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ABSTRACT: The field of navigation has been relentlessly evolving to fulfil its long-standing objective of building a highly accurate uni-
versal navigation system. However, in highly urban and indoor locations, line-of-sight signals cannot be guaranteed, and conventional
terrestrial-based and satellite-based techniques cannot perform optimally. This paper strives to establish navigation via signals of oppor-
tunity (NAVSOP) by proposing a Wireless Fidelity (Wi-Fi)-based indoor localization method using Received Signal Strength Indicator
(RSSI) technique. This proposed method employs fingerprinting along with the K-Nearest Neighbour (KNN) and again KNN with In-
verse Distance Weighting (IDW) approach to offer superior position estimation accuracy. In this paper, we develop a new neighbourhood
dataset by expanding target neighbourhood locations by random point generator algorithm, thereby propounding the utility of NAVSOP
for indoor environments to enable future navigation applications in real-world civilian and military domains. The results obtained via
the novel IDW approach give a reduced uncertainty in position error estimation of 0.68m as compared to the traditional approaches of
fingerprinting with KNN (1.13m) and trilateration (2.3m).

1. INTRODUCTION

Over the past couple of decades, there has been a paradigm
shift in the field of navigation. While initially, navigation

systems primarily aimed to position and guide single stand-
alone systems like a car, the focus has now shifted to achieving
navigation awareness of multiple interdependent systems with
a high degree of accuracy. To keep up with the rapid advance-
ments in the sphere of communication technology, the need for
a robust navigation system that performs consistently well in
any given environment, outdoor or indoor, irrespective of ter-
rain or weather conditions is ever-increasing. Previously, a nav-
igation accuracy of 5–10m seemed to be a luxury before the ad-
vent of Global Navigation Satellite System (GNSS) technolo-
gies that provide an appreciable location accuracy of 0.3 to 5m
today [1]. However, over time the limitations of GNSS in pro-
viding location accuracy and penetrating in indoor setups or re-
gions with non-accommodative terrain such as inside airports,
high-rise buildings, narrow alleys, parking spaces, mountain-
ous terrain, and underground locations, became evident. This
navigation gap gave rise to the need to look for alternative nav-
igation techniques. One such contemporarily discovered tech-
nique is NAVSOP, i.e., navigation via signals of opportunity,
which is being actively researched globally to enable foolproof
indoor navigation [2–4]. These signals can be combined with
GNSS signals to offer unprecedented position accuracy. Exam-
ples include Amplitude Modulation (AM), Frequency Modula-
tion (FM), Television (TV), Bluetooth, cellular, Wi-Fi, World-
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wide Interoperability for Microwave Access (WiMAX), Radio
Frequency Identification (RFID) signals, etc. [1, 5, 6].
In recent times, several authors have been working on in-

door localization to improve positional accuracy by adopting
the latest machine-learning techniques [7]. Without know-
ing the signal model or propagation characteristics, Shoari and
Seyedi [8] tackled the difficulties of localizing an uncooper-
ative target (such as an intruder or jammer) using binary de-
tection data from wireless sensor networks. Using wireless
sensor networks (WSNs) and the generalized likelihood ratio
test (GLRT), Cheng et al. [9] devised a decentralized detection
(DD) of an uncooperative moving object detected in zero-mean
unimodal noise. This work’s primary unique feature is the sug-
gested Truncated One-Sided Sequential (TOS) test rule, which
safely delays decisions under hypothesis H0 while allowing for
faster judgments when a target is present (i.e., under hypothe-
sis H1). The issue of target localization in wireless sensor net-
works over noisy wireless channels to a central fusion center
was addressed by Zhang et al. [10]. This work’s primary dis-
tinctive features are its analysis of low-bit quantized baseband
signals (such as 1-bit or few-bit) and power usage in order to
maintain localization accuracy while reducing communication
overhead.
An enhanced Weighted Path Loss pipeline (WPL) using Ge-

ometric Dilution of Precision (GDOP) for beacon selection and
Machine Learning (ML) modules for distance estimate is pro-
posed by Santos and Krishsnan [11, 12]. The suggested en-
hanced WPL pipeline can perform better than its traditional
methods and assist in overcoming its inherent limits, accord-
ing to quantitative and qualitative results from the experimental
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data. In industrial plants, Tabella et al. [13] suggested a data fu-
sion method for the detection and localization task using wire-
less sensor networks. This work’s primary unique feature is a
feedback system that uses the Bayesian criterion to model de-
fects with the network’s highest hierarchical level and send pa-
rameters to the lower levels. An improved indoor localization
system with ML was proposed by Santos et al. [14]. The sug-
gested approach’s primary unique feature is its combination of
an ML regression model and conventional Weighted Path Loss
Multilateration (WPLM). In RSSI-based localization, the ML
component serves as a correction layer to lessen systematic er-
rors.
Xiang et al. [15] and Wang et al. [16] used IDW technique

