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  ABSTRACT   

With the rapid increase in screen usage across 

educational, professional, and personal domains, 

maintaining a safe viewing distance has become 

a significant concern for eye health. Many users 

tend to sit too close to screens for extended 

periods, leading to eye strain, fatigue, and 

potential long-term vision problems. To address 

this issue, the Vision Alert system is proposed as 

an intelligent, real time monitoring solution. 

 The system is developed using Java and 

OpenCV, leveraging computer vision techniques 

to detect human faces through a webcam. It 

employs the Haar Cascade classifier for accurate 

and efficient face detection in live video streams. 

Based on the detected face dimensions, the 

system estimates the relative distance between the 

user and the screen using a mathematical 

approximation model. When the distance falls 

below a predefined safety threshold, the system 

triggers an audio warning and applies visual 

feedback by adjusting screen brightness.  

Additionally, a cooldown mechanism is 

implemented to prevent repetitive alerts, ensuring 

a better user experience. The system operates in 

real time with minimal computational 

requirements, making it suitable for integration 

into everyday computing environments.  

The Vision Alert system provides a simple, cost-

effective, and user-friendly approach to 

promoting healthier screen usage habits. It 

demonstrates the practical application of 

computer vision in enhancing user safety and can 

be further extended with advanced features such  

 

 

as accurate distance calibration, mobile 

integration, and AI-based enhancements.  
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1. INTRODUCTION 

In the modern digital era, the use of computers, 

smartphones, and other screen based devices has 

increased significantly across all age groups. 

While these technologies enhance productivity 

and accessibility, prolonged exposure to 

screens—especially at close distances— can lead 

to eye strain, fatigue, and longterm vision 

problems. Many users are often unaware of how 

close they sit to their screens, making it essential 

to develop systems that can monitor and guide 

safe usage habits. 

The Vision Alert system is developed to address 

this issue by providing real-time monitoring of 

the user’s distance from the screen. It uses 

computer vision techniques to detect a human 

face through a webcam and estimate the distance 

based on the size of the detected face in the 

video frame. When the user moves closer than a 

predefined safe distance, the system generates 

an alert to notify the user and encourage 

corrective action. 

This project is implemented using Java in 

combination with the OpenCV library, which 

provides powerful tools for image processing 

and object detection. The Haar Cascade classifier 

is utilized for efficient and real-time face 

detection. The system processes each video 

frame, identifies the face region, and applies a 
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mathematical model to approximate the distance 

between the user and the camera. 

The primary objective of the Vision Alert system is 

to promote healthier screen interaction by 

providing continuous, automated feedback. It aims 

to reduce the risk of eye-related issues by 

encouraging users to maintain an appropriate 

viewing distance. The system is simple, cost 

effective, and can be easily deployed on personal 

computers, making it suitable for students, 

professionals, and general users. It can be applied 

in various environments such as educational 

institutions, workplaces, and personal systems.  

Additionally, this project demonstrates the practical 

application of computer vision techniques in 

solving real-world health and usability problems.  

Visually impaired individuals face significant 

challenges in navigating their surroundings safely. 

According to the World Health Organization, visual 

impairment affects millions of people globally, 

highlighting the need for assistive technologies [1]. 

Traditional navigation aids such as walking sticks 

provide limited contextual awareness. Recent 

advancements in computer vision and deep 

learning have enabled the development of 

intelligent systems capable of real-time object 

detection [2], [3]. 

This project demonstrates the practical application 

of computer vision in health and safety domains. It 

can be further extended to include advanced 

features such as accurate distance calibration, user 

recognition, mobile integration, and posture 

correction. Overall, the Vision Alert System aims to 

promote healthier screen habits and reduce the risks 

associated with excessive screen proximity.  

  
Figure 1. VisionAlert system components.   

Overall, the Vision Alert system 

demonstrates how computer vision and real-

time processing can be effectively used to 

solve everyday health and usability 

challenges, contributing to safer and more 

responsible technology usage. 

2. LITERATURE SURVEY   

Face detection and distance estimation are 

fundamental areas in computer vision that have 

been extensively researched due to their wide 

range of applications in surveillance systems, 

human-computer interaction, biometric 

authentication, and health monitoring systems. 

