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Abstract 

Indoor localization has gained significant attention recently due to the growing demand for location-aware applications within indoor 

environments. Among various techniques, Wi-Fi fingerprinting combined with the Internet of Things (IoT) has emerged as a 

promising solution for accurate and cost-effective indoor localization. This paper surveys the existing research related to indoor 

localization using Wi-Fi fingerprinting with the IoT, aiming to provide a comprehensive understanding of the advancements, 

challenges, and potential applications in this field. The paper begins by introducing the fundamental concepts of indoor localization 

and the role of Wi-Fi fingerprinting in achieving accurate position estimation. In addition, this paper focuses on the contributions of 

Artificial Intelligence (AI), Machine Learning (ML), and Deep Learning (DL) in improving localization accuracy, robustness, and 

scalability. The reviewed papers have been examined from various aspects, including system architecture, deployment strategies, 

fingerprint creation techniques, and localization algorithms, with a discussion about the advantages and limitations of each approach. 
In addition to discussing the state-of-the-art techniques, this paper identifies research gaps and open challenges in indoor localization 

using Wi-Fi fingerprinting with the IoT. The findings presented in this paper can guide future research efforts, leading to the 

development of intelligent and context-aware IoT applications within indoor environments. 

 
Keywords- Artificial Intelligence (AI), Indoor Localization, Internet of Things (IoT), Received Signal Strength (RSS). 

I. INTRODUCTION 

Indoor localization refers to the process of determining the position or location of objects, individuals, or devices within an indoor 

environment. Unlike outdoor environments where the Global Positioning System (GPS) can be used for localization, indoor spaces 

often lack reliable GPS signals, making it necessary to rely on alternative techniques. Indoor localization is crucial in various domains, 

including retail, healthcare, manufacturing, logistics, and smart homes. It enables applications such as asset tracking, indoor 

navigation, proximity-based marketing, security monitoring, and resource optimization within indoor spaces [1]. Several techniques 

are commonly used for indoor localization, including: 

1. Wi-Fi Fingerprinting: This technique utilizes the presence and signal strength of Wi-Fi access points (APs) within an indoor space. 

By creating a database of Wi-Fi signal strength fingerprints at known locations, the current signal strengths measured by a device 

can be compared to estimate its position [2]. 

2. Bluetooth Low Energy (BLE) Beacons: BLE beacons are small devices that emit Bluetooth signals and can be deployed 

throughout an indoor environment. The signal strength of these beacons can be used to determine proximity and estimate the 

position of devices equipped with Bluetooth receivers [3]. 

3. Inertial Measurement Units (IMUs): IMUs consist of sensors like accelerometers, gyroscopes, and magnetometers, which can be 

used to measure the device's acceleration, rotation, and magnetic field. By integrating these measurements over time, it is possible 

to estimate the position and orientation of the device [4]. 

4. Ultrasonic and Infrared (IR) Signals: Ultrasonic or infrared transmitters and receivers can be placed in indoor spaces to measure 

these signals' time-of-flight or signal strength. Triangulation or trilateration techniques can then be applied to estimate the position 

of devices based on the measurements [5]. 

5. Magnetic Field Mapping: Magnetic fields within a building can vary based on the structure and presence of metallic objects. By 

mapping the magnetic field of an indoor space, it is possible to estimate a device's location by analyzing the changes in the 

magnetic field strength [1]. 
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6. Radio Frequency Identification (RFID): RFID tags can be attached to objects or worn by individuals to enable localization within 

an indoor environment. RFID readers can detect the presence and location of these tags, allowing for asset tracking or personnel 

monitoring [1]. 

The choice of indoor localization technique depends on factors such as accuracy requirements, cost, infrastructure availability, and the 

specific use case. A combination of techniques or hybrid approaches is often employed to achieve higher accuracy and robustness [6]. 

Indoor localization continues to evolve with advancements in sensor technologies, Machine Learning (ML) algorithms, and the 

Internet of Things (IoT) proliferation. These developments enable real-time tracking, predictive analytics, and seamless integration 

with other smart systems, enhancing indoor experiences and increasing operational efficiencies [7]. 

