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In recent decades, several assistive technologies for visually impaired and blind (VIB) people have been developed to improve their
ability to navigate independently and safely. At the same time, simultaneous localization and mapping (SLAM) techniques have
become sufficiently robust and efficient to be adopted in the development of assistive technologies. In this paper, we first report the
results of an anonymous survey conducted with VIB people to understand their experience and needs; we focus on digital assistive
technologies that help them with indoor and outdoor navigation. Then, we present a literature review of assistive technologies based
on SLAM. We discuss proposed approaches and indicate their pros and cons. We conclude by presenting future opportunities and
challenges in this domain.
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1 INTRODUCTION

One of the topics that many researchers have widely addressed in the past decades is developing assistive technology
as a substitute for the sight of visually impaired people. The main goal of these studies is to guide and assist VIB people
in navigating safely in unknown environments without the help of a sighted assistant. Navigation requires finding
an optimal path to the desired destination, perceiving surroundings, and avoiding obstacles. All these functionalities
need to localize the VIB user accurately in the environment. There are several approaches for localization such as
global positioning system (GPS), radio frequency identification (RFID), and simultaneous localization and mapping
(SLAM) [Alkendi et al. 2021; Panigrahi and Bisoy 2021]. Each has advantages and challenges and is used in different
applications.
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GPS is a localization technique employed in outdoor scenarios due to its affordability to the end user, wide coverage
of the Earth, and easy integration with other technologies. However, this technique suffers from some restrictions that
make it challenging in some scenarios. Satellite signal blockage, inaccuracy, and line-of-sight restrictions in places
affected by walls and other obstacles and being affected by the weather condition are among these limitations [Alkendi
et al. 2021].

Approaches based on RFID utilize small low-cost tags for localization. To localize an agent, a set of RFID tags should
be installed in the environment [Panigrahi and Bisoy 2021]. Although localization can be accurately performed by an
RFID scheme, taking advantage of this technique requires pre-installed infrastructure.

In scenarios where infrastructure-based solutions such as RFID or GPS do not provide adequate accuracy or are not
available, SLAM techniques are used to provide reliable localization. SLAM is an innovative technique that consists of
simultaneously constructing an environment model (map) and estimating the state of an agent moving within it [Cadena
et al. 2016]. SLAM uses diverse types of sensors to determine the position, location, and velocity of an agent, as well
as to detect and avoid obstacles even in a dynamically changing unknown environment. This technique widely uses
infrared (IR), acoustic sensors, cameras, inertial measurement units (IMUs), ultrawide-band (UWB), LiDAR, RADAR,
and RGB-D sensors [Khan et al. 2022b].

The SLAM community has made tremendous strides over the past 35 years, developing large-scale practical applica-
tions, and seeing a steady transition of this technology into the industry [Cadena et al. 2016]. Cadena et al. [Cadena
et al. 2016] have divided the life cycle of SLAM into three periods: the classical age (1986-2004), the algorithmic-analysis
age (2004–2015), and the robust-perception age (2015-present).

The evolution in portable computation and the availability of low-cost, highly accurate, and lightweight sensors such
as cameras and IMUs made them appropriate for pedestrian navigation. By exploiting these advances, many researchers
have recently adopted SLAM to develop assistive technology demonstrators to help VIB people navigate in unknown
environments.

Since the first electronic travel aids (ETAs) emerged around 70 years ago, the development of navigation devices
to guide VIB people through indoor and/or outdoor environments has remained a challenge and a key concern for
researchers [Real and Araujo 2019].

From the traditional to deep-learning-based navigation approaches, researchers have always faced challenges ranging
from technical issues to the limitations of users’ capabilities. As VIB navigation approaches must improve real-time
performance while reducing the size, weight, energy cost, and overall price of the assistive system, these works have
put a lot of effort into coping with constraints in computational issues, sensory equipment, and portable devices. They
also need to provide solutions to calculate the precise position and orientation of the user in a real-time manner. On the
other hand, the challenges of different scenarios including complex and cluttered environments, noisy environments,
and large spaces need be taken into consideration.

Furthermore, the problem of efficient and reliable obstacle detection both in indoor and outdoor environments has
always been a concern. In this regard, other challenges include identifying static and dynamic obstacles, predicting
the risk of collision, understanding moving objects’ motion and estimating their speed, detecting small objects, and
identifying obstacles in different levels of the user’s body from drops in terrain to head-level. In addition, an intuitive,
user-friendly, low-cognitive load method to provide accurate and sufficient environmental information to the user is
also considered an important research target. These methods should be improved to provide adjustable and customized
feedback on demand for different users.
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Moreover, assistive technology ought to provide user safety and independence, hands-free operations, decreased
effort, and backup in case of system failure. In addition to the aforementioned challenges, deep-learning-base solutions
have also special issues such as designing lightweight neural network architecture to reduce computational expense
and providing enough data for the training and validation of the models.

So far, many reviews have been carried out on assistive technologies developed for VIB navigation. Several papers
have reviewed walking assistance systems [Fernandes et al. 2019; Islam et al. 2019; Khan et al. 2021; Manjari et al.
2020; Real and Araujo 2019; Romlay et al. 2021; Zhang et al. 2021b] and provided a detailed classification of developed
approaches. Islam M. et al. [Islam et al. 2019] categorized walking assistants into three groups: sensor-based, computer
vision-based, and smartphone-based. The authors explained the technologies used and inspected each approach and
evaluated some important parameters of each approach such as type of capturing device, type of feedback, working
area, cost, and weight.

Some studies focused on indoor navigation for VIB users [Façanha et al. 2020; Khan et al. 2022a; Plikynas et al. 2020a,b;
Simões et al. 2020; Wang et al. 2021; Zvironas et al. 2019] and some focused on computer-vision–based navigation
systems [Fei et al. 2017; Jafri et al. 2014; Khan et al. 2022a; Sivan and Darsan 2016; Valipoor and de Antonio 2022;
Walle et al. 2022]. Among these papers, [Khan et al. 2022a] conducted a systematic literature review on state-of-the-art
computer vision-based methods used for indoor navigation. The authors described the advantages and limitations of
each solution under review and included a brief description of each method.

A number of review papers on wearable navigation systems have also been published [Chaudhary et al. 2019;
Dakopoulos and Bourbakis 2009; Tapu et al. 2020]. The review given by [Tapu et al. 2020] provides a comprehensive
review of computer vision and machine learning-based assistive methods. The paper divides the existing ETAs into
two groups: active systems providing subject localization and object identification, and passive systems providing
information about the users’ surroundings using a stereo camera, monocular camera, or RGB-D camera.

Other similar studies include a survey of Inertial Measurement Units (IMUs) in assistive technologies for visually
impaired people [Reyes Leiva et al. 2021], a review of urban navigation for VIB people [El-Taher et al. 2021], a survey
paper that reviewed assistive tools based on white canes [Motta et al. 2018], and review papers exploring smartphone-
based navigation devices [Budrionis et al. 2022; Khan and Khusro 2021].

To the best of our knowledge, there is no survey paper on SLAM-based navigation systems for VIB people. Our paper
aims to bridge this gap. Section 2 presents the results of a survey that we conducted with VIB people to understand their
experience and needs in indoor and outdoor navigation. Section 3 reviews SLAM-based solutions for VIB individuals.
Section 4 presents their respective advantages and limitations. Finally, Section 5 proposes future opportunities and
concludes the paper.

