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A B S T R A C T

Facial nerve paralysis (FNP) impair eyelid closure and blinking, risking ophthalmic complications and vision
loss. Current detection methods primarily rely on static facial asymmetries, overlooking the dynamic eyelid
movements during blinking that are important for evaluating treatment outcomes such as blink restoration.
In this study, we present an automated system for objectively extracting dynamic blink features from high-
frame-rate videos to address these limitations. We develop algorithms for dynamic blink feature extraction
using a facial landmark detection model to capture eyelid movements and derive parameters for each
blink. These parameters are processed with an Isolation Forest model to learn the typical distribution of
combined parameters from both eyes, generating normality scores for each blink pair to indicate the degree of
abnormality in upper eyelid movement while reducing noise from landmark detection and head movements.
Our evaluation, which included 103 subjects (86 healthy and 17 with FNP), shows that the machine learning
model trained to detect FNP using normality scores outperformed those trained with static parameters (with
an increase of 75% in F1-score) and dynamic parameters (with an increase of 35% in F1-score). Notably, the
normality score of the closing blink velocity, representing the speed at which the upper eyelid margin moves
during the eye-closing phase, was the most distinguishing feature for FNP detection. These findings highlight
the potential of the dynamic blink features in FNP detection and suggest further exploration to assess their
effectiveness as objective measures for diagnosing FNP in addition to the facial asymmetry features proposed
in other studies.
1. Introduction

Facial nerve paralysis (FNP) is characterized by dysfunction in
the facial muscles, including the orbicularis oculi muscle [1]. This
muscle, innervated by the facial nerve, plays a vital role in normal
eyelid closure and blinking. Abnormal blink characteristics in FNP
encompass reduced movements in both the upper and lower eyelids on
the affected side [2], along with a reduction in the magnitude of the
orbicularis oculi muscle contraction and a slowing of the peak velocity
during the closing phase [3]. The presence of abnormal and incom-
plete blinking in FNP can lead to various ophthalmic complications,
including exposure to keratitis, corneal ulceration, and potential loss
of vision if not managed appropriately. Ocular management for FNP
involves ocular surface lubrication and surgical interventions aimed
at improving static eyelid position or restoring dynamic blink, such
as eyelid weight placement. However, diagnosing abnormal blinks or
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assessing treatment efficacy, especially in individuals with milder FNP,
can sometimes be challenging.

Traditionally, the electromagnetic search coil technique has been
prominently used to record orbicularis oculi electromyography (OO-
EMG). This method describes upper eyelid movement and is employed
for measuring objective blink parameters such as blink amplitude, du-
ration, maximum velocity, and latency from OO-EMG activity to blink
onset [4]. However, its popularity declined due to the inconvenience of
wire coil attachment and the disruption of natural blinking [5]. More-
over, OO-EMG requires specialized equipment and expertise, which
limits its clinical accessibility. There remains a critical need for an accu-
rate, automated, minimally invasive, and objective evaluation method
for FNP diagnosis that can distinguish FNP patients from healthy
subjects and quantify the severity of their condition.
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Recently, many studies have developed automated systems based
n machine learning to aid in diagnosing FNP using facial images,
hich can be grouped into two types: FNP detection and FNP severity

classification. FNP detection is a binary classification task aimed at
determining whether a subject has an FNP condition. Most existing
works have hand-engineered facial symmetry/asymmetry features from
acial landmarks extracted from a set of still images of different expres-

sions [6–9]. Additionally, a recent study has developed an end-to-end
deep learning model for FNP detection using raw facial images from
ideos, bypassing the need for hand-engineered features [10]. FNP

severity classification, on the other hand, is a multi-class classification
task that assesses the severity of FNP in a subject. They have employed
the 2D/3D facial landmark detection models to extract and aggregate
features from a set of pre-defined facial expressions to represent the
severity of each patient [9,11]. Several studies have utilized the deep
learning model to automatically learn useful features from raw still
images of several facial expressions for paralysis grading without the
facial landmark detection models [12,13]. Existing research on both
FNP detection and classification primarily focuses on facial asymmetry
characteristics derived from still images, commonly referred to as static
features. However, these static features do not capture the dynamic
movement of blinking characteristics as the electromagnetic search coil
method. Dynamic parameters, such as blinking velocity, derived from
the movements of eyelids during blinks in video recordings, are impor-
tant indicators of outcomes, including the success of blink restoration
procedures [14–16]. Yet, these dynamic features have been largely
verlooked. To date, no study has developed an automated system ca-
able of detecting subtle changes in eyelid movement during blinking.
e believe that automating the extraction of dynamic blink parameters

s crucial for the early detection of FNP. Additionally, it would assist
n better tracking and improvement over follow-up or treatment by
ccurately capturing subtle changes in blinking characteristics.

High-frame-rate video cameras have become popular for analyzing
linking movements [17–20] and blinking related conditions such as fa-

cial paralysis [2], Parkinson’s disease [21], and hermifacial spasm [22]
ue to their versatility, ease of use, and minimal interference. Stud-
es have shown that they are just as reliable as the electromagnetic
earch coil technique [5]. The Terzis and Bruno Scoring System is an
ssessment that utilizes a blink video recording to assess blink ability

following surgical intervention through the blink amplitude, a ratio of
the distance during a complete blink attempt divided by interpalpebral
distance at rest, and the coordination between both eyes [23]. How-
ever, the blinking periods were determined via a visual inspection, and
the amplitude and ratio were measured manually from a freeze-framed
image using a metric ruler on the monitor, which is labor-intensive and
time-consuming. The electronic clinician-graded facial function scale
(eFACE) is considered a relatively reliable tool for assessing facial nerve
function and symmetry to compare the outcomes of surgical procedures
based on a visual inspection of video recordings of subjects performing
facial expressions [24,25]. Despite its capability of offering blink pa-
ameters, such as heights at rest, the scores of narrowing of palpebral
issure width at gentle/full eye closure for assessing eyelid function
ost-blink restoration procedures, it still rely on manual, subjective
mage grading by clinicians [26]. Additionally, they focused on static

