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Abstract Face recognition is one of the techniques used to
identify and classify individuals that has distinctive features of
their face for automated healthcare monitoring. Intelligent face
analysis is indispensable in the medical field for improving
patient safety, rapidly assessing patient status, and live
monitoring. However, many existing methods rely on
conventional facial analysis or basic classifiers, which limits
recognition accuracy and reduces performance under varying
facial expressions and real-time conditions. To overcome these
restrictions, a Convolutional Neural Network with MediaPipe
Face Mesh (CNN-MPFM) model is proposed. Initially, the input
patient facial images are preprocessed using face detection,
resizing, and normalization. The output of the processed facial
images is then passed to the MediaPipe Face Mesh module,
which provides more detailed facial information with precise
facial landmark coordinates and structural facial information.
CNN model is an intelligent classification to determine if patient
is in normal or suffocated condition, given the prominent
features that were retrieved. The suggested CNN-MPFM
framework is evaluated with accuracy, precision, recall, F1-
score, loss and classification efficiency. The experimental
analysis results show that the accuracy, precision, recall, and
F1-score of the suggested CNN-MPFM method are 99.52%,
99.46%, 99.49%, and 99.47% respectively. Furthermore, the
proposed CNN-MPFM approach enhances the classification
accuracy over the previous deep transfer learning, ConvNet,
MobileNet-V1 and multi-modal recognition approaches.

Keywords — Deep Learning, Face Recognition, Healthcare Systems,
Patient Monitoring and Convolutional Neural Network.

1. INTRODUCTION

Face recognition in healthcare patient management
systems has become essential due to the rapid growth of
digital healthcare services, smart hospitals, and automated
monitoring environments [1]. For successful clinical
operations, these systems must be able to identify patients
reliably, in a contactless manner and be constantly monitored
[2]. Conventional manual identification techniques are
laborious and prone to mistakes, and inefficient in handling
large patient volumes [3]. Face Recognition is an effective
biometric technique, which is based on the distinctiveness of
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facial features for identification and validation of individuals.
[4]. However, traditional face recognition methods are not
very effective when the lighting condition changes, posture
changes, facial expressions, or partial occlusion [5]. Thus,
the challenge of obtaining accurate and efficient face
recognition is still a difficult one in the patient management
systems in health care.

A few models based on ML and DL have been proposed
to solve these problems [6]. The moderate recognition
performance of conventional methods like PCA, LBP and
SVM methods do not represent the complex facial
representation [7]. Transfer learning-based frameworks have
been shown to enhance the recognition accuracy but they
tend to demand vast amounts of training data and more
computational resources [8]. Facial landmark-based systems
augment the analysis of facial structure but may not be as
efficient when under real time monitoring conditions [9].
Likewise, CNN based face recognition models are found to
have better classification capability, whereas certain models
suffer from the problem of overfitting and have lesser
generalization on unseen patient images [10]. Other existing
work also involves complex pre-processing pipelines that
result in a higher computational delay and less real time
applicability [11,12].

To overcome these problems, CNN-MPFM model is
proposed to address the challenges of intelligent patient
monitoring in healthcare and face analysis in media pipe face
mesh [13,14]. The proposed CNN-MPFM processes the
input facial image by performing the processing in pre-
processing phase, namely face detection, resizing and
normalization, to facilitate efficient analysis [15]. Then,
MediaPipe Face Mesh is used to compute accurate 2D facial
landmark coordinates and facial structural features online,
which reduces the computation complexity [16]. The
extracted landmark features are transmitted to CNN model
for effective patient condition classification based on
discriminative facial patterns learned [17]. For healthcare
monitoring application, the output images are classified as
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normal (or suffocated) images [18]. Last but not least, the
classified results can be fed to smart hospital systems for
timely decision making, patient safety, and automated
monitoring support [19,20]. Proposed CNN-MPFM model
is more accurate in classification than existing, less time
consuming in processing and more efficient in healthcare
monitoring. Major contributions of CNN-MPFM method are
given below.

& Primary objective of proposed CNN-MPFM method
is to build an intelligent and efficient healthcare
monitoring system to enhance patient condition

classification by analyzing the facial image.

The proposed CNN-MPFM approach involves using
MediaPipe Face Mesh to obtain the precise facial
landmark points for the accurate real-time
representation of the facial features.

The model used is a CNN that is capable of
effectively identifying the discriminative facial
patterns and categorizing the patient conditions into
normal and suffocated classes.

TThe proposed framework uses preprocessing
method of the image like face discovery, resizing,
normalization of image to get the better quality of the
image and to improve the performance of
classification.

The experimental results demonstrate that proposed
CNN-MPFM method has a higher classification accuracy,
precision, recall, and F1-score with applications in healthcare
monitoring. Proposed framework is realised in Python.

Remainder paper is organized as follows: The literature
survey about healthcare face recognition and patient
monitoring systems are described in section 2. The suggested
CNN-MPFM  methodology  for patient condition
classification is explained in Section 3. Routine of suggested
model is examined in Section 4 using several assessment
measures. Finally concluded and upcoming work is
discussed in Section 5.

2. LITERATURE SURVEY

Recent advancements in DL technologies have
significantly upgraded face recognition and healthcare
monitoring systems by enhancing feature extraction,
classification accuracy, and intelligent decision-making
performance. In recent years, various models have been
proposed to support facial diagnosis, patient identification,
disease detection, and emotion recognition in healthcare
environments. Some of the recent deep learning-based
healthcare face analysis approaches are summarized in this
section.

In 2020 Jin, B., et al., [21] suggested performing
computer-aided facial diagnosis for a variety of illnesses
utilizing deep transfer learning using facial recognition.
Utilize a relatively small dataset to do computer-aided face
diagnosis in the trials for both single (beta-thalassemia) and
multiple disorders (beta-thalassemia, hyperthyroidism,
Down syndrome, and leprosy). The success of deep transfer
learning applications in facial diagnosis with a limited
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dataset may lead to a low-cost, noninvasive approach to
disease screening and detection.

