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Abstract

The goal of the proposed smart eyewear tool is to assist visually impaired
(VD) or blind individuals by providing object detection and real-time audio
descriptions of their surrounding environment. This will help these users
in navigating their surroundings safely and independently. This is achieved
through the integration of artificial intelligence (AI) and Internet of Things
(IoT) technologies into a compact, wearable system. The proposed work
presents a real-time, artificial intelligence of things (AloT) based assistive
system designed by using an ESP32-CAM module for real-time object detec-
tion, integrated with a TF-Luna LiDAR sensor for distance measurement,
and a Bluetooth-enabled neckband for audio feedback. The system uses
YOLO for object detection and Roboflow for dataset preparation and training.
It also includes features such as night-time navigation and an emergency
alert for enhanced safety. Experimental results showed high performance in

Journal of Mobile Multimedia, Vol. 22_1, 41-62.
doi: 10.13052/jmm1550-4646.2212
© 2026 River Publishers



42 Pritam Nanda et al.

various lighting conditions, with object detection accuracy of 94.93%, a mean
absolute error (MAE) of 0.34 cm, and a root mean square error (RMSE) of
0.44 cm in distance estimation. The SOS alert system responded with 100%
accuracy in emergency situations.

Keywords: Assistive system, Roboflow, Tesseract OCR, TF-Luna LiDAR,
visually impaired, VIuNI, YOLO.

1 Introduction

Nowadays, engineering and internet technologies play a crucial role in
enhancing our daily lives in many ways. These advancements can be effec-
tively utilized to assist people with disabilities in overcoming their challenges
and adapting to the changing environment around them. Focusing specifically
on visually impaired (VI) individuals/blinds, the World Health Organization
(WHO) reports that over 2.2 billion people worldwide are affected across
various age groups. Notably, around 90% of blinds reside in developing
countries [1]. This includes individuals who are blind, those with moderate
to severe distance impairment, mild distance impairment, and presbyopia
(in the remainder of this article, the term VI is used to refer to all these
categories). These individuals face a lot of difficulties in their daily lives in
various aspects, especially during movement on a road with heavy traffic.
This requires special attention towards these VI people to assist them as
their life quality and independence are reduced, often leading to depression
and social isolation. With the emergence of various technologies and gadgets
designed to assist these individuals, many of these solutions are either highly
expensive or with limited functionalities [2-4]. These assistive devices have
been used for VI people to overcome various physical, and social accessibility
barriers, enabling them to live independently in society [5, 6].

In the context of assisting VI individuals, a navigation system is essen-
tial, as it enables obstacle avoidance and provides guidance toward their
destination and developing such systems that can effectively guide these
users to move in both indoor and outdoor environments is required. Al
vision and audio recognition for VI individuals’ navigation independence
(VIuNI) is an innovative smart eyewear system designed to empower VI
individuals with enhanced mobility, safety, and confidence in their daily
lives. Leveraging the combined capabilities of Al and the IoT, this smart
assistive system provides real-time audio feedback to help users effectively
perceive and understand their environment. This work aims to bridge the
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accessibility gap by enabling visually impaired individuals to interact with
their environment more naturally and independently. With the use of this
device, it becomes easier to navigate crowded streets and identify people
or objects. The proposed solution is developed with a focus on accessibility
and usability, aiming to improve the quality of life and support independent
mobility of VI individuals. By utilizing low-cost, compact, and lightweight
components, the system offers a scalable and affordable assistive technology
suitable for widespread deployment.

The organization of this article is as follows: Section 2 reviews several
relevant loT-based approaches along with their limitations and highlights the
key contributions of this work. Section 3 states the objectives and problem
formulation of the proposed system. Section 4 presents the system architec-
ture and describes the process-flow. Section 5 presents the model execution
and discusses the results. Finally, Section 6 concludes the paper and outlines
potential directions for future work.

