiFi fingerprint, received signal strength indicator (RSSI) is widely used as a

feature in localization because RSSI can be obtained easily from most WiFi receivers

such as mobile phones, tablets, laptops, etc. [5]. However, RSSI has two drawbacks:

instability due to fading and multipath effects and device heterogeneity, i.e., different

devices have different RSSIs even at the same position [5]. In order to mitigate those

problems, channel state information (CSI) is adopted to provide richer information

from multiple antennas and multiple subcarriers [5, 6]. So far, CSI is only available

with the specific wireless network interface cards (NIC), e.g., Intel WiFi Link 5300

MIMO NIC, Atheros AR9390 or Atheros AR9580 chipset [7]. Although having been

extensively investigated in the literature, all of the localization algorithms are still

facing a series of problems due to the spatial ambiguity and signal instability of both

RSSI and CSI [8]. Furthermore, in order to construct a sufficient fingerprint map

for accurate localization, a large number of reference points are required [9], which is

time-consuming and labor-intensive [1].

In this thesis, the main application is to locate a walking human using the WiFi

signals of the carried WiFi devices, e.g, smartphone, laptop, etc., with an acceptable

accuracy around a few feet. We propose some advanced indoor localization solutions

based on WiFi fingerprinting and machine learning approaches with two types of

WiFi fingerprints including both RSSI and CSI. We also address the heavy training

phase challenge with the support of an autonomous robot. The robot can navigate

to a target location to collect WiFi fingerprints automatically. The following sections
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are our proposed research issues.

1.2 Research Objectives and Contributions

1.2.1 Soft Range Limited K-Nearest Neighbours For Accu-

rate RSSI Indoor Localization

In Chapter 2, our target is proposing a low complexity and practical algorithm with

acceptable accuracy for indoor localization. Our soft range limited K nearest neigh-

bours (SRL-KNN) localization fingerprinting algorithm incorporates the information

of a user’s previous position to conventional KNN. Since the moving speed of the

user in an indoor environment is bounded, the proposed method applies a penalty

function based on the physical distance between the reference point and the anchor

point (user’s previous position) when calculating the fingerprint distance. As a result,

the spatial ambiguity problem is significantly reduced and the accuracy is enhanced.

The proposed research issues and contributions are identified as follows:

1. The analysis of open challenges of conventional KNN.

2. The detailed structure of SRL-KNN to address those above challenges.

3. The on-site experimental results to prove the effectiveness of SRL-KNN and the

error analysis.

4. The comparison between SRL-KNN and some of other literature methods using

our dataset and a published dataset.
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1.2.2 Semi Sequential Probabilistic Model For Indoor Local-

ization Enhancement

Based on the good results from SRL-KNN algorithm in Chapter 2, we expand the

idea of soft range limited factor to probabilistic method in Chapter 3. The advantages

of probabilistic method are low-complexity, better accuracy than KNN and can be

applied effectively in multiple kinds of fingerprints, i.e., RSSI and CSI. Since the

moving speed of the user in an indoor environment is bounded, the probability of the

nearer locations compared with the recent user’s previous point is higher than the

further ones. Therefore, in probabilistic algorithms, the Bayes’ formula is modified so

that it contains a memory of a recent previous location to predict the current point.

The detailed research issues and contributions include:

1. The survey of the existed probabilistic methods and their disadvantages.

2. The proposed models of semi-sequential probabilistic method.

3. The on-site experimental results to prove the effectiveness of our proposed

model.

4. The comparison between our proposed model and the existing methods.

1.2.3 Recurrent Neural Networks For Accurate RSSI Indoor

Localization

Chapter 4 focuses on recurrent neural network (RNN) which exploits the sequential

RSSI measurements and the trajectory information to determine the user’s location.

Although the proposed SRL-KNN algorithm in Chapter 2 is a low complexity algo-

rithm with good accuracy, it has the constraints about the speed of the users and

can not handle well the sudden changing speed scenarios. In contrasts, the proposed
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RNN model does not require either the assumption of the user’s bounded speed. It

makes the prediction by only adjusting the internal weights through training phase.

Furthermore, in order to overcome the RSSI instability, the weighted average filter is

applied in both training and testing RSSI measurements. The performance is tested in

different types of RNN including vanilla RNN, long short term memory (LSTM) [10],

gated recurrent unit (GRU) [11], bidirectional RNN (BiRNN), bidirectional LSTM

(BiLSTM) [12] and bidirectional GRU (BiGRU) [13]. The proposed research issues

and contributions are identified as follows:

1. The complete structure and process of the proposed RNN solutions for indoor

localization.

2. The detailed analysis of the important RNN parameters.

3. The on-site experimental results to prove the effectiveness of proposed RNN

solutions and the error analysis.

4. The comparison between the proposed RNNs and other literature methods using

our dataset and a published dataset.

1.2.4 A CNN-LSTM Quantifier for Single Access Point CSI

Indoor Localization

Most of the conventional methods rely on RSSI to locate the user’s position. Although

RSSI is easy to obtain, it has the drawback of wide fluctuation and the lack of

information, i.e., one router provides only one RSSI reading in a frequency at one

time. Therefore, in order to locate the accurate user’s position, a large number of

access points (APs) are used in the experiment, i.e., 6 APs in our experimental area.

Different from RSSI, CSI provides multiple amplitude and phase of WiFi subcarriers
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at one time. With this rich information, a unique fingerprint can be constructed for

each location to precisely locate the position in the radio map with only one AP.

Convolutional neural network (CNN) is applied to pre-proceed CSI information and

extract the useful information. In the later step, LSTM will use the output of CNN

combined with the time step information to determine user’s position. The proposed

research issues and contributions of Chapter 5 are identified as follows:

1. The analysis of open challenges of using CSI for indoor localization with a single

AP.

2. The detailed structures of the proposed CNN-LSTM model.

3. The on-site experimental results with 2 difference devices, i.e., laptop and smart

phone, to prove the effectiveness of our proposed method.

4. The comparison between the proposed CNN-LSTM algorithms and some of

other literature methods.

1.2.5 Practical Passive Indoor Localization with WiFi Fin-

gerprints

The majority of literature work follows the active model which collects WiFi signal

from mobile device to infer the user’s positions [8, 14]. This active localization class

requires a dedicated software installed on mobile devices to perform WiFi scanning

and logging data for the localization process [15]. On the other hand, in passive

localization, there is no installed software needed in user’s devices to obtain fingerprint

data. Instead of that, the localization process is fully implemented based on the

information collected from WiFi access points (APs) [16, 17]. Chapter 6 focuses on

2 most practical passive indoor localization scenarios including idle and transmission
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scheme. In idle scenario, the WiFi of the mobile device is on but the user is not

using the phone at the moment (e.g., the user is moving and putting the phone in

their pocket). Due to the limited sending frame in that mode, request to send (RTS)

and clear to send (CTS) mechanism is utilized to frequently obtain the RSSI data for

localization process. On the other hand, in transmission scenario, the mobile device

is connected to an AP and sending data frames (e.g., the user is watching online video

or browsing web). Both of RSSI and CSI fingerprints are available in this case. The

detailed research issues and contributions include:

1. The survey of the existed active and passive localization methods and their

disadvantages.

2. The proposed models of comprehensive practical passive indoor localization

schemes with detailed analysis of different work modes of the phone, i.e., idle,

on-off screen, data transmission mode.

3. Two most popular WiFi indoor localization scenarios, including idle and trans-

mission schemes along with RTS/CTS process utilization, are fully analyzed.

4. The proposed models are tested in an extensive autonomous experiment with

the support of the robot, which includes thousands of RPs, testing trajectories

and a variety of phone types such as Samsung Galaxy S6, HTC OneX, Iphone

X and LG Nexus 5.
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Chapter 2

Soft Range Limited K-Nearest

Neighbours For Accurate RSSI

Indoor Localization

2.1 Introduction

Fingerprinting based WiFi localization can be realized by deterministic and proba-

bilistic approaches [1]. The former uses a similarity metric to differentiate the mea-

sured signal and the fingerprint data in the database before estimating the user’s

position as the closest fingerprint location in the signal space. Some typical examples

of this approach are artificial neural network (ANN) [18], [19], support vector machine

(SVM) [18], [20] and K nearest neighbors (KNN) [21], [22], all of which require the

collection of the fingerprints in the training phase to be compared with the measured

signal in the testing phase for localization. Compared to SVM and ANN, KNN has

the lowest complexity while its accuracy is comparable to SVM [18].

On the other hand, the probabilistic algorithms are all based on statistical in-
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ference between the target signal measurement and stored fingerprints using Bayes

rule [23]. Moreover, improvement of localization accuracy has been achieved by ex-

ploiting the measurements in previous time steps. For example, Kalman filter [24–27]

is used to estimate the most likely current location based on prior measurements,

assuming a Gaussian noise and linear motion dynamics. In real scene, however, the

assumption of Gaussian noise is not necessarily true [28], neither is the user’s lin-

ear motion assumption a good approximation. A better motion model was proposed

in [26] with two Kalman filters, one for constant velocity case and the other one for

a greater acceleration. The application of these two filters and switching in-between

them increases the computational complexity significantly. In order to tackle the non-

Gaussian and non-linear cases, extended Kalman filter [13] or particle filter [29–32]

can be applied. However, the major drawback of those filters is associated with high

computational workloads and failure due to sample impoverishment [28,31].

This chapter focuses on the study of KNN because of its low complexity suit-

able for practical use. In general, KNN computes the distance between the current

WiFi RSSI fingerprint and the learned fingerprint in database to determine K nearest

neighbours. Different distance metrics such as Euclidean distance, Manhattan dis-

tance, and Mahalanobis distance can be used in KNN [2]. Although being extensively

investigated in literature, KNN still has the following open challenges:

1 Spatial ambiguity [33]: Some physically distant locations may have similar fin-

gerprints or similar fingerprint distances compared with the current location.

This could mislead the KNN algorithms, leading to high localization errors.

2 RSSI instability: Moving objects, constantly varying electromagnetic wave land-

scape in ambient environments, directionality of antenna and RF interference,

etc., contribute to the wide fluctuation of WiFi signal [28]. Therefore, the ob-

served fingerprint of a location in the testing phase may not match that collected
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in the training phase.

3 RSSI short collecting time per location: Usually RSSI instability can be miti-

gated by taking the average of a large number of RSSI readings at one location.

However, due to the mobile nature of the locating target, the RSSI sampling at

each specific location in the testing phase is typically shorter than 2 seconds.

Within that duration, only a few number of RSSI readings can be collected.

Consequently, the localization accuracy is severely impaired.

4 Heavy initial training phase: in order to construct the sufficient fingerprint map

for accurate localization, a large number of reference points are required [9],

which is time-consuming and labor-intensive [1].

To address the first three challenges, this chapter incorporates the information of

a user’s previous position to KNN. Since the moving speed of the user in an indoor

environment is bounded, the proposed soft range limited K nearest neighbours (SRL-

KNN) algorithm applies a penalty function based on the physical distance between

the reference point and the anchor point (user’s previous position) when calculating

the fingerprint distance. As a result, the spatial ambiguity problem is significantly

reduced. In contrast to other approaches such as Kalman filters that also exploit

the measurements from previous time steps [24–27], our SRL-KNN method is much

simpler and does not require the assumption of Gaussian noise distribution or linear

motion. In addition, this chapter proposes to use histogram and the combination of

multiple fingerprints such as the mean, the difference of RSSI, the ranks of the AP

RSSIs to tackle the RSSI instability and improve the localization accuracy. Actual

on-site experiments show that our proposed algorithms can work well with the limited

number (1 or 2) of RSSI scans in each testing location (Section 2.3.3).

To reduce the work load in the initial training phase, crowdsourcing-based ap-
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proaches have been proposed to replace the professional site survey with explicit and

unprofessional user participation [13, 34]. However, these methods are vulnerable to

imperfect data, since the involved users are not always accustomed to the collecting

systems [1]. On the other hand, [9,32] utilize relative RSSI differences among various

access points (APs) called AP-sequence to reduce the number of required reference

points (RPs). In [9], the area of interest is divided into a set of small regions based on

AP-sequence and the user’s location is estimated to be at the center of these regions.

The main disadvantage of this approach is that the localization accuracy varies widely

at different regions. Therefore, in addition to WiFi AP-sequence, [32] also adopts the

inertial-measurement unit (IMU) sensors and FM signal to refine the estimated loca-

tion. In our experiment, we address the training phase challenge with the support of

an autonomous robot. Our 3-wheel robot (Fig. 2.2(a)) has multiple sensors including

wheel odometer, an inertial measurement unit (IMU), a LIDAR, sonar sensors and

a color and depth (RGB-D) camera. The robot can navigate to a target location to

collect WiFi fingerprints automatically. The localization accuracy of the robot is 0.07

m ± 0.02 m. Therefore, the time consumption and degree of human involvement for

fingerprinting map construction is significantly reduced.

The rest of this chapter is organized as follows. Section 2.2 introduces related

works on KNN, followed by details of SRL-KNN in Section 2.3. Section 3.4 reports

the experimental set-up and results for the performance evaluation. Finally, Section

3.5 concludes this chapter.

2.2 Related Work

The original research on KNN indoor localization dates back to 2000 when a group

from Microsoft demonstrated RADAR [21]. In that work, the mean and standard
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deviation of RSSI from multiple base stations are collected in the training phase and

the Euclidean distance is used in the testing phase to determine the user’s position.

There are 70 reference points (RPs) with 2.8 m distance spacing (grid size). Testing

points are picked randomly among these reference points. The average accuracy of

this system is around 3 m with 75% of the localization errors are below 4.7 m.

A refinement of the above method is the weighted KNN (WKNN) proposed by

Brunato et al. [18], which calculates the user’s position by the weighted average of the

RSSI distance between estimated nearest neighbours and the current measurement.

The experiment is implemented with 207 reference locations, 50 testing locations and

a grid size of 1.7 m. The accuracy of WKNN is 3.1±0.1 m and 75% of the localization

errors are below 3.9 m.

To accommodate device heterogeneity, Zou et al. [35] proposed signal tendency

index - weighted KNN (STI-WKNN) by adopting the similarity index STI between

RSSI curve shapes to improve the localization accuracy. The raw RSSI signal is first

transformed to a normalized object based on procrustes analysis (PA) method [36].

Then signal tendency index is computed according to Euclidean distances between real

time PA object and those stored in the fingerprint database. The final location will

be determined by weighting among K nearest neighbours that provide the smallest

STI. Their experiment shows that STI-WKNN improves the localization accuracy by

23.95% over the original WKNN across heterogeneous mobile devices.

In a following research, Shin et al. [37] proposed to dynamically change the number

of nearest neighbours K. Firstly, the RSSI Euclidean distance Di of each reference

point i is computed and N numbers of which smaller than a threshold T are picked.

In a second step, the average of the selected Di is calculated to obtain a value E and

K neighbours that satisfy Di < E are chosen. In general, this method only provides

slightly lower average localization error than the classical KNN in RADAR [21], except



13

in the corridor where the testing scene is de facto one-dimensional.

Taking into account the limited movement capabilities of a mobile user in an in-

door environment, some researchers tried to utilize the information from the previous

locations to improve the accuracy of KNN. In [38], Khodayari et al. predicted the

next probable location of the user by determining the speed and movement direction

based on his/her last two recorded locations. Then, this prediction will be considered

only when the localization result of WKNN [18] is substantially deviated from the

prior location. The underline assumption is that users moving at both constant speed

and direction, which is not the case in many practical scenes. In [39], Altintas et al.

added a short term memory which stores the recent signal strength observations as

the historical data. In the testing phase, the current RSSI readings and all historical

RSSI readings in the memory are added and taken the average. This helps to elim-

inate the unexpected signal strength readings due to the reflection, diffraction and

scattering of the radio waves. However, this method is valid only when the variation

of RSSI between the current and previous positions is small, which is not always true.

In order to improve the localization stability, Xie et al. [22] used Spearman distance

based on the RSSI ranking between APs. According to [22], although the absolute

RSSI readings of a set of APs in a fixed location might be quite different, their rankings

are more likely to remain the same, making it feasible to form a stable fingerprint.

The drawback is that this algorithm is limited by the number of APs available. In the

simulation of [22], there are 400 reference locations but only 4 APs which can provide

a maximum of 4! = 24 ranking fingerprints. Consequently, many different locations

have the same fingerprints, leading to localization errors in the testing phase.

In general, all of the above methods provide acceptable accuracy within around

twice the distance between two consecutive reference points (grid size), but the prob-

lems of KNN algorithm mentioned in Section 3.1 are not effectively solved. For
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example, previous KNN research have not sufficiently investigated the inadequate

sampling of RSSI due to the user’s movement, i.e., only 1 or 2 RSSI readings are

available in each testing location. Obviously this ignores a very important factor and

affects the localization accuracy. In addition, in the methods that use historical data,

the assumption that users moving in constant speed and direction is unrealistic in

many scenes. Therefore, a new KNN algorithm, which addresses the aforementioned

problems of KNN, is proposed.

2.3 System Model

2.3.1 Localization Scene

The fingerprinting localization system is generally divided into two phases: a train-

ing phase (offline phase) and a testing phase (online phase). In the training phase,

features of the WiFi signals at each predefined reference point (RP) location, are

collected and stored to a database. Those features typically include the mean and

standard deviation of RSSI, the RSSI ratio between a pair of APs, the ranks of the

APs, etc [2]. They individually or collectively form fingerprints at each RP. Here, we

assume the area of interest has P APs and M RPs. For each RP i at its physical loca-

tion li(xi, yi), a corresponding fingerprint vector is denoted as fi = {F i
1, F

i
2, ..., F

i
N},

where N is the number of available features and F i
j (1 ≤ j ≤ N) is the j-th feature

at point i. In the testing phase, each unknown location of the user, denoted as a

testing point, is determined by the localization algorithm. During the training phase,

multiple RSSI scans (S1 scans) can be obtained at each location, and hence a set of

RSSI values correspond to one RP while in the testing phase, only a small number

of RSSI readings (S2 scans), e.g., S2 = 1 or S2 = 2, is available for the fingerprint

matching. Fig. 2.1(a) illustrates our localization scheme with 6 APs, 365 RPs and
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175 testing points. Fig. 2.1(b) shows the heat map of 6 APs, where we represent

signal strength by color. Clearly, the signals from 6 APs already cover the whole

targeting area including 1 room and 3 corridors.

2.3.2 The classical KNN algorithm

The fingerprint distance between the unknown current point l and each reference

point i in database is first calculated as follows

Di
l =

√√√√ N∑
j=1

(Fj − F i
j )

2 (2.1)

where Fj is the j-th fingerprint feature at the unknown location, N is the number of

available fingerprints. Then K locations with the minimum distances are chosen as

the K nearest neighbours. Finally, the position l of the user is determined by taking

the average of all those K neighbours’ locations.

2.3.3 Proposed Soft Range Limited KNN (SRL-KNN) method

SRL-KNN algorithm

This chapter proposes to leverage the information of the user’s previous position, as

the moving speed of a user is limited and one cannot instantaneously move to an

unrealistic distant position from the prior one during the consecutive measurements.

In a simple form, a circle can be drawn around the previous location to limit the

nearest neighbour search space to within the circle, whose radius is determined by

the user moving speed and time duration between two consecutive measurements.

Instead of using that hard range limit, we here devise a novel soft range limiting factor

to the fingerprint distance calculation where the locations near the user’s previous
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(b)

(a)

Figure 2.1: (a) Floor map of the test site. The solid red line is the mobile user’s
walking trajectory with red arrows pointing toward walking direction. (b) Heat map
of the RSSI strength from 6 APs used in our localization scheme.

position are given higher likelihood to become one of K nearest neighbour candidates.

To achieve that, we modify the Euclidean distance in (2.1) as follows

D̄i
l =

W i
l ×Di

l∑M
i=1W

i
l

(2.2)

W i
l = exp(

(xi − xpre)2 + (yi − ypre)2

4σ2
) (2.3)
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where W i
l is the penalty function for the location i, M is the total number of RPs

in the database, (xpre, ypre) is the most recent previous location of the user, σ is the

maximum distance which the user can move in a consecutive sampling time interval

∆t. For example, people tend to walk in indoor environments at a speed from 0.4

m/s to 2 m/s [40], [41] (maximum speed vmax = 2 m/s) and the user location will

be updated every 1 second (consecutive sampling time interval ∆t = 1 s). Therefore,

σ = vmax ∆t = 2 m. As shown in Fig. 2.2(c), the penalty function has the form of

a Gaussian distribution with the mean being the previous location and the standard

deviation being σ. Note that the prior position is only used here to form the soft

range limit scaling factor as shown in (2.3), unlike in Kalman filter approaches which

directly include the history position in the current location calculation. Moreover, our

formulation only assumes a maximum moving speed, but does not require knowledge

of the exact moving speed and direction of the user. The user’s location l is determined

through a weighted average of K nearest neighbours lj as follows

l =

∑K
j=1

lj

D̄jl∑K
j=1

1

D̄jl

(2.4)

where D̄j
l is the modified Euclidean fingerprint distance which was presented in (2.2).