2 SURVEY ON VIB NAVIGATION EXPERIENCE AND NEEDS

Investigating and understanding the navigational needs and preferences of VIB individuals in real-life scenarios is
essential to develop appropriate assistive technology to help them navigate safely and independently in unfamiliar
environments. Occasional use of existing technologies by VIB people does not mean they do not need or are not willing
to use these aids, it can indicate that there is a gap between their needs and preferences and the technologies that
have been developed for this purpose. Therefore, to get an overview of the needs, experiences, and challenges for VIB
navigation, we designed and implemented a fully accessible online questionnaire and distributed it to the visually
impaired and blind individuals around the world through 76 persons and organizations.
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The questionnaire was structured in three sections with 17 close-ended and 2 open-ended questions. In the first
section, we asked about personal and sight-related information. In the second section, we asked about the participants’
personal experience with the assistive technologies they use for navigation. In the third section, we asked about their
needs and their preferences for assistive technologies for navigation. We also asked them to share their views about
ideal assistive technologies.

Our audiences are people with vision impairment severity from mild to total blindness in the age range of 15 to 60+
years. Among them, 25 are male, 16 are female and 1 is non-binary. 18 of the respondents were born with a visual
impairment, while 24 lost their visual acuity later. Participants’ information is shown in Table 1

Table 1. Participants information

Feature Number of participants

Region of residence Africa: 11, Asia-Pacific: 4, Eastern Europe: 9, Latin America and
Caribbean:1, Western Europe and North America : 17

Age range 15-30: 9, 30-45: 14, 45-60: 14, 60+: 5
Gender male: 25, female: 16, non-binary: 1
Born with a visual impairment yes: 18, no: 24
Vision impairment severity mild: 4, moderate: 6, severe:17, total blindness: 15

Of the participants, 66.7% use navigation apps on a smartphone as a digital assistive technology. Two thirds of them
are satisfied or very satisfied with this kind of technology. Almost all these users use smartphone applications for
outdoor navigation. However, as one of participants reported, using a smartphone is not a suitable solution for people
with physical disabilities such as polio. Two participants use smart cane, and two others only use white cane, while close
to 24% of participants don’t use any digital assistive technology. High cost, lack of availability, assistance from sighted
people, and use of personal functional vision have been reported as the reasons. Close to 19% of participants who use
assistive technologies for navigation, mainly smartphone apps, reported feedback provided by assistive technologies
is enough to guide them in an unfamiliar place. But most of them considered the amount of feedback insufficient for
places with many obstacles and outdoor places. Also, some of them have reported lack of adequate feedback in noisy
places. Among the participants who use assistive technologies, 93.8% use them for outdoor or both outdoor and indoor
navigation. This shows the importance of outdoor navigation for VIB people. However, more than 70% of the papers
under our review have proposed solutions for indoor scenarios.

To study the results of this survey and figure out the participants’ needs and preferences, we analyzed their responses
from four viewpoints: assistive technology characteristics, environment in which assistive technology is used, routing
and collision avoidance, and feedback.

Assistive technology characteristics. The two most important characteristics of assistive technology reported by
participants are ease of use and low cost. Next in order, the importance of low mental load, low weight of the device,
identification and avoidance of obstacles, and low physical effort are mentioned almost equally. 6.5% of the respondents
also mentioned receiving remote help as an important feature. These people are of different ages and genders. But apart
from one of them, the rest have severe or total blindness vision impairment severity.

Interestingly, 61.9% of our sample prefer to use wearable assistive technology, 28.6% handheld assistive technology,
and the remainder a white cane for navigation. These results show that, although wearable assistive technologies are
most desired, some people still prefer to rely on their white cane as a part of an assistive device. Additionally, except
Manuscript submitted to ACM
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for one respondent with mild visual impairment, the rest of the participants who have desire for handheld assistive
technologies have severe or total blindness visual impairment. Table 3 shows that the above mentioned preferences have
been addressed in several works. As this table demonstrates, half of the papers under our review proposed wearable
assistive technology, and 9 out of 34 papers used canes as the base of their solutions.

Environment. As Figure 1 depicts, navigation in an unknown environment is challenging for VIB people in different
aspects. Finding the objects and places in outdoor environments and finding the way to desired destination are the most
challenging tasks for the participants in the survey when exploring an unfamiliar environment. Finding the objects and
places in indoor environments and detecting the objects and obstacles ahead are among the other challenges reported
in this regard. Other challenges that have been specifically described by respondents that can be considered as open
challenges include:

• Finding the way around in large areas indoors such as big hallways and outdoors such as large avenues or
squares. In these situations, the lack of auditory and tactile clues is mentioned as the most challenging.

• Differentiating obstacles in a dimly lit environment. Despite the importance of this problem, it has not been
considered in the papers under our review. The participant also experiences difficulties tracing his way, especially
for small paths at night.

• Managing to walk through vehicles when crossing streets and walking in crowded spaces. Although several
papers focused on dealing with this problem and provided solutions such as [Son and Weiland 2022], it still
remains a main challenge for VIB people navigation.

• Finding out the number of stairs to reach the destination while going up or down the staircase. In several papers
such as [Katzschmann et al. 2018], the problem of detecting the first step of the staircase has been investigated,
but according to the need stated by one of our survey participants, information about the number of stairs can
be considered as a main challenge. Additionally, the size of the stairs can also be regarded as another challenge.
Since all stairs are not the same size and some are much bigger than usual and one should walk each of them
with two or three steps.

• Avoiding collision with pedestrians. Although this issue has been considered and investigated by some works
such as [Kayukawa et al. 2020], it seems that the result of these studies has not yet been exploited for real-life
scenarios.

Routing and collision avoidance. Obstacles in head level is reported as the most challenging. Meanwhile, the
challenges of chest-; leg-; and ground-level obstacles, and drop-offs are reported almost equally by the participants. 7
out of 42 participants have declared the obstacle avoidance challenge at all levels. The vision impairment severity of
all these people was severe or total blindness. It can be concluded that it is important to pay attention to obstacles at
all levels. Since dealing with all these challenges at the same time complicates the assistive approach and causes new
challenges, the importance of system customization is revealed again. Additionally, for choosing a path when traveling
from one place to another, the participants emphasized routing through an optimal path as obstacle-free as possible.
The options that are in the next priorities include:

(1) Providing route information
(2) Providing constant assistance for navigating from current user location to the desired destination
(3) Routing through the shortest distance
(4) Re-routing quickly from current user position to the desired destination once an obstacle has been detected in

the suggested path
Manuscript submitted to ACM



6 Bamdad and Scaramuzza, et al.

Fig. 1. Most challenging for VIB people when exploring an unfamiliar environment.

(5) Routing through a path with the fastest traveling time
(6) Routing through a path with low cost

Feedback. Over 71% of participants stated speech feedback as a preference to receive information about their
surroundings. Among them, close to 31% wished to combine speech with other types of feedback such as tactile. 9.5% of
the respondents with severe vision impairment chose beeping sound, and one of the participants mentioned beep sound
must be enough loud to alert him. It can be seen that the amount and the intensity of the feedback should be adjusted by
the target users according to their physical conditions and the environment in which they navigate. Of the respondents,
19% regarded tactile (vibration) as proper feedback. One of our audiences stated tactile feedback is somewhat limited
unless users learn a code relevant to the feedback. He mentioned less complex information is fine through vibration.
Another participant reported her preference for speech feedback for directions and haptic/vibrations for obstacles
avoidance. In the case of tactile feedback, most respondents prefer to receive feedback on their arms and hands. Getting
feedback on wrists, shoulders, forehead, feet, and waist are the next priorities. Only one of the participants reported the
willingness to receive feedback on his legs. This participant reported does not matter on which part of the body he
receives feedback.

