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Abstract

People affected by vision impairment experience significant challenges in mobility and
daily life activities. In this paper, a smart assistive navigation system is proposed to address
mobility challenges and to enhance the independence of visually impaired individuals.
Three modules are integrated into the proposed system. The vision module detects obstacles
and interactive objects such as doors, chairs, people, fire extinguishers, etc. The depth
cam-based distance module provides the distance of detected objects and obstacles. The
voice module provides auditory feedback to visually impaired individuals about the
detected objects and obstacles that fall under the pre-defined threshold distance. Finally,
the proposed system is optimized in terms of performance and user experience. Jetson
Nano is used to reduce the cost of the overall system; however, it has compatibility issues
with many of the latest object detection models. The YOLOv5n model is used considering
compatibility for object detection, but it has low Mean Average Precision (mAP) and
frame rate. To improve the performance of the vision module, various hyperparameters
of YOLOvb5n are fine-tuned along with transfer learning to enhance the mAP@50 from
the original 0.457 to 0.845 and mAP@50-95 from 0.28 to 0.593. Tensor-RT optimization is
employed to increase the frame rate to deploy the model in a real scenario. The real-time
experimentation shows that the proposed system successfully alerts users to key objects,
hazards, and obstacles which enables independent and confident navigation.

Keywords: assistive navigation system; deep learning; visually impaired; Tensor-RT;
hyperparameter; YOLO

1. Introduction

Visual impairment is experienced by approximately 2.2 billion individuals worldwide.
According to projections, there will be 385 million visually impaired individuals worldwide
by 2030 out of which 55 million will be blind [1]. However, poverty reduction and improved
eye care services helped lower the rate from 4.58% in 1990 to 3.38% in 2015 [2]. Numerous
challenges are faced by visually impaired people [3], including limited access to information,
lack of accessible printed materials, dependency on mobility aids, difficulties with mobility
and spatial awareness, social exclusion, and barriers to employment and healthcare [4,5].
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Several long-range, medium-range, and short-range technologies are developed to
overcome these challenges [6,7]. Predetermined routes marked by beacons are followed
using GPS tracking and landmark databases, which are used by long-range assistive tools
to guide users. Audio cues or haptic feedback are also used to facilitate navigation. These
solutions are predominantly suited for outdoor wayfinding and lack the ability to detect
transient hazards [8]. Information about a user’s immediate surroundings can be provided
by medium-range tools. These include a white cane and guide dogs as well as sonar or
infrared technologies to detect obstacles at greater distances [9]. Electronic travel aids (ETAs)
are also introduced to identify obstructions in the user’s direct path [10]. However, the
reflections can be blocked or changed when people move between the device and the object,
or when doors are opened, which affects their performance [11]. Tasks such as reading,
object manipulation, and interpersonal communication are performed by short-range tools.
Screen layouts and components are presented through speech or braille using screen readers,
making computers easier to use for people with visual impairments. Other tools include
magnifying text, screens, or scenes optically. Collectively, these tools help overcome barriers
related to close-vision tasks [12]. Short-range tools do not provide contextual information
about the environment [13]. These technologies enhance the independence of visually
impaired individuals, but their limitations highlight the need for the development of more
advanced real-time technologies that can offer greater accuracy and faster processing for
practical everyday use. Computer vision and deep-learning-based systems are utilized to
assist Visually Impaired People (VIP) in both indoor and outdoor environments by not only
focusing on obstacle avoidance but also on identifying specific objects that individuals can
interact with or avoid based on their nature [14]. Environmental conditions like temperature
and surface reflectivity cannot affect this technology, as opposed to traditional methods
of using sensors like Lidar, IR, and ultrasonic sensors; however, challenges associated
with these systems involve low detection accuracy, poor distance estimation, and delayed
feedback. To overcome these challenges, a novel assistive navigation device is proposed
using deep learning that detects objects, measures their distances, and provides real-time
voice feedback through optimized vision, distance, and voice modules. The novelty of
the proposed system lies in its deployment-oriented system optimization and real-time
validation on a low-cost embedded platform. The main contributions of this research work
are as follows:

e Integrating a distance module that accurately calculates the proximity of detected
objects or obstacles to the user.

e Integrating a voice module that conveys essential information about detected objects
and obstacles to visually impaired individuals.

e  Hyperparameter tuning, optimization, testing numerous combinations, and selecting the
optimal combination to enhance the accuracy and speed of computer vision models.

e  Achieving seamless integration of three key modules (computer vision module, distance
module, and voice module) into a unified intelligent system aimed at assisting visually
impaired individuals by reducing real-time latency.

The paper is organized as follows: Section 2 presents the related work; Section 3 details
the proposed system methodology and experimental setup; Section 4 covers model training,
hyperparameter tuning, and performance evaluation; Section 5 covers real-time testing and
comparative analysis; and Section 6 concludes the work.

2. Related Work

Navigating the world is crucial for visually impaired individuals. Assistive technologies
have been made more important for navigation due to technological progress, with well-
known examples including Way-finder and Envision [15]. Mobile phones have become
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a common platform for assistive technologies [16]. Several research activities have been
carried out on navigation tools for visually impaired individuals [17]. A comprehensive
review is performed discussing different Electronic Travel Aids (ETA) designed for navigation,
including machine vision technologies [10].

Traditional assistive methods have been improved through technology, leading to
more advanced solutions for people with visual impairments. Comprehensive spatial infor-
mation is provided by Electronic Orientation Aids (EOAs) to help users know their location
through detailed environmental maps, while obstacles and hazards in the immedjiate path
are detected by Electronic Travel Aids (ETAs) to improve safety and movement. To capture
broad environmental data, EOAs often integrate cameras and sensors but they may face
challenges related to device complexity and weight [18]. In contrast, ETAs employ a range
of sensing technologies including general cameras, depth cameras, RFID, Bluetooth bea-
cons, LiDAR, Infrared (IR) sensors, and ultrasonic sensors to identify obstacles and ensure
safe navigation [10]. Despite the advancements offered by these technologies, challenges
such as device complexity, cost, and limitations in accuracy underscore the need for further
refinement and innovation.

