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Abstract: Face recognition, an integral biometric identification technology, holds immense 

potential across domains such as security surveillance, human-computer interaction, and 

identity authentication. Leveraging the rapid advancement and extensive adoption of deep 

learning methodologies, face recognition algorithms rooted in deep learning have exhibited 

substantial advancements, particularly in augmenting recognition precision and resilience. 

Consequently, a meticulous investigation into the optimization and practical 

implementation of deep learning-based face recognition algorithms assumes paramount 

significance. In the ensuing discourse, our focus converges on the meticulous optimization 

and pragmatic application of face recognition algorithms founded upon deep learning 

paradigms. 

1. Introduction  

In today's digital era, face recognition technology, as an important biometric technology, has a 

wide range of application prospects in the fields of security monitoring, human-computer 

interaction, and identity authentication. With the rapid development and wide application of deep 

learning, face recognition algorithms based on deep learning have made significant progress in 

improving recognition accuracy and robustness. Therefore, it is particularly important to deeply 

explore the optimisation and application of deep learning-based face recognition algorithms. The 

aim of this paper is to deeply study and explore the optimisation and practical application of deep 

learning-based face recognition algorithms. The research in this paper is carried out from multiple 

dimensions. First, we review the traditional face recognition algorithms and deep learning-based 

face recognition algorithms, and deeply analyse their development history, technical means and 

applications, which lays the foundation for the subsequent optimization and application exploration. 

We focus on the advantages and challenges of deep learning-based face recognition algorithms. We 

then introduce a series of data preprocessing techniques, including illumination normalisation, pose 

correction and expression change processing methods, which help to improve the robustness of the 

algorithms to complex environments and variable factors. Subsequently, we provide an in-depth 

discussion of feature extraction and selection methods covering, among others, Convolutional 

Neural Networks (CNN) and Generative Adversarial Network (GAN) models, which are effective 

in extracting key feature information from raw images. Further, this paper explores strategies for 

model training and parameter tuning, which include data augmentation techniques, loss function 
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design, and learning rate scheduling strategies, which together help optimise the performance of the 

algorithms. We describe in detail the methods and performance evaluation metrics for constructing 

the experimental dataset, and through experimental results and in-depth analyses, we 

comprehensively evaluate the performance of deep learning-based face recognition algorithms in 

face feature extraction and matching. Meanwhile, we explore the application of deep learning-based 

face recognition algorithms in real scenarios, especially focusing on their practical effects in 

security monitoring systems and identity authentication systems. Chapter 5 is the Discussion and 

Outlook, which discusses and analyses the research results in depth, highlighting the limitations of 

the algorithms as well as the room for future improvement. On this basis, we look forward to the 

development trend and broad application prospects of deep learning-based face recognition 

algorithms in the future. Finally, this paper provides a comprehensive summary of the research 

work carried out, outlines the important contributions of the research results, and proposes 

directions for further research in the future. Through the in-depth exploration and practical 

application of deep learning-based face recognition algorithms, this paper aims to provide useful 

references and lessons for the research and application in this field. 

2. Overview of relevant work 

2.1. Traditional Face Recognition Algorithms 

Traditional face recognition algorithms are mainly based on feature extraction and classification 

methods. Among them, the feature extraction methods include Principal Component Analysis 

(PCA), Linear Discriminant Analysis (LDA) and Local Binary Pattern (LBP). These methods 

represent face information by projecting the face image into a low-dimensional space or extracting 

local texture features. Then, face recognition is performed using classifiers (e.g., Support Vector 

Machines, K Nearest Neighbours, etc.). Traditional algorithms have achieved some success in face 

recognition, but have limited accuracy and robustness in complex environments [1]. 

2.2. Deep learning based face recognition algorithm 

Deep learning-based face recognition algorithms have made breakthroughs in recent years. Deep 

learning models are capable of learning from large-scale data and automatically extracting high-

level feature representations, greatly improving the performance of face recognition. Among them, 

convolutional neural network (CNN) is one of the most commonly used deep learning models. 

Through multi-layer convolution and pooling operations, CNNs are able to efficiently learn face 

features with spatial structure. In addition, Generative Adversarial Networks (GANs) are also 

widely used in face recognition. GANs improve the robustness and generalisation of the model by 

generating realistic face images and augmenting the training data. 