Fingerprint combination

In the WiFi fingerprinting method, the more stable the fingerprint is, the better the

localization accuracy will be. However, the RSSI collected by a client device often

experiences substantial fluctuations due to dynamically changing environments such

as human blocking and movements, interference from other equipment and devices,

receiver antenna orientation, etc., [28], [42]. Therefore, this chapter proposes to use

the combination of a set of different fingerprints to ensure sufficient stability and
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Figure 2.2: (a) 3-wheel robot. (b) Fingerprint combination illustration. (c) Penalty
function illustration.

distinctive values in each location. The most common fingerprint used is the mean

of RSSI [18], [21] which fluctuates significantly due to the previously mentioned ef-

fects. In contrast, one of the more reliable fingerprints is the mean difference of RSSI

between a pair of APs. In [43], Dong et al. used two devices, i.e., a laptop and a

smart phone to collect RSSI in a fixed location. They observed that although the

individual RSSI readings of these devices fluctuate significantly, the mean differences

of RSSI between pairs of APs are more stable. Therefore, the mean difference of RSSI

can be used to address the received signal strength offset problem between different

mobile devices. In addition, the rank fingerprints described in [22] can also be used

as an additional fingerprint if there are enough number of APs available. Recently,

Tian et al. [44] utilizes a new fingerprint named temporal correlation of the RSSI to

improve the location estimation accuracy. However, in order to get the stable RSSI

temporal correlation, a sufficient number of RSSI readings in each testing location

is required, which is not feasible in our test cases. In our experiment, we first uti-

lize some fingerprint types such as the RSSI differences and/or the AP rank to get

n nearest neighbours RPs according to the shortest distance computed from (2.2).
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Within the chosen nearest neighbours, we then refine our selection to K (K < n)

nearest neighbours by using the mean of RSSI as the fingerprint. For example, Fig.

2.2(b) illustrates the scenario where we have a user trying to locate his location with

the information of both the mean of RSSI and the rankings from 3 different APs.

By using the rank fingerprints, two neighbours L1 and L2 are chosen based on the

minimum fingerprint Euclidean distances. However, these points have the same rank

fingerprints so we need to use the mean of RSSIs as the additional information to

determine which point is the true neighbour of the user’s location. With regard to

mean fingerprints, neighbour L1 that provides the smaller Euclidean distances is more

likely the exact neighbour which we want to find.

Histogram of RSSI

As mentioned above, the raw RSSI readings at a location are unstable, fluctuating

widely up to 10 dB [28]. Therefore, they may not represent well the feature of the

RSSI at each location. In order to solve this problem, one may include the histogram

of RSSI in the fingerprint distance calculation, which defines the probability of the

original RSSI reading of the jth AP falling into [Rj − 0.5 dBm, Rj + 0.5 dBm] at the

reference location i as follows [45]

pi,jR =
niRj

ni,jtotal
(2.5)

where ni,jtotal is the total number of RSSI scans of the jth AP at location i, niRj is the

number of RSSI readings of the jth AP falling into the range between Rj − 0.5 dBm

and Rj + 0.5 dBm (Rj
L ≤ Rj ≤ Rj

U ), Rj
L and Rj

U are the minimum and maximum

values of RSSI of jth AP respectively. Consequently, (2.1) can be modified as a
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weighted distance according to

Di
l,hist =

√√√√√ N∑
j=1

RjU∑
Rj=R

j
L

pi,jR (Fj −Rj)2 (2.6)

and the final fingerprint distance is obtained as

D̄i
l =

W i
l ×Di

l,hist∑M
i=1W

i
l

(2.7)

2.4 Experiment And Analysis

2.4.1 Experimental Setup

All experiments have been carried out on the third floor of Engineering Office Wing

(EOW), University of Victoria, BC, Canada. The dimension of the area is 21 m by

16 m. It also has 3 long corridors as shown in Fig. 2.1(a). The RSSI measurements

were taken in 365 pre-determined RPs. A mobile device (Google Nexus 4 running

Android 4.4) mounted on a 3-wheel robot (Fig. 2.2(a)) was sent to target locations

to collect fingerprints. The localization accuracy of the robot is 0.07 m ± 0.02 m. At

each location, 100 instantaneous RSSI measurements (S1 = 100) were collected to a

database. There are 6 APs and 5 of them provide 2 distinct MAC address for 2.4

GHz and 5 GHz communication channels respectively. Equivalently, in every scan,

11 RSSI readings from those 6 APs can be collected.

In the testing phase, we conducted both one-location test and trajectory test. In

the one-location test, RSSI values at a fixed position were collected and the user’s

position was determined in every consecutive sampling time interval ∆t. In the tra-

jectory test, the robot carried a mobile device and moved along the direction as shown

by the red solid line in Fig. 2.1(a). RSSI readings were collected continuously by the



21

Table 2.1: Average localization errors
Method SRL-KNN Mean SRL-KNN Rank
Average Error (m) 0.81 ± 0.40 1.20 ± 0.96
Method SRL-KNN Histogram SRL-KNN Mean and Rank
Average Error (m) 0.66 ± 0.36 0.76 ± 0.51
Method SRL-KNN Mean-RSSI Differences RADAR [21]
Average Error (m) 0.71 ± 0.46 1.19 ± 0.86
Method STI-WKNN [35] Spearman Rank [22]
Average Error (m) 1.09 ± 0.81 1.45 ± 1.14
Method Kernel Method [46] Kalman Filter [24]
Average Error (m) 1.07 ± 0.86 0.96 ± 0.48

Figure 2.3: Localization errors of one-location test.

phone and were transmitted to a server in real time. The server analyzed the data to

locate the user’s position. The mean fingerprint in each location was determined by

the average of S1 RSSI readings for training and S2 RSSI readings for testing. On the

other hand, the mean difference of RSSI fingerprint for a test location was calculated

by taking the average of S1 (S2) RSSI differences between a pair of APs.

2.4.2 One-Location Test

In this test, the mobile device was put on the location P (7, 4) as shown in Fig. 2.1(a).

The experiment was conducted in busy hours when many students (up to 10) used

WiFi and moved around the lab. A maximum RSSI standard deviation of 5.5 dB was

recorded over 100 consecutive RSSI readings. The large fluctuation of RSSI is due to

the factors explained in Subsection. 2.3.3.
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Fig. 2.3 shows the comparison of the localization accuracy among the classical

KNN fingerprinting algorithms in RADAR [21], WKNN [18], STI-WKNN [35] and

our proposed SRL-KNN algorithm. All algorithms use the mean of RSSI as the

fingerprint, the consecutive sampling time interval ∆t = 1 s and the number of nearest

neighbours K = 3. The user location is estimated based on 1 RSSI scan (S2 = 1)

collected every ∆t. Over all 19 tests conducted at different time instants within one

hour, the localization results of RADAR, WKNN and STI-WKNN fluctuate more

than 1.7 m from 0.70 to over 2.40 m, while SRL-KNN reports a much lower fluctuation

with 0.3 m from 0.40 to 0.70 m. The accuracy of SRL-KNN is 2 times better than

the other methods with average distance error being 0.60 m compared with over 1.20

m of the others.

2.4.3 Trajectory Test

In this test, the robot moved along a pre-defined route as shown in Fig. 2.1(a) with

an average speed around 0.6 m/s. All the testing locations (total 175 locations) along

the trajectories are randomly picked. In this experiment, the maximum speed in our

algorithm is set to vmax = 2 m/s, so the maximum distance which user can move is

σ = vmax ×∆t = 2 m. The initial position of the user in these testing trajectories

is assumed to be known. All the other parameters are the same as those in the

one-location test.

Fig. 2.4(a) compares the cumulative distribution function (CDF) of localization

errors between SRL-KNN and other KNN methods, i.e., RADAR [21], Spearman

rank distance [22], STI-WKNN [35]. Here, for comparison, we used both mean of

RSSI, rank of APs as our fingerprints. Clearly, the SRL-KNN (blue line) outperforms

the other methods in terms of positioning accuracy. Further analysis shows that due

to larger RSSI fluctuations, the other methods may choose a wrong location with
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(a)

(b)

(d)

(c)

Figure 2.4: (a) CDF of localization errors of SRL-KNN using mean and rank database
and other KNN methods. (b) CDF of localization errors of SRL-KNN using histogram
and other probabilistic methods. (c) CDF of localization errors of SRL-KNN using
histogram in different error scenarios of historical data. (d) Maximum and average
ambiguous distances of 365 locations in the database

similar fingerprints as its nearest neighbours. Note that such location could be far

from the actual location, leading to an extreme large error in the scale of the testing

site dimension. As shown in Fig. 2.4(a), a 4.80 m maximum localization error is

recorded for RADAR, 3.50 m for STI-WKNN and the largest maximum localization

error of over 5 m for Spearman rank method. In contrast, SRL-KNN eliminates
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Figure 2.5: Ground truth and estimated trajectories. Red line represents the trajec-
tory ground truth. Blue lines are estimated trajectories

such error pattern, resulting in a much smaller maximum errors of 2.20 m with the

mean fingerprint. In particular, SRL-KNN using only mean fingerprint has 80% of

the location error within 1.20 m while RADAR, STI-WKNN and Spearman rank

distance are 1.80 m, 1.80 m and 2.30 m respectively. To achieve higher accuracy,

the combination of different fingerprint described in Subsection 2.3.3 is used. In this

article, we implemented two different fingerprint combinations: use the mean RSSI

with the rank fingerprint and use the mean RSSI with RSSI difference between a pair

of APs. In both cases, the rank or RSSI difference fingerprint is firstly utilized to

get n = 7 neighbours and then K = 3 refined nearest neighbours are chosen based

on the mean fingerprint. These two methods have the similar performance with the

maximum error of around 1.80 m and 80% of the error is within 1 m.

We further implement the histogram based fingerprint distance described in Sub-

section 2.3.3. In the testing phase, the feature Fj in (2.6) is obtained as the mean of all

S2 RSSI readings from an AP. In comparison with the other probabilistic approaches

including Kernel method [46], Kalman filter [24] in Fig. 2.4(b), this approach clearly
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Table 2.2: Average localization errors of UJIIndoorLoc database
SRL-KNN Mean RADAR [21] STI-WKNN [35]

Building 0 (m) 4.7 ± 2.7 7.9 ± 4.9 7.9 ± 5.2
Building 1 (m) 4.6 ± 3.8 8.2 ± 4.9 6.8 ± 6.1
Building 2 (m) 6.0 ± 4.5 8.2 ± 7.4 6.1 ± 3.7
All buildings (m) 5.0 ± 3.7 7.7 ± 6.0 7.0 ± 4.9

Figure 2.6: CDF of localization errors of UJIIndoorLoc database for all 3 buildings

outperforms. Our method (plus markers) has a maximum error of 2.10 m while the

maximum errors of Kalman filter (circle markers) and Kernel method (star marker)

are 2.70 m and 4.50 m, respectively. The 80% of the error in our histogram approach

is 0.90 m, following by 1.40 m of Kalman filter and 1.90 m of Kernel method. Fig.

2.5 illustrates the ground truth and estimated trajectory using different methods. As

clearly shown, both histogram and mean fingerprint SRL-KNN are the most accurate

predictions. In addition, Table 3.1 lists all the average localization errors. The best

accuracy is 0.66 m in the case of SRL-KNN using the RSSI histogram. Regarding

the computational complexity, SRL-KNN has the similar complexity O(MN) with

the conventional KNN RADAR [21], where M is the number of RPs, and N is the

number of available features.

Since SRL-KNN leverages the information of a user’s previous position to esti-

mate the current location, the performance of SRL-KNN depends on the accuracy
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of historical data. Note that all of our SRL-KNN results presented so far are based

on the estimated imperfect history data. In order to look into the propagation error

due to the imperfect prior location estimation, Fig. 2.4(c) illustrates the localization

errors of SRL-KNN using histogram based fingerprint distance with both the ideal

and erroneous history data. Starting with the perfect historical coordinate h(x, y)

for every location in the testing trajectories mentioned in Sec. 2.4.3, an amount

of error E m is added to h. The erroneous prior location h′(x′, y′) is obtained as:

x′ = x+ xe , y
′ = y + ye, where xe and ye are random variables that follow Gaussian

distribution

xe ∼ N (0, σ2
xe) ; ye ∼ N (0, σ2

ye) ;
√
σ2
xe + σ2

ye = E

Fig. 2.4(c) shows the cases where E is proportional to σ = 2 m. Obviously, if

the error E of the history data is within σ/2 m, the localization accuracy is mostly

similar to the ideal case, with a maximum error of 1.90 m and 80% of the error

is 1 m. When E increases to σ m, the accuracy becomes slightly worse with the

maximum error being 2.90 m and 80% error being around 1.50 m. As shown in Table

3.1, all of the average errors of SRL-KNN are around σ/2, which indicates that SRL-

KNN is robust to localization error of the previous position. If the value of error

E is larger than σ, i.e., E = 3σ/2 or E = 2σ, the performance will degrade and

the accumulated errors become more significant. The theoretical explanation is as

follows. SRL-KNN implements a penalty function based on the previous location to

discriminate the ambiguous locations. A location lj is defined as an ambiguous point

of li if their physical distance is larger than the grid size but their two vectors fi and

fj have a fairly high Pearson correlation coefficient above the correlation threshold.

We choose the value of the correlation threshold equal to the average correlation

coefficients between li and all of its physical nearest neighbours, i.e., approximately

0.85 in our database. Then all non-nearest-neighbour locations whose correlation
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coefficient above this threshold are considered as ambiguous points. Note that two

locations are defined as physical neighbours if the physical distance between them

within the grid size. The ambiguous distance da is defined as the physical distance

between a location and its ambiguous point. Pearson correlation coefficient ρ(fi,fj)

between fi and fj can be calculated as follows

ρ(fi,fj) =
1

N − 1

N∑
n=1

(
F i
n − µi
δi

)(
F j
n − µj
δj

)

where N is the number of available fingerprints, µi, µj are the means of fi and fj

respectively, δi, δj are the standard deviations of fi and fj respectively. Fig. 2.2(c)

shows that if the error of previous location is within da− σ, the penalty function can

provide higher likelihood to the potential locations near the correct current position

and lower likelihood to the other ambiguous locations. Therefore, the estimation

accuracy of the current location will not be adversely affected. In order to estimate

da, Fig. 2.4(d) illustrates the maximum and average ambiguous distances of all 365

locations in the database. The average ambiguous distance d̄a is around 4 m (2σ) and

the maximum value dmaxa is above 12 m (6σ). These results affirm that if the error of

the previous locations is within d̄a − σ = σ, SRL-KNN is robust to the localization

error of the previous position. Furthermore, according to the survey in [47], the

percentage of stationary time can exceed 80% for most mobile users. During the

no movement period, the number of RSSI readings collected in one-location (S2) is

sufficient to improve the conventional KNN accuracy. Therefore, in order to enhance

the accuracy when locating a user’s position in a long trajectory, we can employ these

stationary locations as aligning points where the prior locations can be ignored. In

that case, some classical KNN approaches including RADAR [21], WKNN [18] or

STI-WKNN [35] can be exploited to estimate the user’s location.
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In order to prove the consistent effectiveness of SRL-KNN, our algorithm is im-

plemented with another published dataset, namely UJIIndoorLoc [48]. The reported

average localization error in [48] is 7.9 m. The training and validation data in all

3 buildings of the databse from 2 random phone users (Phone Id: 13, 14) are used

to implement SRL-KNN algorithm. The maximum distance between 2 consecutive

locations in the testing trajectory can be up to 20 m so σ = 20 m is chosen. Note that

the grid size of UJIIndoorLoc is different from our collected database so the average

localization error for UJIIndoorLoc is different from that reported previously. How-

ever, the relative accuracy comparison between SRL-KNN and conventional KNN,

e.g., RADAR [21] or STI-WKNN [35] can still reflect well the effectiveness of our

algorithm. Table 2.2 shows the average errors in meter of SRL-KNN, RADAR, STI-

WKNN for each separate building and for all 3 buildings in general. These results

consistently illustrate that SRL-KNN is more robust than other conventional KNN al-

gorithms including RADAR [21] and STI-WKNN [35]. For all 3 buildings, the average

error of SRL-KNN using mean fingerprint is 5.0 m while the result of RADAR is 7.7

m and STI-WKNN is 7.0 m. Furthermore, Fig. 2.6 compares the CDF of localization

errors between 3 methods. In total, a 16 m maximum localization error is recorded

for SRL-KNN, 22 m for STI-WKNN and the largest maximum localization error of

25 m for RADAR. Besides, 80% of the error is below 7 m in the case of SRL-KNN,

which is much lower than 13 m and 12 m in the case of RADAR and STI-WKNN,

respectively.

2.5 Conclusions

In conclusion, we have proposed a low complexity soft range limited KNN (SRL-KNN)

for WiFi indoor localization. This algorithm exploits the information of previous
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positions and simultaneously applies the soft range limiting factor for fingerprint

distance calculation to achieve more accurate and stable positioning performance.

We demonstrated that SRL-KNN can address effectively some main challenges of

KNN including the spatial ambiguity, RSSI instability and the RSSI short collecting

time, especially when RSSI histogram is taken into account in calculating fingerprint

distance. Experimental results have shown that SRL-KNN achieves the best accuracy

of 0.66 m with 80% of the error within 0.89 m, which outperforms existing KNN

methods.
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Chapter 3

Semi-Sequential Probabilistic

Model For Indoor Localization

Enhancement

3.1 Introduction

As mentioned in Chapter 2, probabilistic methods are based on the statistical infer-

ence between the measured signal and the stored fingerprints through Bayes rule [23].

They have medium complexity and provide good accuracy in indoor localization [2,

49]. Therefore, probabilistic methods are widely utilized to extract information from

both RSSI and CSI fingerprints. In order to determine the location, probabilistic

methods require the probability density function (PDF) of the fingerprinting features.

Some early research assume the RSSI PDF follows empirical parametric distributions

such as single-peak [50] or double-peak Gaussian [51], lognormal distribution [52], etc.

Ref. [50] observes experimentally that most RSSI values follow single-peak Gaussian

distribution and tend to be left-skewed. The left-skewed distribution occurs when
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the variation of the weaker RSSI is larger than that of the stronger one. In a later

research, Ref. [52] indicates that the RSSI distribution can be left-skewed, symmetric

or right-skewed depending on the distance and obstacles between the user and access

points (AP). Therefore, the lognormal PDF is more suitable to approximate the right-

or left-skewed RSS distribution. Although a common assumption about the RSS dis-

tribution is single-peak Gaussian, Ref. [51] claims that RSSI can be double-peak

Gaussian distribution (DGD) under some circumstances and suggested to replace the

single-peak Gaussian distribution with DGD. However, all of these observations are

highly dependant on the experiment specifics and may not be reasonable approxima-

tions [53].

To achieve better performance by eliminating the assumption on the RSSI PDF,

[54] exploits both histogram and Kernel methods to estimate the PDF. In contrast,

such methods are called non-parametric. Here, the histogram of RSSI is estimated for

each AP with a set of non-overlapping bins that cover the whole range of the RSSIs

for each AP. Then the RSSI PDF is calculated as a piecewise constant function where

the density is constant within each bin. In [46], the experiment by Kushki et al.

shows that a bin width of 10 dB provides the lowest positioning error. Works in

Horus [23] compare the performance between parametric and histogram methods. It

is found that both of those methods provide comparable performances with a slight

advantage for the parametric one. The reason is from the existence of zero count

bins in the histogram due to the limited number of different signal strength values

in the training phase. As an improvement to the histogram method, Kernel method

employs component smoothing functions for each data value to produce a smooth

and continuous probability curve and avoid any zero count bins. Ref. [55] further

proposes a non-parametric statistical model with Parzen window density estimation.

The kernel for Parzen window needs to be non-negative and normalized. Among all of
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the suitable kernels such as Epanechnikov, logistic and sigmoid, etc., Gaussian kernel

is claimed to have consistently good performance and is the most widely used.

In order to construct a fingerprint map for accurate localization, a large number

of RPs are required [9], which is time-consuming and labor-intensive [1]. Recently,

probabilistic Gaussian process (GP) is utilized to enhance the accuracy of indoor

localization in the uncalibrated domain with a limited number of RPs. GP is another

non-parametric model characterized completely by its mean function and co-variance

matrix. Ref. [56] presents GP regression models to predict the spatial distribution of

RSSI. The appropriate compound kernel functions are systematically selected instead

of a single kernel function to get the heterogeneous RSSI PDF. In Ref. [57], GP is

trained by the firefly algorithm (FA) to obtain the hyper-parameters. Once the GP

hyper-parameters are obtained, the GP prior distribution can be used for regression

to predict RSSI at locations with no prior measurements.

Besides RSSI, CSI fingerprints are widely used in probabilistic methods. FILA [58],

one of the early works using CSI, estimates the signal strength distribution for each

AP at each location based on the total power of all CSI sub-carriers. After the CSI

power distribution database is constructed, the probabilistic method with Bayes’ rule

predicts the user’s location. Later research on BiLoc [7] exploits bi-modal data that

estimates the angle of arrival (AoA) and average amplitudes of CSI as the fingerprints

for localization. The advantage of the method is that when there is no line of sight

(LoS), the CSI amplitude will be significantly reduced but AoA will be less affected.

In contrast, when LoS is available, the CSI amplitude is a stable fingerprint to be

relied on. In the testing phase, the probabilistic approach is adopted to localize the

user’s position using those bi-modal fingerprints.

Table 3.1 summarizes the experiment specifics and results of typical probabilistic

methods. Here the number of APs, RPs and testing points vary among experiments
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Table 3.1: Comparisons of Indoor Localization Experiments Using Probabilistic Tech-
niques
Method Feature Access point (AP) Reference point (RP) Testing Point Grid Size Accuracy
DGD [51] RSSI - 68 35 2.5 m 2.8 m
Horus [23] RSSI 21 172 100 1.52 m 0.42 ± 0.28 m
Kernel method [46] RSSI 33 66 44 2 m 2.31 ± 2.10 m
BiLoc [7] CSI 1 15 15 1.8 m 1.5 ± 0.8 m
FILA [58] CSI 1-3 28 - - 0.4 m to 1 m

and the grid size is defined as the distance between two consecutive RPs.

In general, probabilistic methods provide acceptable accuracy from 1 m to 2.5 m.

However, all of the above methods treat all the locations in the database with equal

probability in predicting the current location, which ignores its correlation to the

user’s previous position. Since the moving speed of the user in an indoor environment

is bounded, the locations near the previous one should have higher probability to be

estimated as the user’s current point than others. Therefore, in this chapter, we

propose a simple short term memory step for all existing probabilistic methods to

enhance their performances. Our semi-sequential probabilistic model (SSP) applies

window functions such as Gaussian, Hann and Tukey, and is based on the physical

distance between the RP and the user’s predicted previous position to calculate the

probability of RP being near the user’s current position. As a result, the spatial

ambiguity of fingerprints [8] is significantly reduced and the localization accuracy is

improved.

