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Masked face recognition remains a challenging problem because masks occlude key facial regions that are
crucial for identity verification. In this paper, we propose a deep convolutional architecture composed of
stacked Conv–BatchNorm–MaxPooling blocks followed by dropout, a flatten layer, and a dense embed-
ding layer trained with an improved quadruplet loss. Each quadruplet consists of two images from the
same identity and two from different identities, enforcing compact intra-class clusters and well-separated
inter-class distributions in the embedding space. We investigate three similarity measures on the learned
embeddings: Euclidean distance, Manhattan distance, and a learned similarity network. The best perfor-
mance is obtained with Euclidean distance: on our ENSA-MFRD dataset of 32,186 masked face images
collected from university students, the proposed model reaches an accuracy of 99.27%, outperforming the
standard triplet loss and the original quadruplet loss by 0.62% and 0.72%, respectively. Using the learned
similarity network, our approach also surpasses the triplet and original quadruplet losses by 37.5% and
11.87%, respectively. The model is further evaluated on four public benchmarks—COMASK20, MFRD-
80K, CASIA-WebMaskedFace, and LFW-SMFD—where it consistently improves accuracy, F1-score over
both baselines. These results demonstrate that the proposed architecture and enhanced quadruplet loss
yield robust and discriminative representations for masked face recognition across diverse datasets and
acquisition conditions.

Povzetek: Predstavljen je model globokega učenja za prepoznavanje obrazov z maskami, okrepljen z
izboljšano štirikratno izgubo. Znanstveni prispevek je visoka točnost in robustnost metode, potrjena na
lastnem in javnih naborih podatkov.

1 Introduction

Facial recognition technologies have increased in usage in
various businesses, including shopping malls, health cen-
tres, schools, and transportation stations such as airports.
The growing significance of effective and precise facial
recognition systems is reflected in this broad usage. Due
to COVID-19, an illness caused by the coronavirus fam-
ily, the world is experiencing a profound health crisis. The
main means of COVID-19 viral transmission between in-
dividuals is through respiratory droplets. To stop the pan-
demic from spreading, the World Health Organization rec-
ommends wearing a face mask as one of the proposed so-
lutions to combat this disease [1]. Wearing a face mask
is not limited to pandemics, but can also be used in lab-
oratories and other polluted spaces. However, following
these safety recommendations seriously puts existing secu-
rity systems that are based on face recognition to the test.
Although preserving lives is important, there is a pressing
need to identify individuals wearing masks without reveal-
ing their identities. For instance, there are numerous places

where people cooperate with cameras, such as immigration
checkpoints and grounds access control, which present a
challenge for face recognition since obscured sections are
essential for face detection and recognition. Ngan et al.[2]
tested algorithms developed prior to the COVID-19 pan-
demic to assess their ability to identify masked faces. How-
ever, they concluded that performance degrades with face
mask datasets. Therefore, developers of facial recognition
systems had to consider this challenge and improve the per-
formance of their system by taking masked faces into ac-
count. The main contributions of this work are as follows:

– Enhanced Quadruplet Loss Function: We propose
an improved quadruplet loss designed to improve both
intra-class compactness and inter-class separability
under mask occlusion and enhance the discriminative
power of feature embeddings for masked face recog-
nition.

– Deep Learning-Based Recognition Model: We de-
velop a deep learning model that leverages an en-
hanced loss function to improve masked face recog-
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nition accuracy.

– Custom Masked Face Dataset: We present a prop-
erly collected and curated dataset of 32,186 masked
face images, specifically designed to train and evalu-
ate our model under real-world masked conditions.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews related work. Section 3 details the dataset,
model architecture, and the proposed improved loss func-
tion. Section 4 presents and discusses the experimental re-
sults. Finally, Section 5 concludes the study and outlines
directions for future research.

2 Related work
Face recognition has attracted sustained research inter-
est, leading to a broad spectrum of architectures and loss
functions. Schroff et al. [3] introduced FaceNet, which
learns 128-dimensional embeddings using a triplet loss and
achieves strong performance on large-scale, unconstrained
face recognition benchmarks, but without explicitly ad-
dressing heavy occlusions such as masks. Goel et al. [4]
evaluated pre-trained models (e.g., VGG and FaceNet) for
sibling identification and showed that, in scenarios with
high inter-class similarity and partial occlusion, generic
face embeddings are less discriminative.
Metric-learning losses have been extensively explored to

improve intra-class compactness and inter-class separabil-
ity. Bromley et al. [5] developed a siamese network with
a distance-based contrastive loss for image-pair compari-
son. Chen et al. [6] extended this idea with a quadruplet
loss to further increase inter-class margins in person re-
identification, thereby improving rank-based retrieval per-
formance. For masked face recognition, Boutros et al. [7]
proposed a self-restrained triplet loss that emphasizes gen-
uine positive pairs to better cope with the structured occlu-
sion induced bymasks. Huang et al. [8] introduced PLFace,
a progressive learning framework that balances masked
and unmasked samples during training to mitigate mask-
related bias. Salim et al. [9] proposed a pre-processing
technique that preserves facial landmarks while zeroing out
the occluded region, which improves masked-face recog-
nition accuracy without retraining the backbone network.
Golwalkar et al. [10] presented FaceMaskNet-21, a deep
metric-learning framework that outputs 128-dimensional
encodings specifically designed for masked faces. Sikha
et al. [11] combined a modified VGG16 architecture with
cropping of the unmasked upper-face region to extract more
reliable features under mask occlusion.
Several works focus on particular sensing configura-

tions or fusion strategies. Du et al. [12] addressed NIR–
VIS masked face recognition by combining heterogeneous
semi-siamese training with 3D reconstruction to bridge
cross-spectral domain gaps. Omar et al. [13] proposed a
lightweight convolutional neural network (CNN) trained
on HMFD using Adam optimization and sparse categorical

cross-entropy, targeting efficient masked-face recognition
for deployment on constrained devices. Zhang et al. [14]
and Mahmoud et al. [15] provided surveys of masked face
recognition, detection, and unmasking, covering feature
extraction, classification, multimodal fusion, and dataset
design. Huang et al. [16] designed a system that com-
bines domain adaptation and self-attention to align features
across masked and unmasked faces. Ge et al. [17] proposed
CVSAN, which integrates convolutional layers and visual
self-attention and is trained on simulated masked data using
an angular-margin loss. Alqaralleh et al. [18] fused infor-
mation from visible frontal and profile regions using BSIF
descriptors and CNNs at multiple fusion levels to exploit
unoccluded facial areas.
In parallel, some contributions focus primarily on data

generation and mask detection. Cabani et al. [19] con-
structed the MaskedFace-Net dataset by applying de-
formable masks to FFHQ images, providing large-scale
synthetic masked faces for training and benchmarking.
Zhang H. et al. [20] proposed AI-YOLO, which augments
YOLOwith a selective kernel, spatial pyramid pooling, fea-
ture fusion, and CIoU loss for robust mask detection in
complex scenes. Oulad-Kaddour et al. [21] developed a
CNN-based model for mask-wearing prediction and gender
classification, illustrating the importance of masked data in
multi-task settings. Aly [22] combined ResNet-50, CBAM,
and temporal convolutional networks for facial expression
recognition in online learning environments, demonstrating
that temporal modeling and attention can partially compen-
sate for occlusions.
To provide a more compact and quantitative comparison,