The IoT is a transformative technology that connects various physical devices and objects, enabling them to communicate, share data, 

and collaborate with each other over the Internet. It represents a paradigm shift in how we interact with and leverage the power of 

everyday objects, making our environments smarter, more efficient, and more interconnected [8]. 

The architecture of the IoT consists of multiple layers and components that work together to enable seamless connectivity, data 

exchange, and intelligent decision-making. Fig. 1 shows the high-level overview of the typical architecture of the IoT that comprised 

of the following [9]: 

 Perception Layer: The perception layer is the physical layer of the IoT architecture, comprising sensors, actuators, and devices that 

gather data from the surrounding environment. These devices can include temperature sensors, motion detectors, cameras, 

wearables, and other IoT-enabled devices that perceive and capture real-world data. 

 Network Layer: The network layer facilitates the communication and connectivity between the IoT devices. It encompasses 

various communication technologies like Wi-Fi, Bluetooth, ZigBee, RFID, cellular networks, or Low-Power Wide-Area Networks 

(LPWANs). This layer ensures reliable and secure data transmission between devices and gateways. 

 Gateway Layer: The gateway layer acts as an intermediary between the devices in the network layer and the cloud or central 

infrastructure. Gateways aggregate data from multiple devices, perform data preprocessing or filtering and establish a secure 

connection to transmit the data to the cloud or central server. They also enable local processing and decision-making at the 

network edge, reducing latency and bandwidth requirements. 

 Cloud/Server Layer: The cloud or server layer forms the backbone of the IoT architecture, providing storage, processing, and 

managing the vast amount of data generated by IoT devices. Cloud platforms offer scalable and flexible infrastructure, allowing 

for data storage, analytics, and ML capabilities. They enable data aggregation, real-time processing, and integration of various IoT 

applications and services. 

 Application Layer: The application layer encompasses the end-user applications and services that utilize the data and insights 

generated by the IoT infrastructure. These applications can be web-based dashboards, mobile apps, or specialized software that 

enable users to monitor and control IoT devices, visualize data, and make informed decisions based on IoT-generated information. 

The application layer is where the value and benefits of the IoT are realized, driving innovation across industries. 

 Security and Privacy Layer: The security and privacy layer is a crucial component of the IoT architecture, addressing the 

challenges of securing the IoT ecosystem. It includes measures such as authentication, encryption, access control, data privacy, and 

secure communication protocols to protect the integrity, confidentiality, and privacy of IoT data and interactions. 

 

 
Fig. 1. The high-level overview of the typical IoT architecture 
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The architecture of the IoT is designed to enable seamless connectivity, data flow, and interoperability between the physical devices, 

the network, the cloud infrastructure, and the applications. It allows data collection, analysis, and utilization to drive intelligent 

decision-making, automation, and innovation in various domains, including smart homes, healthcare, agriculture, transportation, 

industrial automation, and more. As the IoT ecosystem evolves, the architecture will adapt to address new challenges and 

requirements, including edge computing, distributed processing, and integrating emerging technologies such as Artificial Intelligence 

(AI) and blockchain. The architecture will continue to shape the future of the IoT, enabling a connected and intelligent world with 

endless possibilities [10]. 

Wi-Fi fingerprinting, combined with the IoT, is a popular technique used for indoor localization. Wi-Fi fingerprinting relies on the 

presence of Wi-Fi APs and their signal strength to estimate a device's location. Each location within an indoor space has a unique set 

of Wi-Fi signal strength values from different APs, forming a "fingerprint" specific to that location. By comparing the current signal 

strengths of nearby APs with a pre-recorded database of fingerprints, it becomes possible to determine the device's approximate 

position. Combined with the IoT, Wi-Fi fingerprinting for indoor localization has become more powerful and versatile. The IoT refers 

to the interconnected network of physical devices embedded with sensors, software, and connectivity, enabling them to collect and 

exchange data. In the context of indoor localization, IoT devices can act as data collection points, transmitting Wi-Fi signal strength 

measurements to a central server or cloud platform [2]. 