blink parameters, overlooking dynamic parameters derived from eyelid
ovements, such as blink rate, duration, phase, velocity, and incom-
lete blink count [27,28]. Recent studies have begun leveraging eyelid
ovements to detect blink completeness. For example, segmentation

models have been trained to extract sequences of palpebral fissure
eights and iris diameters in pixels for determining complete or incom-
lete blink counts [29]. Similarly, recurrent neural networks (RNNs)

have been trained to analyze sequences of blinking frames from videos
and classify each blink as complete or incomplete [30,31]. However,
other dynamic blink parameters derived from eyelid movements have
yet to be fully explored.
2 
In this study, we introduce an automated system designed to ob-
jectively extract dynamic blink features from high-frame-rate blinking
videos for FNP detection. We develop a dynamic blink feature extrac-
tion algorithm to derive parameters such as blink amplitude, blink
phase duration, blink velocity, and closed-eye coverage area. These
parameters rely on signals of upper eyelid movement, derived from
sequences of facial landmarks extracted from video frames. To enhance
the robustness of our features, we transform these parameters from both
eyes of each blink into normality scores using an unsupervised learning
algorithm. This approach helps mitigate noise from the facial landmark
detection model and the movement of the patient’s face during video
recording. These normality scores are then averaged per patient and
employed to train a machine learning model to distinguish between
healthy subjects and those with FNP. Our evaluation, involving 103
subjects (86 healthy and 17 with FNP), demonstrated that the machine
learning model trained with the normality scores outperformed those
trained with static and dynamic blink parameters. This approach has
the potential to improve diagnostic tools for FNP, allowing us to
monitor changes in facial nerve function over time and evaluate the
outcomes of blink restoration procedures. The code to reproduce this
work is publicly available at Github.1

2. Material and method

2.1. Dataset

The dataset for this study was obtained following ethical approval
(COA No. SI456/2019) and adherence to the principles of the Decla-
ration of Helsinki. Participants, aged between 18 and 79 years (mean
ge 48.7, standard deviation 15.3), were recruited between July 2019
nd November 2023. The dataset comprises 103 participants, catego-
ized as either normal or facial nerve paralysis cases, with 86 (42
ale, 44 female) individuals classified as normal and 17 (7 male, 10

emale) as having facial nerve paralysis. Participants were excluded
rom the normal group if they had ocular surface disorders, eyelid
onditions, or blink-related eye diseases (e.g., dry eye, thyroid eye
isease, blepharospasm, Parkinson’s), uncorrected visual acuity worse
han 20/200, Marginal Reflex Distance (MRD1) less than 1 mm, ongo-
ng use of topical ocular medications (except occasional artificial tears),
r unresolved clinical diagnoses. Additionally, individuals with a his-
ory of eyelid surgery, trauma, or periocular botulinum toxin injections

were excluded from both the normal and facial nerve paralysis groups.
Each participant completed a dry eye disease screening question-

aire before undergoing recording sessions using specialized equip-
ment, including a modified camera setup (GoPro Hero 6 Black Camera
with an 8.25 mm f/3.0 41d HFOV non-distortion lens) and controlled
lighting conditions. A green paper measuring 2 × 2 cm was placed at the
enter of the subject’s forehead before data collection. This green paper
as used as a reference to determine the number of pixels equivalent

o two centimeters in the video, enabling us to convert pixel-based
dynamic blink parameters into millimeters. Facial photographs were
aken, followed by video recordings capturing spontaneous blinks.

The participants were instructed to gaze straight ahead through
the ring light, focusing on the monitor positioned 6 ft away, which
displayed a video clip featuring a natural scene to induce relaxation.

he video recording mode was set to capture 240 frames per second.
ollowing a 30-s period of viewing the natural scene, spontaneous blink
ecordings were collected over a 90-s duration using a smartphone-
ontrolled GoPro camera. Throughout this process, subjects remained
naware of the commencement of the video recording. At the end, the
iddle 30 s of the video recording were extracted and used in this

study.

1 The code will be available upon the publication of this manuscript.
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Fig. 1. Overview of the proposed method. Three main components are involved in transforming a high-frame-rate participant blinking video into the probability of having facial
nerve paralysis (FNP). The first component, ‘‘Eyelid Margin and Pupil Center Detection’’, converts the high-frame-rate participant blinking video into a sequence of keypoints that
represent the movement of the upper and lower eyelid margins, as well as the pupil center, throughout all frames in the video. The second component, ‘‘Dynamic Blink Feature
Extraction’’, derives a range of blink-related features from the sequence of keypoints. These features are then aggregated for each participant, resulting in a set of blink features
unique to each individual. The final component, ‘‘Facial Nerve Paralysis Detection’’, employs the extracted features from all participants to construct a binary classification model.
This model predicts the probability of FNP, distinguishing between those who may have the condition and those who do not.
2.2. System overview

The proposed method consists of three main components: (1) Eyelid
Margin and Pupil Center Detection, (2) Dynamic Blink Feature Extraction,
and (3) Facial Nerve Paralysis Detection (see Fig. 1). Given an input high-
frame-rate participant blinking video, the first component converts the
high-frame-rate participant blinking video into a sequence of keypoints
that represent the movement of the upper and lower eyelid margins, as
well as the pupil center, throughout all frames in the video. The second
component extracts a range of blink-related features from the sequence
of keypoints for each participant. Based on the extracted blink features,
the final component predicts whether the participant has FNP.