In the literature, the idea of exploiting the measurements in previous time steps

to locate the current location was adopted in the research of recurrent neural net-

work (RNN) [59], Kalman filter [24–27] and soft range limited K-nearest neighbors

(SRL-KNN) [8]. In Ref. [59], the proposed P-MIMO LSTM model exploits the se-

quential RSSI measurements and the trajectory information from multiple time steps

to achieve high accuracy. However, the complexity is high, and the long term memory

dependency can cause the significant accumulated errors if the inaccuracy in histor-
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ical data is high. On the other hand, Kalman filter [24] estimates the most likely

current location based on prior measurements and Gaussian noises with linear mo-

tion dynamics assumptions. In real scenarios, those assumptions are not necessarily

valid [28]. SRL-KNN [8] does not require the above assumptions and reaches the

lowest complexity. However, the modified penalty functions in SRL-KNN can only

be applied for Euclidean distance, not for probabilistic model. In contrast to those

approaches, SSP is able to boost the performance of several probabilistic systems

using RSSI or CSI fingerprints. Furthermore, the short term memory dependency

ensures our low complexity and avoid accumulating errors. The proposed model is

tested with several experiments using both RSSI and CSI fingerprints and compared

with existing probabilistic methods.

3.2 Proposed Model

3.2.1 Proposed Localization System

The proposed localization system has two phases: a training phase and a testing

phase. In the training phase, fingerprints at each predefined reference point (RP)

location are collected and stored in a database. The fingerprints can be either RSSI

or CSI. We assume the area of interest has P APs and M RPs. For each RP i

at its physical location li(xi, yi), a corresponding fingerprint vector is denoted as

F (li) = {F1(li), F2(li), ..., FN(li)}, where N is the number of available features and

Fj(li), 1 ≤ j ≤ N, is the j-th feature at point i. In the testing phase, each unknown

location of the user, denoted as a testing point, is determined by the localization

algorithm.
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3.2.2 Proposed Semi-Sequential Probabilistic (SSP) Model

Conventional Probabilistic Method

In the testing phase, we assume that a fingerprint vector F (lcurr) at the unknown

current location lcurr is measured. The likelihood function P (Fk(lcurr)|li) describes

the probability of the k-th fingerprint feature at location li, has a signal strength

Fk(li) ≈ Fk(lcurr) condition on lcurr ≈ li, which can be estimated by the paramet-

ric [50–52] or non-parametric [23, 54] methods. Therefore, the probability of the

current location lcurr being close to li given the measured fingerprint vector F (lcurr)

can be estimated according to Bayes’ theorem [2]. Here, lcurr will fall into the set of

li.

P (lcurr|F (lcurr)) =
N∏
k=1

P (Fk(lcurr)|li)P (li)

P (Fk(lcurr))
(3.1)

Here, Eq. (3.1) is valid following the assumptions along with other researchers that

Fk are mutually independent, which leads to P (F (lcurr)|li) =
∏N

k=1 P (Fk(lcurr)|li)

and P (F (lcurr)) =
∏N

k=1 P (Fk(lcurr)). Each location li has a priori probability

P (li)≡P (li≈lcurr) to be nearest to lcurr, which is initially assumed to be equally likely

for every location in the database. Furthermore,
∏N

k=1 P (Fk(lcurr)) is independent of

li. Therefore, for simplification, Eq. (3.1) can be modified to

P (lcurr|F (lcurr)) ∝
N∏
k=1

P (Fk(lcurr)|li) (3.2)

Eq. (3.2) is applied for the whole database to get the set of P (lcurr|F (lcurr))

including all of the RPs. The maximum value of P (lcurr|F (lcurr)) can be chosen as

the user’s location [23]. In some approaches [51], K biggest values are chosen, and

the user’s location is the average of all K values.
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Figure 3.1: (a) Circular Window

Figure 3.2: Short term memory window forms with different values of σ. (a) Circular
Window. (b) Gaussian Window. (c) Hann Window. (d) Tukey Window.

Proposed SSP Model

As the moving speed of a user is bounded, it is highly unlikely for a user to move to an

unrealistic distant position from the prior one during the consecutive measurements.

Therefore, the assumption that P (li) is equally likely for every location is not valid.

In fact, the locations near the previous one should have higher probability than the

others. In order to incorporate that into the probabilistic models, a short term

memory window is proposed to determine the possibility of a reference location li to be

the nearest to the current location lcurr. For example, a circular window whose radius

is determined by the user moving speed and time duration between two consecutive
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measurements can be drawn around the previous location to limit the nearest neighbor

search within the area. Besides the hard range limit, we here propose several soft

range windows based on the predicted previous location l′pre(x
′
pre, y

′
pre):

– Gaussian window:

P (li|l′pre) = exp(−D
2

2σ2
) (3.3)

– Hann window:

P (li|l′pre) = cos2

[
πD

2 · (D + σ)

]
(3.4)

– Tukey window:

P (li|l′pre) =


1, if D < σ

1
2

{
1 + cos

[
πD

2·(D+σ)

]}
, if D ≥ σ

(3.5)

where D(li, l
′
pre) =

√
(xi − x′pre)2 + (yi − y′pre)2 is the distance between li and l′pre.

The standard deviation σ determines the spread of the window. Fig. 3.2 illustrates

the shapes of the above windows and the dependency between the probability of the

considered location in the database P (li|l′pre) and the distance D. Clearly, P (li|l′pre)

is inversely proportional to D. Here, σ can be determined according to the maximum

distance dmax that a user can move during the sampling time interval ∆t. As shown

in Fig. 3.2, the larger the σ is, the more spread out the short term memory window

becomes.

After applying the short term memory window for the whole database, the prob-

ability P (li|l′pre) can be normalized as follows.

P̂ (li|l′pre) =
P (li|l′pre)∑M
i=1 P (li|l′pre)

(3.6)
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For simplicity, we denote P̂ (li|l′pre) as P (li|l′pre) in the rest of the chapter unless

otherwise specified. Finally, Eq. (3.1) is modified with the above short term memory

step as follows.

P (lcurr|F (lcurr), l
′
pre) =

N∏
k=1

P (Fk(lcurr)|li, l′pre)P (li|l′pre)
P (Fk(lcurr))

(3.7)

∏N
k=1 P (Fk(lcurr)) can still be ignored here due to the same argument in Subsection

3.2.2. As P (Fk(lcurr)|li, l′pre) is independent of the previous predicted location l′pre,

i.e. P (Fk(lcurr)|li, l′pre) = P (Fk(lcurr)|li), Eq. (3.7) becomes

P (lcurr|F (lcurr), l
′
pre) ∝

N∏
k=1

P (Fk(lcurr)|li)P (li|l′pre) (3.8)

With this simple short term memory, we can convert the existing memoryless

probabilistic methods, e.g., Horus [23], DGD [51], Kernel method [46], FILA [58],

BiLoc [7], to semi-sequential model and improve their performances significantly.

After having P (lcurr|F (lcurr), l
′
pre), the maximum value of that probability can be

chosen as the user’s location [23,46]. On the other hand, in [51], K biggest values are

chosen, and the user’s location is the average of all K values.

3.3 Database And Experiments

This chapter investigates both RSSI and CSI fingerprints for localization. All exper-

iments have been carried out on the third floor of Engineering Office Wing (EOW),

University of Victoria, BC, Canada. The dimension of the area is 21 m by 16 m.

It has three long corridors as shown in Fig. 3.3(a). The RSSI and CSI fingerprints

for both training and testing are collected using an autonomous driving robot. The
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(d)

(a)
(c)

(b)

Figure 3.3: (a) Floor map of the RSSI and CSI test site. The solid red line is the
RSSI trajectory with red arrows pointing toward walking direction. The dash green
line is the CSI trajectory. (b) An example of a collected RSSI vector with 100 scans.
(c) An example of a collected CSI image from Intel 5300 NIC. (d) Heat map of the
RSSI strength from 6 APs used in our localization scheme.

3-wheel robot has multiple sensors including a wheel odometer, an inertial measure-

ment unit (IMU), a LIDAR, 3 sonar sensors and a color and depth (RGB-D) camera.

It can navigate to a target location within an accuracy of 0.07±0.02 m.

During RSSI localization experiments, the robot carried a mobile device (Google

Nexus 4 running Android 4.4) to collect RSSI. In the training phase, 100 RSSI scans

(S1 = 100) were obtained at each location. Fig. 3.3(b) illustrates an instance of the

100-scan RSSI from 11 AP network interface controllers (NICs). In this experiment,

there are 6 APs and 5 of them have 2 distinct MAC address each assigned to two

associating NICs with 2.4 GHz and 5 GHz communications channels respectively,
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except for one that operates on 2.4 GHz frequency only. In total, each scan contains 11

RSSI readings. In the testing phase, the user location will be updated at a consecutive

sampling time interval ∆t = 1 s. During that time interval, only a small number of

RSSI scans (S2 =1 or 2) were available for the fingerprint matching. Fig. 3.3(a)

illustrates our localization scheme with 365 RPs (pink stars) and 175 testing points

(dash red line). Fig. 3.3(d) shows the heat map of 6 APs, where the signal strength is

represented by color. Clearly, the signals from 6 APs cover the whole targeting area

including 1 room and 3 corridors.

In the same targeting area, only one single AP (AP1) that has 3 receiving antennas

with 30 multiple subcarriers each, was set up for CSI measurements. The robot

carrying an Intel WiFi Link 5300 MIMO NIC navigated across 145 RPs and 60 testing

points (along the blue solid line in Fig. 3.3(a)) to collect CSI with csitool [60]. A single

CSI data is a complex number to represent its amplitude and phase. However, the

phase of CSI is noisy due to effects such as fading and frequency fluctuation [5, 61].

Therefore, only CSI amplitude is utilized in this chapter. In each measurement at

RP i, we group H number of CSI measurements with W subcarriers to construct an

H ×W matrix

Ã(li) =



Ã11
i Ã12

i . . . Ã1W
i

Ã21
i Ã22

i . . . Ã2W
i

...
...

. . .
...

ÃH1
i ÃH2

i . . . ÃHWi


. (3.9)

Here, Ãhwi is the CSI amplitude value of the subcarrier w in the measurement h at

RP i. Fig. 3.3(c) shows an image representation of collected CSI with H = 900 and

W = 90.

In the testing phase, the robot moved along a pre-defined route (Fig. 3.3(a)) at a

speed randomly changing within (0.6-4.0) m/s to simulate the indoor walking pattern
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Table 3.2: Average Errors (SSP Model with Gaussian Window, σ = dmax)
Method Fingerprint AP Number Original Model (m) SSP Model (m)
Horus RSSI 6 1.5± 1.2 1.0± 0.7
DGD RSSI 6 1.5± 1.3 1.0± 0.8
Kernel RSSI 6 1.3± 1.0 1.0± 0.7
FILA CSI 1 4.4± 2.4 2.2± 1.4
Biloc CSI 1 4.8± 2.3 2.5± 2.0

of a normal person [40,41]. The user location was updated every ∆t =1 s. The testing

experiments are repeated several times in different days and time.

3.4 Results And Discussions

3.4.1 SSP and Conventional Methods Comparison

The proposed SSP is added to memoryless probabilistic methods including Horus [23],

DGD [51], Kernel method [46], BiLoc [7] and FILA [58]. As the maximum speed,

vmax is pre-configured to be 4 m/s, the maximum distance a user can travel during

consecutive measurements is dmax = vmax∆t =4 m. Therefore, we used a Gaussian

window with σ = dmax in the SSP model.

Among all RSSI models, Horus [23] and DGD [51] are typical parametric ap-

proaches with the assumption of a single-peak Gaussian distributed P (F (lcurr)|li).

The Kernel method [46] is a non-parametric model which builds the probability dis-

tribution by using the kernel smoothing function. The additional short term memory

step is added to calculate P (li) following Subsection 3.2.2.

Among CSI models, FILA [58] exploits CSI amplitude to build a single-peak Gaus-

sian distributed database P (F (lcurr)|li). A possible approach to calculate P (li) is to

use Pearson correlation between the testing and the stored CSI fingerprints in the

database. However, this approach relies only on the spatial information, which ig-

nores the time related information from the previous location. Instead, SSP model
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determines P (li) based on the user’s previous location which adds the valuable infor-

mation from time domain. On the other hand, BiLoc [7] exploits bi-modal data as the

fingerprints. During training, a deep autoencoder network with a pre-train restricted

Boltzmann machine (RBM) is used to extract the unique channel features. In the

testing, following the radial basis function (RBF), a Bayesian probability model is

employed to estimate position. The probability P (F (lcurr)|li) is measured according

to the difference between the original and reconstructed CSI. The probability P (li)

is assumed to be uniformly distributed. In contrast, SSP model adds an additional

short term memory step to BiLoc similar to RSSI cases.

Table 3.2 illustrates the average localization errors of probabilistic algorithms

before and after applying SSP. The chosen parameters of SSP are Gaussian window

(Eq. (3.3)) with σ = dmax. Clearly, with the additional sequential consideration, the

proposed SSP models show the significant performance improvement comparing with

the original approaches. For Horus, the average error decreases 33% from 1.5±1.2 m

to as low as 1.0±0.7 m by applying SSP. Similarly, SSP boosts the performance of

the DGD and Kernel method by ∼33% and ∼25% respectively. In the cases of

CSI fingerprinting localization, SSP helps to improve the accuracy of FILA by ∼50%,

from 4.4±2.3 m to 2.2±1.4 m. Among all models, the most significant improvement is

achieved in the case of BiLoc with 48% reduction of the average error from 4.8±2.3 m

to 2.5±2.0 m.

In addition to the reduction of average error, SSP also reduces the maximum error

of all conventional methods significantly. Fig. 3.4 compares the cumulative distribu-

tion function (CDF) of localization errors of Horus, DGD and Kernel method before

and after adopting SSP. Due to larger RSSI fluctuations, the memoryless approaches

may choose a wrong location with similar fingerprints, which could be far from the

actual location, leading to an extreme large error in the scale of the testing site di-
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Figure 3.4: CDF of the localization error of conventional probabilistic models and
SSP models with RSSI fingerprint.

Figure 3.5: CDF of the localization error of conventional probabilistic models and
SSP models with CSI fingerprint.

mension. As shown in Fig. 3.4, without SSP, the maximum error can be as high as

13 m for Horus and 7 m for DGD and Kernel method. In contrast, SSP eliminates

such error pattern with the short term memory step, resulting in a much smaller

maximum error of 6 m for Horus, 5.5 m for DGD and as low as 3.5 m for Kernel

method. Besides, as shown in Fig. 3.5, for CSI experiment with 1 router, SSP helps

to reduce the maximum error of FILA from 11 m to below 6 m and BiLoc from 10 m

to ∼7 m.

Evidently, the above results show that SSP can significantly boost the performance

of both RSSI and CSI fingerprints based probabilistic algorithms. Besides, as shown in
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Figure 3.6: Probabilistic heat map of all RPs in the database after applying SSP
windows (the red star represents for the user’s previous location).

Table 3.2, the localization accuracy of the RSSI experiments with 6 APs is significantly

better than that of CSI experiments with 1 AP, i.e., around 1 m of SSP models based

RSSI compared with more than 2 m of SSP models based CSI. Therefore, in the

following sections, to analyze important parameters such as window types and the

corresponding σ value, we focus on the RSSI experiment.

3.4.2 Parameter Analysis

Window Type

Following discussions in Subsection 3.2.2, we propose three more soft range SSP

windows including Gaussian, Hann and Tukey in addition to the simple hard range

circular window. Fig. 3.2 illustrates the shapes of these windows. Among all, the

circular window has a clear drop at the circumference D = σ, which eliminates the

possibility of any RPs having the distances bigger than σ being considered as close to

the current localization. Gaussian and Hann windows have the smooth decline curves
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Table 3.3: Average Errors of SSP Horus(meter)
σ (m) Circular Gaussian Hann Tukey
dmax/2 1.8± 2.0 1.1± 1.0 1.0± 0.9 1.1± 0.8
dmax 1.2± 0.8 1.0± 0.7 0.9± 0.7 1.2± 0.9
3dmax/2 1.2± 0.9 1.1± 0.8 1.1± 0.8 1.2± 0.9
2dmax 1.3± 0.9 1.2± 0.9 1.1± 0.8 1.2± 0.9

with the increase of distance D. When σ increases, these curves spread out more. On

the other hand, Tukey window is the combination between hard range and soft range

forms with the equivalent highest probability for all RPs with distance smaller than

σ and the gradual dropping curve following the increase of distance D.

Fig. 3.6 demonstrates the effects of various SSP windows by their probabilistic

heat maps with the color scale to the probability density. The red star in the map

is the predicted previous location l′prev. For each window we plotted both σ = dmax

and σ = 2dmax. Clearly, the circular window only takes the area around the previous

location with the highest probabilities (yellow color area) and eliminates the rest (blue

color area). Gaussian window yields the most significant change when we increase the

value of σ. When σ = dmax, a half of the area is ignored, while when σ = 2dmax, most

of the RPs are included with positive probabilities. Besides, Hann and Tukey have

less dramatic changes than Gaussian when we increase σ. Furthermore, using Tukey

window, the colors of different RPs are similar across the whole maps, indicating fewer

differences among the probability densities of different RPs than the other window

types.

Standard deviation σ

The width of the short term memory windows is determined by the standard deviation

σ. Fig. 3.2 shows that when σ increases, the PDF spread out more, which means more

RPs being included as candidate locations in SSP. If σ is too small, many possible

RP candidates will be ignored, leading to huge accumulated errors. On the other
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Figure 3.7: CDF of the localization error of SSP Horus model with different window
forms and σ values (a) Circular window. (b) Gaussian window. (c) Hann window.
(d) Tukey window.

hand, if σ is too large, ambiguous locations are introduced which severely affects the

localization performance.
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Table 3.4: Average Errors of SSP DGD(meter)
σ (m) Circular Gaussian Hann Tukey
dmax/2 1.8± 2.4 1.0± 0.9 1.1± 0.9 1.2± 0.9
dmax 1.2± 0.9 1.1± 0.8 1.1± 0.8 1.1± 0.9
3dmax/2 1.3± 1.0 1.1± 0.9 1.1± 0.9 1.3± 1.0
2dmax 1.3± 1.0 1.2± 1.0 1.2± 0.9 1.3± 1.1

Table 3.5: Average Errors of SSP Kernel Method (meter)
σ (m) Circular Gaussian Hann Tukey
dmax/2 1.2± 1.0 0.9±0.8 0.9± 0.7 1.0± 0.8
dmax 1.2± 0.9 1.0± 0.7 1.0± 0.8 1.0± 0.8
3dmax/2 1.1± 0.8 1.0± 0.8 1.0± 0.8 1.0± 0.8
2dmax 1.1± 0.9 1.1± 0.8 1.1± 0.8 1.1± 0.9

In order to study the impacts of σ on SSP, Table 3.3, 3.4 and 3.5 compare the

average errors with different σ when SSP model is applied. For the circular window,

all of the RPs having a distance bigger than σ are not considered in the current

location estimation. Therefore, a significant error is observed with a low σ value, e.g.,

1.8 ± 2.0 m at σ = dmax/2 with SSP Horus and SSP DGD. When σ increases, the

performance is improved with the average error being around 1.2±0.8 m at σ = dmax.

The lowest average error of 1.1 ± 0.8 m is reached when σ = 3dmax/2. In contrast,

the performance of the soft range windows such as Gaussian, Hann and Tukey, is

insensitive to σ value. When σ = dmax, soft range windows with Horus and DGD

have the lowest average errors of 1.0 ± 0.7 m and 1.1 ± 0.8 m respectively. On the

other hand, Kernel method reaches its best performance of 0.9±0.8 m at σ = dmax/2.

When σ increases from σ = dmax to σ = 2dmax, there is only a slight change in the

performance of all three types of soft range windows. The reason is that instead of a

hard cutoff, soft range windows provide a smooth bias toward locations closer to the

previous prediction while no locations are fully eliminated from consideration.

Fig. 3.7 illustrates SSP Horus error CDFs with different σ values. For the circular,

Gaussian and Hann windows, when σ = dmax/2 the maximum errors of SSP Horus

increase significantly to 10 m, 5.7 m and 4.5 m respectively. When σ equals or is larger
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Figure 3.8: Processing time of SSP methods compared with the conventional methods.

than dmax, all maximum errors are around 4-5 m. Especially, for Tukey window, the

CDFs are similar even when σ changes from dmax/2 to 2dmax.

In summary, σ = dmax provides the best localization accuracy for most of the

cases. Furthermore, Gaussian and Hann windows consistently show the comparable

performance. Therefore, in the rest of the analysis, we choose Gaussian window at

σ = dmax as our SSP window.

3.4.3 Performance Analysis

The conventional probabilistic approaches using Eq. (3.2) have a complexity O(N),

where N is the number of features as explained in Subsection 3.2.1. SSP adds a

simple short term memory according to Eq. (3.3), (3.4) and (3.5) with no significant

addition to the overall complexity. Fig. 3.8 shows the comparison of the processing

time among all methods with and without SSP. The computations are estimated on

a Intel core i5-3320M 2.6 GHz based computer and an NVidia Geforce FTX 1050

GPU is used for training and testing neural network. For a fair comparison, the

shown processing time here is for the testing phase. The processing time of SSP

for all five implemented methods, including Horus, DGD, Kernel method, FILA and

Biloc, is slightly higher than the original ones, ranging from 10% to 20% difference.

