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The advent of deep learning and convolutional neural networks, in conjunction
with the unremitting expansion and refinement of face recognition datasets, has
precipitated a substantial advancement in face recognition technology based on
convolutional neural networks. Nevertheless, in real-world implementation sce-
narios, numerous disadvantages persist in the deployment of facial recognition
technology. The present study focuses on the research of face recognition algo-
rithms based on lightweight convolutional neural networks. A thorough analysis
of prevalent facial recognition architectures is conducted, encompassing an ex-
amination of numerous network models. The integration of diverse network mod-
els strengths is achieved to engineer a lightweight network, designated as
Mobi-FaceNeXt, for the purpose of facial feature extraction. While ensuring the
accuracy of face recognition, efforts are made to minimize network parameters
and computational load. This makes the algorithm deployable on general embed-
ded platforms and devices with limited computing and storage resources. This
has significant practical engineering implications. In the research, a joint loss
function of MagFace Loss and Center Loss is used for training, and the pro-
cessed MS-Celeb-1M dataset is utilized to enhance the learning ability of the
deep face recognition model for facial features. Depth-wise separable convolu-
tion is employed to reduce parameters and computations, and the algorithm is
optimized to enhance the network processing speed, thereby facilitating the ex-
traction of facial feature information. The experimental results demonstrate that
the Mobi-FaceNeXt model can achieve a superior level of face recognition accu-
racy while maintaining a low level of network computations and parameters. The
technology in question has the capacity to satisfy the requirements of embedded
devices and to extract facial feature information with greater efficiency. This
suggests a broad range of potential applications.
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Introduction

Since the 1970’s, face recognition technology has emerged as one of the most inten-
sively studied topics in the fields of computer vision and biometrics [1]. Initially, methods
grounded in facial feature point geometric analysis were predominantly employed. These ear-
ly approaches relied on measuring the distances and angles between key facial landmarks,
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such as the eyes, nose, and mouth, to identify individuals. However, they faced limitations in
handling variations in facial expressions, lighting conditions, and pose [2].

Subsequently, subspace-based methods came into the spotlight. These techniques,
like principal component analysis (PCA), aimed to project high dimensional facial data onto a
lower dimensional subspace, reducing data complexity while retaining the most discrimina-
tive features. By representing faces as vectors in this subspace, recognition became more
manageable. However, they still struggled to capture fine-grained local details [3].

Later, methods based on local features gained popularity. For instance, the local
binary pattern (LBP) method focused on extracting local texture information from facial im-
ages. It described the local structure of pixels by comparing the intensity of a central pixel
with its neighbors, which was effective in capturing local patterns but might lack global
context [4].

Finally, a hybrid approach emerged, combining the strengths of subspace-based and
feature-based methods [5]. This approach first used feature-based methods (such as LBP) to
extract local features and then employed subspace methods (like PCA) to project and obtain
low dimensional, discriminative features. This combination improved recognition perfor-
mance to some extent by leveraging both local and global information [6].

In the 1980’s, researchers started to integrate deep learning technology into the faci-
al recognition technology system [7]. Deep learning models, especially neural networks, have
the ability to automatically learn hierarchical features from data. They can extract complex
and abstract features from facial images, which helps in solving many difficulties encountered
in facial recognition tasks, such as dealing with large - scale datasets, complex facial varia-
tions, and occlusion [8].

In recent years, with the rapid development of convolutional neural networks (CNN)
and the availability of large scale facial datasets, significant progress has been made in the re-
search of face recognition algorithms based on lightweight CNN. These lightweight networks
are designed to have fewer parameters and lower computational complexity while maintaining
high recognition accuracy [9]. They have been widely applied in various real life scenarios,
including security systems, access control, and mobile device unlocking. However, challenges
still remain, such as achieving a better balance between accuracy, parameter count, and com-
putational complexity, especially when deploying these algorithms on resource constrained
devices like embedded systems. This has spurred further research in this area, and this paper
aims to contribute to this effort by proposing an improved lightweight face recognition algo-
rithm [10].

Research significance

The remarkable advancements in deep learning and CNN have led to the widespread
adoption of facial recognition technology based on these networks in numerous institutions
worldwide. The prevailing practice entails the utilization of pre-trained models on cloud serv-
ers [11]. These systems rely on cloud computing for processing, utilize communication net-
works for information transmission, and execute face recognition model computations and
comparisons on the servers. This approach has been instrumental in facilitating high-accuracy
face recognition in numerous applications.

