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ABSTRACT 

The objective of this thesis was to design, develop, and validate a novel non-

contact method for measuring intraocular pressure (IOP) through the analysis of 

corneal dynamics induced by natural blinking. The proposed method leverages 

high-speed ocular imaging and image processing techniques to quantify corneal 

rebound, associated with IOP, following eyelid-induced deformation, thus 

eliminating the need for contact-based tonometry. 

An acquisition system was developed, consisting of a modified ophthalmic chin 

rest and a high–frame rate camera, to capture the lateral corneal profile during 

blinking. From the acquired images, ocular masks were generated by applying a 

deep learning–based segmentation model. Subsequently, a geometry-based 

approach was applied to extract the corneal profile from these masks. The 

longitudinal displacement of this profile was analyzed during the eye-opening 

phase of the blink. The temporal behavior of the displacement followed an 

exponential curve, from which two biomechanical metrics describing corneal 

dynamics were derived: the time constant (τ), representing the speed of corneal 

rebound, and the displacement amplitude (A), quantifying the extent of corneal 

profile movement. These metrics were first evaluated in terms of intra-subject 

repeatability on healthy participants, providing reference variability ranges for 

future clinical studies. 

The method was then applied to assess corneal dynamics under baseline and 

elevated IOP conditions, the latter induced through the Valsalva maneuver and 

confirmed with a portable tonometer. Results obtained from healthy volunteers 
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showed a statistically significant reduction in τ under elevated IOP, indicating a 

faster corneal rebound, while A remained unchanged. This suggests that τ is a 

promising parameter for detecting relative IOP variations, whereas A is less 

sensitive to pressure changes. 

By enabling continuous, non-invasive, and home-based IOP monitoring, this 

approach has the potential to complement or partially replace traditional 

tonometry, thereby improving early glaucoma detection and follow-up. In 

addition, the thesis explores complementary developments, including noise-

robust blink detection algorithms and complete ECG waveform segmentation, 

broadening the scope of non-contact biomedical measurement systems. 
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INTRODUCTION1 

1.1 OVERVIEW AND THESIS OBJECTIVE 

Glaucoma is a chronic, progressive optic neuropathy characterized by the 

degeneration of retinal ganglion cells and the corresponding axons in the optic 

nerve, ultimately leading to irreversible visual field loss [3], [4]. It represents the 

second leading cause of blindness globally and the first cause of irreversible 

blindness [5], with a prevalence that increases significantly with age. Recent 

epidemiological studies estimate that glaucoma affects over 76 million people 

worldwide, with projections suggesting this number may exceed 110 million by 

2040 [6]. 

Among the various forms of glaucoma, POAG is the most common. It is typically 

associated with elevated IOP, which remains the only modifiable risk factor for 

the development and progression of the disease [7], [8]. However, other clinical 

conditions complicate this association. In NTG, optic nerve damage occurs even 

when IOP values remain within the statistical norm [9], whereas OHT describes 

elevated IOP in the absence of detectable optic nerve damage or visual field 

defects [10]. These forms underscore the multifactorial nature of the disease and 

the importance of frequent IOP monitoring to assess risk and progression over 

time. 

Traditionally, IOP is measured using GAT, which estimates the pressure 

 

1
 This introduction is based on the papers [1], [2]. 
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required to flatten a known area of the cornea [11]. Although GAT is widely 

regarded as the gold standard, its limitations are well-documented: it requires 

corneal contact and topical anesthetic, is operator-dependent, and must be 

performed in a clinical setting [12], [13]. These limitations restrict the frequency 

and continuity of measurements, rendering it unsuitable for long-term, real-time 

monitoring. Yet, IOP is known to fluctuate diurnally and in response to systemic 

or physiological stimuli, such as posture, hydration, or physical exertion [14], 

[15], which may not be captured during single-time clinical assessments. 

In response to these limitations, alternative IOP monitoring technologies have 

emerged in recent years. Rebound tonometry, such as the iCare series, allows for 

user-friendly, anesthesia-free contact measurements and is now FDA-approved 

for home use [16]. NCT, which uses an air puff to measure corneal deformation, 

eliminates the need for contact but suffers from reduced accuracy and sensitivity 

to corneal biomechanics [17], [18]. 

More recently, implantable pressure sensors and smart contact lenses have been 

developed to enable long-term and even continuous IOP monitoring. These 

include MEMS-based sensors surgically implanted within the eye [19], [20], [21], 

[22] or systems embedded in soft contact lenses capable of streaming IOP data in 

real time [23], [24], [25], [26], [27]. While promising, these technologies still 

present several limitations. Smart contact lenses embedded with sensors offer 

continuous IOP monitoring, but may be affected by blinking and posture changes 

[28], [29]. Implantable sensors provide direct measurements of IOP but require 

surgical implantation and are associated with potential ocular damage [30], [31], 

[32]. Therefore, despite addressing some of the challenges of traditional 

approaches, these innovative methods still involve direct contact with the eye 

and present safety and usability concerns that currently hinder widespread 

clinical adoption. 

The goal of this research is to explore a completely non-contact and camera-based 
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alternative to IOP monitoring, based on the hypothesis that spontaneous blinking 

can serve as a natural actuation mechanism for characterizing corneal 

biomechanics, which are themselves influenced by internal ocular pressure. 

During a blink, the upper eyelid applies a mechanical force onto the corneal 

surface, inducing a temporary deformation [33], [34], [35]. Once the lid reopens, 

the cornea returns to its original shape, with a recovery process governed by its 

intrinsic elastic properties and the opposing pressure exerted by the internal fluid 

compartments of the eye. By capturing the blink-induced corneal motion using a 

high-speed camera and tracking the corneal profile throughout the blink cycle, it 

becomes possible to extract meaningful dynamic parameters such as deformation 

amplitude, rebound time constant, and displacement trajectory. 

These parameters, if consistently correlated with IOP, could form the basis for a 

low-cost, non-invasive, and home-deployable IOP screening method. The use of 

an RGB camera, similar to those available in smartphones or embedded in 

wearable devices, further increases the accessibility of the method and opens new 

perspectives in remote glaucoma monitoring and telemedicine. 

The development of such a system involves several technical challenges, 

including the accurate detection of blinks, robust segmentation of the ocular 

region across varying eye states (closed, semi-closed, open), and the modeling of 

corneal dynamics from noisy or partially occluded visual data. To address these 

challenges, a full processing pipeline has been developed, which includes image 

correlation for blink detection, deep learning–based segmentation using U-Net 

architectures, and geodesic path extraction to isolate the corneal contour. The 

temporal evolution of the corneal centroid is then modeled using exponential 

fitting to derive the desired biomechanical features. 

To validate the proposed method, a dataset of lateral eye blink videos was 

acquired from human participants using a custom-built imaging system 

operating at 510 FPS. A case-control experimental setup was used to compare 
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baseline and elevated IOP conditions, the latter induced using the Valsalva 

maneuver, a natural and non-invasive technique that causes a temporary IOP 

increase [36], [37], [38], [39]. 

This project was developed within an international collaboration involving the 

Department of Electrical and Information Engineering at Politecnico di Bari, the 

Fischell Department of Bioengineering at the University of Maryland, College 

Park, and the University of Maryland School of Medicine, Baltimore. The 

interdisciplinary contributions from biomedical engineers, computer scientists, 

and ophthalmologists allowed for the design, implementation, and preliminary 

clinical validation of the proposed IOP estimation system. 

 

1.2 THESIS STRUCTURE 

The thesis is structured as follows: in  By integrating ECG analysis with the 

ocular-based metrics developed in previous chapters, this final part of the thesis 

expands the proposed framework toward multi-parametric health monitoring, 

where cardiovascular and ocular signals can be jointly interpreted to provide a 

more comprehensive understanding of IOP dynamics and ocular biomechanics 

in relation to systemic physiological states. 

 
Chapter 1, the performance of five image processing algorithms for eye blink 

detection is evaluated. The chapter presents the experimental framework, 

including the acquisition protocol and the metrics adopted to assess accuracy and 

repeatability in detecting blinking frames. The goal is to identify the most reliable 

algorithm for subsequent processing steps. 

In  
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Chapter 2, the robustness of the same set of algorithms is investigated under 

various noise conditions. Additive Gaussian noise is introduced at increasing 

intensities, and a Monte Carlo simulation is used to assess how each method's 

performance degrades. The chapter identifies the most resilient algorithm under 

noisy and suboptimal acquisition conditions, which are often encountered in 

real-world scenarios. 

Chapter 3 introduces a novel non-invasive method for analyzing blink-induced 

corneal deformation using a lateral high-speed imaging acquisition system. After 

segmenting the ocular region and extracting the corneal contour, the temporal 

evolution of the corneal centroid is modeled using a first-order exponential 

function. This enables the extraction of biomechanical parameters such as 

deformation amplitude and recovery time constant, which are hypothesized to 

be influenced by intraocular pressure. 

In 

Chapter 4, an experimental validation is carried out to investigate the 

relationship between blink-related corneal dynamics and intraocular pressure. 

Measurements are performed under baseline and elevated IOP conditions, the 

latter obtained through the Valsalva maneuver. A portable tonometer is used to 

obtain reference IOP values, and statistical analyses are conducted to evaluate 

whether the proposed features can effectively discriminate between the two 

pressure states. 

Finally, 

Chapter 5, focuses on ECG signal segmentation for telemedicine applications. 

While the previous chapters of the thesis investigate ocular dynamics and IOP 

variations induced by blinking and the Valsalva maneuver, cardiovascular 

activity, captured by the ECG, is known to modulate both ocular perfusion and 

IOP through systemic blood pressure oscillations and autonomic regulation. 

Thus, this chapter presents a pipeline to detect the complete P–QRS–T complex 
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in single-lead ECG recordings using wavelet decomposition and Otsu’s 

thresholding. The algorithm’s performance is validated in terms of temporal 

accuracy and intersection-over-union with annotated ECG events. By integrating 

ECG analysis with the ocular-based metrics developed in previous chapters, this 

final part of the thesis expands the proposed framework toward multi-

parametric health monitoring, where cardiovascular and ocular signals can be 

jointly interpreted to provide a more comprehensive understanding of IOP 

dynamics and ocular biomechanics in relation to systemic physiological states. 

 

CHAPTER 1 

EYE BLINK DETECTION: 

ALGORITHMS PERFORMANCE 

EVALUATION2 

 INTRODUCTION 

An eye blink is formally defined as a temporary closure of the eyes, involving the 

coordinated movement of the upper and lower eyelids [41]. In adults, the average 

blinking rate is approximately 12 times per minute, with a typical blink duration 

ranging between 100 and 400 milliseconds [42].  

Eye blink dynamics are relevant in numerous domains, including HCI, gaze 

 

2 This Chapter is based on [40]. 
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tracking systems,  and various medical contexts [43], [44], [45]. For example, 

studies have shown that patients with Parkinson’s disease tend to blink more 

slowly than healthy individuals, whereas those with Tourette syndrome exhibit 

more rapid blinking patterns [46]. Such findings have led to the use of blink rate 

as a biomarker for certain neurological disorders, potentially offering a non-

invasive alternative to traditional diagnostic tools based on muscle activity, such 

as hand grip strength [10]. Moreover, blink characteristics have been linked to 

IOP and are of growing interest in glaucoma management, particularly in 

relation to vascular components implicated in NTG [47], [48]. 

Other notable applications of blink detection include eye fatigue analysis for 3D 

display viewing, psychological state assessment [49], and driver drowsiness 

monitoring [50]. 

Blink detection techniques can be broadly classified into non-image-based and 

image-based methods. Non-image-based approaches include EOG [51], EMG 

[52], and EEG. These methods offer rapid signal acquisition but are inherently 

invasive, requiring physical contact with the subject, which can lead to 

discomfort and introduce signal artifacts due to muscle activity.  

In contrast, image-based methods are entirely non-invasive, requiring no 

physical contact with the eye. Their performance largely depends on image 

acquisition conditions, such as lighting and shutter speed. Although generally 

more computationally demanding, they can deliver high accuracy. Depending 

on the data source, these methods may rely on video sequences, single-image 

analysis with or without prior training, and a variety of machine learning or 

handcrafted feature extraction techniques. 

Several algorithms for image-based blink detection have been proposed in the 

literature. Some use spatiotemporal filters and variance maps to locate the eyes.  

Mobile-based approaches, such as drowsiness detection systems using the 

OpenCV library on Android platforms, rely on Haar classifiers and template 
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matching [53]. 

Other methods leverage LBP, achieving detection rates up to 99.2% by comparing 

the histogram of LBP descriptors of open eyes against those in subsequent frames 

[54]. Alternative strategies tracking the EAR over time [55], and following eyelid 

motion through landmark detection and filtering [56]. Techniques using light 

reflection [57], color-space analysis (e.g., HSV space) [58], and robust finite state 

machines [59] have also demonstrated promising accuracy in detecting eye 

states. 

The primary aim of this chapter is to evaluate and compare the performance of 

five non-supervised image processing algorithms for eye blink detection using a 

low-cost image acquisition system. Among them, a novel method based on iris 

area variation across video frames is introduced, while the remaining four 

algorithms are adapted from existing approaches in the literature. Each method 

operates on RGB video frames, and an additional analysis investigates whether 

the use of individual RGB channels improves performance compared to 

grayscale processing. 

1.1  IMAGE ACQUISITION SYSTEM 

The acquisition system designed for this study was developed to capture videos 

of the eye during natural, spontaneous blinking in a controlled and repeatable 

manner. The setup includes an ophthalmic chin rest to stabilize the participant's 

head and minimize involuntary movements throughout the recording process. 

A smartphone running iOS is used as the imaging device, positioned in front of 

the subject using a custom-built cartesian support structure. 

