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Abstract: Smartphone indoor positioning and navigation is a crucial technology for realizing indoor 

location services. The fusion of multi-source sensors in complex indoor scenarios benefits from the 

complementary advantages of various sensors and has become a research hotspot in the field of 

pervasive indoor localization applications for smartphones. In this paper, we extensively review the 

current mainstream sensors and indoor positioning methods for smartphone multi-source sensor 

fusion. We summarize the recent research progress in this domain along with the characteristics of 

the relevant techniques and applicable scenarios. Finally, we collate and organize the key issues and 

technological outlooks of this field. 

Keywords: smartphone indoor positioning; multi-source sensors; fusion-based positioning methods; 
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1. Introduction 

In recent years, the rapid development of smartphone technology and the large-scale 

deployment of the fifth-generation mobile communication network (5G) have greatly boosted the 

development of smart mobile devices and the mobile Internet services [1], and the indoor location 

navigation service industry based on smartphones has developed rapidly. Nowadays, with people 

spending over 80% to 90% of their time indoors [2], the demand for indoor location services is 

increasing due to the development of smartphones and smart cities [3]. At the same time, with the 

acceleration of urbanization, large shopping malls, airports, railway stations, and other large and 

complex building complexes continue to emerge. The demand for Location Based Services (LBS) has 

witnessed a significant shift from outdoor to indoor environments, with increasing sectors such as 

transportation, medical care, and emergency monitoring expressing a strong need for indoor location 

services [4]. Global Navigation Satellite System (GNSS) is the most widely used positioning tool 

outdoors, but there is no standard method for indoor positioning [5]. GNSS positioning technology 

is unable to provide reliable positioning services in indoor environments due to signal occlusion [6], 

multipath effect [7], and attenuation [8] of satellite signals in indoor environments, resulting in 

challenges for pedestrians to accurately determine their current location and navigate within 

buildings. Therefore, as one of the most important parts of indoor location-based services, the 

development of indoor positioning technology for smartphones with high availability, high accuracy, 

robust functionality, and low cost has become the key to the realization of Seamless Location Based 

Services (SLBS) and Internet of Things (IoT) applications [9]. 

With the increasing abundance of sensors in smartphones, smartphone-based localization has 

become more convenient and efficient. In recent years, a large number of indoor localization 

techniques have been explored, mainly including wireless techniques such as Bluetooth Low Energy 
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(BLE) [10,11], Wi-Fi [12], Magnetic Field [13], 5G [14], foot-mounted ultrasonic sensors [15], Acoustic 

[16], Ultra Wide Band (UWB) [17,18], Visible Light [19], Radio Frequency Identification (RFID) [20], 

Light Detection and Ranging(LiDAR) [21]; and relative positioning-based techniques such as Inertial 

Navigation System (INS) [22], Strapdown Inertial Navigation System (SINS) [23], Pedestrian Dead 

Reckoning (PDR) [24], or QR code positioning [25], which are realized by collecting data from several 

built-in sensors of smartphones, such as accelerometers, magnetometers, gyroscopes, QR markers, to 

achieve indoor localization. 

An overview of smartphone indoor positioning technologies is shown in Figure 1. However, 

there is a lack of general-purpose technologies like GNSS. Each method has advantages and 

disadvantages, and there is no single technology that prevails in all practical scenarios regarding 

accuracy, power consumption, and portability. Universality and deployment cost are the key factors 

determining each localization method's applicability. Wi-Fi has a wide coverage area and low cost, 

but the signal is susceptible to interference and blockage, and the creation and maintenance of 

fingerprint databases are very tedious tasks. Some map-based methods can improve the localization 

[26], but such methods are tested only in lab environments. BLE-based solutions are widely adopted 

due to their superior performance in terms of cost-effectiveness, high accuracy, and ease of 

deployment; however, the coverage range of BLE is limited. The ultrasonic foot-mounted sensors 

provide accurate localization but can require additional equipment which restricts the range of users. 

The vision-based indoor positioning technology offers several advantages, including the elimination 

of base station deployment requirements, immunity to signal strength variations affecting 

positioning accuracy, and relatively low operational costs. However, the lighting conditions of indoor 

environments, sparse recognizable elements, and background interference all impact the positioning 

results, and appropriate processing and correction are required. The UWB method has high anti-

jamming and penetration capabilities and can achieve centimeter-level positioning accuracy. Still, the 

high deployment cost of the technology remains a significant barrier to its widespread adoption. The 

PDR technique, widely employed for indoor localization, offers the advantages of low computational 

load, continuous localization, and does not require the deployment of additional equipment to 

complete the localization work. However, PDR is susceptible to error accumulation, leading to a 

decrease in positioning accuracy over time. QR markers are very low-cost solution, but require users 

to actively look for available markers to scan them. 

 

Figure 1. Overview of smartphone indoor positioning methods. 

Currently, the mainstream indoor positioning technologies have their specific application 

scenarios. After considering the actual project implementation cost, accuracy, efficiency, and other 

relevant factors, it is evident that there is no universally applicable indoor positioning solution for 

smartphones. In contrast, the multi-source sensor fusion localization technology is the current 

research hotspot, which facilitates the complementary advantages between different sensor 

localization technologies [27]. 
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In recent years, scholars have proposed to integrate two or more indoor positioning techniques 

into a new one, which can achieve better positioning performance by leveraging the advantages of 

different methods. Approaches based on the built-in sensors of smartphones are usually combined 

with different positioning sources, such as Wi-Fi or BLE, to realize the complementary advantages of 

different sensor positioning modules and adapt to complex and changing indoor environments. 

1.1. Existing Related Surveys 

This review complements already existing reviews on indoor positioning using smartphones 

with multi-source sensor fusion. Morar et al. (2020) [28] and Kunhoth et al. (2020) [29] reviewed 

computer vision-based indoor localization methods including advantages and disadvantages, 

navigation, and computer vision-based localization systems. Liu et al. (2020) reviewed distance-based 

acoustic indoor localization divided into absolute distance localization and relative distance 

localization [30]. Guo et al. (2020) proposed a fusion-based indoor localization technique and system 

with three fusion features: source, algorithm, and weight space [31]. However, this is only an 

extensive summary and analysis of indoor positioning. Liu et al. (2020) reviewed the existing RF-

based indoor positioning systems in terms of principles, techniques, and system architecture [32]. 

Ashraf et al. (2020) reviewed the methods for estimating the user's indoor location by using the data 

from smartphone sensors and discussed the challenges associated with these methods by analyzing 

the methods on smartphone sensors [33]. However, there is less discussion on methods that utilize 

multiple sensors for fused localization. Simões et al. (2020) conducted a study on indoor navigation 

and localization systems. However, the focus of this research is on the blind [34]. Pascacio et al. (2021) 

provide a systematic review of collaborative indoor positioning systems, identifying several 

promising future research avenues and research gaps based on the analysis and results [35]. Obeidat 

et al. (2021) provide a review of indoor localization techniques and wireless technologies, and provide 

a detailed account of localization detection techniques and commonly used localization algorithms 

and methods, but do not discuss methods for fusing multiple localization sources [36]. Hou and 

Bergmann (2021) provide a systematic review and a quality assessment of the research on PDR with 

wearable sensors. However, they only focused on the computer vision area [37]. Ouyang and Abed-

Meraim (2022) conducted a review based on magnetic fingerprinting localization techniques used in 

indoor environments and also summarized the magnetic field calibration algorithms [38]. Aparicio 

et al. (2022) classified acoustic positioning systems into different groups and summarized the main 

characteristics of these systems in terms of accuracy, coverage area, and update rate [39]. Wang et al. 

(2022) provide a systematic and in-depth review of smartphone-based inertial localization and 

navigation methods that have emerged in recent years, providing the reader or researcher with a 

complete view of the pedestrian inertial navigation field [40]. However, this study mainly discusses 

inertial navigation. Chen and Pan (2024) reviewed related work on deep learning-based inertial 

localization, describing how deep learning can be applied to sensor calibration, localization error drift 

reduction, and sensor fusion [41]. Naser et al. (2023) systematically combed through and analyzed 

indoor localization methods based on smartphones, according to the smartphone inclusion and 

exclusion criteria to select articles, elaborated on the effects of pedestrian movements and phone 

poses, and also analyzed the motivations and challenges of using smartphones for indoor positioning 

[42]. However, they focused on the motivations and challenges of indoor localization with 

smartphones rather than elaborating on each localization method. Zhuang et al. (2023) provided an 

extensive review of combined multi-sensor navigation/localization systems, categorized fused 

localization systems based on localization sources, algorithms and architectures, and scenarios, 

classified the systems as analysis-based fusion or learning-based fusion, and analyzed them in detail 

[43]. We compare the latest and most relevant surveys in Table 1. 

Table 1. Comparison of related surveys. 

Author Time Survey contents 
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Morar et al. [28] 2020 
An overview of the field of computer vision-based 

indoor localization 

Kunhoth et al. [29] 2020 
Different computer vision-based indoor navigation 

and localization systems are reviewed 

Liu et al. [30] 2020 

Distance-based acoustic indoor localization is 

divided into absolute and relative distance 

localization 

Guo et al. [31] 2020 

Fusion-based indoor localization techniques and 

systems with three fusion features: source, 

algorithm, and weight space 

Liu et al. [32] 2020 
Existing RF-based indoor localization systems are 

reviewed 

Ashraf et al. [33] 2020 
Reviewed methods for estimating a user's indoor 

location using data from smartphone sensors 

Simões et al. [34] 2020 
Indoor Navigation and Positioning System for the 

Blind 

Pascacio et al. [35] 2021 
A systematic review of cooperative indoor 

localization systems 

Obeidat et al. [36] 2021 
Indoor positioning technologies and wireless 

technologies are reviewed 

Hou and Bergmann 

[37] 
2021 

A systematic review and quality assessment of 

research on PDR and wearable sensors 

Ouyang and Abed-

Meraim [38] 
2022 

Reviewed magnetic fingerprint localization 

techniques 

Aparicio et al. [39] 2022 

Summarizes the main characteristics of acoustic 

positioning systems in terms of accuracy, coverage 

area, and update rate 

Wang et al. [40] 2022 
A systematic review of smartphone-based inertial 

localization and navigation methods is presented 

Chen and Pan [41] 2024 
Reviewed work related to inertial localization based 

on deep learning 

Naser et al. [42] 2023 
A systematic compendium and analysis of 

smartphone-based indoor localization methods 

Zhuang et al. [43] 2023 
An overview of combined multi-sensor 

navigation/positioning systems is presented 

1.2. Key Contributions 

Numerous recently existing review studies provide a detailed overview of the fundamentals 

and technical guidance for a particular indoor positioning technique, while there are fewer review 

papers that detail smartphone indoor positioning systems based on a single positioning technique as 

well as smartphone indoor positioning systems with multi-source sensor fusion. Although there have 

been many studies focusing on smartphone-based indoor localization methods, the performance, 

advantages, and disadvantages of these methods still need to be systematically summarized and 

analyzed, and these methods still face challenges that need to be addressed. This paper reviews the 

research results of indoor positioning based on smartphone sensors, classifies these results and 

analyzes the current mainstream multi-source sensor fusion smartphone indoor positioning 

methods, summarizes their basic principles and technical characteristics as well as the advantages 

and key issues of these methods. In addition, we discuss utilization trends and provide practical 

suggestions for researchers and developers to help them select and improve indoor localization 

methods in practical applications. 