The rest of the paper is organized as follows: Section II highlights the main applications that employ indoor localization in an IoT 

environment. While Section III provides a brief description of indoor localization techniques and algorithms. Section IV reviews the 

state-of-the-art research related to the utilization of Wi-Fi fingerprinting in indoor localization. On the other hand, Section V discusses 

the findings of the surveyed research and highlights the main tracks of future research directions. Finally, Section VI concludes the 

current work. 
 

II. UTILIZING INDOOR LOCALIZATION IN IOT ENVIRONMENT  

Indoor localization plays a crucial role in various IoT applications by enabling accurate tracking, monitoring, and automation within 

indoor environments. Below are some examples of how indoor localization is utilized in IoT applications [11-13]: 

 Asset Tracking: IoT-enabled indoor localization allows real-time tracking and management of assets within buildings or 

warehouses. By attaching IoT devices or RFID tags to assets, their locations can be continuously monitored. This enables efficient 

asset utilization, reduces loss or theft, and streamlines inventory management. 

 Smart Homes: Indoor localization in IoT-based smart homes allows for personalized automation and enhanced user experiences. 

By tracking the location of individuals within the home, various smart devices can respond accordingly. For example, lights can 

turn on/off automatically as someone enters or leaves a room, heating or cooling systems can adjust based on occupancy, and 

home appliances can operate based on the user's proximity. 

 Indoor Navigation: IoT-based indoor navigation systems utilize indoor localization to guide individuals within complex buildings 

or venues. By integrating real-time location data with interactive maps and directions, users can easily navigate indoor spaces, find 

specific points of interest, and receive location-based information or promotions. This is particularly useful in airports, shopping 

malls, museums, or large office buildings. 

 Industrial Automation: Indoor localization in industrial settings improves automation and safety. IoT devices with localization 

capabilities can track the location of goods, vehicles, or workers in warehouses or manufacturing plants. This enables efficient 

logistics, optimizes workflows, and enhances worker safety by alerting them to potential hazards or ensuring compliance with 

restricted zones. 

 Healthcare: Indoor localization is valuable for asset tracking, patient monitoring, and workflow optimization in healthcare 

environments. IoT devices integrated with localization can track medical equipment, locate staff members, monitor patient 

movement, and automate patient flow management. This improves efficiency, reduces errors, and enhances patient care and safety. 

 Retail and Marketing: Indoor localization combined with IoT devices enables personalized marketing and customer analytics in 

retail environments. By tracking the location and movement of customers, retailers can offer targeted promotions, optimize store 

layouts, and gain insights into customer behavior and preferences. This improves the shopping experience and increases customer 

engagement. 

 Safety and Security: Indoor localization is utilized in IoT-based safety and security systems. By monitoring the location of 

individuals or assets, security systems can detect unauthorized access, track evacuations during emergencies, and provide real-time 

information to first responders. It enhances situational awareness and ensures timely responses to critical events. 

 

III. INDOOR LOCALIZATION TECHNIQUES AND ALGORITHMS  

In recent years, indoor localization has experienced notable progress due to the increasing need for location-aware applications in 

interior environments. In contrast to outdoor environments where GPS-based methods are frequently utilized, indoor localization 

poses distinct obstacles, including restricted GPS accessibility, multipath effects, and signal attenuation. Consequently, a multitude of 
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methods and algorithms have been devised by researchers to specifically tackle these challenges and attain precise positioning within 

indoor environments [14]. The following is a summary of the many different methods and algorithms for indoor localization that have 

been proposed in the academic literature. The essential ideas underlying these methods and their benefits, drawbacks, and applicability 

to various indoor settings are discussed. This section seeks to provide a thorough overview of the developments in indoor localization 

by examining the state-of-the-art methodologies, and to direct future research in this rapidly growing topic. 

 
Fig. 2. Indoor localization techniques 

 

The indoor localization techniques include the following, and Table I summarizes them from different perspectives [15]-[18]: 

1. Scene Analysis 

The primary principle underlying scene analysis methods, also called fingerprinting, involves leveraging distinctive characteristics of 

a given scene at a particular location to describe and subsequently recognize that location. Therefore, the determination of the 

coordinates of an unidentified point can be deduced by analyzing the resemblance of observed scene attributes. The accuracy and 

complexity of this positioning method are determined by the nature of these features and their respective representations. 

