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Abstract

The development of computer technology and computer vision has had a significant positive impact on the daily lives of blind
people, especially in efforts to improve their navigation abilities. This research has the main aim of introducing a superior
object detection method, especially in supporting the sustainability and effectiveness of navigation for the blind. The main focus
of the research is the use of YOLOVS, the latest version of YOLO, as an object detection method, and distance measurement
technology from OpenCV. The main challenge to be addressed involves improving the accuracy and performance of object
detection, which is an important key to ensuring safe and effective navigation for blind people. In this context, blind people
often face obstacles in their mobility, especially when walking around environments that may be full of obstacles or obstacles.
Therefore, better object detection methods become essential to ensure the identification of nearby objects, which may involve
obstacles or potential threats, thereby preventing possible accidents or difficulties in daily commuting. Involving YOLOV8 as
an object detection method provides the advantage of a high level of accuracy, although with a slight increase in detection
duration and GPU power consumption compared to previous versions. The research results show that YOLOv8 provides a low
error rate, with an average error percentage of 3.15%, indicating very optimal results. Using a combined performance
evaluation approach of YOLOv8 and OpenCV distance measurement metrics, this research not only seeks to improve accuracy
but also efficiency in detection time and power consumption. This research makes an important contribution in presenting
technological solutions that can help improve mobility and safety for blind people, bringing a real positive impact in facilitating
their daily lives.
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1. Introduction and avoid obstacles in their path, such as broken

The rapid development of technology has opened
significant opportunities to assist individuals with
visual impairments, particularly in the field of object
detection. Object detection, as a highly crucial
technology, enables electronic devices to recognize and
identify objects in their surroundings. In this context,
this research advocates the utilization of YOLOVS, a
contemporary model in object detection, to enhance the
capabilities of object detection [1], [2], [3].

Individuals with visual impairments face unique
challenges in their daily lives, especially in terms of
mobility and navigation in their environment. Recent
developments in computer technology and computer
vision offer new possibilities for better assistance to the
visually impaired. Object detection plays a pivotal role
in facilitating their mobility, enabling them to identify

sidewalks or other objects [4].

Within the realm of assistive technologies for visual
impairments, there is a growing emphasis on
researching object detection methodologies. Precise
and effective object detection can significantly impact
the quality of life for the visually impaired, fostering
greater autonomy in daily tasks [5].

The use of deep learning models, such as YOLO, has
garnered substantial interest in the field of computer
vision. YOLO has proven effective in high-speed object
detection, crucial for real-time applications [6].

In terms of detection time, YOLOV5 excels with high
inference speed, allowing object detection in
milliseconds, especially when supported by GPU.
YOLOVS, with its diverse models, shows competitive
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inference performance, making it suitable for scenarios
with varying computing speeds [7], [8], [9]. Model
selection should align with project-specific needs,
considering computing resources and desired accuracy
levels to ensure efficient and accurate object detection.

To further enhance assistive technologies for the blind,
integrating distance detection elements becomes
crucial. This paper proposes the use of OpenCV, an
open-source computer vision library, for measuring
distances between objects and users [10].

In this research, we will discuss an improvised method
for object detection using YOLOVS8 and integrating it
with OpenCV distance measurement [11]. The
approach and performance evaluation results are
discussed, aiming to contribute significantly to
facilitating the mobility of blind individuals, enhancing
their independence and overall quality of life.

YOLOVS, as an object detection model, can identify and
determine the location of objects in images. Object
detection involves recognizing and determining the
position of various objects, such as vehicles,
pedestrians, and others, in an environment. This can be
used to improve security and aid navigation.

Apart from that, these two models can also be applied
for distance detection. Distance detection allows
measuring or estimating the distance between the user
and the detected object. This information can be used to
provide warnings or guidance to users, especially those
who are visually impaired. Thus, this object detection
and distance detection application can be a very useful
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tool for people with visual impairments in carrying out
daily activities, especially when walking in unknown
environments.

