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Abstract: Large-scale facial expression datasets are primarily composed of real-world facial expres-
sions. Expression occlusion and large-angle faces are two important problems affecting the accuracy
of expression recognition. Moreover, because facial expression data in natural scenes commonly
follow a long-tailed distribution, trained models tend to recognize the majority classes while recogniz-
ing the minority classes with low accuracies. To improve the robustness and accuracy of expression
recognition networks in an uncontrolled environment, this paper proposes an efficient network
structure based on an attention mechanism that fuses global and local features (AM-FGL). We use a
channel spatial model and local feature convolutional neural networks to perceive the global and
local features of the human face, respectively. Because the distribution of real-world scene field
expression datasets commonly follows a long-tail distribution, where neutral and happy expressions
account for the tail expressions, a trained model exhibits low recognition accuracy for tail expressions
such as fear and disgust. CutMix is a novel data enhancement method proposed in other fields; thus,
based on the CutMix concept, a simple and effective data-balancing method is proposed (BC-EDB).
The key idea is to paste key pixels (around eyes, mouths, and noses), which reduces the influence of
overfitting. Our proposed method is more focused on the recognition of tail expression, occluded
expression, and large-angle faces, and we achieved the most advanced results in occlusion-RAF-DB,
30◦ pose-RAF-DB, and 45◦ pose-RAF-DB with accuracies of 86.96%, 89.74%, and 88.53%.

Keywords: expression recognition; attention mechanism; long-tailed distributions

1. Introduction

Facial expressions play a vital role in communication, and the automatic recognition of
facial expressions is crucial in various fields. In the field of human–computer interaction, an
environment adaptation system that detects a user’s emotional state can be developed: for
example, an intelligent classroom system that helps teachers identify and address students’
emotional states while also fostering a positive learning environment [1]. In the medical
field, pain detection is used to detect the progress of patients. Facial expression recognition
is also frequently used in the field of intelligent driving to help detect whether a driver is
sleepy or inattentive. Six basic expressions and neutral expressions are proposed according
to psychological research [2], and the facial emotion recognition (FER) task is for classifying
the input face image into seven categories: disgust, anger, happiness, fear, surprise, sadness,
and neutral. Currently, the accuracy of the FER task in the laboratory scene significantly
improved [3,4]. The faces in datasets in the laboratory scene face the camera with clear
expressions, balanced lighting, and correct labels. However, the expression recognition of
datasets containing large-scale real-world scenes faces significant difficulties. The main
difficulties come from the occlusion of real faces and uneven facial postures; the data
distribution is unbalanced, and the trained model is biased toward recognizing the majority
class, whereas the recognition accuracy rate for the minority class is very low. The key
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challenge is figuring out how to share visual knowledge between the head class and tail
class and how to reduce confusion between the tail and head classes [5].

Problems such as occlusion and large-angle faces affect the expression recognition
of real-world scenes [6,7], as shown in Figure 1. Deep learning has the potential to judge
the current emotional state using facial data or even just by extracting information from
the eyes [8]. To recognize the facial expression under occlusion, some researchers divide
the face into different modules, giving high weights to the occluded module and low
weights to the unobstructed module [9], enabling the trained model to focus on identifying
the unobstructed module. In addition, some researchers use three-dimensional (3D) face
models to extract human face information [10]. Generally, 3D face models can only use
a single image to obtain the coordinate information of the key points of the face and
recognize the facial expression state of adverse factors such as light scattering to obtain
more abundant facial skeleton information, thereby obtaining good results. Some 3D
models also use a generative adversarial network (GAN) to repair some image data that do
not exist in two-dimensional (2D) space [11]. However, the former will increase the model’s
complexity and training time and make it difficult to converge. For large-scale expression
recognition, some researchers used the model framework of federated learning [12], which
uses a few labeled personal facial expression data samples to train the local model in each
training round and aggregates all local model weights in the central server to obtain the
global optimal model, which is the pioneering work in the few-shot task of facial expression
recognition. Some researchers use the idea of a facial expression action unit [13] to learn
the generated action mask [14]. First, they use the average difference between the neutral
face and the corresponding expression face as the training guide and combine the prior
domain knowledge. Some researchers, considering the uncertainty of fuzzy expression
labels [15–17], adopt distributed labels or suppress the expression of uncertain labels to
improve the accuracy of large-scale expression recognition [18]. However, some researchers
proposed a new feature decomposition and reconstruction learning method for effective
facial expression recognition [19]. They regard expression information as a combination
of shared information about different expressions and unique information about each
expression. Our proposed method is based on the lightweight shuffleNet V2 network [20],
a model with fewer parameters and faster training; we use the attention mechanism to fuse
the local and global feature information of the face (AM-FGL). The local feature information
is primarily for face occlusion and large-angle faces; global feature information can obtain
rich face information and improve recognition accuracies.