2.3. Eyelid Margin and Pupil Center Detection

This component extracts the sequence of keypoints representing
the movement of eyelid margins of the left and right eyes from a
high-frame-rate video. We employed a facial landmark detection tool,
named MediaPipe,2 to extract facial keypoints (i.e., the pairs of (𝑥, 𝑦))
from the sequence of frames. For each frame, we obtain keypoints
for the left and right eyes. This includes sixteen keypoints from the
eyelid margins and four keypoints around the pupil (see Fig. 2). The
eyelid margin keypoints are divided into upper and lower sections.
During our experiment, we found noise in facial keypoints detected by
MediaPipe, which was significantly influenced by lighting conditions,
skin tone, and wrinkles around the eyelid area. This issue is likely due
to MediaPipe being trained under conditions different from those in our
study’s data collection setup. As noisy keypoints can result in inaccurate
estimates of dynamic blink parameters in subsequent processes, we
addressed this by smoothing the eyelid lines using a degree-2 least
square polynomial fit, resulting in a more precise representation of the
eyelid margins. The pupil center is determined by finding the midpoint
along the 𝑥 and 𝑦 axes of the four pupil keypoints. This process results
in a sequence of keypoints representing the movement (i.e., changes in
keypoints over time) of the upper eyelid margin, lower eyelid margin,
and pupil center from all frames in the video (see Fig. 2).

2 https://developers.google.com/mediapipe.
3 
Fig. 2. Top: Examples of keypoints detected by MediaPipe, including facial landmarks
(white dots), eyelid margins (yellow dots), and pupils (red dots) during the eye-opening
(top-left) and eye-closing (top-right) phases. These keypoints are used to guide the
cropping of the eye regions. Bottom: Example showing the curve-fitted upper (green
line) and lower (cyan line) eyelid margins, along with the pupil centers (red dots) for
both the left and right eyes.

2.4. Dynamic Blink Feature Extraction

Given a sequence of keypoints of the eye movements, Dynamic Blink
Feature Extraction processes the sequence in five steps as detailed in the
following.

2.4.1. Pre-processing keypoints
Before we extract blink features from the sequence of keypoints of

the eyelid margins, we mitigate the errors from the facial landmark
detection model and reduce the noises from the slight movement of
the human face during the recordings.

We extract eyelid displacement signals from the sequence of eyelid
margin keypoints. Initially, we extract the center keypoints of the
upper eyelid margin, using the pupil center as a reference. These

https://developers.google.com/mediapipe
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keypoints serve as reference points for the eyelid movement. To address
the jitter in keypoints, likely caused by sudden changes in lighting
(potentially due to the high-frame-rate setting of the GoPro camera)
and variations in head position over a sequence of frames, we apply
4th order Butterworth band-pass filter [32] in the frequency range

f 0.5 Hz to 6 Hz. This filtering process eliminates low-frequency non-
tationary drifts and reduces high-frequency artifacts unrelated to blink
ovements. Fig. 3 illustrates examples of eyelid displacement signals

rom the left and right eyes of normal and FNP participants. These
isplacement signals and the sequence of keypoints are used to obtain

more robust blink features in the subsequent steps.

2.4.2. Blink period detection
After preprocessing the eyelid displacement signals, the next step

involves segmenting these signals to identify individual blink periods
with significant eyelid movement. We begin by identifying continuous
periods in the displacement signals where values exceed 0. Each period
must last at least 0.04 milliseconds (ms), or 10 frames at 240 fps,
with a minimum interval of 0.06 ms (15 frames at 240 fps) between
consecutive periods. This ensures that blinks are neither too brief
(under 0.04 ms) nor too close together (intervals under 0.06 ms). Then,
we examine whether these periods contain only one peak (i.e., the
point of eye closure) per period. These steps ensure that each identified
period corresponds to a noticeable blink movement and filters out any
false positives (e.g., short and noisy fluctuation periods). The extracted
set of blink signals from each eye is denoted as 𝐛𝑙1,… ,𝐛𝑙𝑛 for the left
eye and 𝐛𝑟1,… ,𝐛𝑟𝑛 for the right eye, where 𝑛 is the number of blinks
identified, 𝐛𝑖 ∈ R𝑚 is a sequence of eyelid displacement values, and 𝑚
is the number of frames per blink period. It should be noted that 𝑛 and 𝑚
vary across participants and blinks, respectively. Fig. 3 illustrates blink
ignals extracted from normal and facial nerve paralysis participants.

2.4.3. Blink parameter processing
To capture the abnormal blink characteristics in facial nerve paral-

ysis participants, we extract the following blink parameters for each
𝐛𝑖:

1. Blink amplitude. The blink amplitude represents how much
participants can close their upper eyelid. The blink amplitude
of the 𝐛𝑖 can be estimated by:

𝑚𝑎𝑥(𝐛𝑖) − 𝑚𝑖𝑛(𝐛𝑖) (1)

2. Blink phase duration. The signal in each blink period was
first divided into three phases: closing, start opening, and end
opening.

(a) Closing phase. This phase begins at the start of the
blinking period and continues until reaching the peak of
the displacement representing when the eye is closed.

(b) Start opening phase. This phase begins at the peak of the
displacement and extends until the eyelid displacement
reaches half of the blink amplitude.

(c) End opening phase. This phase comprises the remaining
values until the end of the blink period.

To determine the duration of each phase, we divide the number
of values in each phase by the video’s frame rate per second
(fps). In this study, the fps is 240.