Table 1 summarizes the main characteristics of these ap-
proaches in terms of datasets, training objectives, and eval-
uation metrics.
Despite this rich body of work, several concrete lim-

itations remain with respect to the problem addressed in
this paper. FaceNet [3] is designed for fully visible faces
and is neither trained nor evaluated under mask occlu-
sion. Goel et al. [4] consider sibling recognition with
partial occlusions, but the occluded regions are limited
(eyes, nose, forehead) and do not correspond to realistic
full-face masks. Metric-learning approaches such as the
Siamese network of Bromley et al. [5] and the quadru-
plet loss of Chen et al. [6] achieve strong performance on
signatures or person re-identification, yet they are not an-
alyzed in the context of masked faces and do not inves-
tigate the role of different similarity metrics on heavily
occluded embeddings. Mask-specific methods (e.g., self-
restrained triplet loss [7], PLFace [8], zeroing-based pre-
processing [9], FaceMaskNet-21 [10], VGG16-based crop-
ping [11], lightweight HMFD CNNs [13], frontal–profile
fusion [18]) typically focus on one or a few datasets, often
with synthetic masks or controlled conditions, and rarely
report systematic cross-dataset evaluations or robustness
under challenging illumination and acquisition variabil-
ity. Dataset and detection-oriented works (MaskedFace-
Net [19], AI-YOLO [20], mask-wearing and gender pre-
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Table 1: Summary of methods discussed in the related work: datasets, loss functions, and key evaluation metrics

Work Datasets used Loss/training objective Metrics
Schroff et al. [3] LFW, YTF Triplet loss (metric learn-

ing)
Acc. 99.63% (LFW),
95.12% (YTF).

Goel et al. [4] Sibling face dataset
(masked/unmasked re-
gions)

Softmax cross-entropy on
deep embeddings

Acc. 98%.

Bromley et al. [5] Signature / image-pair
datasets

Siamese contrastive
(distance-based) loss

Acc. 97%.

Chen et al. [6] CUHK03, Market-1501,
VIPeR, etc.

Quadruplet loss + classifi-
cation loss

Rank1 81.00% on
CUHK01

Boutros et al. [7] Real/synthetic masked FR
datasets

Self-Restrained Triplet
(SRT) loss

-

Huang B. et al. [8] Large-scale FR + masked
benchmarks

PLFace margin-based loss
(progressive learning)

Average 79.40%.

Salim & Surantha [9] MFR2, RMFRD, SMFRD
(masked variants)

Original FR loss (e.g. Ar-
cFace); mask-zeroing pre-
processing

Acc. 86.46%;

Golwalkar &Mehen-
dale [10]

FaceMaskNet-21 (masked
faces)

Softmax loss + metric
comparison in 128-D
space

Acc. 88.92%.

Sikha & Bharath [11] MFR2, RMFRD, SMFRD
(upper-face crops)

Softmax cross-entropy
(VGG16–RF)

Acc.85.002%.

Du et al. [12] CASIA NIR-VIS 2.0,
BUAA-VisNir (with
masks)

Triplet / center + cross-
entropy (semi-Siamese)

Rank-1 98.53%.

Omar et al. [13] HMFD (HSTU Masked
Face Dataset)

Sparse categorical cross-
entropy (CNN)

Acc. 97% (HMFD)

Alqaralleh et al. [18] Frontal & profile
masked-face datasets
(RMFRD/SMFRD-like)

Cross-entropy (CNN with
BSIF fusion)

Acc 99.83%.

Aly [22] RAF-DB, FER2013,
CK+, KDEF (FER)

Cross-entropy (ResNet-50
+ CBAM + TCNs)

Acc. 97%

diction [21], expression recognition under partial occlu-
sion [22]) either provide data or solve auxiliary tasks (mask
detection, gender, expression) but do not directly tackle
large-scalemasked face identification across heterogeneous
real and synthetic datasets.

In light of these observations, our work is designed to ad-
dress three specific gaps. First, instead of treating quadru-
plet loss as a generic metric-learning tool, we propose an
improved quadruplet-loss formulation tailored to masked
face recognition and experimentally compare it against both
the standard triplet loss and the original quadruplet loss
under identical training and evaluation protocols. Sec-
ond, we explicitly study the impact of the similarity met-
ric on masked embeddings by evaluating Euclidean dis-
tance, Manhattan distance, and a learned neural similar-
ity, and we show that Euclidean distance yields the best
recognition accuracy in our setting. Third, we move be-
yond single-dataset evaluations by training and testing on
a large real-mask dataset (ENSA-MFRD) and four hetero-
geneous public benchmarks (COMASK20, MFRD-80K,

CASIA-WebMaskedFace, LFW-SMFD), including cross-
dataset experiments and reporting accuracy and F1-score.
This systematic analysis of loss functions, similarity met-
rics, and cross-dataset behavior under realistic masked con-
ditions distinguishes our contribution from the existing lit-
erature.

3 Methodology

3.1 Dataset
Creating a powerful recognition system is based on com-
piling a large, high-quality dataset of masked faces. We
have therefore decided to collect a large dataset by film-
ing students from our university in various poses. We have
collected a dataset named the ENSA-Masked Face Recog-
nition Dataset (ENSA-MFRD), which contains 32,186 im-
ages of 126 students. Each student has several images,
varying in number from 27 to 528. The construction of
the dataset involved a multi-stage pipeline. Initially, video
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recordings of students were captured under controlled con-
ditions. These videos were subsequently decomposed into
individual frames to generate a set of static images. Facial
regions within these images were automatically detected
using the RetinaFace algorithm, ensuring robust and ac-
curate localization. The detected faces were then cropped
and extracted to form the core dataset. Finally, the result-
ing face images were systematically organized into directo-
ries, with each folder corresponding to a unique individual,
thereby facilitating identity-specific data management. An
example of the collected dataset images is shown in Figure.
1.

