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ABSTRACT This paper proposes a novel indoor localization method based on sequential motion tracking (SMT) using a topological path map that can improve the shortcomings of traditional methods using
range-only measurement sensors. The proposed method consists of map generation and location estimation.
First, in the map preparation, we present the construction method of a radio fingerprint map and the
topological path map. The radio fingerprint map contains radio signals moderated by a median filter, and
the topological path map includes possible path motions in the form of nodes and edges using a floorplan
drawing. Second, for location estimation, fingerprint analysis and SMT methods are developed. Fingerprint
analysis finds the global region based on a histogram evaluation between the radio fingerprint map and online
observations, which rely on Wi-Fi. The SMT determines the optimal position on the topological path map
by considering the historical motion data and the fingerprint analysis result. Finally, the experimental results
show that the proposed method is robust to the uncertainty of the fingerprint analysis using the range sensors
and that it can accurately track global positions with efficient computations.
INDEX TERMS Fingerprint analysis, indoor localization, range measurement sensor, sequential motion
tracking, topological path map.

I. INTRODUCTION

Currently, indoor localization technology is becoming gradually more significant given the increased level of demand
for location-based services (LBS) capable of obtaining
highly accurate physical locations of devices or people in
indoor environments [1], [2]. It is important in the expanding
field of LBS to include indoor navigation [3], smart-home
systems [4], disaster management [5], business analytics [6],
human resource management [7] and a number of other functions. These applications require indoor localization technology that can achieve high accuracy, broad public usability,
and reliable performance to match the capabilities of outdoor
GPS.
As the simplest LBS at the system level, specially designed
beacons and stations can be installed in indoor spaces to
The associate editor coordinating the review of this manuscript and
approving it for publication was Eyuphan Bulut.
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provide reliable position information. The additional infrastructure for LBS requires various specifications, such as ultrawideband (UWB) [8], radio frequency identification devices
(RFID) [9], barcoding technology [10], visible light [11], and
acoustic signals [12], among others depending on the application. These approaches are widely used in the industrial
and small business realms, such as logistics warehouses,
hospitals, and factories of all sizes due to their excellent
localization stability. The additional costs of the required
hardware when configuring LBS, however, present a critical
obstacle preventing wider public use.
For cost-effective LBS at the device level, mobile personal
devices such as smartphones and wearable devices are used
to estimate indoor positions by observing the radio signals
of surrounding Wi-Fi [13], [14]. This approach has grown
to be the most commonly used localization method in public LBS given that the wide-scale proliferation of mobile
devices with wireless communication capability has made the
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localization of such devices synonymous to the localization
of the corresponding users. It is possible to implement a lowcost LBS system even in a pervasive network environment
with existing radio communication and Wi-Fi signals without
building additional infrastructure for LBS.
The fingerprint analysis is the most prevalent localization
method based on Wi-Fi devices at the region-level of fingerprint resolution for academic and commercial localization
systems [15], [16]. In the offline phase, the map-generation
module should compile a radio signal map or a database with
fingerprints or scene sets of received signal strength (RSS)
levels for locations at a specified density for a point of
interest. In the online phase, the localization module selects
the location of the fingerprint having the highest similarity
by matching the observed RSS readings against the radio
signal map. A number of algorithms have been developed
to calculate the similarity, which is expressed as a likelihood value. These include probabilistic methods [15], [17],
artificial neural networks [18], the k-nearest neighbor (kNN)
method [19], and the support vector machine (SVM) [20].
Despite advances in algorithmic techniques, however, this
approach is limited in its ability to improve the accuracy
beyond fingerprint-level resolutions.
An inertial-based method has also been developed with
various filters to improve the accuracy of fingerprint
analyses by fusing dead-reckoning data and Wi-Fi radio
signals [21], [22]. This approach is becoming more popular
with the advent of mobile devices equipped with accelerometers and gyroscope sensors. In this approach, the representative methods involve the use of Kalman filters [23], information filters [24], and particle filters [25], which enable
localization even in the region where there is no radio signal
map between the fingerprint nodes.
However, the inertial-based method has certain technical limitations, specifically the accumulated measurement
errors of the sensor and the computational burden of the
algorithm [26], [27]. With regard to the first issue, filters
employing a motion model with a high degree of freedom
easily encounter falsely estimated locations when the cumulative errors of dead-reckoning measurements exceed a critical
point or with heavy multipath effects of Wi-Fi radio signals in
an indoor environment. Regarding the second issue, the filters
associated with this method require strong computational
resources to operate the complex algorithms; e.g., the particle
filter should calculate iterative processes which can manage
several hundreds of samples. This is a major obstacle when
applying the inertial-based localization method to mobile
devices given their limited computing ability.
This paper proposes an indoor localization method based
on sequential motion tracking (SMT) to mitigate the shortcomings of the inertial-based method using range measurement sensors. SMT can estimate accurate locations and track
continuous trajectories by fusing topological path map and
historical motion data based on fingerprint analysis results.
The novelty of SMT can resolve the incorrect localization problem which arises due to unstable results of
46188

