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Abstract. Eye blinking has been studied extensively due to its wide
range of potential applications. However, one under-researched field is
the use of the wider lacrimal area for detection. This paper proposes a
new eye blinking detection method using a novel lacrimal aspect ratio
(LAR) strategy that utilises eyebrow movement and eyes. The proposed
algorithm estimates facial landmarks using an automatic facial landmark
detector to extract a single scalar quantity by using LAR and character-
izing eye opening and closing, and to detect both partial and full blinking
in each frame using a LAR threshold. We set three threshold values, -2.4
and -2.6, and -2.9, to detect blinks by each frame. Experimental results
show that our approach can successfully detects eye blinks and can out-
perform other state-of-the-art works. The utilization of LAR in detecting
blinks and partial blinks demonstrates its potential to offer a novel and
informative metric for researchers. This approach also opens up possi-
bilities for further eye-related investigations, including the recognition of
emotions. With its low dimensionality and easily understandable time
domain features, LAR provides an effective pathway towards achieving
these goals.

Keywords: Lacrimal aspect ratio, blinking, image processing, Eye aspect ratio,
Eyeblink8, TalkingFace

1 Introduction

Eye blink detection uses image processing to measure blinking in faces, and can
aid with facial movement disorders, blepharospasm, and tiredness while driving
[1-3]. Generally, blinking refers to the shutting and reopening of eyelids with a
typical duration of between 100 and 400ms [4], and there are many factors that
can impact on blinking including eyelid condition, presence of illness, contact
lenses, psychological states, the surrounding environment, medicine, and other
stimuli. Blink detection has been applied for various applications such as inter-
communication between paralyzed persons and computers [5], and drowsiness
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detection [6]. There are various approaches for detecting blinking, such as mea-
suring ocular parameters [7], or using the modification o f t he algetic distance
algorithm for conic approximation by using the Eye Aspect Ratio (EAR) [8].

In recent years, deep learning has become more widely used for eye blinking,
with various state-of-the-art techniques used in blinking such as CNNs (Convolu-
tional Neural Networks), RNNs (Recurrent Neural Networks), transfer learning,
and object detection. By training deep learning algorithms on a large dataset of
eye images, the algorithm can learn to recognize eye blinking patterns in real-
time. Recently, various studies have used deep learning approaches for various
applications of eye blinking [9-15].

Eye information such as blink count, time and frequency may also provide
valuable mental health information. Cori et al. [16] used continuous eye blinking
measures to successfully identify drowsiness during driving. Grice et al. reported
that eye gaze may identify young adults with autism [17]. Laxmipriya et al. ex-
amined the psychological state of subjects by blink rate [18], showing that the
blink rate increases with more positive moods. Deception can also be calculated
with blink rate. Borza et al. used various cues considered as an indicator of de-
ception, such as blink rate, gaze direction, and the saccadic eye movement rate
[19], demonstrating the applications of blink detection. In addition to blinking,
partial eye opening (which we detect in this paper) can also potentially be used
to detect Down’s syndrome and Schizophrenia. [20-22]. Understanding the im-
portance of eye movements, eye narrowing and eye widening helps to highlight
important emotional indicators [23][24]. Therefore, rather than simply being able
to count blinks, it is also valuable to obtain accurate time domain vectors for
further research.

This article puts forth a novel method of measuring eye openness levels by
utilizing Lacrimal Aspect Ratio (LAR) based measurements using the Dlib face
detector’s identified points. By applying the LAR measurement with three differ-
ent threshold values, we can detect full and partial blinks in a continuous manner.
This innovative approach is straightforward and comprehensible in both com-
puter science and psychological research, and has the potential to be used for
real-time blink detection. The combination of eyelid and eyebrow area could be
employed for future eyebrow movement research, as well as for facial expression
and emotion recognition, given that blinking is an action that has a significant
impact on emotion recognition (according to research on action units) [25].

