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Abstract

This paper presents a radio-frequency (RF) signal modeling technology that
builds a fingerprinting database for indoor localization quickly and accurately.
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Fingerprinting-based localization technology uses location-specific signal char-
acteristics as a database; therefore, it is less sensitive to multipath problems.
The proposed approach predicts signal propagation paths and calculates atten-
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collection time. Because the indoor map lacks accurate information about all
structures, the modeling results contain errors when compared to measure-
ments. To address this, measurements from a partial area improve modeling
accuracy by accounting for received signal strength changes caused by indoor

L. . structures. In experiments with seven beacons, the proposed database con-
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struction method achieves an average error of 5.16 dBm and a localization
error of 1.61 m, comparable to the 1.14-m error in measurement-based data-
bases, while reducing database construction time by 41.06%. These results
demonstrate the effectiveness of the proposed technology in rapidly and accu-
rately building databases for indoor localization.
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1 | INTRODUCTION

information for outdoor environments. In contrast,
accurate location determination remains challenging in

As smartphone use in daily life has increased signifi-
cantly, the demand for location-based services (LBSs) has
also increased. For user convenience, an LBS usually
requires seamless navigation that integrates both outdoor
and indoor spaces. The recent increase in the number of
visible satellites in global navigation satellite systems
enables the generation of highly accurate location

indoor environments. To address this, research has
focused on indoor localization technologies using various
radio signal (RS) types, such as Long-Term Evolution
(LTE), Wi-Fi, Bluetooth, and Ultra-Wide Band (UWB).
Radio-frequency (RF) signal-based localization technolo-
gies can be broadly divided into triangulation- and
fingerprinting-based localization approaches.
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Triangulation is a method of estimating the location
of a terminal by calculating its distance from three or
more known signal sources. The representative RF signal
used in the triangulation is the UWB. The UWB
signal has high bandwidth and timing precision. Accord-
ingly, it exhibits distance estimation and localization
accuracy within tens of centimeters [1-3]. Additionally, it
is highly vulnerable to the signal multipath problem
because UWB-based localization technology estimates
the distance using the signal’s travel time. To increase
the localization accuracy and availability, a large number
of signal sources must be installed to ensure line of sight
(LOS) within the service area. This results in higher costs
for building infrastructure for LBS. According to the
IEEE 802.11mc standard, time-of-flight (TOF) estimation
of Wi-Fi signals is possible on smartphones, enabling
localization within tens of centimeters to several meters,
as in UWB [4-8]. However, Wi-Fi signals are also vulner-
able to multipath problems, and a signal source that sup-
ports the IEEE 802.11mc standard must be installed to
replace the pre-existing Wi-Fi signal source [9, 10]. LTE
signal-based localization can be performed using the
ranging technology defined in the 3GPP-LTE Release
9 [11-13]. This approach has the advantage of not requir-
ing separate infrastructure installations. However, in
indoor environments, it is impossible to provide accurate
location information because most signal sources are
installed outdoors [14]. Ranging technology, which uses
signal strength rather than signal timing, can also be
applied to indoor localization; however, it remains vul-
nerable to multipath problems.

Fingerprinting-based localization technology is more
robust to multipath problems because it estimates the
location by comparing the RF signal characteristics stored
for each indoor location with the signal characteristics
measured in real time [15, 16]. In particular, received
signal strength (RSS) information (RSSI) can be measured
from most RF signals, such as LTE, Wi-Fi, and Bluetooth,
and is widely used in fingerprinting-based indoor
localization technologies [17-22]. The RSS was inversely
attenuated with distance from the signal source. The
attenuation of RSS is more pronounced in areas close to
the signal source; however, the degree of attenuation
decreases as the distance increases. In other words, in
areas close to the signal source, the location discernment
of the signal was high, but as the distance increases, the
location discernment decreases. Therefore, fingerprinting-
based localization technology requires the installation of
numerous indoor signal sources. Fingerprinting requires
RF signal characteristics to be stored by location. To build
a fingerprinting database, data must be collected directly
from all locations within the service area. This increases
the time and cost required to construct a fingerprinting

database [23-25]. To apply and utilize fingerprinting-
based localization technology in practical environments, a
database must be built easily and quickly.

Bahl and Padmanabhan [26] proposed a triangulation-
based indoor localization technology that uses measured
and model-based RSSIs. This approach requires building
a database in the same manner as the fingerprinting
method. To achieve this, data collectors must specify their
locations on an indoor map and individually collect data
at those locations. This static method has the disadvan-
tage of requiring a long time for data collection. Methods
to address this issue include a dynamic collection method
that collects data while walking and a method that uti-
lizes an RSS distribution model. Xie and others [27]
reduced data collection time using pedestrian dead reck-
oning (PDR) technology, which estimates moving paths
using inertial sensors. Data collection is performed only
in parts of the service area because collecting data for the
entire service area requires considerable time. Uncol-
lected areas are interpolated using a radial basis function
interpolation method based on the collected data. How-
ever, interpolation requires measuring denser paths and
is difficult in spaces outside the collection area. Shin and
others [28] proposed a simultaneous localization and
mapping technology that can track pedestrians and build
a fingerprinting database using only a smartphone in an
unknown area without prior data. While this technology
does not require prior data, the loop closure process can
increase data collection time because previously visited
paths must be revisited.