fingerprint analyses and the accumulated errors of deadreckoning measurements, by matching the local sequential
trajectories between a topological path map and historical
motion observations. In addition, SMT finds the optimal location on the topological path map with relatively few computational resources and relatively few hypotheses as well. It is
effective for the mobile devices such as the smartphones and
the wearable devices that should manage low computational
complexity to expand the usability of indoor localization.
This research makes two major contributions in the areas of
map generation and range-based localization. First, we define
the map data and develop the map-building method required
for localization in indoor environments. The map data consists of a radio fingerprint map and a topological path map.
The radio fingerprint map for the fingerprint analysis contains
basic radio information including the acquisition location,
the RSS value, and the media access control (MAC) address,
corresponding to the Wi-Fi device installed in the space.
The topological path map for SMT stores sequential motion
data consisting of the nodes and edges as motion candidates
with which to connect the locations of the different fingerprints. The map-generation method can extract the node and
edge data between the locations of the fingerprints using
the floorplan data for the indoor space and a path-planning
algorithm.
Second, we propose a new hierarchical localization framework with only range sensors. The localization framework
consists of a fingerprint analysis and the SMT method, which
work in a complementary manner to improve the accuracy of
estimating locations and tracking trajectories. The fingerprint
analysis finds the global region of the current location by
matching Wi-Fi observations against a radio map. This allows
the selection of a specific region of fingerprints to extract
the candidate group of trajectories. SMT determines a certain
trajectory in the resulting area of the fingerprint analysis
using historical motion changes and the topological path map.
It chooses the optimal trajectory and calculates the accurate
location considering the motion histories.
The paper is organized as follows. Section II defines the
map data and explains the map-building method. Section III
presents the localization method, consisting of the fingerprint analysis and the SMT method. Section IV evaluates the
effectiveness of the proposed method experimentally. Finally,
conclusions are discussed in Section V.
II. MAP GENERATION

A map is a key form of media which delivers spatial information with which to perform successful localization. Over
the past three decades, many researchers have developed
various mapping methods for indoor localization. In those
studies, it was necessary to undertake simultaneous localization and mapping (SLAM) or concurrent mapping and
localization (CML) given that the mapping and localization
performances affect each other significantly. As a practical
approach, spatial data annotated with acquired locations are
constructed with the SLAM technology [28], [29], updated
VOLUME 7, 2019
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by crowdsourcing [30], [31], and provided for the localization method in advance.
This section defines the typical formats of the radio fingerprint map and the topological path map. Subsequently,
it explains the method used to extract the map information
from spatial data including radio signals and the floorplan
data according to the measured locations. First, the radio
fingerprint map is obtained with a median filter, which is
based on the inter-point distance, to reduce the effects of
local noise caused by dynamic changes in the environment.
Second, the topological path map is automatically produced
based on the path-generation algorithm using the floorplan
drawing and the locations of fingerprints.
A. RADIO FINGERPRINT MAP

The radio fingerprint map provides radio signal data measured at an interesting point called the fingerprint, as used
in the fingerprint analysis to find the region which includes
the current location. Spatial data processed by SLAM or
crowdsourcing are used to build the radio fingerprint map.
The basic unit of the radio fingerprint map Mf is a fingerprint
node bi as follows:
Mf = {bi |i = 1, . . . , B },

(1)

where Mf is defined as the group of B fingerprint nodes. Each
fingerprint node contains the location of the place (x̄i , ȳi )
where the radio signal data are measured. Each also contains
the MAC address mcj and the RSS values rssj of the surrounding R Wi-Fi access points, expressed as follows:
bi = (x̄i , ȳi , ri ),

ri = {mcj , rssj |j = 1, . . . , R }.

