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Abstract: Outdoor positioning has become a ubiquitous technology, leading to the proliferation
of many location-based services such as automotive navigation and asset tracking. Meanwhile,
indoor positioning is an emerging technology with many potential applications. Researchers are
continuously working towards improving its accuracy, and one general approach to achieve this
goal includes using machine learning to combine input data from multiple available sources, such
as camera imagery. For this active research area, we conduct a systematic literature review and
identify around 40 relevant research papers. We analyze contributions describing indoor positioning
methods based on multimodal data, which involves combinations of images with motion sensors,
radio interfaces, and LiDARs. The conducted survey allows us to draw conclusions regarding the
open research areas and outline the potential future evolution of multimodal indoor positioning.

Keywords: computer vision; data fusion; indoor localization; machine learning; positioning

1. Introduction

Positioning (or localisation) is the determination of the absolute or relative placement
of objects in a three-dimensional space. In outdoor environments, this goal is usually
achieved through the analysis of radio signals from satellites forming a global navigation
satellite system (GNSS). Such systems achieve an accuracy of around 10 m [1]. This
ubiquitous technology has led to the widespread adoption of multiple location-based
services (LBSs) such as turn-by-turn navigation or asset tracking [2]. So far, similar success
has not been achieved in indoor environments, where signal propagation prevents the use
of a GNSS and a higher degree of location accuracy is required [3]. Thus, despite efforts
from researchers and industry, a single solution for indoor positioning has not yet emerged.

One of the major obstacles to achieving precise indoor localisation is achieving the
high positioning accuracy necessary to provide services, such as navigating to a product on
a shelf or providing secure office room access. Meanwhile, deployment costs need to remain
low since separate instalments are required in each building. An interesting approach
to meeting these criteria is the use of multiple sources of information already available.
In much the same way that outdoor smartphone positioning has better accuracy when
multiple data sources are combined (e.g., GNSS information with cell tower triangulation),
indoor positioning can similarly benefit from such data fusion.

Figure 1 presents examples of typical signals that are available for indoor positioning
and that can be combined in a multimodal localisation solution. First, we have visual signals
that can originate from external (surveillance-type) cameras or internal (built-in) cameras.
Second, we have motion sensors, which are readily available in all smartphones. Third, we
have radio signals of various technologies, such as from Wi-Fi access points (APs) [4,5], and
Bluetooth or ultra-wideband (UWB) beacons [6,7]. Finally, we may have dedicated light
detection and ranging (LiDAR) measurement units. Thus, the next challenge that arises is
how to analyse the input data and successfully combine multiple sources.
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Figure 1. Exemplary input data for multimodal indoor positioning: image analysis from internal
and external cameras, motion sensor data, signal strength of beacons transmitted by Wi-Fi APs, and
LiDAR measurements.

Machine learning (ML) methods are currently being successfully applied in a variety
of fields, such as computer vision [8,9] and improving network performance [10]. For mul-
timodal indoor positioning, they have two important areas of application. First, they can
extract features from signals to provide useful information, for example, scene recognition
from camera imagery. In this case, typically neural networks (NNs) are used. Second, they
can combine location information provided by several sources to reduce the uncertainty of
positioning. Here, methods such as Kalman filter (KF) or particle filter (PF) are typically
used. Thus, ML arises as an important element of an indoor positioning system.

Based on the above reasoning, we conduct a survey of research on indoor localisation
that uses machine learning to analyse and combine data from multiple sources, one of which
is image-based. We focus on this particular aspect because camera-based imagery is readily
available (both in-room and built-in cameras) and can provide additional information to
other indoor positioning systems. Formally, our survey is a ‘systematic review’ [11] as
explained in Section 2. Although there have been multiple indoor positioning surveys,
including a meta-survey [12], we justify our contribution by noting that (a) there has not
been a survey of a scope similar to ours and (b) most of the recent articles have not yet
been cited by any survey. Furthermore, our unique perspective allows us to draw relevant
conclusions in this vibrant field of research.

The remainder of this paper is organised as follows; After describing our methodology
(Section 2), we review the papers, which we have classified as follows: First, we describe
papers relying solely on camera-based information (although still adhering to the multi-
modal principle) in Section 3. Then, in Section 4, we focus on papers that add information
from motion sensors. Next, we analyse methods that rely on a radio interface (Section 5),
LiDAR (Section 6), or other sensors (Section 7) for multimodal indoor localisation. Finally,
we summarise our findings and outline future research directions in Section 8.

2. Methodology

Our paper’s methodological layer follows the good practices of systematic reviews.
This type of review aims to bring evidence together to answer a predefined research
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question. This involves identifying all primary research relevant to the defined review
question, critically evaluating this research, and synthesising the findings [11]. To achieve
that goal, in the framework of our research, we have collected the scientific material using
the Scopus (https:/ /www.scopus.com/, accessed on 1 July 2024) search engine. We have
used the following search query to identify relevant studies:

(multimodal OR fusion) AND indoor AND (localization OR location OR
positioning) AND (vision OR camera OR image) AND learning

The construction of the query allowed us to capture the alternative use of similar terms
(e.g., vision/camera/image). The search was performed within article title, abstract, and
keywords, using a filter on the content type, allowing to include articles, conference papers,
book chapters, and data papers. The search was conducted in April 2024. At this stage of
data acquisition, 115 documents were collected. Subsequent screening of manuscripts for
relevance to the scope of our research resulted in the removal of 73 documents from the
collected set. Of the remaining 42 documents, 22 were journal articles and 20 conference
papers. We have divided the documents according to the signals used for data fusion into
the following categories:

*  fusion of signals collected from camera sensors;

*  fusion of image data with motion signals;

e fusion of image data with radio signals;

*  fusion of image data with LiDAR signals;

¢  fusion of image data with signals from other sensors, not considered elsewhere.

Figure 2 shows the distribution of the materials among the distinguished fusion
schemes. The following chapters will cover the analysed materials in more detail.
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Figure 2. Timeline and distribution of collected publications across different data fusion schemes.

3. Camera-Based Positioning

The evolution of camera-based sensors has greatly improved various fields, from
indoor surveillance and behaviour analysis to advanced navigation systems. This sec-
tion explores advances in camera-based technologies through a chronological review
of key studies, starting from a comprehensive survey conducted in 2019 and covering
subsequent innovations.