Halshami and others [29] proposed a signal propaga-
tion model that considers penetration losses for all wall
types, including thickness and material. Although this
model can predict the RSS distribution in indoor spaces,
identifying the materials of all walls through site surveys
is challenging. Kang and Seo [30] introduced a simplified
signal propagation model that assumes that all indoor
walls are made of a single type of material. In this model,
RF signals penetrate the walls and propagate through
diffraction. Thus, to accurately predict the indoor RSS
distribution, diffraction characteristics must also be con-
sidered. Ali and Pahlavan [31] predicted the RSS distribu-
tion by modeling a power equation based on the average
propagation distance, penetration, and the reflection
coefficient of the signal to enhance the computational
efficiency and accuracy of the ray-tracing algorithm.
While ray tracing can accurately predict the indoor RSS
distribution by considering multiple propagation paths, it
cannot account for all signal attenuations caused by vari-
ous indoor structures. RSS modeling-based database con-
struction has the advantage of enabling database creation
for all indoor spaces without direct data collection. How-
ever, to improve localization performance, RSS changes
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caused by various indoor structures must be reflected.
Model-based RSS predictions should therefore be cor-
rected using these measurements.

In this study, we propose an indoor map-based signal
propagation path and RSS distribution computation tech-
nology to quickly and accurately build a fingerprinting
database for indoor localization. The conventional multi-
wall attenuation model uses information about structures
that are difficult to identify in indoor maps, such as wall
material and thickness, to predict RSS distribution. The
proposed technology predicts indoor RSS distribution by
considering only walls and doors, which are typically
marked on indoor maps. As a result, the modeling pro-
cess is simplified. Using the proposed technology, it is
possible to assess the RSS distribution of indoor spaces
before building a fingerprinting database, thereby reduc-
ing unnecessary steps and the time required for installing
RF signal sources and verifying RF coverage. Despite
these advantages, accurately predicting the RSS distribu-
tion remains challenging because indoor maps do not
include all structural details. To address this issue, the
proposed technology improves modeling accuracy,
shortens the database construction time, and uses mea-
surements from partial areas rather than the entire ser-
vice area. For locations where measurements are
unavailable, a correction is made by using the difference
between the surrounding predicted and measured values.

We have previously proposed surface correlation
(SC), a fingerprinting-based indoor localization technol-
ogy that accurately estimates locations using spatial RSS
patterns [32]. This technology converts time-series
RSS data into a spatial RSS pattern using the PDR and
calculates the location by comparing it with the spatial
RSS pattern in the fingerprinting database. The SC tech-
nology is robust against signal noise and distortion
because it calculates the location using patterns rather
than single time-series data. In this study, we evaluate
the accuracy of the proposed technology by assessing its
performance using a technology-based fingerprinting
database and measurements.

Smartphone-based indoor localization can utilize vari-
ous RF signals such as LTE, Wi-Fi, and Bluetooth. How-
ever, i0OS does not provide RSSI for LTE or Wi-Fi signals.
Recently, Android has limited Wi-Fi scanning cycles to
two per minute to reduce battery usage, making precise
localization challenging [33]. Although the RSS for LTE
signals can be extracted from Android, LTE signals are less
suitable for indoor localization due to poor signal discern-
ment. Therefore, in this study, we built a fingerprinting
database and performed localization using Bluetooth sig-
nals, which are compatible with both iOS and Android.
The main contributions of this study are as follows:
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« We proposed a fingerprinting database construction
technology that uses simple indoor RSS distribution
modeling for indoor localization. The RSS distribution
modeling predicts signal propagation paths and signal
attenuation on an indoor map containing door and
wall information.

« The proposed technology corrects the modeling results
by accounting for RSS changes caused by indoor struc-
tures not displayed on the indoor map in the database,
using measurements from partial areas. By collecting
data from partial areas instead of from all areas, it is
possible to build an accurate fingerprinting database
while significantly reducing the time required for con-
ventional data collection methods.

« The RSS distribution modeling in the proposed
technology facilitates signal coverage verification
and reduces the time required to establish the
infrastructure.

« SC technology can accurately determine the walking
trajectory of a data collector, even without incorporat-
ing partial area measurements into the fingerprinting
database. Consequently, the proposed technology can
be combined with SC technology to build a fingerprint-
ing database using crowdsourced data instead of rely-
ing solely on fixed data collectors.

