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ABSTRACT The proliferation of mobile devices has fueled the demand for indoor location-based services.
Consequently, a plethora of techniques have emerged to facilitate object and device localization in indoor
environments. Among these, fingerprint-based indoor localization systems, which leverage machine learn-
ing, stand out as a promising solution for providing accurate localization. Nonetheless, their performance
is inherently reliant on the accuracy of the underlying database, and any changes in the indoor layout can
significantly impact the wireless signals, subsequently affecting the localization accuracy. To circumvent
this issue, this work proposes a novel access point (AP) selection framework to enhance the robustness of
fingerprint-based indoor positioning systems in dynamic indoor environments. More specifically, a hybrid
Wi-Fi and BLE fingerprint database is constructed by collecting received signal strength (RSS) from the
pre-defined reference points (RPs). To ensure that the fingerprint database remains relevant over time, some
RPs are designated as known points so that the system can periodically collect new RSS at the known points.
Subsequently, the proposed scheme computes the differences between the RSS of the database and the
updated RSS from the new layout to account for the changes occurred. The building-based, floor-based,
and zone-based implementation modes determine which APs are reliable to be utilized during localization
based on the RSS discrepancies observed in building, floor, and zone, respectively. Results demonstrate that
the proposed building-based, floor-based, and zone-based AP selection schemes could achieve reduction
in positioning error up to 28.86%, 33.53%, and 39.66%, respectively, compared to the baseline technique
without AP selection schemes.

INDEX TERMS Indoor positioning system, fingerprinting, Wi-Fi, BLE, AP selection.

I. INTRODUCTION
The Internet of Things (IoT), which helps users access smart
services in a smooth manner, have been heavily integrated
into the industry across various fields. Consequently, the bulk
of individuals rely extensively on IoT-enabled gadgets for
their daily activities. Additionally, location-based services
(LBS), applications that depend on the location of users to
deliver information [1], are one of the most frequently used
services by IoT devices. As a result, localization systems have
continued to flourish during the recent decade asmore discov-
eries on location-based technologies have become available.
Currently, outdoor localization is achieved through theGlobal
Positioning System (GPS). However, GPS is inapplicable
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in indoor areas due to non-line-of-sight limitations. Various
technologies have been investigated for indoor positioning
and mainstream wireless signals such as Wi-Fi [2], Ultra-
wideband [3]. Bluetooth [4] and Zig Bee [5] are often used for
this purpose. Fusion between two technologies, particularly
the fusion of Wi-Fi and Bluetooth Low Energy (BLE) [6],
have been explored in recent years for better performing
indoor positioning system. A prevalent solution for the indoor
localization problem is to estimate the position of users or
devices through received signal strength (RSS) measure-
ments [7] which are used alongside a position estimation
algorithm, such as fingerprint-based algorithm and geomet-
rical calculation. In a noise-free environment, the RSS can be
modelled as follows [8]:

RSS = P− β − 10α log10 d, (1)
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where P represents the transmitted power, α represent the
path loss exponent which falls linearly, and β is the constant
that depends on the condition of the environment.

In real-world scenarios, indoor environments are dynamic
and wireless signals are susceptible to noise contamination.
These would complicate the usage of (1) for geometri-
cal calculation in the localization process [9], [10]. Thus,
fingerprint-based indoor positioning system is preferable in
this scenario. Fingerprinting is a process that tags a specific
location in the indoor environment to a unique identifier.
This process is done in two stages which are the offline
and online stage. In the offline stage, calibration is done
by linking a location in the indoor space to a fingerprint,
which is typically a feature or characteristic of the wireless
signal. Then, the fingerprint is stored inside a database. The
online stage consists of online query by the users, where
the devices will receive real-time RSS. The position of the
user will then be estimated via a matching algorithm that
compares the real-time RSS to the ones stored in the database.
The algorithms used to deduce the coordinate of user can be
classified into two which are the deterministic algorithm [11]
and the probabilistic algorithm [12]. Given a set of RSS
input, a deterministic algorithm will output the same location
each time the same input is fed into the system. As for the
probabilistic algorithm, the distribution of fingerprint stored
in the offline phase and the probability distribution will be
analyzed. The real-time fingerprint is then compared with
the distribution of fingerprint to infer the position of user or
object [13].

As pointed out in [14], the real-world indoor environ-
ments experience both transient changes, which are dynamic
alterations that occur briefly such as human mobility, and
permanent changes like infrastructural changes. The fin-
gerprinting approach is directly affected by the radio map
constructed during the offline stage [15]. If the real-time RSS
received by the user’s device deviates from that of the previ-
ously recorded radio map, the system may fail to provide an
accurate location. The disparities between the RSS readings
from the same access points (APs) will subsequently affect
the localization process.

In response to the challenges outlined above, this work
introduces a novel AP selection framework to improve the
robustness of fingerprint-based indoor positioning systems in
dynamic indoor environments by excluding the APs that are
adversely affected by the transient and permanent changes
during the positioning phase. To the best of the authors’
knowledge, there is no prior work on AP selection specifi-
cally addressing the enhancement of robustness of dynamic
indoor positioning. The main contributions of our work are
highlighted as follows:

1. A novel AP selection framework with three implemen-
tation modes is proposed to select reliable APs to be
used during the fingerprint matching process. To deter-
mine the reliable APs, the system leverages a small
percentage of the reference points (RPs) throughout the
localization area, hereafter referred to as known points,

to regularly collect updated RSS vectors so that the
changes of RSS from a specific AP can be detected
by the system. In the localization phase, only the APs
with RSS deviations within the tolerance range will be
employed.

