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Abstract

In this paper, we propose a new approach to map-based indoor localization for walking
people using an Inertial Measurement Unit (IMU). Generally, an office building includes
various components such as corridors, rooms, floors, staircases, elevators. We consider the
components for personal positioning. We present two mapping methods that are a map rep-
resentation method and a position compensation method. The map representation method
is applied to classification and representation of components in an indoor building map. The
position compensation method is derived based on the distance and direction estimation us-
ing a dynamic scale factor. To evaluate our proposed methods, we have developed an indoor
localization device using a small IMU and experimented on an office building. We show that
our proposed approach achieves higher accuracy than traditional dead reckoning navigation.

Key words:
indoor localization, personal positioning, inertial measurement unit, dead reckoning,
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1. Introduction

Recent advances in wireless communication devices, sensors, hardware technology make
it possible to provide various location-based services and span a wide range of fields ranging
from medical and fitness, security and safety, work, learning and leisure. Reliable localization
is essential for providing location-based services such as requesting for the nearest services
and navigation assistance. Though positioning methods based on Global Positioning System
(GPS) or mobile phone cells have been explored and standardized, location-tracking of users
by GPS and mobile telephony providers via GSM generates a need for more detailed location
information in indoor environments. GPS is a satellite-based navigation system that pro-
vides latitude, longitude and altitude for reporting the location. However, GPS only works
outdoors and magnetic fields are often disturbed. In addition, cellular positioning techniques
generally fail to satisfy performance requirements or accuracy. In order to overcome these
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problems, it is important to provide the positioning solution continuously and autonomously
irrespective of any areas.

Generally, the positioning solutions have used Received Signal Strength Indicator (RSSI)
signal and inertial sensors such as accelerometers in indoor environments. The RSSI-based
approach is based on an estimate of the signal strength of the received electromagnetic wave
carrying the signal or received power, being somehow dependent on the distance of the
signal source. Although the RSSI-based approach is appealing for its low cost, the position
estimate of the target probe unit is not particularly accurate. This problem can be solved
by the development of inertial sensors of IMU.

Numerous researchers have proposed personal positioning methods using a combination
of GPS and an IMU(Ladetto et al., 2001)(Cho et al., 2003)(Cho and Park, 2006)(Cavallo
et al., 2005). The IMU measures the acceleration and rotation rate of sensors attached to the
body using a 3-axis accelerometer and a gyroscope, respectively. Thus, position of the body
can be derived from an attitude and a velocity. However, the Micro-Electro-Mechanical-
System (MEMS) based IMU exhibits position errors that tend to increase with time in
an unbounded manner because of the integral process. Therefore, an error compensation
method is necessary.

In order to localize IMU-equipped only with an accelerometer and a gyroscope, three
problems are addressed: (1) filtering acquired data; (2) estimating position; (3) compensating
position errors. For filtering data acquired from the IMU, we applied methods including Low
Pass Filter (LPF) and High Pass Filter (HPF) to the mobile device. LPF can reduce the
noise, smooth the small hole and even link the small break in a ridge. Then, HPF should
remove any low frequency factors due to the bias voltage of output data acquired from the
accelerometer and gyroscope. Lastly, the device can obtain pure acceleration and angle data.

Generally, man-made structures have straight-line features. For instance, most corridors
in buildings are straight and so are most walls and sidewalks alongside which a person might
walk. For that reason, distance and direction of a person can be estimated by both a dead
reckoning method (Kourogi and Kurata, 2003) (Foxlin, 2005) and an initial position. Thus,
the position of walking people can be estimated by using the distance and the direction
from the initial position. For compensating position errors, we have developed two different
mapping methods which are a map representation method and a position compensation
method. The map representation method is to recognize physical space from architectural
drawing of buildings and extracts relations of components in the indoor map. Physical
space recognition determines spatial relationships between structural components of building
such as walls, doors, and rooms. Finally, spatial relationships between the components are
represented as a graph.