3. Blink velocity. The signal is divided into two parts based on
the peak eyelid displacement in each blink period. This divi-
sion separates the closing and opening phases of the blink. To
determine the blink velocity for each phase, we calculate the
maximum absolute difference in displacement values between
two consecutive points within each phase. This process results
in a closing blink velocity and an opening blink velocity
representing the speed of the upper eyelid during each blink’s
closing and opening phases, respectively.
4 
4. Closed-eye coverage area. The closed eye coverage area is a
feature that quantifies the extent to which a participant can fully
close their eye during a blink. We hypothesize that participants
with abnormal blinks may experience difficulty in completely
closing their eyes. To calculate the closed eye coverage area, we
divide the distance between the center keypoints of the upper
and lower eyelid margins at the peak index (the closed eye
index) by the maximum distance between them when the eye
is fully opened during the blink.

This process transforms from {𝐛𝑙1,… ,𝐛𝑙𝑛} and {𝐛𝑟1,… ,𝐛𝑟𝑛} to {𝐫𝑙1,… , 𝐫𝑙𝑛}
nd {𝐫𝑟1,… , 𝐫𝑟𝑛} where 𝐫𝑖 ∈ R𝑞 is the vector of the blink parameters
xtracted from 𝐛𝑖, and 𝑞 is the number of parameters of each eye (in
his study, 𝑞 = 7).

Once the blink parameters from left and right eyes are obtained for
𝑝 participants, they are represented as 𝐑 = {𝐑(𝑘)}𝑝𝑘=1, where:

𝐑(𝑘) = {(𝐫𝑙𝑖 ∥ 𝐫𝑟𝑖 )}
𝑛𝑘
𝑖=1 (2)

is a matrix of size 𝑛𝑘 × 2𝑞 (i.e., 𝐑(𝑘) ∈ R𝑛𝑘×2𝑞), containing the blink
parameters for the 𝑘th participant. Here 𝑛𝑘 denotes the number of
blinks recorded for the 𝑘th participant, and each row in 𝐑(𝑘) corre-
sponds to the column-wise concatenation (∥) of the blink parameter
vectors for the left (𝐫𝑙𝑖 ) and right (𝐫𝑟𝑖 ) eyes during the 𝑖th blink. To
simplify notation, let 𝑁𝑏 represent the total number of blink across
all 𝑝 participants, where 𝑁𝑏 =

∑𝑝
𝑘=1 𝑛𝑘. Thus, the combined blink

parameter matrix 𝐑 is of size 𝑁𝑏 × 2𝑞 (i.e., 𝐑 ∈ R𝑁𝑏×2𝑞), where each
row corresponds to the concatenated blink parameter vectors from a
single blink across all participants.

2.4.4. Normality scores
Due to the noises from the facial landmark detection model and

the movement of the participant’s face during the video recordings, the
irect use of the blink parameters from the previous step shows a sub-
ptimal performance. We propose mitigating such noise by converting
airs of blinking parameters from both eyes during the same blinking

periods into normality scores, representing the degree of abnormality
in combined upper eyelid movements. Our experiments show that
utilizing normality scores instead of raw blink parameters significantly
improves FNP detection performance.

We employ the Isolation Forest algorithm [33], an unsupervised
anomaly detection algorithm, to learn the typical distribution of com-
ined blink parameters from both eyes (see Algorithm 1) and generate

the normality scores for each blink parameters (see Algorithm 2). For
instance, to calculate normality scores for blink amplitudes, we first
rain the Isolation Forest model using blink amplitudes from all blinks

across participants in the training set, allowing it to learn the typical
distribution of combined blink amplitudes from both eyes (Line 3–7 in
Algorithm 1). The trained model is then used to transform each pair of
blink amplitudes from the left and right eyes into normality scores (Line
3–6 in Algorithm 2). This process is applied to each blink parameter.

In addition to calculating normality scores for each parameter, we
also compute a composite normality score by training the Isolation
Forest model on the full set of blink parameters from both eyes (Line
9–10 in Algorithm 1) to evaluate the overall normality across all
blink parameters (Line 8 in Algorithm 2). This composite normality
core, referred to as the blink feature normality score, provides a
omprehensive assessment of the eyelid movement.

This process transforms the blink parameters from both left and
ight eyes of the 𝑘th participant, 𝐑(𝑘) ∈ R𝑛𝑘×2𝑞 , into normality scores,
(𝑘) ∈ R𝑛𝑘×(𝑞+1). It is important to note that only the blink signals from

participants in the training set are used to train the IsolationForest
model. The trained IsolationForest model is then applied to compute
normality scores for participants in the training set, test set, and any
unseen participants.
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Fig. 3. Examples of the eyelid displacement signals during four blink periods from the pre-processing keypoint part (left), and the displacement signals of blink periods (right),
i.e., 𝐛𝑖, from the blink period detection part for a normal (a) and FNP (b) participant. Peaks in the signals represent eye closure points, while non-peak values near 0 indicate
resting periods. The discrepancy between the displacement graphs of the left and right eyes is evident, particularly in the FNP participant, indicating the impaired ability of the
right eye. These signals provide reliable features for detecting FNP.
Algorithm 1: Training IsolationForest Models
Data: Combined blink parameters R.
Result: A set of trained IsolationForest 𝐹 .