The main contributions of this work are listed as follows. 
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1. In this study, we detail the current research status of smartphone-based indoor positioning 

methods, categorize and analyze the characteristics of commonly used indoor positioning 

techniques, and categorize and describe these techniques. By reviewing the existing literature, 

we summarize the basic principles, advantages, and limitations of various techniques. 

2. Based on the mainstream indoor positioning technologies on smartphones, we conducted a 

detailed review and analyzed the existing indoor positioning methods and the main features of 

the latest research for each technology. Each technology is summarized and its performance in 

terms of indoor positioning performance is analyzed. 

3. We examine and classify the indoor positioning methods commonly used for fusing multi-

source sensors in recent years, introduce the principles and characteristics of each fusion 

method, and analyze and summarize the related articles in recent years. We discuss how the 

fusion methods can improve the positioning accuracy and robustness as well as the limitations. 

4. We examine and classify faces by smartphone-based single-sensor localization techniques and 

multi-source sensor fusion localization techniques. Based on these challenges, we suggest 

directions for future optimization of indoor positioning techniques. 

2. Smartphone Indoor Positioning Methods 

An overview of indoor localization methods with a single source is shown in Table 2, where the 

comparison indicates that the single sensor localization methods have their advantages and 

disadvantages in different scenarios. Therefore, the integration of multiple sensor sources in indoor 

positioning and navigation methods for smartphones enhance positioning accuracy through the 

coordination of ranging information from diverse sensors, thereby mitigating their respective 

limitations and capitalizing on their individual advantages [44]. 

With the continuous development of smartphone sensors and their performance, the pervasive 

localization methods based on the built-in sensors of smartphones have become one of the main 

research directions, and fusing multi-source sensors has gradually become a research hotspot. The 

current classification of mainstream smartphone indoor positioning and navigation technologies is 

shown in Figure 2. Smartphones have a variety of sensors that can be used as data sources for indoor 

positioning, such as Wi-Fi, BLE, UWB, 5G, acoustic signals, accelerometers, gyroscopes, barometers, 

and cameras. 

 

Figure 2. Classification of smartphone indoor positioning methods. 

Table 2. Comparison of indoor localization methods for single positioning systems. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 December 2024 doi:10.20944/preprints202412.2256.v1

https://doi.org/10.20944/preprints202412.2256.v1


 6 of 38 

 

System

s 

Equipme

nt 

Positionin

g 

Methods 

Accuracy Advantages Limitations Costs 

Wi-Fi 

Wi-Fi 

sensors, 

Wi-Fi AP 

RSSI/Fing

erprinting

/Wi-Fi 

RTT 

3–10 m 

No additional 

infrastructure is 

required, 

Low cost, 

Wide coverage 

Cumbersome 

fingerprint database 

creation, 

Susceptible to signal 

interference and 

blockage, 

Fewer devices 

supporting Wi-Fi RTT 

protocols 

Mediu

m 

BLE 

Bluetoot

h 

sensors, 

Bluetoot

h 

beacons 

RSSI/Fing

erprinting

/Proximity 

1–5 m 

Low cost, 

low power 

consumption, 

Easy deployment, 

Small device size 

Smaller range, 

Susceptible to signal 

interference, 

Poorer signal stability 

Low 

Inertial 

navigati

on 

Inertial 

sensors 

(Accelero

meter, 

Gyrosco

pe, 

Magneto

meter) 

INS/PDR/

Motion 

constraint

s 

Decrease

s with 

increasin

g 

positioni

ng time 

Sensors built into 

smartphones, 

No signal 

interference 

Problems with error 

accumulation 
Low 

Barome

ter 

Baromete

r sensors 

Barometri

c floor 

positionin

g 

Meter 

scale 

No additional 

equipment to 

deploy, 

low cost 

Vulnerability to 

external factors 
Low 

Vision Camera 

Feature 

detection/

Visual 

marker/SL

AM 

Accuracy 

depends 

on time 

No need for base 

station deployment, 

Not affected by 

signal strength 

Susceptible to light 

conditions, 

background 

interference 

Low 

Acousti

c 

Acoustic 

sensors, 

Signal 

transmitt

er 

TOF/TOA/

TDOA/D

OA 

Depends 

on the 

distributi

on 

density 

of the 

infrastru

cture 

Good compatibility, 

High scalability, 

High accuracy 

potential 

More sensitive to the 

Doppler effect, 

Small beacon coverage 

area, 

Cumbersome 

fingerprint database 

creation 

High 

UWB 

UWB 

base 

station, 

UWB 

receiver 

RSSI/TOA

/TDOA/A

OA 

Centimet

er scale 

Low power 

consumption, 

Insensitive to 

multipath effects 

High cost, 

Liquids and metallic 

materials can block 

signals 

High 

5G 

5G base 

station, 

5G 

antenna 

RSSI/TOA

/TDOA/A

OA/CSI 

Decimete

r scale 

High-ranging 

accuracy and 

reliability 

Signal susceptibility to 

interference 
Low 
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Magneti

c 

Magneto

meter 

Fingerprin

ting 

Meter 

scale 

Low cost 

No need to deploy 

additional 

equipment 

Poor generalizability,  

Susceptible to indoor 

magnetic interference 

Low 

2.1. Single Sensor-based Indoor Localization Method for Smartphone 

2.1.1. Wi-Fi-based Indoor Localization Method 

Wi-Fi is a wireless networking technology that has been studied for about two decades, and its 

application paradigm covers a wide range of areas such as the Internet of Things, wireless offices, 

and smart cities. Wi-Fi technology follows a variety of IEEE 802.11-standard protocols to ensure a 

wide range of compatibility and performance levels, and its hardware components include a Wi-Fi 

router or Access Point (AP), as the transmitter of the signal, and a variety of Wi-Fi receivers. 

Common measurements in Wi-Fi positioning systems include Time of Flight (TOF), Angle of 

Arrival (AOA), Channel State Information (CSI) [45], and Received Signal Strength Indicator (RSSI). 

The commonly used Wi-Fi localization methods can be categorized into fingerprint-based 

localization methods [46] and RSSI-based localization methods. The fingerprint-based method 

collects Wi-Fi RSSI features from each point in the localization area to form a Wi-Fi fingerprint 

database. Then the Wi-Fi RSSI features collected online are matched with the database to obtain the 

pedestrian location. There are two schemes for Wi-Fi RSSI-based localization methods. The first 

method uses a Wi-Fi RSSI attenuation model to calculate the distance between the mobile device and 

the Wi-Fi AP. The second one is based on TOF ranging. Wi-Fi Round-Trip Time (RTT) utilizes the 

time it takes for a wireless signal to propagate through space to determine the location of a device, it 

is only used for devices that support the Wi-Fi Fine Time Measurement (FTM) protocol. Table 3 

summarizes the characteristics of different Wi-Fi-based indoor localization methods. 

Table 3. Wi-Fi-based indoor localization methods. 

Method Time Author Research Focus 

RSSI 

2019 Amri et al. [52] 

A fuzzy localization algorithm calculates the 

distance between the anchor point and the sensor 

node using RSSI measurements. 

2023 
Vishwakarma et 

al. [56] 

Classification of specific locations into specific 

regions based on Graph Neural Network (GNN) 

and collected RSSI values 

2023 Tao et al. [47]  
Extreme value-based AP selection and 

localization algorithm 

Fingerprinti

ng 

2017 Wang et al. [51] 

Deep Learning based Fingerprinting (DeepFi), a 

deep learning-based indoor fingerprint 

localization method 

2018 Xu et al. [26] 

Utilize indoor environment constraints in the 

form of a grid-based indoor model to improve the 

localization of a WiFi-based system. 

2022 Lan et al. [48] 

Super-resolution based fingerprint enhancement 

framework for fingerprint enhancement as well as 

super-resolution fusion 

2023 Wang et al. [49] 
Three-dimensional dynamic localization model 

based on temporal fingerprinting 

2023 Hosseini et al. [50] 

A method for generating virtual fingerprints of 

building interiors by predicting Wi-Fi RSS values 

using integration of Building Information 

Modeling (BIM) and signal propagation 
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2024 
Kargar-Barzi et al. 

[46] 

Lightweight indoor Wi-Fi fingerprint localization 

method based on Convolutional Neural Network 

(CNN) and convolutional self-encoder 

2024 Pan et al. [57] 

Indoor Wi-Fi localization fingerprint database 

construction method based on crow search 

algorithm optimized density-based spatial 

clustering of applications with noise and 

recurrent conditional variational autoencoder-

generative adversarial network 

Wi-Fi RTT 

2020 Huang et al. [53] 

Learning nonlinear mapping relationship 

between indoor location and Wi-Fi RTT ranging 

information using deep convolutional neural 

network 

2020 Yu et al.[54] 

A Wi-Fi RTT-based data acquisition and 

processing framework for estimating and 

reducing multipath and Non-Line of Sight 

(NLOS) errors 

2024 Guo et al. [55] 

Clock drift error reduction based on clock drift 

theory modeling localization system framework, 

state monitoring algorithms, and partial 

differential equation constraint models 

2024 Cao et al. [58] 

WiFi RTT localization method based on Line of 

Sight (LOS) compensation and trusted NLOS 

identification 

Wang et al. (2017) applied the fingerprint recognition method to CSI-based indoor localization, 

using an Intel 5300 card to receive the CSI phase information, and achieved better localization 

accuracy [51]. Xu et al.(2018) presents a pedestrian tracking algorithm that integrates environmental 

constraints from an indoor grid model, WiFi positioning technology, and a mobile device's 

magnetometer, significantly improving localization accuracy and reducing tracking errors [26]. Amri 

et al. (2019) proposed a new localization algorithm that uses RSSI as an input to the fuzzy inference 

system and calculates the distance between the anchor point and the sensor node through the channel 

flow, which was proved to be energy efficient and effective by experimental results [52]. To address 

the Non-Line of Sight (NLOS) and multipath problems faced by indoor localization based on radio 

signals, Huang et al. (2020) designed a deep convolutional neural network to learn the nonlinear 

mapping relationship between indoor spatial location and Wi-Fi RTT ranging [53]. Yu et al. (2020) 

analyzed the impact of Wi-Fi FTM ranging accuracy and proposed corresponding calibration, 

filtering, and modeling algorithms that can effectively reduce the ranging errors caused by clock bias, 

NLOS, and multipath propagation [54]. Guo et al. (2024) proposed a monitoring-based localization 

system using a theoretical model of clock drift to reduce the impact of clock drift on indoor ranging 

and localization results of Wi-Fi RTT [55]. The algorithm proposed by Vishwakarma et al. (2023) 

utilizes a graph neural network to accurately categorize a specific location into its corresponding 

region based on the collected RSSI values, thereby enhancing the precision of location prediction [56]. 