Table 2 presents participants’ responses to open-ended questions about the ideal assistive technology for navigation.
Based on these comments we can conclude that, due to the variety of needs and preferences, the ideal system would be
a system that can be adjustable and customized for each group of users according to the vision impairment severity,
the environment in which they navigate, the user’s physical health, etc. The participants stated that an ideal assistive
technology is affordable, lightweight, easy to use, and in the form of a smartwatch or smartphone. However, some of them
preferred the assistive technology to be in combination with a cane. Respondents in low- to middle-income countries
emphasized that these technologies should be commercially available and applicable in the informal settlements.
Participants preferred receiving surroundings information on demand during navigation.

Based on the classification of the World Health Organization, distance vision impairment is divided into four classes:
1) mild, 2) moderate, 3) severe, and 4) blindness. Results from our survey confirm each class of visual impairment should
Manuscript submitted to ACM
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Table 2. Participants’ responses to the open-ended survey questions

Features of an ideal assistive technology for navigation

• Being able to navigate informal settlements and slums
• Providing surroundings information on demand during navigation
• Providing distance and nature of the obstacles ahead
• Affordable, easy to use, unobtrusive, light, small, intuitive, accurate, low-tech, solar powered, and off-line
• A watch or a phone
• Smart and if it has buttons, the buttons should have different colors
• In combination with a cane
• Based on mainstream products and services not a bespoke device
• Performing one function perfectly, rather than multiple functions that would be reached approximately
• Commercially available
• Smart glasses that integrate with the smart watch
• A robot that would go at guide dog speed, detect obstacles, and describe the environment on demand

Additional comments or suggestions

• The navigation aids should be designed keeping in mind the low to middle-income countries where access to
government funding for the acquisition of assistive devices is either non-existent or limited.

• Efforts need to be made to ensure the promotion of open-source technology for further improvement in the
future.

• The device should be low-cost for developing countries like Fiji as it is not available here.
• Technological advancement is a little slower in Africa compared to Europe and other parts of the world. Our
physical environment is not well plotted/planned - which makes it difficult for some of the solutions to work
efficiently.

• You did not cater to ordinary white canes, yet these are the ones blind people have used for years.
• Most smart canes end up becoming another distraction from what the cane already tells us. Focus on enhancing
rather than duplicating that feedback.

• When creating assistive devices for navigation for the blind, not well-structured environments, as we have
in most places in Africa should be put under serious consideration. Otherwise, they will be useless to most
Africans with visual impairment.

• My guide dog is the best guide for my security outdoors.
• I am extremely interested in smart white cane.
• In combination with bone-conduction headphones, I should be able to use my smartphone as a navigation
device.

• It would be great if any device could be operated easily with one hand or voice control.

have its own appropriate aid. In other words, a unique solution for all visually impaired users will not satisfy their needs.
This is a point that was clearly stated by one of our survey participants. She emphasized not to develop an assistive
technology that does everything, instead focus on the one function that the technology would run perfectly, rather
than on multiple functions that would be reached approximately. Therefore, developers need to specify precisely which
category of VIB people they want to provide a solution for. This affects the choice of sensors, the type and amount of
feedback, and the type of assistive devices.
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8 Bamdad and Scaramuzza, et al.

From this survey we also found that the prior visual experience of the people who were not born with visual
impairment can help them to perceive the environment different than VIB people who were born with a visual
impairment. Since the questionnaire was distributed from a limited number of channels and only the people who
are familiar with English were the audiences of this questionnaire, our survey was based on a small sample of target
audience, and not the entire VIB population. However, the result can be useful in various aspects of developing assistive
technologies for the VIB user navigation and future research.

3 SLAM-BASED SOLUTION FOR VISUALLY IMPAIRED AND BLIND PEOPLE’S NAVIGATION

Figure 2 depicts the number of research papers (included in this review) that have focused on VIB navigation using
the SLAM technique in recent years. The growth in the number of papers in this domain suggests an advancement of
SLAM techniques and an increase in their usage for developing navigation technologies for VIB people. This section
provides a review of proposed SLAM-based systems based on the three main components of these assistive systems:
sensors used to acquire environmental information, computation units to process data and run navigation algorithms,
and Human-Computer Interaction (HCI) for user feedback. Table 3 summarizes SLAM-based systems included in this
review.

Fig. 2. Publications included in this review on SLAM-based VIB navigation, by year

3.1 Sensors

SLAM architecture (Figure 3) consists of a front-end and back-end. The front-end receives environmental information
from sensors, abstracts them into amenable models for estimation, and sends them to the back-end for mapping,
localization, and data fusion [Cadena et al. 2016]. Sensors are electronic devices used to detect changes in an environment,
such as rotation, motion, light, and distance. There are various sensors used for human navigation systems, including
vision sensors (e.g. depth camera and normal camera), distance sensors (e.g. LiDAR, ultrasonic), position sensors (GPS,
encoder, Bluetooth beacons), and inertial measurement units (IMUs). Since pre-processing in the front-end depends on
the information obtained from the sensors, they are very important for SLAM systems. The choice of sensor type for
Manuscript submitted to ACM
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human navigation systems depends on several factors, such as working area (indoor and/or outdoor), other sensors
used, carrying mode (wearable or handheld), assistive services, time (day and/or night), reliability, range, latency, cost,
size, weight, and many more. For indoor mapping and navigation, O’Reilly et al. [O’Reilly et al. 2019] proposed a novel

Fig. 3. Front- and back-end in a typical SLAM system [Cadena et al. 2016]

approach using an acoustic scene mapping technique. This method is used to represent the positional surrounding sound
source information. This information is provided only by direction-of-arrival estimates of source directions [Evers and
Naylor 2018]. The authors used adapted microphones as key sensors for accumulating information indoors, and mapped
the environment before using it with the SLAM algorithm. Although this idea can be used for 3D scene mapping in low
light conditions, and without the need for other types of sensors, this method can be still affected by environmental
noise, which can cause errors in estimating source location.

With the exception of [O’Reilly et al. 2019] mentioned above, all papers under review adapted different types of
cameras to receive surrounding information. Most recent works used RGB-D cameras as capturing devices. RGB-D is a
sensing system with a color sensor and depth sensor that captures RGB images as well as pixel-wise depth information,
used to identify objects in the environment and estimate their distance to the camera, respectively [Plikynas et al. 2020a;
Tang et al. 2016]. Advantages such as high accuracy, high resolution, low cost, and light weight have made this type of
sensor appropriate for human navigation. The weak points of these sensors are their limited measurement ranges and
the increase in the depth measurement error with increasing distance from the camera. In addition, this type of sensor
has a limited field of view [Tang et al. 2016].