2.3. Algorithmic Strengths and Challenges 

Deep learning-based face recognition algorithms have several advantages over traditional 

algorithms. First, deep learning models can automatically learn face features, avoiding the tedious 

process of manually designing features. Second, deep learning algorithms are trained on large-scale 

data and have stronger robustness and generalisation capabilities. In addition, deep learning 

algorithms are able to cope with common problems such as lighting changes, posture changes and 

expression changes. However, deep learning-based face recognition algorithms also face some 

challenges, such as the need for a large amount of labelled data and high computational resource 

requirements [2]. 
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This chapter reviews traditional face recognition algorithms and deep learning based face 

recognition algorithms. By comparing and analysing the two, we can understand the advantages of 

deep learning-based face recognition algorithms in improving recognition accuracy and robustness, 

and provide a theoretical basis for the optimization and application exploration of deep learning-

based face recognition algorithms in the subsequent chapters. 

3. Optimisation of face recognition algorithms based on deep learning 

3.1. Data preprocessing techniques 

3.1.1. Light normalisation methods 

Light normalisation is a common preprocessing method used in face recognition to reduce the 

impact of light changes on face images and improve the robustness and accuracy of the algorithm. 

In this section, we will introduce several common techniques of light normalisation methods in 

detail. 

Histogram equalisation is a common light normalisation method, which adjusts the luminance 

distribution of an image so that it presents a uniform distribution over the entire luminance range. 

Specific steps include calculating the cumulative histogram of the image, mapping the histogram to 

a uniformly distributed luminance range, and then adjusting the luminance values of the image 

according to the mapping relationship [3]. 

The Gaussian pyramid method uses different scales of the image to suppress the effect of 

lighting changes on the face image. Firstly, the original image is downsampled several times to 

obtain image pyramids at different scales. Then, the high-frequency components of lighting 

variations are eliminated by applying Gaussian filtering to the images at each scale. Finally, the 

filtered image is re-upsampled to the original size to obtain the illumination normalised image. 

Bilateral filtering is a nonlinear filtering method that smoothes the image while maintaining edge 

information. In illumination normalisation, bilateral filtering reduces the effect of illumination 

variations on face details. It adjusts the weights of the filter by considering the spatial distance of 

the image and the similarity between the pixel values to preserve the edge information and reduce 

the illumination variations. 

3.2. Feature Point Alignment 

Feature point alignment is a light normalisation method based on the position of face feature 

points. By detecting key feature points (such as eyes, nose, mouth, etc.) in the face image, these 

feature points are aligned to a fixed position. By processing the aligned face image, the effect of 

lighting changes on the location of feature points can be eliminated, and the accuracy of the face 

recognition algorithm can be improved. 

In practical applications, suitable light normalisation methods can be selected according to 

specific needs and scenarios, or even combined with multiple methods for comprehensive 

processing. The goal of illumination normalisation is to make face images have more consistent 

apparent features under different lighting conditions, thus improving the performance and 

robustness of face recognition algorithms. 

3.3. Attitude correction methods 

Pose correction is a common preprocessing method used in face recognition to correct pose 

changes in face images to improve the accuracy and robustness of the algorithm. In this section, we 
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will introduce several common pose correction methods in detail. 

Face keypoint detection is a common pose correction method that obtains information about the 

geometric structure of a face by detecting keypoints (e.g., eyes, nose, mouth, etc.) in the face image. 

Based on the position and relative relationship of these key points, the pose angle of the face can be 

calculated and the corresponding correction operation can be performed. 3D face reconstruction is 

an advanced pose correction method that acquires 3D shape information of the face by using 

devices such as depth sensors or structured light. Based on the 3D face model, the pose of the face 

can be accurately estimated and the face in the image can be corrected to a standard pose. Affine 

transformation is a pose correction method based on geometric transformation, which makes the 

face in a standard pose by performing operations such as translation, rotation and scaling on the 

face image. Commonly used affine transformation methods include rotation correction, scaling 

correction and translation correction. Face pose estimation network is a deep learning based pose 

correction method that predicts the pose angle of a face directly from an image by training a neural 

network model. This approach enables end-to-end pose correction without explicitly extracting 

keypoints or 3D shape information. In practice, the appropriate pose correction method can be 

selected based on specific requirements and scenarios. The goal of pose correction is to make the 

face image have more consistent epigenetic features in the presence of pose changes, thus 

improving the accuracy and robustness of the face recognition algorithm. Changes in facial 

expressions interfere with the performance of face recognition algorithms. Deep learning based 

expression change processing methods such as expression migration and expression stabilisation are 

explored for improving the robustness of the algorithm to expression changes[4]. 