The remainder of this paper is organized as follows:
Section 2 provides an overview of the proposed technol-
ogy. Section 3 describes the RSS distribution modeling
technology in indoor spaces. Section 4 analyzes the test
environment and evaluates the performance of the pro-
posed technology. Finally, Section 5 presents the conclu-
sions of this study.

2 | PROPOSED TECHNOLOGY

21 | Overview

In this study, we present a technology to quickly and
accurately build a fingerprinting database for indoor
localization services. This is achieved using indoor map-
based simple signal propagation modeling and partial
area measurement-based correction. Figure 1 illustrates
the flowchart for building a fingerprinting database
using the proposed technology. The online process is
performed on a computer, while the on-site process is
conducted directly on site. The proposed technology con-
sists of four main processes for building a fingerprinting
database: (i) digital map generation, (ii) RSS distribution
modeling, (iii) measurement generation, and (iv) mea-
surement updating.
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FIGURE 1 Proposed process of a fingerprinting database
construction.

First, an indoor map is essential for providing indoor
localization services, and the application of a map-
matching algorithm is required to display the localiza-
tion results on the map. In other words, to provide a
localization service, a coordinate-based digital map must
be generated to display the location. The proposed tech-
nology uses commonly available indoor map images or
blueprints to generate these digital maps. We identified
marking lines on the indoor map to indicate walls,
doors, and walking paths and used OpenCV to extract
the pixel coordinates of each marking line. The
extracted pixel coordinates were then converted into a
digital map with coordinates in meters by applying a
conversion ratio to the actual distance along the x and y
axes.

To predict the indoor RSS distribution, the proposed
technology sets the beacon installation locations as coor-
dinates on the generated digital map. It then computes
the signal propagation path using the A star algorithm
for all spaces except walls, starting from the set beacon
location, and calculates the degree of signal attenuation
along the computed path. The digital map includes the
propagation costs of the walls and doors to compute
the signal propagation path. This model allows us to
verify the coverage of each beacon. To correct the
modeling results, data were collected by walking
through specific areas of the service site, and PDR and
map-matching algorithms were used to generate correc-
tion data for the collection route. Finally, we improved
the accuracy of the fingerprinting database by matching
the corrected data with the modeling results. As men-
tioned above, the proposed technology aims to minimize
the time required to build localization infrastructure
and collect data at service sites by predicting the RSS
distribution based on indoor maps and to build an accu-
rate fingerprinting database through correction using
measurements.

—— Walking path

B Wai

. & | | — Door

T
ol
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FIGURE 2 Indoor map image: (A) original indoor map and
(B) features added to the map image.

2.2 | Digital map generation

Digital maps are essential for indoor localization services,
as the user’s location, calculated using localization tech-
nology, must be displayed on a map. The proposed
technology generates a digital map using an indoor map
with proportions similar to those of the actual space, as
shown in Figure 2A. This figure illustrates a commonly
used indoor map, although a blueprint can also be used,
even if the scale differs from the actual space. To generate
a digital map, we drew features such as walls, doors, and
walking paths directly onto the map image, as shown in
Figure 2B. For this, we used the Paintbrush application
provided by the Windows OS. Walls are indicated by blue
lines or surfaces, doors by green lines, and walking paths
by red lines. The proposed technology extracts the coordi-
nates of these features from the image using OpenCV.
These feature coordinates are the pixel coordinates
within the image and must be converted into meters to
align with the fingerprinting database.

In the proposed technology, the coordinate system
transformation is performed based on the intersection of
the walking path, including turning points. In other
words, the difference in the x and y pixel coordinates is
scaled using the difference in the x- and y-meter coordi-
nates between the intersection points. The coordinate
transformation method is as follows:

dx
Sx_(x’;_x;)>’ (1)
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where S, and S, are scale constants for the x and y axes,
respectively; d, and d, refer to the actual distances
between the intersections on the x and y axes, respec-
tively; and (x, y7) are the pixel coordinates of the ith or
jth intersection among n intersections. The final feature
coordinates are transformed based on (0, 0) as follows:

X =Sy X8 —Xmin, k=1,..,m, (3)

YVe=Sy Y —Ymin k=1,...m, (4)

where (xfC y}c) are the kth feature coordinates, centered
on (0, 0) and converted into meters, and m is the total
number of features. Xmin and y.;, are the minimum x
and y coordinates of the scaled features, respectively. The
feature coordinates are converted to meters and defined
in vector form by matching the propagation costs for
walls, doors, and other areas. We define the propagation
cost as 2.0 for walls, 0.8 for doors, and 0.7 for other areas,
as shown in Figure 3. The size of the propagation cost
vector is the same as the horizontal and vertical dimen-
sions of the service area, with a spacing of 1 m. This prop-
agation cost is used to compute the signal propagation
path for the indoor space.

