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Abstract 

This thesis aims to support researchers and developers in creating cost-effective, computer 

vision-based assistive solutions for people with visual impairment and blindness (P-

VI/blindness) in indoor environments.  

The primary objective of this research is to propose a framework for designing cost-effective 

solutions that assist P-VI/blindness in understanding their surroundings and locating objects in 

indoor environments that addresses the main existing challenges. The secondary objective of 

this thesis is to apply the proposed framework for the development of a specific cost-effective 

solution that helps P-VI/blindness with scene understanding and locating objects in their 

surroundings. 

At the beginning, a comprehensive systematic mapping study (SMS) was conducted to 

understand the advances of computer vision in the field of assistive solutions for scene 

understanding during the past years. Then a semi-structured interview with eight participants 

having different levels of visual impairment was performed to better understand user needs. 

The SMS combined with the user research served to identify some key challenges in the 

development of such solutions: 

o The integration of user needs and requirements during the design and development 

process. 

o The selection of appropriate technologies (both hardware and software) among the 

various available options, that align with an intended solution. 

o Effectively communicating feedback from the system to users. 

Afterwards, a framework was developed that addresses the mentioned challenges and guides 

researchers and developers in integrating user needs, selecting appropriate technologies, and 

effectively communicating system feedback to users. The framework consists of:  

o The various use cases of an assistive solution for scene understanding in indoor 

environments.  

o The list of functional and non-functional requirements to be fulfilled by an assistive 

solution for scene understanding in indoor environments. 

o A general reference architecture for assistive solutions for scene understanding in 

indoor environments. 
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o A guideline for selecting appropriate technologies for the design and development of 

such solutions. 

Moreover, according to the proposed framework, two solutions are presented to fulfil the 

secondary objectives of the thesis. This thesis adopts two academic and industrial approaches. 

The academic approach focuses on analyzing and evaluating state-of-the-art technologies, 

while the industrial approach aims to develop a minimum viable product as a commercial 

solution. 

Two distinct solutions were developed as secondary objectives: 

1. AssistDiv: A wearable laptop-based solution utilizing an RGB-D camera for scene 

understanding and object location assistance. This prototype was used to assess various 

state-of-the-art technologies and was tested with blindfolded participants. 

2. V-ASSISTANT: A smartphone-based minimum viable product developed to explore 

industrialization potential. This solution underwent preliminary testing with P-

VI/blindness users. 

In conclusion, this thesis provides a valuable framework and insights for researchers and 

developers working on assistive technologies for P-VI/blindness. It addresses critical 

challenges in indoor scene understanding and object location, paving the way for more 

effective, user-centered solutions that can significantly improve the daily lives of P-

VI/blindness. 

 

Resumen 

Esta tesis tiene como objetivo apoyar a investigadores y desarrolladores en la creación de 

soluciones de asistencia rentables y efectivas, basadas en visión por computadora, para 

personas con discapacidad visual y ceguera (P-DV/ceguera) en entornos interiores. 

El objetivo principal de esta investigación es proponer un marco para diseñar soluciones 

rentables y eficaces que ayuden a las P-DV/ceguera a comprender su entorno y localizar objetos 

en entornos interiores, abordando los principales desafíos existentes. El objetivo secundario de 

esta tesis es aplicar el marco propuesto para el desarrollo de una solución específica que ayude 

a las P-VI/ceguera en la comprensión y la localización de objetos en su entorno. 
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Al inicio, se realizó un estudio de mapeo sistemático (SMS) exhaustivo para comprender los 

avances de la visión por computadora en el campo de las soluciones de asistencia para la 

comprensión del entorno en los últimos años. Posteriormente, se realizaron entrevistas 

semiestructuradas con ocho participantes que tenían diferentes niveles de discapacidad visual 

para comprender mejor las necesidades de los usuarios. 

El SMS, combinado con las entrevistas semiestructuradas, identificó los principales desafíos 

en el desarrollo de dichas soluciones: 

o La integración de las necesidades y requisitos del usuario durante el proceso de diseño 

y desarrollo. 

o La selección de tecnologías apropiadas (tanto de hardware como de software) entre 

varias opciones disponibles, que se alineen con la solución prevista. 

o Comunicar de manera efectiva la retroalimentación del sistema a los usuarios. 

Posteriormente, se desarrolló un marco que cubre los desafíos mencionados y guía a los 

investigadores y desarrolladores en la integración de las necesidades del usuario, la selección 

de tecnologías adecuadas y la comunicación efectiva de la retroalimentación del sistema a los 

usuarios. El marco se compone de: 

o Los diversos casos de uso de una solución de asistencia para la comprensión de escenas 

en entornos interiores. 

o La lista de requisitos funcionales y no funcionales que deben cumplir las soluciones de 

asistencia para la comprensión de escenas en entornos interiores. 

o Una arquitectura de referencia general para soluciones de asistencia para la 

comprensión de escenas en entornos interiores. 

o Una guía para la selección de tecnologías apropiadas para el diseño y desarrollo de tales 

soluciones. 

Además, de acuerdo con el marco propuesto, se presentan dos soluciones para cumplir con los 

objetivos secundarios de la tesis. Esta tesis adopta dos enfoques: uno académico y otro 

industrial. El enfoque académico se centra en analizar y evaluar las tecnologías más avanzadas, 

mientras que el enfoque industrial tiene como objetivo desarrollar un producto mínimo viable 

como solución comercial. 

Se desarrollaron dos soluciones distintas como objetivos secundarios: 
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1. AssistDiv: Una solución portátil basada en una laptop que utiliza una cámara RGB-D 

para la comprensión de escenas y la asistencia en la localización de objetos. Este 

prototipo se utilizó para evaluar diversas tecnologías avanzadas y fue probado con 

participantes con los ojos vendados. 

2. V-ASSISTANT: Un producto mínimo viable basado en un smartphone desarrollado 

para explorar el potencial de industrialización. Esta solución fue sometida a pruebas 

preliminares con usuarios P-VI/ceguera. 

En conclusión, esta tesis proporciona un marco valioso y conocimientos útiles para 

investigadores y desarrolladores que trabajan en tecnologías de asistencia para P-VI/ceguera. 

Aborda desafíos críticos en la comprensión de escenas en interiores y la localización de objetos, 

allanando el camino para soluciones más efectivas y centradas en el usuario que puedan 

mejorar significativamente la vida diaria de las P-VI/ceguera. 
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1 Introduction 

1.1 Contextualization and Background 

The motivation for this thesis stems from the need to develop innovative solutions for assisting 

the people with visual impairment/blindness (P-VI/blindness) in understanding their 

surroundings in indoor environments. This work draws inspiration from a previous doctoral 

thesis directed by Dr. De Antonio—“Computational model for the generation of directions for 

object location in virtual environments: spatial and perceptual aspects,” defended by Graciela 

Lara in 2016. Her thesis was focused on the problem of generating indications, as messages in 

natural language, to assist the user in the location of objects. The proposed solution was 

applicable only in fully virtual environments and was oriented to provide assistance to a sighted 

user. 

Conversely, in this thesis, real spaces, and real objects, will be considered. In terms of 

developing computerized representations of the environment, considering real locations and 

things poses an immensely complicated problem. While in virtual environments, a semantic 

model of the environment can be pre-constructed, and its dynamic update is relatively simple 

from the interactions and behaviours, in real environments, we rarely have previous 

computerized models of the environment, and keeping these models updated is difficult 

because changes in the environment can occur without the system being aware of them. 

Additionally, the target end user for this thesis are P-VI/blindness which makes the whole 

process of system’s feedback different in comparison with a system designed for the sighted 

users. Graciela Lara's thesis focused on the automatic generation of natural language 

instructions to assist in locating objects. These instructions could take egocentric references 

(relative to the user's body) or exocentric references (relative to other objects) and relied 

heavily on visual characteristics (size, color, shape) and spatial relationships between objects. 

The first step for the generation of instructions involved selecting an appropriate reference 

object, which was achieved through a computational model of object's perceptual salience 

combined with other factors such as proximity or user's previous knowledge. Next, spatial 

relationships between the reference object and the target object were determined, resulting in 

instructions such as "the bracelet is to the left of the yellow vase that is on the round table". 
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However, these types of instructions would not be useful for users with visual impairments, so 

new criteria and algorithms for generating instructions would be needed. 

According to a World Health Organization (WHO) study, there are approximately 285 million 

persons with visual impairment (P-VI) worldwide, with 39 million completely blind [1]. Many 

of these people struggle with some of their daily tasks. These tasks include navigating an 

environment, identifying obstacles in their path, and identifying objects in their surroundings.  

Furthermore, forming a mental map is difficult for them due to their visual limitations. 

Cognitive or mental maps are mental models used to learn, understand, simplify, and explain 

human interactions with their surroundings, which include object locations, observations, 

routes, spatial relations, and so on [2]. Various solutions [3], [4], [5] have been created and 

developed over the years to address the challenges that P-VI/blindness face. For example, 

providing information about their surroundings in the form of audio or tactile feedback can aid 

in the formation of mental maps [6]. Moreover, by analyzing and describing image content 

from the users’ surroundings, scene descriptions can aid in developing a cognitive 

understanding of surroundings, thus easing navigation for those with visual impairments. 

The process  of describing the image content is a complicated task, since it combines techniques 

from computer vision and natural language processing in order to analyze and understand 

images and generate descriptions. Besides, for having a more vivid description, it is necessary 

to depict the objects' positions in the three-dimensional space and express the relationships 

amongst these objects, which adds an extra layer of complexity to this task. It is also difficult 

to determine which parts of the information about the scene are most relevant to the user and 

should be included in the description, leaving out others that would make the description too 

long. There has been previous work on image description [7], [8] mainly for sighted users but 

the process becomes even more challenging when describing a scene or an image to a person 

who is blind.  

Many researchers have been working on assistive solutions that use technologies such as RGB-

D cameras, ultrasonic sensors, optical beacons, LiDAR, RFID tags, or WiFi access points to 

make everyday tasks easier for the P-VI/blindness. These new solutions have many advantages 

over traditional ones, such as white canes and guide dogs. White canes, for instance, cannot be 

used to detect obstacles that are farther away, and they are only useful for detecting obstacles 

on the footpath that are at knee level. Guide dogs, on the other hand, have more advantages 
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than white canes, but they also have disadvantages, such as high costs associated with raising, 

training, and caring for the animal [9]. Furthermore, the use of computer vision and deep 

learning in assistive technologies for P-VI/blindness has grown in popularity among 

researchers in recent years. These technologies have created game-changing opportunities for 

the development of more effective and useful assistive tools for them. 

It is important to mention that this thesis has an industrial approach, targeting not only the state-

of-the-art challenges but also considering the commercial aspects of the development of an 

assistive solution. A part of this work was undertaken in a company (GOFORE Spain S.L.) 

which co-funded and facilitated the process of research and development. They provided the 

facilities to implement different prototypes of the solution which, ultimately, led to securing 

some funds for the development of the industrialized smartphone version by being one of the 

final selected start up ideas of EIT Digital Venture Program 2023. 

1.2 Motivation and objectives 

This research work will explore how the P-VI/blindness perceive the world around them in 

indoor settings, how the current solutions provide assistance regarding indoor scene 

understanding, locating their needed objects, and will identify the main existing issues. This 

research is focused on indoor scene understanding for several reasons. Both outdoor and indoor 

scene understanding and navigation have their challenges for the P-VI/blind. However, indoor 

environments present unique challenges that set them apart from outdoor environments. 

Outdoor navigation typically allows for the use of environmental cues (e.g., tactile paving, 

traffic light sounds, etc.) and the white cane, a popular mobility aid that helps in detecting 

obstacles in the path [10]. Many of these landmarks, however, become less effective or 

completely inaccessible when individuals with a visual impairment navigate through indoor 

spaces such as public buildings, shopping malls or any unfamiliar indoor environment. 

Furthermore, indoor environments usually have more complicated architectural designs, 

making the navigation and scene understanding tasks more difficult for them [11]. The 

navigation problem is exacerbated by the fact that assistive technologies that use Global 

Positioning System (GPS), which are effective outdoors, cannot be used indoors due to lack or 

imprecision of GPS signals [12]. This implies that a new set of solutions and technologies for 

understanding indoor scenes must be developed.  
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This work is a step in that direction, with the goal of delving deeper into the unique 

complexities of indoor environments and exploring potential solutions for better indoor scene 

understanding.  

Moreover, this work will explore technologies that are potentially useful for our purpose, 

focusing mainly on computer vision technologies which have improved greatly in recent years 

and currently represent the most promising option. Nowadays, it is possible to recognize 

objects using deep learning techniques, more quickly and accurately than ever before. 

However, while it is currently possible to identify the objects that appear in a scene with a 

considerable accuracy, it is more difficult to obtain an accurate location of the objects in the 

three-dimensional space.  Measuring the exact distance of an object/obstacle to the user is one 

of the challenges of creating assistive solutions for blind people. This is because the 3D location 

of an object in the real world often needs to be obtained from a 2D image taken by a monocular 

camera. Ultrasonic sensors, point clouds, RGB-D images (taken by stereo vision cameras), or 

mathematical estimations are solutions proposed to address this problem. Identifying the most 

appropriate technologies for the intended use cases of a cost-effective specific assistive solution 

is a challenging task. 

Another big challenge is providing a good user experience. To accomplish this, it will be 

necessary to explore how people with disabilities construct spatial mental models (and the 

differences between individuals).  

According to the points discussed, the main objective of this thesis is: 

Developing a framework for the design of cost-effective assistive solutions for P-

VI/blindness, aimed at indoor scene understanding, that helps designers to: 

• Understand the needs and characteristics of the target users, to develop more 

suitable solutions, by providing a list of the possible use cases and the functional 

and non-functional requirements to be considered. 

• Choose appropriate technologies (hardware & software) for developing such 

solutions, according to the proposed technology selection guidelines which 

include different factors such as effectiveness, acquisition cost, computational 

resources and their limitations. 

• Consider the user experience when designing the interaction with the assistive 

solution based on the functional and non-functional requirements. 
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• Design the solution according to a general reference architecture for assistive 

solutions for scene understanding in indoor environments. 

 

As a secondary objective, the framework will be applied for the development of a cost-

effective solution that enables P-VI/blindness to: 

• Understand their surroundings in indoor environments. 

• Locate objects in their surroundings. 

 

Since this work is an industrial doctorate, two different approaches were considered. The first 

approach (academic research) was focused on the analysis and evaluation of different state-of-

the-art technologies that could be used for the development of the intended solution with a 

focus on delimiting the current technical possibilities and barriers, and subsequently, the 

proposal of a framework that would provide designers with tools to overcome the main 

limitations and challenges found in the state of the art. The second approach (industrialized) 

was focused on developing a cost-efficient minimum viable product as a commercial solution 

that could be accepted by the target end users. These two approaches were followed in parallel, 

leading to the development of two distinct solutions. The first (AssistDiv) is a wearable laptop 

version that was utilized to assess and analyze the possibilities of various state-of-the-art 

technologies. Users wearing blindfolds were asked to test and validate our prototype. The 

second one (V-ASSISTANT) is a minimum viable product for smartphones that was developed 

to explore the potential for industrialization. It is important to note that the proposed framework 

was used in the development of both solutions. 
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2 State of the art 

During the past years, various smart assistive technologies for P-VI/blindness have been 

developed. To fully understand the current state-of-the-art of such solutions, first the existing 

literature review papers were considered and then, through a systematic mapping review [13] 

the latest advancements of this rapidly evolving field were investigated. The review highlighted 

the main challenges of the field and compared different approaches of computer vision-based 

assistive solutions in recent years. In the following sections, the process of conducting the 

systematic mapping is explained and then different aspects of the state-of-the-art assistive 

technologies are discussed. 

2.1 Systematic mapping study 

The method used for our systematic mapping study (SMS) is the one proposed by [14]. A 

systematic mapping study’s goal is to obtain a detailed overview of a research subject, provide 

a review of existing literature, identify research gaps, and gather evidence for possible research 

directions [15]. Consequently, the goal of our research was to gather relevant publications that 

were related to computer vision-driven scene understanding for P-VI/blindness, and present an 

overview of the status quo highlighting the research gaps. 

A number of research questions were defined to specify the objective of the SMS as follows: 

1. What are the current computer vision solutions for scene understanding? 

2. How are computer vision methods used to assist blind users with their daily activities? 

3. How have proposed solutions been evaluated? 

After defining the research questions, the process of collecting papers began. 

The major terms used for performing the paper search were “Computer vision,” “Visual 

Impairment” and “Accessibility”. By combining these three terms and using similar keywords, 

the initial set of papers were collected. The list of keywords used in the search is listed in Table 

1. The scope of the search considered the papers that were published after January of 2017 in 

journals, academic conferences, workshops, and academic books. Web pages, non-academic 

publications and patents were excluded from the search scope. The search strategy is outlined 

in Table 2. The reason for choosing the papers that have been published after 2017 was that 
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computer vision methods for object detection have improved drastically since that year and 

brought significant improvements in the scene understanding research for the P-VI/blindness. 

 

Major terms Alternative terms 

Visual impairment (Blind people OR visual* impair*) AND 

Computer vision (Computer vision OR visual computing OR object 

recognition OR image processing OR computational 

perception) AND 

Accessibility (Accessibility OR scene understanding OR spatial 

information OR mobility OR assist*) 

Table 1 - Search strings 

  

Academic databases Google Scholar  

IEEE Xplore  

ACM Digital Library  

Scopus 

Target Items Conference papers Workshop papers Journal papers 

Excerpts of academic books 

Search applied to Title Abstract Keywords 

Language English written papers 

Publication period From January 2017 up to June 2021 

Table 2 - Search strategy 

According to the research questions, several categories were defined to analyze and compare 

existing solutions. The three major categories are “Scene Understanding”, “Assistance 

Services” and “Evaluation”. “Scene Understanding” is related to the first research question and 

is focused on the level of the perception that the system has from the surrounding environment 

of the user. The “Assistance Services” category is related to the second research question and 

defines how the understanding of the outside world by the system is going to assist P-

VI/blindness. Finally, the “Evaluation” category collects information about the way in which 

the solution was evaluated. Each of the topics will be covered in depth in the next sections. 
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Figure 1 depicts an overview of the selection procedure. The initial number of search results 

retrieved from all databases was very large (approximately 27,000 for papers published after 

2017). To select appropriate papers for the research, the exclusion criteria were applied to the 

first 50 papers based on their relevance and publication date (most recent). If more than 10 of 

these 50 papers were relevant to the topic, the subsequent 50 papers were also analyzed. This 

procedure was repeated until fewer than 10 relevant articles were discovered. The abstracts, 

introductions, and conclusions of the papers were regarded as the primary source when 

applying the exclusion criteria (Table 3). In some instances, additional sections of the papers 

were read to improve comprehension. After removing duplicates (992 results) and applying 

exclusion criteria, 180 papers were left for full text reading, of which 105 were useful for the 

review. We excluded a large number of papers because our focus was on those that provided a 

practical and tangible solution. This signifies that we disregarded papers describing 

frameworks or solutions lacking implementation (e.g., prototype, proof of concept (POC), or 

simulation). 

 

 

Figure 1 - Paper selection process 
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Exclusion criteria 

1. Papers that are not relevant to the primary research goals. This is obtained after reading the 

abstract, introduction and conclusion of the papers. 

2. Papers published in non-academic web pages, personal blogs, or patents  

3. Papers without providing a solution for obstacle detection and/or object recognition 

4. Solutions that lack implementation 

5. Not written in English 

Table 3 - Exclusion criteria 

2.1.1 Mapping results 

The distribution of articles published each year is seen in Figure 2. The number of published 

papers in this field increased substantially in the recent years. The consistent growth in the 

number of published articles demonstrates that the subject has received more focus in recent 

years. This is mostly due to advancements in deep learning algorithms, cloud-based computer 

vision services, and mobile devices. 

 

Figure 2 - Paper distribution 
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2.1.2 Data extraction 

A template was created for data extraction for the papers that were selected to be read in full 

so that the comparison and tracking of the data in the papers would be simpler. To compare 

existing solutions, a number of categories were defined in accordance with the research 

questions. "Scene Understanding", "Assistance Services" and "Evaluation" are the three main 

categories. The phrase "Scene Understanding" relates to the first research question and focuses 

on how much the system perceives the user's surroundings. The second research question is 

related to the "Assistance Services" category, which describes how P-VI/blindness will be 

helped by the system's understanding of the outside world. Finally, information about the 

method used to evaluate the solution is gathered under the "Evaluation" category. The major 

categories and subcategories are listed in Table 4. 

Scene understanding—RQ1 Object recognition 

Obstacle detection 

Depth detection 

Algorithms used 

Hardware used 

Assistance services—RQ2 Type of assistance 

Modality 

Evaluation—RQ3 Technical evaluation 

User testing evaluation 

Table 4 - Analysis categories 

2.2 Scene understanding 

Scene understanding for the P-VI/blindness has some differences with the classical approach. 

It is very important that the process of analyzing and perceiving the environment by the system 

occurs in a level that can be beneficial for the P-VI/blindness. For instance, it is crucial that the 

algorithms have sufficient swiftness and accuracy in detecting/recognizing obstacles and 

objects to give prompt feedback to the user when it is necessary. Additionally, semantic 

understanding of the environment by the system and finding the relations between different 

objects in a scene are important to give a comprehensible description of the environment to a 

user that has no access to visual cues. After comparing the various research approaches, it was 
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concluded that previously (since 2000 to early 2010s), most of the solutions were focused on 

obstacle detection or image enhancement techniques to make it adapted for visually impaired. 

Image processing was used to make the images perceivable for the visually impaired people. 

For instance, in [16] [17] researchers used techniques like contrast enhancement, image 

mapping and magnification. Their aim was to increase the visibility of the important features 

of an image (e.g., edges). However, these methods had some limitations. For example, the 

algorithms added too much noise to the image or amplified the contrast of some parts of the 

image that were not necessary for scene understanding. 

Lately, object recognition, which is a more efficient method for scene understanding, has 

become more popular thanks to technological advancements. The percentage of solutions with 

object recognition has been increasing in the last years, as shown in Figure 3. 

 

Figure 3 - Frequency of object recognition in the solutions 

Mainly, scene understanding for the blind comprises three general aspects. One of the most 

crucial features of scene understanding is object recognition. There are several ways for 

identifying an item using computer vision, each with pros and cons. Another essential 

component that must be added in order to notify people and avoid barriers in the surroundings 

is obstacle detection (Figure 4). In this category, we examine each solution's strategy for 

detecting impediments, whether using sensors or cameras. Finally, depth detection is one of 

the most complicated components of developing assistive solutions. Estimating the 3D position 

of items in the actual environment in real time using computer vision is still a difficult problem.  
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Figure 4 - Solution approaches during recent years 

Additionally, other tasks such as scene recognition (detecting the type of scene e.g. bathroom, 

bedroom, kitchen, etc.), text detection (detecting texts located in any part of the scene), and 

color detection are a few of the other features that are included in some assistive solutions 

which will be discussed in the following sections. 

2.2.1 Object recognition 

Object recognition tasks such as object detection, semantic segmentation, and instance 

segmentation are all closely related. Object detection identifies the presence and location of 

objects in an image, instance segmentation identifies the location and boundaries of individual 

instances of objects, and object segmentation identifies the regions of an image belonging to 

different semantic classes [18] [19]. All three objectives require learning picture characteristics 

and applying those features to additional tasks such as image captioning, object identification, 

and image annotation. These techniques are extremely effective in the field of assistive 

technology for scene understanding. Next it is described how each of them is applied in various 

solutions. 

2.2.1.1 Object detection 

During the past years, the use of deep neural networks (DNN) for object detection, especially 

the latest convolutional neural network (CNN) models such as ResNet [20] or GoogLeNets 

[21], has considerably extended the potential of computer vision for developing assistive 

solutions for the VI/blind. They have a notably superior performance that makes real-time 

object recognition more achievable in comparison with shallow networks such as AlexNet [22]. 

In addition, CNNs can learn high level semantic features from the input data automatically, 
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optimize multiple tasks simultaneously such as bounding box regression and image 

classification, and solve some of the classical challenges of computer vision [23]. 

There are different ways to implement an object recognition solution. One common approach 

is to execute the process of recognition remotely on cloud services like Google Cloud Vision, 

Microsoft Azure Computer Vision, Amazon Rekognition [24], etc. These services are already 

trained with huge datasets that enable improved performance. In [25] a mobile system was 

proposed that uses Google Cloud Vision to recognize objects, texts and faces. There are also 

solutions that provide their own cloud computing algorithms for image processing. For 

instance, inn [26] a remote object detector is developed using an improved version of ResNet 

[20] network. These services mostly have a Representational State Transfer (REST) 

Application Programming Interface (API) to handle communication between the client and the 

server. Companies that provide these services usually calculate the costs based on the number 

of requests sent to the server by the client. 

Local image processing is another approach used in many solutions which undertake the 

computations related to the object recognition on the client side. Nevertheless, this approach is 

usually confined to a limited number of objects due to hardware limitations. In [27] an android 

app was made for VI people that locally recognizes objects. They used MobileNets [28] for 

object recognition which is a neural network for mobile and embedded vision applications. 

Single Shot Detector (SSD) [29] with MobileNets [28] architecture is another popular 

algorithm which is used in a considerable number of solutions for object recognition and can 

bring fast and efficient results. SSD can detect multiple objects in an image by taking a single 

shot. Visual Geometry Group (VGG16) [30], which is a convolutional neural network model, 

is the base network of the SSD algorithm, followed by a multi-scale feature layer for object 

category and bounding box predictions. SSD generates anchor boxes in various sizes and 

predicts objects based on their size. Larger objects are detected by deeper network features and 

smaller ones are detected by the shallower networks. The inference time of the SSD512 [29] 

model is 22 milliseconds with about 76.8% Minimum Average Precision (mAP) on Pascal 

VOC2007  [31] dataset of images, which shows its competence and swiftness in object 

detection [29]. YOLO [32] is a CNN-based object detection technique and uses Darknet [33] 

which is an open source network framework written in C and CUDA. YOLO divides an image 

into SxS grids and generates B bounding boxes for each of them. Afterward, it predicts the 

probability of classes for objects and their corresponding bounding boxes. In [32], YOLO 
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VGG-16 had an inference time of 47 milliseconds with 66.4% mAP on Pascal VOC2007 

dataset of images, which is close to the SSD performance. Different versions (YOLO v3 (Tiny) 

[34], YOLO v2 [35],YOLO 9000 [36]) were used in different researches. The accuracy and 

number of objects that could be detected varies for each version. For instance, TinyYolo is 

made for mobile devices and is able to recognize a lower number of objects compared with the 

other versions. Moreover, in [37], [38] Stixel-World [39] was applied, which is a method that 

is mostly used in autonomous cars, to help P-VI/blindness navigate in an environment. Stixels 

algorithm provides environmental awareness based on the depth images provided by an RGB-

D camera. RGB-D images are captured using cameras that work in association with sensors for 

distance estimation. Stixels segments objects in the image in front of the user in vertical regions 

according to their depth and disparity in the environment. Afterward, using object recognition 

techniques, Stixels semantically categorizes objects in the scene. 

