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Abstract 
Face detection and recognition have become vital innovations in identifying 
human faces under varying condition, diverse domain application such as security 
system. Numerous methodologies proposed for face recognition, with achieving high 
accuracy remain core challenge. The proposed modality of this paper introduce the 
frame work on basis of FaceNet, a robust and efficient system designed to map 
face region image into compact Euclidean space, where distance reflect facial 
region similarities. Utilizing deep convolution neural network, Face Net directly 
optimize embedding without relying on intermediate bottleneck layers, surpassing 
the limitation of earlier approaches. The process of training incorporates an 
advancement in online triplet mining strategy, leveraging triplets of matching and 
non-matching face patches to optimize the triplet loss function. This technique 
enables the proposed modality with face net frame work to achieve high efficient 
embeddings of only 128 bytes per face while maintaining state-of-the-art 
performance. Experimental results demonstrate achieve an accuracy of 89.66% on 
the widely-used labeled Face in the Wild (LFW) dataset and 98.63% on an 
internal data set. However, the internal dataset’s characteristics and its 
comparability to established benchmarks are not detailed, which the limit the 
generalizability of these results. The frame work Face Net showcase the significant 
advancement in face recognition, including high accuracy, compact features 
representations, and adaptability to real world conditions. Future work will 
explore its performance across diverse datasets and investigate potential limitations 
and ensure broad applicability and ethical deployment. 
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INTRODUCTION
The field of computer vision that has gained 
considerable attention in the last two decades is 
“face recognition.” The evolution of this field has 
been a game-changer, from early, slow, and 
inaccurate techniques to today's real-time systems, 
which are a result of the development of deep 
learning in general, and the Convolutional 
Neural Networks (CNNs) specifically. Today, 
these systems are essential in a wide variety of 

uses, including social networking and 
smartphone authentication, as well as security 
and surveillance. With all these developments, 
there are some challenges, such as computational 
inefficiency, low generalizability across different 
datasets, and high memory requirements, that are 
still present in the existing frameworks, such as 
Deep Face and Open Face. This technology uses 
the individual characteristics such as irises, 
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retinas, and facial structures for precise 
identification. The technology has grown beyond 
its original scope, has been expanded by 
developments in computing power, data 
repositories, and online platforms, and has been 
embraced by everyday use, including in social 
networks and unlocking mobile phones. In 
modern systems they can be based on deep 
learning, such as CNN [1] that are used for 
computer vision applications. CNNs employ 
convolutional layers to extract features efficiently, 
revolutionizing face recognition with unmatched 
accuracy [2]. 
Earlier face recognition methods using deep 
networks relied on a classification layer [3], [4] 
trained on known face identities, with an 
intermediate bottleneck layer used for 
representations. However, this approach is 
indirect and inefficient. Bottleneck 
representations often fail to generalize to 
unfamiliar faces and result in high-dimensional 
outputs, typically in the thousands. While some 
studies [3]reduced dimensionality with PCA, it is 
a simple linear transformation that can be 
integrated into a network layer. FaceNet 
addresses these limitations by directly training its 
output to produce a compact 128-dimensional 
embedding using a triplet-based loss function 
inspired by LMNN [5]. Each triplet consists of 
two matching face thumbnails and one non-
matching face, with the loss function enforcing a 
specified distance margin between pairs. The 
thumbnails are cropped to the facial region with 
only basic scaling and translation applied. 
Effective triplet selection is key, and using 
curriculum learning principles [6] we introduce 
an online negative exemplar mining strategy to 
progressively increase triplet difficulty during 
training. Additionally, hard-positive mining is 
employed to enhance clustering accuracy by 
forming spherical clusters for embedding of the 
same individual.  
A face recognition system is a biometric 
technology that identifies or verifies a person 
from digital images or video frames. It scans 
certain characteristics such as distance between 
the eyes, the size of the jaw line, the shape of the 
lips, etc. and looks them up in its memory. With 

the development of deep learning and AI, the 
accuracy, scalability and versatility of these 
systems have improved dramatically, enabling 
their use in security, law enforcement, and 
consumer applications [7]. In modern systems, 
CNNs were used to extract dis-criminative facial 
features and then project them into a small 128-
dimensional space, such as FaceNet. This 
transforms the data into a lower dimensional 
space where the data points of similar faces are 
closer together than dissimilar faces are. FaceNet 
minimizes face embedding’s using triplet loss, 
which optimizes embeddings with triplets of 
matched and mismatched faces. This method 
provides a high performance even with different 
lighting, pose and expressions found in real life 
scenarios [8]. There are two types of challenges in 
face recognition research; the first is 
unconstrained environments, such as real-time 
systems with different conditions. GANs are 
useful to generate realistic facial images, 
increasing the model performance when viewing 
the face from various angles, lighting conditions 
and occlusion. The attention based neural 
networks have been used to improve the 
extraction of features from complex images [9]. 
The problem is that some large-scale databases 
such as VGGFace2, MS-Celeb-1M and LFW 
improve generalization across age, ethnicity and 
environment and minimize biases and maximize 
fairness and accuracy [10]. Transparency, consent 
and data protection are key however, and are 
mandated by privacy concerns and regulations 
such as GDPR [11]. Some challenges are accuracy 
across different scenarios, scalability to big data, 
minimizing bias, and ethical considerations that 
can improve security, authentication, and 
automation, and also fairness and privacy. 
 
1.1 Case study  
For the proof of the usefulness of the proposed 
FaceNet framework, two practical scenarios were 
investigated: low-light environments and high 
crowd densities. These case studies demonstrate 
the ability of the model to be adapted and 
perform in a variety of operational environments 
and situations, presenting the potential 
application of the model at large scale in the 
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context of security and surveillance. In this pa-
per, we introduce a new approach to face 
verification (identifying if two images are of the 
same person), face recognition (determining the 
identity of the person) and face clustering 
(clustering people based on their facial 
attributes). The key idea of our approach is to 
learn a Euclidean embedding for each image 
using a deep convolutional network. The network 
is trained such that the squared L2 distances in 
the embedding space are directly proportional to 
facial similarity: photos of the same person have 
short distances, while photos of different people 

have longer distances. Once the embedding has 
been created the above-mentioned tasks turn into 
simple: face verification requires to apply a 
threshold to the distance between two 
embedding, recognition becomes a k-NN 
classification problem, and clustering can be 
performed with standard clustering algorithms 
like k-means clustering. As shown in Figure 1, 
our method can handle a good deal of the 
variation, even the images in the [12] dataset, 
which were once considered very challenging for 
face verification systems. 

 

 
Figure 1: Pose and Illumination invariance 

 
1.2 Novelty of Proposed System  
What makes this approach novel, is that the 
highest possible accuracy is achieved and that the 
embed-dings are very efficient (128 bytes per 
face). In addition, the online triplet mining 
strategy improves the framework's adaptability to 
various data sets and resolves the issues of 
existing frameworks. Experimental results 
demonstrate Face Net’s accuracy of 89.66% on 
the widely-used Labeled Faces in the Wild (LFW) 

dataset and 98.63% on an internal dataset, show-
casing its practical applicability and superior 
performance. 
 
