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ABSTRACT

The ability to find the location of a mobile user has become of utmost importance. The

demands of first responders necessitates the ability to accurately identify the location of

an individual who is calling for help. Their response times are directly influenced by the

ability to locate the caller. Thus, applications such as Enhanced 911 and other location-

based services warrant the ability to quickly and accurately calculate location. The FCC

has also put in place a timeline for indoor location accuracy requirements that must be met

by the mobile communications service providers. In order to meet these requirements, there

are many means of performing indoor geolocation that require research; in this thesis two

specific methods of identifying the location of a user will be investigated.

In the first part, the indoor localization of a target, whose exact location is unknown, in a LTE

network is studied. In this problem the time difference of arrival of the LTE uplink signals

sent from the target to an observer are used as the means to estimate the target position.

The two-dimensional location of a user is then estimated through the use of a nonlinear

least-squares algorithm. To improve this approach, a cooperative localization technique in

uplink LTE is proposed in which the User Equipment (UE) communicates with base stations

as well as other handsets. Through simulated results it is shown that utilizing collaboration

can improve location estimation and outperform non-collaborative localization.

In the second part, the indoor localization of a target, focusing on its third dimension or

elevation, is studied through the use of barometric pressure sensors in mobile handsets.

Finding the third dimension of location, or the correct height above the ground level which

equates to the floor in a building that a UE is on, cannot be performed with two-dimensional

measurement models. For this problem, the pressure sensors are used to accurately find an

immediate pressure measurement and allow for the altitude of a handset to be calculated.



This altitude can be translated into an estimation for a specific floor of a building given the

use of a ground floor pressure reference. Through simulation results it is then shown that

the accuracy of third dimension or indoor-floor localization can be improved with the use of

collaborative pressure sensors of other mobile handsets.
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Chapter 1

Introduction

Determining the location of mobile handset or cellphone, known as user-equipment (UE)

according to the 3rd Generation Partnership Project (3GPP), is highly useful in today’s so-

ciety for a variety of reasons. Location-aware technologies have applications in many aspects

of commercial, public safety, and military sectors. Some specific applications include animal-

tracking, proximity-based advertising, and emergency call services and new applications are

becoming apparent with each passing day. While location-based services can be performed

with a variety of methods, the ability to perform geolocation (also known as localization

or positioning) techniques in a Long Term Evolution (LTE) network has taken precedence

given the widespread use of the particular cellular network. The main driving factor of being

able to geo-locate a UE on a LTE network is its requirement as a part of the nationwide

emergency number system, referred to as Enhanced 911 (E911) calls, in which all US mobile

carriers are required to find the location of a cellphone to within a specified accuracy.

This work follows what is considered the primary application of geolocation; meeting E911

requirements. The main scenario assumed here is an emergency scenario in which there

is at least one mobile device inside a multi-story building and this mobile device needs to

be quickly and accurately located. It is assumed that within the immediate surrounding

area there is at least three to four functional, cellular base station and emergency response
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personnel capable of responding to the building with their own cellular devices. The methods

proposed for localization of the unknown mobile are discussed and compared later in this

paper as well as recommendations for those most likely to function in real world applications.

The most accessible and commonly accepted positioning system, widely used across cell-

phones, is a part of the global navigation satellite system (GNSS) known as the global po-

sitioning system (GPS). While the accuracy of this system outdoors is difficult to compete

with, its poor performance indoors paves the way for cellular-based localization; determin-

ing the location of a handset with the network and no external sources such as GNSS [34].

Mobile phones have come to be used primarily indoors, in an environment where UEs are

not always capable of associating with a sufficient number of base stations or, known as

Enhanced Node Bs (ENodeBs) in 3GPP terminology, and are thus unable to determine their

location with a high level of certainty. As a result and as a means of rectifying this highly

prevalent issue, cooperative localization has become a growing area of research.

In cooperative localization, devices work together in a peer-to-peer manner in order to make

measurements and discover their nearest neighboring devices [3]. The enabling technology

that establishes communication with nearby neighbors with minimal involvement from the

network is known as Device-to-Device (D2D) communication. Through this technology, di-

rect radio links are allowed between cellular users for data communications. Discovery of

neighbors is accomplished by listening to uplink transmissions from other cellular users and

then establishing a link with active users. D2D is currently being researched by indus-

try standards bodies such as 3GPP as well as private industry such as Qualcomm. Since

this technology is still being researched it is not fully implemented in cellular devices as

a part of the LTE infrastructure [39]. There is great motivation for this technology from

the perspective of mobile-service providers partially as a result of the new mobile handset,

position-accuracy requirements established by the U.S. Federal Communications Commis-

sion (FCC) [4]. There is also interest in D2D from other industries that may look to use the

technology for proximity services such as content distribution and location-aware advertise-

ment in a social as well as e-commerce sense[39, 40]. Following the implementation of D2D,
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its potential will be quickly realized. By utilizing this innovative technology, devices with

unknown location will be able to make measurements with other known-location references

which can include handsets rather than being limited to just network-radio base stations.

In this work, research is conducted into a cooperative localization technique for LTE systems

in which the UE communicates not only with ENodeBs, to perform UTDOA measurements,

but also with other UEs. Single source localization will be the focus, meaning that there

is only one, primary UE with an unknown position to be located. However, other UEs will

exist in the network environment such that cooperative techniques can be performed. All of

the devices and base stations will communicate with each other and exchange information in

order to improve the localization accuracy in the network. Ultimately, it will be shown that

cooperative localization can significantly improve the localizability in the network through

computer simulations where 3GPP simulation assumptions are considered. Additionally, a

study of barometric pressure sensors in a mobile device will be presented to address the

potential of inclusion for a third dimension calculation. Being able to locate a handset in

three dimensions is critical in many applications and, thus inclusion of a means to determine

altitude is imperative. Several techniques are analyzed and explained where pressure sensors

are utilized to distinguish UE location within a building, resolving which floor the user is

actually on. This approach is feasible due to the unique relationship between pressure and

altitude; pressure increases as altitude decreases and vice versa. Ultimately, through the use

of a weather station and pressure sensor references, the floor on which a UE is located can

be estimated.

1.1 Measurement Models

In this section, the different types of network-based measurements generally used for sensor or

UE localization will be described. In cellular localization there are typically a small number

of ENodeBs (whose locations are fixed and known) alongside many UEs whose locations are
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unknown and need to be determined. In this case the measurement models are utilized to

discover a single source localization and 2D, X-Y plane coordinates. The basic techniques

that are either range based or angle based are as follows.

1.1.1 Received-Signal-Strength

To estimate the distance between two nodes, the average power transmitted is measured

after the signal is received at one end. This technique requires at least three reference nodes

in order to determine the 2D location of one node [56]. There is often a lack of knowledge

of certain parameters of the link, in the case of Received-Signal-Strength (RSS), and the

exact transmit power as well as the pathloss exponent tend to be points of error. The major

sources of error in RSS are shadowing and multipath signals, but the relative signal strengths

(using one ENodeB as a reference) assists with reducing estimation error [1].

The average received power (in dB) at the ith anchor or node, Pi, under the log-distance

pathloss and log-normal shadowing, is modeled as [33]

Pi = P0 − 10βlog10(
di
d0

) + ni, i ∈ C (1.1)

where P0 is the reference power at reference distance d0 (which depends on transmit power),

β is the path loss exponent, di is the true distance between source and the ith anchor, and ni

is the log-normal shadowing term modeled as a zero-mean Gaussian random variable with

a corresponding variance σ2
dB. The standard deviation of shadowing is reported in dB units

and is typically between 4 and 12 dB [32]. Moreover, σdB is related to the environment where

a network placed and is constant with range [32].
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1.1.2 Angle-of-Arrival

The circular radius is distinguished for each base station or ENodeB From this AOA can

be performed, the location of the desired target can be found by the intersection of several

pairs of angle direction lines, only needing two measuring units in order to obtain a 2-D

position estimate [54]. In LTE, AOA measurements are standardized as the estimated angle

of a UE with respect to a reference direction; being the geographical north, positive in a

counter-clockwise direction [1]. This is depicted in Figure 1.1 below, adapted from [56].

Figure 1.1: Estimation of the distance between a mobile and the base station using AOA

When estimated as a part of the uplink transmission, the ENodeB can estimate the angle

utilizing the Sounding Reference Signal (SRS) [53]. While AOA does not need time syn-

chronization, it does require complex hardware that can be affected by shadowing as well

as path distance degradation [54]. Shadowing and multipath become a severe impact when

trying to utilize this technique indoors. The AOA measurements can be modeled as [1]

(
x

y

)
= (RTA + ∆RTA(γ − 1

2
)) ·
(

sin(φ+ Φ(δ − 1
2
))

cos(φ+ Φ(δ − 1
2
))

)
(1.2)

where φ is the beam direction, Φ is the beam width, and the UE positions are represented

by (x y)T . The parameters γ and δ vary from [0, 1]. Overall, this technique is utilized in
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combination with other measurement techniques, which will be discussed later, in order to

achieve handset localization .

1.1.3 Time-of-Arrival

The distance from an anchor or ENodeB to the UE is directly proportional to the propagation

time, Ti. TOA is a technique that allows locating a UE by calculating the time of arrival

of the signal from the UE to more than one ENodeB [56]. For 2-D localization, the TOA

measurement must be made with a least three reference points. A simple depiction, adapted

from [56] can be seen in Figure 1.2 below:

Figure 1.2: Time of Arrival from Three Anchors to a UE

The measurements are susceptible to delay and both transmitters and receivers need to

be precisely synchronized which can be achieved by including a time stamp in the signal.

Like AOA, measurements indoors are impacted by the difficulty to acquire a line-of-sight
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(LOS) channel [54]. TOA can be estimated either by measuring the phase of the received

narrowband carrier signal or by the direct measurement of the arrival time of a wideband

narrow pulse [56]. Often a first-detected peak technique is utilized for TOA where τω is the

TOA of the first detected peak. The TOA estimated distance measured at the ith anchor is

modeled as [41]

d̂ω = c× τ̂ω (1.3)

where c is the propagation speed of the signal depending on the environment and ω represents

the receiver’s bandwidth. Distance measurement error is then calculated through [41]

εd,ω = |d̂ω − d| (1.4)

where d is the actual distance of a direct path between nodes.

1.2 LTE Geolocation Techniques

Within LTE standards several specific positioning techniques are supported which include:

Enhanced Cell ID (E-CID), Assisted-Global Navigation Satellite System (A-GNSS) also

sometimes referred to as A-GPS or Assisted Global Positioning System, Orthogonal Time

Delay of Arrival (OTDOA), and (starting with Release 11 initiated technique) Uplink Time

Difference of Arrival (U-TDOA).

The following describes these techniques in greater detail.

1.2.1 Enhanced Cell-ID

While this technique is based on Cell of Origin (COO), in which the position of the device

is estimated using knowledge of the geographical coordinates of its serving base station or

ENodeB, it has been redefined for LTE. On top of the coordinates of the ENodeB, E-CID
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also utilizes radio signal measurements [53]. Overall, E-CID exploits four sources of position

information which include: the cell-ID and the corresponding geographical coordinates of the

serving cell, the timing advance (TA) of the serving cell, the cell-IDs with their corresponding

signal measurements of the cells (there are up to 32 cells in LTE), and the AOA measurements

[1]. This technique is utilized in both cases of UE-ENodeB communication, as a part of the

downlink as well as the uplink. The downlink procedure is performed between the UE and the

Evolved Serving Mobile Location Center(E-SMLC) using LTE Positioning Protocol (LPP)

and measurements are provided by the UE; known as UE-assisted or E-SMLC-based E-

CID. The uplink procedure is performed using the LTE Positioning Protocol Annex (LPPa)

with measurements from the ENodeB; known as eNB-assisted E-CID [38]. The UE-assisted

measurement techniques include reference signal received power (RSRP), reference signal

received quality (RSRQ), received signal strength indicator (RSSI), and UE Rx-Tx time

difference. The network-assisted or ENodeB-assisted measurements include TA type 1 being

(ENodeB Rx – Tx time difference) + (UE Rx – Tx time difference), TA type 2 being ENodeB

Rx – Tx time difference, and uplink AOA [1, 38]. One of the methods of E-CID, applied to

LTE yields the distance from the TA time measurement as [1]

RTA =
c · TA

2
, (1.5)

where c is the speed of light. This method requires knowledge of the geographical cell,

the locations of the ENodeB, and the distance between the ENodeB and the UE from the

given equation with knowledge of TA. Another method of E-CID relies on signal strength to

calculate distance. Knowledge of the network, specifically cell polygons, combined with the

signal strengths of the UE are used. The effects of shadowing must be taken into account

in this instance. Overall, E-CID has been improved upon from WCDMA implementations,

as in LTE the timing advance precision is of the order of 10m. This technique is easy to

implement but can have low accuracy resulting from the resolution of the size of the cell

polygons.
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1.2.2 Assisted-Global Navigation Satellite System

The global positioning system is considered the most successful positioning systems in an

outdoor environment. However, stand - alone GNSS performance is affected by two main

factors including the geometry of the satellites used and the error in the range or pseudorange

measurement [1]. In order to estimate a unique location, a GNSS receiver must initially

perform a search for and acquire at least four satellite signals; acquiring more signals is

preferred. The task of the GPS receiver is to find the correct code phase and Doppler, detect

the data bit edges, and perform navigation data demodulation. When in dense environments

or without clear sky view(such as indoors), it is well known that GPS positioning accuracy

is severely decreased due to poor coverage of satellite signals [54].

As an extension of GPS and through the use of newer mobile handsets which contain partial

or full GPS receivers, A-GPS is implemented with a receiver that attempts to improve or

eliminate some of the steps that a GPS receiver must conduct. In order to do so, assistance

data is collected from a network of GPS reference receivers which are located at sites with

favorable signal conditions where satellites can be continuously tracked. A simplistic model

of an A-GPS network architecture can be seen in Figure 1.3 adapted from [56]

While tracking the satellites, the receivers transfer the information that they demodulate

to the cellular network for further distribution to the GPS receiver in the cellular phone.

By doing this, the demodulation may be avoided and the Doppler domain search time is

reduced. The GPS receiver in the cellular phone gets access to complete navigation models

and correction parameters while only having to calculate the coherent code and performing a

Doppler search [57]. Therefore, the calculation capability is more accurate than GPS alone.

1.2.3 Time Difference of Arrival

This technique is used to locate a UE by comparing the difference of arrival times of a signal

between multiple measuring units [54]. For this to work all ENodeBs must have synchronized
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Figure 1.3: Assisted-GPS model

clocks, but the UE does not have to share the same clock [56]. While TOA compares the

absolute time of arrival at multiple anchors, TDOA compares the differences between the

arrival times. TDOA establishes a hyperbola with its foci located at the, typically, two or

more reference nodes [56] and then the coordinates of the UE are a result of an intersection

point of the hyperbolas. This method can be seen in Figure 1.4 adapted from [56].

