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Abstract. The holy grail in indoor location technology is to achieve the
milestone of combining minimal cost with accuracy, for general consumer
applications. A low-cost system should be inexpensive both to install
and maintain, requiring only available consumer hardware to operate
and its accuracy should be room-level or better. To achieve this, cur-
rent systems require either extensive calibration or expensive hardware.
Moreover, very few systems built so far have addressed localization in
multi-story buildings. We explain a heuristics based indoor localization,
tracking and navigation system for multi-story buildings called Locus
that determines floor and location by using the locations of infrastruc-
ture points, and without the need for radio maps or calibration. It is
an inexpensive solution with minimum setup and maintenance expenses.
Initial experimental results in an indoor space spanning 175,000 square
feet, show that it can determine the floor with 99.97% accuracy and the
location with an average location error of 7m.

Keywords: Indoor location, Localization, Tracking, Navigation,
Context- and location-aware applications and services.

1 Introduction and Related Work

Location is increasingly important for mobile computing, providing the basis for
services such as navigation and location-aware advertising.Themost popular tech-
nology for localization is GPS, which provides worldwide coverage and accuracy
of a few meters depending upon satellite geometry and receiver hardware. Its ma-
jor shortcoming is that it is reliable only in outdoor and environments with direct
visibility to at least four GPS satellites. For indoor environments, alternative tech-
nologies are required. The holy grail in indoor location technology is to achieve the
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milestone of combining minimal cost with accuracy, for general consumer appli-
cations. A low-cost system should be inexpensive both to install and maintain,
requiring only available consumer hardware to operate and its accuracy should
be room-level or better. To achieve this level of accuracy, current systems require
either extensive calibration or expensive hardware. Most of them are based pri-
marily on either time or signal strength information. A third alternative, angle-of-
arrival information is useful in outdoor environments but is not generally helpful
indoors due to obstructions and reflections. Time-based systems require hardware
support for timestamping that is not available in consumer products.

The use of wireless received signal strength indicators or RSSI values for local-
ization of mobile devices is a popular technique due to the widespread availability
of wireless signals and the relatively low cost of implementation.(We use RSSI
and signal strength interchangeably in the paper). Its simplest version involves
the mobile device measuring the signal strengths of existing infrastructure points
such as Wi-Fi access points (APs) or mobile phone base stations and reporting
the origin of the strongest signal it can hear as its location. This technique may
be applied both to short range communications technologies such as RFID or
Bluetooth as well as longer range technologies such as Wi-Fi or mobile phones
but its performance is directly linked to the density of reference points. The pre-
cision of signal strength approaches is improved to meter-level by fingerprinting
techniques, such as those in RADAR [1] or Horus [10], that use pre-measured
fingerprinting radio maps. There are commercial solutions available as well such
as Ekahau [3] that achieves a high precision of 1 to 3 m but requires proprietary
hardware. However, a major drawback of fingerprinting is the cost of record-
ing the radio map; a large amount of human effort is required to record the
signal strength at each desired location using a receiver. Also, if the infrastruc-
ture or environment changes significantly, for instance the locations of APs are
changed, furniture is moved around, the number of people occupying the closed
space increases dramatically, or the test site is changed; the radio map must be
remeasured to maintain performance [2].

Systems that don’t use fingerprinting techniques often suffer from very low
precision. These include Active Campus [4], that uses an empirical propagation
model and hillclimbing algorithm to compute location with a location error of
about 10 meters, and a ratio based algorithm proposed by Li [5], which produces
median errors of roughly 20 feet (6.1 m) by predictively computing a map of
signal strength ratios. Lim et al [6] proposed an automated system for collection
of RSSI values between APs and between a client and an AP to determine the
client’s location with an error of 3m. They do not create a radio map but require
initial AP calibration and its modification for continuous data collection.

However, more important than the raw error in distance is the computation of
the correct floor in indoor multi-story environments. Even a most modest error
in altitude can result in an incorrect floor leading to a high location error as
determined by human walking distance. Identifying the exact floor is also more
difficult because there are multiple APs on each floor and a device can receive
signals from APs across floors. To address this, we explain a heuristics based
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indoor localization, tracking and navigation system for multi-story buildings -
Locus (Section 3), that determines a device’s floor and location by using the lo-
cations of infrastructure points but without the need of radio maps. As explained
in Section 5, it can enable indoor location based services and applications such
as a smartphone application that automatically downloads a map of a building
when a user enters it, tracks his approximate current position on a floor map,
and provides indoor navigation directions for destinations such as restrooms, of-
fices, or conference rooms. It is also essential for situations like search and rescue
operations where knowledge of the exact floor and location of a device/person
on that floor is crucial for timely assistance.