Bai et al. [13] in the aforementioned study provided a comprehensive survey on
camera-based localisation techniques that use deep learning. Their work emphasised the
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effectiveness of convolutional neural networks (CNNs) in processing visual data for accu-
rate indoor positioning and navigation, setting a solid foundation for future research in this
domain. This study underscored the potential of deep learning to significantly improve the
capabilities of camera-based sensor applications in complex indoor and outdoor environ-
ments. By highlighting the various deep learning models used for camera pose estimation,
this survey paved the way for further research into advanced ML techniques to improve
localisation accuracy. In addition, the survey discussed the integration of multiple sensor
modalities, such as combining visual information from red-green-blue (RGB) and red-green-
blue-depth (RGB-D) cameras with depth data. This multimodal approach, called sensor
fusion, enhances localisation performance by leveraging the strengths of different types of
data to provide more robust and accurate positioning solutions. The use of sensor fusion
techniques, including the integration of visual and depth information, exemplifies the
growing trend towards using multimodal data to overcome the limitations of single-sensor
systems and improve the overall reliability and accuracy of localisation systems.

Based on these findings, Narayanan et al. [14] introduced ProxEmo, an innovative
algorithm designed for emotion prediction using camera footage. This system combines
visual data with gait analysis using a multiview skeleton graph convolution-based model
to classify emotions. By integrating proxemic fusion with LiDAR data, ProxEmo informs
robot navigation decisions, allowing robots to adjust their paths based on the perceived
emotions of nearby pedestrians. This approach enhances human-robot interaction by
enabling socially aware robotic behaviours, demonstrating the potential of multimodal
systems that fuse visual and spatial data for dynamic emotional recognition and response.

The progress in camera-based sensor technology continued with Zhang and Leonard [15],
who proposed a novel approach to dense mapping using camera sensors, focussing on im-
proving the accuracy of simultaneous localization and mapping (SLAM) for robotic navigation
and environmental mapping. Their method fused depth information from a single RGB image
with learnt outlier masks to improve robustness in dynamic environments. By utilising CNNs
for pose estimation and generating an outlier mask to handle unreliable regions caused by
occlusions or dynamic objects, this approach improved SLAM algorithms. The integration of
semantic segmentation images with depth data enriched the environmental model, making
the system more reliable for complex indoor and outdoor operations.

In the same vein, Yang et al. [16] described the signed distance function SLAM
(SDF-SLAM) technique, which leverages camera data to enhance real-time SLAM per-
formance. By integrating depth estimation and semantic segmentation, this method sig-
nificantly improves navigation and mapping capabilities, showcasing advancements in
camera sensor technology for autonomous systems. The deep-learning-based model pro-
cesses monocular camera images to generate three-dimensional semantic maps, providing
a more detailed and informative understanding of the environment. This multimodal
fusion of depth and semantic data leads to more precise point cloud generation and camera
pose estimation, especially in complex indoor settings where traditional SLAM techniques
may falter.

In 2011, Md Mahfujur Rahman and El Saddik [17] developed a pioneering end-to-end
emotion recognition system that uses camera sensors to capture physical interactions and
facial expressions, providing real-time feedback crucial for human-computer interaction
and behavioural studies. The interactive engagement of this system with users represented
a significant advancement in camera-based emotion recognition, with usability studies
highlighting high user engagement and practical applications across various domains. The
integration of visual data with infrared (IR) sensors and accelerometer readings improved
the accuracy and reliability of emotion detection, allowing for a more precise interpreta-
tion of emotional states through multimodal data fusion. This comprehensive approach
is essential for real-time emotion recognition, ensuring robust and contextually aware
user experiences.

Narayanan et al. [18] explored the application of omnidirectional cameras in mobile
robots for learning behavioral dynamics. These 360-degree cameras capture comprehensive
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data in dynamic environments, improving the robot’s ability to understand and interact
with its surroundings. Their use enables more flexible and robust robotic systems that
can adapt to changing environments and learn from demonstrations. The experiments
demonstrated significant improvements in navigation accuracy and obstacle avoidance,
underscoring the practical benefits of omnidirectional cameras. By integrating visual data
with other sensory inputs, such as sonar or LIDAR, using image segmentation and Gaussian
mixture models (GMMs), the system created a comprehensive map of the environment,
improving the robot’s ability to navigate and avoid obstacles in complex, dynamic settings.

Earlier contributions to the field include the work of Petrushin et al. [19], who in 2005
proposed the multiple sensor indoor surveillance (MSIS) system, which integrates web
cameras, infrared badge identifier (ID) systems, and pan-tilt-zoom (PTZ) cameras to en-
hance indoor surveillance. The combination of these sensor inputs improved the accuracy
and reliability of the monitoring activities, laying the foundation for future multisensor
surveillance systems. Using Bayesian inference and self-organising maps (SOMs) for event
clustering and classification, the system demonstrated early innovation in multisensor
integration. The fusion of visual data with positional tracking from infrared badges al-
lowed precise individual tracking, while PTZ cameras provided dynamic coverage. This
multimodal integration improved person location and event detection, creating a robust
system capable of maintaining accurate surveillance even with incomplete or noisy data.

More recently, in 2023, Wen et al. [20] presented an innovative indoor navigation
method using camera sensors integrated with deep learning techniques for precise po-
sitioning and navigation. This approach, combining advantage actor-critic (A2C) and
cross-modal attention techniques, significantly improved navigation success rates and
reduced trajectory lengths, showcasing the effectiveness of advanced ML algorithms in
autonomous navigation systems. By merging visual data from cameras with language
instructions in a vision and language navigation (VLN) task, the system uses cross-modal
feature fusion and attention mechanisms to align visual and language features. This multi-
modal integration allows the agent to better interpret and execute navigation tasks, while
reinforcement learning optimises action selection, making the system highly effective in
complex indoor environments.

Table 1 underscores the progressive advancements in camera-based sensor technolo-
gies and their transformative impact in various domains.

Table 1. Summary of camera-based sensor studies.

Localized

Reference Year Input Data . Metrics ML Method Outcome
Object
Web cameras, Enhanced surveillance with multiple
Petrushin et al. 2005 infrared badge People Precision. recall Bayesian sensors, achieving a precision of 87.21%
[19] ID system, PTZ P ! inference, SOM  and a recall of 73.55% for people
cameras localization through sensor fusion
Interactive learning experiences
Md Mahfu- . enhancgd thrf)ugh re.al—world object
. Device, Engagement, annotations, improving user
jur Rahmanand 2011 Cameras bili None by 30% in educational
El Saddik [17] maps usability engagement by 30% in educationa
gaming scenarios, particularly among
younger users
N Learns, generalizes behaviors, enabling
Navigation b L d obstacl
Narayanan et al Cameras (Omni- accuracy, robust navigation and obstacle
© 2013 S Robot ! GMM avoidance with a success rate of 100%
[18] directional) obstacle ine ind .
avoidance across varying indoor environments

using Gaussian mixture models
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Table 1. Cont.

