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Abstract:

Facial recognition technology has made significant
progress in recent decades and is now widely used across
various fields. However, as application scenarios become
more complex, traditional face recognition methods
face limitations in handling intricate environments and
varying facial expressions. This article aims to address
these challenges by developing an efficient and accurate
face recognition model using deep learning methods
to enhance recognition accuracy and robustness. Key
aspects include data collection and preprocessing, where
an image dataset containing 90 different types of facial
data was collected, preprocessed, and labeled, employing
data partitioning and enhancement techniques. The model
design involved creating (CNN) based on ResNet50,
complemented by SVM for classification, followed by
model training and optimization. To further enhance the
model’s generalization and robustness, data augmentation
and cross-validation methods were utilized. The model’s
performance was evaluated using various metrics,
including accuracy, recall, and F1 score, demonstrating
its recognition capabilities. Additionally, visual diagrams
depicting model loss, iterations, and accuracy were created
to facilitate understanding and analysis of the training
process. Through these research efforts, this paper achieved
notable improvements in the accuracy and robustness of
face recognition technology, providing a solid foundation
for future research and applications.
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1. Introduction

significance in security monitoring, identity verifi-
cation, unlocking smart devices, social media, and

Facial recognition technology has made significant  eqycation. With the development of technology, fa-
advancements over the past few decades and is  cja| recognition has become an indispensable part of
widely applied in various fields. It holds important  many industries. Traditional facial recognition meth-
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ods mainly rely on manually designed feature extraction
techniques, such as Principal Component Analysis (PCA),
Linear Discriminant Analysis (LDA), and Local Binary
Pattern (LBP) [1]. However, these methods have many
limitations when dealing with complex environments and
diverse facial expressions. The rise of deep learning, par-
ticularly the application of Deep Residual Networks (Res-
Net50), has greatly enhanced the performance of facial
recognition. Deep learning models can automatically learn
hierarchical features of images, possessing complex statis-
tical models and deep learning algorithms, which improve
recognition accuracy and robustness [2].

Both domestically and internationally, research on deep
learning-based facial recognition technology has yielded
substantial achievement. Internationally, tech giants like
Google, Facebook, and Microsoft have invested signifi-
cant resources in this field, launching multiple high-per-
formance recognition systems. In China, companies such
as Baidu, Alibaba, and Tencent are also actively develop-
ing related technologies and have made notable progress.
The collaboration between academia and industry contin-
ues to drive the advancement of the technology; however,
challenges remain, such as data privacy issues and con-
cerns regarding recognition accuracy and robustness.

The main research objective of this paper is to design and
implement an efficient facial recognition system based on
deep learning. By combining ResNet50 and (SVM) algo-
rithms, the aim is to improve the accuracy and robustness
of facial recognition. Additionally, the paper will explore
the impact of techniques such as data augmentation on
model performance and validate their effects through ex-
periments.

The research content of this paper mainly includes the
following aspects: A thorough analysis of the strengths
and weaknesses of existing facial recognition technolo-
gies. Designing a facial recognition algorithm based on
ResNet50 and Support Vector Machines (SVM). Imple-
menting data processing and augmentation techniques to
improve the model’s generalization and robustness. Val-
idating the performance of the algorithm through experi-
ments and comparing it with existing technologies.

2. Basic Theory

2.1 Fundamentals of Mathematics

Facial recognition involves various mathematical theories
and algorithmic foundations, including linear algebra,
probability theory, and optimization theory. These theories
provide a solid foundation for facial recognition, enabling
models to effectively extract features and classify data [3].

2.1.1 Linear algebra

Linear algebra plays an important role in feature ex-
traction and dimensionality reduction. For example, LDA
and PCA are both linear algebra-based methods that proj-
ect high-dimensional data into lower-dimensional space
through linear combinations, thus preserving the main
features of the data.

2.1.2 Probability theory

Probability theory is crucial in classifier design. For in-
stance, Bayesian classifiers utilize probability theory to
calculate the posterior probabilities of different classes
and perform classification based on the principle of maxi-
mum posterior probability. Probability theory is also used
to evaluate model performance, such as calculating accu-
racy, recall, and other metrics.