Nevertheless, several challenges persist. The network model parameters are fre-
quently substantial, and the computational complexity is high. This necessitates substantial
hardware resources for operation, yet concomitantly engenders issues such as elevated latency
during processing and the potential for security vulnerabilities during data transmission. In
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scenarios necessitating real-time face recognition, such as in certain access control systems,
the substantial computational demands can result in authentication delays, thereby impacting
the user experience. Furthermore, in contexts characterized by limited resources, such as em-
bedded devices, the substantial model size and elevated computational demands impede the
effective implementation of face recognition technologies. Embedded devices generally pos-
sess constrained memory and computing capabilities. Consequently, executing extensive
CNN models on these devices can result in performance impediments or even system failures.

The present article puts forth a series of algorithmic enhancements intended to ame-
liorate the limitations of embedded hardware devices. These enhancements are designed to
achieve a more optimal balance among three key metrics: accuracy, parameter count, and
computational complexity. By reducing the model parameter size and computational require-
ments without a significant loss in accuracy, the proposed algorithms can enhance the effi-
ciency of face recognition on embedded devices. This will enable seamless integration of face
recognition technology into a wider range of applications, such as smart home devices, wear-
able devices, and surveillance cameras with limited resources. The development of intelligent
and efficient security systems will be further advanced by this technology, which will enable
real-time and accurate face recognition on devices with restricted capabilities. The objective
of this study is to surmount the computational challenges associated with face recognition in
scenarios where resources are limited. This endeavor will facilitate the advancement and ex-
pansion of face recognition technology.

Research innovation points

The present paper expounds on several innovative aspects in the research of light-
weight face recognition algorithms.

Firstly, with regard to network architecture, an exhaustive analysis of prevalent face
recognition architectures is conducted. A thorough examination of various network models,
including MobileNet and Mobi-FaceNeXt, has been conducted. This examination involved
the integration of the strengths of multiple networks, with particular emphasis on concepts de-
rived from advanced architectures such as Swin Transformer in the domain of computer vi-
sion. As a result of this research, a novel lightweight neural network has been developed. This
network, named MobiFaceNeXt, has been designed for the extraction of facial features [12].
This novel network incorporates a bottleneck structure analogous to that observed in
MobileNetV2 and Mobi-FaceNeXt, a design choice that facilitates the preservation of more
information features during the extraction process. Concurrently, it implements a rapid down-
sampling strategy at the inception of the network and a dimensionality reduction strategy in
subsequent convolutional layers. These strategies effectively reduce the computational com-
plexity of the network while maintaining the ability to extract discriminative facial features,
rendering it more suitable for deployment on devices with limited resources.

Secondly, regarding the loss function, it innovatively uses a joint loss function com-
posed of MagFace Loss and Center Loss [13]. ArcFace Loss, a commonly used loss function
in face recognition, has certain limitations. Its fixed angle margin penalty coefficient, m, may
lead to an unstable intra-class structure in practical applications. In contrast, MagFace Loss
improves face recognition performance by considering the quality of face images, which is
represented by the L2 norm size (modulus length) of the face feature vector [14]. MagFace
Loss not only widens the inter-class spacing but also optimizes the intra-class distribution
structure. By combining it with Center Loss, which calculates the distance between each sam-
ple and the center of its corresponding category to make the feature representation more com-
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pact and categories more separable, the proposed joint loss function can achieve a better train-
ing effect [15]. It can bring easily recognizable simple samples closer to the center of the
class, push difficult to recognize samples away from the center, and at the same time, make
the intra-class distribution more compact while maintaining a good inter-class distance [16].

Finally, in the training process, the paper uses a processed MS-Celeb-1M dataset to
train the deep face recognition model. This dataset enhancement method can improve the
model ability to learn diverse facial features, making the model more robust and accurate in
face recognition tasks [17]. Additionally, depth-wise separable convolution is utilized to sig-
nificantly reduce network parameters and computational load. At the same time, algorithm
optimization techniques are applied to further improve the network processing speed, ena-
bling more efficient extraction of facial feature information. These combined innovations in
network architecture, loss function, and training process contribute to the development of a
more efficient and practical lightweight face recognition algorithm [18].

