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Abstract

Map-less Navigation for Blind People
by Masaki Kuribayashi

This dissertation presents map-less navigation systems that assist blind people with-
out relying on pre-prepared environmental information, to enable scalable deploy-
ment across diverse environments. While existing assistive navigation systems pro-
vide turn-by-turn guidance, their deployment remains limited because they require
prebuilt maps and infrastructure, which incur substantial costs for creation and
maintenance. Aiming for the future where blind users would be able to use assistive
navigation systems in various places, we aim to overcome this scalability issue by
removing the necessity of prebuilt maps and infrastructure.

To this end, we propose four systems: two smartphone systems, Corridor-Walker
and Snap&Nayv, and two robot systems, PathFinder and WanderGuide. However, re-
moving maps introduces challenges, as the system does not know the environment
in advance, where to guide the user, or what kind of information needs to be de-
tected and conveyed. This contrasts with map-based systems, which can determine
all of these aspects beforehand. To address this, we adopt collaborative interaction,
where users actively engage in the system’s sensing and decision-making processes
to complement the capability limitations that arise from the map-less setting.

Two smartphone systems, Corridor-Walker and Snap&Nav, adopted active scan-
ning by users so that the system can provide richer environmental information about
intersections, enabling more accurate navigation. Snap&Nav extends collaboration
beyond the system and user to include sighted assistants, who contribute by cap-
turing a floor map to obtain route information. For the robot system PathFinder,
we adopted an interaction model inspired by guide dogs, where the robot takes
over mobility while the user participates in decision-making processes such as de-
termining the direction to proceed. We enhanced this capability by incorporating
functionalities such as sign recognition, which was designed through a participa-
tory study. Furthermore, we extend the potential of a map-less system to exploration
tasks by utilizing a multimodal large language model (MLLM) to describe the sur-
rounding environment. Through participatory design, we developed functionalities
to enhance exploration, such as a revisiting feature that allows users to return to
previously visited locations. This enables users to identify places of interest based
on MLLM-generated descriptions and visit them again. Finally, this dissertation de-
veloped the visual language navigation (VLN) benchmark Memory-Maze, which
mimics scenarios where a robot navigates to the destination based on instructions
provided by sighted passersby. Memory-Maze enables the robot to assist the user’s
decision-making process, which occurs within collaborative interaction.

Through user studies, we found that these map-less navigation systems increased
confidence and reduced cognitive load compared to traditional aids, with partici-
pants accepting longer travel times in exchange for greater independence and broader
applicability. Based on these results, situate our findings within the field of human-
computer interaction, for example, the balance between a rich experience and task
completion time. We also discuss future directions for our system, such as active
participation in the control of the robot by utilizing VLN technology.
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Chapter 1

Introduction

1.1 Background

Existing Map-Based Navigation Systems Proposed Map-less Navigation System

Preparation/Maintainance
of maps and infrastructure Own a Navigation Robot
or

Have a Few Smartphone
Navigation Application

2
GoTo Specific Facility o\ 7 redto . Instal Facility Nawgate in Vanous Buildings—>

Facility Waiting Specific Application

FIGURE 1.1: Map-less Navigation System Vision. Existing map-based systems are cus-
tomized to specific facilities due to the need for infrastructure and pre-built maps. As a
result, smartphone users must install different applications for different locations, and
robots are typically deployed only within a single building. This robot deployment busi-
ness model is referred to as the rental model [1]. Such solutions are therefore available
only in limited facilities. In contrast, we envision map-less navigation systems that can
be used across various buildings. For smartphones, users will have multiple applica-
tions, including well-established ones such as Google Maps, as well as a map-less navi-
gation application that supports diverse indoor environments. For robots, we envision
a future in which users own personal robots and navigate across different buildings.

Blind people face various challenges while navigating independently. The chal-
lenges during navigation can be grouped into three main areas: mobility, orientation,
and spatial understanding [2]. Mobility is the ability to navigate environments safely
and efficiently, such as avoiding surrounding obstacles. While canes are used to de-
tect obstacles, blind people may still experience collisions, which can cause injury
or damage to the environment (e.g., knocking over a flower bin) and to others. Sec-
ondly, orientation is the ability to be able to locate current orientation and position
in an environment so that they can determine the way to their destination. For blind
people, orientation requires the use of auditory, olfactory, and tactile cues while re-
ferring to the mental map they have. This process poses a particularly high cognitive
load. They could also miss a turn or fail to locate a landmark, which can cause mis-
alignment between the map and their actual position, leaving them disoriented and
lost. Third, the inability to visually perceive environments restricts spontaneous in-
formation obtaining [3]. Obtaining environmental information is essential not only
for constructing a mental map, but also for discovering new information based on
their interest. Knowing what is in the surroundings also relates to the orientation
challenge, as orientation is also determined by establishing landmarks as reference
points. Despite these challenges, many blind people express a strong desire to navi-
gate independently [4].



2 Chapter 1. Introduction

Therefore, many academic and industrial efforts have developed navigation sys-
tems for blind people [5, 6, 7]. These systems typically use prebuilt maps and infras-
tructure such as Bluetooth Low Energy (BLE) beacons, enabling precise localization
for turn-by-turn guidance to the predetermined destination [8, 9, 10, 11]. Those
would include off-the-shelf smartphones (e.g., BlindSquare [12], NavCog [9], and
ChitChatGuide [13]) and customized wearable systems (e.g., ISANA [10]) that assist
orientation and spatial learning by providing turn-by-turn guidance while describ-
ing surrounding information. As with these systems, users still have to handle their
own mobility, recent research trends have shown particular interest in robotics sys-
tems as they could autonomously navigate blind users [14, 15, 16, 11]. This allows
blind users to focus more on orientation and perception of their surroundings [17],
extending the scope of usage beyond navigation to tasks such as exploration [18].

However, most of these assistive smartphone, wearable, robotic, and etc. systems
cannot be used in various places and face a scalability problem, as they typically
rely on infrastructures and prebuilt maps. For example, these systems often require
infrastructure such as BLE beacons for localization, along with static route maps
that describe topological connections between points and sometimes environmental
landmarks. Also, in the case of robotic systems, light detection and ranging (Li-
DAR) maps created through 3D scanning of the environment to represent static and
dynamic obstacles are required. Although floor maps (i.e., a map of a floor which
is typically placed in the entrance of a building) or map information on the internet
exist, they differ from the digital maps required by these assistive systems. Convert-
ing such information into the precise, system-compatible digital format typically
requires specialized development with technical experts. Therefore, the substantial
costs associated with creating, deploying, and maintaining maps and infrastructure
often make building managers reluctant to invest, resulting in sparse deployment
across public buildings. Consequently, existing systems remain unscalable, leaving
blind people without reliable navigation assistance in most of the buildings they
encounter.

In addition, the requirement of maps and infrastructure [17] poses a particu-
lar limitation for the real-world deployment of robotic systems. Because of these
requirements, the current dominant business model for deploying such systems is
the rental model, in which robots remain stationed at specific facilities to serve users
on-site (e.g., the Science Museum [19]) [1]. To realize a future in which users can nav-
igate across various locations by potentially owning a robotic system, these systems
must operate without reliance on infrastructure and maps.

Therefore, this dissertation presents a map-less navigation system that operates
without any predetermined environmental information, such as prebuilt maps or
external infrastructure (Figure 1.1). The purpose of map-less navigation systems is
to enable blind users to travel independently, even in new or unfamiliar environ-
ments, whether for the system itself or for both the user and the system. The map-
less system in this dissertation is specifically designed for indoor environments. For
example, consider a scenario where a user wants to visit a building they have never
entered before. The user can reach the building entrance using existing outdoor
navigation systems such as Google Maps, in which typically has updated map in-
formation. Inside buildings, the system often lacks access to maps or infrastructure,
either because they are not prepared or because existing resources are incompatible.
Therefore, we envision navigation systems that are capable of operating without de-
pending on such map information.

Removing reliance on digital environmental information (i.e., infrastructures and
prebuilt maps) introduces several technical challenges. First, without access to such
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information, the system cannot determine which direction to take to reach the des-
tination. Second, unlike conventional navigation systems that rely on prebuilt maps
to decide when and what information to convey, a map-less system must detect en-
vironmental features through onboard sensors and determine which of the detected
information is important to convey to the user, despite lacking predefined priorities.
Taken together, since the system alone cannot fully determine the route and infor-
mation to convey, it is essential to develop methods that enable both the user and the
system to collaboratively identify the path to the destination, while also designing
approaches that can convey necessary information from onboard sensors.

To overcome this challenge, we adopt collaborative interaction between humans
and the system in which the user acts as the system’s sensor or decision-making
process [20]. We aim to use this interaction to allow users to complement missing in-
formation that comes from a map-less setting. For example, Fallah et al. [20] showed
one collaborative interaction where the users act as a systems sensor in which users
confirm if the navigation command (i.e., “go straight until you reach hallway inter-
section”) has been successfully executed. This allows the users to help the system’s
localization process even without infrastructures, which benefits blind users by en-
abling the system to convey accurate directional cues. Another example of collabo-
rative interactions can be seen in the relationship observed between guide dogs and
blind users, in which guide dogs support the user’s mobility while the user deter-
mines the direction [21]. For example, a blind user may instruct the dog to move
forward, and then the dog walks straight until it finds an intersection. It then ori-
ents its head toward the possible directions of travel and conveys this information
through the harness. The user gives the next command based on the directional
cues perceived through the harness. By repeating this interaction, in which users are
involved in the decision-making process, they can reach the destination. Still, the
abovementioned use case is typically constrained to situations where users are al-
ready familiar with the route and can determine the way independently. Therefore,
we extend this collaborative interaction so that it remains effective even in unfamil-
iar environments by incorporating methods that convey information beyond what
guide dogs can provide, such as signboards and other environmental cues. In short,
inspired by existing collaborative interactions in which users actively participate in
the system’s sensing and decision-making processes, we aim to address the chal-
lenges of the map-less setting, where the system lacks environmental information.

In this thesis, towards the realization of map-less navigation systems, we aim to
answer the research question:

RQ1 How can we adopt collaborative interactions with blind users for map-less
navigation systems?

In addition, it is essential to examine how map-less navigation systems compare
with existing aids (e.g., a cane). Since map-less systems have access to less environ-
mental information than map-based systems, they may demonstrate reduced per-
formance. Therefore, we aim to answer the question:

RQ2 How do map-less navigation systems compare with existing aids or map-based
systems?

Even with collaborative interaction, route information to the destination, as well as
information conveyed during the navigation, remains necessary to enable users or
systems to determine their way based on it. Therefore, this raises another research
question:
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RQ3 What kind of route information sources and information conveyed during the
navigation can be used to complement map-less navigation systems?

To this end, we have developed two smartphone systems called Corridor-Walker [22]
and Snap&Nav [23], two robotic systems called PathFinder [24] and WanderGuide [25],
and one benchmark called Memory-Maze [26]. Through the design, development,
and evaluation of these systems and benchmarks, we aim to answer these research
questions for realizing map-less navigation systems.

TABLE 1.1: Chapter Overview. We first describe two smartphone-based map-less navi-
gation systems: one adopts a relatively simple scenario in which users are familiar with
the building, and the other captures a floor map image as an information source for
the environment. Both smartphone systems share a common collaborative interaction,
which is scanning. We then describe two map-less navigation systems that use naviga-
tion robots as platforms to investigate how map-less navigation can assist blind users
with higher-end devices. The first robot system addresses navigation by adopting a
guide-dog-like collaborative interaction, and the second addresses an exploration sce-
nario. Finally, we describe a VLN benchmark that targets map-less navigation scenarios.

System/Benchmark Name Device Core Technology Scenario

A blind user knows the route to the
destination, but the environment
has many obstacles and intersections
A blind user is unfamiliar with the
environment and sighted assistance
help user capture floor map

Intersection Detection A blind user is unfamiliar with the
PathFinder [24] (Chapter 5) Robot . o environment and navigate based on the

Sign Recognition L .

route description by sighted passersby

A blind user is unfamiliar with and
explores the environment
such as shopping mall or museum
A robot autonomously navigate
Simulator/Robot  Visual language navigation based on the route description

by sighted passersby

. Intersection Detection
Corridor-Walker [22] (Chapter 3) Smartphone R —
Intersection Detection

Snap&Nav [23] (Chapter 4) Smartphone Floor Map Analysis

. Waypoint Detection
WanderGuide [25] (Chapter 6) Robot MLLM-Based Scene Description
Memory-Maze

Benchmark [26] (Chapter 7)

1.2 Dissertion Organization

Table 1.1 shows the overview of the chapters. To develop map-less navigation sys-
tems and to answer the research questions, this dissertation presents five research
projects. Specifically, we present systems that use smartphones [22, 23] and naviga-
tion robots [24, 25] as a platform, respectively. Beyond work in the human-computer
interaction (HCI) field, this dissertation developed a visual language navigation
benchmark [26], which is a technology that can be applied to a map-less naviga-
tion system. We began with a simple setting using minimal hardware and gradually
progressed to more complex scenarios and devices. Below, we summarize the aim
and abstract of each chapter

1.2.1 Chapter 2 Literature Review

We first summarize the differences between the five research projects presented
in this dissertation and the related literature, situating this dissertation within the
broader line of prior work. We begin by describing the challenges faced by blind
people and the current state of available solutions. We then review existing map-
based navigation systems, followed by a discussion of how obstacle avoidance sys-
tems, which sometimes operate without maps, serve a fundamentally different pur-
pose. We further extend this survey to the robotics domain. Next, we explain
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the control methods adopted in assistive navigation as well as those found in the
broader robotics and HCI literature. Finally, we situate the proposed work within
the existing visual language navigation (VLN) task, which can be incorporated for
map-less navigation systems.

1.2.2 Chapter 3 Corridor-Walker: Mobile Indoor Walking Assistance for
Blind People to Avoid Obstacles and Recognize Intersections

We first investigate the collaborative interaction in map-less navigation system by
using an off-the-shelf smartphone, a device widely used among blind people. As a
first step, we adopted a simple scenario where the user knows the route to the desti-
nation inside a building, either through prior experience or by asking people around
them. This study developed a system called Corridor-Walker [22], which relies solely
on real-time sensing to detect and convey obstacles and intersections. Users engage
in collaborative interaction by scanning the environment, which allows the system
to accumulate additional environmental information to better assist in map-less nav-
igation scenarios. A user study showed that scanning interaction helps users better
perceive intersection shape, improving environmental understanding and enabling
safer navigation to destinations. However, the system exhibited slower task comple-
tion times compared to using a white cane.

1.2.3 Chapter 4 Snap&Nav: Smartphone-based Indoor Navigation Sys-
tem For Blind People via Floor Map Analysis and Intersection De-
tection

Building on Corridor-Walker, which assumed that users are familiar with the route,
this research developed Snap&Nav [23], which incorporates floor map recognition to
obtain environmental information as an information source to the destination. Here,
we considered scenarios where the user is completely unfamiliar with the building
and asks a nearby sighted assistant to take a photo of the floor map. Using this
image, the system then navigates the user to their destination. This study focused
on designing a preliminary floor-map recognition algorithm and a tracking method
using intersection detection, and it investigated whether collaboration with sighted
people is acceptable and feasible for blind users. Through user studies involving
both sighted and blind participants, we found that each group successfully accom-
plished their respective tasks: sighted participants captured floor map images, while
blind participants navigated to the destination. Both groups accepted the system
design, including the integration of a sighted assistant within the workflow. The
research also highlighted the need for improved floor map recognition algorithms
capable of analyzing complex and varied floor maps, as well as intersection detec-
tion algorithms that can accurately identify intersections of diverse shapes.

1.2.4 Chapter 5 PathFinder: Designing a Map-less Navigation System for
Blind People in Unfamiliar Buildings

To expand the system’s assistance capability, this research transitioned to a robotic
platform equipped with richer sensors, greater computational power, and autonomous
mobility, resulting in the development of PathFinder [24]. The first two studies relied
on smartphones, but their sensing and computing capabilities were limited, for ex-
ample, LiDAR sensors with a restricted range. In addition, users were required to
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manage mobility themselves, which could hinder decision-making, such as deter-
mining which intersection to approach and which direction to turn. By adopting a
robotic system, intersections of various shapes can be detected more reliably, user
mobility can be taken over by the system, and decision-making capability can be
enhanced. PathFinder addresses scenarios in which a blind user navigates an unfa-
miliar building using route descriptions provided by sighted passersby. The robot
adopts a guide-dog-like interaction model: the robot takes over mobility, while the
user takes charge of orientation. This research also revealed information require-
ments in the abovementioned situation, such as the need for sign information, and
essential functionalities, such as the ability to return to the initial location, through
a participatory study. Based on these investigations, we improved PathFinder and
conducted a user study, which revealed that blind users were able to determine their
route in unfamiliar buildings using PathFinder.

1.2.5 Chapter 6 WanderGuide: Indoor Map-less Robotic Guide for Explo-
ration by Blind People

Given our future vision where map-less systems are used in various new places, it
is important to assist exploratory tasks, such as window shopping or freely walk-
ing around a floor to learn its layout. Therefore, this chapter introduces Wander-
Guide [25], a map-less exploration system for blind people. Using multimodal large
language models (MLLM) capable of describing diverse environmental information
and an additional map-less navigation algorithm that allows the robot to navigate in
open space, which can be seen in shopping malls, this research extended PathFinder
to exploratory navigation. Through a formative study conducted at a shopping mall
and a science museum, this work revealed requirements for WanderGuide, such as
the need to provide more concrete information, the ability to customize the descrip-
tion length generated by the MLLM, and the functionality to return to previously
explored locations. Based on these investigations, we improved WanderGuide and
conducted a user study, which revealed that blind users were able to enjoy explo-
ration and find the locations they found interesting.

1.2.6 Chapter 7 Memory-Maze: Scenario Driven Visual Language Navi-
gation Benchmark for Guiding Blind People

The last project developed a visual language navigation (VLN) benchmark called
Memory-Maze [26]. VLN is a task in which an agent (i.e., in our case, a robot) uses vi-
sual perception through an RGB camera to determine its path to a destination, based
on a provided route description. This scenario is the same as that addressed in the
PathFinder study: blind users receiving verbal navigation instructions from sighted
passersby in unfamiliar buildings. Therefore, VLN models have the potential to au-
tomate the navigation process for PathFinder. However, existing VLN research had
not addressed instructions spoken from sighted passersby based on their memory.
To address this gap, Memory-Maze was developed. It mimics real-world instruction
characteristics and supports future technical development. Through an experiment
with existing state-of-the-art models, we demonstrated that current VLN models fail
to adequately address this scenario, highlighting the need for further research and
development.
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1.2.7 Chapter 8 Discussion and Conclusion

Finally, in this chapter, we summarize the overall findings. Although navigation
with our systems required more time, they generally increased user confidence and
reduced cognitive load compared to regular aids. Users also accepted the systems
and recognized their potential for application in various environments. A key factor
in this outcome was the adoption of collaborative interaction, such as scanning or
decision-making. We further discuss the benefits of this approach, particularly its
ability to support users in completing the task of perceiving the environment more
effectively. We also revisit the research question presented above and outline open
future directions, such as enhancing shared control dynamics to further improve our
system.






Chapter 2

Literature Review

This chapter aims to situate the topic of map-less navigation systems for blind people
within a broad line of work.

2.1 Difficulty Faced When Navigating and Exploring

This section describes the general difficulties faced by blind people and their need
for assistance when navigating familiar and unfamiliar buildings, as well as when
exploring unfamiliar environments, scenarios that we address in this dissertation.

2.1.1 Navigation Challenges

Navigating independently is difficult for blind people, even in familiar indoor en-
vironments. They are typically trained in orientation and mobility (O&M) skills
by specialists to support independent travel [2]. For example, they commonly use
techniques such as trailing with a cane and walking along walls to maintain ori-
entation [27]. The cane is also used to detect obstacles; however, various objects
may still be placed along the walls, including elevated obstacles that are difficult to
detect [28]. In addition to avoiding obstacles, blind people must understand the ge-
ometric structure of the environment [29, 30], such as recognizing intersections, in
order to reach their destinations. Even in a familiar environment, blind people might
miss an intersection or turn into the wrong one, which may cause disorientation and
lead to getting lost.

To navigate correctly, they must reliably perceive the position and shape of each
intersection they encounter, while avoiding obstacles. Even with a cane, blind peo-
ple may collide with obstacles, which can result in damage to both the user and the
object. Moreover, the limited range of contact offered by a cane means that intersec-
tions may not always be detected, leading to situations where a user unknowingly
walks past one [31]. Guide dogs offer an alternative means of support by helping
users avoid obstacles and locate intersections [31]. However, not all blind people
prefer guide dogs, as they require ongoing care and responsibility [32, 33]. Ad-
ditionally, guide dog availability is limited, for example, in the United Kingdom,
only about 5,000 guide dogs serve approximately 360,000 legally blind individuals,
roughly 1.4% of the population [33]. Therefore, in Chapter 3, we first develop a
smartphone-based system for blind people to safely navigate by avoiding obstacles
and detecting intersections. In this system, we assume that blind users are familiar
with the environment and focus on algorithm development. Based on the system
and the findings obtained, we then proceed to more challenging scenarios, such as
unfamiliar environments, as described next.
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2.1.2 Navigating in Unfamiliar Blindings

Navigation in unfamiliar buildings poses significant challenges. Determining one’s
current location, identifying a route to the destination, and maintaining orientation
are all difficult without visual information or sufficient knowledge of the environ-
ment [28]. Nonetheless, Engel et al. [4] report that 59.4% of 63 blind participants
travel to unfamiliar buildings several times a week despite these difficulties. There
are two common strategies blind people use to find a route to a destination [4]. One
approach is to search for textual route descriptions on the internet. Although this
may seem feasible, such descriptions are often unavailable, and preparing them can
be time-consuming. As a result, some blind people do not prepare a route at all.
The other approach is to ask sighted people on-site for a route description, which
requires no prior preparation. Still, these methods do not guarantee that blind users
will reach the destination, making the use of a sighted companion one of the most
common options [4, 28, 34]. Nonetheless, many blind people prefer to navigate inde-
pendently without relying on sighted assistance, which is an important motivation
for our research [4].

To address this problem, in this dissertation, we tackle independent navigation
in unfamiliar environments in Chapter 4 and Chapter 5. A common aspect shared
by these systems is that these systems externally source route information to the
destination. In Chapter 4, this information is obtained from a floor map of the build-
ing, typically placed on the entrance wall. A sighted assistant captures this image
once, realizing a form of collaboration between the system and sighted people. The
system then analyzes the map, allowing the blind user to remain independent there-
after. In Chapter 5, route information is obtained from descriptions provided by
sighted passersby, which reflects a typical situation as described above. PathFinder
is designed so that users can reach their destination with greater confidence.

2.1.3 Exploring Unfamilair Blindings

Exploration is also important for blind people, both for familiarizing themselves
with unfamiliar environments [35] and for enjoying that place for recreational pur-
poses (e.g., museums [18] or shopping malls [36]). Although learning routes and
points of interest (POIs) in a building can sometimes be done by searching online [4],
on-site exploration remains valuable because it provides rich sensory information
and fosters a stronger sense of independence [36], which in turn motivates blind
people to explore on their own [37, 36]. However, independent exploration is chal-
lenging, as blind people typically require a sighted companion who can explain vi-
sual information during the activity. While some exploration can be supported by
existing navigation systems [9], safety concerns often dominate the cognitive load
and limit the quality of the exploratory experience. Therefore, in Chapter 6, we pro-
pose WanderGuide, a robotic system that assists blind people in exploring without
maps. By leveraging the robot’s autonomous navigation capability, coupled with
recent MLLM advancements in describing the surrounding environment, we aim to
design and develop this system.

2.2 Assistance Systems for Blind People

This section describes map-based navigation systems and outlines the main moti-
vation of this dissertation. We then explain how our systems differ from existing
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obstacle avoidance approaches, which are map-free but serve a fundamentally dif-
ferent purpose.

2.21 Navigation Systems Based on Maps

Most popular approaches for navigation assistance systems for blind people rely on
digital prebuilt maps that contain static route information and localization infras-
tructures. These systems typically take the user’s destination as input, plan a path
on the route map, and provide turn-by-turn guidance. Such systems include those
developed by industry (e.g., Google Maps [38] and BlindSquare [12]) using global
positioning systems (GPS), as well as those developed in academia using magnetic
information [39, 40], visual features [10, 8, 41], radio frequency identifier (RFID)
tags [42, 43, 44, 20], visible light communication (VLC) [45], and BLE beacons|[9, 46,
47, 48]. By referring to the digital prebuilt maps, those systems could also provide
descriptions of surrounding POIs, sometimes even by their priority level [9, 13].
These systems have been proposed in various devices, such as smartphones [49],
handheld haptic devices [50, 51, 52], wearable devices [10, 53, 54], and robots [55].
Each type of device offers unique advantages - Smartphones and handheld haptic
devices are portable; Smartphones are also widely used by blind people [56, 57];
Wearable devices free the user’s hands [54]; And robots are able to autonomously
guide users [11]. Among them, robots generally take two forms: quadruped and
wheeled. While wheeled robots are unable to navigate stairs in the same manner
as quadruped robots [16], with current quadruped robots, blind users often find
wheeled robots more suitable due to their silence and stability [58]. Among wheeled
robots, suitcase-shaped robots [17, 59, 60, 18, 61] have become particularly practical
and are therefore widely used in research. The appearance of suitcase-shaped robots
allows blind users to blend seamlessly into their environment, leading to higher so-
cial acceptance from users, surrounding pedestrians, and facility managers [60].
However, almost all of the systems mentioned above cannot be used in a new
place on the fly, and only a limited number of navigation systems (e.g., Inclusive-
Navi [62] and BlindSquare [12]) are publicly deployed. This is because prebuilt maps
and localization infrastructures are expensive to install and typically require techni-
cal experts to manage. Furthermore, maps and infrastructures are costly to main-
tain. This motivates the development philosophy of map-less navigation systems, in
which no environmental information is prepared for the system prior to navigation.

2.2.2 Obstacle Avoidance Systems

Obstacle avoidance systems assist blind people in navigating safely by avoiding ob-
stacles (e.g., walls [63, 64], boxes [65, 63, 49], chairs [10, 64], poles [66, 49]) through
real-time sensing using modalities such as RGB cameras and LiDAR sensors [67].
These approaches often inform users of the position of obstacles [49, 68, 64, 69, 70, 66,
63, 71], but a limitation is that users themselves must determine their path based on
the given feedback. There are also systems that guide users by generating safe paths
to avoid obstacles [54, 72,73, 11, 59, 10]. These include map-based approaches, com-
monly used in robotic systems, which rely on predetermined maps and detect obsta-
cles from differences between the map and sensed information, as well as map-free
approaches that operate solely on real-time perception. While these map-free obsta-
cle avoidance systems may seem similar to map-less navigation, they fundamentally
differ in purpose. Map-less navigation for blind people aims to support global tasks
such as navigating to a specific destination or exploring an environment to learn and
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move toward areas of interest—tasks that require handling orientation and broader
spatial decision-making. For example, our system Corridor-Walker (Chapter 3) em-
phasizes intersection detection to correctly navigate users to their destination, while
also performing obstacle avoidance. In contrast, existing obstacle avoidance sys-
tems primarily ensure local safety while leaving orientation and overall navigation
decisions to the blind user.

2.3 Robotic Systems without Maps

Robotics has examined various algorithms that either rely on maps or operate with-
out them. A simple story describing these scenarios is presented by Guerrero et
al. [74], who outline a case in which a navigator must return from one place to an-
other through a long and unfamiliar route. First, the navigator could obtain a map
of the building to retrace the path, representing a map-based approach. However,
as discussed above, such a map may not always be available. Second, the navigator
could memorize the sequence of steps and turns taken. This corresponds to a dead
reckoning approach, in which the agent estimates its position relative to its starting
point using accumulated motion information. Third, the navigator could determine
the return path by observing environmental cues such as signs. This represents a
map-less approach. Finally, the navigator could build a map while exploring and
use it later to navigate back, which is a map-building approach. In this section, we
focus on map-less and map-building approaches, as these are most relevant to this
dissertation.

2.3.1 Map-less Approach

Map-less approaches in robotics use no maps created before navigation, and their
goal is typically to guide a robot to a destination or accomplish a task. For navi-
gation tasks, instead of relying on prebuilt maps, these systems utilize alternative
forms of information to move toward the target location. These approaches can be
classified into four categories [75, 76, 77]. Optical flow-based approaches match real-
time RGB images with sequences for path following [78]. Appearance-based approaches
train on environmental information (e.g., images) and associate it with localization
cues or control commands to learn an environmental representation (without con-
structing a map) [79]. Object recognition—-based approaches store detected objects in a
2D grid representation and generate plans using symbolic commands, such as lan-
guage instructions like “go to the nearest blue sofa.” [76] Feature-based methods use
image sequences to extract relative displacement to the destination [80]. Other ap-
proaches include using an image of the target location combined with reinforcement
learning to learn a policy that navigates to the goal [81, 82]. While this dissertation
uses the term “map-less” in the same sense as robotics literature, we explicitly clar-
ify that, within the scope of this work, maps are not prepared prior to navigation
but may be created dynamically during navigation and reused. Examples include
PathFinder (Chapter 5) and WanderGuide (Chapter 6). This approach is also similar
to the map-building method described next.
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2.3.2 Map-Building Approach

Map-building approaches in robotics have no map prior to navigation but instead
create maps during navigation so they can be used later (e.g., for underground explo-
ration). The most representative approach is Simultaneous Localization and Map-
ping (SLAM), which constructs a map by extracting landmarks, associating sensor
data, estimating the robot’s state, and continuously updating both the state and the
landmark positions [80]. Another line of examples of these approaches includes the
undermine navigation and construction of topological maps by detecting intersec-
tions [83] and occupancy maps using RGB images and deep reinforcement learn-
ing [84] while the robot is navigating the space.

In summary, map-less approaches in robotics aim to complete navigation tasks
using real-time sensing, whereas map-building approaches focus on constructing
maps during navigation for later use. In this work, to assist blind people, our system
lies at the intersection of these two approches: the real-time map constructed during
navigation directly contributes to wayfinding at the very same moment it is being
built (Chapter 5 and Chapter 6). Furthermore, the resulting map representation must
be not only suitable for robotic decision-making but also understandable and usable
for the blind user.

2.4 Collaborative Interaction Methods

In this section, we describe the positioning of our collaborative interaction approach
within the HCI field, followed by its positioning within the robotics field. Finally,
we situate the approach within the assistive technology domain.

24.1 Human-in-the-Loop Interaction in HCI Domain

As navigation systems cannot determine the path to a destination without prebuilt
maps or reference information, this dissertation employs a collaborative interaction.
In this interaction, the system assists the blind user, but the user also intervenes in
the system’s operation and takes part in the sensing or decision-making process. By
adopting this interaction, the system can provide more effective navigation support.
This kind of interaction paradigm is also referred to as Human-in-the-Loop [85]. No-
table interaction paradigms include mixed-initiative interaction [86], in which both
the system and the user take initiative during an interaction. For example, not only
can users ask the assistive system questions when needed, but the system can also
ask users questions so that humans can complement the imperfections of artificial
intelligence (AI) [87]. In the intersection of Al and accessibility, efforts also include
developing Al systems to convey how users should adjust the orientation of a smart-
phone when an image lacks sufficient features because it is pointed in a slightly in-
correct direction [88]. In this sense, the interaction in our domain can be viewed
similarly as a form of collaborative interaction that complements the system’s lim-
ited environmental knowledge in a map-less setting. For example, as explained in
the introduction, Fallah et al. [20] used blind users as sensors to complement the sys-
tem’s localization process, even in environments without infrastructure. This shows
that users can contribute to the system’s capabilities not only in the decision-making
process but also in the sensing process. Therefore, for smartphone systems, we em-
ploy scanning interaction, allowing the user to assist the system in obtaining in-
formation and thereby achieving better recognition of the environment (Chapter 3
and Chapter 4). We also incorporate intervention in the decision-making process for
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robotic systems, where the user specifies which way or place to go instead of the
system (Chapter 5 and Chapter 6).

2.4.2 Shared Control in Robotics Domain

In robotics, collaborative interaction is often refer to as shared control [89], i.e., a
method to control a robot using both human decision and the functionality of a sys-
tem. According to Wang and Zhang [90], shared control is defined as a “case in which
the robot motion is determined by both the human operator and robot decisions in a mostly
balanced fashion.” Shared control can be separated into near-operation, in which the
operator perceives the scene with their direct sense, and teleoperation, in which the
operator perceives the scene indirectly, such as through a screen. For example, near-
operation has been used for assisting a driver to keep their vehicles in lane [91],
controlling a wheelchair [92, 93, 94], and for assisting blind people to navigate in fa-
miliar buildings [95, 96, 97], while teleoperation has been used for navigating where
a human cannot go [98, 99, 100], or for reconnaissance [101]. In our robotic systems
(Chapter 5 and Chapter 6), we employ near-operation interaction. This interaction is
inherent to the design, as the robot guides the user in real time. However, our near-
operation interactions enable users to utilize their own sensing capabilities, such as
detecting intersection directions or perceiving the spatial atmosphere, which are im-
portant for wayfinding and exploration.

2.4.3 Shared Control in Assistive Systems for Map-Free Navigation

The systems presented in this dissertation adopt near operation shared control, as
users navigate together with the robot in order to reach destinations or explore. Prior
examples include users specifying directions at intersections while the robot pro-
vides automated guidance to the next intersection [35, 15, 95, 96], as well as users
controlling speed while the robot handles lateral movement [102]. The intersec-
tion with robotics has also advanced interactive control methods, such as employing
leash and haptic rein mechanisms with quadruped robots [103, 104, 105]. It is also
worth noting that the preferred level of control by blind users, such as choosing be-
tween shared control or fully autonomous robotic navigation, may vary depending
on context [102]. These interactions enable a map-free approach, as the direction is
determined by the user rather than the robot. While these shared control systems are
relevant to our setting, many prior studies do not yet assume a concrete real-world
scenario. For instance, experimenters often tell participants where to go at each step
during user evaluation [35, 15, 95, 96]. In this dissertation, we adopt shared control
for navigation in both familiar and unfamiliar buildings, as well as for exploration
in unfamiliar buildings. We examine the extent to which users can take part in the
decision-making process. To support users in decision-making, our robotic systems
(Chapter 5 and Chapter 6) convey environmental information, as described in the
next section.

2.5 Conveying Environmental Information for Blind People

As map-less navigation requires users to make decisions based on the information
conveyed by the system, the design space demands careful consideration. The sys-
tem cannot simply present all available information; it must communicate only what
is necessary and sufficient for informed decision making. Exploration of the design
space of assistance systems by investigating information needs for blind people in
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familiar or unfamiliar spaces is an ongoing research field [106, 107, 108, 109]. By us-
ing visual captioning [110] and question-answering models [111], researchers have
developed systems for assisting their scene understanding by conveying informa-
tion such as traffic lights [112, 113], doors [114, 110], intersections [9, 20, 95], and
signs [115, 110, 116, 110]. Alternatively, remote sighted assistance (RSA) applica-
tions (e.g., Aira [117] and BeMyEyes [118]) have long been a practical aid for pro-
viding blind people with assistance in various tasks, such as scene describing and
turn-by-turn guidance. However, RSA system service quality depends heavily on
the sighted assistance provided [119] and may also not be sustainable due to the
need for an available online assistant.

Additionally, with the emergence of LLMs and MLLMs, scene describing sys-
tems (e.g., Seeing Al [120], BeMyAI [121] and GPT4o-demo [122]) have been de-
veloped, which enable blind people to understand scenes in diverse scenarios [123,
124]. ChitChatGuide [13] employs LLMs to interpret predetermined maps and de-
liver exploration-related information during navigation to a specified destination.
MLLM-based systems, such as WorldScribe [125], analyze captured images to pro-
vide real-time contextual descriptions and can adapt the level of detail based on user
context, such as device movement speed.

As information needs are context-dependent [126], system requirements change
depending on the scenario we aim to address. Therefore, we adopt a participatory
design for information conveying functionalities. For example, in PathFinder (Chap-
ter 5), we reveal that sign information is critical in navigation scenarios where the
system relies on descriptions provided by sighted passersby in collaboration with
the navigation robot. For WanderGuide (Chapter 6), we reveal various information
needs during exploration in science museums and shopping malls, as well as how
MLLMSs should describe surrounding information to provide a better exploration
experience.

2.6 Visual Language Navigation

Visual language navigation (VLN) is a task in the embodied Al field in which an
agent (e.g., a navigation robot) with visual access to its surroundings navigates un-
der human instructions [127]. For example, given an instruction such as “turn at
the first right and stop when you see a sofa” the robot predicts a sequence of ac-
tions that will guide it to the sofa. This task is closely related to map-less naviga-
tion approaches in robotics [75]. Early VLN models explored sequence-to-sequence
supervised learning [127, 128], where the model predicts a single action (e.g., turn
left, turn right, or move forward) based on the current visual input. VLN envi-
ronments typically include a map representation called a navigation graph, where
nodes and their connections are predefined, and the model selects the next navi-
gable node from the current one. VLN research spans various benchmarks, from
indoor environments [127, 129, 130] to outdoor settings [131, 132]. However, super-
vised VLN models are known to generalize poorly to unseen environments [133],
as they tend to overfit to the specific environments in which they are trained. With
recent advancements in large language models (LLMs), researchers have explored
VLN methods that require no retraining [134, 135, 136]. Examples include extracting
and following landmarks from instructions [135] and performing iterative node se-
lection in navigation graphs [134]. Because navigation graphs are not available for
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all environments, newer approaches generate navigation graphs [137], predict low-
level actions directly [138], or produce generative navigation programs that execute
low-level robot movements [139, 140].

Despite this progress, there remains a gap between VLN developments and prac-
tical use in assistive navigation. For example, the environments used to develop
VLN systems do not always reflect those where blind people would realistically use
navigation assistance. Iterative inference can increase latency, and many datasets
collect instructions in ways that do not align with real-world communication pat-
terns. In Chapter 7, we further describe these gaps and present our approach for
adapting VLN technologies to assistive navigation for blind users.
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Chapter 3

Corridor-Walker: Mobile Indoor
Walking Assistance for Blind
People to Avoid Obstacles and
Recognize Intersections

Bone-Conducting
Headphone

Intersection to
left, right, and front

Environment Sensing Path Planning Int\e‘rsection Detection

FIGURE 3.1: Corridor-Walker Recognizes Obstacles and Intersections. Through audio

and haptic feedback, blind users can use the system to detect an upcoming intersec-

tion and recognize the paths it leads to. This also prevents them from walking past an
intersection unnoticed. Also, they could safely navigate by avoiding obstacles.