2.1.3 Optimization theory

Optimization theory is used for training model parameters.
Common optimization algorithms include Stochastic Gra-
dient Descent (SGD) and its variants, such as the Adam
optimizer. These algorithms adjust the weights and biases
of the network by minimizing the loss function to improve
the model’s performance [4].

2.2 Correlation Algorithm
2.2.1PCA

Dimensionality reduction techniques serve as preliminary
work in data mining, providing necessary preprocessing
for big data, and are essential with widespread applica-
tions. Currently, PCA and LDA are classic linear dimen-
sionality reduction algorithms, and this paper primarily
focuses on the PCA method.

PCA refers to a statistical analysis method that describes
the underlying structure of data by linearly combining
multiple variables to select a subset of important data
components. It is a simple machine learning algorithm
derived using basic linear algebra techniques. In PCA, the
data coordinate system is transformed from the original
coordinate system to a new one, where the generation
of the new coordinate system depends on the data in the
original coordinate system. In general PCA, the first co-
ordinate in the new system is determined by the direction
of maximum variance in the original data, and the second
coordinate is the direction orthogonal to the first with the
next highest variance. This process is repeated, with the
number of repetitions equal to the number of features in
the original data, resulting in the generation of new coor-
dinates. During the generation of these new coordinates,
some coordinates from the original system are discarded,
achieving dimensionality reduction [5]. For example, in a



database P with a set of N points: {x,,...,x,}in R, this
paper encodes the points in the database. For any point
X € Ry, this paper calculates the code vector ¢, e R, . If

m<n, this paper uses a low-dimensional vector to rep-
resent a high-dimensional vector, reducing storage space,
although the data precision may also decrease. Typically,

the encoding function is represented as f(x)=p, and the
corresponding solution is obtained by this function, where
x=9(f(x)). PCA s a specific decoding function in this
context.

2.2.2SVM

SVM is a powerful algorithm used for classification and
regression tasks, with the core idea of finding an optimal
hyperplane that separates samples from different classes.

The essence of the SVM algorithm is to identify the op-
timal hyperplane that can distinguish between different
samples while maximizing the margin between the class-
es. For nonlinear problems, it is necessary to use a kernel
function to transform the sample data into a high-di-
mensional space, where the optimal hyperplane can be
determined. In this paper, the data samples are nonlinear,
and this paper introduced a kernel function to transform
the sample data into a high-dimensional space to find the
hyperplane. Different kernel functions yield different clas-
sification results, so it is essential to choose an appropriate
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kernel function. After analyzing the differences among
various kernel functions, this paper ultimately selected the
Radial Basis Function (RBF) kernel, which has a broad
range of applicability and fewer parameters compared to
other kernel functions [6].

2.2.3 Deep residual network (ResNet50)

The main issues encountered with network depth in
deep learning are the vanishing and exploding gradient
problems. Traditional solutions include normalized ini-
tialization and batch normalization, which address these
gradient issues and allow for deeper networks; however,
they can lead to performance degradation. ResNet50 is
a residual learning framework proposed to optimize the
training of deep networks, featuring advantages such as
ease of optimization and reduced computational burden.
Residual connections are designed to tackle degradation
and gradient issues, enhancing network performance as
depth increases. ResNet50 consists of 49 convolutional
layers and 1 fully connected layer. In the architecture, the
ID BLOCK x2 in stages two to five represents two residu-
al blocks that do not change dimensions, while the CONV
BLOCK indicates residual blocks that add dimensions.
Each residual block contains three convolutional layers,
resulting in a total of (3+4+6+3)x3+1=49 convolu-

tional layers, as shown in the diagram [7].
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Fig. 1 Network structure diagram (ResNet50) [7]

In figure 1, “CONV” refers to the convolution operation,
“Batch Norm” indicates batch normalization, “ReLU”
is the activation function, and “MAXPOOL” and “Avg-
POOL” are two types of pooling operations. Stages two to
five represent the residual blocks. Since the input size for
the ResNet50 neural network is 3x224x224, it is neces-
sary to preprocess the input images by cropping the origi-
nal 3x700x460 images to the specified size of batch_size
224x3%224. As the image undergoes continuous convolu-
tion operations through the residual blocks, the number of
channels in the pixel matrix becomes increasingly deep.
After passing through the flattening layer, the pixel matrix

size is transformed to batch sizex2048, which is then
input into the fully connected layer (FC). Finally, the soft-
max layer outputs the probabilities for the corresponding
classes.