2 Related Work, Key Contributions and Limitations

Due to the emergence of global technologies, particularly in the fields of
AloT and machine learning, significant advancements have been made in
developing intelligent systems and applications for people with visual dis-
abilities. Over the past few decades, several studies have been carried out
to support VI individuals through various methodologies and techniques
focused on addressing the challenges they face in daily life [7-10]. Most of
the research is focused on assistive systems to help VI individuals, which
can be broadly classified into two types: communication technology and
navigation aids. These systems encompass a wide range of technologies that
support navigation, communication, health, and skill development, which
supports an active and independent social life [3, 11]. A more detailed
study on VI individuals and the various general-purpose assistive technology
solutions, such as blind mobility aids, Braille systems, computer and internet
access, and communication technologies, are discussed in [12]. Some of these
techniques use camera vision and signal processing for object detection and
identification [13]. Based on the technology and techniques used, these assis-
tive systems are classified into various categories. A schematic representation
of these categories is shown in Figure 1 [4,9,12,13].

A comprehensive review of object detection, with technical advance-
ments and key technologies, is presented in [14]. It offers an in-depth
analysis of detection speed-up techniques and focuses on the evolution of
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Figure 1 Classification of assistive techniques for the VI individual.

these methodologies. Additionally, it also discusses essential components
like datasets, evaluation metrics, etc. An Al-powered smart vision kit is
proposed in [15]. This system leverages Al to integrate computer vision
(CV) with advanced Al techniques. The system employs the common objects
in context (COCO) algorithm to effectively establish the visual interface.
Additionally, it utilizes OpenCV and TensorFlow frameworks for efficient
obstacle detection. Ashveena et al. [16] proposes a support system for VI indi-
viduals, integrating image recognition and text navigation to provide auditory
guidance. The system detects indoor obstacles using ultrasonic sensors and
processes images via a Raspberry Pi. A camera captures the object, which
is analyzed using the single shot detection (SSD) algorithm, converted to
text via optical character recognition (OCR), and delivered through a text-to-
speech (TTS) system. In [17], the authors developed a prototype using online
image processing services such as Microsoft Cognitive Services, Google
Text-to-Speech (gTTS), a Raspberry Pi, and a Pi camera module. The goal
of the prototype is to provide real-time visual narration for visually impaired
and blind users. An intelligent arm-mounted navigation device that combines
an RGB-D camera and an inertial measurement unit (IMU) for real-time
obstacle detection and recognition is developed in [18]. The system employs
advanced point cloud processing using the DBSCAN clustering algorithm
enhanced with a KD-tree structure, and applies YOLO-based object recogni-
tion models trained on custom datasets. Users receive haptic feedback for
directional guidance and distance awareness, along with a voice message
about the obstacle’s identity and its proximity. Similarly, by using an RGB-D
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camera, a wearable navigation system for VI individuals aimed at indoor
navigation is proposed in [19, 20]. In [19], the authors have proposed a
system that uses a head-mounted RGB-D camera and SLAM (simultaneous
localization and mapping) to generate 2D maps of the surroundings. An
ultrasonic sensor detects obstacles, and an optimal path is planned from the
user’s current location. A Raspberry Pi 3 B+ is used for data processing. Users
receive real-time voice guidance through earphones. In [20], the authors
advance the concept by integrating semantic visual SLAM with a high-
performance mobile computing platform to provide not only navigation but
also detailed understanding of the environment. Using an RGB-D camera
with structured light and control center, the system extracts semantic infor-
mation and delivers it to the user via voice feedback. Experimental results
confirm that this system operates in real time with high accuracy, significantly
enhancing spatial awareness for VI users. A few researchers have focused
on real-time, mobile camera-based navigation systems designed for visually
impaired individuals to navigate familiar or indoor environments. Unlike
other systems, these solutions operate entirely on mobile devices without the
need for external sensors or additional infrastructure [21-23]. A comparative
analysis of commercially available AloT-enabled assistive eyewear for VI
users, as well as the proposed solution, is presented in Table 1.