2. Triangulation  

Triangulation is a method that leverages the geometric attributes of triangles in order to ascertain the precise position of a given target. 

There are two derivations associated with it: lateration and angulation. The techniques that utilize the measurement of propagation 

time in a system, such as Time of Arrival (TOA), Round-Trip Time of Flight (RTOF), and Time Difference of Arrival (TDOA), as 

well as methods based on Received Signal Strength (RSS) and received signal phase, are collectively referred to as lateration 

techniques. The AOA estimation technique, alternatively referred to as an angulation technique, is a commonly employed method in 

various academic disciplines. 

 Lateration 

The three terms, namely lateration, trilateration, and multi-lateration, pertain to determining a position based on distance 

measurements. Lateration or trilateration is a method employed to ascertain the precise location of an object by measuring the 

distances between said object and multiple reference points. This technique is alternatively referred to as range measurement. 

Trilateration is a geometric method requiring a minimum of three fixed points to ascertain a position accurately. The techniques 

that utilize the measurement of propagation-time system, such as Time of Arrival (TOA), Round-Trip Time of Flight (RTOF), 

and Time Difference of Arrival (TDOA), as well as methods based on Received Signal Strength (RSS) and received signal 

phase, are commonly referred to as lateration techniques. 

 Round-Trip Time (RToF) and Round-Trip Time (RTT) 

It calculates the distance traveled by the signal pulse from the transmitting device to the measuring equipment and back. In 

TOA, the transmission and receiving times are recorded by two local clocks in each node, whereas in RTT, only one node is 

used. This benefit allows this technique to address the synchronization issue partially. These method’s range measurements 

to various devices must be performed in succession, which might result in dangerous latencies for situations where devices 

move fast. 

 The Time of Arrival (ToA) and the Time of Flight (ToF) 

Systems for measuring the arrival time of signals emitted from mobile devices to several receiving beacons are known as 

Time of Arrival (ToA) systems. In ToA, the mobile device sends a signal with a time stamp to beacons that are receiving it. 

[17]The transmission time delay and accompanying signal speed are used to determine the distance across the mobile node 

and the receiving end of beacons at the moment of reception. The transmission start time(s) must be known with precision 

for the ToA approach to work. This allows for proper synchronization of mobile devices and receiving beacons with an 

accurate time source. ToA is the most precise method for removing multi-path effects in an indoor setting. The need for 

exact time synchronization across all devices is one of the drawbacks of the TOA technique. The system's cost will increase 

since a second server is required for time delay measurement. Along with this, a denser environment, one with more people, 

can also cause an increase in latency. 

 Angle-Based Method 
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With the use of the Angle of Arrival (AoA) approach, it is possible to pinpoint the angle at which several base stations receive 

a mobile signal from a specific place. AoA technique only needs two beacons to estimate location in a 2D dimension plane. 

Location estimate (triangulation) is performed using three or more beacons to increase accuracy. It requires extremely 

directional antennas or antenna arrays for direction detection. The point of intersection of two Lines of Bearing (LoBs) can then 

be estimated from the known reference locations using geometric relationships. Techniques based on AoA have inherent 

limitations. The need for more antennas to measure angles increases the expense of developing an AoA system. 

 Signal Property-Based Method 

Most wireless localization systems use time information or angle-based calculations to determine how far away the positioning 

device is. They are affected by the multipath effect in both cases. This may result in a reduction in predicted location accuracy. 

The alternative technique uses the attenuation of the outgoing signal intensity to calculate the distance between the unknown 

node and the reference node using various sets of measurement units. Only radio transmissions are compatible with this 

technique. The majority of wireless localization systems employ the received signal's attributes to determine where to place the 

positioning device, with the (RSSI) being the most popular signal-related aspect. Estimates of RSSI measurements are 

nonlinear and strongly reliant on environmental influence. These techniques utilize WiFi technology. Because a server is 

required to deploy this system, this technology can only be used with access points less expensive than Wi-Fi routers. 

