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A B S T R A C T  

The increasing use of computers and digital devices for work, education and 

entertainment has resulted in prolonged exposure to screens, leading to visual 

fatigue, excessive energy consumption and reduced user productivity. Traditional 

brightness adjustment mechanisms in display systems are mostly based on ambient 

light sensors or manual user input, ignoring the real visual situation and attention of 

the user. In this work, we present EyeGuard, a smart real-time computer vision 

framework that continuously monitors the user's eye state through a standard 

webcam and dynamically adjusts the screen brightness, as well as triggering system 

sleep mode in the event of prolonged eye closure. The proposed framework utilises 

MediaPipe Face Mesh for accurate facial landmark detection and calculates the Eye 

Aspect Ratio (EAR) to estimate the eye openness in real time. We combine 

Exponential Moving Average (EMA) smoothing and a debouncing mechanism to 

provide stable classification of the eye-state without spurious brightness changes 

for robustness against noise and natural blinking. The system recognises the eye 

conditions in four states, Fully Open, Slightly Closing, Half Closed and Fully 

Closed, based on the continuously analysed EAR values. The intelligent brightness 

controller is based on the pre-defined brightness levels of 100%, 60% and 30%. 

The display intensity is dynamically adjusted according to the detected state of the 

eye, which can improve visual comfort and reduce power consumption. Moreover, 

when the continuous eye closure exceeds a user-defined threshold of three seconds, 

the system automatically turns on the sleep mode of the operating system, which 

saves energy and increases the security of the workstation. A multithreaded 

architecture with dedicated modules for detection, graphical user interface, 

brightness controller, background service, and Streamlit dashboard enables real-

time performance with low computational overhead. The system includes a desktop 

Heads-Up Display (HUD), system tray integration, and a mobile-accessible 

Streamlit dashboard for improved usability, enabling real-time monitoring of eye 

status and brightness levels, blink statistics, session duration, and intelligent alert 

notifications. Experimental results demonstrate the system operates stably at ~30 

FPS with 5-15% CPU usage, <200 MB memory footprint, <100 ms brightness 

response latency, and reliable sleep activation after prolonged eye closure. The 

presented framework contributes to intelligent human-computer interaction by 

combining computer vision, machine learning, adaptive display optimisation, and 

automated power management in a real-time system, with applications in smart 

offices, learning environments, healthcare workstations, accessibility systems, and 

energy-efficient computing. 
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1. INTRODUCTION 

Computers are becoming essential instruments in professional workspaces, education, software 

development, healthcare, and entertainment due to the quick development of digital technology. Nowadays, 

the average user interacts with digital displays for several hours every day, which increases the risk of eye 

strain, visual fatigue, headaches, decreased focus, and needless battery consumption. The majority of 

desktop and laptop systems still rely on manual brightness adjustment or ambient light sensors, which are 

unable to precisely assess the user's visual condition or level of attention, despite notable advancements in 

display technologies. Conventional automatic brightness adjustment systems do not take into account 

whether the user is actively seeing the screen or feeling eye tiredness; instead, they only take into account 

ambient illumination. As a result, displays frequently continue to utilise energy even when the user is not 

using them or stay overly bright during times of decreased attention. In a similar vein, operating systems 

typically use keyboard or mouse inactivity timers to initiate sleep mode, which are unable to differentiate 

between actual user absence and transient inactivity. 

The creation of intelligent human-centered systems that can comprehend user behaviour through visual 

analysis has been made possible by recent developments in artificial intelligence and computer vision. In 

applications including driver sleepiness detection, facial expression identification, gaze estimation, and 

attention monitoring, facial landmark detection algorithms have proven remarkably successful. Among 

these methods, the Eye Aspect Ratio (EAR), which uses facial landmarks taken from deep learning-based 

models to estimate eye openness, has become a popular and computationally light metric. In order to 

provide a user-aware display management solution, this study suggests EyeGuard, an intelligent real-time 

eye monitoring framework that integrates computer vision, machine learning concepts, and adaptive 

system automation. In order to continually estimate the user's eye condition, the framework uses 

MediaPipe Face Mesh to identify facial landmarks from a live webcam feed and calculates the Eye Aspect 

Ratio for both eyes. The suggested framework presents a four-state eye classification paradigm in contrast 

to traditional systems that carry out binary eye classification, enabling more accurate representation of 

gradual eye closure. 