3 | RSSDISTRIBUTION
MODELING

Indoors, signals propagate through reflection, diffraction,
and penetration. Additionally, the degree of signal

2.0

Y (m)

Propagation cost

10 20 30 40 50 60 70 80 90
X (m)

0.7

FIGURE 3 Propagation cost defined for each location.
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attenuation may vary depending on the thickness and
material of the structures. However, it is difficult to accu-
rately identify the characteristics of these structures in
environments where indoor structures and their types
frequently change. The proposed technology predicts the
signal propagation path by considering only walls and
doors. It uses the spatial propagation cost, shown in
Figure 3, to compute the signal propagation path. To do
this, the beacon location must be placed within the prop-
agation cost vector. The Bluetooth signal propagates from
the beacon in all directions. Therefore, the proposed tech-
nology sets each of the eight nodes adjacent to the beacon
as the starting point and sets all indoor locations, except
for walls, as the destination. Subsequently, it computes
the propagation path for each node and selects the short-
est path with the minimum propagation cost. The pro-
posed technology selects the next node for propagation
from the starting node around the beacon as follows:

n=at -+ -3’ =18 (5)

i* =argminy;. (6)
L

Here, y; is the weight of the ith node among the eight
nodes adjacent to the selected node. (x;,y;) are the coordi-
nates of the ith node, and (x4,y,) are the coordinates of
the destination node. i* is the index of the ith node with
the lowest propagation weight. Thus, the proposed tech-
nology computes the signal propagation path by repeat-
edly selecting the node with the minimum propagation
weight for each destination node, starting from the
eight nodes adjacent to the beacon. If the selected node is
the destination node, the process stops. Figure 4 shows
the node array selected using (5) and (6) between the
beacon and destination nodes, representing the eight

Pathl [] Path6
50 OPath2 + Path7
« Path3 <) Path8
© Path4 * Beacon
40 Path5
E30
>

10 20 30 40 50 60 70 80 90
X (m)

FIGURE 4 Eight computed paths based on a signal
propagation model.
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propagation paths. Each calculated path includes signal
diffraction and wall penetration. The proposed technol-
ogy selects the path with the smallest propagation weight
from the starting node to the destination node among the
eight calculated paths as the final signal propagation
path. As previously mentioned, the proposed technology
calculates the signal propagation path for the eight nodes
to reflect the signal characteristics emitted from the bea-
con. However, performing propagation path computa-
tions for every node is inefficient. In practice, there is no
need to compute the path for every node because the bea-
con coverage is limited to indoor spaces with many struc-
tures. Therefore, if the sum of the costs along the shortest
path exceeds a threshold (Z]l.zlcj > threshold), the prop-
agation computation is stopped, where [ is the number of
nodes in the selected propagation path. In this study, the
threshold is set to 35. This approach reduces the compu-
tational complexity of the signal modeling process.

The proposed technology selects a propagation path
based on propagation weight. Subsequently, signal atten-
uation along the selected propagation path is calculated.
Various path-loss models, such as the one-slope [34],
dual-slope [35], partitioned [36], and COST 231-multi-
wall [37], are used. Indoors, signals are affected by partial
LOS environments because of the presence of many
structures. Therefore, the proposed technology employs a
dual-slope model, which estimates the signal attenuation
by dividing the space into two LOS regions. The signal
attenuation by the dual-slope model is given by

R1:R0—10-n1-logd, 1<d<dbp, (7)
d

Ri=Ry—10-n; -logdy, —10-n, - log - , d>dpy. (8)
bp

Here, R, and R, represent the signal strength
(in dBm) at Ith node owing to signal attenuation and the
signal strength at a distance of 1m from the beacon,
respectively. n; and n, are the experimentally determined
path-loss exponents. d refers to the distance from the bea-
con, and dp, is the experimentally determined distance
needed to distinguish indoor LOS areas. In this study, n;
and n, were set to 0.6 and 1.2, respectively, for the LOS
area and to 1 and 2 for signal penetration through walls.
R, was set to —50 dBm based on several experiments.

As previously mentioned, the proposed technology
accounts for signal diffraction and penetration along the
signal propagation path. When these events occur, addi-
tional attenuation is applied on top of the distance-based
signal attenuation within the LOS. The proposed tech-
nology identifies diffraction and penetration along the
final selected signal propagation path to determine the

total signal attenuation, considering the propagation
characteristics. The method used to identify diffraction is
given by

R (yk—ykl) _ 9)

Xk — Xk—1

Here, ¢, represents the angle between nodes, and
k denotes the order of the nodes along the signal propa-
gation path. (x, y;) are the coordinates of the kth node.
Diffraction is considered to occur along the propagation
path when the change in the angles of three consecutive
nodes exceeds a threshold. The angle change is deter-
mined by the variance for the angles (¢, @x_;, @r_») of
the three nodes. Considering the various angles formed
by paths in indoor spaces, the threshold for this angular
change is set to 0.3rad. In contrast, signal penetration is
identified when a node with a propagation cost corre-
sponding to a wall is found along the selected
propagation path.