1.3 Summary 
The field of face recognition has come a long way 
in 20 years, from being slow and inaccurate to 
now being able to perform real-time, highly 
effective recognition using deep learning, 
specifically CNNs. Current methods such as 
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Deep Face and Open Face, although popular in 
the realms of security, social media and 
smartphones, are problematic in terms of the 
computational load, generalizability, and memory 
requirements. This paper proposes a FaceNet 
framework that overcomes the above mentioned 
limitations with compact 128-dimensional 
embeddings optimized with an advanced online 
triplet mining and a triplet loss function. Face 
Net provides greater accuracy in real-life 
situations and lower computation burden than 
other techniques. But issues like data imbalance 
and occlusion still exist. The innovations 
delivered by GAN-generated face detection and 
multistage adaptive 3D CNNs, are solutions that 
improve the diversity of the datasets and 
incorporate spatial temporal data. Although Face 
Net achieves good performance (89.66% accuracy 
on LFW and 98.63% on own data set), future 
research will integrate such improvement to 
achieve greater versatility. Finally, FaceNet proves 
to be a cutting-edge system with potential real-
world applications ready for implementation, 
where the system can be linked with future 
technologies to cover the gaps in the field. 
2 Related Work 
Face recognition is a biometric technology that 
identifies or verifies individuals by analyzing their 
facial features from images or video frames. It 
works by extracting unique facial characteristics, 
such as the distance between the eyes or the 
shape of the jawline, and comparing them against 
stored templates in a database. Widely used in 
security, authentication, and surveillance, face 
recognition has become a powerful tool due to 
advancements in deep learning, making it more 
accurate and efficient in various real-world 
applications. Nowadays, the most commonly 
employed approaches for facial feature extraction, 
tracking, and subject recognition are based on 
artificial intelligence. These methods can be 
divided into shallow and deep techniques. 
Shallow approaches employ descriptors such as 
Scale-Invariant Feature Transform (SIFT), Local 
Binary Patterns (LBP), and Histogram of 
Oriented Gradients (HOG), which are 
subsequently combined to create a global face 
descriptor using a pooling mechanism like the 

Fisher vector  [13]. 
Contemporary deep learning techniques utilize 
CNN as nonlinear feature extractors. A 
prominent example is Deep-Face [8], which 
employs a CNN structure referred to as a Siamese 
network. This method assesses Euclidean 
distances between descriptors produced by the 
CNN when pairs of facial images are processed. 
The training goal is to minimize the distance 
between pairs of matching faces (identical 
identities) while maximizing the distance between 
pairs that do not match (different identities). 
Furthermore, Deep-Face incorporates a CNN-
based framework during preprocessing to align 
faces to a standard pose using a 3D model. In its 
most recent version [14], the Deep-Face dataset 
comprises 10 million individuals with 50 images 
per identity. 
introduced a multistage 3D CNN model for 
driver drowsiness detection that combines spatial 
and temporal features to recognize subtle cues 
such as blinking patterns, yawns, and head nods. 
This system significantly outperformed 
traditional 2D CNNs in detecting time-sequential 
facial expressions[15]. 
The technique is separated into two key stages: at 
first, a coarse face picture is created utilizing 
IGAN without impediment covers; hence, this 
picture is refined through extra GAN emphases 
to estimated genuine face pictures. The FCW-
SSIM-IGAN technique beats both in key 
execution measurements like SSIM (0.982), 
PSNR (34.321), MSE (31.404), NIQE (4.802), 
BRISQUE (37.027), ID (0.698) and L1 (0.050) 
separately, displaying predominant face picture 
acknowledgment. Results from tests show that 
the recommended system extensively further 
develops acknowledgment precision under testing 
states of fluctuated impediments, beating existing 
techniques. Our discoveries affirm that 
coordinating point by point SSIM investigation 
with cutting edge GAN procedures gives a strong 
answer for face picture de-impediment and 
acknowledgment[16]. 
Another significant deep learning-based method 
is FaceNet [7]. It utilizes a large dataset that 
includes 200 million identities and 800 million 
image pairs to train a model based on CNN 
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(Sermanet et al. 2013; Szegedy et al. 2015). This 
technique has shown exceptional performance on 
the Labeled Faces in the Wild (LFW) and 
YouTube Faces (YTF) datasets. At present, both 
Deep-Face [8] and FaceNet [14] are CNN-based 
systems that report the highest accuracy in the 
literature. Nevertheless, these systems are trained 
on proprietary datasets that contain millions of 
images gathered from social media platforms. 
These datasets are considerably larger than those 
accessible for research purposes [17]. To bridge 
this gap and create an open-source framework 
suitable for mobile devices, the developers of 
launched Open-Face. This library serves as a 
versatile tool for face recognition, drawing 
inspiration from both Deep-Face and FaceNet. 
This study introduces a unique classification 
framework based on CNN-based learning, similar 
to that of [8]. However, the framework presented 
here is specifically designed for real-time 
application use. As a result, the proposed feature 
engineering and preprocessing incorporate 
minimal parameters to ensure that frame rates 
are not compromised. The classification process 
employs an SVM with a linear kernel, differing 
from  [18], as we use deep learning for facial 
feature detection. Unlike  [7], this framework is 
open source, licensed under MIT, and utilizes 
publicly available datasets for training and 
validation. To "transform" faces into a uniform 
frontal perspective, [19] utilized CNN. They 
subsequently trained a CNN to identify each face 
with a particular identity. Furthermore, PCA on 
the network's output, along with an ensemble of 
SVMs, is used for face verification. 
[4] use a multi-stage approach to map faces to a 
generic 3D model. Their facial recognition 
method trains on thousands of IDs using a multi-
class network. The authors improve the L1 
distance between facial features using a Siamese 
network. Their best result (89.66%) on WILD 
(LFW) is achieved with a trio of networks 
employing varied channels and configurations. A 
non-linear SVM, with an x2 kernel, is used to 
combine the estimated distances from these 
models. A loss function comparable to the one 
utilized here was investigated by  [20] for ranking 
images according to semantic and visual 

similarity. We use the triplet loss, which directly 
corresponds to our objectives in face recognition, 
identification, and clustering. More specifically, 
our goal is to create an embedding function f(x) 
that transforms an image x into a feature space 
ℝ𝑑, ensuring that the squared distance between 
all images of the same identity, irrespective of 
imaging conditions, is minimized, while the 
squared distance between pairs of face images 
from different identities is maximized. 
Upholding the distance and in this manner 
discriminability to different personalities, our 
Organization model contains a cluster input 
layer, trailed by a Profound CNN design, and an 
L2 layer. This brings about the making of facial 
inserting and is trailed by trio misfortune while 
preparing. 
Like other studies employing deep network 
models  [3], [4], our approach is data-driven, 
deriving representations directly from facial pixels 
without relying on handcrafted features. Using a 
large labeled dataset, the model learns invariances 
to pose, lighting, and other variations. We 
explore two deep convolutional network 
architectures [7] [14] both of which have achieved 
notable success in computer vision. The first 
model is based on  [21] , incorporating 
convolutional layers, nonlinear activations, local 
response normalization, and max-pooling. 
Inspired by [22], we include several 1×1×d 
convolution layers. This model, recently applied 
in the ImageNet 2014 triplet approach  [23], 
forms the foundation of the second architecture. 
These networks utilize mixed layers that combine 
outputs from multiple convolutional and pooling 
layers. This design reduces the number of 
parameters by up to threefold while maintaining 
equivalent performance. 
 