Reference Year Input Data g;:;lcltzed Metrics ML Method Outcome
Accurate positioning and navigation
Bai et al. [13] 2019 Cameras Device Pose accuracy 1Var10}1 s deep 111}proved through deep learning rgod.els,
earning models  with pose accuracy enhanced to within
centimeters for indoor environments
. Social navigation enhanced with
Narayanan et al Emotion emotion prediction precision of 82.47%
Y " 2020 Cameras People prediction Conv. model sonp P . T
[14] e leading to safer and more socially-aware
precision . .
robot paths in crowded environments
Improved mapping with pose accuracy
Zhane and Pose accurac enhanced by 28% and robust depth
5 2021 Cameras Object 4 CNN estimation under dynamic object
Leonard [15] robustness . . .
interference using a learned outlier mask
for better occlusion handling
Better point cloud reconstruction with a
Point doud point cloud accuracy of 90%, reducing
Yang et al. [16] 2022 Cameras Env. CNN absolute trajectory error from 0.243 m to
accuracy L o
0.037 m in indoor scenes with rich
feature points
Better navigation and planning achieved,
Navieation Navigation with success rates improved by 5.3% and
Wen et al. [20] 2023 Cameras a en?s success, A2C, attention navigation trajectory length reduced by
& trajectory length 8.2% using cross-modal feature fusion in

unknown environments

4. Camera-Based Positioning With Motion Sensors

In recent years, there has been significant progress in the development of indoor
positioning systems that use camera-based technology in combination with motion sensors.
These systems aim to provide precise localisation in environments where traditional posi-
tioning technologies, such as global positioning system (GPS), are ineffective. By integrating
visual data with inertial measurements, researchers have achieved notable improvements
in accuracy and robustness, addressing challenges such as signal degradation, occlusions,
and dynamic changes in the environment.

The integration of these technologies has the potential to transform various applica-
tions, ranging from navigation in complex indoor environments to emergency response
and augmented reality experiences. This section discusses the methodologies and results
of several studies that have contributed to this rapidly evolving field (Table 2).

A key advantage of combining these two types of sensors is their complementary
nature. Cameras provide rich contextual information and high spatial resolution, while
inertial sensors offer high temporal resolution and robustness to environmental changes.
This combination allows for more accurate and reliable positioning, even in challenging
indoor environments. The studies covered in this section span a range of methodologies,
applications, and innovations, showcasing the versatility and potential of camera-based
positioning systems.

Furthermore, the use of advanced ML techniques has further enhanced the capabilities
of these systems. Deep learning models, in particular, have been instrumental in processing
complex data generated by cameras and motion sensors, enabling more sophisticated and
accurate positioning solutions. As technology continues to evolve, the integration of camera
and motion sensor data is expected to play an increasingly critical role in various fields.

Yan et al. [21] propose a system for indoor pedestrian dead reckoning that integrates
visual tracking and map information. Using inertial sensors and surveillance cameras,
their approach addresses the problem of drift accumulation in position estimation by
supplementing inertial navigation for a hand-held smartphone with vision data. Inertial
sensors, readily available in smartphones, can be used for pedestrian dead reckoning (PDR)
to estimate the current location by tracking user movements from a previously known
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position. However, this approach suffers from drift in position estimation over time. To
mitigate this, Yan et al. [21] integrate vision data from surveillance cameras with inertial
data. A CNN is employed to detect pedestrians in the recorded images, significantly
enhancing the localization accuracy. The system, tested in a real-world office setting using
smartphones, demonstrated enhanced localization accuracy through the integration of
visual and inertial data. The deep learning model used in this study is able to learn
complex patterns from the sensor data, providing a robust solution to the problem of drift
accumulation in inertial systems.

In another study, Turaga and Ivanov [22] describes the “Diamond Sentry” system,
which combines cameras and motion sensors for real-time monitoring of indoor spaces.
This system effectively detects and responds to events using sensor data and camera feeds,
providing accurate activity recognition and event analysis. The minimal commitment
strategy maximises the utility of video data, improving the effectiveness of the system
in event detection. This approach reduces the computational burden by processing only
data when necessary, making it suitable for real-time applications in environments such as
offices and public spaces.

Yan et al. [23] further explore vision-aided PDR, utilizing micro-electro-mechanical
systems (MEMS) and charge-coupled device (CCD) cameras to achieve a mean accuracy
improvement of 11% over uncalibrated inertial systems. Their approach incorporates
deep learning and geographic information systems (GISs), providing a more accurate
and continuous positioning service. The integration of GIS allows the system to correlate
sensor data with spatial information, enhancing the overall accuracy and reliability of the
positioning system. This study also highlights the potential of using publicly available GIS
data to improve indoor navigation solutions.

The fusion of inertial and visual information is also addressed by Xu et al. [24], who in-
troduce a method that combines extreme learning machines and Dempster-Shafer evidence
theory, significantly enhancing localisation accuracy in challenging scenarios, including
occlusions and light changes. The system is tested in a college building, demonstrating
real-time processing capabilities and robustness. The proposed method is particularly
effective in environments with dynamic changes, as it can adapt to new data and update
its predictions accordingly.

Li and Sridharan [25] propose a method that enhances the localization and navigation
of mobile robots by integrating local image gradient cues with temporal visual cues and
range sensor data. The approach employs a combination of maximally stable extremal
regions (MSER) and scale-invariant feature transform (SIFT) for object detection and track-
ing. This visual information is fused with range data using a Kalman filter, which allows
the robot to navigate safely in dynamic environments. The system was tested on a hu-
manoid robot in various indoor settings, demonstrating robust obstacle avoidance and
improved localization accuracy. This methodology highlights the effectiveness of combin-
ing different types of sensory data to improve the overall performance of mobile robots in
complex environments.

A calibration-free visual-inertial fusion technique using deep convolutional recurrent
neural networks (DCRNNSs) is proposed by Soroush Sheikhpour and Atia [26] (2019). This
method learns the navigation parameters and dynamics of the system directly from the
data, eliminating the need for manual calibration. The system shows robust pose estimation
in both indoor and outdoor environments. The DCRNN model is able to capture temporal
dependencies in sensor data, providing a more accurate and reliable positioning solution.
This study demonstrates the potential of using deep learning to simplify the deployment of
indoor navigation systems by reducing the need for extensive calibration.

Dai et al. [27] present an indoor positioning system using millimeter-wave radar and
inertial sensors, designed for visually-degraded environments. Their system successfully
tracks users in real-time, even in poor lighting conditions, by fusing radar and inertial data.
The method employs convolutional and recurrent neural networks, demonstrating good
accuracy and resilience in a dark apartment setting. This approach is particularly useful in
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environments where visual data may be unreliable or unavailable, such as during power
outages or in smoke-filled areas.

Finally, Hu and Liao [28] propose a deep learning and sensor fusion approach for the
location of cameras in real time. Their system achieves high accuracy and efficiency with
an orientation error of 2.5179 degrees and a position error of 0.0222 metres. The method is
tested in an indoor environment, demonstrating its potential for augmented reality (AR)
applications. The use of deep learning models allows the system to process large amounts
of data quickly, making it suitable for real-time applications such as AR navigation and
interactive gaming.