In 2021 Onyema, E.M., et al., [22] described a method
for recognizing facial expressions using the convolutional
neural network (ConvNet), a deep learning algorithm. For
training, samples of seven common face expressions were
gathered from the FER2013 dataset. The proposed approach
comes to the conclusion that by enhancing accuracy, visual
identification, and interpretation of facial ideas and traits,
deep learning-enabled systems for facial expression
recognition improve the health sector's efficiency and
prediction.

In 2020 Salama AbdELminaam, D., et al., [23] created a
comprehensive FR system utilizing cloud and fog computing
transfer learning. Deep convolutional neural networks
(DCNN) are used in the developed system because to the
dominating representation. According to all parameters,
experimental findings demonstrate that the suggested
approach outperforms alternative methods. The proposed
approach outperforms the comparator algorithms in terms of
accuracy (99.06%), precision (99.12%), recall (99.07%), and
specificity (99.10%).

In 2021 Akter, T., et al.,, [24] proposed a transfer
learning-based paradigm for autism face recognition to more
precisely identify young children with ASD. Additionally,
based only on autistic image data, our classifier identifies
different ASD categories using the k-means clustering
technique. The suggested method enhanced MobileNet-V1
model exhibits the best accuracy of 90.67% and the lowest
value of both fall-out and miss rate of 9.33% when compared
to other classifiers and pre-trained models. The improved
MobileNet-V1 model showed the best accuracy (92.10%) for
k =2 autism subtypes.

In 2024 Mutawa, A.M. and Hassounch, A., [25]
suggested using machine learning, an optical flow algorithm,
and electroencephalography (EEG) to develop a multimodal
intelligent real-time emotion recognition system. Four-band
virtual power channels—alpha (8—13 Hz), beta (13-30 Hz),
gamma (30-49 Hz), and theta (4-8 Hz)—were employed
with 14 EEG inputs. reached a maximum recognition rate of
87.25 % with only EEG data and 90.25 % using only face
landmarks. 99.3% accuracy was attained in a multimodal
approach when both the face and EEG streams were
analyzed.

According to the literature review, various face
recognition methods focus on conventional feature extraction
and single-modal learning, which limits the ability to capture
complex facial patterns under different healthcare
conditions. Traditional classifiers are used in many existing
models, which exhibit poor performance in case of poses,
illumination variations, occlusion and facial expressions.
Furthermore, several methods have poorer recognition
performance and higher misclassifications in a real-time
patient monitoring context. These constraints decrease the
reliability and efficiency of automated health care patient
management systems. To overcome these challenges, a
potential solution is to combine MediaPipe Face Mesh with
a deep learning model, a CNN reliably cutting facial
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landmarks and recognize faces intelligently within medical
contexts.

3. PROPOSAL CNN-MPFM METHODOLOGY

This section proposes a DL-based Convolutional Neural
Network with MediaPipe Face Mesh (CNN-MPFM) for
healthcare face recognition framework for better patient
identification and monitoring in healthcare settings. The
architecture includes patient image acquisition devices,
patient image preprocessing modules, face landmark
detection and intelligent classification to guarantee the
reliable analysis of patient healthcare data. The captured
facial images are transmitted to the processing unit, where
image normalization and face alignment are applied,
followed by MediaPipe Face Mesh based facial landmark
extraction. Extracted facial features are then forwarded to
CNN classification network to identify meaningful facial
patterns and patient conditions. Based on the learned
representations, the facial images are categorized into normal
and suffocated classes. Overall workflow of developed
CNN-MPFM system is shown in Figure 1.

Preprocessing

Face
normalization

Figure 1. Overall workflow of Proposed CNN-MPFM
model

3.1 Preprocessing

Input image is captured from the patient monitoring
camera and used for facial feature analysis in the proposed
CNN-MPFM  healthcare system. The process of
preprocessing is carried out to prepare the captured facial
image data for analysis. This image data is organized by
means of face detection and normalization to obtain uniform
scaling. The process improves the quality of facial images
and enhances performance of proposed healthcare
monitoring model.

3.1.1. Face Normalization

The most common normalizing method which changes
all the input values into a single value whose average is zero
and its standard deviation is one. The SD and mean are
calculated of each property. Each value of an attribute X is
normalized using the calculated standard deviation and its
mean. The transformation equation is the following:
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Y-8

- (1)

Where f = mean of attribute Y and § = SD of attribute

Y. This method's benefit stems from its ability to lessen the
impact of outliers on the data.

7 =

3.1.2. Face detection

A few basic statistical methods were used to begin
machine face detection. Among them, Eigenfaces was one of
the most well-liked. It represents every image as a vector of
weights obtained by projecting on eigenfaces components.
Even though statistical techniques are not very effective, they
provide assurance that the machine can identify a human face
without intervention from other sources. It has a lasting effect
on future advancement.

3.2 Facial Landmark Detection

Proposed healthcare monitoring system is implemented
with Python and OpenCV. The suggested approach uses Face
Mesh to identify and locate face landmarks using Google's
MediaPipe library. For real-time applications, MediaPipe
library is effective and pre-trained. Face Mesh method uses
a two-step neural network process to extract from a two-
dimensional facial image the exact three-dimensional
coordinates of 468 points an individual's face. BlazeFace, the
first network, uses full image analysis to identify faces. In
order to locate landmarks, the second network works inside
the identified face region. The pipeline as a whole may
operate in real time on common devices and is geared for
high-speed processing. Moreover, the framework can track
previous facial crops for continuous facial landmark
tracking, so that the power and memory consumption and
CPU usage are reduced. These facial landmarks are then
extracted and used for intelligent patient condition analysis.