3. Data Description and Methodology   
FaceNet utilizes a deep convolutional network 
architecture. We examine over two unique 
foundational designs: The Zeiler & Fergus 
Detailed Backbone Description, Specify the base 
models used, detailing layers, pooling 
mechanisms, activation functions, and 
normalization processes. Include the embedding 
layer design for 128-dimensional outputs. 
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Modifications, Highlight customizations, such as 
reducing parameters for efficiency, adding layers 
for accuracy, or including advanced features like 
residual connections. Justification, Explain the 
rationale behind architecture choices, 
emphasizing their benefits like robustness and 
computational efficiency. Results, Present 
comparative performance metrics to demonstrate 
the impact of design choices, supported by tables 
or grap [21] network and the more recent initial 

[23] network types. Our network architecture 
comprises a cluster input layer, succeeded by a 
deep CNN structure and an L2 layer. This 
arrangement allows for the generation of facial 
embedding, followed by the application of a 
triplet loss during the training process. Focusing 
on the model's specifics and treating it as a black 
box, as shown in Figure 2, our main emphasis lies 
on the end-to-end learning of the complete 
system. 

 

 
Figure 2: Model structure 

 
The embedding is represented as (𝑥) Rd, mapping 
an image into a d-dimensional Euclidean space. 
Furthermore, we constrain this embedding to lie 

on the d-dimensional hypersphere, indicating 
that (x)|2 = 1. Figure 3 depicts the triplet loss. 
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Figure 3: Triplet loss: Before and after the learning process 

 
Inspired by the work in [5]related to nearest 
neighbor classification, our goal is to guarantee 
that an image xia (anchor) of a particular 
individual is positioned closer to all other images 
xip (positives) of that same individual than to any 
xin (negatives) of different individuals. This 
concept is illustrated in Figure 3. Therefore, we 
aim to achieve the following: 
f(x) − f(xip)| + α < f(xi

a) − f(xi
n)‖ =2

2,   (1) 
∀(f(x), f(xip), f(xin)) ∈ T  (2) 
here, α represents the margin established 
between positive and negative pairs. T denotes 
the collection of all potential triplets within the 
training dataset. The loss, which we aim to 
minimize, is then expressed using the cardinality 
N. 
(Ni ia) − f(xip)||22(xia) − f(xin)||22 + α (3) 
Generating all possible triplets would create 
many trivial ones (e.g., those meeting Eq. (1)), 
which don't aid training and may slow 
convergence. It’s crucial to select difficult, 
meaningful triplets that improve the model's 
performance. The next section discusses our 
strategies for triplet selection. 

 
3.1 Dataset Description  
We used Wild LFW and OUR datasets for 
training and testing. The OUR dataset includes 
face images from schoolmates, celebrities, and 
social media, with over 80 individuals and 10-20 
photos per person. Images were resized to 
160x160 pixels. During training, we initialized 
the model with a learning rate of 0.1 and trained 
it on 1,000 images. The images were cropped, 
adjusted, and pre-processed using face detection 
(Figure 8). The dataset was divided into three 
parts: training, validation, and testing, with 
varied lighting, poses, and occlusions. The WILD 
(LFW) dataset contains 13233 pictures 
highlighting 5,749 unmistakable countenances 
gathered from the web, with each face being 
related to a name (mark). Our dataset, then 
again, comprises 3,200 face pictures including 
160 unique personalities. These pictures were 
taken through Google Picture Search and 
incorporate photos of my number one famous 
people and companions. The detail is described 
in Table 1.  

Table 1: Dataset count 
Dataset  Identities  Images  

WILD(LFW) 5749  13233 
OURs  100      2000 

 
To accomplish high precision and decrease the number of boundaries in a CNN organization, 
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the dataset should have sufficient example variety 
and a great portrayal of the face. If the dataset has 
too little information to prepare, the model will 
underfit. Then again, if the dataset contains an 
excessive amount of information, the model will 
overfit. In this manner, the preparation cycle 
requires a decent model design to decrease the 
heaviness of the preparation and to arrive at the 
ideal worth of boundaries like learning rate and 
number of emphases, etc. 
 
3.2 The Selection of Triplet 
To guarantee quick assembly, it is pivotal to 
choose trios that abuse the trio requirement in 
Eq. (1). This intends that, given 𝒙, we need to 
choose a 𝒙𝒊𝒑 (hard certain) to such an extent that 
argmax. 
xip|f(xia) − f(xip)|22   (4) 
and likewise 𝒙𝒊𝒏 (hard regrettable) with the end 
goal that: 
argmin𝐱𝐢𝐧 f(xia) − f(xin)|22  (5) 
Processing argmin and argmax across the entire 
training set is infeasible and may lead to poor 
training due to mislabeled or poorly captured 
faces overwhelming the hard positives. Instead, 
we compute argmin and argmax within a mini-
batch, using large mini-batches with thousands of 
samples. To create meaningful representations of 
distances between anchor and positive samples, 
each mini-batch includes at least 40 faces per 
identity. Negative faces are also randomly selected 
to supplement the mini-batch. Rather than 
choosing the hardest positive samples, we include 
all anchor-positive matches within a small batch 
while still opting for the challenging negatives. 
Although we do not make a direct comparison 
between hard anchor-positive matches and all 
anchor-positive matches in a mini-batch, our 
findings suggest that employing all anchor-
positive strategies has demonstrated greater 
consistency and marginally quicker progress at 
the start of the training process. We also 
investigated the offline generation of triplets in 

contrast to online generation, which could enable 
smaller batch sizes; however, the findings were 
inconclusive. In practice, choosing the hardest 
negatives can cause undesirable local minima 
early in the training process, potentially resulting 
in a collapsed model (i.e., f(x) = 0). To mitigate 
this issue, it is advantageous to select xn  in a 
manner that 

‖(xi
a) − f(xi

p
)‖

2
2<‖f(xi

a) − f(xi
n)‖22          (6) 

We designate these negative samples as semi-hard 
because they are more distant from the anchor 
than the positive samples; however, they are still 
regarded as hard since their squared distance is 
nearly equivalent to that of the anchor-positive 
distance. These negative examples fall within the 
specified margin, making the correct selection of 
triplets crucial for rapid convergence. We 
additionally utilized little smaller than expected 
groups to further develop union during 
Stochastic Angle Drop (SGD)  [24]. Besides, the 
execution subtleties of clumps from tens to 
hundreds are more proficient. The fundamental 
restriction is connected with the bunch size. 
Nonetheless, the strategy we pick is intently 
pertinent to triplets scaled-down batch size. In the 
current work, the batch size is around 1,800 
models. 
 