Our proposed method is compared to other state-of-the-art methods in the
literature using the same datasets, including both geometric methods and deep
learning models, showing that our proposed method can produce comparable
accuracy to deep learning models while being much more lightweight, and pre-
senting a useful and analysable feature stream of time domain values. These can
potentially be used as low dimensionality feature inputs in future research. Our
novel approach is designed to be more intelligible, providing researchers with
greater transparency and control over the model. Instead of deep learning, we
can use smaller datasets than complex deep learning models. Moreover, the na-
ture of the proposed method means that it is expected to have lower memory
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and power consumption than deep learning, making it a more practical solution
for smaller datasets. By providing an explainable solution with comparable ac-
curacy, the proposed model can help advance the field of emotion recognition
and contribute to future developments in the field.

The contributions of this paper can be summarized as follows:

1) we propose a simple and explainable blinking detection method based on
Lacrimal Aspect Ratio (LAR), using the area between the eyebrows and the
eyes, which can potentially be used in medical and psychological research to
better track eye and eyebrow movement.

2) For blink detection and partial blink detection, ranges have been defined
with threshold values based on facial landmark detection. In this paper, detailed
results will be analyzed using widely used datasets, eyeblink8 and talking face.

3) To handle noise, the dlib face detector has been modified to identify and
to eliminate all noisy or defective frames where eyebrows and eye landmarks
cannot be detected.

4) We demonstrate that similar results to those reported in the literature can
be achieved with less data intensive models than using deep learning approaches.

The remainder of this paper is organized as follows. A detailed background is
provided in section 2, our proposed LAR approach is then introduced in section 3.
The detailed system configuration is provided in section 4, including the complete
blinking process, and the datasets used. We present our results and compare and
discuss with other state-of-the-art results in section 5. We will then conclude the
paper and discus future research directions.

2 Background

As discussed in the previous section, there are various approaches for detecting
blinking, such as measuring ocular parameters [7], or the Eye Aspect Ratio
(EAR) [8]. Machine learning approaches have also become more widely used for
eye blinking[26][27][28]. One approach for blinking is the EAR measure, which
is used in computer vision algorithms to detect eye blinking [29]. It is defined
as the ratio of the distances between the eye landmarks. To distinguish between
open and closed eyes, a threshold value is used (Dewi et al. used thresholds of 0.3
and 0.2 in their 2022 paper [30]). In this paper, we will investigate calculating
blinks with our proposed method using three different threshold values.

There are various machine learning approaches to detect blinking, especially
for driver drowsiness detection. Adireddi et al. [31] detected eye blinking by using
a Viola-Jones detector and an SVM classifer. They used the Eye aspect ratio
(EAR) pattern on the widely used eyeblink8 and talking face datasets. They
concluded that when subject looked to the side for longer than a blink duration,
the threshold fails, and therefore their SVM classifier outperformed the EAR
thresholding values, and the SVM detects the presence of closed eyes with 95%
accuracy. Machine learning is also used for blink detection including by You et
al. [32] who used a deep cascade CNN for drowsiness detection on the WIDER
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FACE dataset and the AFLW dataset. They proposed a fatigue state classifier,
based on an SVM, which takes EAR as input. They reported 94.8% accuracy.

This is an active research field, w ith s everal s tate-of-the-art ( as o f 2023)
publications. Akhdanet et al. [33] used SVM and MLP classifiers for a blinking
detection system used in face detection with antispoofing eye blinking detection.
This study used the eyeblink8 dataset. Using the SVM classifier, t hey reported
a precision value of 0.73 and recall of 0.91, and an F1 score of 0.81. On the other
hand, using MLP, they received a precision value of 0.95, recall of 0.98, and an F1
score of 0.96. Demonstrating potential practical applications, Hutamaputra et al.
[34] investigated eye blinking for assisting people with disabilities by proposing
menu selection using eye gaze. Eye detection uses the facial landmark method,
and classification uses K-nearest neighbors. The method’s highest accuracy result
is 90.42. Cristanti et al. [35] also used eye recognition to select menus. This study
used edge detection on the eye iris. In this study, users can choose the activity
menu by closing their eye for more than 250ms. The system’s output is audio
that represents the activity menu. The reported success rate of left gaze tracking
was 80%, straight gaze tracking was 90%, and right gaze tracking was 80%.