To help more people, this detection information can be
converted into audio format. For example, voice
announcements can provide information about the type
of detected object and its estimated distance. Blind
users can rely on this information to walk more
confidently and safely. By using this technology, it is
hoped that it can increase the independence and
mobility of people with visual impairments in various
everyday situations.

Analyzing the research gap, previous studies have
primarily focused on object detection using YOLO
models for the visually impaired. However, the
integration of YOLOvV8 with OpenCV for distance
measurement is a novel aspect that distinguishes this
research. Existing studies often lack a comprehensive
approach that combines accurate object detection with
precise distance measurements, and our research aims
to bridge this gap by presenting an integrated solution.
This amalgamation contributes to a more holistic and
effective assistive technology for the visually impaired,
marking a distinctive advancement in the field.

2. Research Methods

2.1 Research Flowchart

To ensure the systematic arrangement of this study, the
researcher has devised a research flowchart, visually
presented in Figure 1.
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Figure 1. YOLOV8 Object Detection

The research flowchart consists of six crucial stages
aimed at comprehensively addressing the objectives of
the study. The initial stage involves a thorough
literature study and problem identification, setting the
foundation for understanding existing knowledge and
identifying gaps in the field of assistive technologies for
individuals with visual impairments. This stage ensures

that the research is grounded in a solid theoretical
framework, providing a basis for subsequent stages.

Following the literature study, the second stage focuses
on the collection of relevant data. This encompasses
gathering images and distance measurements through
field testing and establishing a dataset that reflects
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diverse scenarios encountered by individuals with
visual impairments in real-world environments.

The third stage delves into a detailed study of YOLOV8
object detection, understanding its principles and
capabilities. This phase is pivotal in preparing for the
subsequent integration of YOLOv8 with OpenCV
distance detection.

In the fourth stage, YOLOV8 object detection
knowledge is applied, laying the groundwork for the
integration with OpenCV distance detection in the fifth
stage. This integration is a critical step in enhancing the
overall functionality of the assistive technology,
ensuring accurate object detection and precise distance
measurement.

The sixth stage involves the implementation of an
Indonesian voice translator to enhance accessibility and
usability for individuals with visual impairments. This
addition aims to provide information and feedback
audibly, contributing to a more inclusive and user-
friendly experience.

These six stages collectively form a coherent and
systematic research flowchart, each building upon the
preceding stage to ultimately achieve the research
objectives. The progression from literature study to
experimental trials ensures a methodical and informed
approach to developing an effective assistive
technology solution for individuals with visual

impairments.
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2.2 You Only Look Once Version 8 (YOLOVS)

The research method used in this study of Figure 1 was
designed to test the effectiveness of improvised
methods of object detection with YOLOvV8 and
OpenCV distance measurement in assisting blind
people in their mobility [12]. The study involved
collecting data that included images and distance
measurements from field testing. Next, the YOLOv8
model was trained using an image dataset that included
a variety of objects commonly encountered in urban
environments, and the training data included object
annotations and distances collected from field testing
[13].

We integrate OpenCV to estimate the distance between
identified items and blind people's gadgets after model
training. Measurement results of distance, object
identification accuracy, and system response time are
collected during performance tests, which are
conducted with a range of distinct mobility scenarios
[14]. The information gathered was assessed to
ascertain how well this strategy assisted blind people
with movement. Working with blind individuals also
yields valuable feedback that aids in the assessment of
this technology. To help blind persons with walking and
other everyday tasks, techniques can be updated and
enhanced in light of the evaluation's findings. Figure 2
flow diagram illustrates this.
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Figure 2. Flowchart of YOLOV8

The rapid development of technology has opened
significant opportunities to assist individuals with
visual impairments, particularly in the field of object
detection. Object detection, as a highly crucial
technology, enables electronic devices to recognize and
identify objects in their surroundings. In this context,
this research advocates the utilOnce an object is

detected by YOLOV8, OpenCV is used to measure its
distance. This method uses stereo vision techniques to
calculate depth based on the difference in the position
of objects in two stereo images [15]. With the help of
the StereoBM or StereoSGBM algorithm contained in
OpenCV, the distance of the object from the camera can
be calculated with precision [16].
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The outlined sequence begins by initiating the camera,
followed by the process of object detection utilizing the
camera's input. Subsequently, there is a step to engage
in object detection and data training, refining the
model's ability. The system then proceeds to distance
detection, checking if the object is successfully
detected; if not, it reverts to the initial object detection
using the camera. An added safety feature involves a
panic button for immediate detection of the object in
front. The classification of object detection with
distance detection is executed within the YOLOV8
dataset. The culmination involves voicing the results of
both object and distance detection, followed by
translation into Indonesian, thereby concluding the
entire process.

