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ABSTRACT

Traditional Global Positioning System (GPS) technology, with its high power consumption and limited perfor-
mance in obstructed environments, is unsuitable for many Internet of Things (IoT) applications. This paper explores
LoRa as an alternative localization technology, leveraging its low power consumption, robust indoor penetration,
and extensive coverage area, which render it highly suitable for diverse IoT settings. We comprehensively review
several LoRa-based localization techniques, including time of arrival (ToA), time difference of arrival (TDoA),
round trip time (RTT), received signal strength indicator (RSSI), and fingerprinting methods. Through this review,
we evaluate the strengths and limitations of each technique and investigate hybrid models to potentially improve
positioning accuracy. Case studies in smart cities, agriculture, and logistics exemplify the versatility of LoRa
for indoor and outdoor applications. Our findings demonstrate that LoRa technology not only overcomes the
limitations of GPS regarding power consumption and coverage but also enhances the scalability and efficiency
of IoT deployments in complex environments.
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1 Introduction

In Internet of Things (IoT) applications, the traditional Global Positioning System (GPS) is
commonly used for location tracking. However, its limitations, particularly in remote and low-power
environments, are becoming increasingly evident. GPS devices typically consume a lot of power,
making them unsuitable for scenarios that require long-term operation with limited energy resources.
Furthermore, GPS often underperforms indoors or fails when obstructions are present, posing a
significant challenge for IoT devices operating reliably across diverse environments.

In contrast, LoRa positioning technology is emerging as an ideal solution for IoT applications
due to its low power consumption, strong indoor signal penetration, and wide-area coverage. LoRa
technology maintains stable connectivity even in complex environments and offers superior long-
range communication capabilities, making it highly adaptable for various IoT scenarios. For instance,
in applications such as smart transportation [1], tourist guidance systems [2], and national defense
security [3], LoRa devices provide low-power, high-precision positioning without the need for frequent
replacement, thereby significantly reducing maintenance costs.
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Additionally, the LoRa network supports a higher number of nodes and has robust anti-
interference capabilities, enabling efficient operation in large-scale IoT networks [4]. Compared to
Wi-Fi and Bluetooth Low Energy (BLE), LoRa offers a greater communication range and is less
affected by signal interference, making it particularly effective in urban settings and complex indoor
environments [5]. In addition, LoRa’s large network capacity allows it to accommodate more devices
simultaneously, meeting the needs of large-scale IoT deployments [6].

Existing reviews provide an important theoretical foundation for research on LoRa and
LoRaWAN technologies. Marquez et al. [7] provide an in-depth analysis of LoRa localization
technology and the challenges of its multiple approaches, examining the advantages and disadvantages
of localization metrics such as time and signal strength. However, the study is mainly limited to method
summarization and lacks an effective evaluation framework to guide users in choosing a suitable
solution for a specific application. On the other hand, Alipio et al. [8] provide a systematic review of
testing and performance evaluation of LoRa and LoRaWAN, and despite summarizing the existing
testing parameters and architectures, they lack a specific optimization strategy and do not delve into
the practical application scenarios. These studies show that there is still room for exploring systematic
approaches and application optimization in deploying LoRa technology.

This paper explores the applications and advantages of LoRa positioning technology in the IoT,
and by comparing it with other positioning technologies, it emphasizes its unique characteristics
in terms of low power consumption, wide coverage, and network capacity, which are particularly
suitable for complex environments. The paper, which is supported by a number of practical examples,
demonstrates the significant role that LoRa technology plays in meeting the growing demand for the
IoT. It also provides a theoretical basis for the practical application of this technology and offers
insights that will be of value in guiding future research in this field.

2 Research Methodology

This section describes the methodology used in the literature review for this study to ensure
systematicity and transparency.

2.1 Literature Search and Screening

In this study, Google Scholar was primarily used as a literature search tool, as it is efficient for
initial screening and finding relevant literature quickly. In addition, databases such as IEEE Xplore,
Springer Link, Web of Science, and Wiley were also included to ensure the diversity and authority
of literature sources. During the search process, keywords such as “LoRa positioning technology,”
“LoRa technology applications,” and “indoor and outdoor positioning technology” were emphasized.
The timeframe was set to 2020–2024 to obtain the latest research results in this field.

To ensure the quality of the literature, we prioritize papers with high citation counts and focus on
research published in reputable journals or conferences. In addition, the screening process considered
the practical use of application cases and excluded literature that lacked systematic experiments and
valid data support, thus ensuring the rigour and reliability of the review.

2.2 Methods of Analysis and Presentation of Results

In this study, we adopt a systematic data analysis methodology that combines quantitative and
qualitative analyses to thoroughly assess the literature related to LoRa localization technology. First,
we conducted an in-depth comparison and analysis of the experimental designs and performance
metrics (e.g., positioning accuracy, energy consumption, and applicable scenarios) involved in each
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literature. This process focuses on the quality of data provided by the literature and its applicability
in practice, aiming to reveal the unique advantages and application potential of LoRa technology in
complex environments.

In addition, the findings provide insights into the success stories and challenges faced by
LoRa technology in different application areas (e.g., smart cities, agricultural monitoring, logistics
management, and search and rescue) by synthesizing and summarizing the empirical data from
various literature. In particular, LoRa localization technology, with its core advantages of low power
consumption, wide coverage, and large-scale network capacity, shows its wide application prospects
in the growing demand for IoT. These research results provide an important reference for the further
development and practical application of LoRa technology and lay a solid theoretical foundation for
subsequent research in related fields.

3 LoRa Basics

LoRa, as a low-power WAN technology, integrates robust wireless communication with sophisti-
cated signal processing for efficient transmission and precise positioning. This sections delineates its
pivotal technologies, network architecture, and positioning principles.

3.1 Wireless Transmission Techniques

The emergence of low-power wide-area network (LPWAN) technologies has enabled IoT devices
to maintain operation for years with constrained power consumption while maintaining low-rate
communications with gateways several kilometers away. Such technologies have dramatically improved
the connectivity of IoT devices, especially in urban environments, enabling deep coverage of widely
distributed objects. As shown in Fig. 1, there are significant differences in power consumption
and communication range between various current wireless communication technologies, ranging
from near-field communication (e.g., NFC and RFID) to short-range communication (e.g., Wi-Fi
and Bluetooth) to long-range LPWAN solutions, each of which has its applicable scenarios and
characteristics.

Figure 1: LoRaWAN vs. other technologies: power and range. Reprinted/adapted with permission
from Reference [9]. Copyright 2018
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In Fig. 1, the LPWAN category of technologies, such as Long Range Wide Area Network
(LoRaWAN) [10], Sigfox [11], and Narrowband Internet of Things (NB-IoT) [12], demonstrates
clear advantages in terms of low power consumption and long-range transmission. In contrast to
traditional short-range, high-power technologies, LPWAN technology can not only communicate up
to ten kilometers with very low energy consumption but also support up to several years of battery life.
This feature is particularly important for IoT applications, as it allows many battery-powered sensors
and devices to operate continuously in environments far from power sources, reducing maintenance
costs and system complexity.

LoRaWAN, in particular, has a unique network architecture and openness that allows users
to build their networks locally on demand without relying on traditional communication facilities.
This flexibility and scalability make LoRaWAN increasingly popular for applications such as smart
cities, real-time location, and environmental monitoring. Therefore, LoRaWAN, based on LoRa
technology, is not only a low-power solution but also a key technology for IoT applications, becoming
an indispensable part of the future intelligent society.

3.2 LoRa Introduction

The core of LoRa technology is Chirp Spread Spectrum (CSS) modulation, which enables signals
to be transmitted over long distances even in low signal-to-noise ratio (SNR) environments. CSS
modulation enhances the signal’s resistance to interference and multipath effects by spreading the
signal across a broader spectrum, making it essential for reliable long-distance communication.

LoRa operates on license-free Industrial, Scientific, and Medical (ISM) bands worldwide, such
as the 863–870 MHz band in Europe and the 902–928 MHz band in the United States [13]. These
bands allow LoRa devices to be deployed without a license, although compliance with regional
standards and regulations is still necessary. It is important to note that different frequency bands offer
varying performance levels: for example, 433 MHz modules provide stronger signals under the same
conditions, while 868 MHz modules have a higher packet reception rate [14].

The low power consumption of LoRa technology allows devices to function for several years
without needing battery replacements. This feature is particularly advantageous for applications
requiring long-term operation, such as remote sensor networks and environmental monitoring sys-
tems, where frequent battery replacement is impractical. Regarding transmission range, LoRa can
cover several kilometers in open areas and exceed 10 km under optimal conditions. Even in urban
environments, LoRa can achieve greater communication distances than traditional Wi-Fi and Blue-
tooth technologies [15].