Earphones or speakers are commonly used to provide audio feedback in navigation
aids. However, when too many auditory cues are given, users can become confused and
important sounds from the environment may be missed [19]. This issue is addressed by
bone-conduction headphones, as sound is sent directly to the inner ear without blocking
the ear canal.

Computer vision algorithms and optical sensors are used by vision-based navigation to
detect obstacles and guide users [20-23]. In systems like Tyflos, stereo cameras are used to
capture 3D images of the environment, which are then turned into spoken instructions [24].
A single camera for object localization is used by Visual Simultaneous Localization and
Mapping (VSLAM) which reduces the need for additional sensors [25]. RGB-D cameras
integrate depth sensing for enhanced obstacle detection [26]. However, these vision-based
approaches often face challenges such as high computational requirements, sensitivity to
lighting conditions, and limited performance in terms of accuracy in various environments.
This gap highlights the need to explore alternative methods using IoT (Internet of Things),
and non-visual data should also be reviewed to overcome the current limitations and
support future integration.

Communication between systems by the Internet of Things (IoT) was proposed which
helps navigation systems work more effectively without human involvement. To detect
objects and provide navigation alerts, smart canes and IoT technology are used by devices
like Indriya and Blind guide [27]. However, these systems often require internet access for
full functionality. Navigation systems can also utilize non-visual data, such as ultrasonic
sensors, beacons, and infrared detectors, for feature extraction. Proximity is detected using
ultrasonic sensors, while GPS is combined with fixed devices for beacon-based localization.
Infrared sensors offer contactless distance measurements, providing an alternative to vision-
based navigation [24]. Tactile tools like raised maps and magnet boards assist visually
impaired individuals in spatial learning. Updated and detailed navigation information
was introduced through interactive and augmented reality maps like SmartTactMaps and
LucentMaps [28]. These tools combine tactile, audio, and visual feedback for effective
navigation assistance. Audio feedback and sonification are used by systems like the Sound
of Vision and SVETA to support navigation. Despite these advancements, many IoT- and
non-visual-based systems face challenges such as dependency on external infrastructure,
limited adaptability, and the need for user training to interpret feedback correctly. Training
is needed by users to understand the sounds correctly [29].
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Despite technological advancements, navigation assistive devices for visually im-
paired individuals have low user acceptance due to various shortcomings like the need
for better object detection algorithms, proper datasets for indoor scenes, effective feedback
mechanisms, and optimized techniques to reduce computational costs. Most existing work
has primarily focused on obstacle avoidance, but it is equally important to identify specific
objects that visually impaired individuals can interact with or avoid based on their nature.
To address these issues, a smart Assistive Navigation system has been proposed to enhance
usability and efficiency in indoor environments.

3. Proposed System Architecture

The overall architecture of the proposed system, as illustrated in Figure 1, represents a
smart assistive navigation system which detects various interactive objects and finds their
distance while notifying the user about them. The overall system contains three modules:
the computer vision module, distance module, and voice module, which are all integrated.
The computer vision module is responsible for scanning the environment and detecting all
the interactive objects in the scene. Once the interactive objects are detected, the distance
module finds their distance from the user. Whenever the visually impaired individual gets
close to any of the interactive objects or obstacles and crosses some threshold, then the
voice module is activated to inform the user about the interactive objects or obstacles and
their distances from the user. In this way, all the three modules are integrated to form a
complete assistive navigation system used in indoor environments.

Door 1.5m Door 1.6m
Intel Real-sense D455

Nvidia Jet

Mini Bluetooth Speaker

T Auditory Feedback to User | Indoor Scenario

Figure 1. Schematic diagram of overall smart assistive navigation system.

The challenges encountered during the development of the portable and cost-
effective assistive navigation system and their proposed optimal solutions are illustrated
in Figure 2. To ensure portability and cost effectiveness, the NVIDIA Jetson Nano is
selected as the processing platform. However, compatibility issues arise with advanced
object detection models, leading to the adoption of YOLOV5, which is well-suited for
Jetson Nano. Initially, the model exhibited low detection accuracy and limited processing
speed, hindering real-time performance. The accuracy issue is addressed through exten-
sive hyperparameter tuning on our custom dataset and by employing the lightweight
YOLOvVSn version. Additionally, TensorRT optimization is employed to enhance the
inference speed for real-time navigation. Finally, the system was further refined by
optimizing the auditory feedback frequency and nature to ensure a user-friendly and
efficient experience for visually impaired individuals. The working of each module is
explained in detail in the following sub-sections.
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Figure 2. Challenges/issues and their proposed optimized solutions in the development of the
navigation system.

3.1. Computer Vision Module

The computer vision module is responsible for detecting objects in real time with a high
enough frame rate (15 to 20 frames per second are considered for human walking). This
module is further categorized into data acquisition and transfer learning-based YOLOv5n
training for real-time detection of various interactive objects in the indoor environment. The
following factors are mainly considered to choose and train the computer vision modules:
detection accuracy (mAP values), Frame Per Second (FPS), and computational cost.

3.1.1. Data Acquisition

To train and evaluate the proposed object detection system, a new indoor dataset is
created. The dataset consists of five classes of objects routinely found within residential
environments which are doors, chairs, humans, fires, and fire extinguishers. These five
classes are interactive objects while all other objects are considered as obstacles. All the
images are taken using the camera of an iPhone XS device under various conditions
with a resolution of 1280 x 720 pixels. Images show objects from different positions and
orientations, with complex natural backgrounds, and arbitrary placement relative to one
another. Lighting also varied realistically between shots to simulate diverse indoor settings.