To solve the problem of substandard quality in WiFi indoor localization fingerprint database 

constructed by traditional methods, Pan et al. (2024) proposed an indoor localization fingerprint 

database construction method based on the Crow Search Algorithm optimized Density-Based Spatial 

Clustering of Applications with Noise and Recurrent Conditional Variational Autoencod-er-

Generative Adversarial Network. This method requires only a sparse collection of reference point 

location coordinates and RSS data, enabling the construction of a high-quality indoor Wi-Fi 

localization fingerprint database and improving the localization capability [57]. Cao et al. (2024) 

improved the indoor localization accuracy using the Wi-Fi RTT algorithm, which was able to 

compensate for LOS localization errors and identify NLOS conditions with an average absolute error 
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of 1.082 m [58]. To address the issue of significant variations in Wi-Fi technology's localization 

performance across different indoor environments, Feng et al. (2024) used a machine learning 

weighted model to dynamically select the optimal Wi-Fi localization model for each location [59]. 

The Wi-Fi-based indoor localization offers the advantages of cost-effectiveness, simplified 

maintenance, and extensive coverage, making it a more suitable approach for wide-area targets in 

indoor localization. However, several methods based on Wi-Fi also have their drawbacks. Traditional 

Wi-Fi fingerprint localization is time-consuming and inefficient, and establishing and updating the 

fingerprint database is tedious. The localization performance heavily relies on how frequently and 

accurately the database is updated, for example, whether updates occur regularly and if they reflect 

current environmental changes. Wi-Fi RSSI ranging and localization is susceptible to factors such as 

multipath, obstacles, and non-ranging signals, which limits its accuracy in complex indoor 

environments. The Wi-Fi RTT ranging technique can achieve meter-level accuracy, but requires 

specific device support and exhibits potential performance degradation in high-temperature, high-

traffic scenarios. 

2.1.2. Bluetooth-based Indoor Localization Method 

Bluetooth is also a widely used wireless communication technology that uses short-wave Ultra 

High Frequency (UHF) radio waves from 2.400 to 2.485 GHz, through which data can be transmitted 

over short distances. Bluetooth beacons are extensively embraced by smart devices due to their 

compact size, lightweight design, cost-effectiveness, and energy efficiency. Compared with Wi-Fi, 

BLE consumes less energy and provides greater support for smart devices, making it a more flexible 

and easily deployable option. 

Bluetooth localization can be categorized into fingerprint-based methods [60], proximity 

detection [11,61], and ranging-based methods. The localization accuracy of fingerprint-based 

methods generally depends on the refinement of the fingerprint database construction. Proximity 

detection determines the relative proximity of the device to the signal source by detecting the signal 

strength of the device and the Bluetooth Beacon. This helps determine which area or reference point 

the device is roughly located in. The accuracy of this method is relatively low but can be improved 

by complementing with semantic maps to eliminate impossible locations. The ranging-based method 

calculates the distance between the beacon and the Bluetooth AP by deploying a certain amount of 

Bluetooth beacons in indoor environments, measuring the RSSI at the receiving end through the pre-

built Signal Propagation Loss Model (SPLM), and solving the geometric relationship with planar 

trilateral localization or spatial quadrilateral localization algorithms. In addition, the study of BLE 

AOA [62] has led to the opening of new possibilities for BLE localization based on BLE goniometry. 

Table 4 summarizes the characteristics of different Bluetooth-based indoor localization methods. 

Table 4. Bluetooth-based indoor localization methods. 

Method 
Autho

r  
Time Research Focus 

RSSI 

2021 You et al. [68] RSSI-based multipoint localization algorithm 

2023 Assayag et al. [70] Adaptive path loss model 

2023 Gentner et al. [63] 
Position is calculated on the server using particle 

filtering and returned to the mobile device 

2024 Wu et al. [72] 
Using KF to attenuate the effect of random 

perturbations 

Fingerprinti

ng 

2023 Safwat et al. [71] 

K-Nearest Neighbor (KNN) and Weighted K-

Nearest Neighbor (WKNN) based fingerprint 

localization methods 

2023 Shin et al. [64] 
Fingerprint mapping method based on RSS 

sequence matching 
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2024 Junoh et al. [60] 

Generative Adversarial Network (GAN)-based 

semi-crowdsourced fingerprint map construction 

method for labor reduction 

AOA 

2016 
Van der Ham et al. 

[11] 

A localization method is developed that considers 

geometrical influences, characteristics of the 

Quuppa positioning system, and indoor 

obstructions. 

2023 Xiao et al. [65] 

Improving AoA estimation accuracy by 

estimating phase noise using the extended 

kalman filter 

2024 Wan et al. [66] 

Improved signal subtraction subspace algorithm 

to reduce interference from coherent signals and 

errors caused by movement between people in 

the room 

Proximity 

2015 Zhao et al. [61] 
BLE proximity detection based on particle 

filtering 

2020 Spachos et al. [67] 
BLE proximity detection and RSSI-based 

localization 

Spachos et al. (2020) proposed an indoor positioning system relying on the proximity and 

localization capabilities of BLE beacons to enhance the user experience in museums by automatically 

providing users with cultural content related to the observation of artifacts [67]. You et al. (2021) 

analyzed the effect of pedestrian swinging arms on the performance of the PDR and used RSSI-based 

multipoint positioning algorithms to reduce the cumulative error [68]. Yu et al. (2023) proposed an 

intelligent 3D indoor localization framework integrating Wi-Fi, BLE, Quick Response (QR) code, and 

Inertial Measurement Unit (IMU) sensors, which can achieve autonomous and accurate localization 

in large indoor areas using different location sources [69]. Assayag et al. (2023) improved the 

estimation of BLE signal strength distance by adaptively selecting the optimal parameters of a 

logarithmic distance model, which reduces the average error compared to a fixed parameter 

approach [70]. Safwat et al. (2023) used KNN and WKNN to match the collected RSSI readings with 

the RSSI of an unknown location in order to determine the user's location and were able to obtain 

small localization errors even under obstacles, reflections, and interference conditions [71]. Wu et al. 

(2024) addressed the problem of high Bluetooth signal fluctuation and significant localization error 

during indoor navigation by using the Kalman Filter (KF) to attenuate the effect of random 

perturbations on the true Bluetooth signal, utilizing maximum likelihood estimation to infer the 

pedestrian's positional coordinates, and using multiple beacon nodes to improve the localization 

accuracy [72]. 

Bluetooth positioning method provides different levels of accuracy (from room level to 

centimeter level), which makes it widely applicable to different scenarios. The Bluetooth positioning 

technology exhibits low cost, low power consumption, ease of deployment, compact device size, and 

widespread availability in mobile phone terminals equipped with Bluetooth modules, and it is easy 

to widely popularize and implement on a large scale. However, this technology is closely associated 

with beacon deployment and is limited by a small range of action susceptible to external noise signal 

interference, resulting in poor signal stability. 

2.1.3. Inertial Sensors-Based Indoor Localization Method 

In contrast to other localization strategies, inertial navigation algorithms use motion information 

measured by inertial sensors to estimate the pedestrian's position relative to the starting point. Inertial 

Navigation System (INS) is a completely independent method of localization and navigation that 

estimates attitude, velocity, and position without any dedicated infrastructure or pre-trained 

fingerprints. Therefore, INS has no coverage limitations and can work anywhere [73]. 
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With the rapid development of sensor technology, low-power and low-cost Inertial 

Measurement Units (IMUs) are widely used in portable smart devices. The inherent advantages of 

smartphones as portable communication devices (built-in various sensors with powerful computing 

and storage capabilities) make smartphones a prominent platform for indoor positioning and 

navigation [74]. The obvious advantage over other indoor positioning platforms is that users only 

rely on smartphones they carry and do not need additional hardware to provide indoor positioning 

services. 

2.1.3.1. Accelerometer 

Accelerometers are sensors used to measure the acceleration of an object by using the inertial 

force generated during its motion to find the acceleration of the object at the current moment, which 

can be used to measure the motion, attitude, vibration, and other information of the object. The 

physical parameters of accelerometers include sensitivity, zero bias, noise, temperature drift, 

dynamic range, scale factor error, and non-orthogonality error, which are used to calibrate the output 

value of the accelerometers for the improvement of their precision and accuracy. Nowadays, 

smartphones usually have built-in triaxial accelerometers, which are used to detect the magnitude 

and direction of the acceleration that the smartphone is subjected to. Three-axis accelerometer can 

measure the specific force of an object, which is the overall acceleration after removing gravity, while 

also enabling angle measurements. Due to its working principle of measuring angles, three-axis 

accelerometers cannot measure yaw angles but can measure pitch and roll angles. In indoor 

positioning applications, the accelerometer is mainly used to detect the gait and movement speed of 

pedestrians, and in conjunction with other inertial sensors to collaborate on position localization and 

updating. In addition, it can capture several typical motion patterns of a smartphone such as shaking 

and flipping, so that the smartphone can be utilized to sense the motion state. However, the 

accelerometer is susceptible to error accumulation, leading to an increasing distance error as the 

positioning time prolongs. 

Jeon et al. (2015) proposed an indoor pedestrian localization system based on accelerometers, 

barometers, and Bluetooth RSSI to estimate the walking distance of pedestrians by obtaining the data 

of the phone from the accelerometer on the smartphone [75]. Lee et al. (2018) proposed an indoor 

localization system using BLE, accelerometers, magnetometers, and barometers of a smartphone. 

Accelerometers and magnetometers were utilized to locate the indoor pedestrian's movement 

position. The experimental results show that the method has good localization performance [76]. Yan 

et al. (2022) integrated the measurement of multiple multi-module BLE and the measurement of 

smartphone accelerometers. The Unscented Kalman Filter (UKF) method used to estimate position 

and velocity was constrained using the pedestrian walking speed obtained from the accelerometer 

and a better localization accuracy was obtained [77]. 

2.1.3.2. Gyroscope 

Gyroscopes, also known as angular velocity sensors, are used to detect the angular velocity of a 

carrier and to calculate the angle after integrating the angular velocity. Gyroscopes are capable of 

measuring angular velocity along one or several axes of motion, enabling the quantification of a 

device's turn or grade change; however, they are also susceptible to cumulative errors. The physical 

parameters of a gyroscope include sensitivity, zero bias, noise, temperature drift, stability, non-

orthogonal error and scale factor error. The three-axis gyroscope is the core sensitive device of the 

inertial navigation system, and its measurement accuracy directly affects the accuracy of the attitude 

solution of the inertial navigation system. In indoor positioning applications, the built-in three-axis 

gyroscope sensor of smartphone can detect phone’s movement direction, identify the attitude 

information, and get the position information related to the movement of the pedestrians. Gyroscopes 

and accelerometers can combine their respective advantages. By using both accelerometer and 

gyroscope, it is possible to better track and capture the complete motion in three-dimensional space, 

providing a more accurate navigation system. 
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Bai et al. (2020) achieved higher localization accuracy using an adaptive error compensation 

algorithm based on motion velocity and step detection based on up and down tracking when using 

only gyroscopes and accelerometers [78]. Chen et al. (2023) proposed a trajectory matching method 

based on the Hidden Markov Model (HMM), which utilizes gyroscope and accelerometer sensor 

sequences that are not sensitive to the initial motion state of the attitude changes and trajectory length 

are estimated and modeled, and the initial motion is inferred and the trajectory is refined based on 

spatial information [79]. 