This paper focuses on analyzing the personal position when the GPS signal is unavailable
because the signal is blocked in indoor environments. We have developed an indoor localiza-
tion device based on the IMU and localization methods using a map-based mapping method
and a position compensation method. The main objective of this paper is to demonstrate the
feasibility of the low-cost IMU-based indoor localization system by incorporating the indoor
map information. We have improved the accuracy of positioning using spatial relationships
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and behavior events such as turning left and turning right. In addition, we have reduced
positioning errors using a scale factor that is measured by using the estimated distance and
the compensated distance.

The remainder of this paper has 5 sections. We describe related work of indoor localiza-
tion and the dead reckoning method in Section 2. We explain indoor localization methods
using the IMU in Section 3. In Section 4, we present position estimating methods based
on topological map modeling. We show experimental results obtained with our proposed
methods applied to the data from the developed device in Section 5. Finally, we conclude
the paper in Section 6.

2. Related Work

Numerous researchers have proposed location-based services that are predicted to be-
come the killer application of mobile commerce (Kannan et al., 2001) (Kölmel, 2003). Early
location-based services were developed based on GPS satellite access. However, if a GPS-
based positioning device moves from outdoor to indoor environments, the signal will likely
become unavailable and position sensing will fail. Without the location information, compos-
ite services depending on it will become unavailable as well. To arrive at seamless operation,
on-the-fly switchover to an alternative position sensing service using a different technology
is required.

To choose from multiple possible position sensing services, the decision has to consider
service availability, quality of service properties, and costs. In the near future, most mobile
and wearable devices are expected to have multiple position sensing technologies at disposal,
such as GPS, GSM, WLAN, and Bluetooth. Nevertheless, new technologies, like at present
WiMax or RFID, are continuously emerging. Thus, hardware devices and software compo-
nents, their interfaces and architecture must be able to deal with changing conditions to
make mobile location-based services highly available (Ibach et al., 2005).

To classify indoor positioning solutions, the criteria is diverse and its applications broad.
The criterions are as follows (Renaudin et al., 2007):

• The type of sensors: Passive or Active

• The location of the position calculation: Handset or Network

• The signal metrics: the Receiver Signal Strength (RSS), the Angle Of Arrival (AOA),
the Time Of Arrival (TOA) or the Time Difference Of Arrival (TDOA)

To reliably and continuously track a specific person in indoor environments, there are
two kinds of location positioning systems (LPS): network-based positioning systems and
independent positioning systems. Network-based positioning systems use sensor networks,
mainly attached to the building. Typical network-based positioning systems are based on
wireless communication such as Bluetooth (Kotanen et al., 2003), Ultra Wide Band (UWB)
(Jourdan et al., 2005), WiFi (Ladd et al., 2002) or RFID (Ni et al., 2004) (Alippi et al., 2005)
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(Kourogi et al., 2006). These systems have some drawbacks, including the cost of establish-
ment and difficulty to repair. Since these techniques have the signal interference, accuracy
of position and reorganization of distance problem, the techniques have the limitation to
measure for the exactly location.

Independent positioning systems include the technologies that provide autonomous user
positions, such as the dead reckoning method (Ojeda and Borenstein, 2007). The dead reck-
oning method uses accelerometers to count steps and estimate direction using measured data
of digital compass. 2-D position is derived from the displacement and direction. Strap-down
Inertial Navigation Systems (SDINS) (Titterton and Weston, 2005) are becoming widely
used for aircraft and guided missile applications. More recently this technology has been
applied to not only military equipment, such as ship and submarine applications, but also
indoor localization applications of civilian. However, one of the problems of SDINS is the in-
consistency due to cumulative location error (Sabatini et al., 2005). Particularly, the heading
drifts lead to large divergence from the true path. Three groups independently showed that
this problem can be addressed by employing known building layouts (Woodman and Harle,
2008) (Beauregard et al., 2008) (Krach and Roberston, 2008). All used Particle Filtering
(PF) methods where the building layout information is used to constrain particle movement
to within the areas accessible to a pedestrian. As a result, long term error stability can
be achieved when the map is sufficiently accurate and the layout sufficiently constrains the
motion. The map-matching method (Constandache et al., 2010) using phone compasses
and accelerometers is one of recent localization approaches. However, the localization accu-
racy of GPS is higher than that of an IMU in outdoor environments, because people often
do not walk on the street. Thus, Constandache focused on energy-efficiency and showed
performance of the proposed method in comparison to the WiFi based localization method.