3.3 Architecture of Siamese Network 
A Siamese network comprises two identical 
networks that share the same architecture and 
weights. For instance, consider two inputs, 𝑋1 
and 𝑋2. We input X1 into Network A, 
represented as 𝑓𝑤(𝑋1), and 𝑋2 into Network B, 
represented as 𝑓𝑤(𝑋1). As you can see, both 
networks utilize the same weights, denoted as 𝑤, 
allowing them to generate embeddings for the 
inputs 𝑋1 and 𝑋2. Subsequently, we input these 
embeddings into the energy function 𝐸 E, which 
computes the similarity between the two inputs. 
The architecture of the Siamese network is shown 
in Figure 4. 
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Figure 4: Architecture of Siamese Network. 

 
It can be expressed as follows: 
𝐸𝑤 (𝑋1, 𝑋2) = ||𝑓𝑤 (𝑋1) − 𝑓𝑤(𝑋2)||     (7) 
The input for the Siamese networks needs to be 
provided in pairs, denoted as (𝑋1, 𝑋2), 
accompanied by their binary label 𝑦 ∊ (0, 1). 
This label indicates whether the paired inputs 
represent a true pair (same) or a contrasting pair 
(different). 
 
3.4 Siamese Network and FaceNet 
FaceNet uses a Siamese neural network, a 
straightforward and widely used one-shot learning 
algorithm. One-shot learning enables the model 
to learn from a single example per class. Designed 
for face recognition, our Siamese network 
determines whether two faces are similar or 
different. The pseudocode for the network is 
provided in Algorithm 1. 
Algorithm 1: Pseudocode for Siamese Network 
1. Input 

𝑋1: First input 
𝑋2: Second input 

2. Step 1:  
Define the sub-networks with shared 
weights 𝑊. 
Let 𝑓𝑤(𝑋) be a neural network with 
shared weights 𝑊. 
Network A processes input X1: 

𝑂1 = 𝑓𝑤(𝑋1) 

Network 𝐵 processes input 𝑋2: 
𝑂2 = 𝑓𝑤(𝑋2) 

3. Step 2: 
Compute the output of each network 
Compute the output of Network 𝐴 for 
𝑋1:  𝑂1 = 𝑓𝑤(𝑋1). 
Compute the output of Network 𝐵 for 
𝑋2: 𝑂2 = 𝑓𝑤(𝑋2). 

4. Step 3:  
Compute the distance between outputs 
Calculate the Euclidean distance 
between O1 and O2: 

Ew (X1, X2) = ||O1 − O2|| 
5. Step 4:  

Define a loss function 
If contrastive loss:   

  
L = Y × (Ew (X1, X2))2 + (1 − y) × max(0, m

− (Ew (X1, X2))2) 
Where m is the margin to differentiate dissimilar 
pairs 
Y is the similarity label (1 for similar, 0 for 
dissimilar). 
6. Step 5:  

Train the network 
Minimize the loss function L using 
optimization algorithms like SGD or 
Adam. 
Update weights W through 
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backpropagation. 
7. Output: 

The similarity score or distance 
indicating how similar X1 and X2  

 
3.5 Privacy, Data Security, and Ethical 
Concerns in Facial Recognition Technology 
Using facial recognition technology brings key 
privacy, security and ethical concerns that need to 
be addressed to ensure the technology is used 
responsibly. Images of the face should only be 
captured with the informed consent of persons, 
allowing them to know the purpose for collecting 
their data and how their face data will be stored 
and used. Furthermore, facial recognition 
technology should be created to prevent 

governments or private entities from carrying out 
unauthorized surveillance, track-ing, or profiling. 
Additionally, measures need to be put in place to 
ensure that the sharing of biometric information 
between different organizations does not lead to 
privacy violations or unauthorized access. Thus, 
the assurance of data security, clear data 
management procedures, and adherence to 
relevant privacy laws are crucial for gaining user 
trust and safeguarding sensitive biometric data. 
 
3.6 Proposed Framework 
The framework of the proposed methodology is 
given in Figure 5. 
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Figure 5: Flow of proposed framework 

 
3.6.1 Preprocessing 
The preprocessing stage is used to process the raw 
face image data into a standard training data set, 
which can be used for feature extraction and 
model building. First, the raw images are 
processed to enhance them and make them more 
similar, because they can include noise, 
brightness variations, background noise and 
misaligned faces. In the pre-processing stage, 
facial areas are detected, aligned, resized, 
normalized and converted to a common form 

at to ensure that all faces are compatible with the 
FaceNet framework. Such pre-processing 
operations are performed to minimize unwanted 
variations and improve the quality of the facial 
features that are used for the recognition. The 
entire preprocessing pipe-line is shown in Figure 
6. The images are then preprocessed to extract 
clean and standardized images, which are then 
stored in the training dataset and used to train 
the proposed face recognition model. 
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Figure 6: detailed diagram of pre-processing. 

 
3.6.2 Training 
Training Data Set: This is the data set that is used 
to train the model, after being cleaned and pre-
processed. 
Training with Model and Classifier: This step is 
to train the system with a model (FaceNet) and a 
classifier (SVM). The model is able to extract the 
facial features and the classifier is able to 
distinguish the different faces. FaceNet for 
Feature Extraction & SVM for Classification: 
FaceNet is in charge of feature extraction, 
converting face images to a series of numbers. 
These features are classified using Support Vector 

Machine (SVM), which is a machine learning 
technique that is used to find the boundary 
between different faces. Save model and classifier 
as pb/pkl file: The trained model and trained 
classifier is saved as serialized files (.pb and .pkl) 
for future use on testing stage. 
 
3.6.3 Hyper -Meter 
The effectiveness of the proposed framework 
based on the FaceNet depends on the right 
selection of hyper-parameters at training time. 
For this study, a learning rate of 0.01 was used to 
strike a balance between the training speed, 
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convergence stability, and accuracy of the model. 
The value of triplet loss margin (α = 0.2) was 
chosen to provide a good margin between 
positive and negative embeddings while still 
maintaining good intra-class similarity. Moreover, 
the batch size of 128 was used to strike a balance 
between the computational efficiency, memory 
usage, and training performance, ensuring stable 
convergence and effective learning of features 
throughout the training process. 
 
3.6.4 Search Strategy 
Empirically, the values of the hyper-parameters 
were chosen for the proposed FaceNet-based 
framework, which are recommended based on 
previous FaceNet studies. Several values of the 
hyper-parameters were investigated to understand 
the effects of these parameters on model 
performance. In particular, the learning rate was 
investigated for 0.001, 0.1, 0.2, and 0.3; the 
batch size was investigated for 64, 128, 256 and 
512; and the triplet loss margin (α) was 
investigated for 0.1, 0.2, 0.3, and 0.5. The best 
hyper-parameters were chosen for their stability 
in training convergence and recognition 
performance. The functional space that is 
searched for the chosen hyper-parameters is 
summarized in Table 2. 
 
3.6.5 Evaluation Metric 
The performance of the proposed framework 
with FaceNet was assessed with standard 
classification measure such as accuracy, precision, 
recall, and F1-score. The performance of the 
model with varying hyper-parameter settings was 
compared using these metrics, and the overall 
recognition performance of the model was 
evaluated. Furthermore, the convergence 
behavior of the training process was observed 
using the loss function to ensure stable 
optimization and learning. The optimal hyper-
parameter setup obtained the most balanced 

convergence stability and classification result, and 
the accuracy obtained on the experimental data 
sets was higher and the evaluation results were 
more consistent. 
 