Additionally, LoRa offers adjustable transmission rates and bandwidth options, allowing for
flexible configurations to balance transmission distance and data rate by modifying the spreading
factor (SF). Higher SFs achieve longer transmission distances but lower data rates, while lower SFs
provide higher data rates but shorter transmission distances [16]. By optimizing parameters like
the SF, coding rate (CR), and bandwidth (BW) using mathematical models and artificial neural
networks (ANN), network performance can be significantly enhanced. Studies have shown that these
optimizations can increase air time, received signal strength indicator (RSSI), and received power by
48%, 12%, and 16%, respectively [17]. Moreover, applying algorithms such as K-nearest neighbors
(KNN) further optimizes the dynamic adjustment of SF, enhancing data throughput and meeting
reliability requirements [18].
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3.3 LoRa Network Architecture

This subsection will explore the two main forms: LoRaWAN and LoRa Mesh. By presenting
them separately, we will reveal these two architectures’ unique advantages and adaptations for IoT
applications.

3.3.1 LoRaWAN

LoRaWAN is a network protocol specifically designed for LPWAN. Developed by the LoRa
Alliance and based on Semtech’s LoRa modulation technology, it is primarily used for IoT and
Machine-to-Machine (M2M) communications. LoRaWAN supports long-range, low-data rate com-
munication in license-free ISM bands and employs a star topology consisting of end devices, gateways,
and network servers. End devices communicate directly with gateways through single-hop connections,
while gateways relay data to network servers via Ethernet. LoRaWAN is optimized for uplink
communication and includes three classes of devices—Class A, B, and C—each tailored to different
application scenarios and power requirements [10]. The network architecture of LoRaWAN is shown
in Fig. 2.

Figure 2: LoRaWAN network

While LoRaWAN offers several design advantages, its reliance on the pure ALOHA MAC
protocol can result in packet collisions in densely populated device environments, potentially degrad-
ing network performance. To mitigate this issue, Fernandes et al. [6] proposed the LoRa-MAP
protocol, which dynamically adjusts SF and BW and employs control packets for better coordination.
This protocol significantly enhances network capacity and fairness while complying with duty cycle
limitations. Simulations have demonstrated that LoRa-MAP provides substantial improvements in
large-scale network environments.

Moreover, Abubakar et al. [19] introduced a machine learning-based approach to optimize
gateway placement in LoRaWAN networks. Integrating constrained K-Means clustering, regression
models, and neural networks reduces the average distance between devices and gateways and enhances
the RSSI. Experimental results showed a 51% reduction in average distance and a 3% improvement
in RSSI without increasing the number of gateways, demonstrating the efficiency of this optimization
strategy.

3.3.2 LoRa Mesh

LoRa Mesh is an advanced network architecture that enhances the coverage and flexibility of
the LoRa network by enabling multi-hop communication between devices. Unlike the traditional star
topology, LoRa Mesh allows devices to relay data to each other without needing a direct connection to
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a gateway, ultimately transmitting the data through multiple hops to reach the gateway. This approach
expands network reach and improves its adaptability in various environments.

Li et al. [20] developed a low-cost, low-power, and wide-area outdoor positioning system based
on LoRa Mesh that improves routing efficiency and conserves energy by simplifying the protocol
stack and refining the packet format. Experimental results demonstrate that this system achieves high
communication reliability and network efficiency, even in environments with a high density of devices.
Shi et al. [21] enhanced the LoRa Mesh protocol by incorporating channel activity detection and cyclic
redundancy check (CRC) validation mechanisms. These improvements reduce hardware conflicts and
boost communication reliability, with experiments showing positioning accuracy comparable to GPS.

In a different approach, Kaven et al. [22] integrated a LoRa Mesh stage into the LoRaWAN
network, allowing nodes to communicate directly with each other. By dynamically switching between
LoRaWAN and LoRa Mesh, nodes can exchange RSSI data and perform location-based authentica-
tion. Simulation results indicate that this hybrid method significantly improves network security and
authentication accuracy.

3.4 LoRa Positioning Technology

In this section, we will introduce six methods for LoRa positioning, including Time of Arrival
(ToA), Time Difference of Arrival (TDoA), Round Trip Time (RTT), Angle of Arrival (AoA),
RSSI, and fingerprint. Each technique has different characteristics in terms of positioning accuracy
and application scenarios. Through these explorations, readers can more fluently understand the
multidimensional advantages of LoRa positioning.

3.4.1 ToA

ToA determines distance by measuring the time required for a signal to travel from the transmitter
to the receiver. The propagation time of the signal is proportional to the propagation distance, so by
knowing the time and propagation speed, the distance between devices can be accurately calculated,
which is given by

d = c × t (1)

where d is the distance the signal travels, c is the speed of signal propagation, and t is the time the
signal travels from the transmitter to the receiver.

3.4.2 TDoA

The TDoA positioning method determines the location of the transmission source by measuring
the time difference of signal arrival at multiple receiving points. Since the signal arrival times vary at
different locations, the TDoA system calculates these time differences to deduce the geometric position
of the transmission source relative to the receiving points, as shown in Fig. 3. Compared to ToA, TDoA
does not require precise transmission time synchronization but only time synchronization between
receiving points [23], making it particularly suitable for low-power, low-bandwidth IoT applications.

3.4.3 RTT

RTT measurement estimates the total signal propagation time by sending a signal and recording its
return time, thereby inferring the distance between devices. Unlike simple ToA, RTT takes into account
the bidirectional delay of the signal’s round trip, offering more accurate distance measurement,
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especially in asymmetric links [24]. Time of Flight (ToF) is used to measure the one-way signal
propagation time, and as a core component of RTT, it directly impacts the final distance estimation.

Figure 3: TDoA localization principle

3.4.4 AoA

The AoA technique determines the location of the transmission source by measuring the angle
at which the signal reaches the receiver’s antenna array, as shown in Fig. 4. The principle is based
on the fact that signals arriving from different directions create phase differences across the antenna
elements, and by calculating these phase differences, the azimuth angle of the signal source can be
accurately estimated.

Figure 4: AoA localization technique

AoA is often combined with other ranging techniques, such as RSSI [25] or TDoA [26], to
enhance positioning accuracy. Its advantage lies in its high resolution, particularly in environments
with significant multipath effects. This makes it one of the key technologies for both indoor and
outdoor positioning and high-precision navigation.

3.4.5 RSSI

RSSI is a localization technique that estimates the distance of the source by measuring the received
signal power. RSSI is based on a signal propagation path loss model, expressed as:

RSSI = −10nlog(d) + A, (2)
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where d is the distance, n is the path loss exponent, and A is the signal strength at a reference distance.
As the distance increases, the signal strength gradually weakens. Although RSSI is easy to implement
and requires no additional hardware, its accuracy is easily affected by environmental factors such
as obstacles, interference, and multipath effects, so it is usually used for rough localization or as a
supplement to other techniques.

3.4.6 Fingerprint Localization

Fingerprint localization is used to achieve high-precision positioning by pre-constructing a signal-
characteristic database of the environment. Its principle includes two stages: the offline stage and the
online stage. For the offline stage, the signal characteristics of various reference points (such as RSSI
[27] and TDoA [28]) are collected to form a fingerprint database. For the online stage, the current
measured signal characteristics are matched with the fingerprint database to determine the device’s
location. The specific process is shown in Fig. 5.

Figure 5: General process of fingerprint localization method

3.5 Key Techniques for LoRa Positioning

Signal processing techniques ensure positioning accuracy and reliability in LoRa positioning
systems. This section will focus on two core technologies: filtering and time synchronization.

3.5.1 Filtering Techniques

Filtering techniques are essential for enhancing localization accuracy in LoRa networks.
Anugrah et al. [29] utilized a Kalman filter to optimize RSSI signals, significantly reducing noise
interference and improving positioning accuracy, particularly in non-line-of-sight environments.
Similarly, Bansal et al. [30] applied a particle filter in the outdoor whitespace-band LoRa localization
(OwLL) system, adjusting weights through probability distributions and iterative algorithms. This
approach enhanced the robustness of signal processing and effectively mitigated multipath interference
in urban settings, achieving high-precision positioning. Savazzi et al. [31] introduced a Wiener filtering
method that substantially improved RSSI ranging accuracy and positioning precision by fine-tuning
channel model parameters during the training phase.

Hybrid filtering methods further enhance the stability and accuracy of signal processing in LoRa
networks. Khriji et al. [32] combined Kalman filtering with simple moving average (SMA) filtering,
significantly reducing distance measurement errors and a 65%–77% decrease in localization errors
compared to a single filter. Hemanth et al. [33] merged mean filtering with good-value filtering to
dynamically adjust the smoothness and reliability of RSSI data. This hybrid approach effectively
reduced noise and outliers, lowering positioning errors to within 10–90 cm.
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Using single and hybrid filtering techniques in LoRa network localization has demonstrated
substantial improvements in signal processing accuracy and robustness. These methods show excellent
positioning performance, particularly in complex environments where conventional approaches may
struggle.