Jordan et al. [36] proposed a CNN in smart connected glasses based on IR
signals to detect eye blinks and compared it to threshold based methods. They
reported 90.8% accuracy in the third convolution layer whereas their threshold-
based method reported 84% Accuracy. However, they also noted that ROM and
RAM usage is significantly higher with the CNN approach than for threshold
method. We are also interested in a lightweight approach that can be imple-
mented without high end hardware.

One issue with using pre-trained deep learning models such as VGG[37], In-
ception[38], ResNet[39], AlexNet [40], and Xception[41] is that the output is not
necessarily useful. Although, it can output blink and non-blink classifications,
their approach to identifying those blinks is not transparent, and there are no
explanations provided to justify decisions. Explanations can help researchers un-
derstand what features the model is using to make a particular decision and make
informed modifications to the model as needed, particularly if the applications
are more advanced than just blinking. Deep learning models also often require a
large amount of memory and power, which can be impractical for small datasets
like talkingface, which has fewer than 500 eye blinks.

Our proposed model is designed to be more intelligible, providing researchers
with greater transparency and control over the model. Instead of deep learning,
our approach is based on piecewise training, meaning that the model is trained on
a smaller, more manageable dataset rather than a complex deep learning model.
This approach makes it easier for researchers to understand the model’s decision-
making process and to make modifications to the model as needed. Moreover,
the proposed model is expected to have lower memory and power consumption
than deep learning, making it a more practical solution for smaller datasets.



Optimization of lacrimal aspect ratio for explainable eye blinking

3 Lacrimal Aspect Ratio

Researchers have proposed various methods to detect eye blinking, as discussed
in the introduction. Here, we propose LAR, a novel approach, which uses the
measured area between the eyebrows and the upper eyelid. For feature extrac-
tion, we have extracted frames from the video at 30fps (frames per second). Facial
landmarks are then detected by using the Dlib face detector. For face identifica-
tion and cropping the face region, the Dlib algorithm has been identified to be
a successful and widely used method.

We have upgraded the method to detect defective frames; these frames that
cannot be recognized by the method due to some occlusion such as hand-over
face, blur. Some frames hide the complete eyes and reduce the efficiency of the
proposed method. To separate the noisy frames, the Dlib detector has been up-
dated and separates defective frames to apply LAR. Following face detection, the
eye area along with the eyebrows is identified using facial landmarks. The land-
marks associated with both eyes and eyebrows are as follows:(1).Left Eye: (37-
41), (2).Left Eyebrow: (17-21), (3). Right Eye:(43-48), (4). Right Eyebrow:(43-
48).

After identifying both eyes and eyebrows individually, our proposed LAR
method is applied to detect eye blinking. Our research detects eye blinks with
the help of two lines drawn horizontally and vertically between the eyebrows
and eyes. Blinking is a rapid process; we can detect this by using parameters. If
the LAR ratio drops below a threshold, we can assume that the eye is blinking
and closing (-2.4/-2.6/-2.9). If eyes are between the partial range (from -1.4 to
-2.4/-2.6/-2.9), as usually happens before and after a blink, eyes are considered
partially open. Otherwise the eyes show no blink. We will evaluate blinking per
frame; therefore, partial binks are detected before and after the blink. In this
proposed work, we have detected eye blinking with three different threshold
values -2.4, -2.6, -2.9.

Additionally, the distance between the eyebrows to the eyes is divided into
two key measurements, the tarsal platform show (TPS) and brow fat span (BF'S).
TPS is the distance between the upper eyelid margin and the crease, whereas
BFS is the distance from the superior brow hairs to the crease in the primary
gaze [42]. We use the name Lacrimal Aspect Ratio due to its association with
the lacrimal gland. Many medical researchers have calculated variations in the
average length of this area [43,44], however, to the best of our knowledge, no
one has precisely calculated it for measuring muscle movement. We propose to
calculate this distance and to use it in eye blinking.