Figure 1. A large-scale facial expression dataset. In the real scene, the location of the face is not fixed.
Some faces are at the center of the picture, and some are at the corner of the picture; the pose of
the face is uncertain, including 30◦, 45◦, and 90◦ faces. Some faces are blocked, some facial features
cannot be seen, and the image is unclear, making facial expression recognition difficult.
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Real-world datasets are typically highly imbalanced [21], they have a long-tail dis-
tribution [22] and contain very few minority class data points and many majority class
data points. For example, the numbers of neutral and happy expressions occupy the vast
majority, whereas the proportion of expressions such as fear and disgust is very small, as
shown in the two most commonly used large-scale facial expression datasets in Figure 2.
Existing methods for solving such problems are oversampling and undersampling. Over-
sampling refers to the repeated sampling of a minority class to generate more minority
class labels; however, this method lacks rich minority class context information, which can
easily cause overfitting [23], and degrades the generalization ability of the classifier [24]
because repeatedly chosen samples lack diversity but have highly similar image contexts.
Undersampling is aimed at the majority class, ignoring part of the data according to the
sample distribution. Although this method has no overfitting problem, many sample data
points are ignored, making it difficult for the model to be fully trained [25]. We propose
a novel minority class oversampling method, BC-EDB, for augmenting diverse minority
class samples by pasting the key features of the face of the minority class such, as fear,
into the rich context images [26] of the majority class, such as happiness, using them as
background images, and fusing the labels of these two types of images to expand the
number of minority groups. Unlike existing resampling methods that ignore majority
class samples, our method aims to generate new minority class samples using the rich
information of majority class samples, which is an interpolation of majority and minority
class samples. Thus, in the decision boundary, the environment generates diverse data,
which improves the generalization performance of the minority class. We increased the
number of minority categories. The number of minority categories is not too small and mi-
nority categories are rich in background in order to reduce the influence of overfitting [27].
Our proposed method achieves advanced accuracy on large-scale FER datasets without
increasing model complexity, and it achieves the most advanced accuracy in tail expression,
occluded expression, and large-angle faces.

Figure 2. RAF-DB and AffectNet are large-scale facial expression datasets, where happy and neutral
expressions occupy the vast majority of facial expression data, and other expressions only account for
a small part, which conforms to a long-tail distribution. A model trained on such a dataset seldom
refers to the characteristics of tail expression data.

Human expressions are complex, and there is complexity when classifying an ex-
pression into one category; some complex expressions may contain complex emotions.
Occasionally, different expression recognition professionals have different interpretations
of the same expression. Therefore, it is difficult to classify an expression into one category.
To improve the recognition accuracy of expressions and better cooperate with CutMix [28]
fusion tags, we employ distributed tags to deal with this problem [29].

Our contributions are as follows:

1. We propose an attention mechanism that combines global and local features to extract
richer face information (AM-FGL).

2. Based on the CutMix data enhancement method for solving the problem of facial
expression data imbalance in real-world scenes, we increased the diversity of the
dataset without increasing the complexity of the model BC-EDB.
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3. We improved the recognition accuracy of minority classes and achieved the most
advanced results in occlusion-RAF-DB, 30◦ pose-RAF-DB, and 45◦ pose-RAF-DB with
accuracies of 86.96%, 89.74%, and 88.53%.

The rest of this paper is organized as follows: Section 2 introduces related work on
facial expression recognition. Section 3 briefly shows the details, which describe the overall
architecture of the model. Section 4 presents the experimental results. In Section 5, we
provide a summary of this research and explore potential avenues for further investigation.

2. Related Work

There are primarily two types of databases in the expression recognition field. The first
dataset type includes datasets collected in the laboratory scene and obtained by researchers
or professional actors under laboratory conditions, such as MMI, JAFFE, and CK+. Such
facial expression datasets are very ideal even though they can easily deviate from the actual
scene. The second dataset type includes datasets collected in the natural scene, such as
RAF-DB and AffectNet. At this time, avoiding complex situations is difficult, such as
occlusion and head posture changes. Moreover, facial expression datasets obtained under
natural conditions will typically have a long-tail distribution, with many neutral and happy
expressions and fewer fear and disgust expressions. In this case, the accuracy of the facial
expression recognition task is not as good as that in the one observed in laboratory scenes.
Furthermore, research on facial expression recognition-related algorithms in real-world
scenes is more inclined toward improving facial expressions recognition robustness under
more challenging real-world conditions [30].

2.1. Large-Scale Expression Data Research

In real scenes, the core areas (eyes and mouth) of human faces expressing emotions
will be lost due to the interference of occlusion, face pose changes, and other issues [31],
which will greatly affect such a scenario’s accuracy with respect to model training and
testing. For this reason, some methods are considered to normalize the face (frontal face
and no occlusion) [32], and then the expression recognition model is trained. Early research
on illumination normalization was mainly based on isotropic diffusion and based on
discrete cosine transform, and histogram illumination normalization. Chieh-Ming Kuo
proposed a weighted summation method that combines histogram equalization and linear
mapping [33]; the most advanced effect was achieved at that time; some main content
for pose normalization is to convert some side face images into frontal face images [34].
Zhipeng Bao proposed a single-image facial expression recognition method that is robust
to facial orientation and care conditions [35], that is, to reconstruct a 3D face model from
a single image. On this basis, a novel end-to-end deep neural network was proposed
that utilizes both re-centered 3D models and FER task landmarks, such as the Rotate-and-
Render method proposed by Hang Zhou [36]. First, the method can use a single picture for
3D reconstruction; secondly, the front face image of the original image is synthesized by
back projection, and then the GAN network is used to repair the facial information that was
lost when the side face was converted into a front face [37]. The scene under uncontrolled
conditions—pose normalization—may lead to changes in facial expressions [38]. The
occlusion problem is more complicated than the face pose change, mainly because the
occlusion phenomenon is not very regular. The occlusion part may be any part of the
face, and the occlusion may also be varied, such as masks and hair. In order to solve the
facial expression recognition problem of people wearing masks, Pablo Barros modified the
AffectNet dataset, proposed the MaskedAffect datasets for mask scenarios, and proposed
the corresponding neural network structure—FaceChannel [39]—which is a lightweight
convolutional neural network. It can adapt to different interaction scenarios, the number of
network parameters is small, and it can produce a good effect in the scene of wearing a
mask. We cannot treat the above problems in isolation because, in real-scene expression
recognition, the above problems may appear at the same time. Kai Wang proposed a
new regional attention network (RAN) to adaptively capture facial regions for occlusion