The system incorporates debouncing circuitry to stop quick state transitions brought on by natural 

blinking and Exponential Moving Average (EMA) smoothing to reduce measurement noise in order to 

increase prediction stability. The framework minimises energy usage and improves visual comfort by 

dynamically adjusting display brightness to predetermined values based on the identified eye state. 

Furthermore, system sleep mode is automatically triggered by continuous eye closure for a predetermined 

amount of time, offering intelligent power management without the need for human intervention. Eye 

recognition, brightness control, desktop visualisation, background services, and web-based monitoring all 

function independently in the suggested architecture's multithreaded design while interacting via thread-

safe shared resources. Low latency, real-time responsiveness, and dependable operation under continuous 

execution are guaranteed by this architecture. EyeGuard incorporates sophisticated eye-state identification, 

adaptive brightness optimisation, automated power management, real-time monitoring, and remote 

dashboard accessibility into a single unified platform, in contrast to current brightness management 

systems. Therefore, by offering an effective, scalable, and user-centric solution appropriate for smart 

workstations, educational institutions, healthcare facilities, research labs, and future intelligent computing 

environments, the suggested framework adds to the expanding field of intelligent human-computer 

interaction. 

2. DATASET INFORMATION 

The suggested EyeGuard framework mainly uses the pre-trained MediaPipe Face Mesh model for real-

time landmark inference, in contrast to traditional supervised machine learning models that depend on 

massive annotated datasets for training. Without the need for a specific eye-state dataset, the system 

dynamically extracts face landmarks from continuous video frames taken from a typical webcam. 

For each captured frame, the framework identifies 468 face landmarks, from which particular 

landmark indices corresponding to the left and right eyes are chosen for the computation of the Eye Aspect 

Ratio (EAR). Accurate estimate of eye openness under various facial angles and lighting circumstances is 

made possible by the exact geometric information these landmarks provide about ocular boundaries. The 

system creates several runtime features for each frame it processes, such as: 

1. Facial Landmark Coordinates: MediaPipe Face Mesh provides three-dimensional landmark 

coordinates that depict facial geometry. 
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2. Eye Aspect Ratio (EAR): Six predetermined eye landmarks are used to independently derive 

geometric dimensions for the left and right eyes. 

1. Smoothed EAR Values: To increase forecast stability and lessen frame-to-frame oscillations, the 

raw EAR values are subjected to an exponential moving average. Eye State Labels: Based on 

configurable threshold values, each frame is classified into one of four eye conditions: 

• Fully Open 

• Slightly Closing 

• Half Closed 

• Fully Closed 

4. Brightness Control Parameters: Each eye state corresponds to a predefined display brightness 

level, enabling intelligent adaptive brightness optimization. 

5. Sleep Timer Information: Continuous eye closure duration is monitored to determine when 

automatic system sleep should be initiated. 

All configurable parameters, including EAR thresholds, brightness percentages, debounce intervals, and 

sleep delay durations, are stored externally within a configuration (config.json) file. This modular 

configuration enables system calibration for different users without modifying the application source code. 

Because the framework operates entirely on real-time webcam input, it eliminates the need for storing 

sensitive facial images or maintaining large training datasets, thereby improving privacy while maintaining 

computational efficiency. Combining image processing with security safeguards in connected camera-

based systems is a related design concern [1]. 

3. LITERATURE REVIEW 

The rapid advancement of computer vision and artificial intelligence has significantly transformed human-

computer interaction by enabling machines to interpret human behavior through visual information [2]. 

Eye tracking and facial landmark analysis have become fundamental research areas in applications 

including driver drowsiness detection, gaze estimation, fatigue monitoring, accessibility systems, and 

intelligent user interfaces. Early eye detection techniques primarily relied on classical image processing 

methods such as Haar Cascade classifiers, Hough Transform, and template matching [3–5]. Although 

computationally efficient, these approaches were highly sensitive to illumination changes, head rotation, 

and occlusions, resulting in reduced detection accuracy under real-world conditions. 