3. Proximity Detection  

One of the easiest positioning techniques to use is proximity detection or connectivity-based. Information about the relative position is 

provided symbolically. The cell of origin (CoO) approach with a known position and constrained range is used to identify the position 

of mobile device clients[19]. When more than one beacon locates a moving target, it simply relays the location with the strongest 

signal. The deployment density of beacon points and signal range have an impact on CoO accuracy. Several wireless location methods 

are used to accomplish this technique, including the system operating IR, RFID, GSM (Cell-ID), Bluetooth, and bespoke radio 

devices.  

 

Table I: summary of indoor localization techniques 

Techniques 
Measurement 

Type 

Indoor 

Accuracy 
Cost 

Affected 

by 

Multipath 

Line of 

Sight / 

Non-Line 

of Sight 

Coverage Details 

Scene 

Analysis 

Received 

Signal 

Strength 

High Medium No Both Good 

(1) Demands rigorous cali-

bration. 

(2) The antenna's position. 

ToA 
Time of 

arrival 
High High Yes Los Good 

(1) The necessity for time 

synchronization. 

(2) The antenna's location 

must be provided. 

AoA 
Angle of 

Arrival 
medium high yes Los good 

(1) The angular char-

acteristics of the antenna 

affect accuracy. 

(2) The antenna's location 

must be provided. 

Proximity 
Signal Type 

 

Low to 

High 
Low No both good 

(1) Adding an extra antenna 

can increase accuracy. How-

ever, the price will go up. 

(2) Accuracy is roughly 

equivalent to cell size. 

 

IV.  LITERATURE REVIEW 

The rapid advancements in ML and Deep Learning (DL) techniques have revolutionized various fields, including the domain of 

indoor localization in the IoT using Wi-Fi fingerprinting. DL algorithms have demonstrated exceptional capabilities in capturing 



            Al-Iraqia Journal for Scientific Engineering Research, Volume 2, Issue 3, September 2023         89 of 93 

            ISSN: 2710-2165 

http://doi.org/10.58564/IJSER.2.3.2023.90  https://ijser.aliraqia.edu.iq 

 

 

 

intricate patterns and relationships in complex data. This section presents a comprehensive literature review that surveys recent 

research on Wi-Fi fingerprinting for IoT indoor localization, focusing specifically on integrating DL techniques. In addition, this 

section examines the state-of-the-art approaches, methodologies, and advancements in this field, highlighting the contributions, 

limitations, and potential applications of DL in enhancing the accuracy and scalability of indoor localization. By exploring the recent 

literature, this section aims to provide a comprehensive overview of the research landscape and identify emerging trends 

and opportunities for future exploration and innovation in Wi-Fi fingerprinting for IoT indoor localization using deep learning 

techniques [19]. 

Hoang et al. in.[20] presented a Wi-Fi-based fingerprinting localization system that utilized Recurrent Neural Networks (RNNs). The 

authors suggested a trajectory positioning that considered the correlation among various RSSI values in the trajectory. Different RNN-

based algorithms had been employed, including long short-term memory (LSTM), bidirectional LSTM (BiLSTM), vanilla RNN, gated 

recurrent unit (GRU), bidirectional GRU (BiGRU), and bidirectional RNN (BiRNN). The experimental results demonstrated that their 

introduced approach reached an average location error of 0.75m and outperformed other ML algorithms by 30%. The authors 

concluded that 80% of error was achieved under 1m for approximate location.  

Alitaleshi et al. in [21] introduced an Extreme Learning Machine (H-ELM) approach that was based on a Wi-Fi-fingerprinting 

technique for floor determination in an indoor environment. The authors employed UJIIndoorLoc dataset to validate their introduced 

approach, and the author argued that their approach achieved higher accuracy than other state-of-the-art solutions. The accuracy 

obtained from their experimental scenarios was 99.71% and 98.13% for both the training and testing phases. 

Kim et al. in [22] introduced the Deep Neural Network (DNN) approach for scalable indoor localization techniques using Wi-Fi 

fingerprinting. Their proposed approach utilized a stacked autoencoder and feed-forward classifier to reduce the dimension of the 

feature space and multi-label classification, respectively.  The UJIIndoorLoc dataset was employed to evaluate the presented approach 

by the authors, and they argued that their approach achieved a success rate of 91.18% with a positioning error of 9.29m. 