In summary, the processing time of SSP model is comparable to that of the other
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Figure 3.9: CDF of localization errors of SSP based models using RSSI fingerprint in
different error scenarios of historical data. (a) Horus. (b) DGD. (c) Kernel method.

conventional probabilistic approaches.

Since SSP leverages the information of a user’s previous position to estimate the

current location, the performance of SSP depends on the accuracy of historical data.

Note that all of our SSP results are based on the estimated history location with

non-zero errors. In order to estimate the propagation error due to the imperfect prior

location estimation, Fig. 3.9 illustrates the localization errors of SSP Kernel with both

the ideal and erroneous history data. Starting with the perfect historical coordinate

h(x, y) for every location in the testing trajectories mentioned in Section 3.3, an
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amount of error E is added to h. The erroneous prior location h′(x′, y′) is obtained

as: x′ = x+xe , y
′ = y+ye, where xe and ye are random variables that follow Gaussian

distribution

xe ∼ N (0, σ2
xe) ; ye ∼ N (0, σ2

ye) ;
√
σ2
xe + σ2

ye = E

Fig. 3.9 shows the cases where E is proportional to dmax = 4 m. Clearly, if the

error E of the historical data is within dmax/2, the localization accuracy of all three

methods are similar to the ideal case with a maximum error of ∼4 m. When E

increases to dmax, the accuracy of SSP Horus becomes slightly worse with 80% of

the error is under 2 m compared with 1.5 m of the ideal cases. On the other hand,

SSP DGD and SSP Kernel are affected more significantly with the maximum error

increasing to 9 m and 5 m respectively. As shown in Table 3.3, 3.4 and 3.5, average

errors of all SSP models are around dmax/4 ≈ 1 m, which indicates that SSP is

robust to localization error of the previous position. If the value of error E is larger

than dmax, i.e., E = 3dmax/2, the performance will degrade and the accumulated

errors start increasing. In order to solve the problem, the stationary time in a regular

walking pattern can be utilized. According to the survey in Ref. [47], the percentage of

stationary time exceeds 80% for most mobile users. During the no movement period,

the number of RSSI readings collected in one-location (S2) is sufficient to improve

the conventional probabilistic model accuracy. Therefore, in order to enhance the

accuracy when locating a user’s position in a long trajectory, we can employ these

stationary locations as alignment points where the prior locations can be ignored. In

that case, the conventional probabilistic approaches can be exploited to estimate the

user’s location.
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3.5 Conclusions

In conclusion, we have proposed a simple but efficient semi-sequential probabilistic

model, which applies an additional short term memory step to enhance the perfor-

mances of the indoor localization probabilistic approaches. This model leverages the

information of the previous position to effectively determine the candidate location

probability since the user’s speed in an indoor environment is bounded. Three soft

range windows including Gaussian, Hann and Tukey have been proposed as SSP

models. Several experiments have been conducted including both RSSI and CSI

fingerprints to demonstrate that SSP reduces the maximum error and boosts the per-

formance of other existing probabilistic approaches by at least 25%− 30%. The error

analysis also shows that the proposed SSP model is robust to localization error of the

previous position.
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Chapter 4

Recurrent Neural Networks For

Accurate RSSI Indoor Localization

4.1 Introduction

As mentioned in the previous chapters, among WiFi RSSI fingerprinting indoor lo-

calization approaches, artificial neural network (ANN) [5,19] estimates location non-

linearly from the input by a chosen activation function and adjustable weightings.

In indoor environments, because the transformation between the RSSI values and

the user’s locations is nonlinear, it is difficult to formulate a closed form solution [3].

ANN is a suitable and reliable solution for its ability to approximate high dimension

and highly nonlinear models [5]. Recently, several ANN localization solutions, such

as multilayer perceptron (MLP) [62], robust extreme learning machine (RELM) [63],

multi-layer neural network (MLNN) [64], convolutional neural network (CNN) [65],

etc., have been proposed.

Although having been extensively investigated in the literature, all of the existing

indoor localization algorithms still face challenges such as spatial ambiguity, RSSI in-
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stability and RSSI short collecting time per location [8]. To address these challenges,

this chapter focuses on recurrent neural network (RNN) to determine the user’s loca-

tion by exploiting the sequential correlation of RSSI measurements. Since the moving

speed of the user in an indoor environment is bounded, the temporal information can

be used to distinguish the locations that has similar fingerprints. Note that resolving

the ambiguous locations has been a common challenge in indoor localization. Some

works in literature also exploit the measurements in previous time steps to locate the

current location, including the use of Kalman filter [24–27] and soft range limited

K-nearest neighbors (SRL-KNN) [8]. Among them, Kalman filter estimates the most

likely current location based on prior measurements, assuming a Gaussian noise of

the RSSI and linear motion of the detecting object. However, in real scenarios, these

assumptions are not necessarily valid [28]. In comparison, SRL-KNN does not make

the above assumptions but requires that the speed of the targeting object is bounded,

e.g., from 0.4 m/s to 2 m/s. If the speed of the target is beyond the limit, the lo-

calization accuracy of SRL-KNN will be severely impaired. In contrast, our RNN

model is trained from a large number of randomly generated trajectories representing

the natural random walking behaviours of humans. Therefore, it does not have the

assumptions or constraints mentioned above.

The main contributions of this chapter are summarized as follows.

1 According to our knowledge, there is no existing comprehensive RNN solution

for WiFi RSSI fingerprinting with detailed analysis and comparisons. Therefore,

we propose a complete study of RNN architectures including network struc-

tures and parameter analysis of several types of RNNs, such as vanilla RNN,

long short term memory (LSTM) [10], gated recurrent unit (GRU) [11], bidi-

rectional RNN (BiRNN), bidirectional LSTM (BiLSTM) [12] and bidirectional

GRU (BiGRU) [13].
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Table 4.1: Comparisons of Indoor Localization Experiments Using Machine Learning
Techniques
Method Feature Access point (AP) Reference point (RP) Testing Point Grid Size Accuracy
MLP [62] RSSI 6 207 50 1.7 m 2.8 ± 0.1 m
DANN [19] RSSI 15 45 46 2 m 2.2 ± 2.0 m
RELM [63] RSSI 8 30 10 3.5 m 3.7 ± 3.4 m
MLNN [64] RSSI 9 20 20 1.5 m 1.1 ± 1.2 m
ConFi [5] CSI 1 64 10 1.5 - 2 m 1.3 ± 0.9 m
Geomagnetic RNN [66] Magnetic Information - 629 5% of RPs 0.57 m 1.1 m

2 The proposed models are tested in two different datasets including an in-house

measurement dataset and the published dataset UJIIndoorLoc [48]. The accu-

racy is compared not only with the other neural network methods, i.e., MLP [62]

and MLNN [64], but also some popular conventional methods, i.e., RADAR [21],

SRL-KNN [8], Kernel method [46] and Kalman filter [24].

3 Three challenges of WiFi indoor localization, i.e., spatial ambiguity, RSSI insta-

bility and RSSI short collecting time per location are discussed and addressed.

Furthermore, the other important factors, including the network training time

requirement, users speed variation, different testing time slots and historical

prediction errors, are discussed and analyzed.

4.2 Related Works

The first research on neural network for indoor localization was reported by Bat-

titi et al. [18, 62]. In that work, a multilayer perceptron network (MLP) with 3

layers consisting one input layer, one hidden layer with 16 neurons and one output

layer was implemented to nonlinearly map the output (coordinate) from the input

(RSSI). There are 207 RPs for training and 50 random points for validation. The

accuracy of this model is 2.82±0.11 m, which is comparable with that of simple K

nearest neighbours (KNN) algorithm [18]. In order to achieve better performance,

multi-layer feed-forward neural network (MLNN) [64] with 3 hidden layers in their
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experiment. MLNN is designed with 3 sections: transforming RSSI section, denoising

RSSI section and locating section with the boosting method to tune the network pa-

rameter if the misclassified data is detected. The other refinement of MLP is proposed

in discriminant-adaptive neural network (DANN) [19], which inserts discriminative

components (DCs) layer to extract useful information from the inputs. The experi-

ment shows that DANN improves the probability of the localization error below 2.5 m

by 17% over the conventional KNN RADAR [21]. As all of those above methods are

time-consuming in training phase, robust extreme learning machine (RELM) [63] is

proposed to increase the training speed of the feed-forward neuron networks. RELM

consists of a generalized single-hidden layer with random hidden nodes initialization

and kernelized formulations with second order cone programming. The experiment

illustrates that the training speed of RELM is over 100 times faster than the conven-

tional machine learning methods [67] and the localization accuracy is increased by

40%.

Although the feed-forward neural networks are simple and easy to implement,

they can not extract the useful information efficiently from the noisy WiFi signal,

leading to a limited accuracy. Therefore, more complicated neural networks were

adopted for indoor WiFi localization, e.g., convolutional neural network (CNN) and

recurrent neural network (RNN). ConFi [5] proposed a three layers CNN to extract the

information from WiFi channel state information (CSI). CSI from different subcarriers

at different time is arranged into a matrix, which is similar to an image. ConFi is

trained using these CSI feature images collected at a number of RPs. The localization

results is the weighted centroid of RPs with high output value. The experiment

illustrates that ConFi outperforms conventional KNN RADAR [21] by 66.9% in term

of mean localization error. However, as mentioned in Section 4.1, it is not easy

to get CSI because only some specific wireless network interface cards, e.g, Intel
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WiFi Link 5300 MIMO NIC, Atheros AR9390 or Atheros AR9580 chipset can obtain

that information. Recently, RNN is used to locate a user’s position in an indoor

environment. [68] proposed a simple RNN with 1 time step and 2 hidden layers.

RNN classifies 42 RPs based on the RSSI readings from 177 APs. The classification

accuracy is 82.47%. A more efficient RNN is published in [66]. In this work, the

RNN has 200 neurons uses mean squared error (MSE) loss function and has 20 time

steps trace as the input for the network. In that work, geomagnetic data is used

as fingerprints instead of the wireless data. A million traces of various pedestrian

walking patterns are generated with 95% of them for training and 5% for validation.

The achieved localization errors range from 0.441 to 3.874 m with the average error

being 1.062 m. In addition to the geomagnetic data, the light intensity is also utilized

in the deep LSTM network [69] to estimate the indoor location of the target mobile

device. Their 2 layers LSTM exploits temporal information from bimodal fingerprints,

i.e., magnetic field and light intensity data, through recursively mapping the input

sequence to the label of output locations. The accuracy is reported as 82% of the

test locations with location errors around 2 m and the maximum error being around

3.7 m.

Table 4.1 summarizes the experimental set-up and the results from the above

mentioned neural network methods. Here the number of access points (AP), reference

points (RP) and testing points vary between those experiments and the grid size is

defined as the distance between two consecutive RPs.

In general, those above methods provide acceptable accuracy from 1 m to 3 m

but none of them sufficiently investigated the three problems of using RSSI finger-

prints as stated in Section 4.1, i.e., spatial ambiguity, RSSI instability, RSSI short

collecting time per location. Furthermore, according to the authors’ knowledge, there

is no comprehensive RNN solution using WiFi RSSI fingerprinting with appropriate



57

analysis, details and comparisons. Therefore, we propose a detailed RNN solution for

fingerprint indoor localization using WiFi to solve the above three challenges. Be-

sides, different types of RNN including vanilla RNN, long short-term memory, gated

recurrent unit, and bidirectional LSTM and their structure with all of the important

parameters will be analysed in detail. Our localization results of RNN are compared

not only with the other neural network methods, i.e., MLP [62], MLNN [64] but also

some conventional methods including KNN [21], Kernel method [46] and Kalman

filter [24] using 2 different databases, one in house measurements and one publicly

available data source.

4.3 RNN Methods

4.3.1 Recurrent Neural Network Overview

A recurrent neural network is a class of artificial neural network where the output

results depend not only on the current input value but also on the historical data [66].

RNN is often used in situations where data has a sequential correlation. In the case

of indoor localization, the current location of the user is correlated to its previous

locations as the user can only move along a continuous trajectory. Therefore, RNN

is appropriate to exploit the sequential RSSI measurements and the trajectory in-

formation to enhance the accuracy of the localization. Up to date, there are several

RNN variants because the simplest one, vanilla RNN [70] has limited applications

due to vanishing gradient during the training phase [71]. To mitigate that effect,

long short term memory [10] creates an internal memory state which adds the forget

gate to control the time dependence and effects of the previous inputs. GRU [11]

shares a similar idea to that of LSTM but reduces from 3 gates of LSTM, i.e., forget,

update and output gate, to only 2 gates, i.e., update and reset gate. BiRNN [70],
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Figure 4.1: (a) Localization process of the proposed RNN system. (b) Trajectory
generation process. (c) Sliding window averaging in online testing phase.

BiLSTM [12] and BiGRU [13] are the extensions of the traditional RNN, LSTM and

GRU respectively, which not only utilizes all available input information from the

past but also from the future of a specific time frame. In the following section we

will describe details about our proposed WiFi RSSI indoor localization system using

RNN model.

4.3.2 Proposed Localization System

The fingerprinting localization system is generally divided into two phases: a training

phase (offline phase) and a testing phase (online phase). In the training phase, RSSI

readings at each predefined reference point (RP) location, are collected and stored

to a database as fingerprints. Assuming that the area of interest has P APs and M
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Figure 4.2: Proposed RNN models.

RPs, we consider each RP i at its physical location li(xi, yi) having a corresponding

fingerprint vector fi = {F i
1, F

i
2, ..., F

i
N}, where N is the number of available features

and F i
j (1 ≤ j ≤ N) is the j-th feature at RP i. In the testing phase, each unknown

location of the user, denoted as a testing point, is determined by the localization

algorithm. During the training phase, a set of RSSI readings (S1 scans) are collected

at a single RP while in the testing phase, and only a small number of RSSI readings

(S2 scans), e.g., S2 = 1 or S2 = 2, is available as the user is expected to frequently

moving in practical scenario. Fig. 2.1(a) illustrates the localization map with 6 APs,

365 RPs and 175 testing points, while Fig. 2.1(b) shows the heat map of these 6 APs.

The architecture of the proposed RNN system is presented in Fig. 4.1(a). The RSSI

data for both training and testing will be collected with the support of an autonomous
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Figure 4.3: Weighted average filter transfer function.

robot. Details of the process will be described as follows.

Data Filter

The RSSI collected by a client device often experiences substantial fluctuations due to

dynamically changing environments such as human blocking and movements, inter-

ference from other equipment and devices, receiver antenna orientation, etc., [28,42].

In our experiment, the mobile device was put on the location P (7, 4) as shown in

Fig. 2.1(a). The experiment was conducted in busy hours when many students (up

to 10) used WiFi and walked around the lab. A maximum RSSI standard deviation

of 5.5 dB was recorded over 100 consecutive RSSI readings, and 5% of the measure-

ments (5 readings) could not be detected (missing values). In those cases, the client

device missed the beacon frame packets sent by the router. In order to filter out those

outliers and make the measurement valid, we adopt the iterative recursive weighted

average filter [72]. Based on the transfer function in Fig. 4.3, the weighted average

filter has the form of a low pass filter. The effectiveness of the filter will be studied

in Section 4.5.
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Trajectory Generation

The RSSIs at the output of the data filter will be used to generate random training

trajectories under the constraints that the distance between consecutive locations is

bounded by the maximum distance a user can travel within the sample interval in

practical scenarios. Fig. 4.1(b) illustrates the trajectory generation process. Firstly,

the physical Euclidean distance between each location and the rest of the database is

calculated to form a Euclidean distance dataset. Secondly, based on that, the prob-

abilistic map will be generated to represent the probability of a location (P (li)) that

will become the next location of the user in the trajectory. Since the moving speed

of an indoor user is limited, the locations which are near to the previous locations

should have higher probability to become the next location in the trajectory than the

further locations. The user location will be updated in every consecutive sampling

time interval ∆t. Therefore, the maximum distance which the user can move in ∆t is

σ = vmax×∆t, where the maximum speed vmax is chosen to be larger than the human

indoor normal speed (from 0.4 m/s to 2 m/s [40, 41]). The normalized probability

P (li) is calculated as follows.

P (li) =
1

2σ2(1− e
d2max
2σ2 )

exp(−(xi − xpre)2 + (yi − ypre)2

2σ2
) (4.1)

where (xpre, ypre) is the most recent location of li, dmax is the maximum distance

between the considered location li and the furthest location in the interested area.

Eq. (4.1) has the form of a Gaussian distribution with the mean being the previous

location and the standard deviation being σ. All of the locations having the same

physical distance with li will get the same probability to be chosen as the next point

on the trajectory. From the probabilistic map, a cumulative distribution function

(CDF) map is built by summing the P (li) for each location li. Finally, in order to
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get the next location lj of a any location li in the trajectory, a random number R

(0 < R < 1) is picked. lj is the location which has the value in the CDF map being

closest with R.

Proposed RNN Models

The proposed RNN architecture is trained by the data from consecutive locations

in a trajectory to exploit the time correlation between them. Each location in a

trajectory appears at a different time step. The length of a trajectory, or equivalently

the number of time steps, defines the memory length T as illustrated in Fig. 4.2. The

number of time steps T significantly impacts the performance of RNN because all

of the weights and hidden states will be saved at every time step during a training

trajectory [70]. A larger T value will incorporate more information from the past but

will accumulate more localization errors. The optimal T value will be chosen by the

experiment in Section 3.4.

Fig. 4.2 illustrates 5 different proposed RNN models labeled from model 1 to

model 5. Model 1 has a multiple input single output (MISO) structure where several

RSSI readings (fi) from the previous time steps are fed into the network to get the

single location at time step T (lT ). Model 2, similar to model 1, has a multiple input

single output (A-MISO) structure. However, model 2 takes in actual previous step

locations as well as RSSIs unlike model 1. The actual locations are the ground truth

locations l̃.

By comparison, model 3 to model 5 are multiple input multiple output (MIMO)

structures where several RSSI readings from multiple time steps are fed to the network

to get multiple output locations l. Model 3 has a MIMO structure, where multiple

RSSI inputs fi produce multiple output locations li. In contrast, model 4 takes in

multiple RSSIs with multiple actual locations for the input and produces multiple
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locations for the output, denoted as A-MIMO.

Model 5 takes in multiple RSSIs and multiple previous predicted locations for the

input and produces multiple locations for the output, denoted as P-MIMO. Specif-

ically, in model 4: A-MIMO, the location used in the training is the ground truth

from the dataset. In model 5: P-MIMO, the location value is the predicted location

(li) from the previous time step. Note that in the testing phase, both model 2 and

model 4 use the predicted locations from the previous time steps as input because

ground truth is not available.

The objective of RNN training is to minimize the loss function L(l, l̃) defined as the

Euclidean distance between the output l and the target l̃ using the backpropagation

algorithm [70]. In single output models such as MISO and A-MISO, the loss function

is given by

L(l, l̃) = ||lT − l̃T ||2. (4.2)

In contrast, the multiple output models MIMO, A-MIMO and P-MIMO adopt a loss

function expressed by

L(l, l̃) =

∑T
i=1 ||li − l̃i||2

T
. (4.3)

Sliding Window Averaging

MIMO, A-MIMO and P-MIMO have the output locations appearing in every time

step (Subsection 5.2.3). In the online testing phase, the output location lT will appear

in several time steps as shown in Fig. 4.1(c). lji is the output location li of time step j.

At the output time step T − 1, we have a set of output location (l1T , l
2
T , ..., l

T−1
T ) from

T − 1 previous steps. In each output time step, the accuracy of the targeted output

result lT can be slightly different due to the difference in length of previous historical

information. For example, in Fig. 4.1(c), at output time step 1, l1T is estimated with

the information of T − 1 previous steps. However, at output time step 2, the number
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of previous steps for l2T decrease to T − 2; and at time step T − 1, lT−1
T is predicted

with no previous step. Therefore, the sliding window averaging can average the error

of the predicted location lT in multiple output steps and increase the localization

accuracy. The final output result lT will be the average of the above output set:

lT =

∑T−1
j=1 ljT
T − 1

. (4.4)

4.4 Database And Experiments

All experiments have been carried out on the third floor of Engineering Office Wing

(EOW), University of Victoria, BC, Canada. The dimension of the area is 21 m by

16 m. It has three long corridors as shown in Fig. 2.1(a). There are 6 APs and

5 of them provide 2 distinct MAC address for 2.4 GHz and 5 GHz communications

channels respectively, except for one that only operates on 2.4 GHz frequency. Equiv-

alently, in every scan, 11 RSSI readings from those 6 APs can be collected.

The RSSI data for both training and testing will be collected using an autonomous

driving robot. The 3-wheel robot as shown in Fig. 4.1(a) has multiple sensors includ-

ing a wheel odometer, an inertial measurement unit (IMU), a LIDAR, sonar sensors

and a color and depth (RGB-D) camera. It can navigate to a target location within

an accuracy of 0.07±0.02 m. The robot also carries a mobile device (Google Nexus

4 running Android 4.4) to collect WiFi fingerprints. The dataset for offline training

was collected by the phone-carrying robot at 365 RPs. At each location, 100 scans of

RSSI measurements (S1 = 100) were collected. To build the dataset, at each location

in the training trajectory, we randomly choose one out of 100 stored RSSIs as the

RSSI associated with the location. There are total 365,000 random generated training

trajectories following the proposed method in Subsection 4.3.2. This approximates

well the user’s random walk property and helps to reduce the spatial ambiguity. The
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Table 4.2: Initial setup parameters for RNN system
Category Value
K-fold tests 10
RNN type LSTM

Memory length (T ) 10
Model P-MIMO

Loss function RMSE
Hidden layer (HL) 2

Number of neurons for each HL 100
Dropout 0.2

Optimizer Adam
Learning rate 0.001

Number of training trajectory for 1-fold test 10,000
Number of training epochs 1000

σ 2 m
∆t 1 s
dmax 2 m

Table 4.3: Average localization errors
Method MISO LSTM A-MISO LSTM MIMO LSTM A-MIMO LSTM P-MIMO LSTM
Average Error (m) 1.05 ± 0.78 0.92 ± 0.75 0.80 ± 0.67 0.91 ± 0.75 0.75 ± 0.64
Method RADAR [21] MLNN [64] MLP [62] Kernel Method [46] Kalman Filter [24]
Average Error (m) 1.13 ± 0.86 1.65 ± 1.20 1.72 ± 1.17 1.10 ± 0.84 1.47 ± 1.2

initial position of the user in the whole testing trajectory is known.

