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A Grid based Indoor Radiolocation Technique Based on Spatially Coherent
Path Loss Model

Murat Ambarkutuk

ABSTRACT (Academic)

This thesis presents a grid-based indoor radiolocation technique based on a Spatially
Coherent Path Loss Model (SCPL). SCPL is a path loss model which characterizes the
radio wave propagation in an environment by solely using Received Signal Strength (RSS)
fingerprints. The propagation of the radio waves is characterized by uniformly dividing the
environment into grid cells, followed by the estimation of the propagation parameters for
each grid cell individually. By using SCPL and RSS fingerprints acquired at an unknown
location, the distance between an agent and all the access point in an indoor environment
can be determined. A least-squares based trilateration is then used as the global fix of
location the agent in the environment. The result of the trilateration is then represented in
a probability distribution function over the grid cells induced by SCPL. Since the proposed
technique is able to locally model the propagation accounting for attenuation of non-uniform
environmental irregularities, the characterization of the path loss in the indoor environment
and radiolocation technique might yield improved results. The efficacy of the proposed
technique was investigated with an experiment comparing SCPL and an indoor radiolocation

technique based on a conventional path loss model.



A Grid based Indoor Radiolocation Technique Based on Spatially Coherent
Path Loss Model

Murat Ambarkutuk

ABSTRACT (General Audience)

This thesis presents a technique uses radio waves to localize an agent in an indoor en-
vironment. By characterizing the difference between transmitted and received power of the
radio waves, the agent can determine how far it is away from the transmitting antennas, i.e.
access points, placed in the environment. Since the power difference mainly results from ob-
structions in the environment, the attenuation profile of the environment carries a significant
importance in radiolocation techniques. The proposed technique, called Spatially Coherent
Path Loss Model (SCPL), characterizes the radio wave propagation, i.e. the attenuation,
separately for different regions of the environment, unlike the conventional techniques em-
ploying global attenuation profiles. The localization environment is represented with grid-cell
structure and the parameters of SCPL model describing the extent of the attenuation of the
environment are estimated individually. After creating a attenuation profile of the environ-
ment, the agent localizes itself in the localization environment by using SCPL with signal
powers received from the access points. This scheme of attenuation profiling constitutes
the main contribution of the proposed technique. The efficacy and validity of the proposed
technique was investigated with an experiment comparing SCPL and an indoor radiolocation

technique based on a conventional path loss model.
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Chapter 1

Introduction

While localization forms one of the most critical aspects of many different problems, it still re-
mains an open problem for indoor environments [1, 2. In robotics applications, for instance,
there has been many solutions involving different sensors of physical principles proposed to
be used for this matter. However, under dynamic, unstructured, and complex nature of the
interior, there is no sensor principle solves this problem for all indoor environments. There-
fore, it is common to see incorporation of localization results with internal measurements
such as the measurements of wheel encoders. This thesis investigates the potential of the

use of radio waves for indoor localization purposes.

This section provides a brief explanation of background of the this thesis work followed
by the objectives. The summary of contributions will be provided as well as the general

outline of the paper.
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1.1 Background

Indoor environments show challenging circumstances for localization techniques due to com-
plex layout of indoor environments, presence of obstructions, materials used to build the
structure of indoor environments, and other limitations imposed by the sensor principles
used for localization purposes. In this section these limitations will be discussed in the con-
text of indoor localization, as well as some potential advantages of radio waves over different

sensor principles in the indoor localization context.

Indoor environments consist of highly complex layout at their core in comparison to
outdoor environments such that the layout creates challenging circumstances for the local-
ization of the agents in the environment. Unlike outdoor environments that can provide
Line-of-sight (LOS) measurements about the environment to localize with direct detection
of unique features of the environment, indoor environments often display Non-Line-of-sight
(N-LOS) measurements due to mentioned complex layout. This limitation in the information
gathering often creates compelling challenges for optical sensors due to wavelength of the
signal such sensors rely on. For instance, an optical sensor which employs visible light to
capture information about the localization environment cannot gather information behind
the walls, around the corners of the environment due to strict LOS dependency of such
sensor types. Figure 1.1 depicts the LOS coverage of an indoor environment. As can be
seen in the figure, LOS coverage of the localization markers contains a small portion of the
environment which impedes sensors which solely rely on LOS propagation to provide reli-
able measurements about the environment. Along with the obstructions in the localization
environment, the materials consist of indoor environments provide more challenging circum-
stances for different sensor suits. For instance, laser light based sensors tend to provide less

precise measurements in the presence of the black obstructions.
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F-(d) Py

Line-of-Sight Coverage A
) =
d ~ Access Point
Agent

Figure 1.1: LOS Coverage of a generic environment: As can be seen in the figure, the LOS
coverage is limited due to the layout of the environment.

Similar to complex layout of indoor environments, the obstructions impedes reliable
information gathering about the localization environment. Due to highly dynamic nature
of indoor environments where types and distributions of the obstructions vary widely, LOS
coverage of the sensor reduces to even smaller portion of the environment. Therefore, sensors
which rely on strictly LOS measurements lack ability to localize the agent in the environment

in the same extent in comparison to sensors can employ N-LOS measurements.

In addition the limitations imposed by the environment, the sensor principles depending
on the physics used to manufacture the sensor create compelling limitations on the localiza-
tions. For example, sensors based on laser light tend to provide inaccurate measurements
around glass obstructions due to difference in the refractive index of the glass and concrete,
a common construction material. Even the curing time of concrete, thickness of the wall
partition play significant role in this index governing how light behaves when impinges on
such surfaces [3]. Optical sensors, similar to laser light based sensors, tend to provide less
accurate measurements where the agent travels in the environment with higher speeds due to

motion blur resulting in the gathered images. By increasing the data acquisition frequency,
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motion blur can be prevented, in return of increased bandwidth that the optical sensor needs

to use.

1.2 Radiolocation

Radiolocation is a localization technique where some characteristics of radio waves are used
to determine the position of the target of interest. With the proliferation of the wireless
networks, radio waves has received a great amount of interest from the indoor localization
research [4, 5, 6, 7]. Along with the pervasive availability, radio waves can penetrate in
to obstructions on the propagation path, reflect, diffract around the corners, resulting in
N-LOS propagation. Therefore, radio waves do not require direct LOS propagation in order
to determine the location of the agent in an indoor environment. This ability of the radio
waves creates a great potential for localization purposes because of the limited LOS area

which can be provided indoor environments.

The power of communication ability even in the presence obstacles introduces some
challenges in the determination of the agents in the environment because the radio waves
behave differently along different propagation paths. For instance, LOS propagation shows
a log-linear power decay as the distance between the access points and the agent increases.
In the case of N-LOS propagation, however, different propagation mechanisms, namely, re-
flection, diffraction and scattering take place. These propagation mechanisms introduce
multipath effect where the different copies of the same transmitted signal is received by the
agent with different phase delay due to the different propagation paths. This phenomena
eventually degrades overall localization performance. As such many indoor radio wave prop-
agation models for different propagation models have been introduced [8, 9, 10, 11], because

the success of indoor radiolocation techniques can be mainly attributed to the accuracy of
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the indoor propagation model characterizing the radio wave propagation in the environment.

Among all the empirical models, Log-distance Path Loss (LDPL) [12], which implicitly
characterizes the attenuation caused by the obstructions in the environment, has been most
popularly used for its strength in accuracy. However, LDPL and its variants model the
propagation of the radio waves in a global manner, where the attenuation of the waves is
modeled as a function of the distance between two antennas. This raises the question: ” How
would LDPL behave where the attenuation sources are not uniformly distributed over the
localization environment?” In the mentioned case, the same distance between two antennas
would not result in the same Received Signal Strength (RSS) fingerprints, if the propagation
paths contain different levels of obstructions. In a typical floor plan depicted in Figure 1.2,
for instance, a fairly empty area on the west of the floor results in LOS propagation path
while the hallway shows N-LOS propagation characteristics. Employing a global propagation
model would result in characterization of the disturbances of storage area in the same extent
that of the loading dock. Therefore, it is crucial to build an accurate attenuation profile of

the environment so that the difference in LOS and N-LOS propagations can be characterized

precisely.
AP, APj
Agent LOS Coverage
R 4 . . |
Wy ¢ LOS Coverage
I e
R > 1=

Figure 1.2: A typical floor plan of an indoor environment: The propagation pattern of the
access points often yield vast NLOS areas in the region resulting in multi-path propagation.
In such scenarios, a propagation model which characterizes the propagation patterns globally
might result in inaccurate radiolocation results.
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1.3 Objectives

The global approximation of radio wave propagation gives a rise to an open problem where
attenuation of a small region deviates the whole propagation model. For this reason, this
thesis seeks to enhance the existing path loss models by characterizing the irregularities of
the environment as a function of location, while keeping the hardware architecture uncom-

plicated.

In the light of this considerations, the objectives of this thesis is to:

1. develop a new propagation model which can characterize the radio wave characteristics

locally,
2. develop a radiolocation technique based on the new propagation model

3. validate of the proposed technique

1.4 A Grid-based Indoor Localization Technique based

on Spatially Coherent Path Loss Model

This paper proposes a grid-based indoor radiolocation technique based on the new path
loss model called Spatially Coherent Path Loss Model (SCPL). RSS fingerprints are first
collected at known locations in the localization environment. SCPL uniformly divides the
environment into grid-cells, and the collected fingerprints are then assigned to correspond-
ing grid-cells. For each grid-cell, the model parameters are estimated with the fingerprints
collected within the grid cell. Unlike the conventional LDPL based radiolocation techniques,
which characterize the wave propagation globally as a function of distance between trans-

mitting and receiving antennas, SCPL employs local propagation modeling by employing
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these parameters which characterize the radio wave propagation with explicit attenuation
terms for each grid cell. Therefore, the impact of the nonuniform distribution of attenuation
sources in the environment can be minimized. Given an RSS fingerprint collected at an
unknown location, the target location is determined by employing the approximated wave
propagation and trilateration. The grid-cell representation of the environment is then further
incorporated into localization by representing the results as probability distribution over the
grid-cells. As a result of characterization of radio wave propagation for each grid-cell, SCPL
is able to model the irregular attenuation of the environment locally. Furthermore, SCPL
requires only one receiving antenna in order to localize the target of interest; therefore, it

can work with commodity radio modules as well as different frequency bands.

1.5 Summary of Contributions

In this section, a summary of the contributions will be provided.

1. Development of a new path loss model:

Under the light of the objectives, development of a new radio wave path loss model
which can tackle N-LOS propagation and resulting multipath effect on the propagation
forms the basis of the contributions. As introduced in the previous section, SCPL is
able to locally model radio wave propagation with its parameters which explicitly
characterize the attenuation of each local region individually. By doing so, effects of

obstructions in a small region would carry over to global model.

2. Development of an indoor localization technique based on the new path loss model:

As mentioned earlier, LOS coverage of the sensors which are commonly used for local-

ization purposes is limited in indoor environments. Radio waves, due to their ability
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to propagate even under N-LOS conditions, are good candidate technology for indoor
localization purposes, if attenuation results from N-LOS propagation can be character-
ized. Therefore, development of a new radiolocation technique based SCPL, which can
locally model attenuation sources, forms the second basis of the original contributions

of this thesis study.

3. Validation of the proposed technique with experimental study:

An in-depth analysis of the the proposed path loss model, as well as the proposed
localization technique, forms the third basis of the original contributions of this thesis

study.

4. Employment of existing wireless sensor networks:

The proposed localization technique employs commodity radios used in the existing
wireless networks. This ability of the proposed technique adds value to the existing
infrastructure at no cost and provides a potential scalability where many agents need
to be localized. Along with the cost and scalability, the use of radio waves provides
a great potential of increase in localization performance where multipath effect is ob-
served. This potential inherently enables the proposed system to be employed in indoor
environments where LOS coverage is often limited. Therefore, sensor placement in an

environment would not be a concern of design in the indoor localization problems.

1.6 Outline

The organization of this thesis is as follows:

e Chapter 2 describes the past effort for radiolocation techniques
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e Chapter 3 gives a brief overview of a radiolocation technique based on a path loss

model
e Chapter 4 presents the details of the proposed technique
e Chapter 5 specifies the experimentation conducted

e Chapter 6 summarizes the conclusion and future work of this thesis

1.7 Summary

This chapter provided an brief introduction to the radiolocation problems and the common
problems of using radio waves in the context of localization. A need for a new propaga-
tion model for indoor localization problems was then established. A new indoor localization
technique based on a new path path loss model was then introduced as well the objectives.
Considering the objectives, the original contributions of this thesis were laid out. Conse-

quently, the layout of describing the remaining chapters of this thesis is presented.



Chapter 2

Literature Review

This chapter provides a survey of indoor radiolocation techniques in the literature. The in-
door radiolocation techniques can be classified into four main stream of research camps based
on the characteristics of the radio wave used for localization purposes. This chapter provides
a brief overview radiolocation techniques based on time, power, angle measurements, and
channel properties as well as the the principles of each technique. Figure 2.1 demonstrates
the classification of the past work based on the measurements employed in the localization

scheme.