The equation of the hyperboloid is given as [54]

Ri,j =
√

(xi − x)2 + (yi − y)2 + (zi − z)2 −
√

(xj − x)2 + (yj − y)2 + (zj − z)2 (1.6)

where (xi, yi, zi) and (xj, yj, zj) represent the fixed receivers i and j; and (x, y, z) represent

the coordinate of the target. Some further mathematical techniques need to be utilized in

order to calculate the exact solution. TDOA is also commonly estimated through the use of

a cross correlation between measuring units. Through an integration over the time period

of the same received signal, TDOA estimates can be resolved despite the presence of some

signal delay as well as noise [54].
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Figure 1.4: Time Difference of Arrival used to locate a mobile device

1.2.4 Observed Time Difference of Arrival

This technique only operates on UMTS networks and is a UE-assisted method based on

reference signal time difference (RSTD) measurements (relative timing differences between

two cells) conducted on the downlink [51]. Following TDOA, the position of the user is

calculated by using the reception time at the UE. Further, OTDOA requires timing mea-

surements from at least three ENodeBs with a good geometry in order to find the UE’s

position at the intersection of at least two hyperbolas established about the base stations

[56]. Each hyperbola represents a pair of cells which correspond to a set of points with the

same RSTD for the two cells [1]. It must be noted that the timing measurements are valid

only given that the timing offset is known as well as the location of transmitter is known. A

system of equations is generated from the, at least three, ENodeBs that when solved provide

the distance measurements. There are many approaches to solve the system of equations
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including the approaches taken in [35, 36, 37]

In regards to the LTE resource grid, as a part of LTE Release 8, Cell-Specific Reference

Signals (CRS), a pseudo-random QPSK sequence, were utilized for OTDOA. With Release

9, Positioning Reference Signals (PRS), still a pseudo-random QPSK sequence, were intro-

duced as the CRSs were deemed insufficient for positioning and the PRSs provided a higher

probability of detection in the radio frame [53]. OTDOA does not require synchronization

between the base stations and the UE. On the other hand, alongside shadowing and non-line-

of-sight (NLOS) propagation, detection capability can be a limiting factor for this method

of localization [1].

1.2.5 Uplink Time Difference of Arrival

This technique is very similar to OTDOA except that it uses the uplink signal, from the

UE to the base stations, for calculation rather than the downlink signal. In UTDOA, the

uplink signals are used to measure the time difference of arrival between neighboring cells,

requiring multiple receiver sites at different locations in range of the uplink signal [1]. UT-

DOA measurements can be performed at the ENodeB or at a Location Measurement Unit

(LMU) which can be any sort of stand alone unit located either externally or internally to

the ENodeB [66]. The position calculations in either configuration or implementation remain

the same.

UTDOA has been included in the 3GPP LTE standards as a part of Release 11 and is setup

differently from its downlink counterpart. In order to perform the position calculations a

new, frequency-domain reference signal sequence, derived from a Zadoff-Chu sequence has

been created; known as the Sounding Reference Signal (SRS). The SRS sequences occupy

a selected part of the last Orthogonal Frequency Division Multiplexing (OFDM) symbol

in a subframe. A major advantages of these measurements is that there is no need for

demodulation at the LMU as the SRS sequence is known as well as the SRS bandwidth

and periodicity. With power control in place to attempt to mitigate interference, hearability
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proves to be a disadvantage as transmitted signals from the UE may not be strong enough to

be received at a large number of base stations and thus could prevent a UTDOA measurement

[1].

1.2.6 Other Measurement Types

There are a variety of other types of measurement techniques used for localization considered

in various publications. For instance, significant work has been done regarding RF Finger-

printing in which a user is located by placing RF measurements onto an RF map [1, 51].

The geographical maps can have detailed information regarding the RF topology and can

be used to construct a 3-D map with accurate information regarding the cellular system in

the area. As an extension to fingerprinting, adaptive enhanced cell ID (AECID) is done by

adding several parameters to the RF fingerprint. In LTE, CIDs, timing advance informa-

tion, and AOA are some of the parameters that are added to the radio map [1]. There are

also several hybrid techniques that take advantage of different methods simultaneously to

maximize estimation of localization [52].

1.3 Problem Statement

As mentioned earlier, this thesis will focus on two different aspects of handset localization.

The two problems are addressed in this section.

In the first part an investigation is done into two dimensional localization with UTDOA and

collaboration in LTE. It is assumed that the location of a user is unknown, and the aim is to

determine it’s location from noisy measurements obtained within the network without the

aid of any external sources. UTDOA utilizes the time difference of arrival of uplink signals

received at base stations in a LTE system. UTDOA has been investigated by several others

in [27, 28, 29, 30, 52]. With the stringent E911 localization accuracy requirements from the
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FCC, the performance of this technique needs to be improved. For this reason, the use of

other handsets or users in the LTE network for collaborative localization is introduced.

In the second part of this thesis, a method for determining the third dimension for indoor

localization is explored. Models have been created to relate altitude or height to pressure.

A barometric pressure sensor can measure the air pressure and the corresponding altitude

can be calculated. New mobile phones have barometric pressure sensors built in that are

capable of recording and reporting the experienced pressure. There are several sources of

error that affect the pressure sensor which need to be taken into consideration [22]. Here,

pressure sensors are manipulated to show how to identify the floor a handset is located on.

1.4 Literature Survey

A brief survey of other pieces of work was performed in order to gather research pertaining to

the subject material of this thesis. Measurement models and different techniques pertaining

to their use in LTE are explored. Through this a comparison was able to be done in order to

distinguish advantages and disadvantages between different techniques and methods. UT-

DOA is the chosen method from the measurement models in this thesis and as such research

in UTDOA for two dimensional positioning in LTE. Several papers described here utilize

UTDOA in LTE for positioning. Ideas of how to expand the X-Y localization calculations

to X, Y, and Z had to be brainstormed as well The means of finding the third dimension

of location is explored in Ch. 2, but some three dimensional positioning papers are also

described here.

The paper written by Wigren [24] develops a method for including altitude in the adaptive

enhanced cell identity (AECID) positioning method whenever high precision A-GPS, OT-

DOA or U-TDOA position measurements occur in a LTE network. Fingerprint positioning

information includes cell IDs, received signal strengths (RSSs) from the serving and neighbor

cells, time advance (TA) of the serving cell, as well as angle of arrival (AOA) information.
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An initial U-TDOA position measurement in combination with the fingerprint positioning

information are combined to then compute a 3GPP polygon which sets the boundaries of

the cluster; all in a 2D plane. By including the measured altitude information, which is a

part of A-GPS, OTDOA and U-TDOA reports in LTE, the polygons are abstracted into a

3D plane to provide a 3GPP ellipsoid point with altitude and uncertainty ellipsoid.

The paper by Marwan Mahmood Shakir [27], addresses U-TDOA using Chan’s method for

hyperbolic location and important factors which need to be taken into consideration for

improved U-TDOA accuracy. The paper explains how U-TDOA is a useful technique that

is superior in many ways to other location derivation techniques given it does not require

special alterations to mobile networks. Also, with no specific antenna requirements and the

ability to potentially work in situations with no LOS, it is displayed that U-TDOA can prove

to be advantageous in time and money to TOA and Difference-of-Arrival (DOA) methods.

Concluding, it is explained that the sampling rate and interference cancellation are the two

major factors in determining position location when utilizing U-TDOA. When the sampling

rate is increased PL estimation can be performed more accurately as time quantization error

in U-TDOA estimates decreases as the sampling rate is increased [27]. Finally, with cross-

correlation and parallel interference cancellation, the negative effect of the strong desired

user signal can be canceled and other users’ received signal quality can be improved.

There was a specific study done in Mosul City, Iraq, as an urban area of 3x3 km, comparing

performance of U-TDOA and A-GPS and is shown in [30]. It must be noted that U-TDOA

measurements were not provided by the city operator companies and that a simulation

was used for the U-TDOA method. In the paper, position is determined from U-TDOA

trilateration and then utilizing Chan’s method [35] for solving the U-TDOA equations. Many

factors and their influence on the accuracy of U-TDOA positioning are discussed; accuracy

is displayed via root mean square (RMS) error. Ultimately, U-TDOA is shown to meet FCC

requirements with accuracy of under 100m for urban areas, suffering mainly from multipath

delay as well as geometric dilution of precision (GDOP).
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One further paper by Mardeni [28], utilizes U-TDOA positioning with a pre-filtering function

called adaptive line enhancer (ALE) to enhance the delay estimation performance of the cross

correlation and ultimately improve the accuracy of TDOA. Mobile signals are received at

pairs of base stations and then the nonlinear hyperbolic equations are used to obtain a

unique localization. The pre-filtering on the pairs of received signals, being delays of one to

the other, implements a normalized least mean square (NLMS) algorithm (normalizing the

input signal with the input power) to de-correlate noise samples between the reference and

input signals. This method claims to show a superior improvement in accuracy calculations

over a conventional cross correlation without pre-filtering.

An exploration into improving LTE TOA-based indoor positioning is done in [41]. TOA

positioning is calculated via cross-correlation peak detection, but the precision is deemed

to low to be efficient for indoor environments. A new parabolic approach is thus taken to

refine the coarse estimation of position without added complexity. Typically a parabola is

fitted to the measured correlation. In [41], three cross-correlation samples are taken in the

neighborhood of the coarse estimate which results in a parabola with a more narrow vari-

ance. When compared to the conventional approach, the parabolic interpolation introduced

improves timing estimation.

Finally, in the literature regarding measurement techniques, a study has been done that deals

with Observed Time Difference of Arrival (OTDOA) and a preliminary look into cooperative

positioning in LTE [34]. The paper proposes UE collaboration as a means to improve the

localizability in the network as well as the accuracy of position estimation. It is assumed that

UEs can communicate with one another via D2D communication. The reference signals in

LTE that are discussed for TDOA measurements are the cell-specific reference signal (CRS)

and the positioning reference signal (PRS). Using a centralized algorithm for cooperative

localization, a maximum likelihood (ML) estimator is utilized; achieving the Cramér-Rao

lower bound (CRLB) and therefore being the minimum variance unbiased (MVU) estima-

tor. Further, the minimization problem is solved via a Gauss-Newton algorithm which is

linearized with the Taylor series approximation. Ultimately this OTDOA technique shows a
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30% improvement in localizability by utilizing collaboration.

Using measurement models, localization needs to be achieved in not only two dimensions, but

in the third dimension as well. A great deal of 3D localization techniques are accomplished

through hybrid measurement models, typically including GPS, but this lacks the capability to

function well indoors. The matter of horizontal and vertical indoor localization is addressed

as independent algorithms in [42]. While the horizontal algorithm involves the subdividing of

an area into unique signature ares that are associated with RSS measurements, the vertical

algorithm is more unique. A basic building model is generated and then a coordinate system

is set up in order to simplify the three dimensional coordinate system to a two dimensional

system. One axis , Z, exists between an anchor on the top floor and an anchor on the bottom

floor. The second axis, X is the distance between the roughly estimated user location or

test point and the Z axis. With the distances between the base station and mobile receiver

known the vertical position can be found. Typical RSS calculations are performed with power

and gain parameters but the outdoor pathloss model is altered to account for the concrete

between floors. This algorithm is extrapolated to a multi-anchor system that simulates real

conditions and fluctuations of wireless signals; resolving the floor of the user in each instance.

Several other papers utilize a ray-tracing environment emulator in order to study channel

characteristics in urban 2D and 3D environments [43, 44, 45]. This tool has been shown to

make favorable predictions regarding received power, angle of arrival, and link performance.

A specific ray-tracing tool developed by Bell Labs is used in [43]. This tool is trained with the

geometry of buildings, angle of incidence, dielectric coefficients, wall thickness, and frequency

and 3D antenna patterns. [43]. With all of this information, the 3D ray-tracing technique

can simulate the physical environment and use wave propagation physics to predict radio

signals with a high level of confidence. A method on how to achieve good indoor wireless

coverage, taking account parameters in all three dimensions is shown in [43]. While 3D

localization is not performed, the ray-tracing technique lends itself to being a useful tool for

modeling a 3D environment and all of the related wireless parameters.
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There are several studies in published technical papers regarding collaboration of user equip-

ment in wireless sensor networks. A great deal of work, highly cited, was done by Patwari

in [32, 33]. In [33] there is a focus on the accuracy of relative location estimation, but it

establishes a network of reference devices (knowing their location apriori) and “blindfolded

devices” (no absolute coordinate knowledge) in which all devices must estimate the range

between themselves and their neighboring devices. The system requires the devices to be

capable of peer-to-peer range measurement as well as the use of a distributed or centralized

location estimation algorithm; using RSS and TOA. Ultimately this study proves that loca-

tion estimation variance bounds or CRBs decrease as more devices are added to the network

while also showing the ML estimator derived for RSS localization is biased and finding the

global minimum is computationally complex. It was shown that localization with approxi-

mately 1 m RMS error can be achieved with TOA measurements and that these results can

easily be expanded to three dimensions.

A further discussion of cooperative localization is done in [32]. This study, again, shows

how to calculate the CRB on the location estimation precision for all sensor positions si-

multaneously (time delay is accepted), but does so with TOA, RSS, and AOA measurement

techniques. Other information is included such as major sources of error: shadowing, multi-

path, additive noise, etc.; for each of the measuring techniques as well as a note on calibration

and synchronization for each situation. Furthermore, the advantages and disadvantages are

compared for centralized and distributed algorithms. This work motivates further research

into cooperative localization and its potential for use in accurate location calculations.

1.5 Thesis Outline

An introduction of the thesis has been given in Chapter 1. A background of measurement

models as well as LTE geolocation models was given along with an exploration into liter-

ature and research performed in the associated areas of this thesis: UTDOA, LTE indoor
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geolocation, 3D geolocation, and collaborative localization. Chapter 2 investigates UTDOA

of LTE signals utilizing the Sounding Reference Signal. Both the link and network layer sys-

tem parameters are defined along with the pieces of the uplink transmission scheme. Then

the method of calculating the range error for location estimation and the algorithm used to

predict the location through the use of base stations as well as other UEs for collaboration

are also explained.

Chapter 3 of this thesis develops the investigation into the use of barometric pressure sensors

in mobile handsets for altitude resolution inside of buildings. First, the relationship between

pressure and altitude is established along with all of the variables that can alter pressure

both inside and outside of a building throughout the day or course of the week. Then the

inclusion of barometric sensors and their behavior as a measuring unit is explained. With

this understanding, a series of test cases are proposed which exercise the pressure sensor in

different methods attempting to find the best method of resolving the floor location of a

mobile handset in a building.