This structure was assembled using Bosch Rexroth 20x20 mm aluminum profiles, 

offering mechanical flexibility and precision in camera positioning. The 

smartphone holder, affixed to the main frame, was manufactured using additive 
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manufacturing techniques to ensure mechanical compatibility and ergonomic 

alignment. The modular design of the setup allows for fine manual adjustment 

along three axes, enabling accurate alignment between the smartphone camera 

and the participant’s eye. 

The smartphone’s camera settings were configured to capture video at a frame 

rate of 30 FPS, with a resolution of 848 × 464 pixels and a standard 24-bit RGB 

color depth (8 bits per channel). While this frame rate is not high enough to 

analyze the entire blink dynamics in detail, it is sufficient to identify the presence 

and timing of blink events. 

To ensure consistent lighting conditions, the experiments were conducted 

indoors. A circular ring light was mounted around the smartphone lens to 

provide homogeneous illumination of the participant’s face. The distance 

between the camera and the chin rest was fixed at 100 mm. The position of the 

camera was adjusted so that approximately half of the subject’s face was included 

in the video frame, with particular attention to the eye region. This configuration 

is shown in Fig. 1, which includes both frontal and lateral views of the 

experimental setup. 

 
a) 

 
b) 

Fig. 1. Image Acquisition System. a) frontal and b) lateral view. 

The videos were recorded in RGB format and later converted to grayscale for 

further analysis, allowing for a comparative evaluation of the image processing 

algorithms on both color and monochrome images. An example frame acquired 

during the experiment is presented in Fig. 2, showing the original RGB image 







CHAPTER 1 

28 

 

where R, G, and B represent the red, green, and blue channel values, respectively. 

This formulation emphasizes the eye region by assigning higher values where 𝐶𝐶௕ 

is large and 𝐶𝐶௥  is small, typically corresponding to the iris. In cases where the 

RGB components are equal (e.g., in grayscale regions), 𝐶𝐶௥  becomes zero, causing 

the division to diverge. These pixels are thus excluded from the skin region. 

Following the creation of the eye map, Otsu's thresholding is applied to binarize 

the image. This method selects an optimal threshold that minimizes the intra-

class variance between foreground (eye) and background (skin) pixels [64]. 

However, the initial binary mask may include edge-connected artifacts. To 

mitigate this, a clear border operation is applied to remove objects touching the 

image edges. Next, the binary mask undergoes morphological filtering: erosion 

using a disk structuring element with a radius of 10 pixels, followed by dilation 

with a radius of 20 pixels. This sequence helps eliminate small, unwanted 

regions—such as those caused by skin texture—while preserving the main 

structures associated with the eyes and eyebrows. The resulting binary mask is 

illustrated in Fig. 4a. 

To isolate the ROI corresponding specifically to the eye region, the bounding 

boxes of each connected component in the binary mask are computed. The lowest 

bounding box in the vertical direction is selected automatically, assuming that 

the eyes are positioned below the eyebrows. This approach ensures a consistent 

and accurate crop around the eye. An example of this selection is shown in Fig. 

4b. 
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Fig. 10. Standard deviation of y-component of velocity. 

To remove outlier peaks in the μ and σ waveforms, a Kaiser FIR low-pass filter 

with a normalized cut-off frequency of 0.1 is applied and the results are shown 

in Fig. 9 and Fig. 10 (red line), respectively. 

The zero-crossing algorithm proposed in this study is based on the detection of 

zero-crossing points in the μ waveform. After that, to determine which of these 

points is an onset or offset of eye blinking, a peak detector is applied to the σ 

waveform because each peak is related to an eye blink. Indeed, the onset of the 

eye blink is defined as the first zero of μ waveform before i-th peak whereas the 

offset as the first zero in the μ waveform after the i-th peak. The resulting logical 

signal, representing blink detection, is shown in Fig. 11 (red line). 

 

Fig. 11. Eye state prediction from the optical flow estimation algorithm. 
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optimally responsive to eye blinking, characterized by a scale of 3 and an 

orientation of 7, as described in [72]. This process results in a filtered image 

denoted as ݔ)ܩ, 𝑦𝑦|ݑ, ݔ) where ,(ݒ ,𝑦𝑦) are the coordinates of the pixel, whereas 

,ݑ)  are the scale and orientation of the Gabor kernel, respectively. The output (ݒ

response ݔ)ܩ ,𝑦𝑦 ∣  is summed across all pixels to obtain a global energy (ݒ,ݑ

response ܱ(ݒ,ݑ) for each frame, as can be depicted in Fig. 19. 

 
Fig. 19. Cumulative sum of Gabor response signal. 

This raw signal is then smoothed using a 3rd-order median filter to reduce high-

frequency noise (Fig. 20).  

 
Fig. 20. Raw signal (yellow) and filtered signal after median filtering (red). 

Finally, a logic signal is obtained by thresholding the filtered response at its mean 

value, effectively discriminating between open and closed-eye states (Fig. 21). 



CHAPTER 1 

37 

 

 
Fig. 21. Eye state prediction using Gabor Decomposition algorithm. 

1.4  THRESHOLDING 

Both iris area detection and image correlation algorithms need to threshold a raw 

signal to obtain the result of classification. This is done by applying two 

thresholds, a low-level and high-level threshold, named thL and thU, 

respectively. An example is shown in Fig. 22. 

 

Fig. 22. Hysteresis threshold applied to the raw signal. 

These threshold values are computed by solving an optimization problem that 

maximizes the mean F1-score of the classifier for all the acquired videos and for 

each channel. These values are reported in Table 2. 

 Th. level R G B Grayscale 
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Algorithm 1 
thL 0.82 0.72 0.78 0.78 

thU 0.87 0.93 0.91 0.92 

Algorithm 3 
thL 0.77 0.77 0.77 0.81 

thU 0.92 0.89 0.89 0.90 

Table 2. Hysteresis threshold values. 

On the other hand, the second algorithm, which is based on the motion vectors, 

does not need the application of a threshold to obtain a logical signal. In this case, 

the optimized parameters are related to the optical flow estimator. In particular, 

the number of pyramid levels and the neighborhood size. Numeric values are 

reported in Table 3 for each channel and for the grayscale image. 

 Parameters R G B Grayscale 

Algorithm 2 
Pyramid levels 2 2 2 2 

Neighborhood size 21 17 15 17 

Table 3. Optical flow estimator parameters. 

1.5  DISCUSSION 

To evaluate and compare the performance of the five unsupervised algorithms 

previously described, two different classification strategies were adopted. The 

first approach, referred to as frame-wise classification, labels each frame as either 

an open-eye or closed-eye state. This method allows for a detailed assessment of 

the algorithm's behavior on a per-frame basis, providing insights into its 

precision and sensitivity in detecting blink-related frames. 

In addition to the frame-level analysis, a second, higher-level approach, termed 

event detector, was used. Here, each blink was considered as a temporal event 

composed of a continuous sequence of frames where the eye is closed. The output 

of each algorithm was compared against a manually labeled ground truth that 

identified the exact onset and offset of each blink. A blink was considered 
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class is usually referred to as the positive class, whereas the majority class is 

assumed to be the negative one[74]. Indeed, in the study case, the positive class 

is related to the closed eye, whereas the negative one refers to the open eye state. 

The metrics defined for the frame classifier are summarized in Table 4: 

Accuracy 
ܶ𝑇𝑇 + ܶܰܶ𝑇𝑇 + ܶܰ + 𝐹𝐹ܨ +  𝐹𝐹ܨ

Precision 
ܶ𝑇𝑇ܶ𝑇𝑇 + 𝐹𝐹ܨ  

Sensitivity 
ܶ𝑇𝑇ܶ𝑇𝑇 +  𝐹𝐹ܨ

F1-Score 
2 × ܵ𝑆𝑆݊݅ݐ݅ݏ𝑆𝑆݅ݐ𝑆𝑆 × 𝑆𝑆ݐ𝑆𝑆݅݅ݐ݅ݏ𝑃𝑃ܵ𝑆𝑆݊݋𝑃𝑃ܿ𝑃𝑃𝑃𝑃𝑃𝑃ݎܲ + 𝑃𝑃݋𝑃𝑃ܿ𝑃𝑃𝑃𝑃𝑃𝑃ݎܲ  

Table 4 - Evaluation metrics for the frame classifier 

The results of the frame classifier for each metric and image color channel, 

obtained by applying the five different algorithms can be depicted in Table 5. 

 

Table 5. Results of the frame classifier. 

As can be seen in Table 5, the accuracy reaches the maximum value when the 

first algorithm is applied to the red channel of the RGB video frames. Due to the 

imbalanced dataset, the accuracy alone is not sufficient to describe the 

classification, so other metrics must be comprehensively considered. In terms of 

Method Channel Accuracy Precision Sensitivity F1-score

Red 89,4 93,5 63,1 75

Green 75 59,6 80,4 65

Blue 84 77,6 75,2 73,2

Grayscale 82,4 66 77,2 69,6

Red 83,5 61,9 84,9 70,3

Green 85,2 64,6 85,4 73,1

Blue 85,3 64,4 89,4 74,4

Grayscale 83,5 61,4 86,2 71,6

Red 87,1 94,9 53,1 64,7

Green 87,1 91,5 53,4 65,2

Blue 82,2 77,2 59,1 61,4

Grayscale 84,9 81,4 55,7 62,7

Red 85,9 81,1 57,8 66,1

Green 85 77,2 59,7 65,1

Blue 83,7 74,4 60,9 64

Grayscale 85,1 77,9 60 65,6

Red 87,6 86,6 60,5 69,7

Green 87,5 86 62,4 70,4

Blue 87,7 86,5 63,3 71,1

Grayscale 87,9 87,2 62 70,9

Algorithm 1

Algorithm 2

Algorithm 3

Algorithm 4

Algorithm 5
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accuracy, it is evident that the third algorithm demonstrates the highest 

performance when applied to the red or green channels. On the other hand, the 

fifth algorithm exhibits the best performance for the blue channel and the 

grayscale image. 

On the contrary, the sensitivity is higher when the second algorithm is employed. 

Moreover, the best results in terms of F1-score are achieved when the first 

algorithm is applied to the red channel. 

1.5.2 EVENT DETECTOR 

The event detector is used to verify if one predicted blink occurs within the GT 

blink signal, where GT refers to the actual eyeblinks that exist in the eyeblink 

signal.  

Three different cases could happen and can be classified as: 

1. TP, when there is an intersection between the ground truth blink and the 

predicted blink frames (Fig. 24a). 

2. FP, when the classifier predicts a blink, but it is not in the ground truth. 

(Fig. 24b). 

3. FN, when an eye blink that occurs in the GT is not detected by the classifier 

(Fig. 24c). 

a) 
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b) 

 

c) 

Fig. 24. Three different cases for the event detector. 

Hence, the event detector classifies an eye blink as TP when the predicted eye 

blink overlaps with the GT. A FP arises when the predicted blink frames indicate 

an eye blink event, but there is no corresponding occurrence in the ground truth 

data. Lastly, a FN occurs when an eye blink that is present in the ground truth 

data is not detected by the classifier. 

Indeed, since there is no possibility to define TN for the event detector, the 

metrics employed to assess the performance of the event classifier are 

summarized in Table 6: 

Precision 
ܶ𝑇𝑇ܶ𝑇𝑇 +  𝐹𝐹ܨ

False Discovery Rate 

(FDR) 

𝐹𝐹ܨ𝐹𝐹ܨ + ܶ𝑇𝑇 

Sensitivity 
ܶ𝑇𝑇ܶ𝑇𝑇 +  𝐹𝐹ܨ

Accuracy 
ܶ𝑇𝑇ܶ𝑇𝑇 + 𝐹𝐹ܨ +  𝐹𝐹ܨ
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Table 6. Evaluation metrics for the event detector. 

The results of the event classifier are summarized in Table 7. 

 

Table 7. Results of the event detector. 

As can be seen in Table 7, both accuracy and precision reach 100% when the red 

channel is used, except for the fourth algorithm. Considering the sensitivity, it 

can be said that all algorithms, applied to all channels, detect 100% of happened 

eye blinks. Lastly, the false discovery rate is useful to understand which 

algorithm introduces fewer false blinks. More in-depth, the red channel is the 

most suitable channel to be considered because in those cases the observed FDR 

is zero, except for the fourth algorithm. 

1.6  CONCLUSION 

The primary objective of this study has been to evaluate and compare the 

performance of the proposed iris area calculation technique with four commonly 

employed unsupervised, image-based methods for detecting eye blinks. This 

evaluation has been conducted using a cost-effective system to capture a 

Method Channel Accuracy Precision Sensitivity FDR

Red 100 100 100 0

Green 100 100 100 0

Blue 90 90 100 10

Grayscale 100 100 100 0

Red 100 100 100 0

Green 100 100 100 0

Blue 100 100 100 0

Grayscale 100 100 100 0

Red 100 100 100 0

Green 95 95 100 5

Blue 95 95 100 5

Grayscale 95 95 100 5

Red 71,9 71,9 100 28

Green 66,9 66,9 100 33

Blue 63,7 63,7 100 36

Grayscale 67,9 67,9 100 32

Red 100 100 100 0

Green 89,3 89,3 100 11

Blue 82,7 82,7 100 17

Grayscale 90,6 90,6 100 9,4

Algorithm 1

Algorithm 2

Algorithm 3

Algorithm 4

Algorithm 5
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sequence of external eye images.  

For each algorithm, a frame classifier, which detects eye state, and an event 

classifier, which detects eye blinks from an acquired video have been analyzed. 

More in-depth, comparison between these algorithms has been done for each 

RGB channel and for conversed grayscale images. The performance of frame 

classifiers has been analyzed considering the F1-score to consider both the 

precision and sensitivity of the model, while accuracy, precision, sensitivity and 

false discovery rate have been considered to compare the event classifiers. 

In light of the results observed for the frame classifier and the event detector, it 

has been demonstrated that, when an RGB camera is available, the best algorithm 

for detecting eye blinking is the one based on the iris area applied to the red 

channel, whereas if a grayscale camera is used, the second algorithm is superior. 