Our system is calibration-free and is an inexpensive solution suitable for local-
ization with minimum setup, deployment or maintenance expenses. By avoiding
the dependence on radio maps, it is readily deployable and robust to environ-
mental change. It relies on existing infrastructure and mobile device capabilities,
and requires no proprietary hardware to be installed. Initial experimental results
(Section 4) with commercial tablet devices in an indoor space spanning 175,000
square feet across multiple floors, show that our system can determine the floor
with 99.97% accuracy and the location with an average location error of 7m, and
with very low computational requirements. Though our system has a higher lo-
cation error as compared to fingerprinting techniques, we believe it still serves as
a competitive alternative particularly in scenarios where extensive fingerprinting
is not feasible or affordable or it is preferable to trade a little precision for saved
human effort. To the best of our knowledge, our system is the first calibration-
free system for floor as well as location determination in multi-story buildings.
Active Campus [4] has options for user adjustments to correct the computed
floor while in [5], the testbed is assumed to be on a single floor. Skyloc [8] uses
GSM based fingerprinting for floor determination only and determines it cor-
rectly in 73 % of the cases while FTrack [9] uses an accelerometer to capture
user motion data to determine floor but requires user input for initial floor.

2 Data and Experimental Setup

2.1 Signal Strength Data Gathering

The testbed for Locus is a four story academic office environment at the Univer-
sity of Maryland - the A.V. Williams Building. Figure 1 shows the floor maps
with the location of the APs and test points where the RSSI values were recorded.
The APs deployed in the building and used for Locus are of the Cisco AIR-
LAP1142N-A-K9 model that can run multiple virtual APs. They are mounted
on the ceiling and have an omnidirectional radiation pattern in the azimuth
plane. Most of the APs are located in corridors rather than within offices, but
are not at the same location on every floor. The indoor dimensions as of the four
floors are shown in Table 1, covering a total of 175,000 square feet of deployment
area. The number of APs for each floor are also shown.

The RSSI samples were taken in the corridors of each floor and a few accessible
rooms. Two sets of samples were taken, the first set contained 500 samples
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(a) Floor Map of the first floor (b) Floor Map of the second floor

(c) Floor Map of the third floor (d) Floor Map of the fourth floor

Fig. 1. Floor Maps

Table 1. Building Parameters

Floor Dimensions (ft.) Area (ft.2) Number of APs

1 354 x 62, 2 x 182 x 80 51068 15
2 354 x 62, 2 x 182 x 80 51068 19
3 354 x 62, 2 x 182 x 80 51068 20
4 354 x 62 21948 10

from 120 test points and the second set contained 300 samples from 90 test
points. Each sample contained the network name (SSID), MAC address, signal
strength and frequency for each AP heard and was recorded with the (x, y, floor)
coordinates for the test point.

2.2 Access Points Data

We have obtained a database of the 64 APs deployed in the A.V. Williams
building, that includes their MAC addresses, AP IDs (the room number of the
nearest room), and the floors and wings where they are installed. We have also
added the (x,y) coordinates for each AP to the database.
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3 Locus Floor and Location Determination System

3.1 Client Side Processing

The client application is an Android mobile application running on a tablet. The
application scans the environment for Wi-Fi access points using the standard
Android scan functionality. This data is then sent by the client to the Locus
Location Server in XML format. On the server, we then lookup the database for
every AP’s (x,y) coordinates and floor.

In our experimental environment, each AP runs several virtual APs. The
last hexadecimal digit for the base MAC address (for one physical AP) is 0,
for instance 00:25:84:86:96:20 while for each virtual AP, it is varied as [1,9],
for example 00:25:84:86:96:22, 00:25:84:86:96:24, etc. Some MAC addresses of
virtual APs were seen to repeat for 802.11a and 802.11b/g/n networks.

3.2 Locus Floor and Location Determination Algorithm

The Locus system determines the location in two phases: the floor determination
phase and the location determination phase for that floor.