In an effort to compensate for these limitations, [Rui et al. 2021] and [Kayukawa et al. 2020] employed dual RGB-D
camera systems in their designs. The former used two cameras for local obstacle avoidance to identify and avoid
obstacles to the front, left, right, above, and below the user, which provides safe real-time navigation. The latter
utilized two RGB-D cameras mounted on a rolling suitcase to widen the field of view and detect and track surrounding
pedestrians. In addition to the cameras, the rolling suitcase carries an IMU and LiDAR to be able to locate the user’s
position, determine the user’s speed, and predict the risk of collision with pedestrians. [Li et al. 2022] and [Hakim
and Fadhil 2021] used ultrasonic sensors in addition to RGB-D cameras. Ultrasonic sensors [Zhmud et al. 2018] are
appropriate for perceiving surrounding objects (detecting obstacles and determining distance). An ultrasonic sensor is
made up of a transmitter that emits ultrasonic waves and a receiver that perceives the echo. It measures the time it
takes for a signal to travel the distance from the transmitter to the receiver. Since ultrasonic signals are not affected by
sunlight or object color, they can be a good option in different illumination conditions. Although these sensors are
capable of detecting even transparent and glassy objects, they have difficulty determining the distance to small objects.
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The angle of wave radiation to objects is also important. If the ultrasonic sensor is perpendicular to an object, the
distance measurement can be done accurately. But if this angle is so wide that the wave reflected from the objects does
not reach the receiver, the distance is not measured correctly. Li et al. [Li et al. 2022] proposed a wearable cognitive
assistance system for indoor navigation. The authors obtained 3D environmental information using a depth map and
color images of the scene from a RealSense D435i depth camera at a rate of 30 frames/s. This information was used
for navigation by applying the ORB-SLAM2 algorithm and multi-target recognition by applying artificial intelligence
algorithms . They also adopted an ultrasonic module attached to the user’s leg to help in detecting front obstacles in the
range of one meter and more than 10 cm in height.

Some proposed solutions used an Inertial Measurement Unit (IMU) in addition to RGB-D cameras to develop Visual-
Inertial Navigation Systems (VINS) for VIB people. VINS achieve low-cost high tracking accuracy, and offer one of the
best solutions for localization and navigation on restricted platforms [Liu et al. 2020]. An IMU [Ahmad et al. 2013] is
an electronic device consisting of motion and rotation sensors to measure inertial acceleration, angular rotation, and
sometimes magnetic field using 3-axis accelerometers, 3-axis gyroscopes, and 3-axis magnetometers. An IMU with
accelerometers and gyroscopes is considered a 6-axis IMU, while an IMU including magnetometers is considered a
9-axis IMU. Son & Weiland [Son and Weiland 2022] integrated an IMU into a wearable system to guide VIB users at a
signalized crosswalk. This system works on the Robot Operating System (ROS) and is composed of five nodes (one
sensing node, two perception nodes and two planning & feedback nodes). The sensing node sends color and depth
images captured by a Realsense D435 camera, as well as 6-axis IMU values obtained by a BNOO55 compass sensor, to
the perception node in order to run scene understanding and global pose estimation algorithms.

Bai et al. [Bai et al. 2019] proposed a similar wearable prototype for VIB navigation and obstacle recognition in both
indoor and outdoor settings. For data acquisition, the authors used an RGB-D camera and IMU mounted on eyeglasses.
The depth and color images captured by the Intel RealSense D435 camera are used for navigation and recognition tasks,
while the IMU sensor, mounted on top of the camera, obtains the attitude angle of the camera.

For real-time localization used in wayfinding algorithms, Zhang et al. [Zhang et al. 2021a] designed a Robotic
Navigation Aid (RNA) prototype composed of an RGB-D camera and an IMU installed on a white cane. The authors
presented a new Visual-Inertial Odometry (VIO) method for 6-DoF RNA pose estimation with high accuracy in an
architectural floor plan (an architectural CAD drawing). To do so, they first extracted the geometric features such as
walls, doors, junctions, and corners from the camera’s depth data, and then tightly coupled this with visual features
and IMU values in a graph optimization framework. In another publication [Zhang and Ye 2020], the same authors
presented a similar work with a time-of-flight (ToF) camera (for 3D perception) and IMU (for motion measurement). The
proposed navigation system provides both wayfinding and obstacle avoidance functionalities. The authors introduced a
method called plane-aided visual-inertial odometry (PAVIO), which extracts plane features from the camera’s 3D point
cloud, tracks them over the camera’s data frames, and associates these features between frames.

A ToF camera delivers 3D image information and has the potential to capture both intensity (to detect objects) and
depth (to estimate distance) information simultaneously [Jeon et al. 2016; Katzschmann et al. 2018]. This camera is
small in size and requires relatively low computational complexity to process data received from the environment. The
travel time of the infrared light emitted by the IR ToF sensor is used to measure the distance between the object and the
ToF camera. The data provided by this camera is appropriate for creating a 3D point cloud map used in pose estimation
problems and object recognition algorithms. Attributes such as simplicity, affordability, ease of use, high accuracy, and
high frame rate have made this sensor a viable option for use in human navigation systems.
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Plikynas et al. [Plikynas et al. 2022] benefited from the ToF camera in combination with an RGB camera and IMU to
provide an indoor routing process that is crowdsourced to volunteers. Multi-sensory environmental data is sent to a
web cloud server to be processed by machine learning algorithms for the required navigation services. In the navigation
procedure, the ToF camera is used as an “active sensor” (i.e. using an external energy source) , emitting IR light and
providing depth information for obstacle detection. RGB images captured by the RGB camera as a “passive sensor” (i.e.
receiving energy from the environment) are employed for object detection tasks. An object detection algorithm detects
a set of trained object classes in these images. Additionally, these images can be used for scene description and face
recognition assistive services. In this solution, sighted volunteers use a mobile application to mark indoor routes and
manually perform semantic tagging of indoor landmarks such as doors, elevators, and corridors. This information is
sent to the web cloud server and stored in an online database. The VIB user then uses web cloud database routes to
navigate in that specific building.

One of the lesser-used sensor types among the reviewed papers was the ZED camera. A ZED camera is a binocular
vision system that captures two images at the same time and can be used to provide a 3D perception (i.e. the depth
of objects) within a range of 1 to 20 meters and at 100 FPS [Ortiz et al. 2018]. Compared to other stereo cameras, this
camera has a smaller size. ZED stereo cameras can be used in assistive devices for VIB navigation, as presented by Zhao
et al. [Zhao et al. 2019]: With the aim of enhancing VIB corridor navigation, the authors obtained information on indoor
surroundings via a ZED camera for obstacle avoidance and path planning tasks. Using the proposed prototype, users
were able to identify specific points of interest in the corridor such as offices, staircases, toilets, and exits.

As the abovementioned review shows, in the development of navigation systems for VIB people, camera-based
solutions have received by far the most attention from the academic community and developers. Different types of
cameras used in such approaches have advantages such as high accuracy, high resolution, low cost, light weight,
low size, and low power consumption. Even so, vision sensors have drawbacks that originate from the sensitivity of
these sensors to light changes, environments with low texture, or the need for high computational power for image
processing [Debeunne and Vivet 2020]. Such drawbacks can be overcome by combining them with other sensors or by
optimizing the algorithms that use sensor data.