Recent developments in deep learning have introduced more reliable facial landmark detection 

frameworks capable of extracting highly accurate facial feature points in real time [6]. Among these 

frameworks, MediaPipe Face Mesh, developed by Google, has gained widespread adoption because of its 

lightweight architecture, low computational requirements, and ability to estimate 468 three-dimensional 

facial landmarks at interactive frame rates [7, 8]. These characteristics make MediaPipe particularly 

suitable for real-time desktop applications. Eye Aspect Ratio (EAR), originally introduced for blink 

detection and fatigue analysis, has become one of the most widely used geometric measurements for 

estimating eye openness [9]. EAR calculates the ratio between vertical and horizontal eye distances, 

providing a simple yet robust numerical representation of eye state that remains relatively invariant to 

image scale. Numerous studies have successfully utilized EAR for driver monitoring systems, drowsiness 

detection, and attention analysis because of its computational simplicity and real-time performance. 

Despite these advancements, existing systems generally focus on binary eye classification, 

distinguishing only between open and closed eyes. Such approaches are often insufficient for adaptive 

brightness management because they cannot accurately represent gradual eye closure or user fatigue 

progression. Additionally, many real-time systems suffer from unstable predictions caused by blinking, 

facial movement, and temporary landmark inaccuracies. To address these challenges, the proposed 

EyeGuard framework introduces a multi-stage eye-state analysis pipeline combining MediaPipe Face 

Mesh, Eye Aspect Ratio computation, Exponential Moving Average smoothing, and a debouncing 

mechanism. Unlike previous approaches, the proposed system classifies eye behavior into four distinct 

states while integrating intelligent brightness optimization, automatic system sleep management, and real-

time monitoring within a unified architecture. The suggested framework differs from traditional eye 

detection systems in that it incorporates adaptive brightness control, intelligent power management, 

desktop visualisation, system tray services, and mobile dashboard monitoring. As a result, our research 

advances the creation of intelligent, human-centered computing environments that can increase overall 
workstation usability, lower energy usage, and improve user comfort. 
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4. PROPOSED SYSTEM 

The proposed EyeGuard framework delivers an advanced real-time vision-based automation system that 

continuously evaluates the user's eye status to enable adaptive screen brightness adjustment and 

autonomous operating system sleep management. Unlike traditional brightness adjustment algorithms that 

rely solely on ambient light sensors or human alterations, the proposed framework directly analyses the 

user's visual condition using computer vision techniques. First, a standard webcam is used to continuously 

record video frames. Each frame is processed using the MediaPipe Face Mesh model to extract high-

precision face landmarks that correspond to the eyes. The Eye Aspect Ratio (EAR) is computed 

independently for each eye and then filtered using an Exponential Moving Average approach to minimise 

measurement noise. The smoothed EAR values are compared to customisable threshold levels to establish 

four distinct categories: Fully Open, Slightly Closing, Half Closed, and Fully Closed. To avoid rapid state 

changes caused by natural blinking or brief landmark instability, the system employs a debouncing 

mechanism that validates state transitions only after preserving consistency for a predefined period of time. 

Based on the confirmed eye status, the intelligent brightness controller dynamically adjusts the display 

brightness according to predefined brightness levels. Brightness peaks when the eyes are fully open, and it 

falls proportionately as the eyes are gradually closed. When the eyes are completely closed for more than a 

predetermined period of time, the system automatically enters operating system sleep mode to conserve 

electricity and improve workstation security.The complete multithreaded architecture consists of distinct 

modules that handle eye recognition, brightness control, desktop HUD visualisation, Streamlit dashboard 

services, and system tray management. Thread-safe communication mechanisms ensure minimal latency, 

high responsiveness, and effective data sharing. To improve user accessibility, the framework provides a 

real-time Streamlit dashboard that displays the current eye state, EAR values, brightness history, blink 

statistics, session length, and intelligent alert messages. The dashboard also allows users to activate sleep 

mode, stop automated detection, restart monitoring sessions, and manually adjust brightness settings. All 

things considered, the proposed EyeGuard framework combines computer vision, machine learning, 

adaptive display optimisation, intelligent automation, and real-time visualisation into a single platform that 

can enhance human-computer interaction generally, reduce power consumption, and improve user comfort. 

