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(57) ABSTRACT

A method is provided for determining the position of a
mobile technology platform within a structure, wherein the
mobile technology platform is equipped with a gyroscope, a
magnetometer and at least one accelerometer. The method
includes deploying a set of RF (radio frequency) beacons
within the structure, wherein each RF beacon emits an RF
signal; recording, at each of a set of sampling locations
within the structure, the RF signature created by the RF
signals received at the location; forming an RF fingerprint of
the structure from the recorded RF signatures; and using the
RF fingerprint, in conjunction with readings from the gyro-
scope, magnetometer and at least one accelerometer to
determine the location of the device within the structure.
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1
USE OF RF-BASED FINGERPRINTING FOR
INDOOR POSITIONING BY MOBILE
TECHNOLOGY PLATFORMS

CROSS-REFERENCE TO RELATED
APPLICATION

This application claims the benefit of priority from U.S.
Provisional Application No. 61/888,067, filed Oct. 8, 2013,
having the same title, and which is incorporated herein by
reference in its entirety, and also claims the benefit of
priority from U.S. Provisional Application No. 61/888,583,
filed Oct. 9, 2013, entitled “SYSTEMS AND METHODS
FOR UTILIZING MAGNETIC FIELDS FOR INDOOR
POSITIONING BY MOBILE TECHNOLOGY PLAT-
FORMS?”, and which is incorporated herein by reference in
its entirety.

FIELD OF THE DISCLOSURE

The present disclosure relates generally to location deter-
mination, and more particularly to systems and methods for
determining indoor location on a mobile technology plat-
form.

BACKGROUND OF THE DISCLOSURE

The advance of Global Positioning System (GPS) tech-
nology has revolutionized navigation. GPS, along with cell
tower triangular algorithms, are commonly utilized by navi-
gational systems in automobiles and handheld devices to
impart location awareness to these devices. Location aware-
ness, when combined with other advances in computer
processors and displays, has provided new, feature-rich
environments for such devices to operate within.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is an illustration of a system in accordance with the
teachings herein featuring an indoor area equipped with a set
of RF beacons and a mobile technology platform with an
associated RF fingerprint database.

SUMMARY OF THE DISCLOSURE

In one aspect, a method is provided for determining the
position of a device within a structure. The method com-
prises (a) deploying a set of RF (radio frequency) beacons
within the structure, wherein each RF beacon emits an RF
signal; (b) recording, at each of a set of sampling locations
within the structure, the RF signature created by the RF
signals received at the location; (¢) forming an RF finger-
print of the structure from the recorded RF signatures; and
(d) using the RF fingerprint to determine the location of the
mobile technology platform within the structure.

In another aspect, a method is provided for determining
the position of a mobile technology platform within a
structure, wherein the mobile technology platform is
equipped with a gyroscope, a magnetometer and at least one
accelerometer. The method includes deploying a set of RF
(radio frequency) beacons within the structure, wherein each
RF beacon emits an RF signal; recording, at each of a set of
sampling locations within the structure, the RF signature
created by the RF signals received at the location; forming
an RF fingerprint of the structure from the recorded RF
signatures; and using the RF fingerprint, in conjunction with
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readings from the gyroscope, magnetometer and at least one
accelerometer to determine the location of the device within
the structure.

In a further aspect, a method is provided for determining
the position of a device within a structure. The method
comprises detecting, at a position within the structure, the
RF signature created by the RF signals received from a
plurality of RF beacons disposed within the structure; and
comparing the detected RF signature to an RF fingerprint to
determine the most likely location of the device within the
structure. The RF fingerprint is created by sampling the RF
signatures at a plurality of locations within the structure.

In still another aspect, a system is provided for determin-
ing the location of a device within a structure. The system
comprises a plurality of RF beacons disposed within the
structure, each of which emits an RF signal, and a mobile
technology platform. The mobile technology platform is
equipped with a receiver which detects RF signatures
formed by the signals which are emitted by the RF beacons
and which are detected at a location. The mobile technology
platform is further equipped with a non-transient memory
medium containing (a) an RF fingerprint created by sam-
pling the RF signatures at a plurality of locations within the
structure, and (b) suitable programming instructions which,
when executed by one or more processors, determines the
most likely location of the mobile technology platform by
comparing a detected RF signature detected by the receiver
to the RF fingerprint.