3.2 Computational unit

A SLAM-based navigation assistive system dedicated to VIB people provides a variety of functionalities such as mapping,
localization, path planning, and obstacle detection. To process data and run navigation algorithms, the reviewed papers
adopted two classes of computational resources: local and remote. Local calculations are performed in situ on devices
such as smartphones, tablets, laptops, portable microcontrollers, UP board computers, and in some cases in the initial
development stage, navigation algorithms are carried out on PCs [Liu et al. 2021; Yun et al. 2018]. Smartphones are
widely used as communication gadgets and their technology is continuing to grow, to the point that it is possible for
smartphones to implement functional navigation systems. Since smartphones integrate diverse sensors such as IMU,
GPS, and cameras, they can be used as a convenient tool for collecting environmental information. Additionally, their
computational power can be exploited to perform various navigation operations. For example, the system proposed
by [Bai et al. 2019] implemented all algorithms relevant to data acquisition, ground segmentation, moving direction
search, global path planning, indoor and outdoor localization, and object detection on a smartphone and achieved
real-time performance. Without an additional depth sensor, [Zhang et al. 2019] took advantage of an ARCore-supported
smartphone to track pose and to build a map of the surroundings in real time. However, despite the significant advantages
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of smartphones such as small size, low weight, easy portability, and low cost, their computing power is not enough for
some approaches.

Some reviewed approaches [Zhao et al. 2019] and [Zhang and Ye 2017] perform all or part of the required calculations
locally on a portable computer such as a laptop. Despite higher computing power compared to a smartphone, and
greater security compared to remote computational resources, the laptop’s heavier weight and large size are considered
major disadvantages, especially during long trips.

An alternative solution is to transfer all or part of the calculations to remote computing resources. [Li et al. 2022]
utilized remote servers and [Bai et al. 2017; Chen et al. 2021; Lu et al. 2021b; Plikynas et al. 2022] benefited from cloud
servers. In order to reduce local computing costs, [Li et al. 2022] adopted an embedded computer as well as a remote
server. In the proposed vision-based assistance system, before transferring input images to the server, the images were
time-stamped and encrypted on the embedded computer. The remote server was equipped with CPU as well as GPU
in order to run parallel ORB-SLAM2 and artificial intelligence algorithms for indoor navigation and object detection,
face recognition, and scene text recognition . The experiments conducted by the above-listed authors confirmed that
the use of remote servers under a smooth network connection such as 4G or WiFi can meet the computational needs
of the presented system. However, although the high computing power of remote servers is considered a significant
advantage, constant Internet access over a secure connection is required. Moreover, the performance of the entire
system would be affected by the network condition.

3.3 Human-Computer interaction for feedback

VIB people need alternatives to eyesight in order to understand the surrounding environment, detect desired objects
and places, find the path to their destination, and move safely and independently in the environment. Many use their
sense of hearing to sense the surroundings, and/or rely on a white cane for navigation in an unknown environment.
For this reason, some papers [Chen et al. 2017; Li et al. 2018; Slade et al. 2021; Zhang et al. 2021a; Zhang and Ye 2017]
mounted a Human-Computer Interaction (HCI) module onto a white cane to enhance their guidance. With the aim of
increasing walking speed and reducing mental burden, [Slade et al. 2021] proposed an augmented cane as a navigation
aid for VIB people. The authors investigated the accuracy of different feedback methods including grounded kinesthetic,
vibrotactile, and audio feedback. They provided audio feedback through earbuds to convey audio instructions, grounded
kinesthetic feedback with a motorized omni wheel on the cane which turns the tip of the cane to steer the user, and
vibrotactile feedback using two vibrating motors. The authors noticed that grounded kinesthetic feedback is faster and
more accurate than audio and vibrotactile feedback. A push button was installed on the cane, with which users could
adjust the speed of the grounded kinesthetic feedback or turn it off. In this way, users could customize the settings to
suit their walking speed.

In some studies, the Human-Computer Interface is placed on user body parts to convey feedback to the user. [Li
et al. 2022] mounted a haptic module onto the legs to inform the user about the distance to the obstacles ahead of them.
Although only 1 out of 42 participants in our survey was willing to receive feedback on his legs. This participant has
reported it does not matter on which part of the body he receives feedback. Feedback should convey environmental
information to the user in a timely manner. Additionally, it should allow the user to adapt to it quickly and the received
signals should be effortlessly interpretable. Most research has used audio to transport environmental information to the
VIB user (see Table 3). Despite the advantages of this method such as clear transmission of instructions, its disadvantages
should not be ignored. Devices such as earbuds, earphones, and headsets that transmit audio to the user cover the ears
and prevent the user from hearing ambient sounds. Additionally, audio feedback loses its effectiveness in noisy places.
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Audio feedback can also take longer to guide the user than some other techniques. To tackle this problem, most of the
publications used a combination of audio and tactile feedback. In addition to the aforementioned feedback techniques,
some other types of feedback such as three-dimensional auditory [Fathi et al. 2022] and visual cues [Bai et al. 2018]
have been investigated, which can be adopted to guide VIB individuals depending on their vision impairment severity
and the environment in which they navigate.

4 REVIEW OF PROPOSED SOLUTIONS

Although a real-time uniform assistive system for indoor and outdoor navigation is necessary for human navigation,
due to the variety and difference of challenges in different environments, most of the papers have focused on either
indoor or outdoor settings. There are few solutions for both indoor and outdoor navigation, and a limited number have
provided general solutions for VIB navigation regardless of the environment. Therefore, we categorized the papers
under review based on their working environment, including indoor; outdoor; and combined indoor and outdoor, and
discussed the solutions provided and relevant open issues. Overall, indoor navigation was the most commonly explored
among the reviewed papers. Table 4 shows the research issues, advantages, and disadvantages of each proposed solution
for indoor navigation. The pros and cons of other solutions are given in table 5.

4.1 Indoor navigation

The main goal of autonomous navigation is to safely navigate through an unfamiliar environment from the start to
the target position while maintaining a safe path and generating an optimal path length [Gul et al. 2019]. Currently,
numerous solutions have been proposed for VIB navigation in an unknown scenario, some of which have used SLAM
techniques. In scenarios where positioning infrastructure-based solutions such as beacons or GPS do not provide
adequate accuracy or are not available, SLAM techniques are adopted to provide reliable localization. Importantly, these
systems must have high efficiency and high reliability to guide users safely and independently in unseen environments.
To navigate collision-free in an indoor unknown environment, five major challenges should be considered: scene
understanding, object detection/obstacle avoidance, localization, wayfinding, and key object localization. In what
follows, we summarize the reported solutions in the papers under review for these five issues.

4.1.1 Scene understanding. In order to navigate safely and efficiently, it is necessary for VIB users to have a high-level
understanding of their surroundings. To enable this, assistive devices use sensors to collect environmental information
which is then conveyed to the used via feedback; this is referred to as scene understanding. In a novel approach, [Plikynas
et al. 2022] collects environmental and indoor route information by collaborating with sighted volunteers. Using an
android mobile application, volunteers load a 2D floor evacuation plan, walk through indoor paths, and perform
semantic tagging of places of interest such as elevators and stairs. Additional data collected by IMU, stereo, and IR
(depth) cameras is transferred to a cloud server, where an ORB-SLAM3 algorithm uses it to generate paths which are
then saved in cloud storage. In navigation mode, VIB users specify the desired destination using an android mobile
application and are guided by verbal commands and tactile feedback. If users encounter an unknown obstacle or lose
their way, they can contact the registered volunteers and ask for help. By receiving the user’s current location and 2D
floor map, volunteers are able to guide users. The proposed solution is still in the study stage and does not yet have
the necessary accuracy or efficiency. Additionally, this approach has not been evaluated in a real-world situation, and
the use of the cloud platform and its relevant challenges have not been investigated. Moreover, the authors have not
mentioned whether this system can be used in navigation between floors, considering that stairs are often one of the
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biggest indoor challenges users face. However, knowing that the number of routes in an indoor environment is limited
and it is possible to build trajectories related to all possible paths, this method shows potential for indoor navigation –
especially where additional infrastructure-related costs (such as installing Bluetooth beacons and RFID tags) would be
untenable.