For the frame classifier, the best results have been obtained with the novel 

algorithm, which is based on the iris area calculation, obtaining a valuable 

precision of 93%. In addition, the most suitable color channel to correctly detect 

if eyes are open or closed is the red (R) one due to the highest F1-score. However, 

it has also been found that, when higher sensitivity to closed eye is required, 

calculation of optical flow on the blue channel produces an improved sensitivity 

of 89%, at the expense of a precision of less than 70%.  

Regarding the event detector, all five algorithms applied in our experiments to 

the red channel reached a 100% detection rate for eye blinks. However, the fourth 

algorithm applied to the red channel reached a FDR of 28%, whereas the others 

did not detect false blinks.  

In conclusion, it is evident that the novel algorithm, grounded in iris area 

detection, consistently outperforms the other four methods in terms of F1-score 

for the frame classifier. Regarding the event detector, when this method was 

applied in our experiments to the red channel, it reached a 100% detection rate 

with no false blinks, showcasing its effectiveness in detecting eye blinks. 
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CHAPTER 2 

NOISE ROBUSTNESS OF BLINK 

DETECTION ALGORITHMS3 

INTRODUCTION 

Eye blink detection plays a crucial role in a wide range of applications, from 

human–computer interaction and driver drowsiness monitoring to clinical 

diagnostics and ocular health assessment [53], [76], [77], [78]. In these contexts, 

the ability to accurately detect eye blinks is highly dependent on the quality of 

the acquired images. However, in real-world scenarios, image quality is often 

degraded by various noise sources, such as sensor imperfections, environmental 

lighting variations, and transmission artifacts. This degradation can significantly 

impact the performance of image processing algorithms, resulting in reduced 

detection accuracy and reliability. 

While  By integrating ECG analysis with the ocular-based metrics developed in 

previous chapters, this final part of the thesis expands the proposed framework 

toward multi-parametric health monitoring, where cardiovascular and ocular 

signals can be jointly interpreted to provide a more comprehensive 

understanding of IOP dynamics and ocular biomechanics in relation to systemic 

physiological states. 

 

3 This Chapter is based on [75]. 
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Chapter 1 presented a comparative evaluation of five unsupervised image 

processing algorithms for eye blink detection in noise-free conditions, the present 

study investigates their robustness when operating on noisy data. The selected 

algorithms include: 

1. Iris Area Detection (IAD), algorithm #1 

2. Optical Flow Estimation (OF), algorithm #2 

3. Image Correlation (IC), algorithm #3 

4. Local Binary Pattern (LBP), algorithm #4 

5. Gabor Decomposition (GD), algorithm #5 

Many studies have investigated blink detection, but few have focused on the 

effect of noise on blink detection algorithms. This study addresses this gap by 

evaluating the robustness of five non-supervised, image-based algorithms for 

eye blinking detection when noisy images are considered. Although real-world 

scenarios include various sources of noise—such as camera sensor 

characteristics, acquisition parameters like shutter speed, and lighting conditions 

[79], the presence of Gaussian noise is generally considered a good 

approximation. Consequently, modeling noise as a Gaussian distribution is a 

common assumption in the literature [80], [81], [82]. In this work, robustness to 

Gaussian noise is evaluated by artificially adding zero-mean Gaussian noise to 

the original images. Additionally, the effect of intrinsic quantization noise is also 

taken into account. 

The algorithms are evaluated in terms of both frame classification (open/closed 

eye) and event detection (eye blinking), using statistical performance metrics 

such as precision, recall, and F1-score, which are standard for assessing classifier 

performance. This noise robustness evaluation is particularly important in 

applications where acquisition systems operate under uncontrolled conditions. 

For instance, mobile devices or low-cost cameras—frequently used in 
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telemedicine and portable monitoring systems—are more prone to introducing 

sensor noise [83], [84]. In such scenarios, ensuring algorithmic robustness is 

essential for maintaining reliable detection performance without resorting to 

expensive hardware or extensive image preprocessing. 

The objective of this chapter is to quantitatively assess the impact of noise on the 

performance of the five algorithms under study. Artificial Gaussian noise is 

added at different intensity levels to simulate challenging acquisition conditions, 

enabling a systematic comparison of algorithmic resilience. Both frame-wise 

classification metrics and event-based detection accuracy are analyzed, 

providing insights into the degradation patterns of each algorithm and guiding 

the selection of the most robust approaches for real-world applications. 

2.1  ACQUISITION SYSTEM 

The imaging system employed in this study is based on the setup already 

described in  By integrating ECG analysis with the ocular-based metrics 

developed in previous chapters, this final part of the thesis expands the proposed 

framework toward multi-parametric health monitoring, where cardiovascular 

and ocular signals can be jointly interpreted to provide a more comprehensive 

understanding of IOP dynamics and ocular biomechanics in relation to systemic 

physiological states. 

 
Chapter 1, which comprises an ophthalmological chin rest to minimize head 

movements during acquisition and an iOS smartphone mounted on a Cartesian 

positioning system.  

For the experiments presented in this chapter, the acquisition system was used 

to expand the dataset described in the previous chapter, introducing two key 

modifications aimed at increasing dataset heterogeneity and enhancing the 

challenge for the blink detection algorithms under evaluation: 
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1. Lighting conditions were varied compared to the original configuration in  

By integrating ECG analysis with the ocular-based metrics developed in 

previous chapters, this final part of the thesis expands the proposed 

framework toward multi-parametric health monitoring, where 

cardiovascular and ocular signals can be jointly interpreted to provide a 

more comprehensive understanding of IOP dynamics and ocular 

biomechanics in relation to systemic physiological states. 

 
2. Chapter 1, to include a broader range of illumination scenarios. 

3. Camera frame rate was increased from 30 FPS to 60 FPS, while 

maintaining the same spatial resolution of 848 × 464 pixels and an RGB bit 

depth of 24 (8 bits per channel). 

These adjustments were designed to make the dataset more representative of 

real-world conditions and to provide a more stringent test for the algorithms 

under study. 

After image acquisition, Gaussian noise was artificially added to the sequence of 

frames. This choice was motivated by the fact that Gaussian noise is one of the 

most common noise models in digital imaging devices [34–36] and produces 

alterations that are challenging to remove. The added noise has zero mean and a 

variance ranging from 0 to 10끫븜௤2, where 끫븜௤2 is the variance associated with 

quantization noise. For an 8-bit depth image, the possible pixel values range from 

0 to 255, resulting in a quantization step size Δ = 1. Assuming that the 

quantization error is uniformly distributed in the interval �− Δ2 , +
Δ2�, which holds 

if the image is well-exposed and utilizes the full dynamic range of the sensor, the 

standard deviation of the quantization noise is: 끫븜௤ =
Δ√12

≈ 0.29 

The chosen noise variance range was determined empirically, as increasing the 

variance beyond 10끫븜௤2 did not yield appreciable changes in the performance 
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systematic study to quantify and understand this effect. In this work, a Monte 

Carlo simulation, a statistical method widely applied in image processing to 

evaluate algorithm robustness under noisy conditions [85], [86], [87]], is used to 

assess the performance degradation of five different eye blinking detection 

algorithms. 

The algorithms under investigation, previously described in detail in  By 

integrating ECG analysis with the ocular-based metrics developed in previous 

chapters, this final part of the thesis expands the proposed framework toward 

multi-parametric health monitoring, where cardiovascular and ocular signals can 

be jointly interpreted to provide a more comprehensive understanding of IOP 

dynamics and ocular biomechanics in relation to systemic physiological states. 

 
Chapter 1, are also summarized in  

Table 8. To ensure optimal performance, the parameters for each algorithm were 

computed by solving an optimization problem that maximizes a specific 

evaluation metric, the F1-score. 

Algorithm Parameters 
Algorithm #1: 
Iris area 
detection 
(IAD) 

Threshold 
Level 

R G B Gr 

Low 
threshold 

0.82 0.72 0.78 0.78 

High 
threshold 

0.87 0.93 0.91 0.92 

 

Algorithm #2: 
Optical flow 
(OF) 

 R G B Gr 
Pyramid 
levels 

2 2 2 2 

Neighborhood 
size 

21 17 15 17 

 

Algorithm #3: 
Image 
correlation 
(IC) 

Threshold 
Level 

R G B Gr 

Low 
threshold 

0.77 0.77 0.77 0.81 

High 
threshold 

0.92 0.89 0.89 0.90 
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sensitivity, precision, and F1-score. These metrics permit us to understand the 

classifier’s ability to correctly detect blinking frames among all true blinks 

(sensitivity), to avoid misclassification among detected blinking frames 

(precision), and the harmonic mean of these two metrics (F1-score).  

The event detector is evaluated based on similar metrics, which are evaluated on 

events rather than single frames. These metrics are the FDR, which is equivalent 

to one’s complement of precision, the TPR, which is equivalent to the sensitivity 

of event detection and the F1-score. The FDR measures the proportion of false 

positives among all positive detections, crucial for assessing the algorithm's 

specificity. TPR evaluates the algorithm's effectiveness in correctly identifying 

actual blinking events. These metrics were chosen because they provide a 

comprehensive overview of each algorithm's performance, reflecting its accuracy 

in blink detection and its reliability in avoiding false positives. Moreover, these 

evaluation metrics are widely used in other state-of-the-art works, where the 

performance of the eye blinking detection algorithm is exploited [88], [89], [90], 

[91], [92], [93]. 

The frame classifier and event detector are evaluated by computing the mean and 

standard deviation of selected metrics across the repetitions carried out in the 

Monte Carlo simulation. This evaluation is performed for each algorithm, image 

channel, noise level, and participant. This comprehensive analysis enables a 

direct and fair comparison of algorithm robustness under progressively 

degraded image quality conditions. 

 

2.3  DISCUSSION 

To evaluate the influence of Gaussian noise on the five different algorithms, a 

frame classifier has been defined to classify each frame as either in an open or 

closed state. Furthermore, since each blink consists of several consecutive frames 
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of the closed-eye state, an event detector is applied to predict the onset and offset 

of blinks. The reference signal for both event detector and frame classifier, named 

GT, is a logic signal with a high value (1) when the eye is open and a low value 

(0) when the eye is closed. This reference signal has been manually determined 

by considering the moment when the eye changes state. 

2.3.1 FRAME CLASSIFIER  

The task of the frame classifier is to classify each frame extracted from the 

acquired video as either an open-eye or a closed-eye frame, based on whether the 

eye in that frame is open or closed. 

Algorithm #1, based on the iris area detection (IAD), initially showed a promising 

blend of precision and F1-score at low noise levels, indicating its ability to 

effectively distinguish between true blinks and false positives. However, its 

relatively low sensitivity suggests difficulties in identifying all true blinking 

events, a critical consideration for applications where missing real events could 

have significant consequences. Moreover, while this algorithm performed well 

at low noise levels, it demonstrated a significant decrease in robustness starting 

from a noise level of 1.9, beyond which reliable measurements could not be 

obtained, as can be seen in Fig. 27.  

 
a) 
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b) 

 
c) 

Fig. 27. Evaluation metrics for algorithm #1 (IAD) across different noise levels. Four 
lines with different colors are displayed (red for the red channel, green for the green 

channel, blue for the blue channel and gray for the grayscale conversed image). 

Importantly, the failure to detect eye status changes is not related to the selection 

of model parameters, such as the threshold used to convert the raw signal into a 

logical signal. In that case, the raw signal, which is obtained when the algorithms 

are applied to the input videos, reveals it to be very noisy, indicating that no 

threshold adjustment could yield better results, thus emphasizing the algorithm's 

inherent limitation in handling higher noise levels. 

Furthermore, the performance analysis across individual channels reveals that 

the red channel is generally the most effective for algorithm application, as 

illustrated in Fig. 28. Additionally, it is evident that algorithm #1 (IAD) 

consistently fails to detect changes in eye state, regardless of the channel 

considered. 
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Fig. 28. Performance comparison by algorithm and channel, at the maximum 
experimented noise standard deviation of 2.07 LSB.  

We analyzed the dynamic range of the RGB channels of the eye images to 

investigate why the red channel performs better in our experiments. We 

computed the histograms for each channel and determined the span of their 

dynamic ranges. The analysis revealed that the red channel spans the entire 

dynamic range [0, 255] more effectively than the green and blue channels, as 

shown in Fig. 29. This indicates that the red channel has better exposure and 

utilizes the full dynamic range. Consequently, this reveals the superior 

performance of the red channel in detecting eye blinks. 

 
a) 

 
b) 
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c) 

Fig. 29. Histograms of the a) Red, b) Green, and c) Blue channels showing the 
distribution of intensity values. The Red channel spans the entire dynamic range more 
effectively than the Green and Blue channels, indicating better exposure and utilization 
of the dynamic range. 

By analyzing model performance for the red channel across different noise levels, 

as shown in Fig. 30, all algorithms experienced performance degradation with 

increasing noise levels. Through detailed analysis, it became evident how the 

different algorithms respond to increasing noise levels. Despite algorithm #1 

(IAD) performing well at low noise levels, its limited ability to handle higher 

noise levels restricts its practical utility. In contrast, algorithms #3 based on image 

correlation (IC), #4 based on local binary pattern (LBP) and #5 based on Gabor 

decomposition (GD) exhibited greater consistency in performance across a broad 

range of noise levels, even though with trade-offs between precision and 

sensitivity.  

Added noise levels have been analyzed more densely for values below 0.08, since 

in that range the performance of most algorithms, except algorithm #3 (IC), falls 

abruptly.  

When no noise is added to eye images, the best F1-score of about 74% is provided 

by algorithms #4 (LBP) and #5 (GD). However, their performance is below 

algorithm #3 (IC) when the noise standard deviation is between 1.88 and 1.92. 

The analysis of these results shows that algorithm # 3 (IC) has an F1-score that 

varies from 56% to 66% in that range. More in-depth, when delving deeper into 

the performance data of this algorithm across different image channels, shown 
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in the appendix, the red channel emerges as the superior one, with the highest 

F1-score. 