Network architecture design

In regard to the face recognition task, the present study proposes
an optimization and design of lightweight neural networks, leveraging
@1 1 the MobileNet series and Mobi-FaceNeXt networks as a foundation.

The objective is to integrate the merits of current lightweight networks
PreLU in the computer vision field, such as the Swin Transformer, to create a

@E ;:ustomized lightweight neural network for facial feature extraction
asks.

PReLU The inverse residual structure, a fundamental component of both

MobileNetV2 and Mobi-FaceNeXt, is subjected to rigorous analysis.

@U As illustrated in fig. 1, this structure comprises a sequence of opera-

tions, beginning with a 1 x 1 convolution (Conv 1 x 1), followed by a
C) 3 x 3 depth-wise separable convolution (Dwise 3 x 3), and concluding
with an additional 1 x 1 convolution (Conv 1 x 1). This sequence is
then followed by the PReLU activation function in both MobileNetV2
Figure 1. MobileNetV2  gnd Mobi-FaceNeXt, though it should be noted that alternative activa-
?r?\i:\t/'e?jb'rgﬁgﬁa'ﬂ“t tion functions may be employed in other components of the network.
structure The inverse residual structure is of particular importance, as it enables

the preservation of additional information features. This preservation
is instrumental in maintaining the model performance, ensuring its robustness and facilitating
enhanced adaptation to depth-wise separable convolutions. The utilization of this configura-
tion enables the network to concurrently fulfill two primary objectives: the reduction of both
parameter and computational complexity, while concurrently achieving effective feature ex-
traction.

In the design of the Mobi-FaceNeXt network, a similar bottleneck structure is adopt-
ed. This configuration functions as a fundamental component of the network, enabling the ef-
fective extraction of features. In the nascent stage of the Mobi-FaceNeXt network, a rapid
down-sampling strategy is implemented. This strategy expeditiously diminishes the magni-
tude of the input feature maps. This approach has been demonstrated to markedly reduce the
computational complexity of subsequent convolutional layers. For instance, if the input fea-
ture map possesses a substantial spatial size, reducing it at an early stage results in subsequent
convolutions operating on reduced data volumes, thereby necessitating a reduced number of
calculations.
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In the subsequent convolutional layers, a dimensionality reduction strategy is em-
ployed. This strategy further reduces the computational and parameter complexity of the net-
work. By reducing the number of channels or dimensions in the feature maps at specific stag-
es, the network can maintain a high level of performance while utilizing fewer resources. The
integration of a bottleneck structure, rapid down-sampling, and dimensionality reduction
strategies within the Mobi-FaceNeXt network design renders it an effective lightweight archi-
tecture for facial feature extraction.

With regard to the activation function, the PReLU activation function is selected.
The PReLU activation function can be regarded as an optimized version of the ReL U activa-
tion function [19]. A comparison of the ReL U function and the PReLU activation function re-
veals that the latter adds minimal parameters to the model. This approach effectively mitigates
the risk of overfitting, thereby enhancing the generalizability and reliability of the model. In
the context of a neural network, the phenomenon of overfitting arises when the model exhibits
excessive reliance on the training data, including extraneous variations, resulting in subopti-
mal performance when applied to novel data. The PReLU function has been developed to ad-
dress this issue by enabling the network to learn a more flexible activation pattern. It has the
capacity to adaptively adjust the slope of the activation function for different neurons, thereby
enhancing the network model ability to fit the data. This property renders the system highly
suitable for lightweight neural networks, as it does not compromise the accuracy of model
calculations [20].

It has been demonstrated that both MobileNetV2 and Mobi-FaceNeXt employ the
same inverted residual structure (with different activation functions). This results in the
preservation of more information features, ensuring model performance and facilitating better
adaptation to depth-wise separable convolutions. The objective is to attain a reduction in pa-
rameter and computational complexity while concurrently accomplishing the extraction of
features. The Mobi-FaceNeXt network, as delineated in this paper, employs a bottleneck
structure that is analogous to the one described. Furthermore, Mobi-FaceNeXt implements a
rapid down-sampling strategy during the initial phase of the network to expeditiously reduce
the dimensionality of the input feature maps. This reduction in computational complexity is a
key aspect of the subsequent convolutional layers. Concurrently, the implementation of a di-
mensionality reduction strategy in the subsequent convolutional layers has been demonstrated
to further mitigate the computational and parameter complexity of the network [21].