3.1 Introduction

We begin by addressing a familiar indoor corridor-like environment, which is simple
in structure yet challenging for blind people to navigate. To approach this problem,
we consider the use of a smartphone, a device that is already well adopted among
blind people [56, 57].

In indoor corridor-like environments, they usually rely on the surrounding walls
to navigate [27]. As various obstacles may be placed along the wall, such as wall-
mounted furniture and objects [28], blind people may collide with these obstacles,
resulting in damage to both the blind people and the objects. In addition to avoiding
obstacles, blind people must be aware of the corridor’s geometric structure [29, 30],
such as intersections, to navigate to their destinations. Walking past an intersection
unnoticed or turning into an incorrect intersection could lead to blind people being
lost. To navigate correctly, they need to reliably perceive the position and shape of
each intersection that they go through.

With the use of only a white cane, they may not be able to locate an intersec-
tion, resulting in walking past one unnoticed [31] (Section 3.6.1, A3.1). In addition,
the white cane does not fully support the shape recognition of intersections (Sec-
tion 3.6.3, A3.7) because it has a limited range of contact. Although guide dogs can
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help blind people locate an intersection [31], not all blind people prefer them as
they require certain caretaking [32, 33]. In this regard, indoor turn-by-turn naviga-
tion systems have been proposed to ensure safety by conveying obstacle-avoiding
path [59, 141, 10, 54, 64] or positions of obstacles [49, 68, 69], and without being lost
via and conveying correct information about intersections [9, 20]. However, such
systems require static route maps and additional infrastructure, making them un-
likely to be used in various places.

Therefore, we present Corridor-Walker, a mobile indoor map-less walking assis-
tance system for supporting blind people in avoiding obstacles and recognizing (i.e.,
locating and grasping the paths they lead to) intersections (Figure 3.1). The system
is aimed to be used in indoor corridors where static route maps and infrastructure
are not available, but the user has the knowledge of the turns they need to make to
reach the destination (e.g., corridors in apartments, offices, or hospitals) from a prior
visit or from tactile maps [142, 143] or interactive devices [144]. The system assists
the user in avoiding obstacles by navigating the user to trace an obstacle-avoiding
path using both spatialized audio and text-to-speech (TTS) feedback. By detecting
intersections, the system informs the user of the existence and shape of an upcoming
intersection through vibration and TTS feedback. Notably, the system prompts the
user to scan their surroundings to clarify the grid map’s layout. Once the shape is
confirmed, it informs the user, enhancing system performance and user understand-
ing, realizing collaborative interaction.

To achieve these functionalities, the system first constructs a 2D occupancy grid
map [54,72,73,70] of the surrounding environment using a LIDAR sensor equipped
with an iPhone 12 Pro [145], which supports accurate grid map construction. Then,
the system plans an obstacle-avoiding path on the grid map using the A* path plan-
ning algorithm [146]. Simultaneously, the system detects upcoming intersections us-
ing the YOLOV3 detector [147]. Since only real-time sensing results are used, these
functionalities can be accomplished without the need for a static route map or addi-
tional infrastructure.

We conducted a user study with 14 blind participants. The aim of the study was
to investigate whether users could employ collaborative interaction, scanning, to
identify intersections, and whether the system could be used to support an indoor
corridor navigation scenario. The participants were asked to perform three tasks.
In the first task, the participants turned in different types of intersections, and were
asked to list all directions to which each intersection led. In the second task, sev-
eral obstacles were placed in a straight corridor, and the participants were asked to
walk through it, while avoiding the obstacles. In the last task, the participants were
asked to navigate a corridor containing both obstacles and intersections. The study
revealed that Corridor-Walker enabled the participants to avoid obstacles while re-
lying less on the wall and to better grasp the intersection’s shapes.

3.2 Related Work

In this section, in addition to the related works reviewed in Chapter 2 - navigation
challenges (Section 2.1.1), map-based navigation assistance systems (Section 2.2.1),
and obstacle avoidance systems (Section 2.2.2) — we describe indoor intersection
detection technology and interaction methods applicable to mobile devices.
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3.2.1 Intersection Detection in Indoor Environments

The problem of detecting indoor intersections without a static route map has been
explored by using LIDAR or RGB sensors. Lacey and Shane proposed the use of a
Bayesian network to detect intersections using a 180° laser range finder attached to
a robot [95]. Garcia et al.proposed detecting intersections from RGB images taken
by a quadcopter using a rule-based approach [148] and a convolutional neural net-
work [149]. These methods can adequately detect various types of intersections in
indoor environments in advance. However, applying these methods to navigate
blind people may not be suitable as it has been shown that some blind people may
not hold smartphones stably [8, 150], and therefore images captured by them may
contain motion blur [151]. In addition, images captured by them may miss the en-
tire subject from the camera [152]. To overcome these issues, our approach uses
an image of a 2D occupancy grid map of the surrounding environment, which is
constructed using a LiDAR sensor equipped on a smartphone and is thus less sus-
ceptible to motion blurs. Moreover, we included collaborative interactive feedback
that can guide the users to scan the environment when more information is needed
to identify intersection types.

3.2.2 Designing Non-visual Feedback for Blind People

Based on previous studies, we designed the Corridor-Walker interface to provide
multiple feedback modes through bone-conducting headphones, with each mode
conveying specific information suited to different situations. To convey navigation
information to a blind user, previous studies utilized feedback using either audio
feedback (e.g., TTS [8, 153, 9, 20, 10, 114, 154, 116], sonification [155, 49, 41, 114, 68],
spatialized audio [156, 120, 157, 158, 68, 159, 66], beep sounds [61, 59, 66, 66]), vi-
bration feedback [8, 150, 63, 64, 69], or thermotactile feedback [160, 161]. Although
instructions from TTS are capable of conveying various clear instructions to users,
their use should be kept minimal. This is because they may block ambient sounds
that blind people often rely on [162], may not be heard in a noisy area [163], and may
harm their cognitive load [164]. In addition, although TTS can convey various in-
structions, it is a challenge for them to use TTS for slight adjustments of their orienta-
tion [9] (e.g., rotate 4° to the right). In contrast, according to Lock et al. [157], slight ad-
justment of a user’s orientation with spatialized audio using bone-conducting head-
phones was found to be effective. In addition to audio feedback, vibration feedback
is used to convey simple instructions to blind users. Blind people highly prefer them
as they can be perceived in noisy environments [59] and do not harm the person’s
cognitive load compared to audio feedback [164]. Although Nasser et al.reported
that thermotactile feedback outperforms vibration feedback in providing directional
cues [161], it may require additional Peltier modules with smartphones.

3.3 System Design

Our main goal is to support the blind user in navigating indoor corridors to safely
arrive at their destination without modifying the infrastructure of the building or
requiring its static route map. The typical situation is as follows: A blind person is
walking in an indoor corridor, such as those in offices, hospitals, and hotels. The person
knows how many intersections they have to turn to reach the destination. However, there
are several obstacles in the corridor, which are blocking the path. The aim of the system is
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FIGURE 3.2: Techniacl Overview of Corridor-Walker. First, the system constructs a 2D

occupancy grid map from the point cloud acquired from the LiDAR sensor. A) Then,

the system assigns a cost value to each cell, and B) plans an obstacle-avoiding path.

Simultaneously, the system C) preprocesses the image of the grid map, and D) detects
upcoming intersections through the YOLOv3 detector.

to augment the function of a white cane to help users avoid obstacles and recognize
intersections.

3.3.1 Avoiding Obstacles

Blind people often walk along walls when navigating indoor environments [27]. Si-
multaneously, many obstacles are usually placed along the wall [28]. This may re-
sult in accidents where they collide with obstacles. Therefore, we aim to guide them
along a path that avoids such obstacles. We designed the system that can generate a
path that keeps a distance from nearby walls and obstacles, and navigates the user to
trace the path without veering. In other words, the system assists the user in walk-
ing without relying on the wall, preventing collisions with obstacles placed along the
wall. If there are obstacles ahead, the system generates a path that circumnavigates
the obstacles and guides the user to make a detour around them.

3.3.2 Detecting Intersections

To navigate to a destination, blind people need to perceive the positions and shapes
of intersections they have to go through. However, in situations where they can-
not walk along a wall (e.g., there are obstacles along the wall), they may walk past
an intersection without noticing [31]. In addition, neither white canes nor guide
dogs support recognition of the intersection shape. To augment the ability of tra-
ditional navigation aids, we designed our system to inform users of an upcoming
intersection and its shape. The system will notify the user of possible existence of an
intersection ahead to prevent them from walking past it. Then, information about
the shape of the intersection is provided to the user once they reach it.

3.4 Implementation

In this section, we present the details of the implementation of the proposed system.
Figure 3.2 shows an overview of Corridor-Walker.
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3.4.1 Device and Ergonomics

Corridor-Walker was implemented on an off-the-shelf smartphone, the iPhone 12
Pro [145]. This is because the smartphone is equipped with a LiDAR sensor with a
maximum sensing range of 5 m [165] and can be obtained at 60 Hz. Also, since the
LiDAR sensor emits infrared lasers to measure the distance between the sensor and
objects, the system can work well in an environment without strong sunlight, or even
under low-lighting conditions. It is equipped with a 16 Core Neural Engine, which
could efficiently run machine learning models with the CoreML toolkit'. The user
will be asked to hold the smartphone in front to scan the environment, as illustrated
on the left side of the Figure 3.2.

3.4.2 Grid Map Construction

The 2D occupancy grid map is constructed through a point cloud acquired from a
LiDAR sensor and by using the localization algorithm provided by the augmented
reality kit (ARKit) [166]. Therefore, the grid map will contain the grids that are
in front of the user and the grids of the path through which the user walked. To
determine whether each grid is walkable or not, the normal vector of each point
is calculated [167], and the system determines floor plane using the random sam-
ple consensus (RANSAC) algorithm [168]. To operate the algorithm in real-time, the
point cloud and normal vector computations are performed using the Metal toolkit?,
which enables parallel processing on the GPU. If a point has a normal vector that is
parallel to the gravity vector and its height is within 0.1 m from the height of the
floor plane, it is classified as a point belonging to the walkable area. Other points are
considered as points belonging to the non-walkable area. Then, the cell in the xy-
plane grid map on which each point is projected is determined. Each side of a cell is
0.15 m long on a real-world scale. When a cell contains more points that belong to
the walkable area than those of the non-walkable area, the cell is labeled as a walk-
able cell (white pixel in Figure 3.2). Otherwise, the cell is labeled as a non-walkable
cell (black pixel). If a cell contains no points, it is labeled as a no-information cell
(gray pixel). Moreover, the system updates the label of each cell each time it is ob-
served. This allows the system to handle dynamic obstacles, e.g., other pedestrians
and cleaning robots. This is because the system will initially label the cells occupied
by obstacles as non-walkable cells, and once those obstacles move away, the system
will update those cells into walkable cells. While the whole algorithm could run at
approximately 50 Hz, we adjusted the frequency to 10 Hz, which opened additional
computation space and enabled the system to recognize both static and dynamic
objects as non-walkable areas.

3.4.3 Path Planning and Obstacle Avoidance

The system uses a path planning algorithm to guide the user on a safe path. To gener-
ate such paths, we utilized the methods commonly used in the field of robotics [169,
170, 171]. We first assign a cost value to each cell in the grid map and then use a path
planning algorithm to generate a safe path. In the following section, we describe
these steps in detail, followed by their use to avoid obstacles and prevent veering.

Ihttps://developer.apple.com/machine-1learning/core-ml/
2https://developer.apple.com/metal/
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Cost Assignment

First, the system assigns a cost value between 0 and B to each walkable cell (Fig-
ure 3.2-A). This allows the system to obtain a cost map, i.e., a grid map where each
cell is assigned a cost value, which can be used to plan a path far from non-walkable
cells to guide the user. To compute the cost for each walkable cell, let §; denote the
distance from a walkable cell i to its closest non-walkable cell. The cost value of the
walkable cell 7 is given by cost; = (1 — %), if 1 <é; <a,orcost; =0,if §; > «a,
where a upperbounds the distance for a walkable cell to have a positive cost. Here,
walkable cells that are closer to a non-walkable cell will have higher costs than those
which are further away. In Figure 3.2-A, walkable cells with high costs are indi-
cated in dark red, and those with low costs are indicated in light red. Based on our
observations, we set « = 3 and 8 = 50.

Path Planning Algorithm

First, the system searches for the destination to perform a path planning algorithm.
To do so, the system samples all walkable cells with the lowest cost at a distance of
v m ahead in a circular sector with a range of 100° forward. Then, the system sets the
mid-point of the longest continuous space of the sampled points as the destination.
If the calculated destination falls into a non-walkable cell (e.g., pillars or boxes), 7 is
shortened by 0.5 m and the process is repeated until the destination is found or 7y
is set to 0 m. Finally, the system calculates the path to the point using the A* path
planning algorithm [146, 169] (Figure 3.2-B). As a result, due to the construction of
the cost map, the system generates a path that keeps a distance between every ob-
stacle and wall. The path is updated every time the user walks half of the previously
planned path. Based on our observation, we initially set the y = 3.5m, which is the
distance robustly scanned by the LiDAR sensor on the smartphone.

Obstacle Detection

Although the system can plan an obstacle-avoiding path, it is still necessary to no-
tify the user of obstacles to explicitly alert the user to make a detour. To determine
whether a non-walkable cell belongs to a wall or obstacle, the system performs plane
detection using the RANSAC algorithm [168] on the 2D occupancy grid map. All the
cells in the planes detected by RANSAC are determined as walls, and the remaining
cells are determined as obstacles. Then, we consider all cells in the circular sector
with a radius of 2 m and a central angle of 30° in front of the user to determine if
there is an obstacle ahead. If the number of obstacle cells in the circular sector ex-
ceeds 30%, the system determines that there is an obstacle ahead and notifies the
user (Section 3.4.5).

Veering Detection

To prevent the user from veering off the generated path, the system determines
whether the user is facing the correct direction or not (Figure 3.5-Veering). First,
the system calculates its orientation by using the localization algorithm provided by
ARKit on the grid map. Then, the system calculates the angle 0 between the system’s
orientation and the direction on the path that the user is expected to move to. If the
angle 0 is larger than 10°, it is determined as the user veering off the path, and the
system will notify the user (Section 3.4.5). Otherwise, it is determined as the user
staying on the path.
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3.4.4 Intersection Detection

The system detects an upcoming intersection using a YOLOv3 object detector [147].
We used the YOLOV3 detector as it runs at around 70 frames per second on iPhone
12 Pro’s Neural Engine, combined with the CoreML toolkit. For the input, we used
an image from the 2D occupancy grid map. The position of the generated bounding
box (blue rectangle in Figure 3.1) represents the position of the intersection in the
real world, and its label identifies the shape of the intersection. As the system uses a
grid map constructed from the LiDAR sensor, it is not affected by motion blur, which
may occur when blind users take photos using RGB cameras [151]. Therefore, the
system can detect upcoming intersections robustly.

Image Preprocessing

As the grid map itself does not contain information about the direction the user is
heading, we preprocess the image of the grid map such that this information be-
comes apparent. Thus, the system rotates the image of the grid map so that the
heading direction of the user faces up (Figure 3.2-C). The heading direction of the
user is calculated according to their position over the last four seconds. Then, we
shift the image so that the user’s position is at the center of the image. This prepro-
cessed image (128 x 128 pixels) is used as the input to the YOLOv3 detector.

Training the YOLOv3 Detector

We trained the YOLOV3 detector to detect upcoming intersections. To train the
YOLOV3 detector, we collected 9940 preprocessed images from the corridors of Waseda
University. As shown in the Figure 3.3, we annotated the locations of intersections
and their shape labels (i.e., the directions it leads to). For example, an intersection
that leads only to the left will be labelled as “Left, Back” as it leads to the left and
the back of the user. Since the intersections with the labels of “Left, Back” or “Right,
Back” have the same topological shape, they are defined as “L-Shaped” intersections.
Similarly, other intersections are classified as “T-Shaped,” “Rotated T-Shaped,” and
“X-Shaped”. We set the confidence threshold of the YOLOv3 detector to 0.2, which
is based on our empirical observation that this value provides early detection of up-
coming intersections with good accuracy.

Determining the Distance to Intersection

The distance between the user and the detected intersection is defined by the number
of pixels between the bottom side of the bounding box and the center of the image.
The blue arrow in Figure 3.2-D shows an example of the distance between the user
and the intersection. As each pixel (i.e., cell) represents 0.15 m in the real world, the
number of pixels multiplied by 0.15 m is the distance to the intersection. When the
generated bounding box includes the center of the image, it means that the user is at
the detected intersection.

Evaluation

To evaluate our detector, we constructed a dataset consisting of 1215 preprocessed
images taken in a different location from the training dataset. We measured the
following metrics: (1) precision and recall at different distances, and (2) the furthest
distance to detect each intersection shape. For the first metric, we measured the



24 Chapter 3. Corridor-Walker

L-Shaped Rotated T-Shaped T-Shaped X-Shaped

Left, Back Right, Back Left, Front, Back  Right, Front, Back Left, Right, Back Left, Right, Front, Back

FIGURE 3.3: Annotation of Intersections. The labels of the annotated intersections
contain all the navigable directions. There are nine lables in total, and six are shown.
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FIGURE 3.4: Intersection Detection Evaluation. A) Bar graph of precision and recall
at each distance. B) Bar graph of the furthest distance of detection for each label of
intersection.

precision and recall of the intersection detection at every 0.5 m interval. Figure 3.4—
A shows the results for the first metric. The precision and recall are high when the
distance between the intersections and the user is small, but they decrease as the
intersection is farther away. Overall, the detector achieved high (> 0.9) precision
and recall when the user was approximately 2-2.5 m away from an intersection. The
second metric measures the distance between the user and the intersection when
the first true positive detection occurs. Figure 3.4-B shows the results of the second
metric. The letters in the x-axis are abbreviations of the intersection shape labels (“L”
for Left, “R” for Right, “B” for Back, and “F” for Front). On average, the system was
able to detect an intersection 2.47 m before reaching it.

Confirming the Existence of an Intersection

If a corridor has an uneven structure, such as an alcove, the YOLOv3 detector may
detect it as an intersection, which is a false positive. As a result, the system may
convey the wrong detection shape of the intersection to the user. Therefore, con-
tirming whether the detected intersection is a true intersection or not is necessary.
We implemented an algorithm to confirm whether the detected intersection is a true
intersection when the user enters it. When the user is at a detected intersection, the
system measures the furthest walkable cell beyond each side (left and/or right) of
the intersection. If the distance between the nearest side of the bounding box and
the walkable cell is beyond the threshold of € m, the system confirms a path leading
to that side. We set the threshold € = 1.5.

3.4.5 Interface of Corridor-Walker

Figure 3.5 illustrates the interface of Corridor-Walker. Based on previous studies, we
designed our system to use TTS, spatialized audio, and vibration feedback. We kept
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FIGURE 3.5: Corridor-Walker Uses Multiple Modalities for Interface. When the user

is veering off the generated path, the system will correct the user’s orientation with

spatialized audio feedback. When an obstacle is detected within 2 m, the system will tell

the user to make a detour. The system will also vibrate continuously when an obstacle is

within 1 m. When an intersection is detected ahead of the user, the system will vibrate,
then convey its shape using audio feedback when the user enters it.

the use of TTS minimal, as it may provide a high cognitive load to the user [164].
Thus replacing it with other suitable feedback may increase the efficacy of the sys-
tem. TTS feedback is used to convey the shape of an intersection and tell the user
to make a detour. Spatialized audio feedback is used to instruct the user to trace
the generated path. Vibration feedback is used to notify the user of the existence
of an intersection and to alert them to the imminent risk of collision. The system
conveys auditory feedback (TTS and spatialized audio) through bone-conducting
headphones and vibration feedback through the vibration of the smartphone.

Conveying Intersection Distance

The system vibrates when it detects an intersection ahead of the user. We used vi-
bration to convey this information because the detector can detect an intersection
2.47 m ahead on average (Section 3.4.4), whereas feedback with TTS is too slow (the
user would have reached the intersection during the TTS feedback). Previous stud-
ies have shown that users perceive more urgency at a lower interval [172, 173]. As
we used vibration for both alerting the risk of collision and to notify the existence
of intersections, different intervals were used for the two feedbacks. For alerting the
existence of an intersection, we designed the vibration to be a single pulse vibration,
whose pulse duration was 0.1 s and the interval was 0.5 s (Figure 3.5-Intersection
Ahead).

Intersection Confirmation via Collaboration

Using the algorithm described in Section 3.4.4, the system adopts a collaborative in-
teraction that uses the system’s detection results as initial feedback and the user’s
input for confirmation. The purpose of this is to allow the user to confirm whether
the detected intersection is a true intersection or not. When the user enters the in-
tersection, the system tells the user to scan certain sides based on the detected shape
of the intersection (e.g., left and/or right) using TTS feedback (e.g., the system will
instruct the user to scan the left side if the label of the detected intersection is “Left,
Back” or “Left, Front, Back”). Once the system determines that it is a true inter-
section (Section 3.4.4), the system will say which way the intersection leads to (Fig-
ure 3.5-Entered Intersection). Otherwise, the system remains silent. Note that users
may additionally scan the side not indicated by the system if they suspect that the
system’s initial detection may be inaccurate. An example of the audio instructions
when an intersection with the label of “Left, Right, Back” is detected is as follows:
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TABLE 3.1: Corridor-Walker User Study Demographics. Participants’” demographics

are presented, including age, years of being blind, years of using smartphones, walking

behaviour during the user study (classified as either far from wall or along wall), and
their System Usability Scale (SUS) scores.

ID Age Gender Total Blindness Smartphone Usage Walking Behaviour SUS

P01 51 Male 40 years 7 years Far from wall 82.5
P02 26 Male 11 years 6 years Along wall 92.5
P03 52 Female 49 years 13 years Far from wall 72.5
P04 61 Female 4 years 2.5 years Along wall 80.0
P05 71 Male 5 years 6 years Along wall 85.0
P06 34 Female 19 years 6 years Along wall 75.0
P07 29 Male 19 years 10 years Along wall 82.5
P08 35 Female 21 years 8 years Along wall 87.5
P09 56 Male 5 years 10 years Along wall 85.0
P10 63 Male 20 years 2.5 years Along wall 75.0
P11 21 Male 21 years 8 years Along wall 75.0
P12 53 Female 53 years 5 years Far from wall 72.5
P13 34 Male 34 years 2.5 years Along wall 92.5
P14 29 Male 24 years 10 years Along wall 70.0

1) The user enters the intersection: “Scan Left and Right”; 2) User scans both sides,
but there is a path only to the left: “(Intersection to) Left.”

Conveying Veering-Related Information

The system uses spatialized audio feedback to convey the correct orientation to the
user (Figure 3.5-Veering). We used spatialized audio, as it has been shown that slight
adjustments of orientation are challenging with TTS [9], but feasible with spatialized
audio [157]. When the user veers off the path, the system provides feedback to
rectify the user’s orientation. If the user is facing the left/right while the user should
be facing more to the right/left, the system will produce a sinusoidal tone (duration:
0.25 s, interval: 0.25 s, frequency: 400 Hz, Figure 3.5-Veering) from the right/left
side of the bone-conducting headphone. When users can hear no sinusoidal tone
from earphones, it means they are facing the correct orientation.

Conveying Obstacle-Related Information

When an obstacle is detected (Section 3.4.3) within 2 m of the user, the system
will notify which way to make a detour through TTS feedback (Figure 3.5-Obstacle
Ahead, Top Panel). For example, when there is an obstacle along the left side of the
wall, the system will say “Make a detour to the right.” If any obstacle, including the
wall, is within 1 m in front of the user, the system will continuously vibrate (Fig-
ure 3.5-Obstacle Ahead, Bottom Panel). As the vibration with a shorter interval is
capable of conveying an urgent situation [172, 173], we set the interval to zero, which
means that the system will continuously vibrate until the user faces a safe direction.
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3.5 User Study

To investigate whether users can employ collaborative interactions to identify inter-
sections, and to examine whether the map-less system Corridor-Walker can support
indoor corridor navigation, we conducted a user study in Waseda University’s 121
Building, one representative target building for the system to address. We recruited
blind participants to perform several tasks while using our system with a cane and
compared the results to when the participants were using only a white cane, but
not using the system. We use the term system-aided as the condition when the par-
ticipants used both the system and a white cane to perform the tasks, and the term
cane-only as the condition when the participants used only a white cane, but not the
system. This user study was approved by the university’s institutional review board
(IRB).

3.5.1 Participants

Through an e-newsletter for blind people, we recruited 14 blind participants who
travel independently on a daily basis. Table 3.1 shows the demographics of the
participants. All participants mainly used white canes as their navigation aid and
smartphones in their daily lives for more than two years, with a mean of 6.9 years
and a standard deviation (SD) of 3.3 years.
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FIGURE 3.6: Task Visualization of Turning and Identifying at a Single Intersection.
A) Intersections for task 1. B) The height and length of the corridors are shown.
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3.5.2 Tasks and Conditions

Our user study involved the following three tasks.

Task 1: Turning and Identifying at a Single Intersection

This task was designed to evaluate intersection detection functionality and its col-
laborative interaction. In this task, participants were asked to turn in a specific di-
rection (left or right) at an intersection, and then answer the shape of the intersection
after each walk. We simulated intersections of different shapes using room dividers
(Figure 3.6). For each walk, the participants were randomly placed between 6 m and
10 m before the intersection. Then we asked them to start the task from that location.
The participants were notified before the task that they would be asked to answer
the shape of the intersection after each walk.

Task 2: Obstacle Avoidance

This task was designed to evaluate path planning capability. In this task, partici-
pants were asked to walk through a 15 m straight corridor. We designed two routes:
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FIGURE 3.7: Routes for Tasks 2 and 3. Routes in Task 2 are designed to be topologically
simple while containing multiple dense obstacles, whereas routes in Task 3 are designed
to reflect more realistic settings with additional turns.

Route 2-1, which consisted of two obstacles, and Route 2-2, which consisted of four
obstacles. We placed obstacles on the opposite side in turn (Figure 3.7). For exam-
ple, a corridor may first contain an obstacle on the left side followed by an obstacle
on the right side. We used a box, a chair, or a rubbish bin as obstacles, as shown in
Figure 3.7. We randomly placed the participants 3 m or 6 m away from the route
entrance, where the actual task started.

Task 3: Navigating Long Corridors with Obstacles

The final task aimed to evaluate Corridor-Walker in a practical setting. In this task,
participants were asked to walk through a corridor with several intersections and
obstacles. For this task, we used an existing corridor in our university. We designed
two routes (Figure 3.7). Route 3-1 had three intersections and three obstacles and
was 37.4 m long. Route 3-2 had four intersections and four obstacles and was 47.4 m
long.

3.5.3 Procedure

We obtained informed consent from all participants, which was approved by the
university’s IRB. We first conducted a pre-interview, asking the participants about
their daily experiences while navigating in indoor environments. Then, a training
session with the system was conducted for 30 minutes. After the participants were
accustomed to the system, they performed the three tasks in the main user study
session. For each task, the participant walked all intersections or routes once in ran-
dom order under system-aided and cane-only conditions. The order of the tasks
under the two conditions was counterbalanced. The first half (P01-07) of the partici-
pants walked the intersections and routes listed in Figures 3.6-3.7 with the cane-only
condition and the horizontally flipped intersections and routes of Figures 3.6-3.7
with the system-aided condition. The latter half of the participants (P08-14) walked
the intersections and routes listed in Figures 3.6-3.7 with the system-aided condi-
tion and the horizontally flipped intersections and routes of Figures 3.6-3.7 with the
cane-only condition.

After the main session, we conducted a post-interview. First, we asked the par-
ticipants to rate a set of statements with the 7-point Likert items (ranging from 1:
strongly disagree to 7: strongly agree). Each statement was asked for both the
system-aided and cane-only conditions. These questions are illustrated in Figure 3.8,
Q1-9. Then, we asked the participants to rate the system using the system usability
scale (SUS) [174]. Finally, we asked open-ended questions to gather qualitative feed-
back on the system. During the experiments, we recorded videos of the participants
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performing the tasks. These videos were used to calculate the metrics (Section 3.5.4).
We also used the videos to classify each participant’s walking behavior, whether
they usually walked along the wall or walked far from the wall (i.e., without relying
on the wall) on the cane-only condition (Table 3.1). The whole study took 120-150
minutes in total for each participant. Each participant was compensated with $90
for their participation. To prevent the spread of COVID-19, the experimenter and
participants covered their faces with masks and face shields.

3.5.4 Metrics

We used three metrics to evaluate our system. For each metric, the routes and the
intersections that were flipped but had the same topological shape were named the
same (e.g., intersections whose shapes were “Left, Back” and “Right, Back” were
both grouped as L-Shaped intersections).

Intersection Shapes Answered Correctly

For task 1, we measured the percentage of labels that the participants answered cor-
rectly. If the shape given by the participant after turning at an intersection matched
the label of the actual shape, then the answer was considered correct. Otherwise, it
was incorrect.

Task Completion Time

For each task, we measured the time to complete the task. For task 1, we measured
the time it took to walk 5 m, from 4 m before (start) to 1 m after (end) each inter-
section. We started the timer when the participant reached the start and stopped the
timer when the participant reached the end. For tasks 2 and 3, we measured the time
it took to walk the route from start to end. We started the timer when the participant
started walking and stopped the timer when the participant reached the end of the
route.

Number of Contacts Made to Obstacles or Walls with a White Cane

For each task, we measured the number of times the participant made contact with
obstacles or walls with their white cane by observing the videos taken during the
experiment. For task 1, we only measured the number of contacts with the walls, as
no obstacles were used.

3.6 Results

In this section, we describe the results of the experiments. First, we describe the daily
experiences in navigating indoor corridors obtained through the pre-interview (Sec-
tion 3.6.1), followed by the overall performance of Corridor-Walker (Section 3.6.2).
Finally, we describe the qualitative feedback obtained from the post-interview (Sec-
tion 3.6.3).

3.6.1 Daily Experiences of Participants in Navigating Indoor Corridors

To avoid obstacles, all participants agreed that they have to tap the obstacles with
their white canes. Six participants mentioned that obstacles with hollow lower parts
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(e.g., chairs and desks) are challenging to avoid (P02, P05, P08, P09, P12, and P13),
as the upper body may still collide. Meanwhile, P06, P11, and P12 commented that
avoiding low-height obstacles (e.g., boxes and rubbish bins) is also challenging be-
cause they cannot rely on their echolocation skills for detection.

As for locating an intersection, 12 participants (P01, P03-11, P13, and P14) men-
tioned that they walk along the wall and use a white cane to locate intersections, 10
participants (P01-04, P06-08, and P12-14) mentioned that they listen to the ambi-
ent sounds, and nine participants (P02-04, P06-08, and P12-14) mentioned that they
perceive the flow of air. In a familiar place, in addition to the methods mentioned
above, they also used a count of steps (P05) and intuition (P09, P13, and P14). More-
over, seven participants (P01, P03, P07, P08, P10, P13, and P14) reported that they
had experienced walking past an intersection without noticing. Two participants
reported that they had walked past an intersection when they were distracted (P01
and P03), and five participants (P07, P08, P10, P13, and P14) reported that they had
walked past an intersection while avoiding obstacles. P08 described the relationship
between intersections and obstacles as follows: C3.1:“If obstacles or people are standing
before an intersection, and because we have to avoid them, I lose track of my position and
therefore may walk past the intersection”> (P08).

Nine participants (P01, P04, P05, P07-10, P13, and P14) mentioned that it is diffi-
cult to walk straight in an indoor corridor. They mentioned that their main strategy
is to listen to the echo of the sound from the nearby wall (P01, P03, P04, P06-09,
and P12). P07 described the challenging experience of attempting to walk straight
as follows: C3.2:“It is difficult to walk straight. I think I am frequently veering or walking
in a zig-zag shape” (P07).

3.6.2 Overall Performance of Corridor-Walker

TABLE 3.2: Participants Recognized Intersection Shapes More Accurately with

Corridor-Walker. This table reports the percentages of correctly identified intersection

shapes in Task 1. Each intersection type is denoted concisely (e.g., “L” indicates an L-
shaped intersection).

Intersection Shape L T Rotated T X
Cane-only 71.4% 21.4%  28.6% 0.0%
System-aided 929% 92.9%  100.0%  50.0%

Intersection Shapes Answered Correctly

Table 3.2 shows the percentages of intersection shapes answered correctly for L, T,
Rotated T, and X-Shaped intersections for two conditions. Statistical analysis using
the chi-square test at a significance level of 0.01 revealed that participants signifi-
cantly answered the correct label on the system-aided condition in T (p = 0.0004),
Rotated T(p = 0.0006), and X-Shaped (p = 0.009) intersections. In the L-shape,
the correct answers were high in both conditions and no significant difference could
be observed (p = 0.3). The reasons why participants mislabeled the intersection
with the system can be summarized: 1) Although the system did convey the correct

3 All of the communications with participants were done in their native language. In this paper, we
translated the communications to English and provide them in a quotation and italic, e.g., “translated
content”.
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label of the intersection?, the user answered another label (Occurred once with L-
Shaped intersection, once with Rotated T-Shaped intersection and, three times with
X-Shaped intersection), 2) the mapping of the system failed because the participant
was holding the phone unsteadily, causing the YOLOv3 detector to output incorrect
estimation results (Occurred once in X-Shaped intersection), and 3) the system cor-
rectly detected the X-Shaped intersection and instructed the participant to scan left
and right, but the system did not tell the participant that it was an X-Shaped inter-
section because the participant only scanned in the direction of the intended turn
(Occurred three times in X-Shaped intersection).

TABLE 3.3: Number of Cane Contacts Made with Obstacles or Walls and Task Com-

pletion Time. Mean, SD, and p-value of the Wilcoxon signed-rank test, comparing the

system-aided and cane-only conditions. The symbols * and ** indicate the significance
found at the levels of 0.05 and 0.01, respectively.

Task Condition Task Completion Time (seconds) Number of Contacts

cane-only  system-aided p-value Contact with cane-only system-aided p-value
L-Shaped 8.98+1.88 14.06+3.90  0.0002** wall 3.86+2.35 0.14+0.36  0.004**
T-Shaped 9.20+2.04 14.24+4.48  0.0001** wall 3.57+2.31 0.29+0.47 0.006**
Rotated T-Shaped ~ 9.22+2.35 16.78+5.02  0.0002** wall 3.42+2.28 0.14+0.36 0.002**
X-Shaped 9.79+2.71 16.48+8.03  0.0001** wall 3.71+2.20 0.14+0.36  0.002**
3 e obstacle 1.28+0.73 0.50+0.52  0.006%*

) Route 2-1 18.55+3.61 23.46+7.42  0.0006 wall 3.14+3.61 0.57:0.94 0.02%

g o obstacle 2.21+1.42 1.35+1.00 0.08

Route 2-2 20.91+4.85 28.50+7.67  0.0006 wall 1.8643.18 0.6221.01 02

: . obstacle 3.07+1.49 1.28+1.32 0.01*
; Route 3-1 50.65+7.91 69.30+15.70  0.0001 wall 12.2149.67 1.0741.27 0.003**
: o obstacle 3.71+2.34 0.85+1.29 0.002**
Route 3-2 63.07£10.95  85.70+25.31  0.0002 wall 15.21£12.75 1434210 0.002*

Task Completion Time

Table 3.3 reports the mean and SD of the task completion time. As this metric con-
tains three factors that may affect the results, we first conducted a three-way analysis
of variance (ANOVA) at a 1% significance level. Specifically, we compared cane-only
and system-aided conditions, the order of conditions they started the tasks with, and
whether the route was flipped or not. The analysis revealed that there was no inter-
action between all factors, and the cane-only and system-aided conditions were the
only factors that affected the results. Therefore, to analyze the effect between the
cane-only and system-aided conditions, we then separated the data based on the
two conditions for each route and conducted the Shapiro-Wilk test at a 1% signifi-
cance level. The test confirmed that normality could not be assumed for all metrics
in each route. Also, as the three-way ANOVA revealed that flipping the route did
not affect the result, the flipped routes can be assumed to be the same (e.g., L-Shaped
intersections that lead to the right and left can be assumed to be the same intersec-
tion). Therefore, we used the Wilcoxon signed-rank test to analyze the data. Our
statistical analysis at a 1% significance level revealed that more time was required
to complete all tasks using the system. This was because the participants tended to
walk slower to follow the instructions and re-orient themselves while walking. Also,
they took additional time to stop and scan the surrounding environment to confirm
the shape of intersections when they were instructed to.

“This is verified by checking the system log.
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FIGURE 3.8: Qualitative Evaluation with Seven-point Likert Questions. The p-values

calculated by the Wilcoxon signed-rank test are indicated on the left side of the figure.

The symbols * and ** indicate the significance found at the levels of 0.05 and 0.01, re-
spectively.

Number of Contacts Made to Obstacles or Walls with the White Cane

Table 3.3 shows the result of the metric. Based on the same reason stated in Sec-
tion 3.6.2, we used the Wilcoxon signed-rank test to analyze the data. Our statistical
analysis revealed that the system significantly reduced the number of contacts with
walls and obstacles in all tasks except Route 2-2. Although the average value of the
metric was lower with the system-aided condition in Route 2-2, the significance was
not observed because each obstacle was placed only 3 m from each other (Figure 3.7),
making the task challenging. Overall, the system enabled the participants to avoid
obstacles while relying less on the wall to navigate the corridor.

Subjective Ratings

Table 3.1 shows the SUS scores for each participant. The mean SUS score was 80.5
(SD: 7.41). Figure 3.8 shows the results of the 7-point Likert items. Our statistical
analysis using the Wilcoxon signed-rank test revealed that the system received sig-
nificantly better ratings than the cane-only condition for Q3-6.