In yet another aspect, a method for determining the
position of a mobile technology platform within a structure
is provided. The method comprises (a) deploying a set of RF
(radio frequency) beacons within the structure, wherein each
RF beacon emits an RF signal; (b) recording, at each of a set
of sampling locations within the structure, the RF signature
created by the RF signals received at the location; (c)
forming an RF fingerprint of the structure from the recorded
RF signatures; and (d) using the RF fingerprint, in conjunc-
tion with at least one other location determining methodol-
ogy, to determine the location of the mobile technology
platform within the structure. The at least one other location
determining methodology may include one or more meth-
odologies selected from the group consisting of GPS, cell
tower triangulation, Wi-Fi, Bluetooth, magnetic field
strength, and human motion models.

DETAILED DESCRIPTION

Unfortunately, cell tower triangulation is plagued by poor
accuracy, and the feature-rich environment provided by GPS
does not currently extend to indoor settings. Part of the
reason for the shortcoming of GPS has to do with the poor
ability of commonly used signals to penetrate concrete, steel
and other materials commonly used in building construction.
As a result, the many advantages that location awareness
imparts to mobile technology platforms often stops at the
doorstep. There is thus a need in the art for systems and
methodologies which address this issue, and which extend
location awareness for mobile technology platforms—and
the feature rich environment attendant to such location
awareness—to indoor settings.

It has now been found that the foregoing needs may be
addressed through the use of a set of RF beacons, which may
be utilized in conjunction with RF fingerprinting schemes, to
impart location awareness to mobile technology platforms in
indoor settings. Some particular, non-limiting embodiments
of systems and methodologies which implement this
approach are described in greater detail below. The RF
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fingerprinting schemes are preferably used in conjunction
with one or more location determining means based on GPS,
cell tower triangulation, Wi-Fi, Bluetooth, magnetic field
strength, or human motion models. The use of a human
motion model in conjunction with RF fingerprinting
schemes is especially preferred, in light of the low power
consumption it offers. These various sources may be com-
bined or “fused” into various combinations and sub-combi-
nations, as described in greater detail below.

For purposes of implementing the human motion model,
the mobile technology platform is preferably equipped with
a gyroscope, a (preferably 3-axis) magnetometer, and at least
one accelerometer. Of course, one skilled in the art will
appreciate that a magnetometer may also be used as a
compass.

In a preferred embodiment, depicted in FIG. 1, a system
101 in accordance with the teachings herein may comprise
a set of RF beacons 103 which are disposed at a site 105. The
site may be, for example, a building, structure or other
indoor area. The beacons 103 utilized in the systems and
methodologies described herein may be disposed or posi-
tioned within at the site 105 in accordance with various
algorithms, functions or schemes. Moreover, these beacons
103 may be disposed on or within walls, on ceilings, in light
fixtures or switch plates, in utility structures, in power
outlets, or in other suitable locations at the site 105.

Once the beacons 103 are deployed, an RF fingerprint of
the site is determined. The fingerprinting process involves
recording, at known sampling locations across the site 105,
the unique RF signature created by the combination of the
signals 109 received from the RF beacons 103 at that point.
The collection of all sampling locations combine to form a
radio map or RF fingerprint for the site 105. This fingerprint
is then stored in a database 111 accessible by a mobile
technology platform 113, and may be used by the mobile
technology platform 113 for location awareness or location
determination. The database 111 and/or fingerprint may be
stored on the mobile technology platform 113 (e.g., in a
memory medium associated therewith), or may be acces-
sible over a server or by other suitable means.

Once the RF fingerprint for the site has been obtained, the
mobile technology platform 113 can then use the fingerprint
to determine its location. This may be accomplished, for
example, by sensing the RF signature formed by the RF
beacons 103 whose signals 109 are received at the present
location of the device, and comparing this RF signature to
the RF fingerprint to determine the most likely location of
the mobile technology platform 113. Preferably, this process
does not involve any signal triangulation or signal-arrival-
time calculation.