Information 2023, 14, 83 5 of 19

and pose [40]. Influenced by the changes in FER recognition, the author constructed six
real-world occlusion and pose change model datasets from the existing large-scale datasets,
FERPlus and AffectNet, and proposed a regional bias loss to encourage the most important
regions to produce higher attention weights.

2.2. Research on Imbalanced Data

A widespread strategy for addressing long-tail distributions is to resample and rebal-
ance the training data [41,42] either by sampling from rare classes more frequently [43] or by
reducing the number of samples from common classes [44]. The former creates redundancy
and quickly encounters the problem of overfitting rare classes since no complex background
information is added, whereas the latter loses key information contained in large sample
sets. Another approach is to introduce extra weights for different classes, which makes it
very difficult to optimize the model in large-scale recognition scenarios. CutMix cuts out a
part of the area but does not fill in 0 pixels, randomly fills in the area pixel values of other
data in the concentrated training, and integrates the classified labels of the two according
to the beta distribution. Based on CutMix, Seulki Park proposed Context-rich [27]. This
method adopts the minority group oversampling method and diversifies the minority
group samples by using the rich background of most categories as the background image
pixels. The key idea is to paste the image of the minority category onto the rich background
image of the majority category. This method proves the effectiveness of the oversampling
method by conducting many experiments and ablation studies. The complexity of long-tail
noisy face datasets has made traditional methods, such as resampling and reweighting,
impractical. Yaoyao Zhong proposed a training strategy that treats head and tail data
differently [45], which provides two training data streams, and the first training data stream
uses head data to learn discrimination based on noise resistance, and the second data
stream uses tail data to gradually mine out stable discriminant information from confused
tail classes. These two data streams complement each other, share weights, and can save a
substantial amount of GPU resources. Yu-Xiong Wang proposed a meta-learning network
framework that uses the idea of transfer learning to transfer the learned knowledge of
the rich head-class data to the poor tail-class data, and the final network can capture the
concept of dynamic models [46]. Using the concept of data enhancement, Kangkang Zhu
proposed a multi-modal solution based on a generative confrontation network, which
combines the models of data enhancement and facial expression recognition [47]. This
solution can process both 2D and 3D data, and the generated high-intensity expression
data for recognition achieved good results. To achieve excellent performance, Hongxiang
Gao, motivated by continuous learning, randomly selected samples from the head class
and the up-sampled tail class, reconstructed multiple subsets, introduced a pre-trained
backbone network [48], and learned weights by repeatedly training the target model.

3. Method

We propose a lightweight neural network with an attention mechanism that integrates
global and local features. Different from previous research [49], we comprehensively
consider the impact of local and global features on facial expression recognition and discuss
their integration ratio in subsequent experiments. We assign the same weight to local
and global features during training and then output the learned features via the attention
module. To solve the long-tail distribution problem of datasets and improve the recognition
accuracy of minority classes, we propose an oversampling method based on CutMix. The
key idea of this method is to fuse the key pixels of minority classes as the foreground and
the images of majority classes as the background in proportion to increase the number of
minority classes. The overall architecture of the proposed method is shown in Figure 3.
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Figure 3. In the overall architecture framework diagram, the upper left corner is our proposed
oversampling method, and the upper right corner for data enhancement is our proposed attention
mechanism-based fusion of global and local features; that is, the mix layer. This part consists of three
modules: channel space modulator, local feature layer, and attention mechanism module. At the
bottom is our backbone network.

3.1. Backbone Network Based on ShuffleNet-v2

We adopt the concept of how to develop a lightweight network proposed by
Ning Ma [20] and others to construct our network. In his paper, the author mentioned
four principles: G1: equal channel width minimization memory access cost (MAC); G2:
excessive group cooperation increases MAC; G3: network fragmentation reduces the de-
gree of parallelism; G4: element-wise operations are non-neutral. We use ShuffleNet-V2,
which was proposed by the same author as our backbone network, which is composed
of Conv1, stage, mi (and our attention mechanism-based fusion of global and local fea-
ture layer), ConV5, full connection, and softmax layers. The size of our input image is
224 × 224 × 3. After passing the Conv1 layer, the 2D global feature mapping will become
Fconv1 = RH×W×C. Here, H = W = 56, and C = 29. After entering the mix layer, the
feature map will enter the global and local feature modules, respectively. The local feature
module has four parallel patches, with each patch exhibiting Flocal

i = RHi×Wi×Ci , where
H = W = 28 and C = 29. After two layers of convolution, Flocal

i = RHi×Wi×Ci , i ∈ {1, 2, 3, 4}.
Here, H = W = 14 and C = 116, and then we will splice the characteristic graphs obtained by the

four patches, Flocal
i = RH

′
i×W

′
i ×C

′
i , where H = W = 28 and C = 116. We use the channel space

modulator to remove the redundant global features of the original stage2 layer to obtain
the key global feature information. In stage 3, Fstage3 = RHstage3×Wstage3×Cstage3 , Hstage3 =