If signal diffraction or penetration occurs along the
signal propagation path, there will be a change in attenu-
ation, as described by (7) and (8). Figure 5A illustrates
the experimental setup in the corridors used to determine
changes in signal attenuation due to diffraction. During
the experiment, we installed a beacon and collected RSSI
data for each location along the blue line. Figure 5B
presents the RSS at each location. In sections where the
corridor curved, the RSS decreased significantly on a

#*  Beacon

Data collection trajectory ~50
i —60‘
"T-T BT '

l 7901 \\
L~ 100 \ .
0 y '0 -20

Y(m) w0 X (m)

(A) ()]

#  Beacon
Data collection trajectory
T

Door + Proposed model /

Measurement
Proposed model

z (dBm)

TR =~

270 7 .
Ei: 100 +———7—F7—7++39

©) (D)

FIGURE 5 Path-loss changes in an indoor environment:
(A) test environment for signal diffraction, (B) received signal
strength (RSS) measurements and predictions in log scale for the
signal diffraction test case, (C) test environment for signal
penetration, and (D) RSS measurements and predictions in log
scale for the signal penetration test case.
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logarithmic scale, similar to the area near the beacon.
Figure 5C depicts the experimental setup used to identify
the changes in signal attenuation owing to signal pene-
tration. Figure 5D shows the resulting attenuation, with a
noticeable increase in signal attenuation in the area near
the door. Consequently, the proposed technology adjusts
the degree of signal attenuation on a logarithmic scale
when signal diffraction or penetration occurs.

Before detecting any diffraction or penetration nodes
in the computed signal propagation path, (7) and (8) are
used to estimate signal attenuation. When a diffraction or
penetration node is detected, R is set as the RSS estimate
of the node immediately preceding the event detection.
d is then set as the distance from the diffraction or pene-
tration node rather than from the beacon. Setting the dif-
fraction or penetration node to a reference location, such
as the beacon, could yield a greater signal attenuation
effect. Additionally, when a penetration node is detected,
it is set as the path-loss exponent corresponding to the
wall penetration.

Ri=R,—10-n;-logd,, 1<d<dyp, (10)

e

R;=R,—10-n, -logdy, —10-n;- 10g<d—>, d> dyp.

dip
(11)

Here, R, represents the signal strength of the event
node, and d, represents the distance from the event node.

3.1 | Measurement generation

Indoors, many structures are not marked on the map
image, which can lead to the signal attenuation that does
not decrease uniformly along a logarithmic scale, as
shown in the middle of the corridor in Figure 5D. Model-
ing the signal attenuation caused by numerous unmarked
structures is challenging. Therefore, the proposed tech-
nology corrects the modeling results by using partial area
measurements to improve the accuracy of the fingerprint-
ing database. In this study, we assumed that a data collec-
tion expert would gather data in the field to generate
these measurements. It is also assumed that the collec-
tion expert knows the starting and ending nodes of the
data collection path. During data collection, we identified
the trajectory of the expert using PDR, which is based on
the inertial sensor built into the smartphone. The PDR
trajectory is expressed as follows:

xd =x | +SL- cosy, (12)

ETRI Journal-=WI LEYJ—7
Ye=Y1+SL-siny, (13)

where k is the estimated step number and (x{, y{) are the
PDR coordinates at the kth step. SL and y refer to
the estimated step length and heading, respectively. Pre-
vious research has proposed a method to estimate step
length using a linear combination of acceleration ampli-
tude, step frequency, and sway angle, which are corre-
lated with step length [38]. The proposed technology uses
this method to estimate the travel distance of the collec-
tion expert. Using the PDR trajectory generated through
(10) and (11), we can identify the intersection where a
turn occurs on the digital map. This is achieved by
matching the expert’s trajectory to the digital map using
a map-matching algorithm. The expert’s turn location is
determined using the gyroscope, as shown in Figure 6.
When walking with the smartphone in the hand, the
gyroscope measurements appear as a sine wave owing to
shaking. The proposed technology filters out values less
than 0.2 and greater than —0.2 to eliminate the effect of
steps and accurately identify turns. Values larger than
these ranges are integrated, and if they exceed 30, they
were determined to be a turn.