Table 2. Summary of camera-based positioning with motion sensors studies.

Localized

Reference Year Input Data . Metrics ML Method Outcome
Object
Robust localization and tracking of
Obstacle obstacles in dynamic environments,
Liand Surveillance avoidance MSER, SIFT, achieving 'obstacle avoidance with an
. 2010 cameras, range Robot accuracy, . average distance error of 21.7 cm and
Sridharan [25] R Kalman Filter . o
sensors localization bearing error of 1.8° using fused local
error and temporal visual cues with range
sensors
Efficient monitoring, maximizing video
Turaga and Surveillance People, ‘ General ut{)hty by reducing data. overheads by
2011 cameras, Event detection . 60% through sensor-guided camera
Ivanov [22] . event algorithms . .
motion sensors control, leading to real-time, scalable
surveillance in indoor environments
IImproved localization with visual
. tracking, achieving an RMSE of 0.73 m
Surveillance Localization after calibration, with a 10% reduction in
Yan et al. [21] 2018 cameras, Smartphone CNN . T ? L
) error (RMSE) drift over long corridors by combining
motion sensors . K
pedestrian dead reckoning and
visual tracking
More accurate, continuous positioning,
Accuracy . N
. X with localization errors reduced by up to
Surveillance improvement 69.7% through visual trackin
Yan et al. [23] 2018 cameras, GIS, People over Faster R-CNN 70 Irous . &
. . calibration and map information
motion sensors uncalibrated . . L
inertial svstems integration, achieving RMSEs as low as
4 0.51 m for Android and 0.56 m for iOS
Enhanced localization in challenging
Surveillance Localization scenarios, with a mean error as low as
accuracy ELM, D-S 0.07 m and RMSE reduced to 0.10 m
Xu et al. [24] 2018 cameras, Env. . . . o .
MotoN Sensors (Euclidean evidence theory  under interference conditions, using
distance, RMSE) ELM and Dempster-Shafer fusion of
visual and inertial data
Calibration-free robust pose estimation,
reducing localization error by 35%
Soroush Sheikh- Surveillance Pose estimation compared to traditional methods, with a
pour and Atia 2019 cameras, Device DCRNN mean error of less than 0.03 m in
. accuracy L . .
[26] motion sensors dynamic indoor environments, using
deep convolutional recurrent
neural networks
Accurate tracking in degraded
Surveillance Accuracy and environments with a positioning error
Dai et al. [27] 2020 cameras, People cHracy CNN, RNN under 0.5 m and a real-time processing
. resilience .
motion sensors rate of over 20 FPS using mmWave radar
and IMU fusion
High accuracy and efficiency, achieving
Orientation an orientation error of 2.5179° and a
. Sensor data, L L K
Hu and Liao . . error, position position error of 0.0222 m with an
2021 surveillance Device : DNN t .
[28] cameras error, inference inference time under 4 ms per frame,

time

supporting real-time camera localization
in AR applications
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5. Camera-Based Positioning with Radio Signals

Outdoor positioning is generally achieved through a radio interface that receives
signals from one of the available GNSSs. A similar approach based on radio interfaces can
be used indoors, based either on signal strength or timing measurements. In the former, a
path loss model or radio map is used to assess the distance to a fixed anchor (such as Wi-Fi
APs or Bluetooth beacons) based on the observed received signal strength (RSS) values.
In the latter, mobile devices exchange data with the fixed anchors to calculate a relevant
time metric (such as the time of flight) and infer the distance to these anchors. In the next
step, distance estimates are combined using multilateration, which opens the way to indoor
positioning. In this section, we provide examples of the integration of various wireless
technologies within multimodal solutions to provide indoor localisation (as summarized in

Table 3).

Table 3. Summary of works on radio-based positioning.

Reference Year Input Data g{f}.ilcltzed Metrics ML Method Outcome
Neuven et al Localization Vision-radio fusion reduces ranging
guy! : 2014 Camera, UWB Device SVM, VMP error by at least 2 m under NLOS
[29] error e
conditions.
Camera, WiFi,
. inertial and Localization Improved location accuracy (1.32 m at
Liu etal. [30] 2017 magnetic field Smartphone error CNN, PE 95%) through scene (room) recognition.
sensors
N Improved 2D localization of objects
Berz et al. [31] 2017 Camera, RFID Object Localization ANN, SVR, (error below 30 cm at a distance of 2 m)
error k-means
compared to RFID-only case.
Wi-Fi. inertial Localization CNN automatically learns location
Shao et al. [32] 2018 ! Smartphone CNN patterns for a positioning accuracy of
sensors error 1m
UWB, Localization Improved positioning accuracy (by 50%)
Yang et al. [33] 2020 Bluetooth, Device CNN mp d pe d & accuracy by SUo
GNSS error in outdoor/indoor transition regions.
Masiero et al Localization Deep UWB ranging errors reduced by 20% in
’ 2020 Camera, UWB Device learning-based .
[34] error i NLOS settings.
classifier
Ruotsalainen Camera, UWB, . Localization Collaborative, {nfrfastructure—free system
2022 N Device KF, CNN for rescuers (with incremental accuracy
etal. [35] inertial sensors error . .
improvement from visual odometry).
Region-based Feature extraction from both image and
Lin et al. [36] 2022 Camera, Wi-Fi Device localization CNN RSS data improves zone-based
accuracy localization up to 93%.
Camera. Wi-Fi Region-based RSS fingerprints combined with camera
Yan et al. [37] 2023 ’ ! Device localization CNN data reduce positioning error (below 1 m
LTE, Bluetooth X
accuracy at 90th percentile).
Localization UAV localization improved through
Camera, UWB, CNN, LTSM, pose estimation from external cameras,
Kao et al. [38] 2023 . . UAV error .
inertial sensors . deep NN fusion method has lowest global 3D
(translation) .
translation error.
linear
;eagr:sis;gl;’i dee User positioning (with average error of
Chengetal. [39] 2023 Camera, Wi-Fi Smartphone  Distance error r;,dient 8¢ 0.43 m) through feet placement
% . extraction from surveillance cameras.
oosting
regression
Usman Shoukat Localization SLAM system for autonomous robots
et al. [40] 2024 Camera, Wi-Fi Robot error Deep NN with at least 20% higher accuracy than

baseline.
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5.1. Localization Using Wi-Fi

Using Wi-Fi for localisation is an obvious choice considering both the availability of
Wi-Fi networks (indoor deployments are already available in many buildings requiring
navigation, such as shopping centres or airports) and the integration of Wi-Fi interfaces
in modern devices (laptops and smartphones). All the papers reviewed in this section
consider one type of Wi-Fi localisation—based on measuring the RSS values of Wi-Fi
beacons and assuming that the radio signal attenuates only due to path loss (slow fading).
Such values are called fingerprints and must be collected a priori during a dedicated
measurement campaign (site survey) [2]. In addition to the cost of the site survey, this
method is inexpensive as it does not require hardware modifications. Its accuracy, however,
suffers in non-line of sight (NLOS) and fast fading conditions. RSS fingerprinting is not
standardised and achieves a typical accuracy of 10-15 m, which can be improved as shown
in the following papers.