for the localization on a large-capacity, high-resolution loca-
tion fingerprint database. During the offline phase of indoor
spatial location positioning using a fingerprint database, low
stability of the sampled measurement data and sparse reference
fingerprint data points led to poor spatial location accuracy. To
address this issue, Inverse DistanceWeighted Interpolation Op-
timisation Weighted K-nearest neighbour (WKNN) algorithm,
based on Grey PredictionModel (GreyModel (GM) (1,1)), was
implemented and tested. Subsequently, on the continuation of
this work, Zheng et al. [17] proved that there is a necessity
in modeling location uncertainty in collected fingerprint data
and showed that position accuracy is improved by over 35%
through proper modeling of collected data from the field tests.
WKNN approachwas employed by Peng et al. [18] in which the
unknown points’ coordinates are calculated using the inverse of
the distance as the weight. In their paper, the authors discussed
the traditional WKNN based on RSS which resulted in an inac-
curate position. To improve the accuracy, they proposed a fu-
sion weighted algorithm. Similarly, Adiyatma et al. [19] have
applied IDWmethod to generate the synthetic database to over-
come the limitations of the fingerprinting technique.
A reasonably priced indoor localization system utilizing Re-

ceived Signal Strength Indicator (RSSI) measurements is pre-
sented in our work. The K-Nearest Neighbors (KNN) algo-
rithm, Wi-Fi fingerprinting, and a reinforced IDW technique
are all included into the suggested strategy [20, 21]. The fi-
nal position estimate’s accuracy is greatly increased by this
interpolation-based reinforcement.
This paper is organized as follows. The procedure to gener-

ate the RSSI database and theoretical background on Trilatera-
tion, KNN, and IDW approaches are explained in detail in Sec-
tion 2. Salient features of the indoor environment, along with
the operating procedure of the transmitter and receiver mod-
ules are described in Section 3. Data collection from each node
and the procedure for estimating position errors are presented
in Section 4. Comparative analysis of position estimation us-
ing Trilateration, KNN, and KNN with IDW techniques is dis-
cussed in Section 5. Finally, conclusions are presented in Sec-
tion 6.

2. THEORETICAL BACKGROUND
The most common method for navigating with wireless access
points (WAPs) is to measure the strength of the received signal.
The range-based approach, signal fingerprinting, or range-free

approach can all be used to determine RSS. In the range-based
strategy, localization is performed by determining the distance
between the transceiver and WAP, converting RSS to a metric
value and using known WAP locations. In signal fingerprint-
ing approach, a data map produced for a set of known sites
is used to compare all measured RSS levels. The position of
the transceiver is computed using an empirical position estima-
tion algorithm, such as the nearest neighbor algorithm, based
on the best match. The range-free method makes use of tech-
niques such as the Gaussian process for target localization [22].
The proposed technique in this paper first uses fingerprinting
method combined with KNN technique to calculate the near-
est neighbours (NNs) of the target location. The coordinates of
these NNs are averaged to find the approximate coordinates of
the target node. To verify the accuracy of the estimated target
position, a trilateration technique is applied that makes use of
radio propagation model to convert RSS Indicator (RSSI) val-
ues into distance estimates between receiver modules/anchor
nodes and transmitter module/target node. The novel IDW ap-
proach for position estimation is employed to further improve
positioning accuracy by minimizing the scale of the target lo-
cation’s neighborhood.

2.1. RSSI Database Generation

In the offline stage of the fingerprinting-based approach, the
whole area is divided into equally spaced locations called ref-
erence points (RPs). The RSSI samples are collected at each
location several times. The average of measured RSSI values
at each location is calculated and stored in a file along with its
corresponding coordinates. For example, if the area of the posi-
tion estimation system is 100 square meters, the RSSI samples
are collected at 100 locations from each receivermodule/anchor
node [23]. This will produce the RSSI radio map of the proto-
type environment that will act as the RSSI database which will
be further used to train the ML algorithm and later used for the
pattern matching of testing (online) and training (offline) loca-
tions.