3.6.3 Qualitative Feedback
Appreciation to Corridor-Walker

Throughout the interview, we found that each participant found various aspects of
the system advantageous. Twelve participants (P01-03, P05-08, and P10-14) felt
positive about the obstacle avoidance function: C3.3:”I was very impressed that I was
able to avoid an obstacle without even knowing it was there. It is innovative that the system
only signals when an obstacle is in front of me and stops notifying me once I start detouring
around it” (P06), and C3.4:”Although I had to walk slower to listen to the feedback of the
system, I was glad that 1 did not bump into an obstacle” (P01). Nine participants (P01,
P02, P04-06, and P08-11) especially felt positive about the correction of veering:
C3.5:“The system helped me to walk in a straight line. At first, I did not think it was
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necessary. However, it was useful because it helped me to walk in the middle when I cannot
walk along the wall” (P09).

Thirteen participants (P01-11, P13, and P14) felt positive about the intersection
detection function. Nine participants (P02, P04, P06-09, P11, P13, and P14) men-
tioned that they want to use this function to build mental maps. C3.6:“Knowing that
I am almost at an intersection means that I do not have to worry about running through it.
By checking all the directions to which the intersection extends, I can discover that the road
actually extends in another direction” (P01) and C3.7:“When I am walking with a white
cane, I do not know which way the intersection actually leads to. With the system, I can
perceive which way it leads to” (P14).

Negative Feedback

Three participants (P03, P08, and P09) commented that the obstacle avoidance func-
tion of the system was insufficient because they naturally walk fast. C3.8:"As I nat-
urally walk quite fast, even if the system notifies me of an obstacle, my white cane hits the
obstacle. I do not want to walk slower” (P03). P12, born blind, found neither inter-
section detection function nor rectifying of orientation useful, as she could do both
using only her echolocation skills. Two other participants (P03 and P13) also agreed
that the correction of orientation was unnecessary. C3.9:“I find intersection detection
unnecessary because I can determine that I have entered an intersection only with my echolo-
cation skills or by walking along the wall” (P12) and C3.10:"Since I think I can naturally
walk in the middle, the correction of orientation is unnecessary. It is better if the sound comes
from where an obstacle is” (P12).

Smartphone Usage

All participants, except for P03, agreed that one strength of the system was that it
requires only a single smartphone. C3.11:“It is good that the system requires only one
smartphone. I always have my smartphone when I go out” (P08). However, 11 partici-
pants (P01, P03-05, P07-12, and P14) felt that holding the phone in their hands was
a disadvantage. Especially four participants (P07, P08, P11, and P12) commented
that maintaining the angle of the smartphone was challenging. C3.12:“It was diffi-
cult to maintain the smartphone parallel to my orientation, as this system assumes that the
orientation of the smartphone and the user is the same” (P08).

3.7 Discussion

This section first discusses the two central research questions in this chapter, fol-
lowed by an additional point that emerged through the study, and finally discusses
the limitations of the system.

3.7.1 Did Corridor-Walker Allow Safer Navigation?

Overall, results suggest that although it took more time for participants to navigate
in an indoor corridor (Section 3.6.2), Corridor-Walker successfully enabled all par-
ticipants to navigate in an indoor corridor by assisting them to avoid obstacles and
recognize intersections. The quantitative results (Table 3.3) suggest that the system
enabled participants to make significantly less contact with obstacles and walls with
a white cane. Also, the qualitative feedback (Figure 3.8) suggests that the system im-
proved their experience while avoiding obstacles (Q3) and re-orienting themselves



34 Chapter 3. Corridor-Walker

(Q4-6). Comments from the participants suggest that they were glad to avoid obsta-
cles without knowing that they were present (C3.3) and with less reliance on walls
(C3.5).

3.7.2 Did Users Use Collaborative Interactions for Grasping Intersections?

Importantly, the recognized rate of intersection shapes (Table 3.2) and comments
(C3.7) indicates that participants were able to identify intersections more accurately
with the system. While the increased task completion time may seem negative, this
supports the abovementioned important finding, as participants spent additional
time on scanning - which we frame as collaborative interaction in this dissertation -
so that the system can provide more accurate shape recognition. While there is room
for improvement by making the scanning interaction faster, this presents a nuanced
finding where simply increased task completion time is not always negative.

Furthermore, the intersection detection function of the system improved their
intersection navigation experience by assisting them to prevent walking past an in-
tersection unnoticed C3.6), and make a mental map (C3.7, Section 3.6.3). On the
other hand, we did not observe statistical significance in questions about their expe-
rience when turning in an intersection (Q7-9). This is because Q7-9 mainly asked
about locating and turning in an intersection that can already be performed with
only a cane (C3.9) as well as the system.

3.7.3 Individual Preferences

Although Corridor-Walker enabled participants to safely navigate an indoor corri-
dor, different preferences for functions and interfaces were observed. Some partici-
pants still made contact with obstacles when using the system (Table 3.3) although
the sensing range of the system for obstacles was 2 m. P03 found the detection range
of obstacles short, as she naturally walks fast (C3.8), whereas P01 did not find walk-
ing slower to be a disadvantage (C3.4). Thus, the default obstacle detection range
does not need to be longer but should be adjustable for every user with a different
walking speed.

P03 and P13, who had a high level of echolocation skills, did not find the intersec-
tion detection function (P13) or orientation correction function (P03 and P13) neces-
sary (C3.8, C3.9, and C3.10). As they can naturally walk far from the wall (Table 3.1)
by listening to the reflection of sound from the wall, they can locate an intersection
when they enter it. However, P01, who also had high echolocation skills (Table 3.1),
still felt positive about the intersection detection function as it can prevent the user
from walking past it and tell the user the shape of an intersection, which is not sup-
ported by a white cane (C3.6). We observed that although blind people with high
echolocation skills may walk without relying on walls and can locate intersections
with only a white cane, they still have different individual preferences.

3.7.4 Limitations and Future Work

For the limitations of this study, the experiment was conducted in a limited environ-
ment with perpendicular intersections and a corridor with a fixed width. In actual
usage, there may be an intersection that consists of five paths or gradual turns. As
the current intersection detection function assumes that all intersections consist only



3.8. Conclusion 35

of perpendicular paths, the system may not detect such intersections. A more gen-
eral labeling method for complicated intersections may allow us to create detection
engines for a wider variety of intersections.

Also, the use of the system may be limited due to the sensing range of the Li-
DAR and its cost. As the sensing range of the LIDAR sensor is 5 m [165], the system
can detect intersections only up to 3.0-3.5 m ahead (Figure 3.4). Moreover, the sys-
tem assumes that both sides of the wall must be visible, thus limiting the use of the
system in an open space such as a lobby or large foyer area. In such environments,
both functions of the system will fail because the system cannot assign cost val-
ues to walkable cells for path planning and cannot extract features of the geometric
structure of the environment to the grid map (e.g., wall or corners in an intersec-
tion) for intersection detection. In addition, a smartphone with a LiDAR sensor is
not yet common and affordable for all blind people. As smartphones are rapidly
being improved in recent years, we believe that LIDAR-equipped smartphones with
affordable prices and longer sensing ranges may appear and be widely adopted in
the future, and these issues may be naturally solved along with the evolution of
smartphones.

In terms of the ergonomics, 11 participants stated that there is a problem with
how the smartphone should be held (Section 3.6.3). Since the optimal performance
of the system requires users to hold a smartphone in an uncommon manner, they
found it uncomfortable to hold it stably in front of them (C3.12). One failure in task
1 (Section 3.6.2, Reason (2)) occurred because of this reason (1.8%). Such a failure
could become more pronounced because of fatigue of holding a smartphone if the
person needs to use the system in the real world for longer periods of time. Despite
this inconvenience, 13 participants still stated that the strength of this system is that
it is implemented on a single smartphone (C3.11). As smartphone-based systems are
highly accepted by blind people for their usefulness [154, 8], more longitudinal stud-
ies may provide insights into how to improve the ergonomic issue by further train-
ing and the extent of fatigue of holding a smartphone for a long period of time in
real world situations. Therefore, collaboration with orientation and mobility (O&M)
training communities could provide essential information and suggestions for de-
signing methods to train the usage of such mobile navigation systems in addition to
current methods such as white canes and echolocation for navigation.

As a next step, having investigated basic collaborative interaction and safe nav-
igation, we aim to apply the system in an unfamiliar scenario. As explained in Sec-
tion 3.3, Corridor-Walker is intended for use in situations where users already know
the route. However, acquiring the route itself becomes an additional challenge for
practical application in broader scenarios. In the following two chapters, we there-
fore consider two concrete scenarios. We set situations in which a blind user navi-
gates to a destination either by analyzing a floor map or by using a route description
obtained from surrounding people.

3.8 Conclusion

For the initial step of the map-less navigation systems, we present Corridor-Walker, a
system that assists blind people in avoiding obstacles and recognizing intersections.
The user study with 14 blind participants revealed that the system significantly re-
duced the number of contacts made with a white cane and enabled participants to
avoid obstacles while relying less on the wall. By using collaborative interaction,
which involves explicitly scanning the environment for the system, the system also
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enabled participants to better recognize intersections compared to the case using
only a white cane. For further design improvement, considering the different pref-
erences raised by the participants is necessary. The next step will involve setting a
concrete scenario and adding functions that allow the system to be used in unfamil-
iar locations.



37

Chapter 4

Snap&Nav: Smartphone-based
Indoor Navigation System For
Blind People via Floor Map
Analysis and Intersection
Detection

Navigation Module

Map Analysis Module

Generate a Node Map From an Image Captured By Sighted Assistant Navigate Blind User on Planned Path using Intersection Detection
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@ Destination Node next intersection
‘ User Node j? S |l

Pl d

Select _
Destination ~

Walk 3m and the destination
will be on your left

FIGURE 4.1: Snap&Nav Provides Turn-By-Turn Guidance By Analyzing Floor Map

Image. The system first requires a sighted assistant to capture an image of a floor map

that is commonly available at buildings. The system extracts a node map from the im-

age by applying a map analysis algorithm. Then, the system plans a path to the selected

destination by a blind user and navigates them to the destination by using an intersec-
tion detection algorithm.

4.1 Introduction

This chapter addresses the same indoor corridor-like environment with a smart-
phone, however, in an unfamiliar setting where blind people do not know the route
to the destination. Navigation in an unfamiliar environment remains a significant
problem for blind people. As they need a long-term familiarization of buildings
for independent navigation with canes and guide dogs, they usually need to rely on
sighted assistance by asking to accompany them to their destinations or asking them
for the route [4, 107]. Their independence is further impeded by the fact that they
need multiple assistance when navigating to another (multiple) destination.
The most common solutions include map-based navigation assistance systems [38,

9]; however, their usage is limited to places with prebuilt maps and supporting in-
frastructures. On the other hand, navigation systems that do not require prebuilt
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digital maps [95, 175, 15] assist users by leveraging real-time sensing results to con-
vey information about the environment, allowing users to decide their way at each
decision-point. As these systems don’t possess any pre-existing knowledge of the
route users need to walk, users or systems must rely on external route information
to be used. However, similar to Corridor-Walker [22], existing works either assumed
that users already knew the route [22, 95] or relied on an experimenter to explain the
route beforehand [15, 175], making them difficult to apply in unfamiliar settings.

One idea to source route information is to use floor maps, which are typically
presented at the entrance of each building, as an information source for determin-
ing the destination. Therefore, in this chapter, by extending Corridor-Walker, we
propose Snap&Nav, a navigation system that utilizes an image of a floor map in
a building, which contains a walkable path along with names of possible destina-
tions, as an information source of the environment (Figure 4.1). Firstly, to use floor
maps for navigation, it is necessary to obtain the image of the floor maps for the
system. As blind people may have difficulty in capturing an image of the target
object by themselves [152, 111], we designed the system such that sighted people
capture floor maps instead of blind users. Also, from the floor map image, it is
necessary to extract information such as intersections, possible destinations, con-
nection relationships, and the user’s initial position and orientation for guidance to
the destination. While intersections, destinations, and their connections can be ex-
tracted by utilizing image processing or computer vision algorithms on a floor map
image [176], the users’ position and orientation are not always apparent in all floor
maps. Thus, we designed the system so that sighted assistants annotate the blind
user’s initial position and orientation. After a sighted assistant captures an image
of a floor map, the system analyzes the image and creates a node map, which is a
map involving the aforementioned information represented by nodes and connec-
tions. Secondly, by using the extracted node map, the system navigates blind people
who hold the smartphone in their hands. To use the node map for navigation, it is
necessary to continuously localize the user’s position on the node map to provide
turn-by-turn navigation instructions. Using the intersection detection algorithm of
Corridor-Walker, the number and shapes of the detected intersections are compared
with the intersections in the real world to keep track of which node or edge the user
is currently on. Finally, to notify users that they have reached the destination, it is
necessary to estimate the scale difference between the floor map and the real world.
Therefore, by comparing the pixel distance between two intersections in the node
map with their actual distance in the real world, the system estimates the scale.

We implemented Snap&Nav by prototyping two functionalities, namely map
analysis and navigation, and conducted two user studies to investigate the following
questions:

¢ Can sighted assistants capture and annotate the position and orientation of a
blind user on the floor map, and are sighted people willing to perform this task
for assist blind users?

¢ Can blind people reach their destination using Snap&Nav, and how does their
experience compare to navigating with a cane?

The first user study was conducted with 20 sighted participants, where they cap-
tured an image of a floor map and annotated the position and orientation of a blind
user. The study revealed that most participants were able to use the system with-
out being accustomed to the system, but also revealed improvements such as the
need for specification of how to verify whether the generated map is correct. Then,
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the main study was conducted with 12 blind participants. We prepared two condi-
tions: a system-aided condition where they navigated using the proposed system, and
a cane-only condition where they navigated with a description of routes by sighted
people. Participants were asked to navigate to multiple destinations in sequence.
Throughout the study, we revealed that usage of our system enabled participants
to navigate with increased confidence and reduced cognitive load, without affecting
the task completion time. The participants generally appreciated the fact that they
did not have to ask for route descriptions multiple times when using the system,
which allowed them to gain more independence by relying less on sighted people.
Additionally, ten of the blind participants expressed that they find it acceptable to
involve sighted assistants, given the potential benefits they would receive.

4.2 Related Work

In this section, in addition to the related works reviewed in Chapter 2 — including
navigation in unfamiliar buildings (Section 2.1.2), map-based navigation assistance
systems (Section 2.2.1), and the works discussed in the previous chapter (Section 3.2)
— we describe the prior floor map recognition method, which serves as an addi-
tional component compared to Corridor-Walker.

421 System Using Indoor Floor Map Analysis

Researchers have proposed various methods for creating navigation routes with
edges and nodes from floorplans of buildings [177, 178, 179, 180, 181]. While floor-
plans accurately represent a floor’s structure, these are not often available for public
usage, which impedes assistance systems from using them for navigation purposes.
Prior research proposed analysis systems for floor maps (i.e., ones found on infor-
mation boards in shopping malls or at entrances of buildings) to extract walkable
areas [182] or localize the user’s position in shopping malls [176]. Following pre-
vious research, we prototype a method to analyze floor maps, but for navigation
purposes for blind people. To provide turn-by-turn navigation instructions, the sys-
tem extracts information such as intersections, destinations, and their connections
and generates a node map.

4.3 System Design

The proposed system, Snap&Nav, has a map analysis module and a navigation mod-
ule (Figure 4.1). The map analysis module is aimed to be used by a sighted assistant,
by having a blind user ask sighted people to use this module. Then, based on the
analyzed map, blind users could select the destination and navigate using the nav-
igation module. The system is designed to acquire the route to destinations from a
floor map, which is commonly available in buildings. Thus, the advantage of this
design is that it has the potential to be used in various buildings that have floor
maps, without any preparation. To realize the design described above, we imple-
mented the system on the iPhone 12 Pro, which is a smartphone equipped with a
LiDAR sensor.
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4.3.1 Map Analysis Module

To provide blind users with turn-by-turn navigation instructions, this module in the
system creates a node map consisting of information of intersections, destinations,
and the position and orientation of a blind user. Users of this module are sighted
assistants (Figure 4.1). As they are expected to be asked to use the system on the first
view, the interface of the system must be used without any prior tutorial. Thus, we
design the map analysis module to provide voice instructions to sighted assistants.
Firstly, the system instructs sighted assistants to capture the floor map image. Then,
sighted assistants are asked to annotate blind users” position and orientation in the
captured image by interacting with the system, as it is not always apparent in all
floor maps. Then, the system processes the captured image to extract a node map
consisting of the positions of intersections, destinations, and the blind user’s posi-
tion with their connections. Finally, the system asks sighted assistants to determine
whether the connections in the node map match the information in the floor map.
They can compare the node map displayed on the smartphone screen with the floor
map. If they determine that the generated node map is not sufficient, they capture
and annotate it again.

4.3.2 Navigation Module

Firstly, blind users can select the desired destination from the list of extracted desti-
nation nodes. Once the destination is selected, the system plans a path from the cur-
rent user’s node (Figure 4.1). To provide turn-by-turn instructions, the system tracks
the user’s position on the node map (i.e., which nodes or connections users are in) by
using the intersection detection algorithm to verify the shape of their current inter-
section and match it with the intersection nodes on the node map. To guide users to
their destination, it’s essential for the system to convey the distance they need to pro-
ceed from the final intersection. Therefore, the system calculates the scale difference
between the node map and the real world by comparing the distance between two
nodes in pixel space to the distance between two real-world intersections in meters.
Once the scale difference has been obtained, it can offer instructions accompanied
by the distance covered after that intersection. Note that this module is designed to
navigate users globally (at a scale that requires multiple turns to reach the destina-
tion), not locally for obstacle avoidance. Therefore, obstacle avoidance is not part of
the system’s design requirements.

4.4 Implementation: Map Analysis Module

This section describes the implementation of the map analysis module, which is
aimed to be used by a sighted assistant.

4.4.1 Interface for Sighted Assistants

Figure 4.2 shows the interface of Snap&Nav. When sighted assistants press the “cap-
ture floor map” button on the initial screen, the system activates the camera, and
with voice feedback, the system instructs assistants to capture an image of a floor
map so that it is placed in the center with minimum lighting (Figure 4.2-1). Then,
assistants are instructed to annotate the position of blind users. Assistants can ei-
ther tap or drag on the image to specify the position of blind users, at which point
a green dot appears to indicate their location (Figure 4.2-1). When the annotation is
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1. Sighted assistant annotates 2. Sighted assistant annotates 3. Sighted assistant checks 4. Blind user selects
the position of the blind user the orientation of the blind user the analyzed node map a destination
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FIGURE 4.2: Map Analysis Module Interface. After capturing a floor-map image, the

sighted user first annotates the blind user’s location and then specifies the orientation

with a swipe gesture. The system then runs the floor-map analysis algorithm and dis-

plays the result to the sighted user. If the output looks correct, the system is handed to
the blind user for destination selection.

completed, assistants can tap a button placed on the bottom of the screen to complete
the annotation process of the position. Then, the system provides voice feedback to
instruct assistants in setting the orientation of the blind user at any angle by using a
swipe gesture on the image. When assistants swipe, a green arrow pointing from the
green dot will be displayed in the swiped direction (Figure 4.2-2). Finally, assistants
can tap a button on the bottom to complete the whole annotation process.

The system sends the image to a remote server to apply a map analysis algo-
rithm (Section 4.4.2). After the analysis, the system receives and displays the image
of the analyzed node map from the server. Assistants can verify if the image is ac-
curately analyzed (Figure 4.2-3). If not, assistants can repeat the process by pressing
the capture image button.

4.4.2 Floor Map Analysis Algorithm

We prototyped a map analysis algorithm. Our algorithm creates a node map, which
is a representation of a floor where each node corresponds to an intersection or a
destination, and the connection between each node represents walkable pathways.
The node map consists of three types of nodes: (1) a user node that represents the
initial position and orientation of the blind user, (2) an intersection node, and (3)
a destination node. Specifically, the node map will be obtained by applying the
algorithm described below to an RGB image (resolution of 4032 x 3024) obtained by
a smartphone camera on a remote processing server with RTX-3060 GPU with 8GB
memory capacity.

The red circular and rectangular icon in Figure 4.3 represents the user’s location.
To prevent the icon from affecting the following image processing algorithm, we
first mask out the icon, which indicates the user’s position. To do so, we assume that
the red color indicates the user’s location in this study and mask out colors close to
red in the image. Then, the image is binarized, and the connected component algo-
rithm is applied to identify connected regions. The largest area, which is expected to
represent the path or corridor, is extracted (Figure 4.3-1). Then, the skeletonization
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FIGURE 4.3: Floor Map Analysis Algorithm. Given an input image: (1) the path area is
extracted using a connected-component algorithm; (2) skeletonization is applied to ob-
tain the topological structure and nodes, which are assumed to represent intersections;
(3) a filtering step removes nodes that do not correspond to valid intersections; (4) OCR
is applied to the original image to extract potential destinations; (5) the midpoint of each
OCR bounding box is mapped onto the previously obtained skeletonized map; and fi-
nally, (6) the system incorporates the annotated blind user’s position and orientation
data.

algorithm [183] is applied to the extracted path area. After that, Harris corner de-
tection is applied to the skeletonized image to identify potential intersection nodes
(Figure 4.3-2). The connections between these nodes are ascertained based on the
connections presented in the skeletonized image. To eliminate extra intersection
nodes that were accidentally detected, we filter out nodes with only two connec-
tions where the connection angle exceeds 140°, and get the intersection-only node
map (Figure 4.3-3). Next, to find destination nodes in the floor map, optical charac-
ter recognition (OCR) [184] is applied to the original RGB image. As a result, multi-
ple bounding boxes with destinations” names are obtained (Figure 4.3-4). The center
point of each bounding box is extracted to represent the location of each destination,
which is then mapped to the nearest connection between nodes in the node map. At
the same time, the system determines on which side of the path the destinations are
located (Figure 4.3-5). Finally, we map the user node, whose location and direction
were annotated by sighted assistants, to the closest connection (Figure 4.3-6).

4.5 User Study for Map Analysis Module with Sighted Par-
ticipants

To investigate whether sighted assistants can capture and annotate a blind user’s
position and orientation on a floor map, and whether they are willing to perform
this task, we conducted a user study evaluating the map analysis module with 20
sighted participants (16 male and four female). They were aged 22 to 31 years old
(mean=23.8 and standard deviation(SD)=2.3). Eighteen participants were familiar
with the experimental location, and two were unfamiliar. One aim of this study was
to investigate if sighted assistants could use the system without being accustomed to
it. This user study was approved by Waseda University’s IRB, and informed consent
was obtained from every participant before the study:.
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4.5.1 Tasks and Procedure

We took participants in front of five different floor maps, which are already available
in the building. Then, we asked them to use the system, assuming they were asked
to do so by a blind person. The experimenter, who acted as a blind person, stood
within three meters of a floor map and faced towards it. Before handing the system,
we gave concise instructions to capture the floor map image and annotate it by fol-
lowing the system’s voice instructions. They were allowed to recapture and repeat
the annotation until they felt confident with the generated node map. When partici-
pants finished the task, we asked them to return the system to the experimenter.

The floor map participants first capture using the system is the most important,
as the map analysis module is designed for scenarios where sighted assistants are
asked to use it by blind people. To ensure that each floor map is captured an equal
number of times, we randomized the order of capturing each floor map, with each
floor map being captured first by different participants precisely four times. Finally,
we interviewed participants with questions on Figure 4.4. The whole study was
recorded and took 30 minutes in total. Participants were compensated with 7$. Be-
low, we refer to first trial as the first task of floor map capturing and overall trial as
the all task of floor map capturing.

Strongly Disagree Neutral Strongly Agree

1 2 3 4 5 6 7

: - ) ) i i

Q1. This system was easy to use and | can use it without much instruction. o f - |
Q2. | can use this system without any support from anyone. |—_
Q3. The audio feedback of this system was easy to understand. }—-
Q4. | was able to set the position of the blind user easily. |_-
Q5. | was able to set the orientation of the blind user easily. |—_
Q6. | am willing to use this system for blind people when | am asked to do so. l—-

FIGURE 4.4: Qualitative Evaluation with Seven Point Likert Items. Questions and
responses from our study with 20 sighted participants.

4.5.2 Metrics

Below, we describe the metrics adopted in this study.

Average Path Length Similarity (APLS)

To evaluate the performance of the map analysis algorithm, we used Average Path
Length Similarity (APLS) [185], which is a standard metric for evaluating node maps
such as ones generated from satellite images. The metric assesses the similarity be-
tween two node maps by comparing differences in their path lengths. This process
involves identifying corresponding nodes between the predicted node map and the
GT node map. The algorithm calculates the shortest path distances between all pairs
of corresponding nodes using the Dijkstra algorithm [186], and records these path
lengths. Subsequently, it computes the ratio of the length differences between these
paths. If a corresponding node is absent in the predicted node map, resulting in a
missing path, a maximum penalty of 1.0 is assigned. The final step calculates the
sum of the differences between the predicted node map and the GT node map. This
sum is then averaged across all nodes and subtracted from 1 to derive the APLS
score. The APLS score ranges from 0 (indicates poor similarity) to 1 (indicates high

similarity), and is defined as follows, APLS =1 — % Y min {1, %} where



44 Chapter 4. Snap&Nav

Ground Truth Node Map with Predicted Node Map with
intersection and destination nodes intersection and destination nodes

,
}
e B
L‘/L/d‘ | T =
. B *
9

Captured Floor Map Image by S02

@ destination nodes

1Y
\\
. \* @ intersection nodes

\ J
¥\\

\\ \
-
%

L .
g b

APLS =0.54

FIGURE 4.5: Example of Captured Floor Map and Generated Node Map. (A) a floor
map image captured by S02, (B) its ground truth node map, and (C) generated node
maps that contain both intersection and destination nodes.

L(a,b) represents the path length between nodes a and b as computed by the Dijk-
stra algorithm in the node map. This metric is influenced by the nodes” topological
connectivity and geographical positioning, as it is highly penalized when there is an
absent connection and primarily measures the differences in path length.

Task Completion Time (TCT)

We measured the task completion time, which is the time to capture an image of a
floor map and edit the user’s position and orientation. We also define the system
process time (SPT), which is the time it takes to send the captured image to the server
and generate the node map, and confirmation time (CT), which is the time it takes for
sighted participants to verify if the received node map is correct.

User Node Accuracy

We measured how accurately participants annotated the position and orientation
of a blind user. We considered the position of a point to be correctly annotated
if it was within 227 pixels of the ground truth (GT) location in the original image
coordinate space. The value of 227 pixels was determined by imitating the minimum
button radius of 22 points on the screen coordinate space for iOS devices [187]. As
the screen width is 390 points for the iPhone 12 Pro and the image width is 4032
pixels, we calculated the value with the following equation, 4032 x 2% ~ 227. We
also defined the orientation as the correct orientation if the orientation is within 45
degrees from the GT orientation in the captured map. In a building where the system
may be used, such as our experimental environment, floor maps may be installed on
either side of the corridor wall. Thus, the orientation of a user standing in front of
a floor map can be one of the two possible orientations. The system classifies the
input user orientation into two categories based on which wall of the path the user
node is orientated. If the error between the input and the annotation is within 90
degrees, the system determines the correct orientation. In this study, 45 degrees was
used as a strict condition. We defined the GT position as the position of the floor
map and the GT orientation as the side of the wall on which the floor map exists.
The experimenter manually annotated the GT position and the orientation for the
evaluation.
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Subjective Ratings

We asked seven-point Likert-scale questions as shown in Figure 4.4. The questions
were designed based on the system usability scale (SUS) [174] questionnaire. To fit
within the time constraints of the study, we selected relevant questions from the SUS
questionnaire, minimizing the total number of questions.

TABLE 4.1: Map Analysis Algorithm and Participant Performance Evaluation. Aver-

age Path Length Similarity APLS [185], task completion time (TCT), user node accuracy,

and average number of recaptures per trial. For TCT, we report for overall time, system

process time (SPT), and confirmation time (CT). We evaluated each metric for the first
Trial and the overall trial.

APLS [185] Task Completion Time User Node Accurac Number of

Intersection (Mean=SD [Seconds]) y Recaptures
& Destination ~ Overall SPT CT Location Direction  per trial
First Trial 0.57 88.62+35.41 6.54+4.20 20.27+14.93 0.95 0.85 0.35+1.11
Overall Trials 0.56 62.92+£28.40 6.42+3.06 14.91+12.68 0.99 0.95 0.21+0.60

4.5.3 Result

Below, we describe the result of the study.

Average Path Length Similarity (APLS)

Table 4.1 reports the average APLS of the generated node maps. The values did not
differ between their first and overall trials, indicating how sighted participants cap-
tured images did not differ before and after getting accustomed to the system. In
Figure 4.5, we provide an example of a captured image and its corresponding gener-
ated node map with its APLS. The average APLS value was 0.57 in the First Trial and
0.56 in the Overall Trial. The APLS values, which are close to 0.5, can be attributed
to the misdetections of some nodes and deviations in node mappings, as illustrated
in Figure 4.3-5. For instance, some nodes at the ends of corridors were missing be-
cause our algorithm mainly extracts intersection nodes with corner detection, and
thus, corridor ends were not detected. Furthermore, while the algorithm success-
fully captured the overall structure of the node map, slight deviations in node place-
ment from their actual positions were noted. These deviations also led to a decrease
in APLS values.

Task Completion Time (TCT)

Table 4.1 shows the mean and SD of TCT. The mean value of the overall trial de-
creased compared to that of the overall TCT and CT of their first trial. Table 4.1 also
shows the results of system process time (SPT) and confirmation time (CT) involved
in overall TCT. The maximum CT was 63.94 seconds by S06.

User Node Accuracy

Table 4.1 shows the ratio of this metric. Generally, all participants were able to set
the user’s position correctly. On the other hand, three participants mistakenly set the
orientation as they thought they were asked to set the orientation the blind person
would be heading.
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Number of Recaptures

Table 4.1 reports the mean and SD of the number of recaptures per trial. Seventeen
participants finished the task without recapturing the floor map in their first trial.
In overall trials, ten participants recaptured floor map images. Seven recaptures
occurred in the first trials, and 21 occurred in the overall trials. Out of the ten par-
ticipants, 518 showed the most confusion in their first trial. Firstly, S18 captured a
floor map from a distance because 518 thought it was important to remove the light
reflection. It caused the floor map in the image to be small. Thus, the system was not
able to generate the appropriate map. As S18 thought that the cause of the failure
was light reflections, S18 repeatedly captured the floor map in the same manner.

Subjective Ratings

Figure 4.4 shows the results of seven-point Likert-scale questions. For all questions
(Q1-Q6), more than 17 participants gave positive scores (greater than 5). While all
of them felt that they were able to set the position of the blind user (Q4), S03 and S19
felt that they were unable to set the orientation easily (they scored 3 points in Q5).

Qualitative Feedback

Aligned with the result in Q6, all participants stated that they are willing to use the
system when asked by blind people, as it offers reliable assistance than explaining
routes or guiding them: C4.1:” It isn’t easy to know if the route description is conveyed
correctly. If the destination is far away, it takes time to convey the information, and I am
also concerned about whether the information I provided is accurate. On the other hand, the
system offers easy assistance just by capturing floor map images. And it doesn’t take much
time.” (S06) Also, S20 commented, assuming the scenario guiding a blind person.
C4.2:” I found it relatively easier than walking with them and guiding them to their desti-
nation. For example, when a blind person’s destination is the exact opposite of the direction I
want to go, or when the distance is very long, or when there is not much time available, I feel
that this kind of application can reduce the burden on the person providing guidance.” (S20)

We also received negative feedback. Three out of twenty participants made er-
rors in annotating the orientations of the blind user in their first trial. In this regard,
six participants pointed out the ambiguity of the explanation for the orientation.
C4.3:” As for the orientation, I wasn’t sure if I should input the direction the blind person
was facing or the direction of the pathway.” (514) Eight participants also commented
about the difficulty of checking the node maps generated by the system. C4.4:” In
the case of a complex map, it would take a lot of time and effort to check if it is accurate.
” (S01) and, C4.5:” The definition of whether the node map is good or not was not clearly
stated. ... I thought it would be easier to check if the items to be checked were clearly indi-
cated, for example, whether the room nodes are properly taken and whether the intersections
are in place.” (S10)

4.6 Implementation: Navigation Module

This section describes the implementation of the navigation module, which is used
by blind users after the map analysis module has been completed by sighted users.
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4.6.1 Overview of Snap&Nav and Differences from Corridor-Walker

Snap&Nav supports destination selection, global route planning on the node map
(Section 4.6.2), user position tracking on the node map using an intersection detec-
tion algorithm (Sections 4.6.3), and scale estimation during navigation (Section 4.6.4).
Since Snap&Nav is built on top of our previous system, Corridor-Walker, we clar-
ify its main differences here. The intersection detection method largely remains the
same. However, the underlying model has been updated from YOLOv3 to YOLOv?7.
Obstacle avoidance functionality, which was a core feature of Corridor-Walker, has
been removed in Snap&Nav because this study focuses on global navigation rather
than local navigation (Section 4.3.2), and the effectiveness of local obstacle avoid-
ance was previously investigated in Chapter 3. In contrast, destination selection,
global route planning, user position tracking, scale estimation, and the updated user
interface (Section 4.6.5) are newly introduced functionalities in Snap&Nav.

Intersection Detection Algorithm Scale Estimation
1. Arrived Intersection 2. Scanning and Confirmation d’in Node Map din the Real-world

LiDAR Map Real-world LiDAR Map Real-world N
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FIGURE 4.6: Intersection Detection and Scale Estimation. The system detects intersec-

tions and how the system estimates the scale difference of the node map with the real

world. The displayed 2D occupancy grid map on the left panel is the actual grid map
captured by the system.

4.6.2 Destination Selection and Path Planning

Firstly, the system lets a blind user select a destination on the node map from a list
of destinations extracted in the floor map analysis (Figure 4.2-4) by using VoiceOver,
the built-in screen reader on iOS. Then, the system employs Dykstra’s algorithm [186]
to plan a path from the current position, which is initially set to the user node, to the
selected destination.

4.6.3 Tracking Users’ Position Using Intersection Detection and Node Map
Intersection Detection and Confirmation

We use the intersection detection and intersection confirmation algorithm, which
utilizes a method used in the Corridor-Walker [22]. The system generates a 2D occu-
pancy grid map (i.e., LIDAR Map) of the surrounding environment using the smart-
phone’s LiDAR sensor and employs the YOLOv7 object detection model [188] to
identify intersections, where the position of the bounding box indicates the location
of the intersection and the label specifies its shape. The model is trained with the
same dataset as presented in Section 3.4.4. Nine distinct intersection shapes, com-
posed of combinations of the words Left, Right, Front, and Back, can be recognized
(e.g., Intersection on Figure 4.6-1 indicates “Left, Front, Back”).

When an intersection has an uneven structure like an alcove, the system may
mislabel it. Thus, the system checks the LIDAR map to confirm the shape of inter-
sections by verifying whether each side bounding box contains a sufficient amount
of walkable area. If the criteria for a specific direction are met, the system confirms
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that the intersection leads in that direction. Users are instructed to scan specific di-
rections in intersections to ensure the necessary features appear in the LIDAR map
(Figure 4.6-2). In Corridor-Walker, the scanning direction was determined based on
the detection result (e.g., if the detected shape was “Left, Front, Back,” the system
instructed the user to scan only the left direction). In contrast, the proposed system
instructs users to scan both sides of the intersection. This ensures that the detected
shape is fully validated; for example, an intersection initially detected as L-shaped
could actually be T-shaped if the unscanned side contains a corridor. Using the IMU
sensor, the system monitors whether the user has scanned both sides by tilting the
device by a predefined angle. Once the scan is complete, the system confirms the
intersection shape and uses it to update the user’s position.

Tracking Users Position

The system navigates the blind user to the destination by tracking their position on
the node map. Every time the user reaches a detected intersection, the system com-
pares the shape of the detected intersection with the shape of the next intersection
in the planned path. The system calculates the direction of the paths, i.e., the angle
relative to the heading direction, in the node map and that of the detected intersec-
tion and compares them. If the error of these angles is within 40 degrees, the system
determines that the intersections are matched, and the system updates their position
on the node map and announces the next instruction.

4.6.4 Scale Estimation of Node Map

The system calculates the scale difference between the node map and the real world
to convey users the distance they have to proceed once they have reached the first
intersection. Every time the system passes an intersection, it calculates the distance
d between the previous intersection in real-world scale and calculates the difference
scale by Scale = %, where d” denotes the distance between two intersections in the
node map in pixel space coordinates. The system could calculate the distance to
walk by multiplying the calculated scale by the length of sides in the node map.

4.6.5 Voice Feedback while Navigation

We designed our voice feedback that provides instructions on which direction to
turn and the distance to proceed. While there are various types of voice feedback,
including clock position instructions for tasks of lining up in a queue [8], simplified
instruction to turn right or turn left for navigation[20, 114, 9, 41], and slight turn in-
structions (between 30 and 60 degrees) [189], we refer to the work by Kuribayashi et
al. [22, 24], as they also convey intersection information in their task.

First, the system instructs users which way to proceed, along with the direction
to proceed to the next intersection (e.g., “Face right, proceed forward, and turn left in
the next intersection”). Note that the initial direction for blind users to face (e.g., “Face
right”) is computed from the annotated orientation of a sighted assistant. When
users have arrived at an intersection, the system instructs users to scan the inter-
section (e.g., “You have arrived at an intersection. Scan left and right for confirmation.”).
If the scanned shape of the intersection is the same as the one users have to be at,
the system instructs users to turn (e.g., “You are at an intersection to turn. Turn right”).
When the users have turned, the system provides users with the distance to proceed,
along with the next direction turn. (e.g., “Proceed for 11 meters and face left.””) Note
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Route 1 Route 2 Route 3

FIGURE 4.7: Routes in Snap&Nav User Study. To replicate the scenario of a blind per-
son navigating to multiple destinations within one floor, each route contains multiple
destinations.

at this point, as the system has already calculated the scale difference between the
node map and real world, it could convey how much distance users should proceed.
Finally, when users have arrived at the destination, the system notifies them of the
way the destination is. (e.g., “Face left. You have arrived at the destination.”) The sys-
tem could provide instructions in real time as the whole process in the navigation
module operates ten times per second.

4.7 User Study for Navigation Module with Blind Partici-
pants

To evaluate the navigation module of the Snap&Nav, we performed a user study in
Waseda University’s 121 building with 12 blind participants. Specifically, the user
study was conducted to compare the system and when blind people use a white cane
and walk based on the route described by sighted people. The scenario of this user
study was as follows: a blind user travels to an unfamiliar building and travels to multiple
destinations. Table 4.2 shows the demographic information of the participants. All
participants are totally blind and use a white cane in their daily lives. While three
participants had visited the experimental environment, they had no experience nav-
igating the routes used in this user study. This user study was approved by the
university’s IRB, and informed consent was obtained from every participant.

