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Abstract

The accurate positioning of location in indoor environment has become crucial in many
location-based services, mainly where global positioning systems (GPSs) are unavailable or
fail to navigate correctly. Conventional fingerprint-based approaches face challenges with
instability, low accuracy, and being sensitive to changes in the environment. This study
proposes a robust fingerprint-based machine learning (ML) model for dynamic environ-
ment indoor navigation in real time. The proposed model uses link quality indicator (LQI)
values from IEEE 802.15.4 as fingerprints and supervised learning algorithms, showing
high accuracy and a strong ability to adapt to changes in the environment. A room within
a building floor has been regarded as the unit of location identification instead of the user’s
exact coordinates to make the suggested model more relevant under practical conditions.
The model was trained and tested using a real LQI dataset collected from varied indoor
conditions to ensure the system can adapt effectively and operate consistently in dynamic
environments and signal conditions. The results show that the proposed model surpasses
fingerprinting indoor navigation in room detection accuracy and flexibility to environmen-
tal changes. An implemented prototype proved the real-time capability of the proposal in
smart buildings, hospitals, and industrial IoT settings.

Keywords: indoor navigation system; IEEE802.15.4; link quality indicator; fingerprint-
based signal database; machine learning

1. Introduction
The importance of location in indoor environment has become a crucial research

problem in the last few years. It is related to the high demands of services based on indoor
location in the places where global positioning system (GPS) signals cannot be detected, or
are inaccurate and unreliable [1–3]. The emergence of internet of things (IoT) and smart
buildings and smartphone applications has also accelerated the demand for a precise
and real-time localization [4–7]. Figure 1 shows some examples of application areas e.g.,
healthcare, smart home, airport, self-driving cars, retail, and industrial automation that are
highly dependent on indoor localization systems to run effectively and give seamless user
experience [7–9]. GPS, which is the most common used technology for outdoor localization,
exhibits poor performance indoors. The most critical reason is that GPS signals are unable
to penetrate walls, ceilings, or other obstructions present in indoor environments [10].
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Figure 1. Machine learning-based indoor positioning system application scenarios.

The growing demand of indoor positioning services has led to a large body of work
on technology-specific solutions, each with their own strengths and limitations. Originally
adopted for tracking inventories in warehouses, radio-frequency identification technology
was adapted for tracking humans. The large deployment of IEEE 802.11 standard-based
networks has made Wi-Fi-based technologies a popular choice for indoor positioning [11].
Ultra-Wideband is able to achieve highly accurate location but needs the use of additional
sensors and the deployment of dedicated hardware, thus increasing the system cost. The
above issues have generated an interest in low-cost positioning and Wi-Fi-based solutions
have been identified as a low-cost and readily available technology for positioning. One
of the popular approaches for Wi-Fi-based indoor positioning is fingerprinting methods,
where received signal strength indicator (RSSI) is measured from multiple Wi-Fi access
points at known locations in a database. The current location is then estimated by matching
the RSSI values with the fingerprints in the database. Challenges such as limited accuracy,
scalability, and adaptivity to environmental changes e.g., signal shadowing, obstructions,
and movement of users are also associated with the fingerprinting approach [12,13].

To overcome the aforementioned limitations, machine learning (ML) algorithms are
leveraged for fingerprinting-based indoor positioning systems [14]. Random forests (RFs),
support vector machines (SVMs), decision trees (DT), artificial neural networks (ANNs),
and convolutional neural networks (CNNs) are a few of the most common ML algorithms
that are used to learn complex patterns from high-dimensional signal data. The signal
strength, location, and other environmental characteristics can all be learned and used
to make location estimates by these ML models. The models are also designed to be
able to dynamically adjust to changing environments and learn over time, increasing the
accuracy of location estimates. Furthermore, ML models might increase the robustness of
indoor positioning systems by smoothing out the effects of noise and interference in the
signal data, allowing for more accurate and consistent location estimates in real time. The
primary objective of this research is to develop a robust, ML-based fingerprinting model
to increase the accuracy, scalability, and adaptability of indoor positioning systems. The
research is designed to address the drawbacks of conventional fingerprinting models by
using advanced ML techniques to provide a solution that works reliably in various indoor
environments. The objective of this study is to create a model that can locate a user with
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better accuracy and adapt to changing conditions, such as moving obstacles, changes in
signal strength, and dynamic indoor layouts.