On the other hand, some researchers have proposed vision-based positioning approaches
(Kourogi and Kurata, 2003)(Folkesson et al., 2005) with single camera. To estimate the
position, images are compared and matched against a pre-compiled database. If all sur-
rounding images are stored in a database, the approaches could achieve higher accuracy
of location. However, the approaches require potentially very large databases. Though Si-
multaneous Location and Mapping (SLAM) method (Folkesson et al., 2005) do not require
a database, SLAM method may accrue errors over time and distance, and poor visibility
and unfavorable light conditions can result in completely false position estimation. In this
paper, we deal directly with the strap down integration from an IMU which is positioned at
foot instep of a user and propose the independent positioning system using the map-based
position compensation method to reduce cumulative location error.

3. Localization

Our goal is to estimate the position of a walking person using only the foot-mounted IMU
and the indoor map. Figure 1 shows the block diagram of the proposed indoor localization
system that consists of a mobile device and an IMU. The mobile device is used for acquiring
data from an accelerometer and a gyroscope in the IMU as well as estimating the position.
The IMU consists of sensors and a micro controller. In the micro controller, the analog to
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Figure 1: The block diagram of the proposed indoor localization system

digital converter (ADC) transforms the analog signal to a digital signal and transfers raw
data to the mobile device via a universal synchronous and asynchronous serial receiver and
Transmitter (USART) port.

To communicate with the LBS server and monitor the location of a person, we have
developed a mobile application that consists of an integrator, calculators, an estimator, and
a map database. The integrator is used for transferring the initial position and signal after
applying filters to the calculators. The scale calculator measures the scale factor using the
estimated distance and the compensated distance. The position calculator computes the
position using a velocity, a moving distance, an initial position of a walking person. The
position estimator calculates the position of a walking person based on topological map in
the map database and direction detection.

3.1. Error Reduction

The performance of MEMS-based accelerometers and gyroscopes is significantly affected
by complex error characteristics that are stochastic in nature. Errors will cause these mea-
surements to differ from the true foot position and orientation, and these are therefore
worthwhile considering how filtering may be used to determine more accurate estimates of
the current head position and orientation using a series of measurements. In practice, slight
errors in the foot position are not noticed by the user, but random errors in foot orientation
are very disconcerting to the user, and so our filtering scheme concentrates on improving
estimates of foot orientation.

The mobile device not only deals with the raw data using filtering, estimating, and
compensating, but presents the momentary location and trajectory of a walking person.
Due to phase-noise of the IMU integrated with on-chip MEMS inductors, efficient pre-filters
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Figure 2: Signal after applying LPF and HPF

are essential for MEMS-based inertial sensors outputs. Applying this pre-filtering process
successfully improves signal-to-noise ratios of the sensors, removes short-term errors mixed
with motion dynamics, and provides more reliable data to the MEMS integration module.

Figure 2(a) indicates that the applied filters autocorrelation functions became much
smoother after applying LPF. In order to reduce bias error, low frequency feature should be
eliminated by HPF. Figure 2(b) shows the results of the signal filtered by using LPF and
HPF.