Figure 1: A representative sample from our ENSA-MFRD
dataset

3.2 Loss function
The quantification of the difference between the model pre-
dictions and the actual observations in the training data is
measured by a loss function named quadruplet loss, which
is based on a combination of the ideas of triplet loss [3] and
quadruplet loss [6]. Triplet loss, which will be mentioned
in Equation 1, focuses on intra-class distance reduction.

LTiplet =

N∑
i,j,l

[f(xi, xj)
2 − f(xi, xl)

2 + α]+ (1)

The quadruplet loss expands the triplet loss by adding
an extra term. This is included to increase the inter-class
distance to further enhance class separation within the set.
Their mathematical formula will be presented in Equation
2.

LQuadruplet =
N∑

i,j,l

[
g(yi, yj)

2 − g(yi, yl)
2
+ α

]
+

+

N∑
i,j,l,k

[
g(yi, yj)

2 − g(yl, yk)
2
+ β

]
+

(2)

Where g represents a learned metric and N denotes the
total number of quadruplets. The embeddings yi and yj

are extracted from two distinct images of the same indi-
vidual, denoted as Sij . Conversely, yl and yk are em-
beddings obtained from images of two different individu-
als, represented as Sl and Sk, respectively, ensuring that
Sij ̸= Sl ̸= Sk. The parameters α and β define two mar-
gin constraints.
Our proposed loss function builds upon the formulation

detailed in Equation 3, retaining the primary term com-
mon to both functions while incorporating an additional
constraint to further minimize intra-class variation. This
modification is strategically introduced to enhance the dis-
criminative power of the learned embeddings by reinforc-
ing compactness within the same identity whilemaximizing
inter-class separability. The quadruplet-based loss function
utilizes four input images, each sampled from a distinct in-
dividual, to optimize feature space representations. Specif-
ically, the quadruplet consists of an Anchor and a Posi-
tive, which correspond to two images of the same individ-
ual, alongside two Negative samples: Negative 1, sourced
from a second identity, and Negative 2, obtained from a
third. An illustration of the quadruplet sampling strategy
is provided in Figure. 2. This structured formulation en-

Figure 2: Example of the quadruplet set extracted from our
dataset

forces a more robust separation between different identities
while preserving intra-class cohesion. The primary goal
of the loss function is to minimize intra-class variations
and promote effective separation between different identity
representations. In particular, the role defines a constraint
by which the distance within the same class (the distance
between embeddings for the same person) is substantially
smaller than inter-class distances. The constraint can be
mathematically stated as d1 ≪ d2 and d1 ≪ d3, where
d1 is the spatial distance between the Positive sample and
the Anchor sample, both of which are images of the same
individual. d2 is the spatial distance between the Anchor
and the first Negative 1 sample. and d3 is the spatial dis-
tance between the Anchor and the Negative 2 sample. The
loss function can be defined mathematically as

LImQuad =

N∑
i,j,l

[
h(xi, xj)

2 − h(xi, xl)
2 + α

]
+

+

N∑
i,j,k

[
h(xi, xj)

2 − h(xi, xk)
2 + β

]
+

(3)

where xi, xj , xl, and xk are the embeddings of Anchor,
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Positive, Negative 1, and Negative 2, respectively. h(·, ·)
is the learned metric function. N is the set of quadruplets
that was employed within the training step. α and β are
introduced margin parameters enabling sufficient separa-
tion of positive and negative pairs. Such margins are used
as thresholds to prevent the production of trivial solutions,
and, in most cases, need to be obtained empirically.
With the use of quadruplet-based learning, this model

enhances the discriminative capability of the model to
learn finer identity distinctions without compromising the
model’s robustness to variations within a class. Adding two
negative samples to a quadruplet enhances the strength of
the decision boundary, leading to improved generalization
in real-world scenarios. The overall workflow of the pro-
posed improved quadruplet loss computation is illustrated
in Figure 3.

Input face images
(Anchor a, Positive p, Negatives n1, n2)

Feature extractor

Embedding vectors
fa, fp, fn1 , fn2

Quadruplet construction
(a, p, n1, n2)

Distance computation
dap = d(fa, fp), dan1 =

d(fa, fn1), dan2 = d(fa, fn2)

Improved quadruplet loss
L = max(dap − dan1 +

α, 0) + max(dap − dan2 + β, 0)

Figure 3: Flowchart of the improved quadruplet loss com-
putation

3.3 The process of our method
The proposed model is trained from scratch, with randomly
initialized weights. First, we prepared the dataset, which
was divided into two subsets: 20% for testing and 80% for
model training. Since our dataset was already cropped, no
additional preprocessing was applied. However, before be-
ing input into our neural network, every picture was nor-
malized to a consistent size of 220×220×3. The model ex-

tracts 128-dimensional embeddings using a convolutional
neural network (CNN) architecture.
The proposed feature extractor is a convolutional neural

network that maps an input face image to a compact 128-
dimensional embedding. The backbone is deliberately kept
lightweight while still capturing multi-scale discriminative
information, and it consists of a sequence of five convolu-
tional blocks followed by two fully connected layers. In
each convolutional block, a two-dimensional convolution
with 3 × 3 kernels, stride 1 × 1, and same padding is ap-
plied, using He-normal weight initialization and ℓ2 kernel
regularization with a factor of 10−2. All convolutional lay-
ers use the ReLU activation function. The number of fil-
ters is progressively increased across the blocks as 8, 16,
32, 64, and 128, respectively, in order to gradually enrich
the representational capacity while controlling the over-
all model size. Each convolutional layer is followed by
a 2 × 2 max-pooling layer to reduce spatial resolution, a
batch-normalization layer to stabilize and accelerate train-
ing, and a dropout layer with a rate of 0.4 to mitigate over-
fitting. This sequence of operations yields a hierarchy of
feature maps that encode increasingly abstract facial pat-
terns under mask occlusion. After the final convolutional
block, the resulting feature maps are flattened into a one-
dimensional feature vector, which is then processed by a
fully connected layer with 128 units, ReLU activation, He-
normal initialization, and the same ℓ2 regularization. This
dense layer aggregates the spatially distributed convolu-
tional responses into a more compact, high-level represen-
tation. A final dense layer with 128 units and linear activa-
tion is then applied to produce the embedding vector used
by the metric-learning component. For clarity and repro-
ducibility, the complete layer-by-layer specification of the
backbone network, including filter sizes, padding, activa-
tion functions and regularization settings, is summarized in
Table 2. A 40% dropout rate was found to be effective in
reducing overfitting and improving generalization without
notably harming performance. Figure.3 illustrates the ar-
chitecture of the proposed model.
For classification, we tested Euclidean distance, Manhat-

tan distance, and a neural network.
Euclidean distance: Calculate the distance between two
points in Euclidean space. Mathematically, this normaliza-
tion procedure is given in Equation 4 as follows:

DistanceE(p,m) =

(
n∑

i=1

(pi −mi)
2

)1/2

(4)

where p and m are two points in an n-dimensional space,
where pi and mi represent the coordinates of p and m, re-
spectively, for each dimension i = 1, 2, . . . , n. The value
of n defines the dimensionality of the space in which these
points are located.
Manhattan distance is calculated by taking the sum of
the absolute values between the coordinates p and m in the
space n, as defined in Equation 5.
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Table 2: CNN architecture with separate columns for kernel size, number of filters/units, padding, and parameters

Layer (type) Output shape Kernel /
pool

Filters /
units

Padding / rate Param
#

input_layer (InputLayer) (None, 200, 200, 3) – – – 0
conv2d (Conv2D) (None, 200, 200, 8) 3× 3 8 filters padding = same 224
max_pooling2d (Max-
Pooling2D)

(None, 100, 100, 8) 2× 2 – padding = valid 0

batch_normalization
(BatchNormalization)

(None, 100, 100, 8) – – – 32

dropout (Dropout) (None, 100, 100, 8) – – rate = 0.4 0
conv2d_1 (Conv2D) (None, 100, 100, 16) 3× 3 16 filters padding = same 1,168
max_pooling2d_1 (Max-
Pooling2D)

(None, 50, 50, 16) 2× 2 – padding = valid 0

batch_normalization_1
(BatchNormalization)

(None, 50, 50, 16) – – – 64

dropout_1 (Dropout) (None, 50, 50, 16) – – rate = 0.4 0
conv2d_2 (Conv2D) (None, 50, 50, 32) 3× 3 32 filters padding = same 4,640
max_pooling2d_2 (Max-
Pooling2D)

(None, 25, 25, 32) 2× 2 – padding = valid 0

batch_normalization_2
(BatchNormalization)

(None, 25, 25, 32) – – – 128

dropout_2 (Dropout) (None, 25, 25, 32) – – rate = 0.4 0
conv2d_3 (Conv2D) (None, 25, 25, 64) 3× 3 64 filters padding = same 18,496
max_pooling2d_3 (Max-
Pooling2D)

(None, 12, 12, 64) 2× 2 – padding = valid 0

batch_normalization_3
(BatchNormalization)

(None, 12, 12, 64) – – – 256

dropout_3 (Dropout) (None, 12, 12, 64) – – rate = 0.4 0
conv2d_4 (Conv2D) (None, 12, 12, 128) 3× 3 128

filters
padding = same 73,856

max_pooling2d_4 (Max-
Pooling2D)

(None, 6, 6, 128) 2× 2 – padding = valid 0

batch_normalization_4
(BatchNormalization)

(None, 6, 6, 128) – – – 512

dropout_4 (Dropout) (None, 6, 6, 128) – – rate = 0.4 0
flatten (Flatten) (None, 4608) – – – 0
dense (Dense) (None, 128) – 128 units ReLU 589,952
dense_1 (Dense) (None, 128) – 128 units linear 16,512

DistanceM (p,m) =

n∑
i=1

|pi −mi| (5)

Neural Network : To evaluate the similarity between two
images, we utilize a neural network comprising four fully
connected layers. The network takes as input two 128-
dimensional embeddings; we first compute their element-
wise absolute difference and then concatenate ea, eb, and
|ea − eb|, resulting in a 384-dimensional input vector. This
vector is passed through a fully connected multilayer per-
ceptron with three hidden layers of sizes 128, 32, and 8,
respectively, each using a ReLU activation function, He-
uniform weight initialization, and ℓ2 kernel regularization
with a factor of 10−2. The final output layer is a single neu-
ron with linear activation that produces the similarity score.

No dropout is applied in this module. In total, the metric
network comprises approximately 5.37× 104 trainable pa-
rameters (53 681). The structure of the learned metric is
illustrated in Fig. 5.
Instead of raw input, it receives the concatenation of two

embeddings A,B ∈ Rn extracted from feature encoders:

X =

[
A
B

]
∈ R2n

Each hidden layer applies a linear transformation followed
by ReLU activation: h1 = σ(W1X+b1), h2 = σ(W2h1+
b2), h3 = σ(W3h2 + b3) where Wi ∈ Rd×d are weight
matrices, bi ∈ Rd are biases, and σ(x) = max(0, x) is
the ReLU function. The final similarity score is computed
as:D(A,B) = W4h3 + b4 whereW4 ∈ R1×d and b4 ∈ R.
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Input Pooling BatchNorm Dropout Flatten DenseConv

Figure 4: Architecture of the proposed model: the main layers and their connections

Input A (Embedding) Input B (Embedding)

Concatenation

Dense (10, ReLU)

Dense (10, ReLU)

Dense (10, ReLU)

Output (Distance)

Figure 5: Neural network architecture for similarity mea-
surement

The full expression is compactly written as in Equation 6.

D(A,B) = W4 σ
(
W3 σ

(
W2 σ(W1X + b1) + b2

)
+ b3

)
+ b4 (6)

This formulation enables the network to learn a continu-
ous similarity metric between embeddings.

4 Experimental Results

To provide transparency regarding computational require-
ments, we report both the training efficiency and the in-
ference cost of the proposed approach. All experiments
were conducted in a Kaggle environment equipped with
two NVIDIA T4 GPUs, and the end-to-end training time
was approximately 4 hours, depending on the dataset scale.
The trained model achieved a real-time inference speed
of 379.3 face images per second (FPS) while requiring
only 1.30 GB of GPU memory, as measured after GPU
warm-up in forward-pass mode. In addition, the proposed
network was designed to remain lightweight, containing
705,344 trainable parameters, which helps reduce mem-
ory usage and accelerate optimization compared to heavier
face-recognition backbones. Together, these characteristics
make the proposedmethod well suited for real-timemasked
face recognition under constrained computational budgets.
Our model was trained on our dataset with input images re-
sized to 200×200 before being processed by the network,
using a batch size of 64. The margin parameters, α and
β, were automatically optimized using Optuna to achieve
optimal performance. Hyperparameter optimization using
Optuna is performed as an offline tuning step and there-
fore does not impact inference-time complexity. In our im-
plementation, the Optuna study consists of 10 trials, each
trained for 5 epochs, resulting in a total tuning budget of 50
training epochs per dataset. This limited budget was cho-
sen to efficiently explore the margin space while keeping
the computational overhead moderate. Once the optimal
margins (α, β) are selected, they are fixed and used for all
subsequent experiments.
For the final training with the selected margins, the

model typically converges within approximately 20–30
epochs, as indicated by stabilization of the validation loss
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Table 3: Evaluation results of the proposed model using three similarity metrics reported as mean ± standard deviation