2.2. K-Nearest Neighbour Algorithm

The KNN algorithm is a non-parametric, supervised learning
approach used in statistics. The valueK denotes the number of
the target node’s closest neighbours. Artificial Intelligence (AI)
and Machine Learning (ML) algorithms are often used to en-
hance the accuracy of fingerprinting and have had a lot of suc-
cess in indoor localization applications in recent years [24]. The
capacity of AI/ML techniques to make smart and autonomous
decisions using observed data without the necessity for precise
mathematical formulation is their most distinguishing feature.
ML has also proven to be a useful tool for combining multi-
dimensional data gathered from a variety of location sensors,
technologies, and methods, and analysing it as a whole. KNN
ML algorithm is utilised in this paper to increase the accuracy
of classic localizationmethodologies due to the aforementioned
benefits of implementing ML techniques.
The distances between the measurements in the training

phase, consisting of RSSI values obtained at evenly spaced
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FIGURE 1. Flowchart for important steps in the methodology.

sites, and the measurements of the target now placed at random
locations in the testing phase are computed using this approach.
The Euclidean distance is themost often used distancemeasure.
This technique selects K nearest neighbours or reference

points (RPs) from the prototype environment’s radio map with
the shortest distances to the target node. The coordinates of
these RPs are averaged to estimate the location of the target
node.

2.3. Trilateration Algorithm
The term trilateration refers to a method of estimating the target
position using distance measurements from three fixed points.
In layman’s terms, it is a method for calculating the point of
intersection of circles with three fixed locations as their cen-
ters. To translate RSSI observations to distance estimations,
the conventional radio propagation model or path loss model-
ing is utilized. The position is determined using the equation of
circles once the distance estimates are obtained [25–27].

2.4. Inverse Distance Weighting (IDW) Method
IDW is a particular form of deterministic method for multivari-
ate interpolation that makes use of a predetermined distributed
set of points. A weighted average of the values present at the
nearby known points is used to determine the values that are
allocated to unknown points. It assumes that values nearby
have a stronger relationship with their function than those far-

ther away. The inverse of the distance (between the data point
and projected location) raised to the power p is used to calculate
weights. Thus, as the distance increases, the weights rapidly de-
crease depending on the value of p. A general form of finding
an interpolated valueH at a given point based on samples hi for
i = 1, 2, 3, . . . n using IDW is an interpolating function [28]:

Hp =

∑n
i=1 (

hi

dp
i
)∑n

i=1 (
1
dp
i
)

(1)

where h is the measured value at known locations, p the power,
n the number of points inside the neighborhood, and d the dis-
tance from unknown points to known points. When p = 2, the
method is known as the inverse distance squared weighted in-
terpolation. Once a neighborhood shape has been specified, in-
verse distance squared weighted interpolation can be performed
on the unknown locations in the neighborhood. The salient fea-
tures of the methodology are presented in Fig. 1.

3. EXPERIMENTAL SETUP
To substantiate the utility of the proposed concept in real-life
applications, a smaller experimental prototype environment is
set up for testing. For this purpose, the ground floor corridor
with dimensions 21.17m × 3.57m of the Research and En-
trepreneurship Hub in Chaitanya Bharathi Institute of Technol-
ogy, Gandipet, Hyderabad is chosen as the prototype environ-
ment (Fig. 2). Out of this, an area of 60 square meters (20m
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FIGURE 2. Indoor environment for Experimentation in the Research and
Entrepreneurship (R&E) Hub.

FIGURE 3. Arduino bluetooth controlled robot.

FIGURE 4. Positions of Wi-Fi transceiver modules in the corridor.

× 3m) is selected for the experiment. In the offline/training
phase of fingerprinting, 60 equally spaced locations separated
by a distance of 1m each in the horizontal and vertical direc-
tions are demarcated to act as reference points (RPs) for data
collection.
Nine Node Microcontroller Unit (NodeMCU) ESP8266

modules are programmed to act as receivers/anchor nodes
that can detect only the RSSI values received from the trans-
mitter/target node via a dedicated, independent channel. One
NodeMCU ESP8266 module is programmed to transmit Wi-Fi
signals on the dedicated channel, and this module acts as the
source/target node to be localized in the experiment. The
transmitter module is mounted on a Bluetooth-controlled robot
(Fig. 3) that traverses to all 60 locations of the corridor during
the offline, training phase. While collecting the data the robot
is stationary. The gain of both the transmitter and receiver
antennas is 2 dBi.
All the NodeMCU ESP8266 modules used in the experiment

