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ABSTRACT: Facial expression datasets commonly exhibit imbalances between various categories or between difficult
and simple samples. This imbalance introduces bias into feature extraction within facial expression recognition
(FER) models, which hinders the algorithm’s comprehension of emotional states and reduces the overall recognition
accuracy. A novel FER model is introduced to address these issues. It integrates rebalancing mechanisms to regulate
attention consistency and focus, offering enhanced efficacy. Our approach proposes the following improvements: (i)
rebalancing weights are used to enhance the consistency between the heatmaps of an original face sample and its
horizontally flipped counterpart; (ii) coefficient factors are incorporated into the standard cross entropy loss function,
and rebalancing weights are incorporated to fine-tune the loss adjustment. Experimental results indicate that the FER
model outperforms the current leading algorithm, MEK, achieving 0.69% and 2.01% increases in overall and average
recognition accuracies, respectively, on the RAF-DB dataset. The model exhibits accuracy improvements of 0.49% and
1.01% in the AffectNet dataset and 0.83% and 1.23% in the FERPlus dataset, respectively. These outcomes validate the
superiority and stability of the proposed FER model.
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1 Introduction

Existing datasets on public facial expression usually contain more samples of happy or neutral facial
expressions and fewer samples of fear and disgust [1,2], indicating a significant class imbalance phenomenon.
Existing facial expression recognition (FER) methods usually provide overall high accuracy on such
imbalanced datasets. Therefore, high recognition rates for main classes, such as happy and neutral facial
expressions, achieved after training yield higher overall accuracy; however, this results in low average
accuracy across all expression classes [3-6]. These imbalanced categories hinder improvements in overall and
average accuracies of FER and considerably impact the understanding of human emotional states through
FER models. Specifically, existing facial expression datasets contain category numbers and complex sample
imbalances [7]. The category number imbalance can be slightly mitigated using the attention consistency
adjustment module with rebalancing [8]. However, common difficulties and imbalanced samples can
negatively impact classification loss [7]. The classification of difficult samples within a dataset is challenging.
Moreover, models find it difficult to differentiate such samples, as they often contain blurred, occluded, and
indistinct facial expressions [9]. Datasets contain fewer such samples, but these still yield low recognition
accuracy. In contrast, simple samples can be easily classified and are distinctly recognized by the model;
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they are characterized by clear, unobstructed, and neutral expressions [9] and account for a large portion
of the dataset, yielding high recognition accuracy and minimal computational loss. However, due to the
predominance of simple class samples, their cumulative loss is considerably higher than that of difficult
samples, leading to misdirected recognition by models. By primarily focusing on difficult samples instead of
simple samples, the overall recognition accuracy of the model can be adversely impacted.

To address these issues, a static image-based expression recognition method is proposed herein, which
incorporates a rebalanced attention consistency and focus adjustment module into the FER model. During
training, the feature information of secondary and difficult classes is gleaned from primary and simple
classes, respectively, guiding the FER model to focus more on the secondary and difficult classes without com-
promising the recognition accuracy of primary and simple classes. This adjusted model exhibits enhanced
performance in imbalanced FER tasks, showing improved overall and average recognition accuracy on
various facial expression datasets.

The remainder of this paper is organized as follows. Section 2 provides an overview of related technolo-
gies, and Section 3 describes the architecture and implementation of the proposed model. Section 4 discusses
experiments and analyzes the results and performance of the proposed model. Section 5 concludes the paper
with a discussion of future research prospects.

