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Abstract 
Prolonged interaction with digital displays is a leading cause of Digital Eye Strain 

(DES), yet continuous, affordable, and non-intrusive ocular fatigue assessment 

remains largely unavailable outside clinical settings. This paper presents SentryEye, 

a real-time eye strain and fatigue monitoring framework that integrates MediaPipe 

facial landmark extraction, adaptive Eye Aspect Ratio (EAR) analysis, PERCLOS 

quantification, deep learning-based strain classification, gaze estimation, and HSV-

based eye redness scoring within a unified Flask–Socket.IO web architecture. 

Webcam frames are processed at 25–30 FPS entirely on standard CPU hardware; a 

60-second adaptive calibration phase personalizes blink-detection thresholds, and a 

seven-condition alert engine with per-condition cooldown intervals delivers 

synchronized audio-visual notifications. Experimental validation on a three-class eye 

image dataset (Normal, Mild Strain, High Strain) partitioned in an 80:20 training-to-

validation ratio shows that the optimized MobileNetV2 transfer-learning classifier 

attains 92.3% validation accuracy, a weighted F1-score of 91.9%, a ROC-AUC of 

0.971, and approximately 12 ms per-frame CPU inference, outperforming a custom 

EyeNet CNN baseline. The end-to-end pipeline sustains sub-50 ms Socket.IO metric 

emission latency and an average alert detection accuracy of 95.9% across all seven 

monitored conditions, confirming the deployability of the framework for 

institutional, workplace, and remote digital-wellness monitoring. 

 

Novelty in the Research 
SentryEye advances prior art on four fronts. First, it introduces an integrated, 

modular five-layer lightweight pipeline that executes facial mesh tracking, 

EAR/PERCLOS computation, CNN classification, temporal prediction, and 

telemetry emission concurrently at 25–30 FPS on a standalone CPU, without GPU 

acceleration or cloud offloading. Second, it embeds an adaptive personalized 60-

second baseline EAR calibration mechanism that derives user-specific closure 

thresholds from the top-90% sorted sample distribution, reducing false blink 

detections by approximately 23% relative to fixed global thresholds. Third, it 

deploys a multi-condition alert engine that manages seven synchronous 

physiological and behavioural factors—multi-face presence, prolonged eye closure, 

sustained fatigue, low blink rate, high PERCLOS, 20-20-20 screen-time compliance, 

and HSV-based eye redness—coupled with programmatic native sound synthesis 

through the Web Audio API, eliminating external audio dependencies. Fourth, it 

provides real-time interactive local reporting via a Flask–Socket.IO–Chart.js 

dashboard with sub-50 ms emission latency, delivering complete analytics on-device 

without any cloud dependency. 
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1. Introduction 
The pervasive integration of computers, smartphones, and tablets into education, professional work, 

and entertainment has substantially elevated daily screen exposure across all age groups. Extended 

visual engagement with digital displays produces a constellation of symptoms—eye dryness, blurred 

vision, headaches, reduced blink frequency, diminished concentration, and mental exhaustion—

collectively categorized as Digital Eye Strain (DES) or Computer Vision Syndrome (CVS), which 

affects a significant proportion of regular device users [1], [2]. The condition has become particularly 

acute in remote work and online learning environments, where users often remain unaware of 

gradually developing fatigue until productivity or comfort is measurably degraded [22]. 