The ResNet50 architecture includes skip connections that
pass the input across layers through shortcut connections,
which are then added to the output after convolution. This
allows for effective training of the underlying network,
significantly improving accuracy as the depth increases.
The structure of the ResNet50 residual block is shown in
Figure 2 [8].
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Fig. 2 Residual block structure (ResNet50) [9]

The shortcut connection is equivalent to directly exe-
cuting the same mapping, without adding extra param-
eters or computational complexity, causing the model
to degrade into a shallow network. The problem at this

point is to learn the identity mapping function H(x)=x
, which is difficult to fit directly. Assuming the output
of the residual network is H(x) and the output after the
convolution operation is F(x), then H(x)=F(x)+x
. Here, F(x)=033(w25(wlx)), where o represents

the convolution operation and & denotes the activation
function. Therefore, as long as F(x)=0, it forms the

aforementioned identity mapping function H(x)=x

, transforming the problem into learning an easier-to-fit
residual function F(x)=H(x)—x. Experiments indicate
that a residual block with at least two layers is necessary

for performance enhancement; in this paper, the ResNet50
model uses three-layer residual blocks [9].

3. Analysis of Experimental Results

3.1 Dataset used in the Experiment

The experimental dataset includes 90 categories of dif-
ferent types of facial data, sourced from public face data-
bases such as Labeled Faces in the Wild (LFW), among
others. Experimental Scheme 1: Original data set training.
The model is trained using the original data set to evaluate
the initial performance of the model.

3.2 Quantitative Analysis

This code implements the training and validation pro-
cess of a deep learning model, mainly consisting of the
following parts: Data loading: Loads the training and
validation datasets through a custom BaseDataset class.
Model definition: Utilizes the AttentionResNet50 model
and initializes its weights. Training and validation: De-
fines the training function train and the validation function
validate, combining them through the train_and evaluate
function. Learning rate scheduling: Dynamically adjusts
the learning rate using the build scheduler function to
enhance training efficiency. Result logging: Records loss,
accuracy, and other metrics during training and validation
using TensorBoard (Table 1).

Table 1. Model result table

Epoch Training Loss Validation Loss Validation iou Validation Recall
141/150 0.0003 0.4531 0.9247 0.9591
142/150 0.0006 0.7812 0.8949 0.9454
143/150 0.0002 0.8998 0.8960 0.9475
144/150 0.0003 0.4144 0.9290 0.9630
145/150 0.0001 0.4217 0.9203 0.9595
146/150 0.0002 0.7208 0.9035 0.9536
147/150 0.0001 0.4756 0.9226 0.9595
148/150 0.0005 0.5800 0.9130 0.9526

By employing appropriate learning rate scheduling and

loss function selection, the model’s training effective-



ness and performance can be improved. Throughout the
training and testing phases, the model exhibited strong
performance, achieving an accuracy of 90%. This remark-
able outcome not only highlights the model’s capability
in recognizing and distinguishing faces under different
conditions but also demonstrates the effectiveness of the
training methodology, which included extensive data aug-
mentation and cross-validation practices.

3.3 Discussion

This paper designed and implemented an efficient facial
recognition system leveraging deep learning techniques.
To enhance the model’s robustness, this paper applied
data augmentation methods. Additionally, this paper con-
ducted a comprehensive analysis and comparison of the
performance across various experimental schemes and
algorithms, ensuring a thorough evaluation of their effec-
tiveness.

The accuracy of the recognition system in this paper still
needs improvement; the model is somewhat simplistic,
and more advanced deep learning architectures or rein-
forcement learning methods could be explored to further
enhance performance. For instance, a hybrid model based
on Convolutional Neural Networks (CNNs) and Long
Short-Term Memory networks (LSTMs) could be devel-
oped to combine spatial and temporal information for
facial recognition. Additionally, the current model may
experience some latency in real-time applications, indicat-
ing room for improvement in terms of immediate response
needs. Consideration could be given to incorporating
real-time monitoring data and optimizing inference speed
[10].