3.5.2 Time Synchronization Techniques

Time synchronization is critical for the effective operation of LoRa localization systems, par-
ticularly in indoor environments where it directly impacts positioning accuracy and overall system
performance. The smooth nature of LoRa signal waveforms makes it challenging for gateways to
achieve precise timing with the ToA method, while the TDoA method can be significantly affected
by synchronization issues between timestamps. To overcome these challenges, Müller et al. [13]
developed a technique to eliminate relative clock bias through back-to-back ranging, enabling outdoor
localization with an average error of less than 50 m within a 1400-m range. Additionally, Ruthwik
Muppala’s LoRaWAN time synchronization method enhanced gateway time consistency by introduc-
ing synchronization nodes, which substantially reduced indoor localization errors [23].

To further enhance indoor localization accuracy, researchers have developed various innovative
time synchronization techniques. Rus et al. [15] improved the TDoA localization process by synchro-
nizing timestamps of anchor gateways and using multilayer algorithms, achieving low-power and high-
precision indoor localization. Similarly, Guo et al. [34] introduced Just-In-Time (JIT) synchronization
technology, which uses synchronization frames to correct clock drift in anchor nodes. This method
simplifies the synchronization process while enhancing positioning accuracy. These advancements
not only improve localization precision but also optimize system power consumption and reduce
complexity, making them highly effective for various indoor applications.

4 Classification of LoRa Localization Schemes

This section systematically classifies LoRa localization schemes, detailing their characteristics and
applications across various indoor and outdoor environments. Fig. 6 illustrates these classifications,
while Table 1 presents complementary data.

4.1 Outdoor Localization

Outdoor localization techniques are mainly used to acquire high-precision location information
in open environments. This section discusses them from different technical perspectives, including
ranging-based localization, non-ranging localization, multi-data fusion localization, and schemes to
enhance localization capability with the help of LoRa technology. The principles and application
scenarios of these methods are described in detail below.
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Figure 6: Classification of Lora localization schemes



CMC, 2025, vol.82, no.2 1655

Table 1: List of important abbreviations

Abbreviation Definition Abbreviation Definition

MTLME MUSIC & TLS-ESPRIT with
Multi-Band Enhancement

ACL Adaptive Cell-Level Localization

HDOP ToA Variance and Weighted
HDOP for Navigation

NN Neural Network Localization

CRLB-3D CRLB and 3D Building
Models in LPWA Networks

BP-NN BP Neural Network Localization

RMMEL Road Map and Mobility
Enhanced Localization

LN-BPNN Log-Normal Shadowing Model
with BP Neural Network

SL-PSO-Loc Social Learning Particle Swarm
Optimization for Localization

3D-SSA 3D Localization with Signal
Strength and Altimeter

DNN-EL Deep Neural Network
Enhanced Localization

RAT RSSI-Based Adaptive
Trilateration

OwLL Optimal Wireless Localization
using LoRa

ARL Adaptive RSSI Localization

TLLS Trilateration-Based Low-Cost
Localization Systems

PFC Particle Filtered Pseudorange
Correction

DLNQM Distributed Localization with
Normalized Quadrilateral
Measurement

SYLOIN SDR-Based AoA Estimation

WCM Weighted Centroid Method CAE Compact AoA Estimation
RNN-Opt Random Neural Network

Optimization
DeepAoANet Deep Learning-Based AoA

Network
Edge-AI Edge-AI Enhanced

Localization
LMA LoRa-MUSIC Algorithm

MAGIC Mobile Anchor Gateway for
IoT Centralization

LTrack LoRa Tracking System

FHES Frequency-Hopping
Estimation System

KFN KNN-Optimized Fingerprint
Navigation

PRFL Probabilistic RSSI-Based
Fingerprinting Localization

DE-KNN Differential Evolution KNN

KECP KNN-Enhanced Campus
Positioning

OLFM Optimized LoRa Fingerprinting
using MKNN

NNUL Neural Network-Based Urban
Localization

TEDF Temporal-Enhanced DGPR
Fingerprinting

TWFP Time-Weighted Fingerprint
Positioning

CEF CNN-Enhanced Fingerprinting

AI@LBS AI-Enhanced Location-Based
Services

MGRL MLP-GAN RSSI Localization

TLBP Transfer Learning-Based
Positioning

RERF RTT-Enhanced RSS
Fingerprinting

SateLoc Satellite-Based Localization
with Virtual Fingerprinting

MNN-CSI MNN-Enhanced CSI
Localization

(Continued)
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Table 1 (continued)

Abbreviation Definition Abbreviation Definition

LoRaLoc LoRa-Based Machine
Learning Localization System

WiLo-UP WiFi-RTT/LoRa Underground
Positioning

WTR-ML Weighted ToF-RSSI
Multilateral Localization

KBL Kalman-Enhanced BLE/LoRa
Localization

LoRaWAPS Long Range Wireless Area
Positioning System

BL-RT BLE/LoRa Real-Time
Positioning

SRAHL Simplified RSSI-AoA Hybrid
Localization

GULN GPS/UWB-RTLS Integrated
LoRaWAN Node

TACL TDoA-AoA Combined
Localization

PBL Probabilistic Bayesian
Localization

EMSP Ensemble Multi-Signal
Positioning

TKL TDoA Kalman Localization

UOSP Ultrasound-Optimized Signal
Positioning

RTL RSSI Trilateration Localization

DFL-ST Differential Fingerprint
Localization with SSD and
TDoA

ESA Enhanced Slope-Adaptive

LPTM LoRa Prisoner Transport
Monitoring

ARL Advanced RSSI Localization

LoG-BioLog LoRaWAN GPS Bio-Logger BRC Bayesian RSSI Characterization
LATP LoRa-Assisted Train

Positioning
EGPL Enhanced Gaussian Process

Localization
LCM LoRa-Centroid Localization

Model
SMAL Seirios Multi-Channel AoA

Localization
LMR LLS-Minimum-Residual

Algorithm
LBL LoBaCa Backscatter

Localization
TSE TDoA Synchronization

Enhancement
DLFL Deep Learning Fingerprint

Localization
ILLOC In-Hall Localization

Optimization
MSFSL Multi-Sensor Fusion Secure

Localization
KF Kalman Filter-Enhanced UAL UWB-Assisted LoRa

Localization
LBRL LoRa Backscatter Room-Level

Localization

4.1.1 Range-Based Localization

ToA:

MUSIC & TLS-ESPRIT with Multi-Band Enhancement (MTLME) [35]: MTLME introduces
three localization algorithms—matched filter, Fast Beamforming Correlation-based MUSIC (FBCM-
MUSIC), and Total Least Squares Estimation of Signal Parameters via Rotational Invariance Tech-
niques (TLS-ESPRIT)—alongside a multi-band architecture to optimize ToA estimation. Simulation
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results indicate that FBCM-MUSIC and TLS-ESPRIT outperform in non-line-of-sight (NLOS) envi-
ronments, and the multi-band architecture significantly enhances localization accuracy by reducing the
90% quantile error by approximately 40%.

ToA Variance and Weighted HDOP for Navigation [36]: This study evaluated the repeatable
positioning accuracy of LoRa in navigation by combining ToA variance and Weighted Horizontal
Dilution of Precision (HDOP). SNR, SF, and path loss models were utilized to optimize positioning
accuracy. The results demonstrate that LoRa achieves accuracy comparable to mainstream navigation
systems under different gateway intervals, showcasing its potential as an opportunistic signal for
navigation.

CRLB and 3D Building Models in LPWA Networks (CRLB-3D) [37]: Based on ToA in LPWA
network localization, this technique combined the Cramér-Rao Lower Bound (CRLB) with 3D
building models to generate a localization accuracy map (LAM). Field tests conducted in Greno-
ble demonstrated that the Maximum Likelihood Estimation (MLE) algorithm under six gateways
achieved 88% high prediction accuracy, illustrating the reliability and effectiveness of this method
in urban environments.

TDoA:

Road Map and Mobility Enhanced Localization (RMMEL) [38]: Developed a localization algo-
rithm that combines road maps and mobility speed to optimize the localization accuracy of LoRa
networks. The study showed that SF 8 was most effective for update frequency, reducing the median
error from 200 to 75 m, demonstrating the potential for high-precision localization in diverse mobile
environments. Additionally, they proposed that time difference-based localization methods achieve
lower median errors, around 200 m, compared to Received Signal Strength (RSS) methods [39].

Social Learning Particle Swarm Optimization for Localization (SL-PSO-Loc) [40]: This study
proposed a Social Learning Particle Swarm Optimization (SL-PSO) algorithm that significantly
reduced localization errors by mimicking the best-performing individuals in the group. This algorithm
has demonstrated excellent localization accuracy in real deployments, even under noise interference.