In another study [40], object detection algorithms, such as various versions of YOLO, SSD and 

R-CNN [41] were compared. There is always a tradeoff between precision and the speed of the 

algorithms. In their comparison YOLOv7 outperformed the other existing object detection 

algorithms in terms of precision and speed. However, it is important to note that the 

performance of these object detection algorithms varies depending on the environment lighting 

conditions, image quality and the objects' visibility and positioning in the image [42], [43]. 

Therefore, it is important to choose a model that matches the use case of the assistive solution. 

YOLO and SSD are very popular because they are achieving a balance between accuracy and 

speed. Figure 5 shows the distribution of object recognition algorithms in the reviewed 

solutions. As it is shown in the figure, YOLO is the most popular solution for object 

recognition. The remaining “Other Neural Networks” in Figure 5 are the algorithms which are 

used in the solutions are various local object recognition methods that are using Inception-v3 

[44], stochastic gradient descent (SGD) algorithms on Keras [45], [46], OpenCV [47] functions 

or Computer Vision System Toolbox of MATLAB [48], [49], to name a few. Appendix 1 

contains the object detection methods used in the reviewed solutions. It is important to mention 

that the quality of the input images sent to these algorithms can affect their performance 

noticeably. For example, images taken at night or in low light conditions can have a high noise 

level or distortion that can reduce the accuracy of object detection algorithms. To overcome 

this problem, there are different methods. For instance, [50], [51], [52] used a Gaussian filter 
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that blurs the image in order to remove the noise and unnecessary details in the images before 

sending them to the algorithm.  

 

 

Figure 5 - Distribution of cloud and local object recognition services 

 

2.2.1.2 Semantic and instance segmentation 

Another approach to detecting objects in an image is employed in instance segmentation and 

semantic segmentation. Semantic segmentation involves classifying every pixel in an image 

into a predefined category [19], effectively providing a comprehensive understanding of the 

scene by labeling regions with categories such as "road," "sky," or "building." However, it does 

not differentiate between separate instances of the same object class. Instance segmentation, 

on the other hand, takes this a step further by not only identifying the class of each pixel but 

also distinguishing between different instances of the same class [18]. This means that in an 

image with multiple cars, instance segmentation will recognize and label each car separately.  

In contrast to object detection, which locates objects within an image and generates bounding 

boxes around them, instance and semantic segmentation takes object boundaries a step further 

by defining them at the pixel level. This increased accuracy makes it possible to perceive a 

situation more thoroughly, which could be very useful for assistive technology for P-

VI/blindness. 
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Instance segmentation can be roughly divided into segmentation-based methods and detection-

based methods. Segmentation-based methods predict pixel-level categories and then aggregate 

pixels belonging to the same class to achieve instance segmentation. Detection-based methods 

approach the task by first detecting objects and then refining the detections to produce 

segmentation masks for each object instance. Detection-based methods trace back to models 

like Mask R-CNN [53]. Mask R-CNN, in particular, is a popular method that extends Faster 

R-CNN [54] by adding a branch for predicting segmentation masks, making it effective for 

instance segmentation tasks. Additionally, recent methods involve hybrid models that 

incorporate multi-scale convolution and attention mechanisms to enhance the detection of 

small resolution objects [55].  

2.2.2 Object/obstacle location 

The process of detecting the location of objects is divided into two tasks. Detecting the object 

in the scene and finding its location. For the first task, the object detection algorithms that can 

be used have already been brought up for discussion in the previous section. It is important to 

note that the same techniques could be used for obstacle detection. Nevertheless, the process 

of determining the three-dimensional position of the object/obstalce in the surrounding 

environment is a challenging task. For detecting obstacles in the environment, there are usually 

two different approaches: distance sensors (e.g., ultrasonic, LiDAR and infrared (IR) 

triangulation) or camera-based (e.g., monocular or RGB-D cameras) techniques. In some cases, 

the combination of both techniques is used for better accuracy. Computing the exact distance 

of an object/obstacle from the user is one of the complications of creating camera-based 

assistive solutions for blind people. This is because the 3D location of an object in the real 

world is often inferred from a 2D image taken by a monocular camera. Ultrasonic sensors, 

point clouds, RGB-D images (taken by stereo vision cameras) or mathematical estimations are 

the solutions that have been proposed for tackling this problem. In this section, different 

approaches are discussed. 

2.2.2.1 Depth Cameras 

Depth cameras are used to provide information about the distance between objects in a scene. 

Different cameras have been developed to do this task. Various types of depth cameras are 

described in this section. Each type of has its own benefits, which can vary depending on 
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the processing power, computational time, range limitation, cost and the environment in which 

it is employed (e.g. lighting conditions, environment size, colors etc.).  

2.2.2.2 Stereo vision cameras 

A stereo camera relies on binocular vision, the same principle upon which the human eye 

operates. Stereo disparity is used by human binocular vision to determine the depth of an object 

[56]. Stereo disparity is the method of determining the distance to an object by using the 

difference in the location of the object as seen by two distinct sensors or cameras or eyes in the 

case of humans. Researchers have worked on this method for decades and developed numerous 

systems [57]. Nevertheless, stereo vision cameras have certain limitations. The distance 

between the two cameras imposes fundamental limitations on stereo vision. Specifically, depth 

estimates tend to be imprecise when large distances are considered, as even very small angle 

estimation errors result in large distance inaccurate estimations. Moreover, stereo vision tends 

to fail in texture-less regions of images where pointers for detecting differences in images taken 

by the lenses cannot be reliably located. 

Some cameras (e.g. Inteal RealSense D455) include a projector besides the stereo camera. This 

method employs the projection to either simplify the correspondence matching between the 

camera images (Infrared (IR) projector that projects a dot pattern). This approach has a 

significant advantage in low-light environments or when the texture is not very distinctive.  

2.2.2.3 Structured Light Cameras 

A structured light-based depth sensing camera projects light patterns (typically stripes or 

speckled dots) onto the target object using a laser or LED light source. The depth is determined 

by analyzing the observed distortions in them. (e.g. first version of Kinect or the Intel 

RealSense SR305 [58]). These cameras provide high - precision depth information at a 

relatively high resolution and function well in low-light conditions. However, the detection 

range of SR305 and similar cameras are not promising in long range. In [59] findings 

demonstrated that the camera works the best at short range and significantly worsens in 

distances greater than 55 cm. In addition, some structured light cameras require more 

computational power and processing time to operate since they require multiple projections in 

comparison with stereo vision cameras. Such cameras do not work well on highly reflective, 

transparent, very dark surfaces or in outdoor environments where the lighting is intense [60]. 
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2.2.2.4 Time-of-Flight (ToF) Cameras 

Time-of-Flight (ToF) cameras (e.g. Kinect Azure [61]) acquire depth data by calculating the 

time required for a light ray to travel from a light source to an object and return to the sensor. 

In the case of Kinect Azure, the maximum distance range for depth detection is up to 5.46m 

[62]. Other types of ToF cameras such as laser-based cameras (LiDAR) are more suitable for 

longer range depth detection. For instance, Intel RealSense LiDAR Camera L515 can estimate 

the depth up to 9 meters [63]. LiDARs are commonly utilized for 3D measurements in outdoor 

environments. The primary benefits of LiDAR sensors are their high resolution, precision, low-

light performance, and speed. However, LiDARs are costly and not energy-efficient devices, 

making them inappropriate for consumer products [64]. 

2.2.2.5 Monocular-depth estimation methods 

Besides the discussed methods, there are some other approaches such as deep learning-based 

methods that became popular during the recent years. It has been demonstrated by the current 

state of the art that monocular depth estimation methods could be a viable solution to various 

depth-related challenges. In [65] a depth prediction network was built that provides a depth 

map from a single RGB image. Their predictions work with images taken with different camera 

models. Various kinds of Neural Networks (NNs), like CNNs [66] and RNNs [67], have been 

implemented showing the effectiveness of monocular depth estimation. In [68] a CNN network 

was used for calculating the distance of the obstacles. Their method works more accurate than 

some devices like Kinect, according to their comparisons. 

These methods require a relatively small number of operations and less complications 

compared to more complex depth measurement techniques that involve multi-camera or multi-

sensor setups. In contrast to stereo vision or other sensor-based depth measurement methods, 

monocular depth estimation does not require alignment or calibration. Moreover, the ability of 

monocular depth estimation to operate with a single camera viewpoint allows for greater 

flexibility in deploying computer vision systems across different environments and platforms. 

Accurate monocular depth estimation methods can contribute significantly to the 

comprehension of 3D scene geometry and 3D reconstruction, especially in economical 

applications [69]. However, the performance of these methods heavily depends on the data that 

the models were trained on. 
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The generalization ability and reliability of a deep learning model are largely determined by 

the quality of the datasets. For instance, a deep learning monocular depth detection model that 

was trained in daylight might not have a good performance at night time [70]. To enhance the 

accuracy of depth estimation, it is necessary to collect more data of higher quality and from a 

wider variety of scenes. Nevertheless, these existing datasets used for depth estimation are 

limited, and creating a new dataset is both time-consuming and costly [71]. 

In [72] a mathematical method was used which is proposed in [73] for object distance 

estimation. In [72] they claimed that this method has a high accuracy in distance estimation 

and can detect an object’s distance up to more than 10 meters. The solution in [74] is based on 

another mathematical method that uses depth images and fuzzy control logic for the 

approximate measurement of obstacles’ distance. This solution divides the frame into three 

parts (right, left and center), categorizes the location of obstacles in three different categories 

and provides audio feedback for the user according to them. If the user faces any obstacles, the 

system makes decisions in order to avoid them based on 18 different fuzzy navigation rules 

that depend on the location and distance of the obstacles. 

2.2.2.6 Distance sensor-based techniques 

Using sensors has been a more common approach for obstacle detection in comparison with 

camera-based techniques. Among the different kinds of sensors, ultrasonic is very popular. 

This is because of their accuracy, low cost, low power consumption and ease of use 

[52]. Ultrasonic sensors have a transmitter that generates sound waves with a frequency that is 

too high for human ears to hear. Then, the receiver of the sensor waits for the rebound of the 

sound and based on that, the distance with the obstacle will be calculated. These sensors are 

better at detecting transparent objects compared to light-based sensors or radars. They can be 

mounted on a walking stick or other mobility aid that produces a beeping sound or vibration 

when an obstacle is detected. The advantages of ultrasonic sensors are their capability of 

detecting dark surfaces [13], working in dim lighting, detecting transparent objects and low 

power consumption. Many solutions such as [52], [75], [76] were developed utilizing these 

sensors. However, there are a few drawbacks, including a short detection range (about 2 meters) 

[77] and poor accuracy when detecting soft or curved objects. 
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As an example, in [25] ultrasonic sensors were used for the detection of knee level and low-

lying obstacles. One of the drawbacks of using sensors is that they cover a short range and can 

only detect close obstacles, which makes them more suitable for indoor environments.  

Infrared sensors, on the other hand, utilize infrared radiation to detect the presence of objects 

in the environment and can also be used to identify obstacles. They are effective at detecting 

soft objects and are better compared to ultrasonic sensors at detecting the edges of objects. 

However, the detection range of infrared sensors (from around 20 cm to 150 cm [76]) is quite 

limited. 

2.2.2.7 Combined distance sensor and camera-based techniques 

Lately some researchers have combined these two approaches. In [52] ultrasonic sensors and 

RGB-D cameras were used for obstacle detection. Their electronic travel aid (ETA) processes 

the data received from an RGB-D camera using a Raspberry pi 3 B+ which has ultrasonic 

sensors attached to it for distance estimation. The combination of these two approaches 

provides a more accurate obstacle detection. Appendix 2, contains the detail of the different 

obstacle detection techniques that were used in the reviewed solutions. 

Additionally, in a couple of studies [78], [79] the Simultaneous localization and mapping 

(SLAM) method is used for navigation and obstacle avoidance. SLAM [80] can determine the 

position and orientation of the sensor relative to the surrounding environment while also 

mapping the environment. Visual SLAM [81] is a type of SLAM that uses camera image input 

to perform SLAM positioning and mapping in unknown environments. Researchers in [82] 

proposed a blind guidance system using both tactile and auditory feedback by combining ORB-

SLAM [83] and YOLO. The system had the capability to identify the precise category of 

obstacles and provide their location through real-time voice messages, and to plan paths 

avoiding obstacles. To avoid obstacles, an obstacle avoidance algorithm based on a depth 

camera was implemented. Simultaneously, an algorithm for converting the sparse point cloud 

generated by ORB-SLAM into a dense navigation map was developed. In addition, image 

recognition based on the YOLO algorithm was used in real-time to detect the obstacle target. 

SLAM methods for assistive solutions are still recent, but they promise to be an influence in 

the future of navigation and obstacle avoidance. 



 21 

2.2.3 Scene recognition 

When sighted people look at an image of an environment, they can comprehend different 

aspects of it, such as what is occurring, who is engaged, what is shown in the image, and how 

the various elements are related to one another. Through this information, it is possible to 

identify the environment and situation they are in. However, people with a visual impairment 

face difficulties in this regard. In order to address this issue, incorporating a scene recognition 

feature in an assistive app could be extremely beneficial [84]. 

Scene recognition using computer vision is an attempt to recognize the image's content, the 

items present, their locations, and the semantic links between them [85].  

Early scene recognition methods (in the beginning of 2010s) were mainly based on global 

attribute descriptors which are composed of a few basic visual characteristics to simulate 

human perception [84]. Global attribute descriptors offer a high inference speed since they can 

be generated using some pre-defined numerical computations without the need for training. 

However, they are only able to collect a small number of basic visual cues, which restricts their 

capacity and results in low accuracy [86]. Subsequently, to boost the performance of 

recognition, patch feature encoding was introduced. More resilient than global attribute 

descriptors, algorithms based on patch feature encoding can handle complexities such as 

cluttered backgrounds and object deformation within a specific region. Nonetheless, neural 

networks, particularly deep learning models [87], consist of multiple layers of interconnected 

neurons, each designed to progressively extract higher-level features from input images. As 

these networks become deeper and more complex, they can learn highly detailed patterns. 

However, this complexity also leads to increased computational requirements, especially 

during the inference phase, where the network processes new inputs to make predictions. Each 

additional layer or image patch adds to the computation load, thereby slowing down the system. 

In general, the techniques based on patch feature encoding can be used in some particular use 

cases when computational resources and scene categories are constrained, and reaction time is 

more important than recognition accuracy [86]. 

Later (since 2017), with the advancements in deep learning and convolutional neural networks 

(CNN), more advanced methods such as the ones in [88], [89], [90] was presented with a high 

classification performance. For scene recognition using CNNs, features from intermediate and 

high layers are more useful because they represent more sophisticated concepts (e.g. parts and 
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objects) than those from low layers (e.g., edges and textures). Low layers usually contain 

repetitive or correlated information [86].  

During the past years, several “Hybrid” models that try to combine the power of feature 

encoding and end-to-end networks have evolved. Patch features and global features from the 

end-to-end network's multi-stage outputs are used for feature encoding in order to create image 

representation. For example, FOSNet [90] is suggested to merge object and scene information 

in an end-to-end CNN framework which assumes that the neighboring patches of a single 

image belong to the same scene class. 

Additionally, a significant number of annotated datasets have contributed to the process of 

training a model with high accuracy. There are various datasets such as Scene-15 [91], UIUC 

Sports [92], MIT Indoor-67 [93], SUN-397 [94], Places, that can be used for the training of the 

scene recognition algorithms. Among the mentioned datasets, MIT Indoor-67 [93] is focused 

on indoor environments making it a more suitable dataset for our goals.  

Since assistive devices are mostly portable and have a limited computational power, it is 

possible to train the current scene recognition models using lite models which are for mobile 

devices. A scene recognition solution is proposed in [84] for the people with VI/blindness that 

is based on a EfficientNet [95] lite model. Their solution can smoothly run on a smartphone 

and detect 15 different scene categories. With some accuracy compromised but improved 

inference speed, several of the current deep learning models, including MobileNet, YOLO [32], 

and Inception [30], can be trained for scene recognition on mobile devices. 

2.2.4 Text detection 

Scene understanding also involves being able to read the texts that are present around us. 

Optical character recognition (OCR) is a software technique that recognizes and extracts text 

from images and documents. OCR can be used to help people with blindness read by 

recognizing text present in a scene, that can then be read aloud by a text-to-speech software. 

There are some current solutions such as SeeingAI [96] that include this feature. The 'Short 

Text' mode of SeeingAI is a straightforward, potent, and quick OCR application. It has a simple 

user interface, which contributes to its appeal. Once the application is activated, it simply reads 

aloud any text it detects in images continuously captured by the phone's camera. There are 

some open-source projects such as Tesseract [97] by Google with a fairly acceptable accuracy 

[98] in detecting text. However, if the user is moving around, automatic detection and reading 
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of scene text may produce poor results. Two major issues contribute to this being a difficult 

problem. First, images captured by a moving camera can be blurry, complicating OCR's work. 

Second, when exploring a scene in search of a sign with a camera with a limited field of view, 

multiple pictures in different directions are required. To provide timely feedback, the system 

must be able to process these images quickly. However, the designer may have to sacrifice 

speed for image resolution, which is required for distant reading [99]. 

2.2.5 Color detection 

Color detection plays a vital role in enhancing the independence and quality of life for 

individuals who are blind. By providing the ability to recognize and differentiate colors, this 

feature opens up new possibilities for engagement with the world, from selecting outfits to 

identifying objects and navigating spaces. It allows for a more inclusive experience, ensuring 

that those with visual impairments can fully participate in daily activities that are often 

dependent on color recognition.  

Instance segmentation technique, which was explained previously in object detection methods, 

could be utilized for detecting the color of an object too. This approach can detect the color of 

objects by getting the HSV (hue, saturation and value) and RGB (red, green and blue) values 

of a pixel and turning it into natural language [100], [101]. However, color detection becomes 

a challenge when the object has textures, patterns, and a wide range of colors. In such cases, 

describing the object's color in natural language remains an open problem. As a result, existing 

solutions are mainly limited to describing plain colors. 

2.3 Commercial solutions 

There are some commercial solutions in the market for the P-VI/blindness that try to address 

some of the mentioned challenges. For instance, mobile apps like Envision [102] provide 

features like scene description, text reading, barcode scanning, color detection, object finding 

and so on. They also provide smart glasses that have the same features in a wearable medium. 

Although their app is free to use, their glasses are costly (starting at 1900 $). There are other 

similar apps like SeeingAI [96] and Lookout [103] by Microsoft and Google respectively. 

Other apps, such as Aira [104] and Be My Eyes [105], use the smartphone camera of the person 

with VI/blindness to deliver actual human assistance for various tasks such as scene description 

or text reading. Aira provides trained human interpreters for that purpose and Be My Eyes is a 

crowdsourcing approach that might have a lower quality of assistance, but it supports more 



 24 

languages, and it offers more interpreters. However, despite their helpfulness, some privacy 

concerns arise for some users as a real person connects to the user’s device [106]. 

Be My Eyes has recently added a feature to the app called BeMyAI [105] that uses the power 

of multimodal large language models (MLLM) which supplement text-based knowledge with 

additional data modalities such as visual data [107]. The user can take a photo from the scene 

and the app will provide an extensive description about the photo which includes type of 

objects, colors, texts, textures, and the positions of the objects in the frame. Then the user can 

ask for further information about the photo taken via chat. It provides more detailed information 

in comparison with other scene description solutions in the market, but the accuracy of 

information is something that needs to be evaluated as these models can hallucinate in some 

cases [107]. 

2.4 Assistance services 

It is crucial to consider how the information regarding the environment obtained by sensors, 

cameras and algorithms is transferred to the user. The assistance provided by these solutions 

should be swift, accurate and easily understandable for P-VI/blindness. The assistive solutions 

reviewed help users in different tasks relating to their daily life. In [108] a list of user 

requirements is provided after a thorough literature review on studies about requirements 

elicitation for assistive solutions for VI/blind people. The requirements considered in our SMS 

according to their study are listed in Appendix 3. Obtaining information from the surroundings 

is considered as one of the most important requirements for the assistive solutions for P-

VI/blindness, because it helps them to create a more accurate mental map of the environment 

[109]. Therefore, the capability of computer vision technologies to analyze and understand a 

scene has been considered as the core of our mapping study. 

The modality of existing assistive solutions is mostly based on audio and tactile feedback. 

Binaural audio for scene description is used in [2], [3], [110]. This brings a sense of audio-

based augmented reality to the user. Users can hear and feel the approximate 3D location of 

the object/obstacle based on the audio they hear using normal/bone conduction headphones. In 

these solutions, the device/app names all the objects in the scene or a specific object that the 

user is looking for. Moreover, some solutions provide vibrotactile feedback. In [101] two servo 

motors were used for vibrating feedback so that when there is an obstacle on the left, the left 

side of the user vibrates and when there is an obstacle on the right, the right side vibrates. In 



 25 

another research [111], the user is warned about the obstacles with an audio beep. The pitch of 

the sound changes based on the size and proximity of the object. There are solutions that carry 

out the scene description for a specific purpose. These solutions might be limited to certain 

tasks, but the overall performance is better because the scope is constrained. In [45] stop lights 

and crosswalks are detected to help users with crossing streets. 

Many solutions provide navigation assistance for users. For instance, [112] provides a 

navigation service that guides the user through a pre-scanned environment. A virtual assistant 

repeatedly states “follow me” and, based on the intensity and the direction of the sound in the 

headset, the user navigates through the environment. 

Besides the scene understanding feature, emergency calls are provided in some solutions which 

can be very useful for the users. In [113] a speech recognition module was implemented that 

can get orders from users to make an emergency call to predefined users or the closest 

emergency center based on the location of the user. GPS was used for tracking the live location 

of the user. In [114], [115], [25] a similar approach was undertaken by placing a call button on 

the assistance device. 

In [116] a text recognition module was proposed in their solution that reads the text that is in 

front of the user. They used Google Vision API [117] for this purpose. The same functionality 

has been provided in [118] using Tesseract OCR library [119] and in [120] using Microsoft’s 

Computer Vision API [121]. However, the usage of this feature can be confusing for the user 

since it is not possible for P-VI/blindness to distinguish the exact position of a text in the real 

environment. 

In [122] a face detection module was included in their solution besides object recognition. They 

used Multi-task Cascaded Neural Networking (MTCNN) that can detect faces with a 70–100% 

accuracy. The kinds of assistance provided in the revised solutions are listed in Appendix 4. 

2.4.1 Context of use: the ICF framework 

In order to come up with novel and useful solutions for any kind of disability, it is necessary 

to understand the contexts in which they could be applied and the scope of limitations that a 

disabled person faces. The International Classification of Functioning, Disability and Health 

(ICF) framework [123] provides a standard language for defining different kinds of disabilities. 

In the framework, limitations of disabled people in their activities are divided into different 

categories. In our research, we tried to assess the usefulness of the proposed solutions to P-
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VI/blindness by mapping their contributions with the different tasks in this framework. In the 

case of scene understanding for P-VI/blindness, the main relevant categories are as follows: 

• Mobility. This is mainly about moving the body and going from one position to another. 

According to the framework, it includes tasks like “walking and moving,” “changing 

and maintaining body position” and “moving and handling objects.” 

• Self-care. This includes tasks like washing oneself, caring for body parts, toileting, 

eating, dressing, drinking, and looking after one’s health. 

• Domestic life. It covers daily tasks related to acquisition of necessities, household tasks, 

caring for household objects and assisting others. 

• Interpersonal relations and relationships. This category consist of general 

interpersonal interactions and particular interpersonal relationship challenges that a 

disabled person may have with other people. 

We analyzed the compatibility of the above mentioned ICF categories with the solutions 

provided by different researchers. Mobility is the most explored category, with research in  

[112], [124], [125] helping P-VI/blindness with navigating in different environments 

(indoor/outdoor). They combine various methods like GPS, obstacle detection and object 

detection to help the P-VI/blindness in tasks like “walking and moving” from one location to 

another. Moreover, [49] defines two user stories that are compatible with the “Domestic Life” 

and “Self-care” categories. In the first user story, the blind user receives assistance for detecting 

the right kind of pasta at home, which helps her with cooking and eating. In the second user 

story, a man wants to buy a specific kind of biscuits and using the assistive device he can find 

them in the store. Their solution provides feedback about the differences in objects that have 

the same tactile appearance.  

By comparing the categories of the ICF framework with the kinds of assistance provided in the 

revised solutions, we noticed that their scope is generally not well defined in terms of the 

context of use. For instance, in papers like [35], [113], [124] object detection could potentially 

cover some tasks in “Self-care” or “Domestic life.” However, these specific use cases are not 

mentioned. Furthermore, in [122], [126], [127] face detection is provided, a service that could 

be related to the “Interpersonal Relations and Relationships” category, but the final purpose is 

not clear. It appears that the researchers have focused their efforts more in proving the technical 

feasibility and performance of the solutions than in demonstrating how the solutions can help 
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P-VI/blindness in their daily life. This fact becomes more evident when we analyze the way in 

which the solutions have been evaluated. 

2.5 Evaluation 

Based on our review, the evaluation process of an assistive solution should tackle two main 

aspects. One is the technical evaluation and validity assessment of the system from a technical 

point of view, and the other is the testing of the system with the target end users to evaluate the 

performance and usefulness of the solutions. Despite the fact that technical evaluation is a 

matter of importance, user testing is equally essential. This is because the ultimate goal of any 

assistive solution is to be useful for P-VI/blindness. Unfortunately, user testing is neglected in 

a considerable number of papers. Figure 6 shows the percentage of papers that only undertook 

the technical evaluation, and the ones that performed both. 

2.5.1 Technical evaluation 

In the development process of any system, it is crucial to test and measure its performance with 

objective metrics. In the case of assistive solutions, it is essential to measure the accuracy and 

efficiency of algorithms in the scene understanding. It is common to evaluate the performance 

of object detection algorithms using the calculation of precision, recall and minimum average 

precision (mAP) which is the mean of average precision calculated out of precision and recall 

metrics. mAP is calculated by using the following formula: 

𝑚𝐴𝑃 = 𝐴𝑃/𝑁 

N is the numbers of object category. The formula represents that calculating the average 

precision (AP) for each category and averaging the AP of all categories. 

Figure 6 - Evaluation approach 
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A model with high precision returns more correctly predicted results than incorrect ones and a 

high recall means that the model returns most of the relevant results. In other words, precision 

is a measure for quality, while recall is a measure for quantity. Some papers, such as [51] and 

[111], measured the accuracy of their approach based on recall and precision. Others, like [45], 

[125], used mAP to measure the effectiveness and accuracy of the algorithm they used. 

Additionally, other works [128], [129], [130], [131] tried to compare their solution with other 

state-of-the-art solutions based on the accuracy, number of detected objects, kind of recognition 

(object, text, face, obstacle, etc.), average distance, convenience and so on, in order to assess 

the functionality of their solution and ascertain the competence of their approach. In technical 

evaluation, researchers usually test their system by simulating a user scenario. For instance, in 

[38] a prerecorded video was used to test their Stixels model. 