10
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Radiolocation Techniques based on

Fingerprinting Principle

Time-based Power-based Angle-based Channel
Fingerprinting Fingerprinting Fingerprinting Characteristics
Time of . Time Data-driven || Model-basedd Magnitude Phase
Arrival Difference of Approaches | Approaches

Arrival

(ToA) (TDoA)

Figure 2.1: Radiolocation Techniques based on Measurements Employed

2.1 Radiolocation Techniques based on Time-based Mea-

surements

Temporal characteristics of received radio wave is one of the most common fingerprint em-
ployed in various radiolocation techniques. Time-based measurements of radio waves are
generally used to estimate the propagation path by measuring the time difference between
the emission and the reception of the signal. These measurements can be mainly divided
into two main categories: Time of Arrival (ToA) and Time Difference of Arrival (TDoA).
ToA measurements are used to directly estimate the length of propagation path by using
propagation duration between the transmitting and receiving antennas, while TDoA employs
the difference in propagation duration of different radio waves emitted by different access
points. Each of these measurement techniques has its own advantages and disadvantages; in
this section, these temporal characteristics of radio waves are investigated in the context of

indoor localization.
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Time of Arrival-based Radiolocation The propagation duration of a radio wave can
be used to determine the length of the propagation path. ToA measurements estimate the
location of the agent by measuring the time duration of the radio waves to propagate from
the access points to the agent. Since radio waves travel in an indoor environment with a
known speed, i.e. the speed of light, the duration of propagation linearly correlates with the
propagation path. By individually estimating the length of the radio propagation path radio
waves transmitted by different access points, the location of the agent can be fixed relative
to the each access point. Section 2.1 represents a generic radiolocation technique with ToA

measurements.

LOS Case
NLOS Case

] Agent O Obstacle
@ Access Point A Ambiguous solution

Figure 2.2: Localization of the target with time of arrival fingerprints under LOS (left) and
N-LOS (right) propagation. Each time-of-arrival measurement induces a sphere centered at
the access point. As can be seen in the figure on right, NLOS propagation conditions often
result in ambiguous solutions.

Time Difference of Arrival-based Radiolocation Similar to ToA measurements, TDoA-
based measurements employ the propagation time between the access points and the agent.
In TDoA measurements, however, the time difference of arrival from each access points

constitutes the main scheme of the localization technique. Section 2.1 represents a generic
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radiolocation technique with TDoA measurements.
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Figure 2.3: Localization of the target with time difference of arrival fingerprints under LOS
(left) and N-LOS (right) propagation. Each time-difference-of-arrival measurement induces
a hyperbola between two access points. As can be seen in the figure on the right, NLOS mea-
surements results in inaccurate estimation of hyperbolae resulting in ambigious or inaccurate
solutions.

Temporal characteristics of radio waves often yields an accurate estimation for length
of propagation path, if the propagation path is direct LOS. Radiolocation systems based on
the temporal characteristics of the radio waves generally suffer from two major problems:
multipath effect caused by N-LOS propagation and high precision needed for time measure-
ments. It is rather common in indoor radiolocation systems to observe propagation paths
with N-LOS terms due to dynamic nature of indoor environment. Therefore, the estimated
path might not correspond to LOS path between access points and the agent, resulting in a
severe degradation of location estimation accuracy. Along with the severe affects of N-LOS
on ToA-based and TDoA-based measurements, precision of time-synchronization is another
major problem. For example, the required time precision needed in one-way communication

scheme for decimeter-level localization accuracy is in the order of nanoseconds [13].
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Denis et al. [14] addressed the N-LOS affects by providing an comparison analysis
of a radiolocation system using first-arrival and strongest received signal. Based on their
experimental results, the authors suggested the localization accuracy improves with the use
of first arrival signal. However, the robustness of first arriving signal detection heavily relies
on thresholds distinguishing the transmitted signal from the background noise. Too low
thresholds increase the rate of type II errors where background noise is mistaken with the

original signal, while too high thresholds result in disregard of the original signal [15].

While many different statistical tools have been employed in the detection of N-LOS
measurements such as normality tests [16], residual tests [17, 18], Borras et al. [19] focused
on active N-LOS detection from the resulting range estimations of their radio-based mea-
surement system. In their system, a log of previous estimations are kept and fit a Gaussian
distribution. If a new estimation deviates from the distribution describing the estimation

history, it is assumed to be a N-LOS measurement.

In order to address highly accurate time precision need for ToA measurements, Vashihst et
al. [20] exploited the fact that modern Wireless Fidelity (WiFi) devices span multiple fre-
quency bands scattered around 2.4 GHz and 5 GHz. The proposed technique measures ToA
across different frequency bands by making transmitter radios, i.e. access points, and the
receiver radio placed on the agent transmit and receive signal on different frequency bands.
The measurements were then stitched together to accurately estimate the ToA. In order to
tackle synchronization problem, two communication is often used. The agent interrogates all
the access points by issuing a broadcast signal in the network, while the access points imme-
diately respond this interrogation. Kossel et al. [21] elaborated this scheme with backscatter
modulation with frequency hopping. In their work, the interrogation signal is coherently re-
flected back to the agent by the access point, while superimposed with a specific modulation.

This backscatter modulation is an essential solution for time synchronization; however, the
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interrogation signal needs to travel the propagation twice in order to be received back by the
agent. Hence, the propagation loss significantly increases which might result in the original

signal to be overwhelmed by the background noise.

2.2 Radiolocation Techniques based on Power-based

Measurements

Unlike temporal-characteristics of radio waves, power-based measurements do not assume
LOS propagation path. For that reason, despite their lower localization accuracy in LOS
conditions, power-based measurements are usually preferred than time-based measurements
in adverse multipath conditions. The power-based measurements are usually employed in
mainly two different approaches for localization purposes. The data-driven approaches use
pairs of RSS fingerprints with corresponding positions to estimate an implicit localization
function which minimizes the localization error across the training data from which the
localization function is estimated. On the other hand, model-based approaches estimate
some parameters of a propagation model, which is based on physical constraints of the radio
waves, from the collected RSS fingerprints. This section briefly covers existing approaches

for both data-driven and model-based radiolocation techniques.

2.2.1 Data-driven Approaches

Data-driven radiolocation approaches employ RSS fingerprints and their corresponding loca-
tion labels collected in an indoor environment to approximate a localization function. These
approaches are often consisted of two main stages in their core: offline and online [22, 4]. In

the offline stage, RSS fingerprints are collected at known positions. These fingerprints and
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their corresponding locations are kept as a priori. In the online stage, the agent collects a
tuple of RSS fingerprints from different access points at an unknown location, and identi-
fies the most matched fingerprint in the priori information to infer its location. Figure 2.4

represents a generic data-driven radiolocation approach in detail.
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Figure 2.4: Data-driven Fingerprinting-based Radiolocation Approach

The data-driven approaches are also known to be model-free approaches because of their
ability to represent the relationship between fingerprints and the locations, not constrained
by any physical law. This relation is often determined by estimation of a localization function
mapping fingerprints to locations with minimum error. This function is often obtained with
different supervised learning algorithms. While not being constrained by any physical model,
the generalization ability of these approaches is often bounded by the amount and quality
of collected data, and selection of training locations. Therefore, missing values or high noise

in collected RSS fingerprints affects the overall localization significantly.

One of the earliest data-driven approach is proposed by Bahl et al. [23]. In their work,
RSS fingerprints collected from different access points, were represented with their mean and
standard deviation for each location, constituting the fingerprint database. In the online
stage, RSS fingerprints collected at unknown location were matched with a k-NN based

matching algorithm to determine the location of the agent. Their k-NN implementation
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employs a weighted average of k number of nearest neighbors of the novel fingerprint in the
fingerprint database. A drawback of k-NN based localization radiolocation techniques is that

k-NN requires to store all the fingerprint database.

Missing values in RSS fingerprints degrades the localization performance significantly.
To this end, Support Vector Machines (SVM) have been popularly used with different kernel
functions to tackle the fingerprint uncertainty and incomplete fingerprints. Wu et al. [24]
employed a SVM-based regression approach based on a modified ANOVA kernel to handle
sparse RSS fingerprints to reduce the impact of the missing values in collected RSS measure-
ments on the localization performance. Youssef et al. [25] employed a statistical approach
where measurements of an access point as a random variable over time and localization en-
vironment. Instead of using raw RSS fingerprints, this preprocessing scheme enabled their
system to handle to address missing values and high uncertainty of fingerprints. In offline
stage, their approach groups fingerprints of each access points in the clustering module, fol-
lowed by a correlation analysis. In the offline stage, the Discrete Space Estimator matches
the collected fingerprint to a training fingerprint maximizing localization probability, fol-
lowed by the Continuous Space Estimator which incorporates the continuity of a human

movement.

Fahed et al. [26], on the other hand, focused on time-varying nature of communication
channels. Their radiolocation system employs a dynamic neural network in order to reduce
the impact of the fluctuations in the collected RSS fingerprints. The neural network was
consisted of one hidden layer with log-sigmoid activation function, while the output layer
was consisted of two units which was succeed by a linear activation function. This model
receives RSS fingerprints with time delay to tackle with time-varying nature of the radio
channels. Their results suggests that such network designs are able to reduce severe effect

resulted by the motion of the agent itself.
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Instead of conventional regression-based approaches, Trawinski et al. [27] considered
indoor radiolocation as a classification problem. Their system consists of many fuzzy-rule
based classifiers trained individually on the RSS fingerprints collected during the offline stage.
The result of each classifier is then filtered, and finally fused into final location result. By
employing many classifiers, and post-filtering, their system is able to tackle high uncertainty

of RSS fingerprints.

2.2.2 Model-based Approaches

Model-based radiolocation approaches exploit the physical constraints of the radio waves to
characterize the radio wave propagation. Radio wave propagation follows Maxwell’s equa-
tions, while exact solution for these equations are often difficult to obtain due to dynamic
nature of the indoor environments. However, these equations can be generalized for specific
propagation mechanisms in order to obtain empirical solutions. Model-based radiolocation
techniques usually employ these empirical approximations for physical constrains imposed
by Maxwell’s equations. LDPL is a generic propagation model which describes the radio

wave propagation in terms of attenuation as a function of distance between two antennas.

In model-based approaches, the model parameters characterizing the propagation char-
acteristics are first estimated from RSS fingerprints collected different locations in an indoor
environment. Once the radio wave propagation is characterized with the estimated param-

eters, the location of the agent can be determined with a RSS fingerprint and the model.

Figure 2.5 represents a generic data-driven radiolocation approach in detail.
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Figure 2.5: Model-based Fingerprinting Radiolocation Approach

In their pioneering work, Bahl et al. [23] employed an LDPL variant in their radiolo-
cation technique and explicitly modeled the attenuation caused by walls in the environment
along with the implicit attenuation term. Their technique was employed with trilateration
to globally determine the location of the agent. In their later work [28], the authors further
modeled environment-caused attenuation, such as the number of people in the environment,
by dynamically choosing different set of model parameters. Lim et al. [29] also focused on
similar attenuation sources and employed Singular Value Decomposition (SVD) on the col-
lected RSS to reduce the disturbances of the environmental attenuation on the fingerprints.
Incorporation of explicit attenuation model into LDPL yielded highly accurate localization

results for both techniques.

Chintalapudi et al. [30] introduced a Genetic Algorithm based approach for parameter
estimation and applied it after localizing the access point positions as well as that of agent.
Goswami et al. [31] proposed a learning-based approach for estimation of LDPL model pa-
rameters. The collected RSS fingerprints were represented with a Gaussian Mixture Model,
and model parameters were estimated with the Expectation Maximization algorithm. Ex-
perimental results have validated the reduction of localization uncertainty caused by the

proposed parameter estimation.
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It is common to see hybrid radiolocation techniques in the literature which combines
different inertial sensors with radiolocation results. Chen et al. [32] proposed a radiolocation
system which is implemented on a smart phone. The inertial measurements of the smart
phone is used in the estimation of a human the stride as well as identification of some
structural landmarks of the environment such as turns, elevators, escalators etc. The step
count of the person and the identified landmarks are used in a dead-reckoning scheme. The
results of the radiolocation are fused with the dead-reckoning results in order to tackle to
drifting nature of the dead-reckoning. The fusion of the information is attained with a
Kalman Filter. Evennou et al. [33] proposed an integration method for a LDPL model
based radiolocation and inertial navigation system. Similar to previous work, the inertial
measurements are fused with a Kalman Filter. The result of the Kalman Filter is then
incorporated with the LDPL model based radiolocation results, hence yielding a smooth
trajectory. The resulting trajectory angle is then fed into the Kalman Filter where the

inertial measurements are fused.

2.3 Radiolocation Techniques based on Angle of Ar-

rival Measurements

Angle of Arrival (AoA) measurements employ the difference of the reception time of the

same signal by different antennas of a radio module.

As the volume of the chips controlling network interfaces and radios gets smaller, the
design of the radio modules has been showing a significant change. The new design of radios
incorporate antennas, synthesizer and other needed peripheral devices into one chip. This

manufacturing enables radios to have more than one antenna, usually referred as Multiple-
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Input Multiple-Output (MIMO), such that the same package transmitted in the network
is captured by the antennas individually. The additional information that extra antennas

provide can be used to determine the arrival angle of the radio waves.

do dy d.
TX,

RX, RX, RX,

Figure 2.6: Angle-of-Arrival Determination with Multiple Antennas: Since the geometric
placement of each antenna is known, the time difference of each received signal is used to
estimate the angle of arrival.