Joint loss function design

In the domain of deep learning for facial feature extraction, the selection of loss
function has been shown to have a substantial impact on model performance. ArcFace Loss is
a prevalent loss function in the field of face recognition. The subject has been deemed to be of
significant value due to its simplicity in implementation and its effectiveness in enhancing
both intra-class compactness and interclass differentiation. However, a notable shortcoming
of ArcFace Loss lies in its reliance on a fixed angle margin penalty coefficient, m. In practical
scenarios, the quality of facial images in the training set can vary significantly, and the fixed
m value may not be optimal for all image qualities. Consequently, this phenomenon can result
in a chaotic intra-class distribution structure in the classification results, thereby undermining
the stability of the intra-class structure [22].

To address this issue, the present paper introduces the MagFace Loss function.
MagFace Loss incorporates the quality of facial images into the training process. In the con-
text of a face recognition network, the feature vector of a face is extracted, and the L2 norm
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size (the modulus length of the feature vector) can be employed to represent the quality of the
face image. Intuitively, a larger modulus length of the feature vector corresponds to a higher
quality face image, which is typically easier to recognize. MagFace Loss has been demon-
strated to achieve two primary objectives. Firstly, it has been shown to expand the interclass
spacing. Secondly, it has been demonstrated to optimize the intragroup distribution structure.
These effects are achieved by leveraging the concept of the modulus length of the face image
feature vector [23].

Mathematically, MagFace Loss is an improvement upon ArcFace Loss. It introduces
the feature modulus length, a;, an adaptive angular margin penalty, m(«i), based on the modu-
lus length, and a penalty function, g(e), to limit larger feature modulus lengths. The formula
for MagFace Loss is:

1N eS{COS[ﬁyﬁm(in n
LMagFace = _Né log es{cos[é’yi+m(0zi)]} n Z @500s(9)) + ﬂ‘gg(ai) 1)
i#Y:

For facial image samples, there is a direct relationship between the feature modulus
length, «;, and the angular margin penalty, m(ei). A larger ai implies a larger m(a), and vice
versa. Due to the presence of the angular margin penalty, m(ai), when ;i is smaller, cos[6; +
m(ei)] becomes larger. This effectively pulls low-quality facial images towards the intra-class
boundary. Additionally, g(ai) is defined as a monotonic decreasing function with respect to
the feature module length «;. This function pushes each sample towards the boundary of the
feasible domain and guides high-quality facial images towards the center within the class.

Another important loss function in the context of face recognition is Center Loss.
The working principle of Center Loss is to compute the distance between each sample and the
center of its corresponding category. By adjusting the feature representation of the model
based on these distances, Center Loss makes the feature representation more compact, which
in turn enhances the separability of different categories.

In this paper, a new joint loss function, L, is formulated by combining MagFace
Loss and Center Loss:

L= LMagFace+ AL Center=

1N o steosld, +m(a)]} AN 2
=—=%10 +Ag9(e) |+ 2% -C 2
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where A is the weighting factor. The first part of the new joint loss function, which is the
MagFace Loss, analyzes the quality of pictures based on the modulus length of their feature
vectors. It brings easily recognizable simple samples closer to the center of the class and
pushes difficult-to-recognize samples away from the center, thereby maintaining a favorable
intra-class distribution structure. The second part, which is the Center Loss, is used for joint
training. It reduces the distance between edge samples and the center of the class, making the
intra-class distribution more compact. By using this joint loss function, the model can achieve
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a more compact intra-class distribution while maintaining a good intra-class distance, thus
improving the overall performance of the face recognition algorithm [24].

Experiment and result analysis

Experimental environment

The main hardware equipment for the experiments in this paper includes the CPU of
Intel 19-13900K, the graphics card of NVIDIA RTX4080S 16G. The software platforms are
CUDA 11.1 and PyTorch 1.6.0. The Face recognition algorithm model is the Mobi-FaceNeXt
model.