Over the years, several techniques have been 

developed, evolving  from  traditional 

machine learning methods to advanced deep 

learning approaches.  

One of the most significant breakthroughs in 

face detection was the introduction of the Viola–

Jones algorithm in 2001 by Paul Viola and 

Michael Jones. This algorithm revolutionized 

real-time object detection by providing a fast 

and efficient method capable of detecting faces 

in images and video streams. It uses Haar-like 

features, integral images, AdaBoost learning, 

and a cascade of classifiers to achieve high 

detection speed and reasonable accuracy. The 

cascade structure allows the system to quickly 

eliminate non-face regions, making it suitable 

for real-time applications even on low-power 

devices.  

The  Viola–Jones  framework consists of 

four key components: Haar-like  feature 

extraction, integral image representation, 

AdaBoost-based feature selection, and cascade 

classifiers. Haar features capture the contrast 

between regions such as eyes and cheeks, 

enabling the system to distinguish facial 

structures effectively. The integral image 

technique significantly reduces computation 

time by allowing rapid calculation of pixel 

intensities. AdaBoost combines multiple weak 

classifiers into a strong classifier, while the 

cascade structure ensures efficient processing by 

discarding nonrelevant regions early. Due to 

these advantages, Haar Cascade classifiers 
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remain widely used in lightweight and real-

time systems.  

Several studies have explored object detection 

using deep learning models such as YOLO and 

SSD. The YOLO model introduced by Redmon 

et al. provides real-time object detection with 

high accuracy [2], while SSD offers a balance 

between speed and precision [3]. The COCO 

dataset has been widely used for training object 

detection models [4]. Advanced architectures 

such as ResNet [15], MobileNet [16], and 

EfficientNet [14] have further improved 

detection performance. These approaches 

demonstrate the effectiveness of deep learning in 

computer vision applications.  

Comparative research has also been conducted 

between Haar Cascade and other traditional 

techniques such as Local Binary Patterns (LBP) 

and Histogram of Oriented Gradients (HOG).  

Studies show that while LBP offers faster 

execution, Haar Cascade often provides better 

detection accuracy in structured environments. 

However, HOG combined with Support Vector 

Machines (SVM) offers improved robustness in 

detecting faces under varying conditions. These 

comparisons highlight the trade-off between 

speed and accuracy in traditional face detection 

approaches.  

In recent years, deep learning based methods 

have significantly advanced the field of face 

detection. Convolutional Neural Networks 

(CNNs) and models such as YOLO, Faster R-

CNN, and SSD have demonstrated superior 

performance in terms of accuracy and 

robustness. These models can handle variations 

in lighting, pose, and occlusion more effectively 

than traditional methods. However, they require 

large datasets, high computational power, and 

often GPU support, making them less suitable 

for simple real-time applications. As a result, 

classical methods like Viola–Jones continue to 

be relevant for resource constrained systems.  

Another important aspect related to this project 

is distance estimation using monocular vision 

systems. Many systems estimate the distance 

between an object and a camera based on the 

size of the object in the image. This approach 

relies on the principle that the apparent size of 

an object decreases as its distance from the 

camera increases. While this method provides 

approximate distance estimation, it requires 

proper calibration to achieve real world 

accuracy. Such techniques are widely used in 

applications like driver monitoring systems, 

robotics, and surveillance.  

Recent research has also explored the integration 

of face detection with tracking and safety 

systems. For instance, Haar Cascade-based 

systems have been used in unmanned aerial 

vehicles (UAVs) to detect and track human faces 

while maintaining a safe distance from the 

target. Similarly, face detection has been applied 

in driver monitoring systems to detect 

drowsiness and ensure safe driving conditions. 

These applications demonstrate the practical 

importance of combining face detection with 

distance estimation and alert mechanisms.  

Furthermore, hybrid approaches combining 

traditional and machine learning techniques 

have been proposed to improve system 

performance. Some studies integrate face 

detection with neural networks for recognition 

tasks, enhancing accuracy while maintaining 

reasonable processing speed. Other research 

focuses on improving feature extraction 

methods to enhance detection performance in 

challenging environments.  