Xiong et al. [34] proposed ArrayTrack which uses 16 antennas to estimate AoA. For each
detected signal, Arraytrack quickly switches between antennas in order to collect the same
signal with different pair of antennas. In order to mitigate the multipath effect, the authors
proposed an algorithm which actively disregards reflection paths between the access point
and the agent. Finally, Arraytrack employs a maximum likelihood estimation for localization

estimation by combining AoA measurements acquired from different access points.

Kotaru et al. [35] proposed a radiolocation technique, employing a commodity radio with
three antennas. AoA of each received signal is first estimated with MUSIC algorithm. In
order to increase the resolution of AoA estimations, the authors proposed a super-resolution
algorithm incorporates ToA into the AoA estimation. By using ToA, the estimation likeli-

hood of LOS direction and the target location is calculated from the collected AoA and ToA
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pairs.

Along with MIMO systems, Synthetic-aperture Radar (SAR) is used in radiolocation
techniques to simulate the MIMO design by moving the antenna [36, 37, 38, 39]. The
movement of the antenna during the signal reception augments the received information;
however, the position of the antenna must be known for each time step with high precision.
In order to tackle this precision requirement, Kumar et al. [37] proposed a SAR algorithm
which can be used with hand held devices. The radiolocation technique is then combined with

the visual cues of the environment provided by a stereoscopic visual localization technique.

2.4 Radiolocation Techniques based on Channel Char-

acteristics

Channel State Information (CSI) employs higher level information of the radio channel by
employing many antennas places on the agent’s radio. Unlike other fingerprinting principles
which are obtained at MAC layer of the network, CSI is extracted from physical layer (PHY).
This fingerprinting principle provides a combined effect of the propagation mechanisms oc-
curred along the propagation path as well as magnitude, phase and frequency of the received

signal.

Sen et al. [40] proposed one of the earliest CSI-based radiolocation, called PinLoc,
where frequency response of the channel is extracted from CSI fingerprints to enhance the
area granularity accuracy. These diverse frequency response of the channel are recorded at
different locations, and clustered with Variational Bayesian Inference system into K number
of spots. Once a new CSI fingerprint obtained at an unknown location, it is matched to one

of the spots with a log-likelihood metric.
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Xiao et al. [41] proposed FIFS, employing more information from CSI fingerprints, i.e.
magnitude and phase, than PinLoc. CSI measurements obtained at an unknown location are
first aggregated in the weighted averaging scheme; then matched with training fingerprints
with a Pearson correlation. The resulting correlation score is represented with a probability

distribution, which is obtained with Bayes’ rule, over the localization space.

Later, Wang et al. [42] proposed PhaseFi employing only the phase information obtained
from CSI fingerprints. The raw CSI fingerprints are obtained from multiple antennas of the
agent’s radio, followed by a linear transformation extracting calibrated phase information
from CSI fingerprints. The authors proved phase information of CSI fingerprints have a

bounded variance, resulting in the reduction of noise in the fingerprints.

In their later work, called DeepFi [43], the authors employed a four layer Restricted
Boltzman Machine (RBM) based deep learning algorithm to characterize the localization
function by only using the magnitude information extracted from CSI fingerprints. In com-
parison to FIFS which also employs the magnitude information, DeepFi uses raw CSI fin-
gerprints. The fingerprints collected in offline phase are use to train the RBM structure
adopting a greedy learning algorithm, where the deep network is trained layer-by-layer man-
ner followed by a fine-tuning, proposed in [44]. In the online stage, the raw CSI fingerprints
are fed into the network to extract stochastic features of the fingerprint. At an unknown
location, n number of packets are captured by the agent from which these features are then

extracted and fused with Bayes’ Rule to infer agent’s position.

N-LOS identification and mitigation can be improved by using CSI fingerprints due to
the fact that these fingerprints contain richer information about the channel. Cai et al. [45]
proposed a technique which employs CSI fingerprints to detect N-LOS signal and mitigate its
adverse effect on the localization. Their technique employs a Hampler filter to reject outliers,

and a linear transformation to further filter phase measurements. After this preprocessing
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step, a SVM-based binary classifier and regressor are successively employed to detect N-LOS

fingerprints, and mitigate their effects, respectively.

CSI fingerprints not only improved overall radiolocation performance, but did also con-
tributed into sever effect of multipath effect. However, these fingerprints require a sophisti-
cated hardware and software architecture combination in their collection. For this reason, it
is difficult to employ this fingerprint with commodity radio modules used in wide variety of

devices such as Wireless Sensor Networks (WSN)s and Internet of Thing (IoT) devices.

2.5 Summary

This chapter provided an overview of the radiolocation techniques based on different radio
wave characteristics employed. While significantly accurate under LOS propagation, tempo-
ral characteristics of the radio waves are often prone to yielding erroneous estimation under
N-LOS propagation. Along with this, the need for clock-synchronization and high precision
timing makes temporal characteristics of radio waves less appealing for indoor localization
problems. Power-based characteristics of the radio waves were also surveyed. Under LOS
propagation, radiolocation techniques which employs power-based characteristics of radio
waves often yield less accurate localization results. However, these approaches generally
are able to maintain their LOS accuracy in comparison to the techniques falls into former
category whose estimation accuracy significantly degrades with N-LOS propagation. Along
with power-based fingerprints, AoA fingerprints are also commonly used in radiolocation
techniques. While achieving more accurate results, a sophisticated hardware architechture is
required to collect these fingerprints. Lastly, radiolocation techniques where characteristics
of communication channel carrying the signal was surveyed. Among all, these fingerprints

are the least prone to adverse effects of N-LOS propagation, providing accurate localization



Murat Ambarkutuk Chapter 2. Literature Review 25

results. However, in order to extract this information, a specific set of hardware and software
combination must be used making it difficult to employ the techniques on commodity radio

modules.



Chapter 3

Radio Wave Propagation in Indoor

Radiolocation

This section provides a general framework for radiolocation techniques. In order to provide
a complete framework, first the fundamentals of indoor radio wave propagation mechanisms
first is laid out. Based upon the formulation of radio wave propagation mechanisms, existing
indoor radio wave propagation models are given Consequently, the indoor radiolocation
techniques which employs different radio wave propagation models for localization purposes

are given, followed by the a summary of the framework concluding the section.

3.1 Radio Wave Propagation

The theory of radio wave propagation goes back to James Clerk Maxwell who predicted to
existence of the radio waves by proposing the electromagnetic theory of light. Later his
work was validated by Heinrich Hertz who demonstrated the physical existence of the radio

waves. Since Hertz, the radio waves have been employed in various communication, object

26
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detection, observation of weather formation and many more applications.

Electromagnetic waves propagate through different mediums where different propaga-
tion mechanisms take place depending on the propagation conditions. In this part of the
section, these propagation mechanisms are provided. First, the fundamental relation between
transmitted and received radio waves is be given, followed by the propagation mechanisms

explaining the different types of behavior when radio waves changes propagation medium.

The propagation characteristics of radio waves can be formulated and understood with
Maxwell’s famous equations. However these equations require a full understanding about all
aspects of the propagation, namely, antenna properties, propagation medium, obstructions,
radio wave characteristics. In the case of radiolocation techniques, these factors are almost

never possible completely to know, measure or characterize.

Due to the complexity of the real environments, it is common in the literature to
reverse formulate the propagation of the radio waves by creating a relation transmitted and
received signals. Equation (3.1) represents radio wave transmitted with an antenna in an

environment.

s(t) =R {u(t)ej(QTrfc+¢o)} o

s(t) = x(t) cos(2m fo + ¢o) — y(t) sin(27 f. + o)

where u(t) = z(t)+jy(t) is a complex baseband signal with f, carrier frequency and ¢, phase
delay. The baseband is consisted of two components: in-phase component x(t) = R{u(t)}

and quadrature component y(t) = J{u(t)}.

The signal representing the radio waves can be considered as real signals due to the

fact that radio modules modulate and demodulate waves using oscillators which generate
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real sinusoids. However, s(t) is often represented as complex exponential due to the complex
nature of Fourier transform, which has a significant role in the frequency analysis of the

radio wave propagation.

Received signal can be formulated in a similar manner. Equation (3.2) represents the
received signal with complex baseband signal v(t) which is depended on the channel through

which radio waves propagate.

r(t) =R {v(t)ej(%f”%)} (3.2)

where v(t) = u(t) * c(t), if channel is time-invariant. c¢(¢) is said to be channel state infor-
mation of the channel which represent the instantaneous impulse response of the channel.
By using Equations (3.1) and (3.2), transmitted and received signals can be represented if
channel state information is perfectly known. However, similar to the case of Maxwell’s

equations, channel state information is difficult to predict or model.

Due to the bottleneck caused by the channel state information, transmitted and received
power levels are often used in the context of radiolocation rather than mentioned equations.

The power levels of transmitted and received signals can be obtained with Parseval’s theorem.

3.2 Radio Wave Propagation Mechanisms

In this section of the thesis, details of radio wave propagation mechanisms are provided.
As mentioned in the previous section, the channel state information makes it difficult to
correlate the transmitted and received signal. Therefore, it is a common practice in literature
to characterize radio wave propagation with empirical models. In this section, propagation

mechanisms of radio waves, namely, free space propagation, reflection (including refraction),
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diffraction and scattering will be formulated.

3.2.1 Free Path Propagation

In his work, Harald T. Friis laid out an empirical propagation model for free space prop-
agation which later almost became a standard propagation books [46]. Friis’ Free Space
Equation (FFSE) considers the propagation occurring between two ideal antennas in a vac-
uum space with no obstructions in between. In other words, this model is only able to

characterize LOS propagation conditions.

J2md
)\GtGTe A
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where the model parameters are stated in the table below:

Table 3.1: Parameters of empirical free-space

Parameter Description Unit
Gy Transmitting Antenna Gain -

G, Receiving Antenna Gain -

A Wavelength of the signal (Please note: ¢ = \f,) meters
d Separation distance between the ideal antennas meters

As can be seen in Equation (3.3), FFSE characterizes the propagation by relating trans-
mitted and received signal power levels as a function of separation distance d which can be

stated as below:
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(a) Friis” Free-space equation characterizes (b) Relationship between transmitted and
propagation between two ideal antennas in received power levels.

a free space as a function of separation dis-

tance d.

Figure 3.1: Friis’ Free-space Propagation Model

As shown in Equation (3.4) and Figure 3.1b, the received signal strength falls off in-
versely proportional to the square of the separation distance. This relation can be seen in
Figure 3.2. Due to minuscule level of the power, the transmitted and received power levels

are represented in logarithmic scale. Therefore, Equation (3.4) can be written as:

P.(d) = P,(dBm) + 10log,, G:G, + 20log;q A — 20 log;, 47 — 20log;, d [dBm] (3.5)

By representing the reception power level as Equation (3.5), the received power is
represented in logarithmic scale with respect to a milliwatt. Free-space Path Loss can be
then defined as a positive gain representing the power loss occurring along the propagation

path with the difference between the transmitted and received power in decibel scale.

GG N2
PL(d) = —101logy, W (3.6)
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Figure 3.2: Expected Free Space Path Loss as a Function of Distance

3.2.2 Reflection and Refraction

In a typical indoor environment, it is safe to assume that direct LOS coverage area of access
point contains a limited portion of the environment. Therefore, FFSE is often infeasible
to use for indoor radiolocation purposes. However, there are many empirical formulation
for reflection mechanism based on FFSE. These models can characterize the multi-path
effect resulted by the reflection mechanism; hence increasing the propagation characterization
ability of the model. This increase in accuracy to represent the actual propagation and

prediction propagation often attributes to localization performance.

The reflection phenomenon occurs if a wave front impinges on a different medium (ob-
struction) along the propagation path which is bigger than the wavelength of the signal in
dimension. Depending on the permeability of the obstruction and the wavelength of the
radio waves, some of the radio waves are reflected back, and remaining penetrates into to
medium with refraction mechanism. The ratio of the reflected power and refracted power
level characterized with refractive index of the obstruction. For instance, metal surfaces be-
have as a (almost-) perfect reflective medium, while different atmospheric conditions creates

significant attenuation for the radio waves [47]. The reflection mechanism can be seen on
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Figure 3.3.
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Figure 3.3: Reflection and Refraction of a Radio Wave

Two-Ray Reflection Model

Two-ray reflection model is popular for open indoor areas where the distance between the
access point and the agent is significantly long. In that case, the reflected copies of the trans-
mitted signal from walls and other obstructions arrive at the receiving antenna with a large
phase delay, creating multi-path effect. Even though LOS propagation might be established,
multi-path effect of these delayed copies changes the induced power at the receiving antenna.

