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Abstract. This paper investigates the problem of improving the recognition accuracy of partially
occluded faces. We aim to insert the attention mechanism blocks into the FaceNet to improve its
recognition capability. FaceNet has excellent performance as a general-purpose face recognition
system. However, recognizing faces with incomplete facial features is a challenge for feature
extraction networks. To overcome this weakness and improve the recognition range of FaceNet,
this paper proposes to incorporate the attention mechanism in the feature extraction network so
that the attention of the model will be focused on the face features that are not occluded. The
addition of the attention mechanism makes the application scenario of FaceNet more flexible
and improves the anti-interference ability and robustness of the model. The results show that
FaceNet trained by non-specific target dataset can improve the performance after adding the
attention mechanism. In detail, the improvement in recognition for regular datasets is small.
Nevertheless, the performance of the model is significantly improved for certain datasets with
extreme conditions, such as face images with occlusions. In general, inserting the attention
mechanism blocks in FaceNet can improve its value and expand its usage environment.
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1. Introduction

Face recognition is a kind of biometric technology, which generally identifies people by collecting their
facial features. Face recognition system can automatically detect human face in the image, and then
perform further processing on the detected face, such as face tracking, face verification, face recognition
and face clustering. Face recognition has wide commercial value. In addition, after 30 years of research,
face recognition technology has become mature and stable. It is limited, however, by the conditions
imposed by a number of practical applications [1].

The World Health Organization declared a pandemic influenza state on March 12, 2020 due to the
hyper-transmissibility of syndrome coronavirus 2 (SARS-CoV-2) and the high lethality of COVID-19.
The countries of the world have so far suffered heavy losses in this global pandemic, including human
deaths, economic stagnation or even regression, and increased poverty [2]. In the global COVID-19
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pandemic environment, people have to wear masks to prevent the disease, especially in crowded public
places that include airports, hospitals, schools [3]. Face recognition is considered as a contactless and
non-invasive method of authentication which makes it safer in this situation [4]. But problems also arise.
Wearing a mask can have an impact on face recognition, for instance by reducing the accuracy of the
recognition, as the mask can obscure some of the facial features. On the other hand, removing the mask
for face recognition in this environment will undoubtedly increase the risk of infection.

Therefore, this paper considers that it is necessary to improve the accuracy of face recognition with
masks. We improve the recognition accuracy of FaceNet in extreme environments, such as when most
people are wearing masks, by inserting attention mechanism blocks into its feature extraction network.
This paper first describes the equipment and data set used to train the model. Then the experimental
method is described and the experimental results are presented.

2. The development of face recognition

Research on face recognition systems started in the 1960s, and improved after the 1980s with the
development of computer technology and optical imaging technology. However, it entered the primary
application stage in the late 1990s. The period from 1965 to 1990 was the initial stage of face recognition
research, which focused on face recognition methods based on Euclidean geometric features. The
research in this stage was ultimately limited by theory and had few practical applications. The period
from 1991 to 1997 was an active period of face recognition research. During this period the famous and
important Eigenface method was proposed by Turk and Pentland at MIT, which uses the statistical
principal component analysis (PCA) method [5]. Brunelli and Poggio in 1992 compared structural
feature-based and template-matching-based methods and determined that the latter was superior to the
former. Since 1998, researchers started to investigate for face recognition under non-ideal conditions.
Multi-conditional problems such as consideration of lighting and pose were also introduced, and 3D
model-based face modeling and recognition methods emerged.

With the development of deep learning, face detection technology based on deep learning has
achieved great success in recent years [6]. During this period, excellent face recognition models have
been continuously proposed, such as DeepFace, FaceNet, DeeplD, which make face recognition
increasingly correct and faster, and also continue to work in unrestricted environments. As one of the
most successful applications in the field of image analysis and computer vision, face recognition
technology has received attention from business, industry, law and government, and continues to work
with different industries [7].

3. FaceNet and CBAM

We wish to train a model that can be used in an unconstrained environment, so FaceNet is chosen. The
FaceNet is a face recognition system that can choose the type of embedded CNN neural network to map
face images to a 128-dimensional Euclidean space and judge the degree of similarity based on the
Euclidean distance of two face photos. The performance of FaceNet is excellent. The model trained with
8 million people and over 200 million photos achieved an accuracy of 99.63% tested on the LFW dataset
and 95.12% on the YouTube Faces DB dataset [8]. However, we learned from our tests that the
Euclidean distance between the new image and the original image increases after covering the face photo
with some occlusions, such as a mask. When different photos of the same person are masked, the
Euclidean distance between some of the images will exceed the threshold, which will lead to recognition
errors. In extreme environments, such as when everyone wears a mask, the recognition correct rate drops
dramatically.

