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Abstract:  Video Display Terminal (VDT) visual fatigue has become a significant issue affecting the visual health of the modern population, necessitating a non-invasive and convenient objective monitoring method. This paper proposes an intelligent eye movement perception method based on ordinary cameras, aiming to dynamically monitor key eye movement parameters during VDT use and assess visual fatigue levels. First, a video dataset for blink recognition is constructed, and a Long Short-Term Memory (LSTM)-based blink detection and incomplete blink recognition algorithm is proposed. By extracting the vertical distance from the midpoint of the upper eyelid to the eye corner (DucDuc​) as a temporal feature, high-precision classification of blink events is achieved. Second, to overcome the limitations of manual feature extraction, a hybrid Convolutional Neural Network and Long Short-Term Memory (CNN-LSTM) model is designed. This model automatically extracts spatiotemporal features from videos, achieving three-class classification of "non-blink," "complete blink," and "incomplete blink," significantly improving generalization capability and practicality. Third, an image processing-based eyeball center localization and tracking algorithm is proposed. By calculating the dynamic distance change between the eyeball center and the inner eye corner, accurate counting of eyeball rotation frequency is achieved. Finally, based on the blink frequency, complete/incomplete blink count, eyeball rotation frequency, and other parameters extracted using the above methods, combined with subjective questionnaires, the dynamic changes of these parameters during a 120-minute VDT task and their correlation with visual fatigue levels are systematically analyzed. Experimental results show that the proposed LSTM model achieves a blink detection accuracy of 98.44%, the CNN-LSTM hybrid model achieves an average F1 score of 0.93 in cross-subject testing, and the eyeball rotation recognition accuracy is approximately 90%. Correlation analysis reveals that blink count is extremely significantly positively correlated with visual fatigue questionnaire scores (p<0.01p<0.01), while eyeball rotation frequency is extremely significantly negatively correlated (p<0.01p<0.01), validating the effectiveness of the proposed method. This study provides a novel software solution for objective, non-contact VDT visual fatigue assessment with broad application prospects.
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Introduction
With the widespread adoption of information technology, Video Display Terminals (VDTs) have become central to daily work and life. Prolonged VDT use can easily lead to VDT visual fatigue, also known as Computer Vision Syndrome (CVS), characterized by symptoms such as dry eyes, blurred vision, and ocular pain, which significantly impact user productivity and quality of life [1, 2]. According to the World Health Organization, hundreds of millions of people worldwide suffer from VDT-related visual problems, making this an important public health issue [3]. Therefore, developing an objective and convenient method for monitoring VDT visual fatigue is of great significance.
Current visual fatigue assessment methods fall into three main categories: subjective questionnaires, task performance evaluation, and objective measurement [4]. Subjective questionnaires, while directly reflecting user experience, are susceptible to individual differences and subjective factors, lacking objectivity and consistency. Task performance evaluation assesses fatigue levels by analyzing user performance on specific tasks; however, the lack of standardization in task formats and difficulty levels limits the reliability of the results. Objective measurement methods are divided into two types: those based on physiological signals such as electroencephalography (EEG) and electrocardiography (ECG), which offer high accuracy but require expensive equipment and complex operation involving physical contact with users, making them unsuitable for daily scenarios; and those based on eye movement parameters [5]. Eye movement behaviors (e.g., fixation, saccade, blink) are closely related to the state of the visual system, and numerous studies have demonstrated that changes in eye movement parameters can effectively reflect visual fatigue levels [6, 7].