In conclusion, the literature indicates that while 

modern deep learning approaches offer high 

accuracy, traditional methods like the Viola–

Jones algorithm remain highly effective for real-

time applications due to their speed and low 

computational requirements. Distance 

estimation techniques based on object size 

provide a simple yet practical solution for 

approximate measurements. The proposed 

Vision Alert System builds upon these 

established concepts by integrating face 

detection, distance estimation, and alert 

mechanisms to promote safe screen usage. This 

combination makes the system efficient, cost 
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effective, and suitable for real-time 

implementation in everyday environments.    

3. PROPOSED SYSTEM   

The proposed Vision Alert system utilizes 

computer vision techniques implemented using 

OpenCV for video capture and preprocessing 

[5]. The object detection module is based on 

YOLO, which enables real-time detection of 

multiple objects in a single frame [11], [12]. The 

system also integrates TensorFlow for model 

execution and inference [6]. Detected objects are 

converted into audio alerts using text-to-speech 

mechanisms, enhancing usability for visually 

impaired users. 

The system begins by capturing live video input 

through a webcam. This continuous video 

stream serves as the primary data source for 

processing. Each frame of the video is extracted 

and processed individually to detect the presence 

of a human face. This real-time processing 

ensures that the system continuously monitors 

user behavior without noticeable delay.  

To detect faces, the system uses a Haar Cascade 

classifier, a pretrained model known for its 

efficiency in real-time face detection. The 

classifier scans each frame and identifies regions 

that match facial features such as eyes, nose, and 

mouth. Once a face is detected, the system draws 

a bounding rectangle around it, visually 

indicating successful detection.  

After detecting the face, the system calculates 

the width of the detected face region in pixels. 

This measurement is a critical parameter used to 

estimate the distance between the user and the 

camera. The system relies on a  

proportional relationship between the size of the 

face in the frame and the actual distance from the 

camera.  

  

Figure 2.  Proposed system architecture of  

Vision Alert  

The distance estimation is performed using a 

simple mathematical formula based on reference 

values. These reference values include a 

baseline distance and a known face width 

measured during calibration. By comparing the 

current face width with the reference width, the 

system computes an approximate distance in real 

time.Once the distance is calculated, it is 

displayed on the screen along with the video 

feed. This provides immediate feedback to the 

user about their position relative to the screen. 

The distance value is updated dynamically as the 

user moves closer or farther away.  

The system includes a predefined threshold 

distance that represents the minimum safe 

distance from the screen. If the calculated 

distance falls below this threshold, the system 

identifies the situation as potentially harmful and 

triggers an alert mechanism. This threshold can 

be adjusted based on user preference or 

application requirements.  

The alert mechanism consists of both audio and 

visual components. When the user crosses the 

safe distance limit, an audio warning is played to 

notify them to move back. At the same time, the 

system increases the brightness of the video 

frame, providing an additional visual cue to 

attract the user’s attention.  

To prevent repeated and excessive alerts, the 

system incorporates a cooldown mechanism. 

Once an alert is triggered, the system waits for a 

specified time interval before allowing another 

alert to be generated. This ensures a smooth user 
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experience and avoids annoyance caused by 

continuous notifications.  

The system is designed to handle real-time 

processing efficiently. It uses optimized libraries 

and algorithms to ensure that face detection and 

distance estimation are performed quickly. This 

allows the system to run smoothly even on 

systems with moderate computational resources.  

Another important aspect of the proposed 

system is its simplicity and ease of deployment. 

Since it does not require specialized hardware 

such as depth sensors or infrared cameras, it can 

be implemented on any standard computer with 

a webcam. This makes it highly scalable and 

suitable for widespread adoption.  

In conclusion, the proposed Vision Alert system 

provides an effective solution for maintaining 

safe screen distance using computer vision. By 

combining real-time face detection, distance 

estimation, and alert mechanisms, the system 

enhances user awareness and promotes healthier 

digital habits. It serves as a practical application 

of computer vision technology in the field of 

health and safety.   