3.6.6 Computational Resources 
The proposed FaceNet-based framework has been 
implemented on Intel Core i7-7770 processor 
having 12 GB RAM on a 64-bit Windows 
operating system. These hyper-parameters used 
such as learning rate, number of samples (batch 
size) and triplet loss margin were selected 
according to previous research and successful 
practices in FaceNet-based face recognition 
systems. The values ensured stable model 
convergence and good recognition during the 
training [27]. The proposed framework proves to 
be useful and efficient enough for face 
recognition applications in real time without the 
need to add unnecessary computational 
complexity, with the adopted configuration 
presenting a good balancing between 
computational efficiency and recognition 
accuracy. 
 
3.6.7 Empirical Validation of Selected Values 
A comparative analysis was carried out with 
different configurations of the hyper-parameters 
during the training to validate their effectiveness. 
The experiments considered the effect of the 
important hyper-parameters such as the learning 
rate and batch size on model convergence and 
recognition accuracy as a whole. The selected 
configuration was found to be able to converge 
stably and provided better accuracy, precision, 
recall and F1-score than other settings [28]. The 
experimental results of the evaluated 
configurations of the hy-per-parameter are 
summarized in Table 2, which verifies that the 
proposed values are appropriate for the proposed 
framework which makes use of FaceNet. 
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Table 2: Hyper-parameters and their respective accuracies 

Hyper-parameter Configuration Accuracy (%) Precision Recall F1-Score 

Learning Rate 0.01 98.63 0.98 0.98 0.98 

Learning Rate 0.001 96.50 0.96 0.96 0.96 

Batch Size 128 98.63 0.98 0.98 0.98 

Batch Size 64 97.80 0.97 0.97 0.97 

 
3.6.8 Testing 
Input Image: This is the face image input for the 
system, which will undergo face detection and 
identification. Face detection by OpenCV: The 
input image is processed using Open CV, a 
computer vision library, to detect the face(s) 
within the image. Feature Extraction by FaceNet: 
Once a face is detected, FaceNet extracts features 
from the face, converting it into a numerical 
representation. Feature Matching by SVM: The 
features extracted are matched using the SVM 
classifier against the training dataset to identify or 
verify the person. Matching from Training Data 

Set: SVM compares the extracted features from 
the input image to the features from the training 
dataset to determine the match. Record the 
Attendance by Faces: Once the face is identified, 
the system logs the person's attendance in the 
system. Excel File for Attendance: The recorded 
attendance is stored in an Excel file for easy 
access and management. This entire flow 
supports a face recognition system that can be 
used for attendance management, combining 
deep learning for feature extraction and 
traditional machine learning for classification as 
shown in Figure 7. 

 

 
Figure 7: Face recognition system 

 
3.6.9 Preprocessing for Handling Variations 
Several preprocessing steps were performed to 
accommodate the variations in facial appearance 
and enhance the robustness of the proposed 
framework based on FaceNet under varying real-
world conditions. To normalize facial poses, face 
detection and face alignment were carried out 
with OpenCV and PIL, after which the face 
images detected were resized to 160 × 160 pixels, 
and converted to RGB format for providing 
consistent input to the network [29]. To increase 
the diversity of the training data, several data 
augmentation methods were employed such as 

horizontal flipping, random cropping, brightness 
and contrast variation, and rotating images. 
During training, images with masks and 
sunglasses were included to enhance the 
resistance to occlusion, and the application of 
GAN-generated synthetic images is planned to be 
explored as a possible future research direction to 
model more realistic occlusion situations. Finally, 
all the pre-pro-cessed face images were mapped 
into compact 128-dimensional Euclidean 
embeddings by the FaceNet framework, which 
gave consistent and discriminative 
representations of the face appearance variations 
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while reducing the effects of appearance 
variations. 
 
3.6.10 Criteria for Selecting Training Images 
Training images are pivotal for the construction 
of a sound and efficient face recognition model. 
The training set was constructed to contain 
images that vary in age, ethnicity, gender, facial 
pose, illumination and occlusion, but were 
balanced to reduce any demographic bias in the 
training so that effective learning could be 
achieved. The high-resolution images were 
chosen and the images with low resolution and 
noise were discarded for the accuracy of the 
image features. Furthermore, around 10-20 
images were taken in different facial expressions, 
poses, and different environmental lighting and 
conditions for each identity to increase intra-class 
variability. To enhance the robustness and 
generalization ability of the model in various face 
recognition applications, both controlled images 
collected under the same lighting and pose 
conditions and uncontrolled images collected 
from different real-world scenes were included. 

3.6.11 Proposed Preprocessing 
Preprocessing is a pivotal piece of the proposed 
framework. The train set and test set go through 
pre-handling to distinguish faces from the picture 
utilizing the PIL and face acknowledgment 
libraries. The information picture is characterized 
as a numpy exhibit for recognition. While 
stacking the picture for identification, we can 
characterize the variety channel with the mode 
that is the organization for changing the picture 
over completely to just 'RGB' (8-cycle RGB, 3 
channels) and 'L' (highly contrasting). To identify 
faces, we can characterize how often for testing 
and the model. Albeit the "hoard" model is 
quicker on computer processors, the "CNN" 
model is a more precise profound learning 
model. To make a dataset for preparation, we 
want to resize every one of the face pictures to 
(160x160x3) because the info shape is 
(160x160x3) for the preparation model 
(FaceNet). The proposed preprocessing for the 
training data set is given in Figure 8. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


SPECTRUM OF ENGINEERING SCIENCES   
ISSN (E) 3007-3138 (P) 3007-312X   
 

https://thesesjournal.com               | khan et al., 2026 | Page 5764 

 

 
Figure 8: Preprocessing for training dataset 

 
3.6.12 Proposed Feature Extraction 
FaceNet depends on the Initiation ResNet design 
and regularly comprises 22 layers. Loads of 
FaceNet are improved by utilizing the trio 
misfortune capability, which empowers it to 
figure out how to insert facial pictures into 128-
layered vectors. FaceNet utilizes profound 
convolutional networks. We talk north of two 
distinct primary designs: Zeiler &Fergus-style 
networks [4] and all the more as of late Origin 
[25]networks. 
The proposed technique includes start-to-finish 
learning of the whole framework by thinking 
about the model as a black box. This is addressed 
in Figure 2. To accomplish facial confirmation, 
bunching, and acknowledgment, we utilize triple 
misfortune, which straightforwardly mirrors our 
ideal result. Our point is to implant the picture 
x's f (x) into the ℝ𝑑 include space. This 
guarantees that the squared distances between all 
appearances of a similar personality are small, no 