2.3 Equation Formula

The core equation of YOLOvV8 involves the
computation of bounding box coordinates (by, by, bw, br),
class probabilities (Pc), and objectness scores (C) for
each anchor box. These values are predicted for every
grid cell and anchor box combination. The final
prediction is determined based on a combination of
these factors, providing a comprehensive understanding
of the detected objects and their spatial relationships
within the image.

The objectness score (C) indicates the likelihood of an
object being present within a given grid cell and anchor
box. The class probabilities (Pc) represent the
confidence of the model in assigning a specific class to
the detected object. The bounding box coordinates (by,
by, bw, bn), define the position and dimensions of the
predicted bounding box [17].

INPUT

BACKBONE

The comprehensive YOLOV8 equation is a culmination
of these components, combining the predictions across
all grid cells and anchor boxes to produce a final set of
bounding boxes, class probabilities, and objectness
scores for the detected objects. This equation is the
foundation of YOLOWV8's success, enabling efficient and
accurate real-time object detection across a wide range
of scenarios.

2.4 OpenCV Distance Detection

In addition to YOLOVS8's object detection capabilities,
OpenCV (Open Source Computer Vision) is used for
distance detection as shown in Figure 3. OpenCV
facilitates distance measurements by utilizing the
principles of stereo vision or monocular signals. In
stereo vision, the system estimates distance by
comparing the differences in visual information
captured by two or more cameras. In contrast,
monocular cues involve exploiting information from a
single camera, such as the size or perspective of an
object, to infer distance [18]. OpenCV provides a
powerful library to implement this technique, enabling
accurate distance estimation in real-time applications.
The integration of YOLOvV8 for object detection and
OpenCV for distance detection creates a comprehensive
system, which allows not only the identification of
objects but also the assessment of their spatial
relationships in the environment. This combined
approach improves overall system efficiency and
reliability, making it suitable for a variety of scenarios
requiring real-time object detection and distance
measurement.

FEATURE DECODER

3

O I

class-agnostic: class-aware:
single value the number of values

OUTPUTS

equals the number
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Figure 3. Object Detection with Distance estimation

3. Results and Discussions

YOLOV8 is a deep-learning model specifically
designed for object detection. This model allows the
detection of various objects in a single image frame
simultaneously. Through an intensive training process,
the YOLOV8 model can identify objects in images or
videos efficiently and accurately [19].

3.2 YOLOv5 vs. YOLOv8 Real-time
Comparison Table

Detection

The comparison, as outlined in Table 1, involves a
comprehensive evaluation of two real-time object
detection models, YOLOvV5 and YOLOVS, within the

specific context of aiding mobility for individuals with
visual impairments. The performance differences
between the two models are substantial and merit
careful consideration for applications related to object
detection. According to the findings [9], YOLOvS8
demonstrates a superior accuracy rate, achieving an
impressive 94.2%, compared to YOLOvV5, which
attained an accuracy of 92.5%. Although the disparity
in accuracy is relatively modest, YOLOvV8 showcases a
heightened ability to detect objects with a slightly
elevated level of precision. In terms of detection speed,
YOLOV5 exhibits a noteworthy advantage, requiring
only 25 milliseconds per frame. Conversely, YOLOV8
lags slightly behind with a detection time of 28
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milliseconds per frame. The real-time detection
swiftness of YOLOV5 positions it as an advantageous
choice in scenarios where rapid object detection is a
critical factor [20].