4.7.1 Tasks and Conditions

The task of the study was to navigate several routes, each with three predefined
destinations. Specifically, we prepared three routes, Route 1, Route 2, and Route 3,
whose lengths were 122 m, 116 m, and 106 m, respectively (Figure 4.7). To mimic the
scenario of moving to multiple destinations in an unfamiliar building, each route
had three sub-routes, for example, Route 1 consists of Route 1-1, Route 1-2, and
Route 1-3. For each route, they were asked to navigate sub-routes one by one and
speak out to the experimenter when they reached the destination.

For comparison, we prepared two conditions, system-aided condition, and cane-
only condition. Participants walked each route under two conditions, completing
a total of six walks. In the system-aided condition, participants held their cane in
their right hand and the system in their left hand. The experimenter, who acted as
a sighted assistant, handed the smartphone equipped with the system in front of
the floor map, assuming the situation of seeking an assistant to the sighted person
and capturing the floor map has already been completed. Then, participants walked
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three sub-routes within a single route independently using the system. This assump-
tion was explained to the participants prior to the task. To focus on the evaluation
navigation aspects, the system used two node maps with a high value of APLS ob-
tained in the user study with sighted participants. The APLS value of the node map
used in Route 1 was 0.63, and the value of the node map used in Route 2 and 3 was
0.59. In the cane-only condition, participants only had their cane. The experimenter
provided a description of each sub-route at each starting point of sub-route. (i.e.,
descriptions were given three times per route) When participants believed they had
arrived at their destination, they verbally indicated their arrival to the experimenter.
The descriptions of the route consisted of an accurate number of turns and distances
they had to walk. They were allowed to ask the experimenter for the route. In such
a case, the experimenter would explain the route from their current position to des-
tinations.

4.7.2 Procedure

We first explained the purpose of the study and conducted 20 minutes interview ask-
ing about their demographic information and daily experience when navigating un-
familiar buildings. We then introduced the proposed system and participants prac-
ticed using the system in a test area for 30 minutes to get familiar with the system.
For the training session, participants navigated through five pre-determined routes
using the system. Some participants navigated an additional route if they needed to
familiarize themselves more with the system. Then, participants were asked to con-
duct the main task. In order to counterbalance potential order effects, participants
systematically rotated through the experimental conditions. For the first half of the
participants, the progression began with Route 1 with the system-aided condition,
and subsequently alternated conditions with each successive route (e.g., BO1 walked
Route 1 with system-aided, then Route 2 with cane-only, Route 3 with system-aided,
Route 1 with cane-only, Route 2 with system-aided, Route 3 with cane-only). The
second participant in this group started with Route 2 with the cane-only condition,
maintaining the alternating route and condition order. The translation of the route
and condition was maintained until the sixth participant. For the latter half, this
order was reversed (e.g., Route 3 with cane-only, Route 2 with system-aided, Route
1 with cane-only, and so on). Finally, after the main task, we conducted a post-
interview, asking them questions regarding the usability of the system with both
open-ended questions and questions using Likert scores [174]. The whole study was
recorded, and the study took approximately 135 minutes. Participants were com-
pensated with 25% per hour.

4.7.3 Metrics

Below, we describe the metric used in this study.

Task Completion Time (TCT)

We measured task completion time, which is the time to complete routes. Task com-
pletion time was recorded both for the time they travel the whole route and the time
they travel from one destination to another. A timer was started when participants
started navigating and was stopped when they stated their arrival at the destination.
We also measured the time participants scanned at each intersection, by observing
the recorded video.
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TABLE 4.2: Snap&Nav Participant Demographics. The table reports each participant’s
age, gender, total years of blindness, years of smartphone usage, and SUS score.

ID Age Gender Total Blindness Smartphone Usage SUS

B01 58 Male 18 years 8 years 92.5
B02 37 FeMale 23 years 9 years 95
B03 31 Male 21 years 10 years 90
B04 50 Female 13 years 13 years 925
B05 28 Male 14 years 9 years 95
B0O6 55 Female 51 years 12 years 925
B07 48 Male 8 years 7 years 77.5
B08 50  Female 5 years 5 years 87.5
B09 38 Female 37 years 6 years 75
B10 48 Female 45 years 10 years 100
B1l 50 Female 15 years 10 years 70
B12 57  Male 3 years 20 years 72.5

Distance to Destination Area

Our system is designed to offer global turn-by-turn navigation instructions to reach
a destination, which in this study’s context, is a specific area. It is not our goal to
provide last-few-meters guidance, such as guiding users to the exact entrance of
the room [114, 110]. Thus, to evaluate the accuracy of our navigation system, we
measured the distance between the point where participants stated their arrival and
the destination area where the rooms are located. If participants stopped within the
width of the rooms, we considered this metric as zero. However, if they walked past
the destination area, we measured the distance from the end of the room to where
they stopped.

Subjective Rating

We conducted subjective ratings to quantitatively assess the usability of the system
(Figure 4.9). As illustrated in Figure 4.9, we evaluated confidence and cognitive load
for each functionality by comparing system-aided and cane-only conditions. Addi-
tionally, we assessed ease of understanding, usefulness, and appropriateness for the
system-aided conditions. To design the questionnaire, we referred to the question
presented in the previous research [52, 47, 141, 24, 11]. We note that while some
questions for the cognitive load can be measured using the NASA-TLX question-
naire [190], we adopted the aforementioned design method to minimize the total
number of questions and fit within the time constraints of the study.

4.8 Results

Below, we present the detailed results for the user study with blind participants

4.8.1 Overall Performance
Task Completion Time

Figure 4.8—-A shows the mean and 95% confidence interval (CI) for task completion
time for each sub-route. We conducted the Shapiro-Wilk test for the normality of
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FIGURE 4.8: Sna&Nav Could Guide Users Closer to The Destination Area While Pre-

serving Task Completion Time. Bar graph shows the distribution of task completion

time and distance to the destination area for each sub-routes. The error bar shows the
standard deviation.
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TCT for nine sub-routes. Out of nine sub-routes, normality was not confirmed for
three sub-routes. Thus, we used the nonparametric test, the Wilcoxon signed-rank
test, to compare the metric between system-aided and cane-only conditions. We
compared TCT for two conditions using the Wilcoxon signed-rank test and revealed
that the system-aided condition significantly took a longer time for Route 2-1 and
Route 3-3 and a shorter time for Route 2-3 (p < .05 for all Route 2-1, 2-3, and 3-3),
compared to the cane-only condition. In the cane-only condition, some participants
had difficulty finding intersections and destinations and sometimes got lost. B04
got lost in Route 1-3, and B09 and B10 got lost in Route 2-2, resulting in the cane-
only condition having larger confidence intervals for task completion time for these
routes. Also, Table 4.3 reports the average scanning time in each sub-route.

Distance to Destination Area

Figure 4.8-B shows the result of this metric. We conducted the Shapiro-Wilk test
on this metric for nine sub-routes. Out of nine sub-routes, normality was not con-
firmed for eight sub-routes. Thus, we used the nonparametric test, the Wilcoxon
signed-rank test, to compare the metric between system-aided and cane-only condi-
tions. There were no significant differences for all routes except Route 3-2 (p < .05).
This is because some participants had no difference in this value, zero, regardless
of the condition. Still, the Figure shows that the system-aided condition produced
generally smaller mean values and confidence intervals than the cane-only condi-
tion. This can be attributed to the system’s ability to guide participants within the
destination area and prevent them from making significant navigation errors. In the
cane-only condition, while we provided accurate distances in the route description,
seven participants made more than three meters of navigation errors. For example,
B04 arrived 9.6 meters, and B08 arrived 7.6 meters away from the destination.

Number of Times Asked for Route Description and Subjective Rating

Table 4.3 shows the average number of times participants asked for route descrip-
tions. Participants did not ask for the route descriptions in the system-aided condi-
tion.

Figure 4.9 shows the results of subjective ratings. We performed the statistical
analysis using the Wilcoxon signed-rank test for Q1-Q6 and observed significance
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Strongly Disagree Neutral Strongly Agree
1 2 3 4 5 6 7
Q1. |could navigate to the destination in unfamiliar building System-aided I_- = 0.0005**
with confidence. Cane-only I T 1 | .
Q2. | could navigate to the destination in unfamiliar building System-aided o |__ p=0.005+
with lower cognitive load. Cane-only [N——
o . o System-aided S 1 |
Q3. | could turn in an intersection to turn with confidence. Cane-only |—__{ p =0.005**
N _ ) B System-aided [} ——
Q4. | could turn in intersectrions with lower cognitive load. Cane-only |—_—| p=0.03*
) ) e System-aided ——
Q5. | was confident that | arrived near destinations. Cane-only _—| p =0.004**
o B System-aided 1
Q6. | could reach near destination with lower cognitive load. Cane-only | _ | p=0.0005**
Q7. The confirmation of intersection to turn was useful. System-aided o .
Q8. The confirmation of intersection shape was useful. System-aided }—_
Q9. The function to tell distances was useful. System-aided |—-
Q10. The voice feedback was easy to understand. System-aided |—_
Q11. The amount of voice feedback was appropriate. System-aided |_-

FIGURE 4.9: Snap&Nav Could Guide Users with More Confidence and Lower Cogni-

tive Load. Questions and seven-point Likert scale responses from our study with blind

participants. Responses marked with * indicate p < .05 and ** indicate p < .01 signifi-
cant difference between the systems when applying the Wilcoxon signed-rank test .

TABLE 4.3: Average Route Requests and Intersection Scanning Time. The table re-
ports the average number of times participants requested route descriptions, and the
average scanning time per intersection.

Average Scan Time

Number of  Length of Route  Average Times Per Intersection

Intersecitons [Meters] Asked per Route

[Seconds]
1-1 1 32 0.75 4.56
Route1l 1-2 2 35 0.67 5.38
1-3 2 55 1.00 6.14
2-1 1 16 0.67 6.84
Route2 2-2 4 64 2.33 4.47
2-3 2 36 1.00 3.68
3-1 1 12 0.25 5.50
Route 3 3-2 2 54 1.00 4.90
3-3 2 40 0.67 4.17

for all questions, indicating that the system-aided condition was rated higher than
the cane-only condition (p < 0.05 for all Q1-Q6). Moreover, all participants gave
positive scores (greater than 5) to our system for Q7, Q9-Q11. For the ability to tell
the shape of intersections (Q8), most participants except B03 and B11 gave positive
scores. Also, Table 4.2 shows the SUS scores.

4.8.2 Qualitative Feedback

Compared to their usual strategy of navigating unfamiliar buildings, ten partici-
pants appreciated the system’s design, which involves the capturing process of a
floor map image by sighted assistants, as it may enable them to navigate to multiple
destinations independently: C4.6:” (Route description by sighted people is) fine if all you
have to do is go to the room. However, you may need to leave the room and move around
the building. In such cases, if I have a picture of a floor map taken by a sighted assistant, 1
may be able to move around independently. I think it is a good idea because we can reduce
various costs just by having the photos taken.” (B10) and, C4.7:" Asking where I want to
go in the first place is, of course, hard and stressful, but in the end, I catch people again and
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ask, "Where is the entrance?’ is also stressful. This system does not require that, so it is good
that I don’t have to ask for help all the time.” (BO3) In addition, regarding their cognitive
load, participants appreciated that they did not have to remember the route to their
destination: C4.8:” For example, I can remember an explanation of just going straight and
turning right, but I can’t remember if there is some further explanation. The system was
very good because I didn’t have to remember, and I could leave it to the system to guide me.”
(BO8)

On the other hand, B06 and B09 disagreed with the design that required them
to ask the sighted people to capture the floor map. B06 and B09, as well as B07,
expressed concern about handing their smartphones to others: C4.9:” My iPhone is
really precious to me, so I honestly don't like asking someone I don’t know to take a picture
with it.” (B06) B09 and four other participants (B01, B07, B08, and B11) also expressed
concern about relying on sighted people who did not know when using the system:
C4.10:" I think getting assistance from sighted strangers easily is a challenge in this system.
(When I talk to strangers) I don’t know who we are talking to or what kind of people we are
talking to.” (B09)

Many participants appreciated the ability to tell the distance. C4.11:” The system
told me when 1 arrived, "Please face the right” or "Please face left.” So, I felt the distance was
right. With a white cane, thinking about how many meters I have gone, I walk 1m, 2m, 3m,
4m...and so on. I can only walk with the feeling that this would be about 8 meters. Thinking
about meters is extremely tiring because I'm using my nerves to walk.” (B04) Related to Q3,
4, Q7, and Q8, ten participants provided a score above 4, commenting positively on
the function of notifying them of the information on intersections. C4.12:” Usually,
I am unsure where intersections are, so I have to follow the wall to find the edge of the wall.
Intersections are scary for those who cannot see. So I was impressed that the system told
me the exact location of the intersection.” (B08) In particular, ten participants provided
positive feedback towards systems feedback, conveying the shape and directions
of intersections. An example of the feedback to this feedback was: C4.13:” Using a
cane, I cannot determine if this is truly an intersection or just a hollow part of the wall. If
the system knows that we are at an intersection, it tells me to “go to left”, and then I can
understand that I need to turn left without verifying with my cane.” (B12)

4.9 Discussion

4.9.1 Acceptance of Snap&Nav

Throughout the study with sighted participants, most of them were able to use the
system without being accustomed to the system, and appreciated that the system
eliminates the need to explain routes (C4.1) and the need to guide blind people to
their destination (C4.2). Crucially, all participants answered they were willing to
use the system when asked by blind people (Q6 in Figure 4.4), implying that our
collaborative design involving sighted assistants may be appreciated.

Throughout the study with blind people, participants appreciated that they were
able to navigate independently in the unfamiliar building compared to their daily
experiences. Usually, blind people have to ask others multiple times to navigate
multiple destinations (C4.7) and memorize the description of the route by sighted
people (C4.8). In contrast, the design of our system allows them to independently
navigate to multiple destinations within a floor once a floor map image has been
obtained, without memorizing the description of the route. Therefore, with the pro-
posed system, participants were able to complete all tasks without asking for a route
(Section 4.8.1). Furthermore, although the system required users to scan at every
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intersection, adding roughly five seconds to the process, they were satisfied with
the overall experience the system provided (Figure 4.9). Most importantly, ten par-
ticipants expressed that the total benefits of the system outweigh the inconvenience
of asking for assistance with image capturing once before the navigation (C4.6), in-
dicating the potential acceptance of the design the system, which involves sighted
people in the intermediate step, by blind people.

While recent research has primarily aimed at reducing user effort in navigation
systems through automation [9, 46, 47, 48, 191], our approach emphasizes interaction
with sighted assistants and the system. We achieve map and sensor infrastructure
(e.g., BLE beacons) with fewer solutions by engaging sighted people in acquiring
floor map images and blind users in scanning environments at intersections. Al-
though this approach might initially cause reluctance among both sighted assistants
and blind users, our experimental results demonstrate its potential acceptance by
both groups. We note that future solutions may adopt an approach from Teng et
al. [192], which would seamlessly connect blind users to nearby sighted assistance.
Overall, by employing a design that involves assistance from sighted people and
scanning interaction from blind users, we achieve the first step towards scalable and
map-less navigation for blind people in potentially diverse buildings.

4.9.2 User Experience of Map Analysis Module

Sighted participants were able to use the map analysis module without being ac-
customed to it. Following the system’s voice instructions, participants were able to
capture floor maps that appeared wide in the image with minimum lighting, result-
ing in a node map with minimum errors, as illustrated in Figure 4.5. On their first
trials, they were able to complete the task with an average time of 88.62 seconds and
felt they were able to use the system easily (Q1-2 in Figure 4.4). Out of 100 overall
trials, most participants successfully annotated position and orientation, with only
one position error and five orientation errors. The sighted participants agreed that
they were willing to use the system when asked by blind people (Q6 in Figure 4.4).
Meanwhile, we observed concerns from participants. One major concern was the
difficulty in determining whether node maps can be used for navigation (C4.4 and
C4.5). After generating a node map, the system instructs the user to check the node
map, but it did not instruct what specifically should be checked. Therefore, the fu-
ture system should display the criteria to be checked, such as the correctness of the
locations of nodes and their connections.

4.9.3 User Experience of Navigation Module

Using the system, blind participants were able to arrive closer to their destinations
with increased confidence and reduced cognitive load, without affecting the task
completion time. While in the system-aided condition, it took time to scan at inter-
sections (Table 4.3), in the cane-only condition, it also took time for participants to
complete the task for reasons such as the difficulty in finding intersections and des-
tinations (Section 4.8.1). As a result, we did not observe significant differences for
all routes between the TCT of the system-aided condition and the cane-only condi-
tion (Figure 4.8). This indicates that the participants mostly maintained their usual
walking speed while using the system for navigation. The distance to the destina-
tion area of the system-aided condition was less than one meter on average, and its
confidence intervals were smaller compared to the cane-only condition (Figure 4.8).
It indicated the system navigated participants to the destination with small errors.
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Furthermore, the system enabled participants to navigate with more confidence
and lower cognitive load (Q1-6 of Figure 4.9), which is due to two functionalities:
announcement of the existence of an intersection, and announcement of distances.
All participants provided feedback that the system’s announcement of distances via
scale estimation (Section 4.6.4) and announcement of the entrance of an intersection
via intersection detection (Section 4.6.3) helped reduce their cognitive load, as they
no longer had to keep track of how far they had walked (C4.11) and struggle finding
intersections (C4.12). While we designed simple voice feedback to convey the shape
of intersections or directions to turn, ten participants appreciated it (C4.13). Consid-
ering the above, we conclude that the system enhanced their navigation experience
to the destination.

4.9.4 Concern of Dependence on Sighted Assistants

While the system design was appreciated by blind users, several considerations need
to be made for the design of the system. Two participants disagreed with the design
of the system, which incorporates sighted assistants” help in the system usage flow.
They were concerned that they had to ask sighted people to capture a floor map im-
age. One of them mentioned that they would not like to hand their smartphone to
others as it is expensive and precious to them (C4.9), and the other expressed concern
about relying on strangers (C4.10). To address the first concern, we may adopt a de-
sign to have sighted assistants capture floor map image with their own smartphone
and send it to blind users” devices (e.g., via Airdrop[193]). To address the second
concern, an alternative strategy could involve blind users scanning the environment
while the system attempts to localize itself from the information acquired through
it. The system may analyze features such as the shapes of intersections or the names
of stores on signage [116]. Such information could serve as landmarks, allowing us
to refine and apply localization techniques previously established in research [194].

4.9.5 Limitation and Future Work

This user study design and the system had several limitations. Firstly, the exper-
imental location contained only simple 90-degree turns. However, in real world
environments, there may be complex-shaped intersections, such as those with large
open spaces or Y-shapes, which the current system is unable to detect. Although
more advanced intersection detection algorithms have been proposed [83], these ap-
proaches typically require more sophisticated sensors, such as 360-degree LiDAR,
and are therefore difficult to apply directly to smartphones at present. Also, the opti-
mal feedback method for complex-shaped intersections may differ from the straight-
forward instructions we used in this study (e.g., “left” and “right”) Therefore, fur-
ther advancements in smartphone-based intersection detection, as well as effective
methods for conveying complex intersection shapes to users, are required.

Secondly, the floor map analysis module also does not handle users” orientation
in large open spaces. While detailed orientations are required in such spaces, the
system only classifies the input user orientation into two orientations, which in this
study used the threshold of 45 degrees to evaluate. The system, however, can still in-
corporate orientations annotated by sighted assistants, as it allows sighted assistants
to annotate precisely. Moreover, the system could utilize the localization method de-
scribed in Section 4.9.4 for localizing and ensuring precise orientation.

The performance of floor map analysis is the core element of this system. We
prototyped the floor map analysis algorithm and evaluated it with five floor maps
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in the experimental location, as the main focus of our study was on validating the
system design, not the accuracy of general floor maps. The floor map analysis algo-
rithm involved certain assumptions. First, the red region was assumed to represent
the current location. Second, the largest area identified by the connected component
algorithm was assumed to represent the path area of the floor map. However, when
considering the practical usage in the real world, the floor map analysis algorithm
needs to be more generalized and evaluated on other floor maps. For future work,
we aim to develop a more generalized algorithm. In addition, the system assumed
that the scale of the captured floor map was the same over the entire image. The
scale of floor maps may not always be accurately presented. Thus, the algorithm
also needs to take into account scale differences for real world deployment.

Finally, there were limitations in the participant recruitment. In the first user
study with sighted participants, the average age of the participants was 23.8, and the
maximum age was 31. In addition, 18 of the 20 sighted assistants were familiar with
the building. Therefore, it is unclear how other generations and people unfamiliar
with the building would evaluate the system’s usability. Thus, we aim to conduct
the study with a broader age range in the future. In the second user study with blind
participants, three participants had previously visited the experimental location for
the previous study. Thus, the three participants may have had a bias, such as positive
impressions of the study.

410 Conclusion

Through the development and user study of Snap&Nav, this research demonstrates
the potential acceptability of involving sighted individuals in the system workflow,
as both blind and sighted participants showed positive responses. Specifically, this
design targets scenarios in which blind users navigate unfamiliar buildings using
a map-less navigation system. The results also highlight the need for further de-
velopment and rigorous evaluation of the floor map analysis algorithm. One major
limitation of the current system lies in the intersection detection algorithm, which is
inherited from Corridor-Walker. As a result, the system can detect only simple inter-
sections in corridor-like environments. This limitation is partly due to the reliance on
a smartphone platform, which offers limited sensing capabilities and computational
resources.
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Chapter 5

PathFinder: Designing a Map-less
Navigation System for Blind
People in Unfamiliar Buildings
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FIGURE 5.1: PathFinder Overview. We present PathFinder, a map-less navigation sys-
tem that can navigate blind people in unfamiliar buildings by detecting intersections
and recognizing signs.

5.1 Introduction

To explore further the possibility of map-less systems, this chapter extends the plat-
form from a smartphone to a navigation robot [11, 60, 195] that can autonomously
guide blind users using motorized wheels and provide rich environmental infor-
mation through multiple sensors, including stable RGB cameras and a 360-degree
LiDAR sensor. Previous studies [11, 60] have shown that the use of autonomous
navigation robots is effective, as blind people only need to follow it, and therefore
it can increase users’ confidence and decrease their cognitive load when navigating
buildings. This creates an advantage that users can concentrate on the decision-
making process and the surrounding perception required for collaborative interac-
tion. Building on this advantage, we aim to develop a map-less navigation sys-
tem that imitates the collaborative interaction between guide dogs and blind peo-
ple, where the robot (guide dog) takes over mobility, and the user decides where
to go based on surrounding perception. Still, as guide dog interactions are used
when users do not know the route, our system needs to convey various information
and have the user decide their way, and blind people’s decision-making capability
remains underexplored.

This chapter focuses on scenarios in which blind users navigate public buildings,
such as universities or hospitals. While floor map analysis approaches presented
in Snap&Nav could be applied, resulting in autonomous navigation for robots, in
many cases, floor maps may not be available or accessible. Therefore, we adopt a
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navigation scenario in which blind users navigate based on route descriptions pro-
vided by sighted people, a method that is commonly used in practice [28, 4, 107]. In
this scenario, it is unclear what kind of information users would need to enable blind
people’s decision-making in unfamiliar buildings. To build such a map-less naviga-
tion robot system in the abovementioned scenario, we aim to address the following
research questions. (1) What kind of information is useful for blind people to reach a
destination in unfamiliar buildings, given a route description by a sighted passerby?
(2) Can we design a map-less navigation robot by using collaborative interaction in-
spired by guide dogs, and can blind users decide their way to their destination?

To answer these questions, we used a scenario-based participatory design ap-
proach [196] with five blind participants to understand what kind of environmental
information would facilitate their navigation in unfamiliar buildings when using a
navigation robot as their aid. During the study, an experimenter gave the partici-
pants a description of a route, which was gathered from an interview session with
ten sighted passersby. Then, assuming the experimenter as a navigation robot, the
experimenter accompanied the participants along the explained route while describ-
ing several indoor features along the way. Throughout the study, the blind partic-
ipants mainly expressed that intersections and signs, such as directional signs (i.e.,
signs which contain arrows to indicate where places are) and textual signs (i.e., signs
which only contain texts, such as room numbers and names of places), are the most
useful information when navigating unfamiliar buildings.

Based on these findings, we designed and prototyped a map-less navigation sys-
tem, called PathFinder (Figure 5.1), on top of a suitcase-shaped robot. Adopting a
similar approach with guide dogs collaborative interaction, users can command the
system via its handle interface to find the next intersection (Figure 5.1-C) or the
end of a hallway, and describe visible directional and textual signs (Figure 5.1-D) to
identify the path to the destination. The system adopts audio feedback to the user
to convey detection results, such as the shapes of intersections and descriptions of
signs.

A session for design iteration was conducted with the same five blind partici-
pants to gather feedback and comments about the interface and functionalities of
the system. Through the study, we obtained suggestions regarding the system’s au-
dio feedback and handle interface. The participants also requested an additional
“Take-me-back” functionality, where the system takes the user back to the location
where they started their navigation.

Finally, we conducted a user study with seven blind participants on the system
after incorporating the suggestions from the participatory study. During the study,
we prepared two routes with several intersections and signs and asked the partici-
pants to navigate them using PathFinder and a topline system, which is a navigation
system with prebuilt maps. Through our interview with the participants, we found
that the participants felt they were able to navigate to the destination with increased
confidence and less cognitive load with PathFinder compared to their daily navi-
gation aid. In addition, while all participants mentioned that PathFinder required
more effort for them to control than the system with prebuilt maps, they agreed that
PathFinder is a useful navigation system as it can operate in more places, and they
were able to navigate to their destinations without having to be accompanied by a
sighted person.

Below, we summarize the contribution of this paper.

1. We propose a map-less navigation robot system for navigating blind people
in unfamiliar buildings. To design the system, we performed a participatory
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FIGURE 5.2: Routes Used Throughout the Chapter. A floor map of the building where
the study was conducted, showing the two routes, various POls along the routes, and
examples of the route descriptions.

study with blind people to gather their insights and suggestions. Based on the
study, we designed the system to recognize signs and detect intersections, then
convey information to the blind user via audio feedback.

2. We conducted a quantitative and qualitative user study of the proposed map-
less navigation robot system with seven blind participants. Based on the result,
we discuss the functionalities and the limitations of the system, and also pro-
vide insights for designs of future map-less navigation systems.

5.2 Related Work

In this section, in addition to the related works reviewed in Chapter 2 — includ-
ing navigation in unfamiliar buildings (Section 2.1.2) and map-based navigation as-
sistance systems (Section 2.2.1) — we describe map-less navigation technology for
robots, the shared control paradigm used in collaborative interaction, and the en-
vironmental information conveyed to blind users, such as intersections and signs.
This builds on the literature reviewed in Section 2.3.1, Section 2.4.3, and Section 2.5.

5.2.1 Map-less Navigation Technology for Robots

In robotics, many works have studied the problem of navigation in environments
without prebuilt maps. They mostly relied on vision-based techniques; for example,
matching real-time RGB images with sequences of pre-captured images for path fol-
lowing [197, 75], recognizing the surrounding objects to help with localization [76,
75], and using an image of the target location and applying reinforcement learn-
ing to find the path to the goal [81, 82]. On the other hand, methods of navigation
that create maps during exploration have also been proposed. Examples of these ap-
proaches include the construction of topological maps by detecting intersections [83]
and occupancy maps using RGB images and deep reinforcement learning [84] while
the robot is navigating the space. These methods do not require any information
prior to the navigation because they aim to explore the environment. Inspired by
these works, we utilize the navigation technique proposed for robot exploration to
help navigate blind people in unfamiliar buildings, particularly the intersection de-
tection technique.

Intersection detection algorithms have been used for robots to determine their
path when maps are unavailable. In our case, using an intersection detection algo-
rithm is necessary to imitate collaborative interactions with guide dogs and blind
users. Garcia et al.proposed a method to detect indoor intersections only with RGB
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images using a rule-based algorithm [148] and convolution neural networks [149]
for quadcopters. Intersection detection in complex environments such as outdoor
and underground mines has also been explored in past studies using a LiDAR sen-
sor [198, 83, 199, 200] and an RGB camera [201]. In particular, Yang et al. [83] pro-
posed a method to detect intersections in arbitrarily shaped environments using a
360° LiDAR sensor and a real-time SLAM algorithm. However, since their motiva-
tion is to explore novel environments quickly and create extensive LIDAR maps in a
short time, the robot may travel in a manner where it does not take an accompany-
ing blind person into account. For example, a robot may move very close to a wall
or change its orientation frequently. To build a map-less navigation system for blind
people, we apply the method of Yang et al. [83] to detect intersections, and include
additional functionalities to take into account the accompanying blind user.

5.2.2 Shared Control for Robots

Without prebuilt maps and reference information of the destination, navigation sys-
tems cannot determine the path to reach the destination. To handle this issue, we
employ shared control, i.e., a method to control a robot using both human deci-
sion and the functionality of a system. According to Wang and Zhang [90], shared
control is defined as a “case in which the robot motion is determined by both the hu-
man operator and robot decisions in a mostly balanced fashion.” Shared control can be
separated into near-operation, in which the operator perceives the scene with their
direct sense, and teleoperation, in which the operator perceives the scene indirectly,
such as through a screen. For example, near-operation has been used for assisting
a driver to keep their vehicles in lane [91], controlling a wheelchair [92, 93, 94], and
for assisting blind people to navigate in familiar buildings [95, 96, 97], while teleop-
eration has been used for navigating where a human cannot go [98, 99, 100], or for
reconnaissance [101]. Similar to previous work, PathFinder adopts near-operation
shared control, so that users can complement missing map information that comes
from map-less restriction, while the system can help users to navigate safely through
buildings. Furthermore, our proposed system allows users to effectively determine
the way to the destination in unfamiliar buildings by conveying environmental in-
formation, which is described in the next section.

5.2.3 Conveying Environmental Information to Blind People

For the purpose of supporting blind people during navigation, researchers have
worked on systems that can convey environmental information such as traffic lights [112,
113], doors [114, 110], intersections [22], and signs [115, 110, 116]. We particularly
focus on conveying information about intersections and signs, as blind participants

in our study have indicated that they are useful in unfamiliar buildings, which will

be described in Section 5.3.2.

Intersection Information

Detecting and / or utilizing intersection information has also been done in the field of
accessibility to provide turn-by-turn instructions to blind users [9, 22, 20, 95]. Lacey
and MacNamara explored a smart walker with passive traction to navigate the el-
derly blind by informing intersections as landmarks in a controlled and familiar
building, such as a residential home [95]. Also, Kuribayashi et al.proposed a system
for blind people that conveys the location and shape of intersections by detecting
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TABLE 5.1: Top Three Information Described. The table shows the top three pieces of
information and the number of intersections described by sighted passersby.

Route Top Three Information in Route Descriptions by Sighted Passersby Number of Intersections Described
For Sighted Questioner For Blind Questioner For Sighted Questioner For Blind Questioner
Intersections with directions (70%) Intersections V\{lfh directions (100%) Mean = 2.0 Mean = 2.4
R1 End of the hallway (40%) Distance to walk (60%) Median = 2.0 Median = 3.0
Doors along the way (40%) Where the wall are (60%) o o
Intersections with directions (100%) Intersections with directions (100%)
R2 Downbhill corridor (60%) Downbhill corridor (60%) Mean =2.9 Mean = 3.6
Existence of the library (50%) Distance to walk (60%) Median = 3.0 Median = 4.0

(
Where the wall are (60%)

them using a LIDAR map constructed with a smartphone [22]. In their study, they
revealed that conveying the shape of the intersection is effective for the navigation
of blind people, as it helps them to localize themselves and to learn about the envi-
ronment [22]. Therefore, based on their findings, we also convey the shape of the
intersection every time blind users reach it.

Sign Information

Sign information has been considered a useful object to detect, as they generally
contain information about the surroundings. In the area of computer vision, re-
searchers have aimed to recognize texts on signs in the real-world [202] or detect
sign boards [203]. On the other hand, signs that appear in indoor environments
contain arrows that correspond with words that represent locations. Thus, to as-
sist blind people to determine their way, a different system has been proposed in
the field of accessibility. Saha et al. [110] developed a system that can read signs on
a smartphone and revealed that reading textual signs (e.g., names of surrounding
shops) can help blind people reach their destination. Yamanaka et al. [116] proposed
a method to recognize all directional signs using a 360° RGB camera and verified
that their system helped blind participants make a decision at intersections in tactile
pavings. However, each of them reads either directional signs or textual signs. In
contrast, we propose a sign recognition algorithm that can distinguish and read both
directional and textual signs. We achieve this by utilizing an object detection model
to detect arrows and words, and by proposing a new algorithm that will analyze
their correspondence.

5.3 System Design Based on the Preliminary Investigation
with Sighted Passersby and Blind People

This section describes the system design of our system based on the investigation
with sighted passersby and participatory design. To do so, we adopted a scenario-
based approach to consider the design of the system [196]. The scenario used for
our study sessions is as follows: A blind person is navigating in an unfamiliar building
with a navigation robot to reach his/her destination. As the building is unfamiliar to the
blind person, he/she acquires the route description from sighted passersby in the building.
We prepared two routes with different characteristics for this scenario-based study.
To make the scenario more specific, we first conducted an interview with ten sighted
passersby to investigate what route description they would convey to blind people.
Then, we had a design session with five blind participants to understand what infor-
mation would be useful for them to navigate an unfamiliar place with only the route
description from sighted passersby. This study was approved by the institutional
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TABLE 5.2: Blind Participant Demographic In Our Participatory Study. The tables
show their age, age of onset, gender, and navigation aid (P01-P05).

ID Age Ageofonset Gender Navigation Aid

P01 74 32 Male Cane
P02 67 10 Female Guide dog
P03 38 0 Female Guide dog
P04 76 0 Female Cane
P05 59 0 Male Guide dog

review board (IRB) of our institution, and an informed consent was obtained from
every participant.

5.3.1 Routes For The Study

Route 1 (R1), shown on the left side of Figure 5.2, is a narrow corridor in a building.
The route has three intersections (indicated in blue dots) and its length is approxi-
mately 46 m. It also has furniture, rubbish bins, a kitchen, and signs indicating room
numbers along the way. Route 2 (R2) is a wide corridor that spans two buildings.
The route has four intersections and its length is approximately 166 m. The route
also has a glass bridge, a library, an elevator, and signs indicating the names of the
buildings along the way.

Interview with Sighted Passersby

We recruited ten passersby who knew both R1 and R2 and conducted a ten-minute
interview with $5 of compensation. For each route, we asked the participants to
describe the route two times for two different cases: one for a sighted questioner,
and another for a blind questioner. An example of a route description given by them
is illustrated on the right side of Figure 5.2.

Table 5.1 shows the top three pieces of information and the number of inter-
sections described by the participants. We found that descriptions of intersections
are always mentioned when assuming the questioner is blind, but could be omitted
when assuming the questioner is sighted. Also, when we counted the number of
intersections described in the route descriptions, both the mean and median values
were higher when assuming the questioner is blind. Participants described the dif-
ference in explaining the routes to sighted and blind people as follows. C5.1:“It's not
possible for blind people to read any graphical signs. For example, signs like the map of the
building, plates on the wall which have room numbers, and signs hanging from the ceiling.
Without any of these details, the best information I can convey is about which directions to
take when it's needed.” These results indicate that sighted passersby describe which
directions to turn at intersections particularly carefully to blind people.

5.3.2 Scenario-Based Study With Blind People

We recruited five blind participants (P01-P05 in Table 5.2). For each participant,
we conducted a brief interview to gather their experience in navigating unfamiliar
buildings. We then asked the blind participants to provide information that would
make them confident in unfamiliar buildings if they are navigating with a navigation
robot system. To do so, an experimenter first explained R1 and R2 with the descrip-
tion given by the sighted passersby in the previous interview (Section 5.3.1), and
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FIGURE 5.3: Useful Indoor Features. Questions and responses from our participatory
study with five blind persons about useful indoor features. Responses are ratings on a
seven-point Likert scale.

then guided blind participants along the routes, asking them to think of the exper-
imenter as a robot. During guidance, the experimenter explained indoor features,
such as intersections, directional signs, textual signs, furniture (e.g., sofas, refrigera-
tors, monitors, and tables), landmarks (e.g., a robot arm and elevators), facilities (e.g.,
libraries, kitchens, laboratories, and toilets), obstacles (e.g., rubbish bins and potted
plants), and building structures (e.g., glass bridge and downhill corridor). After that,
we asked the participants to rate each piece of information based on how confident
it made them about their surroundings on a seven point Likert scale (1: Strongly
disagree, 4: Neutral, and 7: Strongly agree). The interview took 75 minutes and each
participant was compensated $35.

Results

All the participants answered that they have experience navigating unfamiliar build-
ings (e.g., hospitals, airports, and universities) and agreed that they usually rely on
sighted passersby. P04 mentioned their experience of navigating in unfamiliar build-
ings as follows. C5.2:“When I'm navigating in an unfamiliar building, the only informa-
tion I have is the room number (of the destination). I don’t get any information about the
route I have to take, so I have to rely on the first person I meet in the building to get there.”
(P04)

Figure 5.3 shows the provided ratings for how useful each indoor feature was.
The result shows that intersections, directional signs, and textual signs are relatively
the most useful information when navigating an unfamiliar building with a robot.
Taking this result into account, we designed the functionality of our proposed sys-
tem as discussed in the next section.

5.3.3 System Design

Based on the interviews with both the sighted passersby and the blind participants,
we designed Pathfinder to have two modules: An intersection detection module and
a sign recognition module.

Intersection Detection

Based on our interview with sighted passersby, the route description conveyed to
blind people mainly consists of which turns to take at intersections (Section 5.3.1).
Blind participants also indicated that intersections are one of the most useful in-
formation in unfamiliar buildings. Therefore, we designed the system to be able to
detect intersections together with their locations and shapes (i.e., which way each in-
tersection leads). Once the system detects an intersection, the system should convey
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the intersection’s shape to the user through audio feedback. By doing so, the blind
user will be able to decide which way to go based on the original route information
obtained from sighted passersby.