In this paper, we present a robust ML model based on LQI fingerprints for user posi-
tioning inside the building in real-time. We take a room on the service floor as the smallest
unit for location identification in the indoor positioning system rather than depending
on a user’s exact position coordinates, which increases its applicability in the real world.
The proposed model leverages a dataset of quantitative LQI values recorded in the service
field directly using IEEE 802.15.4 [15,16] protocol-based devices in this study, known as
fingerprints. Fingerprints are then employed to identify the state of the indoor environ-
ment at various positions within the radio map, which further leads to an increase in
the number of patterns for comparison with a user’s fingerprint. Principle Component
Analysis (PCA) is employed in this study to identify the redundancy in the data gathered
from several receivers. After that, ML algorithms are used to analyze, predict, and make
decisions by learning intricate patterns and relationships, resulting in increased accuracy
and effectiveness of indoor localization. The model is experimentally trained, tested, and
validated in various indoor settings at Okayama University, Japan, and Jatiya Kabi Kazi
Nazrul Islam University, Bangladesh, using several receivers to ensure that it will perform
well and continue to operate reliably in changing signal conditions. The results of the
experiment show that our suggested model outperforms conventional fingerprint-based
indoor positioning approaches in terms of room-level detection accuracy and adaptabil-
ity to environmental variations. A prototype implementation demonstrates the real-time
feasibility of our method in smart buildings, hospitals, and industrial IoT environments.

The novelty of our work lies in the development of an ML-based positioning system
that uses LQI fingerprints to detect the specific room in which a user is currently located,
in real time, within a building floor. Unlike many prior works that emphasize estimating
precise user coordinates, our approach considers the room itself as the detection granularity.
This design is deliberate because for many practical applications, knowing the exact room
is enough. Room-level navigation, occupancy monitoring, or context-aware services do
not require precise coordinates. This approach is also more reliable in varied environments
and less computationally intensive than coordinate-based localization. Furthermore, the
system is implemented using low-power, cost-effective IEEE 802.15.4 devices, making it
inexpensive, energy-efficient, and therefore suitable for deployment in real-world environ-
ments, including resource-constrained contexts such as developing countries. To the best of
our knowledge, this is the first real-world deployment of an ML-based indoor positioning
model that leverages LQI fingerprints specifically for room-level detection.

The main goal of this research is to design a robust, low-power, and inexpensive
system to achieve accurate positioning in indoor environment. The main contributions of
this paper are summarized as follows:

1. We design a robust ML model for an indoor positioning system based on LQI finger-
prints of IEEE 802.15.4 protocol.

2. We consider a room on the service floor in indoor buildings as the unit of location
identification, which is more relevant to practical requirements.

3. We design and implement the prototype system with the IEEE 802.15.4 transmitter
and receiver and test it in real-world environments.

The remainder of this paper is organized as follows. In Section 2, we point out the key
issues in existing indoor positioning systems and present related work in the literature. In
Section 3, we provide a review of background technologies of indoor positioning systems.
In Section 4, we present the details of the proposed ML model using LQI fingerprints.
In Section 5, we evaluate the proposed model by comparing it with existing approaches.
Finally, Section 6 concludes this paper and points out some future work.
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2. Related Work
Indoor positioning has received considerable attention over the past two decades be-

cause of its importance for delivering location-based services in smart buildings, healthcare,
logistics, and industrial scenarios. Early indoor positioning research primarily focused on
wireless signal-based techniques and vision-based techniques [17]. Wireless signal-based
techniques use measurement parameters such as Wi-Fi [18,19], Bluetooth [20], RFID [21],
Ultra-Wideband (UWB) [22], ZigBee [23], and Channel State Information (CSI) [24,25].
Vision-based techniques are computationally complex and expensive, and have real-time
challenges due to high processing delays. In addition, they are not robust to uneven lighting
conditions, occlusion, and position changes of objects in an environment, which degrades
the system performance and scalability [26].

Wireless signal-based indoor localization systems are divided into geometric-based
and fingerprinting-based approaches. The geometric approaches such as trilateration
and triangulation [27,28] depend on accurate distance estimation and involve Time-of-
Arrival (ToA), Time-Difference-of-Arrival (TDoA), or Angle-of-Arrival (AoA) measure-
ments. These methods are often highly sensitive to multipath effects and environmental
changes, making them difficult to apply in complex indoor environments. On the other
hand, the fingerprinting-based approaches, which were first made popular by the RADAR
system [18], were shown to be more robust, as they use empirically collected signal strength
patterns at known locations as a reference for inference. However, a significant portion
of fingerprinting-based studies are on coordinate-level positioning; most applications,
especially in a smart home or building, do not require precise coordinate-based positioning.
The additional training complexity and sensitivity to slight environmental changes, even in
neighboring rooms, make the system more complex than necessary for many practical appli-
cations. This work proposes a fingerprinting-based approach, but unlike existing systems,
instead of estimating the exact user position, we perform indoor localization by classifying
the room where the user is located. This approach reduces the complexity of the system
and makes the positioning more stable, hence better suited for real-time applications.