Deep Neural Network Enhanced Localization (DNN-EL) [41]: Applied Deep Neural Network
(DNN) technology to optimize the localization method of LoRaWAN networks. Training the DNN to
correct time errors in signal transmission significantly improved the localization accuracy, especially
when the reference and mobile nodes were close.

Optimal Wireless Localization Using LoRa (OwLL) [30]: Proposed an innovative LoRa local-
ization system, OwLL, which combines TDoA technology with TV white spaces and a distributed
base station network to achieve high-precision localization for commercial-grade LoRa clients. OwLL
achieved a localization accuracy of 9 m median error in large-scale urban by optimizing frequency
hopping strategies.

RSSI:

Trilateration-Based Low-Cost Localization Systems (TLLS) [42]: A cost-effective localization
system was developed through an evaluation of the timing measurements and radio frequency
characteristics of Pycom LoRa hardware, coupled with the utilization of trilateration algorithms. In
field tests in high-altitude rural areas, the system achieved a localization error of less than 7% of
the maximum distance between anchor nodes, validating its effectiveness and accuracy in specific
application scenarios. Additionally, another study further optimized the localization accuracy using
reverse link RSSI values in a 90 m × 90 m scenario, with an average error rate of 6.72% [43].



1658 CMC, 2025, vol.82, no.2

Distributed Localization with Normalized Quadrilateral Measurement (DLNQM) [2]: The normal-
ized quadrilateral measurement method was used to achieve distributed localization in LoRa networks,
effectively optimizing location estimation errors. The study results showed that the average error rate
was significantly reduced from 44.17% to 15.22%.

Weighted Centroid Method (WCM) [44]: A weighted centroid localization method suitable for
large outdoor areas was proposed. This method was optimized by combining RSSI technology with
Kalman filtering, achieving localization accuracy comparable to fingerprinting methods without
requiring a training phase, demonstrating its cost-effectiveness over traditional TDoA techniques.

Random Neural Network Optimization (RNN-Opt) [45]: By fine-tuning the parameters of the
random neural network (RNN), node localization based on RSSI values in LoRaWAN networks
was optimized. Experiments showed that using a minimum learning rate of 0.001 reduced the average
localization error to 0.29 m, demonstrating the potential of RNNs in accurately processing RSSI data
for urban environments.

Edge-AI Enhanced Localization [46]: By introducing artificial neural networks (ANN) in edge AI
to learn meteorological impacts, the localization accuracy of LoRaWAN was significantly improved.
Experimental results showed that RSSI-based distance estimation accuracy improved by 6% to 49%,
with a reduction of approximately 101 m in localization error, proving the effectiveness of this method
in dynamic environments.

ToF:

Mobile Anchor Gateway for IoT Centralization (MAGIC) [47]: The MAGIC system utilizes a
single mobile anchor equipped with a LoRa gateway and smartphone for multi-target IoT device
localization. By combining maximum MLE and ToF ranging techniques, the system significantly
improves localization accuracy in various environments. Experimental results showed that the MAGIC
system achieved localization accuracy within 3 m in outdoor environments, making it a low-cost and
energy-efficient solution for multi-target localization.

4.1.2 Non-Ranging Based Localization

AoA:

Frequency-Hopping Estimation System (FHES) [48]: A frequency-hopping signal angle of arrival
(AoA) estimation system based on software-defined radio (SDR) was proposed. The system employs a
coarse-to-fine strategy, integrating the fast Fourier transform (FFT) and multiple signal classification
(MUSIC) algorithms, and mitigates interference through the utilization of a Fourier band-pass filter.
In outdoor experiments, the algorithm demonstrated a root mean square error (RMSE) of less than
1◦, validating its accuracy and effectiveness. This provides a high-precision AoA estimation solution
for real-time localization systems.

Fingerprint:

Probabilistic RSSI-Based Fingerprinting Localization (PRFL) [27]: A probabilistic method-based
RSSI fingerprinting localization system was proposed. This method constructs an RSSI signal strength
map and uses probabilistic methods to estimate device locations. Experimental results show an average
localization accuracy of 28.8 m in outdoor environments, demonstrating its wide potential in IoT
applications.

KNN-Enhanced Campus Positioning (KECP) [49]: For campus environments, the KNN algorithm
was used to achieve LoRa-based outdoor localization. In tests conducted in two different areas, the
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root mean RMSE was 3.8 and 2.9, respectively, validating the algorithm’s stability and accuracy in
various environments.

Neural Network-Based Urban Localization (NNUL) [50]: A neural network-based RSSI finger-
printing localization method was proposed for LoRa network localization in urban environments.
Although this method showed some improvement on datasets from Utrecht and Antwerp, the average
localization error ranged from 411 to 581 m compared to KNN, revealing the potential for optimizing
neural network structure and hyperparameters.

Time-Weighted Fingerprint Positioning (TWFP) [51]: A time-weighted LoRa localization system
was developed by combining path loss models, machine learning, and deep learning techniques. The
system achieved localization accuracy of 6 to 15 m in line-of-sight and non-line-of-sight environments,
providing important insights into the impact of time-weighting on RSSI fingerprinting localization for
further algorithm optimization.

AI-Enhanced Location-Based Services (AI@LBS) [52]: The AI@LBS system optimized the finger-
printing mechanism of LoRa signals using the Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) algorithm and Synthetic Minority Oversampling Technique (SMOTE) technique,
increasing localization accuracy from 95.37% to 99.17%. In campus tests at Taiwan Tech, the system
achieved an average error of 0.48 m, demonstrating high-efficiency localization capabilities in outdoor
environments.

Transfer Learning-Based Positioning (TLBP) [53]: Transfer learning techniques were used to
optimize the RSSI localization strategy for LoRa. Using TensorFlow and Google Colab for model
training, results showed an average localization error of 570.43 m in outdoor environments, signifi-
cantly improving accuracy.

Satellite-Based Localization with Virtual Fingerprinting (SateLoc) [54]: The SateLoc system
proposed a LoRa outdoor localization method using high-resolution satellite images to generate
virtual fingerprint maps. By combining iterative path loss models and multi-gateway combination
strategies, SateLoc achieved a median error of 43.5 m within a 227,500 square meter urban area,
improving localization accuracy by over 50% and demonstrating significant advantages in low-power
wide-area network localization.

LoRa-Based Machine Learning Localization System (LoRaLoc) [28]: A localization system based
on LoRa and machine learning (LoRaLoc) was proposed. The system combines TDoA measurements
and real GPS positions to create a reference map. In simulated urban environments, the Long Short-
Term Memory (LSTM) network achieved a root mean square error of less than 9 m, validating the
accuracy and potential of this technology under non-line-of-sight conditions.

4.1.3 Multi-Data Hybrid Localization

Weighted ToF-RSSI Multilateral Localization (WTR-ML) [55]: A weighted multilateral hybrid
localization system combining ToF and RSSI was developed. Through optimization with a weighted
multilateral localization estimator, the system achieved an average localization error of 272 m in a
stationary state, showing potential for use in low-power wide-area networks.

Long Range Wireless Area Positioning System (LoRaWAPS) [21]: An outdoor wide-area posi-
tioning system based on LoRa Mesh. By designing a low-power LoRa Mesh protocol and optimized
ranging and positioning algorithms, a positioning accuracy comparable to GPS is achieved. Experi-
mental results show that the average positioning error of the system is less than 5 m, and the maximum
error is less than 10 m under high-density anchor deployment.
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Simplified RSSI-AoA Hybrid Localization (SRAHL) [25]: A hybrid RSSI-AoA localization system
for LoRa IoT devices was proposed, using a single TMA receiver to simplify hardware configuration,
enabling real-time position estimation without complex algorithms. Experiments showed that the
system could accurately localize LoRa terminal devices, though the accuracy may be slightly lower
than traditional multi-receiver systems, offering a more economical and practical solution.

TDoA-AoA Combined Localization (TACL) [26]: A LoRaWAN network localization method
combining TDoA and AoA was proposed. Through simulation experiments, localization was achieved
using only two gateways, with a TDoA average error of 548 m, which was reduced to 399 m when
combined with AoA. Despite the relatively high error, this method showed potential for improving
LoRaWAN localization accuracy under limited gateway conditions.

Ensemble Multi-Signal Positioning (EMSP) [56]: A hybrid localization system was proposed based
on RSS and TDoA data. Through optimization using kNN and random forest regression (RFR), an
average error of 332.63 m and a median error of 193.63 m were achieved. Although the improvements
were limited, data fusion significantly enhanced localization accuracy compared to using a single
data type.

Ultrasound-Optimized Signal Positioning (UOSP) [57]: A hybrid localization technique combining
LoRa and ultrasound signals was developed aimed at enhancing localization accuracy in high-
density outdoor wireless sensor networks (WSNs). By optimizing LoRa transmission parameters and
integrating precise ultrasound distance measurements, this method theoretically could significantly
improve localization accuracy, though further experimental validation is required.