Song et al. in [23] proposed a convolutional neural network-based indoor localization that adopted the fingerprint of W-Fi signal in 

multiple building with multiple floors. The authors utilized a One Dimensional-Convolutional Neural Network (1D-CNN) with 

stacked auto encoder. The UJIIndoorLoc dataset was utilized to evaluate their approach and the experimental results demonstrated that 

their approach achieved the highest success rates of 96.03% with position error of 11.78m.  

González et al. in [24] combined the Wi-Fi fingerprinting approach with battery-saving techniques to determine the location of a user 

in an indoor environment. The users' mobile devices periodically scanned the available Wi-Fi networks by an application running in 

the background. While the location calculations were performed on a remote server. The authors considered the location accuracy and 

the device’s energy consumption while analyzing the obtained results. The authors argued that the mobile device consumed 0.8Wh 

while running on a 3.7V battery for a 24-hour cycle. On the other hand, the average localization error reached 4.51 meters. 

Xue et al. in [25] presented a new approach for improving the RSSI observations by adopting an averaging technique that averaged 

the maximum RSSI values of selected networks. Also, the authors adopted the smoothness index employed for evaluating the RSSI 

quality and selecting the appropriate RSSI observations. The authors run their experiments in a building with four rooms and a 

corridor. The results obtained from their introduced approach showed a remarkable improvement in positioning accuracy when 

compared to other algorithms like the Kalman filtering algorithm, the particle filter algorithm, and the mean algorithm. 

Zhang and Su in [26] proposed an indoor localization approach called the deep neural network method used for indoor positioning 

(DNNIP). The author employed the UJIIndoorLoc dataset, while their introduced model was based on auto-encoder and data 

stratification approaches. The authors argued that their developed approach eliminate the manual match of RSSI of the received Wi-Fi 

signal to determine the position of a user in an indoor environment, but rather, the process was done automatically. The results from 

their approach showed that the DNNIP approach achieved better classification accuracy when compared to other ML algorithms. 

Nowicki et al. in [27] aimed to develop a DNN model to determine the location in an indoor environment that was characterized by 

lowering the location-determining system's computation burden. The authors argued that their approach still achieved satisfactory 

accuracy. The feature space in their approach was reduced using an autoencoder while achieving accurate classification. They 

validated their approach using the UJIIndoorLoc dataset, and their approach was compared to other solutions in the literature.  

Apostolo et al. in [28] created a small dataset from the UJIIndoorLoc dataset to train their model that was based on the Deductive 

Separation for Indoor Positioning (DESIP) approach. The authors employed six ML algorithms to train and test their developed 

model. The authors declare that the accuracy for both the tailored and original datasets were similar when classifying the building and 

floor. Another finding from their obtained results showed that the region attribute achieved better accuracy when employing the 

original dataset than the tailored dataset. 

Khatab et al. in [29] proposed a method that utilized an autoencoder approach to improve indoor localization performance during 

feature extraction and classification phases. The simulation results from their introduced approach showed that increasing the number 

of training datasets could significantly affect localization accuracy. The authors argued that their developed approach outperformed 

other ML models regarding localization success rate. 

Bozkurt et al. in [30] compared several ML algorithms to study their effectiveness for indoor localization applications that employed 

the RSS of Wi-Fi radio. The authors adopted the UJIIndoorLoc dataset to train their developed model based on the Wi-Fi 

Fingerprinting approach. The authors argued that the K-Nearest Neighbor (KNN) algorithm outperformed other algorithms regarding 

computation time and model accuracy. In addition, the authors improved the Decision Tree (DT) classifier by utilizing AdaBoost and 
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Bagging ensembled algorithms that achieved an accuracy approximately similar to the KNN algorithm for indoor positioning 

applications when several experimental scenarios were conducted. 

Adege et al. in [31] built a customized dataset comprising RSS of the Wi-Fi signal and the Basic Service Set Identifiers (BSSIDs). The 

generated dataset was preprocessed through two phases: missing value recovery of the RSS values using regression and reducing the 

dataset's features using Linear Discriminant Analysis (LDA). The authors utilized DNN to localize the user in an indoor environment 

based on Wi-Fi fingerprint. The simulation results from their developed approach showed significant improvements in classification 

accuracy, which is 99.15% compared to other ML algorithms. 