3.2. Position Compensation

Though the best signal is obtained from LPF and HPF, the signal is not reliable to
determine the location. Due to undesirable result of drift (Sabatini et al., 2005) (Borenstein
et al., 2009), the computed heading error increases continuously and without bound. In order
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to solve the problem, we used a Zero Velocity Update (ZUPT) that virtually eliminates the
ill-effects of drift in the accelerometers using zero velocity between steps. The ZUPT has
been used successfully with update intervals between ZUPT points. In other words, when
the ball of the foot is firmly on the ground, the velocity of the sole at that point is zero, that
is, the energy from accelerometer is zero. Overall energy of frequency E computed based on
the 3-axis accelerometer is:

E =
√
A2

x + A2
y + A2

z, (1)

where Ax, Ay, and Az are the energy of frequency with respect to x-axis, y-axis, and
z-axis.

The velocity V(x,y,z) and the distance D(x,y,z) can be computed by integrating A(x,y,z) as
follows:

V(x,y,z) =
∫

∆t
A(x,y,z)dt (2)

D(x,y,z) =
∫

∆t
V(x,y,z)dt (3)

The trajectory can be computed by walking distance Di in interval i, and direction θ as
follows:

xi =

{
x0 if i = 0
xi−1 +Di−1 · cos(θi−1) if i > 0

(4)

yi =

{
y0 if i = 0
yi−1 +Di−1 · sin(θi−1) if i > 0

,

(5)

where the coordination (x0, y0) is an initial position of a walking person.

θi =

{
θ0 if i = 0
θi−1 + φ if i > 0

,

(6)

where θ0 is the initial heading at the beginning of the walk and θi is the heading at the
walk.

4. Map-based Position Estimation

Even though the position of a walking person is measured by the error reduction method
and the position compensation method which are described in Section 3, the typical error
still is largely independent of the gait or speed of a person. In practice, when walking
continuously for several minutes, the position error increases gradually beyond 2%. In order
to reduce increasing position errors, we have developed a map-based position estimating
method depending on people movements in intersections, corridors, and dead-ends. The
map-based position estimating method is composed of topological map modeling and position
estimating.
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(a) Structural drawing (b) Line segments

Figure 3: Simplified results from a structural drawing to line segments

4.1. Topological Map Modeling

A topological map is a concise description of the large-scale structure of the environ-
ment (Kuipers and Byun, 1991) (Choset and Nagatani, 2001). It compactly describes the
environment as a collection of places linked by paths. Topological map modeling contains
the processes of extracting structural components from a map and representing topology of
the components. The topological map can be represented by a graph which is composed of
nodes representing topological locations and edges between nodes. The topological model
consists of places, paths, and regions explaining how the distinctive states are linked by turn
and travel actions. Consequently, specific algorithms are required to transform a 2D map to
the topological map.

To construct the topological map, line segmentation is an essential preliminary step in
compact representation of structured geometric environments. Figure 3 shows a structural
drawing and line segments on the 2-D terrain. After transformation of the structural drawing
into line segments, our component classification algorithm classifies the line segments into
intersections, corridors (lines), dead-ends, walls (blanks) as shown in Algorithm 1. The
component classification algorithm is based on 4-connectivity that represents the edge dots
which are 4-neighbors of the current dot as shown in Figure 4(a). Figure 4(b) shows the
component network topology represented by an undirected graph.

4.2. Position Estimating

Though the behavior of people walking in outdoor is less predictable, most people in
an indoor building are walking along a straight line because most corridors in buildings are
straight, as are most walls and sidewalks alongside which a person might walk. Our position
estimating method has been developed based on the comparison of component topology
determined from the trajectory and the topological map. The initial position of a walking
person is given, all possible link nodes are extracted from the topological map. When
significant events such as turning, going down stairs, going up stairs, or taking an elevator,
occur, the method selects the link and the node with the best probability. We developed a
human activity recognition device called “SmartBuckle” in earlier work (Cho et al., 2008) as
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Algorithm 1 Component classification algorithm is based on 4-connectivity

for (x, y) = (0,0) to the size of map do
if DotColor (i,j) = black then

for (x, y) = (i-1, j-1) to (i+1, j+1) do
count black dots

end for
if count = 2 then
MapInfo(i,j)← dead end

else if count = 3 then
if DotColor (i-1, j) = DotColor (i+1, j) or DotColor (i,j−1) = DotColor (i, j+1)
then
MapInfo(i,j)← line