Conventional fatigue assessment relies on self-reported questionnaires or periodic clinical 

examination, neither of which supports continuous monitoring or early symptom identification during 

routine screen usage. Recent advances in computer vision and lightweight deep learning have enabled 

behavioural analysis through ordinary webcams, removing the need for specialized medical 

instrumentation [3], [4]. However, a critical review of the existing literature reveals four persistent 

limitations. First, the dominant research emphasis lies in standalone driver drowsiness detection [14], 

[20], which targets binary alert/asleep states rather than the graded severity spectrum characteristic of 

occupational eye strain. Second, several proposed frameworks exhibit high computational complexity, 

relying on deep backbones such as ResNet [12] or large convolutional stacks descended from early 

ImageNet architectures [13] that presume GPU availability. Third, accurate alternatives frequently 

depend on expensive or intrusive apparatus—dedicated eye trackers, electrooculography, or virtual-

reality instrumentation [4], [5]—which is impractical for large-scale institutional deployment. Fourth, 

systems that do operate on webcams typically report a single metric such as blink rate [17] and lack 

real-time multi-metric dashboards, adaptive personalization, and intelligent recommendation 

mechanisms [18], [23], [25]. 

The research problem addressed in this work is therefore the absence of an intelligent, low-cost, non-

invasive framework capable of continuously quantifying multiple ocular fatigue indicators in real time 

on commodity hardware. The critical need is a webcam-only alternative that matches the analytical 

depth of laboratory-grade systems while remaining deployable on standard desktop computers in 

classrooms, offices, and home workspaces [16]. 

To meet this need, this paper presents SentryEye, whose exact objectives are: (i) to develop a real-

time eye strain monitoring system using webcam-based facial analysis; (ii) to detect and analyse blink 

rate and Eye Aspect Ratio (EAR) through MediaPipe facial landmark extraction [6], [11]; (iii) to 

integrate TensorFlow-based deep learning models for fatigue classification and strain prediction [8], 

[19]; (iv) to monitor fatigue progression, session duration, gaze behaviour, and eye redness 

continuously; (v) to generate intelligent fatigue alerts with healthy screen-usage recommendations; 

and (vi) to deliver a low-cost, scalable solution suitable for educational institutions and workplaces. 

that manages seven synchronous physiological and behavioural factors—multi-face 

presence, prolonged eye closure, sustained fatigue, low blink rate, high PERCLOS, 

20-20-20 screen-time compliance, and HSV-based eye redness—coupled with 

programmatic native sound synthesis through the Web Audio API, eliminating 

external audio dependencies. Fourth, it provides real-time interactive local reporting 

provides real-time interactive local reporting via a Flask–Socket.IO–Chart.js 

dashboard with sub-50 ms emission latency, delivering complete analytics on-

device without any cloud dependency. 
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The key structural contributions of this work are as follows. A five-layer modular architecture is 

designed and implemented that processes 25–30 frames per second on standard hardware with sub-50 

ms Socket.IO metric emission latency [25]. An adaptive 60-second EAR calibration module 

personalizes blink thresholds per user, lowering false detections by approximately 23% [23]. A hybrid 

fatigue estimator blends PERCLOS physiology [10] with LSTM-style temporal trend analysis [7], 

[15], [24] to prevent both single-frame spikes and delayed responses. A seven-condition alert engine 

with per-condition cooldowns and Web Audio API sound synthesis enforces the clinically 

recommended 20-20-20 rule while preventing notification fatigue. Finally, an interactive Chart.js 

analytics dashboard visualizes blink trends, eye openness, PERCLOS, gaze distribution, and hybrid 

fatigue progression in real time, entirely on the local machine. 

The remainder of this paper is organized as follows: Section 2 details the materials and methodology; 

Section 3 presents the experimental results and discussion; Section 4 concludes the study; and Section 

5 lists the references. 

 

2. Materials and Methodology 

2.1 System Architecture Overview 
SentryEye follows a layered pipeline in which each stage feeds the next: (1) webcam input and 

preprocessing, (2) face detection and facial mesh segmentation, (3) EAR/blink and physiological 

feature extraction, (4) deep learning classification with hybrid temporal prediction, and (5) dashboard 

analytics with alert and report generation. All stages execute within a single background 

VideoStreamer thread on the host CPU, and the complete architecture is illustrated in Fig. 1. This 

modular arrangement isolates failures, simplifies maintenance, and allows individual layers to be 

upgraded without disrupting the real-time loop. 