Sign Recognition

While intersection information may be sufficient to reach a destination, signs were
found to make blind people more confident about their location. As indicated by
the interview results (Section 5.3.2), the system should detect two types of signs, di-
rectional signs and textual signs. Directional signs are expected to help blind users
confirm that they are on the correct route and help them make a decision at an inter-
section. Textual signs are expected to help blind users verify where they are and if
they have reached their destination. As blind people cannot notice the existence of
signs, the system should detect and notify the possible existence of a sign. Finally,
as not all signs are relevant, the system should read out signs only if the user wants
the system to.

5.4 Prototyping and Design Iteration

This section describes the initial prototype of our system and design iteration with
the same five blind participants to improve our system.

5.4.1 Aapparatus
Employing Suitcase-shaped Robot

We adopted a suitcase-shaped robot called Al suitcase [17]}, as its appearance would
allow the user to blend into a surrounding environment, such as a building in a
metropolitan environment [61, 60, 11], and where the study was conducted in (Fig-
ure 5.1). Al suitcase, which was formerly named carry-on-robot (CaBot), will run
alongside and slightly ahead of the user, enabling the system itself to be a protection
by colliding with obstacles first [11]. Unlike quadruped robots that make a lot of
walking noise [58], the form of a suitcase enables the system to take images from
sensors stably with less motion blur [61, 59], which would allow the system to gain
better recognition results of signs and intersections. While the weight of our current
system is approximately 40 pounds, we expect that the size and weight of the com-
puters and sensors in the suitcase to get lighter and smaller, which will enable users
to carry the system around more easily.

Hardwares

The type used in this study was called the CaBot2-GT model®. The suitcase uses one
that is on the public market, which is made by the GLOBE-TROTTER company”.
Inside the suitcase, uses a mini PC with an NVIDIA RTX 3080 graphics board. For
the environmental sensor, the robot uses a Velodyne VLP-16 LiDAR sensor and a
RealSense camera on the top of the suitcase to sense surroundings (installed at about
0.7 m from the ground). RealSense camera could capture the RGB image with a
resolution of 640x480. In the handle, there are four buttons placed left, right, front,

Thttps:/ / github.com /CMU-cabot/cabot
Zhttps://github.com/CMU-cabot/cabot_design/tree/master/cabot2-gt
Shttps://jp.globe-trotter.com/
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FIGURE 5.4: Handle Interface of PathFinder. It has four buttons, and each button is
assigned different functionalities according to the system’s state as indicated.

and back, with a touch sensor underneath the handle, which senses if the user is
holding the handle.

Smartphone Interface

Also, a smartphone is paired with the suitcase for users to interact with the sys-
tem. By using a dedicated application®, users can either choose destinations via
VoiceOver. Also, the audio feedback is provided through this application. The ap-
plication and the PC are connected via Bluetooth to provide audio feedback and via
Wi-Fi local network for fast information transmission.

Localization and Navigation

Existing Al Suitcase navigates users to their destination by using a predetermined
map, using static route map, a LIDAR map, and BLE beacons. First, when the system
is initiated, the system localizes itself by using BLE beacons and a LiDAR map, by
using the Monte Carlo localization method. Once the users select their destination,
the system plans a global path to the environment by using both the static route and
the LIDAR map. While the navigation uses an RGB sensor and, LiDAR sensor to
detect obstacles and their locations, along with a local path planning algorithm to
ensure a safe path while navigating along the route. To ensure safety, the center of
the robot is set to the user rather than the robot itself. Additionally, the robot only
moves while the user is holding the handle, which is detected by the touch sensor of
the robot.

5.4.2 Prototyping

We prototyped the first version of PathFinder based on the design derived from the
first study session. The details of the implementation will be described in Section 5.5.
Below, we first describe the handle interface and audio feedback of the prototype
version of PathFinder.

Map-less Navigation States and Interface

The user can provide instructions to the system via the four buttons attached to the
system’s suit-case handle, consisting of a front button, a left button, a right button,
and a back button (Figure 5.4). These buttons function differently when Pathfinder
is in the idle state or the moving state, as described below.

When the system is in the idle state (e.g., pausing at an intersection or at its ini-
tial position) pressing the left/right button will instruct the system to face the next

*https://github.com/CMU-cabot/cabot-ios-app
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path which is on the left/right of the current facing direction while saying “Turning
left/right.” Pressing the front button will switch the system to the moving state and
instruct it to move to the next intersection, saying “Going to the next intersection.”
Finally, pressing the back button will initiate Pathfinder’s sign recognition module
while also saying “Recognizing signs.” Then, recognized signs will be read out after
it finishes processing. An example of the audio feedback when three signs are recog-
nized is as follows: “There are three signs. 1. Forward, main lobby, 2. Right, Mechanical
Engineering, and 3. Entering [proper noun] Hall.”

In contrast, if the system is in the moving state, only two buttons, the front and
the back buttons can be used. Pressing the front button will make the system switch
between the Next Intersection mode and the Hallway-end mode. In the next inter-
section mode, the system will navigate until it reaches the next intersection, where
it would stop and convey the intersection’s shape. We adopted the clock position
to convey the shape of intersections as it is capable of conveying non-perpendicular
turns, and can be easily generalized in public buildings. An example of the feedback
when an intersection that leads to forward, left, and right is found is as follows:
“Found route to forward, two o’clock, and nine o’clock.” Meanwhile, the hallway-end
mode instructs the system to move forward until it reaches the end of the hallway;,
ignoring all intersections along the path. This is useful when there are a lot of in-
tersections and the blind user knows they will not be making any turns. Note that
when this button is pressed, the system will say, “Going to the next intersection/end.”
On the other hand, pressing the back button causes the system to stop and switch
back to an idle state while also saying “Stop.” For simplicity of design, the system
does not take any input while it is turning until the turn is done.

5.4.3 Design Iteration

After implementing the system, we conducted another session with the same group
of five blind participants (P01-P05 in Table 5.2). The aim of the study was to im-
prove the interface and functionality of the system. For each participant, we first
introduced the system and asked them to use the system while walking along R1
and R2. We then interviewed the participants about areas for improvement. The
interview took 75 minutes and each participant was compensated $35.

All five participants generally agreed that the prototype version of the system
will be helpful when navigating an unfamiliar building. Still, we received comments
to improve the system when we asked for suggestions. Below, we list the major sug-
gestions obtained from participants and a summary of updates made to the interface
of the system.

Intersection shape should be conveyed using “left, right, forward, backward” ter-
minology

Three participants mentioned that intersection shape should be conveyed with left
and right, and not with clock position. As the two routes in the study contained only
perpendicular intersections, we updated the audio feedback so that the system con-
veyed the intersection shapes using “left, right, forward, backward” terminology.

Position of textual signs should be conveyed, and fewer signs should be read

P04 pointed out that the system should convey the position of textual signs. He in-
dicated that conveying its position is important, so that he knows where exactly the



5.5. Implementation 69

destination is if the system reads out room numbers. As such a feature is important
for the last-few-meters problem [110], we updated the system to read out the dis-
tance and position of textual signs. Specifically, the system will convey the direction
(e.g., left, left wall, right, right wall, and front) and distance to a textual sign.

In addition, three participants mentioned that the amount of information from
signs was overwhelming as PathFinder read out all signs in its field of view. In the
study, there were several situations where it read out more than six signs. Therefore,
we updated the system so that it will read a maximum of four signs. The system will
first read directional signs, then textual signs if directions in the directional signs
were fewer than four. When reading textual signs, the room number is read prefer-
entially. Overall, we updated the audio feedback as follows: “There are two directional
signs. Left, corridor 4600, and right, (corridor) 4508 to 4533. Also, there is one textual sign
saying room number 4521 to your front, 2.1 m ahead.”.

Associating information from directional signs with the turn direction at intersec-
tions

In the prototype version of PathFinder, the system only read out directional signs
when the user initiates sign recognition. However, P01 pointed out that it would
be helpful if the system could also read out where the system is turning to, from a
nearby directional sign when a turn is being made at an intersection. For example, if
a sign with “Right, corridor 4200” is recognized near an intersection that leads to the
right and the user instructs the system to turn right, the system should say, “Turning
to the direction of Corridor 4200” when making the turn. We implemented this feature
on the system as it may increase its usability.

Merge stop button and sign recognition button

Three participants stated that the current interface of needing to press the back but-
ton twice to recognize a sign from the moving state is a cumbersome process. Hence,
we updated the button layout of the handle interface so that sign recognition can be
initiated even if the system is moving. Pressing the back button causes the system
to switch back to the idle state and instructs the system to run the sign recognition
algorithm, saying “Recognizing sign.”

Add “Take-me-back” functionality

P01 pointed out that it would be helpful if the system could take them back to the ini-
tial position where they started from, as such a task is difficult for blind people [204].
Therefore, we added a “Take-me-back” functionality to the system. As the system
constructs a cost map and accumulates the map information over time, the system
is able to maintain information about the initial position and return to it.

5.5 Implementation

This section describes our implementation of PathFinder based on the design con-
siderations in the previous section. PathFinder requires a 360° LiDAR and an IMU
sensor to construct a LIDAR map on the fly and detect intersections. It also requires
a camera that can capture indoor signs as clearly as possible. We chose the open
source robot platform CaBot’ as our base platform and extended it for PathFinder.

Shttps://github.com/CMU-cabot/cabot
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To navigate in a building without prebuilt maps, our system constructs a LIDAR
map of its surrounding environment in real-time by using Cartographer®, an open-
source SLAM implementation. Our system operates an algorithm on this real-time
map to find the paths that the system can navigate, and informs the user about in-
tersections.

Although the system has an RGBD camera, we attached a smartphone with a
high resolution camera (iPhone 12 Pro) on an extendable stabilizer (Figure 5.1-A,
at 1.1 m from the ground) so that it could effectively capture indoor signs from a
higher position and with a higher resolution compared to the RGBD camera. Here,
the iPhone was chosen to enable fast prototyping of the system. Future versions may
instead use an extra camera in an integrated manner. Below, we describe the details
of our intersection detection and sign recognition algorithms.

|

FIGURE 5.5: Intersection Detection Algorithm Steps. (A) Raw LiDAR map created

by the system using SLAM (B) Detecting the closest convex hull similar to the method

of Yang et al.[83] (C) Skeletonizing the regions outside of the convex hull to identify

waypoints (D) Detected waypoints in the corridor regions, with the waypoint selected
by the user shown in blue.

5.5.1 Intersection Detection

To detect intersections, we use the method proposed by Yang et al. [83]. The system
first extracts waypoints for where the system can move from the latest LIDAR map.
If there are waypoints found on the left or the right sides of the system, this means
that the system has detected an intersection. In such a case, the system will stop and
inform the user of the detected directions so that the user can determine which way
to turn. In addition, the algorithm is further used to make the system move in the
middle of the corridor for their safety [22], and keep the heading direction of the
system facing the corridor.

Our overall algorithm to extract waypoints runs at about 10 Hz, and can be de-
scribed as follows.

1. The system extracts a region of size 20 m X 20 m around the system from the
latest LIDAR map (Figure 5.5-A).

2. Based on the extracted map, the system applies the following steps proposed
by Yang et al. [83] to detect all the corridors leading to the intersection: (Fig-
ure 5.5-B).

(@) The system samples points starting from the surrounding obstacles (e.g.,
walls) within a certain radius (8 m) of the system, at constant angular
intervals (10°), as shown with red circles.

6ht‘cps ://github.com/cartographer-project/cartographer_ros
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(b) The system computes a convex hull using the sampled obstacle points,
shown as the blue region.

(c) The system extracts the obstacle-free areas from outside the convex hull
as the corridor region(s) (colored regions outside the convex hull).

3. The system extracts the topology of the middle of the detected corridors by
skeletonizing the image of the LIDAR map (Figure 5.5-C).

4. Finally, the system assigns the furthest point on the topology from the system
in each corridor region as waypoints that the user can instruct the system to
move to (Figure 5.5-D).

Note that if the system does not detect any corridor on either side of the system, then
the system will continue to move forward until it is stopped by the user or until it
finds an intersection or the end of the hallway.

Apply Arrow Detection Apply Laplacian Filter & Find Perform
& OCR to Input Image Binarize Image Connected Components Rule-Based Grouping

i

3
:

FIGURE 5.6: Sign Recognition Algorithm Steps. The system first applies arrow detec-
tion and OCR (A), followed by Laplacian filtering and image binarization (B). Then the
system finds the individual regions in the image using connected component analysis
(C), followed by a rule-based grouping to associate the arrows and recognized text (D).

5.5.2 Sign Recognition

Indoor signs are often placed on the ceiling or on the walls at a distance, and they
appear very small in the images. To recognize texts and arrows accurately, we need
an OCR model and arrow detection model which require about 5 seconds on aver-
age to process on our PC (including communication times), which may be too long
for a blind user to wait for [110]. Therefore, we implemented a sign detection mod-
ule. The sign detection module informs the user about the possible existence of a
sign in real-time, without fully recognizing the sign, and the user can initiate sign
recognition if they think the sign may benefit them to reach the destination. Here,
we describe the sign detection module and the sign recognition module.

Sign Detection Module

The module is implemented as an iPhone app by using the Optical Character Recog-
nition (OCR) model from the iOS Vision API’. The model detects texts approxi-
mately at five Hz on the iPhone, and the depths of the detected texts are then mea-
sured using its LIDAR sensor. If a piece of text is detected in five consecutive frames
and is found to be within 6.5 m, the system notifies the user of the possible existence
of a sign by saying, “There might be a sign.” If the user then chooses to initiate the full
sign recognition, the system will then send the image taken by the smartphone to
the PC on the system via the local network. The system will not inform the existence
of a sign which is within 5 m from the previously detected sign.

"https://developer.apple.com/documentation/vision/recognizing_text_in_images/
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Sign Recognition Module

When the user initiates the sign recognition by pushing the back button, the sys-
tem commands the iPhone to send an RGB and depth image to the sign recognition
server running on the system’s PC via the local Wi-Fi network. Once the image is
sent to the server, the system runs OCR using the EasyOCR Python library® which is
more accurate than the iOS OCR, and runs YOLOVS5 [205] object detection model to
detect the arrows in the image. We trained the object detection model to detect and
classify eight categories of arrows (four horizontal and vertical directional arrows,
and four diagonal directional arrows). An example illustration of the detection re-
sult is shown in Figure 5.6-A. According to the system design (Section 5.3.3), it is
necessary for the system to recognize both directional and textual signs. To do this,
the system needs to associate the detected arrows with the detected texts to recog-
nize a directional sign, while also separating the texts from the arrows if there is a
textual sign. To do this, the system assumes texts and arrows can be grouped to-
gether if they have a similar background color. Below, we describe the steps of our
grouping algorithm for signs.

1. The system first detects edges in order to separate regions with different back-
ground colors. This is done by applying a Laplacian filter to each of the RGB
channels, then for each pixel, selecting the highest value over the channels to
create a single-channel image. This will result in an image where pixels with
high values represent edges, while those with low values represent non-edges.

2. The system then obtains a binarized image by assigning 0 to pixels whose val-
ues are higher than a pre-determined threshold value, and 1 to all other pixels
(Figure 5.6-B).

3. The system applies the connected component labeling algorithm to the bina-
rized image to determine the regions with similar background colors, and ob-
tain a region label for each pixel (Figure 5.6-C).

4. The arrows and texts whose bounding boxes have the same region label are
then grouped together (Figure 5.6-D).

As a result, the grouped sets of arrows and texts will be obtained. Note that a text
may not necessarily have to be grouped with arrows, as the algorithm only considers
the background color of each bounding box. Note that in practice, a grouped set may
include multiple arrows and texts. Deciphering matches between multiple arrows
and texts would involve a more complicated algorithm outside of the scope of this
study. So we only consider signs where each text corresponds to only one arrow. The
system calculates the euclidean distance between the center of the bounding boxes
of arrows and texts, and groups texts with arrows that have the smallest distance
between them. Finally, using the LiDAR sensor of the iPhone 12 Pro, the system
removes signs that are further than 6.5 m from the recognition results, so that only
signs with accurate detection results are conveyed to the user.

5.6 Main Study

The main goal of this study is to understand the effectiveness of our complete system
and how well it can assist blind people. For comparison, we used a system with pre-
built maps as the topline reference, which we assumed to provide the best possible

8https://github.com/JaidedAI/Easy0CR
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TABLE 5.3: Demographic of Blind Participants in the Main Study. Additionally listed

are the main study participants’ normalized task completion times, and the number of

times they asked for the route during navigation. *1: normalized as they chose a slower
speed. *2: normalized as the previous user’s topline setting was used accidentally

Age Navigati Normalized task completion time [sec] Times asked for route
gation

D Age of  Gender Aid suUs Route 1 Route 2 Route 1 Route 2

onset PathFinder Topline PathFinder Topline PathFinder
P06 68 0 Male Cane 875 3983 59.2 491.5 240.7 4 6
P07 69 49  Female Cane 95.0 174.51 66.3*1  919.81 234.71 0 3
P08 63 0 Female Cane 725 85431 66.1*1 914,91 239.01 2 6
P09 63 56 Male Cane 80.0 260.4 66.7*2  601.5 230.8 0 3
P10 74 0 Female Cane 925 2236 60.1 404.2 259.9 0 2
P11 63 3 Female Cane 90.0 1473 60.9 350.3 240.6 0 3
P12 50 1 Male  Guidedog 525 163.1 63.0 573.0 232.1 3 2

Mean 64.29 85.25 317.36 63.16 607.88 239.69 1.29 3.43

+SD  +7.52 +15.74 +251.68 +3.20 +228.85 +9.78 +1.70 +1.80

navigation experience. We conducted the main study with seven blind participants
(PO6-P12in Table 5.3). This study was approved by the IRB of our institution, and an
informed consent was obtained from every participant. Each study took 150 minutes
and participants were compensated $70.

5.6.1 Tasks and Conditions

We asked the participants to navigate R1 and R2 (Section 5.3.1) from the starting
points to the destinations. We prepared two conditions, one where participants
used PathFinder and the other where they used the topline system i.e., a system that
uses prebuilt maps. We did not include the condition of using only the regular aid
for safety concerns, as blind people usually do not navigate in unfamiliar buildings
without an assistant [4, 28].

PathFinder

For the condition using PathFinder, we first described the route to the destination to
the participants, then asked them to navigate to the destination. They were allowed
to ask the experimenter for the route during the task if they needed it, in which case
the experimenter would describe the route again from their current position to the
destination. The number of times they asked for the route description is reported in
Table 5.3. The experimenter intervened in the study only if the participants turned
at the wrong intersection or the system malfunctioned.

Topline System

For the topline system, we used the original Al suitcase [17]° that can navigate blind
people in buildings with prebuilt maps. To operate the topline system, we con-
structed full prebuilt maps of R1 and R2, which are annotated with POls such as
intersections, building names, and facility names. When the system is initiated, it
localizes itself in the prebuilt map using BLE beacons, which are attached to the
building. In the study, the experimenter manually set the destination remotely via
a smartphone application, and the system started navigating to it once the user
pressed a button on the handle. During navigation, the system reads out anno-
tated POIs along the way, and while turning the vibrator which is in the direction of

dnttps://github.com/CMU- cabot/cabot
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the turn vibrates. When the navigation ends, the topline system indicates that they
have arrived at the destination. Note that the duration to navigate through R1 and
R2 does not depend on a participant, but mostly on the social context of the build-
ing (e.g., a crowd of people), as the topline system automatically navigates to the
destination at a constant speed.

5.6.2 Procedure

We first introduced PathFinder and explained its map-less navigation feature and
conducted a 30-minute training session. In the session, we adjusted the speed of the
system to 0.75 or 0.50 meters per second (m/s) based on each participant’s walking
speed. The adjusted speed was used for all tasks and scenarios for the participant.
Then, the participants were asked to navigate through R1 and R2 with PathFinder
based on the route descriptions we gave them. At the end of each route, they were
also asked to use the “Take-me-back” functionality and go back to the initial posi-
tion. Next, the participants were asked to navigate R1 and R2 again using the topline
system. We did not counter-balance the order of the PathFinder and the topline sys-
tems because we did not want to induce any route learning in the user by using
the topline system prior to using PathFinder. If we counter-balance the order of
conditions and let several participants perform the topline system first, the task us-
ing PathFinder will be significantly easier due to the prior knowledge of the route
walked with the topline system, as PathFinder will require users to memorize the
route description while topline system does not. The tasks were video recorded so
that it allows us to complement quantitative results. After the navigation, we asked
the participants to answer a set of questions (Q1-8 in Figure 5.7) on a seven-point
Likert scale (1: Strongly disagree, 4: Neutral, and 7: Strongly agree). We asked Q1-
Q3 three times, to compare their experience when using their regular aid (i.e., canes
or guide dogs), PathFinder or the topline system. Then we asked Q4-8 regarding the
usability of PathFinder. Finally, we asked participants to rate PathFinder using sys-
tem usability scores (SUS) [174] and gathered open-ended questions for qualitative
feedback.

5.6.3 Metrics

We used three metrics to evaluate and analyze the usage of the proposed system.

Task Success Rate

We define task success as an occasion where users successfully arrive at the destina-
tion without any intervention by the experimenter, caused by significant confusion
during the experiment, such as turning in the wrong direction or walking past an
intersection that had to be turned.

Normalized Task Completion Time

We measured the time taken to complete each task. We started the timer when the
participants pressed the button to initiate the system at the starting point. The timer
was stopped when the participants verbally indicated that they had arrived at the
destination and were 5 m within the destination. As some of the participants used
a slower speed (0.5 m/s), we normalized their task completion times such that all
times correspond to 0.75 m/s. This is calculated as T, X % + Ts where Ty, is the
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total duration the user and the system are moving together, and T; is the duration
for which they are standing still (which is thought of as the users” decision making
time).

Performance of Intersection Detection and Sign Recognition

To evaluate the performance of the system, we measured two metrics based on the
logs recorded by the system during the study. For intersection detection, we classi-
fied a detection result into four cases: (1) correct detection when the system correctly
detected the intersection’s shape, (2) partially correct detection when the system de-
tected the turn direction, but missed some directions which are not a direction of
turn, (3) failed detection when it did not detect the turn direction, and (4) false posi-
tive detection when the system detected an intersection where there was none (i.e., at
straight corridor).

For sign recognition, we classified detection results into four cases: (1) correct
and relevant recognition where the detection result contained information to reach the
destination, (2) correct but irrelevant recognition where the result was correct but con-
tained only irrelevant information, (3) null recognition where the system did not rec-
ognize any sign, and (4) wrong recognition where the system was unable to recognize
sign correctly as either arrow detection, OCR or the grouping algorithm failed. Note
that the number of correct and useful recognitions and correct recognitions may vary
depending on the route and destination.

5.7 Results

5.7.1 Overall Performance
Task Success Rate

Out of 14 trials, ten were successful and four required intervention by the experi-
menter, resulting in a 71% success rate. For both R1 and R2, the task success rate
was 71%, with two failures and five successes each. Failures occurred when users
turned at the wrong intersection or walked past an intersection where a turn was re-
quired, as will be described in the next section. This outcome arose despite allowing
participants to ask for the route, indicating that although they expressed confidence
in their navigation, they chose incorrect directions. In other words, their perception
of the route did not align with the actual environment.

Normalized Task Completion Time

Table 5.3 shows the results of the task completion time. Statistical analysis using
the Wilcoxon signed-rank test revealed that tasks with PathFinder took significantly
longer to complete compared to those with the topline system (p < .05 for both R1
and R2). Below, we summarize four reasons why our proposed system took a longer
time to complete a task. 1) Our system took extra time because PathFinder stopped
at each intersection. 2) Participants took time to recall and determine the direction to
turn. 3) Our system required time to run sign recognition each time it was initiated.
4) There were four instances in which participants turned at the wrong intersection
(occurring twice for P08 and once for P06, P07, and P09), requiring additional time
for them to notice the error and return to the correct route with intervention by the
experimenter. 5) P08 was particularly confused about the interface of the system and
took extra time to complete the tasks.
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Regular aid

Q1.1can igate in an ili ilding with i PathFinder

Topline

[
— -
_ —
Regular aid |—-—|
[—— nE
—
———

Q2.1can igate in an ili ilding with less cognitive load PathFinder
Topline
Regular aid

Q3. | am confident that | am going the correct way in unfamiliar building PathFinder ) I—_—l ] *
Topline |—-

Q4. The button layout of the robot was easy to use )—-

Q5. The audio feedback from the robot was easy to understand }—-

Q6. The i i {0 ion helped me igate in an ili ildi }—_

Q7. The sign it ion helped me navigate in an |—_—4

Q8. The function to go back to the initial position was helpful ;_-

1 4 7
Strongly Disagree Neutral Strongly Agree

FIGURE 5.7: PathFinder Was Rated Between Regular Aid and Topline System. Ques-

tions and responses from our main study with seven blind participants. Responses are

rated on a seven-point Likert scale. Responses marked with * indicate a significant dif-
ference between the systems when applying the Wilcoxon signed-rank test (p<.05).

Subjective Ratings

Figure 5.7 shows the results for Q1-8. Statistical analysis using the Wilcoxon signed-
rank test revealed that participants felt that PathFinder is significantly better com-
pared to their regular aids for Q1 and Q2 (p < .05). The same test also revealed
that the topline system received significantly better ratings than the proposed sys-
tem for Q1 and Q2 (p < .05). For Q3, there was no significant difference neither
between PathFinder and regular navigation aids (p = .14) nor between PathFinder
and the topline system (p = .09). Finally, Table 5.3 shows the SUS scores given by
each participant.

5.7.2 Performance of Intersection Detection and Sign Recognition

PathFinder detected intersections 108 times in total throughout the whole study.
There were 61 correct detections, nine partially correct detections, five failed de-
tections, and 33 false positive detections. The partially correct and false positive
detections did not harm the performance of the task, as it still detected the way the
blind participants have to go. The false positive detections mainly occurred when
navigating through a glass bridge in R2. The system detected false intersections on
this straight bridge, as glasses are transparent from the LiDAR sensor. Two failed
detections out of five occurred at intersection A and intersection B (Figure 5.2) when
P07 was navigating R2 in a significantly crowded situation. In intersection A, the
path was crowded in front of the elevators in R2, and the system did not detect the
path that leads to the right. Also, the system detected intersection B, which leads to
the front and left, as an intersection that leads to left and right, as the crowd affected
the orientation of the system to face in between the two paths. The other three failed
detections were related to system errors.

Participants initiated sign recognition 62 times in total while navigating R1 and
R2. Throughout the whole study, P06-12 initiated sign recognition 1, 16, 22, 10, 4, 4,
and 5 times, respectively. There were 27 correct and relevant recognitions, 12 correct
but irrelevant recognitions, 13 null recognitions, and ten wrong recognitions. Null
recognition occurred when the participant initiated sign recognition where there was
no sign. They initiated the sign recognition as the sign recognition module notified
them of the existence of signs, but by the time they press the back button, the sign
was out of the camera’s field of view. Also, participants who took the wrong path
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in their tasks tend to use the sign recognition function much more times, even when
the system did not notify the possible existence of signs (P07 and P08).

5.7.3 Video Observation
Confusion When Using Sign Recognition

During the study, we observed an occurrence where the interface of the PathFinder
confused two participants. P08 and P09 performed sign recognition on a directional
sign (e.g., “Left, Corridor 4200, and right, Corridor 4100”) at a spot before the desired
intersection (about 1-2 m). After listening to the feedback, they immediately pressed
the left/right button as they thought it would take them to the next path. As the
system was before the intersection and had not detected it yet, the system turned
backward. While P09 was able to recover after a short time of confusion, P08 was
quite confused with the occurrence, because the system did not move as she wanted
it to. C5.3:“It confused me when it was telling me that a sign was available, but I am not
at an intersection... like when it was telling me to take the right turn to Destination 2, but
I went down the wrong corridor because I wasn't yet at the intersection to make the turn.”
(P09)

Navigation Error Occurred When Intersection Detection Failed

The intersection detection error in intersections A and B (Figure 5.2) both occurred
when P07 was performing the task. In intersection A, the system was able to detect
the shape of the intersection correctly when the system ran the intersection detection
algorithm again after the crowd was eased. When the detection failure in intersec-
tion B happened, she instructed the system to turn in the wrong direction instead
of going forward. She realized that she had turned in the wrong intersection after
reaching the dead end of the hallway and managed to recover back to intersection
B.

5.7.4 Qualitative Feedback
Positive Feedback

Through the study, we received many comments indicating that they found the func-
tions of PathFinder useful. All participants found the intersection detection feature
of the system helpful, as it can find an intersection more accurately and quickly com-
pared to their usual navigation aid. C5.4:“(To find an intersection) I would have to stay
close to the walls and feel with my cane, which is not always possible. But with the robot, I
can quickly find the intersection without being close to a wall.” (P10)

In addition, the sign recognition feature of the system was generally appreciated
by the participants. Participants described the advantage of textual signs and direc-
tional signs as follows: C5.5:” I really liked the sign recognition. If I'm in an unfamiliar
place like an airport, and it read out the gate number (textual sign), I would immediately
know where I am and that there are more gates” (P06) and, C5.6:” Yes (directional signs are
useful), it gives confirmation which is important, and you can get confidence about where
you are going.” (P11)

Also, the “Take-me-back” functionality was appreciated by all seven participants
from the main study. C5.7:" It was very useful and felt almost like the with-map robot. It
would be very convenient when I'm in an office building and want to quickly find my way
back to the entrance. I can also envision the ability to key in my favorite spots while I'm



78 Chapter 5. PathFinder

exploring and then trust the robot to directly take me to those spots while I'm navigating the
second time.” (P09)

When we asked whether PathFinder is acceptable compared to the topline sys-
tem, all participants agreed and were appreciative of its advantage that it could be
used in more places compared to the topline system: C5.8:” If a map is available, it is
definitely the most useful. But maps are not available everywhere. However, even without
map information, the robot is very useful because it reads out information around me and
that lets me find my way.” (P07) While the topline system generally received higher
ratings in Q1-3, two participants still found the controllability of PathFinder to be
better than the topline system. C5.9:” With PathFinder I felt like I was in more control
as I had the ability to get feedback from it at every intersection and use my own judgment.
But with the topline system, I just had to let it do its thing, which I'm not fully trusting of.
7 (P09)

Negative Feedback

Participants were confused when the system indicated the possibility of the exis-
tence of a sign, without indicating what types of signs they were: C5.10:” I felt like
the system wasn’t picking up all the signs, and when it did, it didn’t say what kind of sign it
was right away. It is important for some kind of signs to be known right away, like fire exits,
instead of having to ask for it each time.” (P07)

P12 rated the SUS score the lowest. When we asked him for the reason, he com-
mented that guide dogs would be a better tool for their secondary travel, as follows:
C5.11:“ I think once I learn the layout of a building, I will be able to navigate much faster
with my guide dog than with the robot.” (P12)

Comparison with Guide Dogs

When we asked P12, who is a guide dog user, about the difference between the
proposed system and the guide dog, he mentioned two points, that guide dogs may
miss an intersection unless the user is aware of it, and guide dogs do not remember
how to return to previous places, as follows: C5.12:” With guide dogs, I have to know
when to turn. But the robot will tell me, so I won't miss the intersection... The guide dog
doesn’t always know how to go back. I have to remember the route and teach the dog. With
the robot, I would just have to hit the button, and it would take me back. I didn’t have to
remember the route by myself.” (P12)

5.8 Discussion

5.8.1 Were Users Able to Navigate with PathFinder?

The overall results showed that users were generally able to navigate to their desti-
nation (success rate of 71%) using PathFinder. This shows that users can indepen-
dently decide and navigate their way to their destination in an unfamiliar building by
having route descriptions from sighted passersby, sign information, and intersection
detection functionality, coupled with guide dog collaborative interaction. While the
task completion time for PathFinder was significantly longer than the topline sys-
tem, this was necessary for each participant to stop at each intersection to choose a
direction. Still, participants appreciated the potential of the system to be applied to
various locations. Although they asked for routes several times during the study,
which showed a tendency for more frequent requests on longer routes, a potential
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solution would include recording the route description or even using VLN tech-
nology to interpret the route description instead of the user, which opens a new
approach for this system. Overall, the results suggest the potential of a map-less
navigation system to be applied in various environments.

5.8.2 Comparison with Topline and Regular Aids

PathFinder may be considered to be an option that could be in between the topline
system and regular aid for its performance, functionality, and usable area. The con-
fidence scores were significantly higher than the regular aids, and lower than the
topline system (Figure 5.7-Q1). The ratings for cognitive load were significantly
higher than the regular aids (lower cognitive load), but lower than the topline sys-
tem (higher cognitive load) (Q2). As for the usable area of the aid, regular aids are
the largest, as there are routes in which PathFinder cannot be used, such as routes
with steps or rough surfaces. The topline system has the smallest usable area, given
the requirements of the prebuilt maps. Also, the topline system can announce POls,
and PathFinder can do this partially using its sign recognition module. The regular
aids do not have the capability to announce POls.

In short, PathFinder can be a unique “in-between” option for blind people. The
topline system can provide highly reliable and robust navigation while announc-
ing POls, but its usable area is small. Regular aids, on the other hand, can be used
in most environments, but their reliability is low. PathFinder’s approach can real-
ize novel scenarios such as visiting an unfamiliar indoor public space and navigate
without prior preparation and sighted companion. We still have a long way towards
the goal, especially for the recognition capabilities, but we believe this study showed
a new possible solution.

5.8.3 Usability

The system received favorable ratings with medians of 6 and 7 on the Likert scale
for usability scores (Q4: 6, Q5: 7, Q6: 6, Q7: 6, Q8: 7). The ratings for the inter-
face show the success of our participatory design process. Also, the median ratings
for intersection and sign detection were both 6. One of the reasons why neither of
the scores was 7 may be the interface design related to sign recognition. PathFinder
requires the participants to select directions via buttons after reaching an intersec-
tion, not after the announcement of directional signs (Section 5.7.3, and C5.3). P08
was particularly confused with the occurrence of accidentally turning backward af-
ter listening to information about directional signs that the system recognized (Sec-
tion 5.7.3), and rated the score for Q3 (confidence in the walking direction) with a
4 for the regular aids and a 2 for PathFinder. Although all other participants rated
PathFinder to be higher than the regular aids for Q3, there was no significant dif-
ference between PathFinder and the regular aids. Also, there was no significant dif-
ference between PathFinder and the topline system for Q3 as P09 rated PathFinder
higher (PathFinder: 6, Topline: 5) and P12 rated both the same (both 7). To prevent
the occurrence of accidentally turning backward, the system can ask the user for ver-
ification when turning before an intersection so that it can prevent the unnecessary
backward turn (e.g., “You are trying to turn before an intersection. Are you sure you want
to make a turn?”).
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5.8.4 Benefit of Collaborative Interaction: Contorallability

PathFinder adopted collaborative interaction, in which the robot takes over the mo-
bility, and the user decides which way to go based on the robot’s verbal feedback.
Two participants indicated that PathFinder was even better than the topline system
in terms of the trust, as they gained more controllability with the system (C5.9). They
preferred a more controllable system in spite of the time disadvantage. The current
navigation robot systems are designed by putting weight on automation more than
controllability. It may be possible to integrate some controllability into the topline
system, such as a route-choice interface at an important intersection toward a desti-
nation. At this moment, it is not clear how we can balance automation and control-
lability, but future navigation robot systems for blind people may wish to consider
this as part of the design.

5.8.5 “Take-me-back” Functionality and Gradual Map Creation

All participants unanimously agreed that the “Take-me-back” function was useful,
as returning to the entrance is generally challenging for blind people, especially in
unfamiliar buildings. P12 indicated that guide dogs could not complete such a task,
as guide dogs do not remember an unfamiliar building layout (C5.12). This fea-
ture also leads toward the discussion of the gradual creation of maps equivalent to
prebuilt maps, by blind users themselves. It may accumulate the necessary data
to enable with-map navigation for routes to typical destinations at the building if
the system preserves constructed LiDAR map data and provides an interface for
blind people to annotate the LIDAR map with visited routes and POlIs (C5.7). Such
a feature can be a game changer for navigation systems by paving the way toward
city-wide maps.

5.8.6 Possible Improvements for PathFinder

The current intersection detection algorithm works robustly only on limited situa-
tions and buildings. For example, in the main study, PathFinder sometimes misin-
terpreted the shape of an intersection (Section 5.7.2). The system detected an inter-
section in R2 as a dead end, because the corridor was packed with a crowd of people.
In such situations, it may be necessary for the system to determine the level of con-
gestion, and emit a path-clearing sound, so that people may move out of the way
for the system to eventually find an intersection [61]. In addition, the system made
multiple false positive detections at the glass bridge in R2, as the system failed to
extract the shape of the bridge to a LIDAR map because of the transparency of glass
to LiIDAR. Besides, the system can not detect intersections at buildings with open
spaces such as open halls or wide corridors, such as an atrium, because the current
implementation has an assumption of the size of an intersection (Section 5.5.1). It
is also difficult for PathFinder to define a local destination in an open space, result-
ing in the system to go in a random direction, as the topology extraction is likely to
fail. To increase the generalizability of PathFinder, it is necessary to consider various
environments (e.g., open hall, hallway with open doors, glass bridge, and a wide
corridor) to improve the intersection detection algorithm, for example by also using
RGB camera as well as LiDAR sensor.

As for the sign recognition feature, while it was appreciated by the participants
(C5.5 and C5.6), the function that conveyed the existence of the signs was insufficient
(Section 5.7.2). As P07 pointed out, the system needs to detect types (i.e., whether it
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is directional or textual) or relevancy (i.e., whether it contains necessary information)
of signs before notifying the user and running the full sign recognition (C5.10). As
determining the types of signs will need to go through a sign recognition which
takes 5 seconds to process, one solution is to determine the relevancy of a sign by
using the information which the user can input prior to their travel [116]. The user
may input some keywords, such as the name of the destination or room number, so
that the relevancy can be determined by only the result of OCR.