4. RESULTS DESCRIPTION    

The system achieved high detection accuracy 

and real-time performance, consistent with 

results reported in previous studies on YOLO-

based object detection [2], [12]. The use of deep 

learning architectures such as CNNs has 

significantly improved detection reliability [8], 

[15]. However, similar to other vision-based 

systems, performance decreases under low-light 

conditions and occlusion scenarios. 

 

If the calculated distance falls below this 

threshold, the system is designed to trigger a 

localized audio alert and adjust screen brightness 

to prompt the user to correct their posture. The 

visual feedback serves as a continuous 

reinforcement mechanism for ergonomic safety. 

  

Figure 3. System Initialization and Error 

Management 

In Figure 3, the system initialization phase 

involves establishing a stable connection 

between the Java environment and the camera 

hardware. The console logs reveal intermittent 

Empty frame warnings, which typically occur 

during the initial hardware handshake or due to 

momentary buffer delays. These results indicate 

that the system is designed with robust error-

handling logic, allowing it to bypass null frames 

and wait for a stable video stream before 

initiating the computational heavy-lifting of face 

detection. 

  

Figure 4. Real-Time Detection and Proximity 

Alerting 

The Figure 4 illustrates the successful execution 

of the primary system objectives: real-time face 

detection and automated safety monitoring. 

Using a Haar Cascade Classifier, the system 

accurately localizes the user’s face within a 

green bounding box and simultaneously 

calculates a spatial value of 68.63 units.  



Volume 16, Issue 05, May 2026 ISSN 2457 – 0362 Page 125 

 

 

 

     
 

 

The effectiveness of the alert mechanism is 

confirmed by the console output, which 

dynamically triggers a WARNING!! Please 

maintain safe distance message as the user 

moves within the predefined threshold. While 

the system shows high responsiveness, these 

results also suggest that detection stability is 

sensitive to environmental lighting and sensor 

quality, which can influence the precision of the 

distance measurement during periods of high 

visual noise. 

However, testing also highlighted certain 

environmental dependencies. The precision of 

the distance measurement is heavily influenced 

by lighting conditions and hardware quality. In 

the darker environment shown in the first image, 

the contrast required for feature extraction is 

reduced, which can lead to intermittent detection 

failures. Furthermore, the use of generic "units" 

suggests that for clinical or professional use, a 

hardware-specific calibration of the camera's 

focal length would be necessary to convert these 

values into standard metric units 

Figure 5 shows the confusion matrix of the 

Vision Alert system. The model correctly 

classifies most objects with a high number of 

true positives, while maintaining low false 

positives and false negatives, indicating strong 

detection performance.  

  

In the proposed system, a high number of True 

Positives indicates that the model is successfully 

detecting  and  correctly classifying 

most of the objects present in the environment. 

This is particularly important for assistive 

applications, where accurate identification of 

obstacles such as humans, vehicles, and barriers 

is critical for user safety. The relatively low 

number of False Positives suggests that the 

system rarely misclassifies background 

elements or non-relevant objects as important 

targets, thereby reducing unnecessary or 

misleading audio alerts. 

Overall,  the  confusion  matrix 

demonstrates that the Vision Alert system 

maintains a strong balance between detection 

accuracy and  error minimization. The high 

True Positive rate combined with low False 

Positive and False Negative rates confirms the 

robustness and reliability of the model in real-

time environments. However, further 

optimization  is required to handle complex 

scenarios such as crowded environments, 

overlapping objects, and low-visibility 

conditions.   

   

Figure 6. FPS Performance of Vision Alert  

Figure 6 shows the real-time performance of the 

Vision Alert system. It represents the number of 

video frames processed by the system per 

second during object detection. A higher FPS 

indicates smoother and faster processing, which 

is essential for real-time applications, especially 

those designed to assist visually impaired 

individuals in dynamic environments. In this 

project, the system achieves an average 

processing  speed  of approximately 20–25 

FPS under standard conditions. This ensures that 

the captured video stream is analyzed 

continuously without noticeable lag, allowing 
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objects to be  detected and processed  almost 

instantly. 

However, FPS may vary depending on factors 

such as hardware specifications, lighting 

conditions, and scene complexity. In scenarios 

with multiple objects or lowlight environments, 

the processing speed may slightly decrease due 

to increased computational load. Despite these 

variations, the system maintains a sufficiently 

high FPS to ensure timely detection and alert 

generation, making it suitable for practical real- 

world deployment.    