Floor Determination. Locus uses four properties, of every sample of signal
strength data that it receives from the client, to determine the floor. The values
of the properties are basically floor number(s). The properties are :

1. maxNumFloors : Floors with maximum count of signals 1

2. maxSSFloor : Floor with maximum signal strength
3. maxAvgFloor : Floor with maximum average signal strength
4. maxVarFloor : Floor with maximum signal strength variance

These properties were selected based on the fact that AP signals are attenuated
when passing through ceilings and floors. As a result, a client is more likely to
hear signals from its current floor than other floors, and those signals are likely
to be stronger. Because of the same fact, both the average signal strength and
variance of signal strengths of APs from the same floor will be higher on average.
Signal strengths from a different floor will be weaker and hence their average
signal strength will be less. In addition, since a large number of APs from a
different floor are not heard, the signal strength variance is lower as well. There
are exceptions to these heuristic, particularly for the floors below and above the
true floor, but the combined use of the four properties yields the correct floor
with very high probability (> 99.9%), as we observed empirically.

A dataset of 500 samples was collected and pruned to remove all detected
signals weaker than a threshold value of -90dBm.2 This data was then used as a

1 We saw several cases where two floors had the same count of signals and have handled
this in our implementation.

2 We selected a threshold value of -90 dBm because we observed the sensitivity of the
android devices to be in the range of -20dBm to -95 dBm but all the signals less
than -90dBm were very weak and inconsistent.
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Table 2. Accuracy for individual properties and combination of properties

Combination/Property Precision Recall F-Score/Accuracy

maxNumFloors = maxSSFloor= maxAvgFloor = maxVarFloor 1.0 0.67 0.802

maxNumFloors = maxSSFloor= maxAvgFloor 0.97 0.79 0.87
maxNumFloors= maxAvgFloor = maxVarFloor 1.0 0.725 0.84
maxNumFloors = maxSSFloor= maxVarFloor 0.975 0.727 0.833
maxSSFloor= maxAvgFloor = maxVarFloor 1.0 0.672 0.80

maxNumFloors = maxSSFloor, maxVarFloor = maxAvgFloor 1.0 0.7 0.824
maxNumFloors = maxAvgFloor, maxVarFloor = maxSSFloor 0.997 0.690 0.816
maxNumFloors = maxVarFloor, maxSSFloor = maxAvgFloor 0.997 0.678 0.807

maxNumFloors = maxSSFloor 0.97 0.866 0.915
maxAvgFloor = maxVarFloor 0.92 0.889 0.905
maxSSFloor = maxAvgFloor 0.948 0.812 0.874

maxNumFloors = maxAvgFloor 1.0 0.76 0.86
maxNumFloors = maxVarFloor 0.925 0.81 0.86
maxSSFloor= maxVarFloor 0.945 0.737 0.828

maxNumFloors - - 0.907
maxAvgFloor - - 0.848
maxSSFloor - - 0.857
maxVarFloor - - 0.816

training input to a classification algorithm which produced a label floor, based
on heuristics derived from the four properties and their combinations, along with
an accuracy measure for each heuristic. The combinations included taking two,
three and all four properties together. The heuristics were:

1. If all four properties are equal, then the floor which matches all the four
properties is the label floor.

2. If three properties are equal, then the floor which matches the three equal
properties is the label floor.

3. If two properties are equal and the other two are not equal, then the floor
which matches the two equal properties is the label floor.

4. If pairs of properties are equal, then the pair with the higher F-Score (ex-
plained next) is the label floor.

The accuracy measure for a heuristic is its F-Score which is the harmonic mean
of precision and recall. Precision and recall are defined here as:

Precision p =

Number of test cases for a heuristic
where the label floor matched with the ground truth floor

Number of test cases that were valid for
a heuristic

Recall r =
Number of test cases that were valid for

a heuristic
Total number of test cases in the test dataset

F-Score f =
2 ∗ p ∗ r
p+ r
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Algorithm 1. Locus Floor and Location Determination Algorithm

Data: network name, mac address, and RSSI value for each AP heard
Result: client’s estimated location
remove all APs with signal strength less than threshold;
while not at end of data do

map mac to floor, x,y;
end
foreach floor do

compute num of signals, average SS, max SS, variance of SS
end
Check the combinations and individual properties in the order they are
mentioned in Table 2 to determine label floor;
compute weights for every AP on label floor based on signal strength;
location ←− weighted average of locations of n APs heard from labelFloor;

The accuracy measure for every individual property is

Accuracy a =

Number of test cases where ground truth floor
was equal to the individual property

Total number of test cases in the test dataset

Based on these accuracy measures (shown in Table 2), we established an or-
der for these heuristics in Locus Floor and Location Determination Algorithm
(Algorithm 1) to determine the label floor. Since the first heuristic involving a
combination of all four properties being equal encompasses all other combina-
tions, it is tested first. Similarly, the heuristics of three properties being equal
are tested next as they include the combinations of two of the properties being
equal within them, and so on.