3.4. Feature extraction and selection 

Convolutional Neural Network (CNN) is a deep learning model widely used in image processing 

and computer vision tasks. In face recognition, CNN models perform well in feature extraction and 

face classification tasks. In this section, we introduce several important components and common 

techniques of CNN models in detail. 

The convolutional layer is one of the core components of the CNN model, which extracts local 

features in an image by using a set of learnable filters (also known as convolutional kernels). The 

convolutional layer multiplies and sums the filters element-by-element with the input image through 

a convolutional operation to obtain a feature map. By stacking multiple convolutional layers, the 

CNN model can gradually extract more advanced and abstract features. 

Pooling layers are used to reduce the spatial size of the feature map, reduce the computational 

complexity of the model, and extract the spatial invariance of the features. Commonly used pooling 

operations include Max Pooling and Average Pooling. The pooling layer reduces the dimensionality 

of the feature map by aggregating local regions of the feature map into a single value and retains the 

main feature information [5]. 

Activation functions introduce nonlinearity in the CNN model and increase the expressive power 

of the model. Commonly used activation functions include ReLU (Rectified Linear Unit), Sigmoid 

and Tanh functions. ReLU function is the most commonly used activation function, which 

effectively solves the problem of gradient vanishing and accelerates the convergence of the model. 

The fully connected layer is used to spread the features extracted from the previous convolution and 

pooling layers and connect them to the output layer for classification or regression. Each neuron in 

the fully connected layer is connected to all the neurons in the previous layer, and the number of 

parameters is large. In face recognition, the fully connected layer is commonly used to map the 

extracted features to a probability distribution of face categories.Dropout is a regularisation 

technique used to reduce overfitting in CNN models.Dropout randomly sets the outputs of some of 
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the neurons to zero during the training process, thus blocking the synergies between the neurons. 

This improves the generalisation ability of the model and reduces the model's dependence on 

specific features.The main components and commonly used techniques of CNN models. In practice, 

the structure and parameters of the CNN model can be designed and adjusted according to the 

specific task and data situation to obtain better face recognition performance. 

4. Exploring the application of face recognition algorithms based on deep learning 

4.1. Experimental data set construction 

The method and process of data acquisition are described in detail, including the equipment and 

environment settings for acquiring face images. Then, describe the process of data labelling and the 

labelling criteria to ensure the quality and accuracy of the dataset. Discuss the methods and 

proportions of dividing the acquired dataset into training, validation and test sets. In addition, the 

steps of data preprocessing, such as image normalisation, noise removal and face alignment, are 

described to improve the robustness and accuracy of the algorithm. 

4.2. Performance evaluation indicators 

This section explains how to define and calculate the accuracy as the main metric for evaluating 

the performance of face recognition algorithms, and discusses its significance and limitations in 

practical applications, introduce receiver operating characteristic curve (ROC curve) and area under 

the curve (AUC) as metrics for assessing algorithm performance, explain their advantages in 

assessing algorithm performance and robustness at different thresholds, and show how to calculate 

and interpret ROC curves and AUC values. 

4.3. Experimental results and analyses 

This section experimentally validates the performance of deep learning-based face recognition 

algorithms in feature extraction, analyze the effects of different models, network structures and 

feature representations on recognition accuracy, and analyze the experimental results quantitatively 

and qualitatively. The performance of deep learning-based face recognition algorithms in the face 

matching phase needs to be evaluated and the accuracy and speed of the matching algorithm and 

compare the advantages and disadvantages with traditional algorithms also need to be discussed. 

4.4. Application of algorithms to real-world scenarios 

This section explores the application of deep learning based face recognition algorithms in 

security surveillance systems such as face recognition access control systems and video surveillance 

systems, discuss the accuracy, robustness and real-time performance of the algorithms in real-world 

scenarios, explore the application of deep learning-based face recognition algorithms in 

authentication systems such as mobile device unlocking and electronic payments, evaluate the 

accuracy and user experience of the algorithms in real-world applications and discuss their security 

and privacy protection issues. In this chapter, we will deeply explore the application of deep 

learning-based face recognition algorithms based on constructing experimental datasets and 

performance evaluation metrics. Through experimental results and analyses, we will evaluate the 

performance of the algorithms in face feature extraction and matching, and explore the effectiveness 

of the algorithms in real-world applications in security monitoring systems and identity 

authentication systems. This will provide an empirical basis for the discussion and outlook in the 
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subsequent chapters.5. Outlook on Algorithm Optimisation and Improvement. 