Chapter 4 of this thesis will detail simulation and test scenario results for UTDOA and

pressure localization. Given the system setup and development of an uplink signal, the

Signal-to-Interference Noise Ratio(SINR) based on hearability is shown. With the connec-

tions between the unknown UE and ENodeBs as well as other UEs in the network established,

localization can be performed. The results of the location estimate through collaboration is

presented and its efficiency as well as improvement is addressed. Then the initial analysis of

the pressure sensor used for experimentation is shown and the results of the test cases for

utilization of a pressure in a mobile handset are displayed and discussed. Each of the test

cases have their own advantages or disadvantages, but some instances prove more accurate

as well as efficient than others. Of all the scenarios, one method is proposed as the best and

most feasible option for resolving third dimension location or the floor on which the user is

located on.
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Chapter 2

UTDOA Localization with

Collaboration

2.1 Introduction

The need for a nationwide emergency number and the capability to route the call to the

nearest public safety responder while providing the calling number and location has been

recognized for more than five decades. With the advent of and exponential prevalence of

wireless phones, this emergency service had to be integrated with mobile phones. However,

following “anytime, anywhere” communications, a specific location is not always tethered to

the mobile phone [50]. As a result, the area of and research done in wireless positioning has

become an even larger concern with the need to meet the Federal Communications Com-

mission Enhanced-911 location accuracy requirements; updated in February 2014. Public

Safety Answering Points (PSAPs), locations responsible for answering calls to 911 for emer-

gency services, need to be able to pinpoint the caller and transfer this information to the

appropriate response teams. Knowing that the majority of 911 calls are made from mobile

phones, the ability to accurately locate a mobile phone has become and will continue to be

of significant importance to emergency service teams. With accurate localization of users,
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police officers, firefighters, and medical personal are capable of performing their job more

effectively and efficiently.

The LTE standard mentions several cellular-based positioning techniques which include: E-

CID, A-GNSS, and OTDOA. Extensive research and work has been done on these methods

to allow for their inclusion as a feature within every day handsets. They have all met

the challenges that an LTE positioning method has to overcome. Each of the positioning

techniques must be able to maintain measurement accuracy when experiencing conditions

such as fading and cell timing offset [55]. There also has to be an underlying reliable protocol

exchange between the base-stations or network and the mobile devices. Further, end-to-

end performance needs to be acceptable; the overall system performance which includes

positioning accuracy and response time need to optimized. Finally, as an all-encompassing

factor, performance in real world conditions needs to be considered as it is the most important

metric for determining both user satisfaction as well as adherence to FCC mandates for E911

[55]. Overall, the cellular-based positioning techniques have been fully established but they

are not without their flaws; unable to overcome all of the challenges of a cellular-based

positioning method.

It was agreed by 3GPP to look into network-based positioning for inclusion into the LTE

positioning methods. Uplink or network-based positioning is performed when measurements

are not focused at the end-user but rather at a Location Measurement Unit or any stand alone

unit located either externally or internally to the ENodeB [66]. This sort of positioning has

come to display several advantages that have helped prove its worth amongst the cellular-

based techniques. Andrew Solutions summarized these advantages and pushed for 3GPP

work on UTDOA [7]. With no UE involvement in the actual position calculation, there is

a built-in deterrent to detection, jamming, or spoofing from the UE perspective. With the

majority of work done at the LMU, a high processing gain can be achieved which allows for

improved hearability, detection, and participation of base stations for timing measurements

[7]. Network-based positioning opens the door for future location calculation methods that

have no impact on the UE.
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In this work the exact position of the target UE is not known. We show that the position lo-

cation estimator must solve a nonlinear least-squares (NLLS) problem in order to accurately

estimate the x and y coordinates of a UE. In order to perform collaborative position esti-

mation, it is further assumed, that D2D communication can be established between active

UEs in the network. In a typical wireless network, there is no synchronization between UEs

and ENodeBs. However, for the simulations it is assumed that each of the target UEs will

transmit the same SRS sequence without coordination and that there is to be no interference

between one another. Only one target UE and its SRS sequences will be processed in the

network at a time.

The remainder of this chapter details the link layer and network layer simulations necessary

for performing estimation location with UTDOA in LTE. As a part of the link layer, the

means of creating the sounding reference signal is explained and how it is then mapped to

the LTE resource grid. Then the calculation of expected range error given a particular SINR

is explained. The network layer simulation, utilizing the SRS, establishes an LTE network

of users and base stations to then use a nonlinear estimator to estimate the location of the

desired user.

2.2 Link Layer Simulation

2.2.1 Reference Signals

Reference signals are typically included in OFDM frames as a part of LTE for measuring

TOA. Their place in the resource grid is known and as such they are a reference point on

uplink or downlink transmissions. While cell-specific reference signals and positioning refer-

ence signals are included in downlink transmissions as a part of LTE Release 8 and further,

a new reference signal was introduced for uplink transmissions; the sounding reference signal

(SRS). This reference signal was first introduced as a part of LTE Release 8 and is used to
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measure uplink channel quality over a specific section of bandwidth to assist with scheduling

and link adaptation [5]. The SRS is always located in the last OFDM symbol in the second

slot of a sub-frame and is not tied to the user payload which makes it have less impact on

scheduling. It has come to be used for estimating uplink timing for UE positioning as it

has to ability to change periodicity, bandwidth, frequency position, and power [8]. Once all

of these parameters are set and maintained at a E-SMLC, the SRS is ideal for performing

UTDOA and locating a UE in the X and Y plane. The SRS parameters can be discovered

by all neighboring ENodeBs and then location measurements can be made.

Specific SRS parameters were chosen for the purposes of the simulation performed in this

work. Following the baseline assumptions in [9] and then also the work of 3GPP in [13]

allowed for the parameters seen in Table 2.1 to be reached. Some primary assumptions

for the simulation are that the reference signal is known to all cooperating sites in the

network and the sites know the SRS bandwidth as well as the periodicity. Group hopping as

well as sequence hopping are not considered for this simulation making the group number,

u = 0, and the base sequence number within the group, v = 0. Several parameters that

are necessary for SRS sequence generation are based upon the channel bandwidth. Given

that the channel bandwidth is 10 MHz, the number of uplink resource blocks is 50 following

Table A.2.2.1.1-1 in [14]. The main seeding variables mSRS,0 and N0 are designated by

”higher layers” according to [13] but were chosen to be mSRS,0 = 48 and N0 = 1 from Table

5.5.3.2-2 for this simulation [13]. The length of the base sequence, MRS
sc , is then assumed to

be 3NRB
sc or greater at all times. There are eight separately configured SRS sequences for

each UE and are represented by eight cyclic shifts, αp̃, according to Eq. 2.1 from [13]

αp̃ = 2π
ncsSRS,p̃

8
(2.1)

where ncsSRS = {0, 1, 2, 3, 4, 5, 6, 7} and p̃ ∈ {0, 1, ....Nap − 1} and Nap is the number of an-

tenna ports used for the SRS transmission [13]. All eight shifts of each base sequence are

created in the simulation, but the first sequence with the first cyclic shift, when ncsSRS = 0,
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is the only sequence utilized for simulations in this work. The base sequence starts as a

Zadoff-Chu sequence whose length is NZC
RS = 283 being the largest prime following the value

of mSRS,0 and MRS
sc = 288 [13]. The Zadoff-Chu sequence is utilized for its characteristic

of having constant amplitude and zero auto-correlation. These two properties are verified

and displayed in Fig. 2.1 and Fig. 2.2. Different users in the network can possess the same

Zadoff-Chu sequence, but their SRS sequence would be cyclically shifted in order to appro-

priately overlay in the LTE resource grid. Ultimately, following the various root equations,

the reference signal sequence is defined as in Section 5.5.1 of [13]

r(α)u,v (n) = ejαnr̄u,v(n), 0 ≤ n < MRS
sc (2.2)

where each α is a different cyclic shift of the base signal sequence r̄u,v(n) and MRS
sc is the

length of the reference signal sequence [13]. The method of defining r̄u,v(n) can be seen in

Section 5.5.1.1 of [13]

The mapping of the SRS sequence to physical resources is done following [13]. Given the

simulation parameters, the SRS is mapped to the full frequency bandwidth of the last OFDM

symbol. Therefore the data sequence is zero-padded to 600 modulation symbols. At this

point the entire SRS is ready for the rest of the processing in the transmitter.

2.2.2 LTE Uplink Transmission Scheme

With the data bits mapped into modulation symbols, an uplink transmission scheme has to be

applied by the transmitter. Single Carrier Frequency Division Multiple Access (SC-FDMA)

is used in uplink transmission of LTE to improve the peak-to-average power ratio as well as

other disadvantages that are associated with standard OFDM [46]. SC-FDMA applies an N-

point discrete Fourier Transform (DFT) mapper which transforms the modulation symbols

in the time domain into the frequency domain. This allows for multiple subcarriers to carry

each data symbol which allows for spreading gain or frequency diversity gain [47]. Then, like
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Figure 2.1: Amplitude of Zadoff-Chu Sequence

OFDM, an inverse fast-Fourier transform (IFFT) is used to retrieve the time samples before

the sequence is passed through the channel.

Following the 3GPP specifications, the channel employed in this simulation is a Rayleigh

fading channel. To simulate the worst-case scenario given a 500 meter inter-site distance,

the Extended Typical Urban model (ETU) model is used. The profile for this model can

be seen in Table 2.2. The ’rayleighchan’ function within Matlab, seeded with the ETU tap

delays as well as other required variables, was utilized for this simulation. It must be noted

that this function had to be altered in order to allow for a causal system. As a part of the

fading delay profile, no path gains or impulses are expected to occur before time, t = 0. The

taps and path gain profile output of the original ’rayleighchan’ function can be in 2.3. From
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Figure 2.2: Autocorrelation of Zadoff-Chu Sequence which is the Basis of SRS

this figure, it is seen that path gains occur at negative values of time which is impractical in

this simulation. In order to accommodate for this, the entire delay profile had to be shifted

20 symbols or 1 µs to ensure that the taps were appropriately placed in time. With the shift,

the resulting taps and path gain profile can be seen in 2.4. All of the path gains, occurring

where there are solid circular markers, occur at t = 0 or later. The range errors resulting

for the tap profile, in the noncausal case, can be seen in Fig. 2.5. The range errors from

the altered and utilized tap profile can be seen in Fig. 2.6. Both sets of range error were

calculated given the same parameters, the only alteration was the causality fix.
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Table 2.1: Summary of Link Layer Simulation Parameters

SRS Parameter Assumptions

System Bandwidth 10 MHz
Center Frequency 800 MHz

Sampling Frequency 20 MHz
FFT Size 1024

Accumulations 50
Modulation QPSK

Number Uplink RBs 50
Cyclic Prefix Normal

Number of UL Symbol/RB 7
Number of Antenna Ports 1

Number of Layers 1
M srs 48

Channel Fading Model ETU
Cell ID 0

Cell Group 1

Table 2.2: ETU Case I Tap Delay Profile

Excess tap delay (ns) Relative power (dB)

0 –1.0
50 –1.0

120 –1.0
200 0
230 0
500 0
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Figure 2.3: ETU Case I Rayleigh Fading Model with Noncausal Taps
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Figure 2.4: ETU Case I Rayleigh Fading Model with Causal Taps
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Figure 2.5: Resulting Range Measurements for Rayleigh Fading Model with Noncausal Taps

2.2.3 UTDOA Estimation

In order perform position estimation through UTDOA, a signal must be sent from a UE

to several base stations. All of the base stations who are capable of communicating with a

particular UE will receive this signal. There is a particular time-stamp with each received

signal. With no synchronization, the individual clocks of the targets and anchors can drift

and will not necessarily be aligned. As a result, the recorded time at the moment of trans-

mission of the signals from the UE to each of the base stations cannot be directly compared.

All of the times of arrival need to be compared at one LMU in order to perform UTDOA.

All measurements are collected at the LMU where they can be analyzed and the locations

of all of the UEs in the network can simultaneously estimated. The location estimation can

be performed by the UEs and reported to the LMU. This method of localization is char-
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Figure 2.6: Resulting Range Measurements for Rayleigh Fading Model with Causal Taps

acterized by the use of a distributed algorithm. For this study, having all processing done

at the LMU, a centralized algorithm is used and hence provides more accurate results than

the cases where distributed algorithms are used [34]. It must also be noted that for this

algorithm, demodulation of the signal at the LMU is not needed. As a result of the SRS

sequence being known between the UE and the LMU, the timing measurement accuracy is

not affected by the demodulation performance of the signal at the LMU [11].

Following the generation of the SRS sequence and its transmission through the Rayleigh

fading channel to satisfy ETU Case I, a correlation can be performed. For this simulation and

following 3GPP, processing is not performed at the LMU until 50 SRS sequences have been

received or accumulated [9]. The correlation technique is utilized to resolve a range error in

the differential between the pre- and post-channel sequence transmissions. It must be noted

that the correlation is performed at one centrally located LMU by comparing the original
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sequence and the received sequence. By finding the maximum peaks in the correlation, a

time of arrival range error can be calculated from the uplink signal accumulations.

As mentioned, every SRS sequence is located in the same location in the LTE resource grid

and the sequence utilizes one OFDM symbol. After being mapped and having the FFT

performed, each SRS sequence is held within 1168 symbols. This size of the entire sequence

is dictated by the size of the FFT (1024) and the size of the cyclic prefix (144). After all

50 sequences are accumulated, the spacing between SRS sequences is ideally 1168 symbols

and the full length of the transmitted sequence is 58400 samples. The sequence is extended

to 58420 with the 20 additional symbols to ensure causality. With 50 accumulations of the

pre-channel and post-channel SRS sequence, the correlation is performed by comparing the

energy levels across the spectrum. The 50 accumulations of the post-channel sequence are

compared one at a time with the pre-channel chain of sequences in the form of a sliding

window. Additional sequences of the post-channel samples are added to the correlation until

all 50 are being correlated and then the correlation is performed by reducing the post-channel

accumulations. Due to the sliding-window manner of the correlation the entire correlated

sequence is double the length of the 50 accumulated SRS signals or 116800 samples. The

results of a such a correlation can be seen in Fig. 2.7. For clarity, the max peak is marked in

Fig. 2.7 and is located at 58420 samples. No range error will occur if after all 50 sequences are

correlated, the maximum peak of energy exists at 58420 samples. The index of this sample in

the correlation corresponds to a perfect overlap of both sequences of 50 SRS accumulations

and a range error of 0 m.

With the addition of noise in the channel, the ideal spacing is not always maintained and

thus an error in range can result. The range error is calculated using Eq. 2.3 and is given in

meters.

RangeError = |(X − γ) ∗ (1/fs) ∗ c| (2.3)

where X is the index of the maximum value or peak from the correlation of SRS sequences, γ

is the length of the accumulated pre-channel SRS sequence including the fix for causality, fs

32



Figure 2.7: Ideal Results from Full Cross Correlation of SRS Sequences in Low SINR

is the sampling frequency, and c is the speed of light. The absolute value of the range error is

taken as a negative range error would only indicate a different direction in the geometry, but

this is not a concern. If the correlated peak is detected earlier or later in time, the absolute

range error is the value of concern.