 

Fig. 1. Overall architecture of the proposed SentryEye system. 
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2.2 Image Processing and Input Layer 
Live video is captured through OpenCV (DirectShow backend) at a sustained 25–30 FPS from a 

standard HD webcam. Each BGR frame is converted to RGB and normalized before landmark 

inference, and frame resizing and enhancement stabilize detection under fluctuating indoor 

illumination. When no face is detected for 2.0 s, all rolling metrics, buffers, and analytics histories are 

reset and a zeroed telemetry payload is emitted, preventing stale statistics from contaminating 

subsequent sessions. 

2.3 Facial Mesh Segmentation and Landmark Normalization 
Facial geometry is resolved with MediaPipe Face Mesh [6], [11], which tracks 468 dense facial 

landmarks together with 10 iris refinement points (indices 468–477) across the standard webcam 

operating range of 40–80 cm. Because MediaPipe returns coordinates normalized to the unit square, 

each landmark lm is projected to pixel space as px = lm.x × image_width and py = lm.y × 

image_height, guaranteeing consistent geometry irrespective of webcam resolution or aspect ratio. 

This normalization is essential for the cross-user, cross-hardware stability of every downstream EAR, 

PERCLOS, and gaze computation [9], [23]. 

2.4 Eye Aspect Ratio, Blink Detection, and Adaptive Calibration 
Eye openness is quantified with the six-point Eye Aspect Ratio of Soukupová and Čech [9]. Let p₁, …, 

p₆ denote the outer corner, upper-lid pair, inner corner, and lower-lid pair of one eye. The EAR is 

computed as: 

      
                     

             
   (1) 

where ‖·‖ is the Euclidean distance ‖pᵢ − pⱼ‖ = √((xᵢ − xⱼ)² + (yᵢ − yⱼ)²). A fully open eye yields EAR ≈ 

0.30–0.35, and a closed eye yields EAR ≈ 0.0–0.10. The per-frame EAR is averaged over both eyes, 

and a blink is registered when the value remains below the active threshold for at least two 

consecutive frames; the blink rate (BPM) is then derived from the elapsed session time. 

Because inter-individual differences in eye shape, facial geometry, and camera angle shift the natural 

EAR range, a fixed global threshold produces systematic false detections. SentryEye therefore 

performs a 60-second adaptive calibration: the collected sample set S is sorted, the lowest 10% of 

values (blink outliers) are discarded, and the open-eye baseline is estimated from the remaining top 

90% of the distribution: 

                                                 (2) 

The personalized closure threshold is then set to 70% of this baseline, clamped within physiologically 

safe bounds: 

                                            (3) 

This adaptive scheme reduced false blink detections by approximately 23% in evaluation relative to 

the fixed default threshold of 0.25 [23]. The complete blink and fatigue monitoring workflow, from 

frame acquisition to hybrid fatigue scoring, is depicted in Fig. 2. 

 

Fig. 2. Eye blink and fatigue monitoring workflow of the proposed system. 

2.5 Perclos-Based Fatigue and Drowsiness Quantification 
Sustained drowsiness is measured with PERCLOS (Percentage of Eye Closure) [10], evaluated over a 

rolling 60-second window W. Let F = {f₁, …, fₙ} be the frames captured within W; then: 
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       (4) 

where closed(fᵢ) = 1 if EAR(fᵢ) < θ and 0 otherwise. Consistent with established drowsiness standards, 

PERCLOS values exceeding 30% within the window trigger the high-severity drowsiness alert [10]. 