3.2.1 MediaPipe Face Mesh

MediaPipe Face Mesh is highly developed technique
that offers an ongoing set estimated directs for key facial
landmarks in real-time and identifies key facial landmarks.
This technique is able to determine the 3D surface of a person
without the need of a depth sensor. The Face Mesh module
is based on the BlazeFace framework, which leverages the
MobileNetV2 and SSD detector frameworks to optimize for
mobile GPU inference. The integration of MediaPipe Face
Mesh landmarks into more extensive healthcare monitoring
systems is made easier by Google's computer software
development kits (SDKs) and application programming
interfaces (APIs). The model was developed using the
TensorFlow framework, which allows users to retrain or
adjust the model according to the requirements of their
application. This is advantageous because it realistically
represents the motion of the facial landmarks and
deformation of the facial structure in real time. Using
predetermined landmarks makes it easier to analyze facial
regions such as the eyebrows, eyes, lips, nose, and jawline.
Variations in important facial places can be utilized for
intelligent patient condition monitoring and classification.

3.3 Patient Condition Classification using CNN

CNN is used for accurate patient condition categorization by
learning important facial features and patterns from the
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extracted face mesh data. One-dimensional (1-D)
Convolutional Neural Network, a well-known deep neural
network, is utilized in the proposed CNN-MPFM approach
as convolution kernels only scan the logging curves' depth
direction. Convolutional, pooling, and fully linked layers
make up the CNN. CNN uses convolution and pooling
processes to extract implicit characteristics from input data.
After that, a completely linked layer receives the combined
extracted characteristics. Finally, Figure 2 shows how an
activation function is employed to give a neuron's output
nonlinearity.

Input

Convolution A 78,

T

Output

Detection

Figure 2. Basic CNN architecture

A crucial component of the CNN is the convolution layer.
Each convolutional layer has several convolutional kernels
that are convolved with input data in order to extract hidden
features and create feature maps. The convolutional layer's
output is generated by passing the feature maps through a

non-linear activation function. The following is an
expression for the convolutional layer:
d; =r(e; *y; +b;) (2)

where y; shows input of layer of convolution. d; is it"
feature map output, e; is a matrix of weights, * shows dot
product, b; is bias vector, and r (-) shows activation function.
A common choice for CNN activation functions is rectified
linear unit (ReLU) function. ReLU is defined mathematically
as:

d; =7(9:) = max(0,9;) 3

where g; is a component of feature maps that are
produced by convolutional procedures. The pooling
operation's purpose is to reduce feature map size and avoid
overfitting. One of the most used pooling techniques is max
pooling. This is accomplished to determine the highest value
of a designated area in feature maps.

y(d;, di—1) = max (d;, d;i—q) 4
pi = vy di—1) + B; %)

where vy (-) is maximum subsampling function for
pooling. Bias is represented by f; while the output of the
max-pooling layer is indicated byp;. The final output vector
is then calculated by the fully linked layer after receiving
feature maps produced by convolutional and pooling
processes, as seen under:

yi =r(tip; + 67) (6)

where y; shows concluding output path, §; is the bias,
and t; is a weight matrix. CNN model finds accurate
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classification of patient conditions into normal and
suffocated classes based on extracted facial features.

4. RESULT AND DISCUSSIONS

In this section, presented CNN-MPFM method is
evaluated and compared with existing frameworks. CNN-
MPFM proposed method is implemented through a regular
computing environment using Python based frameworks. To
verify the effectiveness of the CNN-MPFM anticipated
model, evaluation metrics of accuracy, precision, recall, and
F1-score are hand-me-down to measure performance.

4.1. Evaluation metrics

Typical is estimated based on standard evaluation
measures that include accuracy (ACY), recall (RCL),
precision (PCN), and F1-score (F1S) that offer a thorough
examination of intrusion detection capabilities.

TP+TN

ACY = TP+TN+FP+FN (7)
PCN = TPT-:DFP (8)
RCL = TP’:—PFN (9)
F1S = Z(precision*recall) (10)

precision+recall

Whereas FP and FN indicate false positive and negative
cases, TP and TN indicate true positive and negative cases.

Table 1. Performance Analysis of Proposed CNN-

MPFM Model

Classes ACY PCN RCL F1S

(%) (%) (%) (%)
Normal 99.58 99.52 99.55 99.53
Suffocate | 99.46 99.4 99.44 99.42
d
Average | 99.52 99.46 99.49 99.47

Tablel shows the proposed CNN-MPFM model

achieves effective patient condition classification. For the
Normal class, it attains 99.58% accuracy and 99.53% F1-
score. For the Suffocated class, it obtains 99.46% accuracy
and 99.42% Fl-score, showing reliable detection
performance. The overall average results of 99.52%
accuracy, 99.46% precision, 99.49% recall, and 99.47% F1-
score confirm efficiency of proposed healthcare monitoring
system.
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Figure. 3 Training and Validation Accuracy

Figure 3 indicates accuracy curve of proposed CNN-
MPFM method. Training accuracy increases from 26% at
initial epoch to 98.8% at the final epoch, demonstrating
strong learning performance. Likewise, the validation
accuracy improves from 44% to 90.9%, indicating good
generalization ability on unseen data. The consistent
improvement in training and validation accuracy confirms
effectiveness of proposed method for patient condition
classification.
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Figure. 4 Training and Validation Loss

Suggested CNN-MPFM model's loss curve over 30 training
epochs is shown in Figure 4. Effective model learning is
demonstrated by the training loss, which dramatically drops
from 0.083 in the first epoch to 0.003 in the last. Similarly,
the validation loss also drops from 0.069 to 0.015, and the
amount of classification error is minimal, leading to
continued convergence. The gradual reduction in the number
of losses demonstrates the model's robustness and
optimization potential.

Table 2. Comparative analysis of existing and proposed
CNN-MPFM method

Authors | Methods | Accurac | Precisio | Recall
y (%) n (%) (%)
Jin et al. | Deep 91.25 90.84 90.96
(2020) Transfer
Learning
Onyema | ConvNet | 93.4 92.85 93.12
et al.
(2021)

30

Akter et | MobileN | 92.1 91.76 91.94
al. et-V1
(2021)
Mutawa | EEG + | 99.3 99.12 99.18
et al. | Facial
(2024) Landmar
ks
Proposed | CNN- 99.52 99.46 99.49
CNN- MPFM
MPFM
Model

Table 2 depicted in proposed CNN-MPFM model gets
the best accuracy of 99.52%, precision of 99.46%, and recall
of 99.49%.The proposed model achieves improved patient
condition classification accuracy over the state-of-the-art
approaches like Deep Transfer Learning, ConvNet and
MobileNet-V1.These findings demonstrate how well CNN
and MediaPipe Face Mesh can be integrated for intelligent
healthcare monitoring applications.

