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Abstract— In this paper, we describe an autonomous, wearable
electronic textile location awareness system that will determine a
user's location within a building given a map of that building. The
system uses a moderate number of ultrasonic range transceivers
as the sensing elements. Given a set of range readings from these
sensors, the system attempts to match those actual readingsto
expected readings associated with a set of candidate locations
for the wearer. These expected readings are calculated using a
simulation model of the propagation of ultrasonic signals within
a building. An additional algorithm is given for determinin g the
wearer's movement between rooms, allowing for the uncertainty
associated with sensor readings in complex, multi-room environ-
ments. A wearable prototype system is described and resultsfrom
this system in a variety of situations are presented.

I. I NTRODUCTION

Many wearable computing applications require some knowl-
edge of the location and orientation of the user [1][2]. This
allows appropriate navigation cues to be given to a wearer
with impaired sight or enables the use of location-speci�c
information in interacting with the user's environment.

The problem of location awareness arises in a variety of
forms and applications [3][4]. In most open, outdoor settings,
location and orientation can often be satisfactorily determined
using a combination of a Global Positioning System (GPS)
unit and a digital magnetic compass. In most large buildings,
however, the GPS signal is typically unavailable and the
readings from a digital compass are distorted. To address
this limitation, systems have been proposed that include an
infrastructure installed in the building to assist in �nding the
location of the user.

In this paper, we propose an autonomous wearable system
for location awareness within a building that does not rely
on an installed infrastructure. Autonomous location systems
are desirable because they do not require the extra cost of
installing the infrastructure and, unlike other systems, no ques-
tions arise of trusting the infrastructure to maintain location
privacy. The system uses an array of ultrasonic transceivers
to sense the structure of the user's current environment. The
system matches the current snapshot of the surroundings to a
transformed version of a blueprint of the building based on the
models of ultrasonic propagation. A wearable elecctronic tex-
tile (e-textile) prototype has been constructed and preliminary
results are given to demonstrate the ef�cacy of this system.

In Section II, related work on systems for location aware-
ness is given. Section III outlines the questions to be answered
in the design of an autonomous wearable system for location

awareness. The model used for ultrasonic propagation in our
system is described in Section IV. The algorithms employed
to match the current ultrasonic readings to a location in the
building are given in Section V. Finally, experimental results
are presented in Section VI and the concluding remarks are
given in Section VII.

II. BACKGROUND

This section describes e-textiles and the related work in
the area of indoor location awareness systems, with a focus
on issues such as the number/types of sensors required and
processing/storage requirements. Electronic textiles provide a
means to integrate low power electronics into a wearable form
factor that is acceptable to the user, with the components
and interconnections being an intrinsic part of the fabric [5].
Components are available throughout the fabric, allowing the
dynamic selection of sensors and processing elements on the
garment. Numerous e-textile wearable computing applications
have been developed, in the areas of medical monitoring [6],
entertainment [7], user interfaces [8], and context aware-
ness [9]. The autonomous wearable location awareness system
described in this paper has been designed based upon the
principles laid out by previous work in e-textiles [10] and
using our e-textiles design framework [5].

The second area of related work, location awareness sys-
tems, can be broadly classi�ed into two categories, systems
that require an installed infrastructure and those that are
autonomous. Most of the indoor location aware systems to date
have required an infrastructure, including Active Badge [11],
Active BAT [12], Cricket [13] and RADAR [14]. Active
Badge uses diffuse infrared (IR) technology with a transmitter
located on a user. The transmitter emits an IR beam that
is received by the sensors installed throughout the building
and sent to a central server that computes the user's location.
Active BAT is similar to the Active Badge system except that
it uses ultrasonic transmitters/receivers rather than IR.The
receivers, which are embedded in the environment, compute
the time of �ight to determine their distance from the user
and forward this information on to a central computer to �nd
the location of the wearer. The Cricket system reverses this
con�guration by installing the transmitters in the environment
and placing the receiver with the user. Each user's system
can independently determine their location given knowledge
of transmitter locations. The RADAR system takes advantage
of an existing wireless network infrastructure to compute



user location based on information such as signal strength
and signal-to-noise ratio. While most systems have required
infrastructure, there are some systems, such as [15][16], that
are autonomous. However, in contrast to our ultrasonic system,
these systems determine only which room the user is in, not
the location within the room itself, and require a training phase
to learn the rooms.