5. SYSTEM ARCHITECTURE 

The suggested EyeGuard framework is designed as a modular, multithreaded intelligent vision system to 

facilitate seamless communication between computer vision, adaptive brightness control, graphical 

visualisation, and power management modules. The architecture places a high priority on real-time 

performance, minimal computational overhead, thread safety, and excellent system responsiveness. Unlike 

conventional display brightness controllers that solely use ambient light sensors, the proposed design uses 

computer vision to directly assess the user's eye activity. The six interconnected functional levels of the 

system perform eye detection, eye-state classification, adaptive brightness optimisation, automatic sleep 

management, and remote monitoring. In the layered processing pipeline of the overall system, each module 

performs a distinct task while communicating through thread-safe shared resources. This modular 

architecture enables future scalability, simpler maintenance, and efficient execution across multiple 

operating threads. 

The following are the main layers of the architecture: 

5.1 Video Acquisition Layer 
The Video Acquisition Layer continuously records live video frames from the system webcam at a rate of 

roughly 30 frames per second. Every frame serves as the primary input for the computer vision pipeline. 

The captured images are transferred to the MediaPipe processing engine without being permanently saved 

in order to preserve user privacy and minimise memory use. 

5.2 Computer Vision Layer 
The framework's central perception module is represented by this layer. 

The MediaPipe Face Mesh model processes each input frame to identify 468 three-dimensional face 

landmarks. Predetermined eye landmark indices for the left and right eyes are extracted from these 

landmarks in order to compute the Eye Aspect Ratio (EAR). The vision module's continuous tracking of 

eye geometry and face movement, even with slight head rotation or changes in lighting, enables robust 

real-time performance. 
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5.3 Eye State Analysis Layer 
The technology determines the Eye Aspect Ratio (EAR) for each eye separately after landmark extraction. 

To eliminate frame-to-frame oscillations caused by camera noise, blinking, or temporary landmark 

inaccuracies, the framework employs an Exponential Moving Average (EMA) filter. The customisable 

threshold ranges in the external configuration file are then compared to the smoothed EAR values. 

The analysis module classifies eye conditions into four distinct states: 

• Fully Open 

• Slightly Closing 

• Half Closed 

• Fully Closed 

In order to prevent rapid oscillation between neighbouring states, a debouncing mechanism evaluates each 

transition before updating the final eye state. 

5.4 Intelligent Control Layer 
The Intelligent Control Layer converts classified eye states into adaptive system actions. 

Based on predetermined setting values, the controller automatically adjusts screen brightness based on 

the observed eye condition. 

Typical brightness mapping is shown in Table 1. 

Table 1. Eye State and Screen Brightness. 

Eye State Screen Brightness 
Fully Open 100% 
Slightly Closing 60% 
Half Closed 30% 
Fully Closed Sleep Timer Starts 

If continuous eye closure exceeds the configured threshold (default: 3 seconds), the controller 

leverages the operating system power management API to initiate Windows Sleep Mode automatically 

[10]. 

This intelligent behaviour improves visual comfort while consuming less energy. 

5.5 User Interface Layer 
To provide continuous visual information, the architecture consists of two distinct visualisation modules. 

5.5.1 Desktop Hud 

The Heads-Up Display (HUD) presents real-time information including: 

• Current eye state 

• EAR values 

• Brightness percentage 

• Sleep countdown 

• Face detection status 

When face landmarks are not identified, the HUD immediately disappears. 

5.5.2 Streamlit Dashboard 

Remote monitoring via desktop or mobile browsers is possible with a responsive online dashboard. 

The dashboard shows: 

• Live eye status 

• Brightness history 

• Blink counter 

• Session timer 

• Current EAR values 

• Alert notifications 

• Manual brightness controls 

• Pause/Resume detection 

• Force Sleep button 

• System status 
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5.6 Background Service Layer 
The framework uses a lightweight background service to run discreetly in the system tray. 

This module carries out: 

• Automatic startup 

• Background monitoring 

• Configuration management 

• Thread synchronization 

• Graceful application shutdown 

The system continues monitoring without interrupting normal user activity. 

 

Figure 1. System architecture diagram. 

6. METHODOLOGY 

The suggested EyeGuard architecture converts continuous camera input into intelligent adaptive display 

control via a methodical processing pipeline. 
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Seven sequential processing steps make up the approach. 