Figure 3.4 depicts the two-ray reflection model in greater detail.
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Figure 3.4: Two-ray Reflection Model

As shown in Figure 3.4, Two-ray reflection model can incorporate many aspects of
the physical properties of the propagation, such as ground reflection coefficient, height of
the antennae, and polarization of the wave. As mentioned earlier, two-ray reflection model
assumes, there are two components of the received signal: LOS component and the reflected
wave. Therefore, received signal can be expressed as the superposition these two components,
which is given in Equation (3.7). As can be seen in the equation of the model, the first
component, received wave of LOS propagation path, is represented with FFSE.

j2ml j2m(z + ')

A | Guu(t)e A +RGTU(75—T)€ A o (27 fet0)

r(t) =% o ; pop (3.7)

where R, 7, x+x" and [ represent the ground reflection coefficient, delay spread of the signal,
reflection path and the LOS path of the signal, respectively. As mentioned earlier, two-ray

model assumes a propagation path [ such that x + 2’ ~ [ ~ d.
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Therefore, the relation between transmitted and received signal strength can be expanded

with Taylor series approximation, yielding Equation (3.8).

P.(d) = P,(dBm) + 10log,, (G:G,) + 20log;, (h:h,) — 401og,, d (3.9)

Equation (3.9) represents the transmitted and received power strength of a radio wave
under two-ray propagation conditions. As can be seen in the Equation (3.9), received power
decays much faster than free-space propagation. While FFSE characterizes the power de-
cay with a inverse relation of squared distance among antennae, two-ray reflection model
characterizes with the fourth power of the separation distance. Equivalently, Equation (3.8)
can be represented in logarithmic scale. The received power is also independent from the

wavelength of the signal.
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Figure 3.5: Comparison of the received signal levels of Two-ray Reflection Model and Free-
space Propagation Model

3.2.3 Diffraction

This section of the thesis defines diffraction mechanism and provides a common model char-
acterizing the diffracted radio waves in the context of radio wave propagation. As mentioned
earlier, LOS coverage of radio waves in indoor environments is said to be limited. However,
thanks to N-LOS propagation mechanism, radio waves can propagate in an environment even
in the presence of the obstructions. This ability to propagate under N-LOS conditions pro-
vides a great ability for radio waves to be employed in wireless devices for different purposes
such as communication and broadcasting TV and radio signals, where optical range of the
electromagnetic spectrum cannot be employed because of their strict LOS-only propagation
ability. However, this ability comes with a price. If radio waves complete their propagation
under N-LOS conditions by reflecting, diffracted and scattering, the received signal is often
distorted. Therefore, it is imperative to characterize the magnitude of this distortion effect

to successfully employ radio waves for localization purposes.

Diffraction mechanism occurs when radio waves impinges on a sharp corner or surface.
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In this case, radio waves tends to bend around the sharp surface and creates a new wave front.
Figure 3.6 represents the diffraction mechanism. The blue arrow on the figure represents the
LOS propagation path, while red line represents the new wave-front created by the diffracted

radio waves.
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Figure 3.6: Diffraction mechanism in an indoor environment: Diffraction mechanism takes
place in indoor environments due to sharp corners and edges of the infrastructures.

Fresnel Knife Edge Diffraction Model

Fresnel Knife Edge diffraction model is a simplified approach for diffraction phenomenon.
This model characterizes the diffracted wave-fronts by using the geometrical theory of diffrac-
tion and assumes the obstruction is a wedge rather than general shape. Figure 3.7 demon-

strates the details of the Fresnel Knife Edge Diffraction model.
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Figure 3.7: Fresnel Knife Edge Diffraction Model Parameters

As can be seen in Figure 3.7, the diffracted waves bend around the obstructive object
and arrive to the receiving antenna with phase delay due to longer propagation path than

the LOS propagation. This longer path results in phase shift:

2m(d + d’
b= 2r(d + d') (3.10)
A
This phase shift can be characterized as a relative to LOS propagation path:
2 !
i el
Ap=—=828— — — 3.11
p=—200 __T, (3.11)
2d+d') . . . . :
where v = h —ad is called Fresnel-Kirchoff diffraction parameter. With the help

of Fresnel-Kirchoff diffraction parameter, the path loss occurring due to the diffraction can

be empirically characterized with the diffraction parameter as below:
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(
201og;((0.5 — 0.62v), —0.8<v <0,
201og;,(0.5e70-%v), 0<wv<l,
L(v) = (3.12)
2010g;(0.4 — 1/0.1184 — (0.38 — 0.1v)2), 1<<wv <24
0.225
\ v

3.2.4 Scattering

As mentioned earlier, N-LOS propagation mechanisms play a significant role in the char-
acterization of the radio wave propagation. Therefore, these propagation mechanisms are
important in radiolocation literature as important as to wave propagation. Scattering is a
N-LOS propagation mechanism where radio waves are disturbed by an attenuator whose
dimensions are comparable to the wavelength of the radio wave and diffused into different
propagation paths. For instance, rain drops seem to scatter radio waves whose wavelength
is approximately 10 GHz (A = 3 ecm) due to comparable dimensions of the raindrops and the
wavelength. Since the direction of the new wave-fronts created by the scattering mechanism,

the effect of scattering mechanism is often formulated in empirical manner.

Transmitting Antenna Receiving Antenna LOS Propagation
Ptv Gt ’ Pr: Gr
-y, . ----- Scattered Wave-fronts
-~
N
A

A--

Figure 3.8: Scattering mechanism diffuse the radio waves, resulting in new wave-fronts di-
rected at different angles
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3.3 Log-distance Path Loss Model

LDPL is an indoor wave propagation model which formulates the correlation between the
transmitted and received signal strength as a function of Euclidean distance between an

access point and the agent.

Let PL(d) be the difference between transmitted signal strength and RSS fingerprint
obtained at a test point d distance away from the access point. This difference is commonly
referred as path loss. LDPL model, formulates the path loss of the test point relative to a

reference point dy distance away from the access point:
_ d
PL(d) = PL(dy) + 10n logy, o + X, (3.13)
0

where PL(dy) and X, are the mean path loss measured at the reference point, a normal

distribution with zero mean and ¢ standard deviation, respectively. The second term in
d

the model denotes the relative path loss as a function of T and path loss exponent n.
0

Table 3.2 shows different values of path loss exponent n depending on the environment and

communication path.

As can be seen in the formulation of the LDPL model, wave propagation not only
depends on separation distance d, but also path loss exponent n and standard deviation o.
Therefore, these parameters should be estimated from the collected data. A least squares

approach can be used to obtain the model parameters:

2

(PL(d) — PL(d)

(3.14)

Ns
n,o0 = argmin —
2
=1

n,o Ng i

where ﬁ\L(d) is the estimated path loss occurred at the distance d with path loss n and

standard deviation o.
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Figure 3.9: LDPL Model Parameters and Path Loss: As can be seen in the figure, path loss
exponent n governs how fast the received signal decays, while ¢ models the shadowing factor
in the measurements.

LDPL formulation can be solved for the Euclidean distance d, for each measured path
loss PL(d) at an unknown location, and estimated model parameters [n*, 0*]7. Consequently,
each fingerprint collected from access points within the agent’s radio coverage will induce a
circle in R? centered at the access point. The agent location can be then determined with

trilateration applied on the induced circles.

Table 3.2: Various values of path loss exponent based on the environment and the propaga-
tion path.

<2 the space structure guides the radio waves along the propagation path
=2 empty space overall propagation path is dominated LOS communication
> 2 There are obstructions along the propagation path multipath effect takes places due

to N-LOS communication




Murat Ambarkutuk Chapter 3. Fundamentals of Indoor Radiolocation 41

3.4 Indoor Radiolocation with Trilateration

The indoor radiolocation problem of interest in this paper is to locate an agent equipped
with a radio module in an indoor environment that installs some number of access points in a
distributed manner. Let indoor environment and some number of access points with known
poses in the environment be  and my., respectively. At an unknown location, the agent
collects n,, number RSS fingerprints from all the access points within its field of coverage.
The distances between the agent and the access points can be inferred with the use of RSS
fingerprints and the radio wave propagation model. Consequently, the global position of the

agent can be then obtained by using the trilateration method.

Let the measured distance between the agent and i** access point which resides at

7 = [2%,y%, 2|7 be d;. Then the position of the agent can be represented as:
d7 = (2" — xi)Q + (y' — yi)g + (2" = Zi)2 (3.15)

As can be seen in the Equation (3.15), each equation induces a sphere centered at the access
point with d; radius. Since all the access points in the field of coverage of the agent lead to

an equation, simultaneous solution of these equation yields to the position of the agent.

[0 Agent @ Access Point

Figure 3.10: Trilateration of an agent with separation distance estimations
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By using j** equation as a linearization pivot, all the quadratic unknown terms can be
eliminated in Equation (3.15). Therefore, the set of equations attained can be represented in
a matrix form. The linear system can be then solved for ¥ = | (3t — 27), (vt — o), (2*—29)

to determine the position vector of the agent.

T —a’ yt— 7 zt— 27

A VL T L

d? — di 4 d;

d? — d3 + dj;

S
I
o
ot

2 2 2
dj - dj_1 + dj_lj
2 2 2 2
djpq — djp T diy

&+

Nm,J

where d;; represents the distance between it" and j** markers. Due to sensor and process
uncertainty, direct solution of trilateration often yields to unwanted solutions [48]. There-
fore, the least squares approach is often used in trilateration problems to cope with noisy
measurements. The least square formulation minimizes overall localization error .S, which is

induced by the measurement noise.

T
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S

T — (5— A:f)T (6— A:f)
(3.16)

T = argmin S
xr

If the AT A is not singular, the solution for Equation (3.16) can be derived as Equation (3.17).

-1

= (ATA) ATS (3.17)

3.5 Summary

This section has provided a general framework for radio wave propagation mechanisms and
models and their use in radiolocation techniques. In order to provide a complete framework,
first the fundamentals of indoor radio wave propagation mechanisms has been laid out where
it is often observed that multi-path effect takes place due to obstructions in the environments.
These mechanism are useful in ray-tracing methods where received signal is decomposed such

that the exact propagation path between transmitting and receiving antennae is estimated.

In the context of indoor radiolocation techniques, ray-tracing methods are often results
in inaccurate estimation of the propagation path due to dynamic nature of the obstructions
in the environment. Therefore, in radiolocation techniques, received signal is decomposed
such that the detrimental effects of the multi-path effect, which results many copies of
the transmitted signal with different phase delay, is characterized as N-LOS attenuation
posed by the environment. Therefore, the overall accuracy of the radiolocation techniques
directly attributes to accuracy of the propagation model and this ability of characterization of

diverse propagation mechanisms employed in the radiolocation technique plays a significant
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role. From this observation, a radio wave propagation model which can characterize the
attenuation caused by the environment is still needed to improve the accuracy of the current

indoor radiolocation techniques.



Chapter 4

Grid Based Indoor Radiolocation

Technique Based on SCPL

This chapter presents a grid cell based radiolocation technique based on Spatially Coherent
Path Loss (SCPL) model. With the objective stated in Chapter 1 in mind, the proposed path
loss model presented in this chapter would be able to characterize the radio wave propagation
even in the presence of the obstacles. Based on the proposed propagation model, a grid cell
based radiolocation technique which employs SCPL in its core to localize an agent in an

indoor environment.

The radiolocation problem of interest to locate an agent equipped with a radio transceiver
module in an indoor environment. Once the agent reaches to a new location, it interrogates
all the accessible access points placed in the environment. The interrogation results, i.e. the
responses of the access points, are used to capture RSS fingerprints. With known trans-
mission power for each access point, the power loss occurring along the propagation path is
calculated. The magnitude of attenuation is then used to localize the agent in the environ-

ment. Figure 4.1 demonstrates the problem of consideration in greater details.

45
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Figure 4.1: Indoor radiolocation of interest: An agent at an unknown location in the indoor
environment interrogates the access points whose positions to capture RSS fingerprints. The
fingerprint are then used to choose the parameters of the SCPL model. By using the RSS
fingerprints and the estimated model parameters, the attenuation profile of the region where
the agent is location is calculated. Consequently this information is employed to estimate
the separation distance between the agent and each access points.

Figure 4.2 demonstrates the schematic diagram of the proposed grid-based indoor ra-
diolocation technique. Given the RSS fingerprint obtained at an unknown location, the
SCPL model parameters are first chosen with a feed-forward neural network. By using the
parameters chosen by the neural network, SCPL is then used with the RSS fingerprint to
estimate the distances between the access points and the agents. Least-squares trilateration
technique is successively applied on the attained distances to determine the location of the
agent. Consequently, the result of the trilateration is represented with a probabilistic distri-
bution over the indoor localization environment ). This section covers the details of each

component of the localization algorithm in further detail.
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Localization Based on SCPL

Figure 4.2: Schematic diagram of the proposed localization algorithm: The model parameters
are first chosen with a feed-forward neural network. The distance between the target and
the access points is attained with SCPL. Consequently, trilateration is used to determine the
position of the agent which results in a belief function over the localization environment 2.

