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Abstract— Assistive technologies have become increasingly prominent over the past few years
because of their extensive usage. There have been many studies conducted over the last two
decades on technological implementation into medicine and the development of assistive
technologies geared toward those individuals with disabilities. The implemented technologies
may assist individuals with visual impairments with navigation and object detection. The
proposed system's software incorporates real-time object recognition, optical character
recognition, and speech synthesis capabilities utilizing a single-stage, modified deep learning
object detection model designed specifically for real-time object recognition and accurate object
identification without latency or privacy concerns. Image input is taken from a live camera
feed, the input image is processed, and the object recognition results are provided based on
performance data with a low latency rating and privacy level; therefore, the final product is
subject to the determined embedded constraints from the tested architecture. The test
environment was both controlled (data set) and uncontrolled (i.e., living environment), and data
collected during testing was used to evaluate the product's effectiveness and determine the
suitability of using low-cost technology to create a vision-based assistive system to field-test
products.

1. INTRODUCTION

Over the course of the last decade, there has been a substantial emphasis on the advancement of assistive
technologies. Within healthcare, there are various ways to utilize assistive technologies, all having led to
numerous research possibilities. The intent of this project work is to provide practical solutions for visually
impaired individuals. In this work, the implementation of Natural Language Processing (NLP) as well as Object
Detection will be looked at and implemented into this project work. Many studies have been done within
published literature on the different methods such as Machine Learning, Deep Learning, and other variations of
existing ML models. There is little research focusing on adding artificial intelligence to different types of
assistive technologies. The studies that have been done on state-of-the-art methods have all identified many
practical limitations that cause the end user to experience inconvenience when using these systems in everyday
life. Therefore, the goal of this project was to develop an affordable, real-time, embedded device for object
detection and alerting the end user through speech. With this as our goal, we used YOLOvV5 as our object
detection model based on our review of existing literature in state-of-the-art methods. Following that, we
developed an OCR model and then completed natural language processing before finally producing audio output
for the end user.

The proposed system has undergone testing and successful implementation in an embedded environment where
time constraints and other real-time considerations or parameters were applied and documented in this paper.
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The sections of this manuscript will be described in the following paragraphs: Section 1 Introduction/Problem
Statement; Section 2 Literature Review (Brief); Section 3 Methodology for the Proposed System; Section 4
Implementation & Results and Discussion; and finally Section 5 Conclusion/References.

II. LITERATURE SURVEY

In a recent ten years of research there has been much interest in assistive technology for those with visual
impairment. Numerous studies and articles have been written regarding the various types of assistive
technologies that are available to individuals with visual impairment. In study [1], a report was published which
describes how machine learning techniques were able to create vision and navigation systems for individuals
with visual impairment. Following this, study [2] describes deep learning techniques being utilized to enable the
delivery of real-time object detection for various object detection models and also based on auditory feedback
system. Study [3] proposes using deep learning-based convolutional neural networks (CNNs) for real-time object
detection; therefore, the object detection model using You Only Look Once (YOLO) has now also been
developed [4] and will be discussed in [6][7]. The methodology to use a single shot text detector will also be
delineated in studies [8][9]; as well as the mobile cloud architecture will be presented as a variation of CNN for
mobile vision applications in studies Title [10][11][12]. The various machine learning models studied in
[13][14][15].

Various studies have examined the latest technology and have pointed out a research gap involving the effects of
the conversion process from text to audio and how any time delays impact the performance of both processes;
regardless of which one is currently in progress, the performance is still unresolved. Therefore, this proposed
method involves building upon previous literature to create a system capable of converting text to speech with
very little delay, utilizing photographs taken through a device, such as a camera, to create text and/or audio, as
well as identifying the visible objects within each photo using YOLOVS. In addition, once the text is identified,
the text is converted to speech and produced as an audio file for end users; the system will be tested in a live
environment and the results documented.

III. METHODOLOGY
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Fig 1. Proposed Methodology Pipeline

Fig 3.1 presents the systematic architecture and processing pipeline for this project, which includes developing a
vision assistance system for people with disabilities and adapting it to work in real-time applications.