2.1.3.3. Magnetometer 

The magnetometer is capable of detecting the strength of the magnetic field to which the 

equipment is subjected in the X, Y, and Z axes, thus determining the heading angle in relation to the 

geomagnetic north pole. The physical parameters of a magnetometer include sensitivity, zero bias, 

noise, dynamic range, resolution, and response time. Magnetometers can measure the strength and 

direction of the magnetic field at different locations within a building and can help eliminate errors 

in gyroscope readings. The natural existence of the geomagnetic field is contrasted with the indoor 

geomagnetic field, which is influenced by building structures and large electronic equipment, 

resulting in changes to its magnetic strength signal characteristics. By utilizing fingerprinting 

positioning methods based on these distinct indoor magnetic field features, magnetometers can 

accurately estimate location. 

Ashraf et al. (2020) proposed the construction of a database for geomagnetic field patterns 

utilizing data collected by magnetometers integrated into multiple smartphones. The results showed 

that the localization performance of four different smartphones was almost the same and overall 

improved [80]. Kuang et al. (2022) used the relative trajectory and attitude generated by the PDR for 

magnetic field matching and used the attitude information to project the reference magnetic field 

map from the navigation coordinate system to the body coordinate system to eliminate the effect of 

magnetometer bias [81]. Qadr et al. (2022) proposed an indoor localization technique using the 

combination of Wi-Fi signals and magnetometers to minimize errors and improve the positioning of 

smartphones [82]. 

When solely relying on a magnetometer, the absence of horizontal sensor placement verification 

may result in significant deviations in the measured heading angle. Additionally, the magnetometer 

is susceptible to distortion caused by interference from the indoor magnetic field environment. 

Therefore, the tilt angle of the magnetometer is usually corrected using acceleration. The corrected 

magnetometer can be used in combination with a gyroscope for attitude estimation, and the drift 

error of the gyroscope can be corrected by the heading angle measured by the magnetometer. 

However, when there is a sudden change in the magnetic field around the magnetometer, such as the 

appearance of magnetic substances or an increase in current, it can cause distortion of the 

magnetometer. 

2.1.3.4. Inertial Sensor Fusion for Indoor Localization 

With the development of Micro Electromechanical Systems (MEMS) technology, MEMS-based 

IMU are embedded in most smartphones and tablet devices due to their cost-effectiveness, compact 

size, and energy efficiency [83]. Smartphones are equipped with several sensors to detect walking 

patterns and behaviors [84]. Walking patterns represent the overall movement of a pedestrian, 

including walking, running, going up or down stairs, and ascending or descending on an elevator or 

escalator. Data collected by inertial sensors included in smartphones can identify the activities 

performed by the person holding the device [85], and this data can be used to improve localization 

accuracy [86]. 

At present, there are mainly three methods of pedestrian positioning based on smartphone IMU 

sensors. The first approach is based on the conventional inertial navigation solution, wherein the 

three-axis acceleration of the IMU is utilized to perform double integrations for deriving three-

dimensional velocity and position. Additionally, angular velocity integration is employed to 
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determine attitude, while fitting the displacement curve. However, in practical applications, due to 

the limitation of device accuracy and the existence of integral accumulation error, often its calculation 

error reaches tens of meters or even hundreds of meters in just a few seconds. The second approach 

is IMU sensor-based PDR, which leverages the acceleration and angular velocity data captured by 

the IMU sensor to conduct gait analysis, estimate step count and length, and extrapolate pedestrian's 

position, attitude, and other relevant information by integrating with heading data obtained from 

angular velocity integration. The framework of the PDR localization method is shown in Figure 3. 

The PDR localization method usually consists of four basic phases: step detection, step length 

estimation, heading estimation and position update. For step detection, various algorithms have been 

proposed in recent years, such as zero crossing detection [87], peak detection [88], pitch angle 

detection [89], autocorrelation method [90] and decision tree model [91]. Step length estimation 

models include linear, nonlinear and adaptive models. Common heading estimation methods 

include quaternion [92], digital compass [93], direction cosine matrix, and filter fusion. The 

localization accuracy of PDR mainly depends on the accurate estimation of step length, step 

frequency and heading angle. Consequently, as walking time increases, the localization error 

accumulates due to the cumulative errors in inertial devices. Another method is the Strapdown 

Inertial Navigation System, through which real-time 3D attitude and position can be obtained. 

However, its accuracy is also limited by the sensor error and cannot be applied for a long time. 

 

Figure 3. PDR Positioning Methodological Framework. 

Although the performance of the PDR algorithm is limited by the cumulative errors of low-cost 

sensors, complex hand-held and motion patterns, as well as indoor magnetic interference, it remains 

the predominant solution for pedestrian indoor localization and navigation. Moreover, in the field of 

pedestrian indoor localization and navigation, its accuracy is still much better than the traditional 

inertial guidance solving method. Consequently, it has received considerable attention from 

researchers and scholars who continuously strive to enhance its capabilities (Table 5). 

Table 5. PDR-based indoor localization methods. 

Author Time Research Focus 

Klein et al. [94] 2018 
Machine learning classification algorithm to recognize 

smartphone modes 

Guo et al. [95] 2019 
Adaptive walking speed estimation for smartphone based on 

attitude sensing 

Zheng et al. [96] 2020 Heading estimation algorithm for pocket and swing modes 

Yao et al. [97] 2020 
Step detection and step length estimation algorithms for 

recognizing different walking modes 
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Zhang et al. [98] 2021 
A low-cost indoor navigation framework combining inertial 

sensors and indoor map information 

Zhao et al. [99] 2023 Denoising MEMS data using bias drift model and KF 

Wu et al. [100] 2024 
PDR algorithm for multi-sensor fusion based on Particle Filter 

(PF)-UKF 

Liu et al. [101] 2024 

Extended Kalman Filter (EKF)-based integration method for 

pedestrian motion constraints, smartphone sensors and step 

detection methods 

Chen et al. [102] 2024 3D localization method based on terrain feature matching 

Klein et al. (2018) used a machine learning approach to classify variable handheld modes of 

mobile devices and improved the accuracy of PDR by choosing appropriate gain values [94]. Guo et 

al. (2019) proposed a pedestrian walking speed estimation algorithm considering four different 

handheld modes of a smartphone, which tightly integrated the classified handheld modes using 

adaptive gait recognition. The final experimental results showed that the classification accuracy of 

the framework was 98.85%, and the speed estimation error was less than 0.061 m/s [95]. Zheng et al. 

(2020) investigated the pocket and swing modes of a smartphone and analyzed the relationship 

between rotational motion, walking state, and heading information. An improved rotation method 

and a single-point algorithm were proposed for heading estimation in pocket mode and swing mode, 

respectively, which effectively improved the final performance [96]. Yao et al. (2020) combined zero 

crossing detection with dynamic time-warping-based peak prediction to accurately identify the start 

and end points of each step in the walking pattern [97]. Zhang et al. (2021) proposed a method with 

a cascade filtering structure. The upper PF is fused with the map information to correct the estimation 

results of the lower filter, thus correcting the navigation error and improving the positioning accuracy 

[98]. Zhao et al. (2023) designed a two-feature step detection model to optimize the step length 

estimation and heading estimation, and proposed an adaptive model to identify different walking 

states to correct the rapid accumulation of the error in the calculation of pedestrian trajectories [99]. 

Wu et al. (2024) proposed a multi-sensor fusion indoor PDR algorithm to improve and integrate the 

step detection, step length estimation and heading estimation algorithms, which effectively reduces 

the error accumulation [100]. To improve the performance of PDR, Liu et al. (2024) proposed an 

enhanced PDR algorithm that integrates pedestrian motion constraints, smartphone sensors, and a 

combined step detection method to deliver a continuous, precise, and dependable localization 

solution [101]. Chen et al. (2024) introduced a three-dimensional localization method based on terrain 

feature matching to identify pedestrian movement patterns and effectively match the corresponding 

location coordinates, thereby mitigating the impact of cumulative errors in multi-floor scenes [102]. 

The advantages of using inertial sensors for indoor localization are their independence (work 

without relying on external infrastructures), ease of integration, lack of interference from indoor 

wireless signals and cost-effective. PDR algorithms, extensively employed in indoor localization, 

however, exhibit a cumulative error over time resulting in gradual deviation of the position 

estimation from the actual path as well as a substantial reliance on sensor quality and algorithm 

design. The accuracy of PDR systems has been significantly improved through the application of 

algorithm optimization, filtering techniques and machine learning methods. However, as a relative 

localization technique, inertial sensors typically rely on other sources of localization to provide initial 

position coordinates and correct PDR results in order to minimize accumulated error. 

2.1.4. Barometer-Based Indoor Localization Method 

Barometer is a sensor used to measure atmospheric pressure, which is affected by parameters 

such as temperature, weather and humidity of the environment. The physical parameters of a 

barometer include barometric pressure, temperature, atmospheric humidity, sensitivity, zero bias, 

and nonlinear error. In indoor positioning, barometers can be used to measure changes in indoor air 

pressure to infer the location and height of a device. Although the barometer sensor cannot be 
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positioned as a stand-alone positioning sensor, it is often used to determine the change in altitude 

when the PDR is positioned, and it can measure atmospheric pressure to measure altitude using the 

elevation equation [103]. Barometers are used to monitor vertical movement, and changes in 

atmospheric pressure as the user moves up or down help determine changes in altitude [104]. As the 

user moves, the elevation change can help in localizing the user to a particular floor. 

Xu et al. (2017) proposed a barometer-based floor localization algorithm, which calculates the 

height change through barometer measurements and introduces a Bayesian network model to infer 

the change of the floor where the pedestrians are located [105]. Elbakly et al. (2018) proposed a multi-

sensor fusion floor localization system that combines barometer sensors and Wi-Fi APs mounted in 

buildings into a probabilistic framework to identify the floor where a pedestrian is located [106]. 

Barometers are subject to external influences, resulting in varying readings throughout the day 

and potential fluctuations during similar time periods due to factors such as temperature, humidity, 

and wind. These limitations restrict the applicability of barometers and necessitate their integration 

with other methods for more practical outcomes. 