2 Related Research
2.1 Facial Expression Recognition Methods

Modern FER methods predominantly employ deep learning models to distill meaningful features
from facial expression datasets captured in natural scenes [10-13]. Compared with the dataset collected
in laboratories, the facial expression dataset in natural scenes [2,14] is characterized by issues such as
occlusion, image blurring, pose changes, and inaccurate labeling [15,16]; these issues collectively hinder
the efficacy of FER algorithms. The challenges associated with outdoor FER have been addressed using
approaches such as a self-cure-network (SCN) that introduces self-attention importance weighting and
relabeling modules to weight samples and suppress dataset noise [5] and Region Attention Network (RAN)
that introduces self-attention and relational attention modules to improve the model recognition rate for
occlusion and pose change samples [4]. The Spatio-Channel Attention Net with Complementary Context
Information (SCAN-CCI) [17] further advances occlusion-robust recognition through independent spatio-
channel attention mechanisms and complementary FR-derived features. For label noise mitigation, Dynamic
Noise-robust FER (DNFER) [18] introduces adaptive threshold-based sample selection with consistency
regularization, employing class-specific dynamic thresholds to address inter-class imbalance and intra-class
difficulty without requiring prior noise rate knowledge. Moreover, distribution mining and uncertainty
estimation (DMUE) was previously proposed for hidden distribution mining along with paired uncertainty
estimation methods to tackle inaccurate labeling in FER [19]. Erasing Attention Consistency (EAC) was also
introduced, which uses erasure attention map consistency to prevent the model from remembering noisy
labels in facial expression datasets [20].

In summary, noise inherent in datasets—such as occlusions, image blur, pose alterations, and imprecise
labeling—constitutes primary challenges for current FER methods. Although denoising is a prevalent
strategy employed during model training, its ability to mitigate dataset imbalances is limited.

2.2 Unbalanced Learning

Current research on FER models predominantly focuses on addressing the noise challenges within
natural scene facial expression datasets, but frequently underestimates the impact of dataset imbalances.
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The existing methods may yield high overall accuracy but often have reduced average accuracy across all
facial expression categories [3-6]. To tackle imbalanced datasets—where some categories are abundant while
others are scarce—three common strategies are adopted: model integration, loss reweighting, and data
preprocessing. Model integration strategies enhance the model performance via the fusion of multiple model
traits [21,22]. This study primarily focused on the latter two strategies. Loss reweighting strategically assigns
different weights during training to ensure equitable gradient propagation across categories [9,23,24], and
data preprocessing methods frequently employ data resampling [25,26]; however, oversampling may inadver-
tently lead to duplicate samples and increase the risk of overfitting. Alternatively, data augmentation [27,28]
can be used to enhance the samples, particularly for underrepresented classes. However, finding effective
enhancement methods for FER datasets is difficult, as each category of samples contains specific local features
related to expressions.

Building on these insights, the proposed approach concentrates on extracting feature information from
secondary and difficult classes by leveraging the features of primary and simpler classes. It thus steers the
model to uniformly mine relevant information from the entire training dataset, as opposed to solely relying
on samples from secondary and difficult classes.

3 Proposed Methodology

A novel approach, known as attention map consistency, is introduced herein to tackle the challenge of
imbalanced FER [29]. Feature attention maps are scaled based on the number of class samples, and attention
maps for all classes are computed for each individual sample. For primary and simple classes, less emphasis is
placed on spatial transformation consistency of the feature maps by assigning smaller weights. Conversely, for
secondary and difficult classes, stronger emphasis is placed on the consistency of spatial transformations of
the feature maps by assigning larger weights. This guides the model to focus more on the feature information
of secondary and difficult classes across all training samples, which in turn enhances the accuracy of the
model in recognizing these classes.

The proposed model incorporates two modules for its regularization: rebalanced consistency adjust-
ment (RBC) and rebalanced focus adjustment (RBF). By leveraging the imbalanced category distribution
within facial expression datasets, the model directs more focus to secondary and difficult classes with-
out compromising the recognition performance on primary and simple classes, thus achieving balanced
learning.