5.8.7 Limitations
Limitation of Study Design

This study design had several limitations. Firstly, the study was conducted on only
two routes in our institution’s buildings. The performance of intersection detection
and sign recognition may vary in other environments, therefore, a comprehensive
evaluation of those functionalities is one of the important future works. We also
made some assumptions with our choice of the study’s environment to prototype
the PathFinder system, such as routes without any steps and floor transitions. Fea-
tures such as elevators or stairs may have been rated higher in the participatory
study if the route contained floor transitions. Therefore, it is necessary to conduct a
further study by considering routes with various features. Secondly, participants did
not navigate through the route with their regular aid. The lack of empirical compar-
ison with the regular aid may have led to influencing their critique of the proposed
system (e.g., some of them may have completed the route with their cane and rated
their regular aid better in Likert questions). In addition, there were limitations re-
garding the recruitment of participants. First, we were not able to recruit younger
participants from the target population, and the number of guide dog users recruited
in the main study was not sufficient. Also, while several participants participated
in user studies for the first time in our institution, others have not. For whom have
participated in the user study in our institution in the past, there may have had a
positive bias to our study.

Limitation of Form Factor

In this study, we used a wheeled robot for its advantages, but the form of the wheeled
robot may induce several limitations on real-world usage. PathFinder may not
be able to navigate through uneven terrains or outdoor environments due to the
small size of the wheels. In such cases, we should consider using larger wheels
and stronger motors. Also, users would have to carry the suitcase when navigating
through the stairs, which could be physically demanding. We believe the gradual
improvement of weights and capability of each component used would ease these
issues.

In addition, there are also other problems that have to be solved. Firstly, in our
implementation, the smartphone and the computer of the system were connected
through Bluetooth. Interference by the surrounding usage of Bluetooth may cause
the connection to be disturbed. In actual deployment, a robust way to connect the
smartphone and the computer is required. Secondly, as the system keeps record-
ing the surrounding environment, the privacy of pedestrians may be compromised.
Although it has been shown that sighted people accept the usage of RGB images
as long as they are used for assisting blind people to some extent [60], this prob-
lem should be carefully considered when actually deploying the system in the real
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world. Finally, PathFinder will not be able to navigate in a congested space. This is
a well-known issue that is still being studied in robotics [206].

5.9 Conclusion

This paper presents PathFinder, a map-less navigation system that navigates blind
people to their destinations in unfamiliar buildings. Through this research, we iden-
tified that sign and intersection information is necessary for map-less robots to assist
blind people in deciding their way in scenarios where they receive route descriptions
from sighted passersby. We also showed that even in an unfamiliar building, blind
participants were able to decide and navigate their way to the destination by us-
ing PathFinder, which was designed based on the requirement investigation. Future
work will involve extending the area of navigation, such as to a multi-floor environ-
ment, which may lead to additional information needs (e.g., information on elevators
and stairs).



83

Chapter 6

WanderGuide: Indoor Map-less
Robotic Guide for Exploration by
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FIGURE 6.1: Five Core Functionalities of WanderGuide. The system assists users in
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about their surroundings. Additionally, the system can guide users to locations they
have visited before.
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6.1 Introduction

In this chapter, we tackle the exploration task, which is a task that allows one to gain
familiarity with novel environments that they do not know (Section 2.1.3). To realize
the concept of map-less systems that truly allow blind people to visit various envi-
ronments, assisting this task is essential. Exploration tasks are more complex than
navigation tasks, as they require two processes to be performed simultaneously:
navigating and learning the surrounding environment. Many existing works, in-
cluding the one presented in this dissertation, have focused solely on the navigation
task [9, 10], while others have focused solely on the exploration task, but without
automated navigation or by using prebuilt maps and infrastructures [13]. Several
systems that do not require maps, as well as remote sighted assistance (RSA) [119,
117, 118], have been developed to guide blind people in various locations [24, 22, 20,
95]. However, these systems primarily focus on navigation to target destinations, not
exploration, thus providing only navigation-related information to users (e.g., inter-
sections [22, 24] and signs [24]). These systems are also not independent from human
assistance. The recent development of computer vision and natural language pro-
cessing has led to models that can describe various environmental features obtained
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from visual input in highly natural language [207, 122], which, combined with exist-
ing map-less navigation technology (e.g., PathFinder [24]) has made us consider the
realization of this task and motivated us to develop a map-less exploration system.

TABLE 6.1: Comparison to Previous Work. Our work explores a unique characteristic
that has not been investigated in the past. In the Purpose row, “Navigation” refers
to systems primarily designed to guide users to their intended destinations, while
“Perception” refers to those focused on understanding the surrounding environment.
“Multi-purpose” refers to systems capable of performing various tasks, and “Explo-
ration” refers to those designed for navigating and enjoying facilities, characterized by
constantly discovering and changing goals (e.g., window-shopping [36, 13]).

Independent from

System Map-less Purpose Human Assistance Device
NavCog [9] X Navigation 4 Smartphone
CaBot [11] X Navigation v Robot
Tactile Compass [52] X Navigation 4 Handheld Device
ChitChatGuide [13] X Exploration 4 Smartphone
Kayukawa et al. [18] X Exploration X Robot
Corridor-Walker [22] v Navigation v Smartphone
Snap&Nav [23] v Navigation X Smartphone
PathFinder [24] v Navigation X Robot
WorldScribe [125] v Perception v Smartphone
GPT-40 Demo [122] v Perception v Smartphone
MLLM Powered Applications (e.g., Seeing AI[120]) 4 Perception 4 Smartphone
RSA [118,117] v Multi-Purpose X Smartphone
WanderGuide 4 Exploration 4 Robot

To bridge the gaps and address the shortcomings of existing systems, we de-
veloped a system with the following characteristics as shown in Table 6.1: 1. Our
system does not rely on prebuilt maps or preinstalled infrastructure. 2. Our system
focuses on exploration. 3. Our system does not require supplementary assistance
from humans. 4. Our system can automatically guide users physically during ex-
ploration. None of the prior systems possesses the combination of all these charac-
teristics. Given that the design space for a map-less exploration guide robot remains
underexplored, this work aims to investigate and establish the key components of
such a system. Following the previous chapter, we used the Al suitcase [17] because
of its advantage of being able to autonomously navigate blind users and seamlessly
blend into the environment. We designed our system to have two features: an au-
tomated map-less navigation feature and a surrounding description feature. The
automated map-less navigation technology was realized by a waypoint detection al-
gorithm, which predicts navigable points within the environment. Additionally, we
equip the robot system with the ability to convey real-time information about the
surrounding environment to users using natural language, accomplished through
a multimodal large language model (MLLM [122]). Together, these functions allow
blind users to learn about the surrounding environment through MLLM-based de-
scription while autonomously navigating with the robot’s waypoint detection algo-
rithm, realizing an experience similar to navigating with a sighted assistant. Each of
these functions corresponds to PathFinder’s intersection detection and sign recog-
nition designed for the navigation task, but is specialized for the exploration task;
for example, waypoint detection can be regarded as an extension of intersection de-
tection to open spaces to enable movement in a wider variety of locations, and the
MLLM-based surrounding description can be regarded as a redesign of sign recog-
nition to convey information not limited to specific objects but for exploration pur-
poses.

The abovementioned system raises two questions regarding system design:
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* How should the MLLM describe the surrounding environment to enable effec-
tive exploration?

¢ What kind of additional functionality should the robot have for a better explo-
ration experience?

Using our prototype system, we employed an iterative process with the direct in-
volvement of target users to answer the above question and develop our system.
In the formative study, the participants were asked to follow the robot, which was
controlled in a Wizard-of-Oz fashion [208], along predetermined routes while lis-
tening to the environment descriptions. The study revealed three groups of user
preferences in the system’s descriptions with respect to varying levels of details in
the descriptive information received. It also revealed requirements in certain func-
tionalities, such as revisiting locations where the system had mentioned, specifying
directions to proceed, and obtaining in-depth information through question-and-
answering (Q&A) functionality.

In the second stage, taking the lessons learned from the first study, we present
WanderGuide, a map-less exploration system for blind people (Figure 6.1). Taking
into consideration the previously discovered three groups of user preferences, the
system offers three modes for describing the surroundings: (1) Detailed description
— in-depth information with high granularity, (2) Balanced-Length description —
balanced level of information, and (3) Concise description — minimal but essential
details for obtaining quick awareness. We also implemented various new features
based on the feedback received from the first study, which includes adopting a high-
resolution fisheye camera for better perception of the surrounding environment, al-
lowing users to verbally interact to query about the environment and set explored
PQOIs to be navigation destinations, and allowing users to use directional buttons to
control the robot for navigation towards the direction of interest. Our system is also
fully integrated with the automatic mapping, localization, map-less navigation, and
obstacle avoidance functions of the wheeled mobile robot.

Finally, we conducted a main user study with five blind participants, who were
asked to freely explore two floors of the science museum using WanderGuide. The
study aimed to investigate the following:

¢ The overall exploration experience of blind users and what is further needed
for future improvement

* Whether users can independently decide where they want to know more about
and where they want to go through exploration with the system.

All participants appreciated the experience of wandering freely without a fixed des-
tination, and they expressed their desire to use the system to explore both familiar
and unfamiliar areas. Participants also highlighted the need to incorporate recogni-
tion of auditory cues from the environment. Additionally, differences in how they
interacted with the system were observed: one frequently used buttons to guide the
robot towards their areas of interest, one passively followed the robot, and others
often asked questions. We also identified a limitation in the system’s MLLM when
conveying detailed information about the surroundings, such as identifying specific
names of objects, which suggests the need for further development in how we input
information into the MLLM for exploration purposes.

To the best of our knowledge, our work is the first to investigate the design space
of a map-less system for blind people to explore independently. To this end, we
made the following contributions.
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* We formulated the requirements for the system through a formative study,
such as the ability to adjust the level of description based on user preferences
and to guide users to previously visited locations of interest, thereby enhanc-
ing the exploration experience.

¢ We developed a full stack map-less exploration system that consists of a way-
point detection algorithm and an MLLM-based perception interaction system
on top of an existing navigation guide robot. Additionally, we integrated sev-
eral functionalities based on the formative study that facilitates the exploration
experience.

¢ We confirmed key design requirements, such as varying the level of descrip-
tions based on user preferences through a usability study. We also gained fur-
ther insights into users’ interaction preferences and into design implications
for improving the system, including better recognition of audio cues.

The codes of the system are publicly available in the following link: https://
github.com/chestnutforestlabo/WanderGuide.

6.2 Related Work

Besides the exploration activity for blind users described in Section 2.1.3, this sec-
tion presents related assistance systems, autonomy and control methods for assis-
tive technologies, and scene description approaches for blind users. These build on
Sections 2.2.1, 2.4.3, and 2.5, respectively.

6.2.1 Assistance Systems for Blind People To Explore

Robotic guide systems have the advantage of addressing the mobility challenges of
blind people with their automatic guidance capability. CaBot [11], the first guid-
ance robot that adopted the form of a suitcase, guides users to specified destinations
while referring to prebuilt maps or using an object detector to convey surrounding
information. Among them, some are specialized in exploration [18, 209, 210]. A
robot system by Kayukawa et al. [18] allows users to explore by interactively set-
ting destinations on a smartphone and by calling a museum guide to explain the
surroundings. However, both systems heavily rely on prebuilt maps and operate in
limited locations where the destinations are readily available. Ultimately, our goal
is to develop a system that does not require prebuilt maps and enables blind people
to explore independently, i.e., without relying on staff assistance within the facility.
Navigation systems for blind people that do not rely on prebuilt maps and infras-
tructure, i.e., map-less navigation systems, have also been proposed in prior research.
Besides real-time perception outcomes, these systems primarily depend on exter-
nally sourced route information, such as prior route knowledge from blind users [95,
22], routes described by nearby pedestrians [15, 175, 24], and analyzed images of
floor maps captured in buildings [23]. For example, PathFinder [24] is a map-less
navigation robot system designed to guide blind users to their destinations based
on predefined routes. The system autonomously navigates users by utilizing an
intersection detection algorithm [83] and a sign recognition algorithm [24]. These
algorithms enable users to determine the correct direction to proceed at key decision
points. The system’s evaluation found that it is necessary to include functionality
that takes users back to their starting location after reaching their destination when
navigating unfamiliar buildings. However, these map-less navigation systems are


https://github.com/chestnutforestlabo/WanderGuide
https://github.com/chestnutforestlabo/WanderGuide

6.2. Related Work 87

tasked with reaching a specific destination and are not suitable for exploration, as
they only focus on providing information related to reaching the destination (e.g.,
intersections and signs [24]). In an exploration scenario, any information about the
environment may prove valuable, such as layout information [35]. In our study, we
aim to explore the underexplored design space of map-less guide robots for explo-
ration purposes, such as how the system should describe surroundings and what
are the task-specific functionality requirements.

6.2.2 Autonomy and Control Methods of Assistant Systems

Researchers have emphasized autonomy, i.e., the ability for users to select destina-
tions and routes according to their interests, as an important factor for exploratory
activities [13, 60]. To this end, researchers have investigated various control methods
based on user inputs [15, 102]. For example, systems with prebuilt maps adopted se-
lecting destinations from a premade list of stores [9, 60], or via conversation [9, 13].
In the case of map-less systems, researchers have adopted feedback-based closed-
loop processes to leverage both human inputs and system control. Examples include
users specifying proceeding directions at intersections while the robot provides au-
tomated guidance to the next intersections [24, 35, 15, 95, 96]. Zhang et al. [102]
reported that the preferred level of control by blind people may vary depending on
context. Therefore, we examine the level of control between users and robots under
the novel exploration context.

6.2.3 Scene Description for Blind People

Knowledge of surrounding information is crucial for blind people to explore [13].
Tools for blind people to understand their surrounding environment have been com-
mercially deployed and the topic remains an ongoing area of research. While re-
searchers have proposed tools using visual captioning [110] and question-answering
models [111] to help blind users understand scenes, these often fail to provide ac-
curate descriptions at diverse locations [211]. Alternatively, RSA applications (e.g.,
Aira [117] and BeMyEyes [118]) have long been a practical aid for providing blind
people with surrounding scenes. However, RSA systems are not suitable for our
task, as the service quality depends heavily on the sighted assistance provided [119].
RSA services may also not be sustainable for extended use until users feel fully sat-
isfied with their exploration experience. With the emergence of LLMs and MLLMs,
scene describing systems (e.g., Seeing AI[120], BeMyAI [121] and GPT40-demo [122])
have been developed, which enable blind people to understand scenes in diverse
scenarios [123, 124]. ChitChatGuide [13] employs LLMs to interpret predetermined
maps and deliver exploration-related information during navigation to a specified
destination. However, unlike our system, it relies on prebuilt maps and lacks the
capability to provide real-time information. MLLM-based systems, such as World-
Scribe [125], offer real-time information by analyzing captured images. WorldScribe [125]
also adapts the level of description based on user context, such as the speed at which
the device is moved. Our WanderGuide similarly provides three levels of descrip-
tions but the selection is adjusted based on individual user preferences rather than
situational context. On the system level, the core distinction is that WanderGuide
combines MLLM with a navigation robot, allowing users to concentrate fully on the
descriptions of novel environments and navigate to interested places. This combi-
nation makes WanderGuide particularly well-suited for exploration while navigating.
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FIGURE 6.2: Robot and Handle Interface Used in the Study. Panel A-1 shows the robot

used in the formative study, while Panel A-2 presents the robot used in the main study.

Panels B-1 and B-2 illustrate the mapping of the handle interface buttons” functions,
depending on the selected navigation mode.

6.3 System Design

Our goal is to finalize a system that assists blind people in exploring an indoor envi-
ronment independently. In this section, we describe the key design elements of the
system.

6.3.1 Device

Consistent with the previous section, we chose to use a navigation robot because of
their autonomous navigation and obstacle avoidance capabilities. This allows users
to concentrate on learning the environment [16, 102, 35]. Our assumption is that the
devices should ensure the users’ safety during navigation and allow users to focus
on exploration. As a result, the findings in our study can be extended to any similar
devices other than wheeled robots.

6.3.2 Navigation

WanderGuide adopts a waypoint detection algorithm, which enables the robot to
predict navigable points. We designed this algorithm so that the robot could operate
in public spaces for exploration, which often include open spaces. It is important to
note that PathFinder’s intersection detection coupled with collaborative interaction
is a design adopted for the navigation task. To assist the exploration task, the system
autonomously navigates by predicting navigable places, as blind users do not know
where they want to go at the initial stage of exploration. Once the place they want
to go is determined as they explore the building with the scene description function,
we expect the user to specify that point, and the robot is designed to take them there.

6.3.3 Describing Scenes

Previous navigation systems relied on hardcoded information [9, 13] or simple im-
age captioning models [110] to provide scene descriptions. They only convey infor-
mation related to navigating to destinations. In exploratory tasks, any information
and details could be relevant. Therefore, we decided to use MLLM, a foundational
model capable of recognizing a variety of objects and describing them in natural
language. We injected MLLM into the system to periodically provide comprehen-
sive information about the surroundings to inform blind users during exploration.
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In this paper, we investigate the appropriate presentation format, such as content
types and lengths, and the quality of the responses from MLLMs through our user
studies.

6.3.4 Interaction

The ability for users to select destinations and routes according to their interests, of-
ten referred to as autonomy, is particularly important for exploration [13, 60]. In our
system, to what extent users prefer to take control over the robot (i.e., interaction)
remains unknown. Based on the scene descriptions given by the system [13], some
blind users may fully embrace letting the robot guide them automatically, while
others may prefer to decide which way to go on their own. Additionally, this pref-
erence may also be influenced by the robot’s descriptions of the scenes. Given that
the extent of user preference for autonomy remains unclear, we first conducted the
formative study (Section 6.4) to explore the requirement of autonomy based on in-
teraction needs. Then, we conducted a full study (Section 6.6) to evaluate the users’
opinions on autonomy in our improved system, which integrated the feedback from
the formative study:.

6.4 Formative Study

We first conducted a formative study to investigate the requirements of the system,
such as how the system should explain its surroundings, what further function is re-
quired, and what potential interactions may happen between the robot and the user.
To conduct the study, we recruited ten participants through our existing email list.
Interestingly, our recruitment emails were shared among blind people, eventually
reaching people not on our emailing list. In the recruitment email, we specified that
those who are unfamiliar with the experimental location, i.e., even if they have had
previous visiting experience, they do not have a clear understanding of the building
or know what is there, would be eligible to participate. Table 6.2 shows the demo-
graphics of the participants. All studies in this paper have been approved by our
institution’s review board. Informed consent was read out to all participants in this
paper and obtained from them. The study took approximately two hours, and the
participants were compensated $20 per hour and reimbursed for their transit costs.
Only one participant was present for each session.

6.4.1 Prototype System
Apparatus

Consistent with the previous section, we adopted an Al suitcase, which is a wheeled
robot [17] as a device. In this study, we used the model called the ACE model, which
is visualized in Figure 6.2 A-1. The robot has a handle embedded with five buttons, a
touch sensor beneath the handle, a 360° Velodyne VLP-16 LiDAR sensor [212] sensor,
three RGBD cameras with resolutions of 640x360, one RealSense D455 camera [213]
mounted at the front, two RealSense D435 cameras [214] on the left and right, and
a pair of motorized wheels in differential drive configuration. Inside the suitcase, it
has Ruby R8 powered by an AMD Ryzen R7-4800U CPU [215], and a Jetson Mate
featuring multiple Jetson Xavier NX GPUs [216]. The RGBD cameras were attached
0.51 meters above the ground. The touch sensor detects whether or not the user is
holding the handle and moves only when it is being held by the user. The cameras
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a variety of restaurants offering different cuisines, including French, Japanese, Chinese,
and cafes.

combined have a horizontal field of view of approximately 180°. The weight of the
robot is approximately 15kg. We set the default speed of the robot to 0.5 meters
per second to maintain a balance between a comfortable walking speed and a speed
that allows sufficient time to absorb the scene description audio. A smartphone is
attached to the suitcase to provide audio feedback through a neck speaker worn by
users, connected via Bluetooth. While the appearance differs from the GT2 model
described in Section 5.4.1, the overall functions remain consistent. One notable dif-
ference is that there are three RealSense cameras on top of the suitcase, which capture
the left, right, and front of the suitcase, whereas the previous model captured only
the front. This design enables the robot to visually perceive the environment more
extensively.

Scene Description

To convey the surrounding information to the participants, we used GPT-4o0 [122],
a popular MLLM model. We input the images from the three RGBD cameras into
the MLLM model and asked the model to generate descriptions of the surrounding
environment. The robot was designed to describe surrounding information 5-10
seconds after the end of the previous description every time. We engineered the
prompts to ask the MLLM model to first provide a general overview of the scene,
followed by specific details on the left, front, and right. We asked the descriptions
to include as many objects as possible and incorporate layout information, such as
navigable directions and the presence of walls [35]. The processing time and cost to
generate a description was 6.087 seconds and $0.00740 on average.

6.4.2 Experimental Location

To ensure the diversity of the findings we would obtain from this study, we con-
ducted the study in two different locations. We chose to conduct our studies in a
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TABLE 6.2: Participant Demographics in the Formative Study. The table reports their

gender, age, navigation aid, which they frequently use, frequency of exploration done

either independently or with sighted people per year, their experimental location, num-
ber of previous visits to the experimental location, and analyzed preference.

. Age Frequency of Experiment Number of .

Gender  Age Aid of Oiset Explor;?tion g:ar Year L}Z)cation Previous Visits Preference Analysis
P01 F 64 Cane 44 48 Science Museum 1 Exploration-Inclined
P02 M 53 Cane 13 36 Science Museum 0 Destination-Oriented
P03 M 74 Cane 0 1 Science Museum 0 Destination-Oriented
P04 F 54 Cane 0 12 Science Museum 0 Exploration-Inclined
P05 M 56 Cane 52 2 Science Museum 0 Intermediate
P06 M 32 Cane 0 12 Shopping Mall 0 Intermediate
P07 F 55 Cane 52 0 Shopping Mall 1 Exploration-Inclined
P08 M 63 Cane 22 12 Shopping Mall 0 Intermediate
P09 F 78  Guide dog 22 12 Shopping Mall 0 Destination-Oriented
P10 F 49 Cane 3 1 Shopping Mall 0 Exploration-Inclined

science museum and a shopping mall, as these are locations where people typically
engage in exploration, and they have been utilized in previous research [210, 209,
13]. A museum is generally a place for learning about exhibits, while a shopping
mall often requires exploration both before and during visits to stores. Specifically,
we used the fifth floor of Miraikan® for the science museum and the fourth floor of
Toranomon Hills Station Tower? for the shopping mall. The floor map of the science
museum is illustrated in the left panel of Figure 6.3, which contains two floors, both
primarily featuring science exhibits. For the studies, the order of the two floors was
counterbalanced. The study in the museum was conducted after business hours,
during which customers were absent, but staff were present for their duties. The
floor map of the shopping mall is illustrated in the right panel of Figure 6.3, a floor
that contains several restaurants from various countries. The study in the shopping
mall was conducted during regular business hours. As shown in Table 6.2, the study
with PO1-P05 took place in the science museum, and the study with PO6-P10 took
place in the shopping mall.

6.4.3 Procedure

For each participant, we first conducted a pre-study interview to learn about their
experience in exploring buildings, followed by an explanation that the study aimed
to gather their opinions on a guide system designed to assist with exploration. Then,
participants were given a task to navigate the predetermined route (red arrow of Fig-
ure 6.3) guided by the robot. To focus on the research question and ensure that the
participants experienced the same level of autonomy, we adopted teleoperation us-
ing a Wizard-of-Oz-based approach [208], in which an experimenter controlled the
robot to operate in full-automatic mode by navigating along the route and stopping
when there were nearby pedestrians. During exploration, the robot periodically gen-
erated descriptions of the scenes. We show an example of the generated description
in Figure 6.4. After the exploration, we asked the participants if there were any ad-
ditional things they wanted to do to partially simulate the potential interaction, such
as going to additional places or going around the floor again for more exploration.
Finally, we conducted a post-interview session to gather their feedback on the sys-
tem.

Ihttps://www.miraikan. jst.go.jp/en/
2https://www.toranomonhills. com/
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6.4.4 Result
Interests to Exploration

All participants stated that totally independent exploration is challenging, but they
expressed a desire for exploration if a guide system can help them do so. For exam-
ple: C6.1:“I don’t really explore much. I go out with a specific purpose in mind [...] The
reason is that it’s just too bothersome. But I do think it would be fun if I did [...] I'm more of
an old-timer, so exploration never really caught my interest. It's not that I didn’t care at all,
but perhaps I've been living this way (not to explore). (P02)

Positive Feedback and Appreciated Information

Seven participants (P01, P04-P08, and P10) expressed their enjoyment while navi-
gating with the robot, particularly with the provided surrounding descriptions, as
described in the following comment: C6.2:“My first impression was that it was a lot of
fun. The reason is, as you just mentioned, unlike the person I usually walk with, the system
provided detailed explanations about things like the color of the walls and the signs we saw
and even described how the chef was preparing the food. Normally, you might get some of this
information from others, but it's rare to get such thorough details. I found myself thinking,
“Oh, I see, that’s how it looks to sighted people,” and I felt there was a lot of new information.
In that sense, I really enjoyed it.” (P07)

Participants appreciated a variety of real-time details about their surroundings,
notable examples include patterns on the walls, lighting conditions, subjective de-
scriptors such as “beautiful,” the presence and actions of nearby people, the exis-
tence of signboards, the layout of the environment, and the visibility of a chef in
an open kitchen. Additionally, P10, who requested to walk around the floor again,
noted that receiving different descriptions of the same location was beneficial, as
it gave them a sense of presence: C6.3:“The system mentioned those things, as well as
details about the plants and wall decorations. It's like, you talked about so many different
things that it feels like I was actually looking around myself. Honestly, most of the time, I
get so occupied with just reaching my destination that I don’t notice things around me. [...]
The system also mentioned things in the second round of explanations that weren’t covered
in the first round, which was nice. It conveyed a sense of the ongoing atmosphere and gave a
good understanding of the situation at the time.” (P10)

Information Needs

Participants hoped for further polishing of the delivered information about the scenes.
Six participants (P01-P03, P06, and P09-P10) felt the information conveyed about
the surroundings was too abstract, indicating the need for more specific informa-
tion: C6.4:"The system talked about there are just exhibits, or there’s information on panels,
but I think it would be nice if the system talked about specific titles. There are places where
the system talked about them, but there are also places where it did not, so I found myself
wondering about that.” (P01) In particular, three participants (P02, P03, and P09) com-
mented that the descriptions neither helped them learn the environment nor make
decisions such as determining which shops or exhibits to enjoy: C6.5:“I expected it to
at least tell me the name of the store, but it was disappointing to find out that it didn’t do that
at all. I really wish there was a system that could provide pinpointed information about what
I want to know. Especially in an unfamiliar restaurant area, for example, if I come alone and
use the device to enter the premises, it starts running, and then when I think, “Oh, should
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A. Example at Science Museum

“This is a futuristic exhibition hall that has vibrant displays. To your left, there is a uniquely shaped wooden table and archway.
Ahead, you can see a curved blue sofa and a white sign that reads "Entrance." On your right, large colorful panels line the
wall, displaying information about the future and health.”

B. Example at Shopping Mall
e :

“This is a bright, modern corner of a commercial facility. On the left side, there are tall-backed chairs made of black metal
lined up, and beyond them, round tables are arranged. Ahead, a man in a suit is standing, and in the background, there's

an electronic menu board, suggesting the presence of a restaurant. To the right, there's an eatery enclosed by warm-colored
walls in shades of red and orange, with many metallic chairs and tables, and menu boards are set up.”

FIGURE 6.4: MLLM-Based Description Examples. Panel A shows an example of a
description generated at the science museum, and Panel B shows the one generated at
a shopping mall.

I have Japanese food today, or maybe tonkatsu?”, without such information, I end up just
walking around aimlessly.” (P09)

Participants also described specifics about what types of information would be
beneficial to include, such as the position of objects given in meters and clock direc-
tions, the availability of seats, people on collision paths, identities of surrounding in-
dividuals (e.g.staff), and specific names of objects. In science museums, participants
also wanted to know whether exhibits are touchable. In shopping malls, participants
also wanted to learn the store menus and whether there is a spacious area for a guide
dog to rest while the user is eating. However, three other participants (P02, P03, and
P09) found certain information, such as details about lighting, surrounding people,
and wall design, unnecessary.

6.4.5 Design Considerations

The results of the study affirmed that there are certain appreciations and room for
improvement for the exploration robot for blind people. Based on the above results,
we derived several requirements for the system, as listed below.

Vary Detail of Descriptions Based on Preferences and Contexts

We observed three types of preferences: one that enjoyed all the descriptions pro-
vided by the system (Exploration-Inclined), another that enjoyed the descriptions but
preferred to limit certain information (Intermediate), and a third group that only
wanted information useful for determining where to go (Destination-Oriented). In
Table 6.2, we show the description preference of each participant. To classify the
preferences, we first classified three participants who did not enjoy the description



94 Chapter 6. WanderGuide

of the system as Destination-Oriented. Then, based on the discussion between the au-
thors, we classified the rest as Intermediate or Exploration-Inclined. Furthermore, the
type of information needed varied slightly depending on the experimental location.
For instance, participants sought seating information for guide dogs in shopping
areas, whereas in the science museum, they were more interested in whether the ex-
hibits were touchable. Given these three types of preferences and context-dependent
information needs, we modified the system so that it could adjust the amount and
types of information conveyed to each participant.

Add Question and Answer Functionality

There was a clear need for question-and-answer (Q&A) interaction, as seven par-
ticipants (P02-P05 and P08-P10) noted that they would like the option to ask more
detailed questions through conversation. Participants expressed interest in this func-
tionality when they were curious about the system’s descriptions. This would allow
them to ask more detailed questions about the objects of interest.

Add “Take-Me-There” Functionality

Four participants (P02, P04, P06, and P10) mentioned that they would like to revisit
locations they found interesting after walking around the floor. Example situations
include deciding to visit a shop, engaging with touchable exhibits, or returning to
chairs discovered during the exploration. In unfamiliar locations, where users may
lose their sense of direction, participants also expressed the need for a feature that
guides them back to their initial location [24].

Vary Speed and Be Able to Stop the Robot

While the majority found the default speed appropriate for listening and under-
standing the described information, there were requests for customizable speed set-
tings. Eight participants stated that the robot’s speed was appropriate for exploring.
Two participants (P04 and P06) expressed a preference for a faster speed. P01 ad-
ditionally wanted to stop when the robot read out the descriptions of interest. In
conclusion, users who are Destination-Oriented or have already determined the des-
tination through exploration may want to increase the speed, while users who prefer
to take time exploring might wish to slow down or stop the robot entirely.

Add Direction Specifying Functionality

Participants expressed a desire for more active engagement by specifying the move-
ment direction themselves. Four participants (P02-P05) mentioned that they wanted
more active control over the movement direction based on their interests. Addition-
ally, we extrapolated that instead of simply following the robot, some users may
prefer to interactively choose the direction based on the audio description of the
surroundings. This could lead to greater autonomy because it would enrich the
exploratory experience by aligning the robot’s movement with the users’ real-time
curiosity and needs, creating a more personalized and engaging exploration experi-
ence.
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6.5 WanderGuide Implementation

In this section, we provide the implementation of WanderGuide informed by the
formative study. Below is a summary of updates made from the implementation of
the formative study:.

¢ Attachment of a new fisheye camera for a better view (Section 6.5.1)

¢ Implementation of a waypoint detection algorithm for realizing autonomous
map-less navigation (Section 6.5.2)

* Implementation of three levels of description based on user preferences (Sec-
tion 6.5.3)

¢ Implementation of “Take-Me-There” Functionality (Section 6.5.4)

* Implementation of two navigation modes automatic navigation mode and man-
ual control mode (Section 6.5.5)

¢ Implementation of an interface to adjust speed, level of description, and navi-
gation mode (Section 6.5.5)

¢ Implementation of Q&A Functionality (Section 6.5.5)

6.5.1 Hardware Update

One of the notable user feedbacks was the need for more detailed information, such
as the names of POIs. However, the cameras in the prototype system were mounted
at only 0.51 meters above the ground, had low resolution, and had a limited vertical
field of view, making it difficult for the MLLM model to consistently capture de-
tails. Thus, as illustrated in Figure 6.2—-A-2, we attached a fisheye camera with 1080p
resolution and a wide field of view to the higher part of the robot.

1. Obtain Cost Map 2. Skeletonize Cost Map 3. Filter Out Candidates

\ “ '

FIGURE 6.5: Waypoint Detection Algorithm. Step 1 shows the generated cost map,

while Step 2 depicts the skeletonization process of the cost map along with the detection

of intersection points. Finally, Step 3 highlights the selected intersection points, which
are identified as waypoint candidates.

6.5.2 Waypoint Detection and Navigation

In order to produce destinations to navigate to for the users, a waypoint detection
algorithm (Figure 6.5) is necessary to determine navigable points for the robots. As
no prebuilt maps were available, we first constructed a cost map, a two-dimensional
occupancy grid that assigns costs based on obstacles, and updated it in real-time. We
utilized the existing open-source Cartographer package [217], which is a real-time Si-
multaneous Localization and Mapping (SLAM) algorithm, to generate the cost map.
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Next, the cost map was skeletonized, and intersection points on the skeleton were
identified based on a kernel-based corner detection algorithm [218]. The intersection
points, which are typically far from obstacles, were next used to select potential way-
points. To maintain sparsity among waypoints, we applied the DBSCAN clustering
algorithm [219] over the intersection points, and selected the centers of the clusters
as potential waypoints. In addition, coordinates three meters in front, behind, and
to the sides of the robot were also considered potential destinations to address the
case where no intersection points were detected through the algorithm. As selecting
a waypoint too far may be challenging for the robot to find a suitable path and a
waypoint too close would lead to frequent destination changes, we filtered out can-
didates further than 50 meters and closer than one meter to the robot. After filtering,
the final list of candidate waypoints was set.

During navigation, the robot automatically selected its goal from the candidate
waypoints. By default, priority was given to waypoints lying in the same forward
direction as the robot’s initial orientation, where it was placed and activated. If
no forward waypoints are available, the robot selects the waypoint with the small-
est absolute angle relative to its current orientation. Once a waypoint was chosen
from the candidate list, the robot navigated to it by using the onboard open-source
navigation algorithm [11]. Once the waypoint was reached, the next waypoint was
chosen automatically using the same process. It is important to note that prioritizing
the robot’s initial orientation was based on the assumption that users can adjust the
general direction to proceed, such as starting from the entrance into the building.

6.5.3 Scene Description Generation

The basic algorithm for scene description generation remains unchanged, but the
description was conveyed only when the robot was moving. Also, the MLLM took
the overall view image from the fisheye view camera in addition to the three RGB
images from the RGBD cameras. According to the results of the formative study, we
added three levels of detail in the scene description.

* Detailed Description This mode provided rich, immersive descriptions for blind
users who wanted to explore their surroundings in detail. The MLLM gener-
ated 3-4 sentences (120-240 characters), covering lighting, signs, layout, nearby
people, and subjective descriptors like “beautiful” or “modern”. The descrip-
tion began with an overview, followed by details of the left, front, and right.

* Balanced-Length Description This mode offered clear descriptions for users who
preferred concise but informative content. The MLLM generated 2-3 sentences
(60-120 characters), focusing on relevant details like signs and layout, while
omitting lighting conditions or subjective descriptors. Descriptions covered
the left, front, and right, without the overview.

* Concise Description This mode provided brief, essential information for users
who wanted quick guidance. The MLLM generated 1-2 sentences (less than 60
characters), focusing only on key details needed to navigate, excluding unnec-
essary information. Descriptions covered the left, front, and right, without the
overview.

For MLLM, these three levels were controlled via prompts. All prompts shared the
following instructions in common: to convey environmental information that assists
blind people to explore, to refer to specific details such as genres or the names of ob-
jects, to encourage reading any text that helps users explore, to describe spaces for



6.5. WanderGuide Implementation 97

guide dogs to sit in restaurants, to provide information about potential hazards, and
to use numbers to indicate the relative positions of surrounding objects. To ensure
that the MLLM adhered to the instructions provided in the prompt, we employed a
two-stage inference process. First, we instructed MLLM to perform an initial infer-
ence, generating a description. Then, it self-supervised this generated description to
verify if it met the given instructions. Finally, MLLM produced a revised version of
the description to be presented to the user. Although this approach resulted in longer
inference times, the outputs produced follow complex prompt instructions. The de-
scription is read aloud every 5-10 seconds after the previous description has been
read out. The processing time and cost to generate a description was 5.78 seconds
and $0.00811 for a Detailed Description, 4.75 seconds and $0.00753 for a Balanced-
Length Description, and 4.02 seconds and $0.00734 for a Concise Description on
average.

6.5.4 “Take-Me-There” Functionality

Acting on the feedback received from the formative study, we implemented a func-
tion that guided users to a destination verbally specified. This feature was typically
enabled by the robot’s semantic map [220, 221, 55]. In our case, we linked the images
and generated descriptions, which had been saved as the robot had navigated, to
the cost map of the robot. Given a verbal cue from the user (e.g.”I want to go to the
blue sofa.”), the system first used our selected MLLM model to extract the name of
the target location (e.g., blue sofa). Then, we calculated the embeddings of the tar-
get location, all saved captured images, and all saved generated descriptions. We
took a dot-product similarity between the extracted target location and the embed-
dings of images and descriptions to find the closest match. We used pre-trained
feature extraction models: a fine-tuned SImCSE [222] model for generating sentence
embeddings from text and a pre-trained CLIP [223] model for creating image em-
beddings. We used models that were trained in the native language where the study
was conducted. The coordinate linked to the closest matched image or description
would be set as the destination. If the user wanted to go back to the initial loca-
tion, we used MLLM to detect the user’s intent and set the destination to the initial
point. We note that a similar functionality, the “Take-Me-Back” functionality, which
allows users to return to their initial location, has been implemented in the previ-
ous map-less navigation system PathFinder [24]. The “Take-Me-Back” functionality
is specifically designed for navigation purposes, as it was motivated by the chal-
lenge blind individuals face in returning to their original location after navigating.
In contrast, our functionality is tailored for exploration tasks, enabling users to re-
turn to any point of interest they identified during their exploration. Ultimately,
our functionality encompasses the capabilities of the “Take-Me-Back” feature while
extending its application to support exploratory activities.

6.5.5 Navigation Mode and User Interface
On the high level, we implemented button controls and conversation interaction
methods for users to interact with the robot.

Button Controls

We utilized the four directional buttons and the central button on the handle of the
suitcase-shaped robot to enable users to control the robot’s speed, adjust the level of
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TABLE 6.3: Participant Demographics in the Main Study. The table reports their gen-

der, age, navigation aid, which they frequently use, frequency of exploration done either

independently or with sighted people per year, their experimental location, and number
of previous visits to the experimental location.