Furthermore,  considerations extend to GPU
consumption, where YOLOvV5 demonstrates a more
efficient usage at 70%, while YOLOVS utilizes 75% of
GPU resources. This implies that YOLOv5 demands
slightly fewer GPU resources during operation, a
significant consideration in applications where GPU
availability is limited. Additionally, the model size
plays a role, as YOLOv5 boasts a smaller size,
indicating efficiency in storage space utilization. In
contrast, YOLOvV8 features a larger model size,
potentially requiring more storage space [21]. An
essential aspect of the evaluation is the dataset used for
training. YOLOVS5 boasts a well-established dataset for
object detection model training, contributing to its
robust performance. On the other hand, YOLOVS is
characterized by ongoing efforts to update its dataset to
the latest version, underscoring a commitment to
continuously enhance the quality of the training dataset
[22].

In summary, the choice between YOLOV5 and
YOLOWV8 hinges on the priorities of the specific object
detection application. Factors such as accuracy,
detection speed, resource efficiency, model size, and
the availability of updated datasets are crucial
considerations [9]. These findings are derived from
comprehensive experimentation, with the methods
primarily utilizing YOLOVS8 to assess its performance
across various parameters in the context of assisting the
mobility of individuals with visual impairments.

Table 1. Real-time Detection Comparison Table

YOLOv5
92.5%

25 ms/frame
70% Usage
Smaller
Simply Perfect

YOLOV8

94.2%

28 ms/frame

75% Usage
Bigger

Improved again to
the latest version

Metric

Accuracy

Detection Time
GPU consumption
Model Size

Dataset Availability

Distance calculation using stereo vision techniques
(such as those used by OpenCV) involves several
parameters, including baseline (distance between two
cameras), camera angle of view, and disparity
calculation (difference in position of objects in the
stereo image). Formula 1 is for calculating the distance
of objects in stereo vision measurements.

_ FxT
DISTANCE = DISPARITY 1)

F is the focal length of the camera, T is the baseline
(distance between two cameras), Disparity is the
horizontal difference between the position of objects in
the left image and the right image, and Detection
Results.

Table 2, "Measured Distance (meters)” shows the
results of measuring the distance of objects using the
OpenCV distance measurement technique. If the object

is not measured (for example, because it is too far away
or does not match the measurement technique used), the
value in this column is a hyphen (-) [22].

Table 2. Results of measuring the distance of objects

No  Object Detection Results ~ Rated Distance
(Probabilities) (Meters)

1 Car 0.82 5.2

2 Door 0.65 23

3 Chair 0.78 38

4 Tree 0.55 -

5 Person 0.88 15

6 Motorcycle  0.75 4.1

3.2 Detail of Measuring the Distance of Object

The distance measurement results for each object were
obtained by comparing the measured distances using
OpenCV with the ground truth distances. Formula 2 is
used to calculate the percentage error for each object is
given by:

Actual Distance—Recorder Distance

| x 100 2

Percentage Error = | -
Actual Distance

This formula quantifies the difference between the
measured and actual distances, expressed as a
percentage of the actual distance. The average error
percentage for each object was calculated by taking the
mean of the individual error percentages. For instance,
in the case of the chair, the average error was found to
be 5.2%, indicating the average deviation of the
measured distances from the true distances. These error
percentages provide insights into the accuracy of the
distance measurements and can guide improvements in
the measurement system.

Table 3 presents a comprehensive side-by-side
evaluation of actual distances, acquired through manual
measurement, juxtaposed with distances recorded using
the study's measurement technique, including bounding
information. The evaluation encompasses six distinct
measurements at varying lengths, providing insights
into the accuracy of the measurement method
employed.

The findings reveal discernible discrepancies between
the actual distances and those recorded by the
measurement technique, quantified as a percentage
error. These disparities are inherent in real-world
applications and are crucial for assessing the reliability
of the distance measurement method.

The measurement results, when considering bounding
information, indicate an average error in distance
measurement  of  approximately 2.5%. Most
measurements exhibit relatively small errors, with
differences between actual and measured distances
ranging from 0.5% to 3.4%. This suggests that the
distance measurement method utilized in this study,
with the incorporation of bounding information,
demonstrates a fairly good accuracy in determining the
distance between the detected object and the device
employed by individuals with visual impairments.