2.6 User testing 

2.6.1 Participants in user testing 

The most important aspect in the evaluation of a solution for P-VI/blindness is to test it with 

the target users. This is because assistive solutions are for a target group that is different from 

average users. A person without the disability cannot evaluate the solution properly, given that, 

due to the variation in sensory input, they do not possess the same mental models of the 

environment and qualities of embodied experience as people that genuinely have visual 

impairment. Sadly, this critical point is neglected in a noticeable number of research projects. 

Up to 27.5% of the papers that were included in our review were testing their solutions with 

blindfolded/sighted users. Figure 7 summarizes the visual perception status of the testers in 

evaluations. Nonetheless, there are some works that report testing with P-VI/blindness. In [132] 

100 hours of testing for the navigation module of their solution with simple and complex paths 

was performed. Afterward, they asked the 5 blind testers to fill in questionnaires regarding the 

comfortability and effectiveness of the system. In another research [111], the solution was 

tested with 13 participants that were P-VI/blindness. They conducted 15 minutes test sessions 

and asked users to fill in a Likert-like scale questionnaire. Furthermore, [133] reports a detailed 

evaluation and found that there is a significant difference between early blind and late blind 

testers, and that the former group could perform better. The authors also came to the conclusion 

that vibrotactile cues are less efficient in comparison with auditory cues for detection in the 

central region of the environment. Additionally, in [134] which presents a navigation robot for 
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the P-VI/blindness, a satisfactory user study is included. They evaluated their solution with 10 

blind participants. The tasks for testing are well designed and explained in the paper. After the 

testing process, user feedback was obtained about confidence, safety and trust in the solution 

using questionnaires. The results obtained from questionnaires are subjective and contain 

personal opinions of the users. In some cases, personal opinions can be considered unreliable 

when they are obtained from blindfolded users instead of P-VI/blindness. For example, in [37] 

researchers used the NASA- TLX [135] evaluation questionnaire that analyzes tasks based on 

Mental Demands, Physical Demands, Temporal Demands, Own Performance, Effort and 

Frustration. They noticed that users reported unexpected low scores on physical demand (which 

means they needed demand). This is because they were blindfolded and the tasks appeared to 

be more frustrating for someone with normal vision in comparison with P-VI/blindness. 

 

 

2.6.2 User testing methods 

The main methods used for testing the solutions were as follows: 

• Surveys: Asking a series of questions from the users, usually with Likert-type scales, 

to obtain their feedback; 

• Think-aloud protocol: Users share their opinion about the solution while performing 

the test tasks; 

• Controlled environment testing: Testing the solution in a laboratory environment that 

was designed by the researchers and observing the user’s behavior to detect the 

advantages and problems of the prototype; 

Figure 7 - Evaluation with sighted/P-VI/blindness 
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• Field experiments: Testing the solution in real-world settings with the subjects. In this 

type of testing, users might make unexpected decisions which help to find out the 

scenarios that were not considered by the researchers; 

• Remote usability testing: Users are not directly observed while using the assistive 

solution. Data are gathered and then later analyzed by the researchers; 

• Interviews: Users are interviewed to share their opinion about the experience of using 

the solution and its pros and cons. 

Each of these methods have their drawbacks. According to [136] representative surveys cost 

money and time, the think- aloud protocol is not accurate because the environment is not natural 

to the user and the tasks are usually performed in a controlled environment; field experiments 

may not represent the correct population; remote testing needs additional tools for collecting 

data; and interviews do not sufficiently cover usability issues. Additionally, controlled 

environment testing might not consider some factors that exist in the real environment which 

may affect the user’s experience. Testing of the systems should be performed in a real-world 

scenario to assess if they are usable out of the laboratory’s controlled environment. If the 

usability or performance of the system is not properly tested in the real context of use, it can 

end up causing negative impacts on the target end user.  

Appendix 5, details how user testing was performed in the selected papers. The ones, that are 

not included, only had performed a technical evaluation. 

2.7 Adoption of assistive technologies 

The exclusion of VI/blind people in the evaluation process, is an aspect that may be critical for 

the adoption of the technology. In [137] it is suggested that some of the reasons for abandoning 

assistive technologies are:  

o Neglecting users’ opinions in the development process. 

o Inefficiency of devices . 

o Insufficient training of the user. 

Furthermore, in [138] four factors are identified similar to the previous research, related to the 

abandonment of assistive devices: 

o Change in user needs and priorities in time is one of the main factors in device 

abandonment. For instance, according to [139], some changes in P-VI, like worsening 
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eye condition due to macular degeneration, can imply a significant change in user 

needs.  

o Not considering users’ opinion in planning and decision making during the design and 

development. 

o Lack of easy device procurement. 

o Poor device performance. 

2.7.1 Privacy issues 

Despite the fact that these solutions help users overcome social barriers and give them more 

independence in life, computer vision models rely on camera input which could threaten the 

privacy of users and surrounding people. One of the greatest risks is that the collected data get 

misused, especially in solutions that rely on remote servers for computation instead of the 

users’ devices. Some studies show that there is a trade-off between the provided services and 

the privacy costs, and that some users are willing to accept the privacy costs in exchange for 

the service they receive [140]. In [141] a study was conducted about the social acceptance of 

assistive solutions for the blind from the perspective of both blind users and bystanders. They 

concluded that a considerable amount of people in the society are still not very comfortable to 

be exposed to these devices, especially if they include a camera. Their results indicate that a 

thorough evaluation in a real environment is needed to evaluate the social acceptance of 

assistive solutions and the needs of people who are exposed to the technology. In [142] a similar 

point of view was shared. Both sighted and non-sighted users in their study were concerned 

about their privacy and the accuracy of the information provided by the assistive solution. 

2.8 SoA conclusions 

Our study suggests that researchers and designers in this field should pay more attention to the 

P-VI/blindness needs and the real world applicability of the solutions. Many of the papers 

reviewed in our systematic mapping had insufficient/no data regarding the target context of use 

for the proposed solutions. Consequently, it was not possible to assess the compatibility level 

of their solutions with the ICF categories and their specific tasks, such as dressing, eating, 

drinking, preparing meals, acquisition of necessities and so on. There are solutions that prove 

to be able to detect persons, objects or obstacles, but their expected benefits in the end users’ 

life are vague. This situation raises important generalizability concerns, given that a solution 

just tested in a toy or simulated scenario might not have the same effectiveness in different use 
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cases or scenarios. The cost and effort associated with the adaptation of a specific solution for 

its application in a different context is generally overlooked. 

Moreover, the way that information is represented and delivered to the user by the solutions is 

crucial. Users should be able to comprehend the information provided by the solution without 

complications. In most of the solutions, binaural audio, vibrotactile feedback and basic audio 

instructions were used for this purpose. However, these might not be always the best 

approaches. For example, binaural audio can approximately indicate the location of an object 

or an obstacle, but still it is not very accurate. The mentioned challenges may have contributed 

to the abandonment of existing commercial assistive solutions, leading to the unavailability of 

them in the market. Paying more attention to the ICF framework, user requirement studies and 

the UCD methodology would be desirable for developing more usable, useful and better 

accepted assistive solutions. Besides that, learning from some of the success stories of products 

like WeWalk [143] that was designed by a visually impaired person known as Kursat Ceylan, 

who was familiar with the needs of blind people, can lead us to the development of more useful 

assistive devices. 

Finally, given the variety of software and hardware technologies available, it can be difficult 

to understand why developers choose certain methods and tools over others when developing 

assistive solutions. The wide range of options, each with their unique features and limitations 

can introduce uncertainty and complicate the decision-making process for developers seeking 

to design and develop such solutions. This complexity emphasizes the need for a more 

structured approach to evaluating and selecting appropriate technologies. 
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3 Problem statement 

In order to attain the primary objective of this thesis which is developing a framework for the 

design of a cost-effective scene understanding solution that helps P-VI/blindness, and after the 

analysis of the state-of-the-art, three main challenges regarding the development of such 

solution clearly stand out, as follows:   

o The integration of user needs and requirements during the design and development 

process, discussed in section 3.1. 

o The selection of appropriate technologies (both hardware and software) among various 

available options, that align with an intended solution, addressed in section 3.2. 

o Taking care of the user experience and effectively communicating feedback from the 

system to users, explored in section 3.3. 

The specific scope of these challenges will be outlined in section 3.4. 

3.1 User-centered design and development  

For the development of any solution, it is crucial to understand the context of use before 

specifying user requirements, proposing design solutions, and evaluating them against the 

requirements.   

It is especially critical to learn about the characteristics, needs and concerns of users with a P-

VI/blindness in order to design a usable assistive solution. In the systematic mapping [13], we 

gathered and analyzed the solutions that had been developed in this field from 2017 to 2020, 

and among the gaps that we found were the lack of user-centered design and the absence of 

sufficient user testing with the target population. In the systematic mapping, around 30% of the 

solutions had only been tested with sighted/blind-folded users which shows a significant 

neglect of the target end users (Figure 7). 

There is not much assistive technologies research that focuses especially on user understanding 

and requirements elicitation with users with VI/blindness.  

In [144] the effectiveness of various indoor navigation solutions for the people who are blind 

was evaluated and some of the common requirements for such solutions, such as accuracy, less 

computational load in portable devices, providing audio output, identification of landmarks, 

and minimizing cognitive load of the user were discussed. In their research, they discovered 
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two major issues: the necessity to assess the applicability of a navigation solution to a variable 

indoor setting and the crucial importance of thoroughly knowing the specific needs, goals, and 

skills of the people who are blind or have a visual impairment around the world.  

Hersh and Johnson [145], conducted a global survey, and offer a thorough investigation of the 

attitudes, interests, and needs of individuals with blindness for the development of a robotic 

guide. Respondents expressed interest in the guide robot doing a variety of tasks, like avoiding 

obstacles, navigating, reading information, crossing a road, using public transportation, 

responding to emergencies, and localization. This research also remarked some of the 

requirements and design issues with the assistive solutions, like the device's aesthetic (not 

attracting much attention), portability, battery life, and ease of use (accessible interface, 

robustness, user adaptation, etc.).  

It is also important to consider that visual impairment has a spectrum and people can have a 

variety of visual conditions that can affect the kind of assistance they need. In [146] a survey 

was conducted to find out how assistive glasses for the P-VI/blindness should be tailored 

according to distinct visual pathologies. For instance, in the case of face recognition, 

participants with optical nerve lesion (ONL) expressed low interest, while the ones with 

retinitis pigmentosa (RP) and glaucoma (GI) only required it for peripheral vision. 

Additionally, there is a substantial difference between the experiences of users who are totally 

blind, deaf blind, or with a visual impairment.  

Their work demonstrates that such solutions must be customizable and that P-VI/blindness 

should not be regarded as a single population and their individual differences must be 

recognized. 

Other papers highlight the trust issues that some people with blindness have with such 

solutions. For instance, in [147] which is a study about requirements for tactile mobility 

systems, users expressed their concern about the system running out of power or not having 

sufficient accuracy. Some users were worried about not being able to interact with the 

assistive system because of its complexity. This concern is amplified in instances where there 

are no bystanders who can assist people with blindness in rediscovering their path. While dogs 

may be trained to navigate in familiar environments, they are sometimes not able to provide 

assistance when entering an unfamiliar situation. Failure of devices in such unfamiliar contexts 

influences their acceptability.  
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In a separate study, Akter [142] investigated the social acceptability of such solutions. Both 

sighted and non-sighted users were concerned about their privacy and the accuracy of the 

information the assistive solution provided. 

In conclusion, an assistive solution should be designed according to the user needs, concerns, 

and their level of visual impairment. Some of the proposed solutions may not be very useful 

for and accepted by the end user as a result of neglecting a proper analysis of the context of use 

(the user characteristics, needs and concerns, the tasks to be supported by the assistive solution, 

and the environment where the solution should operate).  

There is a lack of a clear framework for the relevant tasks and environments an assistive 

solution could address. Most of the current solutions have focused on outdoor navigation, with 

less research performed for indoor navigation and scene understanding. Both outdoor and 

indoor scene understanding, and navigation, have their challenges for the P-VI/blind, but our 

research is focused on indoor scene understanding for several reasons. Indoor environments 

present unique challenges that set them apart from outdoor environments. Outdoor navigation 

typically allows for the use of environmental cues (e.g., tactile paving, traffic light sounds, etc.) 

and the white cane, a popular mobility aid that helps in detecting obstacles in the path [10]. 

Many of these landmarks, however, become less effective or completely inaccessible when 

individuals with a visual impairment navigate through indoor spaces such as public buildings, 

shopping malls or any unfamiliar indoor environment. Furthermore, indoor environments 

usually have more complicated architectural designs, making the navigation and scene 

understanding tasks more difficult for them [11]. The navigation problem is exacerbated by the 

fact that assistive technologies that use GPS, which are effective outdoors, cannot be used 

indoors due to lack or imprecision of GPS signals [12]. This implies that a new set of solutions 

and technologies for understanding indoor scenes must be developed.  

Our work in an attempt in that direction, with the goal of delving deeper into the unique 

complexities of indoor environments and exploring potential solutions for better indoor scene 

understanding. In order to provide designers with tools that help them in the analysis of the 

context of use, we propose a systematic categorization of the various scenarios that the user 

might run into for an indoor scene understanding solution. The scenarios are described as use 

cases in chapter 6. These scenarios are intended to address the unique challenges associated 

with understanding indoor scenes. They are defined based on our previous systematic analysis 

of literature [13] as well as a primary user research which focused on several challenges that 
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people with P-VI/blindness face in their daily lives regarding indoor spatial awareness (Chapter 

5). 

3.2 Technology selection 

It is necessary to assess a number of variables before choosing the best technology to 

implement a solution for people with a visual impairment/blindness, including the 

computational resources required, cost, portability, simplicity, price, speed, battery life, 

aesthetics, and feedback type [148][149][150]. Simultaneously, it's crucial to consider the 

delicate balance between the solution's performance, functionality, and affordability during the 

selection process to develop a useful solution. The selection of a technology necessitates a 

comprehensive understanding of these trade-offs. The goal is to optimize the solution's 

effectiveness and efficiency without compromising its accessibility or usability, thereby 

achieving the best possible outcome for the intended users.  

Since one of the objectives of this thesis is to provide a solution which is cost-efficient and has 

the potential to be commercialized, we decided to only consider the technologies that could be 

used on the mid-range price devices (not very expensive) without the need of acquiring costly 

hardware or services. 

To address this problem, we propose a method for selecting an appropriate technology 

according to various aspects such as effectiveness, computational resources, limitations, and 

acquisition cost. This will include analyzing a variety of approaches that combine different 

hardware and software to assist developers and researchers in selecting appropriate 

technologies for their work. 

3.3 User experience 

As it is discussed in the section 2.4 assistance services, the way information provided by the 

solution is communicated to the P-VI/blindness and the user interaction is very important. It is 

crucial to consider how the information regarding the environment obtained by sensors, 

cameras, and inferred by algorithms is transferred to the user. The assistance provided by 

these solutions should be swift, accurate, and easily understandable for P-VI/blindness.  

Various studies showed that people with blindness would like to be able to interact with the 

assistive solutions through voice commands [108] because touch screens are not very efficient 

for them, and they cannot interact with traditional touch user interfaces as easily as a sighted 



 37 

person [151]. However, a voice user interface (VUI) has its limitations. For instance, people 

with blindness prefer to retain the ability to hear the sounds in their surroundings, as this is one 

of the main sources of perceiving happenings around them. For this reason, it is important to 

consider various methods for interaction. For example, a VUI for the user who is blind could 

be complemented with haptic feedback to communicate with the user [144]. Due to the 

aforementioned challenges, it can be beneficial to provide a touch-based interface despite all 

the challenges that people with blindness have with the dynamics and orientations of such 

interfaces [152]. This is because touch user interfaces provide more privacy to the user while 

retaining less of the user's hearing ability. 

As we have mentioned earlier, P-VI/blindness can have different needs according to the 

variation of their disability. For instance, some individuals with VI may prefer enlarging the 

text size instead of using VUI or screen readers. 

Personalization is one of the aspects of assistive solutions that were discussed in [108]. 

Allowing users to customize according to their level of disability, altering the voice output, and 

controlling the volume and rate of information delivery, measurement units, warning formats, 

and text input methods, as well as the ability to adjust the system's volume at any time, were 

among the customizations users with blindness requested [108]. 

Besides the software solution, the hardware is also important for the user experience. For 

instance, deploying the solution as an app on the mobile phone can be challenging if the user 

is using a white cane/guide dog. In such a situation, both hands of the user will be occupied, 

which might render the solution uncomfortable for the user.  

Moreover, in a system where the sensor device, such as a camera or infrared sensor, must be 

worn on the body, preliminary findings indicate that a degree of adjustability of the location 

of wear is considered advantageous [153]. For instance, the placement of a sensing device on 

top of summer clothing may differ from that of a winter coat. There is a reluctance to wear any 

sensing device on the head, even though the head as a sensor location may provide good results 

due to its height [153].  

Furthermore, a significant advantage of some smart assistive solutions is their portability, 

which allows users to always rely on them. Unlike non-portable solutions such as fixed tactile 

paving or stationary braille signage, portable assistive devices do not rely on the environment 

being appropriately accessible for people with a visual impairment. Portable devices can be 
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used almost anywhere and provide a constant source of assistance, regardless of the 

accessibility features of the environment. 

In addition, it is important to consider the aesthetics of the assistive device. Shinohara and 

Wobbrock [154] suggest that the aesthetics of assistive technology and social acceptance may 

contribute to stigmatization of users. In [155] it was found that aesthetics seems to have a great 

influence on how people see and judge users. After interviewing eight P-VI/blindness 

participants they found out that wearing modern devices that are subtle and have modern 

aesthetics (e.g. smart glasses) was better accepted by the participants. Therefore, it is an 

important factor that influences device adoption or abandonment. 

To help designers address this challenge, we propose a series of relevant non-functional 

requirements (NFRs) according to the state-of-the-art regarding assistive solutions for P-

VI/blindness, which includes robustness, portability, latency, affordability, accuracy, power 

consumption, computational complexity, security, and personalization. They are discussed in 

detail later in the proposed solution (Chapter 6.2). Additionally, we designed our proposed 

solutions according to the mentioned non-functional requirements to better consider the user 

experience. 

3.4 Scope of the research 

This study is going to be focused mainly on the problem of scene understanding and object 

location for P-VI/blindness in indoor environments. It was decided to focus on indoor 

environments because of their unique complexities, where traditional outdoor navigation aids 

(like GPS or environmental cues) are less effective or unavailable. Besides, indoor 

environments are generally safer than outdoor settings, making them more suitable for the 

initial testing and implementation of an early-stage solution. To address the mentioned 

problems, the challenge of considering user needs and the process of selecting appropriate 

technology will be explored. Additionally, the research will address how to effectively 

communicate the information provided by the solution to the intended users to consider the 

user experience. It is also important to mention that the scope of this research is focused on 

tackling the mentioned issues using technologies that are cost-efficient and have the potential 

to be commercially affordable for the intended users. 
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4 Methodology 

To address the mentioned problems in the previous section regarding scene understanding for 

P-VI/blindness in indoor environments, the Design Science Research Methodology (DSRM) 

is utilized which allows to thoroughly cover the objectives of the thesis while verifying each 

step and contributions. The DSRM methodology [156], combines two different but 

complementary paradigms: design science and behavioral science, within the study of 

information systems. The first, design science, is a problem-solution paradigm that studies how 

to improve the capabilities of both individuals and organizations in achieving new goals or 

increasing process efficiency. On the other hand, the behavioral science paradigm is based on 

natural science research methods and seeks to explain the behaviors of individuals and 

organizations through theory development and verification. The combination of both creates a 

complementary research cycle that provides the theoretical knowledge base necessary for 

research and the creation of artifacts and evaluations that generate knowledge. This 

methodology was chosen because it aligns with the thesis objectives and contributions: 

Applying DSRM would facilitate a comprehensive approach to developing effective assistive 

solutions by combining rigorous academic research with practical, user-centered design 

principles. 

The implementation of these two paradigms converges in the existence of three main elements 

(represented by boxes in Figure 8), connected by three cyclical elements that overlap them to 

ensure integration. These main elements are: Environment, Design Science Research, and 

Knowledge Base, which provide solid foundations for initiating research in the field of 

information systems. Each element helps to frame the research and ensures rigor in the process 

while seeking suitable solutions for its environment, as each belongs to a phase of the design 

within information systems: 

1. Environment Element: Defines the problem where we will frame the phenomena to 

be studied within the specific domain of interest. This part defines the People, their 

roles, and characteristics as users of our system. It also defines the Organization, 

meaning who or what is behind our design and with what intention, and finally, the 

Technical System, indicating what technology will be used in the research. In our case 

it identifies the People, including P-VI/blindness as users of the system, and their roles 

and characteristics. The Organizational Systems include participants (users of the 
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solution), stakeholders (such as disability support organizations), and private 

companies commercializing assistive solutions. Additionally, it outlines the Technical 

Systems, focusing on portable and wearable devices, and specifies the Physical 

Environment, which in this case is indoor settings. Finally, it highlights key Problems 

and Opportunities, such as user-centered design, selecting appropriate technologies, 

understanding user needs, and developing cost-effective solutions. 

2. Knowledge Base Element: This element provides the theoretical foundation for the 

research by incorporating Scientific Theories and Methods, such as state-of-the-art 

analysis, functional requirements, and non-functional requirements. It also draws from 

Experience & Expertise, including user research results and an analysis of existing 

assistive solutions. Furthermore, it includes Artifacts & Meta-Artifacts—design 

products and processes—such as solutions for visual impairments/blindness, 

frameworks for assistive solution design, and lessons learned from testing these 

solutions. 

3. Design Science Research Element: This element frames the processes of designing 

and constructing specific solutions for the environment based on insights from the 

knowledge base. It involves Building Design Artifacts & Processes, such as creating 

frameworks for analyzing and designing assistive solutions, developing wearable 

prototypes for research purposes, and producing portable smartphone-based products 

for commercial use. The process also includes Evaluation, where frameworks are 

applied to existing solutions and tested with blind or blindfolded users. The iterative 

nature of this element is emphasized by its integration with the Relevance Cycle, Rigor 

Cycle, and Design Cycle, ensuring alignment between practical needs, theoretical 

foundations, and design iterations. 

This research methodology proposes three cycles that facilitate feedback among the three main 

elements: Environment, Design Science Research, and Knowledge Base. These three cycles 

combine the two paradigms proposed in the methodology and are applied at different stages of 

the research [34]. These cycles are: 

• Relevance Cycle: Provides the research with information about the application domain 

and ensures that the research aligns with it and considers its requirements and 

constraints. 
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• Rigor Cycle: Supplies the research with a corpus of knowledge, providing information 

that is incorporated into the design and construction of an artifact or process. 

• Design Cycle: Develops and evaluates the solution, in the form of an artifact or process, 

cyclically until the set objective is achieved. 

These cycles are interconnected through the design cycle. On one hand, it provides information 

that contributes to the knowledge base through the rigor cycle, and on the other, the relevance 

cycles add improvements or advancements to the environment where the design will be 

applied. Figure 8 shows the research framework diagram defined in [156], contextualized for 

the research we developed in this work. The following sections will describe in more detail the 

information flow we have followed in the research. 

 

Figure 8 - Design science research methodology adapted to the context of the thesis 

4.1 Relevance cycle 

The relevance cycle connects the research environment with design science activities, aiming 

to identify opportunities and problems. Initially, it gathers information about people, physical 

spaces, and technology, and later, it provides a context for the design and evaluation.  

In our Environment, the people are going to be P-VI/blindness, the organizational systems are 

going to be the users of the solution, disability support organizations, and private companies 
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that commercialize the solution. The technical systems are going to be based on computer 

vision, affordable, portable/wearable devices to help in scene understanding, and the physical 

environment will be any indoor environment, as mentioned in Figure 8. The problems and 

opportunities define the basis for the design of the research. Each of the problems are addressed 

in the process of relevance cycle: 

o Considering user needs in the development is addressed in the user research. 

o Choosing appropriate technologies for the development is addressed in the technology 

selection chapter. 

o The experience of the user when using the solution is addressed in non-functional 

requirements and the proposed framework section. 

4.2 Rigor cycle 

This part of the methodology focuses on unifying the scientific knowledge base with the design 

process, providing the necessary foundations for rigorous research within design science. In 

this part of the methodology, the state of the art is analyzed and the artifacts and processes 

found in the domain are defined. Once the developed study generates knowledge, it is 

transferred back to the knowledge base.  

During this cycle, first, an in-depth state-of-the-art analysis has been undertaken. After that a 

list of use cases were defined that are intended to address the unique challenges associated with 

understanding indoor scenes. Afterwards, according to the use cases, functional and non-

functional user requirements were defined to ensure that the proposed solutions would be 

effective and practical for the target users. Functional requirements are the capabilities, 

behavior, and the information that the system requires [108]. On the other hand, non-functional 

requirements focus on quality constraints like usability, reliability, availability, performance 

etc. [157]. According to the knowledge gathered, the framework for the analysis and design of 

assistive solution is designed and added to knowledge base. 

Additionally, various technologies (hardware and software) have been evaluated and compared 

for the development of the assistive solution. The advantages and disadvantages of each 

approach is addressed to facilitate the design decisions. Finally, the artifacts and meta-artifacts 

which include the designed solution, the framework and the lessons learned from the testing 

will be added to the knowledge base. 
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4.3 Design cycle 

The internal design cycle is the core of any design science research project. This cycle involves 

rapidly iterating between constructing an artifact, evaluating it, and using feedback to further 

refine the design. This process generates design alternatives and evaluates them against 

requirements until a satisfactory design is achieved. The requirements come from the relevance 

cycle, while the design and evaluation theories and methods are sourced from the rigor cycle. 

Despite its dependence on the other two cycles, the design cycle is where the primary work of 

design science research occurs. It is essential to understand both its reliance on the relevance 

and rigor cycles and its relative autonomy during the research execution. 

In this cycle, a framework for the design and analysis of the indoor assistive solutions have 

been developed according to the user requirements. Afterwards, two different solutions are 

developed according to that architecture considering two different purposes. One for evaluating 

different technologies and discovering the potentials of different technologies (hardware and 

software) for the development of a portable assistive solution for the P-VI/blindness. The other 

one is developed to explore the possibilities of developing a commercial solution for the 

intended users. 

The framework is applied to the existing solutions for evaluation and the solutions are designed 

based on the framework and then tested with the end users. 
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5 User research 

During the state-of-the-art analysis, we managed to figure out the needs of the P-VI/blindness 

to some extent. However, to further explore the requirements, and possibly undiscovered user 

needs, for developing a solution specifically for indoor scene understanding, we carried out a 

series of semi-structured interviews with people that have different levels of visual impairment 

and blindness. 8 participants were selected living in different parts of the world with different 

levels of blindness. Interviews were aimed to investigate the ways in which P-VI/blindness 

people currently undertake their daily tasks and overcome their challenges, and discover the 

needs of the blind people in indoor environments regarding scene understanding. The eight 

participants volunteered after contacting more than 50 blind users through X (previously 

Twitter) platform due to the ease of using social media platforms to connect with potential 

participants.  This approach allowed us to quickly connect with potential participants who were 

active online and willing to share their experiences. However, it is important to note that their 

selection was not guided by a formal sampling strategy or specific quotas for user types, given 

the difficulty of reaching a large number of P-VI/blindness. Consequently, their diverse 

backgrounds and cultural contexts were not explicitly considered in the research. While this 

reduces the generalizability of the findings, it provided valuable initial insights into user needs. 