4.1 Spatially Coherent Path Loss Model

Let Q = {g(i,5)]i = 1...ngs,J = 1...n4} be the localization environment which is uni-
formly divided n,, by n,, number of grid-cells. ¢(i, j) represents the grid-cell resides in [, j]
in grid-coordinates. Figure 5.1 demonstrates the grid-cell structure of the environment in
detail. SCPL model characterizes the radio wave propagation for each grid-cell by evaluating

the formulation below:

PL(d) = PLigs(d) + PLan(d) + X, (4.1)

where d is the Euclidean distance between an access point and the grid cell center ¢(i, 7).

di = [|7 — (i, j)||, (4.2)

SCPL model characterizes the measured path loss acquired at a test point with d dis-
tance away from the access point as the sum of the LOS propagation path loss PLj,s(d)

and an explicit attenuation term P L, (d). PLjys(d) is defined with FFSE [46] whose details
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Figure 4.3: The green triangle represents the location of the agent. The shaded gray area
divided into grid cells represents the localization environment 2. The circles around the envi-
ronment represent the access point locations, while red region in the environment represents
the region resulting in multipath effect.

can be found in Section 3.2.1. On the other hand, PL,;(d) the attenuation caused by the

obstacles in grid-cell g is formulated as given in Equation (4.3).

PLuyu(d) = 10n,log, ayd (4.3)

where n, and o, represent the path loss exponent and distance correction factor for grid-cell

g. Following section provides further details of the model parameters.

4.1.1 Model Parameters

SCPL model characterizes the attenuation of the environment in each grid cell by using three

parameters. Table 4.1 provides each model parameters and their corresponding descriptions.
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Figure 4.4: This figure demonstrates how SCPL characterizes the propagation in an envi-
ronment. The colors in the grid cells represent the mean of the measured path loss for each
grid cell, while zoomed window shows the probability distribution function of measured path
loss within those grids marked on the environment.

Table 4.1: The descriptions of SCPL model parameters.

Ng The path loss exponent estimated for grid-cell g. If the grid-cell g is closer to an
obstruction, it is expected to see higher values in order to model the attenuation
better.

ay Distance correction factor. Since the N-LOS propagation path should be longer than
LOS path, the length of the propagation path is corrected with this parameter.

o The estimated deviation of the normal distribution which is modeling the slow fading
of the channel.

Path Loss Exponent n,

Path loss exponent n, represents the path loss exponent for grid cell g and governs the

attenuation magnitude occurring the grid cell. As the exponent increases, the expected
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attenuation increases. Figure 4.5 shows the simulated effect of an increasing n, for an
arbitrary grid cell with fixed parameters except the path loss exponent. As can be seen in
the figure, increasing attenuation of the radio waves can be modeled with increased values
of path loss exponent. This correlation implicitly defines where in the environment N-LOS

propagation mechanisms taking place.

3 4

X -

10 4

i

0 100 M) 400 A00 500

Figure 4.5: Effect of increasing: nyg < n; < ny < ng < ng < 5. As can be seen in the figure,
the increase in the path loss measurements for each grid cell results in increase in the path
loss exponent ng,.

Distance Correction Factor a4

LDPL model represents the attenuation of the environment as a relative term to the refer-

ence point as a function of the Euclidean distance between the agent and the access point.
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However, this formulation yields inaccurate results in the cases where the propagation path
contains obstacles. Since N-LOS propagation mechanisms such as reflection, diffraction and
scattering, is more likely to be observed in such cases, the real propagation paths differ from
the Euclidean distance between the agent and the access points. In small environments, this
difference might be negligible; however, in large environments such as warehouses, manufac-
turing sites, this difference adds up to a significant deviation from the actual propagation
path; hence the path loss. Figure 4.6 represents a similar case where two different N-LOS
propagation paths are compared. As the distance between the access point and the agent is
small, the difference between the actual propagation path and the direct path is negligible.
On the other hand, once the agent interrogates another access point with greater separation
distance, this difference results in higher errors in localization. By considering this fact, a
distance correction factor o, for each grid cell is introduced. Since the N-LOS propagation
path will be longer than LOS path, a4 estimates the N-LOS distance, while n, serves as a

path loss exponent.

LOS Coverage

{R}y

|

R  {R}y Actual Propagation Path

Figure 4.6: Since the N-LOS propagation path will be longer than LOS path, the actual
propagation path is estimated with a multiplicate term c.



Murat Ambarkutuk Chapter 4. Radiolocation based on Spatially Coherent Path Loss (SCPL) Model 52
Fingerprint Variation X,

RSS fingerprints display variation in magnitude even if the agent is stationary in the envi-
ronment. In order to account for this variation in the model, a random variable is employed
in the formulation. Random variable X, models the variation of the fingerprint acquired in

the same grid cell with a normal distribution distributed with a zero mean, and o, standard

deviation.
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Figure 4.7: Effect of increasing o,.

4.1.2 Parameter Estimation for SCPL Model

Similar to attenuation term in LDPL, SCPL models the attenuation as a logarithmic func-
tion. However, the main difference is that SCPL does not model the attenuation relative
to the reference point. Rather, the path loss exponent n,4, the distance correction factor ay
and X, is a function of the position the agent. For each grid-cell, model parameters are
estimated; hence, the propagation of the radio waves are identified locally. As a result of

this, for each grid-cell, the irregularities of the environment can be modeled locally.
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SCPL model parameters are estimated with a least-squares approach which minimize
the path loss estimation error in grid-cell g. Once these parameters are estimated from the
collected fingerprints, the proposed path loss model can be used to estimate the separa-
tion distance from all of the access points. The formulation for the estimation is given in

Equation (4.4).

J+E i+nE

“(i, §), o (i, ), 0" (i, ) = . PL H 44
W (0.7).0°().0"(1.9) = axgmin—— 3 PIp3 0] e
v=j— U= Z—*S

where PL(u,v) represents the path loss measured in grid-cell g(u, v), while ng represent the

number of fingerprints used in the estimation.

As can be seen in Equation (4.4) and Figure 4.8, for each grid-cell g(i,7), the loss
function considers neighboring grid-cells with spread factor of n, and n,. Assuming grid-cells
residing in a local vicinity should show similar propagation characteristics, the parameters of
grid-cell g(7, j) are attained by employing the fingerprints collected in neighboring grid-cells
as well. By incorporating the neighboring grid-cells, the data points needed to estimate the

model parameters are decreased, as well as the locality coherence is ensured.
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Figure 4.8: Parameter Estimation for SCPL Model
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4.2 Grid-based Radiolocation Based on SCPL Model

Figure 4.2 demonstrates the schematic diagram of the proposed localization technique. Given
a fingerprint P, (i, ) acquired in an unknown grid-cell g(7, j), the neural network is first em-
ployed to choose a set of SCPL model parameters. After selecting a set of model parameters,
the acquired fingerprint P.(7,j) is used to estimate the distances between the access points
and the target. The estimated distance between the access points and the agent is utilized
in a least-square trilateration framework such that the estimation for each access point can
be fused and the agent location can be determined. Since SCPL model results in a distri-
bution for each distance estimation, the trilateration also yields a distribution representing

the position of the agent.

4.2.1 Parameter Learning and Parameter Selection

Given a fingerprint P,(7, j) acquired in an unknown grid-cell ¢(, j), the neural network is first
employed to choose a set of SCPL model parameters. Let (i, j) = [n(i, j), a(i,5),0(i,§)]F €

*3  This parameter

R? are first chosen from all the estimated parameters P € R"s=*"sy
selection is achieved with a 3-layer feedforward neural network where each layer of the
network can be represented as Equation (4.5). The structure of the neural network can be

seen in Figure 4.9.

Fall) = 0(Wih, +b,) (4.5)

where W,, and l;n represent the learned weight matrix and bias vector of n'* layer, respec-

tively. 0(-) denotes the nonlinearity function, while h, is the input of the n'® hidden layer.

Since all the model parameters are positives values, ReLu [49] is used as the nonlinearity
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Parameter Learning Parameter Selection

(a) Parameter Learning Phase of the Feed- (b) Parameter Learning Phase of the Feed-
forward Neural Network: In this phase, the forward Neural Network: In this phase, the
weight matrices and bias vectors of each layer weight matrices and bias vectors of each layer
is learned with labeled data. is learned with labeled data.

Figure 4.9: Left: Parameter Learning Phase where RSS measurements are optimal model
parameters are used to train the neural network. This phase is conducted once before
deploying during the offline phase.

Right: Parameter Selection Phase where new RSS measurements are used with the trained
neural network to estimate model parameters

function in SCPL model. Equation (4.6) represents the ReLu function.

o (hy) = max (0, h,,) (4.6)

Before training the neural network the input data, the measurements, is normalized

such that the measurements of the each access points centered at zero with a variance of 1.

Consequently, the model parameters are inferred by utilizing weights and biases of each
layer consecutively, followed by the nonlinearity function. This parameter selection phase

forms the first step of the online stage of the proposed radiolocation technique.
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4.2.2 Separation Distance Estimation and Target Localization

After model parameters are chosen, the distance from the access point and to the agent is be
estimated by utilizing the SCPL model. As stated earlier, SCPL model can be represented

with a closed form formulation:

PL(d) = PLjps(d) + PLay(d) + X, (4.7)

As shown in Equation (4.7), SCPL models the path loss of each grid cell with a normal
distribution. Please note X, ~ N (0, 03). Therefore, separation distance estimations can be
represented within the probabilistic framework. Let P!(d) is a received RSS fingerprint from
access point ¢, then probability distribution representing the distance between the agent and

ith access point can be represented as:

PL(d) = PLys(d) + PLa(d) + X,

_ BGGN

PL(d) = (drd)? + 10n, logy ayd + X, (4.8)

= logo(Di) ~ N (1, 5°)

where

K+ P — Pf(d)
20 +ny

s = 9g
20 + ny

Y

IU/:

K =10log,,(G,G;) + 201og;o(A) — 201log;o(4m) — ngylogo(ay)

As can be seen in Equation (4.8), SCPL results in lognormal distribution for separation
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distance estimations. This resulting random variable can be seen in Figure 4.10.

By using the properties of a lognormal distribution, the estimated distance has a mean

of:
d; = E[D;]
= exp(p + 0.55%) (4.9)
AZ:K+Pt_PT(d)+O5 Ug
20 + ny 20 + ny

The variance of the estimated distance can be stated as:

Var(D;) = E[(D; — E[Dz])2]

= exp(2(p + 57)) — exp(2p + 5%)

Var(D;) = exp (Q(K +2§t+_nlj(d) + (20(:_9%)2)) — exp (QK + b - F(d) + ( % )2>

In order to localize the agent the global position of the agent in the environment, the
distance estimations for each access point should be incorporated. In the light of this, a
least-squares trilateration method is employed in order to determine the location of the

target.

Let P(i,7) be the probability of the target residing in g(i, 7), resulted from the least-
squares trilateration. Then P(2) represents the probability distribution function over all the

grid-cells.

P(g(i, j)) = P(i" = c(i, j)) (4.11)
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Access Point

&

Figure 4.10: Separation distance estimation with SCPL: D; represents the resulting random
variable for separation distance between the agent and the i*" access point. d; and d; represent
the mean of the random variable and the actual distance between the agent and the access
point, respectively.

where ¢(i, j) represents the center of grid cell g(i, 7).

The quantification of the probability distribution function P(€2) is then achieved with

expectation operator. The final localization result is represented as below:

L= E[P(Q)] (4.12)

&>y
I

By representing the localization as a distribution over €2, the model can better account

for error resulted from model inaccuracies, environment irregularities and trilateration.

4.3 Summary

This chapter presented the proposed grid based radiolocation technique. First, SCPL model

was introduced. SCPL model characterizes the radio wave propagation in an environment
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by profiling the attenuation of the radio waves. This characterization is handled in a grid cell
based manner such that the attenuation profile can have different values depending on where
the agent is. This level of granularity in attenuation profile, is then employed in a radioloca-
tion technique with which an agent in an environment can be located with radio waves. With
the use of higher level granularity in attenuation profile and probabilistic representation of
the localization over the grid cells, the proposed technique can potentially handle the effect

of irregular attenuation sources, and the noise in the fingerprint measurements.



Chapter 5

Experiments and Results

This section will outline the details of the experimentation conducted. The structure of the
environment is first described as well the determination of the grid-cell size, followed by the
details of the fingerprint collection process. Finally, evaluation of the parameter estimation,

parameter selection and the overall SCPL model performance is covered.

5.1 Experimental Setup

5.1.1 Localization Environment

In this section, the properties and characteristics of the environment in which the experi-
mentations were conducted. The structure of the environment is first provided, followed by

the determination of grid cell size. Finally, the details of the dataset structure is provided.

60
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Figure 5.1: Grey grid cells demonstrate the localization environment 2. Grey triangle is
the pose of the agent. The circles represent the access points while black regions depict
the support columns. The grid cells marked with red color represent the regions where the
fingerprints corresponding to the grid cells in shadowing effect are contributed into parameter
estimation.

5.1.2 Structure of the Environment

The experimentation was conducted in Hancock Hall, Virginia Tech, where the environment
can be considered empty. Thus, it is expected to LOS propagation be dominant in the
environment. The environment contains two support columns inside and it is closed from
three edges with cinder block walls while the last edge was open to another open area. The
environment is 22.5 by 7.2 meters, in which 8 access points running at 900 MHz were placed.
Figure 5.3 provides a panoramic photograph of the experimentation site with obstructions

were clearly depicted.
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Grid-cell Size Determination

The characteristics of the radio modules used plays a significant role in the the determination
of the grid-cell size. Fraunhofer distance was considered to determine the size of the grid-
cells such that the fingerprints were acquired within far-field propagation zone (d > 2X). In
the near-field zone, which is described as the first two wavelength equivalent distance from
the transmitting antenna, the radio waves show fast-fading characteristics, while both SCPL
and LDPL models approximate the slow-fading characteristics of the radio. Therefore, the

grid-cell size was chosen such that the fingerprints will not be collected in near-field zone.