The collected dataset having 700 images is manually annotated using Robo-flow, with
bounding boxes drawn around each object to provide class labels. To enhance the size and
complexity of the dataset, several data augmentation techniques are applied using Robo-
flow: Resize, Crop, Rotation, Hue, Exposure, Blur, Noise, Cutout, and Auto-Orient. Hence
the dataset is enhanced to 1000 images (200 images per class). Some images taken from
our final dataset are given in Figure 3. The data are then split into three sets including the
training set which contains 70% of the images (700 images), the validation set containing
15% of the images (150 images), and the test set containing 15% of the images (150 images).
This setup ensured an unbiased evaluation of the model’s generalization capabilities to
new scenarios.

3.1.2. Object Detection Module

The trade-offs in parameter size, accuracy (mAP@50-95 on COCO), and speed on an
NVIDIA T4 GPU are shown in Table 1 for popular object detection models. Faster R-CNN
achieves stable accuracy but typically runs more slowly due to its two-stage architecture.
SSD focuses on speed with fewer layers but sacrifices some accuracy. Meanwhile, RTMDet
and RT-DETR are newer single-stage models that are good for both accuracy and real-time
performance. However, a flexible range of model sizes and a good balance between speed
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and accuracy are provided by the YOLO family of models, making them well recognized.

This single-stage approach processes an image in one pass, making it well suited for
real-time or embedded scenarios.

Figure 3. Indoor dataset images. Some randomly chosen images from our dataset including five
interactive objects, i.e., Door, Chair, Fire Extinguisher, Person, and Fire.

Table 1. Performance comparison of object detection models on COCO Dataset.

Model Parameters (M) mAP@50-95 (COCO) Speed on T4 (FPS)
RTMDet [30] 4.8-94.9 41-52.8 10-40
RT-DETR [31] 20-67 46.5-54.8 15-40

Faster R-CNN [32] 19 37.8-39 8-12
SSD [33] 22-25 26.8 45
YOLOV3-v7 [34] 1.6-151.7 37.5-57.2 3040

For the proposed application, it is also desirable to make it cost effective; hence, Jetson
Nano is chosen for hardware instead of Jetson Orin, etc., due to higher cost. Similar to
other detection models, Yolov8 and higher versions experience compatibility issues on
Jetson Nano due to the higher number of parameters. Two datasets having 1000 and
3000 images respectively were trained on yolov7t, yolovbn, and SSD and assessed in terms
of detection accuracy (mAP@50, mAP@50-95), inference latency, FPS, parameter count,
and model size. Finally, the top-performing models were deployed on Jetson Nano to
evaluate real-time feasibility in embedded environments. Based on a comprehensive trade-
off between accuracy and computational efficiency, YOLOv5n was selected as the optimal
model, which is discussed in Section 4.4. Among different versions of YOLOv5, YOLOv5n
is a smaller and faster version which offers high inference speed and a high frame rate due
to its reduced number of parameters, which are 1.9 million. This comes at the cost of lower
accuracy with mAP@50 as 45.7% and mAP@50-95 as 28% on the COCO dataset. However,
we enhanced the accuracy (mAP@50 as 84.5% and mAP@50-95 as 59.3%) for our dataset
though hyperparameter tuning and transfer learning.

The overall schematic of the computer vision module is shown in Figure 4, which
shows the several key steps required in order to detect five different kinds of interactive
objects in a given scene of an indoor environment. The YOLOv5 nano (YOLOv5n) model
detects objects through three steps: the backbone which extracts initial features, the neck
which improves the localization and detection of objects by fusing multiscale features, and
the head which calculates confidence and bounding box regression.
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Figure 4. Overall schematic of object detection module. YOLOv5n model with hyperparameter tuning.

3.2. Distance Module

The same Intel RealSense D455 camera, used for object detection, also provides real-time
depth data for each pixel in the frame, with a depth accuracy of approximately 2 mm at a
distance of 1 m, where each pixel value represents the distance from the camera in millimeters.
The RealSense SDK outputs this as a 16-bit depth frame. To make the depth information easier
to interpret, color mapping is applied. In the default RealSense Viewer, closer objects appear
in cooler colors (blue), while farther objects appear in warmer colors (red), creating a clear
and intuitive visualization of depth.

The depth frame is converted to a NumPy array for efficient random access in the code
which has the same height and width dimensions as the RGB image frames (640 x 480).
The index of element in the depth array directly corresponds to an x, y pixel coordinate
in the 2D image. This creates a mapping between the 2D pixel space and 3D real-world
measurements. The distance module is seamlessly integrated into the overall system to
ensure efficient working of the system.

Table 2 compares various distance sensing technologies including ultrasonic, infrared,
laser, and radar [35] against the Active Stereo-IR Depth Camera in terms of operational
principles, range, bandwidth, and accuracy, which shows the effectiveness of the Active
Stereo-IR depth sensing method.

Table 2. Comparison of depth sensing technologies.