6.1 Stage 1: Video Frame Acquisition 
At about 30 frames per second, the webcam continually records live footage. 

The computer vision module receives each captured frame right away. 

6.2 Stage 2: Face Detection 
468 facial landmarks are extracted from the user's face using the MediaPipe Face Mesh model. 

The algorithm briefly stops brightness updates and conceals the HUD until facial detection is restored 

if no face is identified for a number of consecutive frames. 

6.3 Stage 3: Eye Landmark Detection 
Both eyes' corresponding landmark indices are retrieved. 

These landmarks offer the geometric measurements required to compute the Eye Aspect Ratio. 

6.4 Stage 4: Eye Aspect Ratio Calculation 
By calculating the correlation between vertical and horizontal eye distances, the Eye Aspect Ratio (EAR) 

calculates eye openness. 

Each eye's EAR is computed separately. 

The main measure of ocular openness is the average EAR. 

6.5 Stage 5: Noise Reduction 
The system uses Exponential Moving Average smoothing because EAR values naturally vary due to 

blinking, facial movement, and camera noise. 

Without adding appreciable latency, this greatly increases prediction stability. 

6.6 Stage 6: Eye State Classification 
Configurable threshold settings are compared with the smoothed EAR value. 

The system divides the current eye condition into one of four states based on the measured EAR. 

A distinct brightness level is associated with each condition. 

6.7 Stage 7: Intelligent Automation 
The brightness controller is controlled by the categorised eye state. 

The operating system automatically switches to sleep mode if both eyes stay fully closed past the 

predetermined sleep threshold. 

The desktop HUD and dashboard both update their displays at the same time to show the current state 

of the system. 
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6.8 Data Flow 

 

Figure 2. DATA FLOW. 

6.9 Threading Model 
To achieve real-time responsiveness, the framework employs a multithreaded architecture. 
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Figure 3. THREADING MODEL. 

7. IMPLEMENTATION DETAILS 

The suggested EyeGuard framework is implemented using a modular software architecture that combines 

real-time visualisation, computer vision, machine learning, and adaptive system control. Python 3.11, 

which was chosen for its vast ecosystem of machine learning, computer vision, GUI development, and 

system automation libraries, is used to create the complete system [11]. The implementation places a 

strong emphasis on modularity, low computational cost, and real-time performance, enabling each 

subsystem to function independently while preserving synchronised communication. Coupling machine 

learning with real-time sensors and controllers in this way has also been explored for industrial automation 

[12]. 

7.1 Computer Vision and Eye Detection Engine 
The suggested framework's intelligence core is the computer vision engine. A regular webcam constantly 

records live video frames, which are then processed using MediaPipe Face Mesh, which recognises 468 

three-dimensional facial landmarks in each frame. Predefined eye landmark indices for the left and right 

eyes are retrieved from the identified landmarks. These landmarks offer the exact geometric coordinates 

needed to calculate the Eye Aspect Ratio (EAR). MediaPipe Face Mesh exhibits strong robustness against 

modest head movement, facial expression changes, and light variations while preserving real-time 

performance, in contrast to conventional Haar Cascade-based eye detectors. The eye detection module 

ensures seamless eye-state monitoring during system execution by running constantly at about 30 frames 

per second. 

7.2 Eye Aspect Ratio (Ear) Computation 
The framework determines the Eye Aspect Ratio for each eye separately after extracting facial landmarks. 

By calculating the ratio of vertical to horizontal eye distances, the EAR gives a numerical depiction of eye 

openness. The main characteristic for eye-state estimation is the average EAR from both eyes. EAR is very 

well suited for continuous real-time monitoring since it is only based on facial geometry rather than pixel 

intensity, which makes it reasonably invariant to camera distance and image scale. 

7.3 Noise Reduction Using Exponential Moving Average 
Natural blinking, little head motions, transient landmark errors, and camera noise frequently cause real-

time EAR values to vary. The suggested method uses an Exponential Moving Average (EMA) smoothing 

algorithm to increase measurement stability. The controller considerably reduces fast oscillations while 

maintaining system responsiveness by processing smoothed EAR readings rather than raw EAR values. 

This smoothing technique increases the overall dependability of eye-state classification by reducing 

spurious brightness transitions. 