We define three threshold values -2.4, -2.6 and -2.9 (as will be discussed
later), because the area between the eyebrows and the eyes of different people,
according to age and ethnicity, may vary as per facial anthropometric data, as
reported by Zhuang et al. [43]. We categorized the distance into three categories,
eye blink, partial blink, and no blink (eyes are open). The LAR is defined as:

. _ (z1+22)min
LARyink = (Yy14+Yy2) maz (1>
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_ (z1472)mas
LARny = (pysimen (2)

where 1, x5 refers to the landmark points for calculating the distance between
the Dlib landmarks P1,P5,P6,P9 and y1, yo refers to P1,P6,P5,P9. The hori-
zontal length |21 4 22| can be calculated where z; is defined as |P1 — P5| and
x2 using |P6 — P9|. The vertical length |y; + y2| can also be calculated, where
yp represents |P1 — P6| and ys, |P5 — P9|:

(:Cl +£C2) . |P17P5‘+|P6*P9|
(y1 +32)  |PL— P6|+|P5— P9

3)

where, P1, P5, P6 and P9 are landmarks associated with eyebrows and eyes.

LAR = Tites)

(y1 +y2)

(4)
After applying normalization to all values of LAR, we get a which represents

the normalized value of the blink ratio. Then,

(LARpink, + LARp) (5)
2

LARThreshold =

Here, we identified a suitable robust threshold value using several datasets
(as will be listed in section 4.1). By comparing frames with no blinking to frames
with blinks, we were able to tune the thresholds appropriately. These thresholds
were suitable for several datasets, although similarly to other research in the
literature, and given the differences in datasets, should be generally suitable and
robust values for many datasets in the literature. Some additional minor tuning
may be required in special cases, but the thresholds identified in this paper
should be suitable for most usage.

The eye status is therefore:

a < LAR; = FyeClosed
a > LAR, = NoBlink (6)
LAR; < a> LAR, = EyePartiallyClosed

where, LAR; defines the Lacrimal threshold value (-2.4, -2.6, -2.9) and LAR,,
represents a partially closed eye value which can generally be detected before
and after blinks, where LAR,, is in range —1.4 < LAR, < LAR;. Finally, LAR,;
depicts no blink, i.e. an open eye.

For measuring the distance, we use Euclidean length. The horizontal distance
is taken from two midpoints. One midpoint is taken from the lateral canthus
(the lateral corner of the left eye), to the lateral corner of the left eyebrow.
The midpoint will be located on the Lateral Hooding area (the lacrimal gland
muscle). Another midpoint is taken from the medial corner of the left eye (the
medial canthus), to the medial corner of the left eyebrow. The horizontal distance
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Fig.1: LAR measurement, where V.D: Vertical distance, H.D: Horizontal dis-
tance, BFS: Brow fat span, TPS: Tarsal platform show

is calculated from these two midpoints. Similarly, the vertical distance is taken
from two midpoints, the Lateral and medial corner of the eyebrow, and the
lateral and medial cantus of the eye. This is shown in figure 1.

For landmark and feature extraction, DIib is used, and our LAR method is
applied for eyebrows and eye landmarks. For eye blinking, landmark units start
from 17 to 21 for the left eyebrow and 38 to 41 for left eyes. Therefore, we will
consider landmark 17 as P1 and landmark 21 as P5. Similarly, 25 to 26 are
associated with the right eyebrow, and 42 to 47 are associated with the right
eye.

4 System Configuration and Experimental Setup

4.1 Dataset

EyeBlink8 Dataset: The Eyeblink8 dataset is a challenging dataset recorded
in a home environment and widely used for state-of-the-art research [15] [12]
[30][45] [46] [47] [48]. It consists of eight videos and four subjects. There are
408 eyeblinks in 70,992 annotated frames, recorded at a resolution of 640 * 480.
Annotation files are available, start with the line #start and consist of 19 fields.
We are only concerned with Frame id, blink id, left eye fully closed or right eye
fully closed. The Eyeblink8 dataset is publicly available [46].