We note that the RAF-DB images (please see the image in this figure) are from the following subject:
train_00012, the usage of this image has been approved. Copyright reference: http://www.whdeng.cn/RAF/
modell.html (accessed on 8 July 2025)

The architecture of the proposed network model is shown in Fig. 1. F and F’ represent the features
extracted from the original and flipped images, respectively. These are fed into a global average pooling
(GAP) layer, followed by a fully connected layer, to compute RBC and RBF losses, respectively, by assigning
rebalancing weights. M and M’ are the heat maps corresponding to the original and flipped images,
respectively, and the RBC loss for both is computed by assigning rebalancing weights. The rebalanced weight
is motivated by the class balanced (CB) loss [23], and a reweighting scheme is designed that uses the effective
sample size of each expression class to rebalance the classification loss. Specifically, the rebalanced weight
sets different weights for various expression classes, directing the model to learn enhanced consistency
information associated with secondary classes.
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Figure 1: Network architecture

3.1 Attention Consistency Regulation with Rebalancing

If the input sample graph is horizontally flipped, the corresponding attention graph also follows the same
spatial transformation for regularization. This helps the model to learn attention consistency information
before and after sample transformation. Attention map consistency, such as EAC [20], is traditionally used
to prevent models from memorizing noisy samples and labels, thereby addressing the common problem of
noisy labels in facial expression datasets. Herein, attention graph consistency is used to solve the imbalanced
learning problem in the model and mined information from multiple categories in a training sample. The
attention consistency adjustment module with rebalancing is detailed as follows.

The given image is first flipped horizontally and input into the backbone network to obtain features
extracted from the last convolutional layer. These features are denoted as F € RN*CH*W and flipped F ¢
RN*CxHXW 'ywhere N, C, H,and W represent the image batch, number of channels, sample height, and width,
respectively. F and F are then input into the GAP layer to obtain f € R¥***! and f ¢ RN*¢*I*1 and adjust
to N x C. The corresponding classification loss is as follows:

e fl W)',fl

s = = 7 og S ewn 1o Jlve') W

where W), is the i-th weight of the FC layer, y; is the label of x;, and L is the total number of samples.
Using CAM [27] to calculate the attention maps A € RV*E*H*W and A € RNIXH*W for samples and flipped
samples and rebalancing A and A with weights B € R”, the following rebalanced attention maps M and M
are obtained:

M (i,1,h,w) = Bi-A(i, L, h,w) = Bi- S W(L,¢)F(i, ¢, h,w) @)

where i, 1, ¢, h, and w represent the sample, expression class, channel, height, and width, respectively. The
rebalancing weight B; is discussed in Section 3.3. As the attention maps before and after flipping should be
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consistent, the rebalancing consistency loss between M and M is calculated as follows:

1 N L H w . vy
Lipe = m Zi:l Zl=1 Zh=1 Zw:l ”M (l’ L, h,w) -M (l’ L h,w) ”2 (3)

The above equation represents the rebalancing consistency module, which enables the model to
extract balance and flipping consistency information of secondary classes from all training samples, thereby
improving the recognition accuracy of secondary classes.

3.2 Focus Adjustment with Rebalancing

To solve the problem of difficult and simple sample imbalance [7], a rebalancing focus loss module was
proposed, inspired by focal loss [9]. This module regulated the classification loss and promoted balanced
learning of the model. The focal loss was calculated as follows:

Iy =—=(1-p1)" log(p:) (4)

where p; is the probability value of the model predicting the I class and y is the moderating factor with a
value of [0,5) [9]. When y = 0, the expression degenerates into cross entropy loss. The larger the value of
y, the more focused the model is on difficult and easy samples; thus, the problem of balancing difficult and
easy samples is suppressed. The value of y is quoted from the best experimental value in focal loss, which is
2 [9]. For the focus adjustment module of rebalancing to address the problem of difficult and simple sample
imbalance as well as the imbalance in the number of categories, a weight factor B; must be introduced to
balance the learning process. Therefore, the focus loss of rebalancing is determined as follows:

Ly = =B (1-p1)" log(p:) ()

B, adds different weights to different categories for adjusting the loss ratio of primary and secondary
class samples. When addressing the problem of imbalanced, difficult, and simple samples, the sample-
dominated training of simple classes affects the recognition of difficult classification samples. The focus
adjustment module of rebalancing dynamically adjusts the loss weight of each sample, guiding the model to
focus more on difficult samples during training and solving the problem of imbalanced numbers of simple
and difficult classes to some extent.