Distance α β V_Acc (%) V_Loss V_Prec (%) V_Rec (%) V_F1 (%)
Euclidien 0.0771 0.2418 99.28 ± 0.01 0.294 ± 0.41 99.33 ± 0.03 99.30 ± 0.03 99.32 ± 0.03
Manhattan 0.0572 0.1705 98.58 ± 0.18 0.088 ± 0.06 98.69 ± 0.18 98.61 ± 0.18 98.65 ± 0.18
NN 0.6563 0.3047 96.84 ± 1.81 0.120 ± 0.06 98.62 ± 0.26 98.34 ± 0.62 98.48 ± 0.43

and recognition metrics. Training beyond this point yields
marginal performance gains. These observations confirm
that the additional cost introduced by Optuna remains rea-
sonable relative to the overall training process, while pro-
viding consistent performance improvements. To assess
the similarity between the extracted image encodings, we
employed three different approaches: Euclidean distance,
Manhattan distance, and a neural network trained for clas-
sification. The evaluation results on the test dataset are pre-
sented in Table 3. The reported metrics include accuracy
(Acc), loss (Loss), precision (Prec), recall (Rec), and F1-
score (F1), expressed as mean ± standard deviation. The
Euclidean distance metric achieves the best overall perfor-
mance, with an accuracy of 99.28 ± 0.01%, precision of
99.33 ± 0.03%, recall of 99.30 ± 0.03%, and F1-score of
99.32 ± 0.03%, while maintaining a low loss value. The
small standard deviations indicate highly consistent per-
formance. The Manhattan distance shows slightly lower
performance, with an accuracy of 98.58 ± 0.18% and F1-
score of 98.65 ± 0.18%, while preserving competitive pre-
cision and recall values. The NN-based similarity met-
ric presents comparable precision and recall; however, its
validation accuracy (96.84 ± 1.81%) exhibits higher vari-
ability compared to the distance-based approaches. Over-
all, the Euclidean distance metric demonstrates superior
and more stable performance among the evaluated simi-
larity measures. To rigorously assess the performance of
our proposed model, we conducted evaluations on multiple
benchmark datasets specifically designed for masked face
recognition. COMASK20 [23], CASIA-WebFaceMasked
[24], LFW-SMFD [25], and MFRD-80K [26] are some of
these datasets. The proposed model is trained indepen-
dently on each dataset, using the same architecture and
hyper-parameters but with randomly initializedweights (He
initialization). For every dataset, we train the model from
scratch on its training split and evaluate it on the corre-
sponding test split. For all experiments, the proposedmodel
was trained for 100 epochs using the Adam optimizer with
a fixed learning rate of 0.001 and gradient clipping set to
1.0, without any additional learning rate scheduling or de-
cay. For each dataset considered in this study, the available
images were randomly partitioned into 80% for training and
20% for testing, and this 80/20 split was kept fixed across
all experiments so that the different loss configurations and
ablation settings were evaluated under identical data con-
ditions. Due to the variety of these datasets, our method is
tested in a range of scenarios that encompass different oc-
clusion levels, image qualities, and subject variations. The

datasets selected for this research provide a strong founda-
tion for evaluating masked face recognition under diverse
conditions. They differ in terms of identities, image counts,
image resolution, mask type (real or synthetic), lighting,
and pose — all of which help assess the robustness of our
model. Together, these datasets provide a diverse evalua-
tion framework, helping ensure our model is not overfit to
a specific scenario. Testing on a mix of real and synthetic
masks, as well as small and large datasets, reveals both the
strengths and limitations of our approach. The performance
evaluation results in Table 4 further validate that our deep
metric learning model, with an improved quadruplet loss,
performs consistently across all datasets, demonstrating its
adaptability and effectiveness in real-world masked face
recognition scenarios.

From Table 4, the Euclidean distance consistently out-
performs the Manhattan and NN-based approaches across
all datasets, demonstrating its effectiveness in representing
face features. The highest accuracy is observed with the
ENSA-MFRD dataset (99.27%), followed by COMASK20
and MFRD. The NN-based distance shows notably lower
performance, particularly on CASIA and MFRD, suggest-
ing that it may require further optimization or additional
training data for improved generalization. The loss values
follow an inverse trend to accuracy, with lower losses corre-
sponding to higher accuracy. Euclidean distance yields the
lowest loss across datasets, confirming its stability. Man-
hattan distance performs slightly worse than Euclidean but
better than the NN-based approach, suggesting it may be
viable in certain scenarios. An important part of the eval-
uation is the impact of the margins α and β, which are op-
timized per dataset using Optuna. These hyperparameters
determine the space between positive and negative pairs
and determine how the model will learn. Lower values of
α and β are generally achieved with higher accuracy (e.g.,
ENSA-MFRD with Euclidean: α = 0.0771, β = 0.2418,
Acc = 99.27%). This demonstrates the discriminative abil-
ity of the embedding space. On the other hand, larger sep-
arations (e.g., CASIA and Manhattan: α = 0.3181, β =
0.2744) give clear performance deterioration, and poor sep-
aration is expected. This suggests the necessity of dataset-
oriented tuning, as choosing a poor margin could lead to a
decline in model performance. Overall, these results vali-
date the effectiveness of Euclidean distance for face recog-
nition tasks, highlight the importance of margin optimiza-
tion using Optuna, and suggest potential areas for improve-
ment in the neural network-based metric to enhance its gen-
eralization capabilities.
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Table 4: Performance metrics across different datasets (MFRD-80K, CASIA, LFW-SMFD, COMASK20, ENSA-MFRD)
(V_Acc, V_Prec, V_Rec and V_F1 score in %)

Distance Dataset α β V_Acc V_Loss V_Prec V_Rec V_F1

Euclidien

MFRD-80K 0.1990 0.1570 97.93 0.1122 98.41 98.29 98.36
CASIA 0.4181 0.2144 73.19 2.9196 83.79 80.88 82.30
LFW-SMFD 0.1151 0.6757 94.20 0.3211 94.50 94.28 94.38
COMASK20 0.4025 0.5754 97.84 0.3299 98.55 98.35 98.46
ENSA-MFRD 0.0771 0.2418 99.27 0.0593 99.29 99.26 99.28