have the same specifications, transmit Radio Frequency (RF)
signals at a frequency of 2.4GHz and have a coverage range
up to 90–100m. The NodeMCU transceivers are powered with
the help of rechargeable batteries rated at 3.7V, 2500mAh. The
batteries are soldered to the Vin and GND pins of ESP8266 to
provide continuous power supply to the modules during the ex-
periment.
These 9 receiver modules/anchor nodes are deployed in the

prototype environment at predefined, fixed locations demar-

cated in the layout diagram of Fig. 4. At each one of the 60
locations where the transmitter is placed, 100 RSSI samples are
collected by each receiver. At the end of the offline phase, RSSI
values detected at each receiver simultaneously are recorded
and stored in real time in the ThingSpeak cloud. This data is ex-
ported in the form of a Comma-Separated Values (CSV) file for
further processing and analysis. The RSSI values collected at
each location are filtered to eliminate data abnormalities. The
filtered RSSI samples are averaged for each location. This is
followed by the online testing phase in which the mobile trans-
mitter/target node is placed in 10 random locations (Fig. 4), and
once again the RSSI values are recorded at each receiver/anchor
node module.

4. DATA ACQUISITION AND STATISTICAL ANALYSIS
To achieve the objectives of this paper, the primary step is to es-
tablish a channel of communication between the mobile trans-
mitter/target node and fixed receivers/anchor nodes to perform
target localization. This is followed by the transfer of recorded
RSSI values at receiver modules to a long-term storage plat-
form. The programs required to do so are written in Arduino
Integrated Development Environment (IDE) and encoded into
the NodeMCU ESP8266 transceiver modules. The transmit-
ter/target node NodeMCU ESP8266 is programmed twice. The
first program configures it as a WAP, and the second program
integrates the wireless network of this access point with the in-
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TABLE 1. Error analysis due to various localization methods.

S. No Type of error (m) Trilateration KNN KNN with IDW
1. Mean Error in x direction 0.898 0.44 0.328
2. Mean Error in y direction 1.983 0.86 0.552
3. Standard Deviation in x direction 0.666 0.298 0.164
4. Standard Deviation in y direction 0.694 0.705 0.292
5. DRMS Error 0.961 0.765 0.335
6. Overall Euclidean error in distance 2.3 1.13 0.68

ternet. The receiver modules/anchor nodes are all programmed
with a common code (since all receivers must be connected to
the same transmitter in a localization environment) that con-
nects them to the transmitting node. The histograms of the
samples obtained at each location are plotted and superimposed
with the standard normal curve to identify the Normal Distribu-
tion of data. The standard deviation (S.D.) of the data at each
location is calculated to measure howmuch the RSSI values are
spread out from the mean value using the equation,

σ =

√
1

N

∑N

i=1
(xi − µ)

2 (2)

where σ is the standard deviation, µ the mean,N the total num-
ber of samples (N = 100 in this case), xi the sample value, and
i = 1, 2, 3 . . . N . The overall errorE in position estimation is
calculated by applying the Euclidean distance formula between
the actual and estimated coordinates:

E =

√
(x− x′)

2
+ (y − y′)

2 (3)

where (x′, y′) and (x, y) are the estimated and real coordinates
of the target node with respect to the reference coordinate sys-
tem (Fig. 4). The mean absolute error for estimated positions is
calculated in both x and y directions using:

(∆x) =
1

n

∑n

i=1
|xi − x′

i| (4)

(∆y) =
1

n

∑n

i=1
|yi − y′i| (5)

and i = 1, 2, . . . 10 for 10 test locations (n = 10). The stan-
dard deviation (S.D.) in error is obtained in both x and y direc-
tions for the position estimations using:

σx =

√
1

N

∑N

i=1
(∆xi −∆x)

2 (6)

σy =

√
1

N

∑N

i=1
(∆yi −∆y)

2 (7)

The distance root mean square (DRMS) error can be obtained
as:

DRMS =
√

σ2
x + σ2

y (8)

5. RESULTS AND DISCUSSION
In this section, the position estimation due to experimental data
using trilateration, KNN algorithm, and KNN with IDW ap-
proach is discussed. Themean error, standard deviation of posi-
tion estimation error, and DRMS error are calculated and com-
pared to evaluate the performance of these methods.