else
MapInfo(i,j)← intersection

end if
else
MapInfo(i,j)← intersection {The number of black dots is over 3 (count > 3)}

end if
else
MapInfo(i,j)← blank

end if
end for

Destination 

Intersection 

Line 

(a) Components classified by 4-connectivity dots
structure

I1 

I3 I2 I4 

I5 I6 

L1 

L2 

L5 L6 

L7 L8 
L10 

L4 

L9 L11 

L3 

D1 

D2 D3 

D4 D5 

(b) Undirected graph of the component

Figure 4: 4-connectivity dots structure and component network topology represented by an undirected graph
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Algorithm 2 Graph representation

for (x, y) = (0,0) to the size of MapInfo(i, j) do
if MapInfo(i, j) != blank then

if MapInfo(i, j) = MapInfo(i+1, j) then
MapInfo(i+1, j)←MapInfo(i, j)

else if MapInfo(i, j) = MapInfo(i, j+1) then
MapInfo(i, j+1)←MapInfo(i, j)

end if
end if

end for
for (x, y) = (0,0) to the size of MapInfo(i, j) do

if MapInfo(i, j) != MapInfo(i+1, j) then
Save link information between MapInfo(i, j) and MapInfo(i+1, j)

else if MapInfo(i, j) != MapInfo(i, j+1) then
Save link information between MapInfo(i, j) and MapInfo(i, j+1)

end if
end for

(a) SmartBuckle with a case (b) SmartBuckle with a coin

Figure 5: SmartBuckle

shown in Figure 5. In this work, we presented the hybrid activity recognition approach for
distinguishing between two postures (sitting, standing) and seven motions (walking forward,
walking backward, turning left, turning right, going down stairs, going up stairs, and taking
an elevator). We applied our activity recognition method to detection of significant events
with the IMU mounted on a shoe.

The change of direction happens at intersections or dead-ends. If the direction changing is
detected, our system marks a check point and compares the check point with the topological
map. If the turning point is correctly estimated, it shows that the point is corresponding
to an intersection or dead-end node of the map. The significant change of direction is
easily detected by the signal of the IMU. Though the position estimating based on direction
detection achieves higher accuracy, the trajectory of a person is subject to major variations,
which do not always fit with the mapping data.
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According to the result of our investigation, the stride is influenced by a walking fre-
quency, walking gait, a variance of the accelerometer signals during one step (Ayyappa,
1997). It is confirmed that the stride is proportional to the walking frequency and the
variance and has complex tendency in the inclination. Therefore, the stride cannot be deter-
mined by the linear combination suggested in the previous works. In this paper, the stride
is determined using a scale factor in order to consider the various environments and the
inclination. The scale factor s is computed by both actual moving distance and estimating
moving distance.

s =
DM(i)

DI(i)
, (7)

where DM(i) and DI(i) are the measured distance based on a map and the measured
distance based on the IMU in the interval i, respectively. Finally, the compensated position
with the scale factor is calculated as:

xi = s · (xi−1 +Di−1 · cos(θi−1)) (8)

yi = s · (yi−1 +Di−1 · sin(θi−1)) (9)

Since the scale factor is invariant over rotation and altitude, the positioning can be
achieved by detection and measurement of human walking characterized by its stride and
heading, and updating the current position and the scale factor incrementally.

5. Experiments

5.1. Implementation

The IMU consists of an accelerometer, an angular velocity sensor, a micro controller
unit as shown in Figure 6(a) and Figure 6(b). We used the KIT3109MMA7260Q as a 3-
axis accelerometer from Freescale Semiconductor and the ENC-03RD as an angular velocity
from MURATA. Digital signals that are acquired from the 10-bit ADC are transmitted to
the mobile device via USART port for serial communication. The sampling rate of the
sensor data is 80 Hz. The sensors are mounted on the shoe as shown in Figure 6(c). As
shown in Figure 6(d), we developed a location monitoring tool that presents not only the
current status of an accelerometer and a gyro sensor with a indoor map, but the number
of intersections, corridors, and dead-ends. In addition, the current position of a walker is
marked on the map by a red dot.