Experimental results and analysis

Comparison of loss functions

The joint loss function proposed in this article involves preset values of weighting
factors, A. Referring to the conclusion obtained from the Center Loss experiment. The preset
values are 1, 0.1, 0.05, 0.01, 0.005, and 0.001. The model is Mobi-FaceNeXt. Training is car-
ried out respectively. The accuracy rates of the three datasets are analyzed to obtain a better
weighting factor. Due to the results of LFW are relatively saturated and the differences are not
significant. The CFP-FP and AgeDB-30 are selected for comparison. At the same time, in the
selection of the loss function. Two commonly used loss functions for face recognition as
ArcFace Loss and AdaCos Loss are compared [25]. The experimental results as shown in
tab. 1 are obtained.

Table 1. Comparison table of experimental results between different 4 values of
the joint loss function and commonly used loss functions

Loss Function A LFW [%] CFP-FP [%] AgeDB-30 [%]
Joint loss function 1 99.69 95.42 96.69
Joint loss function 0.1 99.74 95.35 96.74
Joint loss function 0.05 99.75 95.28 96.55
Joint loss function 0.01 99.74 95.66 96.77
Joint loss function 0.005 99.74 95.33 96.64
Joint loss function 0.001 99.69 95.36 96.73

MagFace Loss 0 99.69 93.91 96.52

ArcFace Loss - 99.64 93.33 96.19

AdaCos Loss - 99.72 94.92 95.97

The data indicates that when using the joint loss function proposed in this paper,
Mobi-FaceNeXt has the best effect. When the weight parameter A = 0.01, the model achieves
the optimal value in the CFP-FP and AgeDB-30 datasets. At the same time, it can be found
that the accuracy rate of MagFace Loss is lower than that of the joint loss function. It is
strongly confirming the validity and rationality of the joint loss function proposed in this arti-
cle. Through comparing the experimental data, when the weight parameter A = 0.01 the train-
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ing effect is the best. Therefore, this weight parameter value will be used in all subsequent
experiments [26].
Comparison of lightweight face recognition algorithms

The Mobi-FaceNeXt proposed in this article is evaluated based on three commonly
used public datasets: LFW, CFP-FP, and AgeDB-30. The result data of the recognition accu-
racy compared with other lightweight face recognition algorithms are shown in tab. 2.

Table 2. Comparison table of accuracy rates of lightweight face recognition algorithm models

Model LFW [%] CFP-FP [%] | AgeDB-30 [%] FLOP Params
Mobi-FaceNeXt 99.54 91.66 96.05 231.3M 2.2M
LMobileNetE 99.52 88.52 96.08 - 27.7TM
ShuffleFaceNet 99.44 95.09 95.15 276.8M 2.4M
MixFaceNet-S 99.62 94.63 96.65 452.7M 4.07M
Seesaw - shuffleFaceNet 99.69 93.09 96.49 155M 3.8M
Mobi-FaceNeXt 99.74 95.66 96.77 232.5M 2.43M

The experimental data demonstrate that the Mobi-FaceNeXt model proposed in this
paper exhibits superior recognition accuracy on the three datasets in comparison to other
models. This finding suggests that the accuracy and robustness of this model have improved
in comparison to other algorithm models. A comparison of the model computational complex-
ity with that of Mobi-FaceNeXt reveals that it remains essentially constant, exhibiting only a
marginal increase of 0.23M in parameter count. Nevertheless, the accuracy rates on the LFW,
CFP-FP, and AgeDB-30 datasets have shown an increase of 0.2%, 4%, and 0.72%, respec-
tively. This outcome serves to reinforce the efficacy of the Mobi-FaceNeXt facial recognition
algorithm model.

Conclusions

This research contributes to the field by building upon the extant literature of
lightweight facial recognition algorithm models, including those in the MobileNet series. The
development of a lightweight facial recognition algorithm neural network, designated as
Mobi-FaceNeXt, was achieved through a meticulous process of optimization and design of
the algorithm model. This network was meticulously engineered for the specific purpose of
facial feature extraction, representing a significant advancement in the field.

The integration of the joint loss function, which incorporates MagFace Loss and
Center Loss, signifies a substantial advancement in the field. This combination effectively en-
hances the training effect of the face recognition algorithm neural network. The model effica-
cy in capturing and distinguishing facial features is enhanced by the integration of two loss
functions: MagFace Loss, which prioritizes the quality of face images, and Center Loss,
which emphasizes minimizing the distance between samples and their class centers. This ap-
proach has been demonstrated to yield a more stable and accurate classification performance.