The RF beacons utilized in the systems and methodolo-
gies described herein are preferably BLUETOOTH™ low
energy (BTLE) devices. Although BTLE was designed for
low power, sensor-to-device communication, in a preferred
embodiment, the systems and methodologies described
herein utilize BTLE devices as simple RF beacons. In this
application, the transmit power of the device is preferably
maximized and its data transfer abilities are preferably
limited to, for example, simple advertising packets. Once
configured in this manner, the BTLE device becomes an RF
beacon which is powerful enough (for example, it may have
a transmission range in excess of 100 m) to permit the
fingerprint mapping described herein, and yet is small
enough to be easily deployed across the site to be mapped.

The RF beacons described herein may be made in a small
form factor and may be extremely power efficient. Conse-
quently, these devices may be run off of batteries for a period
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of years. Alternatively or in addition, these devices may be
equipped with one or more solar cells to harvest energy from
ambient light (including light emitted by indoor light fix-
tures), and/or may be equipped with magnetic induction
circuits which allow them to leach power from nearby
electrical wiring or power circuits without actually being
connected to the wiring or circuitry. The RF beacons may
also be equipped to utilize multiple power sources (includ-
ing the aforementioned ones), and may be provided with
suitable intelligence to choose among these sources if nec-
essary.

In some embodiments, the battery charge level of an RF
beacon that runs on batteries may be embedded into adver-
tising packets transmitted by the RF beacon. This informa-
tion may then be utilized to monitor the power state of the
beacons. In some embodiments, a user’s mobile technology
platform may be utilized to relay this information back to
one or more servers associated with a company that manages
the beacons, or to a computer or other suitable device
monitored by maintenance personnel associated with the site
at which the beacons are deployed. In other embodiments, a
maintenance device, such as a computer system associated
with the site, may periodically query the RF beacons for
their power status, and may notify appropriate personnel in
the event that the power status of any beacon falls below a
predetermined threshold value.

Of course, one skilled in the art will appreciate that, while
the foregoing description describes the tracking of power
levels within the beacons, the same approach may be utilized
to track virtually any parameter of the sensors that may be
of interest.

In some embodiments of the systems and methodologies
described herein, each of the beacons may be configured to
determine the RF signature present at the location of the
beacon. This signature may be determined periodically, or
may be updated when a change in the signal received from
another beacon (or beacons) exceeds a threshold value. The
signatures determined at each of the beacons may then be
utilized to determine or update an RF fingerprint for the site,
which may then be utilized by mobile technology platforms
for location awareness.

In a preferred embodiment of the methodologies disclosed
herein, the “fusion” approach (described in greater detail
below) provides an error estimate as an output. This output
can then be advantageously utilized to alter an RF finger-
print, thus providing corrections to a radio map over time.
For example, in one possible implementation of such a
method, a beacon may be placed in a known location. The
location of the beacon as deduced from the signal space may
then be compared with the actual, known location of the
beacon, and appropriate corrections may be made (e.g., to
the signal space or the manner in which it is interpreted) to
bring the two into better agreement.

In a preferred embodiment of the methodologies disclosed
herein, the “fusion” approach utilizes a Bayesian filter that
outputs both a putative location for a device, along with a
probability associated with that location which represents
the degree of uncertainty associated with the putative loca-
tion. More particularly, in such an embodiment, the Bayes-
ian filter preferably outputs a full probability distribution of
where the device may be, with the putative location having
the highest probability associated with it.

In such an embodiment, as different users navigate a site,
areas in which the devices associated with the different users
report high uncertainties may indicate problem areas in the
signal space or RF map which need to be rectified. Such
problems may arise, for example, due to structural changes
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to the site (e.g., remodeling or repairs), or due to changes in
the performance characteristics of RF beacons (e.g., changes
in signal strength over time). Hence, these areas may be
targeted for beacon placement or other remedial action.