Koike-Akino et al. in [32] built a customized dataset constructed using spatial beam Signal-To-Noise Ratios (SNRs) and mid-grained 

intermediate-level channel measurements obtained directly from IEEE 802.11ad/ay standards. The authors utilized DL algorithms to 

validate the developed approach using an in-house experimental platform comprising three millimeter-wave Wi-Fi routers. The 

authors achieved an accuracy of 99% for their introduced DL model. 

Table II summarizes the state-of-the-art research that was reviewed in this paper. 

 

Table II: The summary of the reviewed papers 

Ref. year Dataset AI Technique Remarks and Accuracy 

[20] 2019 
UJIIndoorLoc, 

Customize Dataset 
RNNs 

Error =0.75 m, and the model accuracy was 30% better than 

KNN and probabilistic algorithms. 

[21] 2020 UJIIndoorLoc H-ELM Simple, fast, and efficient 

[22] 2018 UJIIndoorLoc DNNs Lower complexity and energy consumption on mobile devices 

[23] 2019 
UJIIndoorLoc, 

Tampere 
SAE,1D CNN Accuracy=96.03% 

[24] 2019 

Energy-Efficient Indoor 

Localization Wi-Fi 

Fingerprint System 

Naive Bayes, 
KNN 

Error = 4.51 meters, and the reduction in the consumed energy 

was 8% 

[25] 2017 Customize Dataset KNN 

 The suggested technique outperforms mean, Kalman filtering, 

and particle filtering in positioning accuracy. 

 Computational simplicity and robustness 

[26] 2021 UJIIndoorLoc SAE, DNN 

 Higher classification accuracy than UJIIndoorLoc-based ML 

methods. 

 Accuracy=88.9% 

[27] 2017 UJIIndoorLoc SAE, DNN Develop reliable and accurate classification 

[28] 2019 
UJIIndoorLoc, 

Customize Dataset 

J48, BayesNet, 

KNN, SMO, 

Adaboost J48, 

Bagging J48 

 J48, using the AdaBoost iterative algorithm, performed best 

on both database subsets. 

 The decreased database subsets had shorter elapsed times for 

every classification. 

[29] 2018 Customize Dataset AE, ELM 
Accuracy was 94.75%, and the developed model aimed to 

enhance localization while gradually increasing the training data. 
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[30] 2015 UJIIndoorLoc 
k-NN, DT, 

Naive Bayes 

The KNN technique is best for positioning, according to 

experiments. 

[31] 2018 Customize Dataset DNN 
There is an improvement in the computational time complexity 

while the model accuracy is 99.15% and 100% 

[32] 2020 Customize Dataset DNN Accuracy=100% and 99% 

V. RESULTS AND DISCUSSIONS 

This section thoroughly studies the conclusions and revelations drawn from the recently reviewed research on Wi-Fi fingerprinting for 

IoT indoor localization utilizing DL methods. The findings of the evaluated papers have been examined in this area, with a particular 

emphasis on the functionality, precision, and potency of DL-based methods for indoor localization. 

Indoor localization by the use of RSSI fingerprinting is one of the methods that is usually considered to be one of the most precise 

methods, and it produces results that are quite accurate. The UJIIndoorLoc database has emerged as the publication that uses datasets 

most frequently, accounting for 61.538% of the total reviewed papers. This is due to the fact that the database offers a wide range of 

advantages and is quite practical. A significant number of different labels and features characterize the dataset. The authors used a 

dataset with over 21,000 samples collected in various ways, as well as 520 access points. They covered a surface area of 108703 

separate meters with three buildings with 4 and 5 levels. The results of this dataset showed significant accuracy and just a little 

variance when compared to GPS results. In addition, the researchers utilized a different dataset that was adapted specifically to the 

experimental environment. This was done in conjunction with the inclusion of a publicly accessible energy-efficient dataset by the 

researchers. Each and every one of the revised articles makes use of machine learning and deep learning techniques. Both the 

procedures that are used to prepare databases and the architectural layouts that are used for the models may be approached in a number 

of different ways. During the preprocessing step, several researchers utilized various methods for their models. These methods 

included relational labeling, diverse labeling, relational labeling, and filtering approaches. The feature reduction process is the primary 

focus of exploiting the model architecture component contained inside the autoencoder. The deployment of a number of different 

neural network combinations accomplishes this. In deep learning, the deep neural network is the most common type of underlying 

architecture. A great number of researchers have centered their attention on analyzing energy consumption, the complexity of models, 

and the shortening of the time required for training. It was determined that the amount of accuracy seen in the assessed articles was 