The proposed technology accurately computes the
walking path by matching the turn points in the expert’s
PDR trajectory with the intersections on the digital map.
The method used to match the PDR trajectory with the
intersections is as follows:

d
Xy

t t

. (xm _xmfl)
c . .
xl:n - (xg _xcli) . ’ (14)

"

3

8
03 Gyroscope Meas.
-1.0f —=<— Filtered Meas.
-1.5f |
—2.0F | . ‘ ‘ . J

2.55 2.60 2.65 2.70 2.75
Epoch %104

FIGURE 6 Turn detection through gyroscope measurements.
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Here, (x{,,.)},) represents the coordinate vectors
scaled by the distance between intersections, matching
the coordinates of the turn points in the PDR trajectory.
(x§..)5.c) represents the PDR coordinate vectors, shifted
around the center of the intersection. m and n denote the
number of turns and PDR locations between turns,
respectively. In other words, the proposed technology
performs map matching on the PDR locations between
turns based on intersection locations. It then corrects the
RSS distribution modeling results using the RSS values
from the corrected PDR trajectory.

3.2 | Measurement update

As mentioned earlier, predicting the exact RSS distribution
is challenging because of the numerous structures that are
not marked on the indoor map. Highly accurate localiza-
tion can only be achieved through actual data collection
and the construction of a fingerprinting database. There-
fore, a method that significantly reduces the time and cost
required to build an accurate fingerprinting database is
essential. This study aims to reduce the time required for
database construction and improve accuracy by correcting
the predicted RSS distribution using measurements from
partial areas. While the RSS at the actual measurement
locations does not require correction, areas where data
have not been collected must undergo correction using the
collected data to achieve higher localization accuracy. The
correction method using measurements for areas where
data were not collected is as follows:

S w;- (RSS,; — RSS,)

RSS. = , 18
PR 18)
1

Here, RSS,, RSS,,;, and RSS, represent the corrected,
measured, and calculated RSS, respectively. w; is the
weight used to adjust the difference between the mea-
sured and predicted values based on the distance (f)

between the measured value and the location to be cor-
rected, as shown in (19). n is the number of collection
locations within 50 m of the location to be corrected. That
is, the proposed technology performs corrections even if
only one measurement is located within 50m of the
unmeasured location.

4 | TEST RESULTS

41 | Testenvironment

To verify the performance of the proposed technology, we
selected an indoor space measuring 80 m x 60 m consist-
ing of large halls, corridors, and rooms, as shown in
Figure 7. The installed beacon was a plug-in type, powered
through a USB port. The beacon transmitted a signal every
10 ms with a transmission power of 8 dBm. Seven beacons
were installed at locations where wall sockets were avail-
able, regardless of their height. Additionally, we used a
Samsung Galaxy S20 Ultra to collect data for correcting
the RSS distribution and performing localization tests.

To verify the performance of the proposed technol-
ogy, we collected RSSI data directly from the test site,
built a fingerprinting database, and used it as a reference
for the RSS distribution. In our previous work [31], we
proposed a method for constructing an indoor finger-
printing database based on measurements. This method
generates an accurate data collection path by applying a
map-matching algorithm to the PDR trajectory of a col-
lection expert. To model hall or room areas as fully popu-
lated with RSS, an interpolation method was applied
within the collection paths. For areas outside the collec-
tion path, a propagation method was used to ensure
localization performance remains robust against the PDR
drift inherent in SC technology. In this study, perfor-
mance verification was conducted by comparing the pro-
posed technology with a reference RSS distribution built
using the conventional proposed technology. To compute
the RSS distribution prior to testing, we generated a digi-
tal map by directly drawing features such as walls, doors,
and walking paths, as shown in Figure 2.

FIGURE 7 Testsite and beacon installation locations.
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4.2 | Performance analysis

Using the digital map, we generated a propagation cost
vector, as shown in Figure 3. To compute the RSS distri-
bution for each beacon at the test site, the beacon loca-
tions were set on the digital map, and the proposed
signal propagation model was applied. Figure 8A-G illus-
trates the RSS distributions computed using this model.
The beacon coverage is depicted in Figure 8. By analyzing
beacon coverage before installing beacons at a service
site, areas with potentially low localization performance
can be identified. This enables informed decisions about
whether additional beacons are needed or existing bea-
con locations should be adjusted before infrastructure
construction.