In the world of robotics, �nding the location as well as the
orientation of the robot is known as pose estimation. Most
autonomous location and pose estimation systems for robotics
have been designed for the purpose of either navigation or map
building. Elfes [17] uses a probabilistic pro�ling method to
generate the map of the environment described by occupancy
grids. The maps generated at two different positions are then
correlated to compute the location of the robot. This algorithm
has large computational and storage requirements, making
it problematic for wearable applications, and provides more
functionality than is required for simple navigation. Finally,
experimental results in [17] indicate that twenty-four or more
sensors are required for adequate functionality. Crowley [18]
described a navigation system for a known environment that
continuously updates a model of the environment. This model
is used for comparison with the latest ultrasonic sensor read-
ings to estimate the location. This system has the drawback
that it builds up the network of places in a special active
learning mode, with the learning phase preceding the navi-
gation phase. Also, it needs up to 120 sensor readings per
360 degree scan, which, for stationary body-mounted sensors
would be prohibitively expensive in cost and area; the robotin
the paper uses a rotary sensor, which would not be wearable.

Shaffer [19] gives an algorithm for feature-based pose
estimation in which thousands of scan points are collected
from the environment and features are extracted out of those
scan points. These features are then matched with the features
in the real environment and the pose giving the best correlation
is assumed to be the current location and orientation. Gonza-
lez [20] uses a technique called the iconic pose estimation,
where matching is carried out between the current range scan
points and a map consisting of line segments connecting the
range points from previous scans. Each point is tested as a
match with the line segments in the map. The pose is computed
by minimizing the error in distance between the map's line
segments and the current range scan points. Both use rotary
ultrasonic sensors to provide thousands of sample points.

III. D ESIGN CHALLENGES

Designing a wearable system for autonomous location
awareness requires exploring the following design variables:

� What types of sensors are required?
� How many sensors of each type are required?
� What is the optimum placement of sensors on the body?
� What algorithms provide the accuracy necessary for an-

alyzing the sensor data?
� How should information be reported to the wearer?
The answers to the �rst four questions are inter-related,

with the choice in one area affecting the choices made in

the other areas. For example, limiting the number of sensors
chosen will eliminate from consideration some of the pose
estimation algorithms that requires many sensor readings.
The �nal question, while important, is beyond the scope of
discussion for the preliminary system described in this paper.

The heart of the system lies in the range measurement
sensor. Possible options to measure the distance to an obstacle
include ultrasonic, laser, and infrared (IR). We evaluatedthese
sensors in terms of power consumption, cost, size, accuracy,
maximum range, and comfort level. Although the laser sensors
are highly directional and accurate, they are expensive and
consume relatively large amounts of energy. Infrared sensors
are inexpensive, small, light-weight, and power-ef�cient, but
can be highly susceptible to levels of background and �uores-
cent light. The accuracy of IR sensors is also dependent on IR
re�ectance, limiting the maximum range measured. Ultrasonic
sensors provide a nice compromise choice between IR and
lasers because, while they sacri�ce the high directionality of
lasers, they are accurate, not highly susceptible to background
noise, and relatively inexpensive. A typical ultrasonic sensor
can measure up to forty feet with an error of less than one
percent.

To address the pose estimation problem, information on the
user's orientation is required. Two candidate sensor typesare
digital magnetic compasses and gyroscopes. A digital mag-
netic compass is affected by magnetic �elds in the environment
such as those associated with large metal reinforcing structures
in buildings; errors of up to 80 degrees have been observed in
our laboratory. Further, a digital compass also needs stabilizing
time before a reliable reading can be obtained, limiting itsutil-
ity for some applications and algorithms. A gyroscope, on the
other hand, is capable of more reliable directional information
but is very sensitive to power supply �uctuations, requires
maintenance for calibration, and its accuracy is dependent
on the motion of the user while walking [21]. Because of
these complexities, no sensor for directly determining user
orientation was selected. Instead, this information will be
computed indirectly based on ultrasonic sensor readings ina
fashion similar to that used in the pose estimation algorithms
reviewed in the Section II.