(2)

The MAC address is a unique identifier corresponding to
the Wi-Fi device, and it can be used as an indicator to compare
the current observation to the radio fingerprint map. The
fingerprint analysis evaluates the RSS difference between the
radio fingerprint map and the current measurement and then
selects the best fingerprint node, which yields the lowest RSS
difference.
The RSS values in the fingerprint node are calculated using
a median filter to smooth the noise of the radio signals in
the spatial data. The RSS information in the spatial data
includes noise stemming from various disturbances, such as
structural barriers, certain materials, and electronic facilities
in the indoor environment. In particular, Wi-Fi radio signals
are influenced by dynamic changes in the space, such as the
movement of people or any interior remodeling taking place.
Therefore, reducing the noise in the radio signal is important
for an accurate fingerprint analysis, and the median filter can
help moderate the effect of radio noise in the fingerprint node.
Figure 1 describes the concept of evaluating RSS values
of the radio fingerprint map using the median filter. The
Euclidean distance Dm represents the coverage region of one
fingerprint node and is predetermined by the resolution of the
fingerprint analysis. To build the radio fingerprint map, Dm
is assigned as a threshold parameter to segment the spatial
data into the clusters using k-d tree [32]. In the i-th cluster,
VOLUME 7, 2019

FIGURE 1. Fingerprint data as calculated by a median filter. The spatial
data is divided into clusters based on geometric distance Dm using k-d
tree. Given the i -th cluster, the location of the i -th fingerprint node
(x̄i , ȳi ) (black dot) is calculated by the middle point of the measuring
points of the spatial data (gray dots). And the RSS value rssj is
determined by the average of all RSS values having the same MAC
address mcj in the i -th cluster data.

the middle point of the spatial data is defined as the location of
i-th fingerprint node (x̄i , ȳi ). If Q radio signals have the same
MAC addresses (∀mcq = mcj ) in the i-th cluster, the RSS
value rssj is defined as the average RSS value of the spatial
data as follows:
Q

rssj =

1X
rssq ,
Q

∀mcq = mcj .

(3)

q=1

Note that, the measuring point (xq , yq ) corresponding to rssq
is within the distance Dm from the fingerprint location (x̄i , ȳi )
because it should satisfy the clustering condition based on the
threshold distance.
B. TOPOLOGICAL PATH MAP

The topological path map provides movable motion trajectories in the form of motion nodes and edges in the SMT
localization method. The method of building the topological
path map has two steps. First, a grid-based map in a pixel-wise
format represents the existence of objects [33]; it is extracted
from the floorplan data with the physical scale of one grid
cell. The nodes and edges of the movable motions then form
the basic configuration of the topological path map. These are
calculated based on the A* [34] and Bresenham’s line [35]
algorithms using the grid-based map and the locations of the
fingerprints. The motion node and edge information are used
as reference data during the SMT localization method.
The grid-based map is composed of many grid cells illustrating the locations of objects in the space. In many types of
floorplan information, an image in raster format represented
by a combination of pixels can be converted into a gridbased map with the physical resolution of one pixel (grid
cell). Each grid cell has an occupancy value representing the
presence or absence of an object. The occupancy value is
used to identify the structure of the space and serves as key
information when generating paths which allow the possible
avoidance of obstacles.
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Using the grid-based map, the path map Mp corresponding
to the combinations of the locations of B fingerprints is
obtained by A* and Bresenham’s line algorithms, as follows:

Mp = pij |i 6 = j; i = 1, . . . , B ; j = 1, . . . , B , (4)
where pij denotes the path motion connecting the locations
of the i-th and the j-th fingerprint nodes. The function fp
generates the path motion between two fingerprint node bi
and bj and the basic configuration of the path motion is Pij
sets of motion nodes vkij and edges ekij as follows:
pij = fp (bi , bj ; Mg ) = {vkij , ekij k = 1, . . . , Pij },

(5)

where Mg is the grid-based map extracted from the floorplan and Pij is variable depending on the input of the fingerprint nodes. The k-th motion node vkij is defined as the
locations of the starting and arrival points of straight line
(xskij , yskij , xekij , yekij ) that are connected without hitting any
obstacles. And the k-th motion edge consists of the length
dijk and the orientation angle φijk as follows:
vkij = (xskij , yskij , xekij , yekij ),

ekij = (dijk , φijk ).

(6)

When two locations in the motion node data are determined
by the path-generation algorithm, the length and the orientation of the motion edge data are calculated by the simple
geometrical relationships below:
q
dijk = (xekij − xskij )2 + (yekij − yskij )2
!
yekij − yskij
k
−1
φij = tan
.
(7)
xekij − xskij
In the path map, the locations of two fingerprint nodes
bi and bj are set as the starting location of the first motion
node (xs1ij , ys1ij ) and the arrival location of the last motion node
P

P

(xeij ij , yeij ij ), respectively, as follows:
(xs1ij , ys1ij ) = (x̄i , ȳi ),

P

P

(xeij ij , yeij ij ) = (x̄j , ȳj ).