Alternatively or in addition, this information may be
utilized to determine the source of the problem. For
example, if the data obtained from the different users indi-
cates problems with magnetometer signals in a problem area
(e.g., because the other signal sources accurately identify the
location of the users in this area, but the magnetometer
signal does not), then the RF map may be tweaked to bring
the magnetometer readings into agreement with the other
signal sources.

It will be appreciated that multiple iterations of the
foregoing approach may be utilized over time to effectively
tune the RF map. In this respect, it is to be noted that the
user’s data (that is, the data associated with the users of
multiple mobile technology platforms that navigate the site)
may be utilized for this purpose, thus allowing such tuning
to be performed remotely. Hence, this approach effectively
entails crowd-sourcing corrections to the RF map. This
approach may also avoid the need for remapping a site, or
may reduce the frequency with which such remapping is
necessary, any may thus significantly facilitate the scale-up
of the technology.

In some embodiments, such an approach may avoid the
need for determining an initial RF fingerprint of the site by
other means, and may also provide a system that readily
adapts to changes in the structure or environment at the site
by creating automatic updates or corrections to the RF
fingerprint. However, it should be noted that the methods
disclosed herein for obtaining an initial map or RF finger-
print for a site through the use of a robot yield a map that is
typically much more accurate than that which could be
obtained by currently known crowd-sourcing methods.
Hence, while use of a crowd-sourcing approach to make
corrections to an existing map or fingerprint can effectively
be used to maintain an accurate map, deriving a map solely
from crowd-sourcing will typically yield a lower quality
map whose quality will typically not improve over time.

In other embodiments, such an approach may be used to
determine when an RF fingerprint requires updating, and
possibly, which parts of the fingerprint require updating. For
example, renovations to a laboratory within a hospital may
require updates to the portion of the fingerprint local to the
laboratory (e.g., for the area immediately surrounding the
laboratory, and possibly just on a portion of the particular
floor on which the laboratory is located). However, the
remainder of the RF fingerprint for the hospital may remain
unchanged. The portions of the fingerprint requiring updates
may be determined, for example, by comparing the signa-
tures determined at each of the beacons before and after
renovation, and then updating the fingerprint in the areas
surrounding the affected beacons.

One of the advantages of the preferred embodiment of the
systems and methodologies disclosed herein is that the
locations of the beacons do not have to be known, and can
remain unknown. This is because location determination is
preferably based on RF fingerprinting, not on beacon loca-
tion. This approach provides significant flexibility in beacon
deployment, since it allows beacons to be deployed wher-
ever convenient.

Moreover, in some embodiments of the systems and
methodologies described herein, RF fingerprinting is uti-
lized as merely one of multiple sources of positional infor-
mation. For example, in the systems and methodologies
described herein, RF fingerprinting may be utilized in con-
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junction with one or more location determining means based
on GPS, cell tower triangulation, Wi-Fi, Bluetooth, magnetic
field strength, or human motion models. These various
sources may be combined or “fused” into various combina-
tions and sub-combinations.

For example, in one preferred embodiment, the systems
and methodologies disclosed herein utilize a human motion
model in which the native accelerometers, gyroscope and
magnetometer of a mobile technology platform associated
with a user are utilized to estimate the direction and speed
with which a user is walking. The accelerometers detect
individual steps (which may be utilized to estimate distance
traveled), while readings from the gyroscope and magne-
tometer are utilized to provide a heading estimate. This
human motion model then becomes one input into the
“Fusion Engine” described below.

The Fusion Engine preferably operates to combine all
available signals in a manner that delivers the highest
accuracy possible for a given power budget. Each signal
source includes an accuracy estimate that may be utilized to
determine the contribution that source should make to the
final position estimate. The RF map itself may be an
additional ‘signal’ source. These map constraints allow
magnetic heading errors to be corrected for, which are a
major stumbling block to indoor navigation (magnetic
anomalies are frequent and strong indoors, due to the
reinforced concrete, steel and high-current power mains
found in commercial structures).