Active Stereo-IR
Depth Camera [36]

Ultrasonic [37]

Infrared [38]

Laser [39]

Radar [40]

Principle of

Stereo vision with
active infrared (IR)

Transmission and
reception of

Transmission and
reception of IR

Transmission and
reception of

Transmission and
reception of

Operation projection acoustic waves light pulses light waves microwaves
Short range: Short range: Sg?;géa(rrll%e':
Range 0.3-6 (cm); Long 2-400 (cm) 20-150 (cm) 15-120 (cm); Long Long ran e,v
range: Up to 10 (m) range: 10 to 50 (m) N 30% 0 (rr%) :
Bandwidth Wide Wide Quite narrow Narrow Dep endsSioZr; antenna
Accuracy High Low HIGH HIGH Medium
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3.3. Voice Module

The voice module is used to provide safe navigation instructions to visually impaired
individuals. Once interactive objects are detected and the distance of all objects in the scene
is obtained, the voice module is activated. It announces the name of various interactive ob-
jects like chair, door, fire, fire extinguisher, and person when they fall within the predefined
threshold distance. The voice module also provides information about any kind of obstacle
when it crosses the predefined threshold. An open-source Python3 library called Pyttsx3 is
used for text-to-speech conversion and playback.

3.4. Overall System Working

The complete initial training is performed using Nvidia RTX 3060 GPU and the
Windows 11 platform. Next, the trained model is embedded into the NVIDIA Jetson Nano
to perform wearable mobility assistance to visually impaired individuals. The proposed
experimental setup involves integrating several hardware components which include an
NVIDIA Jetson Nano, an Intel RealSense D455 depth camera, a power bank, and a JBL
mini-Bluetooth speaker. The NVIDIA Jetson Nano serves as the central processing unit
due to its high computational power and onboard GPU capabilities. The Intel RealSense
D455 depth camera is connected to the Jetson Nano via USB 3.0 which captures both RGB
and depth images. Power to all components is provided by a power bank with a capacity
of 20 watts with 5 volts and 4 amperes of current which is connected to the Jetson Nano
through the Barrel Power Jack. The overall system draws approximately 12-18 W during
active sensing and processing, which implies an operational duration of roughly 5-8 h
on a 20,000 mAh power bank. For audio feedback, a wire JBL mini-Bluetooth speaker is
connected to the Jetson Nano via an external Bluetooth adapter. The detailed hardware
integration with NVIDIA Jetson Nano is shown in Figure 5a. The overall wearable system
worn by the visually impaired individual is shown in Figure 5b, which shows the portability
of the system. This setup ensures that the user receives real-time voice alerts about detected
objects, obstacles, and their distances. The entire hardware setup is mounted onto a
wearable belt which makes it comfortable and easy for the user to wear and walk naturally.
The complete integration and working of the proposed system are shown in Figure 6. The
depth camera continuously captures real-time images and depth information of the user’s
surroundings. These data are then passed on to the Jetson Nano, which processes it through
several stages. The first stage involves the trained YOLOv5n model, which identifies and
classifies all the interactive objects within the images. Once the objects are detected, the
system integrates the depth information with the detection results. This step is crucial as
it allows the system to not only detect objects but also understand their spatial distances
from the user. The output generated by the system includes two main components: an
object detection image where detected objects are highlighted, and a depth image that
represents the distances of these objects from the camera which is installed on the user’s
chest. If interactive objects are detected, then the system evaluates the distance of the
detected objects. If this distance crosses the predefined threshold like 1.4 m to 1.6 m, then
audio feedback is provided to the user about the detected objects and their distances via
Bluetooth speaker, e.g., a chair is detected at 1.5 m, etc. Moreover, if no interactive object is
detected but the distance of obstacles is detected within the predefined threshold based on
the depth image, then audio feedback of obstacle detection at 1.5 m is provided to the user
via Bluetooth speaker. The whole system helps the user to navigate in indoor environment
safely. This real-time feedback loop is essential for the user, as it continuously updates
about potential obstacles and surroundings, enhancing their spatial awareness and mobility.
If the threshold distance is set too high, more nearby objects will be announced, which
will result in overloaded auditory feedback and cause inconvenience to users in assistive
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navigation. On the other hand, if the threshold is too low, visually impaired users might
not have enough time to stop or change their path. Therefore, the threshold is adjustable,
allowing users to customize it based on their individual needs.

Jetson Depth
NANO CAM

Bluetooth Wearable camera
Speaker Holder
(a) (b)

Figure 5. Experimental setup. The overall experimental setup with (a) the hardware integration with
Nvidia Jetson Nano and (b) the overall setup worn by the visually impaired individual for navigating
the indoor environment.

r N
i : Depth Cam
' | ‘a———
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1 1
1 1
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! Model TENSOR-RT H Depth
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<€)
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Depth image

Figure 6. Detailed flow diagram of integrated system with all modules. The computer vision module
detects all interactive objects, the distance module finds the distance of the user from all the interactive
objects and the obstacles, while the voice module give an auditory feedback to the user about the
interactive objects and obstacle and their distances from the user.

4. Performance Evaluation of the Proposed System

The performance of the overall system mainly depends on two modules: the vision
module and the distance module, so the results and performance evaluation of these
modules are discussed in the following sub-sections.

4.1. Optimization
4.1.1. Hyperparameter Tuning

The pre-trained YOLOv5n on the MS-COCO dataset did not show satisfactory results
for indoor assistive navigation applications. The model provides enough FPS; however,
object detection performance is below par. Therefore, the model is fine-tuned multiple
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times using different combinations of hyperparameters to achieve the desired results. Hy-
perparameter tuning involves careful adjustment of various hyperparameters like learning
rates, batch sizes, anchors, etc., which effectively helps to improve the model’s performance
on specific tasks, such as object detection. The number of classes is increased gradually
to improve the performance of the YOLOV5n model. Initial hyperparameter tuning was
focused on object detection for two classes. By fine-tuning various hyperparameters, an
mAP@50 of 0.98 was achieved. The parameter combinations such as larger batch sizes
with cosine learning rate decay also contributed to achieving this mAP. The SGD optimizer
outperformed Adam in minimizing the loss function, as SGD performs a parameter update
for each image or mini batch, while Adam computes adaptive learning rates for each
parameter. Higher anchor thresholds required tighter correspondence between predictions
and ground truth boxes, reducing incorrect matches and improving learning. Similarly, the
hyperparameters were tuned for three class problems to find the most suitable hyperparam-
eter combination to be used as a starting combination for five class problems. The complete
hyperparameter tuning process for five classes of detection tasks is shown in Table 3. After
hyperparameter tuning, an mAP@50 of 0.885 on the validation dataset is achieved. Initially,
the original YOLOV5n has only a 0.457 mAP@50 for the MS-COCO dataset.