In recent years, computer vision-based eye movement monitoring methods have gained significant attention due to their non-contact nature and low cost [8]. Existing research faces the following major challenges: (1) Insufficient robustness of blink detection: Traditional methods relying on handcrafted features such as the Eye Aspect Ratio (EAR) suffer from significant performance degradation in complex scenarios involving individual differences, varying illumination, and head movements [9]. (2) Limited research on incomplete blink recognition: Incomplete blinks (where the upper and lower eyelids do not make full contact) are a key factor contributing to dry eye and visual fatigue [10]; however, automatic recognition of incomplete blinks has received little research attention, and accuracy remains low [11]. (3) Dependence of eye tracking on specialized equipment: High-precision eye tracking typically requires infrared cameras or commercial eye trackers, limiting its widespread adoption in real-world scenarios [12]. (4) Lack of a complete assessment framework: Most studies focus on extracting single parameters, lacking a comprehensive software framework that integrates eye movement signal acquisition, multi-parameter extraction, and fatigue assessment [13].
To address these challenges, this paper proposes an intelligent eye movement perception method based on ordinary cameras, aiming to build a complete software solution for VDT visual fatigue assessment. The main contributions of this paper are as follows:
1.An LSTM-based blink recognition algorithm: By extracting the vertical distance from the midpoint of the upper eyelid to the eye corner (DucDuc​) as a temporal feature characterizing the blink process, and leveraging the powerful temporal modeling capability of Long Short-Term Memory (LSTM) networks, high-precision blink detection and incomplete blink recognition are achieved.
2.A CNN-LSTM hybrid deep network model: Combining the spatial feature extraction capability of Convolutional Neural Networks (CNNs) with the temporal feature modeling capability of LSTMs, an end-to-end classification from raw video frames to "non-blink," "complete blink," and "incomplete blink" categories is realized, eliminating the need for manual feature extraction.
3.An eyeball center localization and tracking algorithm based on ordinary cameras: Through image preprocessing, morphological operations, and inner eye corner localization, a method for calculating the relative distance between the eyeball center and the inner eye corner is proposed, enabling low-cost counting of eyeball rotation frequency.
4.Systematic analysis of eye movement parameter dynamics and fatigue correlation: Using multiple eye movement parameters extracted by the above methods, combined with subjective questionnaire results, the dynamic changes of these parameters during prolonged VDT tasks and their correlation with visual fatigue levels are deeply analyzed, providing data support for constructing objective visual fatigue quantification models.
The remainder of this paper is organized as follows: Section 2 reviews related work; Section 3 details the proposed intelligent eye movement perception method; Section 4 presents the experimental design and result analysis; Section 5 concludes the paper and discusses future work.
Related Work
 Visual Fatigue Detection Based on Eye Movement Information
Eye movement behaviors (fixation, saccade, blink) are controlled by the central nervous system and periorbital muscles and are closely associated with visual fatigue. In recent years, researchers have conducted extensive studies using eye trackers. Wang et al. investigated the mechanisms of 3D visual fatigue using eye movement signals and found that fixation duration and fixation count decrease with increasing visual fatigue [14]. Li et al. extracted blink features using vertical electrooculogram signals, revealing the changing patterns of blink features during the development of visual fatigue [15]. Li et al. extracted 16 eye movement metrics using an eye tracker and constructed a fusion classification model to predict visual fatigue levels, achieving an accuracy of over 85% [16]. These studies confirm the potential of eye movement parameters as objective indicators of visual fatigue, but most rely on specialized eye-tracking equipment, limiting their application in daily scenarios.
Blink Detection and Incomplete Blink Recognition
Blink detection methods can be classified into three categories: physiological signal-based (e.g., electrooculogram EOG) [17], sensor-based [18], and computer vision-based [19]. Computer vision-based methods have become mainstream due to their non-contact nature. Traditional methods such as the EAR threshold method [20] are simple and efficient but lack robustness in complex scenarios. In recent years, deep learning has been widely adopted. Al-Nawashi et al. proposed a CNN-based blink detection method, achieving 96.2% accuracy on the ZJU dataset [21]. Zhou et al. designed a lightweight MobileNet-SSD model for real-time blink detection, achieving over 45 frames per second [22].
Incomplete blink recognition has received limited research attention due to its subtlety. Fogelton et al. extracted motion vectors from the eye region and used a recurrent neural network (RNN) for classification, achieving an F1 score of only 0.624 [23]. Zheng et al. developed a texture-aware U-Net (TAU-Net) to segment the palpebral fissure and measure its width, achieving a Dice coefficient of 0.9587 [24]. Liu et al. proposed a two-stream network with spatiotemporal attention, improving the F1 score for incomplete blink recognition to 0.85 [25]. Despite these advances, developing high-accuracy, low-complexity blink and incomplete blink recognition algorithms remains a research priority.
Eye Tracking Technology
Eye tracking technologies can be divided into invasive methods (e.g., EOG, eye trackers) and non-invasive methods (camera-based) [26]. Invasive methods offer high accuracy but are costly and inconvenient to use. Non-invasive methods typically localize the pupil or iris center through image processing. Khan et al. proposed a real-time pupil localization method based on cascaded regression trees, with an average error of less than 3 pixels [27]. Wang et al. combined U-Net with feature pyramid networks for accurate pupil segmentation in low-resolution images [28]. In recent years, deep learning-based end-to-end eye tracking methods have also made significant progress [29]. Cheng et al. proposed a fully convolutional network for gaze estimation, achieving state-of-the-art performance on the MPIIGaze dataset [30]. However, non-invasive methods still face challenges related to variations in illumination and head movements [31].