Fresnel Region

Figure 5.2: Radio waves show different characteristics after being emitted by the transmitting
antenna as a function of distance. In Fraunhofer region (d > 2)), the radio waves display
more steady characteristics than Fresnel region.

The grid-cell size determined as 0.9 by 0.9 meters as the radios, used in the experi-
mentations, were running at 900 MHz (A = 0.33 meters). Figure 5.1 represents the grid-cell

representation of the environment, and the location of the access points.
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Figure 5.3: Panaromic photograph of the experimentation site

5.1.3 Radio Modules

5.1.4 Dataset

For each grid-cell, at least 6 repeated fingerprints were collected from all access points, and
each grid-cell was visited at least 3 times. Therefore, 1543 fingerprint vectors from 8 access
points were obtained along with the grid locations. For each grid-cell, there exist a mean of
7.715 measurements while the standard deviation of the measurements of grid-cells is 3.77,

from which one might conclude that the measurement space is not biased over locations.

5.2 Experiments

5.2.1 Path Loss Estimation with SCPL

The localization performance of the proposed technique heavily depends on path loss estima-
tion ability. Thus, a significant attention has been put into this estimation ability. However,
the trade off between generalization and accuracy needs to be resolved. The radio waves

propagate with different characteristics depending on the wavelength of the wave and the
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obstruction size. In order to quantitatively assess the path loss estimation, two different

radios working at wavelength different frequency, 900 MHz and 2.4 GHz, is employed.

900 MHz Channel

In order to assess the propagation characterization ability of LDPL and SCPL, both of the

techniques were first employed 900 MHz frequency band.
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Figure 5.4: Measured mean path loss of each grid cell with different access points placed in
the environment. The access point locations marked with the circles in the figure.

Figure 5.4 depicts the actual measurements and the estimations provided by LDPL and
SCPL techniques. The first column represents the mean path loss measurements of each
grid cell for access points 3, 4 and 7 whose locations were marked with circles on the figure.
As can be seen in the figure, access point 7 results in higher path loss measurements than
access points 3 and 4. In the light of this observation, one might conclude that the path

loss measurements not only vary based on location, but also does the access point location
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contributes to this variation.

Since LDPL characterizes the propagation in a global manner, the estimations provided
by this technique yields smooth power decay as the distance from the access points increases.
This approaches fails to capture the propagation irregularities posed by the environment.
On the other hand, due to local attenuation profiling nature of SCPL, it provided a larger

range of estimations. This observation can be made with the color bar of each figure.

Figure 5.5 depicts the path loss estimation error of LDPL and SCPL at 900 MHz
frequency channel. As can be seen in the figure the path loss estimation error of LDPL
technique is a function of distance. As the distance between the access point and the grid

cell increases, LDPL seems to display poorer propagation characterization ability.

AP 3 AP4 AP 7

LDPL

SCPL

0

5.0 75 10.0 125 5 7.5 0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Figure 5.5: Path Loss Estimation Error of Access Points 3,4,7

While the path loss estimation of LDPL as a function of distance, SCPL yields to
more complicated path loss estimations errors due to its local attenuation profiling nature.
However, from the figure it can be seen that, SCPL tends to have larger error margins in

the near field of the access point.
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2.4 GHz Channel

In order to assess the propagation characterization ability of LDPL and SCPL, both of the

techniques were also employed at 2400 MHz frequency band.
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Figure 5.6: Measured mean path loss of each grid cell with different access points placed in
the environment. The access point locations marked with the circles in the figure.

As can be seen in the Figure 5.6, path loss measured at 2400 MHz frequency channel is
significantly is bigger than 900 MHz. This increase in the path loss is due to the phenomenon
that the radio waves get attenuated if the frequency of the signal increases (i.e. shorter
wavelength). The first column of the figure represents the mean path loss measurements of
each grid cell for the same access point employed in the analysis of 900 MHz whose locations
marked with circles on the figure. Similar to analysis of path loss estimation at 900 MHz,
different access points results in significantly different path loss measurements depending on

their locations.

Figure 5.7 depicts the path loss estimation error of LDPL and SCPL at 2400 MHz
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frequency channel. Similar to path loss estimation analysis conducted with 900 MHz radio
modules, path loss estimation error of LDPL technique yields larger error as the the distance

between the access point and the grid cell increases.

AP 3 AP4 AP 7

LDPL

SCPL

Figure 5.7: Path Loss Estimation Error of Access Points 3,4,7 at 2400 MHz frequency channel

While the path loss estimation of LDPL as a function of distance, SCPL yields to
more complicated path loss estimations errors due to its local attenuation profiling nature.
However, from the figure it can be seen that, SCPL tends to have larger error margins in

the near field of the access point.

5.2.2 Analysis of SCPL Model Parameters
Effect of N-LOS on Model Parameters

In Figure 5.1, grid-cells marked with red color represent the region where support columns
affected during the parameter estimation, while the colums are marked with black. It is
expected to observe an increase in model parameters’ values due to likeliness of N-LOS

propagation around the columns. In the light of this analysis, it is expected to observe an



Murat Ambarkutuk Chapter 5. Expermentation 68

increase in the estimated the path loss exponent where N-LOS propagation path occurs;

Figure 5.8 validates the expectation.

] 5 10 1% Pt

Figure 5.8: Estimated path loss parameters for each grid cells. As it can be seen, the
grid cells neighboring obstructions tend to have larger path loss exponent, which shows
attenuation in these vicinities have more impact on the localization.

Analysis of Parameter Selection

As described in Chapter 4, a three layer feed-forward neural network was employed with
which the parameters of model (ng, oy, 0,) are chosen. The network is trained with Stochastic
Gradient Descent algorithm with Nesterov momentum updates. The implementation is
implemented with Keras [50] library which uses Tensorflow [51] as the backend. Overall the

neural network was able to choose the model parameters with an error of 0.0082 (MSE).

5.2.3 Analysis of Estimated Separation Distance

In order to analyze the efficacy of the SCPL model, first the separation distance estimation
is analyzed. Given a vector fingerprints collected from all observable access points at an
unknown position, SCPL and LDPL are separately used to estimate the separation distance

from all access points. The error metric for each fingerprint vector is given below.
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Figure 5.9: Cumulative distribution function of range estimation errors

Table 5.1 tabulates the estimated separation distance error for LDPL, SCPL models.
The first column represents the overall error statistics of the LDPL model, while second
column that of SCPL with perfect parameter selection. The third column of the Table 5.1
represents the case where model parameters were chosen with the neural network. As shown
in Figure 5.9 and Table 5.1, SCPL is able to localize the target with 5.2 meters mean

localization performance, while LDPL achieves 14.98 meters.

As well as the mean errors, the errors distribution of both algorithm approximated
with a normal distribution by employing Central Limit Theorem (CLT). The last row of
the Table 5.1 denotes the 95% level confidence intervals for each algorithm. While LDPL

achieves range estimation between 7.91 and 22.05 meters, the confidence interval attained
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Table 5.1: Comparison of Errors in Separation Distance Estimation

Error Metric LDPL SCPL (w/o NN) SCPL (w/ NN)
Mean Error [m] 14.98 5.19 5.20

Median Error [m] 7.17 4.1 4.11

Std. Dev. [m] 141.79 4.68 4.61
Confidence Interval [7.91, 22.05] [4.97, 5.43] [4.98, 5.43]

with SCPL is between 4.98, and 5.43 meters.
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(a) Histogram of Separation Distance Error (b) Histogram of Separation Distance Error
for LDPL for SCPL

Figure 5.10: Left: Histogram of Separation Distance Error for LDPL
Right: Histogram of Separation Distance Error for SCPL

5.2.4 Analysis of Target Localization

The performance of SCPL model was also analyzed after trilateration technique is employed.

The error metric used in the analysis is given in Equation (5.2).

Ns MNan

1
w3

an =1 j=1

N
i “”sz

(5.2)

As shown in Table 5.2, after triangulation, the performance of both LDPL and SCPL
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Figure 5.11: Cumulative distribution function of target localization error.

degraded. By using a neural network to choose model parameters, SCPL achieved mean
7.31 localization in target location estimation. On the other hand, LDPL was able to local-
ize the target with 8.66 mean localization error. Figure 5.11 demonstrates the cumulative
distribution function of the target localization error across the dataset. As can be seen in

Figure 5.11, 80% of the errors below 13 meters.

Table 5.2: Comparison of Errors in Target Localization

| LDPL | SCPL
Error Metric ‘ Trilateration ‘ Trilateration Trilateration + Grid Localization
Mean Error [m] | 5932.56 | 10.05 7.27
Median Error [m] | 8.66 | 8.11 7.1
Std. Dev. [m] | 124988 | 1260 2.72
| I

Confidence Interval | [-303.82, 12168] | [9.46, 10.99] [7.14, 7.41]
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Figure 5.12: Error distribution of both algorithms over grid cells.
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Figure 5.13: Left: Histogram of Target Localization Error for LDPL
Right: Histogram of Target Localization Error for SCPL

5.2.5 Access Point Analysis

In order to assess effect of the access points location in the separation distance estimation, the
error contribution of each access point in the target localization is also analyzed. Table 5.3
tabulates the mean error contribution of each access point across the dataset. The table

clearly shows that the distribution of error contribution of each access point is not uniform.
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Table 5.3: Error Statistics of Access Points in Separation Distance Estimation

Access Point LDPL SCPL (w/o NN) SCPL (w/ NN)
Access Point 0 33.33 7.05 6.63
Access Point 1 7.86 3.55 3.52
Access Point 2 6.77 2.66 3.13
Access Point 3 19.14 6.25 6.26
Access Point 4 13.76 6.91 6.99
Access Point 5 18.1 4.96 5.34
Access Point 6 9.6 3.62 3.57
Access Point 7 11.28 6.6 6.15

In order to further quantify the effect, the fingerprints of the best 3 access points em-
ployed to determine to separation distance. The selection of the best 3 and worst access
points was rather straight forward. All 3 combinations of all (8) access points measurements
are employed to estimate the separation distance while the remaining fingerprints were dis-
carded. With the combinatorial analysis, access points denoted with 1, 2, 6 (see Figure 5.1)
found to be the least contributor in the error, while the combination of 3, 4, 5 seem to perfom

the worst in our dataset.

By only using the access points found to be more reliable, the error deviation of LDPL
model reduced significantly, while the mean error of LDPL and SCPL models decreased by
%46 and %34, respectively. On the other hand, worst-3 analysis demonstrates that the mean
error of LDPL and SCPL models increased 13% and 20%, respectively.
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Best-3 Access Points

Error Metric LDPL SCPL (w/o NN) SCPL (w/ NN)
Mean Error [m] 8.07 3.28 3.39
Median Error [m)] 5.03 2.84 2.87

Std. Dev. [m] 27.84 2.79 2.82
Confidence Interval  [6.69, 9.47] [3.14, 3.42] [3.25, 3.53]

Worst-3 Access Points

Error Metric LDPL SCPL (w/o NN) SCPL (w/ NN)
Mean Error [m] 16.99 6.03 6.25
Median Error [m] 9.19 5.01 5.1

Std. Dev. [m] 108.189 5.19 5.21
Confidence Interval [11.60, 22.39] [5.77, 6.30] [5.99, 6.51]

Table 5.4: Comparison of Error Statistics in Separation Distance Estimation with Best 3
and Worst 3 access points

5.3 Summary

This section has provided the experiments conducted for analyzing the overall performance

of the proposed path loss model, i.e. SCPL and the grid based radiolocation based on it.

The experimentation was conducted in Hancock Hall, Virginia Tech. In order to elabo-
rate on the performance of the proposed technique, the experiments were conducted at two
different frequency channels, 900 MHz and 2.4 GHz. First, path loss estimation, i.e. radio
wave propagation characterization ability, of SCPL was analyzed. In the light of the re-
sults of this experiment, SCPL seems to more robust to multi-path effect then LDPL. In
the light of the comprehensive experiments conducted, SCPL displays better propagation
characterization thanks to the local attenuation profiling technique employed than LDPL
which employs global attenuation profiling for indoor environments. It was also observed

that LDPL tends to show less accurate characterization if the distance of the grid cell is
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further away from the access point, while SCPL displays less accurate characterization in
near field. From this observation, SCPL can be employed in larger environments with fewer

access points.

The second analysis was conducted for the purpose of observing the model parameters
in the presence of the obstructions. While LDPL was not able to characterize the local
attenuation sources, SCPL seemed to adapt the model such that local attenuation sources

of the environment would not affect the global performance.

As for the analysis localization performance, LDPL and SCPL was employed in two
different localization technique. The model parameters of SCPL for each grid cell was learned
with a feed-forward neural network. The trained neural network was then used to infer the
model parameters in the localization phase. This scheme of parameter acquisition for SCPL
seem to affect the overall localization in minuscule levels. By using the trained neural
network, SCPL achieved mean 7.31 localization in target location estimation. On the other

hand, LDPL was able to localize the target with 8.66 mean localization error.