3 Problem Formulation and Contributions

Many existing assistive solutions are priced beyond the financial reach of VI
users. In India, a large portion of the VI population relies on modest means
of income such as begging, singing or selling handmade items on the street.
Setting high prices for these assistive technologies prevents these tools from
reaching the intended users and fails to serve their actual purpose. To address
this, the proposed model utilizes online CV services as a cost-effective
alternative. These services are capable of analyzing images, generating inter-
pretations, and providing textual descriptions, thereby helping reduce the
overall development cost. This proposed technique is an innovative smart
eyewear system designed to empower VI individuals by enhancing their
confidence and independence in navigating their surroundings. This solution
leverages the integration of Al and IoT technologies to deliver real-time audio
descriptions of the environment.
The key contributions of this work are summarized as follows:

* A novel Al-based smart eyewear system for enhancement of the nav-
igation independence and situational awareness of visually impaired
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individuals. The system leverages the integration of Al and IoT tech-
nologies to provide real-time audio feedback describing the user’s
surroundings.

» The device is capable of detecting and identifying multiple classes of
objects, including human presence and other immobile objects, thereby
assisting in both navigation and everyday tasks.

* Real-time audio descriptions are delivered through a Bluetooth-enabled
neckband, ensuring a hands-free and unobtrusive user experience.

* An emergency SOS alert feature is integrated into the system to enhance
user safety in critical situations.

4 Proposed System Architecture and Process Flow

The proposed system, as shown in Figure 2(a), consists of an integrated
network of hardware and software components designed to work collabo-
ratively to provide real-time navigation and object recognition for VI users.
The proposed smart eyewear acts as the core component, which is made up
of lightweight and comfortable wearable device. It captures live visual data,
takes sensor input, and sends information to other parts of the system for
further processing. It encompasses an ESP32-CAM module, and a TF-Luna
LiDAR sensor (with an 8-meter range), enabling efficient data acquisition
and preliminary control operations. This innovative system, focused on Al
vision and audio recognition, is specifically developed to enhance navi-
gation independence for VI users. By utilizing the integration of Al and
IoT technologies, this smart eyewear delivers real-time audio descriptions
of the surrounding environment. The assistive feedback, communicated via
a Bluetooth-enabled audio device, enables users to navigate independently
within both known and unfamiliar surroundings. Furthermore, considering
the power efficiency as key factor for such type of assistive wear for VI users
as they depend upon uninterrupted operation, this prototype uses a 1000 mAh
lithium-polymer battery, which allows this prototype to work for 2—3 hours
of continuous operation. The complete workflow is illustrated in Figure 2(b).

Figure 3 shows a block diagram of the use case and the proposed tool,
which incorporates an ESP32-CAM module, a TF-Luna LiDAR sensor,
Roboflow, YOLO, Tesseract OCR, and a text-to-speech engine (pyttsx3).
The ESP32-CAM is responsible for capturing real-time images of the sur-
rounding environment, from the perspective of the VI user. The captured
image undergoes augmentation using Roboflow. Then, it compares the cap-
tured images with pre-trained datasets, where the objects are marked with
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(a) Proposed system model.
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Figure 2 System model overview.

bounding boxes and labels to improve detection accuracy. Which are then
stored in the Supabase cloud database and can be accessed through a web
application, allowing remote monitoring and analysis via mobile devices.
The system uses the YOLO algorithm, which allows for fast and accurate
real-time object detection. The LiDAR sensor can measure distance up to
8 meters (capable of measuring distances of up to 100 meters), which can
assists in depth perception. The entire system operates over a Wi-Fi network,
ensuring seamless communication between components. For reading text in
the images, the system uses Tesseract OCR, which helps identify and convert
the text into a format that the computer can understand and process. Finally,
the detected objects or text are converted into speech using a text-to-speech
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Figure 3 Block diagram.

engine. The audio output is then sent to the user via a Bluetooth-enabled
neckband, providing real-time auditory feedback through a mobile device.