2. An in-depth analysis is performed to assess the per-
formances of the proposed AP selection scheme. The
evaluation is conducted using a real-world hybrid
Wi-Fi and BLE dataset that is collected in a multi-story
building and the proposed AP selection scheme is
benchmarked against the baseline positioning system
without AP selection scheme to underscore the sig-
nificance and advantages of utilizing the proposed
techniques. In addition to key performance metrics
such as the floor classification accuracy and aver-
age positioning error, the analysis also delves into
the impact of layout change on the RSS variations
from various APs and thoroughly examines the spatial
distribution of positioning errors.

3. A comprehensive investigation is carried out to study
the effects of various parameters associated with the
proposed AP selection strategy. In particular, the effec-
tiveness of the proposed AP selection framework under
different implementation modes, number of known
points and sub-regions are analyzed in detail to provide
clear guidelines that ensure successful deployment of
these techniques.

The rest of this paper is organized as follows. In Section II,
an overview of the existing work is presented and dis-
cussed. A comprehensive explanation of the indoor posi-
tioning algorithm with the AP selection scheme under
three implementation modes is described in Section III.
Section IV elucidates the dataset and experimental envi-
ronment. Section V provides a thorough investigation of
the AP selection algorithms. Lastly, the paper concludes in
Section VI.

II. RELATED WORKS
RADAR [16] has been acknowledged as the pioneering
fingerprint-based indoor localization that was introduced
back in 2000. It utilizes RSS measurements and a deter-
ministic algorithm to estimate a user’s indoor location
accurately. Later, another commercial indoor localization
system, HORUS [17], is presented in 2005 and it adopts
a probabilistic strategy in which spatial and temporal RSS
modellings are carried out. Since the introduction of RADAR
and HORUS, numerous other fingerprint-based indoor posi-
tioning systems [18], [19], [20], [21] have been developed,
each with its own improvements and innovations. The field
of indoor localization has continued to evolve, and new
technologies and techniques have emerged, making indoor
positioning systems more accurate, efficient, and widely used
for various indoor applications. Researchers have gone to
great lengths to introduce countless positioning approaches,
technologies, and algorithms to improve the performance of
the indoor positioning technique, which is quantified using a
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variety of criteria that account for the accuracy, robustness,
efficiency, and user experience.

Diverse indoor positioning systems have been presented
in the recent Indoor Positioning and Indoor Naviga-
tion (IPIN) competitions [22], [23], [24], encompassing
smartphone-based positioning system and vision-based posi-
tioning systems. These systems leverage data from various
sensors, such as Wi-Fi, BLE, accelerometer, magnetome-
ter, barometer, and light sensor. The works in [22], [23],
and [24] have also delved into various methodologies, includ-
ing fingerprinting for location estimation, dead reckoning
to obtain accurate trajectory estimation, and zero velocity
update popularly used for foot-mounted inertial measure-
ment unit-based localization. Among the works presented
in [22], [23], and [24], only one from Track 5 of IPIN
2020 competition by the YONAYONATeam is relevant to AP
selection. The team employs a Bluetooth low energy (BLE)
beacon selection scheme to determine the absolute position
by selecting three BLE beacons with high RSS. However,
their primary objective is to ensure that the same number of
beacons are utilized for positioning and it does not address
the issue of environmental dynamics.

Several works have incorporated AP selection schemes
[25] to their positioning system to select a subset of the
most relevant and informative AP based on the optimiza-
tion goals so that they can optimize the accuracy of the
system [26], reduce computational complexity [27] and opti-
mize the size of the database [28]. These works discovered
that it is unnecessary to adopt all the available APs in
localization but instead only utilize the reliable APs which
have more contribution to the positioning process. Utiliz-
ing all the APs would only contribute in storage wastage.
The authors in [29] define a Cramer-Rao lower bound to
describe the localization error that generally occurs with
commonly used Wi-Fi localization system. From there, they
proposed a heuristic AP selection approach to bring down
the size of the radio map to subsequently reduce the com-
putational expense by only maintaining the AP with high
contribution. The work in [27] proposed an AP selection
standard that utilizes the maximum value of RSS and appear-
ance ratio as indicators for the reliability of AP. Both a
variance-basedAP selection scheme andRP selection scheme
are applied as an effort to efficiently shrink the fingerprint
database while increasing the positioning accuracy of the
fingerprint-based positioning system [28]. The RSS distribu-
tion of a specific AP can provide information about its spatial
discrimination and, hence, AP with a variance lower than a
particular value is filtered out. MAPS, a multiple access point
selection-based indoor localization technique, was designed
in [30]. The purpose of the AP selection algorithm is to sim-
plify the computation of the system by selecting only a stable
subset of AP, which reduces the fingerprint’s dimension.
In this method, the AP is first selected through a threshold
where infrequent AP are eliminated. Following that, the set
of APs is chosen using information gain, choosing those
with a larger information gain and after location clustering

is conducted, the AP is again reselected based on each
cluster.