Manhattan

MFRD-80K 0.1511 0.2554 87.21 1.2850 90.89 90.14 90.51
CASIA 0.3181 0.2744 63.29 3.0196 73.69 70.78 72.50
LFW-SMFD 0.1917 0.6531 85.92 2.0699 88.60 88.02 88.31
COMASK20 0.6470 0.9196 96.91 1.3096 97.07 96.70 96.88
ENSA-MFRD 0.05721 0.1704 98.54 0.0767 98.70 98.62 98.66

NN

MFRD-80K 0.1641 0.3785 49.95 4.7912 50.04 33.40 40.06
CASIA 0.0184 0.0532 46.59 4.4553 49.28 32.54 39.14
LFW-SMFD 0.2057 0.8826 84.67 2.0729 87.03 86.69 86.86
COMASK20 0.0767 0.1363 82.98 0.2431 87.84 86.68 87.26
ENSA-MFRD 0.6563 0.3047 98.54 0.0767 98.70 98.62 98.66

0 20 40 60 80 100
epochs

0.88

0.90

0.92

0.94

0.96

0.98

1.00

ac
cu

ra
cy

ENSA-MFRD

model accuracy

train
test

0 20 40 60 80 100
epochs

0.6

0.7

0.8

0.9

ac
cu

ra
cy

COMASK20

model accuracy

train
test

0 20 40 60 80 100
epochs

0.2

0.4

0.6

ac
cu

ra
cy

CASIA

model accuracy

train
test

0 20 40 60 80 100
epochs

0.5

0.6

0.7

0.8

0.9

ac
cu

ra
cy

LFW-SMFD

model accuracy

train
test

0 20 40 60 80 100
epochs

0.7

0.8

0.9

ac
cu

ra
cy

MFRD-80K

model accuracy

train
test

Figure 6: Accuracy convergence comparison across five
datasets

The convergence of the model is assessed through the
acuuracy and loss curves in Figure. 6 and 7 respectively,
which demonstrate the training stability and optimization
progress across five benchmark datasets: ENSA-MFRD,
COMASK20, CASIA, LFW-SMFD, and MFRD-80K. A
smooth, continuously declining loss curve indicates suc-
cessful feature learning and minimal overfitting. All the
subfigures show loss evolution with training in a clear
downward trend, indicating successful minimization of the
objective function. Convergence rate differences mirror
differences in dataset size, intricacy, and intra-class diver-
sity.
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Figure 7: Loss convergence comparison across five
datasets

Additionally, datasets with higher intra-class variabil-
ity, such as LFW-SMFD and MFRD-80K, exhibit a rel-
atively slower convergence rate compared to structured
datasets like CASIA and ENSA-MFRD. This observation
aligns with the expectation that complex datasets require
more iterations to effectively generalize discriminative fea-
tures. The comparison highlights the robustness of our ap-
proach in adapting to different data distributions. Table
5 presents the evaluation of different distance metrics—
Euclidean, Manhattan, and NN—across multiple datasets,
while maintaining a fixed α and β (α = 0.1371, β = 1.9010)
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Table 5: Performance metrics across different datasets with fixed α and β parameters (MFRD-80K, CASIA, LFW-SMFD,
COMASK20, ENSA-MFRD) (V_Acc, V_Prec, V_Rec and V_F1 score in %)

Distance Dataset α β V_Acc V_Loss V_Prec V_Rec V_F1

Euclidean

MFRD-80K 0.1371 1.9010 95.83 1.6137 96.18 95.85 96.01
CASIA 0.1371 1.9010 52.22 18.122 70.02 62.92 66.28
LFW-SMFD 0.1371 1.9010 88.3 1.5271 87.7 87.05 87.37
COMASK20 0.1371 1.9010 96.49 1.6096 97.06 96.69 96.87
ENSA-MFRD 0.1371 1.9010 98.6 0.4025 98.57 98.47 98.52

Manhattan

MFRD-80K 0.1371 1.9010 85.67 7.6483 88.7 87.17 87.93
CASIA 0.1371 1.9010 40.78 33.409 64.85 55.11 59.58
LFW-SMFD 0.1371 1.9010 84.81 2.4877 84.75 83.71 84.23
COMASK20 0.1371 1.9010 94.28 0.7191 95.00 94.20 94.60
ENSA-MFRD 0.1371 1.9010 97.27 1.6467 97.49 97.25 97.37

NN

MFRD-80K 0.1371 1.9010 50.46 65.192 50.36 33.85 40.49
CASIA 0.1371 1.9010 16.17 63.266 50.17 33.80 40.39
LFW-SMFD 0.1371 1.9010 50.18 64.747 50.33 33.75 40.41
COMASK20 0.1371 1.9010 31.76 64.054 45.48 27.20 34.04
ENSA-MFRD 0.1371 1.9010 27.44 65.078 48.1 29.97 36.93

Table 6: Evaluation results of different loss functions using various distance metrics (V_Acc, V_Prec, V_Rec and V_F1
score in %)

Method Distance α β V_Acc V_Loss V_Prec V_Rec V_F1

LTiplet

Euclidean 0.7990 - 98.65 0.1827 98.66 98.66 98.65
Manhattan 1.4181 - 97.61 2.9196 97.70 97.70 97.61
NN 2.1151 - 61.04 3.3211 61.05 61.10 61.05

LQuadruplet

Euclidean 0.1771 0.2418 98.55 0.1993 98.60 98.65 98.55
Manhattan 0.2572 0.1705 98.39 0.1467 98.39 98.40 98.41
NN 1.6563 0.3047 86.67 0.5767 86.68 86.67 86.67

LImQuad

Euclidean 0.0771 0.2418 99.27 0.0593 99.29 99.26 99.28
Manhattan 0.0572 0.1705 98.54 0.0767 98.70 98.62 98.66
NN 0.6563 0.3047 98.54 0.0767 98.70 98.62 98.66

for all datasets. The results demonstrate the impact of using
a uniform margin on overall performance metrics for both
training and validation phases. These results emphasize the
critical role of α and β hyperparameters in determining the
model’s ability to separate positive and negative pairs ef-
fectively. While a fixed margin may simplify model tun-
ing, it results in suboptimal performance on datasets with
varying distributions. This suggests that dataset-specific
fine-tuning of α and β is necessary to achieve optimal ac-
curacy and generalization. The performance gap observed
between ENSA-MFRD and CASIA can be attributed pri-
marily to dataset-specific acquisition and occlusion char-
acteristics rather than to model instability. In ENSA-
MFRD, mask types and coverage are relatively controlled
and consistent, whereas CASIA includes a broader diver-
sity of mask shapes, materials, and wearing styles (e.g.,
loose or partially covering masks), which increases intra-
class variability and reduces feature consistency. More-
over, ENSA-MFRD was collected under semi-controlled
conditions with limited pose variation, while CASIA ex-
hibits larger head rotations and non-frontal views; since the