Liu et al. [30] address indoor location for smartphone mobile users using a multisensor
fusion approach. First, smartphone images are used as input for a deep CNN that provides
scene recognition. The identified scene is then matched with a fingerprint database of
Wi-Fi signals and magnetometer measurements. Additional smartphone built-in sensors
(accelerometer, gyrometer, and compass) are used to determine the user’s heading. The
proposed approach outperforms not only a similar system without scene recognition (that
is, only with built-in sensors) but also a commercial indoor localisation platform, achieving
a mean localization error in the evaluated real-world indoor office setting of only 1.32 m. A
similar approach, i.e., using a CNN for camera image-based scene recognition and fusion
with Wi-Fi RSS measurements, is proposed by Lin et al. [36].

Shao et al. [32] also rely on Wi-Fi and magnetic field measurements. However, instead
of using cameras, they analyse the fingerprints as images, which is a surprising and rarely
used approach. The high-resolution fingerprint images are constructed from a time series
of sensor data. The authors design a custom CNN-based positioning model with separate
branches to analyse Wi-Fi and magnetic field data, as well as a unifying branch. This CNN
can automatically learn the relationship between the actual positions and the fingerprint
images. The system was evaluated in an indoor office setting and achieved an accuracy of
about 1 m regardless of smartphone orientations and use patterns.

Yan et al. [37] split the positioning problem into two stages: coarse and refined local-
isation. The first is done using RSS measurements of Bluetooth and cellular, long-term
evolution (LTE) signals together with a support vector machine (SVM) trained to perform
region classification. For the latter, Wi-Fi RSS fingerprints are transformed into images
and combined with images taken from the smartphone’s camera, which then underwent a
pyramidal decomposition. Next, a CNN provides the refined localisation estimate. The
system was evaluated in an office setting, and the authors show that the proposed data
fusion improves both the coarse localisation performance (in terms of the precision of the
region classification) and the refined localisation (in terms of position error), the latter
achieving an average error of below 0.5 m.

While the previous examples rely on smartphone cameras, Cheng et al. [39] use
surveillance cameras combined with Wi-Fi signals to determine the positions of users in
a room. They integrate an existing multi-person pose estimation system to extract foot
placement using a novel algorithm. To reduce errors, this algorithm employs a variety of
classic regression models (linear regression, Bayesian ridge, gradient-boosting regression).
Wi-Fi signals, in the form of RSS values, are used to train the same models, with data taken
simultaneously from two frequency bands (2.4 and 5 GHz). In an experimental setting, the
entire system achieved an accuracy of below 0.5 m.

Wi-Fi fingerprinting can also support SLAM, which is crucial for autonomous robot
navigation. Usman Shoukat et al. [40] present such an algorithm that fuses Wi-Fi signals
(RSS) and images from the robot’s camera. Dynamic time warping (DTW) is used to match
Wi-Fi fingerprint sequences while a YOLO algorithm detects objects. These data are joined
in a graph SLAM algorithm, which provides an optimised trajectory for the robot. In a
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complex industrial environment, the proposed method achieved a positioning accuracy of
about 3 m.

5.2. Localization Using UWB

Using UWB for indoor localisation has several important benefits: highly accurate
time-of-arrival measurements, better wall penetration than other radio technologies, low
energy use, and little interference with coexisting wireless systems [3]. Together, these
benefits bring a localisation accuracy of even below 10 cm, but the main downside is the
necessity of first installing dedicated UWB beacons. Furthermore, despite the penetration
ability mentioned before, NLOS settings remain problematic. Below, we describe papers
that use UWB as part of its multimodal indoor localisation scheme.

The first research paper in this area is by Nguyen et al. [29], who present the fusion of
camera-based imagery with data from an UWB radio to improve localisation accuracy. In
the proposed approach, vision data are used in two ways: (a) to reduce UWB’s positioning
errors in NLOS settings and (b) to provide a cooperative positioning scheme. Regarding
the former, since NLOS signals decrease the accuracy of UWB positioning, they need to be
classified so that they can later be mitigated. Classification is done using SVM with a set of
characteristics that typically consist of the energy received and the kurtosis of the received
UWB waveform. The authors extend this set to include vision data, which reduces the
identification error from 2.27% to 0.48%. The authors also present a cooperative positioning
scheme: agents that can self-locate using camera imagery act as virtual anchors for other,
nearby agents. This cooperation further reduces both the average network position error
and the probability of outages.

A seamless positioning system is required when devices move from outdoor to indoor
environments. Yang et al. [33] design such a system by combining GNSS data (outdoors)
with UWB and Bluetooth data (indoors). This paper is one of the few examples that did
not use camera images. Instead, the system converted the input data into a coordinate
diagram, which is then analysed using a CNN. The evaluation is done with experiments
in the transition region (moving from indoor to outdoor or vice versa), showing that the
average positioning error is reduced by almost 50% to about 20 cm.

UWRB is known to exhibit ranging errors in NLOS settings. Masiero et al. [34] (2020)
address this issue by combining UWB measurements with images onboard the camera.
The proposed system, installed on an autonomous robot that performs SLAM, uses deep
learning to determine if a UWB anchor is visible. In addition to a standard camera, the robot
also has a time of flight (ToF) camera, which measures depth. An experimental evaluation
confirmed that the average positioning error can be reduced by at least 20%.

Indoor navigation is particularly challenging for groups of people operating and
interacting in unknown environments, such as rescuers. Ruotsalainen et al. [35] develop a
collaborative and infrastructure-free system that combines the data collected by each indi-
vidual (camera images and UWB signals) and shares it among the group. A depth camera
detects an object using a CNN, and an experimental trial demonstrated improvement over
existing solutions. However, the authors mention several challenges, including the tempo-
ral lack of visual features, that still need to be addressed in such collaborative systems.

The final paper in this category, by Kao et al. [38] deals with indoor unmanned aerial
vehicle (UAV) positioning. The proposed system integrates not only UWB and surveillance
camera imagery but also data from the inertial sensors installed in a UAV. A CNN provides
pose estimation; inertial characteristics are extracted using a long short-term memory
(LSTM) network, while position estimation from UWB is done using a deep NN. In an
experimental evaluation, the proposed data fusion approach provided the most consistent
performance in pose estimation compared to other approaches.