The distribution of RSS will be significantly impacted
by changes to the indoor environment to a point that the
existing radio map cannot provide an accurate representa-
tion of the current indoor environment. Thus, the impacts
of environmental dynamics on indoor positioning systems
are an essential aspect to investigate. Although environ-
mental changes are introduced in the Track 7 of IPIN
2021 and IPIN 2022 [24] by moving mobile metallic object
to test the robustness of the indoor positioning systems
developed by the participating teams against environmental
variations, the systems showcased in this track do not take
into account AP selection. The positioning system in [31]
make use of the hidden Markov Model algorithm to gen-
erate an adaptive radio map and the information gain AP
selection technique is exploit by the system to increase the
effectiveness of the proposed system. A localization system
designed for dynamic indoor environment [32] makes use
of expectation-maximization (EM) algorithm to filter out
abnormal fingerprint brought on by the environment and a
Bayesian-based simultaneous AP selection is proposed to
select valuable APs for optimal matching in test phase. The
AP selection strategy imposed on the positioning system
in [33] takes the Gini impurity of an AP to evaluate its
significance so that the system is able select good APs in
dynamic environment. Instead of executing the AP selection
strategy during the offline phase, the multi-objective-based
self-adaptive AP selection algorithm [34] is performed at
the online phase, with two major steps. In the first step, the
learning algorithm automatically controls the number of the
subset of APs and the loss rate threshold. Based on first step,
mean-max-based algorithm, and loss rate-based algorithm
are implemented to produce two subsets of AP, respectively,
in the second step. The multi-objective optimization process
then chooses the final subset of APs from the union of the two
subsets.

III. METHODS
A. CONSTRUCTION OF INITIAL RADIO MAP
In this section, the proposed AP selection technique is pre-
sented. The matching algorithms used to predict the location
of user are trained on a fingerprint database. To build the
fingerprint database χ ,M suitable points for positioningmust
be identified and these points will be assigned as the RPs.
Typically, the RPs are strategically spaced in the deployment
area. At each RP, RSS vectors are collected from K APs. The
fingerprint database χ , which is made up of the RSS vector
and its coordinate, can be expressed as

χ =



(l1,1, l1,2, · · · , l1,C ) (r1,1, r1,2, · · · , r1,K )
...

...

(lm,1, lm,2, · · · , lm,C ) (rm,1, rm,2, · · · , rm,K )
...

...

(lM ,1, lM ,2, · · · , lM ,C ) (rM ,1, rM ,2, · · · , rM ,K )

, (2)
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where χ ∈ RM×(C+K ), lm = [ lm,1 lm,2 · · · lm,C ]T signifies
the coordinate vector of RP m and C is the total number
of components used to specify the coordinate vector, rm =

[ rm,1 rm,2 · · · rm,K ]T represents the RSS vector that is mea-
sured at RP m, rm,k denotes the RSS from AP k at RP m,
m ∈ [1,M ] and k ∈ [1,K ]. A more compact form of (2) can
be written as follows:

χ = [L R ], (3)

where L = [ l1 l2 · · · lM ]T ∈ RM×C and R =

[ r1 r2 · · · rM ]T ∈ RM×K .

B. PROPOSED ACCESS POINT SELECTION SCHEME
Positioning systems that rely on a static radio map may not
be sufficient to offer accurate localization, as static radio map
fails to consider the temporal variation of the RSS [35], which
are particularly prevalent in dynamic indoor environments.
Without a doubt, if significant changes that may impact
the RSS distribution take place to the indoor environment,
e.g., layout change, the entries recorded in the fingerprint
database will not be able to accurately represent the real-time
RSS captured by the user device and therefore, reducing
the accuracy of the positioning system. A method to ensure
that the radio map constantly reflects the present wireless
environment is by updating the radio map on a regular basis,
but this requires a significant time and work load. Therefore,
this work introduces a novel AP selection framework that can
mitigate the issue discussed.

The main idea of the proposed AP selection algorithm
involves periodic collection of RSS vectors from a smaller
number of RPs. Instead of having to regularly update the
radiomap by re-collecting newRSS readings from all the pre-
defined RPs, the AP selection scheme only employ a subset of
the RPs, referred to as known points, to compute the changes
that may occur to the received signal. The positioning system
computes the discrepancy between the recently gathered RSS
and the ones kept in the database and compares it with a
threshold γ to identify and exclude unreliable APs from the
location computation process. To configure γ , the system
operator needs to assess the variations RSSs of different APs
for the initial layout. When the indoor layout changes, the
RSS deviations will increase further. Therefore, unreliable
APs due to layout change can be detected by setting γ higher
than the RSS variations observed in the initial layout.