2.6 Multi-Condition Alert and Cooldown Engine 
On every processed cycle the alert engine evaluates seven synchronous physiological and behavioural 

parameters: (1) Multi-Face presence, flagged when more than one face is detected by a high-accuracy 

static detector executed every 30 frames; (2) Eyes Closed, when continuous closure exceeds 2.0 s; (3) 

Fatigue, when closure persists beyond 3.0 s; (4) Eye Strain, when the blink rate falls below 8 BPM 

against the healthy 12–20 BPM range; (5) High PERCLOS, when the windowed closure ratio exceeds 

30%; (6) Screen Time, enforcing the 20-20-20 rule after 20 minutes of continuous usage; and (7) Eye 

Redness, computed on the extracted eye region-of-interest using a double-range HSV segmentation 

with H ∈ [0°, 10°] ∪ [170°, 180°], which is markedly more robust to ambient illumination than RGB 

channel ratios. The redness score is normalized to a 0–10 scale, and values above 7.0 (corresponding 

to red-pixel density beyond 35% of the eye ROI) raise an advisory alert. 

To prevent notification fatigue, each condition enforces an independent cooldown interval before re-

triggering: 10 s for Eyes Closed, 30 s for Multi-Face, Fatigue, and High PERCLOS, 60 s for Eye 

Strain and Redness, and 300 s for Screen Time. Alerts are emitted as discrete Socket.IO events and 

rendered as SweetAlert2 modals accompanied by programmatic tones synthesized natively through 

the Web Audio API OscillatorNode/GainNode interfaces: high-severity conditions use an 880 Hz tone 

(0.6 s), medium-severity conditions a 440 Hz tone (0.4 s), and screen-time reminders a gentle three-

tone 523–659–784 Hz chime, all without external audio files. 

2.7 Hybrid Predictive Fatigue Tracking 
A temporal predictor maintains a rolling window of 30 time-step observations, each comprising EAR, 

blink rate, and PERCLOS, following LSTM-based sequential fatigue modelling principles [7], [15], 

[20], [24]. The deployed heuristic weights PERCLOS magnitude (40%), the EAR downward linear-

regression trend (30%), blink-rate deviation from the healthy range (20%), and EAR variance for 

staring detection (10%), and reports a ―worsening‖ trend when the EAR regression slope falls below 

−0.002 per step. The final dashboard indicator blends the instantaneous physiological measurement 

with this spatial-temporal trend: 

                                                          (5) 

This blending ensures that single-frame PERCLOS spikes do not dominate the fatigue gauge while 

temporal trends prevent delayed response to gradual fatigue onset. In parallel, gaze direction is 

estimated from iris landmarks [21] using the horizontal iris-to-corner ratio h_ratio = (Iₗ − Cₗ) / (Cᵣ − 

Cₗ); gaze is classified Right when h_ratio< 0.38, Left when h_ratio> 0.62, Up when v_ratio< 0.30, 

Down when v_ratio> 0.75, and Centre (on-screen) otherwise. 

2.8 Interactive Dashboard and Communication Stack 
The backend is a Flask web server exposing an MJPEG /video_feed stream, a /reset_break endpoint 

for restarting the 20-20-20 cycle, and a /predict_image endpoint for static classification. A persistent 

Socket.IO channel emits real-time telemetry datasets—an 18-field JSON payload containing EAR, 

blink count, BPM, PERCLOS, redness, movement, strain label, confidence, gaze direction, calibration 

status, temporal score, and chart history arrays—at approximately 25 Hz directly to the native 

frontend, where Chart.js renders rolling 50-point visualizations and the Web Audio API synthesizer 

module produces alert tones [25]. Separating the continuous metrics_update stream from the event-

driven alert channel keeps chart refreshes smooth while confining modal interruptions to genuine 

anomalies. 

 

3. Results and Discussion 

3.1 Dataset and Experimental Setup 
Experiments were conducted on a three-class custom eye image dataset comprising Normal (open 

eyes, healthy blink rate, no redness), Mild Strain (reduced blink rate, slight redness or squinting), and 

High Strain (prolonged closure, visible redness, significantly low blink rate) categories. Images were 
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captured with standard webcams under both controlled and natural indoor illumination, resized to 64 

× 64 RGB, normalized, and partitioned in an 80:20 training-to-validation division. Augmentation—

horizontal flipping, rotation up to 20°, zooming, brightness variation, and width/height shifts—was 

applied during training to improve robustness to webcam variability. All timing measurements were 

obtained on a standard desktop workstation (Intel Core i5, 8 GB RAM, HD webcam) without GPU 

acceleration. 