7.4 Four-State Eye Classification 
The suggested framework presents a multi-level eye-state categorisation paradigm, in contrast to 

traditional binary eye detection systems. The smoothed EAR value is categorised into one of four eye 

conditions based on programmable threshold values kept in the configuration file: 
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• Fully Open 

• Slightly Closing 

• Half Closed 

• Fully Closed 

The adaptive brightness module is directly controlled by each eye condition, which indicates a distinct 

amount of user attentiveness. Without changing the application source code, the threshold values can be 

tailored to the unique characteristics of each user. 

7.5 Adaptive Brightness Controller 
Display brightness is automatically adjusted by the adaptive brightness controller based on the identified 

eye status. To provide steady visual comfort, the controller uses preset brightness settings rather than 

constantly changing brightness. 

By default, the brightness mapping is given in Table 2. 

Table 2. Default Brightness Mapping. 

Eye State Brightness 
Fully Open 100% 
Slightly Closing 60% 
Half Closed 30% 
Fully Closed Sleep Timer Initiated 

Direct communication between the brightness controller and the Windows Display Brightness API 

allows for instantaneous brightness updates with an average response time of less than 100 milliseconds. 

Brightness adjustments only take place following successful state validation via the debouncing method in 

order to avoid needless display flickering. 

7.6 Debouncing Mechanism 
When using a computer normally, blinking of the eyes happens regularly. 

Every blink could result in needless brightness modifications if there is no extra filtering. 

The suggested framework uses a debouncing mechanism to get around this restriction. 

The system logs the transition timestamp whenever the detected eye state shifts. 

Only if the new state doesn't change throughout the predetermined debounce period does it become 

legitimate. 

This method successfully removes transient variations while maintaining responsiveness during actual 

eye-state shifts. 

7.7 Automatic Sleep Management 
The length of total eye closure is continuously tracked by the automatic sleep management module. The 

controller automatically calls the Windows Power Management API to put the operating system in Sleep 

Mode once both eyes are categorised as Fully Closed for longer than three seconds in a row. There are 

several benefits to this clever mechanism: 

• Energy conservation 

• Workstation security 

• Reduced unnecessary display usage 

• Improved battery life for portable devices 

The timer automatically resets if the eyes open again 

7.8 Desktop Heads-Up Display (Hud) 
The framework incorporates a lightweight desktop Heads-Up Display created using PyQt5 to offer instant 

user input [13]. 

The HUD continuously presents: 

• Current eye state 

• Left EAR 

• Right EAR 

• Brightness percentage 

• Sleep countdown 

• Face detection status 
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When facial landmarks are not recognised, the HUD automatically vanishes; when face detection is 

successful, it quickly reappears. 

7.9 Streamlit Monitoring Dashboard 
The Streamlit framework has been used to create a web-based monitoring dashboard [14]. The Streamlit 

dashboard offers comprehensive monitoring statistics appropriate for desktop and mobile browsers, in 

contrast to the desktop HUD. The dashboard includes: 

• Live eye-state indicator 

• Color-coded status badges 

• EAR measurements 

• Brightness percentage 

• Brightness history graph 

• Session duration timer 

• Blink counter 

• Refresh interval selector 

• Manual brightness slider 

• Pause/Resume controls 

• Force Sleep button 

• Reset Session option 

• Intelligent popup alerts 

Thread-safe shared JSON state management enables real-time communication between the dashboard and 

detection engine. 

7.10 Background Service and System Tray Integration 
Using the pystray library, the entire program runs silently in the Windows system tray. 

The background service manages: 

• Automatic application startup 

• Thread initialization 

• Configuration loading 

• Shared resource synchronization 

• Graceful application shutdown 

As a result, EyeGuard can function continuously without interfering with the user's regular tasks. 