Table 3. Optimization of hyperparameters for five classes.

S. No Initial-Lr Final-Lr Anchors_t Batch Size Optimizer Lr Scheduler mAP@50
1 0.001 0.00001 3.95 8 SGD Cos_Ir 0.70
2 0.001 0.00001 3.95 16 Adam Cos_Ir 0.65
3 0.001 0.00001 3.9 8 SGD Cos_Ir 0.77
4 0.001 0.00001 3.9 8 Adams Cos_Ir 0.73
5 0.001 0.00001 4 8 SGD Cos_Ir 0.841
6 0.001 0.00001 4 8 SGD LRRD 0.885

4.1.2. Optimization of Overall System from User’s Perspective

The overall system is also optimized from the user’s perspective, such as by determin-
ing the optimal threshold distance and clear auditory feedback text, etc. The no threshold
condition results in announcing all the objects detected within the camera’s field of view.
This approach produced an excessive number of voice announcements, which users found
distracting. In a subsequent trial, a larger threshold was implemented, with announce-
ments made for all detected class names and obstacles within that range. However, user
feedback indicated that the high volume of announcements is still confusing. Moreover,
during the experiment with a short threshold distance, the users reported that the brief
announcement range did not allow sufficient time to respond, interact with assistive objects,
or avoid obstacles, etc. Accordingly, the distance between 1.4 to 1.6 m was found to be
the optimal threshold, considering normal human walking. In our experiment, a 1.5 m
threshold is used; moreover, this threshold is kept adjustable in the proposed system to
accommodate the user’s personal preference. Additionally, too long verbal phrases in
announcements also cause inconvenience to users. For instance, announcing “Chair is
detected at 1.5 m” was found to be inconvenient. So, the announcement length was reduced,
such as “Chair at 1.5 m” or simply announcing the name of the class like “chair”, “person”,
and “obstacle”, etc. was found to be more appropriate as the user already knows that
the system is announcing the name of an object which is within the threshold distance.
In the results Section 5.1, multiple types of auditory announcements are made to show
the effectiveness of the proposed model. However, for safety purposes, the class “fire” is
announced regardless of the threshold distance.
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4.2. Object Detection: Training and Performance Evaluation

In this section, the training and performance of the object detection model is discussed
in detail. Figure 7a,b show the training loss over epochs for two metrics: box loss (accuracy
of bounding box predictions) and class loss (accuracy of object classification) for both the
training and validation data. Both losses decreased rapidly during the first 50 epochs as
the model quickly learns data patterns. Between 50 and 181 epochs, the decline slows, and
eventually, the model nearly converges with box loss around 0.02 and class loss around
0.003, indicating high confidence in its predictions.

0.06 0.14
0.05 — train/cls_loss ==  val/cls_loss 0.12 —— train/box_loss ——  val/box_loss
0.04 0.1
0.08
é 0.03 3
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Figure 7. (a) Graph of class loss vs. epoch for traning and validation data. (b) Graph of class loss vs.
epoch for traning and validation data. (c) Graph of mAP50 and mAP50-95 vs. epoch for bounding box.

The mAP@50 and mAP@50-95 measure the mean average precisions at a 50 IoU
threshold, while the mAP@50-95 measures the mean average precisions over thresholds
ranging from 50 to 95 (in 0.05 increments). As shown in Figure 7c, the mAP@50 is higher
due to its less stringent criteria during processing. The model learns rapidly in the first
50 epochs, slows from 50 epochs, and stabilizes with the mAP@50 settling at around 0.845
and the mAP@50-95 around 0.593.

To check the performance, the model is evaluated on the unseen test dataset. The
trained model achieves a 0.845 value of mAP@50 which shows the model effectiveness in
detecting five different types of interactive objects. The average precision metric (mAP)
for all five interactive objects is shown in Table 4. The table provides precision, recall, and
both AP@50 and AP@50-95 for all five types of interactive objects. The high precision,
recall, and average precision values for all classes indicate that the model’s performance is
considered good in detecting different interactive objects. Lower values of mAP at a high
IoU threshold are expected for our model.
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Table 4. Precision, recall, mAP@50, and mAP@50-95 for all classes.

Names Classes Precision (P) Recall (R) mAP@50 mAP@50-95
Door 0 0.95 0.597 0.82 0.535
Fire 1 0.953 0.762 0.881 0.591
Fire 2 0.898 0.977 0.929 0.719

Extinguisher

Chair 3 0.75 0.707 0.754 0.475
Person 4 0.821 0.913 0.84 0.644

4.3. Real-Time FPS and Distance Module Performance Evaluation

The real-time FPS drops after embedding the integrated model on the Jetson Nano.
The drops in FPS occur due to the integration of the three modules which increased the
overall computational cost of the system. Primarily, we identified that the delay was
caused by the object detection algorithm in real time due to the limited processing power
of the Jetson Nano. To overcome this issue, the weight of the trained object detection
algorithm is embedded using TENSOR-RT optimization which significantly improved
the FPS from 5 to 19 FPS on the Jetson Nano in real time. Moreover, the evaluation of the
distance estimation module showed neglectable deviation between calculated distances
and actual distances, which is almost 0% within the 0.5 m and 2.16% at the 10 m range.
The detailed tables which show the FPS and distance module performance are provided
in the Supplementary Materials.