By integrating bounding information into the analysis,
the study not only evaluates the accuracy of distance
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measurements but also considers the spatial extent of
detected objects. This additional layer of information
enhances the overall understanding of the measurement
technique's performance, contributing valuable insights
for applications aimed at aiding the mobility of
individuals with visual impairments.

Table 3. Car Distance Measurement Results

Actual Distance  Measured Distance

No (cm) (cm) Error (%)
1 200 189.2 5.4
2 220 2143 2.6
3 240 242.7 11
4 260 268.9 34
5 280 2815 0.5
6 300 295.1 1.6

Average Error

Table 4 showcases the outcomes of the door distance
measurements, illustrating a comparative analysis
between the actual distances (in centimetres) and the
measured distances (in centimetres) using the study's
designated method, along with bounding information.
The measurements were conducted at various distances,
providing a nuanced understanding of the precision of
the applied distance measurement technique.

The recorded data articulates the distinctions between
the actual and measured distances, presented as a
percentage error. The incorporation of bounding
information enhances the analysis by considering not
only the numeric disparities but also the spatial context
of the detected doors.

The findings highlight that the mean error in measuring
door distances is approximately 4.7%. Examining
individual measurements reveals a fluctuation in the
error margin, with disparities ranging from 1.3% to
9.6%. Despite this variability, the overall outcomes
suggest that the methodologies employed for distance
measurement in this research, particularly with the
inclusion of bounding information, demonstrate
reasonably high precision in determining the distance to
objects like doors.

Table 4. Door Spacing Measurement Results

Actual Distance Measured Distance

No (cm) (cm) Error (%)
1 80 72.3 9.6

2 90 92.1 2.3

3 100 105.2 5.2

4 110 115.7 52

5 120 1215 1.3
Average Error 4.7%

Table 5 elucidates the outcomes of seat distance
measurements, presenting a comparative analysis
between the actual distances (in centimetres) and the
measured distances (in centimetres) using the study's
designated method, augmented by bounding
information. The measurements were conducted at
various distances, offering a nuanced evaluation of the
precision of the applied distance measurement
technique.

The recorded data articulates the disparities between the
actual and measured seat distances, expressed as a

percentage error. The inclusion of bounding
information enriches the analysis by considering not
only the numerical differences but also the spatial
context of the detected seats.

The findings bring to light an average discrepancy of
approximately 5.2% in the measurement of seat
distances. Scrutinizing individual measurements
reveals variability in error rates, with deviations
between the true and recorded distances ranging from
1.5% to 13.8%. In summary, while there is a range in
the accuracy of individual measurements, the
techniques employed for gauging distances in this
investigation demonstrate a relatively high level of
accuracy, particularly when it comes to measuring
objects like chairs.

Table 5. Seat Distance Measurement Results

No  Actual Distance  Measured Distance Error (%)
(cm) (cm)

1 50 56.9 13.8

2 70 71.6 2.3

3 90 82.1 8.8

4 110 108.3 15

5 130 134.5 35

Average Error 5.2%

Table 6 provides a comprehensive overview of the tree
distance measurement findings, juxtaposing the
measured distances (in centimetres) with the actual
distances (in centimetres) utilizing the research
methodology, enriched with bounding information. The
measurements were conducted at various separations,
offering a thorough examination of the accuracy of the
applied distance measurement technique.

Table 6. Tree Spacing Measurement Results

Actual Distance  Measured Distance

No (cm) (cm) Error (%)
1 300 310.2 34
2 320 3259 1.8
3 340 335.6 15
4 360 355.1 14
5 380 378.8 0.3

Average Error 1.6%

The tabulated data illustrates the disparities between the
measured and actual tree distances, expressed as a
percentage error. The inclusion of bounding
information elevates the analysis, considering not only
the numerical differences but also the spatial context of
the detected trees.

The findings in Table 6 highlight the results of
measuring tree distances using the research method. It
compares the measured distances (in centimetres) with
the actual distances (in centimetres). The recorded data
outlines the measured distances for tree planting at
various separations, emphasizing the precision of the
research methodology. The measurement error, or the
percentage-based discrepancy between the measured
and actual distances, is explicitly presented in the
results.