4.1 Mathematical Modeling for the Proposed Architecture

The proposed system encompasses integrating hardware (ESP32-CAM, TF-
Luna LiDAR), cloud services (Supabase, Roboflow), and Al models (YOLO
for object detection, Tesseract for OCR, pyttsx3 for TTS). Each component
plays a distinct role in the system process flow. The processing logic is
described analytically as follows:

1. Image acquisition: The camera (ESP32 CAM) captures real-time images
at time ¢,
I(t) = f(z,y,c), I(t) e RT3, (1)

where (x,y) denotes the pixel location in the image and z and y rep-
resent the horizontal and vertical coordinates, respectively. The variable
¢ € R,G, B indicates the color channel, red, green, or blue. The set R
represents the set of real numbers. H denotes the height of the image in
pixels (i.e., the number of rows), and W denotes the width of the image
in pixels (i.e., the number of columns).

2. Dataset preparation using Roboflow: Dataset preparation is a critical
step for CV tasks such as image classification, object detection, and
semantic segmentation. In this work, Roboflow was used as the main
platform to handle the dataset preprocessing, data augmentation, and
producing the final dataset for model training. The initial image dataset
can be prepared as follows:

Let, Ecoptured = 11, 12,13 .. . IN. )
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After data augmentation the augmented image can be formed as,

Iz{ = Tavg(Ii)v Eavs] = [{Iz{ﬂ (Bz{ja C{])Tzl}]zj\ilﬂ (3)
where T;,, is the average number of augmentation transformations
(e.g., rotation, flipping, brightness change) applied to each image in the
dataset during augmentation and =Z,,, denotes the average number of
augmented samples generated from each original image in the dataset.
C;j denotes the associated class label and B;; denotes the bounding
box associated with the jth object in the ith image. Following data
augmentation, B{j = faug(Bij) represents the transformed bounding
box coordinates resulting from applied augmentations such as rotation,
scaling, translation, or flipping and C;; denotes the associated class
label. Here, m; is the number of objects in image ¢, and N is the total
number of augmented images generated.

3. Model training with YOLO via Roboflow: The model was trained using
the YOLO object detection framework through the Roboflow platform.
Let, ¥ represent the set of trainable weights in the YOLO model. The
goal of training is to find the optimal model parameters W*, which
minimize the total detection loss Ly oo over the annotated dataset. The
optimal values of the model parameters that minimize the loss function
over the training dataset is as follows:

U* = argminLy oo (¥; Zavg), @)
v

where the loss function incorporates multiple components, including
localization loss, confidence loss, and classification loss, each contribut-
ing to the overall optimization objective of the model.

4. Real-time object detection: During inference, when a new input image
I(t) is passed through the trained YOLO model. The detection function
is defined as from Equations (3) and (4):

Evoro = {I(t),V*} — {Bi,Ci, Si};_;. (5)

The output consists of n triplets (B;, C;, S;), indicating the spatial
coordinates, classes, and corresponding confidence score of the detected
objects in the image.

5. Distance measurement using TF-Luna LiDAR: To enhance object detec-
tion with depth information, each object identified by the YOLO model
is matched with a corresponding distance measurement from the TF-
Luna LiDAR sensor. The distance d; to the center of a detected bounding
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box B; is written as,
d; = L(B;), 0<d; <8m, (6)

where L(B;) denotes the LiDAR-based distance measurement cor-
responding to the spatial region defined by bounding box B;. The
maximum effective range of the TF-Luna sensor is 8 meters under
optimal conditions.

The final object detection output is written as in Equation (6),

O; = (By, Cy, S;, d;) (7

In cases where the camera is unavailable or visual confidence is unreli-
able; a fallback mechanism is employed. The detection confidence is
updated based on a function «(d;) derived from LiDAR distance by
using Equation (7),

®)

5 S; if the camera is in active mode,
a(d;), if fallback to LIDAR Sensor.

Here, a(d;) = exp (—fd;) is a monotonically decreasing confidence
function based on object distance where 3 > 0 is a tunable decay
parameter.