The system processes images that are received as the input, normalizes them and detects objects using the YOLO
V 5 model; once the object is identified and processed through the OCR and filtering priorities, the results will
be prioritized at the end stage. The information is then converted from text to speech; as a result we are able to
provide ordering abilities back to those who receive them. This will outperform previous methods reported on in
the literature by; methodologically identifying gaps created by prior research methods and solutions using this
approach.
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IV. RESULTS AND DISCUSSION
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Fig 2. Resource Utilization

We were able to evaluate the success of the system's performance based on its limits: In terms of the flange of a
computer (CPU), the maximum capacity was 68%, while the maximum was 100%. For memory, the maximum
amount of available memory was 512MB out of an available total of 1024MB of available memory during the
test as well. The amount of time it took for the network to send and receive messages averaged 85ms and had a
maximum threshold of 200ms; therefore, there are many instances when people who are visually impaired could
use the audio feedback quickly. The CPU usage did not exceed 68% during the test of the system, which means
there was a 68% capacity during the testing and under the maximum threshold of 100%. During the test of the
system, there was also only 512MB of memory used out of a total of 1024MB of available memory. In addition,
the average network latency, which is how long it takes to send and receive a message across a network, was
85ms, and had a maximum value of 200ms allowing people who are visually impaired to be able to hear from the
assistive vision system much quicker than had it taken over 200 milliseconds to receive the audio feedback.

Detection Performance Across Different Scenarios
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Fig 3. Performance Evaluation

Finally, the device used only 3.2W (watts) of power from the maximum available power for the device is SW.
This device is an excellent example of energy efficient, as the assistive vision system will be used by visually
impaired users every day and use very little amount of energy as it will provide daily assistance for visually
impaired people and will not require large amounts of energy to function.

Object Detection Model Comparison
Accuracy vs. Inference Speed on Embedded Platform
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Fig 4. Accuracy Vs Inference Speed
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In testing under varied real-world conditions and environments, there is confidence in the continued performance
of the system as it is tested. The highest accuracy and recall results were achieved indoors with good lighting
conditions, at 92% and 89% respectively, confirming that the established accuracy levels prior to testing
continued to be valid. However, when testing in difficult environmental conditions, the system produced outputs,
but the precision and recall accuracy for those outputs were lower than expected. In low-light environments, for
example, the lowest precision score achieved was 78%, while precision remained relatively good (85%) when
tested outside. However, when both of these sites had high degrees of clutter, or where multiple overlapping
items were present (e.g., fallen tree branches), there will be a corresponding degree of drop-off in precision (i.e.,
approximately 75% precision). The average score for both tests was 82.5% (precision and recall); therefore, the
solution appears to be viable for assisting visually impaired persons to safely navigate during their daily
navigation tasks.
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Fig 5. Processing Time Distribution

In our evaluation of the embedded system's performance for YOLOVS as part of our comparative benchmark
analysis, YOLOVS is at the “optimal performance” level of performance for this application. Even though Faster
R-CNN achieves the highest overall accuracy (72.5%) mAP (mean Average Precision), its 3 FPS frame rate is
not usable for the user in real-time assistance applications. On the other hand, SSD-MobileNet can achieve a
frame rate of 20 FPS; however, its mean Average Precision (mAP) of 58.5% is of little benefit to a user.
Therefore, YOLOVS has achieved an average mAP of 68.8% and operates at a frame rate of 26 FPS, providing
the best performance of any algorithm tested, while also just slightly exceeding YOLOv4 (23 FPS) and being
close to but slightly below YOLOv7 alternative for achieving mAP accuracy. YOLOVS5 therefore provides us
with a position in the identified “optimal” area, reinforcing the architectural decision of using YOLOVS as the
solution to providing real-time feedback to a person who is blind and/or visually impaired to locate objects in
their physical space.

YOLOV5 Configuration Trade-offs
Accuracy vs. Speed on Embedded Platform
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Fig 6. Configuration Trade-offs with various modes
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Most of the processing time for all pipeline tasks was spent on object detection, which accounted for 58% (48.3
ms) of the processing time. The next most considerable computational workload was OCR, which used 18% (15
ms) of total processing time. Text to speech used the least amount (12%) at 10 ms. The prioritization logic
consumed 8% of (6.7 ms) processing time in filtering and ranking detected objects based on their relevance to
the user. In comparison, preprocessing images and system overhead consumed minimal processing time.
Preprocessing images used 3% of total processing time, while system overhead was only 1%. This distribution
supports a rationale for distributing resources effectively; 58% of all resources were used to complete the first
task, which provides timely environmental awareness for the visually impaired.

V. CONCLUSION

Text-based object detection using YOLO v5 was evaluated for visually impaired individuals by recording results
from a variety of configuration settings to determine performance metrics (accuracy). Recording made will
facilitate future improvements based on the accuracy and deficiencies discovered through inference observations
recorded during testing performed by using YOLO v5 compared to traditional methods. Additional research will
occur to further enhance the system's real-time ability by incorporating an appropriate hardware platform.
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