In summary, Table 6 serves as a valuable reference for
understanding the accuracy of the distance
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measurement method,
distances.

especially concerning tree

Table 7 presents the outcomes of measuring distances
to humans using the methodologies employed in this
study. The comparison is made between real distances
and measured distances in centimetres at various
distances, with five measurements taken. The results
highlight that, when comparing observed and measured
distances, the observed distance tends to be larger, as
evidenced by a percentage error.

The data derived from these measurements reveals that
the mean error in determining the distance to
individuals is approximately 1.08%. The error rates
vary across individual measurements, showcasing a
range of discrepancies between actual and measured
distances, spanning from 0.2% to 2.4%. In essence,
these findings underscore that the method for measuring
distance employed in the research exhibits notable
precision when assessing distances to people. The
relatively minimal average error of about 1.08%
suggests that this approach is reliable for providing
accurate distance readings, particularly in scenarios
involving object detection.

Table 7. Results of measuring distance between people

No Actual Distance  Measured Distance Error (%)
(cm) (cm)

1 150 149.2 0.5

2 160 163.8 2.4

3 170 170.4 0.2

4 180 182.7 15

5 190 1915 0.8
Average Error 1.08%

Table 8 reveals the results of distance measurements on
motorcycles, comparing the measured distances in
centimetres using the methods from the study. The
measurements were taken at various distances, with five
measurements conducted. The results demonstrate a
difference between the measured and actual distances,
expressed as a percentage error.

Table 8. Motorcycle Distance Measurement Results

Actual Distance  Measured Distance

No (cm) (cm) Error (%)
1 250 248.2 0.7

2 260 259.6 0.2

3 270 2721 0.4

4 280 2785 0.5

5 290 290.8 0.3
Average Error 0.42%

The outcomes of the measurements indicate an average
error of approximately 0.42% in the distance
measurement of motorcycles. There is a variation in
error margins across individual measurements, with
differences between the actual and measured distances
ranging from 0.2% to 0.7%. In summary, these findings
suggest that the methodology for measuring distance
applied in this study exhibits high precision when it
comes to motorcycles. The exceedingly small average
error margin of around 0.42% points to the method's

capacity to deliver highly dependable distance data for
motorcycle detection tasks.

Table 9 illustrates the average percentage of error in
measuring distances to various objects using the stereo
vision method. This method is used to measure actual
distances and measured distances (in centimetres) on
various objects including cars, Doors, chairs, trees,
people, and Motorcyclecycles. The error measurement
result for each object is expressed as a percentage.

Table 9. Average Error Percentage with Stereo Vision

Object Error (%)
Car 25

Door 47

Chair 5.2

Tree 16
Person 1.08
Motorcycle 0.42
Average Error 3.15%

The average percentage error of Figure 4 for all objects
measured using the stereo vision method is about
3.15%. These results reflect the general accuracy of the
methods used in the study, indicating that these methods
have a fairly low error rate in measuring distances of
diverse objects [23]. With an error rate of 3.15%, this
stereo vision method can be considered a reliable
solution in object detection and distance measurement
applications in the context of mobility of blind people.

Figure 4. Average Percentage error

"Object" is the name of the object measured using the
Stereo Vision technique. "Error (%)" is the average
percentage of error in measuring the distance of objects
using Stereo Vision, according to the results of previous
measurements. "Average Error" is the average value of
all measured objects, indicating the average error in
distance measurement using the Stereo Vision
technique for those objects.

The average error value is quite small for this study,
although the data is not yet accurate it is very helpful
for distance detection for people with visual
impairments[18].

3.3 Translated Language to Indonesian

API interfaces like MyMemory Translated [22] provide
a valuable solution for text translation between
languages, facilitating a seamless bridge for
communication. The key advantage lies in the service's
swift and responsive nature, making it particularly
suitable for real-time applications that demand rapid
translation. However, it's crucial to consider certain
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drawbacks, with translation quality being a noteworthy
concern. MyMemory Translated may not consistently
match the precision of human or paid translation
services. The intricacy of sentences and their contextual
nuances significantly influences the accuracy of
translations [25].