Wstage3 = 14, Cstage3 = 232, stage 4 Fstage4 = RHstage4×Wstage4×Cstage4 , Hstage4 = Wstage4 = 7,
and Cstage4 = 464, and finally, we output our final classification results via the softmax layer.

3.2. Mixing Up Global Features and Local Features Based on Attention Mechanisms

Global features are used to perceive comprehensive image information, whereas local
features learn the image information of different local positions of the face. The output
weight ω can be formulated as follows:

ω = σ(WY) (1)

where Y represents the fusion of global and local features and does not require dimen-
sionality reduction. W represents a matrix, as shown in Equation (2), including K × C
parameters, which is a method for capturing local cross-channel interactions. It aims to
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ensure efficiency and effectiveness, without increasing the complexity of the network, and
to reduce training time. σ is a Sigmoid function.

ω1,1 · · · ω1,k 0 0 · · · · · · 0
0 ω2,2 · · · ω2,k+1 0 · · · · · · 0
...

...
...

...
. . .

...
...

...
0 · · · 0 0 · · · ωC,C−k+1 · · · ωC,C

 (2)

We did not use the method of group calculation, avoiding the complete independence
between different groups and allowing us to compromise between sharing weight and
computing efficiency:

ωi = σ

(
k

∑
j=1

ω jyj
i

)
, yj

i ∈ Ωk
i (3)

where Ωk
i denotes the collection of k-neighboring channels of yj

i . The weight of yi is
determined by evaluating the interaction solely between yi and its k neighboring channels,
and ω j implies that we let all channels share the same weight information:

ω = σ(C1Dk(y)) (4)

where C1D represents 1D convolution, and this approach can be easily implemented using
a high-speed 1D convolution with a kernel size of k:

Y = Fglobal + Flocal (5)

where Fglobal represents global information that is fused by stage2 and channel-spatial.
After the global feature information of the high-dimensional stage2 is obtained, channel
and spatial heat maps will be determined independently at two parallel branches [50]
represented by Fchannel and Fspatial , respectively, which can be described as follows.

Fglobal = σ(Fchannel(stage2)× Fspatial(stage2)) (6)

The channel and spatial modules have been proposed by Sanghyun Woo et al. [51].
The channel module aggregates the input information of the feature map via average and
max pooling operations, sends the output from the two operations to the shared network
(multilayer perception) to produce the channel attention map, and then applies element-
wise summation, finally outputting the feature vector. The spatial module aggregates the
channel module’s information and generates two 2D maps via two pooling operations.
Both modules are connected and convolved by a standard convolution layer to generate
the final 2D spatial attention map. The acquisition of Flocal (local features) is divided into
four patches based on the face feature space. The patch is calculated by two 3 × 3 CNN,
and after each convolution, the ReLU function is applied.

We then integrate global and local features, given that the aggregation feature is
obtained via global average pooling (GAP). Then, a fast 1D convolution with the size of
k is performed to generate the channel weight, where k is determined adaptively via the
mapping of channel dimension C. The entire process can be expressed as follows.

ω = σ
(

W
(

Fglobal + Flocal

))
(7)

3.3. Data Enhancement Based on CutMix

For the long-tail problem of datasets, we propose a new oversampling method based
on CutMix data enhancement. We use the context of the majority class sample to diversify
the limited context of the minority class sample. We use a CAM [52] heat map to determine
whether the key pixels of expression recognition are concentrated in the facial backbone
area. CAM can map the output of the classification back to the original image and reveal
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which part of the image has a significant impact on the final classification result, as shown
in Figure 4. We paste a few key facial backbone images, including eyes, nose, and mouth,
onto the majority of class samples. We use interpolation blur for the clipping region’s
boundary according to the distribution of most class samples.

Figure 4. Images from the RAF-DB dataset. The heat map results show that the key pixels are
concentrated in the eyes, nose, and mouth, which proves the effectiveness of our key pixels.

We mix the images and ground truth labels of the training data. Moreover, we assume
that XεRW×H×C represents the training image and that Z represents the label. Our goal
is to generate a new training sample, (X, Z), using two training samples (χA, zA) and
(χB, zB), and the new training sample, (X, Z), is used to train the model with the original
loss function. We define the merging operation as follows:

X = MΘχA + (1−M)ΘχB

Z = λzA + (1− λ)zB
(8)

where M represents a binary mask, and if it is 1, the pixel needs to be filled; if it is 0, the
location does not need to be filled. If a binary is set to 1, it is filled. Θ denotes element
multiplication, and the combination ratio, λ, represents the sampling ratio between the
two samples, which conforms to the Beta(α, α) distribution. The equation does not directly
represent the majority or minority of the sample. Considering the particularity of our
expression recognition scene, we comprehensively consider the sampling data distribution
of the foreground, (χA, zA), and background samples, (χB, zB), and the background sam-
ples should be biased toward the majority class. The foreground sample should be biased
toward the minority class. Therefore, it is necessary to sample the background samples
from the original data distribution. Foreground samples (χA, zA) are sampled from the
weighted distribution of secondary categories; background samples (χB, zB) are sampled
from most classes. Next, we use the above formula to combine the training datasets.