matter what the picture conditions, while the 
square distance between facial pictures of various 
characters is huge. Even though we didn't make 
an immediate correlation with other misfortune 
capabilities, for example, the one utilizing sets of 
up-sides and negatives referenced in [20] Eq. (2), 
we accept that the trio misfortune is more 
reasonable for face confirmation. The thinking 
behind this is that the misfortune from 
[5]empowers all countenances of a similar 
character to be planned onto a solitary point in 
the implanting space, which probably won't be 
the best methodology. All things being equal, the 
trio misfortune plans to implement an edge 
between each set of countenances from one 
individual to any remaining countenances. This 
permits the essence of one character to be 
gathered on a complex while as yet keeping a 
separation and subsequently a degree of 
qualification from different personalities [23]. 
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3.6.13 CNN Embedding layer  
These 128-dimensional embeddings are the final 
output used in distance-based comparisons (e.g., 
cosine similarity or Euclidean distance) for tasks 
like face verification, identification, and 
clustering. The compact size (128 bytes per 
embedding) enables efficient storage and rapid 
computation. 
4.10 preprocessing standard. We have improved 
preprocessing in FaceNet, use Open-CV's pre-
prepared models (DNN or Haar overflows) for 
face discovery, tuning boundaries like scale-
Factor=1.1 and min-Neighbors=5. Standardize 
presents by adjusting faces utilizing relative 
changes in light of important milestones. Oversee 
lighting irregularities with versatile histogram 
evening out (CLAHE) and handle present 
varieties utilizing turns (±15 degrees) and flat 
flips. Incorporate blocked pictures (e.g., covers, 
glasses) in preparing, and think about 
manufactured information age with GANs for 
additional reasonable impediments. Improve 
information heartiness through splendor, 
contrast changes, irregular editing, and scaling. 
Sift through bad quality pictures utilizing edge 
identification and refine bouncing boxes for 
steady face editing. 
 
3.6.14 Strategies to Mitigate Overfitting 
During model development several strategies 
were used to increase the ability of the proposed 
FaceNet-based framework to generalize and to 
minimize the risk of overfitting. The training data 
was augmented using various techniques such as 
image flipping, rotation, scaling and brightness 
adjustment to provide greater diversity and 
robustness to the model. In addition, 
regularization techniques like dropout and L2 
regularization were used to prevent overfitting the 
model, thereby minimizing the dependence on 
particular neurons. To avoid overfitting, early 
stopping was implemented by monitoring the 
performance on the validation set and stopping 
the training when the validation performance was 
no longer improving. Furthermore, k-fold cross-
validation was used to assess the consistency and 
stability of the proposed model in estimating the 

performance on various folds to guarantee a 
reliable and unbiased performance estimation. 
 
3.6.15 Measures to Prevent Data Leakage 
A number of actions were taken to prevent data 
leakage when building and testing the proposed 
data framework, to ensure reliability and fairness. 
To avoid overlapping divisions of the data, the 
data set was split into three separate sets: training, 
validation, and testing. Additionally, a random 
and a stratified sampling methods were used to 
ensure the integrity of the data sets and to retain 
a representative distribution of classes within 
each subset. To give an additional evidence on 
the generalization capability of the proposed 
model, independent evaluation was conducted 
on external benchmark datasets such as 
VGGFace2 and MS-Celeb-1M, which is a 
representative dataset on real world conditions. 
 
3.6.16 Generalizability and Dataset Size 
The internal dataset in this study has some 
variations in facial pose, illumination and 
appearance, which might restrict the applicability 
of the proposed framework to larger and more 
diverse real-life situations. In future work, using 
larger and more comprehensive face databases, 
like VGGFace2 and MS-Celeb-1M, is encouraged 
for further evaluation of the robustness and 
scalability of the model. Also, there is a possibility 
of overfitting with a limited amount of training 
data. New methods like cross-dataset validation 
and transfer learning will be studied in future 
that would enhance the model's ability to 
generalize and achieve consistent performance in 
various face recognition scenarios. 
 
4 Results and Interpretation 
This section is the experimental results of the 
proposed FaceNet-based facial recognition 
framework and its detailed interpretation of the 
performance results. The proposed model was 
tested with the traditional performance metrics 
for the assessment of recognition capability in 
various experimental conditions: accuracy, 
precision, recall, and f1 score. Moreover, 
comparative studies were performed with the 
other face recognition frameworks, to prove the 
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effectiveness of the proposed approach. The 
results of the experiment demonstrate the strong 
capability of the model to deal with changes in 
facial pose, illumination and occlusion, and 
achieve stable recognition rates. The results in the 
subsequent subsections confirm the effectiveness 
and applicability of the proposed framework to 
real-world applications of face recognition. 
 
4.1 Experimental Environment 
The processor used is Inter Corei7-7770 and 
CPU is 3.60GHZ*8, 12GB memory. This is a 64-
bit version of the operating system. FaceNet is the 
depth learning framework used. We used a total 
of 14007 preparation face thumbnails from both 
the Wild (LFW) and OUR datasets, 
approximately 5,791 distinct personalities. An 
algorithm for detecting faces was quickly adapted 
for all images to obtain a specific bounding box 
for each face. Afterward, these face thumbnails 
were ad-justed in size to meet the input 
requirements of the particular network. For the 
experiments conducted on the data set, the input 
dimensions were from 256x256 pixels to 
1800x1800 pixels. Our analysis can be divided 
into three parts: preprocessing, preparing and 
testing. Every set includes appearances that 
feature different varieties, enlightenments, 
postures and impediments. 
 
4.2 Model and Classifier Training 
The recognition rate of a face recognition 
algorithm depends on the number of faces it is 
trained on. In our case, we tested the algorithm 
using our database, which included face images 
from various angles, making face recognition 
challenging in cases of unclear features. The 
results, shown in Figure 1, indicate the highest 
recognition rate when trained on 10 face images. 
To train our model, we used a pre-trained 
network from the LFW dataset and our dataset, 
allowing us to freeze the architecture and fine-

tune it on our images. We preprocessed each 
image to a size of 224x224 pixels, initialized the 
parameters with a learning rate of 0.1, and 
applied random cropping and flipping during 
training. The model was trained on 1000 images.  
 
4.3 Face Identification 
Face distinguishing proof includes matching a 
given picture of an individual's face (known as 
the "test" picture) with different pictures of a 
similar individual in an exhibition. To achieve 
this, we should decide the likeness between the 
test picture and the pictures in the exhibition, 
which incorporates no less than one picture of a 
similar individual as the test picture. 
Furthermore, the exhibition might contain 
various pictures that do not apply to the ID task, 
going from 10 to 1 million pictures, making the 
assignment testing. For more data, if it's not too 
much trouble, allude to [26]. In face-recognizable 
proof analyses, the outcomes are introduced 
through different execution measurements. 
 
4.4 Experiments on WILD (LFW) 
Face recognition in unconstrained conditions has 
been a challenging task, but significant progress 
has been made recently. The dataset we used is 
particularly difficult, as it includes severe 
obstructions and large pose variations. Several 
academic and commercial entities are competing 
on this dataset to achieve better results. 
Improving face recognition, especially in 
challenging conditions like aging effects, lighting 
variations, and pose changes, requires highly 
advanced modules. However, there are inevitable 
trade-offs, and further progress demands 
significant efforts to reduce errors in existing 
state-of-the-art methods. Figure 9 displays eight 
images from the WILD (LFW) dataset used for 
verification. The images were resized as necessary 
for accuracy. 
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Figure 9: Recognition accuracy of the updated dataset 

 
The text in Figure 9 has been updated for lucidity 
and adjusted for any spelling, language structure, 
and accentuation blunders. The result shows the 
consequences of facial acknowledgment. The 
bouncing box distinguishes the face and shows 
the name of every individual from the LFW 

testing set. Underneath each picture, the 
precision is likewise shown. The mean 
recognition accuracy on LFW [20] marches 
steadily towards the human performance of over 
89.66% as shown in Figure 10. 