5.3. Localization Using RFID

Indoor positioning is related not only to providing the location of mobile users but
also to localising stationary items, which is crucial, e.g., in logistics. Berz et al. [31] design
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a multimodal system that adds camera imagery to an existing system based on radio-
frequency identification (RFID). Each object is marked with an RFID tag and a visual
marker, and both are initially analysed in separate subsystems. The first uses a NN model
with RSS values as input, although an alternative SVM-based model is also proposed but
performs worse. The second subsystem uses a k-means computer vision algorithm to find
visual markers, and if the markers can be found, the output is fused with that of the first
subsystem. Experiments in a lab setting showed that adding camera imagery improved
performance by 32% compared to the RFID-only case, and the localisation precision is up
to 9.1 cm.

6. Camera-Based Positioning with LIDAR

LiDAR is a remote sensing method that uses the properties of light (specifically, laser
light) to measure distances with high precision by timing the interval between the emission
of a laser pulse and the detection of its reflection from a target surface. This enables the
construction of detailed three-dimensional representations of the scanned environment.
LiDAR is highly useful for multimodal indoor localization for several reasons. LiDAR can
offer high resolution for accurately modeling complex indoor spaces and capturing fine
details of walls, furniture, and other objects. It provides accurate distance measurements
by calculating the time it takes for a laser pulse to return after hitting an object. LIDAR
systems can detect and map static and dynamic obstacles in real time, enhancing the ability
of localization systems to adapt to changes in the environment, such as moving people or
shifting furniture. LIDAR operates independently of ambient lighting conditions, making
it effective in environments where cameras might struggle due to low light or glare. When
used in a multimodal localization system, it can complement other sensors such as cameras,
inertial measurement units (IMUs) and radio-based systems (Wi-Fi, Bluetooth).

Key Advances in LiDAR-Based Multimodal Positioning

Significant advancements in semiconductor technology, MEMS, and optics led to the
miniaturization of LiDAR systems in the 2010s. This period saw the integration of LIDAR
into various applications, including drones, robotics, and smartphones [41].

One of the first attempts to introduce the combination of LIDAR and camera signals
in the scope of multimodal indoor localisation is the work of Patel et al. [42]. It presents
a novel framework for helping human operators in indoor navigation and map building.
The framework allows a ground vehicle to learn navigation by imitating human steering
commands, thus reducing the operator’s workload. The architecture integrates camera
and LiDAR inputs to output the steering angle of the vehicle, including mechanisms to
avoid static obstacles. The system can decide autonomously or transfer control to a human
operator if it detects unreliable outputs. The paper demonstrates that the system can handle
various conditions in which other frameworks may fail. The proposed method uses deep
neural networks to process and merge data to accurately predict steering commands.

Ito et al. [43] concentrate on the capability of the new type of LIDAR device, namely
single-photon avalanche diode (SPAD) LiDAR and a fusion-based localization method
using a deep convolutional neural network (DCNN) for automated guided vehicles (AGVs).
The SPAD LiDAR utilizes a time-of-flight method and SPAD arrays to output range image
data, monocular image data, and peak intensity image data with the same coordinate
system, eliminating the need for external calibration. The proposed SPAD DCNN method
fuses these outputs to enhance the localization accuracy. The experiments were conducted
in an indoor environment to positively evaluate the system’s performance under various
AGYV trajectories.

The next paper authored by Sun et al. [44] proposes a method to estimate the initial
position of a monocular camera on a 3D LiDAR map without prior localisation information.
This method uses an unsupervised CNN to predict depth images from monocular images
and match them with depth maps projected from the LiDAR point cloud. The approach is
evaluated using the KITTI dataset, demonstrating high precision in the estimation of initial
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positions. The framework is robust and versatile, showing satisfying results in various
scenes without needing to retrain the network for different scenarios. However, one has
to point out that while the authors claim that their goal is to provide indoor positioning,
this scenario has not been tested (the KITTI dataset contains positioning data along with
outdoor visual imaginary).

Jo and Kim [45] address a different challenge: improving the existing localization method
with multimodal fusion. The proposed algorithm, called deep initialization, combines 3D
LiDAR and camera data using a CNN to initialize particles for Monte Carlo localization
(MCL). This approach addresses the limitations of traditional MCL methods that require
long observation times and can suffer from localization failure. The effectiveness of the
system is demonstrated through experiments on a mobile robot platform, showing improved
localization accuracy and robustness. What is interesting is that the authors assessed the
system’s ability to recover from localization failure and robot kidnapping scenarios.

The next study by Liu et al. [46] focuses on the location and navigation tasks of
autonomous drones. A novel deep learning framework named visual-geometric fusion
network (VGF-Net) is developed to combine visual and geometric information to enhance
drone navigation and height mapping in complex environments. It is based on Res-Net
architectures, and its output in the form of a visual-geometric representation is used in the
Directional Attention Model to perform 3D localisation. In addition to outdoor scenarios,
the authors evaluate their approach to indoor localisation for the S3DIS data set [47].

The work of Shuai and Yu [48] formulates another approach to improve the accuracy of
the localisation of indoor mobile robots by combining monocular camera data and LiDAR
technology. The method involves creating a training dataset by projecting a 3D point cloud
map of the known environment onto a grid map, capturing images with a monocular
camera, and assigning coordinates to each image. A deep learning algorithm, based on
CNNgs, is then used to train a model that can determine the camera’s location from 2D RGB
images. The estimated coordinates are refined using LiDAR data to achieve more precise
localisation. This fusion approach improves positioning accuracy and efficiency, providing
better support for robot indoor navigation and operations.

Chen and Hong [49] contribution focuses on improving the perception system of
quadruped robots using a combination of LiDAR and vision sensors. The study compares
single-sensor SLAM methods using either LiDAR or vision sensors and then explores
multisensor SLAM to enhance environmental perception. Here an extended Kalman
filter is being employed for the fusion itself. Additionally, the paper incorporates an
improved YOLOV5 network with adaptive spatial feature fusion (ASFF) for gesture recog-
nition, enabling human-robot interaction. The research findings indicate that multisen-
sor fusion significantly improves mapping and localization accuracy and robustness in
complex environments.