99%, indicating a high degree of precision in the presented findings. According to the vast majority of the reviewed research, 

localization was utilized to accomplish several objective classifications. These classifications included the identification of the 

building and floor. The subsequent investigations concentrated on positional regression, especially the estimation of longitude and 

latitude. 

VI. CONCLUSIONS 

This review paper surveyed the research on Wi-Fi fingerprinting indoor localization in IoT environments using ML techniques. The 

combination of Wi-Fi fingerprinting and ML has demonstrated significant potential for accurate and robust indoor positioning in the 

context of IoT applications. The discussion included the strengths and limitations of Wi-Fi fingerprinting with ML, highlighted the 

advancements in the field, and provided insights into its practical implementation. 

Our review reveals that when combined with ML algorithms, Wi-Fi fingerprinting can effectively overcome indoor localization 

challenges, such as signal attenuation, multipath effects, and limited GPS availability. ML techniques enable the creation of models 

that can learn complex relationships between Wi-Fi signal fingerprints and locations, improving accuracy and adaptability in dynamic 

indoor environments. 

Building on the research surveyed, several future trends and areas of development for Wi-Fi fingerprinting indoor localization in IoT 

environments using ML can be summarized as follows: 

 Hybrid Localization Techniques: Integrating Wi-Fi fingerprinting with other localization techniques, such as sensor fusion or 

magnetic field-based localization, holds promise for achieving even higher accuracy and robustness in indoor positioning. Hybrid 

approaches that combine the strengths of multiple technologies can lead to more reliable localization results. 

 Deep Learning Architectures: Deep learning architectures, such as deep neural networks, convolutional neural networks (CNNs), 

or recurrent neural networks (RNNs), have shown exceptional performance in various domains. Future research should explore the 

application of these architectures to Wi-Fi fingerprinting indoor localization, leveraging their ability to capture intricate spatial 

dependencies and temporal dynamics. 
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 Transfer Learning: Transfer learning techniques can be leveraged to enhance the efficiency and effectiveness of Wi-Fi 

fingerprinting indoor localization. Pre-trained models or knowledge from similar environments can be used to accelerate the 

training process and improve localization performance, particularly in scenarios where collecting large amounts of training data is 

challenging. 

 Real-Time and Edge Computing: Real-time localization is crucial for time-sensitive IoT applications. Future research should focus 

on developing ML-based algorithms that can provide fast and real-time localization results, enabling rapid decision-making and 

dynamic tracking of IoT devices. Moving the computation and localization models closer to the edge devices can improve 

localization efficiency, reduce network latency, and enhance privacy. 

 Scalability and Resource Constraints: As IoT deployments scale up, there is a need for Wi-Fi fingerprinting techniques that can 

handle large numbers of devices and access points efficiently. Research should address the scalability challenges and resource 

constraints associated with Wi-Fi fingerprinting in IoT environments, including optimizing fingerprint creation, management, and 

localization algorithms for high-density deployments. 

 Privacy and Security: Protecting user privacy and ensuring location data security are critical considerations in Wi-Fi fingerprinting 

indoor localization. Future research should explore privacy-preserving ML techniques, secure communication protocols, and 

encryption methods to safeguard sensitive location information and address potential vulnerabilities. 

In summary, Wi-Fi fingerprinting indoor localization in IoT environments using ML is a promising area of research that has the 

potential to revolutionize indoor positioning applications. By addressing the identified future trends, researchers can further advance 

the field, making Wi-Fi fingerprinting with ML a cornerstone technology for accurate and scalable indoor localization in diverse IoT 

domains such as smart homes, healthcare, logistics, and industrial automation. 
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