proposed approach relies strongly on discriminative cues
from the upper facial region, strong pose changes degrade
the stability of these cues. Finally, CASIA images often
present lower resolution and higher compression artifacts,
which hinder the extraction of fine-grained periocular and
forehead features that are critical for masked face recogni-
tion.
We evaluated our proposed loss function against two es-

tablished alternatives, the triplet loss (Schroff et al. [3]) and
the quadruplet loss (Chen et al. [6]), to assess its effective-
ness. The triplet loss seeks to minimize intra-class distance
via margin-based separation between similar and dissimilar
samples, while the quadruplet loss enhances inter-class dis-
crimination by introducing an additional negative sample.
We evaluated all three loss functions on our ENSA-MFRD
dataset, using Euclidean, Manhattan, and an NN distance.
The experimental results are summarized in Table 6.
The outcomes in Table 6 demonstrate the efficiency of

all loss functions across various distance measurement met-
rics. The Improved Quadruplet Loss demonstrates a signif-
icantly better performance than both Triplet Loss and the
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standard Quadruplet Loss, mainly when the Euclidean dis-
tance measure is employed. It achieves a validation ac-
curacy of 99.27%, precision of 99.29%, recall of 99.26%,
and F1-score of 99.28%, all of which are accompanied by
a very low validation loss of only 0.0593. This confirms
its strong ability to optimize feature embedding space for
enhanced face verification. In contrast, the Triplet Loss,
especially with the NN distance, shows significantly lower
performance, with a validation accuracy of only 61.04%,
indicating its limitations in handling complex variations in
masked face recognition. The quadruplet loss offers an im-
provement over the triplet loss by introducing additional
constraints. Yet, it does not achieve the robustness of the
improved quadruplet loss, particularly whenManhattan and
NN distances are used. These findings emphasize the effi-
ciency of improved quadruplet loss, making it a promising
approach for real-world masked face recognition applica-
tions.

5 Discussion

5.1 Quantitative comparison with the state
of the art

To clearly position our approach with respect to existing
work, we compare the best configurations of our model
with the most recent masked face recognition methods pre-
sented in Table 1. FaceMaskNet-21 achieves an accuracy
of 92.8%, PLFace reaches 96.4%, while ArcFace-based
variants (CosFace, SubFace, etc.) generally lie between
97% and 98% on datasets such as RMFRD, SMFD, or
their derivatives. In comparison, our model using the im-
proved quadruplet loss achieves: 99.27% on our internal
dataset (ENSA-MFRD), 97.93% on MFRD-80K, 73.19%
on CASIA, 94.20% on LFW-SMFD, and 97.84% on CO-
MASK20, which consistently outperforms the models from
the state of the art reported in the literature, including deep
pre-trained networks such as ResNet-100, VGGFace, or
HRNet.
Unlike these massive approaches, our method relies on a

more compact architecture and a discriminative loss func-
tion, which minimizes complexity while improving robust-
ness to occlusions caused by face masks. The results re-
ported in Tables 3, 4, and 5 clearly show that the choice of
distance metric strongly influences the ability of the model
to effectively separate facial representations under occlu-
sion.
The main observations are as follows:

– The Euclidean distance provides the most stable and
best results in terms of accuracy, F1-score, and loss,
confirming that it remains the most suitable metric for
high-dimensional normalized embeddings.

– The Manhattan distance yields slightly lower perfor-
mance, suggesting a weaker suitability to the geomet-
ric structure of the learned encodings.

– The distance learned via a neural network (NN) ex-
hibits competitive recall but higher variance, which
reflects increased sensitivity to data fluctuations and
a higher risk of overfitting.

These results confirm that the combination of Euclidean
distance and the improved quadruplet loss represents the
most robust trade-off for masked face recognition across
different scenarios.

5.2 Impact of distance metric under
different occlusion levels

In order to assess the impact of various distance metrics
under a variety of occlusion conditions, we implemented
ablation experiments. The following similarity measures
were evaluated: Manhattan distance, Euclidean distance,
and the distance module based on neural networks. The test
images were subjected to three artificial levels of occlusion:
low (25%), medium (40%), and high (70%)mask coverage.
The recognition results derived on the LFW dataset are

presented in Table 7. These results are based on low,
medium, and high simulated occlusion levels. The nega-
tive impact of facial obstruction on identity recognition is
confirmed by the progressive decrease in performance that
is observed as the severity of occlusion increases. Across
all occlusion levels, the Euclidean distance consistently ob-
tains the highest accuracy and F1-score among the evalu-
ated similarity metrics, suggesting more robustness and sta-
bility. Although Manhattan and NN-based methods offer
competitive precision values, their accuracy and recall de-
teriorate more significantly in the presence of medium and
high occlusion situations. The growing classification dif-
ficulty is further reflected in the increase in loss values as
larger facial regions become concealed. In conclusion, the
findings indicate that the recognition accuracy is inversely
proportional to the severity of occlusion and that the se-
lection of a similarity metric is crucial for performance in
challenging environments.

5.3 Comparison of loss functions
The analysis presented in Table 5 clearly demonstrates that
the proposed loss function, LimQuad, outperforms classi-
cal approaches, including the triplet loss and the origi-
nal quadruplet loss. Our enhanced formulation encourages
more discriminative learning by structuring the latent space
in a more coherent manner, in contrast to these traditional
loss functions, which do not always maintain an optimal
inter-class separation under partial occlusion. This capabil-
ity results in quantifiable improvements in the areas of pre-
cision, recall, accuracy, and F1-score. The enhancements,
which vary from 1% to 3% depending on the dataset, il-
lustrate that LimQuad is notably effective in enhancing the
margin between distinct classes and reinforcing intra-class
compactness, which are two critical components of robust
masked face recognition. Another substantial benefit of
LimQuad is its capacity to minimize the optimization error,
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Table 7: Comparative analysis of distance metrics under low, medium, and high simulated occlusion levels on the LFW
dataset.