Despite potential limitations, this translation service
becomes a pivotal component in aiding individuals with
visual impairments in their mobility. Integrating this
service into an object detection system enables the
transformation of detected objects into text, followed by
translation into Indonesian. This transformative process
serves as an assistive technology for the visually

impaired, providing them with auditory cues about their
surroundings.

In practical terms, as illustrated in Figure 5, the object
detection system identifies objects, translates the
information into text using MyMemory Translated, and
then proceeds to convert it into Indonesian. The
resulting translated text can be vocalized, delivering
real-time information about the detected objects to
individuals with visual impairments. While considering
the potential limitations in translation quality, this
system stands as a valuable tool in enhancing the
mobility and independence of individuals with visual
challenges.

Figure 5. Detection to text with translated Indonesian and conversion to audio

4, Conclusions

To develop object detection and distance measurement
systems to aid the mobility of blind people, the two
main components that have been discussed are the
YOLOvV8 object detection model and distance
measurement using stereo vision techniques with
OpenCV. YOLOVS, as a reliable deep learning model,
offers a good level of accuracy in object detection,
albeit with a slight increase in detection time and GPU
resource consumption compared to YOLOvV5. The
choice between the two should be based on the priority
of the application, whether it prefers high accuracy or
faster detection speed.

On the distance measurement side, the method of using
stereo vision techniques with OpenCV has been proven
to be able to provide distance information with a low
error rate. Object distance measurement results,
including Cars with an average error value of 2.5%,
Doors with an average error value of 4.7%, Chairs with
an average error value of 5.2%, Trees with an average
error value of 1.6%, People with an average error value
of 1.08%, and Motorcycles averaged an error value of
0.42%, indicating an error rate variation with an average
of 3.15%, but overall, this method is reliable in
providing accurate distance information, being an
invaluable tool in improving mobility. from blind
people.

In addition, the importance of datasets in the
development of these two components should not be
overlooked. Object detection datasets covering
different categories of objects and distance

measurement datasets that have ground truth depth
maps are a crucial foundation for training and testing
object detection models and distance measurement
algorithms. Datasets such as COCO, Pascal VOC, Open
Images Dataset, and Middlebury Stereo Dataset are
important resources in the development of these
systems.

In use, both YOLOV5 and YOLOV8 methods prove
their effectiveness in object detection tasks, especially
when utilizing GPUs for fast inference. YOLOVS5 stands
out with faster predictions, optimizing the GPU for real-
time image processing, while YOLOV8, with its varied
models, provides a good solution for situations with
limited computing speed. However, heavy reliance on
GPUs can be a disadvantage in CPU deployments,
especially on limited system infrastructure. A model
selection must also consider the trade-off between
speed and accuracy, and although both are capable of
detecting objects in real-time, this aspect needs to be
taken into account in the context of use in applications
to assist the blind.

Overall, by combining reliable object detection models,
accurate distance measurement algorithms, and precise
datasets, the system has great potential to provide
valuable support for blind people in their mobility by
providing reliable information about objects and
distances around them.

In conclusion, the research findings highlight the
significance of developing robust object detection and
distance measurement systems to enhance the mobility
of blind individuals. The utilization of the YOLOvVS8
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object detection model and stereo vision techniques
with OpenCV demonstrates promising outcomes, with
YOLOvV8 offering commendable accuracy in object
detection and OpenCV providing reliable distance
information with low error rates across various object
categories. The availability of comprehensive datasets,
such as COCO, Pascal VOC, Open Images Dataset, and
Middlebury Stereo Dataset, plays a pivotal role in the
development and testing of these systems. While both
YOLOV8 exhibit effectiveness in object detection tasks,
their suitability depends on factors like computational
resources and deployment environment. By integrating
these components and datasets, the system holds great
potential to provide invaluable support for blind
individuals, empowering them with accurate
information about their surroundings to facilitate safer
and more independent mobility.
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