Differential Fingerprint Localization with SSD and TDoA (DFL-ST) [58]: A differential fingerprint
localization method combining signal strength difference (SSD) and TDoA was proposed. This
method was trained using random forest (RF) and multilayer perceptron (MLP) algorithms, with the
optimized MLP-OoRD model achieving an average error of 310 m and a median error of 57 m under
time-series data partitioning, demonstrating efficient hybrid signal localization capabilities.

4.1.4 LoRa-Assisted Localization

LoRa Prisoner Transport Monitoring (LPTM) [59]: A prisoner transport tracking system com-
bining LoRa long-range communication with precise GPS localization was proposed. By collecting
and transmitting location data in real-time, continuous monitoring of transport vehicles is achieved.
Despite technical challenges such as duty cycle limitations, this system demonstrated the potential of
multi-technology integration to enhance transportation safety and efficiency.

LoRaWAN GPS Bio-Logger (LoG-BioLog) [60]: A LoRaWAN-based GPS bio-logger was devel-
oped, optimizing data transmission and Global Navigation Satellite System (GNSS) positioning to
achieve high localization accuracy and long-range communication. Tests with vultures demonstrated
that the device can accurately track animal movements, offering low power consumption and high-
resolution advantages, making it an effective tool for studying animal behavior and ecology.

LoRa-Assisted Train Positioning (LATP) [61]: A LoRa-based train-assisted localization system
is proposed. The system determines the relative positions of the train and transponder using RSSI
peaks and achieves precise positioning by integrating envelope analysis with odometer (ODO) data.
The experimental results show that the positioning accuracy of the system is 1.32, 2.15, and 3.4 m at
different speeds. The system has a high positioning accuracy at low speeds. However, the error rises
with the speed increase, indicating that its stability and accuracy need to be further optimized in high-
speed environments.
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4.1.5 Result

Outdoor localization techniques for LoRa networks exhibit significant diversity and differentiated
performance. ToA and TDoA techniques provide high localization accuracy under multi-base station
conditions, but sensitivity to multipath effects and noise limits their stability in complex environments.
Although favored for simplicity of implementation and low cost, RSSI methods are significantly
affected by environmental variations in their localization accuracy. In contrast, ToF technology
performs well in open fields, while AoA achieves high-precision localization with complex antenna
arrays, albeit at a higher equipment cost. Fingerprint recognition and multi-data fusion technologies
demonstrate significant accuracy gains in complex environments through algorithm optimization,
making them potential solutions to environmental challenges.

To visualize the performance of different technologies in outdoor scenarios, Fig. 7 integrates and
compares these methods based on the results of several studies. Representative methods are selected for
each technique, such as RMMEL [38], OwLL [30], TLLS [42], DLNQM [2], MAGIC [47], FHES [48],
PRFL [27], SateLoc [54], LoRaLoc [28], and LoRaWAPS [21]. The evaluation metrics of positioning
error (e.g., median, mean, MSE, RMSE, or percentage) are labeled to ensure the scientific rigor and
comparability of the data. This analysis highlights the relative advantages of each technique and
provides key insights into their suitability in different application scenarios.

Figure 7: Outdoor localization accuracy for different techniques

4.2 Indoor Positioning

Unlike outdoor environments, indoor localization is challenged by signal occlusion and multipath
reflections, demanding more sophisticated technical approaches. This section introduces various
indoor localization methods, including ranging-based, non-ranging, multi-data fusion, and LoRa-
assisted, and discusses their applicability in different application scenarios.
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4.2.1 Distance-Based Positioning

ToA:

LoRa-Centroid Localization Model (LCM) [62]: A LoRa indoor positioning simulation model
combining ToA and Centroid techniques was developed on the OMNeT++ platform. Research shows
that by optimizing the number of measurements and threshold settings, the model achieves an optimal
balance between response time and positioning accuracy. This approach reduces experimental costs
and strongly supports low-power, wide-coverage indoor positioning applications.

LLS-Minimum-Residual Algorithm (LMR) [63]: To address the impact of NLOS errors, a 3D
indoor positioning algorithm based on ToA was proposed. This algorithm accurately calculates the
target location by estimating and correcting NLOS errors combined with the Linear Least Squares
(LLS) method. Simulation results show that compared to traditional Minimum Residual (MR) and
Minimum Distance (MD) algorithms, this method significantly improves positioning accuracy in
2D and 3D environments, laying the foundation for high-precision positioning in complex indoor
environments.

TDoA:

TDoA Synchronization Enhancement (TSE) [33]: A LoRaWAN-based TDoA positioning algo-
rithm was proposed, which addressed the gateway time synchronization issue by introducing synchro-
nization nodes (TSE), significantly improving positioning accuracy. Experimental results indicate that
this method exhibits favorable signal propagation characteristics and low positioning errors in urban
environments.

In-Hall Localization Optimization (ILLOC) [34]: The ILLOC system was developed by combining
LoRaWAN and TDoA technologies and optimizing through Dynamic Spectrum Selection (DPS)
and Just-In-Time (JIT) scheduling, overcoming narrowband and clock synchronization issues in
indoor positioning. This system achieved a median positioning accuracy of 6 to 15 m in a real hall
environment, demonstrating its potential applications in asset tracking and security monitoring.

RSSI:

Kalman Filter-Enhanced (KF) [64]: A LoRa-based GPS-free positioning system that utilizes RSSI
data combined with a Kalman filter to enhance positioning accuracy, particularly suitable for indoor
environments. Experimental results show that under LoS conditions, the system’s 90% positioning
error is 0.82 and 1.17 m under NLoS conditions, demonstrating LoRa’s practicality in environments
where GPS signals are obstructed.

LoRa Backscatter Room-Level Localization (LBRL) [5]: A room-level positioning system based
on LoRa backscatter was proposed, which locates by comparing received RSSI data and is optimized
using a machine learning classifier, ultimately achieving up to 89.7% positioning accuracy. This system
is suitable for applications such as smart homes, elder care, and hospital patient tracking.

Adaptive Cell-Level Localization (ACL) [65]: An adaptive cell-level positioning algorithm based
on LoRa was proposed. This algorithm estimates the path loss index using RSSI and dynamically
partitions virtual cells to achieve precise localization. Experimental results show that the system’s posi-
tioning error ranges from 1.85 to 4.63 m under different transmission powers. Although slightly less
accurate than Wi-Fi, the system’s positioning accuracy is significantly improved through transmission
power optimization, making it especially suitable for complex indoor environments.

Neural Network Localization (NN) [66]: A LoRaWAN indoor positioning system combining RSSI
and SNR data was proposed, utilizing a neural network model for location estimation. This system
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achieved 98.8% positioning accuracy for logistics use cases like pharmacy delivery and document
dispatch, and its reliability was validated through experiments with varying gateway densities.

BP Neural Network Localization (BP-NN) [67]: A LoRa indoor positioning system was developed
using an improved Backpropagation (BP) neural network and mean evolution algorithm. It achieves
positioning with an average error of 0.7 m and a minimum error of 0.2 m, which is particularly suitable
for firefighting robots locating trapped individuals.

Log-Normal Shadowing Model with BP Neural Network (LN-BPNN) [68]: A LoRaWAN indoor
positioning method was proposed based on a BP neural network. It combines a Log-normal shad-
owing model to filter and optimize RSSI, achieving an average error of 0.5971 m and high-precision
positioning.

3D Localization with Signal Strength and Altimeter (3D-SSA) [69]: A LoRa-based indoor 3D
positioning system was proposed, using RSSI and altimeter data and optimizing the traditional
trilateration method through experimental parameter adjustments. Test results show that this system
improved positioning accuracy by 80% in indoor environments, achieving a 95% confidence interval
of 0.121 m.

RSSI-Based Adaptive Trilateration (RAT) [70]: An adaptive trilateration algorithm based on RSSI
was developed, combined with a circle expansion method, and evaluated using BLE, Wi-Fi, ZigBee,
and LoRaWAN technologies. Experimental results show that this algorithm increased positioning
accuracy by 33% in LoRaWAN.

Adaptive RSSI Localization (ARL) [4]: An adaptive indoor positioning method based on LoRa
devices was proposed, combining dynamically selected optimal filters, anchor nodes, and positioning
algorithms to achieve high-precision localization, particularly suitable for environments like large
rooms, with advantages of low cost and high efficiency.

RTT:

Particle Filtered Pseudorange Correction (PFC) [24]: A LoRa RTT-based indoor positioning
system was studied, and a pseudorange fitting correction method combining a particle filter was
proposed. The approach utilizes a segmented linear fitting formula, which is presented as follows:

Rcorrected = R +

⎧⎪⎪⎨
⎪⎪⎩

a10 + a11 × R, 0 ≤ R ≤ r1,
a20 + a21 × R, r1 < R ≤ r2,
...