CONFLICTS OF INTEREST

The authors declare that they have no known competing
financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

FUNDING STATEMENT

This research received no specific grant from any
funding agency in the public, commercial, or not-for-profit
sectors.

ACKNOWLEDGEMENTS

The authors would like to express their sincere gratitude
to the supervisor and faculty members for their valuable
guidance and continuous support throughout this research
work.

REFERENCES

1. Nemavhola, A., Chibaya, C. and Viriri, S., 2025. A
systematic review of CNN architectures, databases,
performance metrics, and applications in face
recognition. Information, 16(2), p.107. [CrossRef]
[Google Scholar] [Publisher Link]

2. Lutfi, N., Kaliyarmban, S.P., Aziz, K. and Abdul, A.A.,
2026. TOUCHLESS MULTI-FACTOR
AUTHENTICATION FOR HOSPITAL
INFRASTRUCTURE USING SMART CARDS AND
CARDIO-BIOMETRIC SIGNALS. [CrossRef] [Google
Scholar] [Publisher Link]

3. Haas, O., Hutzler, M., Egginger, T.H., Maier, A. and
Rothgang, E., 2021. Automating time-consuming and
error-prone manual nursing management documentation
processes. CIN: Computers, Informatics, Nursing,
39(10), pp.584-591. [CrossRef] [Google Scholar]
[Publisher Link]

4. Jain, L.C., Halici, U., Hayashi, 1., Lee, S.B. and Tsutsui,
S. eds.,, 2022. Intelligent biometric techniques in
fingerprint and face recognition. Routledge. [CrossRef]
[Google Scholar] [Publisher Link]

5. Adjabi, L., Ouahabi, A., Benzaoui, A. and Taleb-Ahmed,
A., 2020. Past, present, and future of face recognition: A
review. Electronics, 9(8), p.1188. [CrossRef] [Google
Scholar] [Publisher Link]



https://doi.org/10.3390/info16020107
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=1.%09Nemavhola%2C+A.%2C+Chibaya%2C+C.+and+Viriri%2C+S.%2C+2025.+A+systematic+review+of+CNN+architectures%2C+databases%2C+performance+metrics%2C+and+applications+in+face+recognition.+Information%2C+16%282%29%2C+p.107.+&btnG=
https://www.mdpi.com/2078-2489/16/2/107
10.5281/zenodo.19113849
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=2.%09Lutfi%2C+N.%2C+Kaliyarmban%2C+S.P.%2C+Aziz%2C+K.+and+Abdul%2C+A.A.%2C+2026.+TOUCHLESS+MULTI-FACTOR+AUTHENTICATION+FOR+HOSPITAL+INFRASTRUCTURE+USING+SMART+CARDS+AND+CARDIO-BIOMETRIC+SIGNALS&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=2.%09Lutfi%2C+N.%2C+Kaliyarmban%2C+S.P.%2C+Aziz%2C+K.+and+Abdul%2C+A.A.%2C+2026.+TOUCHLESS+MULTI-FACTOR+AUTHENTICATION+FOR+HOSPITAL+INFRASTRUCTURE+USING+SMART+CARDS+AND+CARDIO-BIOMETRIC+SIGNALS&btnG=
https://d1wqtxts1xzle7.cloudfront.net/132194652/TOUCHLESS_MULTI_FACTOR_AUTHENTICATION_FOR_HOSPITAL_INFRASTRUCTURE_USING_SMART_CARDS_AND_CARDIO_BIOMETRIC_SIGNALS-libre.pdf?1773957636=&response-content-disposition=inline%3B+filename%3DTOUCHLESS_MULTI_FACTOR_AUTHENTICATION_FO.pdf&Expires=1782920697&Signature=Pu9eA61xOFtc6yGiCf~7oenEa5yzUEofWk4uLvxb597wOU5lDDlaepJfiHe7Xr6ojhxK8ziX8AZMCbUN5uOaaZvPd8whiMV1~n-0JKfWqlgAYKOi3Vd6rXGFpkpKObzkTj6wsiiGGLEjr6YHWswU-7Lju~bFauxWfKbs-j8sJewX-COl2OxBMoQ800VsmZu0Hs4pFulTMEeTQ5fyES6G545Kbuv6A2ZfH1l4FpGs0xPZnAvryKzYUw1ph51W3SqCLeCU1yDEYwABfXpG7Vi2ReYH4AN5pSt-cLppzH0vx5iTNpEpm8Mpm930rMhxOcfQ-vJmryUVT5e-usUadQLJuA__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://journals.lww.com/cinjournal/fulltext/2021/10000/automating_time_consuming_and_error_prone_manual.10.aspx
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=3.%09Haas%2C+O.%2C+Hutzler%2C+M.%2C+Egginger%2C+T.H.%2C+Maier%2C+A.+and+Rothgang%2C+E.%2C+2021.+Automating+time-consuming+and+error-prone+manual+nursing+management+documentation+processes.+CIN%3A+Computers%2C+Informatics%2C+Nursing%2C+39%2810%29%2C+pp.584-591&btnG=
https://journals.lww.com/cinjournal/fulltext/2021/10000/automating_time_consuming_and_error_prone_manual.10.aspx
https://books.google.co.in/books?hl=en&lr=&id=rBdYEAAAQBAJ&oi=fnd&pg=PP1&dq=4.%09Jain,+L.C.,+Halici,+U.,+Hayashi,+I.,+Lee,+S.B.+and+Tsutsui,+S.+eds.,+2022.+Intelligent+biometric+techniques+in+fingerprint+and+face+recognition.+Routledge&ots=5qEBJlmv5c&sig=YzboMBGj3BbI6hPJti7q5IIWUvA&redir_esc=y#v=onepage&q=4.%09Jain%2C%20L.C.%2C%20Halici%2C%20U.%2C%20Hayashi%2C%20I.%2C%20Lee%2C%20S.B.%20and%20Tsutsui%2C%20S.%20eds.%2C%202022.%20Intelligent%20biometric%20techniques%20in%20fingerprint%20and%20face%20recognition.%20Routledge&f=false
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=4.%09Jain%2C+L.C.%2C+Halici%2C+U.%2C+Hayashi%2C+I.%2C+Lee%2C+S.B.+and+Tsutsui%2C+S.+eds.%2C+2022.+Intelligent+biometric+techniques+in+fingerprint+and+face+recognition.+Routledge&btnG=
https://books.google.co.in/books?hl=en&lr=&id=rBdYEAAAQBAJ&oi=fnd&pg=PP1&dq=4.%09Jain,+L.C.,+Halici,+U.,+Hayashi,+I.,+Lee,+S.B.+and+Tsutsui,+S.+eds.,+2022.+Intelligent+biometric+techniques+in+fingerprint+and+face+recognition.+Routledge&ots=5qEBJlmv5c&sig=YzboMBGj3BbI6hPJti7q5IIWUvA&redir_esc=y#v=onepage&q=4.%09Jain%2C%20L.C.%2C%20Halici%2C%20U.%2C%20Hayashi%2C%20I.%2C%20Lee%2C%20S.B.%20and%20Tsutsui%2C%20S.%20eds.%2C%202022.%20Intelligent%20biometric%20techniques%20in%20fingerprint%20and%20face%20recognition.%20Routledge&f=false
https://doi.org/10.3390/electronics9081188
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=5.%09Adjabi%2C+I.%2C+Ouahabi%2C+A.%2C+Benzaoui%2C+A.+and+Taleb-Ahmed%2C+A.%2C+2020.+Past%2C+present%2C+and+future+of+face+recognition%3A+A+review.+Electronics%2C+9%288%29%2C+p.1188&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=5.%09Adjabi%2C+I.%2C+Ouahabi%2C+A.%2C+Benzaoui%2C+A.+and+Taleb-Ahmed%2C+A.%2C+2020.+Past%2C+present%2C+and+future+of+face+recognition%3A+A+review.+Electronics%2C+9%288%29%2C+p.1188&btnG=
https://www.mdpi.com/2079-9292/9/8/1188