This indicates that for frame classification tasks within this noise range, 

algorithm #3 (IC) applied to the red channel of images is the most effective 

combination, yielding the most accurate results as quantified by the F1-score 

metric.  

When higher noise levels are considered, algorithm #4, based on LBP, emerges 

as the most balanced candidate because it demonstrates a superior ability to 

maintain reliable performance even in the case of increasing noise. Also in this 

case, the optimal channel is the red one, which proved to be more effective in 

preserving algorithm performance under various noise levels. Therefore, 

applying algorithm #4 (LBP) to the image’s red channel is recommended as the 

optimal strategy to maximize the effectiveness and robustness of blink tracking 

in noisy conditions. Conversely, the other algorithms show a continuous 

decrease in performance, with a lower classification efficacy than a random 

classifier discerning open or closed eye states. 

 

Fig. 30. F1-score across different noise levels when algorithms are applied to the red 
channel.  

2.3.2 EVENT DETECTOR 

The event detector considers the blinking as a series of consecutive frames. Thus, 
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its performance is measured by evaluating if predicted blink time intervals 

overlap with the GT. Its performance across the five analyzed algorithms is 

evaluated in the presence of additive Gaussian noise. 

The evaluation metrics analyzed for the event detector are FDR, TPR and F1-

score across all noise levels.  

Fig. 31 shows the results for different noise levels, highlighting the red channel’s 

superior performance. It can be seen that algorithm #1 (IAD) struggles at high 

noise levels, with a decrease in TPR and unstable FDR. On the other hand, both 

algorithms #4 (LBP) and #5 (GD) deliver a high TPR even in the presence of 

significant noise, at the cost of a higher FDR. 

 
a) 

 
b) 

Fig. 31. Variation of a) TPR and b) FDR for all algorithms when applied to the red 
channel as noise level changes. 

Algorithm #1 (IAD) distinguished itself with a low FDR and a relatively high TPR 

at lower noise levels. However, both metrics significantly deteriorated as noise 
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increased, as shown in Fig. 32. Notably, when the noise standard deviation is 

greater than 1.92 LSB, this algorithm is unable to detect eye state changes. 

 
a) 

 
b) 

Fig. 32. Results of algorithm #1 (IAD) across different noise levels and channels. 

Algorithm #2 (OF) generally overperforms compared to algorithm #1, and also 

offers better results at high noise levels, as shown in Fig. 33. 

 
a) 
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b) 

Fig. 35. a) TPR and b) FDR for algorithm #3 (IC) across all noise levels. 

Examining Fig. 35, it is evident that the performance of this algorithm varies 

depending on the color channel used and the level of added noise. In Fig. 35a, 

we can observe that all four channels demonstrate a decreasing trend in the 

percentage of true positives as the noise level increases. The red channel 

consistently exhibits the highest TPR, suggesting that it is less susceptible to 

increases in noise compared to the other channels. Moreover, at higher noise 

levels, the performance of all channels tends to converge. 

In Fig. 35b, there is an opposite trend compared to the TPR. As the noise level 

rises, the FDR increases for all channels. The red channel starts with the lowest 

rate of false discovery and reaches a value in the range of 40%-50% at high noise 

levels. Indeed, the red channel is the one that reaches the best trade-off between 

low FDR and high TPR. 

Algorithms #4 (LBP) and #5 (GD) displayed a relatively stable TPR for all the 

noise levels. The TPR remains stable and close to 1, even as noise levels increase, 

because the algorithm predicts more blinking events than are present in the 

ground truth when noise becomes more prevalent. Indeed, these algorithms have 

a high sensitivity in identifying blink events, despite an increased rate of false 

positives. Regarding the FDR, algorithm #4 exhibits a plateau effect when the 

noise level exceeds 1.9 LSB. On the other hand, algorithm #5 presents a worse 

FDR at high noise levels.   
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Fig. 36 shows algorithm #4 performance across different noise levels and 

channels.  

 
a) 

 
b) 

Fig. 36. Results of algorithm #4 (LBP) across different noise levels and channels. 

Results for algorithm #5 (GD) across different noise levels and channels can be 

depicted in Fig. 37. 

 
a) 
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b) 

Fig. 37. Results of algorithm #5 (GD) across different noise levels and channels. 

For both algorithms, the TPR appears relatively stable for all the noise levels and 

channels. 

As regards the FDR of algorithm #4 (LBP), shown in Fig. 36b, the red channel 

exhibits a good resistance to noise by maintaining a low FDR, outperforming the 

other channels across a broad spectrum of noise levels. In addition, beyond a 

noise level of 1.89 LSB, it reaches a plateau, indicating no increase of FDR when 

there is an increase in noise level. As can be seen in Fig. 37b, the FDR of algorithm 

#5 (GD) follows a similar trend across all channels. Initially, when there is no 

added Gaussian noise in the images, (1.87 LSB), the FDR for all channels is less 

than 30%. As the noise standard deviation increases, the FDR for all channels 

starts to increase, suggesting that the system mistakes noise for actual events 

more frequently. This trend plateaus at around 1.94 LSB for green, blue and 

grayscale channels, meaning that beyond this point, the noise does not 

significantly affect the FDR. The red channel, however, performs slightly better 

(lower FDR) than the other at almost all noise levels, suggesting that it may be 

more reliable for detecting eye blinking. 

Thus, similarly to other algorithms, the channel that maximizes performance in 

noisy settings is the red one. Indeed, if algorithm #4 (LBP) is applied to the red 

channel, it exhibits low FDR in the case of high noise levels. 

Conclusively, algorithm #3 (IC) based on image correlation emerged as the most 
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robust against noise in event detection for blink tracking, which makes it the ideal 

choice for real-world applications faced with noisy images. Especially when 

applied to the red channel, it provides an optimal balance between accurate blink 

detection (high TPR) and minimizing false positives (low FDR), obtaining a 

higher F1-score, as can be seen in Fig. 38. 

 

Fig. 38. Variation of F1-score for all algorithms when applied to the red channel as 
noise level changes. 

2.4  CONCLUSION 

In this chapter, we investigated the robustness of five non-supervised, image-

based algorithms for eye blinking detection under varying levels of Gaussian 

noise. The evaluation was carried out considering both frame classification 

(open/closed eye) and event detection (blink onset/offset), providing a 

comprehensive comparative analysis. The results clearly show that noise has a 

significant detrimental impact on all tested algorithms, with the degradation 

becoming more pronounced as the noise level increases. 

At low noise levels, Algorithm #3 (IC), based on image correlation, outperformed 

the others for both frame classification and event detection, with the red channel 

yielding the highest performance. However, its frame classification performance 

dropped sharply when the noise standard deviation exceeded 1.92 LSB, 
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indicating limited robustness in high-noise conditions. 

Conversely, Algorithm #4 (LBP), relying on local pattern analysis, demonstrated 

a superior ability to maintain a higher F1-score even at elevated noise levels. For 

the red channel, the LBP-based frame classifier showed only a moderate decline 

in F1-score, from 75% in noise-free conditions to about 55% at the highest tested 

noise level, confirming its resilience to noise corruption. 

Regarding event detection, Algorithm #3 (IC) proved particularly effective in 

maintaining a low false discovery rate (FDR) across noise levels, outperforming 

the other algorithms in this respect. 

Overall, the analysis highlights that the red channel is generally the most suitable 

for blink detection due to its better exposure and full utilization of the dynamic 

range. In summary, Algorithm #3 (IC) emerged as the most robust option for 

event detection in noisy environments, while Algorithm #4 (LBP) is the 

recommended choice for frame classification under high noise conditions. 
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CHAPTER 3 

MODELING CORNEAL 

DYNAMICS DURING 

BLINKING4 

INTRODUCTION 

The biomechanical properties of the cornea have become an important focus in 

ophthalmology for the early detection and monitoring of ocular diseases [94]. 

Corneal biomechanics concerns how the cornea responds to applied forces, 

undergoes deformation, and subsequently returns to its original shape. In vivo 

diagnostic tools currently available to assess these properties include the Corvis 

ST, Ocular Response Analyzer, tonometry, and dynamic corneal imaging 

techniques, the latter based on dynamic ultra-high-speed Scheimpflug imaging 

or optical coherence tomography devices [95], [96], [97], [98], [99], [100]. 

Numerous studies have demonstrated the clinical relevance of biomechanical 

metrics for identifying and characterizing various ocular pathologies. Table 9 

provides an overview of some of the most widely used parameters. 

Parameter Description 

 

4 This Chapter is based on [2]. 
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Deformation Amplitude 

(DA) 

Vertical displacement of the corneal apex at the 

highest concavity 

Peak Distance (PD) Distance between the two peaks of the cornea at 

the time of highest concavity 

Radius at Highest 

Concavity (HCR) 

Radius of curvature at the time of highest 

concavity 

Highest Concavity Time 

(HCT) 

Time to reach the highest concavity of the cornea  

Time of First Applanation 

(A1T) 

Time from stimulus onset to first applanation 

Time of Second 

Applanation (A2T) 

Time from stimulus onset to second applanation 

Velocity at First 

Applanation (A1V) 

Speed of the corneal apex at the first applanation 

Velocity at Second 

Applanation (A2V) 

Speed of the corneal apex at the second 

applanation 

Table 9. Overview of key corneal biomechanical parameters commonly used to assess 
ocular diseases. 

For example, in keratoconus, a progressive corneal disorder characterized by 

thinning and conical deformation, parameters such as DA and HCR differ 

significantly from healthy eyes due to reduced corneal stiffness [101], [102]. In 

severe myopia, studies have shown greater DA and smaller HCR compared to 

controls, suggesting lower stiffness and greater deformability [103], [104]. In dry-

eye patients, analysis with the Corvis ST has revealed a statistically significant 

increase in the HCT, indicating a more compliant cornea caused by epithelial and 

stromal layer alterations [105], [106]. 

In ocular hypertension and early-stage glaucoma, elevated IOP can also affect 

corneal dynamic response. Wang et al. [107] reported that, in POAG patients, DA 
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and A2T were significantly lower, while A1T, A2V, and PD were significantly 

higher compared to healthy controls, indicating reduced deformability. 

While these instruments provide valuable quantitative measures of corneal 

biomechanics, they are typically invasive or require close contact with the eye. 

More importantly, they necessitate clinical settings, making frequent 

measurements or continuous monitoring impractical. 

To overcome these limitations, this chapter introduces the concept of corneal 

profile dynamics, which involves analyzing corneal deformation during a 

natural physiological process: the blink. The eyelid exerts a transient flattening 

force on the corneal surface during blinking, temporarily altering its profile [108]. 

Analyzing these short-lived deformations offers an opportunity to derive novel 

biomechanical metrics that could be useful in detecting and monitoring ocular 

diseases. 

The primary aim of this study is to assess the intra-subject variability of these 

newly extracted metrics during complete, natural blinks. Multiple recordings are 

acquired from the same subject, and the variability is quantified by calculating 

the standard deviation of each metric. This approach provides a baseline for 

future comparative studies involving patients with ocular pathologies. 

Furthermore, an illustrative example is presented to demonstrate how these 

metrics can be applied to detect changes in IOP. 

3.1  IMAGING SYSTEM 

The imaging system developed to track the corneal profile during natural eye 

blinking is illustrated in Fig. 39a. The setup consists of a modified ophthalmology 

slit lamp equipped with an imaging lens (focal length: 50 mm; numerical 

aperture: 0.18; Thorlabs, Newton, NJ) and a high-speed camera (Allied Vision, 

Edmund Optics, Barrington, NJ) capable of acquiring images at 510 FPS. The 
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specifically accuracy, precision, sensitivity, specificity, and F1-score [110], [111]. 

For subsequent biomechanical analysis, only complete blinks are selected, 

excluding incomplete or multiple blinks to ensure consistency of the dynamic 

measurements. The corneal profile is then extracted from the segmented masks 

using a custom-developed MATLAB script, enabling precise tracking of the 

corneal contour throughout the blink opening phase. This profile data serves as 

the basis for the dynamic analysis of corneal motion. 

3.2.1 NEURAL NETWORK TRAINING 

Four eye-opening sequences, each extracted from a different video among the ten 

available, were manually annotated frame by frame, starting from the fully 

closed eye and continuing until the eye was fully open. This labeling process 

produced approximately 1,000 annotated images, which served as the training 

dataset for the segmentation model. 

The segmentation network employed was a U-Net, designed specifically for 

ocular region segmentation. The architecture consisted of convolutional layers 

with filter sizes ranging from 64 to 512, with a bottleneck layer containing 1024 

filters. Batch normalization layers were inserted after each convolutional 

operation to enhance training stability and convergence [112]. To mitigate 

overfitting and improve generalization, the training procedure included early 

stopping and a reduce-on-plateau learning rate schedule. The complete network 

structure is shown in Fig. 41, where the input is a 256×256-pixel grayscale image 

and the output is a binary segmentation mask. 
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type. To address this, a random resampling strategy was implemented based on 

the mask area, ensuring an equal number of samples in each class. 

To increase dataset diversity and improve model generalization, several data 

augmentation techniques were applied, including horizontal flipping to account 

for both left and right eyes, random rotations within ±10° to simulate head pose 

differences, zoom variations of ±10% in scale, and horizontal and vertical 

translations up to ±10% of image size to simulate different camera-eye 

alignments. The dataset was split into 80% training and 20% testing. The model 

was trained for 300 epochs using the Adam optimizer [113] with an initial 

learning rate of 10−4. The Combo Loss (CL) function was adopted, defined as: ܮ஼௅ = ஻𝐵𝐵ாܮߙ + (1 −  ஽𝐷𝐷௖௘ܮ(ߙ

Where ߙ is set to 0.5.  

The Binary Cross-Entropy (BCE) term penalizes per-pixel misclassifications 

[114], while the Dice Loss emphasizes the overlap between prediction and GT 

[115]. This combination enhances segmentation accuracy, particularly in 

imbalanced datasets [116], [117]. 