Lastly, the effects of the access point placement was analyzed on the overall proposed
localization method. In the light of the experiments, LDPL yielded widely varying results
depending on the access point selected to localize the agent. This variation in the localization
error can be attributed to the fact that LDPL yields less accurate path loss estimations as

the distance between the agent and the access point increases.



Chapter 6

Conclusions and Future Work

This thesis has presented a grid-based indoor radiolocation technique based on the SCPL.
The proposed technique describes localization environments with a grid cell structure, and
the wave propagation is estimated for each grid cell so that the obstructions can only effect
the propagation model in a local vicinity. The grid cell representation of the environment is
furthered incorporated it into localization by representing the results as probability distri-

bution over the grid cells.

This ability enabled SCPL to capture the attenuation caused by the environment, and
to significantly improve (up to 44%) the localization performance in range estimations in
comparison to LDPL. In the light of the experimentations, SCPL display more robustness to
error caused by the N-LOS fingerprints than LDPL. Overall, the proposed grid-based indoor
radiolocation technique yielded up to 18% (median) target localization improvement over
LDPL based radiolocation technique. Results have demonstrated the applicability of the

proposed approach in unstructured environments.

This paper has focused on a grid-based indoor radiolocation technique based on SCPL

76



Murat Ambarkutuk Chapter 6. Conclusions and Future Work 7

which can account for obstruction dissimilarity of the environment. However, much work is

still left open.

As the analysis shows, not every access point results in the same extent of error; further
investigation must be done to quantify the error contribution of each access point from which

an active access point selection can be employed to further reduce the localization error.

o (o) (o) o) (o)

Figure 6.1: An active access point selection algorithm based on location information would
inherently improve localization performance of the proposed algorithm.

Along with the access point selection algorithm, proposed localization technique can be
incorporated into a state estimation framework. By doing so, agents can be tracked over
an indoor environment and model inaccuracies can be accounted for. Due to grid-based
formulation of the proposed technique, Grid-based recursive Bayesian framework seems to

be a natural fit for such implementations.

il'lI /4 "-"'._"_.
' ; \L.

Figure 6.2: Tracking algorithms based on probabilistic state estimation methods would im-
prove localization accuracy as well as provide a potential to tackle model inaccuracies.
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A Grid-based Indoor Radiolocation Technique Based on Spatially
Coherent Path Loss Model

Murat Ambarkutuk!

Abstract— This paper presents a grid-based indoor radiolo-
cation technique based on a Spatially Coherent Path Loss
Model (SCPL). Received Signal Strength (RSS) fingerprints are
collected at different positions in the environment from which
the radio wave propagation for the environment is empirically
approximated with the SCPL model. Unlike the conventional
path loss models, SCPL approximates radio wave propagation
by first dividing the localization environment into grid cells and
estimating the model parameters for each grid cell. Thus, the
proposed technique is able to account for attenuation, resulting
from non-uniform environmental irregularities. The efficacy of
the proposed technique was investigated with an experiment
comparing SCPL and an indoor radiolocation technique based
on a conventional path loss model. The comparison has indi-
cated the improved performance of the SCPL by up to 44%.

I. INTRODUCTION

Radiolocation is a localization technique where some char-
acteristics of radio waves are used to determine the position
of the target of interest. Due to the existing ubiquitous
availability of wireless networks and GPS-denied nature
of indoor environments, radio waves have been regarded
as a good candidate in indoor localization problems [1],
[2]. While Received Signal Strength (RSS) is the most
popular characteristics due to its setting with only one
antenna, the bottleneck is the limited capability for infor-
mation acquisition. The propagation of radio waves has
been empirically modeled for a specific indoor environment
accordingly [3], [4]. Of the empirical models, Log-distance
Path Loss (LDPL) [5], which implicitly characterizes the
attenuation caused by the obstructions in the environment,
has been most popularly used for its strength in accuracy.

Recent improvement of accuracy of LDPL based radi-
olocation techniques can be attributed to two mainstream
approaches: explicit attenuation modeling, and nondeter-
ministic parameter estimation. The first explicit attenuation
modeling is an approach where the accuracy is improved
by refining the explicit formulation of attenuation. Bahl et
al. [6] employed an LDPL variant in their radiolocation
technique and explicitly modeled the attenuation caused by
walls in the environment along with the implicit attenuation
term. Their technique was employed with trilateration to
globally determine the location of the agent. In their later
work [7], the authors further modeled environment-caused
attenuation, such as the number of people in the environment,
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by dynamically choosing different set of model parameters.
Lim et al. [8] also focused on similar attenuation sources
and employed Singular Value Decomposition (SVD) on
the collected RSS to reduce the disturbances of the envi-
ronmental attenuation on the fingerprints. Incorporation of
explicit attenuation model into LDPL yielded highly accurate
localization results for both techniques.

The nondeterministic parameter estimation approach, on
the other hand, improves accuracy by refining parameters in
the attenuation model. Chintalapudi et al. [9] introduced a
Genetic Algorithm based approach for parameter estimation
and applied it after localizing the access point positions
as well as that of agent. Goswami et al. [10] proposed
a learning-based approach for estimation of LDPL model
parameters. The collected RSS fingerprints were represented
with a Gaussian Mixture Model, and model parameters were
estimated with the Expectation Maximization algorithm. Ex-
perimental results have validated the reduction of localization
uncertainty caused by the proposed parameter estimation.

The aforementioned approaches significantly improved
overall performance of LDPL based radiolocation tech-
niques, but the radio wave propagation was approximated
globally without considering the attenuation of a small
region. In a typical warehouse, for instance, a fairly empty
loading dock results in Line-of-sight (LOS) propagation path
while the storage area, where racks are placed densely, shows
Non-Line-of-sight (N-LOS) propagation characteristics. The
warehouse, for instance, is typically piled with a large num-
ber of items and thus exhibits not only LOS but also N-LOS
propagation characteristics. Employing a global propagation
model without local attenuation would simply result in
unwanted inaccurate localization.

Spatially Coherent Path Loss Model (SCPL) uniformly
divides the environment into grid cells, the propagation
parameters are then estimated for each grid cell. Therefore,
both the path loss and the attenuations can be characterized
locally. At an unknown location, the agent receives a set
RSS fingerprints collected from various access points from
which the distance between access points and the agent is
determined by employing the approximated propagation pa-
rameters. The range measurements are then used to attain the
global position of the agent. The grid cell representation of
the environment is then further incorporated into localization
by representing the results as probability distribution over the
grid cells.

The organization of the paper is as follows. Section II
lays out the fundamentals of the radiolocation by introducing
trilateration and LDPL model. Section III presents the details
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of the proposed technique based on the SCPL. Section IV
investigates the validity of the proposed technique. Section V
concludes this paper and discusses ongoing future work.

II. RADIO WAVE PROPAGATION IN INDOOR
RADIOLOCATION

In this section, trilateration, a common pose-fixing tech-
nique for indoor radiolocation problems, is first introduced.
The formulation of LDPL model, with which RSS finger-
prints can be used for indoor localization purposes, is then
given.

A. Indoor Radiolocation with Trilateration

The indoor radiolocation problem of interest in this paper
is to locate an agent equipped with a radio module in an
indoor environment that installs some number of access
points in a distributed manner. Let indoor environment and
some number of access points with known poses in the
environment be 2 and m;.;, respectively. At an unknown
location, the agent collects m,, number RSS fingerprints
from all the access points within its field of coverage. The
distances between the agent and the access points can be
inferred with the use of RSS fingerprints and the radio wave
propagation model. Consequently, the global position of the
agent can be then obtained by using the trilateration method.

Let the measured distance between the agent and i*?
access point which resides at i* = [2¢,y?, 2%]T be d;. Then
the position of the agent can be represented as:

E=( )+ —-y)+ (-2 W

As can be seen in the Equation (1), each equation induces a
sphere centered at the access point with d; radius. Since all
the access points in the field of coverage of the agent lead to
an equation, simultaneous solution of these equation yields
to the position of the agent.

By using j** equation as a linearization pivot, all the

quadratic unknown terms can be eliminated in Equation (1).
Therefore, the set of equations attained can be represented
in a matrix form. The linear system can be then solved for
- i i 1T
T = [(Iti{ﬁ]% (ytfy])v (Zti‘z])}
position vector of the agent.

to determine the
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where d;; represents the distance between it" and j** mark-
ers. Due to sensor and process uncertainty, direct solution of
trilateration often yields to unwanted solutions [11]. There-
fore, the least squares approach is often used in trilateration
problems to cope with noisy measurements. The least square
formulation minimizes overall localization error S, which is
induced by the measurement noise.

§=il7= (5— Af)T (z‘;— Af) o

If the AT A is not singular, the solution for Equation (2) can
be derived as Equation (3).

F=(ATA)ATS 3)
B. Log-distance Path Loss Model

LDPL is an indoor wave propagation model which for-
mulates the correlation between the transmitted and received
signal strength as a function of Euclidean distance between
an access point and the agent.

Let PL(d) be the difference between transmitted signal
strength and RSS fingerprint obtained at a test point d
distance away from the access point. This difference is
commonly referred as path loss. LDPL model, formulates
the path loss of the test point relative to a reference point d
distance away from the access point:

PL(d) = PL(dp) + 10nlogy, d—do + X, 4)

where PL(dy) and X, are the mean path loss measured at
the reference point, a normal distribution with zero mean
and o standard deviation, respectively. The second term in

the model denotes the relative path loss as a function of —

and path loss exponent n. Table I shows different values
of path loss exponent n depending on the environment and
communication path.

As can be seen in the formulation of the LDPL model,
wave propagation not only depends on separation distance
d, but also path loss exponent n and standard deviation o.
Therefore, these parameters should be estimated from the
collected data. A least squares approach can be used to obtain
the model parameters:

ns
n*, 0" = argmin — g
=1

n,o Ns i

|PL(@) - Ti(d)Hz ®)
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where J/Df(d) is the estimated path loss occurred at the
distance d with path loss n and standard deviation o.
LDPL formulation can be solved for the Euclidean dis-
tance d, for each measured path loss PL(d) at an un-
known location, and estimated model parameters [n*,o*]T.
Consequently, each fingerprint collected from access points
within the agent’s radio coverage will induce a circle in R?
centered at the access point. The agent location can be then
determined with trilateration applied on the induced circles.

TABLE I: Various values of path loss exponent based on the
environment and the propagation path.

<2 the space structure guides the radio waves along the
propagation path

=2 empty space overall propagation path is dominated
LOS communication

>2 There are obstructions along the propagation path

multipath effect takes places due to N-LOS commu-
nication

III. GRID BASED INDOOR RADIOLOCATION TECHNIQUE
BASED ON SPATIALLY COHERENT PATH LOSS

Figure 1 demonstrates the schematic diagram of the pro-
posed grid-based indoor radiolocation technique based on
SCPL. Given an RSS fingerprint obtained at an unknown
location, the model parameters are first chosen with a feed-
forward neural network. The localization function based on
SCPL is then used to estimate to the distances between
the agent, and the access points. Least-squares trilateration
technique is successively applied on the attained distances
to determine the location of the agent. Consequently, the
result of the trilateration is represented with a probabilistic
distribution over the indoor localization environment ().
This section covers the details of each component of the
localization algorithm in further detail.

RSS

5 o P(z*
Ny Ag, 0, P E d § zt g ¢ 3
S
B 8 § e
. & =
=S = = &
B oo
B
Localization

Localization Based on SCPL

Fig. 1: Proposed localization algorithm: The model parame-
ters are first chosen with a feed-forward neural network. The
distance between the agent and the access points is attained
with SCPL. Consequently, trilateration is used to determine
the position of the agent which results in a belief function
over the localization environment 2.

A. Spatially Coherent Path Loss Model

Let @ = {g(i,7)|i = 1...ng2,j = 1...ngy} be the
localization environment which is uniformly divided ng, by
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TABLE II: The descriptions of the SCPL model parameters.

ng The path loss exponent estimated for grid cell g. If the grid
cell g is closer to an obstruction, it is expected to see higher
values in order to model the attenuation better.

ag Distance correction factor. Since the N-LOS propagation path
should be longer than LOS path, the length of the propagation
path is corrected with this parameter.

og The estimated deviation of the normal distribution which is
modeling the slow fading of the channel.

ngy number of grid cells. g(i,j) represents the grid cell
resides in [¢, j] in grid-coordinates. Figure 2 demonstrates the
grid cell structure of the environment in detail. SCPL model
characterizes the radio wave propagation for each grid cell
by evaluating the formulation below:
PL(d) = PLjos(d) + PLay(d) + X, (6)
SCPL model characterizes the measured path loss acquired
at a test point with d distance away from the access point
as the sum of the LOS propagation path loss PL;,s(d) and
an explicit attenuation term P L (d). PLjos(d) is defined
with Friis” Free Space Equation (FFSE) [12]. On the other
hand, PL,:+(d) the attenuation caused by the obstacles in
grid cell g is formulated as given in Equation (7).