Wi-Fi- and Bluetooth-based methods are often deployed due to the existing and ubiqui-
tous infrastructure. However, they are usually unstable in indoor environments with a high
density of access points or electronic devices due to multipath fading and interference [29].
UWB-based systems usually achieve high positioning accuracy, but require dedicated and
expensive hardware to be practical for large-scale deployment. CSI-based approaches
can be more stable than RSSI, but need more complex hardware and signal processing
algorithms [25]. This work instead uses IEEE 802.15.4 standard devices, which offer a good
balance between cost, power efficiency, hardware simplicity, and robustness to channel
fading and are promising for real-time room-level localization.

ML-based RSSI fingerprinting can be more robust to multipath fading effects, and sys-
tem impairments such as signal fluctuations and hardware failures. This has made the
ML-based indoor positioning system popular where ML has been increasingly leveraged
to enhance indoor localization accuracy and robustness. Classical approaches such as
k-Nearest Neighbors (kNN) [30–33], support vector machines (SVMs) [34–37], Decision
Trees (DTs) [38,39], Naive Bayes (NB) [40,41], and ensembles of these approaches [42] have
also shown promising results to deal with nonlinear signal distribution and environmental
dynamics. Deep learning models (DL) achieve high accuracy, but are often data-hungry,
requiring large amounts of labeled data and high compute resources, and are also less gen-
eralizable across environments [43–45]. In this work, we employ PCA for feature extraction
to reduce dimensionality and signal redundancy before deploying multiple lightweight
classifiers such as kNN, SVM, DT, and NB for room-level classification to improve real-
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time performance, lower training complexity, and enhance explainability as compared to
black-box DL models.

Surprisingly, only few approaches are room-level centric, despite indoor positioning
being the most intuitive form of localization for the majority of practical applications.
Authors in [46] suggested a system for finding locations within rooms using a kNN classifier
and BLE fingerprints, while authors in [47,48] looked into room-level indoor positioning
using Wi-Fi fingerprinting with probabilistic and SVM classifiers, respectively. These
systems, however, remain vulnerable to interference by overlapping RSSI distributions for
different rooms, congested Wi-Fi channels, and non-stationary environmental conditions.
Table 1 summarizes the key differences between existing approaches and our proposed
system. The proposed system that builds on IEEE 802.15.4 fingerprinting, room-level
classification, and efficient ML models moves the state of the art toward scalable, practical,
and real-time indoor localization.

Table 1. Summary of related work and comparison to the proposed method.

Study Technology Methodology Detection
Granularity Strength Limitation

[18] Wi-Fi kNN Model Position coordinate Simple, pioneer
system Sensitive to noise

[19] Wi-Fi Probabilistic model Position coordinate Noise handling Complex, not
real-time

[20] BLE Bayesian likelihood
function Position coordinate Cost effective Limited accuracy

[46] BLE kNN model Room classification Real-world scenario Limited accuracy,
70–90%

[48] Wi-Fi Normalized SVM
model Room classification Device

heterogeneity
Fingerprinting
efforts

[49] Wi-Fi Deep neural
network Building/Floor Robust, noise

handling Coarser localization

[50] UWB Deep belief network Position coordinate High Accuracy Environmental
sensitivity

[51] WPAN Euclidean distance Room classification Real-world scenario
Initial
fingerprinting
effort

Proposed WPAN PCA and ML
classifier Room classification Light weight,

real-time
Initial fingerprint-
ing effort

3. Preliminary Theories and Technologies
This section gives an overview of fingerprint-based indoor positioning systems, tech-

nology and localization techniques considered in this study for the implementation of the
proposed system.

3.1. Fingerprint-Based Indoor Positioning Overview

A fingerprint-based indoor positioning system utilizes the distinctive properties of
wireless signals in an indoor setting to infer a user’s position. The fundamental concept
involves creating a map of wireless signal strengths (i.e., fingerprint) at different known
locations during an offline phase, and then matching real-time signal measurements to this
map during an online phase to ascertain the user’s location. Figure 2 illustrates the basic
steps of fingerprint-based IPS.
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Figure 2. Overview of fingerprint-based indoor positioning system.

3.1.1. Offline Phase: Training Phase

The offline phase involves building a radio map or fingerprint database.

1. Site Survey and Grid Definition: The location area is gridded into a set of reference
points (RPs) with known location (coordinates). The grid can be of any size (density
of RPs); it is always a tradeoff between accuracy and effort.

2. Data Collection: First, at each reference point, RPi, a Wi-Fi-enabled device scans the
service network field to collect wireless signal strengths from employed access points,
i.e., RSSIs.