5.1 Methods  

According to the state-of-the-art analysis, a list of questions was proposed for the semi-

structured interview to explore the area of scene understanding. This included how P-

VI/blindness build mental models, perceive different modalities such as sound and vibration 

for scene description and locating objects in the environment. Moreover, during the interview 

some scenarios were proposed to figure out how such solutions could assist them in various 

situations. The list of interview questions is in Appendix 6.  

The interviewees were found through social media (mainly Twitter and Instagram). The 

participants level of visual impairment/blindness were as follows: 

o Participant 1 (low vision, night blindness). 

o Participant 2 (very low vision). 

o Participant 3 (blind - only light perception). 

o Participant 4 (congenitally blind). 
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o Participant 5 (acquired blindness during high school). 

o Participant 6 (congenital blindness). 

o Participant 7 (congenital blindness). 

o Participant 8 (lost vision at 14, right eye fully blind, left eye 20 percent blind. 

Sensitive to light). 

All of the interviews were held online through Zoom or Google Meet from October to 

December 2023. The sessions were recorded with the consent of the user and later investigated 

to discover all the important details. The languages of the interviews were Farsi and English 

since interviewees were from English and Farsi speaking countries such as the UK, USA and 

Iran.  

Initially, participants were asked to introduce themselves and talk about their lives, activities, 

visual impairment, and the role of scene understanding and navigation in their lives. Topics 

raised in this introduction were then examined in more detail. Other topics covered, though not 

all of them were relevant to all participants, were as follows:  

1. The use of current assistive solutions.  

2. Orientation and mobility in different indoor environments.  

3. Different output modalities of the assistive solutions. 

4. Most difficult tasks they undertake in their daily tasks.  

5. Frequency and the kind of objects they lose.  

6. Recommendations systems that could inform them about hazards or interesting 

objects in the environment. 

Once the information was obtained from the interviews, a thematic analysis was applied to 

extract the common points that were mentioned by various users.  

It is important to mention that the user research protocol was approved by the Ethics Committee 

of Universidad Politécnica de Madrid under reference number 2022–077.  

5.2 Results 

The findings are organized into sections based on key themes identified during the initial 

thematic coding of the results. The full table of user research results is in Appendix 7. 
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5.2.1 Existing assistive solutions 

For scene understanding, almost all of the participants were using the help of another person 

by asking, or moving around the place carefully using a white cane or a guide dog. Besides the 

conventional solutions, all users used digital assistive solutions such as AIRA [104], Google 

Maps, Seeing AI [96], Be My Eyes [105], etc. for navigation, locating objects and other tasks 

such as color detection and text reading. However, although these solutions can increase the 

user’s independence, they still have some limitations that were highlighted by the interviewees. 

As P#2 expressed her opinion about Seeing AI: “It has a long long way to go. It is not good 

for detecting a lot of particulars in the scene. I don’t use scene understanding that frequently.” 

Or P#7: “I use iOS view finder but I think still it doesn't have enough accuracy. It mistakenly 

detects a shirt as a towel! Some apps provide color detection but I don’t use them because it 

makes a lot of mistakes. Additionally, scene descriptions do not describe what we want! For 

example Google Lookout. Seeing AI is better though.”  Another participant expressed 

discomfort in using solutions such as AIRA or Be my eyes because an actual person assists 

through your phone’s camera. P#5 “Aira felt uncomfortable because an actual person was in 

my phone knowing my exact location. I know it is supposed to be trustworthy and stuff but I 

prefer not to use actual person services it’s just my anxiety over that. I prefer to ask someone  

around or just use internet.”. The answers of the users are shown in Table 5. 

 P#1 P#2 P#3 P#4 P#5 P#6 P#7 P#8 

Navigation white 

cane 

white 

cane 

white cane white 

cane 

Mostly 

guide 

dog 

white 

cane 

white cane Wheelcha

ir user 

Scene 

understandi

ng 

Ask 

others, 

move 

around 

carefully 

Ask 

others, 

move 

carefull

y with 

white 

cane 

Ask 

others, 

move 

around 

carefully 

Ask 

others, 

move 

around 

carefull

y 

Ask 

others, 

move 

around 

carefull

y 

Ask 

others, 

move 

around 

carefull

y 

Ask 

others, 

move 

around 

carefully 

Ask others 

for help 

Object 

finding 

Ask 

others, 

move 

around 

carefully 

Ask 

others, 

Aira 

Ask 

others, 

move 

around 

carefully 

Ask 

others, 

move 

around 

carefull

y 

Using 

guide 

dog, 

move 

around 

carefull

y, ask 

others 

Ask 

others, 

move 

around 

carefull

y 

Ask 

others, 

move 

around 

carefully 

Ask others 

for help 

Digital 

services 

Google 

maps, 

GPS 

apps, 

Braille 

Seeing ai 

(barcode 

reader and 

Nearby 

Explore

r, 

Seeing 

AI, 

Google 

dot 

walker, 

Google 

Seeing AI, 

lookout, 

VoiceOve

iOS 

VoiceOve

r 
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5.2.2 Modality 

Users were asked about their preferred feedback modality for assistive solutions including 

sound, vibration and voice output. They were also asked what would be the most convenient 

way of informing them about the distance and location of objects. They mentioned their 

preferred units of measurement for object position (angles, cardinal directions and clock face) 

and object distance (meter, feet, steps, frequent beeping/vibration). The answers regarding the 

distance unit were variant among participants. However, almost all of them preferred either 

frequent beeping (which gets more frequent when the user gets close to the object), vibration 

or both for understanding the distance of an object from them. Also, a couple of them noted 

that it is very important not to block the hearing of the P-VI/blindness because they perceive a 

lot of information through their hearing sense. P#7 said that “Using headphones is very tricky 

for us because headphones block our hearing. Only with bone-conduction headphones I feel 

comfortable.” P#1 also expressed that he would like to use bone conduction headphones that 

do not block his hearing. The answers are shown in Table 6. 

 P#1 P#2 P#3 P#4 P#5 P#6 P#7 P#8 

Beeps ✓ ✓ X ✓ ✓ ✓ ✓ ✓ 

Vibration X (afraid 

of 

missing) 

✓ X  ✓ ✓ ✓ But 

preferred 

beep for 

more 

accuracy 

✓ ✓ 

Distance 

unit 

Meter, 

Angle 

Feet, 

Cardinal 

direction 

feet, 

inch, 

clock 

method, 

using 

reference 

object 

meters, 

clock face 

method, 

reference 

objects 

Steps Meters Meters, 

clock 

face 

method 

preferred 

beeping 

over 

meters 

screen 

reader 

display, 

voice 

over, be 

my 

eyes, 

Aira, 

Seeing 

AI 

OCR), 

BeMyEye

s, Google 

maps 

walking 

mode, 

blind 

square 

Google 

maps 

walk 
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maps, 

Compas

s app, 

Aira 

maps, 

Envisio

n AI 

r, image 

descriptio

n 

Table 5 - User research (existing solutions) 
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Augmented 

audio 

unfamiliar X (prefers 

verbal 

directions) 

X ✓ (I have 

played 

augmented 

audio 

games and 

I think it 

can be 

useful.) 

X 

(never 

used) 

X X X 

Table 6 - User research (feedback modality) 

5.2.3 Scene understanding 

Participants were also asked about the information they need to perceive for scene 

understanding. Knowing about objects, color detection, text reading, obstacle detection and 

scene type were among the most needed information. Participants expressed which kind of 

obstacles are more challenging for them to avoid and how their current tools are not able to 

detect those obstacles. For instance, P#1 said that he would need obstacle detection specially 

for moving obstacles. P#2 mentioned that guide dog and white cane are not useful for the 

detection of upper body obstacles. Moreover, they expressed how they prefer to receive 

information about the existing objects in the scene. P#7,2,4 expressed that they would like to 

receive information on demand and in a hierarchical format to avoid cognitive overload. For 

example, P#2 noted “First having general information and being able to dig into it would be 

good, like knowing what is on it[table] or the size of it, color of it, and so on, having a layered 

approach.”. Table 7 shows the information that the participants needed to receive from their 

surrounding environment. 

 P#1 P#2 P#3 P#4 P#5 P#6 P#7 P#8 

Objects ✓moving 

objects and 

stuff on the 

floor 

✓ 

Hierarchical 

information 

✓ Stairs ✓ 

(Hierarchical 

information, 

windows, 

kitchen 

objects) 

✓ ✓ ✓ 

Hierarchical 

information 

✓ 

Text 

reading 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Obstacle 

detection 
✓(specially 

moving 

obstacles) 

✓ (upper 

body 

obstacles) 

✓ 

(obstacles 

like 

columns) 

✓ ✓ ✓ NA ✓ 

Scene 

type 

N/A ✓ ✓ ✓ ✓ ✓ ✓ NA 

Table 7 - User research (scene understanding) 
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5.2.4 Recommendation system 

It was also explored if users would like to have a recommendation system in the solution that 

informs them about hazardous situations or interesting objects (e.g. TV, Radio, vending 

machines, empty seats) in a new environment. P#4 commented that “It can be very good for 

finding empty seats in metro stations”. However, the idea of informing them about hazards was 

more interesting for the participants. Three of the interviewees, P#5, P#3 and P#1, did not 

support the idea of having a recommendation system for the interesting objects and two of them 

did not provide any answers about that. Figure 9 shows the number of participants who agreed 

on including hazards and interesting objects in the recommendation system.  

 

Figure 9 - User research (recommendation system) 

5.2.5 Losing objects 

Participants were asked how frequently they missed items in their daily lives. Those who lived 

with sighted housemates more frequently misplaced objects in comparison with the ones who 

lived alone or with another person with a VI/blindness. Four out of eight participants noted that 

they lose objects every day. P#6 commented “I lose objects every day, I live in a dormitory 

and in my own home with my family. At home, especially in the kitchen, my mom always 

changes the place of things. I love cooking, but I don’t use my mom’s kitchen because of that”. 

More information regarding the type of lost objects is in Table 8. 
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Objects Count Participant 

bank cards 2 P4,P6 

body spray 2 P7,P6 

books 1 P2 

charger 2 P5,P4 

cigarettes 1 P4 

comb 1 P6 

dog toys 1 P5 

flash memory 1 P4 

fork 1 P4 

glasses 1 P1 

glasses case 1 P1 

hanger 1 P7 

hat 1 P6 

headphones 3 P5,P4,P2 

keyboard 1 P2 

keys 4 P5,P4,P6,P7 

lighter 1 P4 

nail cutter 1 P7 

paper tissue 1 P6 

phone 3 P1,P4,P5 

pills/medicine 1 P4 

remote controller 2 P7,P8 

shoes 1 P5 

spoon 1 P4 

wallet 2 P5,P4 

watch 1 P4 

water bottle 1 P5 

Table 8 - Most frequent lost objects 
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5.2.6 Most complex tasks 

Regarding the most complex tasks, finding objects and directions were the most complicated 

challenges that the participants faced in their daily lives. These tasks included finding objects 

that others move (P#1), dealing with images and audios with no descriptions (P#2), finding 

stairs (P#3), finding registers in big stores (P#3), cooking (P#4), finding stuff in the bathrooms 

or kitchens (P#5), reading mails (p#8) etc. Results are detailed in Table 9. 

 P#1 P#2 P#3 P#4 P#5 P#6 P#7 P#8 

Most 

comple

x tasks 

findin

g 

object

s 

when 

others 

move 

them 

dealing 

with 

images 

and 

audios 

with no 

descriptio

n 

finding 

stairs, 

finding 

register

s in big 

stores 

cooking, 

finding 

directio

ns 

indoors 

Finding stuff in 

the new 

bathrooms/kitche

ns, cooking, using 

appliances, little 

steps in American 

houses 

cooking, finding 

stuff in the new 

bathrooms/kitch

en 

movin

g in 

the 

streets 

readin

g 

paper 

mails 

Table 9 - User research (Complex tasks) 

5.3 Conclusion 

Overall, the user research provided valuable insights into the needs and challenges faced by P-

VI/blindness in indoor environments. Participants currently rely on a mix of traditional tools 

(e.g., white canes, guide dogs) and digital assistive technologies (e.g., Seeing AI, Be My Eyes, 

Google Maps). However, these solutions often lack accuracy, fail to address specific scene 

understanding needs, and sometimes create discomfort due to privacy concerns. 

Key findings revealed that participants require better obstacle detection (including moving and 

upper-body obstacles), hierarchical information delivery to avoid cognitive overload, and non-

intrusive feedback modalities such as sound or vibration. Bone-conduction headphones were 

particularly favored for maintaining auditory awareness. Participants also expressed a need for 

solutions that provide on-demand, layered information about objects, text reading, and scene 

classification. 

Frequent challenges included locating misplaced objects, navigating unfamiliar spaces, and 

performing complex tasks like cooking or finding specific items in shared environments. While 

participants supported the idea of hazard alerts in recommendation systems, interest in 

identifying “interesting objects” was mixed. 
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These findings emphasize the need for more accurate, user-centered assistive technologies that 

address gaps in scene understanding while ensuring usability and comfort for P-VI individuals. 
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6 Proposed framework 

To address the challenges mentioned in the problem statement chapter, such as proper 

integration of user needs in solutions, selection of appropriate technologies, and providing 

proper feedback to the user, a framework was designed that consists of:  

o The various use cases of an assistive solution for scene understanding in indoor 

environments.  

o The list of functional and non-functional requirements to be fulfilled by an assistive 

solution for scene understanding in indoor environments. 

o A general reference architecture for assistive solutions for scene understanding in 

indoor environments.  

o A guideline for selecting appropriate technologies for the design and development of 

such solutions. 

 

User-centered design and development: In response to the lack of a user-centered approach 

in current systems, we contribute to a deeper understanding and characterization of the context 

of use—covering users, tasks, and the environment. This is achieved through the analysis of 

the possible multiple use cases for assistive solutions in indoor scene understanding. 

Moreover, recognizing the absence of comprehensive design guidelines that link user needs to 

system requirements and architecture, we present a comprehensive set of functional and non-

functional requirements, a reference architecture, and a mapping between requirements and 

architectural components.  

Selecting appropriate technologies: To address the lack of clear guidelines for the selection 

of appropriate technologies, we contribute a detailed technology analysis. This analysis is 

applied to facilitate the technology selection process for developers. 

All the elements in the framework will be applied to our proposed solutions 

6.1 Use cases 

This section presents a set of structured use cases that help to visualize and categorize the 

diverse needs and real-world challenges faced by the P-VI/blindness in indoor settings. They 

have been elaborated by collecting and systematizing the results of the user interviews and our 
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previous literature analysis [13]. The identified use cases are divided into four main categories: 

“Scene understanding”, “Object location”, “Obstacle avoidance” and “Text reading”. The 

“Scene understanding” use cases are focused on situations in P-VI/blindness gets to an 

unfamiliar indoor environment and would like to obtain information about it and the objects 

present in it. “Object location” is related to situations in which the user is looking for specific 

objects (e.g., book, clothes, seats, etc.). In “Obstacle avoidance” use cases, the user wants to 

avoid obstacles on a trajectory. Lastly, “Text reading” use cases are for situations where the 

user wants to detect and understand a text in the environment. 

6.1.1 Scene understanding use cases 

6.1.1.1 Wide indoor scene (room) 

In the following use cases, it is assumed that the user has entered an unfamiliar living room of 

an apartment and would like to have a better understanding of the surroundings and the existing 

objects/living entities with the help of the assistive solution. Each use case defines a possible 

scenario that might occur while the user is in the indoor environment. In the following use 

cases, the objects' distance is considered to be at least 1 meter from the user. This is because 

bigger objects need to be far enough from the camera to be completely included in the image 

obtained from the scene. 

Use case 1: Scene identification  

As a user, I want to know what type of room I am in when I enter the room, so that I 

can be sure I entered the correct room. 

Use case 2: Scene description (static objects and standing user) 

As a user, I want to get informed about the static (not moving) objects (e.g. chairs, TV, 

books etc.) present in the environment while I am standing still, so that I can understand 

what and where objects are in the room. 

Use case 3: Scene dynamics description (moving objects and standing user) 

As a user, I want to get informed about moving objects (e.g. humans or pets) present in 

the living room so that I can be more careful about them if I move. 

Use case 4: Static scene description for navigation (static objects and moving user) 
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As a user, I want to get informed about the objects present in the current environment, 

while I am moving, so that I can form a better mental map of the environment. 

Use case 5: Dynamic scene description for navigation (moving objects and moving user) 

As a user, I want to get informed about the objects present in the current environment 

that are moving (e.g. humans or pets), while I am also moving, so that I can form a 

better mental map of the environment and at the same time be more careful about 

moving objects. 

Use case 6: Scene object type description (static/moving objects and standing/moving 

user) 

As a user, I want to be informed about objects of the same type (e.g. three books) in the 

environment so that I can distinguish them and know how many objects of the same 

type exist in the environment (e.g. five chairs). 

6.1.1.2 Small indoor scene (area within hands reach) 

In the following use cases, it is assumed that the user is sitting at a table and would like to know 

about the existing objects on the table with the help of the assistive solution. Each use case 

defines a possible scenario that might occur in this setting. The objects in these use cases are 

less than 1 meter away from the user (within hands reach).  

Use case 7:  Scan items on a table (static objects and sitting user) 

As a user, I want to get informed about all objects (food, drinks, plates, fork etc.) on the 

table so that I can decide if there is any object of interest. 

Use case 8:  Scan specific object type on a table (static objects and sitting user) 

As a user, I want to know if there is any instance of a specific type of object (forks, for 

instance) on the table. 

6.1.2 Object location use cases 

6.1.2.1 Wide indoor scene (room) 

In the following use cases, it is assumed that the user has entered an unfamiliar living room of 

an apartment and wants to locate a specific object with the help of the assistive solution. The 

objects in the scene could be large (i.e., easily visible in the image) or small (i.e., occupying 

fewer pixels in the image). We will discriminate between objects that are close (less than one 
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meter away) and far (more than one meter away). In the wide indoor scene category only far 

objects will be considered, while close objects will be included in the small indoor scene 

category. However, the distance threshold could be adjusted based on the user’s requirements. 

These metrics are intended to provide a more tangible understanding of the use cases. 

Each use case defines a possible scenario that might occur while the user is undertaking the 

task. 

Use case 9:  Finding a big far static object (standing user)  

As a user, I want to know the location of the sofa in the living room so that I can go 

there and seat on it. 

Use case 10:  Finding a big far moving object (standing user)  

As a user, I want to know the location of a person moving in the living room. 

Use case 11:  Finding a small far static object (standing user)  

As a user, I want to know the location of a bottle of water (>1 meter away) while I am 

standing in the living room so that I can drink water from it. 

Use case 12:  Finding a big far static object (moving user) 

As a user, I want to know the location of the sofa while moving in the living room so 

that I can go there and seat on it. 

Use case 13:  Finding a small far static object (moving user) 

As a user, I want to know the location of a remote controller while I am moving around 

the living room so that I can turn on the air conditioner. 

Use case 14:  Finding a small far moving object (moving user) 

As a user, I want to know the location of a kitten while I am moving around the living 

room so that I can orient myself to it and call it. 

6.1.2.2 Small indoor scene (area within hands reach) 

In the following use cases, it is assumed that the user is sitting at a table and would like to 

locate existing objects on the table with the help of the assistive solution. It is also assumed 

that all objects are small and static, as big or moving objects are not usually found on a table. 
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The distance between the user and the object in the scene is less than one meter, so that the user 

could reach the desired objects without walking, just by extending their arm. Each use case 

defines a possible scenario that might occur. 

Use case 15:  Finding a small static object (sitting user and static objects on a table)  

As a user, I want to know the location of a salad bowl while I am sitting at the table so 

that I can get some salad. 

Use case 16:  Finding a small static object with a specific color (sitting user and static 

objects on a table)  

As a user, I want to know the location of a blue book while I am sitting at the table so 

that I can read it. 

Use case 17:  Finding the color of any desired small object (sitting user and static objects 

on a table)  

As a user, I want to know the color of a crayon I picked from the table. 

6.1.3 Obstacle avoidance use cases 

In the following use cases, it is assumed that the user is moving around a living room and wants 

to avoid colliding with obstacles. Each use case defines a possible scenario that might occur 

while the user is undertaking the task.  

Use case 18:  Obstacle avoidance (small static obstacle)  

As a user, I want to be informed about small static obstacles (e.g. small vase) on my 

way while I am walking around the living room so that I can move around safely.  

Use case 19:  Obstacle avoidance (small moving obstacle)  

As a user, I want to be informed about small moving obstacles (e.g., a cat) on my way 

while I am walking around the living room so that I can move around safely.  

Use case 20:  Obstacle avoidance (big static obstacle)  

As a user, I want to be informed about big static obstacles (e.g., sofa) on my way while 

I am walking around the living room so that I can move around safely.  

Use case 21:  Obstacle avoidance (big moving obstacle)  
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As a user, I want to be informed about big moving obstacles (e.g., person) on my way 

while I am walking around the living room so that I can move around safely.  

Use case 22:  Hazard warning  

As a user, I want to be informed about potential hazards around me (e.g., staircase, 

slippery floor) on my way while I am walking around the living room so that I can move 

around safely.  

6.1.4 Text reading use cases 

Use case 23:  text detection 

As a user, I want to be able to know if there is any text written on a given surface.  

Use case 24:  text reading 

As a user, I want to be able to know the content written in a magazine so that I can 

understand it.  

It is important to note that the differences between moving and standing users, as well as big 

and small objects, can have significant impacts on the performance of the system for scene 

understanding. In situations where the user is standing still or sitting (e.g., Use case 2, 3, 7, 8, 

9, 10, 13 and 14), the system can focus on detecting and analyzing the static objects in the 

environment. The user's stationary position allows for more accurate and reliable object 

detection as there are fewer variables to consider. 

However, when the user is moving (e.g., Use case 4, 5, 11, 12, 18, 19, 20, 21 and 22), the 

system needs to account for the user's motion while detecting and tracking objects. This 

introduces additional complexity as the system must handle object detection in dynamic scenes. 

It needs to continuously track the user's position, adjust object detection algorithms 

accordingly, and provide updates about the objects' locations. The system’s performance may 

be affected by factors such as motion blur, occlusions, and changes in lighting conditions 

caused by the user's movement. However, a static user might be moving the camera in order to 

scan the environment, so these problems could also affect to some extent the static use cases.  

Moreover, object size is also important. When dealing with large objects (as in Use case 9, 10, 

12, 20 and 21), the algorithm must accurately locate and track these objects. Larger objects are 

more likely to stand out in a scene. 
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Small objects, on the other hand (e.g., Use case 11, 13, 14, 15, 16 and 17), require the algorithm 

to detect and localize them accurately. Small objects usually occupy fewer pixels in an image. 

This results in limited visual details available for object detection models to identify and 

differentiate these objects. Small variations or distortions in these few pixels can drastically 

affect the detection accuracy [158]. The algorithm should be capable of capturing precise 

details and adjusting its detection and localization methods to accommodate small-scale objects 

within reach of the user. It is also important to mention that as the distance of the object from 

the camera affects the object's size in the image, a big object far from the user could occupy 

just a few pixels of the image and vice versa. 

Moreover, small objects may often require the user to perform finer and more precise 

movements to reach or avoid them. The system needs to provide accurate real-time feedback 

to allow the user to adjust their movements accordingly. Therefore, not only detection but the 

feedback mechanism for navigation also needs to be highly precise and reliable for small 

objects. This is because smaller objects may be covered or surrounded by other objects, making 

it difficult to access them. For example, the user wants to pick a fork, but there is a cup nearby 

that the user's hand may collide with. In [149], [159] discussed the importance of the feedback 

mechanism and the response time of assistive solutions in the case of object detection and 

obstacle detection. They also discussed various modalities that can be used such as vibrations, 

audible alerts, or echo waves. Nonetheless, according to our user research, we suggest that 

different users should be allowed to adapt the feedback mechanisms for navigation according 

to their personal preferences and each use case. The full list of all scenarios is in Table 10. 

 
User need Location User position Object/s Object 

size 

Distance 

Use case 

1 

Scene 

recognition 

Room Standing Static Small & 

Big 

>1 meter 

Use case 

2 

Scene 

description 

Room Standing Static Small & 

Big 

>1 meter 

Use case 

3 

Scene 

description 

Room Standing Dynamic Small & 

Big 

>1 meter 

Use case 

4 

Scene 

description 

Room Moving Static Small & 

Big 

>1 meter 
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Use case 

5 

Scene 

description 

Room Moving Dynamic Small & 

Big 

>1 meter 

Use case 

6 

Scene 

description 

Room Moving/Standing Static/Dynamic 

duplicated 

objects 

Small & 

Big 

>1 meter 

Use case 

7 

Scene 

description 

Table Sitting Static Small <1 meter 

Use case 

8 

Scene 

description 

Table Sitting Static specific 

object 

Small <1 meter 

Use case 

9 

Object location Room Standing Static Big >1 meter 

Use case 

10 

Object location Room Moving Static Big >1 meter 

Use case 

11 

Object location Room Moving Static Small >1 meter 

Use case 

12 

Object location Room Moving Static Big >1 meter 

Use case 

13 

Object location Room Standing Static Small >1 meter 

Use case 

14 

Object location Room Standing Moving Small >1 meter 

Use case 

15 

Object location Table Sitting Static Small <1 meter 

Use case 

16 

Color detection Table Sitting Static Small <1 meter 

Use case 

17 

Color detection Table Sitting Static (any 

object) 

Small <1 meter 

Use case 

18 

Obstacle 

avoidance 

Room Moving Static Small <1 meter 

Use case 

19 

Obstacle 

avoidance 

Room Moving Dynamic Small <1 meter 

Use case 

20 

Obstacle 

avoidance 

Room Moving Static Big <1 meter 
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6.2 User requirements  

In the next two sub sections, we present the user requirements for assistive solutions that have 

been obtained from the review of previous research. They have been abstracted from the 

extensive list of requirements extracted from literature (Appendix 3). The requirements are 

divided into functional and non-functional. Functional requirements are the capabilities, 

behavior, and the information that the system requires [108]. On the other hand, non-functional 

requirements focus on quality constraints like usability, reliability, availability, performance 

etc. [157]. 

6.2.1 Functional requirements 

The functional requirements have been linked to the use cases defined previously in the use 

case section. 

FR 1: The system must have a command interpreter that allows the user to choose between the 

options provided in the system. (Use case 1-24)  

FR 2: The system must obtain scene data to allow the user to scan the environment/text through 

a camera. (Use case 1-24)  

FR 3: The system must recognize the scene type. (Use case 1)  

FR 4: The system must describe the objects that exist in the scene. (Use case 2-7) 

FR 5: The system must detect the desired object and locate its position in the environment. 