In the online phase, the robot moved along a pre-defined route (Fig. 2.1(a)) with

an average speed around 0.6 m/s. The robot will collect RSSI at 175 testing locations

along the trajectory. At each location, only 1 or 2 RSSI scans (S2 = 1 or 2) will be

collected and transmitted to a server in real time. The server will predict the user’s

position according to the proposed algorithms and the prediction accuracy will be

calculated.

4.5 Results And Discussions

The initial setup for the proposed RNN system follows the parameters presented in

Table 4.2. All of the results below are presented after 10-fold tests with the total of

365,000 random training trajectories.
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(d)

(a)

(b)

(c)

Figure 4.4: The CDF of the localization error of (a) Filter and no filter cases (b)
5 different RNN models (c) Different memory length in RNN structure (d) RNN,
LSTM, GRU, BiRNN, BiLSTM and BiGRU with P-MIMO model.

4.5.1 Filter Comparison

Fig. 4.4(a) compares the cumulative distribution function (CDF) of localization errors

between the proposed RNN models (i.e., MISO LSTM and P-MIMO LSTM) with 2

different cases: using or not using weighted average filter (Subsection 5.2.3) in both

the dataset and testing data. For model P-MIMO (blue line), the filter helps to
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decrease the maximum error from 4.5 m to 3.25 m. Besides, 80% of the error is

within 1.25 m with the filter while no filter case is 1.5 m. In model MISO, the

filter also illustrates better performance with 80% of the error being within 1.75 m

compared with 2 m of the no filter case. In the tests of A-MISO, MIMO and A-MIMO,

the weighted average filter also provides consistently good results. The localization

accuracy of those methods has approximately 15% improvement with the use of filter,

e.g., 0.80±0.60 m for A-MISO with the filter compared with 0.95±0.75 m for A-MISO

without the filter. Because of the striking improvements, we adopted the filter to all

models proposed in the article.

4.5.2 Model Comparison

Table 4.3 illustrates the average errors of all proposed models in Subsection 5.2.3.

Among them, P-MIMO achieves the best performance with an accuracy of 0.75±0.64 m.

MIMO is the second best performer with the average error of 0.80±0.67 m. MISO

has the worst accuracy with the error of 1.05±0.78 m. Fig. 4.4(a) compares the

CDF errors among these five models. MIMO and P-MIMO consistently show the

dominating accuracy with 80% of the errors within 1.2 m, compared with 1.7 m of

MISO. Furthermore, the maximum error of P-MIMO is 3.25 m which is lower than

the 4 m obtained from MISO. In the rest of the chapter, P-MIMO is chosen for further

performance study.

4.5.3 Hyper-parameter Analysis

This subsection provides a detailed study of choosing the optimal hyper-parameters

for the proposed model P-MIMO. Although the 5 proposed models, i.e., MISO, A-

MISO, MIMO, A-MIMO, P-MIMO, have different input and output, their general

neural network structures are mostly similar. Therefore, the procedure to select the
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Figure 4.5: Average number of ambiguous trajectories with different number of loca-
tions in a training trajectory

optimal hyper-parameters of P-MIMO will also be valid for the other proposed models

including MISO, A-MISO, MIMO and A-MIMO.

Memory Length T

Fig. 4.4(c) shows the results of P-MIMO LSTM with different memory length (Sub-

section 5.2.3), i.e., a training trajectory has 5, 10 or 40 locations. The performance

of all three cases is comparable. The 10 time steps training trajectory has a slightly

better accuracy with the maximum error being only 2.9 m, compared with 3.5 m and

3.75 m in the case of 40 time steps and 5 time steps respectively.

The theoretical explanation is as follows. A location lj is defined as an ambiguous

point of li if their physical distance is larger than the grid size but their two vectors

fi and fj have high Pearson correlation coefficient above the correlation threshold.

Besides, two locations are defined as physical neighbours if the physical distance

between them is less than or equal to the grid size. The correlation threshold is

chosen based on the average correlation coefficients between li and all of its physical

nearest neighbours, i.e., approximately 0.9 in our database. Then all non-nearest-

neighbour locations whose correlation coefficient above this threshold are considered



69

as ambiguous points. Pearson correlation coefficient ρ(fi,fj) between fi and fj can

be calculated as follows

ρ(fi,fj) =
1

N − 1

N∑
n=1

(
F i
n − µi
δi

)(
F j
n − µj
δj

) (4.5)

where µi, µj are the mean of fi and fj respectively, δi, δj are the standard devia-

tion of fi and fj respectively. Similar to the definition of the ambiguous location, 2

trajectories are defined as ambiguous if they include different locations but the com-

binations of their fingerprints have a high Pearson correlation coefficient. Fig. 4.5

demonstrates the advantage of the proposed LSTM model which exploits the sequen-

tial trajectory locations compared with the conventional single point prediction. In

the case of single point prediction (1 location in a training trajectory), the average

number of ambiguous locations in our database are 27. If we increase the number of

locations in a trajectory for training, the number of ambiguous trajectories decrease

significantly. If a training trajectory has more than 8 locations, there will be no

ambiguity in our database. Therefore, our memory length configured before as 10

locations is reasonable to remove all of the ambiguity.

Number of Hidden Layers and Neurons

Fig. 4.6(a) illustrates the average localization errors of P-MIMO LSTM with different

number of hidden layers and neurons per layer. In general, the model with 2 hidden

layers has better accuracy than the model of 1 hidden layer. Regarding the 1 hidden

layer model, 200 neurons lead to the best accuracy of 0.85±0.72 m. Increasing more

neurons does not result in performance gain. By comparison, the best accuracy of 2

hidden layers model is 0.75±0.64 m when the number of neurons per layer is 100. In

summary, 2 hidden layers and 100 neurons per layer are the optimal parameters for

our proposed LSTM network.
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(a)

(b)

(c)

Figure 4.6: (a) Average localization errors of P-MIMO LSTM with different num-
ber of hidden layers and neurons per layer. (b) Learning curve of P-MIMO LSTM
with the number of training trajectory samples vs the average localization error. (c)
Learning curve of P-MIMO LSTM with the number of running epochs vs the average
localization error (the training trajectory samples = 104).

Number of Training Trajectories and Training Epochs

The learning curve can determine the minimum required number of training trajectory

samples and training epochs for the proposed RNN models. Fig. 4.6(b) shows the

relationship between the training and validation testing errors vs. the number of
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Table 4.4: Different learning rates and optimization algorithms
Optimization algorithm Learning rate Average Error (m)

Adam 0.01 1.0 ± 0.78
Adam 0.001 0.75 ± 0.64
Adam 0.0001 0.80 ± 0.62
SGD 0.01 1.52 ± 1.32
SGD 0.001 1.92 ± 1.52
SGD 0.0001 1.85 ± 1.25

RMSProp 0.01 1.05 ± 0.95
RMSProp 0.001 0.88 ± 0.72
RMSProp 0.0001 0.85 ± 0.68

Table 4.5: Different dropout rates
Dropout rate Average Error (m)

0.1 0.72 ± 0.68
0.2 0.75 ± 0.64
0.3 0.87 ± 0.74
0.4 0.92 ± 0.73

training trajectory samples of the proposed P-MIMO LSTM model. According to

Fig. 4.6(b), overfitting will be mitigated if the number of training samples increases

to 104. Therefore, 104 is the minimum number for the random training trajectories to

feed to P-MIMO LSTM in the training phase. Fig. 4.6(c) illustrates the relationship

between the training and cross-validation errors vs. the number of running epochs

of P-MIMO LSTM when the training trajectory samples is 104. When the cross-

validation error is at a minimum on the graph, the minimum number of epochs is

approximately 1,000.

Learning Rate, Optimization Algorithm and Dropout Rate

Table 4.4 shows the localization errors when the learning rates and optimization

algorithms are varied. The other parameter settings still follow Table 4.2. Clearly,

optimizer ADAM with the learning rate 0.001 provides the best results with the

average error being 0.75±0.64 m. Table 4.5 demonstrates the accuracy of different

dropout rates. With the dropout rate equals or less than 0.2, the performance of
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Figure 4.7: The CDF of the localization error of P-MIMO LSTM and the other
methods in literature.

P-MIMO LSTM is mostly unchanged, i.e., 0.72±0.68 m at a dropout rate of 0.1 and

0.75±0.64 m at a dropout rate of 0.2. After the dropout rate increase above 0.2, the

accuracy is deteriorated and reaches the bottom of 0.92±0.73 m at a dropout rate of

0.4.

4.5.4 RNNs Comparison

Fig. 4.4(d) compares the performance between vanilla RNN [66], LSTM [10], GRU [11],

BiRNN, BiLSTM [12] and BiGRU [13]. All of the settings follow Table 4.2. Al-

though the gap between these systems are close, LSTM still consistently has the

best performance with the average error at 0.75±0.64 m compared to 1.05±0.77 m

of RNN, 0.80±0.70 m of GRU, 0.95±0.77 m of BiRNN, 0.89±0.75 m of BiLSTM and

0.93±0.81 m of BiGRU, respectively. While 80% of the errors of RNN and BiLSTM

are all within 1.5 m, the ones of LSTM and GRU are within 1.2 m. Some explanations

are as follows.

Regarding vanilla RNN, there is a disadvantage of vanishing gradient at large

T [71]. Therefore, RNN has difficulty to learn from the long-term dependency, i.e,

T = 10 in our case. Unlike the traditional RNN, both LSTM and GRU are able
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to decide whether to keep the existing memory from the past by their gates, i.e,

forget gate in LSTM and reset gate in GRU. Intuitively, their performances in our

experiment are both better than vanilla RNN because if LSTM and GRU detect

an important feature from an input sequence at early stage, they easily carry this

information over a long distance and capture potential long-distance dependencies.

Furthermore, GRU is a simpler version of LSTM, which means that some of the

feature of LSTM are reduced in GRU, e.g., the exposure of the memory content

control [71]. Therefore, LSTM has a slightly better performance than GRU. For the

bidirectional models including BiRNN, BiLSTM, BiGRU, they use both historical

and future information, i.e., the initial location and the last location to predict the

current location. In this chapter, we assume only the very first location of each

trajectory is known. As the ground truth of the last location is not incorporated,

error is introduced into the bidirectional models. Therefore, the bidirectional models

are not favorable in our work.

4.5.5 Literature Comparison

Fig. 4.7 compares the proposed P-MIMO LSTM with the feed-forward neural network

MLP [62], multi-layer neural network (MLNN) [64] and the other conventional meth-

ods including KNN-RADAR [21], probabilistic Kernel method [46] and Kalman fil-

ter [24]. In our experiments, we simply redo the MLP and MLNN methods in [62,64].

The MLP model has three layers with only one 500-neurons hidden layer. By com-

parison, MLNN has five layers, i.e., 1 input layer, 3 hidden layers with 200, 200 and

100 neurons respectively per layer and 1 output layer. The input of those memoryless

methods is a single RSSI vector (11 RSSI readings) of a specific location, the output

is a single location. In opposite, the input of P-MIMO LSTM is a trajectory with

T RSSI vectors (11×T RSSI readings) from T time steps, the output is a trajectory
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Figure 4.8: Average localization errors with the error bars of P-MIMO LSTM and
SRL-KNN in changing speed scenarios

including T output locations. P-MIMO LSTM clearly outperforms MLP with the

maximum error of 3.4 m compared with 5.5 m of MLP. 80% of LSTM model errors

are within 1.2 m, which is much lower than 2.7 m of MLP. The maximum errors of

conventional methods such as RADAR, Kalman filter and Kernel method are more

significant 4.8 m, 5.0 m and 4.50 m, respectively. Besides, 80% of the errors of those

methods are all within around 2 m, 1.7 times higher than the proposed LSTM model.

Table 4.3 lists the average errors between LSTM models and the other mentioned

methods. Clearly, the accuracy of P-MIMO LSTM with 0.75 m dominates the other

conventional feed-forward neural networks with 1.65 m of MLNN [64] and 1.72 m of

MLP [62].

4.5.6 Further Discussion

Three Challenges of WiFi Indoor Localization

As mentioned in Section 4.1, the proposed LSTM models can address three challenges

of WiFi indoor localization. Subsection 4.5.3 has demonstrated that LSTM adopts

a sequential measurements from several locations in the trajectory and decreases

significantly the spatial ambiguity (first challenge). In addition, RSSI instability
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Table 4.6: Average localization errors of UJIIndoorLoc database
P-MIMO LSTM RADAR [21] MLNN [64] Kalman Filter [24] MLP [62]

Building 0 (m) 4.5 ± 2.7 7.9 ± 4.9 7.6 ± 4.2 8.2 ± 5.0 9.2 ± 5.8
Building 1 (m) 4.0 ± 3.8 8.2 ± 4.9 7.5 ± 3.3 8.4 ± 3.9 7.4 ± 4.4
All buildings (m) 4.2 ± 3.2 8.1 ± 4.9 7.5 ± 3.8 8.2 ± 4.7 8.2 ± 5.2

(second challenge) and RSSI short collecting time per location (third challenge) create

the diverse values of RSSI readings in one location, which can lead to more locations

having similar fingerprint distances. The proposed LSTM models can effectively

remove the number of false locations which are far from the previous points based

on the series of the previous measurements and predictions. Therefore, the adverse

effects of the second and third challenge can be mitigated.

Training Time Requirement

Compared with other conventional methods, e.g., KNN-RADAR [21], probabilistic

Kernel method [46] and Kalman filter [24], the proposed RNN method outperforms.

However, those conventional methods do not require the training phase, which com-

pares the current RSSI measurement with the ones in the database to get users

locations directly. In contrast, the proposed RNN methods require to train the neu-

ral network model beforehand. In the training phase, RNN models will adjust the

internal weights and use those weights to instantly predict the users location in the

testing phase. The learning curve can determine the minimum required training time

for the proposed RNN models. From Subsection 4.5.3, the optimal training trajec-

tory samples is 104 and the optimal number of epochs is approximately 1,000 for 1

fold test. In the experiment, our training server configuration is AMD FX(tm)-8120

Eight-Core CPU and Nvidia GTX 1050 GPU. For 1 epoch, the running time is ap-

proximately 4 s. Therefore, the minimum optimal time for 1 fold test of the proposed

RNN network to get the good accuracy is 4×1000 = 4000 s (∼= 1 hour and 6 minutes).

In practical scenario, the more APs are used, the more RSSI features can be
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extracted, leading to the better performance. However, increasing the number of

APs also creates more computational cost and extends the training time. [73] suggests

to use LSTM with projection layer (LSTMP) to reduce the computational cost by

adding a linear projection layer after the LSTM layer. Furthermore, LSTMP was

reported helpful to error rate reduction because parameter reduction helps the LSTM

generalization. In the future work, when the number of APs are increased to achieve

better accuracy, the idea of LSTMP can be applied to reduce the training time of our

RNN models.

Changing Speed Scenario

Some conventional short-memory methods such as Kalman filter [24], SRL-KNN [8]

have the constraints about the speed of the users. If the users change their speed

rapidly, the localization accuracy of those methods will be affected severely. In con-

trast, the proposed LSTM network is trained with random trajectories as described

in Subsection 4.3.2 with no strict constraints about the speed of the users, so it can

handle the changing speed scenarios. Fig. 4.8 illustrates the average errors of the

proposed P-MIMO LSTM and SRL-KNN using RSSI mean database with parameter

σ = 2 m [8]. The number of testing points are 344 locations following the backward

and forward trajectory like Fig. 2.1. The maximum speed is the instant speed of

the robot between 2 random consecutive testing locations in a sampling time interval

∆t. The number of locations having the maximum speed are 50% of the total testing

points (172 locations). The rest of the locations have a random speed smaller than

the maximum speed. When the maximum speed increases from 0.5 m/s to 2.5 m/s,

the average errors of LSTM model stays stable around 0.85±0.75 m. On the other

hand, SRL-KNN starts from the comparable result as P-MIMO LSTM with 0.90 m

in the case of 0.5 m/s. After the maximum speed increases to above 1.5 m/s, the
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Figure 4.9: Average correlation coefficient between different time trajectory tests and
the database.

accumulated errors appear and the accuracy of SRL-KNN is significantly degraded

to be above 3 m with the large variation being above 5 m.

Tests At Different Time Slots

The proposed RNN methods first learn the RSSI range characteristics of the environ-

ment offline in a prior training phase before using the learned characteristics during

the testing phase. Therefore, the initial data in the training phase might not have the

same distribution with the data in the testing phase. In our experiment, we address

that problem with the support of our autonomous robot as shown in Fig. 4.1(a). The

robot is programmed to repeatedly run around the experimental area and collect the

new data to update the database in different hours and days. The proposed RNN

networks are trained with a wide variety of data reflecting the different characteristics

of the environment at different time periods. Fig. 4.9 illustrates the Pearson correla-

tion coefficients between different time trajectory tests and the appropriate neighbour

locations in our database. We repeatedly collect the testing trajectory with 175 loca-

tions as shown in Fig. 2.1(a) at 18 random hours. The correlation coefficients range

from 0.7 to 0.9, which proves that we can always find similarly distributed data in

the database corresponding to each single test. Furthermore, according to the survey
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Figure 4.10: CDF of P-MIMO LSTM localization errors in different historical data
error scenarios.

in [47], the percentage of stationary time when a user is not moving can exceed 80%

for most mobile users. Some of the locations falling in the stationary period can

serve as the anchor points to re-calibrate the network in the testing phase [74]. On

the other hand, if other sensors such as camera are available, the additional data can

help to increase the estimation accuracy of locations in the trajectory [74]. A detailed

study of these issues are out of the scope of this chapter but will be addressed in our

future work.

Stability and Robustness

Since P-MIMO LSTM leverages the information of a user’s previous positions to esti-

mate the current location, the stability of P-MIMO LSTM depends on the accuracy of

historical data from the previous steps. In order to investigate the propagation error

due to the imperfect prior location estimation, Fig. 4.10 illustrates the localization er-

rors of P-MIMO LSTM with both the ideal and erroneous history data. Starting with

the perfect historical coordinate h(x, y) for every location in the testing trajectory,

an amount of Gaussian error is added to h. The erroneous prior location h′(x′, y′)
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Figure 4.11: Localization error CDF of UJIndoorLoc database for all buildings

is obtained as: x′ = x + xe , y
′ = y + ye, where xe and ye are random variables that

follow Gaussian distribution

xe ∼ N (0, σ2
xe) ; ye ∼ N (0, σ2

ye) ; γe =
√
σ2
xe + σ2

ye

Fig. 4.10 shows that if the standard deviation error γe of the historical data is within

2 m, the localization accuracy is mostly similar to the ideal case, with a maximum

error of 3.5 m and 80% of the error is 1.5 m. When γe increases to 4 m and 6 m,

the accuracy becomes slightly worse with the maximum errors being around 5 m and

80% errors being around 1.80 m and 2.3 m, respectively. As shown in Table 4.3, the

average errors of P-MIMO LSTM is within 1 m, i.e., 0.75 ± 0.64 m, which indicates

that our proposed P-MIMO LSTM is robust to the localization error of the previous

positions.

4.5.7 Other Database Comparison

The consistent effectiveness of the proposed LSTM system is proved by the published

dataset, UJIIndoorLoc [48]. The reported average localization error in [48] is 7.9 m.

The database from 2 random phone users (Phone Id: 13, 14) in 2 different buildings
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(Building ID: 0 and 1) are used to implement P-MIMO LSTM. Note that the grid size

of UJIIndoorLoc is different from the collected database and so is the average localiza-

tion error. However, the relative accuracy comparison between the proposed LSTM

and conventional KNN, e.g., RADAR [21] and Kalman filter [24] or feed-forward

neural network, e.g, MLP [62] and MLNN [64] can verify the effectiveness of our al-

gorithm. Table 4.6 shows the average errors in meter of P-MIMO LSTM, RADAR,

Kalman filter, MLP and MLNN for each separate building and for all 2 buildings

in general. For all 2 buildings, the average error of P-MIMO LSTM is 4.2±3.2 m,

significantly lower than the result of RADAR 8.1±4.9 m, MLNN 7.5±3.8 m, Kalman

filter 8.2±4.7 m and MLP 8.2±5.2 m. Furthermore, Fig. 4.11 compares the CDF of

localization errors between those methods. In total, a 11.5 m maximum localization

error is recorded for P-MIMO LSTM, 22 m for MLNN and the largest maximum

localization error of 28 m for RADAR. Besides, 80% of the error is below 7 m in the

case of P-MIMO LSTM, which is much lower than 12 m in the case of MLP, MLNN

and RADAR.