PLat(d) = 10n4logo agd (7)
where ny and o, represent the path loss exponent and
distance correction factor for grid cell g. Since the N-LOS
propagation path will be longer than LOS path, o, estimates
the N-LOS distance, while n, serves as a path loss exponent.
Table II denotes the model parameters and their descriptions.

Similar to attenuation term in LDPL, SCPL models the
attenuation as a logarithmic function. However, the main
difference is that SCPL does not model the attenuation
relative to the reference point. Rather, the path loss exponent
ngy, the distance correction factor oy and X, is a function of
the position the agent. For each grid cell, model parameters
are estimated; hence, the propagation of the radio waves are
identified locally. As a result of this, for each grid cell, the
irregularities of the environment can be modeled locally.

SCPL model parameters are estimated with a least-squares
approach which minimize the path loss estimation error in
grid cell g. Once these parameters are estimated from the
collected fingerprints, the proposed path loss model can be
used to estimate the separation distance from all of the
access points. The formulation for the estimation is given
in Equation (8).

n*(4,5), a"(i,§),0" (i, j) =
I+ iR g,
arg min ———— PL(u,v) _PL( H
gmin e ) D > (i)

v=j— 'nyu i nI s=

®)
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where PL(u,v) represents the path loss measured in grid
cell g(u,v), while ng represent the number of fingerprints
used in the estimation.

As can be seen in Equation (8), for each grid cell g(i, j),
the loss function considers neighboring grid cells with spread
factor of n, and n,. Assuming grid cells residing in a local
vicinity should show similar propagation characteristics, the
parameters of grid cell g(i,j) are attained by employing
the fingerprints collected in neighboring grid cells as well.
By incorporating the neighboring grid cells, the data points
needed to estimate the model parameters are decreased, as
well as the locality coherence is ensured.

B. Grid-based Radiolocation Based on SCPL Model

Figure 1 demonstrates the schematic diagram of the pro-
posed localization technique. Given a fingerprint P, (i, 5)
acquired in an unknown grid cell ¢(3, j), the neural network
is first employed to choose a set of SCPL model parameters.
After selecting a set of model parameters, the acquired
fingerprint P,.(7, j) is used to estimate the distances between
the access points and the agent. Since SCPL model results in
a distribution for each distance estimation, the trilateration
also yields a distribution representing the position of the
agent.

1) Parameter Selection: Given a fingerprint P,.(7,j) ac-
quired in an unknown grid cell g(i, j), the neural network is
first employed to choose a set of SCPL model parameters.
Let 5(i,5) = [n(i,5), a(i, ), 0(i,5)]T € R3 are first chosen
from all the estimated parameters P € R™s=*"sy X3 This
parameter selection is achieved with a 3-layer feed-forward
neural network where each layer of the network can be
represented as Equation (9).

fn(FLn) = O—(WHFL” + gn) (9)

where W,, and b, represent the learned weight matrix and
bias vector of n'" layer, respectively. U(~) denotes the
nonlinearity function, while By, is the input of the n** hidden
layer. Since all the model parameters are positives values,
ReLu [13] is used as the nonlinearity function in SCPL
model. Before training the neural network the input data, the
measurements, is normalized such that the measurements of
the each access points centered at zero with a variance of 1.

Consequently, the model parameters are inferred by utiliz-
ing weights and biases of each layer consecutively, followed
by the nonlinearity function.

2) Localization: After model parameters are chosen, the
distance from the access point and to the agent is be
estimated by utilizing the SCPL model. Trilateration is then
be employed successively in order to determine the location
of the agent. Finally, the result of the trilateration algorithm
is transformed to probabilistic representation.

Let P(i,j) be the probability of the agent residing in
g(i,7), resulted from the least-squares trilateration. Then
P(€2) represents the probability distribution function over all
the grid cells.
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The quantification of the probability distribution function
P(Q) is then achieved with expectation operator. The final
localization result is represented as below:

#t = E[P(Q)] (10)
By representing the localization as a distribution over €2,

the model can better account for error resulted from model
inaccuracies, environment irregularities and trilateration.

IV. EXPERIMENTATION

This section will outline the details of the experimentation
conducted. The structure of the environment is first described
as well the determination of the grid cell size, followed
by the details of the fingerprint collection process. Finally,
evaluation of the parameter estimation, parameter selection
and the overall SCPL model performance is covered.

A. Structure of the Environment and Grid cell Size Determi-
nation

The experimentation was conducted in Hancock Hall,
Virginia Tech, where the environment can be considered
empty. The environment contains two support columns inside
and it is closed from three edges with cinder block walls
while the last edge was open to another open area. The
environment is 22.5 by 7.2 meters, in which 8 access points
running at 900 MHz were placed. Figure 2 displays the grid
cell representation of the environment, and the location of
the access points. The characteristics of the radio modules

O Lt W b =

Y [m]

8.
7.
6.
5.
4.
3.
2.
1.

Fig. 2: Grey grid cells demonstrate the localization envi-
ronment ). Grey triangle is the pose of the agent. The
circles represent the access points while black regions depict
the support columns. The grid cells marked with red color
represent the regions where the fingerprints corresponding
to the grid cells in shadowing effect are contributed into
parameter estimation.

used plays a significant role in the the determination of
the grid cell size. Fraunhofer distance was considered to
determine the size of the grid cells such that the fingerprints
were acquired within far-field propagation zone (d > 2\).
The grid cell size determined as 0.9 by 0.9 meters as the
radios, used in the experimentations, were running at 900
MHz (A = 0.33 meters),
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B. Parameter Estimation for SCPL Model

In Figure 2, grid cells marked with red color represent
the regions where obstructions affected during the parameter
estimation. Therefore, around that region, SCPL parameters
should show an increase in order to capture the increased
attenuation. Figure 3 shows the path loss exponent parameter
of the SCPL model. Around the obstructions, path loss
exponent shows increase.

1

0

Fig. 3: Estimated path loss parameters for each grid cells. As
it can be seen, the grid cells neighboring obstructions tend
to have larger path loss exponent, which shows attenuation
in these vicinities have more impact on the localization.

As described in Section III, a three layer feed-forward
neural network was employed with which the parameters
of model (ny,ay,0,) are chosen. The network is trained
with Stochastic Gradient Descent algorithm with Nesterov
momentum updates.

C. Analysis of Range Estimations

In order to analyze the efficacy of the SCPL model,
first the range estimation is analyzed. For each fingerprints
collected at an unknown position, SCPL and LDPL are
separately used to estimate the range from all access points
residing in the observable region. The error metric for each
fingerprint vector is given below.

1 MNs Man N .
€14 = SN |- an
nsnan i=1 j:l

Table III tabulates the estimated separation distance error
for LDPL, SCPL models. SCPL is able to localize the agent
with 5.2 meters mean localization performance, while LDPL
achieves 14.98 meters.

The last row of the Table III denotes the 95% level
confidence intervals for each algorithm. The true mean of
error distribution of LDPL and SCPL in range estimation is
between 7.91 and 22.05 meters, and between 4.98, and 5.43
meters, respectively.

Figure 4 depicts the empirical cumulative distribution
function of the error in range estimations. At 80% frequency
level, the performance of the SCPL degrades from around 7
meters (red line in Figure 4) to around 8 meters error (brown
line), by using N-LOS fingerprints. On the other hand, at time
same frequency level LDPL degrades from 11 meters to 16
meters.
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Fig. 4: Cumulative distribution function of range estimation
errors

TABLE III: Comparison of Errors in Range Estimation

Error Metric LDPL SCPL (w/0o NN)  SCPL (w/ NN)
Mean Error [m] 14.98 5.19 5.20
Median Error [m] 7.17 4.1 4.11

Std. Dev. [m] 141.79 4.68 4.61
Confidence Interval  [7.91, 22.05] [4.97, 5.43] [4.98, 5.43]

D. Analysis of Target Localization

The performance of SCPL model was also analyzed after
trilateration technique is employed. The error metric used in
the analysis is given in Equation (12).

Ns MNan

1
e2d - nsnan Z Z

i=1 j=1

o 12)

2
As shown in Table 1V, after trilateration, the performance of

TABLE IV: Comparison of Errors in Target Localization

| LDPL | SCPL
Error Metric | Tri* | Tri* Tri* + GL
Mean Error [m] | 5932.56 | 10.05 7.27
Median Error [m] | 8.66 | 8.11 7.1
Std. Dev. [m] | 124988 | 12.60 2.72

Confidence Interval | [-303.82, 12168] | [9.46, 10.99]  [7.14, 7.41]

both LDPL and SCPL degraded. By using a neural network
to choose model parameters, SCPL achieved 7.1 median
localization in target location estimation. On the other hand,
LDPL was able to localize the agent with 8.66 median
localization error.

Figure 5 depicts the empirical cumulative distribution
function of the error in target localization. As can be seen
in the figure, when the collected fingerprints consist of only
LOS measurements, then SCPL and LDPL follow the same
trend. At 80% frequency level, the performance of the SCPL
degrades from around 10 meters to around 12 meters error,
by using N-LOS fingerprints. On the other hand, at time
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reduced significantly, while the mean error of LDPL and
SCPL models decreased by 46% and 34%, respectively. On

—
o the other hand, worst-3 analysis demonstrates that the mean
— .
i error of LDPL and SCPL models increased 13% and 20%,
2 respectively. Detailed error statistics of best-3 and worst-3
- . N
5 LDPL (ALL AP's) analysis tabulated in Table VI.
- ! LDPL (BEST AP’s)
e ! LDPL (WORST AP’s) | -
% [ SCPL (ALL AP'S) Best-3 Access Points
o [ SCPL (BEST AP’s) Error Metric LDPL SCPL (w/o NN)  SCPL (w/ NN)
9 |
= [ SCPL (WORST AP’s) | Mean Error [m] 8.07 3.28 3.39

0.0 10 20 30 40 Median Error [m] 5.03 2.84 2.87

Meters Std. Dev. [m] 27.84 2.79 2.82
Confidence Interval [6.69, 9.47] [3.14, 3.42] [3.25, 3.53]

Fig. 5: Cumulative distribution function of target localization
error.

same frequency level LDPL degrades from 10 meters to 18
meters.

Figure 6 depicts the error distribution in target localization
over the grid cells. The right most column in the fig. 6 depicts
that LDPL and SCPL shows similar localization results if
the best access points are used. Localization performance
of LDPL degrades significantly more than SCPL if N-
LOS fingerprints (Figure 6, center column) were used for
localization. These analyses suggests that explicit attenuation
modeling limits the effect of obstructions on the path loss
model and radiolocation technique, ensuring better localiza-
tion results.

E. Access Point Analysis

In order to assess effect of the individual access points
location in the target localization, the error contribution of
each access point in the target localization is also analyzed.
Table V tabulates the mean error contribution of each access
point across the dataset. The table clearly shows that the
distribution of error contribution of each access point is not
uniform.

AP0 APl AP2  AP3 AP4 AP5 AP6  AP7
LDPL 3333 7.86 6.77 19.14 1376 18.1 9.6 11.28
SCPL 6.63 352 313 6.26 699 534 3.57 6.15

TABLE V: Error Statistics of Access Points in Separation
Distance Estimation

In order to further quantify the effect, the fingerprints of
the best 3 access points employed to determine to location
of the agent. All three combinations of all (8) access points
measurements are employed to estimate the separation dis-
tance while the remaining fingerprints were discarded. With
the combinatorial analysis, access points denoted with 1, 2,
6 (see Figure 2) found to be the least contributor in the
error, while the combination of 3, 4, 5 seem to perfom the
worst in our dataset. By only using the access points found
to be more reliable, the error deviation of LDPL model

Worst-3 Access Points

Error Metric LDPL SCPL (w/o NN)  SCPL (w/ NN)
Mean Error [m] 16.99 6.03 6.25
Median Error [m] 9.19 5.01 5.1

Std. Dev. [m] 108.189 5.19 5.21
Confidence Interval  [11.60, 22.39] [5.77, 6.30] [5.99, 6.51]

TABLE VI: Comparison of Error Statistics in Separation
Distance Estimation with Best 3 and Worst 3 access points

V. CONCLUSIONS AND FUTURE WORK

This paper has presented a grid-based indoor radiolocation
technique based on the SCPL. The wave propagation is
estimated for each grid cell so that the obstructions can only
effect the propagation model in a local vicinity. The grid cell
representation of the environment is furthered incorporated
it into localization by representing the results as probability
distribution over the grid cells.

This ability enabled SCPL to capture the attenuation
caused by the environment, and to significantly improve (up
to 44%) the localization performance in range estimations in
comparison to LDPL. In the light of the experimentations,
SCPL display more robustness to error caused by the N-LOS
fingerprints than LDPL. Overall, the proposed grid-based
indoor radiolocation technique yielded up to 18% (median)
target localization improvement over LDPL based radioloca-
tion technique. Results have demonstrated the applicability
of the proposed approach in unstructured environments.

This paper has focused on a grid-based indoor radiolo-
cation technique based on SCPL which can account for
obstruction dissimilarity of the environment. However, much
work is still left open. Not every access point results in the
same extent of error; further investigation must be done to
quantify the error contribution of each access point from
which an active access point selection can be employed to
further reduce the localization error.
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