The training and validation loss curves are shown in Fig. 43, while Fig. 44 reports 

the Intersection over Union (IoU) evolution during training. On the test set, the 

model achieved an IoU of 97%, confirming its capability to accurately segment 

the ocular region. 

 

Fig. 43. Loss function for the training and test subsets. 
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Fig. 44. IoU metric for the training and test subsets. 

 

3.2.2 AUTOMATIC BLINK DETECTION AND 

CLASSIFICATION 

The automated detection and classification of blinks can be performed by 

analyzing the variation of ocular masks predicted by the neural network. Once 

the network is trained, it can predict an eye mask for every frame in a video. By 

analyzing how the area of the eye mask changes over time, blinks can be detected 

and classified.  However, this process is highly time-consuming. Therefore, a 

faster method was employed, relying on IC to perform a pre-selection of frames 

in which the blink occurs, followed by the blink classification with the neural 

network, rather than applying the network to all frames. 

Specifically, each video frame was resized to 256 × 256 pixels to standardize the 

comparison, and the correlation coefficient was computed between the reference 

frame and each subsequent frame [40], [75]. The reference frame was selected as 

the first frame of the video, corresponding to the open-eye state. The obtained 

correlation signal was then smoothed using a first-order Butterworth low-pass 

filter with a cutoff frequency of 10 Hz to eliminate high-frequency noise while 

preserving relevant blink-related variations, as can be seen in Fig. 45. 
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Fig. 45. Automatic blink detection from a video using the IC algorithm. The blue signal 
shows the correlation coefficient between a reference frame and all the other frames. 

The red signal is the filtered signal. 

To correct the baseline shifts that can occur due to head movements during the 

acquisition, trend decomposition was applied, based on SSA. The resulting 

detrended signal was rescaled in the range [0,1]. 

Blink events were detected as significant negative peaks in the detrended signal. 

Peaks were identified using a prominence threshold of 10% of the median 

detrended signal, ensuring robust detection while minimizing false positives. 

Fig. 46 illustrates the detrended signal along with the detected local minima 

corresponding to blink events. 

 

Fig. 46. Automatic blink detection using IC technique. Each local minimum of the 
signal represents a blink.  

The start and end of each blink were determined based on the moving standard 
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deviation of the detrended signal, computed using a window size of 10 frames. 

For each blink, an initial threshold was set at 10% of the mean moving standard 

deviation. This threshold was used to identify the boundaries of the blink as the 

first frame before the peak and the first frame after the peak where the standard 

deviation is below the threshold. If a valid interval, defined as having a start 

frame occurring before the peak and an end frame after the peak, was not found, 

the threshold was increased iteratively by 10% in each iteration. This process was 

repeated until a valid interval was found or a maximum of 100 iterations were 

reached. An example of detected blinks from the acquired video using the 

approach described above can be depicted in Fig. 47. 

 

Fig. 47. An example of detected blinks using the automatic method described above. 

This approach enables the automatic detection of all blink occurrences in the 

video without initially classifying their nature (complete/incomplete, 

single/multiple). Once the blink events are detected, the neural network is 

employed to predict eye masks on the eye blinking frames determined by the IC.  

To classify each detected blink, we analyze the temporal variation of the ocular 

mask area obtained from the neural network predictions. Specifically, we 

examine the presence and number of local minima and assess whether the mask 

area reaches zero. This information allows us to categorize blinks into complete 

or incomplete, and single or multiple. In Fig. 48 different mask area profiles 
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corresponding to various types of blinks are illustrated. 

 

a) Complete and single blink: the area reaches zero and only one 

local minimum is detected. 

 

b) Incomplete and single blink: the area does not reach zero and only 

one local minimum is detected. 

 

c) Incomplete and multiple blink: the signal contains more than one 

local minimum (two) and does not reach zero at either of them. 

Fig. 48. Examples of automatic blink classification based on the temporal variation of 
the ocular mask area. 

The automatic blink detection method based on IC achieved a 100% blink 

detection rate, accurately identifying all blink events across the analyzed videos. 

Regarding the classification of these blinks, the performance of the proposed 

approach is summarized in the confusion matrices shown in Fig. 49, highlighting 
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its effectiveness in distinguishing between complete and incomplete blinks, as 

well as single and multiple blinks. 

 

a) 

 

b) 

Fig. 49. Confusion matrices for the blink classification task. a) Classification 
performance for blink completeness (complete vs. incomplete). b) Classification 

performance for blink type (single vs. multiple). 

The metrics used to evaluate the performance of the classifier are summarized in 

Table 10. 

 Blink 

completeness 

Blink type 

Accuracy 0.975 0.993 

Precision 1.00 1.00 

Sensitivity 0.967 0.992 

F1-score 0.983 0.996 

Specificity 1.00 1.00 

Table 10. Classification performance metrics for the two blink classifiers (completeness 
and type), including accuracy, precision, recall, and F1-score. 

This strategy optimizes computational efficiency by avoiding the application of 
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the neural network to the entire video while ensuring an accurate 

characterization of each blink that occurs in the acquired videos. Only complete 

and single blinks are considered when assessing corneal dynamics. 

3.2.3 CORNEAL PROFILE EXTRACTION 

After the prediction of ocular masks using the trained U-Net, the corneal profile 

for each eye-opening frame was extracted through a series of processing steps. 

The first step involved calculating the centroid of the predicted mask, defined as 

the geometric center of its pixel distribution. Masks without a valid centroid, 

such as empty masks or those containing multiple disconnected regions, were 

excluded from further analysis. 

An example of the mask predicted by the neural network is shown in Fig. 50. 

 

Fig. 50. Example of an original eye image and the corresponding predicted mask (in 
blue) obtained using the trained U-Net model. 

To extract the corneal profile, the external border of the mask was computed. 

Pixels located to the right of the centroid were then analyzed to identify two key 

points: the upper-right pixel and the lower-right pixel. The upper-right pixel was 

determined as the farthest pixel above the centroid along the y-axis, selected 

based on the Euclidean distance from the centroid. Similarly, the lower-right 

pixel was identified as the pixel with the minimum y-coordinate below the 

centroid. Fig. 51 illustrates the process of identifying these two key points. 
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3.2.4 CENTROID DISPLACEMENT ANALYSIS 

The longitudinal displacement of the centroid of the corneal profile is analyzed 

to assess its dynamics during the opening phase of a blink. The centroid, defined 

as the geometric center of a shape, represents the average position of all the 

points in the corneal profile.  

Fig. 53 illustrates how both the corneal profile and its centroid evolve during the 

opening phase of a blink, highlighting the progressive deformation and 

subsequent recovery of the corneal surface. 

    

Fig. 53. The evolution of the corneal profile (in green) and its centroid (in red) during 
the opening phase of a blink. 

As can be seen in Fig. 54, the longitudinal centroid displacement followed an 

exponential trajectory, stabilizing when the eye was fully open. Indeed, it was 

modeled with an exponential fitting function defined as: 𝑦𝑦(𝑡𝑡) = −1�ܣ 𝑒𝑒−௧ఛ �+  ܤ

where A represents the displacement amplitude, which measures the extent of 

longitudinal movement of the corneal centroid, B is the offset, and ߬ is the time 

constant, which characterizes the rebound velocity of the cornea after the eyelids 

exert pressure on the ocular surface. 
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Fig. 54. An example of exponential fitting on the longitudinal displacement of the 
corneal centroid during the opening phase of a blink. 

Potential outliers in the centroid displacement data were removed to improve 

the fitting performance. Specifically, the first five frames of each blink’s eye-

opening phase were excluded. In these frames, the corneal profile is often 

partially obscured by the eyelashes, making it challenging for the neural network 

to accurately predict the eye mask. By discarding these frames, noise in the data 

decreased, and the quality of the fitted parameters improved, resulting in a more 

consistent and reliable description of corneal dynamics. 

3.3 DISCUSSION 

The automatic detection and classification of all the blinks in the acquired videos 

described in the previous section identified 206 complete, single blinks suitable 

for analysis. All the other blinks classified as incomplete or multiple were 

excluded.  

The raw corneal centroid displacement along the x-axis during the eye-opening 

phase of blinking for a single sample is shown in Fig. 55.  
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Fig. 55. Raw corneal centroid displacement along the x-axis during the opening phase 
of a blink. The normalization is applied only for visualization. 

Then, the exponential fit is applied to the raw displacement curve to extract the 

two metrics. The fitted trajectories for all the blinks are shown in Fig. 56. 

 

Fig. 56. Longitudinal centroid displacement during the eye-opening phase of blinking. 
Each curve represents the fitted displacement trajectory for an individual blink. The 

normalization of the curves is performed only for better visualization. 

The fitted curves are then filtered based on their fitting performance. Specifically, 

only the curves with a ܴ2 > ோ2ߤ + 3끫븜ோ2  and ܴ𝑅𝑅𝑅𝑅𝑅𝑅 < ோெௌ𝑅𝑅ߤ − 3끫븜ோெௌ𝑅𝑅 are 

considered for further analysis, where ܴ 2 is the coefficient of determination and 

RMSE is the root mean square error. 

The distribution of each metric is evaluated using the Kolmogorov–Smirnov test 

to assess normality.  

The density distributions of displacement amplitude and time constant are 

shown in Fig. 57 and Fig. 58, respectively. 
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Fig. 57. Distribution of the displacement amplitude across all valid blinks. The overlaid 
red curve represents a Gaussian fit.  

 

Fig. 58. Distribution of the time constant across all valid blinks. The overlaid red curve 
represents a Gaussian fit.  

The results indicate that both the amplitude and the time constant follow a 

normal distribution. Specifically, the test yielded a p-value of 0.137 for the 

amplitude and 0.115 for the time constant. Since both values are above the 

significance level of 5%, the null hypothesis of normality was not rejected. 

To further characterize the system, the mean, standard deviation, minimum, 

maximum, interquartile range (IQR) and skewness are calculated for both 

metrics. These results are summarized in Table 11. 

 Mean Std Min Max Median IQR Skewness 

A [px] 39.0 2.67 33.3 47.2 38.6 3.18 0.516 ߬ [ms] 50.9 7.57 33.3 78.8 49.7 8.50 0.976 

Table 11. Statistical Analysis of the two corneal dynamics metrics. 

The displacement amplitude exhibits a mean value of 39.0 px with a standard 
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deviation of 2.67 px, indicating moderate variability across samples. The median 

value of 38.6 px is close to the mean, and the skewness is relatively low (0.516), 

suggesting a reasonably symmetric distribution. The IQR of 3.18 px further 

confirms a moderate spread of the data. On the other hand, the time constant 

presents a higher variability, with a mean of 50.9 ms and a standard deviation of 

7.57 ms. For this parameter as well, the median value is close to the mean, while 

the skewness of 0.976 suggests a slight asymmetry in the distribution. The IQR, 

equal to 8.50 ms, indicates a relatively narrow dispersion of values around the 

central tendency. 

To explore the potential of corneal dynamics and derived metrics for detecting 

ocular diseases such as glaucoma, a case study was carried out on a participant 

different from the one included in the statistical analysis presented above. The 

subject’s IOP was initially measured under baseline conditions using a portable 

tonometer (iCare IC200). The participant then performed the water drinking test 

(WDT), a well-established procedure in which IOP is naturally increased by 

ingesting 1 liter of water within 5 minutes [119], [120], [121]. A subsequent 

measurement with the portable tonometer confirmed the IOP elevation, showing 

an increase of 2 mmHg. 

Videos were recorded under both baseline and elevated IOP conditions while the 

participant performed natural blinks. Using the method described earlier, the 

longitudinal displacement of the centroid of the corneal profile was computed 

for each blink in both conditions. These results were then compared to assess the 

presence of statistically significant differences. Fig. 59 illustrates the centroid 

displacement traces obtained under baseline (blue curves) and elevated IOP after 

WDT (red curves). 
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Fig. 59. Longitudinal centroid displacement for baseline IOP (blue) and elevated IOP 
after DWT test (red). 

To quantitatively assess the differences, a two-sample t-test was applied to both 

displacement amplitude and time constant (Fig. 60).  

 
a) 

 
b) 

Fig. 60. Two-sample t-test for displacement amplitude and time constant. 

Regarding displacement amplitude, the average value was 41.2 ± 0.34 px in the 

baseline condition and 41.5 ± 0.32 px in the elevated condition. As shown in Fig. 

60a, this difference was not statistically significant, suggesting that IOP does not 

influence the extent of corneal profile movement during a blink. 

In contrast, the time constant revealed a significant difference between the two 

conditions: 52.7 ± 1.3 ms at baseline versus 48.1 ± 1.2 ms under elevated IOP (t = 

2.62, p < 0.05). As shown in Fig. 60b, the cornea exhibited a faster response when 
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IOP was elevated, consistent with the hypothesis that higher internal pressure 

increases the restoring force acting on the cornea. 

These findings suggest that the time constant may represent a meaningful metric 

for capturing IOP variations. Monitoring such variations could contribute to the 

early detection of IOP-related ocular conditions, including glaucoma. 

3.4  CONCLUSION 

In this chapter, a novel, non-contact approach for analyzing corneal dynamics 

during natural blinking was presented, leveraging a high-speed lateral imaging 

system and advanced image segmentation techniques. By extracting the corneal 

profile and tracking its centroid displacement over time, two quantitative metrics 

were defined to describe the corneal response immediately after eyelid pressure 

release. These metrics demonstrated high repeatability and low intra-subject 

variability, confirming the reliability of the proposed method for assessing 

corneal biomechanics. 

To preliminarily assess the clinical potential of this technique, a case study was 

performed in which IOP was artificially elevated using the dark room water 

drinking test (DWT) and measured with a certified portable tonometer. The 

differences observed in the extracted metrics between baseline and elevated IOP 

conditions indicate that corneal dynamics during blinking may encode clinically 

relevant information related to IOP changes. 