4.4. Comparative Evaluation of Object Detection Models

To presents a comprehensive comparative analysis of SSD, YOLOv5n, and YOLOv7tiny
across different dataset scales and hardware platforms, the evaluation focuses on detection
accuracy, localization precision, computational efficiency, and real-time deployment feasi-
bility. Experiments were conducted on NVIDIA RTX 3060 GPU and Jetson Nano embedded
hardware using standardized metrics, including mAP@50, mAP@50-95, inference latency,
FPS, parameter count, and model size.

The initial experiments were conducted on a dataset comprising 1000 images to inves-
tigate the baseline performance of the selected models. As reported in Table 5, YOLOv5n
achieved an mAP@50 of 0.845 and an mAP@50-950f 0.593, outperforming both YOLOv7Ztiny
and SSD. In comparison, YOLOv7tiny obtained mAP@0.5 and mAP@50-95 values of 0.584
and 0.325, respectively, while SSD achieved 0.6219 and 0.4792. Consequently, YOLOv5n
exhibited a relative improvement of 44.7% in mAP@50 over YOLOv7Ztiny and 35.9% over
SSD. Similarly, in terms of mAP@50-95, YOLOv5n improved performance by 82.5% over
YOLOv7tiny and 23.7% over SSD. From a model complexity perspective, YOLOv5n re-
quired only 1.17 million parameters and occupied 3.38 MB of storage, whereas YOLOv7tiny
and SSD required 6.02 million parameters (12 MB) and 24.3 million parameters (94.35 MB),
respectively. This corresponds to an 80.6% reduction in parameter count relative to SSD
and an 80.5% reduction relative to YOLOv7tiny, highlighting the architectural efficiency
of YOLOv5n. In terms of inference efficiency, YOLOv5n achieved an inference latency of
2.9 ms and an FPS of 75, compared to 3.8 ms and 60 FPS for YOLOv7tiny, and 10.93 ms and
22 FPS for SSD. Thus, YOLOv5n reduced inference latency by 73.5% and increased FPS by
241% compared to SSD, demonstrating its suitability for real-time applications. However,
given the limited dataset size, the representational capacity of larger models such as SSD
and YOLOv7tiny may not have been fully exploited. Therefore, the dataset was expanded
to ensure a more reliable and statistically meaningful comparison.
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Table 5. Comparison among YOLOv5, YOLOv7t, and SSD on GPU.

@1000 Images Dataset @3000 Images Dataset
Model YOLOvV5n YOLOv7tiny SSD YOLOvV5n YOLOv7tiny SSD
mAP@50 0.845 0.584 0.6219 0.907 0.796 0.6877
mAP@50-95 0.593 0.325 0.4792 0.674 0.5 0.4921
Inference time (ms) 29 3.8 10.93 29 3.8 10.93
FPS 50 43 60 50 43 60

Parameters (M) 1.176 6.025 24.3 1.176 6.025 24.3
Model size (MB) 3.38 12.0 94.35 3.38 12.0 94.35

To evaluate the scalability and generalization capability of the models, the dataset size
was increased to 3000 images, and all models were retrained under identical experimen-
tal conditions. The results, summarized in Table 5, confirm the robustness of YOLOvb5n.
On the enhanced dataset, YOLOv5n achieved an mAP@50 of 0.907 and an mAP@50-95 of
0.674. In contrast, YOLOv7tiny achieved 0.796 and 0.500, while SSD achieved 0.6877 and
0.4921. Quantitatively, YOLOv5n outperformed YOLOv7Ztiny by 13.9% and SSD by 31.9%
in mAP@50. Similarly, YOLOv5n achieved improvements of 34.8% and 37.0% in mAP@50-
95 over YOLOv7tiny and SSD, respectively. These results indicate that YOLOv5n not only
maintains superior accuracy but also exhibits stronger data scalability. Notably, inference
latency and FPS remained constant across dataset sizes, implying that YOLOv5n preserves its
computational efficiency irrespective of dataset scale, which is critical for real-time systems.

To further analyze the detection characteristics of the models, a class-wise evaluation
was performed on the 3000-image dataset (Table 6). The results demonstrate that YOLOv5n
consistently achieves higher accuracy across most object categories. For example, YOLOv5n
achieved mAP@50 values of 0.886 (Door), 0.917 (Fire), 0.931 (Fire Extinguisher), and 0.958
(Chair). Compared to SSD, YOLOv5n improved detection accuracy by 144.8% (Door), 53.6%
(Fire), 44.1% (Chair), while showing comparable performance for Fire Extinguisher. More-
over, the mAP@50-95 metric reveals that YOLOv5n provides superior localization precision,
particularly for objects with complex geometries and scale variations. This suggests that
YOLOv5n benefits from more effective multi-scale feature fusion and bounding-box re-
gression mechanisms. The class-wise analysis further indicates that SSD exhibits relatively
lower robustness across classes, while YOLOv7tiny shows higher inter-class performance
variance, reflecting limitations in feature representation and localization accuracy.

Table 6. Class-wise mAPs of SSD model @ 3000-image dataset on GPU.