3.2 Model Training and Architectural Comparison 
Two architectures were trained for up to 30 epochs with the Adam optimizer, categorical cross-

entropy loss, early stopping on validation loss (patience = 7), and ReduceLROnPlateau scheduling: a 

custom structural EyeNet CNN (three convolutional blocks with BatchNormalization and Dropout 

followed by dense layers) and a MobileNetV2 transfer-learning engine [8] fine-tuned on the last 20 

layers of an ImageNet-pretrained backbone. Table 1 contrasts the two models. MobileNetV2 

converged in 18 epochs against 22 for EyeNet, achieved lower final training and validation loss 

footprints (0.178/0.214 versus 0.231/0.289), improved validation accuracy by 4.1 percentage points, 

and produced a smaller optimized footprint (~9 MB versus ~12 MB), confirming the efficiency of 

transfer learning under limited domain-specific data [19]. 

Table 1. Training performance comparison of EyeNet CNN and MobileNetV2. 

 

Metric EyeNet CNN MobileNetV2 (optimized) 

Training accuracy 91.4% 94.7% 

Validation accuracy 88.2% 92.3% 

Final training loss 0.231 0.178 

Final validation loss 0.289 0.214 

Epochs to converge (early stopping) 22 18 

Model size ~12 MB ~9 MB 

 

Fig. 3 visualizes the accuracy and loss contrast between the two architectures, highlighting the 

consistent margin retained by the transfer-learning engine across both training and validation 

partitions. 

 

Fig. 3. EyeNet CNN versus MobileNetV2: (a) classification accuracy and (b) final loss footprints. 

3.3 Classification Performance of the Optimized MobileNetV2 
Table 2 reports the weighted validation metrics of the deployed MobileNetV2 classifier. The model 

achieved 92.3% baseline accuracy, 91.8% precision, 92.3% recall, a weighted F1-score of 91.9%, and 

an overall one-vs-rest ROC-AUC of 0.971, with per-frame inference of approximately 12 ms 

evaluated purely on standard CPU execution architecture—well within the real-time budget of the 25–

30 FPS pipeline. 
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Table 2. MobileNetV2 classification performance (weighted averages, validation set). 

 

Performance metric Value 

Accuracy 92.3% 

Precision 91.8% 

Recall 92.3% 

F1-score 91.9% 

ROC-AUC (one-vs-rest) 0.971 

Inference time (per frame, CPU) ~12 ms 

 

Confusion-matrix analysis shows true-positive rates of 93.8% (Normal), 89.4% (Mild Strain), and 

94.1% (High Strain). Misclassifications concentrate on the Normal–Mild boundary, an expected 

consequence of borderline EAR values in moderately open eyes: eye images whose openness sits near 

the personalized threshold θ present nearly identical spatial appearance across the two classes. High 

Strain, characterized by prolonged closure and visible redness, was classified with the greatest 

consistency, confirming that severe fatigue—the clinically critical case—is detected most reliably 

[18]. 

3.4 Alert System Evaluation 
Each of the seven alert conditions was triggered under controlled monitoring sessions to quantify 

detection consistency; the results appear in Table 3. Screen-time enforcement reached 100% detection 

since it is driven deterministically by the session timer, and multi-face detection reached 98.2% by 

pairing MediaPipe tracking with a high-recall static detector sampled every 30 frames. Redness 

tracking recorded the lowest rate (89.6%), attributable to ambient light flux perturbing HSV hue 

boundaries; nevertheless, the double-range hue formulation retained substantially higher stability than 

RGB ratio methods. All notifications were emitted with sub-50 ms latency over Socket.IO, and the 

average detection accuracy across the seven conditions was 95.9%. 