2.1.5. Vision-Based Indoor Localization Method 

The smartphone camera refers to a camera module integrated into a smartphone device, which 

is utilized for capturing photographs and recording videos. Typically, it comprises one or multiple 

lenses, image sensors, image processing chips, and other associated components. Visual Positioning 

System (VPS) utilizes smartphone camera sensors to capture visual features of the indoor 

environment and uses them to estimate the location of pedestrians. In indoor localization, vision-

based indoor positioning methods are constantly evolving and can be broadly classified into three 

categories. The first category of methods detects objects in an image and matches them with objects 

in a building database. The second category is image-based visual localization methods. Accurate 

estimation and localization of indoor locations is achieved by analyzing image or video data in the 

scene, extracting features and matching them with a pre-constructed reference map. The last category 

utilizes deployed visual markers, including concentric circles, barcodes, QR code, or special patterns. 

There have been many researches on visual-based localization methods, as shown in Table 6. 

Table 6. Vision-based indoor localization methods. 

Method Time Author Research Focus 

Image Match 

2020 
Kubícková et al. 

[111] 

Scale-Invariant Feature Transform (SIFT) algorithm 

for feature detection and matching to find 

coordinates of image database using Perspective-n-

Point (PnP) method. 

2020 Li et al. [107] 
Accurate single-image-based indoor visual 

localization method  

2021 Li et al. [112] 
Deep belief network based scene classification and 

PnP algorithm to solve camera position 

Object 

Detection 

2018 Xiao et al. [109] 
Deep learning based localization method for large 

indoor scenes 

2021 Jung et al. [113] 
Deep learning based matching of object position and 

pose 

2024 Chen et al. [108] 

Landmark matching method to match the landmark 

within an up-view image with a landmark in the 

pre-labeled landmark sequence 

Visual 

Marker 
2020 

Tanaka et al. 

[110] 

An ultra-high precision visual marker with pose 

error less than0.1° 

Xiao et al. (2018) proposed an indoor localization system based on computer vision, which 

utilized static objects in the room as a reference for estimating the user's position to achieve a 
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localization accuracy of up to 1 m at a low cost [109]. Tanaka (2020) developed an ultra-high precision 

visual marker with an attitude estimation error of less than 0.1°, which effectively reduces the 

reprojection error and decreases the position error of the marker by using the good attitude accuracy 

of his proposed method [110]. Kubícková et al. (2020) utilized the SIFT and the PnP problems to 

compute the camera pose and position for indoor localization of pedestrians [111]. Li et al. (2021) 

classified different scenes based on a deep confidence network and used the PnP algorithm to extract 

spatial reference points from deep images to solve for the camera position [112].Jung et al. (2021) 

utilized both point cloud and RGB feature information to accurately acquire indoor 3D space. They 

estimated the indoor 3D space using a modified point map neural network that incorporated 

improved target pose information, which was then matched with the pose information labels of a 

pre-constructed voxel database to determine the user's position [113]. Zeng et al. (2023) proposed a 

Dynamic Adaptive Threshold Simultaneous Localization and Mapping (DAT-SLAM) method, which 

was subsequently introduced as a template-matching visual mileage method and combined with 

DAT-SLAM to form a joint indoor localization framework, which can be used in scenes with sparse 

features achieved continuous localization in scenes with sparse features [114]. 

The vision-based indoor localization technology offers several advantages, including the 

elimination of base station deployment requirements, immunity to signal strength variations 

affecting positioning accuracy, and relatively cost-effective implementation. Additionally, the camera 

has the capability to capture a continuous stream of images, enabling real-time image processing and 

subsequent position calculation, ensuring timely updates of the target's positional information. 

However, the research on the application of computer vision in indoor localization is still immature. 

Changes in the indoor environment, lighting conditions, and background interference may have an 

impact on the localization results, so appropriate preprocessing and correction are required. In 

addition, the image recognition algorithm and the localization solving algorithm used in localization 

still need to be further improved and supplemented to enhance the environmental generalization 

ability of the image recognition model and improve the universality of the model application. 

2.1.6. Acoustic Sensor-Based Indoor Localization Method 

An acoustic sensor is a sensor used to detect and measure sound signals, which converts sound 

signals into electrical signals so that computers or other electronic devices can analyze and process 

the sound. An acoustic sensor in a smartphone is usually a microphone that enables the phone to 

perform functions such as audio signal reception, voiceprint recognition, acoustic fingerprint 

localization, and speech recognition. One of the main advantages of the indoor localization method 

based on acoustic sensors is that it can utilize the built-in microphone of the smartphone, eliminating 

the need for additional hardware devices while achieving highly accurate localization. This cost-

effective solution holds great potential for indoor positioning. 

According to the principle of localization, Acoustic sensor-based Indoor Positioning System 

(AIPS) can be classified into TOF, Time of Arrival (TOA), Time Difference of Arrival (TDOA), DOA 

(Direction of Arrival), and fingerprint-matching localization methods [115]. TOF and TOA-based 

systems require time synchronization between the anchor point and the smartphone, while TDOA-

based systems do not. The TDOA-based localization system can achieve asynchronous localization, 

but it requires four base stations to be preset, and its localization accuracy and stability are weaker 

than the TOA architecture. A fingerprint-matching based localization system requires the 

establishment of a fingerprint library, which is often time-consuming and costly to build and 

maintain. An overview of several acoustic signal-based localization methods is shown in Table 7. 

Table 7. Acoustic signal-based indoor localization methods. 

Method Time Author Research Focus 

TOA 2019 Zhang et al. [119] 
TOA estimation method for extracting first path 

signal based on the iterative cleaning process 
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2020 Liu et al. [115] 
TOA estimation method for smartphone based on 

built-in microphone sensor 

2020 Cao et al. [120] 
A novel TOA detection algorithm for acoustic 

signals consisting of coarse search and fine search 

TDOA 

2019 Chen et al. [118] Doppler shift based TDOA correction method 

2020 Bordoy et al. [121] 
TDOA measurement method without manual 

measurement of receiver position 

2023 Cheng et al. [123] 
Maximum likelihood algorithms combined with 

TDOA measures 

Fingerprinti

ng 

2021 Wang et al. [122] 

Detection of the first path based on time-division 

multiplexing, utilizing Power Spectral Density 

(PSD) of the frequency domain signal as a 

fingerprinting feature 

2024 Xu et al. [116] 

Constructing an audio-chirp-attention network 

model fusing edge detection maps with 

normalized energy density maps and correlating 

fingerprint datasets with corresponding spatial 

locations 

Cricket proposed by Priyantha et al. (2000) is the first indoor localization system that employs 

acoustics and utilizes TOF, which is actually a combination of acoustic and Radio Frequency (RF) 

signals with 12-cm accuracy, but it cannot be widely deployed due to its high noise level [117]. The 

system proposed by Chen et al. (2019) introduces a combined time division multiple access (TDMA) 

and frequency division multiple access (FDMA) transmission method for effectively detecting signal 

modes, but this method only selects two completely different sets of parameters as signal modes, 

making it challenging to further improve the update rate [118]. Zhang et al. (2019) applied fractional-

order Fourier transforms to avoid the multipath effect, but it has high complexity [119]. Cao et al. 

(2020) proposed a detection algorithm based on the inter-correlation function, enabling the 

implementation of robust and real-time acoustic indoor localization systems [120]. However, the 

detection algorithm is compromised under low signal-to-noise ratio conditions. Bordoy et al. (2020) 

proposed two new methods for target localization without requiring manual measurements of the 

receiver position, knowledge of microphone position, or information about signal LOS. However, the 

system assumes that all the anchors are at a known altitude and can only achieve a two-dimensional 

localization [121]. Wang et al. (2021) proposed an acoustic fingerprinting-based indoor localization 

method for smartphones, which utilizes the differences in the frequency domain features of 

predetermined acoustic chirp signals at different locations. The average error is reported to be within 

1 m in mixed LOS and NLOS indoor environments; however, the method exhibits limited accuracy 

under non-proximate target conditions [122]. Cheng et al. (2023) proposed a first-path detection 

algorithm to obtain reliable TDOA measurements, combining a maximum likelihood algorithm with 

TDOA measurements to obtain the location of the smartphone [123]. Li et al. (2024) used a two-step 

chirp signal detection algorithm with both coarse and fine searches, and the proposed coarse search 

demonstrates a remarkable success rate exceeding 99.9% in multipath and NLOS scenarios [124]. 

Indoor localization methods based on acoustic sensors have the advantages of high accuracy 

and compatibility, however, due to the shorter wavelength of the acoustic wave, it has a weaker 

penetration ability and is more susceptible to the multipath effect. In addition, the slower propagation 

speed of acoustic signals will be more sensitive to the Doppler effect, and the localization accuracy 

will be more affected. On the other hand, AIPS requires specific infrastructure to be installed in the 

environment as well as more beacons, which can increase the deployment cost of the system. 

2.1.7. UWB-Based Indoor Localization Method 
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UWB is a pulsed communication technology; its high bandwidth and extremely short pulse 

waveform give it a better ability to penetrate targets compared to other technologies, and it has the 

advantages of high immunity to interference, high penetration capability, and high accuracy of 

ranging with multipath effect [125]. Currently, only some smartphones have built-in UWB chips, such 

as the iPhone 13, iPhone 14, and Samsung Galaxy S21. UWB positioning usually requires beacons 

and an application that can be run on the smartphone to read the signals from these beacons. 

Therefore, there are some UWB-based indoor positioning methods in the field of indoor positioning, 

but there are fewer methods based on built-in UWB in smartphones. UWB communicates with pulses 

in very short time intervals, and its localization algorithms can be categorized into four types: TOA 

[126], TDOA [127], AOA [128], TOF [129], and RSS [130]. TOA and AOA are based on radio 

transmission and reception time difference, enabling accurate determination of both distance and 

direction angle. TDOA determines the position of a mobile node based on the time difference of 

signals received at different anchor points. Table 8 summarizes the characteristics of different UWB-

based indoor localization methods. 

Table 8. UWB-based indoor localization methods. 

Method Time Author Research Focus 

TDOA 

2019 Pan et al. [127] 
Improved TDOA and KF to compute the position of 

target nodes 

2021 
Bottigliero et al. 

[131] 

No need for time synchronization between sensors, 

using a unidirectional communication method to 

reduce the cost and complexity of tags 

AOA 

2021 
Monfared et al. 

[128] 

Iterative AOA localization algorithm for multilevel 

anchor selection under NLOS conditions 

2024 
Zhong et al. 

[132] 

AOA-based position tracking system and data 

processing algorithms to minimize system static error 

TOA 

2021 Li et al. [136] 

Improved root-Multiple Signal Classification 

(MUSIC) algorithm for joint estimation of TOA and 

DOA 

2021 Gong et al. [137] 
Frequency doubling and cluster counting algorithm 

for joint estimation of TOA and DOA 

TOF 2020 Li et al. [129] 

A neural network approach has been adopted to 

enhance the system's performance in NLOS 

scenarios. 

RSS 2022 
Chong et al. 