8. ALGORITHM DESIGN 

8.1 Algorithm 1: Eye State Detection 
Input: Webcam video frames 

Output: Eye State 

Steps: 

1. Capture live webcam frame. 

2. Detect facial landmarks using MediaPipe Face Mesh. 

3. Extract left and right eye landmarks. 

4. Compute Eye Aspect Ratio (EAR). 

5. Apply EMA smoothing. 

6. Compare EAR against configured thresholds. 

7. Classify eye state. 

8. Update dashboard and HUD. 

9. Pass eye state to brightness controller. 

10. Repeat until application exits. 

8.2 Algorithm 2: Adaptive Brightness Control 
Input: Classified Eye State 

Output: Screen Brightness 
Steps: 

1. Receive eye state. 
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2. Validate state using debouncing. 

3. Determine brightness level. 

4. Update Windows brightness. 

5. Display current brightness. 

6. Continue monitoring. 

8.3 Algorithm 3: Automatic Sleep Trigger 
Input: Fully Closed Eye State 

Output: Windows Sleep Mode 

Steps: 

1. Start sleep timer. 

2. Monitor continuous eye closure. 

3. If eyes reopen, reset timer. 

4. If timer exceeds three seconds: 

• Save system state. 

• Invoke Windows Sleep API. 

5. Resume monitoring after wake-up. 

9. RESULT ANALYSIS 

By examining its real-time eye detection accuracy, adaptive brightness response, system latency, 

computational efficiency, and automatic sleep management capabilities, the suggested EyeGuard 

framework's performance was assessed. To verify the system's resilience, several users under various 

lighting circumstances, facial angles, and eye movement patterns participated in experimental testing. 

9.1 Eye State Detection Performance 
The Eye Aspect Ratio (EAR) could be reliably calculated because to the MediaPipe Face Mesh model's 

persistent and highly accurate detection of facial landmarks. Exponential Moving Average (EMA) 

smoothing greatly decreased EAR value volatility brought on by slight face movements and natural 

blinking. As a result, the system correctly identified four different stages of eye conditions: Fully Open, 

Slightly Closing, Half Closed, and Fully Closed.By successfully preventing abrupt changes between 

successive eye states, the debouncing method reduced needless brightness variations and increased 

prediction stability. 

9.2 Adaptive Brightness Response 
Depending on the identified eye state, the clever brightness controller dynamically changed the display's 

brightness. Smooth transitions between brightness levels were seen in experiments, with no discernible 

flickering. When using a computer for extended periods of time, the average brightness adjustment 

response time was below 100 milliseconds, guaranteeing a smooth user experience. During times of 

diminished focus, the adaptive controller effectively lowered superfluous screen illumination while 

preserving user comfort. 

9.3 Automatic Sleep Management 
The length of total eye closure was continuously tracked by the automatic sleep module. The framework 

effectively started Windows Sleep Mode without the need for human intervention if the user's eyes were 

closed for longer than three seconds in a row. In order to avoid unintentional sleep activation brought on 

by natural blinking, the sleep timer automatically reset if eye reopening was detected before the configured 

threshold. 

9.4 System Stability 
During prolonged execution, the suggested multithreaded architecture showed steady performance. There 

were no discernible synchronisation problems while independent detection, brightness control, desktop 

visualisation, and dashboard threads ran simultaneously. Race situations were avoided while maintaining 

real-time updates across all modules with thread-safe communication utilising shared JSON state and 
locking methods. 
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9.5 Computational Performance 
The framework used the least amount of system resources while maintaining real-time processing. Below 

is a summary of the average computing performance during continuous operation. 

10. PERFORMANCE EVALUATION 

The proposed EyeGuard framework was evaluated using several quantitative performance metrics. 

 

Figure 4. SYSTEM PERFORMANCE SUMMARY. 

10.1 Performance Comparison 

 

Figure 5. PERFORMANCE COMPARISON. 
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The comparison clearly demonstrates that EyeGuard provides several intelligent capabilities 

unavailable in conventional brightness management systems. 

10.2 System Dashboard 
To improve usability and system monitoring, the proposed framework includes a responsive dashboard 

developed using the Streamlit framework. 

 

Figure 6. LIVE EYE STATUS. 

The dashboard consists of the following functional modules: 

10.2.1 Live Eye Status 

Displays the current eye condition using color-coded status indicators. 

Possible states include: 

• Fully Open 

• Slightly Closing 

• Half Closed 

 

Figure 7. LIVE EYE STATUS (NO FACES). 

10.2.2 Brightness Monitor 

Displays 

• Current brightness percentage 

• Brightness history graph 

• Manual brightness adjustment slider 

 

Figure 8. BRIGHTNESS MONITOR. 