3. Fingerprint Creation: Then, a fingerprint of RSSI values for every RPi is formed com-
posing a vector. For m number of APs, a fingerprint vector at RPi can be formed
as follows:

Fi = [RSSIAP1, RSSIAP2, . . . , RSSIAPm]

For every reference point, multiple readings are often taken in a short period of time
and the mean or median of the readings is taken to get regular values.

4. Database Storage: All these fingerprints, along with their corresponding geographic
coordinates, are stored in a central database, creating the radio map.

3.1.2. Online Phase: Testing Phase

The online phase is when the location of a user is estimated in real time by matching
their current signal measurements to the pre-built fingerprint database.

1. Unknown Wi-Fi Signal Reading: In the online phase, the reading of a real-time Wi-Fi
signal strength is taken to locate the user’s position.

2. Fingerprint Matching: This real-time fingerprint of unknown position ([RSSI′AP1,
RSSI′AP2, . . . , RSSI′APm]) is then compared against the database fingerprints. Several
fingerprint matching techniques like Euclidean distance, kNN, ML-based algorithms
and probabilistic techniques can be utilized for this purpose.

3. Location Estimation: Depending on the matching algorithm used, the system outputs
the estimated coordinates of the user. This might be a single point, or a probability
distribution over an area.

3.2. IEEE 802.15.4 Standard

The IEEE 802.15.4 standardspecifies the operation of low-rate wireless personal area
networks (LR-WPANs) that targets low-cost, low-speed ubiquitous communication among
devices. Figure 3 shows the spectrum of the IEEE 802.15.4 standard and comparison of
some of its important features with IEEE 802.11.
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Figure 3. Spectrum of IEEE 802.15.4 standard.

The basic framework conceives a 10-m communications range with a transfer rate of
250 kbit/s. The chief aim of this standard is to allow low manufacturing and operating
costs by use of relatively simple transceivers while still enabling application flexibility and
adaptability. The key features of IEEE 802.15.4 are summarized as below:

• Real-time applications are suitable through reservation of Guaranteed Time Slots
(GTSs).

• Integrated collision avoidance through CSMA/CA.
• Support secure communications.
• Power management functions like link speed/quality and energy detection.
• Supports three frequency bands for operation (868/915/2450 MHz).

4. Proposed Model
The expected outcome of the proposed robust ML model is to identify the room in

which the user is at a certain time in the indoor environment. In this section, the system
architecture and the real-time solution to the problem of indoor localization are discussed.
Figure 4 represents the block diagram of the proposed model, which can be divided into
two main stages, a training stage and a testing stage.

Room 303

Trained ModelML Training
Fingerprint 

dataset

ResultsPrediction

Real time 

LQI

Data 

collection

Training Phase

Testing Phase

KNN, SVM, 

DT, RF, NB

Room 303

Room 303

Feature

extraction

Data 

Preprocessing

Figure 4. Proposed model architecture.

The model is developed based on a transfer learning approach that should be trained
with sufficient data from different indoor environments to produce robust detection ac-
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curacy. The training phase consists of collecting a large amount of LQI values in several
reference points of real indoor scenarios to build a radio map. However, the data in its raw
form often contains a lot of noise and irrelevant information which could lead to a poor fit
of the model to the underlying data. Therefore, a preprocessing stage is essential to clean
and standardize the dataset before the ML training process. Afterward, feature engineering
techniques based on Principal Component Analysis (PCA) are conducted to identify the
best and most informative features from the LQI dataset that will improve the learning
ability and generalization performance of the ML classifiers. The selected features from the
radio map are used to train robust ML models to learn the spatial characteristics of indoor
signal propagation.

In the testing stage, unseen fingerprints are fed to the proposed model for classification.
The room with a signal pattern in the radio map that is the closest match to the received LQI
is the predicted user’s current location. As a result, robust room-level indoor positioning
can be achieved in real time.

4.1. Data Collection and Radio Map Generation

In the following, LQI-based fingerprints at a set of different locations of the rooms in
the target building are generated and sent to a Firebase database running on the server PC,
where the fingerprints are stored to build the radio map for the desired fingerprinting-based
positioning system.

As with any other fingerprinting system, data collection is a fundamental stage which
underlies the model’s general accuracy and robustness, and in the current study, the LQI
fingerprints were collected at a certain set of reference points in and outside the rooms
throughout the building with the help of several receivers. The vast majority of state-of-the-
art fingerprinting approaches model the target service area as a collection of fine-grained
grid points, each with its two-dimensional coordinate pair; however, such a systematic
grid structure can hardly be deployed in real indoor environments where furniture, human
dynamics like walking and talking, and various other obstacles make it inconvenient to
place anchors at regular intervals and may even lead to low-quality fingerprints in certain
grid points.