The next design issue to be addressed is the choice of the
appropriate number of sensors to achieve acceptable accuracy
(average error of two feet) at a reasonable cost and wearability.
The system accuracy is typically a function of the number of
sensors used and the sampling rate. There is also a relationship
between the sampling rate and the number of sensors because
we must avoid interference between the transceivers, i.e.,the
ultrasonic signal from one sensor should not be confused with
that of another sensor. Some increase in sampling rate could
be achieved by using transceivers that operate at different
frequencies, but this is not an option available in inexpensive,
commercially available systems. In Section VI, we experimen-
tally explore the choice of the number of sensors.

The placement of the sensors on the body will be determined
by the speci�c application. If the application needs to locate
nearby obstacles, then the sensors will have to be placed over



the entire body. For the purpose of location awareness, obsta-
cles are typically more distant, allowing the cone associated
with the ultrasonic signal to spread, making the upper half
of the body more desirable. For all of the algorithms we
examined, a 360-degree scan of the environment is required,
forcing a similar requirement for sensor placement. Our simple
belt prototype places all sensors in a single plane, but further
exploration of this design space is desirable and must also take
into account the wide range of motion that is associated with
sensor placement, e.g., on the arms and legs.

The design of the application software is crucial to the
success of the system. The application has to excite the
sensors, poll the data from the sensor, preprocess that dataand
integrate it in a fashion that it can be meaningfully acted upon
to compute the location of the user. The location awareness
algorithm has to be chosen from a class of algorithms that are
compatible with the number and type of sensors chosen, taking
into account the accuracy, reliability, range, and sampling rate
of those sensors. A detailed description of the properties of
ultrasonic transceivers and a model for the propagation of
ultrasonic signals in buildings is described in the following
section, which is used as the basis for the location awareness
algorithm that is described in Section V.

IV. U LTRASONIC SIGNAL CHARACTERIZATION AND

SIMULATION MODEL

The range measurement in our system is achieved by com-
puting the time,t, that it takes for an ultrasonic signal to travel
from a transceiver to an obstacle and return to the transceiver.
The �rst echo whose amplitude exceeds a threshold is taken to
be a valid echo for time measurements, and any further echo
received is ignored. The range measurement is thus calculated
asd = c� t=2, wherec = speed of sound in air. This process is
repeated, sequentially, for every sensor in the system to form
a 360 degree representation of the surroundings.

Unfortunately, the propagation and interpretation of ultra-
sonic signals is not simple. The wave transmitted from an
off-the-shelf ultrasonic transmitter is not a very narrow beam.
The impulse interacts with the elements of the environment
in a complex way such that the echo received by the receiver
is not necessarily due to re�ection from an obstacle in the
transmitter's line-of-sight. The echo can be received after
multiple re�ections, re�ection from any obstacle in the beam,
or after diffraction from the obstacle. We require a simple,yet
explanatory model depicting the physical characteristicsand
behavior of the ultrasonic wave propagation. This model will
be used in the construction of the algorithm in the next section
of the paper.

The ultrasonic model that we use in our system is a
model described by Kuc and Seigel [22]. This model uses
the principles of linear systems theory, acoustics, and digital
signal processing to derive an impulse-response model for
acoustic waves. The model separates the transmitter and
receiver and breaks them into small elements for analysis
based on Huygen's Principle. It is assumed that the re�ecting
surface is in the far �eld of the sensor such that the spherical

wave front originating from the transmitter can be taken as
a planar wave front by the time it hits the obstacle. Another
simplifying assumption made in this model is that re�ections
are lossless. The last assumption made is that intersectingwalls
are perpendicular to one another. Kuc derives the impulse-
response of the transmitter-receiver pair as

hT=R =
Z 2z+ a sin �=c

2z� a sin �=c
hR (�; z; a; � ):hR (t � �; z; a; � ) d� (1)

hR (t; z; a; � ) =
2ccos�
� a sin �

�
1 �

c2(t � 2z=c)2

a2 sin2 �

� 1=2

(2)

when 2z� a sin �
c � t � 2z+ a sin �

c and0 < j � j< � =2,

hR (t; z; a; � ) = � (t � 2z=c); (3)

when� = 0 , and

hR (t; z; a; � ) = 0 ; (4)

for other values oft; � , wherea is the sensor radius,� is the
angle of inclination of the sensor to the re�ecting element,and
z is the distance to the obstacle.