Intelligent Eye Movement Perception Method
The overall framework of the proposed intelligent eye movement perception method is illustrated in Figure 1. The method first extracts key eye movement parameters (blink parameters and eyeball rotation frequency) from facial videos recorded by ordinary cameras, and then analyzes their relationship with visual fatigue levels. The core modules include: LSTM-based blink recognition, CNN-LSTM-based automatic blink recognition, and eyeball center localization with eyeball rotation counting.
LSTM-Based Blink Recognition Algorithm
Dataset Construction
The data for this study were collected from 20 university student participants (21-28 years old, 9 males, 11 females) watching a 120-minute documentary on computers. Facial videos were recorded at a resolution of 1920×1080 and a frame rate of 50 fps. Face detection and eye localization were performed using 68 facial key points. Initial blink/non-blink video segments were detected using an EAR threshold. Subsequently, the left eye region was manually cropped, and video frames were uniformly resized to 256×128 with a fixed frame count of 20. The final dataset comprised 10,037 complete blink, 7,175 incomplete blink, and 17,315 non-blink video samples.
 Feature Extraction
The vertical distance from the midpoint of the upper eyelid to the eye corner (DucDuc​) was extracted as the feature parameter characterizing the blink process. For each frame of the left eye image, Single Scale Retinex (SSR) image enhancement, grayscale conversion, binarization, and adaptive threshold segmentation were sequentially applied to obtain the eye contour, and then DucDuc​ was calculated. Each 20-frame video segment was encoded as a 20-dimensional feature vector serving as input to the LSTM.
LSTM Model
LSTM is suitable for blink recognition due to its ability to effectively handle long-range dependencies in sequential data. The model architecture consists of one LSTM layer with 16 units and two fully connected layers. Dropout (0.5) and L2 regularization were employed to prevent overfitting. The model was trained using the Adam optimizer with learning rates ranging from 0.0001 to 0.0005, batch sizes of 64 or 128, and 500 epochs.
CNN-LSTM-Based Automatic Blink Recognition Algorithm
To eliminate the need for manual feature extraction, a CNN-LSTM hybrid model was proposed to achieve end-to-end classification from raw videos to blink categories. The model inputs a video (20 frames) into the CNN part to extract spatial features for each frame, then inputs the spatial feature sequence of all frames into the LSTM part to extract temporal features, and finally performs classification through a fully connected layer.
CNN Part: Contains two "convolutional layer-max pooling layer" modules. The first convolutional layer uses 32 kernels of size 3×3, and the second uses 32 kernels of size 5×5. All layers are applied to each frame using a TimeDistributed wrapper.
LSTM Part: Employs a two-layer LSTM structure, with the first layer having 512 units (with Dropout 0.5) and the second layer having 32 units, to capture temporal dependencies.
Output Layer: Uses the Softmax function to output the probability distribution over the three categories: non-blink, complete blink, and incomplete blink.
Eyeball Center Localization and Rotation Counting
Eyeball Presence Detection: First, blink frames are filtered out using the EAR threshold detection method, retaining only video segments where the eyes are open.
Eyeball Center Localization: The left eye image is processed through grayscale conversion, binarization, morphological closing (to remove noise), and morphological opening (to extract the eyeball). The center coordinates of the white circular region (eyeball) are then obtained by traversing the pixels.
Inner Eye Corner Localization: The left eye image is processed through SSR enhancement, grayscale conversion, binarization, and adaptive threshold segmentation to obtain the eye contour. The inner eye corner coordinates are then obtained by traversing the contour pixels.
Eyeball Rotation Determination: The horizontal distance (DhDh​) and vertical distance (DvDv​) between the eyeball center and the inner eye corner are calculated. When the change in DhDh​ or DvDv​ exceeds a preset threshold, an eyeball rotation is considered to have occurred, and the rotation frequency is counted accordingly.
Experimental Design and Result Analysis
Experimental Setup and Data
Experiments were conducted in a controlled laboratory environment with constant illumination and temperature. Participants were 20 university students (21-28 years old). The experimental task was watching a 120-minute documentary. Every 30 minutes, participants verbally answered a visual fatigue questionnaire (3 questions, each scored 0-2, total score 0-6). Facial videos were recorded using ordinary cameras.
Blink Recognition Experimental Results
LSTM-Based Blink Recognition
The dataset was divided into D1 (3 participants, for training/validation/testing) and D2 (3 different participants, for generalization testing). The experimental results are shown in Tables 1-3.
Table 1 presents the results for blink detection (binary classification). The model achieved an accuracy of 98.44% and an F1 score of 0.9842 on the D1 test set, and 95.35% accuracy on D2, demonstrating excellent classification performance and generalization capability.
Table 2 shows the results for incomplete blink recognition (binary classification). The model achieved an accuracy of 90.61% and an F1 score of 0.9064 on the D1 test set, and 86.85% accuracy on D2, confirming its effectiveness for this challenging task.
Table 3 presents the three-class classification results (incomplete blink vs. complete blink vs. non-blink). On D1, the model achieved an average F1 score of 0.92, and on D2 it achieved 0.88, indicating good generalization across different subjects.
Table 1 LSTM-Based Blink Detection Results (Binary Classification)
	Dataset
	Accuracy
	Precision
	Sensitivity
	Specificity
	F1_score
	AUC