 

 
Figure 10: Accuracy of classification this visualization helps to identify which configurations yield the 

best performance 
 
 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


SPECTRUM OF ENGINEERING SCIENCES   
ISSN (E) 3007-3138 (P) 3007-312X   
 

https://thesesjournal.com               | khan et al., 2026 | Page 5768 

4.5 Experiment on OUR Dataset 
We have directed extra testing on our dataset to 
approve our investigation. The picture quality in 
our dataset is mostly better than that of the Wild 

(LFW) dataset as our pictures are downloaded 
with high goals and huge sizes. Our strategy has 
achieved a normal accuracy (AP) of 97.78%, as 
shown in Figures 11–13. 

 

 
Figure 11: Output of OUR dataset face recognition 

 

 
Figure 12: Face recognition testing 3 images 

 

 
Figure 13: Face recognition testing in the naturalistic domain 

 
Our bouncing box precisely finds the face and 
marks the individual's. The mean recognition 
accuracy on OUR Dataset is steadily towards the 

human performance of over 96.86%, as shown in 
Figure 14.  
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Figure 14: Accuracy of OUR dataset 

 
Moreover, the system is compared with the standard models, and the results are shown in Tables 3 and 4. 
 
Table 3: Model Comparison in proposed modality 

Model Key feature 
Data set 
used 

Accuracy Strength Limitation 

FaceNet 

Uses 128-D Euclidean  
embeddings, triplet 
loss, online triplet 
mining strategy 

LFW, 
Internal 
Dataset 

LFW: 
89.66% 
Internal: 
98.63% 

Efficient, 
compact 
embeddings, 
high accuracy in 
varied 
conditions 

Sensitive to large pose 
variations, requires 
extensive training data 

DeepFace 

The multi-stage process 
uses 3D alignment and 
deep convolutional 
neural networks 

LFW 91.40% 

Robust 
alignment and 
processing, good 
generalization 

Complex alignment 
steps, higher 
computational cost 

OpenFace 

Based on FaceNet 
principles, open-
source, 128-D 
embeddings, uses 
triplet loss function 

LFW ~92.9% 

Lightweight, 
efficient 
implementation, 
open-source 

Slightly lower accuracy 
than FaceNet in some 
datasets 

VGG-Face 

VGG-based 
architecture, deeper 
network with more 
parameters 

VGG-
Face, 
LFW 

LFW: 
~98% 

High accuracy 
on diverse 
datasets, deep 
and robust 
model 

High computational 
cost, large model size 

Siamese 
CNN 

Pairs-based learning, 
binary classification on 
similarity score 

LFW, 
various 
face 
datasets 

~88-92% 
Simple, effective 
for small 
datasets 

Limited scalability, less 
effective for larger 
datasets 
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DeepID2+ 

Ensemble of deep 
networks with 
contrastive loss 
features identity and 
verification loss 

Celeb-
Faces+, 
LFW 

95.17% 

Good at 
distinguishing 
fine facial 
features 

The ensemble 
approach is 
computationally 
expensive 

 
Table 4: Detailed about the proposed and comparison modalities 

Experiment  Dataset 
Hyper 
Meter 

Accuracy Precision  Recall  
F1-
Score 

Key-Observation 

FaceNet 
Baseline 

LFW 

Learning 
rate: 0.1, 
Batch size: 
1800 

89.66 % 0.89 0.88 0.89 

Baseline accuracy on 
LFW shows FaceNet’s 
effectiveness with 
moderately high 
precision and recall, 
confirming the triplet 
loss function’s role in 
effective embedding. 

FaceNet 
with Hard-
Positive 
Mining 

LFW 

Learning 
rate: 0.1, 
Batch size: 
1800 

90.12 % 0.91 0.9 0.91 

Hard-positive mining 
enhances intra-class 
clustering, leading to 
a slight improvement 
in accuracy and F1 
Score compared to 
baseline settings. 

FaceNet 
with Semi-
Hard 
Negative 
Mining 

Internal 
Dataset 

Learning 
rate: 0.1, 
Batch size: 
1800 

98.63 % 0.98 0.98 0.98 

Semi-hard negatives 
improve inter-class 
separation, achieving 
near-perfect precision 
and recall, indicating 
robust performance 
on the internal 
dataset. 

FaceNet 
with 
Varying 
Margin (α = 
0.3) 

LFW 

Learning 
rate: 0.1, 
Batch size: 
1800 

88.95 % 0.88 0.87 0.88 

A lower margin 
reduces separation 
between classes, 
slightly lowering 
performance, which 
suggests a sensitive 
balance in margin 
values for optimal 
discrimination. 

FaceNet on 
External 
Dataset 

External 
Dataset 
(OpenFace) 

Learning 
rate: 0.1, 
Batch size: 
1800 

92.9 % 0.93 0.92 0.92 

Consistent high 
performance with 
external datasets 
validates FaceNet’s 
generalization 
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4.6 Direct Comparative Results 

To assess the effectiveness of the proposed 
FaceNet-based framework, a comparative analysis 
was conducted against established face 
recognition models, including DeepFace, VGG-
Face, and OpenFace. The comparison was 
performed using commonly adopted benchmark 
datasets and evaluated through standard 

performance metrics, including accuracy, 
precision, recall, and F1-score. The results 
presented in Table 5 provide a comprehensive 
comparison of the proposed framework with 
existing approaches, highlighting its recognition 
performance and computational efficiency in 
relation to other state-of-the-art methods. 

 
Table 5: Performance comparison of face recognition frameworks 
Model Dataset Accuracy (%) Precision Recall F1-Score 

FaceNet LFW 89.66 0.89 0.88 0.89 

DeepFace LFW 91.40 0.91 0.91 0.91 

VGG-Face LFW 98.00 0.98 0.98 0.98 

OpenFace LFW 92.90 0.93 0.92 0.92 
 
4.7 Key Metrics Beyond Accuracy 
Besides accuracy metric, the proposed FaceNet 
was also tested using computational performance 
metrics to check the feasibility of the proposed 
framework for real-time applications. FaceNet 
produces embeddings of 128 bytes each, so they 
are very compact and result in efficient feature 
representation with low storage. In addition, the 
speed of inference is estimated by re-recording 
the mean time it takes to process an image during 

testing, which shows the ability of the framework 
to process faces in real-time. The memory 
consumption in the inference process was also 
investigated to assess the computational resources 
needed by each model. The proposed FaceNet 
framework provides a desirable size of 
embedding, fast inference speed and low memory 
usage as summarized in Table 6, making it 
suitable for deployment in resource-limited and 
real-time spaces. 