(Use case 8-15) 

Use case 

21 

Obstacle 

avoidance 

Room Moving Dynamic Big <1 meter 

Use case 

22 

Hazard 

warning 

Room Moving Static Small/big  

Use case 

23 

Text detection Room Standing Static NA <1 meter 

Use case 

24 

Text reading Room Standing Static NA <1 meter 

Table 10 - Use cases 
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FR 6: The system must detect the color of a desired object in the environment. (Use case 16-

17) 

FR 7: The system must detect the obstacles/hazards that are on the user’s path. (Use case 18-

22) 

FR 8: The system must let the user scan text and know the written words. (Use case 23-24) 

FR 9: The system must continuously track object locations as the user moves through the 

environment. (Use case 4, 5, 10, 12, 13 and 14) 

FR 10: The Text detector module must detect the presence of text in the scene. (Use case 23-

24) 

FR 11: The system must provide feedback based on user preferences (volume, speed, units, 

etc.) via audio and/or haptics based on user needs. (Use case 1-24) 

6.2.2 Non-functional requirements 

Non-functional requirements are just as important as the functional requirements since they 

describe the required quality of the operations handled by the system.  

According to the discussion in [108], [144], [160] with several associations of persons with 

visual impairment and our own interviews, the following non-functional requirements should 

be addressed in a portable assistive device for the people who are blind.  

NFR 1: Robustness - the system should not be impacted by the scene dynamics or 

illumination. It should be dependable under various circumstances, including water, knocks, 

and bumps, and need little maintenance. This extends to the capability of functioning 

seamlessly in diverse environments, including challenging scenarios such as underground 

locations with no internet connectivity. 

NFR 2: Portability - the device should be light, comfortable, and ergonomic. 

NFR 3: Latency - The system’s latency should be fast enough according to the use case. For 

instance, when the user requires a scene description while standing still, a slight delay of a few 

seconds in providing feedback may be acceptable, allowing the system to thoroughly analyze 

the environment and provide accurate information. However, in the case of obstacle avoidance, 

the system should operate with millisecond-level responsiveness. This is crucial for ensuring 
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the user's safety, especially since sensors like LiDAR or ultrasonic sensors commonly used for 

this purpose can deliver feedback in under a second. 

NFR 4: Affordability - the price of the device should be reasonable. (More information about 

the price of acquisition is provided in section 3.7) 

NFR 5: Accuracy - The system must be able to accurately recognize and warn about 

objects/texts and obstacles. However, the level of accuracy is scenario dependent. For example, 

in cases where obstacle avoidance is required, the system's accuracy must be very high. This 

means that it should be capable of reliably detecting and alerting about obstacles in its 

surroundings to ensure the safety of users. On the other hand, when it comes to object detection, 

the system's accuracy requirements are slightly different. While it is ideal for the system to 

detect and recognize all objects present in a given scene, it is understood that achieving 100% 

detection may not always be feasible or necessary. 

NFR 6: Power consumption - The hardware resources that rely on a battery supply should be 

used by the system in an effective way. 

NFR 7: Computational complexity - The system should not impose a heavy computational 

complexity load on the portable hardware. In other words, the system should be designed and 

optimized in a way that it doesn't overly burden or strain the processing capabilities of the 

hardware it runs on. This is especially important for portable devices with limited computing 

power, such as smartphones or tablets, where efficient resource usage is critical to ensuring 

smooth and responsive operation while avoiding excessive battery drain. 

NFR 8: Security – It is very important that the system guarantees the privacy of the users with 

blindness and the bystanders who are exposed to the system. In [142] was found out that both 

users with blindness and bystanders have significant concerns about the information provided 

by the system. For example, bystanders may feel uneasy if assistive technology extends a 

sighted person's field of view. On the other hand, the data captured by the cameras on the device 

must be encrypted so that the user with blindness feels comfortable using the device especially 

in private environments. 

When incorporating text-to-speech and speech-to-text modalities, the privacy concerns are 

further amplified. The conversion of text to speech and vice versa involves processing sensitive 

information, and potential risks of information disclosure. 
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NFR 9: Personalization - The assistive solution must be adaptable to the user's specific needs 

and preferences in different use cases. This means that the user should be able to adjust various 

settings (e.g. feedback volume, distance thresholds and modalities) of the solution to optimize 

its performance for their individual requirements [161].  

6.2.3 Reference System Architecture 

According to the functional and non-functional requirements, a high-level reference 

architecture for scene understanding assistive solutions is proposed which is presented in 

Figure 10. The architecture is organized in a way that facilitates comprehension and 

implementation of such systems. It serves as a comprehensive reference, providing a high-level 

overview that aids in understanding the system's major components and their interactions. We 

will also describe how these components meet the functional and non-functional requirements. 

The architecture consists of several key modules, each serving a specific purpose in the scene 

understanding process. In our proposed architecture, the system enables user interaction 

through a command interpreter (e.g. voice user interface (VUI), touch screen, keyboard) (FR 

1), allowing users to issue commands that the system processes to provide relevant responses. 

Additionally, The Scene data obtainer (e.g. camera, sensor) provides the input data from 

environment to the system (FR 2). 

The Object locator module, comprising an Object detector model and a Distance predictor, is 

responsible for identifying the position and type of objects within the environment (FR 5). 

Additionally, the Scene recognizer module works in tandem with the Object detection model 

to determine the scene type based on the detected objects within it (FR 3). This interaction 

between the modules enhances the system's ability to recognize and understand complex scenes 

more effectively.  

Furthermore, the Scene analyzer and descriptor module provides in-depth information about 

the objects/colors present in the scene, as well as their semantic relationships (FR 4 & 6). To 

address the recognition of text, the Optical Character Recognition (OCR) module, or Text 

detector, is employed. This component can accurately detect and interpret text, enabling the 

system to convey textual information to the user (FR 8 & 10).  

Lastly, the Obstacle detector module plays a critical role in ensuring user safety by identifying 

obstacles present around the user (FR 7 & 9). This module uses the Distance predictor to 

determine the proximity of obstacles and provide timely alerts or information, assisting the user 
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in navigating their environment safely (FR 11). The information generated by the various 

modules is converted into speech format or beeping sounds/vibration in case of obstacles (so 

that the beeping/vibration frequency increases/decreases in response to the user's proximity to 

an obstacle/object.), allowing the system to provide feedback to the users using the Output 

interpreter module (FR 11). It is also important to note that the quality of each module is highly 

dependent on the non-functional requirements described. For instance, the accuracy (NFR 5) 

and latency (NFR 3) of the object detection algorithms used in the modules can highly affect 

the performance of the system. The impact of the non-functional requirements is discussed in 

more detail in the next sections. 

6.3 Technology selection guidelines 

The process of choosing the right technologies for the development of a solution could be a 

complicated task. During the state-of-the-art analysis we came across many different 

technologies both for the hardware and software that were used to implement a solution. 

However, the justification for choosing a specific method for scene understanding (e.g. object 

detection methods, distance detection sensors/cameras etc.) remained to an extent vague in 

many solutions. Additionally, it can be confusing for the designers and developers to choose 

an approach among many different software and hardware options.  

Figure 10 – Solution Architecture: Different modules of the solutions and how they interact with each other 
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To provide a guide for the technology selection process in the design cycle, we compared 

various approaches for implementing assistive solutions considering various aspects: 

effectiveness, computational resources, limitations, and acquisition cost of each approach.  

Complete information for the different approaches according to our guideline is in Table 11. 

For each of these approaches we refer to solutions that were implemented using the algorithms 

and devices mentioned. However, for a few of the approaches we could not find some 

information such as the computational resources, or reported effectiveness of the method in the 

corresponding existing solution. In the following sections, each aspect in our guideline is 

presented.  

By assessing the existing solutions using the mentioned aspects, we expect to help designers 

of new systems to be implemented for specific use cases. The most appropriate approach should 

be selected considering the priorities and constraints applicable with respect to the different 

aspects. 

6.3.1 Effectiveness 

To analyze effectiveness, we compared the accuracy (the ratio of correctly detected objects 

(true positives)) or average precision (AP) (metric in object detection that measures the 

model’s precision across different recall levels) of different algorithms, in combination with 

the depth coverage range (measured in meters) of cameras, to show the advantages and the 

limitations of each approach.  

For instance, object detection methods such as YOLOv7 (56.8% AP) have relatively higher AP 

in comparison with instance segmentation methods such as Detectron2 R101-FPN (43.7% AP) 

which requires more computational resources too. Instance segmentation is a better approach 

for finding the exact position of an object in an image.  

For depth estimation, there are different options such as stereo vision/LiDAR/structured light 

cameras and deep learning methods with monocular cameras. Stereo and LiDAR cameras are 

more common in assistive solutions and have a considerably good coverage range (up to 4 and 

6 meters respectively). Deep learning models are an alternative if a depth camera cannot be 

utilized in the solution for various reasons such as portability or device limitations (e.g. 

smartphones). 
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Regarding the obstacle detection technologies, LiDAR and RGB-D cameras have a much better 

range in comparison with other sensors. The Realsense LiDAR L515 can detect obstacles up 

to 6 meters away from the user. The ultrasonic and infrared sensors are also acceptable options 

for detecting close-range obstacles in cost-efficient solutions. 

6.3.2 Acquisition cost 

The cost of delivering the solution and the cost of acquisition for the end user can be critical. 

The equipment required to implement solutions with higher effectiveness will result in a higher 

price.  

For instance, the development of an object location use case, using a jetson nano with Realsense 

LiDAR L515 can cost around 1000$. This price is only for the hardware, and it is also important 

to consider the costs related to development and maintenance.  

Furthermore, computing resources and purchase costs are interconnected. A technique with 

low computational and acquisition costs could be implemented on a Raspberry Pi 4 computer.  

A small object detection model (YOLOv7-tiny) or a cloud service could be utilized with a 

Raspberry Pi 4 (from 35$) and a Pi camera (30$) which does not necessitate a lot of 

computational resources. However, the effectiveness of a tiny model is worse than a cloud 

service provider such as Google Vision API or even the normal version of YoloV7 which has 

56.8% average precision (AP) which is higher than the tiny version (35.2% AP). 

6.3.3 Computational resources 

Computational resources mean the hardware and processing power required to run the solutions 

efficiently. This includes factors such as processing speed, memory, and GPU capabilities. In 

Table 11, “computational resources” refers to the specific device on which the solution is 

implemented, such as a cloud server, a device like Jetson Nano, or a smartphone. Each of these 

devices has different capabilities that affect the speed, accuracy, and cost of running object 

detection models. High effectiveness comes at a high computational cost and requires more 

accurate sensors. In some cases, higher precision for object detection models could be achieved 

using cloud providers. This also decreases the computational load on the user’s device, but it 

needs constant connection to the internet and also adds additional costs since these providers 

are not free to use. Our analysis includes technological options for both cost-effective and high 

performance (costly) approaches.  
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It's also important to note that low-cost solutions may not necessarily mean inferior quality. 

Innovations in technology have allowed for the creation of more cost-effective solutions over 

time. An ideal balance between cost and effectiveness should be sought to ensure that the users 

get the maximum benefit. It is preferential to develop something that a broad range of users 

can buy on a limited budget. For example, using YOLOv7 for the required use cases seems like 

a promising option when it comes to the balance between cost and performance. On the other 

hand, for the approaches that require more potent and costly hardware, Jetson Nano Developer 

Kit would be a suitable option.  

6.3.4 Limitations 

As we discussed in the previous sections, each of the approaches have their limitations, such 

as the lack of precision or the computational resources they need for running. It is also 

important to note that the generalizability of solutions might vary in different situations. The 

methods analyzed in Table 11, primarily function and have the mentioned performance in 

restricted situations. This is mainly due to the limitations of current scene interpretation 

technologies. Existing cameras have constraints such as field of vision, size, performance in 

various lighting conditions, etc. that might affect the performance of the overall approach. In 

addition, the performance of the software used for scene interpretation, such as various deep 

learning algorithms for spotting objects, may not be satisfactory in unfamiliar situations 

because they are trained on a limited number of object categories. In this dimension we 

highlight the main limitations to be aware of in each approach. 

User need Use 

case 

Approach Effectiveness 

(Accuracy 

and Camera 

range) 

Computatio

nal 

resources 

Limitations Acquisition 

cost 

Scene 

recognition 

Use 

case 1 

patch feature 

encoding (Non-

negative sparse 

decomposition 

model 

(NNSD)[162]) 

85.40% 

accuracy on 

Indoor-67 

dataset  [86] 

Not available only limited 

scenes 

Not available 

Scene 

recognition 

Use 

case 1 

CNN/Hybrid 

models (e.g.  

FOSNet [90]) 

90.37%  

accuracy on 

Not available need more 

computationa

l resources 

Not available 
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Indoor-67 

dataset   [86] 

Scene 

recognition 

Use 

case 1 

Lightmodels (e.g.  

SceneRecog [84]) 

83.33%[84] 

accuracy 

Android 

Smartphone 

detects less 

objects 

Starting from 

200$ 

Scene 

description 

Use 

case 2 

to 5 

Object detection 

(e.g. YOLOv7) 

56.8% 

average 

precision 

(AP)[163] 

Jetson Nano/ 

Raspberry Pi 

4 according 

to [164] 

computationa

lly heavy 

Jetson Nano 

From 150$ 

Raspberry Pi 

4 from 35$ 

Scene 

description 

Use 

case 2 

to 5 

Object detection 

(e.g. YOLOv7-tiny)  

35.2% AP 

[163] 

Raspberry Pi 

4 

detects less 

objects 

Raspberry Pi 

4 from 35$ 

+ Pi Camera 

30$ 

Scene 

description 

Use 

case 

6,7 

Instance 

segmentation (e.g. 

Detectron2  R101-

FPN model [165]) 

43.7% AP on 

COCO 

dataset [166] 

Jetson Nano 

according to 

[167] 

computationa

lly heavy 

Jetson Nano 

From 150$ + 

Pi Camera 

30$ 

 
Scene 

description 

Use 

case 

6,7 

Object detection 

(e.g. YOLOv7) 

56.8% 

AP[163] 

Jetson Nano/ 

Raspberry Pi 

4[164] 

Might not 

detect the 

exact position 

of small 

objects 

Jetson Nano 

From 150$ 

Raspberry Pi 

4 from 35$ + 

Pi Camera 

30$ 

Scene 

description 

Use 

case 

6,7 

MLLM NA Smartphone 

according to 

[105] 

Prone to 

hallucination

s 

Smartphone 

starting from 

200$ 

Scene 

description 

Use 

case 

6,7 

Google Vision API 60% AP on  

Open Images 

Validation set 

Raspberry Pi 

4 according 

to [168] 

Needs 

constant 

internet 

connection 

Raspberry Pi 

4 from 35$ + 

Pi Camera 

30$ + API 

price 

Object 

location 

Use 

case 8 

to 17 

and 22 

Object detection 

(YOLOv7-tiny) + 

stereo camera (e.g. 

Realsense D455) 

35.2% 

AP[163] for 

object 

detection 

Raspberry Pi 

4[164] 

not detecting 

textureless 

surfaces 

Raspberry Pi 

4 from 35$ 

Realsense 

D455 is 419$ 
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0.1 m to 4 m 

camera 

range[169] 

Object 

location 

Use 

case 8 

to 17 

and 22 

Object detection 

(YOLOv7-tiny) + 

ToF camera (e.g.  

Intel RealSense 

LiDAR L515) 

35.2% AP  

[163] for 

object 

detection 

0.35 m to 6 m 

camera range 

[63] 

Raspberry Pi 

4  [164] 

not energy 

and cost 

efficient 

Raspberry Pi 

4 from 35$ 

Object 

location 

Use 

case 8 

to 17 

and 22 

Object detection 

(YOLOv7-tiny) + 

monocular depth 

estimation (e.g. 

MiDAS [170]v2.1 

small) 

35.2% AP 

[163] for 

object 

detection 

13.43 % 

mean 

absolute 

relative error 

(MARE) for 

MiDAS 

v2.1[171] 

Android 

Smartphone 

according to 

[172] 

not accurate 

enough in 

many cases 

Smartphone 

starting from 

200$ 

Object 

location 

Use 

case 8 

to 17 

and 22 

Object detection 

(YOLOv7-tiny) + 

structured light 

camera  (e.g.  Intel  

RealSense SR305 

35.2% AP  

[163] for 

object 

detection 

0.5 m camera 

range 

 

Raspberry Pi 

4  [164] 

requires more 

computationa

l power than 

stereo 

camera. 

Intel  

RealSense 

SR305 410$ 

Object 

location 

Use 

case 8 

to 17 

and 22 

Instance 

segmentation (e.g. 

Detectron2  R101-

FPN model [165])+  

stereo camera (e.g. 

Realsense D455) 

43.7% AP on 

COCO 

dataset 

0.1 m to 4 m 

camera range 

Jetson Nano 

according to 

[167] 

computationa

lly heavy, not 

detecting 

textureless 

surfaces 

Jetson Nano 

From 150$ 

Realsense 

D455 419$ 
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Object 

location 

Use 

case 8 

to 17 

and 22 

Instance 

segmentation (e.g. 

Detectron2  R101-

FPN model [165]) +  

ToF camera (e.g.  

Intel RealSense 

LiDAR L515) 

43.7% AP on 

COCO 

dataset [166] 

for instance 

segmentation 

0.35 m to 6 m 

camera range 

[63] 

Jetson Nano 

according to 

[167] 

computationa

lly heavy, not 

energy and 

cost efficient 

Jetson Nano 

From 150$ 

Intel 

RealSense 

LiDAR L515 

880$ 

Object 

location 

Use 

case 8 

to 17 

and 22 

Instance 

segmentation (e.g. 

Detectron2  R101-

FPN model [165]) +  

Structured light  

camera (e.g.  Intel  

RealSense SR305) 

43.7% AP on 

COCO 

dataset 

 

0.5 m camera 

range 

 

Jetson Nano require more 

power than 

stereo camera 

Jetson Nano 

From 150$ 

Intel  

RealSense 

SR305 410$ 

Obstacle 

avoidance 

Use 

case 18 

to 22 

LiDAR sensor (e.g.  

Intel RealSense 

LiDAR L515) 

0.35 m to 6 m 

camera range 

[63] 

Jetson Nano 

according to  

[167]  or 

Rasp berry Pi 

according to 

[173] 

computationa

lly heavy 

Raspberry Pi 

4 from 35$ 

Realsense 

LiDAR L515 

is 880$ 

 

Obstacle 

avoidance 

Use 

case 18 

o 22 

Ultrasonic sensor ( 

e.g.  HC-SR04) 

Up to 0.4 m  

[174] 

Rasp berry Pi 

according 

to[174] 

poor 

accuracy 

detecting soft 

or curved 

objects 

Raspberry Pi 

4 from 35$ 

 

Ultrasonic 

sensor 8$ 

Obstacle 

avoidance 

Use 

case 18 

to 22 

Infrared sensor[175] Around 0.2 m 

to 1.50 m 

[76] 

Rasp berry Pi 

according to  

[76] 

short range 

(up to 1.5 m) 

Raspberry Pi 

4 from 35$ 

 

Infrared 

sensor 10$ 

Obstacle 

avoidance 

Use 

case 18 

to 22 

RGB-D Camera 

(Intel Realsense 

D415[176]) 

Up to 2 m 

[176] 

Jetson Nano 

according to  

[177] 

computationa

lly heavy 

Jetson Nano 

From 150$ 
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Overall, developers and designers of assistive solutions should use the technology selection 

guidelines to make informed decisions by balancing criteria such as effectiveness, 

computational resources, limitations, and acquisition cost. These trade-offs should be carefully 

considered to ensure that the selected technologies meet user needs effectively and 

economically while accounting for computational resources and inherent limitations. 

In order to choose the most appropriate technologies for the development of an assistive 

solution with the help of the technology selection table, the following steps should be followed: 

1. Define the scope by selecting the applicable use cases: 

1. Define the primary objectives and the related functional and non-functional 

requirements of the assistive solution. 

2. Performance requirements: 

1. Assess the expected effectiveness in terms of accuracy and camera range. 

3. Hardware and software considerations: 

1. Determine the computational resources constraints: 

1. High-end (costly): e.g. Jetson Nano + Realsense LiDAR for 

demanding applications. 

2. Lightweight (cost-efficient): e.g. Raspberry Pi + YOLOv7-tiny for 

economical setups. 

4. Limitation management: 

1. Identify limitations of the potential technologies. E.g. smartphones with 

lightweight models cause reduced object detection capabilities. On the other 

hand, resource-heavy CNN/Hybrid models imply higher computational 

demands. 

5. Choose an approach: 

Text 

reading 

Use 

case 

23, 24 

OCR algorithm e.g. 

Google Tesseract 

[97] 

0.87 accuracy 

on ICDAR 

2019-MLT 

dataset 

Rasp berry Pi 

according to 

[178] 

hard for the 

blind user to 

point at the 

text, can't 

detect text on 

blurry image 

Raspberry Pi 

4 from 35$ 

+ Pi Camera 

30$ 

Table 11 - Solution approaches comparison 
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1. According to the information collected in previous steps, select the most 

appropriate approach for the development of the assistive solution with the 

help of table 11. 

6.4 Evaluation with the framework – An example 

The proposed collection of use cases, the reference architecture, along with the functional and 

non-functional requirements, and the technology analysis and selection criteria are meant to 

guide the design, development and evaluation of assistive solutions for P-VI/blindness. To 

illustrate how a solution could be evaluated according to the mentioned framework, an existing 

solution (Seeing AI) has been assessed according to the proposed elements. We chose Seeing 

AI[96] by Microsoft because it is a popular app used by P-VI/blindness all around the world. 

It also includes many of the requirements that we discussed. 

6.4.1 Functional requirements 

In terms of functional requirements, the command interpreter (FR 1) is a screen reader (iOS 

VoiceOver) and the output (FR 11) of the solution is through voice feedback. It receives the 

environment image as an input from the phone’s camera (FR 2). It has a scene scanning feature 

that provides minimal explanations about an image taken by the user. It provides a very general 

description (e.g. “This looks like a kitchen”) which meets FR 3. In some cases, it also provides 

brief information about few objects present in the scene (FR 4). Additionally, it offers a person 

detector which counts faces, and it is also possible to introduce specific faces by taking some 

photos of a person’s face. There is a barcode scanner and a currency detection feature that 

provides information about objects with barcodes and banknotes. Additionally, there is a 

feature for detecting light in the scene which turns the light intensity into sounds with different 

frequencies. It is an intuitive method for light detection in the environment. A color detection 

feature (FR 6) is also included, but it has a poor performance in many cases according to our 

tests. Obstacle detection and object location/tracking (FR 5,7 and 9) are also not considered in 

this solution probably due to the hardware limitations of the smartphones. The text detector 

and reader are one of the power points of this app. There are options for “short text”, 

“document” and “handwriting” that are included in the app. Table 12 summerizes the 

assessment of functional requirements. 
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Functional requirement Evaluation 

FR 1: The system must have a command interpreter that allows 

the user to choose between the options provided in the system. 

Using a screen reader (iOS VoiceOver) 

FR 2: The system must obtain scene data to allow the user to 

scan the environment/text through a camera. 

Getting input from the phone’s camera 

FR 3: The system must recognize the scene type. Providing a very general description (e.g. 

“This looks like a kitchen”)  

FR 4: The system must describe the objects that exist in the 

scene.  

Providing brief information about few 

objects in the scene and detecting persons 

and faces 

FR 5: The system must detect the desired object and locate its 

position in the environment. 

 

FR 6: The system must detect the color of a desired object in 

the environment.  

Providing color of the center of the frame 

when user points the camera at any 

direction 

FR 7: The system must detect the obstacles/hazards that are on 

the user’s path.  

 

FR 8: The system must let the user scan text and know the 

written words. 

Providing options for “short text”, 

“document” and “handwriting” 

FR 9: The system must continuously track object locations as 

the user moves through the environment.  

 

FR 10: The Text detector module must detect the presence of 

text in the scene.  

By pointing the camera towards a text it 

will start reading it if there is any. 
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FR 11: The system must provide feedback based on user 

preferences (volume, speed, units, etc.) via audio and/or haptics 

based on user needs.  

VoiceOver in iOS provides customization 

for volume speed of the speech and other 

options related to the text size and so on. 

Additional functionality 1: light detection Turning the light intensity into sounds 

with different frequencies 

Additional functionality 2: barcode reader By pointing the camera towards a 

barcode, it provides the product 

information. 

Additional functionality 3: currency detection By pointing the camera towards any 

currency it provides the information. 

Table 12 - Assessment of functional requirements in Seeing AI 

6.4.2 Non-functional requirements 

On the other hand, regarding the non-functional requirements, it has good portability (NFR 2), 

power consumption (NFR 6), and affordability (NFR 4) since it runs on a smartphone. 

However, when it comes to latency (NFR 3) and robustness (NFR 1) in the “scene” feature 

which describes the scene, there is room for improvement. This is because the device must be 

connected to the internet for that functionality to work. When it is connected to the internet, 

sometimes it takes some seconds to process the image and return the description of it. However, 

this helps the solution to not have a very high computational complexity (NFR 7). It runs 

smoothly on smartphones since most of the tasks are handled on the cloud. In terms of accuracy 

(NFR 5) there are no quantitative data on the performance of the system but according to the 

limited tests that we performed, the text detection, currency detection and light detection work 

very well, but the face detector and the scene descriptor need improvements. Regarding the 

NFR 8, the security of this app could be compromised since the data taken from the user’s 

camera is sent to the Microsoft APIs. It is true that Microsoft is a known service provider, but 

still, exposing users’ data to online services can be a privacy and security concern, as it may 

increase the risk of unauthorized access, data breaches, and misuse by third parties. Moreover, 
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the solution has some options for personalization (NFR 9). The user can change the pace of the 

text to speech and the sound of the voice actor. It is also possible to use iOS Siri to interact 

with the app through voice. But more options regarding haptic feedback could be added to the 

app for some users such as the deafblind community. Table 13 summerizes the assessment of 

non-functional requirements. 

# Non-functional requirement Evaluation 

1 Robustness The system works in different scene dynamics however, 

when there is no internet only the text recognition works 

2 Portability Runs on smartphone which is a suitable portable device 

3 Latency The text detection is works very fast bu the scene description 

takes around 2 to 10 seconds for each request 

4 Affordability It is affordable since it runs on various smartphones 

5 Accuracy No quantitative data on the performance of the system 

6 Power consumption Runs on smartphone battery and this could be considered as 

low consumption. However, it was not possible to measure 

the exact power usage of it. 

7 Computational complexity Runs smoothly on smartphones since most of the tasks are 

handled on the cloud. 
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8 Security The data is sent to Microsoft servers for processing. This can 

rise some security and privacy. 

9 Personalization Possible to set the pace of the text to speech and the sound of 

the voice actor. Also compatible with Siri on iOS.  

Table 13 - Assessment of non-functional requirements in Seeing AI 

6.4.3 User testing and feedback 

In our user research, 4 of the participants mentioned having used Seeing AI for various tasks. 

For instance, in the case of FR 3 (scene description), P#2 and P#7 mentioned that this 

functionality still needs improvements to satisfy their expectations. In contrast, the barcode 

reader and the text recognition functionalities had an acceptable performance from their point 

of view (P#2,3,5,7). Additionally, in [179] the performance of the text detection (OCR) 

functionality of this app was evaluated with 7 participants with visual impairment. They used 

text with differing characteristics such as print size, contrast, and light level in their evaluation. 

The participants managed to complete 71% of the tasks. 