5.2. Experimental Results for Various Strides

To evaluate our position estimating method, we have conducted experiments on three
different types of step length which are 0.5 meter, 0.7 meter, and 0.9 meter as shown in
Figure 7. As shown in Figure 7, we observe two kinds of patterns which are peak patterns
and valley patterns. The peak patterns are caused by the foot being lifted off the ground or
the leg settling back on the ground. When the step length is 0.5 meter, 0.7 meter, and 0.9
meter, most peak voltage ranges from 200 to 300, 250 to 350, and 250 to 450, respectively.
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(a) Front side of the IMU (b) Back side of the IMU

(c) The IMU mounted on a shoe and
the mobile device

(d) Monitoring tool

Figure 6: The IMU, the mobile device, and the monitoring tool

The valley patterns are caused by zero velocity between steps. In the valley patterns, overall
energy of frequency and the velocity of the sole are zero. Due to minute of movements and
phase-noise of the IMU integrated with on-chip MEMS inductors, overall energy is not always
zero. In this paper, we set the fundamental voltage value to zero when the signal voltage is
less than 10 for a period of time. Step events are detected using a custom algorithm (outside
the scope of this paper) based on thresholds and some heuristics to ensure robustness. The
parameters of the algorithm are tuned to maximize the detection accuracy of a certain person
in a normal walk mode.

Table 1 shows the estimated distances (ED) based on the IMU, the measured distance
(MD) based on the map, and the cumulative location error depending on the variation of
the step length during 15 steps. In Table 1, ED and MD are the estimated distance based
on the IMU and the map, respectively. The average of cumulative location errors CLE
is 5.087%, 11.79%, 3.627% in association with 0.5m, 0.7m, 0.9m. As a result, the overall
accumulated error of three step length types is 6.83%.

5.3. Experimental Results in Indoor Environments

In order to evaluate the performance of our proposed method, we have experimented on
an engineering building in Ajou University as shown in Figure 8(a). The engineering building
has four floors with an inner-courtyard. To present experimental results on level terrain (2-
D), a user equipped with the IMU and the mobile device walked along a rectangle-shaped
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Figure 7: Accelerometer output signal of various strides

Table 1: Estimated Distance (meter), Measured Distance (meter) and Cumulative Location Error (%)

SL M
Step

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

0.5m
ED 0.25 0.96 1.53 2.00 2.55 3.11 3.69 4.24 4.82 5.36 5.85 6.26 6.80 7.34 7.88
MD 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6 6.5 7 7.5
CLE 49.5 3.81 1.82 0.02 2.02 3.62 5.29 6.11 7.09 7.25 6.34 4.35 4.53 4.87 5.09

0.7m
ED 0.39 0.97 1.67 2.03 2.75 3.42 4.05 4.59 5.35 6.04 6.69 7.44 7.95 8.65 9.26
MD 0.7 1.4 2.1 2.8 3.5 4.2 4.9 5.6 6.3 7 7.7 8.4 9.1 9.8 10.5
CLE 44 30.9 20.4 27.5 21.5 18.6 17.4 18.1 15.1 13.7 13.2 11.4112.6211.8 11.8

0.9m
ED 0.76 1.71 2.38 3.30 4.22 5.14 6.04 6.94 8.04 8.99 9.91 11.1912.2013.0614.0
MD 0.9 1.8 2.7 3.6 4.5 5.4 6.3 7.2 8.1 9 9.9 10.8 11.7 12.6 13.5
CLE 15.4 4.94 11.8 8.43 6.23 4.75 4.06 3.6 0.74 0.16 0.09 3.59 4.30 3.62 3.63

Abbreviation list
SL: Step Length, M: Method, ED: Estimated Distance based on the IMU,
MD: Measured Distance based on the map, CLE: Cumulative Location Error
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(a) Engineering building in
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(b) Recorded trajectory and estimated trajectory of a walk on the 2-D
terrain

Figure 8: Experimental environments and results of a 2-D walk

path in counterclockwise. We ran five experiments on the path with base length 14 meter
and height 10 meter. Figure 8(b) shows recorded trajectory and estimated trajectory of a
walker in comparison with the WiFi device, the IMU enhanced with maps, and the IMU
alone. The variation of position error PE measured by the WiFi device ranges from 0 meter
to 18.98 meter.