[Li et al. 2018] also takes help from sighted people to collect indoor semantic environmental information. This
paper presents an application called ISANA, which is implemented on a Google Tango tablet containing an RGB-D
camera, a wide-angle camera and a 9-axis IMU. To provide visual positioning, a Google Tango tablet receives IMU
and fisheye camera data and saves a visual features model in an Area Description File (ADF). ISANA leverages this
positioning service to localize the user on a semantic map. To do so, the authors developed a map editor that receives
Computer-Aided Design models (CAD) of a building as input and produces a semantic map (the indoor map with spatial
context-aware information); the map consists of three geometric layers including a global 2D traversable grid map
layer, an area and point of interest layer, and a topological layer. An algorithm designed by the authors then aligns the
semantic map layers with the ADF. This paper additionally developed an obstacle avoidance solution, which is able to
identify dynamic objects in the scene and guide the user on a safe path to the desired destination . The assistive system
guides the user along the route via speech-audio and haptic interaction through a CCNY SmartCane [Chen et al. 2017].

4.1.2 Obstacle avoidance. Obstacle avoidance refers to the task of walking through the desired path without colliding
with static and dynamic obstacles. Several publications only consider static obstacles, while some papers also explore
dynamic obstacle avoidance. By adopting the panoptic segmentation technique, [Ou et al. 2022] proposes an assistive
aid to help VIB users become aware of dynamic objects and perceive their motion. In order to estimate the ego motion
of dynamic objects on the scene, static keypoints are obtained via sparse-feature visual SLAM and are combined with
dynamic keypoints. Dynamic keypoints are obtained by optical flow tracking and are used to identify and track dynamic
objects. This method uses the PanopticFCNl network to perform panoptic segmentation. Although the computational
complexity of this system depends on the number of dynamic objects, this method is able to provide a variety of data to
the user including the number of dynamic objects, average distance, position, speed, and possible direction of movement.
Identifying objects that move quickly in the environment is one of the significant advantages of this solution.

In another work, [Lu et al. 2021a] proposed a deep reinforcement learning-based guiding robot that can effectively
avoid dynamic obstacles. In addition, the authors compared two localization methods: SLAM localization and UWB
localization. They found that navigation using UWB positioning was more stable and efficient than when SLAM
localization was used, and resulted in significantly shorter trial times. SLAM results were also more vulnerable to
errors when the user encountered a passing pedestrian. According to the results reported in this paper, although SLAM
trajectories are smoother than UWB trajectories as long as pedestrians have not passed, SLAM is vulnerable in certain
dynamic scenarios. This work integrated on-handle and on-beacon speakers to provide verbal feedback to the user.
However, such speakers may not always be audible in crowded environments, and in real-life scenarios it may disturb
other pedestrians. Considering that the location of the guiding robot is estimated by the positioning algorithm, and the
robot moves a certain distance ahead of the user, the authors have not determined whether there is a possibility of user
collision when a dynamic object or pedestrian enters a scene. Furthermore, due to the large size of the robot, navigation
through narrow passages is challenging, especially when more than one user is in the scene.

4.1.3 Localization. Real-time localization of a user in an environment is crucial to enabling different functionalities such
as obstacle avoidance and pathfinding. The higher the accuracy of user pose estimation, the higher the performance of
locating the user in the environment, his/her position relative to obstacles, and guiding him/her safely to the destination
Manuscript submitted to ACM
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on a collision-free path. The accumulation of pose estimation errors in the navigation process can lead to the failure of
the navigation system. Therefore, reducing pose errors is very important.

In order to estimate accurate and real-time user pose in an indoor environment, [Zhang et al. 2021a] presented a
new visual positioning system consisting of a novel visual-inertial odometry method and a particle filter localization
method. Using a particle filter technique and 2D floor map of the environment, the proposed method reduced pose
estimation error and increased localization accuracy. To evaluate the proposed positioning method, this study designed
a prototype system for VIB navigation. In order to collect environmental and inertial data, an RGB-D camera and an
IMU were mounted on a cane whose movement is controlled by a motor to guide the user to the correct direction.
From the point of view of the assistive device, installing all the hardware needed for the navigation system, including
sensors, guiding motor, and UP Board computer on the cane makes it heavy. Additionally, it is necessary to explore the
accuracy of this method in complex conditions such as changing illumination conditions. However, considering that
the proposed method reduces the accumulated pose error, it could be used in large-scale indoor navigation.

Exploiting existing frameworks can be a good solution for developing navigation aids. To solve the problem of
localization drifts caused by accumulative pose errors, [Zhang et al. 2019] used Google ARCore vision SLAM to track
user’s poses and build a map of the environment in real time. ARCore is Google’s platform with three key capabilities
including motion tracking, environmental understanding, and light estimation which can be used for localization,
grasping the real-world environment, and evaluating ambient lighting conditions, respectively. The proposed system
performs localization based on the Area Learning technique. Area Learning is a mechanism to understand and remember
surroundings [Marques et al. 2018]. This work labeled the area of interest in CAD maps of the building and then,
with the help of sighted people, created a sparse map of the environment using Google ARCore. Finally, mapping
between the points in these two representations was acquired. As the authors reported, benefiting from ARCore, the
proposed solution showed acceptable mapping and tracking results. In addition, using ARCore area learning, the authors
proposed a path planning algorithm that provides safe and efficient indoor navigation for users. Along the path, users
are guided forward and warned of obstacles by a dual-channel feedback system consisting of haptic gloves and an
audio interface. In terms of feedback, test users declared that haptic gloves are cumbersome. Additionally, in different
weather conditions, such as hot weather, the gloves can be uncomfortably warm and the system can lose efficiency due
to sweating of the user’s hands.

4.1.4 Wayfinding. Wayfinding is the process of determining and following a path or route between an origin and a
destination. The assistive system should be able to find the optimal path from the current user’s location to his/her
desired destination and to determine the target direction in real time. In addition, it is of great importance to design
a guidance technique that helps users to go through the path smoothly and accurately. To increase path-following
performance, [Liu et al. 2021] focused on guiding the user to follow a path and explored two types of directional
feedback methods including Tactus-Only and Tactus+Audio. They have designed a Tactile Compass by which users can
recognize their deviation from the path and perceive the direction. In order to develop an assistive navigation system,
this paper considers the use of SLAM technique for positioning and path planning as the best solution to integrate with
the proposed feedback method. Although this approach was in the study stage at the time of publication, the idea of
this work can be integrated with other tasks relevant to VIB navigation to improve path-following tasks and reduce the
user’s cognitive load.