4.6 Conclusions

In conclusion, we have proposed recurrent neural networks for fingerprint indoor lo-

calization using WiFi. Our RNN solution takes into account the relation between a

series of the RSSI measurements and determines the user’s moving path as one prob-

lem. Experimental results have consistently demonstrated that our LSTM structure

achieves an average localization error of 0.75 m with 80% of the errors under 1 m,

which outperforms feed-forward neural network, conventional methods such as KNN,

Kalman filter and probabilistic methods. Furthermore, main challenges of those con-

ventional methods including the spatial ambiguity, RSSI instability and the RSSI
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short collecting time have been effectively mitigated. Besides, the analysis of vanilla

RNN, LSTM, GRU and BiLSTM with important parameters have been discussed in

details, i.e, loss function, memory length, input and output features, etc.
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Chapter 5

A CNN-LSTM Quantifier for

Single Access Point CSI Indoor

Localization

5.1 Introduction

The previous chapters show that many WiFi fingerprinting localization systems rely

on RSSI, which can be obtained from most WiFi receivers such as mobile phones,

tablets, laptops, etc., [17]. However, in order to locate the accurate positions of users

using RSSI, a large number of access points (APs) are required. For example, 6 APs

were used in SRL-KNN [8] and 15 APs in DANN [19]. Because of the rapid changes

in indoor environments, such as shop renovations or mall upgrades, a large number

of APs for indoor localization purpose are not always feasible [75]. Furthermore, in

practical scenario, many small areas have only a single available AP such as in a small

store, local pharmacy or classroom, which is impossible to use only RSSI for accurate

localization. In order to address that problem, CSI is adopted in this chapter. In
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contrast to having only one RSSI per packet, multiple CSI values co-responding to

different subcarriers can be obtained at one packet. The rich information in CSI

enables localization with a single AP. This chapter explores the algorithm to locate

a mobile device using a single WiFi AP in an indoor environment.

CSIs are complex numbers. Therefore several features such as amplitude, phase

and time of arrival (ToA) can be utilized. Using CSI amplitude, FILA [58] estimates

the signal strength distribution for each AP at each location based on the total power

of all CSI subcarriers. After the database is constructed, a probabilistic method

with Bayes’ rule will estimate the user’s location in the testing phase. The experi-

ment shows that FILA achieves a 40% improvement in accuracy compared with RSS

based Horus [23]. Because the summation of the subcarriers’ power in FILA [58]

has the drawback of losing the diversity information, DeepFi [61] proposed a novel

deep learning system directly utilizing the CSI amplitudes. In the training phase,

the deep learning approach exploits the CSI amplitudes from multiple subcarriers

to train the network weights and uses them as fingerprints. In the testing phase, a

probabilistic method based on the radial basis function (RBF) is used to obtain the

user’s location. With only one AP being utilized, DeepFi has the best accuracy of

0.94±0.56 m which outperforms several existing RSS and CSI based schemes. Dif-

ferent from DeepFi, ConFi [5] organizes the CSI amplitudes into a time-frequency

matrix that resembles CSI images. These images are the fingerprint features for each

location. ConFi models localization as a classification problem and addresses it with

a five-layer CNN that consists of three convolutional layers and two fully connected

(FC) layers. In [14], the enhanced models of FILA and ConFi with an additional

semi-sequential step are proposed to boost up their performance by around 25%.

Beside the amplitude, CSI phase is also widely utilized for localization. For ex-

ample, PhaseFi [76] first extracts the raw phase value from the complex CSI and
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removes the offset through linear transformation to get the calibrated phase. A deep

network with three hidden layers is adopted to train the calibrated phase data, and

probabilistic Bayes is used for location estimation. Instead of using the coarse phase

value directly as in PhaseFi, CIFI [77] extracts the phase of CSI to estimate the phase

differences between two adjacent antennae or the angle of arrival (AoA). AoAs are

constructed in a form of image to feed to deep convolutional neural networks (DCNN)

for indoor localization. The best accuracy of these methods is around 1.0±0.4 m [76].

In BiLoc [7], Wang et al. combine both average CSI amplitudes over pairs of an-

tennae and estimated AoAs to form a bi-modal data. A complicated network that

incorporates deep autoencoder, restricted Boltzmann machine along with radial basis

function is utilized to estimate the user’s position. The method is implemented in a

total of 25 testing points in two different environments including a computer lab and

a corridor, with a best accuracy of 1.5±0.8 m.

Based on CSI, some research works can exploit ToA to locate the user’s position by

trilateration method [78,79]. In [78], a set of algorithms named Chronos is proposed

to estimate the ToA relying on the phase values after inverse fast Fourier transform

(IFFT) of the original CSI. A hopping method between multiple frequency bands is

utilized to increase the accuracy of estimated ToA. Based on the experimental results,

Chronos achieves 0.47 ns median time-of-flight error, corresponding to a physical

localization accuracy of 14.1 cm. Ref. [79] estimates ToA with the super-resolution

algorithm [80] by transforming the CSI to time domain pseudospectrum, and TOA

being obtained by detecting the first peak of the pseudospectrum in the delay axis.

The minimum resolution [79] is 10 ns, corresponding to a physical distance of 3 m.

Up to date, only a few specific wireless network interface cards (NIC) are able to

provide CSI readings. These include Intel WiFi Link 5300 MIMO NIC, and devices

built on Atheros AR9390 or AR9580 chipset [7]. Recently, Schulz [81] have developed
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Table 5.1: Comparisons of indoor localization experiments using CSI
Method Feature Access point (AP) Reference point (RP) Testing Point Testing Selection Accuracy
FILA [58] Amplitude 1-3 28 - Fixed 0.4 m to 1 m
DeepFi [61] Amplitude 1 50 30 Fixed 0.94 ± 0.56 m
ConFi [5] Amplitude 1 64 10 Fixed 1.3 ± 0.9 m
PhaseFi [76] Phase 1 38 12 Fixed 1.0 ± 0.4 m
CIFI [77] Phase 1 15 15 Fixed 1.7 ± 1.2 m
BiLoc [7] Amplitude & Phase 1 25 25 Fixed 1.5 ± 0.8 m
Proposed CNN-LSTM Amplitude 1 1,185 195 Random See Table. 5.5

Nexmon, a firmware patching framework for Nexus 5 smartphone. Nexmon can ex-

tract the CSI data from the PHY and send them to the user’s interface through UDP

frames.

Despite of extensive investigation, some of the following issues still exist in all of

the above methods.

1 Previous CSI experiments were limited by the insufficient number of reference

points (RPs) and testing points per unit testing area as the measurements on

the RPs are conducted manually. Table 5.1 compares the experimental areas

and results between different algorithms. The largest number of RPs is 64 in

ConFi [5], and that of testing points is 30 in DeepFi [61]. As the localization

accuracy is determined by the density of the RPs in the target area, the per-

formances of the reported algorithms are limited. Further, due to the limited

number of measurements conducted manually, the previous works select fixed

testing points or even on the same spots of the RPs and treat the localization

as a classification model, which further departs the model generalization from

practical cases although its accuracy appears to be high compared to practical

scenarios. A detailed comparison with closer-to-real dataset will be presented

in Table 5.5.

2 The influence of CSI fluctuations are essential to localization accuracy but rarely

investigated in past research. With the presence of a human, CSI readings from

a subchannel can decrease (or increase) significantly [82]. As a result, CSI
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fingerprints in the database may not match the instant CSI readings in the

testing phase.

3 The information of the previous time steps in user’s trajectory has not been

exploited to enhance localization. Since the moving speed of the user in an

indoor environment is bounded, the historical data from previous steps can

provide useful information to predict the current user’s location.

To address the first issue, we use an autonomous robot to conduct extensive measure-

ments in different time slots. Since the automated procedure enables us to acquire a

lager number of data, there is no need for us to limit the testing point position to be

the same as the reference point or at fixed poistions that are a priori known. In our

experiments, the testing points are selected anywhere in the target area and estimated

through a quantification model. This approximates well to the random walk of a user

in a real scenario compared to the previous research. With the sufficient amount of

data, not only the changes of CSI through time can be fully analyzed, but also the

more comprehensive solutions can be constructed to handle the fluctuation of the

CSI. Regarding the last 2 issues, this chapter combines convolutional neural network

(CNN) and long-short term memory network (LSTM). CNN extracts the spatial fea-

tures from several CSI readings, and then LSTM will exploit them in sequential time

steps to determine the user’s location. These CSI images can be either amplitude,

phase or ToA. However, CSI phase is prone to noise and random fading [61]. There-

fore, complicated preprocessing is needed before using it as a feature [5]. Besides, it

is difficult to get accurate ToA which is only meaningful when the line of sight (LOS)

exists. In order to avoid heavy preprocessing, CSI amplitude is a more suitable fin-

gerprint for our proposed method. The proposed algorithm will be tested with the

collected CSI from 2 independent devices, i.e, Intel WiFi 5300 NIC card installed in

a laptop and Nexus 5 smartphone.
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5.2 Proposed Method

5.2.1 Localization Scene Overview

The fingerprinting localization system is generally divided into two phases: a training

phase and a testing phase. In the training phase, CSI at each predefined reference

point (RP) are collected and stored to a database as fingerprints. Only 1 single AP

is used along with M collected RPs in the area of interest. Each RP i at its physical

location li(xi, yi) has a corresponding CSI from multiple antennae and multiple sub-

carriers. A single CSI is a complex number with amplitude and phase. However, the

phase of CSI is noisy due to fading effects and frequency offset [5,61]. Therefore, only

CSI amplitude is utilized in this chapter. In each measurement at RP i, we group H

number of CSI amplitude measurements with W subcarriers to construct an H ×W

matrix

Ã(li) =



A11
i A12

i . . . A1W
i

A21
i A22

i . . . A2W
i

...
...

. . .
...

AH1
i AH2

i . . . AHWi


. (5.1)

Here, Ahwi is the CSI amplitude value of the subcarrier w in the measurement h at RP

i. Matrix Ã(li) has the form of an H ×W image, which contains the WiFi channel

information of location i. Therefore, in the rest of the chapter, Ã(li) is called a CSI

image of location i. During the training phase, a large number of CSI images (W1)

are collected at a single RP while in the testing phase, only a small number of CSI

images (W2), are available as the user is expected to frequently moving in practical

scenario. In the testing phase, each unknown location of the user, denoted as a testing

point, is determined by the localization algorithm.
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5.2.2 CNN-LSTM Overview

CNN is a deep learning architecture. It has been successfully used in computer

vision and activity recognition [83]. By using convolutional kernels, CNN has been

proved to be an effective technique in image classification [84]. There are 3 main

types of layers in a typical CNN, including convolutional, max pooling, and fully

connected layers. The convolutional layer can obtain useful spatial features from

an image, while the max pooling layer shrinks the size of the image to reduce the

computational complexity. Finally, the fully connected layer can convert the image

to a one-dimension vector to train the data.

RNN is explained in Chapter 4 with the implementation of various types of RNN,

including vanilla RNN, LSTM and all their related bi-directional models for indoor

localization. Based on the extensive experiments using WiFi RSSI, we concluded in

Chater 4 that LSTM provides the best accuracy among all. Therefore, in this chapter,

we use LSTM as our sequential model. In the following section we will describe details

about our proposed WiFi CSI indoor localization system using the combination of

CNN-LSTM model.

5.2.3 Proposed Localization System

The architecture of the proposed CNN-LSTM system is presented in Fig. 5.1(a). The

detailed CNN-LSTM model is shown in Fig. 5.1(b). The CSI data for both training

and testing will be collected with the support of an autonomous robot. Details of the

process will be described as follows.

CSI Filter And Normalization

By using the modified firmware released for Intel WiFi 5300 NIC card [60] and for

Nexus 5 smartphone [81], the mobile devices can get one CSI reading per beacon frame
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Figure 5.1: (a) Localization process of the proposed CNN-LSTM system. (b) Pro-
posed CNN-LSTM model. (c) CSI images before and after applying filter and nor-
malization.

or data frame. Although this CSI provides rich information from multiple subcarriers,

it is sensitive to the change of environments such as human blocking and movements,

interference from other equipment and devices, receiver antenna orientation, etc., [82].

In order to filter out the outliers caused by the interference and make the measurement

more stable, we adopt the median filter [85] for every subcarrier (every column of an

CSI image). Then an important normalization process is applied to get cleaner data

from the original image. Firstly, the original average amplitude of each image at each

location li is calculated as

Ai =

∑h=H
h=1

∑w=W
w=1 Ahwi

H·W
. (5.2)
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The set of average amplitude of every location in a training database is saved in

an array {A1, A2, . . . , AM}. The maximum value in the set is denoted as Amax at

location lmax. Secondly, every CSI measurement at every location (row of the CSI

image) is normalized by the min-max normalization method. In each row h of the

image, among W subcarriers, the minimum amplitude is denoted as

Min(Ahwi ) = min([Ah1
i , A

h2
i , . . . , A

hW
i ]) and maximum amplitude is denoted as

Max(Ahwi ) = max([Ah1
i , A

h2
i , . . . , A

hW
i ]). The normalized amplitude of a single

pixel at row h, column w of the CSI image at location li is given by

Âhwi =
Ahwi −Min(Ahwi )

Max(Ahwi )−Min(Ahwi )
. (5.3)

The normalized CSI image at a location will become

˜̂
A(li) =



Â11
i Â12

i . . . Â1W
i

Â21
i Â22

i . . . Â2W
i

...
...

. . .
...

ÂH1
i ÂH2

i . . . ÂHWi


. (5.4)

Finally, in order to preserve the original power of the image, the CSI image at each

location li is normalized again with the pre-calculated average amplitude set given

by

˜̂
A(li) =

˜̂
A(li)

Ai
Amax

. (5.5)

Fig. 5.1(c) illustrates an example of CSI images collected by Intel WiFi 5300 NIC

card before and after applying the filter and normalization process. There are noisy

readings (scattered rows), caused by the fluctuation of the CSI amplitude, inside the

original CSI image. However, after the median filter and normalization process, the

quality of CSI image is improved with more consistent amplitude. The more detailed
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performance analysis will be discussed more in Subsection 5.4.

Proposed CNN-LSTM Model

The proposed CNN-LSTM architecture is trained by the CSI images from consecutive

locations in a trajectory to exploit the time correlation between them. Each location

in a trajectory appears in one different time step. The length of a trajectory, or

equivalently, the number of time steps, defines the memory length T as illustrated

in Fig. 5.1(b). Because all weights and hidden state values will be saved in every

time step in a training trajectory [70], the number of time steps T impacts the per-

formance of LSTM and CNN-LSTM model. Larger T reveals more information from

the past but accumulates more errors on prediction [59]. Under the constraints that

the distance between consecutive locations is bounded by the maximum distance a

user can travel within the sample interval in practical scenarios, the CNN-LSTM

training trajectories are randomly generated based on the method proposed in [59].

There are two main layers in our CNN-LSTM model (Fig. 5.1(b)) including CNN

and LSTM layers. While the input of CNN layer is the CSI image from locations in a

trajectory, the input of LSTM layer is the output of the previous CNN layer. In other

words, CNN will extract the CSI information from spatial domain, whereas LSTM will

further exploit that information in the temporal domain. With the information from

both domains, the ambiguity of CSI data is significantly mitigated. Subsection 5.4

will show experimental results to demonstrate this mitigation.

The objective of CNN-LSTM training is to minimize the loss function L(l̂, l̃)

which penalizes the Euclidean distance between the output l̂ and the target l̃. Then

the backpropagation algorithm uses the chain rule to calculate the derivative of the

loss function L and adjusts the network weights by gradient descent [70]. In [86],

Valente et al. show that CNN-LSTM model should be trained separately, instead of
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using only one common output and one loss function. Therefore, the training of our

proposed network is divided into two phases. In phase 1, the CNN layer is trained as

a quantification model with CSI images in the database and the loss function mean

square error (MSE) described as

L(l, l̃) = ||l− l̃||2. (5.6)

The output of the final FC layers in CNN (cT ) is extracted and fed to the input

of LSTM (Fig. 5.1(b)). In phase 2, the trajectory of CNN output spatial features,

{c1, c2, . . . , cT}, from T time steps is used for LSTM training. The loss function of

this phase is still MSE but for T time steps following MIMO-LSTM model [59] as

L(l̂, l̃) =

∑T
i=1 ||l̂i − l̃i||2

T
. (5.7)

5.3 Database And Experiments

All experiments have been carried out again on the third floor of Engineering Office

Wing (EOW), University of Victoria, BC, Canada. The dimension of the area is 21 m

by 16 m. It has three long corridors as shown in Fig. 5.2(a). The CSI fingerprints for

both training and testing are collected using an autonomous driving robot. The 3-

wheel robot (Fig. 5.1(a)) has multiple sensors including a wheel odometer, an inertial

measurement unit (IMU), a LIDAR, 3 sonar sensors and a color and depth (RGB-D)

camera. It can navigate to a target location within an accuracy of 0.21±0.02 m.

During the experiments, the robot carried the mobile devices (a Google Nexus

5 smartphone and a Thinkpad T520 laptop equipped with an Intel 5300 NIC) to

collect CSI. There is only 1 AP (TPlink AC1750) in the experimental area, operating

in channel 36 with a 5 GHz frequency band. Fig. 5.2(b) illustrates the heat map
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(a) (b)

t=0

(c)
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Figure 5.2: (a) Floor map of the CSI test site. The solid blue line is the testing
trajectory with blue arrows pointing toward walking direction. (b) Heat map of AP
RSSI signal collected from Intel 5300 NIC and Nexus 5 phone. (c) Collected CSI image
from Intel 5300 NIC at location (0,0) in 2 different time. (d) Collected CSI image
from Nexus 5 phone at location (0,0) in 2 different time. (e) Correlation coefficient
of the collected CSI images at location (0,0) along 7 hours.

of the RSSI collected from the Intel 5300 NIC and Nexus 5 smartphone, where the

signal strength is represented by color. Clearly, the signals are stronger in the area

near the AP. The targeted AP can cover the area including one room (EOW 348)

and two corridors with 1185 RPs (pink stars) and 195 testing points (solid blue line).

There are 3 receiving antennae on the Intel 5300 NIC, while the smartphone has only

one receiving antenna. Therefore, as shown in Fig. 5.2(b), the RSSI signals from the

Intel card are stronger and more consistent than the ones from the smartphone.
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In the training phase, the robot stays at every RP to collect data for 2 minutes.

The CSI data is repeatedly collected in different days and at different time to build

the database. In the testing phase, the robot navigates along a pre-defined route

(Fig. 5.2(a)) at a speed randomly varying within 0.6-4.0 m/s to simulate the indoor

walking pattern of a normal person [40, 41]. There are 195 testing points in each

testing trajectory. The test experiment is conducted several rounds per day and

repeated in 3 different days. Day 1 test mainly targets the quiet time when the area

has fewer people (before 9 am and after 5pm). In contrast, during day 2 and 3 we test

the localization accuracy at steady time (working hours) and busy time when more

people moving around. Note that the validation data is collected at different time

from the training data but at the same RP locations, while testing point locations

are randomly selected to be different from all RPs in order to approximate our model

closer to practical situations. The user location is updated every ∆t =1-2 s.

5.4 Results And Discussions

5.4.1 CSI Sensitivity

The collected CSI data of each antenna of the Intel 5300 NIC include the IEEE

802.11n channel matrices for 30 subcarrier groups, which is about one group for every

two subcarriers at 20 MHz bandwidth [60]. Fig. 5.2(c) shows some examples of CSI

image in RP location (0,0) from this NIC with 1200 scans and 30 subcarriers for each

antenna (total 90 subcarriers). Using Nexmon modified firmware [81], we obtain 64

IEEE 802.11ac-subcarriers at bandwidth 20 MHz with 47 of them providing non-zero

CSI data from the only one receiving antenna on the Nexus 5 phone. Fig. 5.2(d)

illustrates the CSI images from the phone in the same location (0,0) with 200 scans

and 47 non-zero subcarriers.
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As mentioned in Subsection 5.2.3, although CSI provides rich information from

multiple subcarriers, it is sensitive to the change of environments especially the in-

terference of human blocking and movements. With the presence of a human, CSI

measurement from a subchannel can decrease (or increases) widely [82]. Fig. 5.2(e)

illustrates the fluctuation of CSI data collected from both Intel 5300 NIC and Nexus

5 phone in RP location (0,0) over 7 hours. The experiment was conducted in working

hours when many students (up to 10) used WiFi and moved around the area from

time to time. CSI images of both devices were sampled every half an hour and were

compared with the original CSI images collected at the start time (t = 0 h) using

Pearson coefficient [8]. Fig. 5.2(e) shows that CSI data of both devices are stable

during the long period of time from t = 1.5 h to t = 4.5 h, with high correlation

coefficients (around 80%). It is the period when students in the testing area mostly

sat down and studied. However, during the break time, when people started moving

around, CSI data changed significantly with the drop to 40% after 5 hours. Fig.

5.2(c), (d) illustrate the visualization of CSI images at t = 0 h and t = 5.5 h. We

observe significant change in the pattern of the images (the order of strong and weak

subcarriers) in both Intel 5300 NIC and Nexus 5. Therefore, CSI fingerprints in the

database might not match with the instant CSI readings in the testing phase because

they were collected at different time.

According to our knowledge, this important problem has been neglected in most

of the WiFi CSI localization research. This chapter is the first one that proposes a

feasible solution using an autonomous robot to do the extensive experiments in dif-

ferent time slots. With the sufficient amount of collected training data, the mismatch

between database and testing data is significantly reduced.
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Table 5.2: CNN Layer Parameters
Category Intel NIC Nexus 5

Training Data 47,400 CSI images 35,000 CSI images
Validation Data 23,700 CSI images 14,000 CSI images
Conv Layer 1 Input(30× 30× 3) Input(10× 47)

5× 5 kernels, 10 filters 5× 5 kernels, 10 filters
Conv Layer 2 Input(30× 30× 10) Input(10× 47× 10)

5× 5 kernels, 10 filters 5× 5 kernels, 10 filters
Conv Layer 2 Input(30× 30× 10) Input(10× 47× 10)

5× 5 kernels, 10 filters 5× 5 kernels, 10 filters
FC Layer 1 9000 neurons 4700 neurons
FC Layer 2 900 neurons 470 neurons

Training Output Location l̃(x,y) Location l̃(x,y)
Loss Function MSE MSE

Figure 5.3: CNN Layer Learning Curve (a) Intel 5300 NIC. (b) Nexus 5 Phone.

5.4.2 CNN Layer Analysis

As explained in Section 5.3, the user’s location will be updated every ∆t =1-2 s.