5.1. Position Estimation Using Trilateration
The Trilateration algorithm computes the target node position
by taking the RSSImeasurements from three anchor nodes. The
distance d between Transmitter (Tx) and Receiver (Rx) is ob-
tained from RSSI received at the anchor node/Rx. The follow-
ing lognormal path loss model is used to convert RSSI values
to distance estimates as it is simple and most suitable for wave
propagation and localization concepts [29]

PL(dB) = 10 ∗ n ∗ log(d/d0) + PL0 + χσ (9)

where PL = Pt−Pr and PL0 = Pt−Pr0, and ‘d0’ is a refer-
ence distance in meters. Here, ‘PL0’ is the path loss obtained
at the reference distance, ‘Pr0’ the RSSI obtained at reference
distance, PL the path loss obtained as a difference of the Trans-
mitter power (Pt) and received RSSI value at a particular dis-
tance d(Pr), d the distance betweenReceiver and Transmitter in
meters to be calculated. ‘n’ is the path loss exponent, and ‘χσ’
is the shadowing parameter and is often considered as a zero-
mean Gaussian variable with standard deviation‘σ’. The path
loss exponent (n) is obtained through the slope value of linear
regression. The value generally lies in the range of 1.2–1.8 in
indoor, line-of-sight locations. In this experiment environment,
we have taken it as 1.2 [27].
Source or target localization is performed using RSSI values

recorded at 3 anchor nodes at each of the same 10 test loca-
tions, followed by distance estimation and application of trilat-
eration algorithm for position estimation. The obtained results
are shown in Table 1. The results show that since the overall
Euclidean error, i.e., the distance between the estimated point
and actual point is 2.3m, this position estimation technique is
successful in providing only rough estimates with an accuracy
up to 2.3 meters along with a DRMS error of 0.961m.

5.2. Position Estimation Using KNN Algorithm
TheML algorithm of KNN is used for data classification. Since
KNN is extremely sensitive to noise, the training dataset fed to
the algorithm needs to be standardized, normalized, and refined

257 www.jpier.org



Rao et al.

FIGURE 5. Expanded target neighborhood.

before the algorithm is executed. This is done to avoid erro-
neous predictions. The obtained RSSI database is hence filtered
to discard discrepancies by removing the outliers. KNN algo-
rithm is used in the online, testing phase of the fingerprinting
technique in which the mobile transmitter/target node is placed
in 10 random locations as shown in Fig. 4, and the RSSI values
are recorded at each receiver/anchor node module. This testing
dataset is pattern-matched with the previously recorded RSSI
database to find the coordinates of the NNs or RPs for each of
the 10 locations. The NNs are calculated based on the shortest
Euclidian distance between the RSSI obtained at each anchor
node from the target node in the online phase and the corre-
sponding RSSI database values stored in the cloud during the
offline stage [30].

di =

√∑n

j=1
(RSSIij −RSSIj)

2 (10)

where di shows the adapted Euclidian distance (similarity) be-
tween the RSSI value of the ith Reference Point (RP) to the
jth point of the test location; RSSIj represents RSSI values
received from the test location; and RSSIij shows the corre-
sponding RSSI value of the ith RP stored in the database at the
jth instance, i = 1, 2, 3 . . . N and j = 1, 2, 3 . . . n, while n
is the number of anchor nodes/receiver modules, and N is the
total number of RPs. According to the experiment conducted,
N = 60 and n = 9. The algorithm gave optimum results for
K = 5.
The implementation of the KNN algorithm (K = 5) on the

RSSI data obtained from test locations of the target node pro-
duces the coordinates of the target node’s 5 nearest neighbors
as the outcome. The coordinates of all the 60 reference points
are fixed according to a predetermined coordinate system and
used as a reference for the prototype environment (Fig. 4). The
coordinates of these nearest 5 RPs are averaged to estimate the
location of the target node. Once the estimated coordinates are
obtained, they are compared with the exact coordinates of the
test locations. The errors obtained for estimating all the 10 test

locations are averaged to give a measure of the efficacy of the
algorithm.
The position of the target node is calculated based on pattern

matching, i.e., classification of the testing location RSSI mea-
surements with the training RSSI dataset using KNN. Compar-
ative analysis of the algorithm performance for different values
ofK was done. Based on this, the least error in position estima-
tion was obtained for K = 5. Once the 5 nearest neighboring
RPs were obtained as a result of KNN implementation, their
coordinates were averaged to localize the target node.
The final numerical results obtained for position estimation

using fingerprinting with KNN are presented in Table 1. Thus,
the results show that this position estimation technique is suc-
cessful in localizing the target node with an accuracy up to
1.13m, i.e., an error of 1.13m between the actual and estimated
positions of the target with a DRMS error of 0.765m which are
significantly better than the results of trilateration method.