On the other hand, [Zhang and Ye 2017] focused on the wayfinding algorithm and guided the user via speech
feedback. This work presented a new pose estimation method with client-server architecture for real-time wayfinding.
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This solution uses a 3D camera mounted on a computer-vision-enhanced white cane for environment perception and
obstacle detection. The authors compared the proposed method with planar SLAM and RGBD-SLAM and reported that
the proposed method shows better results for pose estimation with less computation time. Considering that the focus
of each paper is on one of the wayfinding issues, it is good to take advantage of each method and try to resolve the
challenges of the navigation system by integrating the proposed methods.

4.1.5 Key object localization. Finding a desired object or place such as a chair or stairs is a core task in VIB navigation
and can improve the quality of user navigation in unknown environments. In this regard, [Lu et al. 2021b] uses Google
glasses to perform interactive indoor navigation. After the user gives a spoken description of the desired target, the
objects in the scene are identified from images captured by the Google glasses using the YOLOv4 algorithm. Then the
system associates the user’s description with existing objects in the scene. Using a classic model of image captioning,
the user receives a description of the detected objects and is asked whether the object matches the target of interest.
Based on the users’ answers, the recognition model is re-trained and will be used in subsequent similar navigations.
Using a pre-built map, this work uses OpenVSLAM for user localization. It seems that the presented system only works
in a room and is not designed for navigation through buildings. Extending the capabilities of this solution and adding
services such as detecting dynamic objects or face recognition could contribute to a comprehensive navigation system
for VIB users.

In addition to an indoor navigation approach, [Xu et al. 2021] proposed a lightweight object detection solution
and provided the identification of the object of interest functionality. By leveraging YOLOV4 network, the proposed
system estimates the 3D position and semantic information of objects of interest and transmits this information to the
user through audio and haptic feedback. In order to optimize the calculation speed of the YoloV4 network and also to
improve the detection performance, the authors modified the structure of this network. For this purpose, they used
MobilenetV3 instead of CSP-Darknet53 as the backbone of YOLOV4. Furthermore, 3x3 traditional convolution was
replaced with depthwise separable convolution. Additionally, they added attention modules to the feature map acquired
by MobilenetV3. For positioning functionality, the proposed method constructed the indoor 3D sparse point cloud map
by leveraging the ORB-SLAM2 algorithm. One of the notable advantages of this system is the possibility of selecting
the appropriate system mode including navigation or finding a specific object. In this case, unnecessary feedback will
not be delivered to the user and the amount of cognitive load is reduced. However, this paper does not mention the
efficiency of the system in the face of moving obstacles and complex situations such as changing light, which are two of
the most important challenges in navigation.

4.2 Outdoor navigation

Most of the publications under review used the SLAM technique for VIB navigation in indoor settings. However,
some of them used SLAM techniques to deal with outdoor navigation challenges. Since the challenges in complex
outdoor environments are many and various, each paper focuses on a specific challenge such as crossing the street,
walking seamlessly with nearby pedestrians, and decreasing cognitive burden. Among them, [Son and Weiland 2022]
introduced a system to guide users to cross the street independently. This system adopted RGB-D camera and IMU to
collect environmental information. With its appropriate verbal feedback, the user can choose their walking speed when
crossing the pedestrian lane. Even though the hardware used is commercially available, it is not applicable in real-life
scenarios since this system does not have the ability of object detection and safety still remains an issue. Another
limitation of this system is that it can only be used for crosswalks with Tenji bricks (red sidewalk tiles with raised
Manuscript submitted to ACM



SLAM for Visually Impaired People: A Survey 19

bumps), but no solution has been provided for other types such as crosswalks without zebra stripes, without Tenji
bricks, and without traffic lights. Although this paper only examines a very specific problem with many constraints
which cannot be used in real-world situations, the ideas and algorithms proposed can be used in the development of a
system for navigation in both indoor and outdoor environments.

With the aim of navigating the last few meters from the sidewalk to a building entrance, [Weiss et al. 2020] introduces
an open-source and novel simulated environment. This is a serious challenge that was also reported by one of our
survey participants. This study examined the use of Reinforcement Learning methods for learning agents aiming to
help with VIB navigation tasks. The authors profited from ORB- SLAM2 method to obtain camera poses from which a
2-D graph is built. This graph can be used to determine the shortest path between any two poses which can be exploited
for pathfinding tasks. Despite the navigation task was successfully done with a rate of 74.9% using the proposed trained
model, the solution only works in the training region and is not generalized to other regions. The authors also did not
mention the other challenges such as occlusion, for example when the entrance door of the target building is blocked
by a big truck.

Faced with appearance variation issues, including changes in lighting and viewing angle, dynamic objects, and
motion blur, [Cheng et al. 2021] proposed an open-source solution for visual localization. In this approach, a unified
descriptor network called Dual Desc is designed to extract both global and 2D-3D local descriptors from multimodal
images. Images are captured by an RGB-D-IR camera integrated into a commercialized wearable assistive device called
Intoer. As the authors reported an acceptable performance for their localization approach on real-world datasets under
the outdoor scenario of assistive navigation, this idea can be integrated with other navigation aspects such as scene
understanding and feedback methods to develop a navigation solution.

In terms of localization challenges, both methods proposed in [Cheng et al. 2021] and [Duh et al. 2020] are reliable
under lighting changes. [Duh et al. 2020] proposed a new vision-based localization method for relative and global pose
estimation. This method uses an ORB-SLAM algorithm to estimate the relative pose of every frame from a monocular
camera. Then it runs a model-based localization algorithm to estimate global pose. These two estimations are performed
on different computational resources that can extend the computational latency.

[Cheng et al. 2021] profited from a unified deep network to extract both local and global descriptors from RGB,
infrared, and depth images. The global descriptors are used to retrieve the coarse candidates of query images from which
the optimal results are selected in the geometric verification process. Inspired by SeqSLAM, this approach has also
added a sequence matching step to robustify the localization results by synthesizing the verified results of successive
frames. [Duh et al. 2020]’s solution will be described further in section 4.3.

4.3 Combined indoor and outdoor navigation

Although the assistive aids that simultaneously tackle all the challenges related to indoor and outdoor navigation as
well as navigating between indoor and outdoor environments are crucial for VIB people, few studies have addressed this
issue. The most impressive recent research study, [Slade et al. 2021], proposed an augmented cane that has significantly
improved the user’s mobility and overcomes more navigational challenges than similar works before it. In addition
to indoor and outdoor navigation, this paper has also worked on combined indoor and outdoor navigation. Another
significant advantage is the use of a white cane as the basis of the system for obstacle avoidance in the event of a system
failure. The abovementioned strengths, as well as being an open-source framework and the low cost of augmented
cane, have made this work a foundation for further research. However, it still has disadvantages such as being heavy
and not being hands-free.
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While most assistive systems propose an alternative path around the detected obstacles, [Kayukawa et al. 2020] offers
an additional walking mode, called on-path, that guides VIB users to avoid moving obstacles without changing their path
by adjusting their walking speed. Attaching a camera, IMU and LiDAR as well as feedback interfaces on the handle of a
suitcase, the system guides the user for navigation in public places such as train stations or shopping centers equipped
with tactile paving. In order to localize the user in real time, this design uses a SLAM-based localization method that
receives IMU and LiDAR sensor information and compares it with a 3D point cloud map previously generated. It also
profited from two RGB-D cameras to detect and track pedestrians. Like [Slade et al. 2021], this study also uses various
sensors to obtain environmental information, with the difference that [Slade et al. 2021] used a white cane as a sensor
carrier and a backup in case of system failure. In this work, the users carry their white canes in addition to the suitcase.