CAM is a method that can realize computer vision visualization. For classification
tasks, CAM can determine which part of an image affects the final classification judgment.
The calculation method is as follows: For a CNN model, GAP is applied to the last feature
map to calculate the mean value of each channel, and then the maximum classification
score is calculated by mapping the full connection layer to the classification score, which
is the judgment result of the model’s output. Then, the gradient of the largest category
output relative to the last feature map is calculated, and the gradient is visualized on
the original diagram as a thermodynamic diagram. Generally, this method judges which
part of the high-level features extracted by the network has a greater impact on the final
classification. Based on the above algorithm principle, before starting our data enhancement
experiment, we first determine where the most influential pixels are mainly concentrated
for the expression recognition tasks, known as the key pixels. We incorporate a CAM
module into our proposed algorithm model. The incorporated module does not affect the
operation of our algorithm. The purpose is to find the gradient of high-dimensional features
that can influence the classification results when finding the key pixels. Our experimental
results are as follows.

To obtain the key point position of the face, we use the Dlib algorithm [53] to mark
key face landmarks. The Dlib algorithm first recognizes the position of the face and then
recognizes the 68 key point positions of the face and, finally, the face landmark information.
In total, 68 key point positions were marked, and each key point can be represented by a
coordinate, marking the position of the key pixel for expression recognition. We calculate
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the coordinates of the key points of the eye, nose, and mouth; calculate the convex hull;
and generate a mask containing key pixels, as shown in Figure 5. In addition, the majority
class face images are calculated to indicate where to paste. Considering the different sizes
of the foreground and background images, we use the Platts analysis method to align the
sizes and positions of the two masks. The formula is expressed as follows:

68

∑
i=1

∥∥∥sRpT
i + T − qT

i

∥∥∥2
(9)

Here, R represents a 2 × 2 orthogonal matrix, s represents a scalar quantity, T repre-
sents a 2D vector, and pi and qi denote the rows of the matrices labeled foreground and
background images, respectively.

Figure 5. Large-scale facial expression dataset map. In a real-world scene, the position of the face
is not fixed. Some faces are located in the center of the picture, whereas some faces are located at
the corner of the picture. The pose of the face is uncertain, including 30◦, 45◦, and 90◦ faces. Some
faces are blocked, not all facial features can be seen, and the image is unclear, which makes facial
expression recognition difficult.

After we finish face alignment, in the final paste operation, we use the union of the
masks of the two faces. To make the generated image more natural, we adjusted the color
of the minority image to match the background image, as shown in Figure 6.

Figure 6. The image in the first row is the dataset that we need to expand, and we use it as the
foreground image. The image in the second row is the head dataset, which will be used as the
background image, and the image in the third row is our final fused new image, which we will use as
the training model.
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4. Experiment
4.1. Datasets

To verify the effectiveness of our method, we train our model on two unbalanced
large-scale datasets—RAF-DB and AffectNet; restricted conditions—occlusion-RAF-DB;
and pose change datasets—30◦ pose-RAF-DB and 45◦ pose-RAF-DB—in our experiment.

RAF-DB [54] is a large-scale expression dataset, marked by 40 staff members, and
contains neutral, happy, sad, surprised, fear, disgust, and angry expressions (seven types
of expressions). It contains more than 30,000 facial images, including 12,271 images as
training data and 3068 images as test data. The number of various expressions is presented
in Table 1.

Table 1. We classify them according to the labels given by RAF-DB and show the data of each category.
The number of happy and neutral expressions is 4772 and 2524, respectively, which is significantly
higher than those of fear, disgust, and anger expressions.

Expression Neutral Happy Sad Surprise Fear Disgust Anger

numbers 2524 4772 1982 1290 281 716 704

AffectNet [55]: This dataset contains approximately 420,000 pictures, which are manu-
ally divided into 11 categories by labeling by professionals. Affectnet-7 is a category that
comprises seven expression labels that we manually extracted according to the labels in
the dataset. Compared with AffectNet-7, AffectNet-8 adds an eighth expression: contempt.
We use AffectNet-7 and AffectNet-8 as our experimental datasets. The training dataset
contains more than 280,000 images, and the test dataset contains about 3500 images. The
distribution of the seven types of expressions of Affectnet-7 is shown in Table 2.

Table 2. Sample data from the AffectNet datasets, which originally had 11 classes. We extracted the
seven expression classes that we needed from the datasets, as shown below. There are 134,915 happy
and 75,374 neutral expressions, which are significantly more than fear, disgust, and anger expressions.