It will be appreciated that the signals combined in the
Fusion Engine depend, in part, on the resources the mobile
technology platform is equipped with. For example, in
current ANDROID® devices, inputs to Fusion Engine
include GPS, cellular signals, Wi-Fi signals, magnetometer
readings, and the human motion model. For current iOs
devices (in which the details of WiFi are hidden), the inputs
to the Fusion Engine include GPS, cellular signals, BLU-
ETOOTH® signals, magnetometer readings, and the human
motion model.

As noted above, in the preferred embodiment of the
systems and methodologies described herein, a radio map is
provided which includes the collection of all sampling
locations for a site. This map may be developed in various
ways. For example, the radio map may be obtained by
having a person with a mobile technology platform walk the
site and record RF signatures at multiple locations within the
site. Preferably, however, a robotic platform, which may be
autonomous or semi-autonomous, is utilized to create the
radio map (e.g., by traversing all hallways, corridors and
rooms of the site) and to correlate it to a floor map of the site.
The correlated radio map is then processed and stored on a
server and/or in a suitable memory device (such as, for
example, a memory device in a mobile technology platform
of a person traveling through the site).

In use, the correlated radio map may be utilized, alone or
in combination with other position determining means, to
determine a user’s position within a site. For example, the
RF signature at the user’s current location may be compared
with the radio map to determine the user’s position within
the site by finding an RF signature on the radio map which
most closely matches the RF signature observed. By con-
trast, some other means for determining location from RF
signals merely use measured distance to RF beacons to
determine location. However, in a preferred embodiment,
use of a correlated radio map and/or the fusion approach
described herein has the potential for much more accurate
determination of the user’s position within the site, allows
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the system to correct for anomalies or temporary signal
disruptions, and does not require the location of beacons to
be known.

Various probabilistic filters may be utilized in the systems
and methodologies described herein. Preferably, however,
Bayesian filters are utilized. These filters may be recursive
or sequential. However, the use of particle filters or sequen-
tial Monte Carlo (SMC) methods are especially preferred.
Such methods provide a set of on-line posterior density
estimation algorithms that estimate the posterior density of
the state-space by directly implementing the Bayesian recur-
sion equations.

The use of Bayes filters in the systems and methodologies
described herein provide an algorithm for calculating the
probabilities of multiple beliefs to allow a mobile technol-
ogy platform to infer its position and orientation at a site.
Essentially, the Bayes filters allow the mobile technology
platform to continuously update its most likely position
within a coordinate system, based on the most recently
acquired sensor data (using the various types of sensors
described herein). The associated algorithm is recursive, and
consists of prediction and update parts. If the variables are
linear and normally distributed the Bayes filter becomes
equal to the Kalman filter.

In a simple example, a mobile technology platform mov-
ing throughout a site may have several different sensors of
the type described herein that provide it with information
about its surroundings. The mobile technology platform may
start out with a high degree of certainty with respect to its
location. However, as it moves through the site and away
from its starting position, the mobile technology platform
has continuously less certainty about its position. However,
by using a Bayes filter in the manner described herein, a
probability can be assigned to the determination the mobile
technology platform has made about its current position, and
that probability can be continuously updated from additional
sensor information.

The true state x (i.e., the actual location of the mobile
technology platform) is assumed to be an unobserved
Markov process, and the measurements z are the observed
states of a Hidden Markov Model (HMM). Because of the
Markov assumption, the probability of the current true state
given the immediately previous one is conditionally inde-
pendent of the other earlier states, as indicated in EQUA-
TION 1:

JZICTAE e Xo)=D(Xz|x71) (EQUATION 1)

Similarly, the measurement at the k™ time step is dependent
only upon the current state, and thus is conditionally inde-
pendent of all other states given the current state, and
indicated in EQUATION 2:

PElxp Xy, oo X0)=D(2;1%z) (EQUATION 2)

Using the foregoing assumptions, the probability distribu-
tion over all states of the HMM may then be written simply
as:

plxo - - -, KXpZlr + v v s Zk):p(xO)Hizlkp (Zx)p(xlx;y) (EQUATION 3)

However, when using the Kalman filter to estimate the state
X, the probability distribution of interest is associated with
the current states conditioned on the measurements up to the
current time step. This is typically achieved by marginaliz-
ing out the previous states and dividing by the probability of
the measurement set.