(8)

Figure 2 shows the method used to extract the path motions
of the topological path map between two fingerprint nodes.
When the locations of the two fingerprint nodes are selected
on the radio fingerprint map, the A* path generator extracts
the optimal approach, consisting of a grid combination with
the shortest distance which avoids obstacles. This grid set is
converted to a group of path motions consisting of nodes and
edges by Bresenham’s line algorithm. As Bresenham’s line
algorithm rapidly searches the pixel indices corresponding to
a certain line on an image, it is used to find the arrival location
of the motion node on the topological path map. While moving from the starting location of the motion node along the
grid set with the shortest path, the grid cell requiring a change
of the moving direction is determined as the arrival location
of the motion node. Algorithm 1 explains the function fp used
to extract the motion nodes and edges of the topological path
map.
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FIGURE 2. Generating the motion nodes and edges of the topological
path map. When two locations of the fingerprint nodes are chosen in the
radio fingerprint map, the A* algorithm computes a grid set
{gh h = 1, . . . , H } with the shortest path using the grid-based map. The
Bresenham’s line algorithm then converts the grid set into the path
motion consisting of the nodes and the edges {vkij , ekij }.

III. LOCALIZATION FRAMEWORK

Localization framework is designed based on a hierarchical estimation approach consisting of a fingerprint analysis
and the SMT method. First, the fingerprint analysis finds
the global region which includes the current location using
the (radio) fingerprint map and radio signal measurements,
after which the SMT method determines the exact location
on the topological trajectory using the (topological) path map
and the dead-reckoning motion. Despite the fact that range
sensors such as a Wi-Fi receiver and dead-reckoning devices
measure the radio signal and the local motion data with
large errors, respectively, the SMT method can estimate the
accurate locations by periodically correcting the errors with
the path map.
A. FINGERPRINT ANALYSIS

The main objective of the fingerprint analysis is to search for
the global region in which the current location exists using
the fingerprint map and radio observations. The fingerprint
analysis uses three steps, as shown in Figure 3.
1) RADIO SIGNAL OBSERVATION

The Wi-Fi receiver measures the current observation of the
radio signal data zt at time t via
zt = {(mcti , rssti ) |i = 1, . . . , Z },

(9)

where the current radio signal is composed of Z datasets with
the MAC address mcti and the RSS value rssti .
2) LIKELIHOOD CALCULATION

The function of likelihood values L(zt ; Mf ) is defined using
the similarity of the RSS values between the current observation zt and the fingerprint map Mf :
L(zt ; Mf ) = {`i |i = 1, . . . , B }.

(10)

Here, `i is determined to correspond with the i-th fingerprint
node bi ; hence, the size of the likelihood set is equal to the
VOLUME 7, 2019
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FIGURE 3. Flowchart diagram of the fingerprint analysis and SMT method
to implement accurate localization using range measurement sensors
only. The fingerprint analysis finds a global region covering the current
location using the Wi-Fi receiver and the fingerprint map, after which the
SMT estimates the current location in the global region of the fingerprint
analysis using the dead-reckoning sensor and the path map.

number of fingerprint nodes. Each likelihood value is calculated according to the product of the probability depending
on the RSS residual between the current observation and the
reference of fingerprint node as follows:
`i = P(z |bi ) =
t

Z
Y
j=1

∀(mci = mctj ), rssi ∈ bi , rsstj ∈ zt , (11)
where the MAC addresses mci and mctj are used as identifiers
to find the compared RSSI values. The residual corresponding to each MAC address (rssi − rsstj ) is then a variable to
calculate the likelihood value using a Gaussian probability
distribution with the predefined standard deviation σr .
3) GLOBAL REGION SEARCH

The region in the global coordinates in which the current location is included is determined by choosing the most closely
matching fingerprint node by:
i = 1, . . . , B,

(12)

bi

where bg is the highest likelihood value among all the fingerprint nodes. The global region of the fingerprint analysis Rg
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is defined as the candidate area in which the current location
exists as follows:
Rg = E[(x̄g , ȳg ), 6g ].