For these reasons, the receivers are placed at various well-optimized locations such
that their deployment in the rooms causes the least possible disturbances, but covers
all regions as much as possible. For fingerprint generation, the transmitter is placed at
each reference location for ten minutes, while signal data is sampled every minute. This
procedure is repeated ten times to minimize time correlation. The LQI values collected from
all receivers are then combined into a single vector to generate the fingerprint representing
each room. Furthermore, to add even more environmental variations, the same signal
samples are collected both during the working peak hours and the off-peak hours of the
university timetable.

Each fingerprint vector with n elements includes n LQI values that are simultaneously
recorded by n receivers at a specific location, where the transmitter keeps sending these
data continuously to the Firebase database [52] from which they are automatically and
seamlessly exported to CSV files, serving as the input data in real time for training and
evaluating the proposed robust ML-based indoor positioning model.

4.2. Data Preprocessing

Once the dataset is collected, the raw LQI fingerprints are processed with the aim of
normalizing the dataset for robust integration with ML algorithms. Raw data received at
the receivers have unnecessary information and interference that could make it noisy for
any learning algorithm. Raw LQI fingerprints are particularly noisy due to environmental
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variations, such as human activity and dynamic indoor changes. As such, the accuracy of
ML-based localization models built using raw LQI fingerprints can easily be affected.

For this reason, this study employs a series of preprocessing techniques to ensure a
cleaner and more stable input to the learning algorithms, as detailed below.

• Removal of Unnecessary Information: The raw data received in the packets have
several pieces of information that are not necessary for the positioning task. This
includes the logical device ID of the sender, a command I/O bit, the packet ID, the
protocol version, the MAC of the destination group and individual devices, data
message length, and so on. They are all removed and only the sender ID, the receiver
ID, and the LQI value are retained. The LQI value is reported in hexadecimal ranging
from 0x00 to 0xFF in the data. Therefore, a hex to decimal conversion to a decimal
range of [0, 255] is applied to these values [53,54]. To get the actual signal strength
in dBm from the LQI values, they are converted to dBm using the manufacturer
recommended equation in (1) [55,56].

P(dBm) =
7 × LQI − 1970

20
. (1)

This gives the signal quality mapping as below.

– Bad (<50): P < −80 dBm
– Slightly Bad (50–100): −81 dBm ≤ P < −63.5 dBm
– Good (100–150): −63.5 dBm ≤ P < −46 dBm
– Near Antenna (≥150): P ≥ −46 dBm

• Noise Filtering: The channel is susceptible to noise from the environment and sig-
nal variations. Thus, we use the moving average approach to smooth out the LQI
time series, thereby reducing the high-frequency fluctuations in the fingerprint signal.
The sender–receiver pairs prone to environmental noise and variations are also re-
moved from the dataset. Since the IEEE 802.15.4 signals are prone to be noisy and easily
vary due to random environmental changes, the noise removal is a must for finding
and interpreting the underlying signal patterns while generating the radio map.

• Label Encoding: Label encoding is a method for transforming non-numeric categories
into numerical form that can be understood by ML models. Each categorical variable
is converted to n − 1 binary columns, where n is the number of unique classes for
the variable. Each of the new columns represents a unique category and indicates
whether the original variable had that category. Each fingerprint sample is initially
labeled with default identifiers with the room label in which it was captured; since
categorical data cannot be used for training ML models, the default room labels are
encoded into numerical form so that the training and classification can be done with
the appropriate ML classifiers.

A critical point for preprocessing is feature selection, which impacts the accuracy of
the model. The preprocessing steps implemented in this work ensure the fingerprint data
to be not only clean and structured but robust to noise and environmental dynamics that is
necessary for accurate real-time room-level indoor localization.

4.3. Feature Extraction Using PCA

Feature engineering is a crucial step in ML model development for better accuracy
and reliable results. For this experiment, LQI values gathered from each reference point are
selected as the original features for indoor real-time position estimation. These features are
converted into new informative and discriminative features as an input to the ML models
for better model accuracy and lower computational time.
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Fingerprint-based localization is based on matching the user’s current fingerprint
against previously stored fingerprints in the radio map. This matching process seeks to find
the best-matching signal pattern from the database of stored fingerprints. However, due to
environmental redundancy and fingerprint signal behavior, the fingerprint data collected
from different receivers and positions are highly correlated with each other. This correlation
causes a higher number of matching fingerprints with a single user fingerprint. The pres-
ence of more matching results increases ambiguity and reduces localization accuracy.

In order to decrease ambiguity and increase system robustness, PCA [57–60] is used as
a dimensionality reduction method in the offline stage. PCA solves the following problems:

• Removing redundant information which is there due to correlation of LQI values from
different receivers.

• Obtaining the crucial informative features from the original data space, which can be
used as inputs to the ML models.

• Reduction of computation complexity while retaining the variance for classification.