...
am0 + am1 × R, rm−1 < R ≤ rm,

(3)

where R is the original pseudorange measurement, and Rcorrected is the corrected pseudorange. Experi-
mental results show that this method improved positioning accuracy by 68% and 14.9%, respectively,
compared to the uncorrected case under error thresholds of 0.2 and 0.6 m.

4.2.2 Non-Ranging Based Localization

AoA:

SDR-Based AoA Estimation (SYLOIN) [71]: A LoRa signal AoA measurement method based
on an SDR platform named SYLOIN was proposed. Using antenna array interferometry and FFT
technology, this system achieved an AoA measurement with an average error of less than 5 degrees in
an 8 m × 8 m office environment.
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Compact AoA Estimation (CAE) [72]: A compact AoA estimation system based on LoRa, CAE,
was proposed. It utilizes low-cost hardware and cloud algorithms to achieve 4 to 14 degrees of
positioning accuracy in indoor environments despite not accounting for multipath effects.

Deep Learning-Based AoA Network (DeepAoANet) [73]: A deep learning-based AoA estimation
algorithm named DeepAoANet was proposed, which significantly improved AoA estimation accuracy
in multipath and low signal-to-noise ratio environments by analyzing single snapshots of multi-channel
data. Experimental results showed that DeepAoANet achieved high accuracy with an average absolute
error of less than 2 degrees in various indoor environments.

LoRa-MUSIC Algorithm (LMA) [74]: A LoRa AoA positioning algorithm based on the MUSIC
algorithm, named LMA, was developed, achieving an average positioning error of 48.5 cm on a 6 m ×
12 m open platform by incorporating signal amplitude characteristics.

LoRa Tracking System (LTrack) [75]: A LoRa-based indoor tracking system named LTrack was
proposed, which achieved precise AoA estimation for mobile robots through lightweight hardware
modifications and system optimization. Experimental results showed that LTrack achieved robust
tracking with a median error ranging from 0.12 to 0.45 m in various environments.

Fingerprint localization:

KNN-Optimized Fingerprint Navigation (KFN) [76]: A LoRa-based RSSI fingerprint navigation
system was proposed, which significantly improved positioning accuracy through KNN algorithm
optimization. Experimental results showed that this system effectively enhanced positioning accuracy
in indoor navigation.

Differential Evolution KNN (DE-KNN) [77]: The DE-KNN algorithm was developed for accurate
indoor wireless sensor network positioning. This algorithm combines differential evolution and K-
nearest neighbor techniques, significantly enhancing positioning accuracy in diverse environments,
achieving over a 30% accuracy improvement, and is suitable for various wireless communication
technologies, including LoRa.

Optimized LoRa Fingerprinting Using MKNN (OLFM) [78]: A LoRa indoor positioning algo-
rithm for multi-story circular buildings is proposed to optimize the positioning accuracy by collect-
ing RSSI and SNR fingerprint data and improving the traditional K-nearest neighbor algorithm
(MKNN). Experiments show that MKNN performs best in accuracy and complexity, with 88.57%
localization accuracy compared to the traditional method. The combination of RSSI and SNR
effectively mitigates the multipath effect and noise interference, compensating for the limitations of
single RSSI data.

Temporal-Enhanced DGPR Fingerprinting (TEDF) [79]: A fingerprint localization method com-
bining two-layer deep Gaussian process regression (DGPR) is proposed to overcome the nonlinearity
of signal propagation in industrial environments using dynamically collected RSSI features. To cope
with the time variation of RSSI, time-weighted RSSI averaging with Kalman filter optimization is
innovatively introduced. Experimental results show that the system’s positioning error in dynamic
industrial environments averages 1.94 m, which substantially outperforms static datasets and tradi-
tional machine learning methods.

CNN-Enhanced Fingerprinting (CEF) [80]: A LoRaWAN network fingerprinting method
enhanced by CNN and SE blocks was proposed. This method improved data representation and
feature extraction, achieving an average positioning error of 284.57 m while reducing the training data
size and increasing positioning accuracy by 8.39%.
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MLP-GAN RSSI Localization (MGRL) [81]: An indoor localization method based on the
LoRaWAN network is proposed using deep learning models such as LSTM, CNN, and RNN for
comparison and combined with Adam optimizer for RSSI data. In the experiments, the highest
accuracy of 96.512% can be achieved using MLP and Generative Adversarial Network Deep Learning
(GAN DL) models and Adam optimizer under exponential RSS type, which significantly improves the
localization accuracy.

4.2.3 Multi-Data Hybrid Localization

RTT-Enhanced RSS Fingerprinting (RERF) [82]: An indoor positioning algorithm based on LoRa,
combining RTT-ranging fingerprints and RSS data to improve positioning accuracy. This algorithm
optimizes the fingerprint-matching process through multi-threshold values and uses an MLP to learn
the mapping between signal characteristics and location coordinates. Experimental results show that
under NLOS and mixed NLOS/LOS conditions, this method achieved an average positioning accuracy
of less than 1 m, significantly outperforming traditional multilateral methods.

MNN-Enhanced CSI Localization (MNN-CSI) [83]: An indoor positioning framework that
uses partial channel state information (CSI) and physical layer indicators collected by LoRaWAN
networks, achieving over 90% positioning accuracy through a multilayer neural network (MNN).

WiFi-RTT/LoRa Underground Positioning (WiLo-UP) [84]: An underground positioning method
combining Wi-Fi RTT and LoRa technologies, integrating a fingerprint database of signal strength
and round-trip time, along with access point availability features, optimizing positioning through a
nearest neighbor matching algorithm. In actual underground quarry tests, this method achieved 85%
of test data errors below 15 m, enhancing monitoring accuracy and management efficiency in mining
operations.

4.2.4 LoRa-Assisted Localization

Kalman-Enhanced BLE/LoRa Localization (KBL) [85]: The research team introduced Kalman and
particle filters [86] to deeply optimize the LoRa-assisted BLE RSSI indoor localization algorithm. In
non-line-of-sight conditions, the optimized system achieved a positioning error of less than 1.20 m in
90% of cases, significantly improving localization accuracy.

BLE/LoRa Real-Time Positioning (BL-RT) [87]: A BLE iBeacons and LoRa Tracker-based indoor
positioning system was developed, achieving up to 99.5% accuracy on the The Things Network (TTN)
and Ubidots platforms using the RSSI fingerprint localization algorithm.

GPS/UWB-RTLS Integrated LoRaWAN Node (GULN) [88]: A LoRaWAN node integrated
with GPS and Ultra-Wideband Real-Time Location System (UWB-RTLS) was developed, and
experimental results showed that the system achieved positioning accuracy within tens of meters in
outdoor environments and tens of centimeters in indoor environments.

4.2.5 Result

Indoor localization technologies offer distinct advantages across various application scenarios.
ToA and RTT methods achieve high-precision localization in multipath and dynamic environments,
particularly when enhanced by filtering and correction algorithms. The RSSI method broadens its
applicability and improves accuracy when combined with machine learning. Although TDoA provides
broad coverage, its accuracy is comparatively lower. AoA technology, especially when supported by
deep learning techniques, excels in complex indoor environments. Fingerprint localization, utilizing



1666 CMC, 2025, vol.82, no.2

multi-data fusion and optimization algorithms, demonstrates exceptional robustness and precision.
Additionally, LoRa hybrid and assisted localization methods further enhance the strengths of these
technologies, significantly boosting localization accuracy.

Fig. 8 compares the accuracy performance of different indoor localization methods based on the
above study. A representative technique is selected for each method, including LMR [63], ILLOC [34],
KF [64], ACL [65], LN-BPNN [68], PFC [24], DeepAoANet [73], LMA [74], TEDF [79], and RERF
[82]. Their performance is evaluated using error metrics such as median and mean. This comparison
provides an intuitive reference for technology selection and application scenario adaptation.

Figure 8: Comparison of the accuracy of indoor localization technology

4.3 Indoor-Outdoor Hybrid Localization

To achieve continuous localization with a seamless transition from indoors to outdoors,
researchers have proposed a variety of indoor-outdoor fusion localization schemes. This section
discusses these schemes categorized into ranging-based positioning, non-ranging-based positioning,
multi-data fusion positioning, and LoRa-assisted positioning, aiming to provide a comprehensive
overview of the field.

4.3.1 Range-Based Localization

ToA:

Probabilistic Bayesian Localization (PBL) [89]: A probabilistic Bayesian localization method based
on ToA was proposed for high-precision indoor-outdoor localization in LoRaWAN IoT environments.
This method integrates Gaussian noise and prior information to accurately compute the posterior
probability density functions (pdfs) of the target’s location, avoiding the limitations of traditional point
estimation methods and demonstrating exceptional accuracy and adaptability in complex and dynamic
environments.