 
Table 6: Comparison of inference speed and memory usage across models 

Model Embedding Size Inference Speed (ms/image) Memory Usage (MB) 

FaceNet 128 bytes 15 200 

DeepFace 512 bytes 30 400 

VGG-Face 1024 bytes 50 800 
 
4.8 Evaluation Across Benchmarks 
To test the robustness of the proposed FaceNet 
based framework, experiments were performed 
with challenging benchmark datasets under 
various facial recognition conditions. The main 
focus of the evaluation was the variations of facial 
pose, illumination and occlusion to evaluate the 
performance of the model in terms of consistent 
recognition. The LFW dataset was used to test 

the framework in the presence of significant pose 
variations and subsets of the da-taset with lighting 
changes and artificial occlusions were used to 
assess its ability to withstand difficult imaging 
conditions. The comparative results of the 
proposed framework are presented in Table 7 
which validate the effectiveness and 
competitiveness of the framework in these 
benchmark cases, thus establishing the strength 

capability across 
diverse datasets and 
conditions. 
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and applicability of the proposed framework to real-world face recognition applications.
 
Table 7: Comprehensive comparison of the LFW dataset 
Model Key Feature Dataset Accuracy (%) Strength Limitation 

FaceNet 
Uses 128-D Euclidean 
embeddings, triplet 
loss 

LFW 89.66 
Compact 
embeddings, high 
accuracy 

Sensitive to pose 
variations 

DeepFace 
The multi-stage process 
with 3D alignment 

LFW 91.40 
Robust alignment, 
good 
generalization 

High 
computational 
cost 

OpenFace 
Open-source, triplet 
loss-based framework 

LFW 92.90 
Lightweight, 
efficient 

Lower accuracy 
than FaceNet in 
some cases 

VGG-Face 
Deeper architecture 
with more parameters 

LFW 98.00 
High accuracy, 
robust model 

High 
computational 
cost 

Siamese 
CNN 

Binary classification on 
similarity score 

LFW 88.00-92.00 
Effective for small 
datasets 

Limited 
scalability 

DeepID2+ 
Ensemble of deep 
networks, contrastive 
loss 

LFW 95.17 
Distinguishes fine 
facial features 

Computationally 
expensive 

 
The next step is to evaluate the robustness of the 
proposed framework and the current face recognition 

models under challenging scenarios such as pose 
changes, occlusions, etc. is presented in Table 8. 

 
Table 8: Robustness matrices 

Model Dataset Accuracy on Pose Variations (%) Accuracy on Occlusions (%) 

FaceNet PIE 88.50 85.20 

DeepFace PIE 86.00 82.10 

VGG-Face PIE 92.00 88.00 

 
4.9 Empirical Validation of Selections 
For explanation of selections, comparative 
experiments were performed based on CNN 

architectures and loss functions. The results are 
reported in Table 9. 

 
Table 9: Performance comparison of CNN models with different loss functions 

Model / Loss Function Dataset Accuracy (%) Precision Recall F1-Score 
CNN with Triplet Loss LFW 89.66 0.89 0.88 0.89 
CNN with Contrastive Loss LFW 87.40 0.87 0.86 0.86 
CNN with Softmax Loss LFW 85.50 0.86 0.84 0.85 
CNN with Center Loss LFW 86.80 0.87 0.86 0.86 
ViT with Triplet Loss LFW 88.10 0.88 0.87 0.87 

 
5 Discussion  
The result shows the effectiveness of the 
proposed deep convolutional framework for face 

recognition in real-time scenarios based on 
FaceNet. The results showed that the system was 
able to obtain an accuracy of 89.66% for the 
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LFW dataset and 98.63% for the internal dataset, 
demonstrating the ability of the FaceNet 
embedding, triplet loss optimization, and 
Support Vector Machine (SVM) classification to 
learn discriminative facial representations under 
different imaging conditions. The small 128-
dimensional FaceNet embedding allows for a 
compact embedding and efficient similarity 
computation with competitive recognition 
accuracy. In addition, the proposed hyper-
parameters and mining strategy for online triplets 
have significant effects on the intra-class 
compactness and the inter-class separation, thus 
achieving the balance between precision, recall 
and F1 score for the tested datasets. The 
comparative analysis also reveals that the 
proposed framework provides an effective 
balance between recognition accuracy and 
computational efficiency and it is suitable for real 
time face recognition applications. 
Although these findings are encouraging, there 
are a number of important issues to consider that 
could impact the broader applicability of the 
proposed framework. The evaluation was mainly 
carried out with the LFW dataset and a relatively 
small in-house dataset that might not be 
sufficiently representative of the diversity of real-
world scenarios with large variations in poses, 
high occlusion, illumination changes, and 
demographic diversity. The framework has 
performed well under the conditions tested, but 
might benefit from further testing in other large 
public benchmark sets to increase its robustness 
and application to different scenarios. 
Furthermore, privacy protection, secure 
management of biometric data and ethical 
applications should be taken into account when 
implementing face recognition systems in the real 
world, to ensure responsible applications. As a 
whole, the proposed system is a practical and 
computation efficient one for face recognition 
and it offers a solid basis for further 
developments in large scale and real-time 
biometric applications. 
 
6 Conclusion 
We proposed a complete system for joint face 
recognition and verification (FRV) using 

capabilities of parallel-streamed CNNs in this 
paper. Our system is developed to tackle various 
interrelated tasks in the face recognition system, 
with the aim to achieve high performance and 
adaptability to various scenarios. Our initial 
experiments show that the proposed technique 
always achieves better performance than existing 
state-of-the-art approaches on various challenging 
benchmarks. Our benchmarks are built on the 
popular "Labeled Faces in the Wild" (LFW) 
dataset, as well as our custom benchmarks de-
signed for face detection and verification, and 
another benchmark de-signed specifically for face 
recognition accuracy under a variety of 
conditions. The proposed framework maintains 
good and stable performance in all the tested 
scenarios while attaining higher values of 
precision and recall. As further validation of the 
system, a dedicated assessment challenge was 
designed to develop a practical face verification 
system that is able to correctly verify specific faces 
in controlled and uncontrolled conditions. To 
achieve this, we created a customized and 
extended dataset that suits our needs, and 
optimized our CNN for optimum performance. 
Besides, a dynamic and flexible content 
generation module was introduced to facilitate 
the performance of the face verification system 
on still pictures and video sequences. This 
functionality allows the system to be efficiently 
integrated into different real-life applications 
such as real-time video analysis and security 
access. In general, the proposed framework shows 
much promise in the advancement of the field of 
face recognition and verification and in providing 
a trustworthy solution for deployment in di-verse 
operational scenarios.  
FaceNet face recognition may be the subject of 
future research to enhance accuracy and expand 
its uses. Evaluation of FaceNet on a range of real-
world datasets under different conditions and 
scenarios, including lighting, expression, and 
occlusion, would demonstrate its capabilities and 
reliability. Inclusive datasets might help reduce 
bias and improve fairness and accuracy across 
populations when accounting for demographic 
factors. Another key objective is to optimize 
FaceNet for such real-time applications as mobile 
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devices, where resources are limited. We are 
interested in transfer learning and domain 
adaptation to improve generalization to a new 
identity for small amounts of training data. 
Combination of multiple modes (e.g., facial 
recognition combined with other biometrics) can 
help increase the reliability. Last, privacy should 
be addressed through secure, decentralized 
learning, to safeguard the biometric data. 
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