This simulation, calculating range error, is run for 1000 iterations over a range of SNR

values from -27 dB to +25 dB. This range is chosen based upon the connectivity threshold

of ENodeBs being set at -27 dB. At low SINR values, the associated normalized noise added

to the signal resulted in erroneous peak detections. Looking at the cross correlation in Fig.

2.8 it can easily be seen that location of the max peak has shifted from that of the one seen in

Fig. 2.7. When a peak is chosen to be the max when it is actually not within the boundaries

of the ideal cross correlation peak, the resulting range error, being a result of the sample

delay time multiplied by the speed of light, is over 17 km. A range error of this magnitude
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will occur whenever a peak is chosen that is delayed 1168 symbols or more; beyond the time

separation of one full SRS sequence. Given that a full receiver is not being implemented, such

a range error is considered to be erroneous and it exceeds the entire length of the network

(Fig. 2.11) by several times.

Figure 2.8: Results from Full Cross Correlation of SRS Sequences in Low SINR with Large
Range Error

In order to avoid the wrong peak detection, a window was applied to the correlation of

the SRS sequences. Given 50 accumulations of the SRS sequence, the ideal peak location,

resulting in 0 m of range error, is known and can be windowed. To allow for a shift in

the location of the peak about the ideal location in time, the window is centered about the

SRS sequence and extends for 500 symbols on either side of the sequence to allow for at

most 17.5 km in error. The resulting correlation window which prevents erroneous symbol

detection can be seen in Fig. 2.9. The figure displays the window over which the max peak
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Figure 2.9: Result of Windowing the Cross Correlation of SRS Sequences in Low SINR

is searched for in the correlation. The windowed set of the correlation was generated from

the same SNR settings (-27 dB) as was displayed in Fig. 2.7 and Fig. 2.8. From this. it is

clear that the desired SRS sequence peak will be detected and an unfeasible error will not

occur. Fig. 2.9 also displays an ideal peak detection; having the peak at sample 638 in the

simulation window. Accounting for the windowed amount of samples and using Eq. 2.3, the

corresponding range error for this figure is 0 m. An example of a 150 m range error can be

seen in Fig. 2.10. The peak detected in Fig. 2.10 is at 648 samples which when adjusted

for the windowing (adding 57782 samples to shift the index back) resolves to a 150 m TOA

range error.

Ultimately from the link layer simulation, a range error lookup table was constructed for use

in the network layer simulation. The base stations which connect to the unknown UE are
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Figure 2.10: Result of Windowing the Cross Correlation of SRS Sequences in Low SINR
with Error

associated with a random TOA range error that corresponds to the SINR of their received

signal. With the range error lookup table complete, the link layer and SRS sequence can be

associated with the rest of the uplink simulation.

2.3 Network Layer Simulation

2.3.1 Simulation Parameters

The simulation parameters were selected based on the 3GPP assumptions for UTDOA in

[9]. Table 2.3 summarizes the specific parameters used in the network layer simulations.
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The configuration of the simulated LTE network is shown in Fig. 2.11. There are 19 ENodeBs

in the network and they are depicted with solid triangles. Each ENodeB has a 3-sector

antenna with the pattern defined in Table 2.3. The UEs are randomly placed throughout

the entire network. Once the UEs are placed, their SINR needs to be determined for each

link based on the used reference signal (SRS). For each ENodeB, the SINR from ENodeBs

and other UEs are calculated. If the SINR at the ENodeB terminal is higher than a specific

threshold, the corresponding link is assumed to be present. The connectivity threshold was

set at -27 dB for ENodeBs and -6 dB for UEs. The interference for calculation of SINR

between the UE and all base stations was modeled after 3GPP specifications in [10] and can

be seen in Fig. 2.12. This interference model assumes a realistically high load where 80% of

the required resource blocks are scheduled in each of the serving and neighboring cells. While

such data traffic is uncommon in an actual case, it is important, for worst-case analysis,

to characterize the severe interference case in order to test the performance of localizing

system [10]. As seen in Fig. 2.12 the approximate peak of the interference-over-thermal

(IOT) distribution was assumed to be 8.2 dB for this simulation. The interference was then

modeled through the use of a randomly distributed normal variable to most accurately model

the 3GPP specification seen in [10].

Table 2.3: Summary of Network Layer Simulation Parameters

Parameter Assumption

Cell Hexagonal grid, 19 cell site
Inter-Site Distance 500 m

Pathloss Model L = 128.1 + 37.6*log10R
Penetration Loss 20 dB (Case 1 & 3)

Shadowing Std 8 dB
Shadowing Correlation 0.5 (Between sites), 1 (Between Sectors)

Antenna Gain 15 dBi (3 sectors per site)
Antenna Patternn A(θ) = -min[12(θ/65◦)2, 20] dB

ENodeB Power 46 dBm
UE Power 23 dBm

UE Noise Figure 9 dB
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Figure 2.11: Configuration of the simulated LTE network. The locations of ENodeBs are
represented by solid triangles. The UEs are randomly placed in the network. The inter-site
distance is 500 m.

2.3.2 Nonlinear Position Estimator

In order to estimate the location of a UE given connections to a variety of anchors, an

optimization algorithm from Matlab, ’lsqnonlin’ is utilized using the Levenberg-Marquardt

algorithm (LMA). This algorithm solves nonlinear least squares curve fitting problems; the

problem that arises from the distance equation between an anchor and a UE with unknown

X and Y coordinates for the UE. In UTDOA, The squared distance between the mobile and

the ith base station is given as [30]:

Ri =
√

(Xi − x)2 + (Yi − y)2

=
√

(X2
i + Y 2

i − 2Xix− 2Yiy + x2 + y2)
(2.4)

where Xi and Yi are the ith location coordinates for the ith connected base station and x and

y are the unknown UE’s coordinates. Several of these distance measurements are needed in
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Figure 2.12: 3GPP Specified Interference over Thermal (IOT) Distribution for ENodeBs in
Uplink Transmission

order to accurately estimate the x,y location of the target UE. Further, the position equation

that is utilized for localization from the distance equation is given by [49]

fi(x, y) =
√

(x−Xi)2 + (y − Yi)2 −
√

(x−X0)2 + (y − Y0)2 (2.5)

where x and y are still the the unknown UE’s coordinates and X0 and Y0 are the coordinates

of the reference node. The following equation gives the NLLS estimator for non-collaborative

TDOA [49]

θ̂NLLS = arg min
[x,y]T

Nm∑
i=1

(zi − fi(x, y))2 (2.6)

where i = 1, ....Nm and Nm is the number of reference nodes. Then zi = fi(x, y) + ηi and η

is the noise at the ith estimation.
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In order to fit a parameterized function to the given location data points, the Levenberg-

Marquardt algorithm reduces the sum of the squares of the errors between the function

and the measured data points through a hybrid of the gradient descent method and the

Gauss-Newton method [48]. Through the iterative reduction of the sum of the squares, the

Levenberg-Marquardt algorithm is capable of converging to a set of data points when the

parameters are either close or far from the original value. The algorithm will perform

”more like a gradient-descent method when the parameters are far from their

optimal value, and acts more like the Gauss-Newton method when the parameters

are close to their optimal value.” [48]

With parameters close to the optimal value, the algorithm tends to converge faster than if

the parameters are far. The nonlinear distance equations between the target UE and all of

the connected anchors takes the form seen in:

minx||f(x)||22 = minx(f1(x)2 + f2(x)2 + ...+ fn(x)2) (2.7)

The Levenberg-Marquardt algorithm is executed for five iterations from the perspective of

each unknown UE in the network; attempting to minimize the error of the location estimate

given all of the connected anchors and their distance equations to the target. With each

iteration a set of estimated coordinates is reported and can then be compared to the known

location of the target to determine the error.

The location estimation results of the algorithm from the computer simulation are explained

in Chapter 4.
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Chapter 3

Pressure Sensor Utilization for

Localization

3.1 Introduction

The earth’s atmosphere exerts pressure on the earth’s surface. Atmospheric pressure mea-

sured by a barometer is commonly referred to as barometric pressure. This pressure can be

portrayed as a column of air that exists on top of the earth’s surface and the column decreases

or increases in size as elevation increases or decreases, respectively [62]. Thus, barometric

pressure is inversely related to elevation and can be used to estimate elevation. Pressure can

vary both vertically as well as horizontally; affected by several variables. Common practice

uses the atmospheric pressure at sea level as the base reference. Other measured pressures

can be referenced to this base to determine the offset. Regardless of elevation, the earth’s

weather patterns also affect the local atmospheric pressure conditions; high pressure being

associated with sunny weather and low pressure bringing storms. As outlined in the previous

section, pressure measurements will be considered as a means to determine the vertical plane

element of the target phone’s location; specifically the floor that the phone is located on.

According to the International System of Units, pressure is measured in pascal (Pa). The
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unit of pressure generally used for atmosphere is the hPa or millibar (mb or mbar) where

1hPa = 1mbar; hPa and other variants of Pa will be used in this work. The nature of baro-

metric pressure in the outdoor environment is susceptible to several variables, the primary

one being the real-time weather conditions. For the baseline, the standard temperature and

pressure at sea level is 288.15K and 101.3 kPa respectively. Blacksburg, Virginia, the loca-

tion used for these evaluations, is approximately 2100 ft above sea level [63]. This suggests

that the Blacksburg standard pressure, altered for height, should be approximately 93.9 kPa

holding all other variables constant and based upon the following equation [64]:

halt =

(
1−

(
Psta

1013.25

)0.190584)
· 14533.45 (3.1)

where halt is the altitude (ft) and Psta is the station/site/measured pressure (hPa). Based

on the local weather conditions, the air pressure outside will vary and can be below or above

the base reference of 101.3 kPa given a low or high pressure system. For example, a low

pressure system is usually associated with rainy conditions in the area and will cause the

pressure to drop. Furthermore, there is a large discrepancy between the outdoor pressure

and the pressure of an indoor environment. The pressure inside a building is what will be

considered since we are interested in indoor geolocation.

There are several variables that induce vertical air pressure differences in a building including

stack effect, fan pressurization, wind cycling, barometric cycling, and thermal cycling [65].

While buildings are designed to maintain a certain pressure within the structure and manage

the differences between the outside environment and the indoors, the main portion of the

building envelope in which the effects of pressure differences occur can be observed in the

construction cavities. In these spaces, which exist between support layers and exterior walls

of the building, the effects of pressure differences are present and these extend inwards into

the building. Stack effect is a temperature-driven phenomenon that occurs when warmer

indoor air rises in the building and ultimately escapes. In association with this, there is a

reverse air-pressure difference at the base of a building in which cold air leaks in or infiltrates.
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Fan pressurization is realized via mechanical systems such as ventilation and humidification

systems. It is created by building HVAC (heating, ventilation and air conditioning) systems

to overcome undesired environmental influences such as stack effect. The HVAC system

causes a slight over-pressurization of a building to try to reduce the infiltration of outdoor

air at the ground level. Stack effect and fan pressurization will tend to induce pressure

differences of +10 Pa to +50 Pa; corresponding to an altitude change between 2.7 ft and

13.8 ft [65].

The other three effects causing indoor pressure differences are tied more directly to time

and the local weather conditions. The wind speed in the open air is likely to change from

day to day and these changes can increase or decrease the indoor air pressure based on the

number and location of openings in the exterior of a building. With a uniform number of

openings around the building, the indoor pressure will tend to be lower than that of the

exterior pressure [65]. If the building is sealed with no windows that can open, this affect

is significantly minimized. Barometric pressure varies with weather conditions and, like

wind pressure, affects the interior of a building through pressure on the outside surfaces.

While the pressure outside can change rapidly depending on an incoming weather front,

micro changes of the indoor barometric pressure of ± 50 Pa can occur up to 50 times an

hour [65]. Using Eq. 3.1, this alteration of 50 Pa will display an approximate vertical

measurement variation of approximately 14 ft. This proves to be a nontrivial variation and

a value that can directly impact the calculated floor that the UE is located on. Therefore

this must be taken into account for indoor pressure sensors. Following the wind and the

actual pressure in the outdoor environment, the third affect is temperature which also plays

a significant role in altering the pressure inside a building. Variations of temperature on the

exterior surfaces of a building will cause compression and expansion of the actual structure

depending on whether the temperature decreases or increases, respectively. These alterations

in the exterior of the building due to temperature variations can further allow air to escape

or enter the building also affecting the pressure. Ultimately, all of these pressure differences

induce air leakages and can cause minor alterations to the indoor pressure environment as
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well as damage to the building over a long period of time in which cycling goes unchecked.

Stack effect and fan pressurization are known to be the largest causes of indoor to outdoor

pressure differentiations.

In order to more accurately predict the indoor pressure on a daily basis, the causes of

alterations in the outdoor pressure are also worth analyzing. While the altitude of a location

will alter it’s pressure; there are more variables that impact the horizontal pressure of an

area. These factors will help address how wide of an area can expect to have the same

pressure. The variables that directly impact horizontal pressure are grouped into thermal

and dynamic causes [25]. Much like vertical pressure, temperature will alter the pressure

over an area. As the sun heats the earth and thus the air, the volume of the air will

expand and decrease its density. When this occurs, the warm air will rise and the surface

pressure will decrease. In much the opposite affect, surface pressure will increase when the

air gets colder. While temperature changes when moving away from the equator, pressure

does not evenly increase. The reason for this is the dynamic causes of horizontal pressure

variation; the rotation of Earth and it’s patterns of circulation [25]. Ultimately, the patterns

of temperature and Earth’s rotation need to be constantly analyzed and mapped to deduce

the distribution of horizontal pressure of an area. These maps, still referencing everything

to sea level, have isobars which are lines drawn on maps to show areas of equal pressure [25].

Through the use of these maps it is also possible to predict weather patterns; being used by

meteorologists and geologists every day.

As good practice, it can be assumed that the pressure of an area is changing whenever wind

is present. Wind is a response to differences in pressure and is associated with a pressure

gradient or the differences of pressure between two locations [25]. A pressure gradient force

is the root of this phenomenon as it is induced from the difference in pressure and triggers

air movement or wind. In the horizontal sense, the pressure of an area of a few square miles

will tend to be the same; truly distinguished by pressure gradients on meteorological maps.