Location Determination. Once the algorithm determines the label floor of the
client, it uses a simplified radio propagation model and determines the client’s
approximate location by normalizing the signal strength of each AP and taking a
weighted average of the location of the n strongest APs on the label floor, where
n is varied from 1 to the maximum number of APs heard from the label floor.3

The signal strength for each AP is essentially the average of the signal strength
of all the virtual APs running from it. The weights are calculated by converting
this averaged signal strength to power (mW) and normalizing it. This nullifies
the effect of location of APs that are far away and have weaker signal strengths,
as they will have a much lower weight as compared to APs that are closer and
have stronger signal strengths. Thus,

Power Pi = 10
signal strength of APi in dBm

10

Weight wi =
Pi∑n
i=1 Pi

3 When n =1, the location of the strongest AP is picked as the client’s location.
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Table 3. Average Location Error for n ∈ [1,7] (n = Number of strongest APs)

n Average Location Error
(in feet) (in m)

1 30.86 9.4
2 24.15 7.36
3 23.66 7.21
4 23.66 7.21
5 23.83 7.26
6 23.92 7.29
7 23.90 7.28

4 Evaluation

4.1 Test Dataset

A test dataset containing 300 samples readings generated by Locus was collected
using the methodology explained in Section 2.1.

4.2 Results

We evaluated our approach with respect to six performance measures: Floor
Accuracy, Location Error, Complexity, Scalability, Robustness and Cost.

1. Floor Accuracy: Since our test site is a multi-story building, we have consid-
ered floor accuracy to be a measure of the percentage of correct floor esti-
mations by Locus. We believe that it is an important performance measure
especially for practical environments such as multi-story buildings, offices,
hotels, or malls that have multiple APs on each floor. The floor accuracy of
our system is 99.97 %.

2. Location Error: Once the floor is determined, we determine the client’s lo-
cation by calculating a weighted average of the locations of the n strongest
APs being heard on that floor. Table 3 shows the average location error for
n ∈ [1, 7]. 4 As seen in the table, the average location error settles around
24 feet (7.3 m) with n ≥ 3. This implies that localization can be done by
Locus by using a minimum of 3 APs. The best average and median location
errors are 23.71 feet (7.2 m) and 20.43 feet (6.2 m) for n=3. Figure 2(a)
shows the CDF plots of location errors for n ∈ [1, 7] and Figures 2(b) and
2(c) show the PDF and histogram of the location errors for n= 3. 25 % of
the errors lie within 12 feet, 50 % within 20 feet and 75% within 30 feet.
Figure 2(d) shows a visualization of the locations of APs and the calculation
of the client’s location by Locus.

3. Complexity: Complexity can be measured in terms of software or hardware.
Since our approach requires no proprietary hardware and is based solely on

4 For n ≥ 7, the average location error did not change significantly.



220 P. Bhargava et al.

0 20 40 60 80 100 120
0

0.2

0.4

0.6

0.8

1

1.2

1.4

Location Error (in feet)

P
ro

ba
bi

lit
y

 

 

n=1
n=2
n=3
n=4
n=5
n=6
n=7

(a) Cumulative Distribution Function

0 20 40 60 80 100 120
0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

0.045

0.05

Location Error (in feet)

P
ro

ba
bi

lit
y

(b) Probability Density Function for n=3
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Fig. 2. Location Error

existing infrastructure, the hardware complexity is minimal. Also, the Locus
system runs on a central server that has ample processing capability and
power supply. The client side application is very lightweight and is restricted
only to scanning and detecting the APs being heard, and then sending this
information to the server.

4. Scalability: Scalability of a location system can be assessed in terms of Ge-
ographic scalability which means that the system will work even when area
or volume covered is increased and Density scalability which means that as
the number of units located per unit geographic area/space per time period,
wireless signal channels may become congested, and hence more calculations
or communication infrastructure may be required to perform localization.
Another measure of scalability is the dimensional space of the system. Lo-
cus can be used in multi-story and 3D spaces as shown by the experimental
studies. Since the density of APs is part of the infrastructure, we have tested
Locus on different floors of the same building where the density varies. Also,
the localization process in Locus is independent of the number of floors in
the building and hence, it can be used for any multi-story building.
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5. Robustness: Since Locus avoids any dependency on radio maps, it is robust
to changes in the environment such as the time of the day, number of people
in the closed space etc. Even if the positions of APs are changed, only the AP
database will have to be updated. The deployed system and its underlying
algorithm will remain unchanged unlike fingerprinting, where the radio map
has to be calculated afresh.