Future work will focus on conducting a larger-scale study involving multiple 

subjects under both baseline and elevated IOP conditions, enabling statistical 

validation of the proposed metrics’ diagnostic capabilities. If confirmed, this non-

contact approach could represent a practical alternative to conventional 

tonometry, enabling continuous, at-home IOP monitoring. By facilitating early 

detection and timely intervention, it has the potential to significantly improve 
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glaucoma prevention strategies and broaden access to preventive eye care. 
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CHAPTER 4 

ASSOCIATION BETWEEN BLINK-

RELATED CORNEAL DYNAMICS 

AND IOP5 

4.1 INTRODUCTION 

IOP is the sole modifiable risk factor for glaucoma, the leading cause of 

irreversible blindness worldwide, affecting approximately 3.5% of the global 

population aged 40–80 years [122], [123]. Accurate assessment and regular 

monitoring of IOP are, therefore, critical for the early diagnosis and effective 

management of this ocular disease. 

This study explores the potential of blinking, a natural physiological process that 

plays a key role in ocular lubrication, debris removal, and eye protection [124], 

[125], as a means to characterize corneal dynamics and investigate its potential 

dependence on IOP. 

Currently, IOP is most commonly measured using tonometry, with the GAT 

considered the gold standard [126]. However, GAT requires direct contact with 

the corneal surface, the application of topical anesthetics, and trained personnel. 

Furthermore, it can only be performed in a clinical setting, making it unsuitable 

for continuous or home-based monitoring, capabilities that could enable earlier 

 

5 This chapter is based on the paper [1]. 
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detection of glaucoma. 

To address these limitations, various technological solutions have been 

proposed. Smart contact lenses embedded with sensors can provide continuous 

IOP monitoring [24], [28], [29], yet their corneal contact may be uncomfortable or 

unacceptable for some patients. Implantable sensors [30], [31] offer direct 

measurement capabilities but require invasive surgical procedures [32]. 

In this work, we propose a novel, non-contact method to evaluate corneal 

dynamics during natural blinking and to assess their correlation with IOP. The 

method leverages the natural ELP exerted on the corneal surface [33], [34] during 

a blink to induce measurable corneal deformations. By analyzing these 

deformations, we aim to provide insight into IOP-related biomechanical changes 

in the cornea, paving the way for a practical, home-based, and continuous IOP 

monitoring approach. 

 

4.2  DATA ACQUISITION 

4.2.1IMAGING SYSTEM 

The high-speed imaging system used in this study is the same described in 

Chapter 3 (Imaging System). Briefly, it consists of a modified ophthalmology slit 

lamp equipped with a 50 mm focal length imaging lens (numerical aperture 0.18; 

Thorlabs, Newton, NJ) and a high-frame-rate camera (Allied Vision, Edmund 

Optics, Barrington, NJ) operating at 510 FPS. The camera is positioned laterally 

to the participant’s eye to capture the corneal profile during blinking, acquiring 

8-bit grayscale images at a spatial resolution of 800×600 pixels. A visible LED ring 

light, coaxially aligned with the camera lens, ensures uniform illumination and 

an optimal dynamic range [0–255] of grayscale values [127]. An example of the 

lateral eye image is reported in Fig. 39b in 
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Chapter 3. 

4.2.2 EXPERIMENTAL PROTOCOL 

We included healthy volunteers aged 18-50 with no history of ocular or systemic 

conditions that could influence IOP. All participants provided written informed 

consent. The study was conducted in compliance with the Declaration of Helsinki 

and approved by the Institutional Review Board of the University of Maryland, 

Baltimore. Each participant was assessed under two experimental conditions to 

examine corneal dynamics during a natural, complete blink (baseline) and 

during a Valsalva maneuver. For each participant, data were acquired only from 

the left eye.  

The experimental protocol consisted of four steps. First, baseline IOP was 

measured using a portable tonometer (iCare IC200, Icare USA, Inc., Raleigh, NC, 

USA) [128], an FDA-approved medical device comparable to the Goldmann 

Applanation Tonometer (GAT)[129], [130]. 

Next, participants were asked to blink naturally while their eye movements were 

recorded using the high-speed imaging system. To ensure consistency in imaging 

geometry, each participant positioned their head on a modified chin rest, which 

prevented head tilt and maintained a constant imaging angle relative to the 

camera. Then, participants were instructed to perform the Valsalva maneuver, 

which is known to raise IOP [36], [131], [38]. This technique required them to 

exhale forcefully against a closed glottis into an air tube connected to an analog 

manometer, maintaining a pressure of at least 40 mmHg for 15 seconds [39]. The 

elevation of IOP during the Valsalva maneuver was confirmed with the portable 

tonometer. The maneuver was successful only if the IOP increased by more than 

1 mmHg. If participants failed to maintain the required pressure or the IOP 

increase did not meet this threshold, they were asked to repeat the experiment. 

Finally, additional blinks and associated corneal dynamics were recorded while 
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participants performed the Valsalva maneuver. Participants were excluded if 

their eyelashes obstructed the corneal profile, preventing measurement of 

corneal dynamics.   

 

4.3  METHODS 

A software program (StreamPix, NorPix Inc., Montreal, CA) was used to record 

blinks under two conditions: baseline and Valsalva. For the baseline condition, 

single or multiple videos totaling one minute in duration were recorded, during 

which participants were asked to perform natural blinks. For the Valsalva 

condition, multiple videos were recorded as each maneuver lasted 

approximately 15 seconds. A minimum of five blinks was considered acceptable 

for each condition.  

Using a built-in MATLAB application (Video Viewer; MathWorks Inc., Natick, 

MA, USA), the blinks in the recorded videos were manually identified, 

determining the start and end frames of the eye-opening phase, from a fully 

closed eye to a fully open eye. During this manual eye blinking detection process, 

certain blinks were discarded based on the following criteria: (i) multiple blinks, 

when two or more consecutive blinks occur in rapid succession, making it 

difficult to isolate a single eye-opening phase. These were identified by the 

absence of a stable, fully open eye state between two consecutive closures. (ii) 

incomplete blinks, when the eye does not fully close before reopening, and (iii) 

excessive facial muscle activation, when significant movement of the eyebrows, 

forehead, or cheeks was observed, suggesting facial contractions that could 

interfere with the natural corneal response. Only natural and complete blinks 

were further analyzed. 

A custom Python script was used to train a neural network specifically designed 

to predict eye masks during the eye-opening phase of each blink. The predicted 
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ocular masks were subsequently assessed for the dynamics of the corneal profile 

during each blink. An exponential-like curve was produced for all the blinks by 

evaluating the longitudinal corneal displacement over time. The following 

parameters were computed: (i) the time constant, which quantifies the velocity 

at which the cornea rebounds during a natural, complete blink, and (ii) the 

displacement amplitude, which represents the extent of translation of the corneal 

profile (Fig. 54). 

A pre-trained, participant-specific U-Net neural network (as described in 

Chapter 3) was employed solely to accelerate the manual labeling process. For 

each participant, at least two frames (one from baseline and one from elevated 

IOP) were manually segmented, producing ~400 labeled images per subject. 

These were used to train the network individually per participant, ensuring 

optimal adaptation to the specific eye morphology. 

The U-Net architecture consisted of convolutional layers with filter sizes ranging 

from 64 to 512, a 1024-filter bottleneck, and batch normalization after each 

convolution. Input images were resized to [256, 256] and normalized to [0, 1]. 

Frames were categorized into four classes according to the mask area: closed 

(0%), semi-closed (0–40%), semi-open (40–80%), and open (>80%). Class 

imbalance was addressed via random resampling to match the size of the 

majority class, followed by data augmentation (horizontal flip, ±10° rotation, 

±10% zoom, and ±10% translation). The dataset was split 80/20 for 

training/validation. Training employed the Adam optimizer (initial learning rate 

1×10⁻³, batch size 16, max 200 epochs) with early stopping and learning-rate 

reduction on plateau. 

The loss function was a combo loss (α=0.5) combining BCE and Dice Loss, 

leveraging BCE’s pixel-wise penalization and Dice’s robustness to input 

imbalance. IoU was used for evaluation, achieving >90% IoU per participant on 

the validation set. The trained network then predicted masks for all other blinks 
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of the same participant, significantly reducing manual annotation time. 

After predicting ocular masks using the trained network, the corneal profile for 

each frame was extracted using the pipeline described in Chapter 3. 

Then, the longitudinal displacement of the corneal profile during a blink was 

measured by examining its centroid during the eye-opening phase. The 

displacement of the centroid follows an exponential trajectory, reaching a plateau 

when the eye is fully open. Therefore, we modeled raw data using an exponential 

fitting function, as already stated in Chapter 3: 𝑦𝑦(𝑡𝑡) = −1�ܣ 𝑒𝑒−௧ఛ �+  ܤ

where ܣ represents the displacement amplitude, which reveals the extent of 

movement of the corneal profile; ܤ is the offset and ߬ is the time constant, which 

quantifies the rebound velocity of the corneal profile during the eye-opening 

phase of the blink after being deformed by the force applied by the eyelids. 

Since the imaging angle was fixed by the modified chin rest during acquisition, 

variations among participants were limited to small differences in the relative 

position of the eye within the camera’s field of view (e.g., slightly higher or lower, 

or shifted left or right eye position). Such variations affect only the offset 

parameter (ܤ) of the exponential fitting, which corresponds to the initial position 

of the corneal profile centroid, but likely do not influence the dynamic 

parameters (߬ and ܣ) that describe the corneal dynamics.  

Before applying exponential fitting, potential outliers in the centroid 

displacement data were removed. Specifically, the first five frames of each blink’s 

opening phase were excluded, as these frames often present challenges for the 

neural network in accurately predicting the eye’s mask due to partial obstruction 

of the corneal profile by eyelashes.  

A filtering step was applied to the fitted curves based on their fitted parameters 

as the root mean square error (RMSE) and ܴ 2. Specifically, ܴ 2 values below ߤோ2 −
3끫븜ோ2  and RMSE values exceeding ߤோெௌ𝑅𝑅 + 3끫븜ோெௌ𝑅𝑅 were considered outliers. This 



CHAPTER 4 

96 

 

filtering process allows us to exclude blinks with poorly fitted curves, resulting 

from segmentation errors, non-natural blinks, or head movements during the 

blink acquisition process.  

Additionally, a second filtering process was applied to the curves to obtain the 

most accurate estimate of τ for each condition and participant. Specifically, only 

curves with a z-score within 1 were included for the baseline and Valsalva IOP 

conditions. This approach was validated by confirming that this metric satisfied 

the Kolmogorov-Smirnov test for normality, ensuring the distribution aligned 

with the assumptions required for this statistical filtering method, as described 

in Chapter 3 (see Fig. 58). Finally, the average τ and amplitude were calculated 

for the remaining baseline and Valsalva IOP trajectories after this filtering 

process. 

4.4 RESULTS 

Fifteen healthy participants (28.3±6.02 years; 10 males, 5 females) were enrolled 

in the study and included in the final analysis. Each participant successfully 

performed the Valsalva maneuver, which was well tolerated without any 

adverse events during or after the procedure.  

Under elevated IOP conditions, induced by the Valsalva maneuver, we 

hypothesize that the cornea rebounds faster due to the higher internal pressure 

exerting an increased restoring force. Consequently, a lower τ is expected for the 

Valsalva condition, reflecting faster corneal dynamics than the baseline IOP 

condition. 

4.4.1 SINGLE SAMPLE ANALYSIS 

Initially, nine blinks were recorded under baseline IOP conditions and ten under 

elevated IOP (Valsalva) conditions. After applying the filtering process, six blinks 
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from each condition were selected for further analysis. Fig. 61. Corneal dynamics 

for a single participant in baseline and elevated IOP conditions. (a) Normalized 

longitudinal centroid displacement during the blinks’ opening phase. The blue 

curves represent the displacement under baseline IOP condition, whereas the red 

curves correspond to the displacement under elevated IOP condition (Valsalva). 

Normalization was applied only for visualization, as eye positions may vary 

across blinks recorded in different videos. (b) A of baseline versus elevated IOP 

conditions. (c) τ of baseline versus elevated IOP conditions. 

a shows the corneal centroid displacement along the x-axis during the blink’s 

opening phase for a single participant. In both conditions, the trajectory of the 

corneal centroid exhibits an exponential trend, stabilizing as the eye reaches its 

fully open state.  

 

a) 

 

b) 

 

c) 
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Fig. 61. Corneal dynamics for a single participant in baseline and elevated IOP 
conditions. (a) Normalized longitudinal centroid displacement during the blinks’ 
opening phase. The blue curves represent the displacement under baseline IOP 
condition, whereas the red curves correspond to the displacement under elevated IOP 
condition (Valsalva). Normalization was applied only for visualization, as eye 
positions may vary across blinks recorded in different videos. (b) A of baseline versus 
elevated IOP conditions. (c) ߬ of baseline versus elevated IOP conditions. 

We measured ߬  and  ܣ of the cornea during the blink’s opening phase for both 

conditions. The results showed that ߬ was lower in the Valsalva condition 

(37.44 ± 0.64 ms) compared to the baseline (61.17 ± 2.44 ms),  and this difference 

was statistically significant (𝑡𝑡 = 9.42, ܲ < 0.001, Fig. 61. Corneal dynamics for a 

single participant in baseline and elevated IOP conditions. (a) Normalized 

longitudinal centroid displacement during the blinks’ opening phase. The blue 

curves represent the displacement under baseline IOP condition, whereas the red 

curves correspond to the displacement under elevated IOP condition (Valsalva). 

Normalization was applied only for visualization, as eye positions may vary 

across blinks recorded in different videos. (b) A of baseline versus elevated IOP 

conditions. (c) τ of baseline versus elevated IOP conditions. 

c).  

Regarding A, the average for the baseline IOP condition was 1.36 ± 0.04 ݉݉, and 

for the Valsalva condition, it was 1.25 ± 0.05 ݉݉, and this difference was not 

statistically significant (Fig. 61b).  