Occ. Level Metric V_Acc (%) V_Loss V_Prec (%) V_Rec (%) V_F1 (%)

Low
Euclidean 95.02 0.1609 96.20 95.81 96.00
Manhattan 89.42 1.7191 92.86 91.53 92.19
NN 88.25 0.6421 91.40 90.28 90.84

Medium
Euclidean 95.58 0.1077 96.39 96.04 96.21
Manhattan 86.78 0.2485 87.85 86.80 87.32
NN 85.12 0.3927 88.96 87.92 88.44

High
Euclidean 94.77 0.0809 96.27 95.79 96.03
Manhattan 90.28 1.1395 92.88 91.56 92.21
NN 85.94 0.5236 94.37 93.37 93.87

as evidenced by the reduction in VLoss in comparison to
the other evaluated losses. This decrease implies a more
rapid and consistent convergence, which is indicative of a
more accurate modeling of the relationships between pos-
itive and negative samples during the training process. In
other words, the loss function not only improves the sep-
aration between different individuals, but also optimizes
the cohesion of samples belonga mask partially occludes
themhey are partially occluded by a mask. This property
gives our model enhanced resilience to the visual pertur-
bations introduced by face masks, which some competing
methods based on fixed margins or less adaptive penalties
fail to provide.
Overall, the comparison of loss functions confirms that

LimQuad is better suited to the specific challenges of masked
face recognition. Its formulation encourages a more dis-
criminative representation, ensures better numerical stabil-
ity, and, most importantly, improves the overall robustness
of the system under various occlusion conditions. Thus,
LimQuad enables superior performance without requiring a
more complex architecture, consolidating its central role in
improving the proposed model.

5.4 Parallel between the adaptivity of the
improved quadruplet loss and adaptive
control strategies

Although our work lies in the field of facial recognition and
not in control theory, our approach shares several funda-
mental principles with adaptive control techniques used to
handle nonlinear, uncertain, or perturbed systems. In our
model, the improvement of the quadruplet loss enables an
implicit adaptation to variations induced by masks, partial
occlusions, illumination changes, or noise present in the
images. This adaptive effect is manifested through the dy-
namic reorganization of intra-class and inter-class distances
in the latent space. the ability of the model to strengthen or
relax the separation between classes depending on the ob-
served level of occlusion, and a progressive reduction of
sensitivity to perturbations that are not explicitly visible in

the training data, guided by the structure of the loss. Con-
ceptually, these mechanisms are related to the behavior of
adaptive control systems, where a controller continuously
adjusts its parameters to maintain stability and performance
in the presence of environmental uncertainties.
Similarly, our improved quadruplet loss implicitly ad-

justs the structure of the representation space to reduce the
impact of occlusions and maximize separability, thereby
ensuring reliable recognition despite the uncertainty in-
troduced by masks. To further strengthen this concep-
tual link between adaptive face recognition and adap-
tive control, we draw inspiration from the robustness and
disturbance-compensation properties highlighted in the fol-
lowing works: [27] [28] [29] [30] [31] [32]. These studies
demonstrate how adaptive mechanisms allow a system to
maintain its performance despite variations in input condi-
tions, a principle that parallels the adaptivity of our model
to masks and occlusions.

5.5 Real-world applications and deployment
considerations

The proposed method is particularly well-suited for real-
world security and biometric applications, where facial oc-
clusion is a common occurrence. The robustness of the pro-
posed framework to masked or partially visible faces can
directly benefit access control systems, intelligent surveil-
lance platforms, and automated identification solutions.
The method is also applicable to industrial and robotic
environments, where the reliable identification of opera-
tors donning protective equipment (e.g., masks, helmets,
or visors) is crucial for ensuring operational continuity and
safety. The proposed framework demonstrates behavior
that is comparable to adaptive control systems utilized in
industrial and autonomous platforms from a conceptual
perspective. In these systems, the controller parameters
are perpetually adjusted to ensure stability in the presence
of external disturbances, noise, or uncertainties. In the
same vein, the enhanced quadruplet loss facilitates a struc-
tured reorganization of the embedding space in response to



Masked Face Recognition via CNN Embeddings… Informatica 50 (2026) 455–470 467

fluctuations in occlusion patterns or acquisition conditions.
Stable performance under genuine operational constraints
is facilitated by this adaptive representation learning mech-
anism.
Several technical considerations must be addressed in or-

der to deploy in practical environments. Despite the com-
putational demands of quadruplet generation and model
complexity during training, inference is still lightweight
and compatible with embedded or edge-based systems.
Standard optimization techniques, including pruning, quan-
tization, and knowledge distillation, can be implemented
to satisfy real-time performance requirements. Adaptive
thresholding or auto-calibration strategies may be neces-
sary to maintain reliable decision boundaries in scenarios
with severe occlusion, extreme pose variations, or poor im-
age quality.

5.6 Limitations and future work

Despite its strong performance across the evaluated
datasets, the proposed approach presents several limita-
tions. First, it is important to consider the demographic
characteristics of the ENSA dataset, which mainly con-
sists of university students. This relatively homogeneous
age distribution may limit the assessment of the model’s
behavior across broader populations, particularly with re-
spect to age- and gender-related variations in facial mor-
phology. Consequently, further evaluation on more diverse
and heterogeneous datasets is necessary to thoroughly as-
sess the generalization capability and fairness of the pro-
posed method.
In addition, recognition performance decreases under ex-

treme occlusion levels, suggesting that improved exploita-
tion of the remaining visible facial regions is still required.
Although the neural network–based learned distance is ex-
pressive, additional regularization strategies may help re-
duce sensitivity to noise and cross-dataset variability. The
hyperparameter optimization process involving the α and
β coefficients proved effective; however, more efficient or
guided search strategies could further reduce the associated
computational overhead. Furthermore, the generation of
quadruplets and the dimensionality of the latent representa-
tion introduce computational complexity, indicating oppor-
tunities for architectural simplification and execution-time
optimization.
Future work will therefore focus on several directions.

First, the integration of attention mechanisms targeting
unoccluded facial regions could further improve recogni-
tion robustness under severe masking conditions. Second,
optimizing the model architecture and inference pipeline
may facilitate real-time deployment in practical applica-
tions such as intelligent surveillance or access control sys-
tems. Finally, extending the framework toward multimodal
face recognition by combining visible and thermal imagery
could enhance robustness in challenging acquisition envi-
ronments and improve system reliability under varying il-
lumination and environmental conditions.

6 Conclusion
This paper presents a deep learning model for masked
face identification, tackling the issues of obscured facial
characteristics. Our project was divided into two primary
phases: the creation of a specific masked face dataset
and the development of a recognition model using a
specialized loss function to enhance performance. The
system utilizes a convolutional neural network to extract
facial features, subsequently measuring similarity by
Euclidean distance, Manhattan distance, and an alternative
CNN-based method. Experimental assessments confirmed
the model’s efficacy, with a maximum precision of 99.27%
with the application of Euclidean distance. These findings
highlight the potential of our approach for robust masked
face recognition.

Code availability
The implementation of the proposed method is publicly
available at: https://github.com/sihamahmam/Improved-
Quadruplet..
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