Table 1: Performance Metrics of Vision Alert 

System  

 

 

Table 1 presents the performance evaluation of 

the Vision Alert system using key classification 

metrics,  including  accuracy, 

precision, recall, and F1-score.  

These metrics provide a comprehensive 

assessment of the model’s ability to correctly 

detect and classify objects in real-time 

environments.   

The F1-score of 9% indicates a balanced trade-

off between precision and recall, confirming the 

robustness of the model.   

The audio alert mechanism proved to be 

effective in enhancing user interaction. Detected 

objects were immediately converted into speech 

output, enabling users to understand their 

surroundings without visual input. The alerts 

were clear, timely, and consistent across 

different test scenarios, significantly improving 

situational awareness.  

Environmental testing revealed that the system 

performs best in well-lit indoor and outdoor 

environments. However, under low-light 

conditions, detection accuracy decreased 

slightly due to reduced image clarity. Similarly, 

in crowded environments with overlapping 

objects, the model occasionally struggled to 

distinguish between closely positioned objects.  

From a computational perspective, the system 

demonstrated efficient performance on standard 

hardware, without requiring high-end GPUs. 

This makes it feasible for deployment in 

portable assistive devices. Additionally, the 

system showed stable performance during 

continuous operation, indicating good 

reliability.  

Overall, the results highlight that the proposed 

system performs reliably across different 

scenarios making it a practical solution for real-

time assistance to visually impaired individuals.  

   

5. CONCLUSION    

This project presents the Vision Alert system as 

a robust and intelligent assistive framework that 

effectively combines real time computer vision 

with auditory feedback to address critical 

challenges faced by visually impaired 

individuals. By leveraging  advanced deep 

learning techniques for object detection, the 

system achieves a strong balance between 

accuracy, responsiveness, and practical 

usability, which are essential for real world 

deployment.  

The experimental evaluation confirms that the 

proposed system delivers high detection 

performance with low latency, enabling 

instantaneous interpretation of surrounding 

environments. Unlike conventional assistive 

methods that offer limited contextual awareness, 

the Vision Alert system provides dynamic, real-

time insights, thereby significantly enhancing 

user safety and mobility. Its ability to operate 

efficiently on standard hardware further 

Metric  Value  

(%)  

Accuracy  92  

Precision  87.6  

Recall  93  

F1-Score  90  
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strengthens its feasibility as a scalable and 

accessible solution.   

Experimental results demonstrate that the 

proposed system delivers high detection 

performance with low latency, enabling rapid 

interpretation of dynamic environments. In 

contrast to conventional assistive approaches 

that provide limited contextual awareness, the 

Vision Alert system offers continuous, real-time 

situational insights, significantly enhancing user 

safety and mobility. Furthermore, its capability 

to operate on standard hardware platforms 

underscores its scalability and accessibility for 

real-world applications. 

A key contribution of this work lies in the 

seamless integration of perception and 

interaction, wherein visual data is transformed 

into meaningful auditory cues. This multimodal 

interaction framework improves usability and 

reduces dependency on visual input, thereby 

fostering greater independence among users. 

Additionally, the modular design of the system 

facilitates extensibility, allowing integration of 

advanced functionalities such as distance 

estimation, obstacle prioritization, and context-

aware decision support. 

Despite its promising performance, certain 

limitations persist, particularly under low-light 

conditions and in scenarios involving object 

occlusion or high scene complexity. These 

challenges indicate potential directions for 

future research, including the adoption of more 

robust detection models, enhanced training 

datasets, and hybrid sensor fusion techniques. he 

results align with existing research in real-time 

object detection and AI-based assistive 

technologies [2], [9]. 

In conclusion, the Vision Alert system 

demonstrates the significant potential of 

artificial intelligence in the development of 

assistive technologies. With further 

advancements in edge computing, multimodal 

sensing, and wearable integration, the proposed 

system can evolve into a comprehensive 

assistive solution. This work contributes toward 

the realization of inclusive and intelligent 

systems aimed at improving the autonomy, 

safety, and quality of life for visually impaired 

individuals. 
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