SSD Yolov5n Yolo7t
S. No Classes mAP@50 mAP@50-95 mAP@50 mAP@50-95 mAP@50 mAP@50-95
1 Door 0.362 0.2673 0.886 0.701 0.804 0.597
2 Fire 0.5969 0.4580 0.917 0.524 0.903 0.408
3 Fire Extinguisher 0.9434 0.6970 0.931 0.724 0.635 0.476
4 Chair 0.6650 0.4238 0.958 0.787 0.893 0.626
5 person 0.8710 0.6144 0.842 0.635 0.743 0.412

To assess the feasibility of real-time deployment in resource-constrained environments,
YOLOvV5n and YOLOv7tiny were evaluated on the Jetson Nano platform (Table 7). These
models were selected based on their superior performance on GPU. YOLOv5n achieved an
inference time of 52.6 ms and an FPS of 19, which decreased to 12 FPS when system-level
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delays were considered. In contrast, YOLOv7tiny achieved an inference time of 76.9 ms and
an FPS of 13, dropping to 5 FPS with delays. Quantitatively, YOLOv5n reduced inference
latency by 31.6% and improved FPS by 46.2% compared to YOLOv7tiny. When system-
level delays were included, YOLOv5n achieved a 140% higher effective FPS, highlighting
its superior suitability for embedded real-time applications. These findings confirm that
model compactness and architectural efficiency play a critical role in achieving real-time
performance on low-power hardware platforms.

Table 7. Real-time performance comparison of YOLOv5 and YOLOvV7t on Jetson Nano.

. FPS FPS
S.No Model Inference Time (ms) (Model Inference Only) (Including Delays)
1 YOLOv5n 52.6 19 12
2 YOLOv7t 76.9 13 5

The experimental results consistently demonstrate that YOLOv5n achieves an optimal
balance between detection accuracy, localization precision, and computational efficiency.
Its superior performance can be attributed to its lightweight backbone, efficient feature
pyramid network, and optimized anchor-based detection head, which collectively enhance
feature representation while minimizing computational overhead. In contrast, SSD suf-
fers from limited multi-scale feature extraction capability, leading to reduced localization
accuracy, while YOLOv7tiny, despite its improved architectural design, incurs higher
computational complexity without proportional accuracy gains. Therefore, the results
indicate that YOLOvbn is the most suitable model for real-time object detection in both
high-performance GPU environments and embedded systems. Its consistent superiority
across datasets, metrics, and hardware platforms underscores its robustness and practical
applicability in real-world vision-based applications.

5. Real-Time Implementation and Comparative Analysis
5.1. Real-Time Implementation of Proposed Assistive Navigation System

To validate the complete performance of the proposed system, real-time experimen-
tation is performed in an indoor environment. Different interactive objects and obstacles
are placed at random positions in an indoor environment to check the performance of the
proposed system. The participants voluntarily took part in the real-time experiment and
provided their consent for participation.

Some snips from video results are shown in Figure 8. The results show a detailed
description of both external and internal camera results at different time frames. The top
images display varied scene frames captured over time by the external camera system.
Corresponding bottom images show the output of the depth cam detecting objects in real
time, respectively. At the 5 s time frame, an obstacle is detected as the user entered the
distance threshold range, which triggered the audio prompt “Obstacle”. The system pro-
vides auditory feedback to the user through the speaker. Instead of announcing “Obstacle
is detected at 1.5 m” the system just announced “Obstacle” to provide brief information
about the environment to the user. Subsequently at 9 s, a chair is detected by the vision
module and after reaching the threshold, the system provides the audio feedback “Chair”
to the user. At 12 s, another chair entered the field of view and fell within the threshold,
and the system provided auditory feedback to the user. At 15 s, an obstacle is detected
within the threshold distance, and accordingly the audio feedback “Obstacle” is provided
to the user. As seen at the 18 s frame, two doors and a person were identified concurrently
by the object detection module. However, only the closer object “Person” is notified to the
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user, based on threshold parameter. A similar case occurred at 25 s, where door detection
crossed the threshold distance, and the user was notified.

At 5 sec At 12 sec

At 15 sec At 18 sec At 25 sec

Figure 8. Real-time experimentation results of the smart assistive navigation system at different
time frames.

The real-time testing by different users and in different environments was performed
to check the generalization of the model. The results illustrate both the external and internal
camera outputs at different time intervals. At the 104, 108, 114, 117, 125, 132, 136 s time
frames, an obstacle, door, chair, person, chair, obstacle, and door are detected, respectively,
as shown in Figure 9. At the 204, 207, 211, 216, 227 s time frames, a chair, person, chair,
obstacle, and door are detected, respectively, as shown in Figure 10.

We observe a small delay in the real-time streaming video which is due to the trans-
mission of the video to remotely connected systems. The streaming is done to record the
video to showcase the internal cam view results as shown in the attached videos. However,
real-time video streaming is not required to assist a visually impaired individual. By
skipping the streaming step, delays can be avoided which allow the Jetson Nano to process
the algorithm more quickly, thus reducing the latency further for real-time applications.

In summary, real-time experimental results demonstrate the promising performance
of the proposed integrated framework. This validates the real-time implementation of the
proposed systems and the potential to extend this work towards developing additional
assistive technologies to support outdoor navigation scenarios and aid those with diverse
disabilities. The successful implementation of the proposed system will certainly benefit
the daily life activities of the visually impaired individual.
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At 104 sec At 108 sec

Wk Bhair:0.58

At 117 sec At 125 sec At 132 sec

Figure 9. Real-time experimentation results of the smart assistive navigation system at different time
frames for different users and environments.

At 207 sec At 211 sec

At 216 sec At 227sec

Figure 10. Real-time experimentation results of the smart assistive navigation system at different
time frames for different users and environments.
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5.2. Quantitative Analysis in Real-Time Navigation

Table 8 presents the step-wise as well as overall latency (in milliseconds) for different
object-based announcements generated by the system. For each announcement type, the
processing pipeline consists of frame capture, YOLO inference, post-processing, drawing,
and the final announcement time. The first four steps—frame capture (9.13 ms), YOLO
inference (52.6 ms), post-processing (0.9 ms), and drawing (2.7 ms)—remain constant across
all cases regardless of the detected object. The variation in total time is primarily due to the
announcement time, which depends on the length of the spoken message. For example,
shorter announcements such as “A door” result in a lower total latency (965.33 ms), while
longer messages like “A fire extinguisher” or “Obstacle detected” lead to higher total times
of 2065.33 ms and 1765.33 ms, respectively. Overall, the table highlights that the dominant
contributor to system latency is the announcement generation, whereas the visual detection
and processing stages contribute only a small and consistent delay.