	D1 Test Set
	98.44%
	98.94%
	97.91%
	98.96%
	0.9842
	0.9965

	D2
	95.35%
	96.43%
	94.18%
	96.51%
	0.9529
	0.9757



Table 2 LSTM-Based Incomplete Blink Recognition Results (Binary Classification)
	Dataset
	Accuracy
	Precision
	Sensitivity
	Specificity
	F1_score
	AUC

	D1 Test Set
	90.61%
	89.23%
	92.10%
	89.16%
	0.9064
	0.957

	D2
	86.85%
	86.96%
	86.71%
	86.99%
	0.8683
	0.9041



	Dataset
	Category
	Precision
	Sensitivity
	F1_score
	Accuracy
	Macro F1
	Weighted F1

	D1 Test Set
	Incomplete Blink
	0.91
	0.89
	0.9
	92%
	0.92
	0.92

	
	Complete Blink
	0.94
	0.88
	0.91
	
	
	

	
	Non-Blink
	0.9
	0.98
	0.94
	
	
	

	D2
	Incomplete Blink
	0.85
	0.83
	0.84
	88%
	0.88
	0.88

	
	Complete Blink
	0.87
	0.84
	0.86
	
	
	

	
	Non-Blink
	0.92
	0.97
	0.94
	
	
	


Table 3 LSTM-Based Three-Class Classification Results

CNN-LSTM-Based Automatic Blink Recognition
Using the CNN-LSTM model on the same datasets, we obtained the results shown in Table 4. On the D1 test set, the three-class classification accuracy reached 94% with an average F1 score of 0.94; on the cross-subject D2 dataset, the accuracy reached 93% with an average F1 score of 0.93. These results outperform the single LSTM model (Table 3) and require no manual feature extraction, demonstrating superior performance and generalization capability.
Table 4 CNN-LSTM Three-Class Classification Results
	Dataset
	Category
	Precision
	Sensitivity
	F1_score
	Accuracy
	Macro F1
	Weighted F1
	AUC (Macro)