The proposed AP selection scheme can be implemented in
three distinct modes, namely the building-based AP selection
(B-APS), floor-based AP selection (F-APS), and zone-based
AP selection (Z-APS) modes. There is a significant dis-
tinction in how these three implementation modes calculate
Euclidean RSS distances during the positioning phase. More
specifically, for B-APS, the APs that are identified as unreli-
able by any known point within the building will be excluded
in the calculation of Euclidean RSS distances between the
received RSS and RSS for all the reference points (RPs)
in the building. On the other hand, for F-APS and Z-APS,
APs identified as unreliable by any known point within a

specific floor or zone will not contribute to the calculation
of Euclidean RSS distances between the received RSS and
RSS for all RPs in that particular floor and zone, respectively.
It is crucial to note that the concepts of the building-based,
floor-based, and zone-based presented in our AP selection
framework are entirely different from those reported in the
existing literature, where these terms typically describe the
level of location granularity that positioning techniques can
predict, specifically, building, floor, and zone, respectively.
For instance, in Track 3 of IPIN 2021 and IPIN 2022 [24],
the floor detection techniques in the works showcased by
Leviathan Team, Imec-waves Team, and X-Lab Team refer
to the estimation of the floor of an unknown target. Fur-
ther details on B-APS, F-APS and Z-APS will be explained
in Section III-B-I, Section III-B-II, and Section III-B-III,
respectively.

1) BUILDING-BASED AP SELECTION (B-APS)
The B-APS is implemented by selecting P known points
from the sets of pre-defined RPs. Specifically, P < M to
reduce the cost of the system as more equipment will be
neededwith a greater number of known points. NewRSS vec-
tors will be collected periodically from these known points
and these RSS vectors can be formulated as:

β̃
k

= [ β̃k1 β̃k2 β̃k3 · · · β̃kP ], (4)

where β̃kp represents the newly collected RSS from AP k at
known point p, 1 ≤ k ≤ K . Subsequently, the original
RSS vectors stored during the construction of radio map is
retrieved and is expressed as:

βk = [ βk1 βk2 βk3 · · · βkP ], (5)

where βkp , βkp ∈ R, signifies the RSS from AP k at known
point p recorded in the existing fingerprint database, 1 ≤

k ≤ K . Then, the difference between the newly collected
RSS from AP k and original RSS recorded in the database
is computed by:

δk =

∣∣∣β̃k − βk
∣∣∣ = [ δk1 δk2 δk3 · · · δkP ] (6)

Given a threshold γ , an AP will only be utilized during
the location computation process if it satisfies the following
condition:

δkp ≤ γ, 1 ≤ p ≤ P (7)

Consequently, during localization, the total AP used will
be reduced to K ′. Fig. 1 illustrates the flowchart of B-APS.

2) FLOOR-BASED AP SELECTION (F-APS)
Since this work focused on evaluating the indoor positioning
system in a multi-story building, F-APS is proposed whereby
the localization area is separated by floors. The flowchart
of F-APS is shown in Fig. 2. Considering a building with
F floors, the radio map is constructed by assigning Mf RPs

at each floor, resulting in M =

F∑
f=1

Mf . Additionally, each
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FIGURE 1. Flowchart of B-APS.

floor contains Pf known points, Pf < Mf , where new RSS
is obtained periodically. The total number of known points in
the entire localization area will be P1 +P2 + . . .+PF = P <

M . The new RSS vectors obtained at floor f is expressed as

β̃
k
f = [ β̃kf ,1 β̃kf ,2 β̃kf ,3 · · · β̃kf ,Pf ], (8)

where β̃kf ,p represents the newly collected RSS from AP k at
known point p, 1 ≤ k ≤ K and 1 ≤ f ≤ F . The original RSS
vectors stored during the construction of radio map for floor
f is retrieved and is expressed as:

βkf = [ βkf ,1 βkf ,2 βkf ,3 · · · βkf ,Pf ], (9)

where βkp , β
k
f ,p ∈ R, indicates the RSS from AP k at known

point p recorded in the existing fingerprint database, 1 ≤ k ≤

K and 1 ≤ f ≤ F . Subsequently, the difference between the
newly collected RSS from AP k and original RSS recorded in
the database for known points of the same floor is computed
by

δkf =

∣∣∣β̃kf − βkf

∣∣∣ = [ δkf ,1 δkf ,2 δkf ,3 · · · δkf ,Pf ] (10)

By setting a threshold γ , an AP will only be utilized during
the fingerprint matching process if it satisfies the following

FIGURE 2. Flowchart of F-APS.

condition:

δkf ,p ≤ γ, 1 ≤ p ≤ Pf (11)

Consequently, the total AP employed for localization in
floor f will be reduced to K ′

f .

3) ZONE-BASED AP SELECTION (Z-APS)
Unlike F-APS, Z-APS does not divide the localization area
based on the number of floors. Instead, it separates the local-
ization area into Z smaller zones. The flowchart of Z-APS is
depicted in Fig. 3. From the pre-established RPs,Pz points are
designated as known points in zone zwhere RSS are collected
on a regular basis and the RSS vectors can be written as

β̃
k
z = [ β̃kz,1 β̃kz,2 β̃kz,3 · · · β̃kz,Pz ], (12)

where β̃kz,p represents the newly collected RSS from AP k at
known point p located at zone z, 1 ≤ k ≤ K and 1 ≤ z ≤ Z .
The RSS registered in the database for zone z is extracted and
can expressed as:

βkz = [ βkz,1 βkz,2 βkz,3 · · · βkz,Pz ], (13)

where βkz,p, β
k
z,p ∈ R represents the RSS from AP k at known

point p located in zone z recorded in the existing fingerprint
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FIGURE 3. Flowchart of Z-APS.

database, 1 ≤ k ≤ K and 1 ≤ z ≤ Z . Afterwards,
the difference between the newly collected RSS and RSS
recorded in the database for known points of the same zone
is calculated through

δk =

∣∣∣β̃k − βk
∣∣∣ = [ δk1 δk2 δk3 · · · δkPz ] (14)

Similar to B-APS and F-APS, a threshold γ is set. By com-
paring values calculated in (14) with the pre-set γ , an AP will
only be utilized during the location computation process for
zone z if it satisfies the following condition:

δkz,p ≤ γ, 1 ≤ p ≤ Pz (15)

Consequently, the total AP in used by each zone during
localization will be reduced to K ′

z .

C. ONLINE LOCALIZATION
Fig. 4 illustrates the flowchart of the online localization pro-
cess of the indoor positioning system During the online query
phase, the user device will measure the RSS vector from its
unknown position u. The received RSS vector is described as

ru = [ ru,1 ru,2 · · · ru,K ], (16)

where ru,k is the RSS collected from AP k at unknown point
u.

FIGURE 4. Flowchart of online localization.

For position estimation, the Euclidean RSS distance of
the RSS between the unknown test point and the training
point in the database needs to be computed. As mentioned
in Section III-B, the number of APs used during localiza-
tion is reduced following the AP selection strategies due to
the unreliable APs. For B-APS the number of APs were
reduced from K to K ′, whereas the number APs utilized
during localization is reduced to K ′

f in each floor and K ′
z

in each zone for F-APS and Z-APS, respectively. For sim-
plicity, the total number of AP used during localization will
be denoted by K̃ in this section. Thus, modified vectors of
RSS are required during the computation of Euclidean RSS
distance. By deleting the columns that contain the unreliable
APs, both online RSS vector ru and database RSS vector rm,
m ∈ [1,M ], are transformed into the modified online RSS
vector ρ̃u = [ ρ̃u,1 ρ̃u,2 · · · ρ̃ u,K̃ ] and modified database
RSS vector ρm = [ ρm,1 ρm,2 · · · ρ m,K̃ ], respectively. The
following is used to compute the Euclidean RSS distance
between RSS of the unknown test point and the m-th entry
in the database.

sm =

 K̃∑
k=1

(ρ̃u,k − ρm,k )2


1
2

, (17)

where ρ̃u,k is the RSS fromAP k at unknown point u acquired
from the modified online RSS vector and ρm,k is the RSS
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FIGURE 5. Layout of the indoor environment with boards placed in the localization area.

FIGURE 6. Sub-regions of the indoor localization area for Z-APS with 6 zones.

FIGURE 7. Sub-regions of the indoor localization area for Z-APS with 9 zones.

from AP k at RPm obtained from the modified database RSS
vector.

The Euclidean RSS distance calculated can be denoted
as s = [ s1 s2 · · · sM ]. After obtaining the Euclidean RSS

distance between the online RSS vector and the RSS vec-
tors from the database, J number of RSS vectors from the
database with the smallest Euclidean RSS distance will be
searched and the location that was tagged to the RSS vectors
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will be obtained. Finally, to find the position of the target, the
average between these J acquired location is computed using

(l̃1, l̃2, · · · , l̃C ) =

J∑
j=1

(
lj,1, lj,2, · · · , lj,C

)
J

, (18)

where
(
lj,1, lj,2, · · · , lj,C

)
represents the location coordinate

of the j-th nearest entries in the database, c ∈ [1,C].

IV. EXPERIMENTAL ENVIRONMENTS AND DATASETS
In this section, we detail the experimental environments and
described the datasets used for simulating the positioning
systems. The proposed AP selection schemes are evaluated
using the Hybrid Data Layout Change (HDCL) [36] dataset,
comprising real measurements from a campaign that is con-
ducted at the Faculty of Engineering (FOE), Multimedia
University, Cyberjaya, Malaysia. The dataset encompasses
the corridors of three floors, i.e., ground floor, first floor and
second floor, each with a floor-to-floor height of 3.5 m. The
ground floor has dimensions of 51.5 m × 2.1 m whereas the
second and third floor both have dimensions of 51.5 m ×

2.7 m. A total of 384 RPs was arranged in the localization
space, where they were evenly spaced 1 m apart from each
other. Since the ground floor has a smaller area compared to
the first and second floors, it contains only 96 RPs, while
each of the first and second floors contain 144 RPs. The
deployment involved 42 BLE beacons and 17 Wi-Fi APs
(WAPs). In total, the database comprises 59 RSS values
and 3 labeled attributes about the fingerprint which are the
x-coordinate, y-coordinate, and z-coordinate of the RPs. The
z-coordinate of the RPs located on ground floor, first floor,
and second floor are 0, 3.5 and 7, respectively. To construct
the fingerprint radio map, a total of 20 RSS samples were
collected at each RP and for the testing dataset, an additional
10 samples were collected at each RP. The RSS samples
were collected in two different layouts, one of which will
be referred to as the original layout and the other as the
modified layout. The difference between the original layout
and the modified layout is that the modified layout contains
multiple boards with a height of 1.8 m, a length of 1.5 m and
a thickness of 0.01 m, which act as a barrier in the indoor
environment to induce the permanent and transient change
for dynamic environment. Fig. 5 illustrates the layout of the
calibration site which also includes the placement of partition
board.