The lightweight neural network Mobi-FaceNeXt, in conjunction with the designed
loss function, has undergone extensive training and testing on public datasets. The experi-
mental results are highly promising. The Mobi-FaceNeXt model exemplifies the capacity to
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sustain a modest volume of network computation and parameters. This is a pivotal benefit,
particularly when contemplating its implementation on devices characterized by limited re-
sources, such as embedded systems. Despite its lightweight nature, the model demonstrates a
noteworthy level of face recognition accuracy. The efficacy of the proposed algorithm was
demonstrated through its superior performance in comparison to numerous existing light-
weight face recognition algorithms on several widely used datasets, including LFW, CFP-FP,
and AgeDB-30. This finding suggests that the model demonstrates a high degree of accuracy
and robustness, rendering it suitable for a broad spectrum of real-world applications [27].

In practical terms, the Mobi-FaceNeXt model has the capacity to meet the specific
needs of embedded devices. The technology under discussion has been demonstrated to facili-
tate the extraction of facial feature information with greater efficiency. This capacity is of crit-
ical importance for a variety of applications, including real-time face recognition in surveil-
lance systems, access control in smart buildings, and user authentication in mobile devices.
The model favorable balance between computational requirements and recognition accuracy
suggests broad application prospects in the fields of security, smart home, and mobile compu-
ting. It is anticipated that this technology will contribute to the advancement and dissemina-
tion of face recognition technology in contexts where resources are limited, thereby facilitat-
ing more convenient and secure user experiences.

In summary, the present study offers a significant contribution to the realm of
lightweight face recognition algorithms. The Mobi-FaceNeXt model provides a pragmatic so-
lution to the challenges encountered in real-world applications. Subsequent research endeav-
ors may concentrate on the further refinement of the model to accommodate increasingly in-
tricate scenarios, such as the management of extreme lighting conditions, occlusions, and ex-
tensive data sets with greater efficacy.

When considering the broader context of engineering research, recent advancements
in various fields have provided valuable insights for the further development of lightweight
face recognition algorithms. For instance, the ResNet neural network has been demonstrated
to possess a high degree of efficacy in the multi-objective prediction and optimization of ve-
hicle acoustic packages [28]. This finding serves to illustrate the potential of neural networks
in the domain of complex optimization problems. The concept of multi-objective optimization
has the potential to be integrated into the refinement of the Mobi-FaceNeXt model. Subse-
guent research endeavors may entail the exploration of methodologies for the concurrent op-
timization of multiple dimensions of the model, including recognition speed, accuracy, and
energy consumption. This multifaceted approach aims to enhance the model adaptability to
diverse application scenarios.

The identification of structural damage [29] underscores the necessity of addressing
noise and uncertainties in data. In the domain of face recognition, analogous challenges
emerge, particularly when dealing with real-world data influenced by factors such as subop-
timal lighting conditions, occlusions, and variations in image quality. The methodologies de-
veloped in this research for handling noise can inspire new approaches to enhance the robust-
ness of the Mobi-FaceNeXt model in challenging environments.

As demonstrated in the following case study, the use of 3-D printed concrete [30]
underscores the importance of incorporating diverse load conditions into the structural design
process. In the context of face recognition, it is imperative that the model demonstrate capaci-
ty to accommodate varied loads or input variations, encompassing diverse facial expressions,
poses, and age demographics. The notion of examining mechanical behavior and strength un-
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der various loads can be conceptualized as the study of how the Mobi-FaceNeXt model per-
forms under different data distributions and environmental conditions.

Subsequent research endeavors may concentrate on the further refinement of the
Mobi-FaceNeXt model to accommodate increasingly intricate scenarios. This includes the de-
velopment of more effective strategies for managing extreme lighting conditions, such as lev-
eraging techniques from image enhancement and normalization. To address the issue of oc-
clusions, methods inspired by object detection and segmentation could be incorporated to
identify and compensate for occluded regions during the recognition process. In the context of
extensive data sets, methodologies derived from data mining and distributed computing—
comparable to those employed in other large-scale engineering analyses—can be employed to
enhance the model training efficiency and its capacity for generalization. By leveraging the
extant research achievements in related engineering fields, the lightweight face recognition
technology is expected to achieve more significant breakthroughs and have a broader range of
applications in the future.
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