An important point is that the walls and corners cause
acoustic waves to re�ect whereas an edge will diffract waves,
with the edge as the point source for the diffracted waves.
The diffraction will attenuate the signal by a factor of�

2�
p

z=�
� � 1

, where� is the wavelength of the ultrasonic
waves. The waveform detected at the receiver after re�ec-
tion/diffraction from walls, corners or edges can be represented
as

r (t) =
Z + 1

�1
p(� ) � hT=R (t � � ) d�; (5)

where p(� ) is the pulse waveform. The �rst echo received
at the receiver with its signal strength greater than a certain
threshold will give the range reading.

There are much more sophisticated ultrasonic models avail-
able such as the model described by Dudek [23]. Rather than
accounting for only a single re�ection, they use a method
similar to ray tracing to model multiple specular re�ections.
This algorithm works by generating a fan of rays from the
transmitter, and if the intersection of these rays with the
closest obstacle is not within the ray spacing of a corner
or is not perpendicular to the wall, then the re�ected ray is
generated and stored in a queue. The next closest obstacle
is then checked, and the process is repeated until the ray
reaches the receiver. The signal strength of the ray is attenuated
at each step. This process requires high computational effort
that, given the imprecise knowledge of our environment, is not
warranted in our application. This imprecise knowledge arises
because, while we have a map of the building, we do not
know the location and re�ective nature of every object within
the rooms of that building. These objects include stationary
furniture such as desks, movable furniture such as chairs,
books on bookshelves, doors that may be open or closed, and
people moving throughout the building.



V. DESCRIPTION OF THEALGORITHM

We now describe a new algorithm for computing a user's
location and orientation given readings from a set of ultrasonic
sensors and a map of a building. The ultrasonic range measure-
ments come from an array of ultrasonic transceivers placed on
a single plane of the user's body and positioned to produce a
360-degree scan of the surroundings. The algorithm attempts
to match these readings to simulated measurements computed
from an implementation of the model in the preceding section.
The matches are attempted against a set of postulated locations
and orientations for the user and the best match is selected as
the user's current location and orientation.

The location awareness algorithm can be subdivided into
two parts, knowledge of location and orientation of the user
within a room, also known as pose estimation, and knowledge
of the room in which the user is currently located.

A. Pose Estimation

This algorithm takes as initial input an architectural map (in
a text format) and an initial estimate of the user's locationand
orientation. For example, a user should note which entrance
was being used when �rst entering the building.

Once the algorithm begins execution, the system takes range
readings from all of the sensors, making two passes and
averaging them to mitigate the effect of noisy data. Because
the echo received at the receiver can be due to specular
re�ections and may not represent the actual distance to an
obstacle, we try to eliminate these spurious points. We use
the knowledge that, when due to specular re�ections, the
distance returned by the sensor will substantially greaterthan
the actual distance, to eliminate outliers in the set of readings.
Speci�cally, the data samples in the set outside of the range
of the mean plus twice the standard deviation will be ignored.
This ensures that only the scan points that are very distant
from the rest of the points are ignored.

The postulated user movement between sensors readings
(approximately one second per scan in our implementation)
is bounded by how far we expect a person to move during
one second of normal movement. Results from the Motion
Capture Library of CMU [24] indicate that a normal person
walks at approximately 1.65 feet/second. We expand this to
compensate for potential errors in our position and orientation
computation. We have bounded the postulated user motion to
within a circle of radius �ve feet. Further, the results from[24]
indicate that a person rotates a maximum of 30 degrees/second
when veering left or right during walking. We constrain the
postulated user motion to 20 degrees between samples.