Talking Face Dataset: This dataset consists of one video recording of one
person sitting in front of the camera and making various facial expressions,
including smiling, laughing, and ’funny faces’. This video is captured at 30fps
with a resolution of 720* 576 and contains 61 annotated blinks. [49]. A number
of recent studies used this dataset making it suitable for evaluation use in this
paper [47][30][48].

ADFES and Grid Datasets: While not specifically used for eye blinking,
we tested our approach and calibrated our threshold values with 2 addaitional
datasets. We used 22 speakers from the Amsterdam Dynamic Facial Expression
Set (ADFES), recorded at a resolution of 1280*720 and 34 from the GRID corpus
dataset (recorded at a resolution of 360 * 288). These were used to calibrate and
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test our thresholds, although due to not being dedicated blink datasets, results
are not reported here. However, by using a wide range of frame sizes to identify
a common threshold, we are able to show that our threshold values are robust.

4.2 Proposed LAR Blink Detection

There are several steps involved in our proposed LAR, as shown in figure 3.
First, we extract frames at 30fps (frames per second) and use the pre-trained
Dlib facial landmark detector [50]. This consists of two shaped predictor models
trained on the i-Bug300-W datasets, which each localize 68 and 5 landmark
points, respectively, with a face image. The 68 landmarks refer to jaw points 0-16,
right and left eyebrows 17-26, nose points 27-35, and right and left eye points 36-
47, mouth points 48-67. Defective frames (frames that cannot be recognized due
to occlusions such as hand covering face) are identified and removed. Following
this, the eye and the eyebrow region is identified using the DIlib facial landmark
points, and our LAR method is then applied to calculate the lacrimal aspect
ratio for eye blinking.

Our method detects eye blinks with the help of two lines drawn horizontally
and vertically between the eyebrows and the eyes, and three different threshold
values, -2.4, -2.6, -2.9, will be evaluated in this paper. The three threshold values
are determined statistically from the distance variation between eyebrows and
the eyes in case of eye opening and closing across the subjects of four datasets,
as reported in section 3.

We determined the thresholds by measuring the landmarks and distances
associated with the eyebrows and eyes and found that the distance between the
eyebrows and eyes during eye opening and closing can vary between individu-
als. We calculated three threshold values with respect to the area between the
eyebrows and eyes. By using three different t hreshold values, it allows for more
accurate blink detection by taking into account the variations in the distance
between the eyebrows and eyes. This ensures that the blink ratio is accurate for
different individuals.

If the LAR ratio drops below a threshold (-2.4/-2.6/-2.9), we can assume that
the eye is closed. If the eyes are between the partial range (from -1.4 to -2.4/-
2.6/-2.9), as usually happens before and after a blink, the eyes are considered
partially open, otherwise the eyes show no blink. Since blinking is evaluated on
an individual frame, eyes generally register a partial blink before and after the
blink. The operation of the system is shown in figure 2.

4.3 Data Optimization

Data has been cleaned by using the Dlib output to detect defective frames.
Figure 4 shows examples of defective frames. We identified r esults w here facial
landmarks were not detected, with an output (i.e. the face region rectangle) of 0,
and did not use those frames for assessment. In section 5, we compare our work
with EAR and to maintain balance, in frames where either our LAR method or
the EAR approach identified d efective frames, we did n ot use t hese frames for



Optimization of lacrimal aspect ratio for explainable eye blinking

Face Detected

Facial Detection
using Land mark

Defective Frames

Detect Face in Face
image

LAR >BTR

FHene LAl -24/-26/-29

Blink Count

Partial Blink <

Fig. 2: Complete system process, showing defective frame identification, face and
eye detection, as well as LAR calculation.
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Fig. 3: Systematic architecture of proposed Eye Blinking Model of our Lacrimal
Aspect Ratio Approach

evaluation. In the eyeblink8 dataset, 358 defective frames were identified using
the EAR method, with 333 using our method. In total, this gives us a total of
374 defective frames which were not considered. In the TFS dataset, no defective
frames were identified.