TDoA:

TDoA Kalman Localization (TKL) [90]: A LoRa localization algorithm based on TDoA was
proposed, incorporating a Kalman filter to optimize localization accuracy in both indoor and outdoor
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scenarios. NS-3 simulations verified that this algorithm significantly improves localization accuracy
and reduces error fluctuations.

RSSI:

RSSI Trilateration Localization (RTL) [91]: Based on the RSSI localization method of LoRa
networks, experimental analysis of 25,000 RSSI samples showed that the trilateration algorithm
achieved an average positioning accuracy of 5.5 m indoors; outdoors, LoRa Mode 1 had the best
accuracy with 111 m. Although the localization accuracy was high under specific conditions, overall
reliability still has room for improvement.

Enhanced Slope-Adaptive (ESA) [92]: A grid search algorithm based on weighted least squares
(ESA) was proposed, optimizing the multi-slope path loss model, and simulation and experimental
verification achieved a localization accuracy of 5 m, significantly outperforming traditional single-
slope assumption algorithms.

Advanced RSSI Localization (ARL) [93]: Six RSSI-based LoRa localization algorithms were
studied, aiming to reduce the impact of non-Gaussian noise on large-scale indoor and outdoor
localization. The simulation and experiment results demonstrated that the proposed algorithms
exhibited superior performance in terms of localization error and computational complexity compared
to traditional linear least squares localization algorithms. In certain instances, the proposed algorithms
demonstrated performance comparable to GPS.

Bayesian RSSI Characterization (BRC) [94]: LoRa signals in the CN470 MHz band were char-
acterized for the first time, and an RSSI-based indoor-outdoor localization method was developed.
Experimental results showed that LoRa exhibited an RMSE of about 26–28 m in both indoor and
outdoor localization.

Enhanced Gaussian Process Localization (EGPL) [95]: The enhanced Gaussian process (EGPL)
algorithm was used to achieve localization in indoor and outdoor environments via LPWAN. This
method optimized MLE using pseudo-RSSI measurements and parameter models. Field tests showed
a 2D RMSE of 20 to 30 m, improving accuracy by 30% to 40% compared to traditional methods.

4.3.2 Non-Ranging Based Localization

AoA:

Seirios Multi-Channel AoA Localization (SMAL) [96]: The Seirios system, based on LoRaWAN
technology, combines AoA localization with an improved ESPRIT algorithm, significantly enhancing
the localization accuracy of indoor and outdoor IoT devices. Through multi-channel synchronization
and signal processing optimization, the system achieved a median localization error of 4.4 m outdoors
and 2.4 m indoors, marking a significant improvement over traditional methods.

LoBaCa Backscatter Localization (LBL) [97]: The LoBaCa system uses frequency hopping
technology and phase slope synchronization, along with upper and lower sideband signals to improve
the SNR, effectively addressing multipath effects and tag instability in LoRa backscatter signals. Using
the ESPRIT algorithm for super-resolution AoA estimation, indoor and outdoor experiments showed
localization errors as low as 5 cm indoors and 71 cm outdoors.

Fingerprint Localization:

Deep Learning Fingerprint Localization (DLFL) [98]: LoRa signals combined with deep learning
models (including ANN, LSTM, and CNN) were used for indoor and outdoor localization. Local-
ization accuracy was significantly improved through hyperparameter tuning. Experimental results
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showed that the average indoor localization error was between 1.2 and 2 m, while the average outdoor
localization error was 191.52 m.

4.3.3 Multi-Data Fusion for Localization

Multi-Sensor Fusion Secure Localization (MSFSL) [99]: A LoRa-based IoT security localization
system was proposed using multi-sensor fusion computing methods (including temperature, humidity,
infrared sensor data, and RSSI) for node localization. The system’s resistance to attacks was sig-
nificantly enhanced through intelligent optimization and anomaly diagnosis with the SIBMSFCL
algorithm. Experimental results showed that the system achieved high localization accuracy and
improved reliability by 45% in indoor and outdoor tests, verifying its potential application in national
security monitoring systems.

4.3.4 LoRa-Assisted Localization

UWB-Assisted LoRa Localization (UAL) [100]: A UWB-LoRa multi-standard antenna structure
was designed, achieving high-precision localization through UWB while using LoRa to transmit data
to remote gateways. The system demonstrated sub-meter localization accuracy and a transmission
range of hundreds of meters in both indoor and outdoor tests, addressing the limitations of traditional
LoRa localization.

4.3.5 Result

Significant advancements have been achieved in indoor-outdoor hybrid localization technologies
using range-based and range-free methods. RSSI and AoA localization techniques have demonstrated
outstanding performance in both indoor and outdoor settings. Additionally, multi-sensor fusion and
UWB-assisted LoRa localization systems have overcome the traditional limitations of individual
technologies, thereby broadening their range of applications. These innovations enhance localization
accuracy in IoT environments and offer robust technical support for critical areas such as national
security monitoring.

5 Practical Applications of LoRa Localization Technology

LoRa technology has demonstrated great potential and adaptability in various applications
through its unique low power consumption and long-range communication capabilities. This section
explores in detail the practical applications of LoRa and its far-reaching impact in smart cities,
agricultural monitoring, logistics and supply chain management, environmental monitoring, and
search and rescue.

5.1 Smart Cities

The development of smart cities depends on integrating and optimizing various technolo-
gies, and LoRa technology is being actively explored for its application potential in this context.
Strzoda et al. [101] demonstrated that large-scale LoRa networks can effectively collect location data
when deployed in city-wide telemetry systems. However, their study also highlighted challenges such as
signal attenuation and localization errors in real-world urban environments. Analyzing a large dataset
with thousands of devices, they found that LoRa localization accuracy is significantly impacted in
urban settings, especially under non-line-of-sight conditions, with potential errors reaching hundreds
of meters.
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LoRa technology has also proven valuable in traffic management for smart cities. Tumuhairwe
et al. [102] developed a LoRa-based real-time bus localization system that employs geometric methods
and Global System for Mobile Communications (GSM) for data transmission, offering a low-
cost and efficient solution for bus tracking. While the system faces challenges related to accuracy
and synchronization, it clearly enhances the efficiency of urban public transportation management.
Shi et al. [103] proposed a smart city campus bus localization system that uses a single base station
and deep learning algorithms to achieve effective localization without additional hardware, presenting
a cost-effective approach to smart transportation.

In indoor localization, LoRa technology also shows considerable promise. Manzoni et al. [104]
developed a vehicle localization method for underground parking lots and fleet management using
LoRaWAN technology. Their multilateral method achieves localization accuracy within 20–30 m,
providing an economical and efficient solution for intelligent transportation systems in smart cities.

Furthermore, LoRa technology is being applied to safety monitoring for specific populations.
Rosmiati et al. [105] designed a child localization system using LoRa modules that enables real-time
location monitoring up to 2 km without network connectivity, thereby enhancing parental control over
child safety. Hamzah et al. [106] developed the iLocation system, which uses LoRa technology for real-
time monitoring of the elderly. Applying the Scrum agile methodology, the system was optimized for
low power consumption and user-friendliness, offering a reliable safety solution.

Overall, the application of LoRa technology in smart city localization showcases its versatility and
innovative potential. From public transportation management to indoor localization and safety mon-
itoring for vulnerable populations, LoRa technology provides robust technical support and diverse
application scenarios, contributing to more intelligent and efficient urban management systems.

5.2 Agricultural Monitoring

LoRa technology offers significant potential in agricultural monitoring. Its low power consump-
tion and wide coverage capabilities support automation and intelligence in agriculture.

Shamshiri et al. [107] integrated LoRa networks with digital twin technology to enable remote
monitoring and localization of agricultural robots in unstructured farm environments. Their system
effectively transmits data over distances ranging from 300 to 3000 m, with a packet loss rate of just
12% at 2300 m, providing a robust solution for remote operations in agricultural automation.

In livestock management, Dieng et al. [108] developed a localization scheme based on RSSI using
LoRa networks. This approach minimizes the need for GPS collars and enhances the accuracy of non-
GPS collars. By dynamically adjusting the RSSI-distance mapping, this scheme significantly reduces
the cost of livestock monitoring while improving localization accuracy, demonstrating both efficiency
and cost-effectiveness in large rural areas.

For orchard monitoring, Yang et al. [109] proposed the OrchLoc system, which utilizes a single
LoRa gateway to achieve precise localization within orchards. By employing CSI fingerprinting
technology, the system significantly enhances tree-level localization accuracy, optimizes agricultural
robot navigation, reduces the need for manual intervention, and lowers operational costs. In this
context, Islam et al. [110] similarly employed a single mobile LoRa gateway for agricultural local-
ization using RSSI signal processing for efficient localization in remote areas. This mobile gateway
solution demonstrates greater flexibility and economy compared to the traditional multi-gateway fixed
architecture.
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Additionally, Swain et al. [111] demonstrated the feasibility of real-time monitoring in Agriculture
4.0 using a customized LoRa IoT test platform. By optimizing LoRa parameters and enhancing
the link budget, the system effectively transmitted agricultural data to cloud servers, significantly
improving monitoring accuracy. This provides a strong foundation for the digital transformation of
agriculture.