Since the proposed Z-APS algorithms is tested with differ-
ent number of zones, Figs. 6 and 7 are provided to clearly
illustrates the zones and their boundaries after the indoor
environment has been divided into 6 and 9 zones, respec-
tively. From the figures, it shows that each floor has the same
number of zones. In this work, the AP selection algorithm is
evaluated with varying number of known points. Importantly,
we have fixed the known point such that it is evenly spread
throughout the localization region so that the system is able
to register the changes in RSS of the entire space. Table 1

displays the coordinates of known points with varying num-
ber of known points.

TABLE 1. Coordinates of known points.

V. RESULTS AND DISCUSSION
In this section, a thorough analysis of the performance of the
proposed and baseline techniques is provided. Since the floor-
to-floor distance of the building is 3.5 m, the floor level is
replaced with 0 m, 3.5 m and 7.0 m for the ground floor,
first floor and second floor, respectively, in the calculation of
the 3D average positioning error. The 3D average positioning
error can be calculated as follows

ε =
1
N

N∑
n=1

√
(x̃n − xn)2 + (ỹn − yn)2 + (z̃n − zn)2, (19)

where N represents the total number of test samples,
(x̃n, ỹn, z̃n) and (xn, yn, zn) are the predicted and the actual
coordinates of the n-th test point, respectively.
Table 2 offers insights into the floor accuracy η and the

average positioning error ε of various techniques considered
where each scheme is assessed using γ in the range of
22.5 dBm to 40 dBm, with a 2.5 dBm increment. In the table,
the total number of sub-regions established for the proposed
AP selection schemes is denoted byQ.Without implementing
the proposed AP selection scheme, the positioning system
can achieve a floor accuracy of 99.56%. In general, the floor
accuracy of the system can be further improved and even
exhibit a 100% floor accuracy by the implementation of the
AP selection scheme as shown in Table 2.

A more comprehensive understanding of the effectiveness
of the AP selection technique can be gained by examin-
ing the average positioning error of the positioning system.
A positioning error of 4.455 m is attained when the posi-
tioning system is executed without the implementation of the
proposed AP selection scheme. As evident in Table 2, the
system with Z-APSs generally attain the lowest positioning
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TABLE 2. The localization performance of the proposed AP selection strategies.

FIGURE 8. Average positioning errors of the proposed AP selection schemes for (a) γ = 22.5 dBm and (b)γ = 32.5 dBm.

error, followed by the system with F-APS and the B-APS.
Quantitatively, it is observed that Z-APS with 9 zones, P =

36 and γ = 22.5 dBm yields the lowest positioning error of
2.6882 m. With identical P and γ , the average positioning
error increases to 3.0984 m as the number of zones decreases
from 9 to 6. On the other hand, F-APS records an average
positioning error of 3.4723m, while B-APS exhibits the high-
est average positioning error of 5.1634 m. This performance
trend is attributed to the variation inQ in the localization area
that depends on the approach used; for example, Z-APS have
both 9 and 6 sub-regions, whereas F-APS and B-APS have
3 and 1 sub-region, respectively. Thus, it is evident that the
scheme with the lowest positioning error tends to be the one
that employs a greater Q.

To further substantiate this claim, Fig. 8(a) illustrates that
the average positioning error of the proposed AP selection
schemes increases in the following sequence: Z-APS with
9 zones, Z-APS with 6 zones, F-APS and B-APS. The same
trend is also observed in Fig. 8(b) when γ is increased to

32.5 dBm. The rationale behind a largerQ resulting in smaller
error lies in the finer division of the localization area into
smaller sub-regions. The finer granularity decreases the like-
lihood of eliminating APs that may be suboptimal for a small
number of known points in the region, particularly those near
the edges of the sub-regions, but beneficial for the majority of
known points in the same region. It is also worth highlighting
that the proposed AP selection technique not only results in
enhanced floor classification accuracies and reduced average
positioning errors compared to the baseline approach, but
also lead to lower computational complexities in the online
localization phase. This is due to reason that the computa-
tional complexity of the machine learning based positioning
technique is proportional the number of APs considered in
online localization phase.

To facilitate comparison with baseline positioning system,
Fig. 9(a) shows the performance gain of the AP selection
schemes at γ = 22.5 dBm with P = 18 and P = 36, while
Fig. 9(b) depicts the performance gain at γ = 32.5 dBm with
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FIGURE 9. Performance gains of the proposed AP selection schemes over the baseline technique in terms of average positioning error
for (a) γ = 22.5 dBm and (b) γ = 32.5 dBm.

FIGURE 10. Average position errors against γ for (a) B-APS, (b) F-APS, (c) Z-APS with 6 zones and (d) Z-APS with
9 zones.