[133] 

Integration of UWB RSS into Wi-Fi RSS 

fingerprinting-based indoor localization system 

The history of UWB dates back a hundred years to the invention of transoceanic wireless 

telegraphy by Popov and Marconi [134]. Sheng et al. (2021) proposed a multifaceted function model 

that takes into account the angle of incidence of UWB pulse signals, which is effective in correcting 

the non-line-of-sight error due to wall occlusion, effectively improving the UWB localization accuracy 

[135]. Li et al. (2021) used a polynomial-root method to estimate the TOA of the two antennas but 

with a slight decrease in the estimation accuracy [136]. Gong et al. (2021) used the time-delay matrix's 

conjugate symmetry to extend the number of sample points and clusters to improve the estimation 

accuracy and the number of sources that can be identified, but it also increases the computational 

complexity [137]. Wang et al. (2024) designed a multilayered neural network that simultaneously 

addressed the errors in three coordinate components, along with three independent multi-layered 

neural networks dedicated to optimizing the errors in individual coordinate components. This 

innovative approach significantly mitigates the NLOS error of the UWB indoor positioning system. 

However, it should be noted that the complex network structure requires a long training time [138]. 
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UWB technology is capable of achieving centimeter-level high-precision indoor positioning with 

excellent stability in the face of interference in complex indoor environments. However, its 

implementation necessitates costly infrastructure deployment, and susceptibility to signal 

interference from liquids and metals. Additionally, incorrect configuration may result in interference 

from other systems operating within the ultra-wideband spectrum. Despite the excellent 

performance of UWB positioning, its widespread adoption as a ubiquitous indoor positioning 

solution remains challenging due to the associated high deployment costs. 

2.1.8. Challenges 

To summarize, the current single-sensor-based indoor positioning methods for smartphones still 

have many challenges, mainly including the following. 

1. It is often difficult for a single sensor technology to provide continuous, high-precision 

localization services under all conditions. For example, Wi-Fi and BLE signals are highly affected 

by building structures, while visual or audio localization is susceptible to light conditions and 

noise levels. 

2. Poor stability of single sensors in localization, such as the error accumulation problem of inertial 

sensors and the localization errors caused by the non-visual distance and multipath effect 

problems of BLE and Wi-Fi. 

3. Deploying a high-density sensor network to achieve sufficient coverage and accuracy may 

increase the cost burden and implementation complexity, especially for indoor environments 

with large areas or complex structures. 

4. Indoor environments change frequently, such as crowd movement and the addition of 

temporary obstacles, and it is often difficult for a single sensor solution to adapt to these changes 

in real-time, which affects the localization results. 

To cope with these challenges, current research is gradually shifting to multi-source sensor 

fusion technology, which realizes complementary advantages by integrating data from multiple 

sensors, to achieve higher indoor positioning accuracy. 

2.2. Fusion of Multi-Source Sensors for Indoor Localization of Smartphone 

The inertial sensors built into smartphones exhibit excellent performance in short-term indoor 

positioning; however, the accumulation of positioning errors over time significantly impacts the 

accuracy of inertial sensors for both heading estimation and final position updates. RSSI ranging and 

fingerprinting methods based on wireless signals can achieve high positioning accuracy for a longer 

period of time. However, in complex indoor scenarios, their positioning accuracy lacks stability and 

prone to fluctuations caused by multipath propagation NLOS, and other factors. Therefore, to 

improve the universality of indoor pedestrian localization application services, multi-source fusion 

methods are usually adopted to combine the advantages of existing localization sources, and achieve 

more accurate indoor pedestrian localization by taking advantages of different localization sources. 

An overview of existing indoor localization methods by fusing multi-source sensors is shown in Table 

9. 

Table 9. Overview of indoor localization method for fusion of multi-source sensors. 

System 
Referenc

es 
Cost Strengths/Weaknesses 

Wi-

Fi/PDR 
[139–150] Medium 

Wi-Fi positioning results provide accurate initial 

positioning, fusing PDR for position update and reducing 

the cumulative error of PDR. However, fewer devices 

support the Wi-Fi RTT protocol and are susceptible to 

signal interference and blockage. 

BLE/PDR [151–157] Low 
Bluetooth positioning results provide accurate initial 

positioning and fusion of PDR for position updating to 
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reduce the cumulative error of PDR. The lower cost and 

power consumption of BLE and PDR are suitable as a 

pervasive indoor positioning method, but the fusion 

method has less coverage and is susceptible to signal 

interference. 

Acoustic/P

DR 
[158–164] High 

Acoustic signals can provide the relative positional 

relationship between the sound source and the device, 

which is used to reduce the accumulated error of the PDR 

method. However, acoustic signals are susceptible to the 

Doppler effect and are easily blocked and absorbed by 

obstacles in complex indoor scenes, and high accuracy can 

be achieved by deploying sufficient devices in large, more 

open scenes. 

Vision/PD

R 
[165–170] Low 

Visual localization using the image information acquired 

by the camera, combined with the attitude and motion 

information provided by the PDR, can reduce the 

cumulative error of the PDR. Visual localization is not 

subject to signal interference, but is susceptible to lighting 

conditions and background interference, and requires 

high smartphone performance. 

Indoor localization methods fusing multi-source sensors have better robustness and accuracy 

and thus have higher feasibility in practical applications compared to a single localization source in 

complex indoor environments. Existing integration methods such as KF, EKF, UKF, and PF are 

typical methods for multi-source indoor localization fusion for indoor localization and navigation. 

Among them, KF is based on Bayesian filtering theory, which realizes accurate estimation of the 

system state by continuously fusing the a priori knowledge (system model) with the a posteriori 

measurements. However, the KF is primarily applicable to linear systems and assumes that both the 

process and measurement models are linear. When applied to non-linear systems, the KF may yield 

suboptimal or inaccurate results due to its inability to properly handle non-linearities. To address 

this limitation, the EKF expands on KF by approximating nonlinear system models and observation 

models as linear through a first-order Taylor expansion, however, EKF fails to handle systems with 

severe nonlinearity and non-Gaussian noise. On the other hand, the UKF can be applied to nonlinear 

systems but struggles with highly non-Gaussian noise. The true posterior distribution of the state of 

nonlinear and non-Gaussian systems can be approximated by employing particle filtering, which is 

based on Bayesian statistical theory and the sequential Monte Carlo framework. This approach is 

particularly well-suited for multimodal problems due to its ability to handle complex distributions, 

despite its computationally intensive nature. 

2.2.1. Fusion of Wi-Fi and Inertial Sensors for Indoor Localization 

The indoor localization method of fusing Wi-Fi and inertial sensors aims to improve the accuracy 

and reliability of indoor localization by combining Wi-Fi signals and data from the IMU sensors built 

into smartphones. Wi-Fi localization has the advantages of wide coverage and ease of deployment, 

and it is usually capable of estimating the absolute position and can maintain high positioning 

accuracy for a long period of time. However, the estimated position is relatively discrete and is 

affected by NLOS, AP signal coverage, and multipath issues. Inertial sensor localization can only 

localize to a relative position with a known starting point, but the localized position is relatively 

continuous and does not depend on any particular signal coverage, and the error is small in a short 

period of time, but with the accumulation of time, the error will increase rapidly. Therefore, the fusion 

of Wi-Fi and inertial sensors is crucial for indoor localization as it leverages the continuous 

availability of inertial sensor localization results to rectify wireless signal errors, thereby 

compensating for their respective limitations. On the other hand, the absolute position obtained from 
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the wireless signal is utilized to provide feedback to correct the PDR results. Depending on the Wi-

Fi localization method, fusion localization methods can be classified into Wi-Fi RTT, RSSI ranging, 

and fingerprinting-based fusion localization methods. As shown in Table 10, there are many scholars 

who have proposed localization methods fusing Wi-Fi and inertial sensors in recent years. 

The Tightly Coupled (TC) EKF method proposed by Sun et al. (2020) integrates Wi-Fi and PDR 

using the EKF algorithm for smartphone-based localization [139]. Liu et al. (2021) proposed a Loosely 

Coupled (LC) indoor localization method using EKF to fuse Wi-Fi RTT and PDR [140]. Choi (2021) 

proposed an EKF-based LC method for PDR and Wi-Fi range, and the fusion results were used for 

heading offset and step correction [141]. Zhou et al. (2024) proposed a multimodal sensor fusion 

algorithm for indoor localization with EKF that combines Wi-Fi fingerprints and IMU data to provide 

accurate and continuous pedestrian localization [142]. 

PF is also widely used in fusion systems of Wi-Fi and IMU data. Xu et al. (2019) proposed an 

enhanced particle filter with two different state-updating strategies for indoor localization by fusing 

the advantages of PDR and Wi-Fi FTM [143]. Chen et al. (2022) proposed a federated particle filter 

algorithm based on the principle of information sharing. PDR and pedestrian heading as state 

transition equations, step length and Wi-Fi matching results as measurement equations to improve 

pedestrian navigation accuracy [144]. Huang et al. (2023) integrated IMU and RSS fingerprinting 

through an improved particle swarm optimization-based algorithm [145]. The improved integrated 

localization algorithm developed by Lin et al. (2024) incorporates the PF with integrated PDR, Wi-Fi, 

and indoor navigation maps utilizing a location mapping model with BP neural networks to further 

reduce the error of the integrated localization method [146]. 

Table 10. Fusion of Wi-Fi and inertial sensors for indoor localization. 

Author Time Research Focus 

Xu et al. [143] 2019 
Enhanced PF with two different state update strategies and 

fast reinitialization 

Sun et al. [139] 2020 

Least-Squares (LS)-based real-time ranging error 

compensation model and Weighted Least-Squares (WLS)-

based adaptive Wi-Fi FTM localization algorithm 

Liu et al. [140] 2021 
Adaptive filtering system consisting of multiple EKFs and 

outlier detection methodology 

Choi et al. 

[141] 
2021 Calibration-free localization using Wi-Fi ranging and PDR 

Guo et al. [12] 2022 
A tightly coupled method based on Wi-Fi RTT, RSSI, and 

MEMS-IMU 

Chen et al. 

[144] 
2022 

Federated Particle Filter (FPF) fusion of PDR and Wi-Fi 

based on information sharing principle 

Huang et al. 

[145] 
2023 

Improved particle swarm optimization-based algorithm for 

integrating inertial sensors and RSS fingerprinting 

Wu et al. [147] 2023 
Using only one Wi-Fi FTM AP and estimating position 

with the smartphone's built-in inertial sensor 

Guo et al. 

[149] 
2023 

Tightly coupled fusion platform for Wi-Fi RTT, RSS and 

data-driven PDR based on factor graph optimization 

Yang et al. 

[148] 
2023 

Fuzzy logic-based fusion localization method adaptively 

schedules energy-consuming Wi-Fi scans 

Lin et al. 

[146] 
2024 Enabling PF integration of PDR, Wi-Fi and indoor maps 

Zhou et al. 

[142] 
2024 

EKF-based multimodal sensor fusion algorithm for indoor 

localization 
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Xu et al. 