. OCR using Tesseract: The region of the input image /(t) that contains
textual information can be written as Iy, C I(t). This region is
processed through Tesseract OCR to produce a sequence of recognized
text tokens as shown below,

T = O(Itemt) = {tla ta, t3,... 7tk} (9)

where O(-) denotes the OCR operation, and ¢; represents the ith recog-
nized character. To quantitatively evaluate the accuracy of OCR output,
the similarity score ® is used, which measures how closely the predicted
text 1" matches the ground truth 7. The similarity can be represented as:

E(IT], [T*])

o(TrT) =1-— ————~1-— "~
AN &)

(10)
where E(T', T*) denotes the minimum number of single-character edits
(insertions, deletions, or substitutions) required to transform 7" into 7™,
and (|T'|, |T*|) represents the lengths of the respective text sequences.
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7. Text-to-speech using pyttsx3: Finally, the detected objects and the rec-
ognized text are combined into a spoken message using the pyttsx3 TTS
engine. The complete message M can be generated by joining the object
descriptions and the text detected from the image as given below

n
M = Z “Object Found”+ C; + “at” + d; “meters away”)

=1
" (11
+

J

(“Textread:” +t;).
1

This message M as in Equation (8) is then passed to the TTS engine I,
producing an audio signal A(t),

A(t) = T(M) (12)

The resulting audio as expressed in Equation (9), is transmitted to the
user in real time via a Bluetooth-enabled neckband.

5 Practical Realization and Result Discussions

The proposed smart eyewear tool has been evaluated for its practical utility in
assisting VI individuals with their daily tasks. The system is implemented on
an ESP32-CAM microcontroller integrated with a TF-Luna LiDAR sensor,
and employs a suite of lightweight yet efficient AI models for real-time
perception and interaction. Specifically, it utilizes YOLO for object detection,
Tesseract OCR for text recognition, and custom-trained models via Roboflow
for facial and currency identification. Additionally, the system incorporates
an emergency response module to ensure user safety in critical situations.
The complete prototype is shown in Figure 4(a) and an example of the feed
of the camera module is given in Figure 4(b).

To enhance obstacle detection accuracy and depth perception, the pro-
posed system incorporates a LIDAR sensor (TF-Luna) that provides real-time
distance measurements. The LiDAR module continuously emits infrared
pulses and calculates the time-of-flight (ToF) for each reflected signal,
thereby generating precise distance data for objects in the immediate path
of the user. This distance information is sampled at regular intervals and
synchronized with visual input from the ESP32-CAM. The data stream
helps to identify obstacles. The LiDAR feed is processed on-device using a
lightweight distance-thresholding algorithm, triggering auditory alerts when
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(b) Camera module feed of the proto-
(a) Prototype smart eyewear. type.

Figure 4 Overview of the smart eyewear.
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(a) Lidar feed example. (b) Lidar distance accuracy curve.

Figure 5 Integration and performance of the Lidar.

detected distances fall below a predefined safety threshold. The integration of
LiDAR sensor with the smart eyewear tool is illustrated in Figure 5(a).

Figure 5(b) shows the accuracy of the LiDAR-based distance measure-
ment module was validated by comparing the actual distances with the mea-
sured distances obtained from the TF-Luna LiDAR sensor. The graph above
illustrates the comparison across 25 sample points, where the actual distances
(black squares) and the measured distances (red circles) are plotted. The
measured values closely follow the actual values, indicating a high degree of
correlation and reliability. The system achieved a measurement accuracy of
94.93%, with a root mean square error (RMSE) of approximately 0.44 cm and
a mean absolute error (MAE) of 0.34 cm, as shown in Table 2. These values
confirm the reliability of the LiDAR sensor for near-field obstacle detec-
tion tasks, which are critical for real-time navigation assistance in visually
impaired user applications. Minor deviations observed are within acceptable
limits for wearable assistive systems, especially considering environmental
noise and surface reflectivity.
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Table 2 Actual vs. measured distance with error analysis

Actual (cm) Measured (cm)  Absolute Error (cm) ~ Squared Error (cm?)