The following two studies enrich the perspective of multimodal LiDAR-based data
fusion by incorporating the signals from inertial sensors. The paper by Cai et al. [50]
integrates data from inertial measurement units (IMUs), LiDAR, and cameras using the
discrete Kalman filter (DKF) and extended Kalman filter (EKF) principles. The fusion
scheme involves a three-step joint filtering model that processes visual data with the YOLO
deep learning target detection algorithm to enhance state estimation. The proposed method
achieves high precision positioning with a low three-dimensional root mean square error
(RMSE) effectively suppressing motion errors in occluded environments. The work of Tian
et al. [51] also includes the addition of a wheel encoder signal. It proposes an improved
grid mapping algorithm [52] designed to enhance the SLAM capabilities of robots. The
improvement is based on the addition of the deep learning-based loop detection method
for better map consistency. For this purpose, a combination of two CNNss is used (AlexNet
and Mobilenet v3-Large). In addition to a positive evaluation with the original GMapping
algorithm, the authors study different fusion schemes (e.g., using only LiDAR end encoder
data or laser, encoder, and IMU data). They summarize that a complete set of multimodal
signals is very beneficial for obtaining accurate SLAM.
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Finally, a recent paper by Wong et al. [53] presents a novel approach to enhance
localisation accuracy and stability for mobile robots in complex indoor environments with
the use of LiDAR, RGB-D cameras, motor encoders, and advanced algorithms such as deep
reinforcement learning (DRL) and adaptive multi-model estimation (MMAE). In the two
simulated cases, their algorithm performed better in terms of accuracy and robustness than
unimodal strategies based only on LiDAR or image processing.

Table 4 covers advances in LIDAR-based applications of multimodal indoor position-
ing methods identified in our study.

Table 4. Summary of LiDAR-based applications of multimodal indoor positioning methods.

Reference Year Input Data Loc'allzed Metrics ML Method Outcome
Object
Accuracy of Accurate navigation through an indoor
Patel et al. [42] 2017 Camera, LIDAR  Robot wracy CNNs environment. Time domain graphs were
localization . .
compared without summary metrics.
. Fusing multiple camera inputs with new
Tto et al. [43] 2018 LIDAR & Vehicle Accqracy of CNNs LiDAR module allowed to reduce
inputs) localization - o
localisation error by 30%.
Precision and Accurate localization—improvement of
Sun et al. [44] 2019 Camera, LIDAR  Device Recall CNNs shape of precision-recall curves—with
(localization) multimodal representation of places
Improved localization with Monte Carlo
. Camera, 3D Accuracy of Localization (MCL) algorithm. Obtained
Joand Kim [45] 2020 LiDAR Robot localization CNNs over 50% RMSE reduction with the
introduced Deep initialisation strategy.
Accuracy of Fusing visual and geometric information
Liu et al. [46] 2021 Camera, LIDAR  Drone Helght map; CNNs for accurate navigation-—over 10%
Navigation navigation success rate improvement for
success S3DIS dataset.

. Improved positioning accuracy with
Shuai and Yu 2021 Camera, LIDAR  Robot Accu.racy of CNNs multimodal input, when compared with
[48] localization .

single sensor approach.
Chen and Hon, Mappin: Extended High performance of the environmental
& 2023 Camera, LIDAR  Robot pping Kalman Filter, &1 pe . )
[49] quality CNNs perception—visual maps provided.
Low-cost and robust multi-sensor
Cai et al. [50] 2023 .Camfzra, LiDAR, Robot Accu.racy of YOLO an.d locahzatlop with multi-robot
inertial sensors localization Kalman filter collaborative
navigation—trajectories provided.
Camera, LiDAR, Ntll?l)ilzmagn d Robust and precise localization with the
Tian et al. [51] 2023 inertial sensors,  Robot ?ocatig’n CNNs improved Gmapping—visual
wheel encoder maps provided.
accuracy
Camera, LIDAR, Accuracy of CNNs, g;%}:l?: atc}::;igdairtlirll(;iﬁzﬁg?s
Wong etal. [53] 2024 IMU, motor Robot racy Reinforcement y . ’
localization . Performance improvement for more
encoder Learning

than 70% test scenarios.

7. Camera-Based Positioning with Other Sensors

The final category of papers concerns fusing image data with sensors such as sound,
magnetic field, or chemical (e-nose) data inputs. It is not a very common approach, as only
three papers of this kind were identified. They are summarized in Table 5.

The paper by Monroy et al. [54] presents a novel approach for localizing gas emission
sources in indoor environments using a mobile robot equipped with vision and chemical
sensors. The system fuses data from these sensors to leverage the semantic relationships
between detected gases and visually recognized objects, improving the efficiency and
accuracy of gas source localization. The approach uses a probabilistic Bayesian framework
to handle uncertainties in gas classification and object recognition, dynamically updating
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the list of potential gas source candidates. A Markov decision process based path planning
algorithm is employed to minimize the search time by prioritizing candidate objects based
on their probabilities and distances.

Table 5. Summary of contributions to camera-based positioning with other sensors.

Reference Year Input Data g{szlcltzed Metrics ML Method Outcome
Robot learns semantic relationships
Monrov et al Camera, Robot among the detected gases and the objects
y ’ 2018 chemical . Event detection =~ CNNs visually recognized. Real experiments
[54] event . . A
sensors with objects and gas sources distributed
along the path.
Using voice commands and images to
enhance robots’ environment
Camera, Navigation understanding. Both qualitative and
Yan etal. [55] 2020 microphone Agent success ratio CNNs quantitative data provided, with the
improvement of path lengths
also observed.
Camera Chesiing buling pace i LT o
Opiela etal. [56] 2023 magnetic field Smartphone  classification LSTM, CNNs & . 4
on camera images. Improvement of
sensors accuracy

approx. 0.1 in F1-score values.

Study of Yan et al. [55] introduces the memory vision-voice indoor navigation (MV'V-
IN) system, which enhances indoor navigation by integrating vision and voice commands.
The MVV-IN system uses a monocular camera to capture RGB images and employs a
self-attention mechanism to focus on key areas, while also incorporating meta-learning
to adapt to new scenes and avoid redundant tasks. The proposed method demonstrates
significant improvements in navigation performance compared to state-of-the-art baselines
through extensive experiments.

Finally, an interesting approach is discussed in the work of Opiela et al. [56]. Not
only does it use a magnetic field sensor along with camera input, but it also employs two
different machine learning approaches—LSTM and CNN. It also transforms the localisation
problem into a classification task, with the building parts being accurately recognized.

8. Summary and Open Challenges

We have reviewed the literature in the area of indoor localization, where positioning
is achieved through ML-based integration of multimodal information, including image
data. Our review clearly indicates the significant advances that indoor positioning systems
have made in recent years thanks to the integration of multiple data sources such as camera
imagery, motion sensors, radio interfaces, and LiDAR measurements. We summarize our
findings below by providing broad conclusions, identifying open research areas, as well as
commenting on the future of indoor positioning systems.