[150] 
2024 

Enhancing Wi-Fi fingerprint localization with a co-

teaching approach using crowdsourced sequential RSS 

and IMU data 

Wu et al. (2023) proposed a TC integration algorithm using a single Wi-Fi FTM AP to combine 

RSSI and PDR, and used step error and heading error as error state vectors for PDR to enhance its 

accuracy. However, the coverage provided by a single Wi-Fi FTM AP is insufficient for application 

in a diverse range of scenarios [147]. Yang et al. (2023) utilized a fuzzy inference system to adaptively 

schedule Wi-Fi scans for Wi-Fi fingerprinting based on a rough metric that fuses the localization error 

and the residual energy of the smartphone, thus achieving a trade-off between localization accuracy 

and energy consumption [148]. Guo et al. (2023) proposed a tightly coupled fusion platform using 

RTT, RSS, and data-driven PDR to achieve a localization accuracy of 0.39 m [149]. Xu et al. (2024) 

fused Wi-Fi and IMU data based on a deep learning approach using a co-teaching network to process 

noisy labels and a GAN-based domain adaptive module for IMU data labeling [150]. 

Indoor positioning methods that integrate Wi-Fi and inertial sensors can utilize their respective 

advantages to achieve better positioning accuracy, but still face some challenges. Wi-Fi signals are 

susceptible to reflections and attenuation in indoor environments. The establishment and 

maintenance of fingerprint databases are time-consuming and laborious. When pedestrians' distance 

from the APs becomes large, the accuracy of Wi-Fi RSSI ranging decreases rapidly and is susceptible 

to interference in the external environment. The deployment of Wi-Fi APs requires more appropriate 

algorithms to maintain high positioning accuracy while reducing the number of deployments and 

thus minimizing the cost of the indoor positioning system. 

2.2.2. Fusion of BLE and Inertial Sensors for Indoor Localization 

BLE and Wi-Fi are both wireless positioning methods. However, compared to Wi-Fi signals, 

indoor positioning methods based on BLE and inertial sensors offer advantages in terms of cost-

effectiveness, power efficiency, and device compactness. Nonetheless, the coverage range of BLE is 

limited. The PDR method is characterized by short-term high accuracy, and it can detect and 

effectively eliminate BLE ranging errors due to the interference of the NLOS environment or similar 

frequency bands. Meanwhile, the location of normal signals obtained by BLE localization can be used 

to correct and suppress the error accumulation of the PDR method. The indoor localization methods 

fusing Bluetooth and inertial sensors can be classified into RSSI ranging-based, BLE AOA-based, and 

fingerprint-based fusion localization methods. Table 11 organizes some indoor positioning methods 

that fuse BLE and inertial sensors. 

Table 11. Fusion of BLE and inertial sensors for indoor localization. 

Author Time Research Focus 

Dinh et al. 

[151] 
2020 

Estimating approximate distance methods to estimate initial 

position and lightweight fingerprinting methods 

Chen et al. 

[152] 
2022 Data-driven integration of BLE-based inertial navigation using PF 

Ye et al. [153] 2022 
Angle estimation algorithm based on signal fitting and propagator 

direct data acquisition 

Jin et al. [154] 2023 PF-based indoor localization framework for BLE and PDR 

Guo et al. 

[155] 
2023 

Hybrid indoor localization approach with pedestrian reachability 

and floor map constraints based on virtual wireless devices 

Guo et al. 

[156] 
2023 

Robust adaptive EKF-based multi-level constraint fusion 

localization framework 

Liu et al. [157] 2024 
A smartphone indoor localization method that fuses map 

positioning anchors with multi-sensor fusion 
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Dinh et al. (2020) proposed an improved RSSI trilateral localization method that can provide an 

accurate initial position of the PDR. In addition, a lightweight fingerprinting method was proposed 

to reduce the orbital drift of the PDR [151]. Chen et al. (2022) proposed a PF-based fusion algorithm 

that can effectively improve the accuracy of the indoor positioning system, and optimized the Inertial 

Odometry Network (IONet) framework by adding a coordinate frame matching module, which 

ultimately achieved an average position error of 1.76 m [152]. Ye et al. (2022) proposed a BLE AOA 

localization method based on signal fitting and propagator direct data acquisition angle estimation 

algorithms, eliminating the need for calculating phase difference between the antennas. This 

approach is applicable not only to linear antenna arrays but also to rectangular ones [153]. Jin et al. 

(2023) proposed a smartphone-based solution combining BLE and PDR in a PF framework, which 

achieves an average localization error of 1.34 m [154]. Guo et al. (2023) proposed pedestrian 

reachability and floor map constrained of smartphone virtual wireless devices for hybrid indoor real-

time localization with an average localization accuracy of 0.93 m [155]. The authors' another work 

accomplished precise BLE ranging and position estimation through real-time monitoring of 

Bluetooth signals, incorporating the hybrid channel path loss model strategy, robust adaptive 

extended Kalman filtering, and pedestrian motion characteristics at the algorithmic level [156]. Liu et 

al. (2024) proposed an indoor localization method for smartphones that combines Map Localization 

Anchors (MLA) with multi-sensor fusion fixing, and the proposed method with MLA-matched multi-

source sensor localization module can achieve 1.01 m positioning accuracy in multi-floor scenarios 

with high robustness and usability [157]. 

The indoor positioning method of fusing Bluetooth and inertial sensors has become one of the 

most commonly used fused positioning methods, owing to its cost-effectiveness, ease of 

implementation, and the flexibility to deploy BLE beacons as required. The fusion of PDR data 

improves the positioning accuracy and stability of the BLE positioning system. However, similar to 

Wi-Fi signals, BLE signals can be affected by obstacle occlusion, radio interference, NLOS problems, 

and multipath effects, all of which contribute to an increase in positioning error. In contrast, with 

fingerprint-based methods, the localization accuracy depends greatly on the quality and size of the 

database. 

2.2.3. Fusion of Acoustic Signals and Inertial Sensors for Indoor Localization 

Acoustic signals, due to their low synchronization rate, excellent performance, affordability, and 

high accuracy, have emerged as a prominent research area in fusion positioning technology. 

Especially in large-scale open indoor environments, the positioning system based on acoustic signals 

can achieve remarkable accuracy, and are compatible with most intelligent devices. Compared with 

RF signals, acoustic signals have less terminal variability and excellent device compatibility. Indoor 

localization methods fusing acoustic sensors with inertial sensors obtain more accurate device 

location results by fusing the localization data from acoustic signals with the device position and 

attitude information collected by inertial sensors. In addition, the acoustic signals can provide a 

relative positional relationship between the sound source and the device, which is used to reduce the 

accumulated errors of the PDR method. These methods are described in Table 12. 

Table 12. Fusion of acoustic signals and inertial sensors for indoor localization. 

Author Time Research Focus 

Wang et al. 

[158] 
2019 

Positioning system combining acoustic signals and IMUs to correct 

NLOS errors 

Chen et al. 

[159] 
2021 

Introduction of EKF to integrate IMU and acoustic TDOA ranging 

data 

Xu et al. [160] 2022 

Hybrid acoustic signal transmission architecture based on 

frequency division multiple access, time division multiple access 

and space division multiple access 
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Liu et al. [161] 2023 
Low-cost, large-scale indoor positioning system based on audio 

dual chirp signals 

Guo et al. [162] 2023 
Acoustic measurement compensation method and measurement 

quality assessment and control strategy 

Yan et al. [163] 2023 Fusion of CHAN and improved PDR indoor localization system 

Wang et al. 

[164] 
2023 Fusion of acoustic signals and IMU data using KF 

Wang et al. (2019) proposed a joint localization algorithm fusing acoustic signals and inertial 

sensors to effectively improve the localization accuracy in the NLOS case [158]. Chen et al. (2021) 

proposed an indoor ranging solution for audible spectral acoustic signals less than 21 KHz, 

introducing the EKF to integrate inertial sensors and acoustic TDOA ranging data to achieve better 

positioning accuracy [159]. Xu et al. (2022) proposed a large-scale acoustic indoor positioning system 

integrating BLE nodes, acoustic modules and MEMS sensors. The integrated acoustic propagation 

framework combining split-frequency multiple access, time-division multiple access, and space-

division multiple access was used for acoustic signal enhancement, respectively, and the enhanced 

PF was used to further fuse the BLE and floor plan information [160]. Liu (2023) et al. obtained more 

accurate distance measurements in dynamic situations by transmitting dual chirp signals and 

achieved real-time localization accuracy at the decimeter level in some typical scenarios and a 4 Hz 

real-time positioning rate [161]. Guo et al. (2023) proposed a low-cost anchor hardware, a two-step 

signal detection method, a data-driven PDR, as well as an acoustic measurement compensation 

method and a measurement quality evaluation and control strategy to improve the performance of 

position estimation [162]. Yan et al. (2023) proposed a fusion CHAN and the improved PDR indoor 

localization system that combines the CHAN algorithm and PDR algorithm to design an acoustic and 

PDR-based localization system, which improves PDR localization through step length estimation and 

heading direction estimation [163]. Wang et al. (2023) fused acoustic signals and IMU data using KF 

to take advantage of their respective strengths, and used Bayesian parameter estimation to adjust the 

IMU parameters and to predict the motion trend, effectively addressing the challenge of prolonged 

unilateral data loss in conventional fusion localization [164]. 

Precise indoor positioning solutions fusing smartphone acoustic signals and inertial sensors still 

face the following challenges: unstable positioning accuracy on different smartphones in different 

environments; limited service coverage of the system due to the constraints of the effective detection 

distance and the transmission method; acoustic signals susceptible to fading due to interference with 

obstacles in complex indoor environments; and unusually high number of acoustic transmitters 

deployed, which leads to an increase in the system's cost. 

2.2.4. Fusion of Vision and Inertial Sensors for Indoor Localization 

The vast majority of smartphones nowadays are equipped with built-in cameras and inertial 

sensors, so the indoor positioning method that fuses cameras and inertial sensors has the advantages 

due to its cost-effectiveness and elimination of the need for additional base stations. In addition, 

unlike RF localization, visual localization remains unaffected by complex RF signals in indoor 

environments, but visual localization is susceptible to the interference of lighting conditions and 

indoor obstacles, which affects the localization accuracy. More accurate indoor localization can be 

achieved by using the image information acquired by the camera for visual localization, combined 

with the attitude and motion information provided by inertial sensors. By fusing image and sensor 

data, the problems of the inability of cameras to acquire depth information and the tendency of 

inertial sensors to accumulate errors can be overcome. Table 13 summarizes the characteristics of 

different fusion methods. 

Table 13. Fusion of vision and inertial sensors for indoor localization. 

Author Time Research Focus 
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Liu et al. [165] 2017 
A multi-sensor fusion approach for camera, WiFi and inertial 

sensors on smartphones 

Neges et al. 

[166] 
2017 

Indoor navigation system based on IMU and real-time visual 

video streaming AR technology 

Poulose et al. 

[167] 
2019 

Indoor positioning method using smartphone IMU, Wi-Fi RSSI 

and camera 

Dong et al. 