In the vertical sense, the pressure will alter approximately 3.6 kPa per 1000 ft [26].
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3.2 Literature Survey for Pressure Aided Localization

Phones are now capable of taking a variety of measurements, equipped with an array of

sensors, and then utilizing the information for purposes such as localization. As stated

previously, people are now dialing 911 more from mobile phones rather than land-lines and

their ability to be located in such times is of utmost importance. The sensors that are

now present in phones are an ongoing area of research as they can be a useful tool for

assisting in this endeavor. Some such work has been performed by [15]; directed towards the

emergency call system in the U.S. and it’s focus on caller’s location through a targeted floor

localization system. The approach taken to provide a floor-level accuracy of positioning

with minimal infrastructure support involves the use of multiple sensors found in today’s

smartphones. The sensor array that is utilized includes the Inertial Measurement Unit, a

three-axis accelerometer, a three-axis gyroscope, and a three-axis magnetometer. The sensors

are used to provide measurements for the implementation of analysis modules which compute

the user’s location. These analysis modules track the user throughout a building, monitoring

travel via stairways, elevators, and escalators; any means of vertical movement inside of a

building. Working in tandem with the sensor array, the other portion of this localization

approach involves deploying beacons sparsely throughout buildings. The majority of analysis

and computation is done within these beacons while the phone is the tool to provide specific

measurements. The users’ phones receive building information upon entering on a certain

floor of a building and then the phones are provided with corrections to their location as

they travel through the building through the use of the analysis modules.

The interest in phone sensors for localization has become greater and greater as these sensors

have become standard features. The variety of sensors and their capabilities are endless. One

particular sensor has garnered a lot of attention and is the focus of the work done here; a

pressure sensor.

An initial study of barometric pressure sensors and their capability for aiding indoor local-
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ization efforts was done in [16]. Several pressure sensors, in different phones, were compared

and experimented with. It was seen that pressure varied with time, location, and between

devices. Despite these variables, height alterations were detected with ease and thus a route

for its use. A predictor was put in place to report when a change in floors occurred based

upon pressure differences. Overall, through the analysis of the difference in pressure, it is

claimed that the exact number of floors that have been changed can be detected with almost

100% accuracy given some fingerprint information. It is also stated that it is difficult to use

the pressure sensor to determine the actual floor of the user; given absolute pressure varying

across devices and the existence of multiple entrances in a building.

The weather of the area in which a pressure reading is taken greatly affects those mea-

surements. In order to estimate altitude, [18] proposes the utilization of weather station

temperature and pressure information. Each piece of information is constantly monitored;

temperature is updated hourly and pressure is updated more often. By monitoring and

correcting the smartphone pressure reading according to the current sea-level pressure and

temperature, altitude was able to be estimated with an average error of 1-2 m. The same

estimation accuracy with pressure sensors (Bosch BMP085) was achieved by [19]. 3D lo-

calization was performed using wireless sensor nodes and a MLS algorithm for 2D position

estimation and then adding information on pressure to the algorithm for the third dimension.

The estimation error for the 3D positioning was 12 m or less; noting that the inclusion of

pressure data did not truly improve the positioning accuracy with the use of the specific MLS

algorithm. Approximately 60 Pa of noise was seen in the pressure sensors due to acoustic

waves. The use of pressure sensors alone was shown to not be enough for floor identification

due to several sources of error including: the nature of atmosphere pressure, inaccuracy of

base station placement, and variations in the wind and the air temperature [19].

Work done by Bollmeyer and others in [21] uses highly sensitive pressure sensors in order

to distinguish minute (in centimeters) alterations in altitude. While these sensors are not

currently used in smartphones, several observations were made in the paper regarding baro-

metric pressure sensor accuracy. The need to monitor as well as compensate for humidity
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and temperature changes for accuracy sake in medical situations is highlighted in this work.

Real-time, continuous measurements are not needed in this application which allows for fil-

tering and averaging of data to improve the estimated altitude. Further, the work of [20],

where pressure sensors improve altitude information for GPS systems through differential

barometric measurements, is adapted for the medical application. In order to perform a

differential calculation, at least two pressure sensors are needed. To address the sensor offset

and be able to calibrate it out, these two sensors are located in the same environment and

they make measurements at the same time. One sensor is held at the point of calibration

and the other is then moved, referring back to the reference point pressure to resolve altitude

and also account for the various sources of error.

Much like the use of other sensors as was seen in [15], research has been done with pressure

sensors working with infrastructure to perform localization. Many such systems are setup

as a fingerprint-based localization technique and can be seen in [16, 17]. The issue with

such systems is that real deployment is both complex as well as expensive. To address

these issues, [17] has leveraged crowdsourcing of smartphones with pressure sensors to build

barometer fingerprints; naming the technique Barometer based floor Localization (B-Loc).

These fingerprints, contained on cloud servers, have pressure values for each floor of a building

and are used to locate users’ floor levels by associating pressure values within the map.

When a user enters a building, using some specified mobile client software, B-Loc builds the

barometer fingerprint map and then collects real-time barometer readings from the user’s

phone. An activity recognition algorithm is in place as a part of B-Loc to track the users

as they move between floors. The B-Loc system is able to handle multiple users’ barometer

readings through a calibration algorithm that removes drift and establishes any user as

a reference when they have the highest confidence value or highest probability of correct

calibration. The cloud server propagates the calibration factor as needed across users in the

same location. With all users calibrated and transmitting their real-time pressure readings,

a clustering algorithm is put in place to create and update the fingerprint map. Ultimately,

phones associate with the pressure reading on the map that most closely matches their own.
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3.3 Barometric Pressure Sensors in Mobile Handsets

As a part of mobile handset construction, many models are emerging with pressure sensors

included in their design. The main manufacturer of these Micro-Electro-Mechanical Sys-

tems (MEMS) barometric pressure sensors is Bosch; having shipped more than 120 million

pressure sensors in 2013 for use and implementation in the majority of smartphones [59].

Knowing the intended future use of the pressure sensor in a mobile handset to be for height

calculation, Bosch Sensortec has addressed several technical questions originating from the

FCC regarding the wireless location accuracy for E911. The company believes that the cur-

rent barometric pressure sensors, following the requirement established by the FCC, (as of

May 2014) will

”allow for altitude determination of equipped mobile devices to within 3 meter

accuracy for at least 67 percent of calls within three years, and for at least 80

percent of calls within 5 years” [59].

The BMP180 sensor, manufactured by Bosch, can be found in several mobile handset models

including the Samsung Galaxy S4 and is capable of measuring ambient pressure with an ab-

solute accuracy of approximately 0.12 hectopascals (hPa) which translates to approximately

1 meter of change at standard sea level. Bosch states that with the inclusion of their sensors,

with such accuracy, the FCC 3 meter target of accuracy can be met in phones. Further,

Bosch claims that their sensor can maintain a 1 meter accuracy when transitioning between

the outdoors and an isolated indoor environment, usually a building with HVAC systems.

Bosch further states that the sensor must make a series of precise measurements outdoors

for a suitable reference for the indoor pressure calculation [59].

For Bosch pressure sensors and all others, there exist two primary categories of sensor error

that need to be taken into consideration. The first and foremost is relative measurement

error which is inherent to the pressure sensor. This limitation of the hardware results in

absolute pressure variations even within a stationary phone and cannot be calibrated out
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but instead has to be budgeted for [2]. The other source of error is sensor drift characterized

as sensor degradation over time that makes measurements offset from the original calibrated

state. Even when a mobile handset is stationary, the pressure can drift and can report a

1.4 m or approximately 4.6 ft change in height after a short time duration of 15 minutes

[16]. Fortunately, this can be calibrated out if there is an accurate and frequent reference

measurement that is available at a known altitude in some air environment [2].

In order to calibrate, the actual relationship between the measured pressure and elevation

needs to be taken into consideration. While it is known that pressure experienced on a body

will change depending on the altitude, there are other underlying variables. The relationship

is described by Bernoulli’s Equation, seen in Eq. 3.2 [61]

P1 + ρgy1 +
1

2
ρv21 = P2 + ρgy2 +

1

2
ρv22 (3.2)

where ρ is the air density and g is gravity. The variables y1, v1, y2 and v2 represent the

height and air flow velocity of region 1 and 2, respectively, through which the fluid or air

in this case, transitions. P1 and P2 represent the pressures of region 1 and 2. To simplify

this equation for the purpose of this study, it is assumed that the velocity of the air on each

floor is approximately 0; thus, v1, v2 = 0. Also, if pressure is considered to be atmospheric

pressure at all times, establishing a building as a homogeneous system, then ρ is also constant.

Through manipulation of the equation, a difference in pressure can be written as ∆P which

equals P1 − P2. This leaves a difference in height (∆y = y1 − y2) and the two constants, ρ

and g on the right side of the equation such that Eq. 3.2 is simplified to

∆P = −ρg(y1 − y2) = −ρg∆y (3.3)

With this equation, and while assuming gravity and the density of air can be considered

constant values, it is established that there is a linear relationship between height and pres-

sure. Analysis of the pressure measurements from a mobile handset can thus be considered
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to display the same increasing or decreasing behavior from day to day based on altitude.

However, this does not prevent an actual change in baseline pressure in a building; still being

affected by the variables mentioned earlier.

Following this, it must be noted that the main deficiency with Bosch sensors (as well as

those made by other manufacturers) is the use of the pressure sensors without appropriate

calibration. Pressure values are held in reference to the actual standard pressure that exists

when at sea level. If sensors are not calibrated at sea level, which is considered standard

pressure, then any measured pressure by the sensor will need to have an offset applied or

a re-calibration. The method of rectifying this offset relies on finding the local barometric

pressure and temperature. These need to be known at the same time that the altitude is

being determined on the mobile device. A reference for local pressure and temperature is

typically taken from a nearby weather station with known vertical position above sea level.

This sort of calibration will not be performed by everyday users with their mobile handsets,

and indoor measurements cannot be taken simultaneously with measurements at a weather

station. The issue of how to properly establish a reference value for pressure readings is a

question yet to be answered. Further, utilizing the pressure sensor in a manner to establish

a third-dimension estimate for localization in the vertical (Z) plane is something that is

investigated here.

3.4 Barometric Pressure Tests and Potential Use Cases

As a means of locating a mobile device indoors, a barometric pressure measurement from

the phone in question can be a part of the transmitted information to a telecommunications

service provider’s terrestrial base station (ENodeB) or any other local RF anchor. This

pressure reading could be used to assist in determining the location of the handset in the

vertical plane. However, due to the fluctuations of weather conditions affecting real time

barometric pressure and the other aforementioned variables, an indoor pressure measurement
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and its corresponding altitude calculation would not be directly related nor could it be

referenced to the ground level pressure outside of the building. While UTDOA localization

will provide a two dimensional, X-Y plane location, the third dimension is still in question.

Utilizing barometric pressure readings as a method in which this third dimension, the vertical

height above ground level, can be calculated and reported, with a reasonable level of accuracy,

is to be investigated here.

As indicated, many current models of mobile smart phones incorporate a barometric pres-

sure sensor. In order to test the accuracy and consistency of this type of sensor, several

experiments were conducted in which a mobile handset was used to record pressure readings

on different floor levels of a building as well as outside at ground level of this same building.

To ensure consistency with the experiments, all pressure sensor data was gathered in the

Durham Hall building on the Blacksburg campus of Virginia Tech. This building has four

floors allowing for various heights and corresponding pressure readings to be collected. The

majority of tests were conducted using a Samsung Galaxy S5 from T-Mobile (G900T) which

contains a STMicroelectronics LPS25H MEMS pressure sensor. According to its specifica-

tions, the LPS25H pressure sensor has a relative accuracy over pressure of ±0.1 hPa while

operating at room temperature, see Appendix ??. This translates to a relative accuracy of

±2.92 ft or approximately ±0.9 m for altitude given Eq. 3.1. While Bosch explains the use

of the BMP180 sensor with ±1 m accuracy in their comments to the FCC, other sensors with

equivalent or better accuracy should be interchangeable for such a situation regarding local-

ization. Thus the use of the STMicroelectronics LPS25H is considered to give comparable

results to those of the Bosch Sensortec sensor.

To gather comparative data, experiments were conducted with several other handsets of

the same and also varying models. The handsets included in the experiment were a single

Samsung Galaxy S4, two other Samsung Galaxy S5s, and one HTC One M8. The Galaxy

S4 contains the Bosch Sensortec BMP180 with a relative accuracy of ±0.12 hPa which

corresponds to a ±3.5 ft relative accuracy in altitude at room temperature. The HTC One

M8 contains the Bosch Sensortec BMP280 which performs with the same relative accuracy
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of pressure as the BMP180. Specific device details can be seen in Appendix 6.

With the goal of determining the exact floor a handset is located on, several scenarios were

conceived to test the ability of a pressure sensor to accurately measure the pressure and

translate that pressure to an altitude of a handset. Every scenario assumes that the UE in

question is able to report its X-Y plane geographical coordinates through U-TDOA as well

as report its pressure readings. The first scenario relies on only having the UE present in the

building and on the floor where it is to be discovered. The local weather station information

measuring the outdoor environment can be obtained at the time of the test scenario, but

the UE itself has no knowledge of this pressure information. The second scenario entails

calibrating to the measured pressure and altitude of a local weather station. The altitude of

the ground floor of the building must also be known in this case. The third scenario involves

utilizing infrastructure in order to assist in localization. Barometric pressure sensors are

located on each floor and the UE trying to determine its location would calibrate to these

sensors. The final and proposed use scenario involves a single UE that has memory of its

pressure readings as a means of reference. The handset will be able to establish a first floor

pressure reading and then calculate and report its altitude relative to the measurement taken

upon entering a building. The final scenario has the unknown UE on a floor of the building

and then additional UEs throughout the building to act as collaborators. The collaborating

UEs will be able to report their estimated location as well as pressure reading. The local

weather station reference can also be obtained. The primary focus of this test will have

a collaborating UE located on same floor to compare pressure readings with that of the

unknown UE and attempt using their independent pressure differential to determine the

third dimension, the vertical location in question through an average between the devices.

With this variety of tests, an appropriate method of calculating the altitude and, thus floor,

of a UE to be located will be determined.
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3.4.1 Error Model of the Pressure Sensor

As mentioned previously, the majority of testing was conducted with a T-Mobile Galaxy S5

mobile handset which contains a STMicroelectronics LPS25H barometric pressure sensor. In

order to ensure that the pressure sensor contained within the phone was a viable option for

such testing, error models had to first be produced to deduce whether the STMicroelectronics

pressure sensor actually displays the accuracy that it’s specifications state.

First, the physical distance that separates the floors of the Durham Hall building at Virginia

Tech was measured at 14 ft. Then the pressure inside of the building was recorded using

the target phones from the same locations at different floors levels for five minutes at a time

at a sample rate of 5 ( samples
s

) to provide approximately 1500 pressure measurements per

location. Pressure sensor data was recorded while the mobile handset was held at waist

height; ensuring that the physical separation when moving floor to floor would be 14 ft.

Assuming this natural position of a handset also lends itself to the outcome of the data and

its relation to a real life situation. With such a position of the mobile, when altitude is

calculated, there is room for error in both the positive (upwards) or negative (downwards)

direction that can be accepted before the calculated floor is incorrect. In regards to other

error, inherent in the pressure sensor, this test was performed across different days to collect

a significant number of samples and to test the pressure sensor as the weather changed

outdoors which, as mentioned, alters the indoor pressure as well.