To enhance the model’s generalization ability, it is essen-
tial to expand the dataset by incorporating diverse data
sources and variations. Additionally, optimizing the al-
gorithms can significantly improve the model’s real-time
performance and efficiency, allowing for faster processing
and reduced latency. Finally, addressing data privacy
issues is crucial to ensure data security, which can be
achieved through implementing robust encryption meth-
ods and adhering to privacy regulations.

Through the above research and experiments, this study
has achieved significant results in improving the accuracy
and robustness of facial recognition technology, but there
are still some issues that require further research and reso-
lution.

4. Conclusion

This chapter systematically explores the experimental
design, model selection, and result analysis of facial rec-
ognition tasks based on deep learning. To begin with, this
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paper outlined the foundational principles of the experi-
mental design, emphasizing the importance of selecting
a diverse and representative dataset. This paper curated a
large dataset that included a wide range of facial images,
capturing variations in age, ethnicity, lighting, and expres-
sion. This diversity was crucial to ensure that the model
could generalize well to different real-world scenarios.
Next, this paper delved into the intricacies of model selec-
tion. This paper evaluated several architectures, including
CNNs and ResNets. Through rigorous experimentation,
this paper identified the optimal architecture that balanced
complexity and performance. This paper fine-tuned hy-
perparameters such as regularization techniques, learning
rate, and batch size, which contributed to the model’s ro-
bustness.

The training process involved utilizing techniques like
data augmentation and transfer learning to enhance the
model’s ability to learn from limited data. By applying
transformations such as rotation, scaling, and horizontal
flipping, this paper enriched the training dataset, allowing
the model to better recognize faces under varying condi-
tions.

During the testing phase, this paper implemented a rigor-
ous validation strategy to assess the model’s performance.
This paper employed metrics beyond mere accuracy, such
as F1-score, recall, and precision, to obtain a holistic view
of the model’s effectiveness. The model achieved a com-
mendable accuracy of 90%, demonstrating its capability
to accurately identify and verify individuals in diverse
contexts.

In conclusion, this chapter illustrates not only the success-
ful development of a reliable facial recognition model but
also the systematic approach this paper employed in the
experimental design, model selection, and result analysis.
The insights gained from this research pave the way for
further advancements in facial recognition technology,
with implications for security, user authentication, and be-
yond.

References

[1] Ge Luyao. Dimensionality Reduction of High-Dimensional
Data in Mobile Healthcare Based on PCA Method. Science and
Technology Innovation, 2024, (11): 88-91.

[2] Cui Shuyan, Yu Rende, Zhu Yanhua. Research on Traffic
State Recognition Method Based on SVM. Journal of Shandong
University of Technology (Natural Science Edition), 2024,
38(05): 7-11+60.

[3] Wang Heng, Li Xia, Liu Xiaofang, et al. Research on
Pathological Image Classification of Breast Cancer Based on
ResNet50 Network. Journal of China Jiliang University, 2019,
30(01): 72-77.



Dean&Francis

ISSN 2959-6157

[4] Schroff F, Kalenichenko D, Philbin J. Facenet: A unified
embedding for face recognition and clustering. Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2015, 815-823.

[5] He K, Zhang X, Ren S, Sun J. Deep residual learning for
image recognition. Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2016, 770-
778.

[6] Zhang K, Zhang Z, Zhang Z, Song Y. Joint Face Detection
and Alignment via Joint Learning. IEEE Transactions on Image
Processing, 2016, 25(12): 5756-5767.

[7] Simonyan K, Zisserman A. Very Deep Convolutional

Networks for Large-Scale Image Recognition. Science and
Technology Innovation, 2014.

[8] Krizhevsky A, Sutskever I, Hinton G E. ImageNet
Classification with Deep Convolutional Neural Networks.
Advances in Neural Information Processing Systems, 2012, 25.
[9] Taigman Y, Yang M, Ranzato M A, Wolf L. DeepFace:
Closing the Gap to Human-Level Performance in Face
Verification. Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2014, 1701-1708.

[10] Zhou Z, Chellappa R. Face Recognition: A Literature
Survey. ACM Computing Surveys, 2005, 40(3).