10.

11.

12.

13.

14.

15.

16.

17.

Christilda S et al. / IJCEO, 04(2)

Rahman, A., Debnath, T., Kundu, D., Khan, M.S.1., Aishi,
A.A., Sazzad, S., Sayduzzaman, M. and Band, S.S., 2024.
Machine learning and deep learning-based approach in
smart healthcare: Recent advances, applications,
challenges and opportunities. AIMS public health, 11(1),
p-58. [CrossRef] [Google Scholar] [Publisher Link]
Abidi, S.M.H., Hassan, S.A., Raza, S.M. and Beliatis,
M.J., 2026. Advances in Face Recognition: A
Comprehensive Review of Feature Extraction and
Dataset Evaluation. Electronics, 15(2), p.338. [CrossRef]
[Google Scholar] [Publisher Link]

Gholizade, M., Soltanizadeh, H., Rahmanimanesh, M.
and Sana, S.S., 2025. A review of recent advances and
strategies in transfer learning. International Journal of
System Assurance Engineering and Management, 16(3),
pp-1123-1162. [CrossRef] [Google Scholar] [Publisher
Link]

Horng, M.F., Thanh-Lam, N., Nguyen, T.T., Shieh, C.S.,
Lan-Yuen, G., Chen-Fu, H. and Lo, C.C., 2026. Real-
Time Mouth State Detection Based on a BiIGRU-CLPSO
Hybrid Model with Facial Landmark Detection for
Healthcare =~ Monitoring  Applications. =~ Computer
Modeling in Engineering & Sciences, 146(1). [CrossRef]
[Google Scholar] [Publisher Link]

Hussain, W., Mushtaq, M.F., Shahroz, M., Akram, U.,
Ghith, E.S., Tlija, M., Kim, T.H. and Ashraf, 1., 2025.
Ensemble genetic and CNN model-based image
classification by enhancing hyperparameter tuning.
Scientific Reports, 15(1), p.1003. [CrossRef] [Google
Scholar] [Publisher Link]

Pulivarthy, P., Kommineni, M., Aragani, V.M. and
Rajassekaran, G., 2026. Real Time Data Pipeline
Engineering for Scalable Insights. In Machine Learning,
Predictive Analytics, and Optimization in Complex
Systems (pp. 83-102). IGI Global Scientific Publishing.
[CrossRef] [Google Scholar] [Publisher Link]

Shahidi, S., Samadzai, A.W. and Shahbazi, H., 2025.
Effective Data Preprocessing in Data Science: From
Method Selection to Domain-Specific Optimization.
Journal of Advanced Computer Knowledge and
Algorithms, 2(4), pp.84-90. [CrossRef] [Google Scholar]
[Publisher Link]

Jakhete, S.A. and Kulkarni, N., 2024, August. A
comprehensive survey and evaluation of mediapipe face
mesh for human emotion recognition. In 2024 8th
International Conference on Computing,
Communication, Control and Automation (ICCUBEA)
(pp. 1-8). IEEE. [CrossRef] [Google Scholar] [Publisher
Link]

Baul, S., Rana, M.R., Trisna, N.J. and Alam, F., 2025.
Development of a Real-time Driver's Drowsiness
Detection System Using MediaPipe Face Mesh.
International Journal of Engineering and Manufacturing,
15(5), pp.46-57. [CrossRef] [Google Scholar] [Publisher
Link]

Awodeyi, A.L, Ibok, O.A., Omokaro, 1., Ekwemuka, J.U.
and Ighofiomoni, M.O., 2025. Effective preprocessing
techniques for improved facial recognition under variable
conditions. Franklin Open, 10, p.100225. [CrossRef]
[Google Scholar] [Publisher Link]

Karim, R.U., Mahdi, S., Samin, A., Zereen, A.N.,
Abdullah-Al-Wadud, M. and Uddin, J., 2025. Optimizing
stroke recognition with MediaPipe and machine learning:
an explainable Al approach for facial landmark analysis.
IEEE Access. [CrossRef] [Google Scholar] [Publisher
Link]

Farkhod, A., Abdusalomov, A.B., Mukhiddinov, M. and
Cho, Y.I., 2022. Development of real-time landmark-

31

18.