P = 18 and P = 36. It can be observed from Fig. 9 that
both F-APS and Z-APS outperform the baseline technique
in terms of average positioning error for both γ settings.
When γ is set to 32.5 dBm, Z-APS with 9 zones yields the
lowest positioning error and displays the highest performance
gain. This is followed by Z-APS with 6 zones, F-APS and
lastly B-APS. However, at γ = 22.5 dBm, B-APS exhibits a
degradation of 15.90% and 7.72% compared to the baseline

technique for P = 36 and P = 18, respectively, because
the system might not have sufficient APs during localization
when γ is low.

Fig. 10 illustrates the average positioning error of the AP
selection scheme for γ from 22.5 dBm to 40 dBm. In general,
the proposed technique with different implementation modes
exhibit similar performance trend except for B-APS. More
explicitly, for the same value of P, a very low positioning
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FIGURE 11. Average position error against P (a) B-APS, (b) F-APS, (c) Z-APS with 6 zones and (d) Z-APS with
9 zones.

error can be observed at γ = 22.5 dBm for the F-APS and
Z-APS techniques and as γ increases beyond 35 dBm, there
is a noticeable rise in positioning errors. This is due to the
reason that a higher threshold setting permits APs with larger
RSS deviations to be included in estimation of the position,
making the system less reliable. Hence, an excessively large
threshold setting is typically not ideal for the proposed AP
selection scheme. As for B-APS, a high positioning error can
also be observed at γ = 40 dBm. However, the scheme’s
performance differs slightly since it produces the highest
localization error when γ is set to 22.5 dBm. This results
in average positioning errors of 5.1634 m, 4.7991 m and
4.6108 m for P = 36, P = 18 and P = 12, respectively,
which are worse than that of the baseline. The reason behind
the B-APS’s large errors at low γ can be explained as follows:
For a lower threshold, the discrepancy between the RSS from
user device and the database must be small to allow the
AP to be used during localization. Since there are multiple
known points throughout the localization area, there is a
higher possibility that the B-APS algorithm identify different
sets of unstable APs for each known points. Consequently,
many of the APs will be discarded during localization when
γ is low, leading to insufficient AP for accurate positioning.
In comparison to F-APS and Z-APS counterparts, a larger
threshold is required for the B-APS approach to outperform
the baseline technique. More specifically, B-APS exhibits a
positioning error lower than that of the baseline when γ is in
the range of 27.5 dBm to 37.5 dBm.

Having examined the impact of γ on the localization per-
formance of the AP selection schemes, the effects of P are
depicted in Fig. 11. As observed, the overall trend in Figs. 11
is well-aligned with the previous findings in Figs. 10. It is
observed that across varying P, the largest threshold observes
the highest error, while the lowest threshold recorded the
lowest error. The effects of P on the performance of the AP
selection scheme, however, are not as clear since a consistent
trend cannot be observed when P is varied. Nevertheless,
for B-APS, a lower P value is preferable since many known
points would lead to the possibility of insufficient localization
information especially when the unstable APs detected at
different known points are different. On the other hand, as the
number of sub-regions for the AP selection scheme increases,
a larger P value might be advantageous. For instance, the
Z-APS with 9 zones at γ = 22.5 dBm yields the lowest
error positioning error of 2.6882 m when P is set to 36. This
is because Z-APS with 9 zones has more sub-regions than
B-APS, requiring more known points to ensure that each has
sufficient known points to effectively detect the APs, which
could negatively impact the localization performance of the
sub-region.

Fig. 12 illustrates the spatial distribution of positioning
errors across the localization area for the baseline positioning
system, which operates without an AP selection scheme.
In this study, a positioning error exceeding 7 m is deemed
a failure in locating the test point. The findings reveal that
the baseline scheme fails to locate 15.63% of the test points.
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FIGURE 12. Spatial distribution of positioning errors of the indoor positioning system without AP selection schemes.

FIGURE 13. RSS variations induced by layout change, collected at (a) coordinate (0, 31, 0) on the ground floor from BLEs, (b) coordinate (0, 31,
0) on the ground floor from WAPs, (c) coordinate (0, 31, 7) on the second floor from BLEs and (d) coordinate (0, 31, 7) on the second floor from
WAPs.

The heatmap in Fig. 7 further demonstrates that majority
of the test points, where the system fails to identify their
coordinates, are situated on the second floor of the building.

More specifically, 32.63% of the test points on the second
floor exhibit positioning errors surpassing 7 m, while none of
test points on the ground floor exceed this threshold.
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FIGURE 14. Spatial distribution of differences in average positioning error between the baseline technique and B-APS with γ = 22.5 dBm and
P = 3.

FIGURE 15. Spatial distribution of differences in average positioning error between the baseline technique and F-APS with γ = 27.5 dBm and P = 12.

To shed light on the reasons behind the baseline system’s
inferior performance on the third floor in comparison to the
ground floor, the variations in RSSs caused by the layout
change is investigated. In Fig. 13, we examine the RSS
variation at coordinate (0, 31, 0) on the ground floor, which
has an error of 1 m, and compare them with those at (0, 31, 7)
on the second floor, where a more substantial error of 25 m is
observed. The increased positioning error for coordinate (0,
31, 7) on the second floor, relative to coordinate (0, 31, 0)
on the ground floor, is attributed to signals from the APs at
the coordinate (0, 31, 0) being less adversely affected by the
partitioning boards than at coordinate (0, 31, 7). For example,
the RSS differences of affected WAP for coordinate (0, 31, 7)
are higher than 20 dBm. In comparison, the RSSs from the
WAPs detected at coordinate (0, 31, 0) on the ground floor
only deviate by around 10 dBm.