[168] 
2022 Visual inertial mileage assisted by pedestrian step information 

Shu et al. [169] 2022 Efficient image-based indoor positioning using MEMS 

Zheng et al. 

[170] 
2023 

An indoor visual positioning method with three-dimensional 

coordinates using built-in smartphone sensors based on epipolar 

geometry 

Liu et al. (2017) proposed a constrained mobile localization method for indoor scenes in 

buildings, where the user can upload images of the scene taken by the smartphone to a server for 

identification and use a particle filtering algorithm to fuse the other sensor data of the phone for 

localization [165]. Neges et al. (2017) combined IMU and video images for indoor localization. IMU 

data was used to estimate the position and orientation of the mobile device and different semantic 

objects (e.g., exit signs and fire extinguishers) were extracted from the video to validate the obtained 

position [166]. Poulose et al. (2019) proposed a hybrid indoor localization system integrating a 

smartphone camera and IMU using a linear KF, where the camera pose reduces the IMU sensor error 

and the IMU localization result reduces the heading error of the camera localization [167]. Dong et 

al. (2022) proposed a smartphone-based visual-inertial odometry for indoor positioning-assisted 

pedestrian gait information, utilizing the PDR algorithm to establish two additional state constraints 

for the visual-inertial tracking system, and the Visual-Inertial Odometry (VIO) system assisted the 

PDR algorithm for modes switching to improve the accuracy of the gait information by adaptive step 

size formulation [168]. Shu et al. (2022) used dynamic reliability curation to ensure the continuous 

robustness of the localization system based on the fusion of MEMS and image localization results 

[169]. Zheng et al. (2023) proposed an indoor visual positioning method with three-dimensional 

coordinates using built-in smartphone sensors based on epipolar geometry, which transforms the 

localization problem into solving the spatial distance from a point to multiple lines, combining 

position information obtained from accelerometers and magnetometers with visual computation to 

obtain more accurate coordinates [170]. 

Although fusing cameras and inertial sensors can improve the accuracy of indoor localization, 

the problem of localization errors still exists. The camera may be affected by factors such as light and 

occlusion, while the inertial sensor may suffer from the accumulation of cumulative errors. In 

addition, fused visual localization requires the performance of smartphones, while the computational 

resources and time required for camera and IMU data processing are substantial. Moreover, the 

generalizability of fused visual localization is low, and the localization method of visual recognition 

for scene awareness limits its extension to other indoor scenes. 

2.2.5. Other Integration Methods 

Absolute positioning techniques, such as GNSS, Wi-Fi, BLE, UWB, and audio methods, are 

commonly employed to determine the precise position and orientation of a smartphone within a fixed 

reference system. The utilization of relative positioning techniques is currently prevalent in 

conjunction with inertial sensors, whereas visual positioning techniques can serve as both absolute 

and relative sources for indoor positioning [171]. Currently, multi-source fusion localization solutions 

using absolute localization techniques fused with inertial sensors are the more widely used, but some 

solutions use two absolute localization sources. Two wireless-based localization systems with similar 

physical characteristics can be integrated to act as mutual compensation. These efforts include Wi-

Fi/BLE [172], RF/wireless sensor networks [173], and GNSS/5G [174,175]. Monica et al. (2019) 
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proposed a hybrid localization method based on combining Wi-Fi and UWB, which provides 

sufficient accuracy without the cost of deploying the entire UWB infrastructure, providing a good 

compromise between accuracy and infrastructure cost [176]. Luo et al. (2019) proposed a hierarchical 

topological fingerprinting-based hybrid Wi-Fi and BLE indoor localization system, deploying BLE 

beacons in places where there is no clear Wi-Fi signal for localization, effectively improving the 

localization accuracy [177]. Peng et al. (2022) designed a fused localization system based on ultra-

wideband and vision, using a Hungarian algorithm to match and a joint KF algorithm for fused 

localization [178]. Tang et al. (2024) used an adaptive multi-decision fusion mechanism to fuse Wi-Fi 

and image-based indoor localization methods, enabling precise acquisition of the user's location 

[179]. 

2.2.6. Challenges 

Although many scholars have proposed indoor localization solutions for fusing multi-source 

sensors and achieved good localization performance, it is still difficult recommend a unified 

approach in terms of accuracy, cost, positioning time, and system complexity when applied to actual 

applications. 

1. Existing multi-source fusion positioning solutions are usually optimized for a certain type of 

indoor scene or a specific user to achieve good positioning performance. However, the diversity 

of indoor environments introduces unique layouts, structures, and walking modes that can 

potentially impact the accuracy of indoor localization. 

2. Given the widespread use of Wi-Fi and BLE, a growing number of indoor positioning systems 

incorporate wireless positioning technologies alongside IMU integrated into smartphones. This 

approach offers extensive coverage and system capacity; however, its accuracy is susceptible to 

multipath interference and NLOS conditions. 

3. To improve indoor positioning accuracy, the existing methods are often realized by increasing 

the number of sensors, additional data and algorithm complexity, but this will also leads to 

higher implementation costs and operational and maintenance expenses for the system. 

4. Some fusion positioning systems, which lack inertial sensors, can utilize the complementary 

physical characteristics of wireless technologies to compensate for each other and serve as a class 

of indoor positioning solutions. However, these systems face challenges in acquiring velocity 

and attitude information similar to inertial sensors and may be influenced by low sampling rates. 

3. Conclusions and Discussion 

In this paper, we first briefly summarize the working mechanisms of different indoor 

positioning techniques and review the research progress of indoor positioning techniques for 

smartphones as well as multi-source sensor fusion positioning systems. Our aim is to provide 

practitioners and researchers with a comprehensive understanding of the current status and progress 

of the research in this field, while elucidating the overall development direction of smartphone-based 

multi-sensor fusion positioning techniques. 

Currently, fused positioning methods have made significant advancements in both research and 

application within the domain of smartphone indoor positioning. However, several challenges 

persist, offering clear opportunities for further enhancement. Many remaining challenges can be 

addressed by focusing research in the following directions: 

1. Constructing building maps to constrain the indoor positioning of cell phones, constraining and 

matching the indoor positioning results by the a priori information of the building maps as well 

as the geometrical semantic and positional information contained in the building maps, so as to 

correct the coordinate information of the indoor positioning. In addition, accurate identification 

of the entrance location and floor identification of the building helps to construct a seamless 

indoor and outdoor localization system. 

2. Multipath and NLOS issues seriously affect the accuracy of wireless localization. Future work 

may focus on detecting and mitigating these problems in integrated systems. Implementing 

signal processing algorithms to identify and filter out multipath components, thereby improving 
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the quality of received signals. Training machine learning models using historical datasets to 

recognize patterns indicative of multipath and NLOS conditions. These models can then predict 

and correct for such effects in real-time. Furthermore, multi-source sensors can aid in the 

detection of multipath and NLOS through environmental awareness or by cross-verifying 

measurement results. 

3. The deployment of additional facilities required in an indoor positioning system, such as 

wireless access points and BLE beacons, is also an important part of the system. The deployment 

location of these devices affects both the system implementation cost and positioning accuracy. 

By improving the wireless beacon location deployment algorithm to determine the optimal 

location for each beacon, the coverage of the wireless signals can be fully utilized. This reduces 

the number of wireless beacons needed, lowers the system cost, and reduces the measurement 

noise of the signals. 

4. The grip position of smartphones can introduce errors in the heading estimation in PDR systems. 

Therefore, when considering different smartphone headings, it is essential to account for 

changes in user behavioral states. Data from the smartphone's built-in accelerometer, gyroscope, 

and magnetometer are used to train a machine learning model to detect different user behaviors, 

such as holding the phone in hand, in a pocket, or in a bag. This detection helps in adjusting the 

heading estimation accordingly. Another approach is to use context-aware algorithms to adjust 

heading estimates based on real-time user behavior and environment. In addition, an integrated 

framework combining traditional filtering algorithms and machine learning methods can 

effectively improve the accuracy of indoor localization systems and the recognition accuracy of 

motion states. 

5. AI Foundation model for indoor position and navigation is a forward-looking research field. For 

example, step length estimation is a major step in the PDR algorithm; however, due to variations 

in gender, body type, and height, among users, incorporating a big data artificial intelligence 

mechanism for adaptive adjustment of step length can be introduced to enhance the accuracy of 

indoor positioning. 

6. Some indoor localization methods are only oriented to a certain type of indoor scenes, but indoor 

environments are complex and varied, including rooms, corridors, halls, staircases, elevators, 

large arenas, warehouses, underground parking lots, and so on. The behavior of pedestrians is 

different in different indoor scenes, and the operation characteristics of the built-in sensors of 

smartphones are also different. Accurately identifying and sensing complex indoor scenes and 

optimizing their positioning weights for each sensor module in different scenes can help achieve 

high-precision indoor positioning in complex indoor environments. In addition, incorporating 

barometer data will improve the accuracy of floor recognition for developing a 3D indoor 

localization system. 

7. The fusion of different localization techniques through filtering algorithms is important to 

achieve optimal position estimates. Integration methods such as EKF, UKF, and PF are widely 

used to fuse position information from inertial sensors and ranging information from wireless 

signals. However, current filters often struggle to adapt dynamically to changing environments. 

Future work should focus on developing adaptive filtering techniques that can automatically 

adjust parameters based on real-time environmental changes. In addition, while these filtering 

algorithms offer good performance, they can be computationally intensive, especially in 

smartphones. Optimizing these algorithms for lower power consumption and faster processing 

is essential. 

In conclusion, the use of a single indoor positioning technique alone is no longer sufficient to 

meet the stringent requirements for positioning accuracy, system stability, coverage, cost, power 

consumption, and deployment complexity in smartphone-based indoor positioning systems.To 

address these challenges, researchers have begun combining two or more indoor positioning 

techniques. By leveraging the unique characteristics of different positioning sources, these hybrid 

approaches aim to complement each other and reduce positioning errors. However, even with dual-

source fusion positioning methods, achieving satisfactory levels of stability, reliability, and cost-

effectiveness remains challenging. Therefore, researchers are now exploring more advanced data 

processing and fusion algorithms to enhance multi-source sensor fusion methods. These 
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advancements include improving the performance of filtering algorithms to increase positioning 

stability, introducing deep learning methods for sensor fusion, utilizing multi-sensors to detect multi-

paths and NLOS conditions, as well as enhancing the positioning algorithms of different sensors or 

exploring new sensors for positioning, such as the high-reliability and low-latency Spark technology. 

Additionally, some scholars have fused three or more localization sources to achieve better 

localization accuracy and stability, such as fusing Wi-Fi/magnetic field/PDR and acoustic 

ranging/Wi-Fi/INS. However, more localization sources increase the system complexity and 

implementation cost while improving the localization accuracy. Despite the inherent limitations of 

current fusion localization methods, these techniques show significant potential for further 

development. Given that smartphones are the most commonly used mobile devices, high-precision 

localization technologies based on smartphones and their built-in sensors will remain a prominent 

research focus in the foreseeable future. 
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