1 𝐹 ← ∅
2 for 𝑗 ← 1 to 𝑞 do

// For each blink parameter
3 𝑙 𝑒𝑦𝑒 ← extract_column(R, 𝑗) // left eye
4 𝑟𝑒𝑦𝑒 ← extract_column(R, 2𝑗) // right eye
5 𝑒𝑦𝑒_𝑝𝑎𝑟𝑎𝑚𝑠 ← 𝑙 𝑒𝑦𝑒 ∪ 𝑟𝑒𝑦𝑒 // combine parameters
6 𝑓𝑗 ← IsolationForest.train(𝑒𝑦𝑒_𝑝𝑎𝑟𝑎𝑚𝑠)
7 𝐹 ← 𝐹 ∪ 𝑓𝑗
8 end
9 𝑓𝑞+1 ← IsolationForest.train(R)
10 𝐹 ← 𝐹 ∪ 𝑓𝑞+1
5 
Algorithm 2: Computing Normality Scores

Data: Blink parameters for the 𝑘-th participant R(𝑘), and a set
of trained IsolationForest 𝐹 .

Result: Normality scores for the 𝑘-th participant A(𝑘).
1 A(𝑘) ← 𝑂 // a zero matrix of size 𝑛𝑘 × (𝑞 + 1)
2 for 𝑗 ← 1 to 𝑞 do

// Normality score for each parameter
3 𝑙 𝑒𝑦𝑒 ← extract_column(R(𝑘), 𝑗) // left eye
4 𝑟𝑒𝑦𝑒 ← extract_column(R(𝑘), 2𝑗) // right eye
5 𝑒𝑦𝑒_𝑝𝑎𝑟𝑎𝑚𝑠 ← 𝑙 𝑒𝑦𝑒 ∪ 𝑟𝑒𝑦𝑒 // combine parameters
6 A(𝑘)

∗,𝑗 ← 𝑓𝑗 .score(𝑒𝑦𝑒_𝑝𝑎𝑟𝑎𝑚𝑠) // assign to column 𝑗
7 end
// Blink feature normality score

8 A(𝑘)
∗,𝑞+1 ← 𝑓𝑞+1.score(R(𝑘)) // assign to column 𝑞 + 1
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2.4.5. Mean aggregation
Once the normality scores are computed for 𝑛𝑘 blinks in the 𝑘th

articipant (i.e., 𝐀(𝑘)), the average normality score across all blinks is
alculated to summarize the participant’s overall blinking behavior. Let
(𝑘) ∈ R𝑞+1 represents a blink feature vector for the 𝑘th participant. The

𝑗th blink feature, 𝑥(𝑘)𝑗 , is computed as the average of the 𝑗th normality
score across all blinks as follows:

𝑥(𝑘)𝑗 = 1
𝑛𝑘

𝑛𝑘
∑

𝑖=1
𝐴(𝑘)
𝑖,𝑗 , (3)

where 𝐴(𝑘)
𝑖,𝑗 is the 𝑗th normality score from the 𝑖th blink of the 𝑘th

articipant. The resulting blink features, 𝐱(𝑘), will be used as inputs in
the facial nerve paralysis detection task.

2.5. Facial Nerve Paralysis Detection

Our blink feature extraction algorithm extracts many characteristics
f blinks from a video; this might result in overfitting when learn-
ng to detect facial nerve paralysis participants of the downstream
achine-learning models. We perform a feature selection to filter out

eatures unrelated to facial nerve paralysis prior the model training and
rediction.
Feature Selection. We applied the statistical-based and the model-

based feature selection algorithms to reduce the number of features
33] based on the training set of each cross-validation fold. The former

was the univariate feature selection using the analysis of variance
(ANOVA) F-value. The latter was based on the feature importance
scores from RandomForest. The feature important scores from all folds
were averaged to determine the ranking of each approach. The fea-
tures with the lower ranks on both approaches were selected for FNP
detection.

Model Training and Prediction. This study considers facial nerve
paralysis detection as a supervised binary classification to distinguish
between normal (𝑦 = 0) and facial nerve paralysis (𝑦 = 1) partici-
pants. Formally, suppose there are blink features from 𝑝 participants
{𝐱(1),… , 𝐱(𝑝)}, where 𝐱(𝑖) ∈ R𝑞+1 is the blink features for the 𝑖th
participant. Our objective is to train a machine learning model that can
estimate the probability of an individual having the facial nerve paral-
ysis condition {𝑦̂(1),… , 𝑦̂(𝑝)} where 𝑦̂(𝑖) ∈ [0, 1]. A participant will be
classified as having facial nerve paralysis if their predicted probability
𝑦̂(𝑖) exceeds the threshold of 0.5. Otherwise, they will be considered as
normal. We utilized seven learning algorithms implemented in existing
Python libraries [33–35], consisting of Logistic Regression (LogR),
Support Vector Machine (SVM), RandomForest (RF), Gaussian Naive
Bayes (GNB), LightGBM (LGB), and XGBoost (XGB).

In this study, the default parameters provided by the respective
ackages (Scikit-learn version 1.3, LightGBM version 3.3.3, and XG-
oost version 1.7.0) were used for feature selection, model training,
nd prediction. The hyperparameters we varied included the choice of

features and supervised machine learning algorithms, as discussed in
Section 3.2.

3. Results

3.1. Experimental setup

Due to the small number of participants, we evaluated our model
ith a stratified 10-fold cross-validation to see how the model per-

formed on all participants. The 103 participants were split into 10 folds,
ensuring that each fold had an equal proportion of normal and FNP
participants. Each fold contained approximately 10 participants, with
8–9 normal and 1–2 FNP participants. During each iteration of the
cross-validation process, one fold was set aside as the test set, while
the remaining nine folds were utilized for feature selection and model
training. This process was repeated 10 times, with each fold as the test
set once. The performance metrics were calculated by aggregating the
6 
results obtained from the test sets of all folds. It is important to note
that each fold was split by participant, ensuring that no blinks from
he same participant appeared in both the training and test sets. This

setup also allows us to assess the generalizability of the trained model
to new, unseen participants.