Fig. 4: Examples of defective frames in the eyeblink8 dataset

5 Results and Discussion

Similarly to other research in the literature [51], precision and recall are used
to report the effectiveness of our proposed method. The results of our method
with the eyeblink8 dataset for each of our chosen thresholds are shown in table
1. Overall, we have achieved overall 94%, 95%, and 95% accuracy with -2.4, -2.6
and -2.9 threshold values and a total of 390, 269 and 269 blinks from all videos
compared to 408 Ground truth blinks (Ground truth blink numbers are taken
from the Al-gawwam et al [52].

10
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Table 1: LAR Accuracy for all videos from eyeblink8 dataset.

Videos Accuracy Detected blink GT Blink
Threshold -24 -2.6 -2.9 -24-2.6-2.9 0.3

1 0.974 0.979 0.979 51 32 32 38

2 0.908 0.905 0.905 57 37 37 88

3 0.942 0.944 0.944 54 41 41 65

4 0.936 0.940 0.940 50 28 28 31

8 0.971 0.974 0.974 87 59 59 30

9 0.9180.92 0.92 32 33 33 41

10 0.927 0.930 0.930 42 28 28 72

11 0.922 0.9240.92416 11 11 43

Overall Accuracy 0.94 0.95 0.95 390 269 269 408

Normalized LAR

0 1000 2000 3000 4000 5000
Frames

Fig.5: Example result for eyeblink8 dataset, showing frame-by-frame LAR val-
ues, with blinks denoted by horizontal lines.

For the cumulative frame total of 70548 frames, after eliminating defective
frames in the the blink8 dataset, 1697 frames were detected as partial blinks,
whereas 68461 frames showed no blink. For the -2.6 and -2.9 thresholds, 1617
frames were partial blinks and 68662 frames showed no blink. To illustrate our
results, Figure 5 illustrates the LAR for video 4 of the eyeblink8 dataset. The
video’s duration is 1:09 minutes, with 5454 frames recorded at 30 fps. Our
method identified 50 blinks at the -2.4 threshold whereas 28 blinks were blink
detected at the -2.6 and -2.9 thresholds along with 89 defective frames. One key
reason for the difference was that in the ground truth measurements, multiple
frames were considered to be a single blink. However, in our approach, we are
able to distinguish between partial eye opening, full eye opening, and eye closing,
meaning that there are differences between blink frame numbers. However, as
reported above, by grouping partial blinks and blinks together as per the ground
truth measurements, we achieved high accuracy for blinks.

For the TFS dataset, our proposed method achieved 92% accuracy for the
-2.4 threshold value, and 91% accuracy for -2.6 and -2.9 threshold values. For
the -2.4 threshold value, 52 detected blinks and 125 partial blinks were detected.
Similarly, for -2.6 and -2.9, 28 detected blinks and 299 partial blinks were de-
tected from 5000 frames, as shown in table 3.

11
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Table 2: Comparison of EAR, modified EAR and our LAR approach for eyeblink8
videos 4 and 8.

EAR Modified LAR|EAR Modified LAR
V4 EAR V4 V4 |V8 EAR V8 V8

Threshold 0.3 0.2923 -2.4 10.3 0.2105 -2.4
Total Frame 5454 5454 5454 (10712 10712 10712
Total Active frame 5315 5315 5315 10663 10663 10663
Total Defective Frames 89 89 89 0 0 0
Total Blink Count 117 1035 103 107 628 97
Detected Blink 31 54 50 30 51 87
Partial Blink - - 50 - - 87
Accuracy 0.907 0.9117 0.936 |0.9108 0.966 0.97