Therefore, the CSI data collected in the window time ∆t =1-2 s is utilized for CNN

layer training and validation. During ∆t, the NIC receives an average of 30 packets,
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Table 5.3: Initial setup parameters for RNN system
Category Intel NIC Nexus 5

Memory length (T ) 5 5
Model MIMO-LSTM MIMO-LSTM

Loss function MSE MSE
Hidden layer 900 neurons 470 neurons

Dropout 0.2 0.2
Optimizer Adam Adam

Learning rate 0.001 0.001
Training Data 30,000 trajectories 30,000 trajectories

Validation Data 15,000 trajectories 15,000 trajectories
σ 2m 2m
∆t 1s 1s

and each CSI packet has total 90 subcarriers from 3 receiving antennae. We consider

the data from each individual antenna as a channel of the CSI image, which creates

the testing CSI image size for the NIC as (30 × 30 × 3). On the other hand, the

smartphone only receives 10 scans during ∆t with only one single receiving antenna

and 47 subcarriers. Therefore, the CNN training CSI image size for Nexus 5 is

(10× 47).

The CNN model is constructed based on ConFi [5] with 3 convolutional layers

(Conv) and 2 FC layers. Table 5.2 shows the detailed parameters of the proposed

CNN structure for both NIC and smartphone. The differences between them are the

inputs of each layer and the number of neurons for the FC layers. There are 9,000

and 900 neurons respectively in the two FC layers for the Intel NIC, while 4,700 and

470 neurons in the case of using the Nexus 5 smartphone.

The number of training data for CNN layers are 47,400 images for the NIC and

35,000 images for the smartphone. There are 23,700 and 14,000 images respectively

for the validation. Fig. 5.3(a) and 5.3(b) illustrate the learning curves of CNN training

for the NIC and smartphone data. Both training processes converge at the localization

error around 1.7 m. For Intel 5300 NIC data, the proposed CNN model takes 100

epochs, while there are 300 epochs for the smartphone.

After training, CNN outputs spatial features, {c1, c2, . . . , cT}, of T CSI images
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Table 5.4: Average localization errors of CNN-LSTM
Intel NIC Nexus 5

Day 1 - Quiet Time (m) 2.3 ± 1.7 2.8 ± 2.1
Day 2 - Steady Time (m) 2.7 ± 1.7 3.1 ± 1.7
Day 3 - Busy Time (m) 2.6 ± 1.6 3.1 ± 2.2
Average (m) 2.5 ± 1.6 3.0 ± 2.0

Figure 5.4: Correlation coefficient of original CSI images before CNN and output
spatial features after CNN with Intel 5300 NIC dataset.

from T time steps, which are extracted from the output of the last FC layers (FC

layer 2). From every CSI image, there are 900 output spatial features for the NIC

and 470 features for the smartphone.

Fig. 5.4 shows the significant increase of the CSI data correlation in 422 random

RP locations after CNN layer. Each RP includes 120 CSI images collected at different

time. The average correlation coefficient ρ(li) at each location li is defined as

ρ(li) =

∑N
j=1

∑N
k=1 ρjk(li)

N2
. (5.8)

where N = 120 is the number of CSI images at location li, ρjk(li) is the Pearson

coefficient between the jth image and kth image of that location. Before CNN, due to

the CSI sensitivity explained in Subsection 5.4.1, the correlation between the original

CSI images at different time but the same location is as low as around 40%. However,

after CNN, the important spatial features are extracted from the original images

with the irrelevant information being removed. Therefore, the correlation between
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(a)

(b)

Figure 5.5: LSTM Layer Learning Curve (a) Intel 5300 NIC. (b) Nexus 5 Phone.

output spatial features increases to around 80%. Similar results are obtained from

the smartphone database. The CNN output spatial features, {c1, c2, . . . , cT}, of T

will be fed to the next LSTM layer for further processing in time domain.

5.4.3 LSTM Layer Analysis

The detailed parameters for our LSTM network is shown in Table 5.3. The LSTM

model follows MIMO-LSTM proposed in [59]. The inputs are multiple generated tra-

jectories containing CNN spatial features from T time steps. Based on the trajectory

generation method [59], 30,000 training and 15,000 validation trajectories are gener-

ated randomly under the constraints that the distance between consecutive locations

is bounded by the maximum distance (σ) a user can travel within the sample interval

∆t = 1 s. In the conducted experiments in [59], the authors show that the memory

length T = 5 and the other longer memory cases including T = 10 and T = 40
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Figure 5.6: Ambiguous locations in the database before and after CNN-LSTM process
with Intel 5300 NIC dataset.

provide comparable results. Therefore, the memory length here is chosen as T = 5.

The outputs include T time steps locations {l̂1, l̂2, . . . , l̂T}.

Fig. 5.5(a) and 5.5(b) show the learning curves of LSTM training for Intel 5300

NIC and Nexus 5 smartphone data. Both training processes converge at a localization

error around 0.3 m when the number of epochs reaches 100. It is also the localization

accuracy of the proposed method in the case when all of the testing points are the

same as reference points. However, in the real scenario, due to the random walk

behavior of users, that ideal case rarely happens. Therefore, in order to approximate

our method closer to practical situations, all of the reported results below are based

on the case when testing points are randomly selected whose positions are considered

to be a priori unknown.

5.4.4 Performance Analysis

The efficiency of CNN-LSTM layer with both space and time information is evident

from the reduction of the ambiguous locations in the database before and after CNN-

LSTM training presented in Fig. 5.6. A location lj is defined as an ambiguous point

of li if their physical distance is larger than the experimental grid size but their

fingerprints have high Pearson correlation coefficient above the correlation threshold.
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Figure 5.7: The CDF of the localization error of the proposed CNN-LSTM with Intel
NIC and Nexus 5 phone

In our experiment, the grid size is 0.5 m. Furthermore, the correlation threshold is

chosen based on the average correlation coefficients between li and all of its physical

nearest neighbours, which is approximately 0.8 in our database. Then all non-nearest-

neighbour locations whose correlation coefficient above this threshold are considered

as ambiguous points. The fingerprints before CNN-LSTM process is the original CSI

image, while the fingerprints after CNN-LSTM is the spatial output feature in T = 5

time steps. Pearson correlation coefficient for different fingerprints is explained in

details in [59]. Fig. 5.6 shows the number of ambiguous locations among random

200 RPs of Intel 5300 NIC database. Before CNN-LSTM process, there are many

locations sharing similar fingerprints (CSI images) with the average of ambiguous

locations around 12. The maximum number of ambiguous locations can be up to

more than 55. On the other hand, after extracting spatial and temporal information

from the original CSI images, the ambiguity reduces significantly. After CNN-LSTM

process, more than 80% of the locations do not have any ambiguous point, which

proves that their fingerprints become more distinguishable and unique. There are still

few locations having ambiguity but the maximum number of ambiguous locations are

only 10 points, which is 5 times smaller than the case before the CNN-LSTM process.
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Table 5.5: Average Localization Errors - Intel 5300 NIC
CNN-LSTM BiLoc [7] ConFi [5] FILA [58]

Day 1 - Quiet Time (m) 2.3 ± 1.7 3.7 ± 2.6 6.0 ± 3.8 5.2 ± 2.7
Day 2 - Steady Time (m) 2.7 ± 1.7 4.3 ± 3.0 6.2 ± 3.5 5.9 ± 3.2
Day 3 - Busy Time (m) 2.6 ± 1.6 3.7 ± 2.9 5.7 ± 3.2 5.4 ± 2.8
Average (m) 2.5 ± 1.6 3.9 ± 2.8 5.9 ± 3.5 5.5 ± 2.9

After the training, CNN-LSTM will be utilized for realtime localization tests.

Both the laptop with Intel 5300 NIC and Nexus 5 phone are mounted on the robot

which moves at the speed 0.6-4.0 m/s following the testing trajectory in Fig. 5.2(a).

Every ∆t =1-2 s, the server will receive CSI packets sending from both Intel NIC and

Nexus phone, to predict the current location. Fig. 5.7 shows the CDF errors of the

real testing results. Note again that all of the testing locations are placed randomly

and different from all RPs. There are in total 195 collected testing points in each

testing trajectory from continuously 3 different days in different time as explained

in Section 5.3. The CDF curves in Fig. 5.7 are the combination errors of all those

tests. The Intel 5300 NIC has better performance than the Nexus 5 phone with

80% of the localization error below 4 m compared with 5 m of the smartphone. The

maximum localization error of the smartphone can be up to 9 m, while the Intel

NIC’s maximum localization error is only around 8 m. Table 5.4 shows the average

localization errors of both devices in 3 days of tests. The accuracy of the Intel NIC

consistently outperforms the Nexus 5 phone with the average error being around

2.5±1.6 m and 3.0±2.0 m respectively. The main reason that makes the difference

in the performance is the number of antennae. The Intel NIC has 3 antennae, while

the Nexus 5 smartphone only has a single antenna. Therefore, the CSI information

containing in Intel NIC is more than in Nexus 5 phone, which leads to the more

accurate localization results.
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Figure 5.8: The CDF of the localization error of the proposed CNN-LSTM and the
other methods in literature.

5.4.5 Results Comparison

In order to confirm the effectiveness of our CNN-LSTM model, the proposed method

is compared with 3 other popular methods using CSI fingerprint including FILA [58],

ConFi [5] and BiLoc [7]. All of those models are implemented under the same test en-

vironment as explained in Section 5.3. Both FILA and ConFi leverage CSI amplitude.

FILA uses the probabilistic method with Bayes’ rule to estimate the user’s location,

while ConFi adopts a CNN model with 5 layers to classify the targeted location. In

contrast, BiLoc [7] uses both estimated AoAs and average amplitudes as input data.

The mixed network, including deep autoencoder, restricted Boltzmann machine along

with radial basis function, is used to get the bi-modal fingerprints. Finally, the user’s

location is determined by the probabilistic model with Bayes’ rule. In their research,

the CSI data are obtained from Intel 5300 NIC. Therefore, as a fair comparison, all

of the latter figures and tables are presented with Intel 5300 NIC database results.

Table 5.5 shows the average error comparison between the proposed method and

the three others. All experiments are conducted in 3 days with 195 testing locations,

and the proposed model consistently has dominant performance compared with all

other 3 approaches. CNN-LSTM has an average error around 2.5±1.6 m, nearly
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2.5 times lower than ConFi and FILA whose errors are 5.9±3.5 m and 5.5±2.9 m,

respectively. Furthermore, the accuracy of our proposed CNN-LSTM is also 50% bet-

ter than BiLoc which has an average error of 3.9±2.8 m. Besides, Fig. 5.8 illustrates

the CDF error comparison of all four methods. CNN-LSTM with the information of

both space and time reduces the maximum error significantly, from more than 17 m

of ConFi and 15 m of BiLoc to only 8 m of the proposed approach. Further, 80% of

the localization error of CNN-LSTM is below 4 m, which is much lower than that of

BiLoc with 6 m and around 8 m of both ConFi and FILA.

5.5 Conclusions

In conclusion, we have proposed a combined CNN-LSTM quantification model for ac-

curate single router WiFi fingerprinting indoor localization. Our CNN-LSTM network

extracts both spatial and temporal information of received CSI signals to determine

a user’s moving path. The extensive on-site experiments, with several mobile devices

including mobile phone (Nexus 5) and laptop (Intel 5300 NIC) in hundreds of testing

locations, have been presented. The experimental results have consistently demon-

strated that our CNN-LSTM structure achieves an average localization error of 2.5 m

with 80% of the errors under 4 m, which outperforms the other algorithms by at least

50% under the same test environment.
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Chapter 6

Practical Passive Indoor

Localization with WiFi

Fingerprints

6.1 Introduction

WiFi localization systems so far can be categorized into 2 types, i.e., active and passive

classes [16]. All of the previous chapters and the majority of literature work follow

the active model which collects WiFi signal from mobile device to infer the user’s

positions [8, 14]. This active localization class requires a dedicated software installed

on mobile devices to perform WiFi scanning and logging data for the localization

process [15]. On the other hand, in passive localization, there is no installed software

needed in user’s devices to obtain fingerprint data. Instead of that, the localization

process is fully implemented based on the information collected from WiFi access

points (APs) [16,17].

Because of its practicability, recently, WiFi passive indoor localization has been
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further investigated. In some research work, the user’s location can be determined

without the carry-on devices (device-free). Based on extracted channel state in-

formation (CSI) fluctuation from multiple APs induced by the presence of human

movement, Shi et al. [82] suggests a probabilistic scheme to track user’s location.

Sharing similar idea but using received signal strength indicator (RSSI) instead of

CSI, Liu et al. [17] can locate the position by matching the RSSI testing values and

the distribution properties stored in the database. Although the above device-free

passive localization methods seem to be convenient for users, the experimental area

is normally small and their accuracy is not high due to the unpredictable effects of

human interference with the original WiFi patterns [87]. In order to have better lo-

calization resolution, recent researches tend to focus more on the scenario in which

the user carries mobile devices. Duan et al. [88] exploits data rate information of

all available APs as the utilized fingerprint with the assumption that the data rates

at different locations are different. In order to overcome the limitation of the low

resolution of WiFi data rate, their subsequent work [15] leverages other fingerprint,

namely, packet delivery ratio (PDR). PDR is defined as the proportion of request-

to-send (RTS) packets sent by an AP and the number of replied clear-to-send (CTS)

frames sent by the mobile devices. Furthermore, a special scheme with lowest-power

and highest-modulation is designed for APs transmission to achieve device-invariant.

Their method are tested with multiple mobile devices and has the average accuracy

2.5 m.

6.1.1 Device Heterogeneity

Signal strength heterogeneity is the primary problem of indoor localization in gen-

eral [89]. Because of the difference in power transmission and antenna design, mobile

devices can have different signal strength values, even they are in the same location [1].
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If the WiFi device used in the training phase is different from the target device in the

testing phase, the localization accuracy might be significantly affected [15]. There-

fore, there are several methods proposed to address heterogeneous problem. Some of

literature work tries to find special fingerprints which do not depend on the device

types, i.e., data rate [88], RSS ratio [90], RSSI difference [91]. However, in the real

scenario, under the power control mechanism, the number of frames or power sent

from a mobile device may vary significantly, which makes all of those fingerprints are

less reliable. On the other hand, other works propose the way to calibrate RSSI from

2 different devices. Ref. [89] maps 2 different signal strengths from 2 different devices

following linear model. However, in real situation, linear model might not always

work due to the non-linear characteristic of WiFi signal in fading environment. In

order to improve the calibration performance, Ref. [92] takes into account the RSSI

distribution rather than each single RSSI value. Kernel density function is used to

reduce the difference between 2 RSSI distributions from 2 different devices. The test

is conducted with 3 laptops and 2 phones in 18 RPs with the average accuracy being

around 2 m.

6.1.2 Indoor Localization Experiments

Table 6.1 summarizes the indoor localization experimental setup and results. The

number of APs, RPs and testing points vary among different experiments, the grid

size is defined as the average distance between two adjacent RPs. Among all the

indoor localization experiments, the largest number of APs is 15, which is presented in

DANN [19]. The largest number of RPs and testing points are 207 and 50 respectively,

which is presented in [62], whereas most experiments incorporates less than 100 RPs

with maximum 6 APs.
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Table 6.1: Indoor localization experimental schemes
Method Fingerprint Class Access point (AP) Reference point (RP) Testing Point Grid Size Accuracy
FILA [58] CSI Active 1-3 28 - - 0.4 m to 1 m
DeepFi [61] CSI Active 1 50 30 - 0.94 ± 0.56 m
ConFi [5] CSI Active 1 64 10 - 1.3 ± 0.9 m
PhaseFi [76] CSI Active 1 38 12 - 1.0 ± 0.4 m
CiFi [77] CSI Active 1 15 15 - 1.7 ± 1.2 m
BiLoc [7] CSI Active 1 25 25 1.8 m 1.5 ± 0.8 m
MLP [62] RSSI Active 6 207 50 1.7 m 2.8 ± 0.1 m
DANN [19] RSSI Active 15 45 46 2 m 2.2 ± 2.0 m
RELM [63] RSSI Active 8 30 10 3.5 m 3.7 ± 3.4 m
MLNN [64] RSSI Active 9 20 20 1.5 m 1.1 ± 1.2 m
DR Fingerprinting [88] DR Passive 4 18 47 5.9 m 3.4 m
PDR Fingerprinting [15] PDR Passive 8 60 - 3.3 m 2.6 m

6.1.3 Limitations of existing work

To summarize, although having been extensively investigated in the literature, all of

the above approaches have some limitations as follows.

1 All of the active localization approaches require a dedicated software installed

on mobile devices to perform WiFi scanning and logging data for the localiza-

tion process, which is inconvenient for users. On the other hand, the passive

localization is more practical but still not fully investigated with comprehensive

tests.

2 The existing localization experiments are limited by the insufficient number

of RPs and testing points per unit testing area as the measurements on the

RPs are conducted manually. As the localization accuracy is determined by

the density of the RPs in the target area, the performances of the reported

algorithms are limited. Further, due to the limited number of measurements

conducted manually, the previous works select fixed testing points or even on

the same spots of the RPs and treat the localization as a classification model,

which further departs the model generalization from practical cases.

3 The analysis of different working modes of the phones are mostly ignored. In

practical scenarios, the phones behave differently due to the requirement of

usage data, i.e., sending less WiFi frames in the idle mode and transmitting
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more aggressively if users browse website or watch online video. Therefore,

some existing passive indoor localization schemes, using data rate [88] or packet

delivery ratio [15] fingerprints, are severely affected by those changes in real

usage situations.

6.1.4 Contributions

To address the existing problems in literature, this chapter focuses on 2 most practical

passive indoor localization scenarios including idle and transmission modes. In the

idle scenario, the WiFi of the mobile device is on but the user is not using the phone

at the moment (e.g., the user is moving and putting the phone in their pocket).

Due to the limited sending frame in that mode, RTS/CTS mechanism is utilized to

frequently obtain the RSSI data for localization process. On the other hand, in the

transmission scenario, the mobile device is connected to an AP and sending data

frames (e.g., the user is watching online videos or browsing the web). Both of RSSI

and CSI fingerprints are available in this case.

The main contributions of this chapter are summarized as follows.

1 We present the first work which proposes comprehensive practical passive in-

door localization schemes with detailed analysis of different work modes of the

phone, i.e., idle, on-off screen, data transmission mode. Two most popular WiFi

indoor localization scenarios, including idle and transmission modes along with

RTS/CTS process utilization, are fully analyzed.

2 We propose several localization algorithms, which reasonably fit for each im-

plemented practical scenario, to achieve the highest localization accuracy. In

the idle scenario, SRL-KNN [8], P-MIMO LSTM [14] and SSP [59] are utilized

to leverage RSSI data. On the other hand, in the transmission scenario, along
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Figure 6.1: (a) Proposed Localization Process. (b) Idle Scenario. (c) Transmission
Scenario. (d) Captured packets of Samsung Galaxy S6 without RTS/CTS process in
idle scenario. (e) Captured packets of Samsung Galaxy S6 with RTS/CTS process in
idle scenario.

with RSSI, additional CSI data correlation is utilized to enhance the accuracy.

3 The proposed models are tested in an extensive autonomous experiment with

the support of the robot, which includes thousands of RPs, testing trajectories

and a variety of phone types such as Samsung Galaxy S6, HTC OneX, Iphone

X and LG Nexus 5.
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6.2 Proposed Passive Localization System

6.2.1 Proposed Localization Process

As shown in Fig. 6.1(a), the proposed localization system is divided into two phases:

a training phase and a testing phase. In the training phase, fingerprints at each

predefined RP location are collected from all available APs and stored in a database.

The fingerprints can be RSSI, CSI or both, depending on different usage scenarios.

We assume that the area of interest has P APs and M RPs. For each RP i at its

physical location li(xi, yi), a corresponding fingerprint vector is denoted as F (li) =

{F1(li), F2(li), ..., FN(li)}, where N is the number of available features and Fj(li), 1 ≤

j ≤ N, is the j-th feature at point i. In the testing phase, each unknown location of

the user, denoted as a testing point, is determined by the localization algorithms, i.e,

RSSI or CSI based approaches. Note here that the only assumption of our passive

localization system is turning on WiFi of the mobile device.

Both training and testing phases start with the scenario decision steps. Firstly,

when a user, carrying a mobile phone, walks to the interested area, all available P APs

will monitor the probe request frames (PRF) sending from the phone. In the WiFi

standard, a mobile device always periodically broadcasts PRF to discover existing

802.11 networks within its proximity [93]. Therefore, our AP monitor system will

be guaranteed to capture at least one PRF if the WiFi of the phone is on. After

PRF is successfully caught, media access control (MAC) address of the device will

be retrieved. Then, the AP system continues to monitor all of the frames coming

from that MAC address to decide whether the number of received WiFi frames are

sufficient to determine user’s location. Obviously, the more frames we receive, the

better accuracy we achieve. In a practical scenario, the user location will be updated

at a consecutive sampling time interval ∆t (s). Therefore, the requirement is that
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at least one WiFi frame is received every ∆t. In order to consistently achieve good

accuracy, we propose the localization solutions for 2 most popular practical modes

of mobile devices including the idle scenario (Fig. 6.1(b)) and transmission scenario

(Fig. 6.1(c)). The details of those 2 modes are described as follows.

6.2.2 Idle Scenario

In this scenario, a user, carrying a mobile phone, walks to the interested area without

using it for any network purpose. The phone WiFi is on, but it might or might not

connect to any specific AP. After acquiring the MAC address of this phone with PRF

frame, our target is locating its position in every ∆t. Due to the low data demanding,

the mobile phone is currently in the idle mode which limits the number of sending

WiFi frames to save the battery power. If the phone screen is locked or turned off,

the number of WiFi frames will be even further reduced. Fig. 6.1(d) illustrates the

timeline of sending frames from an idle phone, i.e., Samsung Galaxy S6, in a fixed

location during 60 s. The frame intervals are marked with blue stars (on screen), red

circles (off screen). The WiFi frames are monitored by Alfa AC1200 router in a 2.4

GHz channel. Without the interference of any special process from AP, the number

of sending frames are very limited. In some window time, there is no received frame

such as from second 15 to second 30, or from second 40 to second 60. Therefore, in

those time periods, it is impossible to locate user’s position. That is the key problem

of passive indoor localization in general.