The performance metrics used to evaluate the NPH detection per-
formance are:

• Confusion Matrix Components: True Positives (TP) represent cor-
rectly predicted FNP cases, while False Positives (FP) indicate
normal cases incorrectly classified as FNP. True Negatives (TN)
are non-FNP cases correctly identified, and False Negatives (FN)
are FNP cases that were incorrectly classified as non-FNP.

• Accuracy (ACC): Evaluate the overall correctness of the model by
calculating the proportion of correctly classified instances (both
true positives and true negatives) out of the total number of
instances.

• Precision (PR): Evaluate how well the model correctly predicts
FNP conditions (false positive is important).

• Sensitivity (Sen) (also called Recall): Evaluate how well the model
can capture all participants with FNP conditions (false negative is
important).

• Specificity (Spec): Evaluate how well the model correctly predict
normal conditions (true negatives is important).

• F1-Score (F1): A harmonic mean of precision and sensitivity, bal-
ancing the trade-off between these two metrics. It is particularly
useful when dealing with imbalanced datasets, as it considers
both false positives and false negatives.

• Area Under the Receiver Operating Characteristic Curve (AU-
ROC): Evaluate the model’s ability to distinguish between positive
and negative classes across different thresholds.

The cross-validation procedure and performance metrics were ap-
plied in two experiments. The first experiment aimed to identify the
est combination of feature sets and supervised machine learning al-
orithms, as outlined in Section 2.5. Once the optimal feature set and

classifier were determined, the second experiment compared their FNP
detection performance against existing static and dynamic features to
highlight the advantages of using the proposed normality scores.

3.2. Experiment 1: FNP detection performance

Our analysis showed that not all of the extracted features were use-
ul for FNP detection. The results from the statistical-based and model-
ased feature selection with the training set from all folds showed
hat two out of eight normality scores, the duration of the closing
hase and the end opening phase, consistently ranked as the least
mportant features. The ranks of the other six features varied between
he two selection methods: the duration of the start opening phase, the
pening blink velocity, the closing blink velocity, the blink amplitude,
he closed-eye coverage area, and the blink feature normality score.
ccording to these results, we explored whether using all features

i.e., all) or only the six selected features (i.e., selected) would result
n superior performance.

When considering the overall performance in terms of ACC, F1 and
AU-ROC (see Table 1), the best-performing model was the LGB trained
on the selected six blink features (ACC = 0.98, PR = 0.94, Sen = 0.94,
Spec = 0.99, F1 = 0.94 and AU-ROC = 0.96). We performed a two-
sided independent t-test to compare the F1 performance of LightGBM
with other top-performing supervised models and found the differences
to be statistically significant (𝑝-value < 0.01). It only misclassified two
ut of 103 participants with one false positive and one false negative.

Even though the LogR model trained on the same selected features
achieved a perfect PR and Spec of 1.0 (i.e., no false positive), it
missed four FNP participants, which was unsuitable for automatic FNP
screening. We further analyzed which of the selected features of the
best model influences the FNP decision the most. The SHapley Additive
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Table 1
Comparison among different learning algorithms with and without feature selection in facial nerve paralysis detection.

Model Features N ACC PR Sen Spec F1 AUC–ROC TP FP FN TN

LN All 103 0.91 0.72 0.76 0.94 0.74 0.85 13 5 4 81
LN Selected 103 0.94 0.87 0.76 0.98 0.81 0.87 13 2 4 84
LogR All 103 0.95 0.93 0.76 0.99 0.84 0.88 13 1 4 85
LogR Selected 103 0.86 1.00 0.76 1.00 0.87 0.88 13 0 4 86
GNB All 103 0.95 0.8 0.94 0.95 0.86 0.95 16 4 1 82
GNB Selected 103 0.97 0.89 0.94 0.98 0.92 0.96 16 2 1 84
SVM All 103 0.95 0.93 0.76 0.99 0.84 0.88 13 1 4 85
SVM Selected 103 0.96 0.93 0.82 0.99 0.87 0.91 14 1 3 85
RF All 103 0.94 0.87 0.76 0.98 0.81 0.87 13 2 4 84
RF Selected 103 0.95 0.93 0.76 0.99 0.84 0.88 13 1 4 85
LGB All 103 0.97 0.94 0.88 0.99 0.91 0.94 15 1 2 85
LGB Selected 103 0.98 0.94 0.94 0.99 0.94 0.96 16 1 1 85
XGB All 103 0.94 0.87 0.76 0.98 0.81 0.87 13 2 4 84
XGB Selected 103 0.95 0.93 0.76 0.99 0.84 0.88 13 1 4 85
(
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exPlanations (SHAP) value [36] was employed to rank the features
according to their influence on the model’s predictions. These SHAP
values were calculated based on the model’s predictions on the test set
of each cross-validation fold. The most important feature of the LGB
model, consistently ranked by the SHAP values on all folds, was the
normality score of the closing blink velocity. This finding highlights
the significance of the speed at which the upper eyelid margin moves
during the closing phase as the most distinguishing factor between
normal individuals and those with FNP.

When we investigated the causes of the two misclassifications from
the LGB model, we found that the normality score of the closing blink
velocity and the close-eye coverage area were positioned close to the
decision boundary between the two groups. Still, they fell into opposite
sides, as shown in Fig. 4(a). Further examination revealed that these
two participants differed from the rest of their groups regarding their
closing blink velocity. The false negative misclassification occurred
or one FNP participant, whose closing blink velocity was within the
ormal range. Conversely, one normal participant was misclassified as
aving FNP due to their closing blink velocity being faster than most
ormal participants. We believe the issues of such borderline cases can
e mitigated in clinical practice by reporting the probability of FNP
longside the predicted status. This additional information can help
linicians pay closer attention during diagnosis, particularly when the

probability lies near the borderline, thereby reducing the risk of false
positives and false negatives.