Once all of the barometric pressure data was compiled, the corresponding altitudes had to

be calculated using Eq. 3.1. All of the data from a respective floor and particular day was

combined such that a common mean and variance could be found across the floor. With this

information, a ”ground” reference could be established. In a situation in which the pressure

sensor needs to be utilized to determine the floor it is located on within a building, the

elevation of the ground floor will not be the same in every building nor will it be the same

day-to-day. As such a ground-floor will be entirely relative to the building the mobile handset

is in. To find the difference in altitude, the lowest floor on which measurements were taken
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is used as the ground reference floor. It is also known that the distance between floors in the

test building is constant and 14 ft. The deviation from the actual height change is found by

subtracting differences in calculated altitude which will be considered measurement error.

Ultimately, the knowledge of the pressure on the ground-floor will help identify the floor the

handset is on; this will be discussed later. The error was modeled relative to changes in

altitude. In other words:

Error = α− x̄− (14 · n)[ft] (3.4)

where α is the calculated barometric altitude from the pressure sensor readings; x̄ is the mean

of the calculated barometric altitude of the ground-floor reference; and n is the number

of floors away from the ground floor. It must be noted that 14 is a constant given the

calculations are done when floor separation is 14 ft as in Durham Hall. Eq. 3.4 will give

the difference, in feet, between the measured change in altitude and the actual change. By

performing this calculation for the total number of samples across a floor, a distribution of

error can be gathered. An example of such a distribution can be seen in Fig. 3.1 and Fig.

3.2.

Fig. 3.1 displays a distribution with a mean of approximately -5 ft and a variance of 3.27 ft

for a particular day on which measurements were taken. With a negative mean of error, this

dictates that in this instance, the pressure sensor calculated its altitude to be continuously

lower (by 5 ft) than the ideal altitude difference between floors. Since the floors are separated

by 14 ft, the absolute error must be less than 14ft or±7 ft to ensure an accurate floor estimate.

With a mean of 5 ft in either the positive or negative direction, the handset can be said to

only be one floor away from ground. The distribution of error while one floor above the

ground-floor displays a Gaussian behavior which allows for simple prediction or calibration

of error for the pressure sensor.

The distribution or error for a two floor change in altitude (measurements taken on the same

day as in Fig. 3.1) can be seen in Fig. 3.2. This distribution displays that the statistical

mean for error is approximately -7.5 ft with a variance of 5.56 ft. The error measurements
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Figure 3.1: Distribution of Error between 3rd and 2nd Floors of Durham Hall

from the 4th floor are found by subtracting the ground floor reference altitude and then

subtracting 28 ft. The actual distance between floors is 28 ft in this case and thus the mean

is -7.5 ft below this value. As was mentioned before, the mobile handset was held at waist

height, therefore this mean would be considered on the boundary of acceptable for being

able to determine a certain floor. A distance of 7 ft above or below waist height while on

a floor would ”place” the mobile somewhere in the ceiling or floor if the measurement were

to be translated to a location relative to the ground floor. Overall, on the particular day

displayed in Fig. 3.1, the error measurements would not distinguish the appropriate floor

given a comparison raw barometric pressure sensor data to the ground floor data.

By taking all of the error measurements from several days, a cumulative distribution of

error is capable of been calculated. These cumulative distributions display the percentage

or probability that a certain amount of error in the difference measurement between floors
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Figure 3.2: Distribution of Error between 4th and 2nd Floors of Durham Hall

will occur. This error still represents the amount of distance that the altitude measurements

differ from the actual change in altitude. The ideal separation for a single floor change is

14 ft and the cumulative distribution for the measurements taken in this case can be seen

in Fig. 3.3. Following the need for 67% of calls needing to be within 3 m or 10 ft accuracy,

being able to resolve the floor a handset is on should meet the third dimension aspect of this

requirement. Considering that the height error measurements can be ±X, where X is some

value of error, the absolute error must be taken into consideration. To correctly distinguish

a floor 67% of the time, the error measurement must fall between ±7 ft for 67% of the time.

Looking at Fig. 3.3, the data that occurs between ±7 ft accounts for the percentages between

15% and 85%. As a result it can be stated that a UE is capable of being located through

the use of pressure measurements when it is one floor away from the reference ground floor.

The cumulative distribution for the two floor separation case can be seen in Fig. 3.4. The

error yield for ±7 accuracy spans from 30% − 55% of the data for two floor difference
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Figure 3.3: Cumulative Distribution of Error between 3rd and 2nd Floors of Durham Hall

measurements. Therefore, the correct floor will be distinguished approximately 25% of the

time when two floors away from the reference floor. In this instance, 67% of the error

measurement data spans from approximately -14 ft to +14 ft. Such errors would have the

potential to miscalculate or wrongly determine the exact floor of handset; reporting that

the UE is one floor away from it’s true location for a majority of the time. Overall both

cumulative distributions display calculated errors in altitude from raw barometric pressure

data across several days. While the reference floor for each day is taken in account, the

absolute measurement error and sensor drift is not considered. With proper budgeting for

inherent sensor error as well as corrections for drift, the accuracy of floor resolution could

be improved.

In order to simulate for the measurement error when moving in an indoor environment, an
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Figure 3.4: Cumulative Distribution of Error between 4th and 2nd Floors of Durham Hall

error model is to be applied to the barometric pressure sensor upon entering a building. The

proposed single floor difference error model for the barometric pressure sensor, LPS25H, used

in the Galaxy S5 and for the majority of pressure tests is:

e = µ+ σ ∗N (3.5)

where µ is a uniformly distributed mean value of floor to floor difference, σ is the standard

deviation, and N is a normally distributed random variable. Within this error model, σ

does not vary, but µ is fixed for one day and will have to be reevaluated daily to account

for the alterations in pressure. Then. the quantity for N will vary from measurement to

measurement. This model is based upon testing and the resulting averages of error in floor

to floor measurements seen in Fig. 3.3. To most closely match the distribution of errors with

Eq. 3.5, µ = [−10, 10], σ2 = 5 and the resulting proposed error model for when a pressure
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sensor has changed one floor can be seen in Fig. 3.5.

Figure 3.5: Error Model for UE Pressure Sensor based Altitude Inside of a Building

Fig. 3.6 shows the proposed single floor error model (Fig. 3.5) overlaying the single floor

error measurements from Fig. 3.3. While the curves do not perfectly align, they do overlap

at several points including both tails of the distributions. The high percentage of error

measurements occurring from approximately -2 ft to +2 ft is not replicated by the error

model. However, the percentage of errors that occur between -7 ft and +7 ft is closely

matched. Therefore, with the use of the error model for a single floor, the probability

that the correct floor is chosen can be estimated. The gradual distribution of the actual

error measurements can be expected due to sensor error and drift. The error model for the

single floor difference error measurements attempts to do the same by closely matching the

distribution. The raw barometric pressure sensor data was shown to correctly distinguish

a single floor difference 67% of the time in 3.3. The error model for the pressure sensor

matches this percentage in the case of a change in one floor.

Due to the different spread of error measurements when accounting for a two floor change in
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Figure 3.6: Single Floor Error Model for UE Pressure Sensor based Altitude Inside of a
Building

altitude, a new error model had to be constructed. The distribution of data, being mentioned

earlier, has a wider range of error and only correctly defines the floor for 25% of the time.

In order to model this new case, two floor change in altitude from ground, µ = [−20, 20]

and σ2 = 5. The new resulting model can be seen overlaying the two floor difference error

measurement distribution in Fig. 3.7. The cumulative distribution for a two floor difference

has uneven plateaus that cause the error model to be slightly offset. Despite this fact, the

tails of both plots align and the percentage of data occurring between ±7 ft in error is

comparable between plots, the discrepancy being in the error model due to the large plateau

in the measured data.

Given the required change in µ to more accurately model the error of the pressure sensor

for a two floor change, it is a logical assumption that a new error model would have to be

proposed for each additional change in floor. As seen the variance would be kept constant
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but the distributed mean would have to double for each added floor. As a result of this,

the potential for error, or an incorrect floor distinction, at any number of floors above two

floors will continue to increase. It must be noted that such behavior is given the use of

the particular LPS25H pressure sensor in the Galaxy S5 and its raw data measurements;

without calibration or budgeting of any source of error. With a better understanding of

how the pressure sensor operates, the scenarios previously mentioned are capable of being

explored.

Figure 3.7: Two Floor Error Model for UE Pressure Sensor based Altitude Inside of a
Building
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3.4.2 Potential Use Case with a Single UE without a priori In-

formation

For this scenario, there is a UE in a building and the floor on which it resides is unknown. The

pressure recorded from its sensor will be able to be received by other individuals (handsets in

the vicinity), but no other indoor references will be provided. The UE is capable of entering

the building from any level and then can make its way throughout the building; pressure

readings are not being recorded. At some arbitrary point in time, an emergency can occur

and the UE will need to resolve the floor on which it is located. In this instance the phone

has to locate itself whilst acting alone; there are no indoor nor outdoor references. To test

the feasibility of this use case, a series of measurements were made over the course of a week

from the exact same locations; recording pressure for five minutes for every trial. The mean,

median, and variance of these measurements can be seen in Table 3.1. The actual altitude

of the reporting location in Durham Hall is 2057 ft above sea level according to [23]. For

further comparison of the day to day trend, the outdoor pressure as reported by a local

weather station is also shown. Despite the offset, the general fluctuation of increasing or

decreasing from day to day is seen in both readings.
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Table 3.1: Mobile UE Elevation Measurements from One Location over the course of a week

Phone Date Location Mean of Cal-
culated Alti-
tudes (ft)

Median of
Calculated
Altitudes (ft)

Variance of
Altitudes (ft)

Outside Pres-
sure based Al-
titudes (ft)

Galaxy S5 1/23/2015 Dur-Whit 2nd Floor 2020.24 2019.95 6.06 -210.65
Galaxy S5 1/24/2015 Dur-Whit 2nd Floor 2352.97 2353.05 5.08 233.11
Galaxy S5 1/25/2015 Dur-Whit 2nd Floor 2322.70 2322.46 2.30 103.07
Galaxy S5 1/26/2015 Dur-Whit 2nd Floor 2448.48 2448.34 2.74 214.70
Galaxy S5 1/27/2015 Dur-Whit 2nd Floor 2124.23 2124.07 2.96 66.13
Galaxy S5 1/28/2015 Dur-Whit 2nd Floor 1854.00 1853.79 4.43 -256.47
Galaxy S5 1/29/2015 Dur-Whit 2nd Floor 1987.46 1987.25 2.20 -201.42
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From this compiled data it is observed that, despite being in the same location for measuring

barometric pressure, the pressure will fluctuate even inside a building. While some variation

is expected due to the absolute pressure variation of the sensor, the observable differences

from day to day are much more significant. Again, this can be expected based upon the

reaction of the indoor environment to that of the outdoor environment acting upon the

building at a particular time. Further, the indoor HVAC system could be set for maintaining

a different temperature and pressure in accordance with the outdoor temperature.

It can be seen that a single UE, acting alone, cannot resolve its location in the vertical

plane without any memory or outside references of pressure measurements to reduce the

discrepancy between pressure sensors. Pressure is highly sensitive to the weather conditions

at the specific time of the required measurement and a single UE displays different altitudes

based on not only the day of the week but the actual time of day despite being at the same

physical location. Since a person, with their handset, still need to be located according to

E911, other methods need to be explored. A handset needs some sort of reference barometric

pressure in order to localize itself.

3.4.3 Potential Use Case with a UE and Weather Station

The first means of both reference and calibration when considering the effects of weather and

elevation is a local weather station. Following Bosch, the first point to be addressed lies in

resolving the discrepancy between being at an altitude above sea level and the base altitude

at sea level. To ideally eliminate this difference between the weather station instruments

and the handset pressure sensor, a local weather station and a collocated UE should be

monitored simultaneously. A test was run for a total of five minutes in which the pressure

sensor record approximately 1000 pressure values. The weather station was monitored via a

website [58] and its pressure value and elevation were recorded at the beginning and end of

the time interval of the experiment coinciding with the UE pressure sensor recording. The

resulting data can be observed in Table 3.2 and Table 3.3 below.
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Table 3.2: Weather Station Pressure and Elevation for 5min Experiment

Actual Weather Station Report

Reported Elevation of
Site (ft)

Pressure at 2:45pm
(mbar)

Pressure at 2:49pm
(mbar)

2086 1028.44 1028.44
Calculated Barometric
Altitude (ft)

Calculated Barometric
Altitude (ft)

-412.24 -412.24

Table 3.3: Mobile UE Elevation for 5min Experiment

Mobile UE Report (over 5min sample time)

Mean of Altitudes (ft) Median of Altitudes (ft) Variance of Altitudes (ft)
1892.31 1892.50 38.86

Both of the elevations or altitudes in Table 3.2 are referenced to sea level being 0 ft. The

weather station is physically located at 2086 ft above sea level, while its pressure translates

to an altitude 412 ft below sea level. This difference in pressure based altitude can be directly

attributed to the multitude of outdoor variables which affect pressure such as weather con-

ditions, temperature and wind. The UE reported a mean elevation of 1892 ft above sea level

which is a 2304 ft difference from the base station. Despite this large disagreement between

measurements, with the inclusion of some other information a handset can be calibrated and

referenced to a local weather station.

With the weather station always recording and reporting pressure that is referenced to sea

level, if a handset calibrates to it then the barometric pressure sensor contained in it can

accurately relay its own pressure based on sea level. However, every building will not be

at the same altitude as the local weather station and by extension nor will a UE. For this

reason, the geographically measured altitude of both the weather station and the ground floor

of the building need to be known. With this information, the difference between pressure

recorded by a local weather station and the handset (located indoors) can be compared and

the handset can be calibrated. The offset between the altitude of the local weather station
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and the ground floor of the building is factored in and then the expected pressure of the

ground floor can be calculated. For example, the local weather station is at 2086 ft above sea

level and reports a 102.404 kPa pressure. Using Eq. 3.1, this corresponds to -293.3 ft. If the

ground floor of a building is 2075 ft then an offset of 11 ft would be applied and a pressure

corresponding to -304.3 ft would be the calibrated ground floor barometric pressure.

Despite the ability to calibrate to sea level and then calculate the appropriate floor, this

case requires a great deal of information to be known beforehand in order to function. The

ground floor pressure reference to the local weather station would also have to be updated

often. The test shown in Table 3.2 and Table 3.3 shows that taking the pressure values from

a weather station to compare against the pressure values of a UE beside it will not always

be equal; this will almost always be the case when calibration has not been performed.

The unpredictable nature of the indoor environment incites another variable that would

cause further discrepancies between the calculated altitudes. UEs cannot be expected to be

calibrated in the time of an emergency and, as such, it must be noted for all scenarios that a

local baseline measurement from a weather station is not beneficial in regards to a handset

trying to locate itself indoors. The indoor environment of a building can be considered as

isolated from the outdoors and thus utilizing a local weather station for a reference to sea

level or even for the geographic location will not help identify the floor on which the “lost”

UE resides.