Pσr (rssi − rsstj )

bg = arg max `i ,

Algorithm 1 Generation of the Path Motions Using the Locations of Fingerprints and the Grid-Based Map
1: Calculate the shortest grid cells {gh |h = 1, . . . , H }
between fingerprint nodes bi and bj using the A* algorithm with the grid-based map Mg
2: Initialize the index of the grid cells and the path motions:
h ← 1, k ← 1
3: Assign a location of fingerprint node bi as the starting
location of the first motion node: (xskij , yskij )k=1 ← (x̄i , ȳi )
4: for h = 2 to H do
5:
Generate a Bresenham’s line from the starting location
of motion node (xskij , yskij ) to the grid cell gh
6:
if the Bresenham’s line crosses an obstacle then
7:
Assign a location of grid cell gh as an arrival location
(xekij , yekij ) of the motion node
8:
Calculate the length dijk and the orientation angle φijk
of the motion edge
9:
Add the new path motion {vkij , ekij } and k ← k + 1
10:
Set the arrival location of the latest motion node
as a new starting location of the motion node:
k−1
(xskij , yskij ) ← (xek−1
ij , yeij )
11:
end if
12:
h←h+1
13: end for
14: Assign the size of the path motion: Pij ← k
15: Assign the location of the fingerprint node bj
to the arrival location of the last motion node:
(xekij , yekij )k=Pij ← (x̄j , ȳj )
16: Calculate the length (dijk )k=Pij and orientation angle
(φijk )k=Pij of the last motion edge
17: Add the last path motion: {vkij , ekij }k=Pij

(13)

The location of fingerprint node bg is set to the middle point
of the current global region (x̄g , ȳg ), and the uncertainty 6g
is the radius of a circle predefined as a few dozen meters
reflecting the accuracy of the fingerprint analysis. Rg provides useful information that is used in the SMT method to
select an adequate topology trajectory on the path map.
B. SEQUENTIAL MOTION TRACKING

The SMT method can estimate the location accurately using
a dead-reckoning sensor, such as an inertial measurement
unit (IMU) and a gyroscope. The SMT fuses the various
forms of information, including the topology trajectory of the
path map, the global region of the fingerprint analysis, and
the historical motion variation of the dead-reckoning sensor,
in order to determine a precise localization. This process
has five major steps, as shown in Figure 3. First, the SMT
extracts adequate path motion from the path map within the
global region from the fingerprint analysis. Second, random
46191
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FIGURE 4. Extraction of the path motion candidates from the path map and assignment of the hypothesis using the global region from the fingerprint
analysis in accordance with steps (a) to (c). (a) The path motions in the path map are extracted from the grid-based map considering the obstacle
avoidance. (b) The group of candidate path motions Ptg is selected from the path motions in the path map by using the condition that the starting
location of the motion node is included within the global region Rg . (c) The path motion of the i -th hypothesis pti is randomly assigned as one of the
candidate path motions Ptg . And the state of the i -th hypothesis xti is initialized as the starting location and the orientation of the path motion pti .

hypotheses representing the current locations are assigned
with regard to the extracted path motions. Third, the location
of each hypothesis is evaluated by means of likelihood calculation by matching of the sequential motion data between
the path map and the dead-reckoning measurement. Fourth,
the best hypothesis with the highest likelihood is selected as
the current location. Last, each hypothesis is checked with
two constraints, the global region condition and the edge
length condition, to improve the robustness of hypothesis
allocation.
1) PATH MOTION EXTRACTION

Path motions corresponding to the current location are
selected from the path map when utilizing the SMT method.
The group of candidate path motions Ptg should meet the
condition such that the starting location of the first motion
node (xs1gj , ys1gj ) is included within the global region 6g of
the fingerprint analysis:
Ptg = f (Mf ; Rg )
= {pgj

(x̄gt , ȳtg ) − (xs1gj , ys1gj ) ≤ 6g ;

j = 1, . . . , B }.
(14)

2) NEW HYPOTHESIS ASSIGNMENT

A group of hypotheses Xt consists of the hypothesis data xti ,
the importance weight wti , and the path motion pti , as follows:
Xt = {(xti , wti , pti ) pti ∈ Ptg ; i = 1, ..., X },

(15)

where X is the size of the allocated hypotheses. The path
motion pti is randomly selected from the pool of the candidate
path motions Ptg and consists of Pi sets of motion nodes and
edges. Each hypothesis data xti is defined as a state (x̃it , ỹti , θ̃it )
and the state motion, consisting of the moving distance and
the turning angle (d̃it , ϕ̃it ), as shown below:
xti

=

[(x̃it , ỹti , θ̃it ),

(d̃it , ϕ̃it )].