3.3. Experiment 2: Comparison with existing feature extraction techniques

To demonstrate the effectiveness of the proposed normality scores
or blink features, we compare the FNP detection performance using
ur features with the commonly-used static and dynamic features that
an be extracted from videos:

• Static Features. These are features that can be extracted from a
single video frame, including the ocular surface area, the palpe-
bral fissure (PF), and the MRD1 at rest. Since our study focuses
on extracting features during blinking from videos and not static
images, we did not capture images of different facial expressions
during data collection. Instead, we extracted the static features
during rest periods, which can be identified using the remaining
frames from the blink period detection step.

• Dynamic Features. These are features extracted from a sequence
of keypoints of the eyelid margins during the blink periods.
They include the number of blinks, complete blinks and incom-
plete blinks, interblink interval, MRD1, PF, blink amplitude, blink
velocity, ocular surface area, blink rate per minute, blink dura-
tion, as well as the duration and velocity in each blink phase
(i.e., closing, start opening, and end opening) [27,28,37,38]. We
also applied our preprocessing step in Sections 2.4.1 and 2.4.2 to
mitigate the noises before extracting the features. The parameters
 p

7 
that were extracted for each blinking periods were aggregated
using the mean to represent the average value per participant
before being used to train the machine learning model.

The results from Table 2 showed that our feature extraction tech-
niques, whether using selected features (ACC/F1 = 0.98/0.94) or not
ACC/F1 = 0.97/0.91), achieved significantly better FNP detection
erformance than both the static (ACC/F1 = 0.83/0.19) and dynamic
eatures (ACC/F1 = 0.85/0.59). As expected, the static features ex-
racted during rest periods performed poorly, as symptoms are typically
bservable during blinking. For the dynamic features, we observed in-
onsistencies in the features extracted during blinking periods through-

out the recording session. This inconsistency was mainly due to noise
in the detected keypoints from the facial landmark model and the
subject’s head movement during the recording, particularly during
blinking periods. The inconsistent extraction of features for the same
subject significantly affects the representative mean of each feature (see
Fig. 4). This highlights the potential benefit of converting dynamic
blink parameters into their normality scores using an unsupervised
learning algorithm, as this can help mitigate noise and improve FNP
etection performance.

It is important to note that this comparison is not intended to
establish the superiority of the proposed method over static features
previously designed for extraction from a set of different facial ex-
pressions in the previous studies (as discussed in Section 4). This is
ecause our study did not collect a full set of facial expressions from
articipants; instead, we extracted static features from a single video
rame during the resting period. As a result, these features failed to

capture asymmetry characteristics between the left and right eyes that
occur during blinking. Consequently, the performance levels for static
features in this study did not match those reported in the existing liter-
ature. The purpose of this comparison is to demonstrate the potential of
the proposed approach when applied to blinking videos, demonstrating
the superior performance of dynamic parameters and normality scores
over static parameters in this context. Further investigation, incorporat-
ing both facial expression datasets and spontaneous blinking videos, is
necessary to thoroughly compare their effectiveness in FNP detection
and severity classification. This would help determine whether static
features, dynamic features, or a combination of both can improve the
performance of tracking disease progression and evaluating treatment
effectiveness.

4. Discussion

This study presents a fully-automated system that leverages a facial
andmark detection model to extract blink features for FNP detection
rom high-frame-rate blinking videos. The investigation identifies the
ew normality score of the closing blink velocity, representing the
peed at which the upper eyelid margin moves during the eye-closing
hase, as the most distinguishing feature for FNP detection. These
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Fig. 4. Comparison of the distribution of the top two features: (a) normality scores and (b) raw blink parameters. In (a), the true positives (blue plus) and true negatives (orange
cross) are distinctly separated, indicating a clear decision boundary can be established between normal and FNP participants. In contrast, in (b), there is significant overlap,
resulting in a higher occurrence of false positives (green diamond) and false negatives (red circle).
Table 2
Comparison of static, dynamic, and normality features in facial nerve paralysis detection.

Feature extraction Model N ACC PR Sen Spec F1 AUC–ROC TP FP FN TN

Statics LGB 103 0.83 0.5 0.12 0.98 0.19 0.55 2 15 2 84
Dynamics GNB 103 0.85 0.55 0.65 0.9 0.59 0.77 11 9 6 77
Ours LGB 103 0.97 0.94 0.88 0.99 0.91 0.94 15 1 2 85
Ours (selected) LGB 103 0.98 0.94 0.94 0.99 0.94 0.96 16 1 1 85
F
r
(

findings highlight the significant potential of our dynamic blinking
parameters, which have been previously overlooked in FNP studies, to
improve the diagnosis of FNP. Moreover, our proposed system offers
a novel platform for blink analysis, with the potential to seamlessly
integrate into hospital FNP screening routines due to its automatic
feature extraction capability that does not require manual annotation
from the experts. This functionality makes it ideal for recording and
analyzing patients’ blinking videos while they wait in line, ensuring
hat when they consult with clinicians, the dynamic parameters are
eadily available to complement clinical assessments. The system’s

automatic and deterministic functionality can also reduce the variabil-
ity inherent in subjective evaluations by clinicians, making it more
suitable for extracting objective blinking parameters in FNP diagnosis.
The system could be further enhanced to support the development
of new diagnostic criteria and treatment strategies based on blinking
characteristics, aiding ophthalmologists in managing not only FNP but
8 
also other blink-related conditions, such as dry eye, blepharospasm and
Parkinson’s disease, which may be subtle or challenging for clinicians
to detect.