3.4.4 Potential Use Case with a Single UE with Infrastructure

Based Assistance

As a means of collaboration with a ”lost” UE, pressure sensors can be built into the in-

frastructure of newly developed buildings. This practice actually has been implemented in

certain circumstances mainly for future technology building sensor systems [60]. While this

could not be considered with the tests conducted for this research, due to the lack of pressure

sensors being included in the infrastructure of a building at Virginia Tech at the time, it
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has the potential to be the most sophisticated and unique approach to solving the third

dimension issue for E911.

With pressure sensors installed on each floor of a multi-story building, there is not only

a ground-floor reference, but there is also a reference pressure for each floor. If a mobile

handset is able to synchronize with these pressure sensors within the building upon entry,

then a continuous comparison can be made. The physical separation between infrastructure

pressure sensors will be known and thus the measured pressure by these sensors will always

be relative to one another and accurately represent the altitude difference between floors.

With such a system in place, barometric pressure sensors within a UE can measure pressure

while moving within the building. To identify the floor the UE is located on, a simple

exchange of pressure information would take place with the sensors in the building. It is

to be expected that this comparison would display an offset between measurements due to

sensor drifts and relative measurement error. However, if the relative pressure differences are

tracked, through multiple measurement comparisons with infrastructure sensors, then any

offset could be calculated and accounted for. Following this, any UE in this building with the

ability to communicate with the pressure sensors of the infrastructure would also be capable

of accurately locating itself in the vertical plane, on the Z-axis. This technique would require

either building practices or applicable building codes mandating that sensors be placed on

every floor within a multi-story structure. These sensors would be able to tell the UE which

floor it is on. At this time no such mandates could be found. Thus, although this technique

seems to provide an accurate means to calculate the elevation of the UE, without such a

mandate the added building costs would tend to undermine adoption of sensor installations.

Further, the pressure sensors in the handset are ultimately not required. If communication

with the infrastructure pressure sensors can be performed then the building sensors can relay

to the phone which floor it is on. This case would accurately place any handset, but the

complexity and cost severely hinder its feasibility.
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3.4.5 Proposed Use Case with a Single UE with Memory

The challenge to accurately determine the vertical height above ground level of a “lost” UE

remains. In order to ascertain this information a new method needs to be implemented to

overcome the shortcomings of the previous examples. The pressure needs to be known and

reported by the “lost” UE given that it has set its own reference. Here, the UE will need

to read and store the barometric pressure when it is on the first floor of a building. It is

assumed in this case that the handset always enters on the ground floor. It is also assumed

that the distance between floors of buildings is always 14 ft. With this information, and the

knowledge of the translation to altitude, a differential calculation can be performed as the

UE moves up or down in the building holding the first floor as “ground-zero”. In order to

evaluate the possibility of success for such a method, the following scenario was established.

To ensure that pressure holds relatively steady while maintaining elevation and increases or

decreases following elevation, a mobile handset moved from the 1st floor of Durham to the

4th floor. The travel time to walk the length of the hallway on each floor was approximately

one minute and then stairs were used to ascend floors. The results of this can be seen in

Figure 3.8

Figure 3.8: Gradual Elevation Changes while Walking through Building 1st to 4th floor
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Figure 3.9: Mean of Floor Altitudes while Walking through Building 1st to 4th floor

With the trend-line in place, it is seen that there is a natural linear rise in the elevation

and there are also four distinct plateaus during which the UE is on the same floor. The

same data was plotted again and displays four calculated means for altitude during which

pressure readings were taken while walking the length of the hallways in Durham. The

resulting plot can be seen in Fig. 3.9. The distances between the average for floors 1 & 2

and then 2 & 3 is approximately 13 ft; the approximate distance between floors 3 & 4 is 11

ft. The actual separation is 14 ft, the averages do not discount pressure variation nor any

sort of error. These displacements between floors are valid as the averages would still be

able to determine one floor from another as the values are not below 10 ft; assuming long

averaging is used. Given this data, signaling to the handset when it is on the first floor of

a building and storing its pressure value at that time would be feasible for locating in the

third dimension, the vertical height above ground level, when required. Noting that pressure

even inside buildings will alter over the course of time, the first floor pressure will have to be

stored upon entering the building each time. The pressure value stored for reference would

be void for the following day. With a valid ground-floor pressure or altitude reference, a

simple difference calculation can be made at the time of an emergency for any floor that

the UE is located on to discover the altitude of the handset and therefore the floor of the
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building that it resides on.

The error models seen in Fig. 3.6 and 3.7 were generated utilizing thise proposed use case;

using a ground floor pressure reference to attempt to accurately distinguish the floor the

UE is actively on. The ability to resolve the correct floor is highest when there is only a

single floor change in altitude. As the number of floors increases, the ability to register this

change, given the barometric pressure sensor used for experimentation, becomes increasingly

more difficult. Again, it must be noted that calibrating the pressure sensor and accounting

for other sources of error could improve the probability of correct floor detection. With

environment variables such as stack-effect and the outdoor weather as well as inherent sensor

error, there is potential for a large discrepancy in data measurements.

3.4.6 Potential Use Case with a UE and Collaborator

An anchor, on any floor, with known location and its measured pressure could provide a

reference for indoor pressure. Other mobile devices can be in the same building as the

“lost device” and report the pressure given their location is already known in the X-Y

dimensions. The UE, being located on the first floor of the building and knowing its location,

could act as a reference for barometric pressure from the first floor of the building to which

compare the pressure reading of the unknown mobile device. As a real application for this,

the first floor pressure reading could be gathered quickly by emergency response members

upon arrival at the scene of an emergency. The pressure reading of the unknown device

could then be referenced to the readings made by the emergency response team, acting as a

collaborator. In another instance of collaboration via emergency response teams, if they are

able to communicate with any functioning UE, with known location, then information can

be gathered about the pressure on various floors of a building. With this information and the

corresponding altitude, the work of finding the unknown UE can potentially be simplified.

Other UEs that do not know their floor in the building could also act as collaborators. Any

additional unknown UE on the same floor as the original ”lost” UE can work in tandem
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to try and identify the floor they are both on. The devices have their own ground floor

reference and therefore an estimate altitude based on their pressure sensor readings. If the

individual estimates, being independent with respect to inherent error, are averaged then a

common floor may be able to be distinguished.

In order to test the potential for collaboration between UEs, pressure was recorded across four

different phones and the phone used for the majority of testing was held as the control for the

experiment to which all data would be compared against. The phones consisted of 3x Galaxy

S5s, 1x Galaxy S4, and 1x HTC One M8. Barometric pressure was recorded simultaneously

on all five handsets at three locations on two different floors. For each of the three locations,

pressure sensor information was collected for a total of five minutes. Given this amount of

time, a large sample of data was collected on each phone. The pressure values were then

averaged and then Eq. 3.1 was used to calculate the average height. On both floors, each

of the handsets displayed mean altitudes with low variances and high precision; altitudes

did not vary while on the same floor. When the floor on which measurements were taken

was changed, all altitudes altered and displayed the same consistent pressure behavior. The

comparison of these sets of data against the control phone holds the information in question

and this can be seen below in Table 3.4.

Table 3.4: Indoor Elevation Comparison Measurements against Control Galaxy S5

Pressure Readings for Collaboration Testing

HTC One M8 Galaxy S4 Galaxy S5 #2 Galaxy S5 #3

Floor 1 Floor 1 Floor 1 Floor 1
-48.93 ft -7.54 ft 20.61 ft -3.36 ft
-52.28 ft -8.35 ft 18.67 ft -3.24 ft
-49.54 ft -7.46 ft 18.45 ft -3.16 ft
Floor 2 Floor 2 Floor 2 Floor 2
-48.66 ft -7.37 ft 17.95 ft -4.20 ft
-49.25 ft -7.83 ft 18.20 ft -3.24 ft
-48.44 ft -6.98 ft 18.78 ft -2.88 ft

As seen from test results, pressure sensors can have a discrepancy between one another based
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on their relative measurement error and individual sensor drift despite being colocated. All

of the data points, for three positions on each floor, are altitudes differentiated with the

control handset; being either higher or lower than the control device’s recorded altitude.

For each handset it can observed that, given a small variance, there is a distinguishable

offset relative to the control handset. The fact that the pressure differences are quite robust

across devices has been shown in other similar tests as well [16]. This trend suggests that

the pressure sensors could relay what would be considered “ideal” pressure measurements

provided the offset between sensors was known a priori. The collaborating phone could act

as a reference from a different floor if its sensor was calibrated to be equivalent with the

“lost” UE. However, in most cases, this offset will not be known as all phones would have to

have prior knowledge of the other devices.

The case of multiple ”lost” devices to account for variation in performance of pressure sensors

was also explored. Table 3.5 shows the measurement errors calculated by each phone when

trying to distinguish a one floor difference. The measurement errors made by each phone

are within the bounds of ±7 and therefore can distinguish the floor they are located on.

If the measurement errors across several phones on the same floor were to be averaged

there would be an increased potential to accurately distinguish the appropriate number of

floors away from the ground floor. Due to the independent calculations of the collaborating

devices referencing to ground, the pressure sensor offset mentioned earlier is taken care of

and budgeted out. As a result, phones on the same floor can compare their floor location

estimation without an inherent offset between the measurements. Through collaboration,

phones on the same floor can average their altitudes with each other and attempt to identify

their floor with more accuracy than a singular phone. A group of phones could not be

acquired to test this scenario, but a simulation based around the pressure sensor error model

could be done and this will be discussed in a later section.
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Table 3.5: Average Measurement Error Across Collaborating Phones from Single Day Test

Measured Change in Altitude for Different Handsets
HTC One M8

1st to 2nd Floor Difference 2nd Floor Measurement Error
20.64 ft 6.64 ft

Galaxy S4
1st to 2nd Floor Difference 2nd Floor Measurement Error

19.57 ft 5.57 ft
Galaxy S5 #2

1st to 2nd Floor Difference 2nd Floor Measurement Error
18.25 ft 4.25 ft

Galaxy S5 #3
1st to 2nd Floor Difference 2nd Floor Measurement Error

19.00 ft 5.00 ft
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Chapter 4

Simulation Results

4.1 Localization Accuracy

Localizability is defined as the ability of a UE to be uniquely localized without ambiguity. A

UE is localizable when it is connected to at least three non-collinear ENodeBs. The definition

of localizability changes for a cooperative network. A UE is localizable in a cooperative

network if it has at least three disjoint paths to three non-collinear ENodeBs [34]. In order

to ensure localizability, connectivity thresholds have to be set based on SINR for ENodeBs

and SNR for collaborating UEs. The SINR of each base station relative to a UE is dependent

on the geometry of the link in the network; with variables such as shadowing and pathloss

affecting the signal. The SNR between UEs is also dependent on the same variables, but

there is no interference between devices. In this simulation the threshold for connectivity

to the base stations is set to -27 dB. This parameter is set to match the SNR for a high

detection probability as seen in [6]. The connectivity threshold for UE links is assumed to

be -6 dB as also seen in [34]. Given the CDF plot in Fig. 4.1 and the stated threshold, it

can be expected that at least five base stations sectors will be available for connections a

majority of the time. Given the CDF plot in Fig. 4.2, it can also be expected that more

than five UEs will be connected and are thus available for collaboration.
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Before performing the TDOA calculation across the connected base stations for a particular

UE and its collaborators, bias and a TOA range error are associated with each link. To

simulate UTDOA, the distances associated with each link measurement from the unknown

UE to all of the base stations have noise, η, and a bias, α, applied to them. The lookup table

established in the link layer simulations associates a SRS range error based on the SINR of

connected base station. One range error from the 1000 iterations at a respective SINR value

is chosen to add to the link. Fig. 4.4, 4.5, and 4.6 show the dispersion of range errors for

SNR values of -27, 0, and 25 dB. The mean range errors in the three cases are 675.63 m,

58.86 m, and 59.60 m respectively. The average TOA range error displayed diminishing

returns as the SNR was increased from -15 dB to 25 dB. The average range errors for this

range of SNR values was approximately between 50 m and 60 m. With each of the anchor to

source links established, a differential of the TOA is performed, referencing to one ENodeB.

and then a localization estimation can be calculated.

Figure 4.1: SINR of the Best 5 Connected Base Stations in the Network

Fig. 4.7 shows the CDF for the localization error versus the number of collaborators. The
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Figure 4.2: SNR of the Best 5 Connected Collaborators in the Network

zero or non-collaborator case utilizes only ENodeB-UE connections and any collaborators

are other UE-UE connections. As with the base stations, the connectivity to potential

collaborating UEs is established after calculating the SNR to the devices within range and

setting a threshold. In most cases, the more connections that are available to the target UE

the better its location estimation will be. Collaborating UEs and their uniquely connected

base station will provide more position references for resolving the location of the unknown

UE. With the additional connections, issues such as bad geometry with ENodeBs as well as

large noise error can be combated [34]. Fig. 4.3 displays the number of unique base stations

that are included in the geometry of connections for a varying number of collaborators.

From this figure it is evident that the number of connected base stations increases as more

collaborative UEs are associated with the target UE. As mentioned, in order to be localizable,

the UE must have at least three disjoint paths to three non-collinear ENodeBs. Fig. 4.3

shows that three paths occur only 45% of the time in the non-collaborative case but 90%

of the time for five collaborating UEs. Therefore, there is a demonstrable benefit to having
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Figure 4.3: The Probability for Number of Connected Unique ENodeBs as Number of
Collaborators Changes

collaborating UEs.

The non-cooperative localization estimation in Fig. 4.7 closely matches the high load ETU

case I for SRS only measurements made by TruePosition in [12]. The error measurement

is less than 100 m for 73.6% of the time and matches the UTDOA accuracy of 300 m for

93.1% of the time. The same SRS assumptions, system assumptions, and interference model

that are used in [12] are also used for the simulations in this thesis. With the addition of

collaborators, the TruePosition performance is improved upon. It can be seen that, given a

-6 dB SNR threshold, with one collaborating UE, performance is improved nearly 15%; the

location error estimation for zero collaborators is 100 m for 78% of the time and 85m for the

equivalent probability for one collaborator. The February 2015 FCC x,y location accuracy
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Figure 4.4: Histogram of TOA Range Error for -27dB

requirements for wireless 911 calls state that a UE must be located within 50 m 40% of

the time within two years after publication and up to 80% of the time within six years [4].

The collaboration results shown in Fig. 4.7 meet the FCC 5 year requirements where the

location accuracy must be within 50 m 70% of the time. It must be noted, however, that the

collaborative UTDOA results do not exceed the position estimation accuracy of collaborative

OTDOA as seen in [34].