 

4.4.2 STATISTICAL ANALYSIS 

To assess the effectiveness of the Valsalva maneuver in increasing IOP, we 

compared IOP values measured before and after the maneuver across all 

participants using the portable tonometer. The mean baseline IOP was 18.55 ±

ܪ݉݉ 0.72 ,݃ while the mean IOP during the Valsalva condition increased to 

23.73 ± This increase was statistically significant (𝑡𝑡 .݃ܪ݉݉ 1.01 = 6.78, ܲ <
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0.001), confirming that the Valsalva maneuver induced a consistent and 

measurable elevation in IOP, with IOP difference ranging from 1.7 ݉݉ܪ  ݃ to 

ܪ݉݉ 13  ݃between the two conditions.  

To determine whether the IOP-dependent behavior observed in a single subject 

was consistent among participants, we performed a statistical analysis on all 

enrolled samples. 

 

a) 

 

b) 

Fig. 62. Statistical analysis for 15 healthy samples without ocular disease history. (a) ߬ 
of normal and Valsalva IOP conditions across 15 samples (ܲ < 0.05). (b) A of normal 
and Valsalva IOP conditions across 15 samples (no statistically significant difference). 
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Fig. 62. Statistical analysis for 15 healthy samples without ocular disease history. 

(a) τ of normal and Valsalva IOP conditions across 15 samples (P < 0.05). (b) A 

of normal and Valsalva IOP conditions across 15 samples (no statistically 

significant difference). 

a illustrates the variation of ߬ for each participant who underwent the 

experiment. Out of 15 samples, 11 exhibit the expected trend, showing a lower ߬  

under the elevated IOP condition compared to the baseline IOP condition.  

The average ߬ was 46.23 ± 2.48 ݉𝑚𝑚 for the baseline IOP condition and 39.73 ±

1.31 ݉𝑚𝑚 for the elevated IOP condition (𝑡𝑡 = −2.56, ܲ < 0.05, Fig. 62. Statistical 

analysis for 15 healthy samples without ocular disease history. (a) τ of normal 

and Valsalva IOP conditions across 15 samples (P < 0.05). (b) A of normal and 

Valsalva IOP conditions across 15 samples (no statistically significant difference). 

b), which indicates a faster corneal rebound when the Valsalva maneuver is 

performed. Fig. 62b depicts the changes in A for each participant across the two 

IOP conditions, with the color scale indicating the change in the amplitude Δܣ 

between baseline and elevated IOP conditions. The average amplitude was 

1.05 ± 0.08 ݉݉ for the baseline IOP and 1.04 ± 0.08 ݉݉ for the elevated IOP 

condition. Unlike ߬, A does not exhibit a clear or consistent pattern across 

participants, with changes appearing more variable and without a statistically 

significant difference. 

Furthermore, to confirm the results obtained from the paired t-test, the Wilcoxon 

signed-rank test was applied, as it is more robust to outliers, does not assume 

normality of the data and is suitable for a small sample size. The test confirmed 

the statistical difference observed for ߬  (ܲ =  0.0125), supporting the evidence of 

a faster corneal rebound under elevated IOP conditions. Conversely, the 

comparison of ܣ between baseline and Valsalva conditions remained not 

statistically significant (ܲ =  0.495), consistent with the paired t-test results. 

In addition, we investigated whether the blink-derived biomechanical 
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parameters were associated with baseline IOP. Spearman’s rank correlation 

coefficients were computed between baseline IOP and the parameters ߬ and ܣ. 

No significant correlation was found between ߬  and baseline IOP (ߩ =  −0.25, ܲ =  0.38) or between ܣ and baseline IOP (0.17− = ߩ, ܲ =  0.54). Although 

these associations were not statistically significant, both parameters exhibited a 

weak negative trend, also demonstrating a tendency toward faster corneal 

rebound (lower ߬) at higher IOP levels. 

4.5 DISCUSSION 

The deformation of the cornea by the eyelid during a blink [33], [132], [133], [134] 

provides an opportunity to assess IOP-dependence of this phenomenon. 

However, the corneal deformation depends on its topography and biomechanics, 

leading to observable changes in corneal dynamics [135], [136], [137], [138]. As a 

result, various structural and pathological conditions may be potential modifiers 

of the observed corneal response. For instance, keratoconus leads to localized 

thinning and steepening of the cornea, altering its curvature and mechanical 

stiffness [139], which can modify the corneal response to ELP. Moreover, post-

surgical eyes typically exhibit a lower corneal hysteresis, which reflects the 

viscoelastic damping response of the corneal tissue to the applied force and 

corneal resistance factor, which is related to the time-independent corneal 

response to the applied force [140]. These biomechanical changes can result in a 

slower rebound of the corneal profile and an altered displacement amplitude 

induced by ELP.  

Lin et al.[108] further confirmed that ELP causes a flattening effect on the cornea, 

with biomechanical IOP correlating with eyelid pressure and corneal 

deformation during a blink. Our results demonstrate that the velocity of the 

corneal rebound is sensitive to IOP changes: the observed decrease of ߬ under 
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hour IOP was greater than the peak IOP observed during prior office visits in 

62% of the patients. Notably, the results of 24-hour IOP monitoring led to an 

immediate treatment change in 36% of patients[141]. Therefore, this technology 

could facilitate the early detection of abnormal IOP fluctuations, enable more 

precise patient-based treatment strategies, and mitigate the impact of untreated 

glaucoma. 

Several types of glaucoma exist, the most common being primary open-angle 

glaucoma which is characterized by elevated IOP values beyond the normal 

range and progressive optic nerve damage [142]. However, not all forms of 

glaucoma are associated with increased IOP [143]. In normal-tension glaucoma, 

IOP values remain within the clinically normal range, yet progressive optic nerve 

damage can still occur [144]. In such cases, analyzing IOP fluctuations 

throughout the day could be beneficial for the early detection of the disease [145], 

as patients with normal-tension glaucoma often exhibit greater diurnal IOP 

variability [146], [147], even if additional IOP-independent factors have gained 

increasing relevance in detecting this ocular disease [148].  The proposed method 

can potentially assess these variations through frequent, non-invasive, home-

based measurements. Conversely, ocular hypertension is characterized by IOP 

levels above the normal threshold despite the absence of optic nerve damage 

[149]. For these patients, the absolute IOP value remains the primary diagnostic 

metric.  

To extend the proposed approach from indirectly detecting IOP variations to 

providing quantitative IOP values, a calibration phase would be required. This 

phase would involve acquiring data from a cohort of patients showing controlled 

IOP changes and correlating the variations in biomechanical parameters with the 

corresponding changes in IOP measured by standard tonometry. Once this 

relationship is established, a single reference tonometric measurement combined 

with subsequent blink-based biomechanical measurements would allow 
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estimating absolute IOP values over time. 

Our approach has limitations. First, the variability of IOP elevation induced by 

the Valsalva maneuver presents challenges in achieving consistent IOP 

increments across trials. Additionally, IOP measurements during the Valsalva 

maneuver are taken before the acquisition of natural blinks, as it is not feasible to 

measure IOP using a portable tonometer and simultaneously record natural 

blinks during the application of the maneuver. This sequential process may 

introduce variability in the exact elevated IOP level during blink acquisition.   

Furthermore, while our analysis focused on longitudinal corneal displacement, 

it is known that the eye can retract during blinking [150], [151], [152], [153] due 

to ELP and subsequently move forward upon eyelid release, contributing to the 

observed dynamics. Iskander et al.[154] have proposed three different models 

depicted in Fig. 63. Three models for the longitudinal corneal profile 

displacement during a blink. (a) Eye movement: the whole eye globe (black) 

moves forward to a new position (red dashed line), as indicated by the vertical 

arrow; (b) Cornea deformation: the red dashed profile represents the cornea 

deformed by eyelid pressure, with blue horizontal arrows indicating lateral 

compression and the blue vertical arrow showing the flattening direction; (c) 

Combined effect of eye movement (black arrow) and corneal deformation (blue 

arrows). 

Their results have shown that the longitudinal movement of the corneal profile 

during a blink is the superposition of eye movement and corneal deformation. 

Indeed, the inability to separate these effects in our current framework is another 

limitation. However, our results suggest that the Valsalva maneuver does not 

necessarily lead to greater globe movement. If it were true that this maneuver 

causes greater forward movement of the eye during the opening phase of a blink, 

one would expect A to consistently be higher than in the baseline IOP condition, 

with a statistically significant difference. The fact that a statistically significant 
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difference is observed only for ߬ suggests that the Valsalva maneuver primarily 

results in a different response speed of the corneal rebound, which could be 

related to the IOP. 

In addition to eye retraction, several studies have demonstrated that the globe 

undergoes small rotational movements during the blinking process, primarily 

during the lid closure phase, which contributes to the stabilization of visual 

perception [155]. Specifically, blinks are accompanied by downward and nasal 

rotations that precede lid closure, followed by an intorsional, upward return 

during reopening [151], [156]. Kirchner et al.[157] further confirmed that these 

rotations typically range between 1–4° during natural blinks and represent a 

much smaller, subject-dependent component superimposed on the main 

translational motion of the globe. Therefore, since the analysis in the present 

study focused on the eye-opening phase, any residual rotation occurring during 

eyelid reopening is expected to be minimal and unlikely to significantly affect the 

longitudinal corneal dynamics quantified in our measurements.  

Finally, another concern is the potential influence of physiological changes 

unrelated to IOP during the Valsalva maneuver. While it is well-documented that 

the maneuver induces an increase in IOP, the exact mechanisms behind this 

increase remain unclear [158]. Therefore, the observed differences between the 

baseline IOP condition and the Valsalva condition may not be attributed only to 

an IOP increase but could also be influenced by other phenomena induced by the 

Valsalva maneuver, such as changes in ocular blood flow [39], venous pressure 

[159], or biomechanical properties of the anterior segment [160].  
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corneal dynamics and IOP. Furthermore, this clinical trial would integrate 

complementary ophthalmic measurements obtained from devices such as the 

Corvis ST and the Ocular Response Analyzer to provide a more complete 

characterization of the biomechanical properties of the cornea and to assess 

whether these parameters influence the IOP-dependent metrics derived from the 

blink-related corneal dynamics. Additionally, system illumination should be 

optimized to properly work under ambient lighting conditions typically found 

in a real-world scenario. 

In conclusion, we have presented a novel, non-contact imaging system capable 

of tracking the corneal profile during a natural, complete blink and analyzing its 

dynamics as an indicator of IOP variations. The proposed method does not 

directly measure IOP in mmHg but demonstrates the feasibility of blink-related 

corneal dynamics parameters as indirect markers of IOP changes. After 

appropriate miniaturization and calibration correlating these parameters with 

reference tonometric values, this approach may enable continuous, home-based 

assessment of IOP-dependent corneal dynamics, offering a realistic and 

accessible complementary tool for glaucoma management and early detection. 
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CHAPTER 5 

AUTOMATIC ECG WAVE 

SEGMENTATION6 

INTRODUCTION 

CVDs affect a large portion of the population, particularly in developing 

countries, and represent a major cause of morbidity and mortality worldwide. 

CVD encompasses a wide range of conditions involving the heart and blood 

vessels. Among them, atherosclerosis can lead to severe complications such as 

myocardial infarction and stroke, as well as arrhythmias and impaired valve 

function [162]. Early detection of CVD is therefore crucial. 

ECG is one of the most effective tools for predicting and diagnosing CVDs. It is 

the primary method for recording the heart’s electrical activity and is widely 

used to detect cardiac pathologies by analyzing key segments of the cardiac cycle. 

This technique is non-invasive, cost-effective, safe, and accessible. The growing 

availability of wearable [163], [164], and wireless devices [165], which can be 

applied in telemedicine [166], [167] and home-based patient monitoring, has 

further enhanced its potential. These systems enable continuous measurement of 

vital signs and related parameters such as heart rate (HR) [168], [169], oxygen 

saturation (SpO₂), and respiratory rate (RR), among others. 

 

6 This chapter is based on the paper [161]. 
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Beyond its clinical relevance in cardiology, the ECG signal is increasingly studied 

in relation to ocular physiology and IOP. Several studies have demonstrated that 

systemic blood pressure and cardiac activity influence IOP fluctuations and 

ocular perfusion [170], [171], [172]. Moreover, autonomic nervous system 

regulation, reflected in HRV derived from ECG, has been associated with altered 

autonomic balance in patients with NTG compared to those with HTG, 

indicating a stronger sympathetic response to stress stimuli [173]. 

This cardio-ocular interaction suggests that cardiac electrical activity may 

provide additional insight into the systemic mechanisms underlying corneal 

dynamics and IOP variations. In the previous chapters, the blink-induced corneal 

deformation was analyzed and modeled to extract biomechanical parameters—

such as deformation amplitude and recovery time constant—whose variation 

was shown to depend on IOP. Therefore, integrating ECG analysis into this 

framework enables multi-parametric interpretation, in which cardiovascular 

signals complement ocular measurements to better understand how systemic 

circulatory and autonomic factors may contribute to the blink-induced 

mechanical response of the cornea and to IOP fluctuations. 

An ECG records the heart’s electrical activity over time, generated by the action 

potentials propagating through the cardiac conduction system during each 

heartbeat. Electrodes placed on the skin detect these impulses thanks to the 

conductive properties of the body’s interstitial fluids, allowing the potential 

difference to be measured. The resulting signal, expressed in millivolts as a 

function of time, displays characteristic peaks—P, Q, R, S, and T—representing 

the depolarization and repolarization phases of the atria and ventricles (Fig. 64). 
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Fig. 64. ECG signal morphology of a cardiac cycle. 

The QRS complex corresponds to ventricular depolarization, while the P wave 

reflects atrial depolarization. The PR segment marks the conduction of the 

impulse to the ventricles and the onset of atrial diastole. The T wave corresponds 

to ventricular diastole [174], [175]. Clinical diagnosis relies on analyzing both the 

morphology and duration of these components. Accurate ECG segmentation is 

thus essential for assisting clinicians in diagnosing and monitoring cardiac 

conditions. 