	D1 Test Set
	Incomplete Blink
	0.92
	0.91
	0.92
	94%
	0.94
	0.94
	0.9721

	
	Complete Blink
	0.93
	0.94
	0.93
	
	
	
	

	
	Non-Blink
	0.98
	0.98
	0.98
	
	
	
	

	D2
	Incomplete Blink
	0.9
	0.9
	0.9
	93%
	0.93
	0.93
	0.9631

	
	Complete Blink
	0.91
	0.93
	0.92
	
	
	
	

	
	Non-Blink
	0.98
	0.97
	0.97
	
	
	
	


Eyeball Rotation Counting Results
Manual counting and algorithm recognition of eyeball rotations for the first 10 minutes of five participants were compared, as shown in Table 5. The algorithm recognition accuracy ranged from 87.78% to 91.40%, averaging approximately 90%, indicating that the method can accurately count eyeball rotations.
Table 5 Eyeball Rotation Counting Results for the First 10 Minutes
	Subject ID
	Manual Count
	Algorithm Recognition
	Recognition Accuracy

	1
	352
	309
	87.78%

	2
	465
	425
	91.40%

	3
	319
	289
	90.28%

	4
	331
	293
	88.52%

	5
	392
	358
	91.33%

	Average
	371.8
	334.8
	89.86%



Eye Movement Parameter Dynamics and Correlation Analysis
The 120-minute experiment was divided into four time periods (T1-T4, each 30 minutes), and eye movement parameters were counted for each period. Table 6 summarizes the statistical comparisons.
Visual fatigue questionnaire scores increased significantly over time (T2,T3,T4 > T1, p<0.01). Blink counts in T3 and T4 were extremely significantly higher than those in T1 and T2 (p<0.01). Complete blink counts showed a significant increasing trend from T1 to T4. Incomplete blink counts increased significantly in T2 and T3. Eyeball rotation frequency decreased significantly in T3 and T4.
Table 6 Statistical Comparison of Eye Movement Parameters Across Time Periods
	Parameter
	T1 (0-30min)
	T2 (30-60min)
	T3 (60-90min)
	T4 (90-120min)
	Significant Differences

	Visual Fatigue Score
	0 (median)
	2 (median)
	2 (median)
	4 (median)
	T2,T3,T4 > T1 (p<0.01)

	Blink Count
	Baseline
	↑
	↑↑
	↑↑
	T3,T4 > T1,T2 (p<0.01)

	Complete Blink Count
	Baseline
	↑
	↑↑
	↑↑↑
	T3 > T1,T2; T4 > T1,T2,T3

	Incomplete Blink Count
	Baseline
	↑
	↑↑
	↑
	T2 > T1; T3 > T1,T2; T4 > T1,T3

	Incomplete Blink Proportion
	Baseline
	↑
	↑
	↓
	No significant difference

	Eyeball Rotation Count
	Baseline
	→
	↓
	↓↓
	T3 < T2; T4 < T1,T2,T3 (p<0.05)



Correlation analysis between eye movement parameters and visual fatigue scores is presented in Table 7. Blink count and complete blink count were extremely significantly positively correlated with visual fatigue scores (p<0.01). Incomplete blink count was significantly positively correlated (p<0.05). Eyeball rotation frequency was extremely significantly negatively correlated (p<0.01). The incomplete blink proportion showed no significant correlation.
Table 7 Correlation Between Eye Movement Parameters and Visual Fatigue Scores
	Parameter
	Correlation Coefficient
	p-value
	Significance