Given these bounds, we generate a discrete set of points
and orientations that represent candidates for the user's
position and orientation within those bounds. Prior to
matching a candidate point against the real data, the point
is �rst tested for inclusion to make sure that point is indeed
within the room being checked. Then, for each candidate
location/orientation, the set of ranges that would be expected
to be read from the sensors is computed using the simulation
model. This expected set of readings is matched against the

actual data with the best match being chosen. Speci�cally, the
matching process selects the candidate location/orientation
that minimizes the weighted sum of the differences of the
real points and simulated points. In the weighting system,
the re�ections from walls are given more weight than the
re�ections from corners or edges, based on the observation
that single re�ections from the walls received at the sensor
will not be specular, and thus should be given more weight
than others. The objective function to be minimized is the
function

P
w1(real � simulated )w +

P
w2(real � simulated )c

w1n + w2m
;

(6)
wheren is the number of wall readings andm is the number
of corner/edge readings. As will be shown experimentally in
Section VI, the best results are achieved when the wall weight-
ing, w1, is twice or more than the corner/edge weighting,w2.
Further, if the number of potential matching points falls below
a threshold value, then the candidate location is discarded.

The simulation always returns range readings for fewer
sensors than used in the system as some sensors are not
oriented to the re�ecting elements within the beam width of
ultrasonic waves. For an erroneous orientation, the simulated
range readings may even be less. If for some of the sensors
for which the simulation returned a range reading, the real
data is ignored because of the outlier elimination process,the
corresponding matching points may fall below the threshold,
causing the candidate location to be discarded.

B. Room Occupancy

This section describes an algorithm that uses the location
within a room to determine which room a user moves to when
leaving a room. In addition to testing a set of hypothetical
positions within a room, the algorithm also tests adjacent
rooms as candidates for the user's location when the user
moves near an exit from the current room. A �owchart for
the overall location awareness algorithm is given in Figure1.

We now give the speci�cs of the room occupancy algorithm.
If the current position is within four feet of the exit of the
current room, we try to match the set of sensor readings
collected at this position with the current and adjoining rooms.
We call these adjoining rooms candidate rooms and maintain a
queue to hold the candidate rooms along with the likelihood of
the user being in that room (likelihood is based on the quality
of the match). When a match is computed with each of the
candidate rooms, the bounds on the postulated movement and
the rotation of the user are increased by a factor of two.

We use the following algorithm to compute these likelihood
values. We denote the current room asCR and the next
candidate room asNR. If matchCR < match NR , then the
likelihood of being in the new room is updated as

P(NR) =
�

P(NR) +
matchCR

matchNR + matchCR

�
=2; (7)



Fig. 1. Flowchart: Location Aware Algorithm

otherwise

pNew =
matchCR

matchCR + matchNR
(8)

P(NR) = P(NR) + pNew � (pNew � P(NR)) : (9)

If the likelihood of the user being in the candidate room
exceeds a threshold (we use 80%), then the candidate room
is assumed to be the new current room. Likewise, if the
likelihood of the candidate room falls below a threshold (we
use 10%), then the room is purged from the candidate queue.

VI. RESULTS

A. The Prototype System

For our experimentation and prototyping purposes, we used
Polaroid 6500 Series Sonar Ranging Modules [25]. This kit
drives a 49.4 kHz ultrasonic transducer that can sense obstacles
from 6 inches to 35 feet and has a beam width with �rst
side lobes of 15 degrees. The current prototype is in the form