Recent literature has proposed various approaches to improve ECG wave 

segmentation. Automatic segmentation remains challenging due to the 

considerable variability in QRS morphology between individuals, the lower 

amplitude of the P wave, and the diverse shapes of the T wave depending on 

myocardial condition. Furthermore, there is no universal agreement on the 

precise location of the characteristic points. 

The most effective techniques include the Pan–Tompkins algorithm [176], STFT 

[177], WT [178], [179], EMD with Hilbert spectral analysis for nonstationary 

signals [180], [181], [182], [183], and other approaches described in [184]. Many 

methods involve transforming or filtering the ECG signal to emphasize 

significant features and locate points of interest. Alternative strategies rely on 

machine learning and deep learning models such as CNNs, SVMs, and other AI-
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based frameworks [185], [186], [187], [188], [189]. 

While many algorithms can accurately segment the QRS complex, the detection 

of P and T waves remains less reliable. Most existing solutions identify peaks but 

fail to determine the exact onset and offset of each wave, information that is 

highly valuable for diagnostic purposes. 

In this chapter, we present a new ECG segmentation method that does not rely 

on artificial intelligence. The approach combines WT with a custom-designed 

algorithm capable of detecting not only the QRS complex but also the complete 

P and T waves, including their start and end points. The method is implemented 

in a system composed of a DAQ device managed by a LabVIEW Virtual 

Instrument and a SparkFun single-lead heart rate monitor based on the Analog 

Devices AD8232 amplifier. The DAQ acquires the ECG signal and performs pre-

processing, while wave segmentation and result analysis are carried out in 

MATLAB R2022b. 

5.1 ACQUISITION SYSTEM 

The raw ECG signal, before amplification, exhibits a relatively low amplitude, on 

the order of millivolts, and is often affected by artifacts and noise. Common 

sources of interference include the 50 Hz mains frequency, baseline drift, and the 

electrical activity of other muscles (electromyographic noise), all of which can 

compromise signal quality. To obtain a diagnostically useful signal, amplification 

and filtering stages are typically required. 

In this study, ECG acquisition was performed using the AD8232 single-lead heart 

rate monitor, a compact and integrated signal conditioning module designed for 

ECG and other biopotential measurements. This device requires only three 

electrodes and produces an output in which the characteristic P, QRS, and T 

waves of a single cardiac cycle can be clearly distinguished. The AD8232 
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Fig. 66. Positioning of electrodes based on Einthoven triangle (black pad corresponds 
to the right arm, blue pad corresponds to the left arm and the red one to the right leg). 

For data acquisition, the AD8232 output was connected to a National Instruments 

USB-6212 DAQ board, a 16-bit device capable of sampling at up to 400 kHz. 

Power to the AD8232 was supplied by a bench power supply. Signal acquisition 

and real-time visualization were managed via a LabVIEW Virtual Instrument, 

while subsequent processing and analysis were conducted in MATLAB. The 

complete experimental setup is shown in Fig. 67. 

 

Fig. 67. Experimental setup for ECG acquisition. 

5.2 ECG SEGMENTATION 

ECG is a fast, non-invasive, and widely adopted diagnostic technique that 
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provides a graphical representation of the heart’s electrical activity. It is a 

fundamental tool for detecting cardiac dysfunctions, where accurate 

segmentation and feature extraction are critical steps for establishing a diagnosis. 

This section introduces a novel method for the segmentation of QRS complexes, 

T waves, and P waves in ECG waveforms, aimed at supporting the early 

detection of cardiovascular diseases. 

Although numerous algorithms have been developed and successfully applied 

for QRS complex segmentation, reliable detection of P and T waves remains a 

challenging task. The proposed approach addresses this gap by first detecting R-

peaks using a threshold derived from the Otsu method. Subsequently, it 

segments all remaining ECG waves through the combined use of wavelet 

filtering and a local maxima detection algorithm. For each waveform, both the 

onset and offset are precisely determined, enabling a complete temporal 

characterization of the cardiac cycle. 

5.2.1 RAW SIGNAL ACQUISITION 

The ECG signal was acquired using the DAQ device, with acquisition parameters 

configured via the front panel to fully exploit the ADC range. The sampling rate 

was set to 200 Hz, with the input voltage range spanning from −5 V to +5 V. 

Before performing parameter extraction and analysis, a pre-processing stage was 

implemented to remove baseline drift and attenuate the 50 Hz power line 

interference. For this purpose, LabVIEW was used to apply WT filtering, with 

parameters defined according to [190]. A threshold frequency of 0.35 and a db06 

mother wavelet with symmetric extension were employed for the detrending 

process. Wavelet denoising was then carried out using an undecimated WT with 

the db06 wavelet and eight decomposition levels. The thresholding process used 

a single-level rescaling method, the universal threshold rule, and a soft 

thresholding approach. 
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attenuates the P and T waves within each cardiac cycle, isolating the QRS 

complex. The resulting signal after WT filtering is shown in Fig. 71. 

 

Fig. 71. ECG signal after WT filtering process. 

Secondly, an image processing technique [191] has been employed to detect R-

peaks using a threshold value derived from Otsu’s method [192], a non-

parametric and unsupervised approach to automatic threshold selection based 

on histogram analysis. Applying this threshold to the WT-filtered signal allows 

the identification of each R-peak within a defined temporal window, represented 

as a square signal in Fig. 72. 

 

Fig. 72. ECG signal after WT transform (blue) and square signal (red), which defines 
the temporal window of the R-peak. 

Once the candidate regions are identified, the algorithm searches the raw ECG 

signal within each window to locate the maximum amplitude, which 
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corresponds to the R-peak as illustrated in Fig. 73. 

 

Fig. 73. R-peak detection on Raw ECG signal. 

After the R-peaks are identified, the mean heart rate (HR) is computed by 

measuring the mean duration of R–R intervals, according to: 𝐻𝐻𝐻𝐻 =
݉𝑚𝑚𝑚𝑚𝑚𝑚(ܴ −ܴ)

60
 

5.2.3 QRS ONSET AND OFFSET DETECTION 

To determine the onset and offset of the QRS complex, the STD of the wavelet-

filtered signal is computed over a sliding window consisting of five samples, 

including the central sample. The window is defined by 5 samples preceding (ka) 

and 5 samples following (kb) the central point, plus the central sample itself. The 

length of this window is empirically chosen based on the sampling frequency of 

the acquired ECG signal. For a sampling frequency of 100 Hz, the optimal 

configuration is ka=1 and kb=1. The resulting STD signal is shown in Fig. 74. 
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smooth the waveform. Otsu’s method is then used to compute an adaptive 

threshold for isolating the P wave. The peak value within this window is 

identified as the P-peak, while the initial and final points of the window 

correspond to the onset and offset of the P wave, respectively, as shown in Fig. 

77. 

 

Fig. 77. P wave segmentation. 

5.2.5 T WAVE SEGMENTATION 

The detection of the T wave presents a significant challenge due to its smaller 

size in comparison to the R-peak, coupled with the presence of noise that 

obscures the boundaries. Furthermore, the lack of universal detection rules 

presents a challenge in the detection of both the T wave and the P wave. 

Consequently, researchers have concentrated their efforts on defining automatic 

detection algorithms. 

More in depth, the same approach previously utilized for P-wave detection is 

employed for T-wave detection. 

Indeed, a windowing technique has been applied to the ECG signal from the 

corresponding QRS offset to the end of the cardiac cycle for each R-peak. 

Subsequently, a fourth-degree polynomial fitting and Otsu’s thresholding have 
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been employed. The T-peak has been defined as the maximum value within this 

window, and the boundaries have been defined as the two edges. An example of 

T wave segmentation from a cardiac cycle can be depicted in Fig. 78. 

 

Fig. 78. T wave segmentation. 

5.3  RESULTS 

The proposed algorithm was evaluated on 100 cardiac cycles from three different 

patients, with ECG signals acquired using the single-lead heart rate monitoring 

system developed in this work. Fig. 79 summarizes the percentage of correctly 

detected points of interest for the P wave, T wave, and QRS complex across all 

recorded data. As shown, the QRS complex was consistently detected, along with 

the P and T peaks. However, the accuracy in detecting the onset and offset of the 

P and T waves was comparatively lower. 
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Fig. 79. Percentage of detection. 

Table 12 reports the mean temporal error and STD for each annotated point 

within the ECG waveform. These values were computed as the time differences 

between the positions identified by the proposed algorithm and the 

corresponding handcrafted annotations. 

 Mean (s) STD (s) 

P onset -0.045 0.052 
P peak 0.000 0.053 
P offset 0.000 0.012 

QRS onset -0.010 0.012 
Q peak 0.000 0.002 
R peak 0.000 0.001 
S peak 0.000 0.000 

QRS offset 0.015 0.011 
T onset -0.002 0.014 
T peak 0.005 0.001 
T offset -0.010 0.011 

Table 12. Mean time error and standard deviation for each ECG wave, onsets, and 
offsets. 

Furthermore, Fig. 80 illustrates the IoU for the P wave, QRS complex, and T 

wave. The results indicate that the highest IoU was obtained for the T wave, 

while the lowest was observed for the P wave. 
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Fig. 80. IoU for all the ECG waves. 

5.4  CONCLUSION 

In this chapter, we presented a novel ECG segmentation approach that combines 

WT with Otsu’s method, designed for application to ECG signals acquired from 

a single-lead heart rate monitor. The proposed algorithm demonstrated robust 

performance in detecting R-peaks, achieving a 100% detection rate and enabling 

accurate heart rate estimation. Furthermore, the QRS complex was consistently 

segmented across all recordings, including those affected by noise, with minimal 

temporal errors. Importantly, the method also addressed the more challenging 

task of detecting P and T waves, an area where segmentation accuracy remains a 

limitation in the existing literature, thus providing a comprehensive solution for 

complete P–QRS–T detection. 

The proposed method for accurate segmentation of cardiac electrical activity not 

only advances ECG signal processing for telemedicine applications but also 

facilitates the investigation of how systemic circulatory and autonomic factors 

may contribute to the blink-induced mechanical response of the cornea and to 

IOP fluctuations.  



 

124 

 

CONCLUSION 

 

In this thesis, novel measurement methods for intraocular pressure (IOP) 

assessment and blink detection have been developed, leveraging image 

processing, machine learning, and deep learning techniques. The work was 

carried out in the framework of a collaboration between the Electrical and 

Electronic Measurement Research Group of Politecnico di Bari, the Optics 

Biotech Lab of the University of Maryland, and the University of Maryland 

School of Medicine. 

The first objective was to evaluate the performance of five unsupervised image 

processing algorithms for detecting eye blinks in high-speed video sequences. 

This investigation, presented in  By integrating ECG analysis with the ocular-

based metrics developed in previous chapters, this final part of the thesis 

expands the proposed framework toward multi-parametric health monitoring, 

where cardiovascular and ocular signals can be jointly interpreted to provide a 

more comprehensive understanding of IOP dynamics and ocular biomechanics 

in relation to systemic physiological states. 

 
Chapter 1, provided a detailed comparison of iris area detection, optical flow, 

image correlation, local binary pattern, and Gabor decomposition techniques, 

quantifying their precision, sensitivity, and F1-score. The analysis offered insight 

into the strengths and weaknesses of each approach, establishing a benchmark 

for subsequent robustness evaluations. 

Building upon this work, 

Chapter 2 focused on the noise robustness of the same five algorithms by 

introducing Gaussian noise into the images and applying Monte Carlo 
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simulations. The results highlighted that image correlation outperformed other 

methods at low noise levels, while local binary pattern was more robust at higher 

noise levels. This chapter also emphasized the importance of channel selection, 

showing that the red channel consistently delivered better performance across 

noise conditions. 

The third contribution of this thesis, discussed in 

Chapter 3, introduced a high-speed, non-contact imaging system for tracking 

corneal profile dynamics during natural blinking. A deep learning–based 

segmentation pipeline was designed to extract the corneal contour, enabling the 

definition of new biomechanical metrics (time constant and displacement 

amplitude) to characterize corneal rebound after eyelid-induced deformation. 

This chapter validated the intra-subject repeatability of these metrics and 

demonstrated their potential clinical relevance. 

Chapter 4 extended this methodology to investigate the relationship between 

blink-related corneal dynamics and IOP. Healthy participants were tested under 

baseline conditions and during the Valsalva maneuver, which naturally increases 

IOP. The results revealed a statistically significant reduction in the time constant 

under elevated IOP, suggesting that higher internal pressure accelerates corneal 

rebound, while the displacement amplitude remained unchanged. These 

findings indicate that blink-induced corneal dynamics could serve as a non-

contact proxy for relative IOP changes. 

Finally, 

Chapter 5 addressed a different biomedical signal processing challenge: the 

complete segmentation of ECG waveforms (P wave, QRS complex, and T wave) 

acquired using a single-lead heart rate monitor. The proposed algorithm, based 

on wavelet transform and Otsu’s thresholding method, achieved accurate 

detection of R-peaks, QRS segmentation, and identification of P and T waves, 
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thus providing a reliable non-AI solution for ECG morphological analysis. 

Additionally, accurate ECG segmentation can clarify how systemic circulatory 

and autonomic factors influence the blink-induced mechanical response of the 

cornea and IOP fluctuations, paving the way toward integrated ocular–

cardiovascular monitoring systems that can be extremely useful for remote 

glaucoma management. 

Overall, the thesis provides a coherent framework for non-contact ocular 

measurement and biomedical signal segmentation, offering both methodological 

innovations and practical applications. Future work will focus on validating 

blink-induced corneal metrics in glaucoma patients, optimizing the acquisition 

system for real-world environments, and integrating the developed techniques 

into portable telemedicine devices to enable continuous home-based monitoring.
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