Expression Neutral Happy Sad Surprise Fear Disgust Anger

numbers 75,374 134,915 25,959 14,590 6878 4303 25,383

Occlusion-RAF-DB and Pose-RAF-DB [56], which are subsets of RAF-DB: Occlusion-
RAF-DB contain 735 images of different occlusion levels. Pose-RAF-DB includes 30◦ Pose-
RAF-DB and 45◦ Pose-RAF-DB, which represent face poses greater than 30 degrees and
face poses greater than 45 degrees. They contain 558 images and 1247 images, respectively.

4.2. Experimental Operation Details

For the images in all datasets, we use Retinaface [57] to detect the position of the
face, as shown in Figure 7; mark the information of the five points of the eyes, nose, and
mouth of the face; use affine transformation to align the face area [58,59]; cut out the
center picture of the face; and crop and adjust the size to 224 × 224 pixels. In addition to
face alignment, we use random cropping and random horizontal flipping to reduce the
influence of overfitting. We use the distributed pretraining label and distributed label [29]
and optimize the parameters via the stochastic gradient descent optimizer. Our experiments
are conducted on a TITAN GPU running on 24 GB of memory. We trained 200 epochs, and
the batch size is 128. The initial learning rate is 0.01, the Python version is 3.6, and the
PyTorch version is 1.12.



Information 2023, 14, 83 11 of 19

Figure 7. Sample images from RAF-DB and AffectNet datasets. We use the Retinaface algorithm to
detect the location rectangle of the face and the location map of the five key points of the face. We
calculate the angle to be converted via the positions of the center points of the left and right eyes and
then align the face using affine transformations. The alignment effect is shown in the above figure.

We use our proposed data enhancement method (BC-EDB) proposed to expand the
numbers of neutral, sad, surprise, fear, disgust, and anger expressions in RAF-DB to approx-
imately 4500 images and also expand the categories of neutral, sad, surprise, fear, disgust,
anger, and contempt expressions in the AffectNet dataset to approximately 90,000 to sup-
plement the number of minority classes. To verify the identification effectiveness of our
enhanced datasets in the minority classes, we compared the recognition accuracy of our
proposed method for each class in the RAF-DB dataset with that of the EfficientFace net-
work, RUL and EAC. The results are shown in Table 3, which can prove that our method
significantly improved the classification accuracy of fear, disgust, and anger. Moreover, we
proposed an attention mechanism that combines global and local features to extract richer
face information (AM-FGL), which achieves state-of-the-art results on occlusion-RAF-DB
and pose-RAF-DB.

Table 3. We compare the accuracy of our algorithm for each class in the RAF-DB dataset with that of
the EfficientFace algorithm, RUL, and EAC, mainly comparing the recall and macro-f1. The results in
the table show that our algorithm can significantly improve the recognition accuracy of fear, disgust,
and anger minority classes.

Classes Neutral Happy Sad Surprise Fear Disgust Anger

Recall

Efficientface [29] 81.84 95.39 84.59 87.83 68.81 76.40 83.36
RUL [60] 87.28 94.68 86.50 88.31 72.58 71.52 85.16
EAC [61] 86.20 96.68 86.91 91.00 76.56 73.42 88.44

Ours 85.88 93.64 85.43 92.73 78.95 77.62 89.33

Macro-f1

Efficientface [29] 84.92 94.25 83.79 85.44 57.24 57.24 81.97
RUL [60] 87.54 95.35 87.77 87.49 66.18 69.45 83.28
EAC [61] 88.06 96.27 88.79 90.00 68.70 72.96 84.14

Ours 87.18 95.02 88.03 86.73 71.01 73.21 85.90

Evaluation metrics: We show the recall, precision, and macro-f1 to describe our exper-
iment. We determine the recognition accuracy of each class. We present our recognition
accuracy for each class when the overall recognition accuracy is the highest.

4.3. Experimental Results Compared with the State-of-the-Art Method

We compare our results with those of state-of-the-art expression recognition methods
and conduct ablation studies under the same experimental environment. The experimental
results are shown in the following table.

We compared the latest methods on the RAF-DB, AffectNet-7, and AffectNet-8 datasets,
as shown in Table 4. All were trained in our environment according to the open-source code,
and their accuracy was calculated. From the table, the recall accuracy of our method on the
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RAF-DB, AffecNet-7, and AffecNet-8 datasets are 89.11%, 65.03%, and 61.11%, respectively,
which is better than the accuracy of EfficientFace on RAF-DB (0.75%), AffecNet-7 (1.33%),
and AffecNet-8 (1.22%). Our method is 0.97% better than SCN* and 2.21% higher than
RAN on the RAF-DB dataset. Our method is 2.69% better than the DDA-Loss method on
the AffecNet-7 dataset, 3.51% higher than FMPN, and 6.25% higher than gACNN. On the
AffecNet-8 dataset, it is 3.11%, 1.61%, 0.59%, and 1.22% better than Weighted Ross, RAN,
SCN, and EfficientFace.

Table 4. Comparison with state-of-the-art methods on RAF-DB, AffectNet-7, and AffectNet-8.