19.

20.

21.

22.

23.

24.

25.

, 26-32, 2026

based emotion recognition CNN for masked faces.
Sensors, 22(22), p.8704. [CrossRef] [Google Scholar]
[Publisher Link]

Ahmed, 1., Chehri, A. and Jeon, G., 2023. Artificial
intelligence and blockchain enabled smart healthcare
system for monitoring and detection of covid-19 in
biomedical images. IEEE/ACM transactions on
computational biology and bioinformatics, 21(4), pp.814-
822. [CrossRef] [Google Scholar] [Publisher Link]

De Pretis, F., Van Gils, M., Varheenmaa, M., Tiihonen,
M. and Forsberg, M.M., 2025. Innovative approaches to
collecting, aggregating, and analyzing adverse drug
events in smart hospitals. International Journal of Risk &
Safety in Medicine, 36(4), pp.289-301. [CrossRef]
[Google Scholar] [Publisher Link]

De Micco, F., Di Palma, G., Ferorelli, D., De Benedictis,
A., Tomassini, L., Tambone, V., Cingolani, M. and
Scendoni, R., 2025. Artificial intelligence in healthcare:
transforming patient safety with intelligent systems—A
systematic review. Frontiers in medicine, 11, p.1522554.
[CrossRef] [Google Scholar] [Publisher Link]

Jin, B., Cruz, L. and Gongalves, N., 2020. Deep facial
diagnosis: deep transfer learning from face recognition to
facial diagnosis. IEEe Access, 8, pp.123649-123661.
[CrossRef] [Google Scholar] [Publisher Link]

Onyema, E.M., Shukla, P.K., Dalal, S., Mathur, M.N.,
Zakariah, M. and Tiwari, B., 2021. Enhancement of
patient facial recognition through deep learning
algorithm: ConvNet. Journal of Healthcare Engineering,
2021(1), p.5196000. [CrossRef] [Google Scholar]
[Publisher Link]

Salama AbdELminaam, D., Almansori, A.M., Taha, M.
and Badr, E., 2020. RETRACTED: A deep facial
recognition system using computational intelligent
algorithms. Plos one, 15(12), p.e0242269. [CrossRef]
[Google Scholar] [Publisher Link]

Akter, T., Ali, M.H., Khan, M.1., Satu, M.S., Uddin, M.J.,
Alyami, S.A., Ali, S., Azad, A K.M. and Moni, M.A.,
2021. Improved  transfer-learning-based  facial
recognition framework to detect autistic children at an
early stage. Brain sciences, 11(6), p.734. [CrossRef]
[Google Scholar] [Publisher Link]

Mutawa, A.M. and Hassouneh, A., 2024. Multimodal
real-time patient emotion recognition system using facial
expressions and brain EEG signals based on machine
learning and log-sync methods. Biomedical Signal
Processing and Control, 91, p.105942. [CrossRef]
[Google Scholar] [Publisher Link]