In terms of general conclusions, we first note that all the presented multimodal ap-
proaches improve accuracy (i.e., reduce errors) of indoor positioning. In particular, research
clearly shows that the multimodal approach outperforms a unimodal one. Thus, we expect
that future indoor positioning systems will combine at least two input modalities. Second,
we observe that ML is particularly useful in this area. Machine learning methods for indoor
localization using sensor fusion often leverage CNNs and deep CNN s to integrate data
from multiple sensors. These methods use CNNs to extract features from visual data, such
as RGB images, and combine them with depth or range data from sensors like LiDAR to
improve localization accuracy. By embedding the features from different modalities into a
unified representation, the models enhance environmental perception, allowing for more
accurate navigation and obstacle detection. Furthermore, deep learning architectures such
as YOLO, enhanced with adaptive spatial feature fusion, are used for real-time object detec-
tion and semantic interpretation, further supporting localization by identifying key objects
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and features in the environment. These networks are trained in an end-to-end manner to
predict positional information or make navigational decisions based on the fused sensory
data, ensuring robust performance in complex indoor environments. As our third general
conclusion, we note that an overwhelming majority of research was done experimentally
(i.e., in real-life testbeds), which is commendable. Analytical or simulation studies would
be overly simplified for studying the accuracy of indoor positioning. The research is also
convergent with respect to localized objects (mainly devices such as smartphones) and
metrics used (predominantly the root mean square error of the estimated position).

Despite the described advancements, we can still identify several general research
challenges. First, privacy concerns are paramount due to the widespread use of cameras
in public and private spaces. Ensuring these systems operate without compromising user
privacy and securely handling data is paramount to gaining user trust and regulatory
approval. We have not seen such issues mentioned in the surveyed papers but foresee
that implementing advanced encryption techniques, developing privacy-preserving data
processing algorithms, and establishing clear guidelines for data usage and storage are
necessary steps in this area.

Another research challenge is the appropriate selection of inputs. We believe re-
searchers should focus on integrating data from readily available sources. In the case of
smartphones, these include motion sensors, built-in cameras, and radio interfaces (Wi-Fi
and Bluetooth).

Furthermore, researchers in this field should exploit the advances in artificial intel-
ligence, particularly deep learning, to create more intelligent and adaptive positioning
systems. ML models that continuously learn from new data in real time could handle
dynamic indoor environments more effectively, including such features as moving obstacles
or changing lighting conditions. In this aspect, we foresee the necessity for interdisciplinary
collaboration among experts in computer vision, robotics, and wireless communication to
drive the development of more sophisticated positioning systems. Integrating advanced
computer vision techniques with robotic navigation algorithms could lead to highly accu-
rate and autonomous indoor navigation systems.

Another underexplored area of research is the reduction of power consumption.
Exploring energy-efficient algorithms and hardware implementations is essential for
widespread adoption in portable devices. Reducing power consumption without compro-
mising performance is a key to making positioning systems more practical for continuous
use in mobile and wearable applications. Researchers should take energy efficiency into
account in their designs. However, we can also expect the near-future development of
specialised hardware accelerators for machine learning models and the optimisation of
existing ML algorithms to run efficiently on low-power devices.

An additional research challenge is the evaluation of proposed solutions, which are
typically done in single environments. Meanwhile, testing in real-world environments
such as shopping malls, airports, and industrial sites is crucial. Such extensive large-scale
field trial tests will provide valuable insight into the performance and scalability of these
systems, identifying potential challenges and areas for improvement.

Our final identified general open research area pertains to reproducibility: a key com-
ponent of the advancement of indoor positioning research is the availability of diverse
datasets for training and evaluation. We have analysed the papers to identify the datasets
used therein. Most of the contributions use proprietary datasets that are not enclosed for
replicability. Table 6 summarises the datasets used in the surveyed literature, highlighting
the variety and scope of data that has been instrumental in the development and bench-
marking of these systems. It is our important observation that future research should
continue to leverage and expand such datasets, ensuring that they cover a wide range of
scenarios and environments to improve the generalisability and robustness of positioning
solutions.

We also identify three technology-specific open research challenges. First, there is
a need for more robust and reliable camera systems capable of operating under various
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conditions, such as low light and extreme temperatures. Second, integrating existing camera
sensors with complimentary technologies like LIiDAR and radar can further enhance their
capabilities in terms of indoor positioning. Third, we have not identified any multimodal
indoor positioning system that would consider Wi-Fi Location, which is based on the
fine timing measurement (FTM) feature of the IEEE 802.11 standard, which is an active
point-to-point protocol based on time for positioning, first proposed in IEEE 802.11 REVmc
and later extended in IEEE 802.11az and IEEE 802.11bk.

Table 6. Datasets used in the surveyed literature.

Name Used in Description
VIO Soroush Sheikhpour Dataset for testing the robustness of various VO/VIO methods, acquired on a UAV.

and Atia [26] Contains 4 trajectories, together with image and IMU data.
EuRoC Kao et al. [38] Dataset comprised of 11 sequences with synchronized stereo images, IMU measurements,

and ground-truth poses.
. Indoor scene dataset which contains 6 large-scale indoor areas with 271 rooms. Each point

S3DIS Liuetal. [46] in the scene point cloud is annotated with one of the 13 semantic categories.

Zhane and Leonard Outdoor dataset captured while driving around the mid-size city containing data from
KITTI & two high-resolution color and grayscale video cameras and ground truth from laser

[15], Sun et al. [44]

scanner and a GPS.

We conclude by looking at the future of indoor positioning systems. Integrating these
systems into consumer products, such as smartphones and wearable devices, can extend
their utility, improve user experiences in everyday applications, and pave the way for
new applications and functionalities in healthcare, logistics, and entertainment. Advanced
indoor positioning systems can aid visually impaired individuals, provide precise tracking
for fitness applications, or enable immersive gaming experiences. We maintain that the
integration of deep learning and computer vision with camera sensors opens new opportu-
nities for research and development, paving the way for future innovations. The journey
towards achieving precise indoor localisation continues, with ongoing research addressing
current challenges and exploring new directions for future advancements.
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Abbreviations

The following abbreviations are used in this manuscript:

A2C advantage actor-critic

AP access point

AR augmented reality

CCD charge-coupled device

CNN convolutional neural network

DCNN deep convolutional neural network

DCRNN deep convolutional recurrent neural network
DTW dynamic time warping

FTM fine timing measurement
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GIS geographic information system
GMM Gaussian mixture model

GNSS global navigation satellite system
GPS global positioning system

1D identifier

IMU inertial measurement unit

IR infrared

KF Kalman filter

LBS location-based service

LiDAR light detection and ranging
LSTM long short-term memory

LTE long-term evolution

MEMS micro-electro-mechanical system
ML machine learning

MSER maximally stable extremal regions
MSIS multiple sensor indoor surveillance
NLOS non-line of sight

NN neural network

PDR pedestrian dead reckoning

PF particle filter

PTZ pan-tilt-zoom

RFID radio-frequency identification
RGB red-green-blue

RGB-D red-green-blue-depth

RMSE root mean square error

RSS received signal strength
SDF-SLAM  signed distance function SLAM
SIFT scale-invariant feature transform
SLAM simultaneous localization and mapping
SOM self-organising map

SVM support vector machine

ToF time of flight

UAV unmanned aerial vehicle

UWB ultra-wideband

VLN vision and language navigation
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