	Blink Count
	0.68
	<0.01
	Extremely Significant Positive Correlation

	Complete Blink Count
	0.62
	<0.01
	Extremely Significant Positive Correlation

	Incomplete Blink Count
	0.45
	<0.05
	Significant Positive Correlation

	Incomplete Blink Proportion
	-0.12
	>0.05
	Not Significant

	Eyeball Rotation Count
	-0.71
	<0.01
	Extremely Significant Negative Correlation



Comparison with Existing Methods
Table 8 compares our proposed methods with state-of-the-art approaches reported in recent literature. Our LSTM-based method achieves superior performance in blink detection and incomplete blink recognition compared to prior work. The CNN-LSTM hybrid model further improves three-class classification accuracy, demonstrating the effectiveness of the proposed approach.
Discussion
The experimental results validate the effectiveness of the proposed method. The LSTM model achieves higher robustness than traditional threshold methods by leveraging the temporal dynamics of the blink process. The CNN-LSTM model goes further by automatically learning spatiotemporal features that are more discriminative than the handcrafted feature (DucDuc​), achieving superior classification performance. Compared with recent studies [21, 25], the proposed method demonstrates advantages in both recognition accuracy and generalization capability.
The dynamic patterns of eye movement parameters are consistent with previous findings [6, 7]. As visual fatigue increases, blink count increases as a compensatory reflex to alleviate dry eye [32]. The decrease in eyeball rotation frequency reflects fatigue of the neuromuscular system and a decline in visual search ability [33].

Table 8 Performance Comparison with State-of-the-Art Methods
	Task
	Source
	Method
	Key Result

	Blink Detection
	Al-Nawashi et al. (2023) [21]
	CNN
	Accuracy: 96.2%

	Blink Detection
	Zhou et al. (2022) [22]
	MobileNet-SSD
	FPS: 45+

	Blink Detection
	Soukupova & Cech (2022) [19]
	Deep Learning-based
	F1: 0.952

	Blink Detection
	Ours (LSTM)
	LSTM + DucDuc​
	Accuracy: 98.44%, F1: 0.9842

	Incomplete Blink Recognition
	Fogelton et al. (2021) [23]
	RNN + Motion Vectors
	F1: 0.624

	Incomplete Blink Recognition
	Zheng et al. (2022) [24]
	TAU-Net
	Dice: 0.9587

	Incomplete Blink Recognition
	Liu et al. (2024) [25]
	Spatio-Temporal Attention
	F1: 0.85

	Incomplete Blink Recognition
	Ours (LSTM)
	LSTM + DucDuc​
	F1: 0.9064

	Three-Class Classification
	Ours (LSTM)
	LSTM + DucDuc​
	Macro F1: 0.92

	Three-Class Classification
	Ours (CNN-LSTM)
	CNN-LSTM
	Macro F1: 0.94


Conclusion and Future Work
This paper proposed an intelligent eye movement perception method for VDT visual fatigue assessment based on ordinary cameras. The main contributions include: (1) an LSTM-based blink detection and incomplete blink recognition algorithm that achieves high-precision temporal modeling of blink events; (2) a CNN-LSTM hybrid deep network that realizes end-to-end classification from raw videos to blink categories, outperforming the single LSTM model; (3) a low-cost image processing-based eye tracking algorithm that effectively counts eyeball rotations; (4) systematic analysis of the dynamic changes of multiple eye movement parameters during prolonged VDT tasks and their correlation with visual fatigue, providing a basis for constructing objective visual fatigue assessment models.
Despite these achievements, limitations remain: (1) the experimental environment was relatively ideal, without fully considering complex lighting conditions and large head movements; (2) the participant population was homogeneous (university students) with a limited sample size; (3) the eye tracking algorithm is sensitive to parameters and requires improved adaptability.
Future work will focus on: (1) incorporating more diverse scenarios through data augmentation to enhance model robustness; (2) expanding the participant pool to include users of different ages, occupations, and eye health conditions to validate generalizability; (3) developing more robust eye tracking algorithms, such as incorporating Kalman filtering or deep learning-based keypoint detection, to accommodate larger head movements; (4) constructing a visual fatigue level quantification model based on the extracted multi-dimensional eye movement parameters and integrating it into intelligent terminal devices for real-time visual fatigue alerts.
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