Overall, the application of LoRa technology in agricultural monitoring illustrates its considerable
potential and adaptability for various tasks such as remote localization, livestock theft prevention,
orchard robot navigation, and real-time agricultural data monitoring. These studies offer new insights
and technical approaches for the future development of intelligent agriculture.

5.3 Logistics and Supply Chain Management

The application of LoRa technology in logistics and supply chain management is transforming
industry standards, particularly in resource tracking and real-time localization, where its unique
advantages are becoming increasingly evident. Teizer et al. [112] demonstrated that when applied
to construction sites, LoRa technology achieves high-precision localization, with an accuracy of up
to 2.3 m, and ensures stable, long-distance data transmission with low power consumption. This
integration of capabilities provides more efficient and precise solutions for supply chain management,
facilitating the shift from traditional logistics systems to more intelligent and digital operations. This
innovative use of LoRa technology showcases its ability to outperform traditional methods in complex
environments, setting a new direction for the future of supply chain management models.

5.4 Environmental Monitoring and Disaster Relief

LoRa technology, with its low power consumption and long-range transmission capabilities,
has shown significant advantages in environmental monitoring and search and rescue operations.
Baghel et al. [113] developed the TEMPSENSE system, which utilizes LoRa technology to monitor
water quality parameters such as Total Dissolved Solids (TDS), Electrical Conductivity (EC), temper-
ature, and pH levels in real time. The system achieves precise localization using an RSSI algorithm
with an overall error of less than 10%, offering a reliable and cost-effective solution for efficient
environmental monitoring. In the field of forest fire monitoring, Mackey et al. [114] showed that LoRa
technology can achieve high-precision localization in the range of 9 to 20 m, which can effectively
improve the monitoring efficiency and response speed even in areas without GPS signal coverage.

LoRa technology also shows strong potential in search and rescue missions. Bouras et al. [115]
proposed a LoRaWAN-based TDoA multilateral system that maintains localization errors within 15
m through real-time tracking, significantly enhancing search and rescue efficiency. Zhang et al. [116]
developed the LoRaAid system, which uses RSSI signal processing to achieve decimeter-level localiza-
tion accuracy within a 7-m range, making it particularly effective for underground rescue operations.
Similarly, Bianco et al. [117] applied LoRa technology in mountain search and rescue scenarios, opti-
mizing localization algorithms through path loss measurements and expanding the communication
range fivefold compared to traditional technologies, achieving meter-level accuracy.

Furthermore, Abboud et al. [118] combined LoRa with neural networks, optimizing distance
estimation within a range of 0 to 120 m and reducing the average error to less than 5%, which is
a 78% improvement in accuracy compared to using RSSI alone. Xie et al. [119] further enhanced
localization for indoor fire rescue operations by integrating LPWAN with iBeacon technology,
achieving localization accuracy between 1 and 5 m, thereby significantly improving both the speed and
accuracy of rescue efforts. Tamali et al. [120] conducted a performance comparison between Wi-Fi,
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Bluetooth, ZigBee, and LoRa in a multi-robot system, with a special emphasis on LoRa’s robustness
in harsh environments and its low energy consumption advantage, where its lower data rate limits
throughput but improves signal stability and noise immunity, making it the preferred technology to
tackle complex tasks.

These studies demonstrate that LoRa technology offers versatile solutions across various applica-
tions, from environmental monitoring to search and rescue in challenging terrains. Its ability to provide
low-power, high-precision localization makes it a valuable tool in both fields, highlighting its potential
for future development and deployment.

6 Discussion

After an in-depth analysis of existing localization methods, this section focuses on identifying the
limitations of the current technology and looking at future research directions for further development
of LoRa localization technology.

6.1 Analysis of Positioning Methods

LoRa technology provides diverse options in indoor and outdoor localization, enabling its
flexible application in IoT projects based on specific needs and environmental conditions. In outdoor
environments, ToA and TDoA methods are favored for their high accuracy, ideally up to meter-level
positioning accuracy [30]. However, the high time synchronization requirement of the ToA method is
susceptible to interference from multipath effects in dense urban environments, whereas TDoA does
not require global time synchronization, but the accuracy of inter-base station synchronization is still
high, which affects the stability in dynamic environments.

RSSI is widely used in indoor and outdoor areas, such as logistics centers and farms, due to
its low cost and ease of large-scale application. However, its positioning accuracy is susceptible to
environmental changes, obstacles, and signal reflections. Recent research has dramatically improved
its localization capability in complex environments by combining filtering algorithms and machine
learning models to enhance the response to dynamic signal changes.

The AoA approach excels in indoor scenarios, where high accuracy is required, by measuring
the angle of signal incidence to achieve high-precision localization in controlled environments, such
as smart buildings. However, its expensive infrastructure and complex antenna installation limit its
popularity. It is more suitable for small-scale, high-value applications.

Fingerprint localization achieves high accuracy by leveraging signal feature databases, with its
dynamic feature update capability significantly enhanced when integrated with deep learning. This
method is widely used in indoor environments with small location changes, such as shopping malls
and exhibition halls. However, the cost of building and maintaining a fingerprint database is high.

Hybrid positioning techniques overcome the shortcomings of a single method by integrating mul-
tiple positioning methods, such as ToF and RSSI [55], to provide more stable and flexible positioning
services. These methods show great application potential in complex and changing environments but
require the support of enhanced processor capabilities and complex algorithms.

Choosing the right LoRa positioning technology requires fully weighing the environmental
characteristics, accuracy requirements, and budget to maximize the value of the technology.
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6.2 Future Research Directions

Multi-data fusion is a key direction for improving the accuracy and robustness of LoRa local-
ization. Fusing multiple heterogeneous data sources can provide more comprehensive and accurate
localization information. Future research can explore combining more environment-aware data (e.g.,
temperature, humidity, and visual information) with location data and using machine learning
algorithms for intelligent processing. This will enhance the adaptability of localization systems in
complex environments, especially in urban environments with severe signal multipath propagation or
scenarios with frequent dynamic changes.

The limitations of single algorithms drive the exploration of multi-algorithm fusion. This fusion
can flexibly cope with multiple environmental changes, especially in mixed indoor and outdoor
conditions. By integrating different positioning techniques such as RSSI, TDoA, and AoA, future
research should be devoted to mining common features and developing intelligent combination
strategies to improve system fault tolerance and adaptability and achieve stable and highly available
positioning services.

Deep learning and neural networks show great potential in optimizing LoRa positioning algo-
rithms. With models such as convolutional neural networks and long-short-term memory networks
(LSTM), features can be extracted from large network data, enabling dynamic learning and self-
adjustment of environmental interferences on positioning accuracy. Future research should focus on
improving the interpretability and real-time performance of the models to cope with the rapid changes
in the environment of IoT devices.

To address the challenges of indoor and outdoor localization, building a dual localization
algorithm network architecture that supports seamless switching will be a hot research topic in the
future. This architecture can intelligently determine and switch the optimal localization algorithm to
ensure high performance is always maintained indoors and outdoors. Low-power and low-latency
network protocols should also be explored to enhance the energy efficiency and scalability of LoRa
networks, providing a solid foundation for dealing with complex and dynamic IoT applications.

Future research on LoRa positioning will seek new breakthroughs based on technology cross-
fertilization, thus promoting the widespread application of IoT in smart cities, smart logistics,
and autonomous driving. Through in-depth integration of emerging technologies and optimization
of existing system architectures, LoRa positioning technology will become an indispensable and
important driving force in the wave of global informatization.

7 Conclusion

This paper reviews the application and development of LoRa positioning technology in the
IoT, focusing on its features such as low power consumption, long-range transmission, and anti-
interference capability, and demonstrates the unique advantages of LoRa as a positioning technology
in complex environments. By analyzing different positioning methods such as ToA, TDoA, and RSSI,
it is pointed out that LoRa technology performs well in several areas such as smart cities, agricultural
monitoring, and logistics management, especially in terms of its obvious competitiveness in terms
of low power consumption, large-scale deployment, and long-term operation. However, although
LoRa shows great potential for positioning accuracy, cost control, and network efficiency, it still faces
challenges such as accuracy improvement, dynamic environmental adaptation, and latency. Future
research should focus on developing multi-data fusion techniques to improve system robustness and
accuracy by combining machine learning and artificial intelligence to optimize existing positioning
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models. Meanwhile, the development of a flexible indoor-outdoor seamless positioning architecture
and a low-power, high-real-time network protocol will be the key way to promote the wider application
of LoRa technology. With the continuous expansion of IoT application scenarios, LoRa technology
will play an important and indispensable role in promoting the development of a smart society and
become the core driving force to achieve accurate, efficient, and scalable positioning services.
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