5.3. Position Estimation Using KNN with IDW Approach
The novel IDW method for position estimation has been em-
ployed to help improve positioning accuracy. This is achieved
by contracting the scale of the target location’s neighborhood as
shown in Fig. 5. To do so, the 5 nearest neighbors of the target
location obtained during the aforementioned implementation of
the KNN algorithm are used for defining the new neighborhood
for each of the 10 random target locations (Fig. 5).
Thus, the region enclosed by the 5 nearest neighbors forms

the new neighborhood of a target location. This neighborhood
consists of 60 newRPswhose coordinates are obtained by inter-
polating the coordinates of the 5 nearest neighbors that enclose
them. A random point generator algorithm is used to gener-
ate the new RPs dispersed within each of the 10 new neighbor-
hoods. An RSSI database is generated for each of these new
RPs using Eq. (1), which interpolates the existing RSSI values
of the 5 nearest neighbors to obtain the RSSI values at the new
RPs for each neighborhood. This RSSI database is fed to the
KNN algorithm once again as its new training dataset, and the
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algorithm now chooses K ′ (K ′ = 5) nearest neighbors of the
test/target location from its new neighborhood. Once the new
5 nearest neighboring RPs were obtained as a result of KNN
with IDW implementation, their coordinates were averaged to
localize the target node.
The numerical results obtained from the position estimation

using the KNN with IDW technique are presented in Table 1.
The results show that this position estimation technique is suc-
cessful in localizing the target node with an accuracy up to
0.68m, i.e., an error of just 0.68m between the actual and esti-
mated positions of the target with a DRMS error of 0.33m.

5.4. Comparison and Analysis of Localization Results

Table 1 shows that among the trilateration, KNN, and KNN
with IDW approaches, maximum accuracy in position estima-
tionwas obtained in the case of KNNwith IDWapproachwhich
had a Euclidean error of just 0.68m between the actual and es-
timated target locations, while the least accuracy was obtained
in the traditional trilateration approach that produced an error
of 2.3m. A moderate error of 1.13m was obtained in the case
of fingerprinting with KNN. The mean errors in both x and y
directions and DRMS errors are least for KNN with IDW ap-
proach, moderate for fingerprinting with KNN, and maximum
in the case of trilateration. In the case of KNN with IDW, the
standard deviation of error is the lowest too.
It can therefore be deduced that the performance of the KNN

with IDW approach is much superior to that of the fingerprint-
ing and trilateration approaches in performing source localiza-
tion. This can be attributed to the enhancement in accuracy of-
fered by ML techniques adapted by the KNN algorithm along
with IDW as opposed to the traditional trilateration technique
that is subject to several limitations such as accurate determina-
tion of radio propagation constants, multipath, interference, en-
vironment dependency, and shadowing measurements, which
greatly hinder the accuracy in measurement.
Figure 6 shows the error between actual and estimated co-

ordinates obtained via trilateration, KNN, and IDW methods.
We did not use trilateration in the proposed KNN with IDW
method. Many state-of-the-art indoor localization approaches
require specialized hardware or high computational capacity,
but in our experimentation we have used low cost Internet of
Things (IoT) modules.

FIGURE 6. Performance comparison of various localization techniques.

6. CONCLUSIONS
This paper has investigated and harnessed the potential of us-
ing Signals of Opportunity (SoOP) for the navigation in indoor
environments, where high levels of accuracy are required, and
GNSS has very limited availability. An integrated approach is
undertaken comprising a fingerprinting technique, reinforced
by the KNN ML algorithm combined with IDW technique to
boost accuracy. The achieved positioning accuracy is 0.68m
for KNN with IDW approach, 1.13m for fingerprinting with
KNN technique, and 2.3m for trilateration. The performed
numerical and graphical analysis concludes that ML with the
novel and investigational IDW approach employed in this pa-
per greatly enhances positioning accuracy and can be the fu-
ture of localization. The errors and challenges encountered
during experiment conduction and data analysis as well as the
scope for improvements in working methodology to overcome
them are studied in detail. The results of this paper are signifi-
cant in paving the way for the conduction of extensive research
in this domain that can be instrumental in making contempo-
rary navigation technology more robust and fool-proof. The
present work can be extended by using ML-based algorithms
such as Linear Regression, Ridge/Lasso Regression, Support
Vector Regression (SVR), Decision Tree Regression, Random
Forest Regression, and Gradient Boosting Regression, for im-
proving accuracy. Also for indoor localization position can be
augmented with GNSS data to obtain actual geographical coor-
dinates of the position
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