4.4. Employment of Machine Learning Algorithms

The dimensionality-reduced LQI fingerprints, which are the outcome of PCA, are
input into the machine learning algorithms to detect the room the user is currently in. Here,
four classifiers, the widely used classifiers, are implemented. Those are kNN, SVM, DT and
NB. Each classifier uses a different method to detect the room based on the features after
transformation. The mathematical explanation of those algorithms is in [61–63].

5. Experiments and Results
This section shows the results of the experiments done to evaluate the proposed ML-

based indoor positioning model. The results obtained by the various ML-based models,
k-NN, SVM, DT, and NB, are compared, and finally, the proposal is evaluated by comparing
it with the existing approaches.

5.1. Experiment Setup

We adopted the devices of Mono Wireless following the IEEE 802.15.4 standard.
Twelite 2525 is adopted as the transmitter, which is a mono wireless tag that acts as an
acceleration sensor under the IEEE 802.15.4 standard [54]. The size of this small tag is
2.5 cm × 2.5 cm × 1.0 cm and is powered by a coin battery, which makes it wearable at the
wrist of a user. The Mono Stick is adopted as the receiver, which is connected to a Raspberry
Pi through a USB port. We place the multiple sets of receivers, each with a Raspberry Pi,
in the target area. A Fujitsu Lifebook S761/C laptop PC is adopted for the server where
we use the Python programming language to acquire data from the devices. The SMTP
protocol is used to transmit the received data to the server. The Firebase database is used in
the server for data management as a lightweight database that is suitable for embedded
systems [52]. The server stores the received LQI data in the Firebase database, combines
the values from all the receivers as a vector, and then saves them as a fingerprint with the
corresponding location label for further processing. Table 2 shows the specification of the
devices and software used in the experiments.
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Table 2. Devices and software specifications.

Transmitter

Model TWE-L-2525A [53,54]
Operation mode IEEE 802.15.4
Encryption AES-128 bits
Antenna MW-A-P2525

Server PC

Model Fujitsu Lifebook S761/C
CPU Intel Core i5-2520M@2.5 Ghz
RAM 4 GB DDR3 1333 MHz
OS Ubuntu 14.04 LTS

Receiver

Model MONOSTICK-R [64]
Operation mode IEEE 802.15.4
Transmission power 9.19 dBm
Receiving sensitivity −96 dBm

Software

Name Version
Python 3.12.11
SMTP(Postfix) [65] 3.0
Firebase [52] 14.5.1

5.2. Network Topologies and Fields

Six network topologies in two indoor environments are deployed for carrying out the
real-world experiments to validate the effectiveness of the proposed ML model. The receiver
locations in each topology are given in Table 3.

Table 3. Device locations.

Network Field Topology # of Rx
Receiver’s Location

R1 R2 R3 R4 R5

OU-JP

1 3 D308 D306 Refresh corner

2 4 D308 D306 Corridor Refresh corner

3 5 D308 D307 D306 Corridor Refresh corner

NU-BD

4 3 201(B) 203 204

5 4 201(A) Corridor 203 204

6 5 201(A) 201(B) Corridor 203 204

Topologies 1–3 were planned and built on the third floor of the Engineering Building #2 at
Okayama University (OU-JP), Okayama, Japan, as shown in Figure 5. This testbed consists
of eight rooms with two different sizes, 7 m × 6 m and 3.5 m × 6 m, and a corridor of size
30 m × 2.3 m. The three topologies are set to account for different interference conditions
to test the system performance.

Topologies 11–14 were implemented on the second floor of the Science Building at Jatiya
Kabi Kazi Nazrul Islam University (NU-BD), Bangladesh, as shown in Figure 6. The testbed
at this field contains six rooms with two different sizes, 8 m × 7 m and 4 m × 7 m, and a
corridor with a size of 32 m × 2.3 m. The four topologies are also set to account for different
interference conditions in this field.
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Figure 5. OU-JP network field layout for experiment.
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Figure 6. NU-BD network field layout for experiment.

The five receivers are set in rooms D308, D307, D306, the corridor, and the refreshment
room in the OU-JP network field. In the NU-BD network field, five receivers are installed in
rooms 201(A), 201(B), 203, 204, and the corridor. These rooms with a reference point are sep-
arately regarded as a detection unit in this study in both the environments. Table 4 presents
the structural parameters of both environments in a tabular format, as shown below.

Table 4. Structural parameters of the experimental environments.