10.3934/publichealth.2024004
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=6.%09Rahman%2C+A.%2C+Debnath%2C+T.%2C+Kundu%2C+D.%2C+Khan%2C+M.S.I.%2C+Aishi%2C+A.A.%2C+Sazzad%2C+S.%2C+Sayduzzaman%2C+M.+and+Band%2C+S.S.%2C+2024.+Machine+learning+and+deep+learning-based+approach+in+smart+healthcare%3A+Recent+advances%2C+applications%2C+challenges+and+opportunities.+AIMS+public+health%2C+11%281%29%2C+p.58&btnG=
https://pmc.ncbi.nlm.nih.gov/articles/PMC11007421/
https://doi.org/10.3390/electronics15020338
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=7.%09Abidi%2C+S.M.H.%2C+Hassan%2C+S.A.%2C+Raza%2C+S.M.+and+Beliatis%2C+M.J.%2C+2026.+Advances+in+Face+Recognition%3A+A+Comprehensive+Review+of+Feature+Extraction+and+Dataset+Evaluation.+Electronics%2C+15%282%29%2C+p.338&btnG=
https://www.mdpi.com/2079-9292/15/2/338
https://doi.org/10.1007/s13198-024-02684-2
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=8.%09Gholizade%2C+M.%2C+Soltanizadeh%2C+H.%2C+Rahmanimanesh%2C+M.+and+Sana%2C+S.S.%2C+2025.+A+review+of+recent+advances+and+strategies+in+transfer+learning.+International+Journal+of+System+Assurance+Engineering+and+Management%2C+16%283%29%2C+pp.1123-1162&btnG=
https://link.springer.com/article/10.1007/s13198-024-02684-2
https://link.springer.com/article/10.1007/s13198-024-02684-2
https://www.proquest.com/openview/bcd7da16024f3cd761539baa0f9116e5/1?pq-origsite=gscholar&cbl=2048798
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=9.%09Horng%2C+M.F.%2C+Thanh-Lam%2C+N.%2C+Nguyen%2C+T.T.%2C+Shieh%2C+C.S.%2C+Lan-Yuen%2C+G.%2C+Chen-Fu%2C+H.+and+Lo%2C+C.C.%2C+2026.+Real-Time+Mouth+State+Detection+Based+on+a+BiGRU-CLPSO+Hybrid+Model+with+Facial+Landmark+Detection+for+Healthcare+Monitoring+Applications.+Computer+Modeling+in+Engineering+%26+Sciences%2C+146%281%29.&btnG=
https://www.proquest.com/openview/bcd7da16024f3cd761539baa0f9116e5/1?pq-origsite=gscholar&cbl=2048798
https://doi.org/10.1038/s41598-024-76178-3
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=10.%09Hussain%2C+W.%2C+Mushtaq%2C+M.F.%2C+Shahroz%2C+M.%2C+Akram%2C+U.%2C+Ghith%2C+E.S.%2C+Tlija%2C+M.%2C+Kim%2C+T.H.+and+Ashraf%2C+I.%2C+2025.+Ensemble+genetic+and+CNN+model-based+image+classification+by+enhancing+hyperparameter+tuning.+Scientific+Reports%2C+15%281%29%2C+p.1003&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=10.%09Hussain%2C+W.%2C+Mushtaq%2C+M.F.%2C+Shahroz%2C+M.%2C+Akram%2C+U.%2C+Ghith%2C+E.S.%2C+Tlija%2C+M.%2C+Kim%2C+T.H.+and+Ashraf%2C+I.%2C+2025.+Ensemble+genetic+and+CNN+model-based+image+classification+by+enhancing+hyperparameter+tuning.+Scientific+Reports%2C+15%281%29%2C+p.1003&btnG=
https://www.nature.com/articles/s41598-024-76178-3
10.4018/979-8-3373-5203-9.ch005
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=11.%09Pulivarthy%2C+P.%2C+Kommineni%2C+M.%2C+Aragani%2C+V.M.+and+Rajassekaran%2C+G.%2C+2026.+Real+Time+Data+Pipeline+Engineering+for+Scalable+Insights.+In+Machine+Learning%2C+Predictive+Analytics%2C+and+Optimization+in+Complex+Systems+%28pp.+83-102%29.+IGI+Global+Scientific+Publishing&btnG=
https://www.igi-global.com/chapter/real-time-data-pipeline-engineering-for-scalable-insights/384449
https://doi.org/10.29103/jacka.v2i4.22886
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=12.%09Shahidi%2C+S.%2C+Samadzai%2C+A.W.+and+Shahbazi%2C+H.%2C+2025.+Effective+Data+Preprocessing+in+Data+Science%3A+From+Method+Selection+to+Domain-Specific+Optimization.+Journal+of+Advanced+Computer+Knowledge+and+Algorithms%2C+2%284%29%2C+pp.84-90&btnG=
https://ojs.unimal.ac.id/jacka/article/view/22886
10.1109/ICCUBEA61740.2024.10775188.
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=13.%09Jakhete%2C+S.A.+and+Kulkarni%2C+N.%2C+2024%2C+August.+A+comprehensive+survey+and+evaluation+of+mediapipe+face+mesh+for+human+emotion+recognition.+In+2024+8th+International+Conference+on+Computing%2C+Communication%2C+Control+and+Automation+%28ICCUBEA%29+%28pp.+1-8%29.+IEEE&btnG=
https://ieeexplore.ieee.org/abstract/document/10775188
https://ieeexplore.ieee.org/abstract/document/10775188
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5577535&__cf_chl_f_tk=QNEnSz2QKVmxX6nGDq9j7iMxGm_y8xhDvYAtxZCLOLQ-1782918509-1.0.1.1-KOwuge6._PAkG3fEyoJ.SWuM02PU3lWBIrT9QXwcmX8
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=14.%09Baul%2C+S.%2C+Rana%2C+M.R.%2C+Trisna%2C+N.J.+and+Alam%2C+F.%2C+2025.+Development+of+a+Real-time+Driver%27s+Drowsiness+Detection+System+Using+MediaPipe+Face+Mesh.+International+Journal+of+Engineering+and+Manufacturing%2C+15%285%29%2C+pp.46-57&btnG=
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5577535&__cf_chl_f_tk=QNEnSz2QKVmxX6nGDq9j7iMxGm_y8xhDvYAtxZCLOLQ-1782918509-1.0.1.1-KOwuge6._PAkG3fEyoJ.SWuM02PU3lWBIrT9QXwcmX8
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5577535&__cf_chl_f_tk=QNEnSz2QKVmxX6nGDq9j7iMxGm_y8xhDvYAtxZCLOLQ-1782918509-1.0.1.1-KOwuge6._PAkG3fEyoJ.SWuM02PU3lWBIrT9QXwcmX8
https://doi.org/10.1016/j.fraope.2025.100225
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=15.%09Awodeyi%2C+A.I.%2C+Ibok%2C+O.A.%2C+Omokaro%2C+I.%2C+Ekwemuka%2C+J.U.+and+Ighofiomoni%2C+M.O.%2C+2025.+Effective+preprocessing+techniques+for+improved+facial+recognition+under+variable+conditions.+Franklin+Open%2C+10%2C+p.100225&btnG=
https://www.sciencedirect.com/science/article/pii/S2773186325000155
10.1109/ACCESS.2025.3550577
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=16.%09Karim%2C+R.U.%2C+Mahdi%2C+S.%2C+Samin%2C+A.%2C+Zereen%2C+A.N.%2C+Abdullah-Al-Wadud%2C+M.+and+Uddin%2C+J.%2C+2025.+Optimizing+stroke+recognition+with+MediaPipe+and+machine+learning%3A+an+explainable+AI+approach+for+facial+landmark+analysis.+IEEE+Access&btnG=
https://ieeexplore.ieee.org/abstract/document/10924203
https://ieeexplore.ieee.org/abstract/document/10924203
https://doi.org/10.3390/s22228704
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=17.%09Farkhod%2C+A.%2C+Abdusalomov%2C+A.B.%2C+Mukhiddinov%2C+M.+and+Cho%2C+Y.I.%2C+2022.+Development+of+real-time+landmark-based+emotion+recognition+CNN+for+masked+faces.+Sensors%2C+22%2822%29%2C+p.8704.+&btnG=
https://www.mdpi.com/1424-8220/22/22/8704
10.1109/TCBB.2023.3294333
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=18.%09Ahmed%2C+I.%2C+Chehri%2C+A.+and+Jeon%2C+G.%2C+2023.+Artificial+intelligence+and+blockchain+enabled+smart+healthcare+system+for+monitoring+and+detection+of+covid-19+in+biomedical+images.+IEEE%2FACM+transactions+on+computational+biology+and+bioinformatics%2C+21%284%29%2C+pp.814-822&btnG=
https://ieeexplore.ieee.org/abstract/document/10180028
https://doi.org/10.1177/09246479251365094
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=19.%09De+Pretis%2C+F.%2C+Van+Gils%2C+M.%2C+Varheenmaa%2C+M.%2C+Tiihonen%2C+M.+and+Forsberg%2C+M.M.%2C+2025.+Innovative+approaches+to+collecting%2C+aggregating%2C+and+analyzing+adverse+drug+events+in+smart+hospitals.+International+Journal+of+Risk+%26+Safety+in+Medicine%2C+36%284%29%2C+pp.289-301&btnG=
https://journals.sagepub.com/doi/full/10.1177/09246479251365094
https://doi.org/10.3389/fmed.2024.1522554
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=20.%09De+Micco%2C+F.%2C+Di+Palma%2C+G.%2C+Ferorelli%2C+D.%2C+De+Benedictis%2C+A.%2C+Tomassini%2C+L.%2C+Tambone%2C+V.%2C+Cingolani%2C+M.+and+Scendoni%2C+R.%2C+2025.+Artificial+intelligence+in+healthcare%3A+transforming+patient+safety+with+intelligent+systems%E2%80%94A+systematic+review.+Frontiers+in+medicine%2C+11%2C+p.1522554&btnG=
https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2024.1522554/full
10.1109/ACCESS.2020.3005687
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=21.%09Jin%2C+B.%2C+Cruz%2C+L.+and+Gon%C3%A7alves%2C+N.%2C+2020.+Deep+facial+diagnosis%3A+deep+transfer+learning+from+face+recognition+to+facial+diagnosis.+IEEe+Access%2C+8%2C+pp.123649-123661.+&btnG=
https://ieeexplore.ieee.org/abstract/document/9127907
https://doi.org/10.1155/2021/5196000Digital%20Object%20Identifier%20(DOI)
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=22.%09Onyema%2C+E.M.%2C+Shukla%2C+P.K.%2C+Dalal%2C+S.%2C+Mathur%2C+M.N.%2C+Zakariah%2C+M.+and+Tiwari%2C+B.%2C+2021.+Enhancement+of+patient+facial+recognition+through+deep+learning+algorithm%3A+ConvNet.+Journal+of+Healthcare+Engineering%2C+2021%281%29%2C+p.5196000.&btnG=
https://onlinelibrary.wiley.com/doi/full/10.1155/2021/5196000
https://doi.org/10.1371/journal.pone.0242269
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=23.%09Salama+AbdELminaam%2C+D.%2C+Almansori%2C+A.M.%2C+Taha%2C+M.+and+Badr%2C+E.%2C+2020.+RETRACTED%3A+A+deep+facial+recognition+system+using+computational+intelligent+algorithms.+Plos+one%2C+15%2812%29%2C+p.e0242269&btnG=
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0242269
https://doi.org/10.3390/brainsci11060734
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=24.%09Akter%2C+T.%2C+Ali%2C+M.H.%2C+Khan%2C+M.I.%2C+Satu%2C+M.S.%2C+Uddin%2C+M.J.%2C+Alyami%2C+S.A.%2C+Ali%2C+S.%2C+Azad%2C+A.K.M.+and+Moni%2C+M.A.%2C+2021.+Improved+transfer-learning-based+facial+recognition+framework+to+detect+autistic+children+at+an+early+stage.+Brain+sciences%2C+11%286%29%2C+p.734.&btnG=
https://www.mdpi.com/2076-3425/11/6/734
https://doi.org/10.1016/j.bspc.2023.105942
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=25.%09Mutawa%2C+A.M.+and+Hassouneh%2C+A.%2C+2024.+Multimodal+real-time+patient+emotion+recognition+system+using+facial+expressions+and+brain+EEG+signals+based+on+machine+learning+and+log-sync+methods.+Biomedical+Signal+Processing+and+Control%2C+91%2C+p.105942&btnG=
https://www.sciencedirect.com/science/article/pii/S1746809423013757