It is also noteworthy that the APs substantially impacted
by the layout change are generally in close proximity to the
test points. For example, in Fig. 13, the most significant
discrepancy in RSS values collected at coordinate (0, 31,
0) on the ground floor is evident with BLE 12, situated at

(−1, 22.8, 0). As for coordinate (0, 31, 7) on the second
floor, the signals from WAPs 11 – 17 are observed to be the
most affected by the layout change. WAPs 12 –17 are all on
the same floor as coordinate (0, 31, 7), except for WAP 11.
This is because for APs distant from the test points, signal
attenuation dominates, resulting in weak signals received by
the test points during layout change or without layout change.
Conversely, for APs in close proximity to the test points,
signal attenuation due to path loss becomes less pronounced,
causing RSSs received from these APs highly sensitive to the
environmental dynamics. Consequently, the RSS variations
for distant APs are smaller than those for the nearer ones.

To demonstrate the effectiveness of the proposed AP selec-
tion strategies in mitigating the impact of layout change
on the localization performance, the heatmaps of the dis-
parities in average positioning error between the baseline
system and the proposed AP selection schemes are displayed
in Figs. 14 – 17. For each of the proposed AP selection
schemes, only the results for the configuration with the low-
est average positioning error are presented. Specifically, the
γ for both Z-APS techniques are 22.5 dBm, while the γ
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FIGURE 16. Spatial distribution of differences in average positioning error between the baseline technique and Z-APS with 6 zones, γ = 22.5 dBm and
P = 12.

FIGURE 17. Spatial distribution of differences in average positioning error between the baseline technique and Z-APS with 9 zones, γ = 22.5 dBm and
P = 9.

settings for F-APS and B-APS are 27.5 dBm and 22.5 dBm,
respectively. On the other hand, the P for B-APS, F-APS,
Z-APS with 6 zones and Z-APS with 9 zones are 3, 12,
12 and 9, respectively. In these heatmaps, a positive average
positioning error difference implies that the proposed method
has a lower positioning error while a negative value implies
otherwise.

Upon analyzing Figs. 14 - 17, it is apparent that the second
floor exhibits the highest number of significant positive dif-
ferences in average positioning errors. Notably, at coordinate
(0, 31, 7) on the second floor, the most considerable positive
difference of 25 m is observed. This aligns with our earlier
findings in Fig. 12, where a 25 m positioning error is evident
at this specific test location when no AP selection schemes
are applied. Hence, it can be inferred that the proposed AP
selection strategies are successful in bringing the positioning
error of the test point down to 0 m.

While the AP selection schemes demonstrates effective-
ness in enhancing the localization performance for test points
situated at the second floor, it is noticed that the performance

improvements for the first and ground floor are not as pro-
nounced. For instance, the test points located from coordinate
(2, 23, 3.5) to coordinate (2, 33, 3.5) of the first floor show a
substantial reduction in positioning error, whereas other test
points on the same level do not exhibit a comparable degree of
enhancement. As for the ground floor, there is no significant
improvement in localization performance at most test spots.
This is due to the reason that the initial error is already low on
the ground floor and first story, rendering the use of the AP
selection techniques less impactful in terms of improvement.

VI. CONCLUSION
In this paper, we tackle the issue of indoor layout change
impacting positioning by proposing a novel AP selection
framework with three implementation modes, namely the
B-APS, F-APS and Z-APS. By leveraging on the periodi-
cally updated RSSs measured from selected RPs, the most
suitable APs for localization could be determined. Extensive
simulations are carried out to evaluate the performance of the
proposed AP selection strategy, and results demonstrate that
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the proposed scheme offers superior localization performance
compared to the baseline technique. Without the use of the
proposed AP selection technique, the system fails to locate
approximately 15% of the test points within a 7 m radius.
However, with the implementation the AP selection scheme,
specifically the Z-APS with 9 zones, the percentage of test
points predicted beyond 7 m is significantly reduced to only
2.86% by utilizing only around 10% of the RPs to regu-
larly collect RSS. Besides that, both the F-APS and B-APS
also outperform the baseline technique without AP selection,
resulting in reduction in average positioning error by 28.86%
and 33.53%, respectively. Additionally, a thorough analysis
of the effects of P and γ , which are the important parameters
of the proposedAP selection scheme, towards the localization
accuracy has also been provided. Our investigation suggests
that using as low as 0.78% of RPs for regular RSS collection
can significantly enhance the localization performance and
the range of suitable γ is approximately 22.5 dBm – 25 dBm
for Z-APS strategies and 25 dBm – 30 dBm for F-APS and
B-APS. These findings underscore the practicality of our
proposed AP selection techniques in real-world scenarios
with frequent layout changes, ensuring the resilience of the
localization system without the need for frequent fingerprint
database updates.
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