Table 8. Step-wise and overall latency in milliseconds.

Sr. # Announcement Frame Yolo Post Drawing Announcement Total
Type Capture Inference Processing Time Time
1 A person 9.13 52.6 0.9 2.7 1100 1165.33
2 A door 9.13 52.6 0.9 2.7 900 965.33
3 A chair 9.13 52.6 0.9 2.7 1000 1065.33
4 A fire 9.13 52.6 0.9 2.7 1100 1165.33
5 A fire extinguisher 9.13 52.6 0.9 2.7 2000 2065.33
6 Obstacle detected 9.13 52.6 0.9 2.7 1700 1765.33
Table 9 summarizes the performance of an object detection and announcement system
across seven experiments. For each experiment, it reports how many objects appeared,
how many were missed at a given instant, the resulting object detection accuracy, and how
successfully detected objects were announced, measured by the Announcement Completion
Rate (ACR). Across all experiments, no objects were completely missed overall, and detection
accuracy ranged roughly from 86% to 93%. The system achieved an overall object detection
performance of 88.64% and a high overall ACR of 93.06%, indicating reliable detection and
announcement performance with only minor variations between experiments.
Table 9. Real-time navigation performance evaluation.
Overall Objects Total Object Successful Total Announcement
Exp. No. Missing Missed at Objects Detection Announcement Obiects Completion
Objects anInstant  Appeared (%) ) Rate (ACR) (%)
1 0 2 22 90.91 6 7 85.71
2 0 3 23 86.96 7 7 100.00
3 0 2 15 86.67 5 5 100.00
4 0 2 18 88.89 6 7 85.71
5 0 2 16 87.50 8 8 100.00
6 0 2 15 86.67 4 5 80.00
7 0 1 14 92.86 5 5 100.00
Overall Performance 88.64% - - 93.06%

5.3. Comparison with Existing Solutions in Terms of Technological Advancement

In order to evaluate the capabilities of the proposed system, a qualitative compara-
tive analysis with existing devices is provided in this section. For comparison, different
capabilities, including obstacles and interactive object detection, depth estimation, audi-
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tory feedback, wearability, and real-time testing/implementation, are considered. Mostly,
the existing assistive devices cover basic obstacle detection, as seen with tools like Smart
Cans and GPS Cane, etc. There are few devices available in the literature which have
utilized the objective detection model along with an auditory feedback system. Table 10
shows the comparison with existing state-of-the-art devices. The integrated features,
especially the detection of obstacles and interactive objects with depth estimation, address
current gaps, enhance situational awareness, and support independent navigation for
visually impaired users.

Table 10. Comparative analysis of assistive devices.

Interactive .
Assistive Tool Obstalee Objects ]?eptl-l Verbal Wearable Real-Tlme
Detection ", Estimation Feedback Testing
Recognition
Smart Cans [35,41,42] Yes No Yes No No Yes
GPS Cane [43] Yes No Yes No No No
ES (Jetson Nano) [44] No Yes No Yes Yes No
Proposed System Yes Yes Yes Yes Yes Yes

5.4. Future Work and Scalability of Proposed System

The promising performance of the proposed system opens exciting opportunities
for further enhancement. The proposed system is validated in an indoor environment
by considering the five classes as interactive objects, which include the Door, Chair, Fire
Extinguisher, Person, and Fire. In addition, the proposed system is capable of detecting any
kind of object when it falls under a predefined threshold distance. In future work, the scope
of the work would be extended by increasing the number of classes for interactive objects.
The model would be trained using both indoor and outdoor datasets including stairs,
footpath, car, and bike, etc. Moreover, the reasoning capability of the proposed systems
would be enhanced based on user requirements. For instance, after detecting the table,
the system asked the user if he/she wanted to scan the tabletop. The upgraded systems
would be able to detect a water bottle, keys, remote control, and other interactive objects
on the tabletop. Additionally, assistance in navigation by integrating GPS, especially in
outdoor environments, would also enhance the independence of visually impaired people.
Moreover, potential enhancements in currency recognition and currency counting are also
being considered to expand the applications of the proposed system to assist visually
impaired people.

6. Conclusions

In this study, a voice-enabled along with auditory feedback system is proposed to
assist visually impaired people in indoor environments. The system consists of three
modules: vision, distance calculation, and voice modules which are embedded into Jetson
Nano for real-time testing. The vision module consists of the YOLOv5n model which is
trained to detect an object with high accuracy. Despite the reduction in parameters in
YOLOv5n compared to other models, which typically affects accuracy, the fine-tuning of
hyperparameters significantly enhanced the model’s performance, achieving an mAP@50 of
88.5%. Additionally, the initial frame rate of 5 FPS was increased to 19 FPS after deploying
all three modules with Tensor-RT optimization for real-time testing. The accuracy of the
distance module is excellent with nearly 0% deviation from actual measurements within the
1.5 m threshold, which is very critical for indoor assistance. The voice module successfully
conveys the auditory feedback to the user about the presence of interactive objects and
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obstacles and their distances. The developed system can effectively be used for full-day
activities to assist the visually impaired individual in daily life with greater independence.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /automation7020041/s1. Demonstrational experimental video,
along with tables for distance module performance evaluation and speed, are provided as
Supplementary Materials.
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