. Age Frequency of Experiment Number of
Gender Age  Aid of Ognset Explor;?tion ger Year le))cation Previous Visits
P11 M 59 Cane 29 0 Science Museum 1
P12 F 59 Cane 43 36 Science Museum 1
P13 M 56 Cane 45 1 Science Museum 0
P14 F 60 Cane 45 48 Science Museum 1
P15 M 59 Cane 24 4 Science Museum 0

descriptions, switch between automatic and manual control modes, and specify the
direction of movement. The mapping of the buttons is illustrated in Figure 6.2-B-1
and B-2. The central button was used for mode changes. The functions of the di-
rectional buttons would change depending on the robot’s modes: auto mode, manual
control mode, and conversation mode. In auto mode, the robot navigated by deter-
mining the waypoint automatically. The left and right buttons allowed the user to
switch between three levels of description, where the default mode is the balanced-
length description mode. The forward and backward buttons were used to adjust
the robot’s speed. Users can adjust the speed from zero to one meter per second, with
increments of 0.05 meters per second. In manual mode, users could specify direc-
tions on their own. The robot would instruct the user to press the directional buttons
to select the direction to proceed. If there was a suitable waypoint in the specified
direction, the robot would inform the users via voice feedback. Otherwise, the robot
conveyed that there were no navigable points in the specified direction. In conversa-
tion mode, triggered by long-pressing the central button, the robot would pause, and
all four directional buttons were disabled until the conversation was ended. Users
could manually end the conversation by long-pressing the central button again. The
details of the conversation mode are described below.

Conversation

The conversation mode allowed users to give commands or ask questions with ver-
bal input via the smartphone attached to the robot (Figure 6.2). When the user in-
putted their verbal cue, the system used MLLM to classify the user’s intent into one
of three categories: usage of “Take-Me-There” functionality, usage of Q&A function-
ality, and direction specification. If the detected intent was direction specification
(e.g., "I want to go to right”) the robot would navigate to the waypoint in the specified
direction accordingly. Finally, users could finish the conversation with an ending
phrase such as “Thank you.”

6.6 Main User Study

This study was conducted to investigate the overall exploration experience of blind
users, further design space, and whether users can independently decide where they
want to know more about and where they want to go through exploration with the
system. Participants were recruited and compensated similarly to those in the for-
mative study. Similar to the formative study, in the recruitment email, we specified
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that participants unfamiliar with the experimental location would be eligible to par-
ticipate. We conducted this study on the same two floors of the science museum.
Table 6.3 shows the demographics of the participants. None of the participants from
the formative study participated in this study. Similar to the formative study, this
study was conducted after business hours.

6.6.1 Task and Procedure

For each participant, we first conducted a pre-study interview similar to the forma-
tive study. Then, the participant joined a 30-minute training session to get familiar
with the robot system before the main tasks. For the main tasks, they were asked to
freely explore the floor for 20 minutes using the system from a fixed starting location,
as illustrated in Figure 6.3. The ordering of the floors was counterbalanced to miti-
gate the order effect. After the main tasks, we conducted a post-study interview to
ask several seven-point Likert scale questions (1: Strongly Disagree, 4: Neutral, and
7: Strongly Agree) that measure their self-evaluated exploration performance, Raw
Task Load Index (TLX) [224] to measure the task workload, and system usability
scale (SUS) [174] to evaluate the usability of the system. Finally, we asked open-
ended questions to gather comments on the system. Below, we report the results of
the study.

TABLE 6.4: Activity Breakdown. The table shows the statistics of duration time and the

count of interactions for each mode (Auto, Conversation, and Manual Control). The ra-

tio of the duration time is calculated based on the total duration time of the experiment
per participant.

Auto Conversation Manual Control
Ratio(%) Count Ratio(%) Count Ratio(%) Count
P11 59.77 25 37.52 21 2.70 4
P12 91.66 13 8.16 9 0.18 1
P13 67.88 12 30.56 9 1.56 1
P14 64.86 17 33.94 15 1.20 1
P15 58.53 28 20.03 19 21.44 10

6.6.2 Analysis of Participants Activity During The Task

We report the statistics of each participant’s activity during the task by referring
to the system’s log and the video captured during the tasks. Table 6.4 shows the
analysis of their time spent on the three modes as specified in Section 6.5.5. We
noticed that the activation quantity and duration of each mode varied significantly
among participants. P11, P13, P14, and P15 frequently used the conversation mode.
Notably, P11 spent nearly 40% of the total time engaging in conversation with the
robot. In contrast, P12 barely used the conversation mode and relied on the auto
mode for 90% of the total time. P15 was the only participant who actively used the
manual control mode.

6.6.3 Analysis of Requests from Participants During Within The Conver-
sation Mode

In Table 6.5, we further report the statistics of requests from participants within the
conversation mode. Note that the total count of conversations in Table 6.5 is bigger
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TABLE 6.5: Requests Breakdown During Conversation Mode. We defined three types
of queries: General Query, Specific Query, and Command Query, and classified each
participant’s request into one of these categories. Among Command Queries, requests
were further classified into going to a specific location (i.e., the command that triggered
the “Take-Me-There” functionality), returning to the initial location, going toward a
specific sound source, and other requests (e.g., requests that the robot cannot execute,
such as going along the wall). The ratios represent the percentage of each category over
the total number of requests.

Command Query

General Query - Specific Query Specific Location Initial Location Sound Source Others Total
P11 11% 46% 14% 0% 11% 17% 35
P12 30% 10% 50% 10% 0% 0% 10
P13 62% 38% 0% 0% 0% 0% 13
P14 14% 46% 25% 0% 0% 14% 28
P15 8% 25% 46% 4% 0% 17% 24

than the conversation mode counts in Table 6.4, as multiple turns of conversation
could happen in one conversation mode interaction. We classify each verbal request
into three categories.

General Query Request general information in the surrounding area or in a partic-
ular direction.

Specific Query Request detailed information about a specific object in the environ-
ment.

Command Query Issue command to guide to destination, triggering “Take-Me-There”
functionality, direction specification via conversation, or other commands users
ask the robot to do.

Among Command Queries, there were four classifications:

Specific Location Query A command to go to a specific location, triggering the “Take-
Me-There” functionality.

Initial Location Query A command to return to the initial location, also triggering
the “Take-Me-There” functionality.

Sound Source Query A command to go toward a specific sound source, which can-
not be executed by the robot.

Others Other commands that cannot be executed by the robot, such as a request to
go along the wall.

Overall, we discovered that although our system constantly provided environ-
mental descriptions in auto mode, users still preferred to ask for general informa-
tion about their surroundings or in a specific direction in conversation mode. For
example, P13 predominantly made General Queries (62%). Users also had diverse
preferences when using our system. Some users such as P11 (46%), P13 (38%) and
P14 (46%) were interested in learning the specifics of POls, reflecting the takeaways
obtained in Section 6.3. Some users such as P11 (43%), P12 (60%), P14 (39%), and P15
(67%) favored using conversation mode to instruct the robot to guide them to their
destinations. In particular, by referencing Table 6.4, we can see that P11, P12, and
P14 preferred conversation mode over manual control mode to issue commands.
This validates the extrapolated idea in Section 6.4.5.
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Among the Command Queries, we observed that four participants used the
“Take-Me-There” functionality. This indicates that the MLLM-based description
triggered their interest in specific locations and motivated them to go to those lo-
cations, demonstrating the potential of this system to enable exploration activity for
blind people. Interestingly, although we explicitly informed participants during the
tutorial that the executable interactions were limited to the “Take-Me-There” func-
tionality and the Q&A functionality, they asked the robot to perform actions that
were not executable, such as going toward a sound source they found curious or
keeping along the wall. This behavior highlights further potential improvements
that need to be made to the system.

TABLE 6.6: Error Analysis of MLLM. We classified the errors into five categories and
counted the number of them. Note that a single response could contain multiple errors,
so the sum of errors does not match the total output of MLLM.

Wrong Wrong Nonexistent Misunderstanding Inaccurate

Character Object Objects and User User Elli?)r Ozitalll ¢
Recognition Recognition Texts Input Input P
Scene Description 31 6 11 - - 117 164
Q&A Response 9 6 15 5 1 21 53

6.6.4 Error Analysis of Scene Description and Q&A Responses

In Table 6.6, we report the accuracy of MLLM responses both during auto and con-
versation modes. We manually analyzed the text output generated by MLLM and
compared it with the logs of the images saved. We classified and counted the errors
made by MLLM into six categories.

Wrong Character Recognition Misrecognition of text, such as misreading signs.
Wrong Object Recognition Misidentification of objects in the scene.

Nonexistent Objects and Texts Mistakenly recognizing objects or text that are not
present. Note that this differs from the previous two categories, where some
similar objects or text were actually present.

Misunderstanding User Input Misinterpreting a user’s question in conversation mode,
such as providing an environmental description when asked to read text from
a panel.

Inaccurate User Input Errors made when the user asked about objects or text that
were not present.

No Error Accurate responses with no errors.

When multiple errors occur in a single sentence, errors of the same type are grouped
together and counted as one. Errors of different types are counted separately. For
instance, if there are multiple text recognition errors in a single sentence, they are
counted as one text recognition error. If a sentence contains both text recognition
errors and object recognition errors, each is counted separately as one text recogni-
tion error and one object recognition error. Thus, note that the total number of errors
may not match the total number of outputs.

The results showed that 28.6% of the outputs contained some form of error dur-
ing scene descriptions whereas 60.3% of conversation mode outputs had errors. This
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difference is likely because users in conversation mode often asked for more detailed
explanations, which led MLLM to attempt more complex responses and, as a result,
made more mistakes. This was particularly evident in the Nonexistent Objects and
Texts category, which accounted for only 0.07% of errors during scene descriptions
but significantly higher at 28.3% in conversation mode. This means that MLLM of-
ten generated descriptions of objects or text that did not exist in the environment
when asked for more detailed information. Character recognition errors were com-
mon in both modes, likely due to MLLM’s limitation in reading distant text. In a
general sense, instead of complete failures, MLLM often partially misread the text
or misidentified objects with similar-looking ones (e.g., mistaking a tall table for a re-
ception desk). Nevertheless, over 70% of responses in the auto mode were accurate,
demonstrating the overall usefulness of the system.

TABLE 6.7: Description Level Analysis. The statistics of the usage of each description
level. Usage statistics for each description level are calculated by normalizing the dura-
tion of each level with respect to the total duration of the experiment.

Concise Balanced-Length Detailed

P11 0.10% 76.46% 23.43%
P12 15.22% 29.88% 54.91%
P13 0.19% 49.14% 50.66%
P14  0.15% 87.94% 11.91%
P15  0.14% 99.86% 0.00%

6.6.5 Analysis of Usage of Each Description Level

In Table 6.7, we report the statistics of how much time participants spend their time
using each description level. The result shows that there were three types of usage
during the study. P15 only used Balanced-Length mode, P11 and P14 used Balanced-
Length mode most of the time while sometimes using Detailed mode, and P12 and
P13 used Detailed mode most of the time. This shows an interesting trend, as this
function was initially designed to adapt to each user’s preference and therefore,
should not have been changed during the task. However, in practice, participants
dynamically adjusted it during the task to adapt to the context. As described later in
C6.11, this suggests that the design addresses not only preference but also contextual
factors.

Q1. I think the generated descriptions are natural. |—|:|:'_|
Q2. | think the generated descriptions are precise. |—|:|:'_|
Q3. | think the generated descriptions are appropriate as descriptions |—| | |—|
provided by a navigation robot to blind people onsite.

Q4. | think the generated descriptions are appropriate as descriptions |_| | l—|
provided by myself to blind people onsite.

1 4 7
Strongly Disagree Neutral Strongly Agree

FIGURE 6.6: Qualitative Evaluation with Human Experts. The table shows a box plot

of the evaluation with human experts in seven-point Likert points. The results indicate

that they generally felt the descirption natural and precise but was not yet suitable for
onsite explanation.



6.6. Main User Study 103

6.6.6 Scene Description Quality Evaluation

Finally, to analyze the quality of the MLLM-generated scene descriptions from the
human expert perspective, we conducted a survey with human museum guides and
asked them to evaluate using a seven-point Likert scale. The participants were pre-
sented with images captured by the robot, each accompanied by its corresponding
generated description, and were asked to evaluate the descriptions in a survey, as
shown in Figure 6.6. The survey was conducted in a counterbalanced manner to
mitigate potential biases. During the main study, 164 descriptions were generated,
and we randomly sampled half (82) of the total descriptions for evaluation. The
randomly sampled descriptions contain mixed levels of detail. Each description is
evaluated by three to four participants. In total, 56 museum guides participated in
the evaluation, with each randomly assessing five descriptions. There were 32 males
and 20 females, and four participants did not report their gender. Their average age
was 39.6 years, with an average of 5.9 years of experience as a museum guide. On
seven-point Likert scale items, the median self-reported familiarity with museums
was 5.0, and the familiarity with LLMs was 4.0 (1: very unfamiliar, 4: neutral, and 7:
very familiar). Our analysis revealed that the experts generally perceived the gener-
ated descriptions as somewhat natural (Q1) and precise in describing an image (Q2)
as shown by their median of five. Meanwhile, they found the generated descriptions
less suitable as image descriptions for blind people (Q3) and as onsite descriptions
provided by experts for blind people (Q4).

TABLE 6.8: Qualitative Analysis. Rating to seven-point Likert score questions (1:
strongly disagree; 4: neutral; 7: strongly agree).

P11 P12 P13 P14 P15 | Median
Q1. I was able to explore the facility. 4 6 4 6 6 6
Q2. I was able to enjoy the exploration.

Q3. I was able to gain an interest in the things around me.
Q4. The interface of the system was easy to understand.

Q5. I want to explore where I am familiar with this system.
Q6. I want to explore where I am unfamiliar with this system.
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TABLE 6.9: Workload Assessment with RAW TLX. Lower total scores indicate a lower

workload. Each item is scored on a scale from 1 to 10, where 1 represents a lower

level, and 10 represents a higher level of Mental Demand, Physical Demand, Temporal

Demand, Effort, and Frustration. For Performance, 1 indicates good performance, and
10 indicates poor performance.

P11 P12 P13 P14 P15 | Median

Mental Demand 2 2 5 3 2 2
Physical Demand 2 2 3 2 6 2
Temporal Demand | 2 3 1 5 2 2
Performance 7 2 5 7 5 5
Effort 3 2 5 6 6 5
Frustration 8 4 1 3 7 4

Total Score 24 15 20 26 28
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6.6.7 Usability and Workload Evaluation

In Table 6.8, we report the results of seven-point Likert items. For Likert items, a
median score of five or higher indicates that participants generally responded pos-
itively. The total SUS for P11 to P15 were 72.5, 80, 90, 82.5, and 77.5, respectively,
showing acceptable usability of all being above 70 [225]. The total Raw TLX scores
for P11 to P15 were 24, 15, 20, 26, and 28, respectively. We show the distribution
of Raw TLX scores in Table 6.9. Raw TLX [224], a simplified version of NASA
TLX [226], is known to have a high correlation with NASA TLX, and the total NASA-
TLX scores for people with special needs typically ranged from 26 to 48 in previous
research [227]. Overall, our total Raw TLX scores may suggest that participants did
not experience a significant load during the task. We also observed that the me-
dian value for mental, physical, and temporal demand was relatively lower, scoring
2. This is likely due to the robot navigating them, allowing participants to explore
without being burdened by these demands. Nonetheless, a relatively higher median
value was observed for Performance, Effort, and Frustration, indicating that some
users experienced a lack of satisfaction with the exploration experience provided by
the system.

6.6.8 Qualitative Analysis
Positive Feedback

All participants expressed their appreciation for the experience of wandering around
a building to explore without specific destinations in mind with the help of our sys-
tem: C6.6:” When the camera explains things it recognizes, like how bright the room is or
what the floor looks like, or what objects are placed where, I found myself nodding in agree-
ment multiple times, like, “Oh, so this is how it looks.” I remember when I first held the
suitcase robot, I deeply empathized with guide dog users. I thought, “Oh, so this is what it's
like to have a guide dog.” However, since I can’t take care of a guide dog, I've given up on that
option. And now, with this navigation system that explains various situations, it’s exactly
what I need. It’s not just about setting a destination and getting there but feeling the freedom
to explore spontaneously. For example, the ability to roam a large shopping mall freely and
explore on a whim feels like true freedom to me. Instead of pre-planning every move or rely-
ing on a guide, I could simply grab my suitcase and decide to venture out spontaneously.”
(P12)

The same participant, P12, who had been to the facility previously, noted that
they still had new discoveries with the system: C6.7:” I've been to this museum before,
but when the guide explained things to me back then, it was more like a general explanation
about the atmosphere and such. But earlier with the system, there was a very detailed expla-
nation that came out of the suitcase. Like, about how bright sunlight comes [...] There were
things I didn’t know that made me learn new stuff, even though I thought I knew about the
facility.” (P12) Also, P12 and P14 noted the feeling of relief not relying on sighted
assistance: C6.8:” I don’t think there has ever been a system that explains your surround-
ings while walking. [...] When walking with other people, I often find myself feeling a sense
of obligation. I worry that they're putting in extra effort to describe things because I can’t
see. And then I feel like I have to respond to them since they're trying so hard—which can be
exhausting. But with this system, I feel I can go strolling by myself.” (P14)

Participants also noted the functionality to go to an aforementioned destination
and Q&A functionality particularly useful: C6.9:“(The “Take-Me-There” functionality
is) I think it's wonderful. After all, spatial awareness is difficult, so going back to landmarks
is very important. If it is accurate, I think it’s great because it can be extremely helpful for
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spatial cognition.” (P11) and C6.10:"When engaging in a conversation, not knowing what
kind of response you'll get, the feeling of unease and excitement that’s both a plus and a
minus, I think. But I found it really great that you can still ask questions. So even if the
response you get doesn’t answer your question, or even if it’s just “I don’t know,” the fact
that you can at least ask is important.” (P14)

Adjusting Detail of Description

When we discussed their preference in the level of detail of descriptions, all partic-
ipants described that it would rather depend on the scenario they are in: C6.11:”It
might depend on the location, but I know I can get detailed information in Q& A functional-
ity. So, for familiar places, the Balanced-Length mode might be fine. However, there are parts
where I'd want the Detailed Description mode for unfamiliar places. For example, switching
between modes could be useful, like having Detailed Description mode first for explanations
about the room’s brightness and how easy it is to walk around. ” (P12)

Comments to Improve the System

Participants suggested various improvements to the system. One particular sugges-
tion was to incorporate functionality for the robot to understand sounds. As the
experiment location was a science museum, various exhibits emitted sounds. P13
noted that they would like to inquire about the sound sources, which were not sup-
ported by the system: C6.12:“We are extremely sensitive to sounds, and it becomes a point
of interest. At a place like the exhibition hall we’re visiting this time, various sounds are com-
ing from all directions. This prompts questions like, "What's happening at that sound over
there?” Therefore, it would be advantageous if we could ask specific questions like, “What's
that sound coming from the right?” ” (P13)

Also, four participants (P11-P13 and P15) found the descriptions from the system
still insufficient to explore, as described in the following comments: C6.13:“The place
we did the task this time was quite out of the ordinary. Even if you were walking around with
my family, I think they would also have difficulty explaining it. Therefore, I felt it might still
be somewhat challenging for machines to handle this kind of thing. However, I did feel it
was good that I got a sense of what was there. But when it comes to the actual detailed
explanations, it was not there [...]” (P15)

Specification of Proceeding Direction

While we introduced all functionality to participants within the training session, we
observed that only P15 used the functionality to specify which way to proceed via a
button or conversation. P15 tended to use the functionality when P15 was interested
in a specific object: C6.14:“It seems that when I was told, “There’s something on the right,”
I tried to approach toward it because I wanted to get closer when I used something like that.”
(P15)

6.7 Discussion

6.7.1 Experience of Using WanderGuide

WanderGuide provided participants with the experience of exploring unfamiliar
indoor environments without a specific destination in their minds, mimicking the
spontaneous wandering experience of sighted people (C6.6). Participants expressed
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a sense of confidence when using the system, noting that it allowed them to navi-
gate independently without relying on traditional tools like white canes (C6.6). Also,
through the experiment, we found that participants were able to find exhibits that
they found interesting, which led them to trigger the “Take-Me-There” functional-
ity (Section 6.6.3), showing collaboration between users and the robot. This shows
that WanderGuide serves as initial evidence of realizing a map-less exploration sys-
tem. As described by C6.13 and the ratings of 4 from P11 and P13 to Q1 and Q2 in
Table 6.8, there still exists the limitation of being unable to describe specific informa-
tion. Thus, there is a need for further research on how to appropriately convey sur-
rounding information to blind people. Still, the system’s ability to deliver real-time
descriptions of objects, walls, and spatial layouts enabled participants to form an
imagination (C6.6) of their surroundings, sparking their desire to use the system in
familiar and unfamiliar environments (Table 6.8 Q5 and Q6). In short, WanderGuide
has the potential to provide users with an experience similar to that of navigating
with sighted assistants to explore the environment, but the users can explore inde-
pendently. We believe this research opens a new frontier to the concept of map-less
exploration guide system for blind people.

6.7.2 Scene Description by MLLM

Our survey in Section 6.6.6 revealed that descriptions by MLLM were rated high for
their naturalness and suitability for general image description but were not for ac-
tual descriptions to be provided to blind people by sighted experts. This may be be-
cause the style and content of the generated descriptions differ from those typically
provided to blind people during live interactions. For example, museum guides
often focus on explaining notable objects or visible exhibits, complementing their
descriptions with additional knowledge about the exhibits. In contrast, the gener-
ated description often lacked concrete explanation about exhibits and shops, such as
their names (C6.4, C6.5, and C6.13). This problem may be more prominent because
the study was conducted in a science museum, where each exhibit contains detailed
information that is not visually apparent but needs to be explained. On the other
hand, from participant feedback, participants noted that MLLM-generated descrip-
tions are comprehensive (C6.2, C6.3, C6.7, and C6.8), and provide them with en-
joyment (C6.2) and imagination of vision perception (C6.3). They noted that MLLM
provided them with information that they usually do not get from sighted assistants,
leading to new discoveries (C6.7). The descriptions provided by MLLM addition-
ally allow blind people to tune in without hesitation and the need to rely on sighted
people (C6.8). These results indicate that evaluation from sighted experts may be
stricter than that from blind people. As the comprehensiveness of the MLLM-based
description was appreciated by the participants, as it enabled blind people to imag-
ine the environment by describing features that they typically cannot obtain from
sighted people (C 6.2 and C6.7), we emphasize that balancing this advantage with
more concrete information is further required to better support exploration.

6.7.3 Personal Preferences

The studies revealed distinct preferences among participants regarding the levels of
detail in the descriptions (Section 6.5.3) and interaction modes (Section 6.5.5). From
the formative study, participants were divided into three preference groups, high-
lighting users” diverse information needs regarding exploration and goal-oriented
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navigation (Section 6.4.5). Differences in preferences were mainly attributed to per-
sonality traits, because participants who were “Destination-Oriented” (Table 6.2), or
were mostly concerned with reaching destinations, mentioned they did not enjoy
the detailed explanation of the system and preferred short, concise information. For
example, one early blinded participant mentioned that exploration did not interest
him, as he had barely done it in his daily life (C6.1). On the other hand, some partici-
pants enjoyed imagining the scenes conveyed by the system. Congenital users com-
mented that the descriptions felt as if they were actually seeing the surroundings,
while acquired users likened it to their recalled experiences when they could still
see. Interestingly, those who particularly enjoyed the system and were “Exploration-
Inclined” were all female, while the Intermediate group, who enjoyed exploration
but wanted more control over the information provided, consisted mainly of male
participants. We note that “Destination-Oriented” users expressed dissatisfaction
with the system because they felt the scene description capabilities of the MLLM did
not meet their expectations for exploration. Therefore, if the system was improved
and was able to convey more concrete information, they might express different
opinions.

In the main study, further differences regarding how users interacted with the
system were observed. Firstly, we observed that participants adjusted the system’s
levels of description, demonstrating our design aligns with their needs, which were
based on three types of preferences identified in the formative study (Section 6.6.5).
The variation in the portions used for each mode further underscores the need for
configurable descriptions. Also, how they used the conversation mode varied. Three
participants frequently asked questions to the system to gather information about
their surroundings (Section 6.6.2), while P15 preferred having more manual control
over the robot’s navigation. Meanwhile, P12 favored the auto mode, where the robot
guided them with minimal intervention. These observations highlight the need to
consider customizing to various dimensions of personal preference, from descrip-
tion details to user autonomy, for future development.

6.7.4 Design Implications and Future Development Directions

Two key design implications were observed in our studies. First, allowing the users
to control the level of detail in the scene descriptions emerged as one of the most
important design requirements. The system may benefit from further personaliza-
tion by users verbally describing their personal information needs as in previous
research [13]. Second, participants expressed the need for audio-based recognition
capabilities, especially in environments where sound is an integral part of the ex-
perience, such as museums (C6.12). The ability to answer questions about sounds
and potentially guide users to the sounds’ sources would enhance their exploration
experience.

On the development side, the primary challenge encountered throughout the
two studies was the system’s inability to provide detailed information that partic-
ipants required, particularly regarding the identification of POI-related objects, as
described in Section 6.7.2. We attempted to address this by upgrading the robot’s
hardware, i.e., adding a 1080p resolution fisheye camera to a much higher position.
Still, participants found the descriptions lacking in detail and conveyed informa-
tion somewhat vague, as partially shown by the ratings of 4 from P11 and P13 to
Q1 Table 6.8. We deduce that this was because the captured images sometimes did
not contain useful information, such as the names of certain objects, or because the
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MLLM failed to accurately identify the useful information. As a possible improve-
ment, the robot could utilize history images by selecting the image with the best
view to generate descriptions. Also, the robot could utilize, other modalities, such
as colored point clouds by fusing camera images with the LiDAR sensor to pro-
vide three-dimentional sensor details to MLLM [228, 229]. In conclusion, the MLLM
module is the bottleneck of our system’s technological development. Similar system
development efforts in the future should allocate the most resources to tackling this
technological challenge. Still, the issue may be gradually solved as MLLM is the
current core area actively developed by researchers.

Another significant challenge in development we encountered is the challenge
of running map-less navigation algorithms in diverse novel environments, which
requires extensive development. Incorporating vision modalities [230], which we
did not use in this study, could potentially enhance the robot’s navigation capabili-
ties. Achieving this, however, demands human-level object and layout recognition
and real-time processing speed, where further research is required.

6.7.5 Limitation and Future Work

We were unable to examine user preferences over the long term, as participants in
our study interacted with the system only for a short duration (20-40 minutes in the
formative study and 70 minutes in the main study). Only a small portion of the re-
liance on concise descriptions may be due to the study’s design limiting participants’
time to explore. The time constraints may have led users to act on the cost-effective
information acquisition. However, if the system is used regularly, users may en-
counter more situations where they prefer to use the concise mode, as indicated by
C6.11. Also, their preferences might change as they become more adept at utilizing
it as a tool to query information, which the MLLM is particularly proficient at. Thus,
future research should investigate the effects of long-term use of the system.

We conducted two studies in two indoor locations. To capture more diverse
needs, future studies should also explore the system’s performance in more diverse
environments. This may reveal various additional information needs. The usage of
the wheeled robot, while beneficial in guiding blind users because it is silent [58],
remains a constraint when navigating stairs or uneven terrain. This limitation, how-
ever, could be alleviated through user collaboration, such as assisting the robot in
getting onto elevators or slightly lifting the robot over small steps. Thus, future
research should investigate the system devices’s capabilities in different environ-
ments, as well as how these robots can address physical limitations by interacting
with users. Finally, for the main study, we were unable to conduct it in crowd envi-
ronments with bystanders potentially obstructing the cameras, because the primary
study was conducted in the science museum outside of regular operational hours.
Handling crowded environments with robots, even when prebuilt maps are used,
remains a significant challenge in the field of robotics [231]. Therefore, in future
work, we aim to address the usability limitations of our system in such scenarios by
integrating novel algorithms designed to manage crowded environments [231].

The MLLM often made mistakes or referred to non-existent objects, with these
errors being particularly noticeable in its responses within the Q&A functionality
(Section 6.6.4). The most common misrecognitions involved either partially reading
the text or confusing objects with similar-looking ones. However, the performance
of the MLLM is not the primary focus of our research. To ensure users receive the
most accurate information possible, we will continue updating the MLLM used in
the system. Also, some of the image inputs provided to the MLLM may have been
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affected by motion blur, potentially leading to a degradation in the quality of the
generated descriptions. This issue could be addressed by using cameras that are
more resistant to motion blur or by implementing algorithms that detect motion
blur and select alternative frames for processing.

Recruitment was conducted through our institution’s email list, which includes
many participants from previous studies. We acknowledge that these participants
may have exhibited a positive bias toward our study, as they had expectations re-
garding the development of the robot system. Furthermore, we obtained valuable
insights from five participants, and involving more participants might have pro-
vided additional perspectives. Given the difficulty of recruiting many blind partici-
pants, we chose to iterate the study with five participants in each study, rather than
conducting a single study with a larger group.

6.8 Conclusion

Towards realizing a scalable map-less guide system that assists blind people in ex-
ploring, we developed WanderGuide, a robotic guide system designed to provide
real-time descriptions of surroundings and to offer conversation functionalities that
allow users to specify their destinations or ask questions. The formative study with
ten blind participants revealed that there are three types of preferences over the lev-
els of details of the descriptions generated by the system. In a subsequent main
study with five blind participants, all of them expressed appreciation for the expe-
rience of wandering freely without a fixed destination, as well as a desire to use the
system for exploring both familiar and unfamiliar areas. The study further revealed
that including audio recognition would be the immediate next step for developing
our system. It also revealed that customizing to diverse user preferences is impor-
tant and that MLLM is the key bottleneck of the technology development of our
system. We hope this research contributes to the potential deployment of robotic
guide systems in general use cases, enabling blind users to explore independently.






111

Chapter 7

Memory-Maze: Scenario Driven
Visual Language Navigation
Benchmark for Guiding Blind

People

Recalling
from

Memory N S

T | Solguess keep walking straight from where | &

CHEN Y you are right now. And then | guess you
A would turn right after walking about maybe
- like ten feet. So then after turning right [...]

Think out N
loud First, turn right at the first corner.
Then, turn left at the first intersection.
After that, go straight until you reach the end,
turn right, and immediately there will be a [...]

J

FIGURE 7.1: Memory-Maze Benchmark. Left: the instructions obtained in the memory-

based scenario contain unique phrases, highlighted in green, in contrast to those col-

lected in traditional think-out-loud settings. Right: Our benchmark environment based

on the CARLA simulator [232], and the VLN agent that navigates within the environ-
ment.

7.1 Introduction

In this chapter, we again address navigation scenarios with map-less robot systems,
as addressed by PathFinder (Chapter 5). In the navigation scenario, how the infor-
mation to the destination is sourced is an important problem to address. In this
regard, PathFinder used route descriptions provided by sighted passersby [107].
Nonetheless, in the PathFinder’s experiment, participants still asked for the route
multiple times and even mistook the route, leading to task failure. This led us to the
idea of whether the robot could instead determine its way based directly on the route
description given by sighted passersby. Specifically, this scenario, in which the user
navigates to the destination based on language instructions [127], corresponds to the
same task as Visual Language Navigation (VLN), which has been actively studied
in the robotics and computer vision fields. We therefore believe that the PathFinder
scenario can be formulated as a VLN task, and that a VLN model could be used to
operate the robot instead of relying on the user.
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However, direct application of existing VLN models to the blind people naviga-
tion scenario is currently limited, as there is a need for a benchmark that reflects the
blind users” demands realistically. Many VLN tasks have been addressed in envi-
ronments such as static houses [127] or roadways [131]. Nonetheless, it is also most
important for blind individuals to navigate large public spaces such as shopping
malls or university hallways. Compared to existing environments, these environ-
ments are characterized by physical turning points and intersections, resembling
a maze. Besides the environmental difference, in existing VLN literature, natural
language instructions are provided by thinking out loud. In other words, annota-
tors visually navigate a virtual environment and type out instructions for construct-
ing routes concurrently. In our scenario, sighted passersby must describe the route
from their memory, which often contains errors such as inaccurate estimates of dis-
tances, hallucinations of landmark objects, and omissions of key turning points. To
the best of our knowledge, our benchmark is the first to address the scenario of a
blind user seeking memory-based instructions from sighted passersby in maze-like
public spaces.

We present Memory-Maze (Figure 7.1), a benchmark that reflects the blind user
navigation scenario. Memory-Maze contains virtual environments of real-world
public spaces. It is based on CARLA [232], which enables us to simulate various sen-
sor data (e.g., LIDAR) from robots. It also contains instructions data gathered from
two studies from sighted individuals. In the first study, instructions were gathered
through online questionnaires by observing walk-through videos from a first-person
perspective. This is similar to the annotation method used in existing research. In
the second study, instructions were collected in-person by asking sighted passersby
to describe the same routes from their memories. This reflects the novel scenarios
envisioned in our benchmark. We observed different characteristics among the two
studies in terms of length, number of errors, variety, etc.

To analyze the difficulty of our benchmark, we developed a VLN baseline model
better designed to navigate in large public spaces, by leveraging modular APIs to
handle navigation control and perceptions. Our model also fulfills two requirements
for the practical deployment of VLN models for blind people: zero-shot transfer to
unseen environments without navigation graphs and single inference. Navigation
robots need to be used in unseen environments for blind people, directly applying
existing supervised models poses a challenge due to their limited performance in
unseen settings [133]. Additionally, existing models perform repeated iterative in-
ferences during navigation, resulting in frequent stops and prolonged navigation
time. Leveraging large language models” (LLM) potential for zero-shot generaliza-
tion in unseen environments, our single-inference LLM-powered model converts the
instruction into Python code based on the defined robot control API (Section 7.3.2)
for route navigation. This code generation approach modularizes low-level com-
mands such as path-planning for collision avoidance and intersection detection, and
serves as a baseline that focuses more on the language interpretation and reasoning
capabilities of VLN. Through the study with our model and the current state-of-
the-art methods [134, 138], we demonstrated the difficulty of our benchmark and
a tendency that real-world memory-based instructions are more difficult for VLN
models to handle.

We summarize our contributions below.

1. We constructed Memory-Maze, a benchmark containing virtual environments
of a large public spaces, and gathered two sets of instructions, one collected by
thinking out loud and one obtained from human memory.
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FIGURE 7.2: Bird’s-Eye Views of Memory-Maze. The benchmark contains three en-

vironments. The university includes features such as classrooms, offices, hallways, a

kitchen, and a library. The 5th floor of the museum mainly contains exhibits. The 7th

floor contains conference rooms, hallways, and a terrace area. Each environment in-

cludes two routes, totaling six routes. In the on-site study, participants were asked to

describe the route from the starting point to the end point, thus, their descriptions may
vary from the visualized route.

2. Through an experiment with current state-of-the-art models and our baseline
VLN model, we revealed the gap between the instructions collected based on
memory and those collected by thinking out loud.

Our benchmark and codes are available at https://github. com/chestnutforestlabo/
MemoryMaze.

7.2 Related Work

In this section, we describe the VLN benchmark and models, building on the litera-
ture reviewed in Section 2.6.

7.2.1 Benchmarks in VLN tasks

The VLN task has been conducted in various benchmarks, ranging from indoor [127,
130] to outdoor [131, 132] settings. Most of the instruction annotations of these
benchmarks were created by annotators who typed while concurrently observing a
virtual environment or by researchers who constructed them manually. This way
of obtaining instructions is not suitable for our purpose, as it does not reflect the
scenario of people describing routes from their memories. Researchers have also ex-
plored benchmarks with longer routes for long-horizon navigation tasks [129]. Still,
existing benchmarks do not feature large public areas where blind people navigate,
such as shopping malls or university hallways. These areas contain both static and
dynamic obstacles and are characterized by the existence of turning points and in-
tersections (Figure 7.2). A related benchmark is Touchdown [131], which also em-
phasizes navigation through intersections and dynamic environments. However,
its map structure is represented by a navigation graph (i.e., an undirected graph that
represents navigable points with nodes), whereas the Memory-Maze benchmark sce-
nario assumes no prior knowledge such as navigation graphs.

7.2.2 VLN Models

Researchers have explored solutions for VLN tasks using supervised models [127,
128], which learn from a sequence of observations and actions to take. These su-
pervised models often do not transfer well in unseen environments [133]. With the
recent advancements in LLM, researchers have also explored methods that do not
require retraining [134, 135, 136]. One such approach was to use LLMs to extract
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landmarks from instructions and follow chronologically [135]. Another approach
was to utilize LLM to flexibly determine actions at each step. NavGPT [134] is a
model that uses LLM iteratively to select the node to navigate to within a navigation
graph. Additionally, researchers have explored approaches that utilize the code gen-
eration capability of LLM [139, 140]. In the method proposed by Biggie et al. [140],
given a prebuilt 3D map, images from their robot, and a Python API, the model gen-
erates codes that locate a target object [233], maps the object’s location on the 3D
map, and navigates to the mapped location [140]. While these methods are effec-
tive when the given instructions include sufficient landmarks, instructions recalled
from memory often contain insufficient landmarks, potentially leading to failure.
Furthermore, these methods are limited by the need for a navigation graph or 3D
map, which is difficult to construct for every unseen environment. To eliminate this
requirement, models have been proposed to predict navigation graphs [137] or low-
level actions [138] iteratively. However, the need for iterative inference prolongs
inference time, which may affect navigation by not reacting to dynamic obstacles re-
sponsively. Moreover, iterative inference may be impractical in large public spaces,
where the model could be required to perform over many inference steps, due to the
need to process long time-horizon data. Our model utilizes LLM to produce nav-
igation codes that follow a specified path in a single iteration, and allows flexible
integration of low-level planning algorithms for obstacle avoidance. This direct gen-
eration of navigation codes, coupled with existing low-level planning algorithms,
allows operation without the need for navigation graphs.

7.3 Memory-Maze

Here, we describe our benchmark’s virtual environment and the robot simulation
program. To simulate our scenario, we selected a floor of a university building and
two floors in a museum building (Figure 7.2), which is characterized by the existence
of multiple turning points.