The foregoing approach leads to the predict and update
steps of the Kalman filter written probabilistically. The
probability distribution associated with the predicted state is
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the sum (integral) of the products of the probability distri-
bution associated with the transition from the (k-1)” time
step to the k” and the probability distribution associated
with the previous state, over all possible x, , states. This
distribution is given by EQUATION 4 below:

POz g )P O )P et 71 g1 Yy (EQUATION 4)

The probability distribution of update is proportional to the
product of the measurement likelihood and the predicted
state, as indicated by EQUATION 5 below:

Py | %) pOeg | 21x-1) (EQUATION 5)

(| 21) =
Pl e Pz | z1a-1)

= o plz | 2 )pa | 214-1)

In EQUATION 5, the denominator

P71 e ) AP X )P O 2 )X (EQUATION 6)

is constant relative to x. Therefore, in practice, a coeflicient
a may typically be substituted for this quantity, which can
usually be ignored. The numerator may be calculated and
then simply normalized, since its integral must be unity.

In a typical implementation, when SMC methods are
applied to determining the location of a mobile technology
platform in the systems and methodologies described herein,
a grid-based approach may be utilized, and a set of particles
may be used to represent posterior density. These filtering
methods generate samples from the required distribution
without requiring assumptions about the state-space model
or the state distributions. The state-space model may be
non-linear, and the initial state and noise distributions may
take any form required by the application.

The aforementioned SMC methods implement the Bayes-
ian recursion equations directly by using an ensemble based
approach. In such an approach, the samples from the distri-
bution are represented by a set of particles, with each
particle having a weight assigned to it that represents the
probability of that particle being sampled from the prob-
ability density function.

The objective of the particle filter is to estimate the
posterior density of the state variables, given the observation
variables. The particle filter is designed for a hidden Markov
Model in which the system consists of hidden and observ-
able variables. The observable variables (observation pro-
cess) are related to the hidden variables (state-process) by a
functional form that is typically known. Similarly, the
dynamic system describing the evolution of the state vari-
ables is also typically known, at least in a probabilistic sense.

A generic particle filter estimates the posterior distribution
of the hidden states using an observation measurement
process. For a given state-space, the objective of the particle
filter is to estimate the values of the hidden states x, given
the values of the observation process y. The particle filter
aims to estimate the sequence of hidden parameters x, for
k=0,1,2,3,...,based only on the observed data y, for k=0,
1, 2,3, . ... All Bayesian estimates of x, follow from the
posterior distribution of EQUATION 7:

pxyvoyy - - -, Vi) (EQUATION 7)

In contrast, the MCMC or importance sampling approach
would model the full posterior probability p(x,, Xy, - - . ,
Xk'YOs Yoo oo yk)

Particle methods assume x, and the observations y, can be
modeled in the form:
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(1) Xg, Xy, . . . 1s a first order Markov process that evolves
according to the distribution

DXl XX X X (XX ) (EQUATION 8)

and with an initial distribution p (X);

(i1) Yo, ¥y, - - - are conditionally independent provided that
Xos Xy, - - . are known. It will thus be appreciated that
each y, depends only on x,. This conditional distribu-
tion for y, may also be written as:

Vil Py (915 (EQUATION 9)

An example system with the foregoing properties is:

X =g )+ Wy (EQUATION 10)

Vi=gh(x)+v, (EQUATION 11)

In EQUATIONS 10 and 11, w, and v, are mutually inde-
pendent and identically distributed sequences with known
probability density functions, and g(-) and h(-) are known
functions. These two equations may be viewed as state space
equations, and are similar to the state space equations for the
Kalman filter. If the density functions g(-) and h(-) are linear,
and if w, and v, are Gaussian, the Kalman filter yields the
Bayesian filtering distribution. If not, Kalman filter based
methods are a first-order approximation (EKF) or a second-
order approximation (UKF in general, but if probability
distribution is Gaussian a third-order approximation is pos-
sible). Particle filters are also an approximation, but with
enough particles they can be much more accurate.