Table 3: Statistics of TFS dataset for all threshold values

Threshold 24 -26 -29
Total Frame 5000 5000 5000
Total Active frame 5000 5000 5000
Total Defective Frames 0 0 0
Total Blink Count 173 103 103
Partial Blinks 229 299 299
No Blinks 4598 4598 4598
Ground Truth Blinks 61 61 61
Detected Blinks 52 28 28
Accuracy 0.9212 0.9128 0.9128

Table 2 shows the detailed statistics for EAR, modified EAR and our pro-
posed method on different threshold values on eyeblink8 videos 4 and 8. These
videos were chosen due to having similar numbers of defective frames. EAR has
117 total blink frames with 31 blinks detected with a 0.3 threshold value. Sim-
ilarly, mEAR, a state-of-the-art approach [30] found 1035 blink frames and 54
blinks with a threshold of 0.2923. For our proposed method, we have detected
103 total blink frames along with 50 detected blinks with a -2.4 threshold value.
Similar small differences can be seen for video8. In both cases, our results are
more accurate.

Figure 6 provides a detailed example of selected frames from video 8 of the
eyeblink8 dataset, showing both detected eye regions, and the LAR value, along
with labels for partial blinks and detected blinks. The threshold value is also in-
dicated in the figure, and a blink is counted when the lowest threshold is crossed.
As can be seen in the figure, the threshold is only crossed in 2 frames here, mean-
ing that 2 blink frames are detected. There are also incorrect identifications in
3 frames, where the value differs noticeably from the frames around it. Around
the detected blink, there are also a number of frames that are detected as being
partial blinks.

12
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Table 4: Comparisons with other state-of-the-art methods

Dataset Approach (threshold val) Year Precision Recall
Druratovsky and Fogelton[49] 2014 79% 85.27%
Fogelton and Benesova[46] 2016 94.69%  91.91%
Anas et al. [53] 2017 79% 85.27%

EyeBlinks Al-Gawwam and Benaissa [52] 2018 96.65%  98.78%
Kévin Cortacero et al. [14] (MobileNe V2) 2019 88.4% 91.9%
Kévin Cortacero et al. [14] (ResNet) 2019 84.2% 93.9%
Kévin Cortacero et al. [14] (DenseNet) 2019 88.3% 95.4%
Kévin Cortacero et al. [14] (Ensemble) 2019 99.5% 95.8%
Dari et al. [54] 2020 100% 93.4%
Liang et al. [55] 2021 93.8%  89.0%
Dewi et al. (Modified EAR) [30] (0.3) 2022 99% 81%
Dewi et al.(Modified EAR) [30] (0.2923) 2022 99% 82%
Kraft et al. [48] 2022 90.9%  90.4%
Phuong et al. [47] 2022 95.28%  95.81%

S Sridharan.S et al. [13] (Efficient Net + CNN) 2022 92.73%  89.7%
S Sridharan.S et al. [13] (MobileNet V2 + CNN) 2022 91.2% 92.3%
S Sridharan.S et al. [13] (FaceMesh+ CNN) 2022 95.64%  94.25%

Chen Zhao et al. [15] (FedSup) 2023 90.22%  94.25%
Our Proposed LAR(-2.4) 2023 95% 98.7%
Our Proposed LAR(-2.6) 2023 95% 99%
Our Proposed LAR(-2.9) 2023 95% 99%
Druratovsky and Fogelton [49] 2014 92.2% 96.7%
Fogelton and Benesova [46] 2016 95% 93.44%
Liang et al. [55] 2021 96.7%  95.1%
TFS Dewi et al. [30] (0.3) 2022 97% 82%
Dewi et al. [30] (0.2923) 2022 98% 94%
Kraft et al. [48] 2022 98.3%  93.4%
Phuong et al. [47] 2022 95.08%  93.55%
Dari. [54] 2020 89.5%  88.4%
Our Proposed LAR(-2.4) 2023 93% 99%
Our Proposed LAR(-2.6) 2023 92% 99%
Our Proposed LAR(-2.9) 2023 92% 99%