1 0.0 0.0 0.00 0.000
2 0.5 0.6 0.40 0.160
3 1.5 1.2 0.30 0.090
4 2.0 2.0 0.00 0.000
5 3.0 3.0 0.00 0.000
6 4.0 3.7 0.30 0.090
7 4.5 4.0 0.50 0.250
8 5.0 4.2 0.80 0.640
9 5.5 5.3 0.20 0.040
10 6.0 5.8 0.20 0.040
11 6.5 6.1 0.40 0.160
12 7.0 6.4 0.60 0.360
13 7.5 7.0 0.50 0.250
14 8.0 7.7 0.30 0.090
15 8.5 8.4 0.10 0.010
16 9.0 8.1 0.90 0.810
17 9.5 9.5 0.00 0.000
18 10.0 10.0 0.00 0.000
19 10.5 10.3 0.20 0.040
20 11.0 10.5 0.50 0.250
21 11.5 11.2 0.30 0.090
22 12.0 11.0 1.00 1.000
23 12.5 12.3 0.20 0.040
24 13.0 12.7 0.30 0.090
25 13.5 13.0 0.50 0.250
Mean absolute error (MAE) 0.34 cm -
Root mean square error (RMSE) - 0.44 cm

The object detection module, was evaluated under both bright-light and
low-light environments to assess its robustness in real-world scenarios, as
shown in Figures 6(a) and 6(b), respectively. In bright-light conditions,
the proposed tool consistently achieved high accuracy, with clear object
boundaries and minimal false detections due to optimal image contrast and
detail visibility. Whereas under low-light conditions, the performance slightly
decreased due to reduced illumination and increased image noise. Further-
more, objects with reflective or high-contrast surfaces were detected more
easily than those with dark or uniform textures. The evaluation confirmed
that the system remains functionally reliable across varying lighting condi-
tions, ensuring continuous support for VI users during both day and night
navigation.
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(a) Detecting objects in low-light. (b) Detecting objects in bright-light.

Figure 6 Usage of the proposed eyewear tool.

6 Conclusions and Future Work

This work presents a real-time, Al-based smart assistive system designed to
support VI individuals in navigating their surroundings safely and indepen-
dently. The proposed model includes several features, including real-time
object detection, distance measurement using a TF-Luna LiDAR sensor,
night-time navigation, and an emergency SOS alert. All modules were
implemented on a light weight, compact, and inexpensive wearable device.
A Bluetooth-enabled neckband provides real-time audio feedback, helping
users understand their surroundings through voice messages. To reduce
implementation costs the system utilizes the lightweight YOLO object detec-
tion algorithm in combination with Roboflow for dataset preparation, and
model training. Experimental results confirm the system’s effectiveness in
different lighting conditions, showing high accuracy in detecting both mov-
ing and stationary objects, including humans, along with reliable distance
measurement and quick emergency response. The system achieved a high
accuracy of 94.93%, with an MAE of 0.34 cm and an RMSE of 0.44 cm, in
identifying commonly encountered objects in both low-light and bright-light
conditions. These results validate the system’s reliability in real-time obsta-
cle distance estimation. The SOS feature successfully triggered alerts with
100% accuracy during simulated emergency situations. These results confirm
the robustness and effectiveness of the proposed system in enhancing the
mobility, safety, and independence of VI users. As a future work, improving
the system’s efficiency through hardware optimization and a deep learning
model can be implemented to achieve faster processing on edge devices. Fur-
thermore, additional features such as gesture/face recognition, multilingual
support, GPS-based navigation, and integration with wearable AR glasses
can also be added in the future to make the system easier and more effective
to use. The priority is the incorporation of GPS to enable reliable outdoor
navigation and seamless transition between indoor and outdoor environments.
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Subsequently, AR-based assistance will provide spatial guidance through
contextual overlays, such as directional cues and landmark highlights. This
phased roadmap ensures systematic development while maintaining system
usability and performance and offers a clear direction for advancing the
navigation capabilities of the proposed framework. Testing the system with
larger number of users in real-world environments will help in confirming its
reliability and effectiveness.
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