Compared to [Slade et al. 2021], this system can only be used in flat spaces with tactile paving, while such assumptions
do not limit the functionality of the system presented in [Slade et al. 2021]. In addition, this system considers moving
pedestrians as dynamic objects and standing pedestrians as static objects, and does not consider other types of obstacles
at different levels of the user’s body. Both prototypes, proposed in [Slade et al. 2021] and [Kayukawa et al. 2020], install
the tactile interface on the assistive device. While [Slade et al. 2021] adopts a grounded kinesthetic attached at the tip of
the white cane to steer the user, to show the correct direction, [Kayukawa et al. 2020] attaches a directional lever on the
suitcase handle. Another constraint of this work is that the direction of the suitcase affects the accuracy of collision
prediction, and the suitcase should be moved in the direction of the user’s movement, while using [Slade et al. 2021]’s
augmented cane, the user can move the cane freely in any direction. However, combining the ideas of these two works
can lead to providing a comprehensive navigation system for VIB people.

To deal with the challenge of moving obstacles in the environment and estimating the exact position and orientation
of VIB users to select an optimal path during navigation, [Duh et al. 2020] presented a new localization method
called VB-GPS, which uses Visual SLAM and image-based localization methods for relative and global pose estimation.
This method outperformed three state-of-the-art positioning methods including ORB-SLAM, MBL, and PoseNet. The
proposed solution distributed calculations on a local computer and two remote servers. Although using servers has
its advantages, it also brings challenges such as network security, constant network connectivity, and user privacy,
especially in this work with two separate servers these challenges become more prominent. To evaluate the system,
the authors designed a real-life scenario based on which the users perform indoor, outdoor, and between indoor and
outdoor navigation. Although the participants reported safe and independent navigation, considering the feedback
is transmitted to the user through voice, the paper did not investigate the efficiency of the system in crowded places
and did not evaluate the amount of feedback load in such scenarios. In addition, like most papers, this work did not
consider the user’s navigation status in case of assistive system or remote server failure. Moreover, the authors have
not considered the problem of obstacles at different levels.

Focusing on navigation and scene perception, [Bai et al. 2019] proposed a wearable assistive aid for navigation in
both indoor and outdoor environments. The proposed prototype, which senses the environment with an RGB-D camera
and IMU mounted on a pair of glasses, can estimate the user’s location by using an indoor map provided by visual
SLAM and smartphone GPS module, in indoor and outdoor scenarios, respectively. This information will be used for the
path planning stage. The experiments show that, compared to a white cane, this approach is more efficient while also is
able to detect hanging objects that are difficult for a white cane to detect. However, it is not able to detect small objects.
In this system, the user receives feedback only through audio, which has some limitations as mentioned in section 3.3.
This work takes advantage of a smartphone to store the trained object-recognition models and indoor maps, to run
navigation and perception algorithms, as well as to transfer feedback to the user while achieving real-time performance.
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In case of encountering an obstacle during the path following process, this publication suggests that instead of changing
the path, the user can receive more information about the obstacle, so that if it is moveable, he/she moves it, clears the
path, and follows the current path. Taking advantage of this idea to develop a comprehensive assistive device, reduces
navigation time and the risk of becoming disoriented.

5 FUTURE OPPORTUNITIES AND CONCLUSION

Despite significant advances in autonomous navigation, pedestrian navigation remains challenging, particularly for VIB
people. An effective navigation system for VIB people needs to meet mobility metrics such as decreasing navigation
time, decreasing navigation distance, decreasing contact with the environment, and increasing walking speed. These
systems must have high accuracy and efficiency in complex situations such as crowded places and changing light and
weather conditions. At the same time, assistive aids should be comfortable, easy to use, unobtrusive, cost-effective,
lightweight, and reduce cognitive load. In this review paper, we studied the publications that have used SLAM technique
in their approaches. One of the advantages of SLAM is that this technique can be used in any location, and there is
no need for pre-built maps or additional infrastructures like Bluetooth beacons or RFID tags. However, there is still
much room for improvement, not only in user localization in an unknown environment but also in other aspects of
navigation systems.

Due to the rapid development of hardware technologies, computer vision, and deep learning techniques, the existing
challenges in this area will be solved over time. Future studies should pay more attention to diverse aspects of VIB
navigation, including technologies for sensing the environment and obtaining surrounding data, techniques to process
ambient data and provide semantic information for the users, solutions to perform real-time positioning and pathfinding,
techniques to detect and recognize surrounding objects, and techniques to deliver environmental information to the
user with low concentration and low cognitive load. Object detection and recognition are especially essential, as they
are needed for obstacle avoidance. However, obstacle avoidance remains a significant challenge since it must factor in
obstacles at different body levels, drop-offs, uneven steps, pillars, moving obstacles, and small-size obstacles. Recognition
accuracy and the number of object classes that can be realized by the system are other issues that need to be addressed.

One of the most important aspects of assistive devices is computing resources. This must be powerful enough to
perform calculations in real time, at the same time it must be light, small and portable. To deal with this challenge, some
studies have transferred computing to the cloud and remote servers. Although this solution significantly reduces the
weight of assistive devices and provides access to powerful computing resources, it also raises new challenges, such as
the need for constant access to the Internet and security as well as privacy issues. Given that localization is a requisite
for navigation that must be performed with high accuracy in real time, it should be considered carefully to improve the
stability, robustness, and accuracy of relevant algorithms and to minimize delay for real-time processing.

Feedback modules also require special attention, since they are the only part of an assistive device that directly
communicates with the users and must convey information in an efficient and intuitive manner. Although many works
(e.g. [Liu et al. 2021; Rui et al. 2021; Slade et al. 2021]) have studied enhancements in human-computer interaction, it
remains an unsolved problem, especially in crowded and noisy environments where there is a lot of environmental data.
In such a situation, an adequate method is required to provide intuitive and user-friendly feedback to deliver accurate
and sufficient information to the user in real time.

Wherever possible, assistive devices should not create added challenges in terms of weight, size, portability, and
physical demands. For this reason, reducing size/weight and enhancing appearance still need to be better addressed.
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Another issue that has been less focused on is system performance in complicated scenarios such as different lighting,
seasonal, and weather conditions.

We noticed that most of the papers under review employed traditional SLAM approaches such as ORB-SLAM2. These
techniques have difficulty dealing with low-texture and no-texture areas, low-light and excessively bright conditions [Li
et al. 2021], and SLAMIDE issues (i.e. SLAM in dynamic environments) [Bibby and Reid 2007]. Deep learning-based
SLAM solutions replace traditional hand-made features with deep learning-based features to improve the accuracy
and stability of the SLAM system [Li et al. 2020, 2021]. Deep learning can be also used to replace loop closure and
pose estimation modules in traditional SLAM to improve on traditional methods [Chen et al. 2022]. Deep learning
technology can be adopted to detect dynamic objects at a semantic level. The advantages of this integration can be used
to increase pedestrian navigation systems’ efficiency in challenging environments.

We also observed that all the reviewed approaches are prototypes in the earlier stages of research and not yet at the
stage of a practical product. One possible reason for this is a lack of a unified community or group to invest in and focus
on solving VIB navigation challenges. Most work in this area is carried out by academic groups or small companies,
and as such it often fails to result in a feasible final product.
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