Convolutional Block Attention Module (CBAM) represents the attention mechanism module of the
convolutional module. The overview of CBAM is shown in Figure 1. Compared with SENet, CBAM
adds the spatial attention mechanism module, while SENet only focuses on the channel attention
mechanism [9]. CBAM is chosen in this paper due to its better performance.
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Figure 1. The overview of CBAM [9].

4. The dataset

To adequately test the model performance, several datasets are used for training and testing in this paper.
The CASIA-WebFace dataset is chosen as the training set in order to implement the model training
process. Because it has a large enough amount of data to ensure the completeness of the model training
process. The Labeled Faces in the Wild (LFW) dataset and the Face Mask Lite Dataset are chosen for
the test set.

LFW provides images of faces from natural scenes in life that are difficult to recognize due to many
factors such as pose, lighting, expression, age, and occlusion. Even for the same person, different photos
in the dataset can be very different. Sometimes there are distracting factors in the photos, or even more
than one face. Figure 2 shows some of the images in LFW dataset. The processing of this dataset is very
complete, and the images are classified and have specific names. Each image is 250 <250 and most of
them are in color, but there are still some black and white images mixed in. In summary, the LFW dataset
is widely used for its good attribute and classification processing, and the performance of the model is
highly demanded.

Figure 2. Some images in LFW dataset [10].
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The Face Mask Lite Dataset is a simulated face mask dataset that is used to simulate the performance
of the model in extreme environments. The authors of this dataset used Style GAN-2 to generate masks
at the right locations in 10,000 different face photos and placed the original photos and the generated
photos in two separate folders [11]. Figure 3 shows some of the images in this dataset. We used MTCNN
to crop the Face Mask Lite Dataset to obtain our test set, denoted as STD. The effect of the attention
mechanism on the model recognition ability can be obtained by comparing the performance of different
models on the two test sets.

Figure 3. Some images in Face Mask Lite Dataset [11].

5. Experimental results

We wish to obtain the relationship between attention mechanisms and face recognition models. This
paper designs two sets of scenarios and control the models to run different training sets to evaluate their
performance. As a model trained by two experimental groups separately, we can also ensure that the
final optimized solution is repeatable and not a result of chance.

This paper separately tested the performance of the model trained by the original FaceNet and the
model trained by the FaceNet with the attention mechanism on the LFW test. Figure 4 shows the
overview of the original network structure and the network structure with CBAM. On the left is the
original InceptionResnetV1 structure, and on the right is the InceptionResnetV1 structure with the
CBAM added. The attention mechanism is added behind the stem layer and Inception Resnet C layer.
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Figure 4. Overview of the original network structure and the network structure with CBAM.

We selected different test sets for the model to test its performance. Table 1 shows the test results of
the two models on LFW. The original model trained by FaceNet achieves 97.54% correctness on LFW.
Meanwhile, the model trained by FaceNet with the attention mechanism achieves 97.56% correctness
on LFW. This shows that the attention mechanism does not improve the general recognition much. Then
we separately tested the performance of the model trained by the original FaceNet and the model trained
by the FaceNet with the attention mechanism on the STD test set.

Tablel. Test results of the two models on LFW.

Model Backbone Network Traning Set Test Set Accuracy

Ordinary FaceNet Inception Resnet V1 CASIA WebFace LFW 97.54%

FaceNet with Attention Inception Resnet V1~ CASIA WebFace ~ LFW 97.56%
Mechanism

Table 2 shows the test results of the two models on STD. The original model trained by FaceNet
achieves 81.34% correctness on STD. Meanwhile, the model trained by FaceNet with the attention
mechanism achieves 93.71% correctness on STD. In this round of experiments, it can be concluded that
inserting the attention mechanism in FaceNet can improve the performance on the STD dataset.
Nevertheless, the accuracy of the model cannot reach the accuracy on LFW. The attentional mechanism
has limited enhancement to the model.

Table2. Test results of the two models on STD.

Model Backbone Network Traning Set Test Set Accuracy
Ordinary FaceNet Inception Resnet V1 CASIA WebFace STD 81.34%
FaceNet with Attention Inception Resnet V1~ CASIA WebFace  STD 93.71%
Mechanism
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6. Conclusion

In summary, this paper argued that the attention mechanism is a plug-and-play module that can improve
the performance of the original model. Inserting the attention mechanism module into FaceNet can
improve the recognition of obscured faces. Meanwhile, the improvement in the ability to recognize
regular datasets by inserting the attention mechanism into the model is minimal. In contrast, the
enhancement of the ability of the attention mechanism for models dealing with data sets of extreme
environments, such as recognizing a large number of occluded face images, is significant. Nevertheless,
we found using datasets from general recognition environments to train models, the attention mechanism
has very limited enhancements to the models. Future research should consider the potential effects of
training sets more carefully, for example, creating a dataset containing a large number of faces with
masks in daily and frontal states for training and testing the model.
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