(16)

The importance weight wti corresponding to each hypothesis consists of the dead-reckoning motion (d̂it , ϕ̂it ) and the
46192

likelihood probability wti ,
wti = [(d̂it , ϕ̂it ), wti ],

(17)

where (d̂it , ϕ̂it ) represents the accumulated distance and angle
of the dead-reckoning measurement, and wti is an indicator
of the similarity between the path motion and the deadreckoning observation. Note that (d̂it , ϕ̂it ) and (d̃it , ϕ̃it ) are
independent information not affecting each other. Unlike
(d̃it , ϕ̃it ), (d̂it , ϕ̂it ) is updated using only the measured deadreckoning observation without any noise models.
In this stage, if a new hypothesis needs to be added to the
group of hypotheses, the initial state (x̃it , ỹti , θ̃it ) is assigned as
the starting location of the first motion node (xs1i , ys1i ) and the
orientation angle of the first motion edge φi1 in the allocated
path motion pti . As the state motion and the dead-reckoning
motion, the moving distances (d̃it , d̂it ) and the orientation
angles (ϕ̃it , ϕ̂it ) are initialized to zero and φi1 , respectively. The
initial likelihood probability wti should be normalized as 1/X
in accordance with the total number of hypotheses X .
Figure 4 illustrates the process of the first and second steps
of the SMT method, i.e., extracting the group of candidate
path motions and setting the data for the hypothesis. The
small points and the arrows represent the path motions, which
consist of nodes and edges. The candidate path motions Ptg
are located inside the global region Rg from the fingerprint
analysis as expressed by the large dotted circle. They serve
as candidates to allocate the path motion of the hypothesis in
use. The state of the i-th hypothesis xti is designated using the
path motion pti , which is randomly selected from the group
of candidates Ptg .
3) HYPOTHESIS UPDATE

The likelihood of an importance weight represents the degree
of matching between the dead-reckoning motion (d̂it , ϕ̂it )
and the state motion (d̃it , ϕ̃it ). To calculate this likelihood,
the dead-reckoning motion and the state motion are estimated with prior information and the recent motion action
VOLUME 7, 2019
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[1d t 1ϕ t ]T as follows:
 t   t−1  

1d t
d̂i
d̂i
=
+
1ϕ t
ϕ̂it
ϕ̂ t−1
 t   it−1  
  t 
ed
1d t
d̃i
d̃i
=
+
.
t + et
t
t−1
1ϕ
ϕ̃i
ϕ̃i
ϕ

(18)

The state motion (d̃it , ϕ̃it ) should be updated by the motion
action (1d t , 1ϕ t ) and the dead-reckoning noise (etd , etϕ ).
Noise can be randomly added to the state motion with the
zero-mean Gaussian function in order to reflect the errors of
the motion action.
The likelihood probability function has two weight arguments Pσd and Pσθ which are calculated using the deadreckoning motion and the hypothesis data following the path
motion as follows:
wti = P(d̂it , ϕ̂it xti ) = Pσd (d̂it − d̃it ) · Pσθ (ϕ̂it − ϕ̃it ).

(19)

The likelihood probability wti is determined by the product
of two Gaussian distributions with zero means and predefined
standard deviations of σd and σθ . The functions of the distributions Pσd and Pσθ respectively calculate the similarity
of the distance (d̂it − d̃it ) and the heading angle (ϕ̂it − ϕ̃it )
between the accumulated measurement by dead-reckoning
and the estimated state motion of the hypothesis.
The state of the hypothesis is updated by composing the
starting location of the current node of path motion (xski , yski )
and the estimated state motion (d̃it , ϕ̃it ) as follows:

 t  k
x̃i
xsi + d̃it cos ϕ̃it
 ỹti  =  ysk + d̃ t sin ϕ̃ t  ,
(20)
i
i
i
θ̃it
ϕ̃it
where (xski , yski ) is the reference point of the localization
based on the path map and is used to reset the accumulated
errors included in the estimated state motion by changing the
allocated path motion..
Figure 5 shows the concept of the third process of the
SMT method that computes the state of the hypothesis using
the dead-reckoning observation and the path map. The path
motion of the hypothesis (red straight lines) can be estimated
by selecting the most closely matching trajectory between the
path motions (gray dotted lines) and the dead-reckoning measurement (blue straight line). The state of hypothesis (green
circle) can be determined with a suitable location along the
path motion of the hypothesis using the accumulated motion
action.
4) BEST HYPOTHESIS SELECTION