10.2.3 Eye Statistics 

Displays 

• Left EAR 

• Right EAR 
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• Average EAR 

• Blink Counter 

 

Figure 9. EYE STATISTICS. 

10.2.4 Alert Notification System 

The dashboard automatically generates intelligent alerts: 

• FACE NOT DETECTED 

• EYES CLOSING 

• HALF CLOSED 

• GOING TO SLEEP 

 

Figure 10. ALERT NOTIFICATION SYSTEM (TWO VIEWS). 

10.2.5 User Controls 

The dashboard also provides several manual controls. 

• Pause Detection 

• Resume Detection 

• Force Sleep 

• Reset Session 

• Refresh Interval Selection 
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Figure 11. USER CONTROL. 

11. APPLICATIONS 

The suggested EyeGuard framework is widely applicable in a variety of fields where adaptive display 

management and intelligent user monitoring are necessary. Key areas of application include of: 

• Smart Office Automation 

• Educational Institutions 

• Online Learning Platforms 

• Software Development Workstations 

• Healthcare Monitoring Systems 

• Research Laboratories 

• Computer Vision Research 

• Human–Computer Interaction Systems 

• Accessibility Solutions 

• Smart Libraries 

• Public Computer Laboratories 

• Energy-Efficient Computing Environments 

• Corporate Workstations 

• AI-Based Smart Desktop Systems 

• Future Smart Home Automation 

12. ADVANTAGES 

The proposed framework provides several advantages over conventional display brightness management 

systems. 

• Fully automatic operation 

• Real-time eye monitoring 

• High detection accuracy 

• Adaptive brightness optimization 

• Automatic power saving 

• Intelligent sleep management 

• Four-level eye state classification 

• Low CPU utilization 

• Low memory consumption 

• No additional hardware required 

• Uses only a standard webcam 

• User-friendly dashboard 

• Remote monitoring capability 

• Thread-safe architecture 
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• Easy configuration using JSON 

• Highly scalable software architecture 

13. FUTURE SCOPE 

Even though the suggested framework effectively illustrates adaptive brightness management and 

intelligent eye-state monitoring, there are a few improvements that might be added in subsequent work. 

Future improvements include: 

• Deep Learning-based Eye Fatigue Prediction 

• Driver Drowsiness Detection 

• Emotion Recognition 

• Gaze Tracking 

• Iris Tracking 

• Multi-user Detection 

• Cross-platform implementation (Linux/macOS) 

• Android and iOS applications 

• Cloud-based monitoring dashboard 

• Voice Assistant Integration 

• AI-powered Personalized Brightness Learning 

• Wearable Device Integration 

• Smart Classroom Automation 

• Smart Office Attendance Monitoring 

• IoT-enabled Smart Building Integration 

• Eye Health Analytics using Long-term Data 

14. CONCLUSION 

EyeGuard, an intelligent real-time computer vision framework for autonomous operating system sleep 

management and adaptive screen brightness optimisation, is presented in this study. The suggested method 

precisely tracks user eye states while reducing false detections brought on by blinking and facial 

movement by combining MediaPipe Face Mesh, Eye Aspect Ratio (EAR) analysis, Exponential Moving 

Average (EMA) smoothing, and a debouncing technique. Eye recognition, brightness control, desktop 

visualisation, system tray management, and web dashboard monitoring can all be executed concurrently 

with little computing overhead because to the multithreaded design. The framework supports real-time 

processing at about 30 frames per second while using just 5–15% CPU and 150–200 MB of RAM, 

according to experimental evaluation. The intelligent sleep management module consistently initiates 

system sleep following prolonged eye closure, and the adaptive brightness controller reacts in less than 100 

milliseconds. By taking into account the user's actual visual condition rather than depending only on 

ambient illumination, EyeGuard presents a user-centric approach in contrast to traditional brightness 

controls. Intelligent automation, real-time monitoring, and adaptive display optimisation all work together 

to improve workstation security, lessen eye strain, increase user comfort, and save electricity. All things 

considered, the suggested framework shows how computer vision and machine learning can be 

successfully incorporated into contemporary HCI systems to produce intelligent, energy-efficient, and 

adaptable desktop environments appropriate for workplaces, educational institutions, medical facilities, 

research labs, and upcoming smart computing ecosystems. 
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