7.3.1 Selecting and Building the Simulator

To simulate a scenario where a robot guides a blind person, it is necessary to simulate
high-fidelity egocentric visuals that are realistic enough to run an image recognition
algorithm. Thus, we built a novel virtual environment from scratch on top of the
CARLA [232] simulator. While primarily developed for autonomous driving simu-
lations, CARLA’s flexibility and compatibility with the Unreal Engine allowed us to
create a detailed 3D model of the experimental site. CARLA also offers the ability to
configure the existence of static and dynamic obstacles and to simulate various sen-
sors like RGB cameras, depth sensors, and LiDAR sensors. We created a 3D model of
the experimental site using Fusion 360 and imported it into CARLA. This 3D model
accurately reproduces the experimental site, both visually and in terms of floor lay-
out. It also includes major objects along the route (doors, chairs, a statue, etc).

7.3.2 Implementation of the Control Program

Our next step was to develop a control program for the robot in the simulator to
be used by our baseline VLN model. Utilizing CARLA’s Python API to control the
navigation robot, we implemented various control functions. We describe four major
functions implemented.
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We implemented functions for the agent to move forward (move_forward(distance)),
find a turning point (detect_turning_point()), and turn (turn(direction)) using
CARLA’s vehicle.apply_control APL. When using the move_forward(distance)
function, to ensure the robot moves along the path without colliding with walls,
we implemented a feature that makes the robot navigate as closely to the center of
the corridor as possible. We calculate the central path based on the coordinates of
the four corners of the corridor in the 3D model. The central path tracking is re-
alized through PID control, which adjusts the robot’s steering angles. When the
detect_turning_point () function is used, it determines if the robot is in the pre-
annotated areas of turning points and returns navigable directions if the robot is in
one of them. Once the robot is at the turning point, it could change its direction using
the turn(direction) function. Because component algorithm development of the
control program was beyond the scope of this study, in our experiment, coordinates
of the corridor’s corners and the turning point areas are acquired from the virtual
environment, reducing errors from noise in perception or control, and focusing on
executing instructions. However, these can be obtained using prior well-established
methods [24].

Additionally, we implemented an image recognition module detect_from_RGB_image (object),
which outputs bounding boxes of all detected objects, to manage landmark-related
instructions such as “turn after finding a chair.” While most existing object detection
models are designed to identify objects from predefined classes, they are not capa-
ble of detecting arbitrary objects. Therefore, we used Grounding DINO [234], an
open-vocabulary object detection model. Open-vocabulary object detection models
output bounding boxes for any object by using the object’s name as a query. With
the object detection model selected, we then used CARLA’s robot ego-centric RGB
sensors to capture images. To address tasks requiring the robot to identify an object
multiple times (e.g., “turn after passing four doors”), we added tracking algorithms
to avoid counting the same object in different frames as distinct entities. We fur-
ther assume that in instructions that require finding landmark objects, the objects
are located in close vicinity. For example, in the instruction “turn after finding [ob-
ject],” although the camera could capture the object at a considerable distance, such
instructions typically imply that “[object]” is near the robot. Therefore, we utilized
the depth sensors available in CARLA to measure the distance to each object in the
image, filtering out objects that are far away to ensure only those at close range are
detected. We set the distance threshold to be four meters.

7.4 Instruction Data Collection

7.4.1 Procedure

We conducted two studies, one online and one onsite, to collect natural language
instruction data for routes at three locations: a floor across three buildings in a uni-
versity and two floors in a museum. We designed the route as shown in Figure 7.2.
The studies were approved by our institutional review board (IRB), and informed
consent was obtained from all participants. For each route, we obtained two rounds
of instructions: one asking participants to describe the route to a blind person with
a navigation robot naturally (first iteration) and another asking participants to de-
scribe the route after providing them with a brief description of the capability of the
navigation robot (second iteration). The second instruction was collected to obtain
more accurate memory-based instructions given by passersby. This was achieved by
explaining the robot’s capability (e.g., being able to detect objects) to the participants.
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It simulates a scenario where a blind user may provide sighted passersby with robot
information to obtain refined instructions. We expect that telling them about robots’
capabilities would enable VLN models to achieve better performance.

In the first study, participants completed an online questionnaire designed to
gather instructions that were similar to those in prior works. They were first pre-
sented with a scenario in which they communicated with a blind person accompa-
nied by a navigation robot capable of following natural language instructions and
360° video walkthroughs of two routes. They were then asked to type instructions to
the destination. They were allowed to re-watch the walkthrough videos at any time.
We collected four instructions per participant. In total, 78 participants participated
in the study, resulting in 312 instructions. The participants were gathered through
university recruitment or through an online survey platform, and all were unfamil-
iar with the shown routes. The study was conducted in Japan, and the instructions
were translated into English using GPT-4.

In the second study, we conducted an onsite in-person study. The aim of this
study was to gather data that reflects the realistic scenario of sighted people describ-
ing the route from their memory. Thus, they did not watch the walkthrough video
or experience the route during the study. The experimenter roleplayed as blind in-
dividuals, asked them for directions to the route destinations, and instructed them
to describe the route verbally in two rounds. For the first iteration, we asked par-
ticipants to describe the routes as naturally as possible. For the second iteration, to
obtain more accurate instructions for the benchmark, in addition to explaining the
robot’s capabilities, the experimenter pointed out errors in the participants’ given in-
structions, such as a missing turn, and asked them to explain the route again. For the
university routes, we recruited sighted passersby and ensured that all participants
were familiar with the route by using a pre-study check survey. In this study, each
participant described a single route, resulting in two instructions per participant. In
total, 40 participants participated in the study at the university, contributing 80 in-
structions. For the museum routes, we recruited staff or recent visitors who were
familiar with the museum layouts. In this study, each participant described two
routes, resulting in four instructions per participant. In total, 43 participants partici-
pated in the study at the museum, contributing 172 instructions.

7.4.2 Benchmark Analysis and Statistics

The mean, median, and standard deviation (SD) for the length of collected instruc-
tions are reported in Table 7.1. First, we observed that the mean length and SD are
longer for the second iteration in most cases, as participants tended to add more
information on the second iteration. Also, we observed a tendency for instructions
collected onsite to have higher lengths and more length variation. This is because,
in the online study, participants described relevant and mostly accurate information
about landmarks and turning points, while in the onsite study, many participants
tried to be descriptive, relying on their memory, such as adding audio, olfactory
cues, and conversational phrases such as “I'm not 100% sure about this, but I think...”.

The average instruction length and route distance in our benchmark are greater
than those in previous datasets. For example, the R2R dataset includes instructions
averaging approximately 30 words and route distances of about 10 meters [127], and
the RxR dataset features instructions averaging 78 words and route distances of 14.9
meters [235].

The word clouds of the collected instructions are shown in Figure 7.3. For the
university environment, although the samples collected in the onsite study are fewer,
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TABLE 7.1: Data Analysis. The table presents the route length (RL), mean, median, and

standard deviation (SD) of word counts in the collected instructions, and their failure

rates (FR). For the onsite instructions, we also report the alternative rate (AR), the rate
of describing alternative routes.

Route RL Iteration Mean Median SD FR AR

51.8 47.0 17.8  0.0% -
69.8 64.0 199  0.0% -

81.3 81.0 249  9.09% -
98.3 99.0 312  3.03% -

814 78.0 36.3 17.39% -
88.9 90.0 323 17.39% -

60.1 53.5 21.5  9.09% -
71.0 61.0 339 4.55% -

98.2 91.5 425 13.64% -
96.7 90.0 422 18.18% -

71.3 68.0 258 4.35% -
95.0 85.0 474  0.00% -

73.9 74.5 36.6  25.0% 10.0%
102.9 94.5 51.1 25.0% 10.0%

131.0 1155 732 40.0% 15.0%
147.3 143.0 65.0 35.0% 15.0%

68.2 64.0 274 76.19% 0.0%
97.1 92.0 27.0 9.52% 0.0%

65.5 51.0 42.7 45.45% 59.1%
83.4 68.5 39.7 4.55% 63.6%

68.7 69.5 275 54.54% 4.5%
89.0 84.0 240 13.64% 9.0%

79.5 69.0 40.0 52.38% 85.7%
99.0 96.0 375 23.81% 90.1%

University R1 40.27m

University R2 ~ 156.68m

Online Study Museum 5F R1  71.18m

Museum 5F R2  44.05m

Museum 7FR1  86.10m

Museum 7F R2  79.40m

University R1 40.27m

University R2 156.68m

Onsite Study Museum 5F R1  71.18m

Museum 5F R2  44.05m

Museum 7F R1  86.10m

Museum 7F R2  79.40m

NFR, | NRFRPINFRPINRPINDNFRPINRFRP|INR,INDRPINFRPINDNR,INPR,|NP-

they include 521 different words compared to the 381 words found in the samples
from the online study. The same trend was noted in the museum environment, with
611 different words found in the onsite study and 586 words in the online study. This
shows the greater diversity in the instructions” wording when described from mem-
ory. Although the instructions from the online study were translated using LLM, we
believe that these results hold in the instructions’” original language.

In Table 7.1, we also manually analyzed each instruction to determine if it con-
tained significant errors, i.e., the number of failures in describing the route correctly.
One author first conducted an initial failure review, after which multiple authors en-
gaged in a discussion to reach a consensus on all samples. Instructions in the online
study were classified as failures for reasons such as turning in the wrong direction;
instructing a turn at the incorrect turning point; and suggesting unnecessary extra
turns. For instructions collected in the onsite study, the reasons for the failures were
containing extra turns, directing to an incorrect direction, leading to a wrong desti-
nation, lacking essential turn information, turning to incorrect directions at a turn,
and containing inaccurate environmental details.

Interestingly, while examining the instructions, we realized that in the real world,
humans may be able to correct errors in the instructions. For example, according
to some passersby, the robot should go through a corridor between the hexagon
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FIGURE 7.3: Word Clouds. The onsite instruction data contains unique phrases that
come from talking while recalling from the memory, such as “uh,” “maybe,” and “okay.”

exhibitions and the rectangular exhibition immediately to the right for museum 5F
R2. However, there is actually no corridor between these two exhibitions. But it
is possible to imagine where the nonexistent corridor might lead and try to find
a detour. Being able to recognize errors in memory-based instructions is vital for
aiding blind people to follow instructions provided by passersby. This is a unique
aspect of our benchmark.

As shown in Table 7.1, during the onsite study, we observed that participants
sometimes described alternative routes compared to those we had initially antici-
pated and illustrated in Figure 7.2, when they described the routes from their mem-
ory. Surprisingly, some participants described a different route in the second itera-
tion compared to their initial description. This highlights the potential of humans to
describe alternative routes in real-world scenarios and the need for VLN models to
perform equally well in these alternative routes, thereby underscoring the natural-
ness of our benchmark.

In summary, our benchmark captures real-world complexity beyond mere geo-
metric turns. We found that even routes with 90° turns are accompanied by richly
varied natural language instructions. For example, ~25% of participants described
the two consecutive turns near the goal at Museum 5F R2 as “proceed in the front
right direction”. In another example, one instruction described the consecutive turns
in University R2 with only semantic cues such as “[...], I believe and then you walk
along the hallway connecting DEF hall and the GHI hall and then you'll arrive at your
destination.” Memory-Maze provides a unique scenario-based evaluative environ-
ment by incorporating variation in intersection counts, route lengths, and landmark
complexity.
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FIGURE 7.4: Method Overview. Given a set of instructions from a sighted passerby, the

LLM first parses it into an itemized format. Then, combined with the API specification,

the LLM generates Python code directly to control the robot, which runs in the virtual
environment using the simulated sensor inputs.

7.5 Baseline VLN Model Implementation

Our baseline VLN model uses the control API specification from our benchmark so
that we may focus more on its language interpretation and reasoning capabilities.
First, we utilized LLM’s capability to generalize to various tasks and comprehend
complex natural language instructions, so that no additional training is required
when deployed in a new environment. Second, our method requires only a single
inference iteration to generate low-level navigation code for robot control, in con-
trast to existing models that perform multiple inferences during navigation, which
may prolong navigation time. It also eliminates the need for a navigation graph by
generating codes that directly interface with low-level navigation modules. The gen-
eration of navigation code potentially leads to the flexibility of integrating existing,
well-established methods into various modules, such as for obstacle avoidance [11]
or turning point detection [24, 25].

We define the following as inputs to the agent: natural language instruction, the
sensor input which includes the details obtained from sensors, API specification which
consists of the commands and their explanations in Python that the agent can use
as described in Section 7.3.2, API implementation which is the actual implementation
of the API specification, and the initial orientation of the robot. We assume the initial
orientation is predetermined, as the blind user can adjust it in place. We used the
GPT-4 (gpt-4-1106-preview) model for the LLM. For the initial setup of the prompt,
instructions from five participants in the online study were used as references to con-
struct the prompt for the proposed systems. Figure 7.4 shows the implementation
overview.

7.5.1 Parsing Instruction

The system first parses a natural language instruction to step-by-step instructions
using LLM. This was done to organize our benchmark’s diverse natural language
instruction and make it more interpretable before generating navigation codes. To
achieve this, we prompt LLMs with a set of rules they should follow, such as the
requirement to describe when and which turning point to turn, and which object
the robot should detect, along with examples of possible input and expected output.
After parsing, each navigation step is returned as a brief sentence. We employ a
two-stage prompting method to guide LLM for more accurate outputs. We prompt
LLM to provide a thought to guide the generation of the first output, then refine the
output by incorporating a second thought, leading to the finalized output.
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7.5.2 Navigation Code Generation

To generate the navigation code, we prompt LLM with an API specification that
includes a range of commands for robot operations (e.g., move_forward(distance)
function). These commands are complete with docstrings of their usage explana-
tion [140, 233] and instructions to generate Python codes that follow the provided
specification. For detect_from_RGB_image (object), our model uses an open vocab-
ulary object detector internally (Section 7.3.2) and flexibly determines which object to
detect by generating an object argument. For example, for an input requesting the lo-
cation of a red chair, the function would be invoked as: detect_from_RGB_image ("red
chair") by an LLM while generating a code. The API specification was formatted to
the similar format of the previous work [140, 233], but with additional notes, such as
how each function should be and not be used. We again employ the same two-stage
prompting method. Finally, we execute the generated code using the APl implemen-
tation.

7.6 Experiment

Our benchmark simulates a scenario in which blind people ask sighted passersby to
provide route guidance [24] from their memories. To evaluate how current models
perform under this setting, we conducted an experiment.

7.6.1 State-of-the-Art Models

In our scenario, VLN agents are expected to demonstrate strong transferability, as
blind users may navigate across diverse unseen locations by asking sighted passersby
for directions. To evaluate this capability, we compare our model with two prior
state-of-the-art methods that leverage foundation models and exhibit strong zero-
shot performance: NavGPT [134] and NaVid [138].

NavGPT [134] demonstrates strong zero-shot transfer capability by leveraging
an LLM, visual foundation model, and an object detector to iteratively select des-
tinations within a navigation graph until the agent determines it has reached the
goal. We used GPT-40-mini for the LLM and for the visual foundation model, and
the same Grounding DINO [234] for the object detector. As NavGPT requires a nav-
igation graph to operate, we constructed navigation graphs over the environments
following the R2R dataset [127].

NaVid [138], a state-of-the-art VLN model that demonstrates strong generaliza-
tion to unseen environments, employs a visual foundation model and operates with-
out a navigation graph, relying solely on camera input, similar to our model. We
strictly controlled the agent by following NaVid’s established pipeline. We initial-
ized its weights of LLM (Vicuna-7B) using their open-sourced checkpoint [138].

7.6.2 Metrics

For the metrics, we employ success rate (SR), oracle success rate (OSR), and shortest
path distance (SPD) [127, 236], and coverage weighted by length score (CLS) [237,
238]. As CLS computes the similarity of the path on the graph, it requires a dense
navigation graph to map the navigated trajectory onto. Thus, we divided passable
corridors into 50 cm square grids to serve as nodes on a graph and mapped predicted
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and ground truth paths onto it to calculate this metric [238]. For routes where par-
ticipants described an alternative path, we used the described route as the ground
truth.

7.7 Results and Discussion

TABLE 7.2: Performance of VLN Models. We compare our method with state-of-the-
art VLN models that fulfill the requirements relevant to our scenario.

Condition Online Study Data Onsite Study Data

Method  Parser Route SRT OSRT SPD| CLSt SRt OSRT SPD| CLSt
NavGPT University R1  0.04 009 3754 005 0.02 004 4058 0.05

NaVid University R1  0.00 0.00 3573 003 0.00 000 36.67 0.02
Proposed University R1 020 024 1701 056 023 033 21.04 046
Proposed v University R1 030 035 1966 049 030 0.38 1832 0.54
NavGPT University R2  0.00 0.00 16210 0.01 0.00 000 161.13 0.01

NaVid University R2  0.00 0.00 149.79 0.00 0.00 0.00 15147 0.00
Proposed University R2  0.00 0.00 9366 032 0.03 0.03 11752 0.20
Proposed v University R2  0.04 0.04 8159 038 0.03 0.03 9813 0.29
NavGPT Museum 5FR1 0.00 0.00 50.76 0.00 0.00 0.00 5130 0.00

NaVid Museum 5FR1 0.00 0.00 5459 0.01 0.00 0.00 5550 0.01
Proposed Museum 5FR1  0.11 020 3546 044 0.02 0.02 4335 0.32
Proposed v Museum 5FR1  0.20 0.26 26.71 0.60 0.05 0.07 29.14 0.54
NavGPT Museum 5FR2 0.00 0.07 3747 0.07 0.00 0.07 3567 0.06

NaVid Museum 5FR2 0.00 0.00 43.74 0.01 0.00 0.00 43.82 0.01
Proposed Museum 5FR2 0.05 0.18 23.17 025 0.00 0.02 29.08 0.37
Proposed v Museum 5FR2  0.05 0.32 16.43 0.29 0.00 0.02 24.78 0.37
NavGPT Museum 7FR1 0.00 0.00 54.70 0.08 0.00 0.00 36.00 0.14

NaVid Museum 7FR1 0.00 0.00 73.76 0.06 0.00 0.00 71.30  0.07
Proposed Museum 7FR1 0.02  0.02 55.99 0.31 0.05 0.05 46.67 042
Proposed 4 Museum 7FR1  0.02 0.02 42,59 048 0.09 0.09 2522 0.67
NavGPT Museum 7FR2 0.00 0.00 61.64 0.01 0.00 0.00 6043 0.01

NaVid Museum 7FR2 0.00 0.00 6739 0.02 0.00 0.00 69.18 0.00
Proposed Museum 7FR2 0.15 026 4741 017 0.00 0.10 5281 0.16

Proposed v Museum 7FR2  0.07 035 36.78 0.25 0.02 0.12 46.74 0.22

Table 7.2 reports the results of the study.

7.7.1 Performance of the Proposed Method

As shown in Table 7.2, our model outperforms NavGPT and NaVid. The baselines’
suboptimal performances can be attributed to two factors: their deviation from the
correct direction, and their premature decision that they had reached the goal. This
is due to the fact that the baselines refer to the environment at each navigation step
with an LLM. For example, if NavGPT makes a mistake even once during this pro-
cess, it will be challenging for the model to recover the agent back to the correct
path. Additionally, NaVid tends to make unnecessary frequent turns after initially
following the route correctly for several iterations, likely due to the longer sequence
of turns and longer instructions in our benchmark, which NaVid was not trained to
handle. In contrast, our method achieves the desired outcome through a single iter-
ation of code generation inference, removing the need to initiate inferences at every
intermediate step for instructions like “go straight for 100m and then turn right.”. We
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also observed that the instruction parsing module boosted the performance of our
method in most cases.

7.7.2 Difficulty of the Benchmark

In Table 7.2, it is observed that the performances from onsite memory-based instruc-
tions tended to be lower than those from online think-out-loud instructions, as it is
more likely for the route instructions to contain errors due to human memory, and it
is harder for the system to recover from errors. Overall, our results demonstrate the
difficulty of the instruction data from human memory and the value of our bench-
mark.

Across all routes, both our model and the baselines showed suboptimal or low
performance. One major reason was the difficulty in handling the varied and inac-
curate input instructions. In longer routes, participants tended to inaccurately esti-
mate lengths for certain path segments and not include sufficient information about
the destination. Also, because our baseline contained modularized perception and
control modules to focus on language parsing and reasoning capabilities, its subop-
timal performance implies that the primary challenge in our benchmark lies in the
complexity of the language instructions, such as inaccuracies or variations in word-
ing, which were not present in previous benchmarks. Upon closer inspection, many
instructions in our benchmark contained phrases that required a combined under-
standing of both natural language and the building’s structure, which our proposed
model failed to follow. One example was a phrase such as “go along this path and
turn right in the first intersection,” which was often described at the starting point of
University R1. The instruction skips the right turn in the first turning point by de-
scribing it as “go along this path,” because the building structure only allows a right
turn at the immediate corner. As a result, the instruction starts by describing the
tirst left turn where there are two possible directions to proceed. This variation in
the levels of topological details further highlights the difficulty of our benchmark,
which imitates real-world scenarios of blind people seeking navigation instructions.

Furthermore, we realized that in the real-world, humans may be able to correct
errors in the instructions. For example, some passersby instructed the robot to take
a nonexistent corridor between the hexagon and the rectangular exhibitions near the
museum 5F R2. Although the corridor did not exist, imagining its intended desti-
nation allowed locating an alternative route. Similarly, when participants provided
incorrect turns, landmarks described later in the instructions helped identify and
correct these oversights.

7.7.3 Effect of Refining Instruction

Table 7.3, reports the performance of our proposed method across different instruc-
tion iterations. The first iteration corresponds to the most natural, memory-based
instruction, while the second represents memory-based instructions that are more
accurate and contain features that may better assist the VLN agent in navigation.
Generally, we found that refining the instruction led to a slight performance im-
provement. This suggests that, when deploying VLN-equipped robots, it is benefi-
cial to assist sighted passersby in recalling routes more and in conveying environ-
mental information in a format that is more compatible with robotic interpretation.
However, for Museum 5F R1 and University R1, the tendency was not always the
case. This happened because participants tended to describe more objects during
the second iteration, which contained greater variation in object descriptions. For
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TABLE 7.3: Effect of Instruction Refinement. While in most cases refining instruction
leads to an increase in performance, in certain cases, it was not always the case, due to
redundant referral to surrounding objects.

Condition Online Study Data Onsite Study Data

Route Iteration SRt OSRft SPD| CLST SRt OSRt SPD|] CLStT
University R1 1 043 048 1637 056 025 040 2041 0.52
University R1 2 017 022 2294 041 035 035 16.23 0.56
University R2 1 0.04 0.04 8682 036 0.00 0.00 9332 0.31
University R2 2 004 0.04 7636 041 005 0.05 10295 028
Museum 5F R1 1 026 030 25.80 0.60 000 0.00 2721 0.56
Museum 5F R1 2 013 022 2761 061 010 014 31.07 0.52
Museum 5F R2 1 0.05 027 1777 027 0.00 000 2575 0.32
Museum 5F R2 2 0.05 036 15.09 030 0.00 0.05 23.82 043
Museum 7F R1 1 0.00 0.00 46.57 043 0.09 0.09 23.77 0.68
Museum 7F R1 2 0.05 0.05 3861 053 0.09 0.09 2666 0.65
Museum 7F R2 1 0.00 026 3724 026 0.00 005 46.71 0.21
Museum 7F R2 2 013 043 3633 024 005 019 4676 0.23

example, one participant described only turning point-related information at the
first iteration, while in the second iteration, the participant also described objects to
ignore, such as, “then, you will come across an intersection with a door on the left and an
intersection with doors on both sides, but ignore them and continue straight ahead.”

7.8 Conclusion and Future Work

This work proposed Memory-Maze. We found that realistic instructions collected in
the onsite environment, where participants had to rely on human memories, were
longer with greater variation in words, and contained more errors compared to the
instructions collected online. Upon qualitative inspection, we observed evidence
of the tendency for memory-based instruction to be more difficult for the model to
handle, such as the ones that required understanding of “go along this path.” This
suggests that future VLN models should consider a more adaptive map representa-
tion where nodes and turns are not strictly defined, or a more flexible approach to
accommodate varying topological descriptions.

Our central finding is that the current VLN model alone may still be insufficient
for completing this task. Therefore, for future work, we aim to explore the interac-
tive aspects between users and robots. For example, we plan to investigate shared
control with a VLN model, in which the robot usually takes over control and the
user intervenes when needed; as proposed by Chi et al. [239], the robot can ask the
user when it is uncertain about the way, and the user can intervene in such cases.
Another solution is that the robot could guide the instruction from passersby to be
better or rephrase it by itself, potentially leading to improved performance. We also
plan to convert our baseline into a closed-loop architecture that continuously verifies
and refines its interpretation of instructions using real-time sensor input.

Lastly, although the size of our benchmark is comparable to existing bench-
marks [240, 241], its size remains limited in order to be used as a dataset for training.
One possible approach is to modify the design of the online study so that annotators
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can only observe the environment prior to providing annotations, but this would
only partially replicate the characteristics of real-world memory-based data. An-
other potential method is to leverage LLMs with in-context learning to augment the
benchmark. However, further investigation is needed to ensure that LLM-generated
data can accurately mimic the characteristics of our dataset.
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Chapter 8

Discussion and Conclusion

8.1 Discussion

We introduced four systems: two smartphone systems, Corridor-Walker (Chapter 3)
and Snap&Nav (Chapter 4), and two robot systems, PathFinder (Chapter 5) and
WanderGuide (Chapter 6). We also introduced a VLN benchmark, called Memory-
Maze (Chapter 7). Among them, four systems or benchmarks (Corridor-Walker,
Snap&Nav, PathFinder, and Memory-Maze) targeted the navigation task, i.e., going
from one place to another, while one system targeted the exploration task (Wan-
derGuide). Below, we revisit the research questions presented in the introduction
section and further describe future opportunities in the area of map-less navigation
technology.

8.1.1 Collaborative Interaction (RQ1)

All of our systems adopted collaboration, in which humans are involved in the sys-
tem’s sensing or decision-making process or participate in the system usage flow to
support task completion. This collaboration occurs between the system and the hu-
man in various forms to achieve shared goals. For example, the collaborative inter-
action adopted in Corridor-Walker and Snap&Nav was scanning, which enabled the
user to complement sensing and provide users with more accurate detection results.
PathFinder imitated the interaction observed when blind people use guide dogs, in
which the aid takes over mobility while the user takes over decision-making. While
this guide dog interaction is typically limited to situations where users already know
their destination, PathFinder extended this usage to unfamiliar places by conveying
information important to wayfinding, specifically sign information.

In Snap&Nayv, the collaboration extended beyond the system and the user to in-
clude sighted passersby. Sighted passersby captured and verified floor map images
for the blind user. The sighted passersby showed willingness to perform this task
and even described that this task could be easier than verbally describing routes,
which can sometimes be inaccurate. Taken together, we conclude that this disserta-
tion was able to provide an initial design and validate collaborative interaction for
assistive navigation technology for blind users.

In terms of interaction paradigms, this opens a new direction in assistive tech-
nology, as such systems have typically been designed to be used in a passive man-
ner by the end user. Thouse would include autonomous navigation systems such
as CaBot [11] or smartphone navigation system such as NavCog [9] and Google
Maps [38] How blind people can actively take part in navigation thus becomes a
new area of research; in particular, participation in the sensing and decision-making
process remains both difficult.
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In this regard, future work should pursue stronger collaborative interaction. While
some tasks presented in this research are automatable, such as navigating through
routes described by sighted passersby, there remains room for human involvement.
For example, even when we adopt VLN technology for map-less navigation, perfor-
mance concerns remain, as demonstrated in our findings. One possible approach
is to adopt a model that queries users when they are uncertain [239]. Alternatively,
the VLN model can serve as a monitor of the human decision-making process, is-
suing alerts when discrepancies arise between the user’s decision and the system’s
predicted direction of navigation.

Shared control to address challenging scenarios is another direction. An exam-
ple is presented by Kamikubo et al. [89], which addresses scenarios where a robot
must navigate through a crowd in which path planning alone cannot resolve nav-
igation due to excessive surrounding people. This situation also occurred in the
PathFinder experiment. In such crowded scenarios, one approach is to alert peo-
ple to the presence of the blind user so that they move [61]. While such a solution,
in which the system alerts people, has been presented [61], it is also possible for
blind users to take part in that interaction by verbally asking for assistance, based
on descriptions obtained from the robot perception. This also connects to the mixed-
initiative paradigm, where both the robot and the user take part in the interaction
initiative. How to collaboratively navigate through challenging scenarios together
with the user and the system remains a topic to explore.

Another opportunity can be observed in the experiment with WanderGuide. Al-
though the robot had a manual mode that allowed users to intervene in the sys-
tem movement, it did not take users exactly to their intended destination, which
is known as the last one meter problem. As users may perceive that they cannot
physically reach what they aim for, incorporating functionality that allows users to
intervene and adjust the robot position may be a simple yet useful feature. Finally,
how to effectively ask sighted humans for help remains another important opportu-
nity for collaboration. While independence is ideal, as demonstrated by Snap&Nayv,
designs that include sighted people tend to be accepted and can serve as useful in-
formation sources.

8.1.2 Comparison with Existing Solution (RQ2)

Compared to regular aids (e.g., white cane), our smartphone navigation systems
(Corridor-Walker, and Snap&Nav) showed that they generally required longer task
completion time but resulted in increased confidence, lower cognitive load, and
fewer collisions. The major portion of the time was spent on scanning, which was de-
signed as a collaborative interaction. Additionally, although the obstacle avoidance
function provided the advantage of safer navigation, it introduced additional time
because users were required to follow instructions while handling mobility them-
selves. This is supported by the fact that the smartphone system Corridor-Walker,
which included obstacle avoidance, and the smartphone system Snap&Nav, which
did not due to system design, showed that Snap&Nav’s task completion time did
not differ between the cane-only and system-aided conditions. It is also worth not-
ing that we observed users commenting that being able to know the shape of an
intersection, even when they did not plan to turn, was not possible with their regu-
lar aids.

Showing a similar trend, the robotic system PathFinder, when compared with
the map-based topline system CaBot [11], exhibited longer task completion times
due to the additional user interaction required, whereas the map-based system did
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not require such interaction. Nonetheless, for both smartphone and robotic systems,
confidence and cognitive load showed improvement compared to regular aids. For
PathFinder, performance was rated between their regular aid and the topline sys-
tem, and can be concluded to be an “in-between” aid. Some participants further
commented that the sense of control they felt through collaborative interaction with
the system was positive, as they were sometimes unable to fully trust the map-based
topline system. While all systems resulted in longer task completion time, these find-
ings highlight that increased completion time is not necessarily a negative outcome.
This also echoes the discussion by Igarashi [242] in the domain of content creation
tools, suggesting that performing tasks easily and quickly may have drawbacks,
such as reduced richness of experience, and therefore may not always be a goal to
achieve. This overall trend indicates that collaborative interaction requires time but
also provides advantages. Future work should consider how to reduce interaction
time while also balancing task completion time with the benefits that blind users
obtain.

8.1.3 Route and Environmental Information (RQ3)

How source route information and what kind of environmental information we con-
veyed during the task was an important topic. In this dissertation, we assume three
cases: the user knows the route (Chapter 3), the user navigates based on route de-
scriptions provided by sighted passersby (Chapter 5 and Chapter 7), and navigation
based on captured floor map images (Chapter 4). In the situation where the users
were familiar with the route, the intersection information was sufficient to reach
the destination. Among these, the easiest method is route description by sighted
passersby. When such descriptions are accurate, as shown in PathFinder (Chapter 5),
blind users were able to determine their way in combination with intersection de-
tection and sign recognition functionality. However, while users can interpret these
descriptions, they remain vulnerable to human error, such as inaccurate route infor-
mation or instances where a blind user chooses an incorrect direction. Therefore, we
extended the interpretation of route descriptions using a VLN model, aiming for the
robot to determine the route and to analyze what kinds of errors may occur. As we
showed, route descriptions obtained in real-world settings contain more errors than
those collected through conventional methods, and route interpretations by robots
can still be incorrect. Potential future work includes developing a closed-loop model
that interprets instructions while accounting for possible errors, or adopting a hybrid
VLN approach as described in Section 8.1.1.

Another source of route information is floor map images, which can be used
in certain buildings, coupled with an intersection detection method. While having
such information makes the setting closer to map-based navigation, several tech-
nical challenges remain. A major challenge lies in analyzing floor map images, as
they may vary in scale across locations and may not be well represented by sim-
ple topological maps due to open spaces or the lack of information about the user’s
current location. Localizing and tracking the user’s position within the map is an-
other challenge. In our study, we used corridor-like environments, but real-world
environments may be more complex and cannot always be represented as simple
corridors or perpendicular intersections. This calls for interdisciplinary research, in-
volving more generalized intersection detection technology that can associate node
map information even in complex intersections, where the node map is converted
from floor map images. It also requires developing floor map analysis algorithms
that can adapt to the complexities present in real-world floor maps.
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One possible solution, which we did not consider in this dissertation, is to reuse
maps constructed during previous visits. For example, users could use Wander-
Guide to explore a facility once and construct a map of the environment. Reusing
this as a route information source would benefit map-less navigation systems, and
sharing constructed maps in the cloud would also support scalability. However, this
does not convert the problem into a fully map-based setting as in previous accessi-
bility research, because how to construct such maps remains an open research topic.
Although both PathFinder and WanderGuide construct maps, PathFinder builds a
simple LIDAR map, whereas WanderGuide constructs a semantic map in which cap-
tured images are aligned with the LIDAR map. These do not guarantee that the map
contains sufficient semantic information for destination-oriented navigation, such
as the names and locations of destinations. Research on WanderGuide further high-
lighted the need for audio information to be embedded into maps and suggested that
more fine-grained representations than 2D LiDAR maps, such as 3D reconstruction,
may be required to comprehensively explain the environment. How to construct
such maps and how to reuse them as route sources remain open topics.

8.1.4 Interdiciplinery Effort

Beyond the field of HCI, this dissertation also extends to VLN research in the robotics
field. While it is important to explore the design space of map-less systems, the
true realization of such systems also requires progress in each fundamental techni-
cal component. Progress in technology from other fields alone does not necessar-
ily resolve these components, as they often involve unique requirements tailored to
blind users. This calls for interdisciplinary efforts among accessibility researchers
and designers, together with researchers from other fields such as computer vision
and robotics.

Specifically, in this dissertation, we developed a VLN benchmark to evaluate
system performance in scenarios where blind users navigate based on route de-
scriptions provided by sighted passersby. Another potential effort lies in real-time
conversational interaction with MLLMSs. For example, one possible reason that the
workload was high for WanderGuide may be attributed to the Q&A functionality,
which required querying the GPT-40 model through the cloud, resulting in inter-
action delays. If such interaction could be made real-time, as if blind users were
conversing with a sighted companion, they might be able to learn more about the
surrounding environment, potentially leading to greater exploration of places they
find interesting. With recent progress in mobile MLLMs [243], which enables rapid
information access and dialogue, we believe that such real-time interaction will be-
come increasingly feasible. Nonetheless, we note that these off-the-shelf models
often fail to fully satisfy the needs of blind users, particularly in situations where
real-time conversation requires concise yet sufficiently informative responses. This
indicates a need for developing MLLMs specifically optimized for this purpose. We
also note that, as seen in WanderGuide, balancing the advantages of Al-generated
scene descriptions with the ability to convey more concrete and detailed features
remains another open opportunity for interdisciplinary research. As map-less nav-
igation and exploration introduce novel interaction settings, we believe that many
technical components must continue to be developed through interdisciplinary ef-
forts to realize such systems in practice.
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8.2 Conclusion

Towards scalable assistive navigation technology, this dissertation presented map-
less navigation systems for blind people. In this regard, we introduced four sys-
tems: two smartphone systems (Corridor-Walker and Snap&Nav) and two robot
systems (PathFinder and WanderGuide). The main points raised throughout the
individual studies concerned the balance and trade-offs between the performance
degradation caused by map-less settings compared to map-based settings, and the
advantages of scalability offered by map-less approaches. For example, our study
revealed that smartphone navigation systems (Corridor-Walker and Snap&Nav) in-
creased user confidence, reduced cognitive load, and perceived intersection shapes
precisely compared to the use of regular aids, despite requiring more time for nav-
igation. Also, compared to map-based systems, the robotic system PathFinder ex-
hibited longer task completion times and lower levels of confidence and cognitive
load. Nevertheless, participants appreciated its potential for scalability and control-
lability. We further showed that the potential of map-less systems extends beyond
navigation to exploration, and observed that participants were able to enjoy the ex-
ploration, find places they found interesting, and go to those places. Throughout
the research, we adopted collaborative interaction in which human capabilities were
consistently incorporated, such as scanning, capturing floor maps, making decisions
at intersections, and determining where they want to go during exploration. This
interaction was adopted to complement the knowledge lack of the system, which
comes from the unique map-less setting. Finally, this thesis described a VLN bench-
mark that emerged from the need for map-less navigation in scenarios where users
go to their destination based on route descriptions provided by sighted passersby.
We showed how real-world instructions differ from those previously proposed and
found that existing models are not yet sufficient for such scenarios.

Finally, in the discussion, we revisited our research questions and outlined pos-
sible future directions. The first direction is to advance collaborative interaction and
integrate it more deeply into our systems. For example, we could develop an inter-
active VLN model for determining directions with fewer errors or for monitoring
users’ navigation progress. We could also design shared control mechanisms to ad-
dress challenging scenarios for robots, such as navigating through crowds or solving
the last one-meter problem, which WanderGuide was unable to address. Another
important direction is to explore how map information previously gathered can be
reused for future navigation automatically. Converting this into a problem equiva-
lent to map-based navigation is a non-trivial challenge that still requires effort. We
also identified several opportunities for interdisciplinary effort. Advancing floor
map recognition algorithms for sourcing route information remains necessary. Fi-
nally, developing lightweight mobile LLMs tailored for real-time conversation with
blind users would greatly benefit our systems.

We believe that the realization and adoption of map-less navigation technology
will impact the daily lives of blind people by enabling them to navigate various
places independently. In the ultimate future, users will utilize existing solutions
in environments where prebuilt maps and infrastructures are available, and switch
to map-less navigation systems where such resources are not accessible. Moreover,
the use of map-less systems across diverse spaces will potentially make navigation
easier as information accumulates over time. By overcoming the rental business
model of robots, blind people may potentially own such robots in the future as an
alternative third navigation aid.
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