In another study [180] Seeing AI was used for image description, and it was compared with 

two other solutions (ImageExplore and Facebook image exploration). The solutions were tested 

with 12 blind participants. Despite the usefulness of the feature, Seeing AI had a lower 

performance in comparison with the two other options which were better in terms of ease of 

use and information presentation.  

It is important to note that our framework might cover only some aspects of a specific assistive 

solution which could be designed for additional use-cases not included in our study. For 

example, in the case of Seeing AI it is clear that the focus of the developers was not on 

navigation and obstacle detection. Instead, they focused more on features such as barcode 

reader, currency detection and text detection. Consequently, currency detection, light detection 

and face detection sub modules can be added to the object detection module in the reference 

architecture. Our proposed framework is a good starting point for the designers and developers 

that want to develop an assistive solution for the blind and it has the potential and flexibility to 
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be extended and/or modified according to the different use-cases and intended user groups. 

However, it is always important to consider the intended context of use before applying the 

framework to a specific solution. 

6.4.4 System architecture and technological approach 

Although the exact architecture of the system could not be fully determined, but interacting 

with the app revealed that the key functional components appear to be scene scanner, person 

detector, light detector, color identifier, text reader and currency detector. The exact 

technologies used in the solution could not be clearly identified. However, for the scene 

description, it seems to be using an API similar to the one we mentioned in Table 11 that uses 

Google Vision API. Microsoft has a similar API for the same purpose that could be possibly 

utilized for this solution. Regarding the text reader, it has two modes, one for short text and the 

other one for reading documents. The first one seems to be using a local OCR model similar to 

the one we mentioned in Table 11  (Google Tesseract). However, the latter appears to be using 

an online model because it does not work when there is no internet connection. The technology 

behind the other modules (color identifier, light detector and currency detector, barcode reader) 

were not possible to be identified, but they all operated without requiring an internet 

connection, except for the barcode reader.  
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7 Proposed solutions 

According to the framework proposed in the previous chapter, two solutions are presented 

here to fulfil the objectives of the thesis. One solution is focused on exploring the potential of 

different technologies for the implementation of a cost-efficient assistive solution and the 

second one is an endeavour to implement a commercialized solution which could be accessed 

on personal smartphones of the end users. 

7.1  Solution 1 – portable laptop version (AssistDiv) 

To explore the potentials of various technologies for developing a solution for the P-

VI/blindness in indoor environments, it was decided to build a version of the solution on a 

powerful laptop that utilized an external potent RGB-D camera to reduce the technical 

limitations of implementation. First, use cases for scene understanding and object location were 

selected to customize the general architecture to this solution. 

Then the process of technology selection was undertaken considering the functional and non-

functional requirements. Various object detection algorithms and depth detection methods 

were compared to figure out which one is more suitable for the intended purpose. In the 

following sections each step is discussed. 

7.1.1 Use cases and architecture 

The use cases of the solution were selected in way to address the most important needs of the 

P-VI/blindness regarding the scene understanding and object location tasks. For scene 

understanding, we decided to choose Use case 2 (scene description with static objects and 

standing user) and Use case 7 (scan items on a table with static objects and sitting user).  

For object location use cases we chose Use case 11 (finding a small far static object with 

standing user) and Use case 15 (finding a small static object with sitting user and static objects 

on a table). The reason for choosing the mentioned use cases was to start with tasks that have 

less complications for the implementation and testing. Once we had the use cases defined, the 

architecture of the system was adapted based on the general architecture mentioned previously. 
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Figure 11 - AssistDiv Architecture 

 

7.1.2 Technology selection 

To select the right technology for both hardware and software of the system, a series of 

evaluations were done to move forward with the approaches that fits us the best. As part of 

evaluating various object detection methods, one of the tasks was the evaluation of different 

YOLO versions and exploring the possibility of using transfer learning for adapting it to 

different use cases. In [181], transfer learning techniques were used to improve YOLOv5 model 

by retraining them with different configurations and datasets. The goal was to train a model for 

scenarios with specific objects that provides a good balance between speed and precision, 

making it suitable for real-time assistance of the P-VI/blindness. The first part of the work 

involved a thorough analysis of various object detection models, comparing their performance 

in terms of speed and accuracy to identify a suitable model for real-time applications on devices 

like the Raspberry Pi 4. The second part of the research delved into transfer learning, where 

pre-trained models were further trained on specific datasets to enhance their performance for 

the intended use case. The results of the experiments indicated that while transfer learning can 

significantly improve model performance, especially in scenarios with limited data, the 

effectiveness of this approach is heavily dependent on the choice of model, dataset, and training 

configuration.  

The results of transfer learning on YOLO5 were as follows: 
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Initial Performance Issues: In YOLO and similar models, each bounding box prediction 

includes an “objectness score”. This score is a probability value between 0 and 1, indicating 

how likely it is that the region defined by the bounding box actually contains an object, as 

opposed to empty space or irrelevant background. When transfer learning was first applied to 

the YOLOv5 model using a subset of the COCO dataset [182] and frozen layers, the results 

were disappointing. The model struggled with poor performance (mAP in experiments was 

0.080), largely due to issues related to hard augmentation settings and an objectness loss that 

failed to decrease properly during training. This indicated that the model's ability to accurately 

detect objects was compromised, as seen in experiments with the VOC dataset [31]. However, 

with unfrozen layers the results regarding mAP improved up to 0.32. 

Improvements with the OIDataset [183]: Subsequent experiments using the OID dataset 

showed better results in the case of having frozen layers in the training process, suggesting that 

the choice of dataset and adjustments to the training configuration had an impact on the model’s 

performance. The model’s accuracy and detection capabilities improved (mAP 0.16 with 

frozen layers) in comparison with the previous dataset when appropriate modifications were 

made to the transfer learning process, such as tuning hyperparameters and adjusting the layers 

being fine-tuned. However, the overall results were not higher than 0.18 mAP in this case which 

had room for improvement. 

After rounds of testing with YOLOv5 and trying transfer learning techniques, eventually, we 

decided to move forward with a Mask R-CNN [41] instance segmentation model for detecting 

objects. This choice was done according to the technology selection criteria (Table 11). This is 

because it makes the process of depth detection easier since it provides the exact pixels of each 

object besides the object type. More details regarding the instance segmentation method are 

provided in the next sections. 

For the depth detection, we utilized Intel Realsense D455 RGB-D camera because it provides 

real-time high precision depth map of the images. We evaluated this camera against another 

high-end depth camera (Azure Kinect DK) because of its superior performance. To evaluate 

the two cameras, the accuracy of their depth detection module with various objects (such as 

bottles, tea boxes, white boxes, tea boxes, and patches) that had varying shapes and colors 

under different lighting conditions was compared. Realsense camera had a lower average error 

rate (-10.2 millimeters) in comparison with (51.4 millimeters). The full comparison is in Table 

14. 
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Object Camera Groun

d 

truth 

(GT) 

short 

range 

(mm) 

Sho

rt 

ran

ge 

(m

m) 

GT 

mid 

range 

(mm) 

Mid 

range

(mm) 

Mid 

range 

with 

low 

lightin

g (mm) 

GT 

long 

range 

(mm) 

Long 

range 

(mm) 

GT 

AVG 

(mm) 

AVG 

(mm) 

GT-

Predi

cted 

Erro

r 

(mm) 

Matches Azure 605 583 1270 1192 1196 2010 1996 1295 1257 38 

Matches Realsense 605 590 1270 1205 1222 2010 2050 1295 1282 13 

Tea box Azure 595 582 1210 1190 1193 2005 1985 1270 1252 18 

Tea box Realsense 595 602 1210 1223 1236 2005 2065 1270 1297 -27 

Mouse 

box 

Azure 630 578 1230 1185 1183 2015 1985 1292 1249 43 

White 

box 

Realsense 630 595 1230 1207 1197 2015 2230 1292 1344 -52 

White 

box 

Azure 680 580 1270 1207 1200 2045 2000 1332 1262 70 

Bottle Realsense 680 570 1270 1197 1205 2045 2230 1332 1332 0 

Bottle Azure 700 570 1255 1177 1187 2040 1985 1332 1244 88 

 Realsense 700 639 1255 1255 1245 2040 2057 1332 1317 15 

RealSense Avg Err. low light -26 

mm 
RealSense Avg Err. -10.2 

mm 

Azure Avg Err. low light -55.2 

mm 
Azure Avg Err. 51.4 

mm 

Table 14 - Camera comparison 

We also compared the performance of deep learning methods for depth detection such as 

MiDaS [184] but there was a huge performance gap (13.43% mean absolute relative error 

(MARE) which is predicted depth versus ground truth depth for MiDAS v2.1 [171]) between 

RGB-D cameras (millimeters in case of D455 [185]) and deep learning techniques. As a result, 

we chose the D455 camera due to its superior real-time performance, as RGB-D cameras can 

detect depth in milliseconds, while MiDaS takes seconds to process each frame. Additionally, 

RGB-D cameras offer greater consistency, being less affected by environmental variations that 

can impact deep learning models [186]. Furthermore, using a dedicated depth camera simplifies 

the overall system architecture compared to the complexities of implementing and adapting a 

deep learning module. A potent laptop (HP OMEN - 15-dc0030ns) was utilized to run the 

system. The depth camera was connected to the laptop running the instance segmentation 

algorithm. The camera was installed on the user’s head using a camera headband. A Bluetooth 

neckband (QCY-C1) was connected to the laptop that enabled the user to interact with the 

solution through voice and hear the system’s feedback through headphones (Figure 12). 
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Figure 12 - A user wearing the solution including the backpack with the laptop, camera and the headphones 

7.1.3 Workflow 

The flow chart of the system’s workflow is in Figure 13.  The user chose the desired options 

using a voice user interface that worked using voice commands through the Bluetooth 

neckband.  

When the system started, it asked the user to choose a preferred language by saying “English” 

or “Spanish". Once the language was chosen, there were two main options, one for scene 

understanding and the other one for finding objects.  

7.1.3.1 Scan the scene 

For scanning the scene, once then interaction language is chosen, the system asks the user to 

choose the desired option (locating objects or scanning the scene). Once the user says, “Scan” 

the system then asks if the user wants a general description, or a detailed description. The user 

can reply by saying “detailed” or “general”. The general description is based on the category 
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of objects. For example, a microwave, a toaster and a pan are included in the category of 

appliances. It provides the category of the objects detected from left to right side of the screen. 

For example, “Objects are accessory, furniture, food”. The detailed description also names the 

objects from left to right side of the scene describing their distance from the user. For this 

purpose, the image captured from the scene is divided into three parts (left, front and right) and 

the scene description informs the location of the objects accordingly. For instance, “objects on 

your left side are, keyboard at 2 meters, chair at 1 meter, objects in front of you are cell phone 

at 1.5 meters, person at 2.5 meters” and so on.  

 

Figure 13 – AssistDiv flow chart 
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7.1.3.2 Locate objects 

To locate an object, the user should choose the option for finding objects instead of scanning 

the scene by saying “find objects”. Then the system provides a list of objects present in the 

scene. Then the user can choose an object and the system provides information regarding the 

distance and location of that object (e.g. book is on your right side 2 meters away). Afterwards, 

the user has the option to try to reach it using the beeping mode. Once the beeping mode is 

enabled, the system beeps when the object is in the center of the frame. If not, it informs the 

user if it is on the right or left side of the scene so that the usar can turn up to the point when 

the object gets in the center of the screen. As the user gets closer to the object, the beeping 

mode frequency increases. Once the distance of the user from the object is less than one meter, 

the system tells the user to “stop”. 

7.1.4 Technical information 

For the development of the solution, the Python programming language is utilized along with 

the frameworks needed. Detectron2 [165] by Meta, a platform for object detection, 

segmentation and other visual recognition tasks is used to run the instance segmentation 

algorithm. Mask R-CNN [41] model with a ResNet-50-FPN  backbone instance segmentation 

model which was trained on COCO dataset is used for the object detection task. Moreover, for 

the depth detection the Intel RealSense cameras have a framework (PyRealsense) for python 

which facilitated the process of getting the depth map of the environment and processing the 

results. 

When user activates the "scan the scene" option, the camera takes one image containing the 

depth map of the environment and an RGB image which is sent to the instance segmentation 

algorithm. Figure 14 shows an example image of "scan the scene" mode showing the objects 

detected in the scene and their distance from the camera in meters. Depending on the particular 

"scan the scene" mode (general or detailed) the system provides a description through the voice 

user interface which is discussed in more detail later in the user interface section.  
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Figure 14 - Screen shot of the solution capturing the instances and their distances in the scene 

The object categories are as follows, with the objects included in each one:  

"person": ["person"], 

"vehicle": ["bicycle", "car", "motorcycle", "airplane", "bus", "train", "truck", "boat"], 

"outdoor objects": ["traffic light", "fire hydrant", "stop sign", "parking meter", "bench"], 

"animal": ["bird", "cat", "dog", "horse", "sheep", "cow", "elephant", "bear", "zebra", "giraffe"], 

"accessory": ["backpack", "umbrella", "handbag", "tie", "suitcase"], 

"sports": ["frisbee", "skis", "snowboard", "sports ball", "kite", "baseball bat", "baseball glove", 

"skateboard", "surfboard", "tennis racket"], 

"kitchen": ["bottle", "wine glass", "cup", "fork", "knife", "spoon", "bowl"], 

"food": ["banana", "apple", "sandwich", "orange", "broccoli", "carrot", "hot dog", "pizza", 

"donut", "cake"], 

"furniture": ["chair", "couch", "potted plant", "bed", "dining table", "toilet"], 

"electronic": ["tv", "laptop", "mouse", "remote", "keyboard", "cell phone"], 

"appliance": ["microwave", "oven", "toaster", "sink", "refrigerator"], 

"indoor objects": ["book", "clock", "vase", "scissors", "teddy bear", "hair drier", "toothbrush"] 

 

The pseudo code for “general” and “detailed” mode is as follows: 

If mode is 'detailed': 
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    for each object in detected_objects: 

        Set text to the name of the object 

for each object in detected_objects: 

        get all x coordinates of the pixels occupied by the object (x_pixels) 

        calculate left_pixels as the number of pixels with x coordinates less than 

left_threshold 

        calculate right_pixels as the number of pixels with x coordinates greater than 

right_threshold 

        calculate front_pixels as the number of pixels with x coordinates between 

left_threshold and right_threshold 

 

        if left_pixels is greater than both right_pixels and front_pixels: 

            add object to left_objects list 

        else if right_pixels is greater than both left_pixels and front_pixels: 

            add object to right_objects list 

        else: 

            add object to front_objects list 

 

        if left_objects is not empty: 

            call speak with message "objects on the left side are:" and the language 

            for each object in left_objects: 

                call speak with object's name and distance in meters and the language 

 

        if front_objects is not empty: 

            call speak with message "objects in front of you are:" and the language 

            for each object in front_objects: 
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                call speak with object's name and distance in meters and the language 

 

        if right_objects is not empty: 

            call speak with message "objects on your right side are:" and the language 

            for each object in right_objects: 

                call speak with object's name and distance in meters and the language 

 

Else if mode is 'general': 

    Create a set of distinct categories from detected_objects 

    For each category in the set: 

        Set text to the category 

        Speak the text in the specified language 

Moreover, the object location mode uses the average depth points of each object’s mask to 

estimate their distance from the camera. When the beeping mode is enabled to reach an object, 

this process happens in every frame. However, since the instance segmentation model takes 

around 2-3 seconds to process the image, the beeping sound is not played instantaneously. This 

makes the beeping mode a little bit confusing for the users which is discussed more in the user 

testing section. Additionally, the object location module has another limitation. If more than 

one instance of the object exists in the scene, it is not possible to distinguish between them in 

every frame. For example, if there are two books in the scene, moving the camera and detecting 

the books in several frames will change the detection order which makes it impossible to 

distinguish between them. This is because the instance segmentation algorithm is unable to 

differentiate between two books in each frame and keep this information. We tried to make a 

distinction by adding a numbering to the objects of the same type (e.g. book 1 and book 2) but 

the indexing would differ in every frame since the model does not have a memory of previous 

frames. Therefore, in the current implementation there is a limitation of only locating object 

categories when only one instance of them exists in the scene. 

All of the programming codes regarding the AssistDiv can be found open source on its Github 

repository [187]. 
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7.1.5 User interface 

As it was mentioned previously, the user interface used for the system is a voice user interface. 

Initially, Google speech recognition is used for the user speech detection as the input of the 

system. The SpeechRecognition [188] python framework is used for that purpose. However, 

since the response time of the Google’s API would differ from time to time and sometimes it 

was very slow (each request took around 30 seconds in some cases) it was decided to utilize an 

offline model for speech recognition. Vosk Speech Recognition Toolkit [189] is used for that 

purpose. Small models (for higher inference time) of English and Spanish language are used to 

detect the user’s input in both languages. For the output, Google’s gTTS API [190] is used for 

text-to-speech which provides a human-like voice.  

The process of getting the user’s command is a challenge since the speech recognition does not 

work perfectly if the user does not pronounce the word with American accent or in the case of 

Spanish language, Madrilenian accent. Additionally, in some cases user wouldn’t say the 

command correctly (e.g. saying “scan the scene” instead of just “scan”) which made the 

interaction problematic. To tackle this problem a Fuzzy string-matching tool is used called 

RapidFuzz [191]. This library provides a fuzzy ratio based on the similarity of two strings. If 

the user’s input is more than 50% similar to what the original input command is, then it will be 

accepted. For instance, if the user says “detail” instead of “detailed” which is the correct 

command, the system still accepts it. 

7.2 Solution 2 – smartphone version (V-ASSISTANT) 

After the development of the laptop version and exploring different possibilities for the 

development of the solution, it was decided to make another version of it to assess the potential 

for the industrialization and commercialization of the work. It is important to note that the 

development of this solution is still an ongoing process. Since it is being developed for 

commercial purposes, the source of the project is not open source at this moment.  

The process of the development of this version started by participating in a competition. In 

2022, I had the chance to participate in ACTUA UPM 19 and present the idea of this solution 

in the competition. It was selected as one of the final candidates of the competition which gave 

me the opportunity to learn how to turn an idea into an actionable business plan. During some 

workshops I learned how to pitch my idea and turn it into a commercialized product. A year 

later, I took part in the EIT Digital Venture Program 2023. Applying the skills I had learned 
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from my prior experience, I presented the idea again and it was selected as one of the top ideas 

chosen in Spain and received some funding for the creation of a minimum viable product 

(MVP). Therefore, the development approach for V-ASSISTANT is directed more toward 

commercialization and developing a solution for the intended users. 

7.2.1 Competitive analysis 

One of the major steps of developing any commercial product is knowing the pros and cons of 

the existing solutions and identifying a competitive advantage. For this reason, first we 

analyzed the existing solutions and then thought of our own competitive advantage which is 

object location and offline scene description. In the competitive analysis, five different popular 

assistive solutions were assessed. Seeing AI [102], Envision AI [102], Lookout [103], Be My 

Eyes [105], Super Lidar [192] with emphasis on their strengths, weaknesses, scene description 

capabilities, and depth estimation features. 

Microsoft's Seeing AI is known for its brand reputation and ability to detect color, text, 

barcodes, and currency; however, it falls short in providing detailed object descriptions within 

a scene and lacks depth estimation capabilities. Envision AI includes smart glasses that provide 

scene description, but the high cost of the glasses (2000-3500€) is a significant disadvantage. 

Similarly, Google's Lookout is effective in object and text detection but is only available on 

Android and does not provide depth estimation. Be My Eyes has a large user base, but it lacks 

an offline mode and does not support depth estimation. Super Lidar, on the other hand, is 

designed for high accuracy depth detection, but it is only compatible with iPhones equipped 

with LiDAR sensors. 

Our solution’s competitive advantage is in distance estimation, and voice user interface. 

Additionally, V-ASSITANT provides an offline model for scene description and object 

location which is another competitive advantage for the situations where user does not have 

access to the internet or has privacy concerns. Table 15 includes the detailed advantages and 

disadvantages of each solution. 
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 Strength Weakness Scene description Depth 

estimation 

Seeing AI Brand reputation 

(Microsoft) Color, 

text, barcode, and 

currency detector 

Describes the scene, 

not each object. 

✔ ✗ 

Envision AI Comes with a 

glassware 

Glassware is 

expensive (2000-

3500€) 

✔ ✗ 

Lookout Reputación de 

marca (Google) 

Precisión en 

detección de 

imagen/texto 

Solo para Android ✔ ✗ 

Be my eyes Large clientele Without offline mode ✔ ✗ 

Super Lidar High accuracy for 

depth detection 

Only works on 

iPhones with LiDAR 

sensor, Not very user 

friendly 

✗ ✔ 

V-ASSISTANT Distance detection 

and tracking mode, 

Voice user interface, 

Offline object 

detection model 

Only Android 

version (for now) 

✔ ✔ 

Table 15 - Competitive Analysis 

7.2.2 Use cases and architecture 

Similar to AssistDiv, two main features of the smartphone version are scene understanding and 

object location. In order to design the architecture of the solution, the same use cases related to 

object location and scene understanding as AssistiDiv were considered. However, we 

addressed the use cases differently in the process of the design and development of this solution 

since we were competing with similar solutions that provide AI powered features. Figure 15 

shows the architecture of the solution. The main difference in the architecture is in the way that 

the user interacts with the system which is the screen reader (Android’s Talkback [193]) and 

the speech-to-text module. 



 92 

 

 

Figure 15 – V-ASSITANT architecture 

7.2.3 Technology selection 

Taking into account both functional and non-functional requirements, the technology selection 

process was started. Since we had limitations regarding the hardware (Android smartphone) of 

the solution, it was not possible to use potent instance segmentation algorithms for detecting 

objects or a depth camera to calculate the exact distance of the objects in the scene. For this 

reason, other approaches were considered in the design process.  

The device used for the implementation of the solution had Android operating system since it 

is open source and provides a variety of frameworks for computer vision tasks. Additionally, 

android phones have more reasonable price range specially outside the US.  

The feature regarding the scanning the scene and telling user about the existing objects is 

implemented using two approaches. The first approach is using a cloud API for describing the 

objects in the scene (Figure 24). We used a multimodal large language model (MLLM) API 

(Anthropic’s claude-3-opus model [194]) which became popular recently in similar 

commercial solutions such as Envision [102] or Be My Eyes [105]. However, since these 

models need continuous connection to the internet, we also considered an offline object 

detection model that can provide the list of objects present in the scene when user does not 

have access to the internet.  The object location mode is pretty similar to the AssistDiv. It first 

provides a list of objects by capturing a photo of the scene including their location. The depth 
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detection is handled using Google AR Core which provides the depth map of an image using’s 

its Depth API. It generates depth images using a depth-from-motion algorithm, providing a 

three-dimensional view of the world. Each pixel in a depth image represents the distance 

between the camera and the scene. This algorithm compares multiple device images from 

different angles to estimate the distance between each pixel as a user moves their phone. It 

selectively employs machine learning to improve depth processing, even with minimal user 

input. It also takes advantage of any additional hardware that a user's device may contain. If 

the device includes a dedicated depth sensor, such as time of flight (ToF), the algorithm will 

automatically combine data from all available sources. This improves the existing depth image 

and enables depth even when the camera is not moving[195]. 

7.2.4 Workflow 

Despite the similarities in use cases between the two solutions, V-ASSISTANT has 

considerable differences with AssistDiv in terms of its interaction design. In order to use the 

solution, the users have to login in the app using their Google accounts. The user 

login/registration is considered to track the user activities and the possibility to monetize the 

solution in the future. To make the registration process easier for the P-VI/blindness, we 

considered the registration only with the google account option. This way the user can click on 

one button and enter the app (Figure 16) without having to fill any entries.  

 

Figure 16 – App’s user registration 

Like the previous solution, the smartphone version also operates in both Spanish and English 

languages. The user can choose the preferred language from the main menu of the app 

(Figure 17).  
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Figure 17 - App's language selection 

Once the user logs in the app, the two main features of scanning the scene and locating objects 

can be accessed. These two main features are discussed in the next sections. 

7.2.4.1 Scan the scene 

As mentioned previously, scanning the scene can be achieved in two online and offline modes. 

When the device is connected to the internet, the Anthropic’s API is used to infer the objects 

in the image. There are three options for the user to select, which are: “short description”, “long 

description” and “ask question”. The first scene information displayed in Figure 18 is the short 

description mode that provides a brief description of the scene, and the second one is the 

description provided by the “long description” mode, which provides a more detailed 

description.  
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Figure 18 - Scan the scene mode (short and long description) 

The “ask question” button allows the user to ask a question about the surrounding environment 

through speech. Figure 19 shows the question asked by the user and the description provided 

by the system. 

 

Figure 19 - Scan the scene mode (Ask question) 

When the device does not have access to the internet, the offline model (EfficientDet Lite4 

V2 [196]) on the device starts to work as an alternative. However, it only provides a list of 

objects (Figure 20) with limited explanation (e.g. “4 objects detected in the scene. From left 

to right side of the frame objects are: mouse, keyboard etc.”). The offline model is the default 

version of EfficientDet Lite4 V2 trained on COCO dataset which covers 80 different object 

classes. 
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Figure 20 – V-ASSISTANs offline scene description 

7.2.4.2 Locate objects 

Locating objects feature has a similar interface to scan the scene mode. The user can capture 

an image and then the system provides the list of the objects using the offline model (Figure 

21).  

 

Figure 21 - Locate objects mode 

The cloud API could not be used for this mode because it only provided the description of the 

image and not the position of the objects in the image in a way that could be used along with 

the distance detection module. This is because the coordinates of the exact pixels of objects is 

needed for estimating the distance. Once the user captures an image and the system provides 

the list of objects, by tapping on each of them, the system informs the user about the location 

of that specific object (e.g. couch is on the right side of the screen 2 meters way.). When there 
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are more than one instance of an object category, for example “two books”, it provides 2 books 

in the list instead of book 1 and book 2 which is the approach in AssistDiv. However, it will 

not provide the location of the two books if user taps on it. This feature is planned to be added 

in the future. 

Regarding the beeping mode, once the user selects an object and enables the beeping mode, 

the frequency of the beeping mode gets more frequent if user gets closer to the object and the 

object is located in the center of the screen. However, at the point of writing this, there were 

some challenges regarding this feature. Google AR Core’s depth API is not included on all 

Android phones and only newer ones include this feature. Additionally, this depth API cannot 

always provide the right estimation since it uses machine learning for depth processing which 

can increase the error rate. Additionally, it works with some delay (2-3 seconds of delay or 

even more in phones with weaker processors) which makes the beeping mode less effective. 

Besides, this API has technical issues that sometimes cause crashes which lead to the closing 

of the app. For this reason, depth estimation was only included in the preliminary versions and 

has been removed temporarily from the final beta version to not impact user experience. 

The flow chart of the system is shown in Figure 22. 
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Figure 22 – V-ASSISTANT flow chart 

7.2.5 User interface 

The design of the user interface was first approached by analyzing other similar solutions. We 

decided to design a very simple user interface that had less complications for the P-

VI/blindness. This is because using an android device through a screen reader (Talkback) 

makes the interaction slower and we wanted to make the experience as efficient as possible. 