The SMT method must calculate the current location based
on the likelihood probability of the hypothesis matching
the path map and the dead-reckoning measurements. During the localization step based on the likelihood probability,
the hypothesis with the highest likelihood is considered to
be most appropriate for the path motion corresponding to
the current location. Therefore, the hypothesis data with the
maximum likelihood value xtg is selected among all of the
VOLUME 7, 2019

FIGURE 5. The path motion of the hypothesis pti can be selected among
the path motion candidates on the map Ptg using the dead-reckoning
motion (d̂it , ϕ̂it ). The state of the hypothesis xti is calculated as a certain
location along the trajectory of the estimated state motion using the
accumulated motion of the dead-reckoning measurement.

hypotheses, and its state (x̃gt , ỹtg , θ̃gt ) is defined as the current
location and orientation in a global coordinate system:
xtg = arg max wti ,
xti

i = 1, . . . , X .

(21)

5) CHECK CONSTRAINTS

With localization based on multiple hypotheses, a periodic
resampling process to generate new hypotheses is required to
maintain the robustness of the localization. Two constraints
are proposed to distinguish a hypothesis following an incorrect path trajectory corresponding to the actual location: the
global region and the edge length conditions. If the hypothesis
cannot satisfy these two constraints, they should be reallocated to other path motions so as to manage the robustness of
the hypothesis distribution. In the opposite case, hypotheses
following the correct path trajectory should be retained in the
SMT method to improve the accuracy of the localization.
Definition 1: Global Region Condition
The location of the correct hypothesis should be placed inside
the global region of the fingerprint analysis as follows:
(x̃it , ỹti ) − (x̄gt , ȳtg ) ≤ 6g .

(22)

If (x̃it , ỹti ) does not meet this condition, and the hypothesis
should be initialized as new data by returning it to a new
hypothesis assignment.
Definition 2: Edge Length Condition
The location of the correct hypothesis should be inside the
current edge following the trajectory of the path motion.
Thus, the moving distance of estimated state motion d̃it should
be less than the length of the current edge dik :
xti

d̃it < dik , k ≤ Pi .

(23)

Hypothesis xti can be recursively calculated through a
hypothesis update. If this is not the case, the node and edge
in the current path motion should be changed to the next
set by increasing the index k within Pi . As the state motion
and the dead-reckoning motion, the moving distances (d̃it , d̂it )
46193
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FIGURE 6. The experimental processes and results of map extraction and localization: (a) the square pattern of the floor is used to calculate the
global location as the ground truth. (b) The fingerprint nodes (red circles). (c) The topological path motions (gray lines). (d) The trajectories of two
localization experiments (start location: triangle, finish location: rectangle, straight line: actual location, dotted line: estimated location).

and the orientation angles (ϕ̃it , ϕ̂it ) are initialized as zero and
φik+1 , respectively. In particular, the starting location of the
current node of path motion (xski , yski ) is replaced with the
next node information, which has the effect of eliminating
the accumulated errors included in the estimated state motion
through (20).

SMT method. Subsection IV-A describes the map-building
results in an experimental area of about 59m × 57m where
26 Wi-Fi APs are installed. The next subsection IV-B presents
the localization results of the SMT, including comparisons
with other methods.

IV. EXPERIMENTAL EVALUATION

A global coordinate system should be defined in the floorplan
of the experimental site and should be provided in advance.
To do this, the floorplan is converted into a pixel-wise image

A. MAP EXTRACTION

We conducted experiments in an office environment using
multiple smartphone devices to verify the effectiveness of the
46194
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(grid-based map) with knowledge of the physical size of
one pixel (grid cell), and a certain location is determined by
the simple pixel count (grid count). In addition, as shown
in Figure 6(a), a uniform pattern of the floor plate provides an
effective means of specifying an arbitrary location in the real
world. In this paper, these methods enable the definition of the
global coordinate system for localization by interconnecting
the real and the image domains into a single origin.
After defining the global coordinate, we stored the spatial
data, including the radio signals of the surrounding Wi-Fi APs
tagged with the measuring location, after which the boundary
of the median filter was set at a fixed interval of 1m, with
200 fingerprint nodes generated from the radio signals of the
spatial data collected from approximately 2, 000 locations.
Figure 6(b) shows the locations of the fingerprint nodes in
the radio fingerprint map; these are denoted by the red circles
on the floorplan. The fingerprint node includes data such
as its location, the MAC address and the RSS value for
each Wi-Fi AP installed in the space. This information is
included in the fingerprint analysis in the form of the text
file.
The topological path map contains movable path motions
represented as sequential nodes and edges connecting the
locations of the different fingerprint nodes. On determining
one fingerprint node, the A* algorithm and the Bresenham’s
line method generate the path motions to move to other
fingerprint nodes considering the locations of obstacles in
the floorplan drawing. Figure 6(c) displays the path motions
on the floorplan, where the gray line of an edge connects
the nodes. The total number of path motions was 48, 846,
which were produced using a combination of 200 fingerprint
nodes and was utilized as reference motion data during SMT
localization.
B. LOCALIZATION EVALUATION