Structural Parameter OU-JP NU-BD

Wall type Concrete Brick
Wall thickness 3.5 inches 5 inches
Door type Metal Wood
Door thickness 1.1 inches 1.25 inches
Window type Glass Glass

The transmitter is set at multiple points within each room during data collection,
and LQI values are recorded at the corresponding points. All of the LQI fingerprints are
used to form a large database for training and testing the proposed room-level indoor
positioning model.

https://doi.org/10.3390/signals7020026

https://doi.org/10.3390/signals7020026


Signals 2026, 7, 26 13 of 20

5.3. Results

This section reports the experimental results of the proposed room detection machine
learning model. We perform experiments in two indoor environments, OU-JP (Japan) and
NU-BD (Bangladesh), each with multiple network topologies with a different number of
receivers (Rx). We use accuracy and confusion matrix for the evaluation of performance.
The required execution time and memory consumption are important performance indi-
cators, especially since our work targets real-time applications. With an average running
time of less than one second, the model provides the near-instantaneous feedback required
for real-world deployments. To avoid bias, we executed the detection phase 10 times and
reported the averaged results. For this work, the kNN classifier was implemented with
k = 3, while the SVM classifier was configured with a Gaussian, i.e., radial basis function
(RBF), kernel and the default regularization factor C = 1.0.

5.3.1. Experimental Results in OU-JP Topologies

In order to evaluate the system performance, we measure the detection accuracy of
three receiver configurations, i.e., 5Rx, 4Rx and 3Rx, through comparative analysis with
four classifiers, e.g., kNN, SVM, DT and NB. The summary of the experiment is shown
in Figure 7. As can be seen from Figure 7, the detection accuracy is highest for the 5Rx
topology, and even approaching 100% in case of kNN. Even with the reduced receiver
count, the model shows promising performance with accuracy over 94% for the 3Rx case. In
all the configurations, the kNN classifier outperforms all the other classifiers. As expected,
the increase in the number of receivers is directly proportional to the overall accuracy of
the model.

5Rx 4Rx 3Rx

0.7

0.8

0.9

1

Number of receivers

D
et

ec
ti

on
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cu
ra

cy

kNN SVM DT NB

Figure 7. Room detection accuracy for testing data in OU-JP network field.

The confusion matrix in Figure 8 provides the complete classification details in the
case of 3Rx and kNN. In the OU-JP environment, the confusion matrix shows that the
kNN classifier achieves very high accuracy across all rooms, with detection rates above
93% in each case. However, small misclassifications occur mainly between neighboring
rooms. For instance, Room D307 is sometimes confused with Room D306 and Room D308,
which can be attributed to the close spatial proximity and signal overlap across thin walls.
Similarly, minor confusion occurs between rooms and the corridor due to open doors and
direct signal propagation into the corridor. Despite these challenges, the model maintains
strong diagonal dominance in the confusion matrix, confirming that the classifier is highly
reliable for room-level detection in this environment.
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Figure 8. Confusion matrix for 3Rx topology in OU-JP network field using kNN.

5.3.2. Results in NU-BD Topologies

The same measurements were conducted in NU-BD as well. Results are presented
in Figure 9. We observe again high performance in NU-BD topologies. kNN also leads to
the best results in all cases. With as few as three receivers, the accuracy of the system can
reach up to 95.8%, and its robustness is therefore once again confirmed. The confusion
matrix for the case with 3 Rx is depicted in Figure 10. In the NU-BD environment, the kNN
classifier again shows robust performance, with room detection accuracy exceeding 93%
across all spatial units. Similar to OU-JP, most errors occur between rooms that are adjacent
or structurally similar. For example, Room 201(A) and Room 201(B) occasionally get
misclassified with each other, which is expected since they are separated only by a wall and
share similar dimensions. Likewise, Rooms 203 and 204 show some overlap in detection,
caused by comparable layouts and signal propagation characteristics. The corridor also
presents minor misclassifications with adjacent rooms because signals travel more freely in
open passageways. Overall, despite these slight confusions, the NU-BD results demonstrate
that the proposed model maintains high robustness and practical feasibility in real-world
indoor environments.
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Figure 9. Room detection accuracy for testing data in NU-BD network field.
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Figure 10. Confusion matrix for 3Rx topology in NU-BD network field using kNN.

It should be noted that the variations in room size may affect accuracy, and this is
an essential direction for our future work, in which we intend to expand the evaluation
to larger and smaller places to test the flexibility of the proposed model under various
spatial settings.

5.4. Evaluation by Comparison

This subsection provides the comparative evaluation results of the proposed model
and the existing fingerprint-based localization method described in [51]. We have included
the classical fingerprint-based kNN algorithm for the comparison since it is one of the
most commonly known approaches, and it is also often used as a baseline localization
method because of its widespread adoption and good performance. In our proposed model,
the results of the kNN classifier are used for the comparison since it has shown to provide
the highest accuracy among all classifiers. Furthermore, to evaluate the effectiveness
of dimensionality reduction, the proposed model without PCA is also included in this
comparison, which allows to have a direct evaluation of the benefits of PCA integration.
The comparison experiments are performed for both OU-JP and NU-BD indoor testbeds
with the usage of 5Rx, 4Rx, and 3Rx receiver configurations. The detection accuracies of
the evaluated methods are shown in Figure 11.