Fig. 2. Prototype

-6 -4 -2 0 2 4 6 8 10 12
-4

-2

0

2

4

6

8

10

¬ 1

¬ 2¬ 5¬ 6

¬ 9

¬ 10
¬ 12 ¬ 13

¬ 1

¬ 2

¬ 3

¬ 4

¬ 5¬ 6

¬ 7

¬ 8

¬ 9

¬ 10
¬ 11

¬ 12 ¬ 13 ¬ 14

¬ 15

Wall Reflections: Simulation
Corner Reflections: Simulation
Real readings

Feet 

Feet 

User Position

Fig. 3. Match between simulated and real data

of a wearable belt with an array of 15 Polaroid ultrasonic
range sensors placed approximately 24 degrees apart as shown
in Figure 2. The kit is designed to operate only a single
range sensor. We have designed a custom interface board that
controls up to 16 sensors. This board contains a Microchip
PIC 18F242 [26] processor that multiplexes the �ring signal
from the kit to the sensors on the belt via solid-state relaysand
a multiplexer. The PIC �res each sensor in a circular fashion
with the time delay between two �rings corresponding to the
twice the maximum range measured by the sensors. The PIC
is responsible for measuring the time of �ight for each sensor,
computing the distance to the obstacle, and transferring this
data over UART to a hand held device running Pocket PC OS.

With this prototype, we give results demonstrating the
location awareness algorithm within a single room, justify
the type and the number of sensors used, illustrate the effect
of weights on the matching process, demonstrate the perfor-
mance of the room occupancy algorithm and discuss failure
cases. The tests for autonomous location awareness were run
using our prototype and in a moderately to highly cluttered
laboratory environment. While the hand held captures data,
the algorithm runs on an Intel PIII 1.1GHz machine with
1GB SDRAM running Linux v2.4.18 operating system. The
matching algorithm is implemented in MATLAB while the
simulation model and the inclusion test are implemented in C.
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A single matching process for one room takes approximately
forty seconds to run. We believe that the performance will be
much faster if implemented fully in C/C++.

B. Single Room Performance

The performance of the location awareness algorithm in a
single room was tested by taking range scan samples from
15 sensors at a randomly chosen location then attempting to
match against all postulated locations and orientations. The
match of real to simulated data is shown in Figure 3. This
match corresponds to the correct location and orientation of
the user. To give further insight, we plot the error as a function
of postulated user position within the room (given the correct
orientation) in Figure 4. The surface plot clearly shows a
valley indicating that the error of the match increases as the
postulated location moves farther from the actual locationand
that there is only one minima for this matching function.

C. Sensor Selection and Quanti�cation

This subsection will justify the choice of �fteen sensors
for the prototype and why the need for a magnetic compass
was alleviated. To determine the number of sensors that can
reliably deliver reasonable accuracy, we collected data over a
circular walk in a room of size 19' x 22'. The prototype belt
was moved one foot and rotated approximately 10 degrees be-
tween samples. The places at which the samples were collected
are called checkpoints and the accuracy of the algorithm will
be measured at each checkpoint. We incrementally increased
the number of sensors until we achieved the desired accuracy.
The result of location estimation for this circular walk is shown
in Figures 5 and 6 for location and orientation, respectively.

We see from these charts that the results with eight sensors
were good only until the user walked almost parallel to a wall.
As soon as the user rotated to take a turn, the error increased
steeply and could never recover. Twelve sensors were good in
estimating the location as well as the orientation of the user
until the user took a sharp turn (almost 30 degrees), which
resulted in the orientation estimations becoming inaccurate.
The results with �fteen sensors performed reasonably in all
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conditions. We see that the error in the location estimation
results for the �fteen sensors also increased at the point where
the user took the same sharp turn but because the orientation
results maintained accuracy, the error in location estimate
recovered in a couple of samples. Given that the magnitude
of the orientation error was bounded within 25 degrees in the
15 sensor case, we determined there was no need to augment
the system with a compass or gyroscope.

D. Weight Selection

This subsection investigates the effect on accuracy of the
weights assigned to the re�ections off the walls and off the
corners. To conduct this test, the range readings from the
circular walk are taken and the weight con�guration is changed
at checkpoints to see how it affects the accuracy. The weight
of the corner re�ections is maintained at unity and the weight
of the wall re�ection is increased gradually. The effect of
changing the weights at checkpoints 2 and 9 is shown in
Figure 7. These checkpoints are chosen as the effect of the
weighting system is signi�cant at these points for both position
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and orientation.
From the �gure we can clearly see that for these check-

points, when the wall re�ections weight is equal to the corner
re�ection weight, the error is almost six times compared to
when the wall re�ection weight is twice or more of the corner
re�ection weight. The weighting system will be bene�cial
when a sensor that was supposed to detect a wall is blocked
by an obstacle. At these times, the weights will ensure that the
matching does not result in an erroneous orientation estimate
resulting in false location estimate too. Thus, this suggests that
the wall re�ection weight should be twice or more that of the
corner/edge weight.