It is seen in Fig. 4.7 that additional collaborators continue to improve the error measurement

performance until the use of four or more collaborators. Diminishing returns in performance

improvement are expected as the number of anchors used for the Levenberg-Marquardt

algorithm becomes excessively large and does not help to the error of the location estimate.

Fig. 4.8 shows the result of collaborative localization with an altered ENodeB connectivity

threshold. In order to observe more collaborative improvement, raising the threshold for

ENodeB connectivity from -27 to -12 dB reduces the number of connections to the UE.
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Figure 4.5: Histogram of TOA Range Error for 0dB

With less points for use in the Levenberg-Marquardt algorithm, the localization estimation

will display an overall lower accuracy. This result can be seen in the 0 collaborating case in

Fig. 4.8 which is significantly lower than that of the one in Fig. 4.7. However, in this case ,

adding connections via collaborators improves the localization with a much greater impact.

Adding one collaborator improves the location estimation at 150 m from approximately 64%

to 71%. With 3 collaborators, the probability of error measurement of 150m is 80%. Clearly,

the use of collaborators provides a more pronounced benefit in position estimation when

there are fewer ENodeB connections supported by the target UE.
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Figure 4.6: Histogram of TOA Range Error for 25dB

4.2 Conclusion of UTDOA Localization

In order to accurately locate a handset in two dimensions, X and Y, with an uplink LTE

signal, UTDOA and collaboration prove to be a feasible option for localization. Link and

network layer simulations are established following the base references outlined in [9]. The

SRS sequence is generated and then passed through pieces of a transmitter as a part of the

LTE uplink transmission scheme. Following the fading ETU Case I channel model, a cor-

relation of received signal sequences is performed to isolate the range error associated with

each SINR. With range error estimates from 50 accumulations of the SRS sequence and then

the nonlinear position estimator algorithm, it can be seen that the TruePosition 3GPP spec-

ifications are matched for the non-cooperative case. Further, with the use of collaboration,

the localization accuracy is capable of meeting current FCC horizontal location requirements
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Figure 4.7: The CDF of Localization Error Versus the Number of Collaborators

for wireless 911 calls [4]. Through the use of one collaborator, the two-dimensional location

error is within 50 m for 55% of the time. This performance exceeds the two and three year

time frame requirements. By using five collaborators the requirements to be met within five

years can also be met. Overall, with the use of cooperating mobile devices, the estimation

of the position of an unknown UE is improved.

4.3 Pressure Sensor Localization

With any inherent offset between barometric pressure sensors of phones, resolving the exact

floor on which the phone in question resides and the collaborating phone is on will be a

complex matter. If the pressure readings from the barometric sensor differ by a mere 35 Pa

this indicates a more than 10 ft difference meaning that the two UEs are not on the same

floor. However, given a building with a multitude of floors, for example more than ten, the

offset could still be used to provide a reasonable estimate which group of floors a UE could
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Figure 4.8: The CDF of Localization Error Versus the Number of Collaborators with Higher
ENodeB Connectivity Threshold (-12 dB)

be located on. Given no other information relative to altitude or floor of the building, this

could be utilized in the operational application to benefit emergency response teams. In a

75 story building, rather than searching every floor, a grouping of just a few floors could be

chosen relative to the UE’s reported, calculated altitude. Ultimately, having a handset from

a specific user or an emergency team record the pressure upon arrival of the first floor of a

building will not provide a good reference for finding the floor of the UE in question.

Instead, collaborating UEs located on the same floor as the unknown UE could be used. The

standing offset between the phones is not a concern in such a scenario as each phone makes

altitude measurements based on a ground reference. If these measurements are then averaged
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across several co-located UEs, there may an increased potential to correctly identify the

proper floor. In order to test this, a simulation was run following the use of the error models

for different users and given the geometry of Durham Hall at Virginia Tech. This simulation

assumes the same error models for measurements between floors as seen in Fig. 3.6 and Fig.

3.7. There are assumed to be 100 randomly placed users on the same floor as the ”lost” device

and then a random sample of these users are chosen to act as collaborators. Each device

has their own measured pressure as well as ground reference pressure. The resulting error

measurements with collaboration can be seen in Fig. 4.9 and Fig. 4.10. With the probability

of correctly identifying the floor residing in the ±7 ft range of error measurements, it can

be seen that in both instances collaboration improves the performance. When averaging

measurements with one collaborating UE, the error measurement falls between ±7 ft for

5% − 90% of the data. This is a 20% improvement with the use of one collaborator as the

data for ±7 ft with a single user, single floor difference is 15% − 85%. With the use of

three collaborating UEs the probability of correctly distinguishing a single floor difference

is approximately 98%. A summary of the probabilities for correctly distinguishing the floor

the ”lost” UE is located on can be seen in Table 4.1.

Table 4.1: Probability of Correctly Identifying Floor Location Given a Single Floor Change

Single Floor Difference Case

Number of Collaborators Probability of Correct Floor Detection
0 69.65%
1 88.70%
2 95.80%
3 97.75%
4 99.25%
5 99.60%

In the two floor difference case, the absolute error for ±7 ft falls between 30% and 65% for

the error model with one device. When averaged with one collaborating UE, the absolute

error range is improved to cover between 20% and 80% of the data. Therefore approximately

20% more of the data resides between ±7 ft and the probability of correctly estimating a two
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floor difference is equally improved. With the use of five collaborating devices, the desired

absolute error is seen from 5% − 95%. A summary of the probabilities for correct floor

detection for the two floor case can be seen in Table 4.2.

Table 4.2: Probability of Correctly Identifying Floor Location Given a Two Floor Change

Two Floor Difference Case

Number of Collaborators Probability of Correct Floor Detection
0 36.25%
1 56.85%
2 69.10%
3 74.90%
4 79.10%
5 86.15%

As more UEs collaborate, their potential for correctly finding the floor they are on relative

to the ground floor increases. As mentioned before, the distribution of error measurements

seen in the pressure sensor increases with the number of floors away from ground. As such,

the ability to correctly find the floor a user is on becomes harder and harder as the number

of floors increases. However, with the use of collaborators the spread of error measurements

can be reduced and the probability of finding the floor regardless of distance from ground

can be enhanced.

4.4 Conclusion of Pressure Sensor based Geolocation

As a means to accurately locate a UE in three planes, X, Y and Z, while indoors, use of the

barometric pressure sensor that is included in modern day phones is a promising solution in

determining elevation. The barometric pressure can be used to calculate altitude and then

a difference measurement from the ground-floor can be performed to determine offset or

height in the building. As can be seen from the error models, when differentiating calculated

altitude between various numbers of floors, there is potential to correctly identify the current
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Figure 4.9: Simulation of Single Floor Difference Measurements when Collaborating with
other UEs

floor of the device. Multiple methods were evaluated to test as feasible options of using a

pressure sensor inside of a building. Ultimately, there are two methods proposed for Z-axis

localization. First, having a UE with memory of pressure readings is the preferred choice

for being able to ascertain differences in pressure from floor to floor. In order to discount

the change of the indoor pressure from day to day and still ensure that the ground-floor

reference measurement is valid, the barometric pressure will have to be recorded and stored

each time the UE enters the building. A means of detecting the change of environment from

outdoors to indoors will have to be put in place. Based on the ground reference measurement,

the differential can be calculated, extrapolated to an elevation above the ground floor and,

finally, it can be estimated what floor the UE is located on. This method is the most

realistically attainable yet unique solution as the technology is already in place and the overall

expenditures required for implementation are not unreasonable. To improve the probability

of correction floor detection, this method could be paired with the use of other UEs as
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Figure 4.10: Simulation of Two Floor Difference Measurements when Collaborating with
Users

collaborators. By averaging predicted altitudes with independent ground references, all

cooperating UEs could minimize their potential for errors due to the environment, while also

improving their chance of correctly identifying their floor location. Finally, the next and more

sophisticated but expensive solution has mobile handsets synchronize with pressure sensors

that are built into the infrastructure of the building. Through constant communication, the

mobile handset would be able to identify it’s location in a building given that its measured

pressure, accounting for bias, matched that of the pressure sensors within the building on

the same floor. The infrastructure sensors will continuously know the floor they are located

on and as such the ”lost” device simply has to verify it can observe a pressure close to that

of the building sensor. The potential for error in such a case is minute as the building could

almost tell the user which floor they are located on.
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Chapter 5

Conclusion and Future Work

In this thesis cooperative positioning in LTE systems was studied for both the two-dimensional

and three-dimensional case. A cooperative technique was proposed for uplink LTE systems

where the UTDOA measurement method is used to estimate position between bases stations

and UEs. Overall RTT was used as the measurement method between collaborating UEs.

Through the use of computer simulations in Matlab, the benefits of cooperative localization

over non-cooperative localization were determined. The zero collaborator case is capable

of matching the UTDOA performance for SRS only transmissions achieved by TruePosition

[12]. Overall, through the cooperation with other UEs, the ability to accurately localize a

UE in a LTE network with UTDOA was improved, and it is capable of meeting current FCC

horizontal location requirements for wireless 911 calls [4]. Through the use of one collabora-

tor, the two-dimensional location error is within 50 m for 55% of the time. This performance

exceeds the two and three year time frame requirements. By using five collaborators the re-

quirements to be met within five years can also be met. Therefore, the proposed cooperative

positioning technique significantly improves the positioning accuracy in comparison with

non-cooperative localization and meets FCC wireless 911 location accuracy requirements

currently set to be met within five years.

The use of barometric pressure sensors was studied to resolve the floor a handset is located
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on. Multiple test scenarios were shown, and the least complex and feasible method was

proposed; taking a ground floor measurement and referring to it when moving up in the

building. The correct floor was shown to be capable of being resolved more than 67% of the

time give a single floor change, but this decreased given a larger change in altitude. Through

the use of one collaborator and a one floor change in altitude, performance was improved

by 20% in both the one and two floor change cases. In order to identify the correct floor

67% of the time with a two floor change from the ground reference there must be at least

2 collaborators. For future work regarding pressure sensors use in localization, it must be

noted that the results here were dictated by the singular barometric pressure sensor model

in the T-Mobile Galaxy S5 mobile handset. The error model for other pressure sensors

could be characterized by better performance; having an absolute measurement error, e, less

than 7 ft for a higher percentage of time. To further improve performance other methods

of altitude measuring would have to be employed. Constant tracking of the pressure sensor

could be done through the internet cloud and several complex algorithms or the building

could relay the floor information to the mobile handset given infrastructure based pressure

sensors. Complexity as well as cost become a larger burden that would need to be addressed

for the most efficient means of achieving a desired third dimension accuracy required by the

FCC.
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Appendix A: Bosch BMP280 Pressure

Sensor

http://www.mouser.com/ds/2/621/BST-BMA280-DS000-11_published-471424.pdf

Used under fair use, 2015.
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Appendix B: STMicroElectronics

LPS25H Pressure Sensor

http://www.st.com/web/catalog/sense_power/FM89/SC1316/PF255230

Used under fair use, 2015.
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This is information on a product in full production. 

January 2014 DocID023722 Rev 3 1/46

LPS25H

MEMS pressure sensor: 260-1260 hPa absolute
 digital output barometer

Datasheet - production data

Features
260 to 1260 hPa absolute pressure range
High-resolution mode: 1 Pa RMS
Low power consumption:
– Low resolution mode: 4 µA
– High resolution mode: 25 µA
High overpressure capability: 20x full scale
Embedded temperature compensation
Embedded 24-bit ADC
Selectable ODR from 1 Hz to 25 Hz
SPI and I²C interfaces
Embedded FIFO
Supply voltage: 1.7 to 3.6 V
High shock survivability: 10,000 g
Small and thin package
ECOPACK® lead-free compliant

Applications
Altimeter and barometer for portable devices
GPS applications
Weather Station Equipment
Sport Watches

Description
The LPS25H is an ultra compact absolute 
piezoresistive pressure sensor. It includes a 
monolithic sensing element and an IC interface 
able to take the information from the sensing 
element and to provide a digital signal to the 
external world.

The sensing element consists of a suspended 
membrane realized inside a single mono-silicon 
substrate. It is capable to detect the absolute 
pressure and is manufactured with a dedicated 
process developed by ST.

The membrane is very small compared to the 
traditionally built silicon micromachined 
membranes. Membrane breakage is prevented 
by an intrinsic mechanical stopper.

The IC interface is manufactured using a standard 
CMOS process that allows a high level of 
integration to design a dedicated circuit which is 
trimmed to better match the sensing element 
characteristics.

The LPS25H is available in a cavity holed LGA 
package (HCLGA). It is guaranteed to operate 
over a temperature range extending from -30 °C 
to +105 °C. The package is holed to allow 
external pressure to reach the sensing element.
         

HCLGA-10L
 (2.5 x 2.5 x 1.0 mm)

Table 1. Device summary
Order codes Temperature range [°C] Package Packing

LPS25HTR
-30 to +105

HCLGA-10L
HCLGA-10L

Tape and reel

LPS25H Tray

www.st.com
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2 Mechanical and electrical specifications

2.1 Mechanical characteristics
VDD = 2.5 V, T = 25 °C, unless otherwise noted.

Table 3. Mechanical characteristics
Symbol Parameter Test condition Min. Typ.(1)

1. Typical specifications are not guaranteed.

Max. Unit

Top Operating temperature range -30 105 °C

Tfull Full accuracy temperature 
range 0 80 °C

Pop Operating pressure range 260 1260 hPa

Pbits Pressure output data 24 bits

Psens Pressure sensitivity 4096 LSB/
hPa

Paccrel Relative accuracy over 
pressure(2)

2. Characterization data. Parameter not tested at final test 

P = 800 to 1100 hPa
T = 25°C

 0.1 hPa

PaccT Absolute accuracy pressure 
over temperature(3)

3. Embedded quadratic compensation.

P = 260 to 1260 hPa
T = 20  +60 °C

0.2
hPa

P = 260 to 1260 hPa
T = 0  +80 °C

± 1

Pnoise Pressure noise(4)

4. Pressure noise RMS evalueted in a controlled environment,based on the average standard deviation of 32 
measurements at highest ODR.

without embedded 
filtering 0.03

hPa 
RMSwith embedded 

filtering 0.01

Tbits Temperature output data 16 bits

Tsens Temperature sensitivity 480 LSB/°C

Tacc Absolute accuracy temperature T= 0 ~ +65 °C  2 °C
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2.2 Electrical characteristics
VDD = 2.5 V, T = 25 °C, unless otherwise noted.

Table 4. Electrical characteristics
Symbol Parameter Test condition Min. Typ.(1)

1. Typical specifications are not guaranteed.

Max. Unit

VDD Supply voltage 1.7 3.6 V

VDD_IO IO supply voltage 1.7 3.6 V

Idd
Supply current @ ODR 1 Hz,
highest resolution

25 µA

IddPdn
Supply current in power-down mode
T = 25 °C

0.5 µA
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