Before designing the high-fidelity version of the user interface, we started with low-fidelity 

prototypes to develop more concrete ideas about the solution. For example, the app was 

designed in horizontal mode so that the camera could capture wider photos, resulting in more 

scene data. We did not have the chance to test our interface with end users at the beginning but, 
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based on the analysis of similar solutions, we came up with the initial design (Figure 23). 

However, it changed and elaborated as we moved on with the development. 

 

Figure 23 – V-ASSISTANT low-fidelity prototype 

The interaction of the user with this solution was different in comparison with solution 1. In 

the previous solution, the device was wearable and every interaction of the user with the system 

was through a voice user interface. However, in the case of solution 2, the interaction was 

possible through the touch screen using a screen reader (Talkback) or the speech-to-text feature 

(e.g. asking questions about the scene using voice). The voice detection used in the app was 

the Android’s default speech-to-text feature (Figure 24). 

 

 

Figure 24 – V-ASSISTANT speech-to-text feature 
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During the implementation of the user interface, one of the main challenges that we had was 

the differences in devices. Talkback would work differently depending on the Android’s 

version and smartphone’s brand. For example, on one of the testing devices (Xiaomi Redmi 

Note 12 Pro), Talkback did not work properly when the user wanted to open the menu and 

change the language. This problem did not exist on Samsung devices. The user interface of this 

app still has room for improvement and needs additional testing with more end users and on 

more devices. 
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8 Evaluation 

8.1 User Testing 

After the development of the solution (AssistDiv), we decided to assess its usability, 

functionality and user satisfaction. To accomplish that, it was decided to test the AssistDiv with 

blind-folded users in a controlled environment. This helped to figure out the advantages and 

disadvantages of the solution before testing it with the P-VI/blindness. The design of the test 

scenarios was according to the selected use cases that the solution was addressing. The 

selection of different objects for each scenario was according to the objects that could be 

detected by the implemented object detection algorithm dataset. We chose the number of 

objects present in the scene according to the 'Miller's Law' (7±2 rule) [197] which explains that 

people can only hold seven plus or minus two items in their short-term memory. Moreover, the 

questionnaires used in the evaluation were designed to gather qualitative and quantitative data. 

Once the solution was tested, the evaluation results were used in improving the smartphone 

version (V-ASSISTANT) to be tested with the intended users.  

8.1.1 AssistDiv testing 

To begin the testing process, a test plan was prepared and approved by the Ethics Committee 

of the Universidad Politécnica de Madrid under reference code: CVDASFVU00-ADAJ-

HUMANOS-20230619.  

The process of testing the solution was undertaken with 6 blindfolded sighted individuals. They 

were selected among students of the European Master in Software Engineering of Universidad 

Politécnica de Madrid. The testing was carried on in the facilities of the Madrid HCI Lab [198]. 

The testing was carried out in two different languages. Three of the testers performed the testing 

in Spanish language and three of them in English. 

First, the purpose of the study, the testing process, and the expected duration were explained 

to the participants All of the participants read and signed a consent form before participating 

in the testing. Participants were then allowed to familiarize themselves with the system and its 

functionalities. A brief tutorial on using the system was provided and any questions they had 

were answered. 

Once familiarized, they participated in three different testing scenarios: 
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1. Scene understanding 

2. Locating objects (short distance) 

3. Locating objects (long distance) 

All of the tests were video-recorded for further analysis of the users’ behavior. Once they 

finished the scenarios, they answered to a questionnaire about their experience.  

In the following sections, each testing scenario and its corresponding results are described: 

8.1.1.1 Scene understanding 

The objective of this scenario was to examine the capability of users to create a mental map of 

the scene from the description provided by the system. The system’s description output 

included the position of the objects and their distance from the user starting from the left side 

(e.g. objects on your left side are: keyboard at 2 meters, cup and 1.5 meters. Objects in front of 

you are monitor at 1 meter, bottle at 1.5 meters, laptop at 1.9 meters. Objects on your right side 

are bottle at 1.7 meters, umbrella at 2 meters.).  

 

8.1.1.1.1 Process 

1. Set up a table with various items, such as keyboard, bottle, cup, laptop, umbrella, 

monitor and a chair (Figure 25). 

2. Instruct the blindfolded participant to position themselves in the scene. 

3. Direct the participant to activate the scene understanding mode and attentively listen 

to the system's description of the scene. (First in General mode and then in Detailed 

mode) 

4. Ask users to use a drag-and-drop interactive map to position the objects where they 

were located and compare the user response with the ground truth. 

5. In parallel, record observations on the system's usage, success in identifying objects, 

and any difficulties encountered. 
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Figure 25 - Set up for scene understanding testing 

8.1.1.1.2 Evaluation Instrument 

In order to evaluate the results of the tests, we decided to check if testers could form a mental 

map and identify objects on their right, front and left side with the correct order. 

Once the task was completed, the users were asked to use an interactive map to determine the 

location of the objects presented to them by the system. Seven objects (Keyboard, Bottle, Cup, 

Laptop, Monitor, Umbrella, Chair) were presented to the user considering the rule of seven. 

One object (Microwave) presented in the interactive map was not included in the output of the 

system in order to make the task more challenging. Participants were not informed that one of 

the objects was not included in the output of the system. This method examineed the accuracy 

of the user's mental map created after receiving information from the system.  

In Figure 26 the interactive map is shown. The smiley face represents the position of the user 

in the scene and the squares are for determining the position of the possible objects. On the left 

corner of the screen, circles with the object names are placed. Testers had to take the object 
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names (circles) and drag them to the corresponding positions (squares) based on the 

information they received from the system.  

 

 

Figure 26 - Interactive map for the evaluation of mental map 

 

8.1.1.1.3 Results 

Table 16 shows the number of objects that were correctly positioned on the interactive map by 

the users. Most of the testers had a better performance identifying the approximate position of 

the objects (left, front or right) than the exact order of the objects.  

As demonstrated in the table, testers could remember the first two objects positioned on the left 

side better than the other objects. The reason for that might be that objects on the left side were 

presented to the tester before the objects in front and on the right side. It is important to mention 

that there was a parameter that affected the system’s output. The object detection algorithm did 

not detect all the seven objects for every participant. This is because depending on any subtle 

difference of one frame with another one, the results could be different. For example, if the 

position of the tester, angle of the head or the height of the user were different from the previous 

one, it could affect the performance of the object detection algorithm and there is a chance that 

it does not detect a couple of objects.  
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 Left Front Right Total 

Participant#1 0 0 2 (umbrella, chair) 2 

Participant#2 2 (keyboard, 

bottle) 

2 (Cup) 1 (umbrella) 5 

Participant#3 2 (keyboard, 

bottle) 

1 (laptop) 1 (umbrella) 4 

Participant#4 2 (keyboard, 

bottle) 

1 (laptop) 2 (umbrella, chair) 5 

Participant#5 1 (bottle) 2 (laptop, TV) 1 (chair) 4 

Participant#6 2 (keyboard, 

bottle) 

1 (laptop) 1 (chair) 4 

Table 16 - Interactive map results 

8.1.1.2 Long-distance object location 

The objective of this scenario was to evaluate whether the guidance provided by the system 

to locate an object far from the user is effective (the user is able to walk towards the object 

and stop next to it). 

8.1.1.2.1 Process 

1. Put a specific object (a bottle) in the room within the reach of the area covered by the 

system’s camera. 

2. Instruct the participant to utilize the assistive solution to identify an object and its 

location. 

3. Ask the participant to locate the bottle in the room using the beeping mode:  

1. The system first describes the objects and their distances to the tester, then the 

tester must select the “bottle” from the object list and then activate the beeping 

mode. If the object is on the center of the screen the beeping would start, and if 

the object is on the left or right sides of the screen the system would inform that 

“The selected object is on the left/right side”. If the object is outside the image, 

the system would play a message indicating that “The selected object is not in 

the frame”.  
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2. Then the participant would start turning and/or walking in order to approach the 

position of the bottle. When the participant is less than one meter away from the 

bottle, the system would play the “stop” message.  

4. In parallel, record observations on the system's usage, success in identifying and 

locating objects, and any difficulties encountered. 

8.1.1.2.2 Evaluation metric 

To evaluate the process of locating objects in long distance, the success of the user in locating 

the specified object (bottle) was assessed. This means that the user had to get closer to the 

object until the system provided the “stop” message (Figure 27). 

 

Figure 27 - Blindfolded tester looking for the bottle using beeping mode 

8.1.1.2.3 Results 

In this testing phase, only 1 out of 6 participants did not manage to locate the bottle in their 

surroundings. The navigation had a little bit of delay (around 2 seconds) in playing beeps when 

the bottle was detected, because of the object detection model taking time to process the photos 

in each frame. For this reason, the participants were asked to move slowly when they were 

tracking the bottle. The reason for the failure of one of the participants was the fact that another 

similar bottle was in the scene, and they mistakenly detected that bottle instead of the intended 
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bottle. This could be considered as a flaw in the testing process. The time taken for the 

participants to reach the bottle was also measured. On average it took 1 minute and 23 seconds 

for them to locate the object when they activated the beeping mode. Table 17 shows the time 

it took for each participant to locate the bottle. 

Participant P#1 P#2 P#3 P#4 P#5 P#6 

Time 1 minute (m) 30 

seconds (s)  

50 s 2 m 

10 s 

1 m 55 s Unsuccessful 35 s 

Table 17 - Object location time measurement 

8.1.1.3 Short-distance object location 

The objective of this testing scenario was for to evaluate whether the guidance provided by the 

system to locate an object close (<1 meter away) to the user is effective to allow the user 

grabbing the object. 

8.1.1.4 Process 

1. Arrange various objects on a table (mouse, cup, laptop, bottle, wine glass, and scissors 

as shown in Figure 28) 

2. Instruct the participant to use the system to identify and locate a bottle on the table. 

3. Ask the user to enable the find object mode and remember the location of a specific 

object provided by the system. 

4. Ask the user to stand up and point towards the object. This was to avoid potential 

collisions with the objects in the scene, for the user’s safety and to avoid altering the 

scene from one participant to the next. 

5. In parallel, record observations on the system's usage, success in locating objects, and 

any difficulties encountered. 

8.1.1.4.1 Evaluation metric 

To evaluate the process of locating an object in short distance, the success of the user in locating 

the specified object (bottle) was assessed by evaluating the success of the participant in 

pointing at the right direction towards the bottle. 

First, the user had to enable the object location mode and then listen to the descriptions of the 

system attentively. The system would provide the following description: "Mouse is on your 

left side at 1 meter, cup is on your left side at 1 meter, laptop is in front you 1 meter, bottle is 
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on your right side at 1 meter, wine glass is on your right side at 1.4 meter, scissors is on your 

right side at 1.5 meter”. They should try to remember the location of the bottle. According to 

the description provided by the system, the user had to stand up and point towards the bottle. 

 

Figure 28 - Participant while doing the short distance object location testing scenario 

8.1.1.4.2 Results 

Three out of six participants in the test could not point correctly towards the position of the 

bottle. They pointed towards the front (at the laptop) instead of slightly to the right, where the 

bottle was located. However, the rest of the participants pointed approximately towards the 

intended object (bottle) (Figure 29). 

 

Figure 29 - A participant while pointing at the intended object 
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8.1.2 Questionnaires 

Once the users finished the testing process, they were asked to see the testing scenes without 

their eyes covered. They were asked to fill questionnaires containing some Likert scale 

questions and some open questions to answer. They had to rate their agreement with the 

statements on a scale from 1 to 5, where 1 was "Strongly Disagree" and 5 was "Strongly Agree." 

The questions were as follows: 

Scene understanding scenario 

1. The system accurately detected and identified objects in the room. 

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

2. The voice user interface provided clear and useful information about the objects. 

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

3. The system’s description of the scene was easy to understand. 

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

4. I felt confident in my ability to describe the scene based on the information provided 

by the system. 

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

5. The scene understanding mode was easy to use. 

1. Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

 

Short distance object location scenario 

1. The system accurately detected and identified objects in the short-distance scenario. 

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree  

2. The voice user interface provided clear and useful information about the objects' 

locations.  

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree  

3. I felt confident using the system in the short-distance scenario.  

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree  

4. The system was easy to use and interact with in the short-distance scenario. 

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree  
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Long distance object location scenario 

1. The system accurately detected and identified objects in the long-distance scenario. 

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

2. The voice user interface provided clear and useful information about the objects' 

locations.  

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

3. The beeping mode effectively helped me locate objects in the long-distance scenario.  

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

4. I felt confident using the system in the long-distance scenario. 

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

5. The system was easy to use and understand in the long-distance scenario.  

(1) Strongly Disagree (2) Disagree (3) Neutral (4) Agree (5) Strongly Agree 

 

The open questions asked from the participants were as follows: 

1. What aspects of the solution did you find most helpful in both short and long-distance 

scenarios?  

2. What challenges or difficulties did you experience while using the solution in either 

scenario? 

3. Do you have any suggestions for improvements or additional features that could 

enhance the solution’s usability and effectiveness? 

4. Please share any additional comments or feedback about your experience using the 

solution. 

8.1.2.1 Questionnaires’ results 

The results of the questionnaires showed a high satisfaction of the user in various testing 

scenarios. The average satisfaction of the testers was 4 out of 5 in all testing scenarios. The 

answers of the participants are gathered in Table 18 - Questionnaires’ results. 
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P#1  P#2 P#3  P#4 P5  P6 Median 

Scene understanding scenario Q1 5 3 4 5 4 4 4 

 
Q2 4 4 3 4 5 5 4 

Q3 4 3 5 5 5 4 4.5 

Q4 4 4 3 4 4 3 4 

Q5 3 4 5 4 5 3 4 

Short distance object location scenario Q1 5 4 3 5 5 4 4.5 

 
Q2 4 3 4 5 5 5 4.5 

Q3 5 3 4 5 5 3 4.5 

Q4 3 3 5 4 5 3 3.5 

Long distance object location scenario 

 

Q1 3 4 4 5 3 4 4 

 
Q2 2 4 4 5 4 4 4 

Q3 2 2 5 5 5 4 4.5 

Q4 2 2 5 5 4 3 3.5 

Q5 3 2 5 5 4 4 4 

Table 18 - Questionnaires’ results 

Participants also answered the open questions which are gathered in Table 19. Regarding the 

first question which was about the most helpful aspect of the solution, the description of the 

distance of the objects from them and the division of the scene into 3 parts (left, center and 

right) were the most helpful aspects for the testers since it helped them to build a better mental 

map of their surroundings. The second question was about the challenges that the participants 

had with the system demonstrated that the voice user interface interaction caused some 

difficulties for Participant 1 and 4. This is because participants had to wait for the system to 

indicate that it was listening before interacting with it. In some cases, users spoke the 

commands before the system indicated the listening mode, making the interaction problematic. 

P2 and P6 mentioned that they could not exactly understand where was the position of the 

objects and it would be better if they could get a more precise location of the objects instead of 

an approximate location. Regarding the improvements of the system in question three, P1 

mentioned that specifying at which height the object is (knee level, chest level or head level) 

can help to understand better the 3D location of object in the scene. Moreover, other 

participants noted that more detailed information regarding the location of objects such as far 

right, far left would help to distinguish better the location of objects on each side. Lastly, some 

of their other comments concerned the system's response time, which could be improved by 
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using a faster or more precise beeping frequency to better understand distances between 

objects. 

 P#1 P#2 P#3 P#4 P#5 P#6 

Q1  It is 

really 

helpful to 

know if 

things 

were on 

the left, 

right and 

the 

distance 

If they were on 

my left or right 

side 

The beep is 

very good 

and the 

scene 

information 

is complete. 

I find it 

more useful 

for searching 

than for 

scanning. 

The division 

between left, 

center and 

right 

The description 

and distance of 

the objects. I also 

find it very useful 

to say if they are 

to the left, center 

or right. 

Description of 

distance 

Q2 Waiting 

to give a 

command 

and the 

speed of 

the 

beeping 

mode 

When it says the 

objects is on your 

left/right I did not 

know how far on 

the left/right the 

objects were 

It was 

difficult for 

me to 

imagine an 

entire scene 

instead of 

individual 

objects 

I didn't know I 

should wait 

until he told 

me "listening" 

once I knew 

that 

everything 

was fine. 

The greatest 

difficulty 

occurred in the 

long-distance 

scenario. because 

it took a long 

time to get a 

response 

I don't know 

the detailed 

angel of where 

something is 

Q3 Specify 

at which 
height 

the object 

is (knee 

level, 

chest 

level or 

head 

level) 

Different terms 

for far-right, 

slight-left... etc. 

Being able 

to choose 
which 

objects to 

say the 

distances 

for, 

otherwise 

with many 

objects it is 

too much 

Saying the 

meters at 
which an 

object is 

helped me 

know which 

one was 

further away 

than the 

others, but I 

wouldn't know 

how to 

calculate 

without seeing 

the exact place 

where it was. 

A description of 

the size and color 
of the object 

might be 

interesting. It 

would be useful if 

the interaction 

were faster, it 

could be made to 

recognize 

commands before 

the word 

"listening" 

Direction can 

be described 

more detailed 

Q4 It has 

been 

useful to 

locate the 

objects in 

the scene 

a little bit 

slow but 

worked 

correctly 

It would be easier 

for the subject to 

give more context 

on the different 

tests he/she is 

going to do 

Try to give 

"relative" 

positions (on 

the left a 

cup, on the 

right a 

computer...) 

to facilitate 

the creation 

of scenes 

  
Maybe add 

something like 

scan button to 

beep at the 

same time can 

make it easier 

to understand 

scenarios also 

the beep 

frequency can 

be adjusted 

Table 19 - Answers to the open questions 
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8.1.3 V-ASSISTANT preliminary user feedback 

Since we had an agile approach in the development of the V-ASSISTANT we did not have the 

chance to perform an official testing like we did for AssistDiv. This was due to the difficulty 

of accessing the intended users and the short time we had for the development of the solution. 

However, up to the point of writing this thesis, we were able to access three persons with visual 

impairment or blindness and obtain some initial feedback from them after using the app.  

One participant, provided by the Madrid Innovation Lab (Figure 30), had partial vision and 

relied on Android’s accessibility features like TalkBack and high-contrast text. During the 

testing process, the focus was on the app’s capability to describe scenes and assisting users in 

locating objects. The participant was particularly impressed by the system’s use of an online 

API powered by generative AI, remarking that it “provides a more thorough explanation than 

a real person describing the scene.”. 

For locating objects, the app successfully helped the user identify and locate objects using a 

beeping mode, though she noted that the beeping mode has some delay, and it is a little bit 

confusing, especially when further from the object. Despite these minor issues, the participant 

expressed overall satisfaction with the app. Additionally, we had the chance to do preliminary 

testing at South Summit 2024 in Madrid provided further insights from two more testers. They 

emphasized the importance of having an offline mode for privacy and usability in areas with 

poor network coverage.  

 

Figure 30 - A blind person testing V-ASSISTANT 
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The users also noted practical challenges, such as handling the phone while navigating with a 

cane or bag, and potential difficulties with TalkBack navigation. They suggested that a glasses-

based interface might be more user-friendly. 

It is important to mention that the process of the evaluation of the V-ASSITANT is still and 

ongoing process and we are looking forward to gathering more feedback from a variety of 

users in the near future. 
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9 Conclusion 

This thesis was an effort to provide help for the researchers and developers in the field of 

assistive technologies for P-VI/blindness to design and develop more useful cost-efficient 

computer-vision based solutions for indoor environments. To achieve this goal, first we 

analyzed the state of the art through an SMS which highlighted the need for researchers and 

designers to focus more on the practical needs of people with visual impairments and the real-

world applicability of assistive solutions. Many reviewed papers lacked context-specific data, 

making it difficult to assess the alignment of solutions with ICF categories and related daily 

tasks. While some solutions could detect objects or obstacles, their actual benefits for end users 

remained unclear, raising concerns about generalizability and the challenges of adapting 

solutions to different contexts. Embracing user-centered design (UCD) and the ICF framework, 

can lead to better-designed, more accepted solutions. Finally, the wide array of available 

software and hardware options complicates developers’ decisions, stressing the need for a more 

structured approach in technology selection to build effective assistive solutions. As a result of 

this analysis, we identified some of the existing challenges in the development of these 

solutions, including:  

• Integrating user needs and requirements into the design and development process 

• Selecting appropriate technologies—both hardware and software—from a wide range 

of available options 

• Effectively communicating feedback from the system to users.  

Unlike many existing solutions, this thesis emphasizes integrating the user needs into the 

design process. This approach contrasts with other systems that might prioritize technological 

innovation over user experience. First we carried out a state-of-the-art analysis and then a series 

of semi-structured interviews with 8 participants that have different levels of visual impairment 

and blindness to better understand the user needs. The user research provided valuable insights 

into the needs and challenges faced by P-VI/blind individuals in indoor environments, 

revealing their reliance on a mix of traditional tools (e.g., white canes, guide dogs) and digital 

assistive technologies (e.g., Seeing AI, Be My Eyes, Google Maps). However, these solutions 

often lack accuracy, fail to address specific scene understanding needs, and raise privacy 

concerns. Key findings highlighted the need for better obstacle detection (including moving 

and upper-body obstacles), hierarchical information delivery to avoid cognitive overload, and 
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non-intrusive feedback modalities such as sound or vibration, with bone-conduction 

headphones particularly favoured for maintaining auditory awareness. Frequent challenges 

included locating misplaced objects, navigating unfamiliar spaces, and performing complex 

tasks like cooking or finding specific items in shared environments. 

Afterwards, a framework was proposed to help solution designers, including several key 

components:  

o The various use cases (defined based on the interviews and state-of-the-art analysis) of 

an assistive solution for scene understanding in indoor environments 

o The list of functional and non-functional requirements to be fulfilled by such a solution 

o A general reference architecture for assistive solutions for scene understanding in 

indoor environments  

o A guideline for selecting appropriate technologies for the design and development of 

these solutions. 

According to the framework, we evaluated an existing commercial solution (Seeing AI) as an 

example of how the framework can be used not only for design but also for the characterization 

of an already existing solution, or even for the comparison among several solutions. The Seeing 

AI app integrates several functional features, such as voice-based output, scene description, 

text detection, and specialized tools like barcode and currency readers. However, some 

functionalities considered in our use cases, such as object location and obstacle detection, were 

missing, possibly due to smartphone hardware limitations. While the app excels in text 

detection and provided innovative light and color detection features, areas like scene 

descriptions and face detection required further refinement. Non-functional evaluation 

highlighted the app’s affordability, portability, and energy efficiency due to its smartphone-

based design, though latency in scene descriptions and potential security risks from data 

sharing with Microsoft servers raise privacy concerns.  

Additionally, two solutions were developed as secondary objectives of this thesis. AssistDiv 

was proposed to evaluate the potential existing technologies. It was developed on a laptop 

utilizing an RGB-D camera to get the environment information as input and provide scene 

understanding and object location assistance to the intended users. V-ASSISTANT was 

developed on a smartphone as an effort to develop a commercialized version of the solution. 

This was planned to fulfil the industrial side of the thesis. The solutions developed consider 
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user privacy by incorporating offline modes (in the case of V-ASSISTANT besides the 

generative AI API). This design choice ensures that sensitive data is processed locally on the 

device rather than being transmitted over the internet, thereby enhancing user privacy. Offline 

modes are particularly beneficial in assistive technologies as they not only protect user data but 

also improve accessibility by allowing the solutions to function without requiring a constant 

internet connection. This matter is overlooked in different existing solutions including 

BeMyEyes, Seeing AI and Envision. Additionally, our solutions utilize natural language for 

object location and scene understanding, in addition to a beeping mode. The use of natural 

language provides detailed verbal descriptions that convey object locations, allowing users to 

develop a cognitive map of their environment. This method contrasts with some state-of-the-

art solutions [35], [82], [111] which often rely solely on auditory signals like beeps without 

providing verbal feedback. Moreover, V-ASSISTANT provides three different scene 

description modes (short/ long descriptions, and ask question) using the generative AI API 

which gives the user the possibility of choosing the desired option when necessary. Such 

flexibility does not exist in Seeing AI and Look Out. By combining the distance detection and 

two different scene description modes V-ASSISTANT surpasses its competitors, as outlined 

in Table 15. 

It is important to mention that affordability was another important aspect that we had in mind 

while developing V-ASSISTANT. It is designed to operate on widely available Android 

devices, leveraging existing hardware without requiring additional expensive equipment. This 

enables a large number of users to have access to the solution, particularly those in low-income 

environments or areas with restricted access to subsidies for assistive technology. 

Both solutions were tested and evaluated. The first solution (AssistDiv) was tested with 

blindfolded participants through an official testing. The second solution (V-ASSISTANT) 

underwent preliminary testing with P-VI/blindness. Across both evaluations, participants 

provided valuable insights and feedback, with an overall positive response to the functionality 

and usability of the solutions. The scene description feature in both solutions caught the 

attention of the users. Especially, the generative AI API used for scene description in V-

ASSISTANT was surprising for them because of the detail it could provide about the scene. 

They also found object location useful for finding a specific object utilizing the beeps. 

However, it was expected to work more real-time in both solutions. 
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Our framework has demonstrated to be useful both for evaluation and analysis of current 

solutions and for the design of new ones. This work can guide and widen the horizons of 

researchers and developers who would like to contribute a scene understanding assistance 

solution. We reviewed different approaches that could be utilized to design such systems, as 

well as the challenges that could arise throughout the design process, and how an optimal 

solution should deal with the tradeoff between user requirements, available resources, and 

limitations of technologies. 
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10 Future work 

There are various aspects of this thesis that could be investigated in the future. We have 

investigated the potential of assistive solutions for scene understanding by testing our 

prototypes with both blindfolded and P-VI/blindness participants. However, our solutions had 

limitations that affected the process of testing. For instance, the accuracy and response time of 

object detection models was one of the issues that affected the performance of the system (delay 

in beeping mode and the detection of objects in the scene). A more affective testing could be 

done by designing a wizard of Oz solution that mocks the system’s behavior, allowing 

researchers to focus on understanding the user experience without being constrained by the 

technical limitations of the prototype. This approach would enable a more detailed 

investigation of how users interact with the assistive technology, providing insights that could 

guide future developments. 

A more in-depth user evaluation is also essential to fully understand the impact and usability 

of the proposed assistive solutions. While tests with blindfolded and preliminary feedback from 

P-VI/blindness participants have provided valuable insights, these evaluations were limited in 

scope. Future studies should incorporate a broader range of users and explore long-term 

interactions with the system. This would offer a more comprehensive view of how well the 

solutions supports users’ needs and reveal potential areas for improvement in terms of 

accessibility, ease of use, and overall user satisfaction. 

Additionally, the way in which a solution provides feedback is a topic that deserves additional 

research out of the scope of this paper. For example, how current Multimodal LLMs provide 

descriptions, how they could be tailored for the P-VI/blindness, and how to deal with the 

hallucination issues of these models, are all important issues that must be addressed. More 

complex descriptions, such as describing objects in different colors, the semantic relationships 

between different objects, and how to convey all this information to the user via various 

modalities, should also be investigated in the future. 