E. Room Occupancy

The room occupancy test measured the accuracy of the
system in predicting the room occupied by the user as he/she
walked through various rooms. For our testing purposes, we
used the rooms shown in Figure 8. The user started walking
from Room 1, went to Room 4 through Room 2, then to Room
5 through Room 2 and �nally came back to Room 2.

The result of this walk on the accuracy of location is shown
in Figure 9. The table on the top of the �gure displays the real
room and the computed room for each checkpoint. From the
�gure, we see that the error in location estimation increases
signi�cantly near the checkpoints numbered 4 (between Room
1 and Room 2), 11 (between Room 2 and Room 4), 25
(between Room 4 and Room 2), 34 (between Room 2 and
Room 5) and 42 (between Room 5 and Room 2). This is
due to the user transitioning between the rooms. In proximity
to these checkpoints, the room predictions are not accurate
and the candidate as well as the current room matches the
real range scan points equally well. It is only when the user
is fully transitioned into the next room that the error drops.
Also, we see that when the user is not moving between rooms
and remains in Room 4 (between the checkpoints 15 and 24)
the error remains low. From our tests we have seen that the
user is able to transition in the reverse path with similar error

Fig. 8. Architectural map of test subject rooms

characteristics. Thus, our room occupancy algorithm was able
to successfully locate the user in the proper room.

F. Failure

The room occupancy test, however, did fail in the extremely
cluttered environment of Room 3. Besides the normal desks
and racks, which are present in all the rooms, two 12' X 3.5'
X 6.5'lab benches occupy a signi�cant portion of the free
space in Room 3. As a result, most of the sensors reported
the distance to the shelves instead of the distance to the
walls/corners. Due to these huge obstacles, the quality of the
match was always bad for this room. Moreover, the distance
between the �rst shelf and the door wall is approximately �ve
feet, which is same as the width of Room 2. Thus, the room
occupancy algorithm never calculates a user transition into
Room 3.

During the room occupancy tests, we discovered an interest-
ing problem because of which the sensors returned false range
readings even when they faced perpendicular to a wall. The
�uorescent lighting �xtures installed in one of the rooms uses
electronic ballasts, operating at a frequency of 20kHz and up
to minimize the humming sound and to consume less power.
A sample of the frequency spectrum of this environment
indicated a strong component of 47.1kHz when the lights are
turned ON which disappears once the lights are switched OFF.
These electromagnetic waves of the same frequency range as
those of ultrasonic waves are being picked up by our sensors,
resulting in a false reading. Thus the ultrasonic sensor had
a drawback that we did not consider when choosing sensor
types.

VII. C ONCLUSIONS

The design of an autonomous location awareness system in
an indoor environment was described, including the choice of
sensors, number of sensors, and the algorithm used for cal-
culating location and user orientation. The two-part algorithm
computes the location and orientation within a room as well as
determines the user's movement between rooms. The choice
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of parameters within the system was experimentally justi�ed
and the performance of the algorithm was demonstrated in a
series of simple experiments.

In its current form, the system has a number of limitations.
First, the current simulation model allows for only straight
walls that are perpendicular at their intersections. The current
system does not postulate user movement between �oors of
a building using stairs or an elevator. We believe that both
of these limitations can be addressed within the con�nes of
the current algorithmic structure. Perhaps a more profound
limitation is the system's inability to recover from an inability
to make a match. Such errors arise if a room contains a large
number of objects that are not included in the map. In such a
case, the observed ranges from the ultrasonic sensors cannot
be matched to any location on the map because the map does
not have complete information. We believe, however, that this
limitation can be addressed by an algorithm operating at a
higher level with some built-in understanding of how a person
moves through a building.

Our future work includes integrating the software onto the
prototype belt. It is also desirable to design a version thatdoes
not require a blueprint ahead of time, but instead builds the
map as the user moves about without any a priori knowledge
of the building.
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