13



Optimization of lacrimal aspect ratio for explainable eye blinking

Incorrect Identification

Blink Ratio

Threshold
Frame Number

Fig. 6: shows the frame result of eyeblink8 datasets video8.PRB: partial blink
range, NBR: no blink range, L.E: left eye, R.E: right eye, P.B: partial blink,
D.B: detected blink, NB:no blink

Table 4 compares our work with the literature. The table shows that there
has been a consistent progression in the field of eye blinking research since 2014.
Some research, such as that by Dari et al. [54] has achieved a higher accu-
racy rate compared to other models, including deep learning models. On the
other hand, some deep learning models showed accuracy rates below 90 per-
cent. It is noteworthy that alternative approaches, such as those presented in
[30] and [47], outperformed deep learning models in terms of precision on the
eyeblink8 dataset. Our proposed approach offers a novel and successful solution,
with very good precision rates on both eyelink8 and talkingFace datasets for all
three threshold values. We obtained overall 94% and 95% accuracy respectively
on three different threshold values, and 95% precision with 99% recall rate for
eyeblink8. For TFS, we have achieved 92% precision and 99% recall. This com-
pares favourably to other work in the literature, demonstrating the merits of our
proposed method, which does not require powerful processing or deep learning
methodologies.

One limitation we have faced with this approach is eyebrow movement, which
can directly affect our results. Movement of the eyebrows, specifically when raised
or lowered, can impact the resulting output. As a result, when a subject’s eyes
are open and their eyebrows are raised, it can give the appearance of an eye
blink, even if the individual is not actually blinking. Similarly, if the eyebrows
are lowered and eyes are closed, our system may detect it as the eyes opening.
To address this limitation in our future work, we intend to incorporate eyebrow-
based analysis to enable more accurate emotion recognition. This limitation is
also a baseline for our future work that will enhance the performance of future
work by incorporating this challenge.

In comparison to deep learning models, our proposed model is better suited
for specific applications for several reasons. Firstly, the proposed model outputs
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simple and understandable tracking of eye openness levels. The feature used to
detect blinking can be analysed for more than just blinking, but also for eye
narrowing and widening. This has applications for psychological research, rather
than simply a black box machine learning approach that simply outputs blink
counts. While deep learning has the advantage of high accuracy, it comes with the
trade-off of increased memory and power consumption. Secondly, deep learning
algorithms and architectures are better suited for big data analytics with a high
volume and variety of data, but for smaller datasets like the talkingface dataset,
which has fewer than 500 eye blinks, deep learning models are not the optimal
choice [56] [57]. Therefore, we argue that it is not always required to train deep
learning models at high computational and energy cost, for limited results.

6 Conclusion

This paper proposed a novel technique for measuring eye blinking by using a
measurement we call the lacrimal aspect ratio. This measurement was partially
motivated by the potential for future integrated use of eye and eyebrow feature
measurements, and used a very simple and lightweight process. We presented
results on the widely used eyeblink8 and talkingFace datasets. Our focus was
on showing blinks, partial blinks, and no blinks per frame and providing a con-
tinuous measurement for eye opening. Our objective was to present a novel and
explainable approach with comparable accuracy to deep learning models, which
can be incorporated into future lightweight feature based research.

Our proposed approach, based on piece-wise training, is arguably more suit-
able for certain tasks than using deep learning. Future work will investigate com-
bining these feature based techniques with other image based feature extraction
for video emotion recognition research. A lot of current work is focused on deep
learning, which lacks psychological explainability and requires considerable pro-
cessing. By using carefully chosen features, such as our proposed LAR approach,
which has been shown to not only successfully detect blinks, but can also gener-
ate continuous temporal features, we can generate lightweight and explainable
models, with features that can be analysed. The results show that our new LAR
approach with three valid threshold values improves the blink detection result in
comparison to other work in the literature. In the future, we will further extend
our work by integrating eyebrow movement along with blink detection for facial
expression recognition.
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