Accurately predicting RSS distribution is challenging
because the proposed technology relies only on wall and
door information marked on the indoor map. To address
this, the proposed technology corrects the RSS distribu-
tion using measurements from partial areas rather than
the entire indoor area. Figure 9 shows the measurements
used for the RSS distribution correction. We minimized
overlapping walking paths and ensured that every path
was walked at least once and twice. Additionally, rooms
where data collection was more challenging than in open
halls or corridors were excluded. Figure 10A-D shows
the errors in the RSS distribution computed using the
proposed technology for each RSS section. As mentioned
previously, the long-function-based path-loss model is
inaccurate in areas with weak signal strength. Before the
RSS distribution correction, the root mean square error
(RMSE) for each section was 5.82 dBm, 7.84 dBm, 7.93
dBm, and 11.63 dBm, respectively. After the correction,

10 20 30 40 50 60 70 80 90 10 20 30 40 50 60 70 80 90 95
X(m) X(m)

(A) (B)

—50 —-50

10 20 30 40 50 60 70 80 90 | 10 20 30 40 50 60 70 80 90 95
X(m) X(m)
—100 100

(E) (F)
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the RMSE values were 3.34 dBm, 3.65 dBm, 4.57 dBm,
and 9.08 dBm, respectively. These results demonstrate
that the accuracy of the proposed technology was signifi-
cantly improved by incorporating measurements col-
lected from partial areas.

To demonstrate that the results of the proposed
technology can be used as a fingerprinting database, we
conducted localization tests for four scenarios, as shown
in Figure 11. The test scenarios consisted of the following:
(i) walking in a corridor to a data-uncollected room, (ii)
walking within a hall with low signal discernment, (iii)
moving between halls, and (iv) moving between a corri-
dor and small rooms where data were not collected.
Figure 12A-D shows the localization results for each test
scenario. The blue line represents the localization results
using the RSS distribution as a fingerprinting database

55
—60
—65
- =70
B g
>~ 757
—-80
-85
-90
10 20 30 40 50 60 70 80 90 95
X(m)
-100
FIGURE 9 Measurements used for the correction of the
model-based received signal strength distribution.
=50 -50
55 55
—60 —60
65 —65
=70 g 77OE
-755 —752
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10 20 30 40 50 60 70 80 90 10 20 30 40 50 60 70 80 90
i .
© (D)

10 20 30 40 50 60 70 80 90
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(&)

FIGURE 8 Received signal strength distribution computed according to the signal propagation path and attenuation calculation:
(A) Beacon 1, (B) Beacon 2, (C) Beacon 3, (D) Beacon 4, (E) Beacon 5, (F) Beacon 6, and (G) Beacon 7.
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FIGURE 10 Modeling and measurement-based correction
errors for each received signal strength section: (A) up to —60 dBm,
(B) —70 dBm to —60 dBm, (C) —80 dBm to —70 dBm, and (D)
—100 dBm to —80 dBm.
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FIGURE 11 Localization test scenarios using a model-based
fingerprinting database.

before the measurement-based correction. The red line
represents the localization results using the RSS distribu-
tion with the measurement-based correction applied as a
database. The green line represents the localization
results using the reference RSS distribution as a database.
Evidently, the localization accuracy was very low because
the database before correction did not accurately reflect
the RSS changes caused by the structures. However, after
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FIGURE 12 Localization results for each test scenario:
(A) Scenario 1, (B) Scenario 2, (C) Scenario 3, and (D) Scenario 4.

45 45
w0 ] —— DB before Meas. Update 40| —— DB before Meas. Update
" Meas.-based DB [| —=— Meas.-based DB
35 ——— DB after Meas. update 35 || —— DB afier Meas. update
30 30 /‘
E E
225 W /‘ =25 ﬂ‘
| | 1/
£ | /1 g FARNY.
520 }/ ‘ . / 520 ‘|‘ f 4
/ W i o 1 ‘ s
|
15 7o | W\ l’ ‘/ I
wr SN ' | v
/ Wt H‘*M'M‘N | L I
5 { ‘ SN i |
If e 1 emnell, |
g S o et et
% 50 100 150 200 100 150
Step Step
(A) (B)
45 45
—— DB before Meas. Update —— DB before Meas. Update
40 Meas.-based DB 40 Meas.-based DB
35 ——— DB after Meas. update 35l ——— DB afier Meas. update
30 30
E2s Eas
5 5
520 520
15 15¢0]
il
10 10r 1)
I\ | ey A
ST WA ‘ ] st V=
g NN B il o N -
ottt " -Y‘*\WM b 0 T g g, P \idior
0 50 100 150 200 0 20 40 60 30 100
Step Step
© (D)

FIGURE 13 Localization error at each step for the test
scenarios: (A) Scenario 1, (B) Scenario 2, (C) Scenario 3, and
(D) Scenario 4.