Bayesian filters and particle filters, and the associated
methodologies of using such filters, are generally known to
the art, although the applications of these filters as described
herein is believed to be novel. Such filters are described in
greater detail in, for example, the article by Julien Diard,
Pierre Bessiere, and Emmanuel Mazer, entitled “A Survey of
Probabilistic Models, using the Bayesian Programming
Methodology as a Unifying Framework”, which is available
online at http://cogprints.org/3755/1/Diard03a.pdf, and
which is incorporated herein by reference in its entirety; and
in the reference by Simo Sarkka, entitled “Bayesian Filter-
ing and Smoothing” (2013), which is available online at
http://becs.aalto.fi/~ssarkka/pub/
cup_book_online_20131111.pdf, and which is also incorpo-
rated herein by reference in its entirety.

The above description of the present invention is illus-
trative, and is not intended to be limiting. It will thus be
appreciated that various additions, substitutions and modi-
fications may be made to the above described embodiments
without departing from the scope of the present invention.
Accordingly, the scope of the present invention should be
construed in reference to the appended claims.

What is claimed is:

1. A method for determining the position of a mobile
technology platform within a structure, wherein the mobile
technology platform is equipped with a gyroscope, a mag-
netometer and at least one accelerometer, the method com-
prising:

deploying a set of RF (radio frequency) beacons within

the structure, wherein each RF beacon emits an RF
signal;

recording, at each of a set of sampling locations within the

structure, the RF signature created by the RF signals
received at the location;

forming an RF fingerprint of the structure from the

recorded RF signatures; and

using the RF fingerprint, in conjunction with readings

from the gyroscope, magnetometer and at least one
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accelerometer, to determine the location of the mobile

technology platform within the structure;
wherein the mobile technology platform uses at least one
Bayes filter to calculate the probabilities of multiple beliefs
to allow the mobile technology platform to infer its position
and orientation at a site, wherein the at least one Bayes filter
utilizes a true state, and wherein the true state is the actual
location of the mobile technology platform and is assumed
to be an unobserved Markov process in calculating the
probabilities of multiple beliefs.

2. The method of claim 1, wherein the RF beacons emit
radio transmissions within the band of 2400 to 2800 MHz.

3. The method of claim 1, wherein using the RF finger-
print, in conjunction with readings from the gyroscope,
magnetometer and at least one accelerometer to determine
the location of the mobile technology platform within the
structure, includes:

detecting the RF signatures received at a location; and

comparing the detected RF signatures to the RF finger-

print to determine the most likely location of the
device.

4. The method of claim 3, wherein the device is equipped
with an RF receiver, and wherein detecting the RF signatures
received at a location includes detecting the RF signatures
with the receiver.

5. The method of claim 3, wherein comparing the detected
RF signatures to the RF fingerprint involves comparing the
detected RF signatures to a copy of the RF fingerprint stored
in a memory medium associated with the device.

6. The method of claim 1, wherein the mobile technology
platform is equipped with a plurality of accelerometers, and
wherein the RF fingerprint is used in conjunction with
readings from the gyroscope, magnetometer and the plural-
ity of accelerometers to determine the location of the mobile
technology platform within the structure.

7. The method of claim 1, wherein each member of the set
of RF beacons emits a unique RF signal.

8. The method of claim 1, wherein each member of the set
of RF beacons encodes a unique set of data in the RF signal
it transmits.

9. The method of claim 1, wherein the at least one Bayes
filter is a Kalman filter.

10. The method of claim 1, wherein the structure is a
hospital.

11. A method for determining the position of a mobile
technology platform within a structure, wherein the mobile
technology platform is equipped with a gyroscope, a mag-
netometer and at least one accelerometer, the method com-
prising:

detecting, at a position within the structure, the RF

signature created by the RF signals received from a
plurality of RF beacons disposed within the structure;
and

in conjunction with readings from the gyroscope, mag-

netometer and at least one accelerometer, comparing
the detected RF signature to an RF fingerprint to
determine the most likely location of the mobile tech-
nology platform within the structure;
wherein the RF fingerprint is created by sampling the RF
signatures at a plurality of locations within the structure,
wherein the mobile technology platform uses at least one
Bayes filter to calculate the probabilities of multiple beliefs
to allow the mobile technology platform to infer its position
and orientation at a site, wherein the at least one Bayes filter
utilizes a true state, and wherein the true state is the actual
location of the mobile technology platform and is assumed
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to be an unobserved Markov process in calculating the
probabilities of multiple beliefs.