Table 3. Alert system detection performance across the seven monitored conditions. 

 

Alert type Trigger condition Detection rate 

MULTI_FACE More than one face detected 98.2% 

EYES_CLOSED Continuous closure > 2 s 96.5% 

FATIGUE Persistent closure > 3 s 95.8% 

EYE_STRAIN Blink rate < 8 BPM 94.3% 

HIGH_PERCLOS PERCLOS > 30% (60 s window) 97.1% 

SCREEN_TIME Continuous usage > 20 min (20-20-20) 100% 

REDNESS Redness score > 7.0 89.6% 

 

The per-condition detection rates are visualized in Fig. 4, where the illumination-sensitive redness 

condition is distinguished as the sole factor falling below the 95.9% mean. 
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Fig. 4. Detection rates of the seven alert conditions against the 95.9% mean accuracy. 

3.5 Real-Time System Performance and Calibration Impact 
Table 4 summarizes end-to-end runtime behaviour. The processing loop sustained 25–30 FPS with 

simultaneous landmark extraction (~10 ms/frame), CNN inference (~12 ms/frame), feature 

aggregation, and 25 Hz Socket.IO emission, and the dashboard maintained smooth visualization 

without frame drops throughout 30-minute continuous sessions. The adaptive calibration module 

personalized the EAR threshold within its 60-second window for every participant; users with 

naturally low baseline EAR values benefited most, and false blink detections fell by approximately 

23% relative to the fixed 0.25 global threshold, directly lowering user configuration fault loops. Gaze 

analytics indicated that users maintainedcentre (on-screen) gaze 72–85% of the time during focused 

sessions, and the temporal predictor correctly reported worsening trends whenever the EAR 

regression slope dropped below −0.002 per step. 

Table 4. Real-time system processing performance. 

 

Parameter Observed value 

Processing frame rate 25–30 FPS (desktop CPU) 

Socket.IO metric emission latency < 50 ms per update 

MediaPipe landmark extraction ~10 ms per frame 

CNN classification inference ~12 ms per frame (CPU) 

Calibration phase duration 60 s adaptive baseline learning 

Dashboard chart refresh Real-time, 50-point rolling window 

Multi-face detection interval Every 30 frames 

 

Collectively, these results demonstrate that the combination of transfer learning, personalized 

calibration, physiological windowing, and event-separated telemetry yields laboratory-comparable 

analytical depth on commodity hardware. The residual weaknesses—Normal/Mild boundary 

confusion and illumination-sensitive redness scoring—are algorithmically explainable and delimit 

clear targets for future refinement rather than structural deficiencies of the framework. 

4. Conclusion 
This paper presented SentryEye, a real-time eye strain and fatigue monitoring system that unifies 

MediaPipe facial mesh tracking, adaptive EAR calibration, PERCLOS quantification, MobileNetV2 

transfer-learning classification, hybrid temporal fatigue prediction, gaze estimation, redness scoring, 

and a seven-condition audio-visual alert engine within a Flask–Socket.IO web architecture. The 

optimized MobileNetV2 classifier achieved 92.3% validation accuracy, a weighted F1-score of 
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91.9%, and a ROC-AUC of 0.971 on the three-class strain taxonomy, with ~12 ms CPU inference per 

frame. The complete pipeline sustained 25–30 FPS with sub-50 ms telemetry latency on standard 

desktop hardware, the adaptive calibration module reduced false blink detections by approximately 

23%, and the alert engine averaged 95.9% detection accuracy across all seven monitored conditions. 

These findings affirm the structural deployment validity of SentryEye as a low-cost, non-invasive, and 

scalable digital-wellness solution for enterprise, institutional, educational, and remote-work 

environments. 
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