applying measurement-based correction, the RSS changes
resulting from the structures were incorporated in the
database, resulting in a much higher accuracy, compara-
ble to the reference RSS distribution results. Because the
proposed technology can correct areas without measure-
ments, the localization performance remains stable even
in regions where data have not been collected. Figure 13
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shows the localization errors for each step. The black
lines represent the localization errors when SC utilizes
the RSS distribution before measurement-based correc-
tion as the fingerprinting database. As shown in
Figure 10, the localization performance is highly unstable
owing to modeling errors. SC technology can produce
large localization errors before sufficiently long spatial
RSS patterns are accumulated; however, stable localiza-
tion performance is achieved once these patterns are
accumulated. Nevertheless, because the database contains
significant errors, localization errors persist regardless of
the extent to which spatial RSS patterns are accumulated.
After the measurement-based correction, the initial error
of SC technology was significantly reduced, confirming
that the modeling results were effectively corrected using
only measurements from partial areas. Table 1 summa-
rizes the localization errors for each test scenario. From
the table, it can be seen that accurately reflecting the RSS
changes caused by various indoor structures in a finger-
printing database using signal modeling alone is challeng-
ing. By incorporating measurements, RSS changes can be
easily accounted for in the fingerprinting database. Nota-
bly, RSS changes influenced by structures in the finger-
printing database can be reflected by collecting data from
partial areas rather than the entire indoor space, enabling
accurate localization. To improve database accuracy, the
method in Ali and Pahlavan [31] requires walking all
indoor routes multiple times. In this study, we walked
1078.15 m to build a reference database for the environ-
ment. For the measurement-based correction, data collec-
tion required walking only 442.79 m. Assuming an expert
walks with a step length of 0.65 m and an average of 1.5
steps per second, the proposed technology requires a
walking time of 7 min and 56 s, while the conventional
technology requires 18 min and 52 s. Thus, the proposed
technology can be used to quickly build a fingerprinting
database with an accuracy comparable to that of conven-
tional database construction. Additionally, the data col-
lection path for measurement updates can be further
shortened. When the modeling results were corrected by
excluding the path of Test Scenario 3 in Figure 9, the
RMSE was 4.07 dBm, 5.63 dBm, 6.50 dBm, and 9.75 dBm
for each RSS section. Using the corrected database, the
localization error in Test Scenario 3 increased from 1.61

TABLE 1 Localization errors (RMSE) for each test scenario.

Scenario 1
DB w/0 meas. update (m) 13.41
DB w/ meas. update (m) 1.60
Meas.-based DB (m) 1.06

Abbreviations: DB, database; RMSE, root mean square error.
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m to 4.85 m. This confirms that the data collection path
should be designed so that the update point lies within a
range of 50 m to build a more accurate database.
Crowdsourcing technology is essential for quickly
building fingerprinting databases for numerous indoor
spaces. Figure 14 shows the localization results of apply-
ing the RSS distribution to SC-based localization technol-
ogy without measurement updates to the fingerprinting
database. This result represents the localization using all
moving trajectories as the spatial RSS pattern of SC tech-
nology. In SC technology, the localization accuracy
improves as the accumulated RSS pattern length
increases. Based on the results of Test Scenario 2, which
had the shortest pattern length among the test scenarios,
if the data collector walked more than 52.31 m, the path
taken by the collector could be determined accurately, as
shown in Figure 14B. Therefore, it is possible to accu-
rately match the RSS distribution modeling results with
the collected data through crowdsourcing, without the
need for expert data collection. By correcting the

@  Current location
—#— Trajectory

®  Current location
—#— Trajectory

0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90

®  Current location
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FIGURE 14 Surface correlation-based localization results to
confirm the feasibility of introducing crowdsourcing in database
construction: (A) Scenario 1, (B) Scenario 2, (C) Scenario 3, and
(D) Scenario 4.

Scenario 2 Scenario 3 Scenario 4
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2.04 1.61 1.20
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modeling results using trajectory information and mea-
surement updates matched with the SC results, a large
number of fingerprinting databases can be built more
quickly and accurately through crowdsourcing.

5 | CONCLUSIONS

Compared to timing-based localization technology,
fingerprinting-based localization technology is more
robust to signal multipath problems, making it highly use-
ful for indoor localization. However, it typically requires a
significant amount of time to survey the entire indoor
space. This study proposes an indoor map-based RSS dis-
tribution modeling technology to quickly and accurately
build a fingerprinting database for indoor localization.
The proposed technology predicts the signal propagation
path using the spatial propagation cost generated from an
indoor map. It detects signal diffraction and penetration
along the computed path and adapts the signal attenua-
tion model to calculate the RSS distribution for the entire
indoor space. Most indoor maps do not include the exact
location and material of structures, making it difficult to
accurately model RSS changes. Therefore, the proposed
technology corrects the modeling results using measure-
ments from partial areas rather than the entire indoor
space. This improves the accuracy of the fingerprinting
database and significantly shortens the construction
time compared to conventional database construction
methods. In this study, we verified the performance of the
proposed technology by conducting several tests within a
building with a complex structure. By comparing the
accuracy and localization performance with a fingerprint-
ing database generated using measurements of the entire
indoor space, it was demonstrated that the proposed tech-
nology can build a database accurately and quickly.
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