12. The method of claim 11, wherein the RF beacons emit
radio transmissions within the band of 2400 to 2800 MHz.

13. The method of claim 11, wherein using the RF
fingerprint to determine the location of the device within the
structure includes:

detecting the RF signatures received at a location; and

comparing the detected RF signatures to the RF finger-

print to determine the most likely location of the
device.

14. The method of claim 13, wherein the device is
equipped with an RF receiver, and wherein detecting the RF
signatures received at a location includes detecting the RF
signatures with the receiver.

15. The method of claim 13, wherein comparing the
detected RF signatures to the RF fingerprint involves com-
paring the detected RF signatures to a copy of the RF
fingerprint stored in a memory medium associated with the
device.

16. The method of claim 11, wherein each member of the
set of RF beacons emits a unique RF signal.

17. The method of claim 11, wherein each member of the
set of RF beacons encodes a unique set of data in the RF
signal it transmits.

18. The method of claim 11, wherein the plurality of RF
beacons emit radio transmissions within the band of 2400 to
2800 MHz.

19. The method of claim 11, wherein the mobile technol-
ogy platform is equipped with an RF receiver, and wherein
detecting the RF signatures received at a location includes
detecting the RF signatures with the receiver.

20. The method of claim 11, wherein comparing the
detected RF signature to the RF fingerprint involves com-
paring the detected RF signatures to a copy of the RF
fingerprint stored in a memory medium associated with the
device.

21. The method of claim 11, wherein the mobile technol-
ogy platform is equipped with a plurality of accelerometers,
and wherein the RF fingerprint is used in conjunction with
readings from the gyroscope, magnetometer and the plural-
ity of accelerometers to determine the location of the mobile
technology platform within the structure.

22. The method of claim 11, wherein each member of the
set of RF beacons emits a unique RF signal.
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23. The method of claim 11, wherein each member of the
set of RF beacons encodes a unique set of data in the RF
signal it transmits.

24. A method for determining the position of a mobile
technology platform within a structure, wherein the mobile
technology platform is equipped with a gyroscope, a mag-
netometer and at least one accelerometer, the method com-
prising:

deploying a set of RF (radio frequency) beacons within

the structure, wherein each RF beacon emits an RF
signal;

recording, at each of a set of sampling locations within the

structure, the RF signature created by the RF signals
received at the location;

forming an RF fingerprint of the structure from the

recorded RF signatures; and

using the RF fingerprint, in conjunction with readings

from the gyroscope, magnetometer and at least one

accelerometer to determine the location of the mobile

technology platform within the structure;
wherein the mobile technology platform uses at least one
Bayes filter to calculate the probabilities of multiple beliefs
to allow the mobile technology platform to infer its position
and orientation at a site, wherein the mobile technology
platform uses sequential Monte Carlo (SMC) methods to
calculate the probabilities of multiple beliefs to allow the
mobile technology platform to infer its position and orien-
tation at a site, wherein the SMC methods implement
Bayesian recursion equations by using an ensemble based
approach in which samples from a distribution are repre-
sented by a set of particles, with each particle having a
weight assigned to it that represents the probability of that
particle being sampled from a probability density function
based on the calculated probabilities, wherein a particle filter
is used to estimate the posterior density of the state vari-
ables, given the observation variables, and wherein the
particle filter is designed for a hidden Markov Model in
which a system on which the model is based consists of
hidden and observable variables.

25. The method of claim 24, wherein the mobile technol-
ogy platform uses a Bayesian filter to infer its position and
orientation at a site, and wherein the Bayesian filter outputs
both a putative location for a device, along with a probability
associated with that location which represents the degree of
uncertainty associated with the putative location.
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