We propose to apply RTS/CTS process to solve the limitation of received packets

in the idle scenario. RTS/CTS is a handshaking mechanism to reserve the channel for

a specific duration before actual data transfer starts [94]. In Fig. 6.1(b), after having

the MAC address of the targeted phone from PRF, every ∆t, our corresponding AP

will send K RTS frames to that MAC address. According to the IEEE 802.11 stan-
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dard, while an AP transmits a RTS frame to a target, the target should immediately

reply a CTS frame to the AP (even if the target is not associated with the AP) [15].

Therefore, the phone will be forced to respond several CTS frames back to the cor-

responding AP. Fig. 6.1(e) illustrates the timeline of sending frames from Samsung

Galaxy S6 in the same 60 s period with RTS/CTS mechanism. The frequency of RTS

from AP is 200 ms/frame. The number of sending frames from the phone increase

significantly comparing with the previous case without RTS/CTS process. There is

no long window time without any frame, which enables continuous localization ability.

All of P available APs listen those frames with MAC filter to get RSSI information

of the targeted phone. Several algorithms are then proposed in Subsection 6.2.4 to

locate the user’s position accurately based on these RSSI fingerprints.

6.2.3 Transmission Scenario

In this scenario (Fig. 6.1(c)), the user connects his/her mobile phone to a dedicated

AP for network purposes (browsing websites or watching online videos). Multiple

WiFi frames are sent from the phone, including data frame, ACK, CTS to maintain

the connection. Therefore, RTS/CTS mechanism is not necessary to implement in

this case. With the long preamble in data frame [81], not only RSSI but CSI can

also be extracted from P APs. The localization accuracy in this scenario is expected

to be higher than the idle scenario because more fingerprints can be achieved. The

algorithm details with the combination of RSSI, CSI fingerprints will be presented in

Subsection 6.2.4 and Subsection 6.4.2.

6.2.4 Localization Algorithms

There are different sets of localization algorithms which are proposed for each case.

The target of the proposed approaches is getting good accuracy, while mitigating the
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Figure 6.2: PDF of RSSI distributions between different phones and general PDF at
a fixed location.

effects of device heterogeneity (mentioned in Subsection 6.1.1).

For Idle Scenario

In this scenario, the only available fingerprint is RSSI, which is relatively different in

multiple mobile devices. Fig. 6.2 shows the RSSI PDF of 3 phone types, including

Nexus 5, Samsung Galaxy S6 and Iphone X, monitored by an AP in 1 minute at a

fixed location. The RSSI ranges in 3 phones are significantly different. The strongest

transmission signal range belongs to Iphone X (-30 dBm to -18 dBm), following Nexus

5 (-38 dBm to -16 dBm) and Samsung S6 (-45 dBm to -18 dBm). Therefore, if we

use the RSSI data from 1 phone, e.g., Nexus 5, for the training phase and test with

another phone, e.g., Iphone X, the accuracy is deteriorated. The requirement here is

utilizing all of RSSI data from multiple devices for the training.

Probabilistic methods with Kernel density estimator showing in [55,92] can repre-

sent well RSSI features over several devices. Therefore, we exploit that technique to

estimate RSSI PDF along with semi-sequential SSP model [14] to achieve the local-

ization accuracy in our scenario. The red circle line in Fig. 6.2 illustrates the general

RSSI PDF out of 3 phones data using Kernel density estimator. The general PDF

covers the whole area of all phones (-45 dBm to -16 dBm). After the PDF is estimated
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in the training phase with Kernel method, the location of the user will be determined

based on SSP model [14] as

P (lcurr ≈ li|F (lcurr), l
′
pre) ∝

N∏
k=1

P (Fk(lcurr)|li)P (li|l′pre). (6.1)

In the formula, F (lcurr) is the fingerprint vector of the unknown current location lcurr,

while l′pre(x
′
pre, y

′
pre) is the predicted previous location. P (li|l′pre) is soft range SSP

window. The likelihood function P (Fk(lcurr)|li) describes the probability of the k-th

fingerprint feature at location li.

On the other hand, neural network and especially RNN which exploits the addi-

tional information in time domain proves its effectiveness in solving the localization in

multiple devices [59]. Instead of depending on one instant RSSI scan, RNN network

aims at trajectory positioning and takes into account the correlation among the RSSI

measurements in a trajectory. Therefore, it partially mitigate the device-dependant

problem of RSSI. Among all of the existing network structure, P-MIMO LSTM [59]

provides the best accuracy with the robustness in multiple databases and environ-

ments. Therefore, in this chapter, we choose to implement P-MIMO LSTM for our

experiment.

For Transmission Scenario

In this scenario, there are more available fingerprint information, including RSSI

and especially CSI. CSI amplitudes can be grouped into a time-frequency matrix

that resembles CSI images [5, 95]. These images are the fingerprint features for each

location. On the other hand, raw CSI phase is prone to noise and random fading [61].

Therefore, the preprocessing step is needed before using it as a feature [5]. Several

researchers use the phase difference between subcarriers instead of raw phase as the
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(a)

(b)

Figure 6.3: CSI fingerprint features of Samsung Galaxy S6 at 2 fixed locations (a)
CSI amplitude images. (b) CSI phase difference.

fingerprint like in CIFI [77].

Fig. 6.3 illustrates an example of CSI fingerprint features of Samsung Galaxy S6

at 2 fixed locations, i.e., one is near AP (within 1 m) and has the line of sight (LOS),

another one is further away (more than 10 m) and does not have LOS (NLOS). Fig.

6.3(a) presents the CSI amplitude image constructed by the method in [95], while Fig.

6.3(b) shows the corresponding phase difference information following the method in

CIFI [77]. There are 20 received scans (packets) in each case. Clearly, CSI information

at the near AP location is more stable than the further ones. The color of CSI image

at near AP location is more solid than the far AP location. Furthermore, CSI phase

information of the close location follows the same trend in different scans, while far

AP location phase is totally different between each scan. The reason is that CSI is

sensitive to the change of environments especially the interference of human blocking

and movements [95]. The larger the area is, the more chance the environment can
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change (people or some moving objects can interfere in the middle). Therefore, using

only CSI fingerprints for localization in the big area might lead to low accuracy, i.e.,

2.5 m in [95].

Our proposed method for this transmission scenario (Fig. 6.1(a)) firstly starts with

RSSI localization (SSP or P-MIMO LSTM) as explained in Subsection 6.2.3. Instead

of getting the estimated location directly, RSSI information helps to determine the

possible area of the user by choosing K nearest neighbour locations. After having K

candidate locations, CSI information will be utilized to select the best suitable point

among those K ones. CSI amplitude and phase of the testing point is correlated with

the CSI information of the K neighbour locations using Pearson coefficient [8]. The

location which provides the largest coefficient will become the final output location.

More details of the results will be presented in Subsection 6.4.2.

6.3 Database And Experiments

All experiments have been carried out in 2 different environments, including office

and home. The office experiment (Fig. 6.4(a)) is conducted on the third floor of

Engineering Office Wing (EOW), University of Victoria, BC, Canada. The dimension

of the area is 21 m × 16 m. Besides, the home experiment (Fig. 6.4(b)) is in the

basement of 3850 Cardie Court, Victoria, BC, Canada with the the area being 15 m ×

8 m. The fingerprints for both training and testing are collected using an autonomous

driving robot. The 3-wheel robot (Fig. 6.1(a)) has multiple sensors including a wheel

odometer, an inertial measurement unit (IMU), a LIDAR, 3 sonar sensors and a color

and depth (RGB-D) camera. It can navigate to a target location within an accuracy

of 0.21±0.02 m.

During the experiments, the robot carried the mobile devices including Samsung
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(a)

(c) (d)

(b)

Figure 6.4: (a) Office experiment floor map. (b) Home experiment floor map. (c)
RSSI heat map of office experiment. (d) RSSI heat map of home experiment.

Galaxy S6, HTC OneX, Iphone X and LG Nexus 5 to collect the WiFi fingerprints. In

the training phase, the robot stays at every RP to collect data for 2 minutes. The data

is repeatedly collected in different days and at different time to build the database in

both scenarios as explained in Section 6.2. In the testing phase, the robot navigates

along a pre-defined route (Fig. 6.4(a), (b)) at a speed randomly varying within 0.6-

4.0 m/s to simulate the indoor walking pattern of a normal person [41]. The test

experiment is conducted several rounds per day and repeated in different days.

Regarding the office experiment, there are 5 APs with 3 of them being installed

libtins library [96] for crafting the WiFi packets to trigger RTS/CTS process. In the

home experiment, since the area is smaller, there are 4 APs with 2 of them being able
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to run RTS/CTS mechanism. Those APs include Alfa AC1200, TPlink AC1750 and

Intel 5300 NIC. Fig. 6.4(c), (d) illustrate the heat map of the RSSI collected from the

a smartphone in both environments, where the signal strength is represented by color.

Because the transmitting power of the phones might vary due to different working

modes, some parts in the RSSI heat map are missed or not consistent. However, the

signals are still clearly stronger in the area near the AP. The chosen AP sets can cover

the whole area in both cases with total 1600 RPs (pink stars) and 900 testing points

(solid red line). For the transmission scenario, ESP32-S2 modules are attached with

all of the normal routers. ESP32 is a low-cost, low-power system on a chip micro-

controller with integrated WiFi. It supports to get CSI information from WiFi data

packets [97]. Fig. 6.3 illustrates the example of CSI amplitude and phase collected

from ESP32 at the bandwidth 20 MHz, frequency 2.4 GHz. There are total 51 useful

subcarriers extracted from the WiFi packets.

Note that the validation data is collected at different time from the training data

but at the same RP locations, while testing point locations are randomly selected

to be different from all RPs in order to approximate our model closer to practical

situations. The user location is updated every ∆t =1-2 s. Therefore, the sending

frequency of crafting RTS frames to the phone is chosen as 200 ms per frame to

guarantee that every ∆t we have at least few RSSI scans for the localization.

6.4 Results And Discussions

6.4.1 Idle Scenario

As explained in Subsection 6.2.4, there are 2 proposed algorithms including proba-

bilistic model SSP [14] and neural network model P-MIMO LSTM [59] to achieve

good accuracy, while mitigating the effects of device heterogeneity. For SSP model,
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Figure 6.5: CDF of the localization error of the proposed SSP model with different
phones.

Kernel method [46] and Gaussian window are used since they provide the best ac-

curacy among others according to the experiments in [14]. As the robot maximum

speed, vmax is pre-configured to be 4 m/s, the maximum distance a user can travel

during consecutive measurements is dmax = vmax∆t =4 m. Therefore, we use a

Gaussian window with the spread σ = dmax. The probability distribution of RSSI

is constructed by using the kernel smoothing function in the database of 20,000 col-

lected scans from all of the phones. Fig. 6.5 compares the cumulative distribution

function (CDF) of localization errors of SSP models with different phones including

Samsung Galaxy S6, HTC OneX, Iphone X and LG Nexus 5. Samsung S6 provides

the best accuracy with 80% of the localization errors smaller than 2 m, with more

than 50% of testing location errors less than 1 m. On the other hand, Nexus 5 and

Iphone X have 80% less than 2.5 m, while 80% of HTC One X errors are below 3 m.

Besides, the maximum error of HTC One X is 9 m, which is nearly 2 times higher

than that of Samsung S6. Table 6.4 illustrates the average error comparison of SPP

models between those 4 phones. Al of the phones have the average localization error

less than 2 m with the best accuracy is achieved by Samsung S6, i.e., 1.2± 0.9 m.

For P-MIMO LSTM model, the setup parameters follows the optimal set proposed
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Table 6.2: Setup parameters for P-MIMO LSTM
Category Value
RNN type LSTM

Memory length (T ) 10
Model P-MIMO

Loss function RMSE
Hidden layer (HL) 2

Number of neurons for each HL 100
Dropout 0.2

Optimizer Adam
Learning rate 0.001

Number of training trajectory 110,000
Number of validation trajectory 29,700

σ 4 m
∆t 1 s
dmax 4 m

Table 6.3: Average Localization Errors of Proposed Models (meter)
Method HTC Samsung Nexus 5 Iphone X
SSP Model 1.9± 1.5 1.2± 0.9 1.4± 0.9 1.6± 1.4
P-MIMO LSTM 1.8± 1.5 1.2± 1.0 1.4± 1.2 1.2± 0.9

Figure 6.6: CDF of the localization error of P-MIMO LSTM model with different
phones.

in [59], which is also summarized in Table 6.2. Fig. 6.6 compares the CDF of the

localization error of P-MIMO LSTM model. Samsung S6 and Iphone X equivalently

have the best performance with 80% localization errors being below 2 m and maximum

errors are 6.5 m and 7.5 m, respectively. HTC has 80% of errors below 3 m and

maximum errors can reach to 8.5 m.

In general, Table 6.4 indicates that P-MIMO LSTM has slightly better perfor-
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Table 6.4: Localization Errors Comparison Between Scenarios (meter)
Method HTC Samsung Nexus 5 Iphone X
SSP (Idle) 1.9± 1.5 1.2± 0.9 1.4± 0.9 1.6± 1.4
SSP (Transmission) 1.2± 0.9 1.0± 0.7 1.2± 0.9 1.0± 0.8

mance than SSP model. However, SSP model does not require the training phase,

which compares the current RSSI measurement with the ones in the database to get

user locations directly. In contrast, P-MIMO LSTM requires to train the neural net-

work model beforehand. In the experiment, the training is executed on a home-built

computer with an AMD FX(tm)-8120 Eight-Core CPU and an Nvidia GTX 1050

GPU. The running time is approximately 4 s per epoch. Therefore, the training time

is approximately ∼= 1 hour and 6 minutes.

6.4.2 Transmission Scenario

As explained in Subsection 6.2.3, the localization process started with RSSI localiza-

tion algorithm to pick K possible candidates. The chosen algorithm here is SSP and

K = 5. Table 6.4 illustrates the average error comparisons between 2 scenarios in-

cluding idle and transmission. In general, with the additional information from CSI,

the accuracy of localization enhances approximately 20% - 40%. HTC and Iphone

X have the biggest improvement with the average error decreasing from 1.9 ± 1.5

m and 1.6 ± 1.4 m in idle scenario to 1.2 ± 0.9 m and 1.0 ± 0.8 m in transmission

scenario, respectively. On the other hand, Samsung and Nexus 5 witness a slighter

enhancement with the decrease of 0.2 m comparing between 2 scenarios.

Fig. 6.7 illustrates the CDF errors of 4 phones. In this scenario, the performance

of those phones is getting closer together than the transmission scenario. 80% average

errors of HTC and Nexus 5 are all below 2.5 m, while the ones of Samsung and Iphone

X are below 1.8 m. The maximum errors of HTC is 5.5 m, whereas those of the other
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Figure 6.7: CDF of the localization error of SSP model with different phones.

phones are around 5 m.

6.5 Conclusion

In conclusion, we have proposed a comprehensive practical solution to leverage the

received data at the routers to locate the position of a mobile user. In this pas-

sive indoor localization scenario, the problem of data insufficiency is mitigated by

RTS/CTS mechanism. Two most popular mobile device usage scenarios, i.e., idle

and transmission modes, are analyzed in details. The completed algorithms for both

cases proposed are SSP or P-MIMO LSTM for the idle scenario and an additional

Pearson correlation step for the transmission scenario. The localization accuracy has

been investigated through extensive on-site experiments using autonomous robots

with several phones, e.g., Nexus 5, Samsung, Iphone and HTC, in hundreds of testing

locations. The baseline accuracy is 1.5 m and 1.0 m for idle and transmission scenario

respectively.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

In this dissertation, we have studied autonomous indoor localization solutions using

WiFi signals. Both active and passive localization models with RSSI and CSI finger-

prints are analysed in details. Our proposed methods are practical and able to locate

a walking human who carries a mobile device with few feet accuracy. The following

outlines the contributions we have achieved.

• In Chapter 2, for a low complexity application, the proposed SRL-KNN algo-

rithm exploits the information of previous positions and simultaneously applies

the soft range limiting factor for fingerprint distance calculation to achieve more

accurate and stable positioning performance. We demonstrated that SRL-KNN

can address effectively some main challenges of KNN including the spatial am-

biguity, RSSI instability and the RSSI short collecting time, especially when

RSSI histogram is taken into account in calculating fingerprint distance. Ex-

perimental results have shown that SRL-KNN achieves the best accuracy of

0.66 m with 80% of the error within 0.89 m, which outperforms existing KNN

methods.
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• In Chapter 3, a simple but efficient semi-sequential probabilistic model applies

an additional short term memory step to enhance the performances of the in-

door localization probabilistic approaches. The proposed SSP model is flexible

and can be implemented to most of the conventional methods. This model

leverages the information of the previous position to effectively determine the

candidate location probability since the user’s speed in an indoor environment

is bounded. Three soft range windows including Gaussian, Hann and Tukey

have been proposed as SSP models. Several experiments have been conducted

including both RSSI and CSI fingerprints to demonstrate that SSP reduces

the maximum error and boosts the performance of other existing probabilistic

approaches by at least 25%− 30%.

• In Chapter 4, taking into account the advantage of neural network to solve high

dimension and highly nonlinear problem, a comprehensive RNN solution for

WiFi RSSI fingerprinting with detailed analysis and comparisons is proposed.

The relation between a series of the RSSI measurements is utilized to determine

the user’s moving path as one problem. Experimental results have consistently

demonstrated that our LSTM structure achieves an average localization error of

0.75 m with 80% of the errors under 1 m, which outperforms feed-forward neural

network, conventional methods such as KNN, Kalman filter and probabilistic

methods. Furthermore, main challenges of those conventional methods includ-

ing the spatial ambiguity, RSSI instability and the RSSI short collecting time

have been effectively mitigated. Besides, the analysis of vanilla RNN, LSTM,

GRU and BiLSTM with important parameters have been discussed in details,

i.e, loss function, memory length, input and output features, etc.

• In Chapter 5, we explore the algorithm to locate a mobile device in the envi-

ronment which has only a single available WiFi AP. The proposed CNN-LSTM
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network extracts both spatial and temporal information of received CSI signals

to determine a user’s moving path. The extensive on-site experiments, with

several mobile devices including mobile phone (Nexus 5) and laptop (Intel 5300

NIC) in hundreds of testing locations, have been presented. The experimental

results have consistently demonstrated that our CNN-LSTM structure achieves

an average localization error of 2.5 m with 80% of the errors under 4 m, which

outperforms the other algorithms by at least 50% under the same test environ-

ment.

• In Chapter 6, in order to enhance the practicality, this chapter focuses on the

passive WiFi indoor localization system. Most of the conventional methods rely

on the collected WiFi signal on the mobile devices (active information), which

requires a dedicated software to be installed. Different from them, we leverage

the received data of the routers (passive information) to locate the position of

the user. The problem of data insufficiency in passive indoor localization is

mitigated by RTS/CTS mechanism. Furthermore, the completed localization

solutions for two most popular mobile device usage scenarios, i,e., idle and

transmission modes, are analyzed in details. Two kinds of fingerprints, including

RSSI and CSI, along with several types of algorithms, including deterministic,

probabilistic and neural networks are utilized to get the baseline accuracy for

each scenario. The localization accuracy is investigated through extensive on-

site experiments with several phones, e.g., Nexus 5, Samsung, Iphone and HTC,

in hundreds of testing locations. The experimental results demonstrate that our

proposed localization scheme achieves an average localization error of around

1.5 m when the phone is in idle mode, and approximately 1 m when it actively

transmits data.



127

7.2 Future Work

For the future work that plans beyond this dissertation, there are still many open

issues. Some important points can be further discussed are listed below.

• Although SRL-KNN in Chapter 2 and SSP in Chapter 3 provides good accuracy

in general indoor localization environment, they have the limited performance

in fast speed variation scenario. As explained in Chapter 4, because of the

short memory, these methods have the constraints on the speed of the users.

If a user changes moving speed rapidly, the localization accuracy of them will

be degraded severely. The solution to extend the memory length to several

more steps and maintain the low complexity needs to be further investigation.

Furthermore, in SSP model, the condition of mutual independent relationship

between the fingerprints of different routers might not hold among the set of

routers. In that case, all of the probabilities proposed in SSP are approximations

and the localization accuracy needs to be re-estimated.

• Compared with other conventional methods, our proposed P-MIMO LSTM

model in Chapter 4 outperforms. However, those conventional methods do

not require the training phase, which compares the current RSSI measurement

with the ones in the database to get user locations directly. In contrast, the

neural network methods require to train the model beforehand. In practical

scenarios, more APs are used, more RSSI features can be extracted and bet-

ter performance can be achieved. However, increasing the number of APs also

creates more computational cost and extends the training time. In the future

work, when the number of APs are increased to achieve better accuracy, the

solution to reduce the training time of our P-MIMO LSTM model needs to be

further discussion.
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• As mentioned in Chapter 5, although CSI provides rich information from mul-

tiple subcarriers, it is sensitive to the change of environments especially the

interference of human blocking and movements. Therefore, our proposed CNN-

LSTM structure only achieves a limited accuracy of around 2.5 m. In the future

research, the way to adopt more kinds of fingerprints including both RSSI and

CSI to improve the performance can be further investigated.

• In Chapter 6, although RTS/CTS mechanism is practical and can be applied

to every phone, it also interferes with WiFi channel and might affect to the

data transmission of other devices. Therefore, the sending CTS frequency of

the router beckons further investigation. On the other hand, in real scenario

with different number of routers, how to coordinate the routers and synchronize

them together to get the best performance is also worthy for more discussion.
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