6. Cost: One of the biggest advantages of Locus is that it has zero cost for
deployment and maintenance as it relies solely on the existing infrastructure.
The time cost of setting up is also minimal as it only requires setting up
access to a database with the AP information.

5 Location-Aware Applications

5.1 Navigation

We presentMye-Nav, an indoor navigation tool that provides navigation instruc-
tions between rooms in a building. The application is being developed with the
core modules functional. Based on the floor and location information obtained
from Locus, the application displays the user’s current location on the appro-
priate floor map of the building, tiled over an ArcGIS ESRI map. He/she can
then select a particular point on the map to set the destination by a simple tap
gesture. It could be a room or a point in hallway. The application immediately
calculates a shortest path to the destination and reflects it on the map, as in
Figure 3(a) and figure 3(b).

For accomplishing this, we maintain floor plan of every floor of the building
divided into two segments - room segment and walkable segment. The room
segments are defined bounded areas that have some information associated
with them, such as room number, classroom/conference room/office room, oc-
cupant(s), phone number etc. The walkable segment area is where the user can
move in order to reach the destination point. Our algorithm starts with the
nearest point to the source in the walkable segment and tries to calculate suc-
cessive points in the walkable segments towards the nearest walkable point to
the destination point. We maintain a graph data structure associated with each
floor, with vertices defined with respect to corners, rooms and other prominent
landmarks in the hallways. The path is calculated in two phases - Long hops -
wherein a shortest path between the source and destination is calculated in the
graph. This path would be between two nodes, in the graph, that are at prox-
imate distance from the source and destination points respectively; and Short
hops - where the path is completed between the nearest graph nodes to the
actual source/destination points at the location coordinates level.

We have tested Mye-Nav on the fourth floor of our test site (A.V Williams
Building) successfully and intend to test it on the other floors and buildings.
The main challenge we face is unavailability of readily usable building floor
plans which makes the whole process tedious. We intend to discuss Mye-Nav
and the experiments associated with it in detail in a follow-up paper.
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(a) Mye-Nav application
screenshot

(b) Mye-Nav application
screenshot

(c) Caller location dis-
played on the dispatcher
console

Fig. 3. Screen shots of applications using Locus for indoor localization

5.2 Tracking

M-Urgency [7] is a public safety system that redefines how emergency calls are
made to a Public Safety Answering Point (PSAP) like the 911 system and is
designed to be context-aware of the situation in which it is used. M-Urgency
enables mobile users to stream live audio and video from their devices to local
PSAP along with the real time location. A precise information about the callers
location will be extremely helpful for the responders to get to the location of
emergency, avoiding confusions and delay. During a normal 911 call, the emer-
gency personnel are able to locate the building where the call originates from,
but often find it difficult to zero in on the actual floor and the location of the
caller on that floor. A system like Locus is essential here.

As an M-Urgency call is made to the police department, the caller application
makes a location request to the Locus. From the Wi-Fi information provided by
the caller application, Locus resolves the floor and the approximate location of
the caller with an error of few metres and makes it available to the dispatcher
as shown in figure 3(c). We intend to incorporate this feature in the next release
of the already deployed M-Urgency system at the UMD Police Department.

6 Conclusion and Future Directions

In this paper, we presented the Locus system and its underlying algorithm, for
floor and location determination in multi-story buildings, that are solely based
on heuristics derived from signal strengths. The system requires no calibration,
fingerprinting or proprietary hardware. It is a low-cost solution suitable for lo-
cation determination with minimum setup, deployment or maintenance. It is
readily deployable and robust to environmental change. Initial experimental re-
sults in an indoor space spanning 175,000 square feet show that it can determine
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the floor with 99.97% accuracy and the location with an average location error
of 7m. These results give us confidence that a calibration-free system can achieve
a better precision if a more sophisticated radio propagation model is employed
for calculating location. We also believe that the precision of the system can be
greatly enhanced by taking into account, the building structure, floor plans as
well as the AP locations and using this information to pinpoint the exact loca-
tion of the client, and are working in this direction. Other factors that will come
into play as part of this analysis is the number of APs not being heard and the
substance through which signals pass. Though this may make the system less
generic, we are in the process of analyzing this additional data in such a way
that the system still retains its generality and flexibility. Meanwhile, we are also
in the process of testing the system in other locations on our campus, by the
means of crowdsourcing, to ensure its usability across test sites.
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