Datasets Methods Recall Precision Macro-f1

RAF-DB

RAN [40] 86.90 88.23 87.21
SCN [56] 87.03 87.72 87.25

SCN * [56] 88.14 88.38 88.17
Efficient Face [29] 88.36 88.68 8845

RUL [60] 88.98 89.21 89.07
EAC [61] 90.12 90.22 90.14

Ours 89.11 89.62 89.26

AffectNet-7

gACNN [26] 58.78 59.96 59.01
FMPN [14] 61.52 63.01 62.02

DDA-Loss [62] 62.34 63.33 62.42
Efficient Face [29] 63.70 65.29 64.01

DAN [63] 65.12 65.38 65.21
EfficientNet-B2 [64] 66.13 67.65 67.34

Ours 65.03 65.26 65.11

AffectNet-8

Weighted-Loss [55] 58.00 59.24 58.53
RAN [40] 59.50 61.02 59.81
SCN [56] 60.52 63.52 61.16

Efficient Face [29] 59.89 62.30 59.43
DAN [63] 61.82 62.01 61.89

EfficientNet-B2 [64] 63.02 63.53 63.06
Ours 61.11 64.62 61.59

* means that the algorithm is trained with RAF-DB and AffectNet-8.

Although our results are not as good as that of RUL and EAC on RAF-DB, as we said,
we mainly focus on facial expression recognition in minority classes and restricted scenes.
Thus, we show the identification accuracy of each class in RAF-DB in Table 3. No matter the
accuracy of recall or macro-f1, the recognition accuracy of minority facial expressions, such
as disgust, fear, and anger, is higher than RUL and EAC. Based on this, it can be proven that
our proposed method can indeed improve the recognition accuracy of minority classes.

The method we proposed reached state-of-the-art expectations in limited scenes, such
as occlusion and face posture change, as shown in Tables 5 and 6. To verify that our model
can deal with occlusion and multi-pose problems, we conducted the following experiments
on Occlusion-RAF-DB and Pose-RAF-DB datasets. In these experiments, we performed
data enhancement processing on the datasets. From the data in the table, our method can
obtain the most advanced accuracy on these datasets. The accuracy of our method on the
occlusion-RAF-DB is 86.96%. The accuracy of our method on the 30◦ Pose-RAF-DB and
45◦ Pose-RAF-DB datasets is 89.74%, and 88.53%, respectively, which comprise the highest
accuracy. The proposed method is 0.97% and 0.49% higher than RUL and EAC in occlusion-
RAF-DB. Our proposed method surpasses RUL and EAC by 1.37% and 0.65%, respectively,
in the 30◦ Pose-RAF-DB dataset, and it also demonstrates an improvement of 0.54% and
0.18% over RUL and EAC in the 45◦ Pose-RAF-DB datasets. These results prove that the
proposed method can exhibit higher robustness on occlusion and multi-pose datasets.
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Table 5. Comparison with state-of-the-art methods on occlusion-RAF-DB.

Datasets Methods Accuracy

Occlusion-RAF-DB

ResNet-18 [65] 80.19
RAN [40] 82.72

EfficientFace [29] 83.24
RUL [60] 85.99
EAC [61] 86.47

Ours 86.96

Table 6. Comparison with state-of-the-art methods on pose-RAF-DB.

Datasets Methods Accuracy
Pose > 30◦ Pose > 45◦

Pose-RAF-DB

ResNet-18 [65] 84.04 83.15
RAN [40] 86.74 85.20

EfficientFace [29] 88.13 86.92
RUL [60] 88.37 87.99
EAC [61] 89.09 88.35

Ours 89.74 88.53

To explore the fusion ratio of local and global features, we conducted the following
experiments using the RAF-DB datasets. The results are shown in Table 7. Other con-
figurations of the experiments were consistent with our formal experiments. To verify
this fusion ratio, we also used our proposed data enhancement method to expand our
datasets. The experimental results prove that the local features with a proportion of 0.5
and the global features with a proportion of 0.5 are optimal for the final result. An increase
in the proportion of local or global features has no improved experimental effect. The
experimental results are shown in the table. We believe that we must comprehensively
analyze the local and global features. Biasing either side will result in a low feature fusion
effect of the other side, and the feature with a low proportion has a low impact on the final
experimental results, thereby reducing the final effect of the experiment. When we do not
add local features or do not add global features, as the proportion of local features is 0 or
the proportion of global features is 0, the result of the experiment is often lower than the
result of adding both global and local features. Therefore, it is necessary to mix up global
and local features.

Table 7. The fusion ratio of local and global features. The first column is the fusion factor of local
features, the second column is the fusion factor of global features, and the third column is the
experimental accuracy after they are fused and passed to the attention module.

Local Features Global Features Accuracy

0 1 87.68
0.2 0.8 88.12
0.3 0.7 88.61
0.4 0.6 88.21
0.5 0.5 89.11
0.6 0.4 88.38
0.7 0.3 87.98
0.8 0.2 87.92
1 0 87.78

To explore the partition granularity of the patch of the local features, we also conducted
the following experiments. We divided the local features into 8, 12, and 16 patches to divide
the local features of the face into different granularity and obtain more rich face information.
The experimental results are as follows in Table 8. Our experimental results are run on the
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enhanced RAF-DB datasets. By conducting an analysis, we believe that an increase in the
number of patches does not necessarily result in more local feature information. In contrast,
it may bring more redundant information and reduce the results of the experiment. If we
introduce this redundant feature information into high-dimensional features, the model
cannot distinguish the differences between different categories.

Table 8. The number of patches of local features. When we increased the number of patches, our
experimental accuracy did not increase but decreased. Finally, we found that the effect was best when
the number of patches was 4.