Our study makes a novel contribution to the field of automated
NP detection by introducing an approach that utilizes high-frame-
ate videos to capture eyelid movements during spontaneous blinking
see Table 3). This stands in contrast to existing research, which relies

either on manually engineered facial asymmetry features derived from
predefined facial expressions [6–9] or automatically learned features
from independent facial frames in videos using deep learning [10].
Visible asymmetries, such as differences in eyelid position with the
eyes open and closed or overt facial droop, may not be present in
mild or early cases of FNP. This is especially true for patients with
minor trauma or localized nerve lesions, such as those affecting only
the temporal branch of the facial nerve. Our method addresses this
limitation by evaluating dynamic blinking parameters, such as blink
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Table 3
Comparison of facial nerve paralysis detection methods.

Method Feature type Feature Data type Dataset Subject

[6] Static Facial asymmetry features from facial
landmarks

Video Facial movement videos from their
dataset

Normal vs. FNP

[7] Static Facial features extracted from
SqueezeNet [39]

Image Face images from YouTube Facial
Palsy (YFP) [10] and Caltech Face
dataset [40]

Normal vs. FNP

[8] Static Facial asymmetry features from facial
landmarks

Image Face images from Massachusetts Eye
and Ear Infirmary (MEEI) [41] and
Toronto NeuroFace (TNF) [25]

Normal vs. FNP

[10] Static Raw face images Image Face images from YouTube Facial
Palsy (YFP) dataset [10]

FNP

[9] Static Facial asymmetry features from facial
landmarks

Image Face images from their dataset Normal vs. FNP

Ours Dynamic Dynamic blinking features and normality
scores from facial landmarks

Video Blinking videos from our dataset Normal vs. FNP
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velocity, phase, and completeness, which can uncover subtle abnormal-
ities that are often missed during visual assessments or static imaging.
A key innovation of our approach is the use of normality scores, which
provide valuable insights into abnormal movements during blinking.
For example, features such as the normality score of the closing blink
velocity were identified as key discriminators between normal and
FNP participants, offering a significant advancement in the analysis
of blinking-related conditions. These dynamic parameters enable a
more comprehensive evaluation of eyelid function and can be further
explored, in combination with static features, as objective measures for
diagnosing FNP and assessing its severity.

Despite the promising results obtained from our experiments, our
ethod has several limitations that need to be addressed. Firstly, the

eliability of the extracted features heavily depends on the performance
f the facial landmark detection model. Specifically, factors such as
ging, wrinkles along the eyelids, and distorted eyelid margins caused
y FNP or other conditions such as blepharospasm and Parkinson’s
isease can negatively impact keypoint prediction accuracy. This issue
rises because the existing MediaPipe model has not been specifically
rained to optimize keypoint accuracy along the eyelid margin, and its
raining set likely lacks participants with such conditions. Although we
pplied a band-pass filter to mitigate the jitter caused by the model, we

still observed instances of sub-optimal keypoints detected during the
blink periods. This may explain why using normality scores derived
from the anomaly detection model instead of raw blink parameter
values, consistently yields better results. Secondly, representing each
participant with the mean of the blink features extracted from all blinks

ay be sub-optimal. Some blinks may not be fully representative of the
articipant’s typical blinking behavior, yet they heavily influence the
omputed mean, potentially leading to less representative features.

These limitations highlight the necessity for refining our method-
ology. Although MediaPipe has the potential to generalize well across
different ethnicities due to its training on diverse human facial struc-
tures, it may not perform as effectively for participants with wrinkles or
distorted eyelid margins. Future work should prioritize fine-tuning the
facial landmark detection model using clinician-annotated keypoints
for abnormal/incorrect cases. Active learning techniques [42] could be
mployed to identify representative frames for annotation, reducing the

burden of annotating large high-frame-rate blinking datasets. Another
area for improvement involves how blink features are summarized at
he participant level. Developing a more sophisticated approach to sum-

marizing blink features could yield more accurate and representative
features of each participant’s blinking behavior. These improvements
would enable the system to detect subtle changes in blink parameters,
such as amplitude and velocity, which are important for detecting FNP,
rading its severity, tracking disease progression, and evaluating treat-
ent outcomes. Additionally, they would broaden its utility to include

ther blink-related conditions, such as blepharospasm and Parkinson’s

isease, significantly enhancing its clinical applicability. R

9 
5. Conclusion

This study is the first to explore the potential of dynamic blink
features automatically extracted from high-frame-rate blinking videos
or FNP detection. We develop a dynamic blink feature extraction
lgorithm to derive normality scores, quantifying abnormalities in the
ovement of the upper eyelid margins from sequences of facial land-
arks extracted from video frames. The proposed normality score of

he closing blink velocity, reflecting the speed of the upper eyelid
argin during eye-closing, emerges as the most distinguishing feature

for FNP detection. The LGB model, trained with six selected features,
achieves excellent performance with only two misclassifications among
86 normal and 17 FNP participants. Moreover, the model trained with
our normality scores outperformed those trained with static parameters
(with an improvement of 15% in accuracy and 75% in F1-score) and dy-
namic parameters (with an improvement of 13% in accuracy and 35%
in F1-score). These promising findings suggest the potential integration
of this system into FNP screening routines in hospitals. Additionally,
it opens up possibilities for extracting new features and developing
novel diagnostic criteria and treatment strategies for ophthalmologists
working with FNP patients.

In addition to the FNP condition, we believe the proposed blink
eatures can also be extended to detect blink abnormality, track dis-
ase progression and evaluate treatment outcomes in patients with
ther blink-related conditions, such as dry eye, blepharospasm, and
arkinson’s disease, which may be subtle or challenging for clinicians
o detect. We plan to explore the possibility of utilizing these blink
eatures to detect blink abnormality across various patients.
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