PE(ti) = distance(EstimatedPosition(ti), ActualPosition(ti)) (10)

The average of PE measured by the WiFi device is 10.05 meter. The differences between
the WiFi based localization and IMU based localization are visually apparent. Due to multi-
path effects, interference and absorption, positioning method with WiFi signals is hampered
by non-linearity, noise and complex correlations. The variation of PE measured by the IMU
alone ranges from 0.032 meter to 2.818 meter. The variation of PE measured by the IMU
enhanced with maps ranges from 0 meter to 0.26 meter. The average of PE measured by the
IMU alone and the IMU enhanced with maps is 0.98 meter and 0.096 meter, respectively.
The accuracy of position measured by the IMU enhanced with maps is 10.2 times higher
than that of position measured by the IMU alone.

Table 2 shows the result of the component network topology transformed from a structural
drawing of the building. In this table, an intersection I1 that is located at the point (7,7)
has corridors L66 and L1. On the other hand, the corridor L1 has intersections I1 and I2.
The L1 is a pathway from the position (7,8) to the position (7,72). Furthermore, to show
results of an experiment on level terrain (3-D), five volunteers participated in the experiment.
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Table 2: Component network topology transformed from a structural drawing

Link information Component information
I1:L66:L1:L66:L1: I1:7:7:7:7:
L1:I1:I2:I1:I2: L1:7:8:7:9:7:10: ... :7:72:
I2:L67:L1:L67:L1: I2:7:73:7:73:
L66:I1:I3:I1:I3: L66:8:7:9:7:10:7: ... :18:7:
L67:I2:I4:I2:I4: L67:8:73:9:73:10:73: ... :24:73:
I3:L88:L66:L88:L66: I3:19:7:19:7:
L88:I3:D1:I3:D1: L88:19:8:19:9:19:10: ... :19:51:
D1:L88:L88: D1:19:52:19:52:
I4:L145:L138:L67:L145:L138:L67: I4:25:73:25:73:
L138:I4:D2:I4:D2: L138:25:74:25:75: ... :25:80:
D2:L138:L138: D2:25:81:25:81:
L145:I4:I5:I4:I5: L145:26:73:27:73: ... :63:73:
D3:L155:L155: D3:34:207:34:207:
L155:D3:I7:D3:I7: L155:35:207:36:207: ... :69:207:
... ...

Figure 9 shows a 3-D plot of the trajectory. They went down stairs from the 4th floor to the
3rd floor, and went up stairs from the 3rd floor to the 4th floor. Total distance of walking
path is 637.5 meter. The variation of PE ranges from 0 meter to 0.28 meter. The average of
PE is 2.278 meter. The experimental results shows that our proposed method estimates the
position over multiple floors and improves the positioning accuracy based on the detection
of significant events such as going down stairs and going up stairs.

6. Conclusion

In this paper, we have proposed the indoor localization method based on the topologi-
cal map modeling for providing a real-time position of walking people. We developed not
only the position compensation method using error reduction filters and ZUPT, but the
map-representation method for constructing the topological map. Although the limited per-
formance of the IMU based on dead reckoning has given less accurate positioning results, we
have proposed the map-based position estimating method depend on movements of walking
people to improve the positioning accuracy. In the experiments, we have developed foot-
mounted strap-down inertial navigation system to demonstrate the feasibility of the low-cost
IMU-based device. In addition, we showed that our proposed methods achieve a significant
improvement of the positioning accuracy compared to the use of the IMU alone.
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