Experiments were conducted to evaluate the accuracy of the
localization process and the robustness of the heterogeneous
devices used here. We gathered spatial data including the
radio signals of the Wi-Fi APs and the dead-reckoning measurements of the IMU and a gyroscope installed on a smartphone following the straight lines shown in Figure 6(d). The
dotted lines are trajectories estimated using the SMT method
with 30 hypotheses. Note that the dead-reckoning measurements consist of accelerations and angular velocities for three
axes; these are used to calculate the moving distances and
the turning angles by integration in the time domain and
with the geometrical rotation matrix and detection of the gait
motion.
To evaluate the accuracy performance depending on the
algorithms and the parameters, the smartphone stores spatial
data along the red color trajectory shown in Figure 6(d).
Figure 7 shows the cumulative distribution function (CDF)
of the localization error. SMT, the proposed method undertakes localization according to different hypotheses. Here
the numbers behind the letters of SMT indicate the total
number of hypotheses used for the localization. FP is the
VOLUME 7, 2019

FIGURE 7. Localization results of the algorithms.

TABLE 1. Comparison of computational complexities.

result only from the well-known Horus system that adopts
a random probabilistic inference model of RSS from the
AP [15]. PF500 is the fusion algorithm based on a particle
filter with 500 samples that can integrate the RSS of the
Wi-Fi AP and the dead-reckoning positions of the IMU and
the gyroscope for comparison in experiments [36]. The 80th
percentile accuracy levels of SMT30, PF500, and FP are
1.27m, 3.38m, and 5.49m, respectively. We can confirm that
the SMT method achieves the best accuracy compared to the
FP and PF500 methods.
Table 1 indicates the comparison result of computational
resources as assessed in terms of the processing time and
memory usage. Each algorithm was performed in the mobile
PC that consists of 1.4GHz quad-core CPU and 2GB RAM.
The results in Figure 6(d) show the average processing time
per one localization iteration while tracking the red color
trajectory. SMT needs to allocate the largest memory for
localization operation because of the use of the topological
path map, but its value is of no significant difference from
FP and PF500. As a result, SMT can estimate accurate localization with only a small increase of computational burden
compared with FP. This is a practical contribution when
applying LBS to smartphones with regard to computational
complexity.
To examine the robustness of the SMT method, we conducted another experiment using heterogeneous devices with
different specifications of sensors following the blue color
trajectory shown in Figure 6(d). The CDF values of the
localization error of the SMT with 30 hypotheses are plotted
in Figure 8. The curves have similar shapes and demonstrate the robustness and applicability of SMT on various
smartphones. In the space structure, the SMT shows many
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FIGURE 8. Localization results from different devices.

localization errors at a starting point near the blue triangle
in Figure 6(d) due to the various path motion candidates, but
the error can be gradually reduced by passing through a place
with an altered orientation of motion, such as an intersection.
This provides robustness to the spatial shape when applying
LBS in various environments with corners.
V. CONCLUSIONS AND FUTURE RESEARCH

This paper presents a new indoor localization system which
fuses fingerprint analysis and the SMT method using topological path map. We initially described the mapping method
for a radio fingerprint map and a topological path map.
Subsequently, using the constructed maps, we proposed theoretical models for the hierarchical localization framework
consisting of a fingerprint analysis and the SMT method to
estimate indoor locations. Compared to legacy fingerprint
analysis methods and the use of a traditional particle filter,
the experimental results show that SMT-based localization
is more accurate, more robust, and more adaptive to spatial shapes. It also allows reduced levels of computational
resources because it uses relatively few hypotheses compared
with PF. We evaluated the localization performance in an
indoor office environment, and the results confirm the high
accuracy of SMT for heterogeneous mobile devices such as
smartphones with limited computational resources.
The SMT-based localization opens several directions for
future research. In our current implementation, we evaluated
the SMT method with a uniform density of fingerprint nodes
to estimate the current location. We assume that the performance of SMT method can be improved by changing the
density of fingerprint nodes. In addition, we are planning to
apply the SMT method to the pedestrian localization in the
various layout environments such as hospital, complex mall,
factory in order to expand the application fields.
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