5Rx 4Rx 3Rx

0.7

0.8

0.9

1

Number of receivers

D
et

ec
ti

on
ac

cu
ra

cy

Proposed Existing apporach Without PCA

(a) Room detection accuracy in OU-JP network field.
Figure 11. Cont.
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(b) Room detection accuracy in NU-BD network field.
Figure 11. Comparison of room detection accuracy with existing apporach [51] and without PCA
approach.

As shown in Figure 11, in all settings, the model of this work with PCA always
performs better than the classical fingerprinting model. In the classical fingerprinting
model, the employed feature values of LQI at reference points are averaged, which discards
the noise and dynamic change of the indoor environment, resulting in lower classification
accuracy compared with the proposed machine learning-based model. These results
validate that the proposed kNN model can be improved by using the PCA-based feature
selection to alleviate the effects of environmental dynamics and LQI fluctuation for more
stable and reliable room-level detection.

5.5. Real-Time Experiment Results

The real-time experiment of the proposed model was conducted using both OU-JP
and NU-BD topologies. The experiments were carried out on regular working days when
the students and faculty members were walking, talking to each other, and browsing the
internet on their mobile or desktop devices. These changes in the environment due to
human activity on a daily basis made the real-time experiments more realistic and suitable
for testing the proposed work in a real environment.

A volunteer user was asked to perform his usual activities while carrying a Twelite
2525A transmitter that was worn on the wrist. The activities that the user was asked
to perform include browsing the internet on his desk, talking to others, walking around
inside the room, walking in the corridor, and entering other rooms. The transmitter was
transmitting LQI all the time. The receiving nodes, composed of monostick devices (from
Mono Wireless [64]) integrated with Raspberry Pi, were configured to sample LQI signals
at intervals of 500 ms. These LQI samples were transmitted to a central server, where the
server processed the incoming data a window of three-seconds. The LQI values in this
window were then compared to the labeled fingerprint in the database and the room in
which the user is currently located was predicted.

Figure 12 shows confusion matrices of real-time classification results of OU-JP and
NU-BD topologies. It is evident that the proposed model can deliver high room-level
detection accuracy at all times with kNN classifier and PCA for feature extraction. The
system can accurately determine the real-time location of the user as he/she moves in
and across rooms, despite the regular human activity in the building. These real-time
experiments prove that the proposed indoor positioning system is practical and robust.
The PCA integration and kNN classification effectively help reduce the problems from the
dynamic indoor environment.
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Figure 12. The confusion matrices of real-time classification using OU-JP and NU-BD netowrk fields.
(a) Confusion matrix for OU-JP network field. (b) Confusion matrix for NU-BD network field.

The experimental results demonstrate high accuracy, but deployment in different real-
world environments encounters additional challenges. In particular, factors such as varying
crowd densities, unpredictable human movement, interference from coexisting wireless
devices, and dynamic changes in room layouts or furniture can significantly affect signal
propagation and system performance. Future work will focus on testing scalability across
larger floor areas, multi-floor buildings, and diverse deployment conditions to validate
robustness and adaptability in any dynamic environment.

6. Conclusions
This study proposed a fingerprint-based ML model for the real-time indoor room-level

positioning system using mono-wireless devices supporting the IEEE 802.15.4 standard.
The designed model creates an LQI-fingerprint database of the indoor target environment
and processes the radio map using PCA to decrease its dimension and preserve impor-
tant features. We used multiple supervised ML classifiers, e.g., kNN, SVM, DT, and NB,
to identify the user’s current room. In terms of real-world deployment, a room within a
building floor is taken as the minimum localization unit, so the system could work with
low computation cost and fast inference with high accuracy. The experimental results
are conducted in two real-world scenarios: Okayama University, Japan, and Jatiya Kabi
Kazi Nazrul Islam University, Bangladesh, in various network topologies and receiver
placements. The performance of the system is analyzed with the standard ML performance
metrics. The results showed that the kNN classifier had the highest detection accuracy
among the different classifiers we used. The kNN model obtained a nearly 100% detec-
tion accuracy using five receivers and more than 96% detection accuracy using just three
receivers. This proves that our system has a good balance between accuracy and infras-
tructure costs, which can be a real-time candidate system for deployment. In future work,
we will investigate the spatial distribution of receivers, such as placements near walls or
doors, and try to optimize the placement for better coverage and accuracy. We will also
work on scalability to more complex scenarios, including multi-floor settings and dynamic
scenarios with human movement and obstruction.
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