Furthermore, the privacy concerns that such solutions can raise in both users and those exposed 

to these technologies are worth considering. For example, a face detection feature could be 

integrated into the object detection module, but the entire process of obtaining and maintaining 

such data raises some concerns about data privacy that should be further investigated. It is also 

important to take into account the framework's compliance with user satisfaction in greater 
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detail, as we have discussed, to determine how compliance with the framework could impact 

the user experience. Additionally, this framework needs to be utilized and evaluated by 

developers and researchers to be refined and elaborated. This will provide valuable insights 

into areas for improvement of the framework to better serve its intended users. 
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12 Appendix 

Object detection method Paper 

YOLO Variations Liu et al. 2018 [112], Rahman et al. 2019 [122], Kim et al. 2019 [124] 

Eckert et al. 2018 [35], Duman et al. 2019 [34] Kommey et al. 2019 [36], 

Lin et al. 2017 [72] Tapu et al. 2017 [199], Zhao et al. 2019 [200] Guerreiro 

et al. 2019 [134], Iwamura et al. 2020 [201] Yohannes et al. 2020 [202], 

Martinez et al. 2020 [203] Mandhala et al. 2020 [204], Abraham et al. 2020 

[205], Aralikatti et al. 2020 [127], Vaidya et al. 2020 [206], Joshi et al. 

2020 [130], Kandoth et al. 2020 [207], Vaidya et al. 2020 [206], 

Kuribayashi et al. 2021[208], Shen et al. 2020 [151], Suny et al. 2020 [209], 

Kayukawa et al. 2020 [210] 

SSD Variations Wang et al. 2018 [211], Suresh et al. 2019 [113], Pehlivan et al. 2019 

[125], Gianani et al. 2018  

[212], Hussain et al. 2020 [177], Nguyen et al. 2020 [213], Bhole and 

Dhok 2020 [128], Chen et al. 2020 [214], Khairnar et al. 2020 [215], Shah 

et al. 2020 [216], Boldu et al. 2020 [217], Tahoun et al. 2019 [218], 

Akkapusit and  

Ko 2021 [219] 

Microsoft Azure Computer 

Vision 

Baskaran et al. 2019 [220], Saha et al. 2019 [221], Thomas et al. [120], 

Vyava-hare and Habeeb 2018 [115] 

Google Cloud Vision Thomas et al. 2019 [120], Silva and Wimalaratne 2017 [222], Dasila et al. 

2017 [223], Arakeri et al. 2018 [116], Bharatia et al. [25] 

Clarifi [224] Thomas et al. 2019 [120] 

Cloud Sight API [225] Thomas et al. 2019 [120] 

SGD Algorithm on Keras Li et al. 2019 [45] 

OpenCV Tepelea et al. 2019 [226] 

Computer Vision System 

Tool- 

box2 from MATLAB 

Sosa-García and Odone 2017 [49] 

VGGNet Afif et al. 2020 [227] 

VGG16 Alhichri et al. 2020 [126] 

AlexNet Shelton and Ogunfunmi 2020  [228] 

TensorFlow API [229] Suresh et al. 2020 [230], Islam et al. 2020 [231], Eskicioglu et al. 2020 

[232] 

Quadratic Discriminant Imtiaz et al. 2020 [233] 
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MobileNet v2 Cheng et al. 2020 [234] 

ResNet Georgiadis et al. 2019 [235] 

Appendix 1 - Object detection methods 

Article Distance sensor-based Camera-based Detection approach 

Akula et al. [236]  ✔  Ultrasonic sensor 

Arakeri et al. [116] ✔  Ultrasonic sensor 

Bharatia et al. [25] ✔  Ultrasonic sensor 

Breve and Fischer 

[237] 

 ✔ A deep learning model 

for detecting obstacles 

Canez et al. [51]  ✔ Time To Collision 

(TTC) technique 

Caraiman et al. [118] ✔ ✔ 3D reconstruction of the 

sensed environment 

using IR-based depth 

sensor and a stereo 

vision system 

Chen et al. [238]  ✔ RGB-D camera 

Cheng et al. [234]  ✔ Intel RealSense D435 

depth camera 

Dasila et al. [223]  ✔ Cloud points 

dos Santos et al. [239] ✔  Ultrasonic sensor 

Elmannai and Elleithy 

[74] 

 ✔ Using fuzzy logic 

Endo et al. [240]  ✔ SLAM 

Gandhi and Gan- 

dhi [114] 

 ✔ Pixy Cam 

Gay et al. [241]  ✔ ArUco Marker [242] and  

OpenCV [47] 

Guerreiro et al. [134] ✔ ✔ LiDAR sensor and ZED 

RGB-D camera 

Hakim and Fadhil [52] ✔ ✔ Otsu’s threshold 

algorithm with ultrasonic 

sensor and RGB-D 

camera 

Hsieh et al.  [68]  ✔ Using a CNN  

network 
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Huppert et al. [243]  ✔ OptiTrack [244] 

environment with  

12 cameras 

Hussain et al. [177]  ✔ Intel RealSense D435 

depth camera 

Islam et al. [245]  ✔ Not mentioned in  

detail 

Islam et al. [231] ✔  Ultrasonic sensor 

Joshi et al. [130] ✔  Ultrasonic sensor 

Kayukawa et al.  [246]  ✔ iPhone 11 pro  

camera 

Kayukawa et al. [210]  ✔ ZED RGB-D  

camera 

Kayukawa et al. [247] ✔ ✔ LiDAR sensor and RGB-

D camera 

Khairnar et al. [215] ✔  Ultrasonic sensor 

Kim et al. [124]  ✔ Distance estimation 

using a stereo 

camera 

Kommey et al. [36]  ✔ Based on the size of  

bounding boxes 

Kuribayashi et al. [208] ✔ ✔ LiDAR sensor and 

iPhone 11 pro camera 

Li et al. [45]  ✔ ZED RGB-D  

camera 

Appendix 2 - Techniques used for obstacle detection 

Requirements 

1.Audio descriptions of high quality 

2.Accuracy of directions and information 

3.Alerts for unexpected events 

4.Real-time performance for detection/recognition tasks 

5.Ease of use, natural/intuitive user interface, acceptable by a broad user population, including senior citizens 

6.A simple training procedure, potentially scalable to new objects and personalization 

7.Tolerance to viewpoint variations 

8.Tolerance to illumination variations 
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9.Tolerance to blur, motion blur, out of focus, and occlusions 

10.Providing information on location, guidance and navigation 

11.Providing information on the system operation 

12.Selection of the device operation mode offline-online 

13.Personalization by giving the ability to the users to define their own level of disability 

14.Minimize the dangers and errors by preventing consequences of incidental or unintentional activity 

15.Sharing information for accompanying contents of surroundings (coffee shops, hotels, hospitals, etc.) 

16.A camera for detecting obstacles for also obstacle avoidance (moving and static objects/obstacles’ shape, 

location, moving speed, etc.) 

17.Recognizing the color of clothes 

18.An affordable price 

19.Early alert for obstacles, especially in a waist level 

20.Position restore actions when the user gets lost 

21.Notification of uneven floor surfaces such as loose street tiles, puddles or other small holes 

22.Systems should reliably provide relevant information when needed, while also considering information 

accuracy 

23.The types of obstacles that are communicated to the user should be restricted to those that are unexpected. 

This is, especially important to limit information overload and reduce system complexity 

24.Different contexts may require different types of user interaction. Environments with many obstacles may 

require different types of notifications (i.e., more frequent, closer in range) 

25.A better detection of horizontal objects, ground and small objects as well 

26.Smaller and more efficient device 

27.Obstacle recognition after detection (information in the output that would allow the user to distinguish 

between different types of obstacles) 

28.A strong enough vibration signal to indicate an imminent collision 

29.Detection of moving obstacles and small objects 

30.Accurate voice and language recognition 

31.Short sentences to be used as input configuration commands to the assistive mobile application 

32.Combination of audio and touch model: Audio navigation commands and vibration alerts for early 

obstacle warning (2 m distance) with crescent frequency 

33.Directions to avoid obstacles with vibration signals or audio guidance 

34.Body wearable product (the preferred position is the waist) 

35.System run locally on the device without the need for internet connection 

36.Light product with small size 

37.A clear description of the indoor place to create a mental map of it 

38.Triggering/Sharpening the visually impaired user’s environmental sensing 
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39.System should cooperate with human helper that guide the visual impaired 

Appendix 3 - P-VI/blindness user requirements for scene understanding 

Kind of assistance Paper Year 

Obstacle detection Martinez et al. [37], Caraiman et al. [118], 

Endo et al. Tapu et al. [240], Tapu et al. 

[248], Zhang and Ye [50], Srinivasan et al. 

[249], Malek et al. [129], van Erp et al. [250] 

2017 

Wang et al. [38], Gandhi and Gandhi [114], 

Elmannai and Elleithy [74] 

2018 

Hakim and Fadhil [52], Presti et al. [111], 

Rahman et al. [251], Canez et al. [51], Zhao 

et al. [200], Saha et al. [221], Guerreiro et al. 

[134], Li et al. [252], Megalingam et al. [253] 

2019 

dos Santos et al. [239], Ntakolia et al. [108], 

Breve and Fischer [237], Hussain et al. [177], 

Khairnar et al. [215], Joshi et al. [130], 

Srinivasan et al. [249], Kandoth et al. [207], 

Calabrese et al. [131], Hsieh et al. [68], Gay 

et al. [241], Kayukawa et al. [246], Cheng et 

al. [234], Suny et al. [209], Islam et al. [231], 

Kayukawa et al. [210], Akula et al. [236], 

Kayukawa et al. [247] 

2020 

Wang et al. [254], Chen et al. [238], Huppert 

et al. [243], Kuribayashi et al. [208] 

2021 

Object detection Sosa-García and Odone [49], Lin et al. [72], 

Wang et al. [132], Silva and Wimalaratne 

[222], Tapu et al. [255], Dasila et al. [223], 

Rizzo et al. [256], Malek et al. [129], Kedia 

et al. [257], Jabnoun et al. [258] 

2017 

Wang et al. [211], Jiang et al. [26], Gianani et 

al. [212], Dosi et al. [27], Eckert et al. [35], 

Liu et al. [112], Vyavahare and Habeeb 

[115], Hudec and Smutny [259], Mante and 

Weiland [133], Islam et al. [245], Arakeri et 

al. [116], Awad et al. [260] 

2018 

Baskaran et al. [220], Rahman et al. [122], 

Duman et al. [34], Thomas et al. [120], Li et 

al. [45], Kim et al. [124], Kommey et al. [36], 

Suresh et al. [113], Tepelea et al. [226], 

Bharatia et al. [25], Guerreiro et al. [134], 

2019 
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Bazi et al. [261], Georgiadis et al. [235], 

Tahoun et al. [218], Saha et al. [221], 

Pehlivan et al. [125] 

Afıf et al. [227], Ghosh et al. [262], 

Yohannes et al. [202], Abraham et al. [205], 

Suresh et al. [230] , Vaidya et al. [213], 

Nguyen et al. [214], Chen et al. [206], 

Calabrese et al. [131], Shen et al. [151], 

Islam et al. [231], Shah et al. [216], 

Eskicioglu et al. [232], Fusco and Coughlan 

[263], Iwamura et al. [201], Ntakolia et al. 

[108], Alhichri et al. [126], Shelton and 

Ogunfunmi [228], Mandhala et al. [204], 

Hussain et al. [177], Aralikatti et al. [127], 

Bhole and Dhok [128], Khairnar et al. [215], 

Joshi et al. [130], Srinivasan et al. [249], 

Vaidya et al. [206], Imtiaz et al. [233], Cheng 

et al. [234], Suny et al. [209], Kayukawa et 

al. [210], Ahmetovic et al. [264], Boldu et al. 

[217] 

2020 

Sarwar et al. [150], Kuribayashi et al. [111], 

Akkapusit and KO [139] 

2021 

Navigation Endo et al. 2017 [240] 2017 

Li et al. 2018 [112], Elmannai and Elleithy 

[74] 

2018 

Rahman et al. 2019 [251], Li et al. 2019 

[252], Bazi et al. 2019 [261] 

2019 

Khairnar et al. [215], Suresh et al. [230], 

Alhichri et al. [126], Suresh et al. [230], Gay 

et al. [241], Kayukawa et al. [210], 

Eskicioglu et al. [232], Fusco and Coughlan 

[263] 

2020 

Chen et al. [238], Wang et al. [254] 2021 

Face detection Kedia et al. 2017 [257] 2017 

Hudec and Smutny 2018 [259] 2018 
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Rahman et al. 2019 [122] 2019 

Aralikatti et al. 2020 [127], Alhichri et al. 

2020 [126], Shah et al. 2020 [216], Ahmed et 

al. 2020 [265] 

2020 

Sarwar et al. 2021 [266] 2021 

Emergency calls Vyavahare and Habeeb 2018 [66], Gandhi 

and Gandhi 2018 [114] 

2018 

Suresh et al. 2019 [113], Bharatia et al. 2019 

[25] 

2019 

Text recognition and 

reading 

Caraiman et al. 2017 [118] 2017 

Arakeri et al. 2018 [116] 2018 

Thomas et al. 2019 [120] 2019 

Abraham et al. 2020 [205], Srinivasan et al. 

2020 [249] 

2020 

Stop light detection 

and passing crossings 

Li et al. 2019 [45] 2019 

 Yohannes et al. 2020 [202], Chen et al. 2020 

[214] 

2020 

Live location tracking Suresh et al. 2019 [113], Bharatia et al. 2019 

[25] 

2019 

Appendix 4 - Assistance services 

Article Testing type Subjects Number of subjects VI/Blind 

testing 

Ahmed et al. 

[265] 

Controlled environment 

testing and Survey (NASA 

TLX form) 

Blind and 

visually impaired 

13 ✓ 

Akkapusit and 

Ko [219] 

Controlled environment 

testing, Survey (Likert-like 

scale questions), Interview 

Blindfolded 20 (14 male and 6 

female) 
✓ 

Awad et al. 

[260] 

Controlled environment 

testing, Survey (Likert-like 

scale questions) 

Visually impaired 10 ✓ 

Boldu et al. 

[217] 

Controlled environment 

testing, Survey (Likert-like 

scale questions) 

Blind 9 (8 male and 2 

female) 
✓ 

Canez et al. 

[51] 

Controlled environment 

testing 

N/A (Not 

available) 

N/A ✓ 
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Caraiman et 

al. [118] 

Personal interview and survey Visually impaired 

and blindfolded 

24 (12 VI and 12 

Sighted) 
✓ 

dos Santos et 

al. [239] 

Field experiments and Survey Blindfolded, 

Blind 

41 (10 blind and 31 

blindfolded) 
✓ 

Elmannai and 

Elleithy [74] 

Field experiments (outdoor 

and indoor environments) 

Blindfolded 1 ✗ 

Eskicioglu et 

al. [232] 

Controlled environment 

testing 

Blind and Sighted 5 (3 sighted and 2 

blind) 
✓ 

Fusco and 

Coughlan 

[263] 

Controlled environment 

testing 

Blind 6 ✓ 

Gandhi and 

Gandhi [114] 

Controlled environment 

testing 

N/A N/A N/A 

Gay et al. [241] Controlled environment 

testing 

deaf-blindness 5 ✓ 

Ghosh et al. 

[262] 

Controlled environment 

testing, Survey (Likert-like 

scale questions) 

Blindfolded 2 ✗ 

Guerreiro et 

al. [134] 

Field experiments and Survey Blind 10 blind ✓ 

Huppert et al. 

[243] 

Controlled environment 

testing 

Blind and 

visually impaired 

10 (4 female, 6 male) ✓ 

Hussain et al. 

[177] 

Controlled environment 

testing 

N/A 2 ✗ 

Iwamura et al. 

[201] 

Controlled environment 

testing, Interview and Survey 

(Likert-like scale questions) 

Visually impaired 7 ✓ 

Jiang et al. [26] Survey (Likert-like scale 

questions) 

Blind and Sighted 2 groups (number of 

participants is not 

mentioned) 

✓ 

Joshi et al. 

[130] 

Field experiments (outdoor 

and indoor environments) 

N/A 36 (20 VI and 16 

blindfolded) 
✓ 

Kayukawa et 

al. [246] 

Controlled environment 

testing, Survey (Likert-like 

scale questions) 

Blind 6 ✓ 

Kayukawa et 

al. [210] 

Controlled environment 

testing, Survey (Likert-like 

scale questions) 

Blind (4 male and 

2 female) 

6 ✓ 

Kayukawa et 

al. [247] 

Controlled environment 

testing, Field experiments and 

Survey (Likert-like scale 

questions) 

Blind 14 ✓ 

Kim et al. 

[124] 

Controlled environment 

testing 

Blindfolded 1 ✗ 

Kuribayashi et 

al. [208] 

Survey (Likert-like scale 

questions), Interview 

Blindfolded, 

Blind 

6 ✓ 
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Li et al. [252] Controlled environment 

testing 

Blindfolded, 

Blind 

N/A ✓ 

Lin et al. [72] Field experiments and 

Survey(Likert-like scale 

questions) 

N/A 4 N/A 

Liu et al. [112] Remote usability 

testing(recording user’s 

behavior and analyzing it 

later) and Think-aloud 

protocol 

Blind 7 ✓ 

Mante and 

Weiland [133] 

Controlled environment 

testing (ANOVA analysis) 

and Interview 

Early blind and 

late blind 

12 (5 early blind, 7 late 

blind) 
✓ 

Martinez et al. 

[37] 

Surveys (NASA TLX form) Blindfolded 6 (2 female and 4 

male) 
✗ 

Ntakolia et al. 

[108] 

Controlled environment 

testing, Survey (Likert-like 

scale questions) 

Blindfolded 10 ✗ 

Presti et al. 

[111] 

Think-aloud protocol and 

Survey (Likert-like scale 

questions including System 

Usability Scale (SUS)) 

Blind/visually 

impaired 

13 (7 male and 6 

female) 
✓ 

Rahman et al. 

[251] 

Field experiments N/A (testers are 

called actors) 

N/A N/A 

Saha et al. 

[221] 

Controlled environment 

testing 

Blind 13 ✓ 

Shen et al. 

[151] 

Controlled environment 

testing 

Blind and 

Blindfolded 

6 (3 blind and 3 

blindfolded) 
✓ 

Sosa-García 

and 

Odone [49] 

Survey (Likert-like scale 

questions) and Field 

experiments 

Blindfolded, 

blind and visually 

impaired 

8 (4 blindfolded, 4 

blind (1 congenitally 

blind and 3 low vision) 

2 women and 6 men 

✓ 

Stearns and 

Thieme 2018 

[267] 

Controlled environment 

testing 

Blindfolded 5 ✗ 

Suresh et al. 

[113] 

Controlled environment 

testing 

Blind 3 ✓ 

Tapu et al. 

[248] 

Field experiments Visually impaired N/A ✓ 

van Erp et al. 

[250] 

Controlled environment 

testing, Survey (Likert-like 

scale questions 

Visually impaired 5 ✓ 

Wang et al. 

[132] 

Survey (Likert-like scale 

questions) 

Blind 15 (9 congenitally 

blind) 
✓ 

Wang et al. 

[38] 

Survey (Likert-like scale 

questions) 

Blindfolded 6 (3 female, 3 male) ✗ 

Zhang and Ye 

[50] 

Survey (Likert-like scale 

questions) and Controlled 

Blindfolded 7 ✗ 
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environment testing (indoor 

environment) 

Zhao et al. 

[200] 

Controlled environment 

testing 

Blindfolded 1 ✗ 

Appendix 5 - Evaluation approaches 

Questions about 

previous navigation 

systems experience 

1. What tools are you currently using for navigation? What are the problems 

with those? 

2. Have you ever used a digital assistance system before? Have you ever 

used an indoor version? 

Questions about 

information modality 

and content 

1. What unit of measurement do you usually use to measure or interpret 

distances (eg meters, steps,...)? 

2. Present artificial scenario ([Known, unknown], [Bathroom, living room, 

kitchen, etc.]) How do you currently obtain information about the 

scenario? (Explore thought process) 

3. Same scenario. What information would you like to receive to understand 

the environment better? And to locate an object in the environment? 

4. How would you like to receive information about distances with objects? 

What method/format would be most useful for indicating distances (e.g. 

through sound, words, vibrations)? 

a. [Sound/Haptic]: Why? Ask him/her to provide some 

explanations. 

5. Artificial scenario: moving user approaches an object. What information 

would you find helpful in locating the object? How and how often would 

you find it useful to receive the information? 

Questions to explore 

user needs 

1. What tasks are difficult for you because of your visual impairment? 

[Explore new use cases] 

2. What tasks can a scene understanding system do to improve your life 

quality? (Focus on tasks that include object detection and depth 

estimation) 

3. Describe an example. How would a recommender system help you? The 

system recommends actions based on your situation. 

a. What do you think of a functionality that notifies you about 

objects that may be interesting to you? For example, a record 

player with which you can listen to music. 

b. What do you think about a functionality that notifies you about 

objects/situations that may be dangerous for you? For example, 

a slippery floor or fragile objects. 

Questions about scene 

description 

1. Do you find the feature of scene understanding useful? 

2. Entering a room for the first time. Would you like to know what items 

are present in your surroundings and/or know the type of room you are 

in? 

3. In which situations is it useful to know the type of room you are in? 

4. In which situations is it useful to know about the objects present in a 

room? 

a. Items: How would you want to receive information regarding 

the items?(the modality of information. for example, 

vibration/voice) 

b. Room: Any other things to say besides the type of room? 

5. What kind of information do you need about the objects? (e.g. location, 

color or category of the object) How detailed? 
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6. Would you find the item description feature for closer ranges useful? (ex. 

sitting at a desk) What kind of information would you like to get when 

you are sitting at a table with some objects on it? 

Questions about object 

finding 

1. Do you frequently need to look for an object during a day/week? [How 

often would the feature would be used] 

2. What are the objects you look for the most?  

3. How do you look for something? (a dynamic object/static object) How 

often do you encounter problems? Which ones? [Discover the thinking 

process for the use case and potential problems] 

4. Would you use a digital system to look for a specific object? [Viability 

of use case] 

Ending question 1. Is there anything else you would like to discuss? 

Appendix 6 - User research questions 

  
Participant 1 (low 

vision, night 

blindness) 

Participant 2 

(very low vision) 

Participant 

3 (blind - 

only light 

perception

) 

Participant 

4 

(congenitall

y blind) 

Existing 

experience 

Navigation white cane white cane white cane white cane 

  Scene 

understandin

g 

Ask others, move 

around carefully 

Ask others, move 

carefully with 

white cane 

Ask others, 

move 

around 

carefully 

Ask others, 

move around 

carefully 

  Object 

finding 

Ask others, move 

around carefully 

Ask others, Aira Ask others, 

move 

around 

carefully 

Ask others, 

move around 

carefully 

  Digital 

services 

Google maps, 

screen reader 

GPS apps, Braille 

display, voice 

over, be my eyes, 

Aira, Seeing AI 

Seeing 

ai(barcode 

reader and 

OCR), 

BeMyEyes, 

Google 

maps 

walking 

mode, blind 

aquare 

Nearby 

Explorer, 

Google maps 

walk mode 

Modality Beeps ✓ ✓ X ✓ 

  Vibration X (afraid of 

missing) 
✓ X  ✓ 

  Distance unit Meter, Angle Feet, Cardinal 

direction 

feet, inch, 

clock 

method, 

using 

reference 

object 

meters, clock 

face method, 

reference 

objects 

  Augmented 

audio 

unfamiliar X (prefers verbal 

directions) 

X ✓ (I have 

played 

augmented 
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audio games 

and I think it 

can be 

useful.) 

Scene 

understanding 

Objects ✓moving objects 

and stuff on the 

floor 

✓ Hierarchical 

information 

✓ Stairs ✓ 

(Hierarchical 

information, 

windows, 

kitchen 

objects) 

  Text reading ✓ ✓ ✓ ✓ 

  Obstacle 

detection 
✓(specially moving 

obstacles) 

✓ (upper body 

obstacles) 

✓ 

(obstacles 

like 

columns) 

✓ 

  Scene type N/A ✓ ✓ ✓ 

Object finding High range ✓ ✓ ✓  ✓ 

  Close range ✓ ✓ ✓ (close 

range is 

easier in 

general) 

✓ 

Recommendatio

n system 

 

Hazards ✓ ✓ 

 

✓ 

 

✓ 

 

 Interesting 

objects 

 

X 

 

✓ 

 

X 

 

✓ (empty 

seats, 

vending 

machines, 

supermarket 

shelves) 

Losing objects Frequency N/A Rarely Never (all 

household 

are blind 

and 

everything 

has its 

place) 

Everyday 

(people 

change the 

objects 

places or I 

forget) 

  Objects Table 8 Table 8 X Table 8 

Most complex 

tasks 

  finding objects 

when others move 

them 

dealing with 

images and 

audios with no 

description 

finding 

stairs, 

finding 

registers in 

big stores 

cooking, 

finding 

directions 

indoors 

      
  

Participant 5 

(acquired 

blindness during 

high school) 

Participant 6 

(congenital 

blindness) 

Participant 

7 

(congenital 

blindness) 

Participant 

8 (lost vision 

at 14, right 

eye fully 

blind, left 
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eye 20 

percent 

blind. 

Sensitive to 

light) 

Existing 

experience 

Navigation Mostly guide dog white cane white cane Wheelchair 

user 

  Scene 

understandin

g 

Ask others, move 

around carefully 

Ask others, move 

around carefully 

Ask others, 

move 

around 

carefully 

Ask others 

for help 

  Object 

finding 

Using guide dog, 

move around 

carefully, ask 

others 

Ask others, move 

around carefully 

Ask others, 

move 

around 

carefully 

Ask others 

for help 

  Digital 

services 

Seeing AI, Google 

maps, Compass 

app, Aira 

dot walker, 

Google maps, 

Envision AI 

Seeing AI, 

lookout, 

VoiceOver 

image 

description 

iOS 

VoiceOver 

Modality Beeps ✓ ✓ ✓ ✓ 

  Vibration ✓ ✓ But preferred 

beep for more 

accuracy 

✓ ✓ 

  Distance unit Steps Meters Meters, 

clock face 

method 

preferred 

beeping over 

meters 

  Augmented 

audio 

X (never used) X X X 

Scene 

understanding 

Objects ✓ ✓ ✓ 

Hierarchica
l 

information 

✓ 

  Text reading ✓ ✓ ✓ ✓ 

  Obstacle 

detection 
✓ ✓ NA ✓ 

  Scene type ✓ ✓ ✓ NA 

Object finding High range ✓ ✓ ✓ NA 

  Close range ✓ ✓ ✓ NA 

Recommendatio

n system 

 

Hazards 

 

✓ 

 

X 

 

NA NA 

 Interesting 

objects 

X ✓ NA NA 

Losing objects Frequency Everyday Everyday Everyday Sometimes 
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  Objects Table 8 Table 8 Table 8 NA (due to 

limited 

movements) 

Most complex 

tasks 

  Finding stuff in the 

new 

bathrooms/kitchens

, cooking, using 

appliances, little 

steps in American 

houses 

cooking, finding 

stuff in the new 

bathrooms/kitche

n 

moving in 

the streets 

reading 

paper mails 

Appendix 7 - User research results 
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