5. Model optimisation techniques 

Parameter optimisation is an important step in face recognition algorithms, where the parameters 

of the model are adjusted and optimised to improve the performance and effectiveness of the 

algorithm. In this section, we will introduce several common parameter optimisation methods in 

detail. 

Grid search is a simple and intuitive parameter optimisation method that evaluates the 

performance of each parameter combination by traversing all possible combinations in a given 

parameter space and selects the parameter combination with the best performance. Lattice search is 

suitable for cases where the parameter space is small and discrete, but the computational complexity 

is high when the parameter space is large. Stochastic search is a parameter optimisation method 

based on random sampling, whereby a set of parameter combinations are randomly sampled in the 

parameter space, their performance is evaluated, and the search space is updated for the next 

sampling. The advantages of stochastic search are that it can handle the case of large and 

continuous parameter space and has low computational complexity compared to grid search. The 

pruning algorithm is a parameter optimisation method used to reduce model complexity and 

increase computational efficiency. Pruning algorithms reduce the redundancy and computational 

effort of the model by cutting out unimportant parameters or connections, while maintaining the 

performance of the model. Commonly used pruning algorithms include L1 regularised pruning, 

structured pruning and iterative pruning. Adaptive learning rate is a parameter optimisation method 

for automatically adjusting the learning rate of a model to improve the convergence speed and 

performance of the model. Commonly used adaptive learning rate algorithms include Adagrad, 

RMSprop and Adam. These algorithms adaptively adjust the learning rate based on the gradient 

information of the parameters, allowing for better adaptation to different parameter updates during 

training. Regularisation is a parameter optimisation method used to control the complexity of the 

model and reduce the risk of overfitting. Commonly used regularisation methods include L1 

regularisation and L2 regularisation.L1 regularisation promotes model sparsification by adding the 

absolute value of the parameters to the loss function, while L2 regularisation promotes model 

weight decay by adding the square of the parameters to the loss function. In practice, the 

appropriate parameter optimisation method can be chosen according to the specific problem and 

data situation. The goal of parameter optimisation is to find the best combination of parameters in 

order to make the face recognition model have better performance and generalisation ability. 

6. Directions for Algorithmic Improvement 

Weakly supervised learning is a commonly used learning method in face recognition that uses 

training data with less labelled information to train models. Since labelling large-scale face datasets 

is a time-consuming and laborious task, weakly supervised learning can achieve good performance 

despite limited label information. The following are several common weakly supervised learning 

methods: unsupervised pre-training is a weakly supervised learning method that initialises model 

parameters by training on unlabelled data. Commonly used unsupervised pre-training methods 

include self-encoders and generative adversarial networks (GANs). With unsupervised pre-training, 

the model learns a latent representation of the data, providing better initialised parameters for 

subsequent supervised learning. Generative Adversarial Networks are a weakly supervised learning 

method that consists of a generator and a discriminator. The generator generates realistic face 

images by learning, while the discriminator provides feedback by distinguishing between generated 

and real images. Through this adversarial training approach, the generator can gradually improve 
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the quality of the generated images and learn the distributional features of the face images. Multi-

example learning is a weakly supervised learning method used to deal with the case where there are 

only image-level labels but no instance-level labels. In face recognition, an image usually contains 

multiple instances (faces), but the labels are given only for the whole image. Multi-instance learning 

trains a model for face recognition by splitting an image into multiple instances and applying 

image-level labels to each instance. Migration learning is a weakly supervised learning method that 

aids the current task by utilising models that have already been trained on other related tasks. In 

face recognition, pre-trained models, such as those trained on large-scale image classification tasks, 

can be used as feature extractors [6]. By freezing or fine-tuning the parameters of the pre-trained 

model, it can be migrated to the face recognition task to provide a better representation of the initial 

features. Weakly supervised learning methods can help to solve the problem of limited label 

information in face recognition and improve the performance and generalisation of the model. 

According to the specific data and task requirements, the selection of appropriate weakly supervised 

learning method can achieve better results. 

7. Conclusion 

In summary, this thesis comprehensively explores the optimisation and application exploration 

of face recognition algorithms based on deep learning. Through in-depth introduction of key 

technologies and methods, as well as outlook on practical applications and future development, this 

paper provides solid theoretical support and guidance for further improving the performance of face 

recognition algorithms and promoting their wide application in practical applications. With the 

continuous evolution of deep learning technology and the constant demand for face recognition 

applications, face recognition algorithms based on deep learning will continue to make important 

progress and show great potential and application value in many fields. 
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