Christilda S et al. / IJCEO, 04(2), 26-32, 2026

AUTHORS

Christilda S is a Bachelor of Engineering
(B.E.) graduate and is currently pursuing a
Master of Engineering (M.E.). She has a keen
interest in Artificial Intelligence, Machine
Learning, Image Processing, and Computer
Vision. She is passionate about learning
emerging technologies.

Ahilan A received Ph.D. from Anna University,

India, and working as an Associate Professor in
the  Department of  Electronics  and
Communication Engineering at PSN College of
Engineering and Technology, India. His area of
interest includes FPGA prototyping, Computer
vision, the Internet of Things, Cloud Computing
in Medical, biometrics, and automation
applications. TCS, Bangalore, where he has
guided many computer vision projects and
Bluetooth Low Energy projects. Meanwhile,
special Guest lectures, Practical workshops,
Hands-on programming in MATLAB, Verilog, and python at various
technical institutions around India.

32




  Z =   Y − 𝛽  𝛿


  𝛽


  Y


  𝛿


  Y


    d  i = r (   e  i ∗   y  i +   b  i )


    y  i


    d  i  


    i  t h


    e  i


    b  i


  r


    d  i   = r (   g  i )   =   m a x ( 0 ,     g  i )


    g  i


  𝛾 (   d  i ,   d  i − 1 ) = m a x   (   d  i ,     d  i − 1 )


    p  i =   𝛾 (   d  i ,   d  i − 1 ) +   𝛽  i


    𝛽  i


    p  i .


    y  i = r (   t  i   p  i +   𝛿  i )


    y  i


    𝛿  i


    t  i


  A C Y =     T P + T N  T P + T N + F P + F N


  P C N =   T P  T P + F P


  R C L =   T P  T P + F N


  F 1 S = 2 (   p r e c i s i o n ∗ r e c a l l  p r e c i s i o n + r e c a l l )