Patch Patch Accuracy

4 89.11
8 88.26
12 87.38
16 86.20

According to the results, we found that the higher the number of patches, the lower
the accuracy. We analyzed other feature information of the face that would be lost after
dividing the number of patches into finer grains. Facial expressions cannot be simply
and directly divided into more fine-grained areas. Because this may cause the blurring of
boundary information, our accuracy will not improve after the number of patches increases.

4.4. Ablation Experiment

We verified the effectiveness of each component proposed via ablation experiments, as
shown in Table 9. We conducted ablation research on our experiments using the RAF-DB,
AffectNet-7, and AffectNet-8 datasets. In these experiments, we used EfficientFace as the
baseline, with or without the AM-FGL module and BC-EDB module, to verify the impact
of these two modules on the final experimental results and evaluate their effectiveness. We
conducted our experiments on RAF-DB, AffectNet-7, and AffectNet-8 datasets.

Table 9. A checkmark, X, means that we have added this module, and no Xmeans that it does not
contain this module. Experiments can prove that the two added modules are effective.

Datasets AM-FGL BC-EDB Accuracy

RAF-DB

88.36
X 88.60

X 88.91
X X 89.11

AffectNet-7

63.70
X 63.85

X 64.78
X X 65.03

AffectNet-8

59.89
X 60.03

X 60.52
X X 61.11

All experiments were conducted in the same environment. For the RAF-DB datasets,
after adding only the AM-FGL module with fusion features, the experimental result is
0.24% better than that of the baseline network. After we only implemented the method of
the BC-EDB module based on data enhancement, we improved the baseline network by
0.55%. For the AffectNet-7 dataset, our experimental result is 0.15% better than that of the
baseline network after adding only the attention mechanism module with fusion features.
After we implemented only the method of data enhancement based on oversampling, we
improved the baseline network by 1.08%. For the AffectNet-8 dataset, our experimental
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result is 0.14% better than that of the baseline network after adding only the attention
mechanism module with fusion features. After we implemented only the method of data
enhancement based on oversampling, we improved the baseline network by 1.22%. The
ablation experiments prove that these two modules are effective and that the effect of the
data enhancement method based on oversampling is better than that of the other module.
Our fusion feature module, based on the attention mechanism, can fully perceive the global
and local feature information of the face and will not add too much redundant feature
information. Using the channel spatial module, we can extract global feature information;
using the local feature extraction module, we can obtain more abundant local feature
information without distortion. Our novel proposed oversampling method is based on
CutMix data enhancement, which can fully supplement the number of datasets of minority
classes. Because we use the majority classes as the background, our model does not overfit,
and the recognition accuracy for minority classes is improved, making the model less
biased toward identifying the majority classes.

Via the above experiments, we demonstrated the effects of the two proposed methods
compared with the baseline. The proposed AM-FGL method has high robustness, verifying
our ideas on the two large-scale datasets. Notably, our BC-EDB method can achieve a
relatively large improvement on the baseline and sufficiently proves that the proposed data
enhancement method can increase the number of minority classes. The accuracy of the test
set shows that there is less overfitting phenomenon.

5. Conclusions

In this paper, we propose two methods: an efficient network structure based on an
attention mechanism that fuses global and local features (AM-FGL) and a simple and
effective data-balancing method based on CutMix (BC-EDB). The former can obtain specific
facial information via the attention mechanism, and it is mainly used to solve the problem
of occlusion and large-angle faces. The latter expands the number of tail datasets, and
it is used to solve the long-tail distribution problem of the datasets. Our recognition
accuracy reached the most advanced level in the case of minority classes, occlusion, and
large-angle faces.

AM-FGL is a lightweight network that combines global and local features to solve
the problems of face occlusion and large-angle faces in real-world scenes. It contains three
modules: the attention mechanism module, the global features module, and the local
features module. The global features module uses the channel space modulator to extract
the global features of the face. By dividing the face into multiple patches, two groups of
3D CNN were designed for each patch. The ReLU activation function is used to extract
the local features of the face. After that, the global and local features are fused; then, the
proposed attention mechanism proposed is used. The proposed attention mechanism can
share weight globally and can improve accuracies without reducing dimensions.

BC-EDB is a data enhancement method and can reduce the influence of overfitting.
For the problem of long-tail distributions, we proposed our method based on CutMix.
The method uses minority-class images key pixels as the foreground and majority-class
images as the background. By conducting CAM experiments, we proved that in our facial
expression recognition task, the positions around the eyes, nose, and mouth are key pixels.
We fuse the foreground and background images, and we also fuse their tags according to
the proportional distribution to expand the number of minority categories. By conducting
many experiments, we proved that the proposed method has strong robustness under
various conditions and exhibits advanced accuracy.

In the future, although the proposed data enhancement method can increase the
number of a few classes by pasting the key pixels of a few classes to prevent uneven
sampling, we used most areas where a few classes of faces generate expressions for pasting.
Although we use the CAM algorithm to verify the effectiveness of our acquisition of
key pixels, we do not know whether these pixels impact the results, and we performed
the sampling proportion according to the Beta distribution. For the special scene in our
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facial expression recognition task, we will explore whether other sampling methods are
more effective.
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