3.3 Rebalance Weight and Total Loss Function

The model obtains attention maps for each category in the training sample and extracts information
for secondary classes. For secondary categories, larger weights are used in the loss function calculation to
constrain the flipping consistency of the feature attention map. Contrarily, for primary categories, smaller
weights are used to constrain the flipping consistency of the feature attention map. Thus, the model pays more
attention to the feature information of secondary categories in all class samples during training. Inspired by
CB loss [23], weights are inversely proportional to the number of samples in each category and are calculated
as follows for each category:

1-B
B; = 6
L g (6)
where n; is the number of training samples for the [ class, 8 € [0,1] is the hyperparameter that controls the

rebalancing weight, and S is the rescaling factor. When f3 approaches 1, the weight will lean more toward
the secondary class to achieve inverse frequency weighting. Based on the best experimental value in CB
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loss [23], B is set to 0.999 for all experiments. Contrary to simply adjusting weights based on the number of
categories, rebalancing weights can better reflect the actual distribution of effective samples within categories
and provide weight adjustments that reduce overfitting while making the model focus more on secondary
classes. The weight changes of each category after calculation are shown in Fig. 2.

Sample number Sample number
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Figure 2: Rebalance weight adjustment effect

We note that the RAF-DB images (please see the seven columns in this figure) are from the fol-
lowing seven subjects: train_00069, train_00779, train_0003l, train_00036, train_00030, train_00070, and
train_09753, the usage of their images has been approved. Copyright reference: http://www.whdeng.cn/RAF/
modell.html.

The total loss function is calculated as follows:

ltrain = lcls + /\lrbc + .“lrbf (7)

where A and y are the weights of rebalancing consistency and rebalancing focus loss, respectively, which
determine the relative importance of the two modules relative to the classification loss in the overall training
target. Specific experimental values obtained during the ablation experiment are discussed in Section 4.4.1.

4 Analysis of Experimental Results
4.1 Datasets

The RAF-DB [14] dataset contains facial expression data from natural scenes used for training deep
learning models in fields such as FER and sentiment analysis. The dataset contains approximately 30,000
facial expression images, with each image independently labeled by 40 annotators. Detailed emotional labels
include 7 basic emotions and 11 compound emotions, ensuring the accuracy and reliability of sample labels.
The dataset contains 12,271 and 3068 training and testing samples, respectively. The average accuracy of all
categories in the experiment was used to evaluate the model performance of different methods on imbalanced
datasets. Fig. 3 shows the number of samples for each expression category in the training set of the RAF-
DB dataset.
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Figure 3: Number of categories in the RAF-DB dataset

AffectNet [1] is a large-scale FER dataset that contains 8 expression categories (7 basic expressions and
contempt categories), 286,564 training samples, and 4000 test samples. To facilitate the comparison of model
performance, 7 basic expression categories were used in the experiment. Fig. 4 shows the number of samples
for each expression category in the AffectNet dataset training set.
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Figure 4: Number of categories in the AffectNet dataset

FERPlus [30] is an extension of the FER2013 [2] dataset, with more refined labels. The dataset contains
24,941 and 3137 training and testing samples, respectively, with 7 basic facial expressions labeled. Fig. 5 shows
the number of samples for each expression category in the training set of the FERPlus dataset.
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Figure 5: Number of categories in the FERPlus dataset

4.2 Experimental Setup

The proposed model was trained in Python using an NVIDIA GeForce GTX 1080 Ti GPU. As the ResNet
backbone network was used in previous methods, ResNet-18 [31] was used as the backbone network for a
fair comparison with other methods. It was pretrained based on the large-scale facial recognition dataset
of Microsoft, MS-Celeb-1M [32]. The effectiveness of this method was also tested on different backbone
networks such as MobileNet [33], ResNet-50 [31], and Swin Transformer [34]. During the data preprocessing
stage, MTCNN [35] was used to monitor and align facial expressions. The image sample size was 224 x 224,
and the learning rate was 0.0001. Random erasure and color jitter were used for data augmentation. During
the training phase, the maximum number of training iterations was set to 60, and the batch size was 32. The
Adam [36] optimizer was used to attenuate the weight to 0.0001. ExponentialLR was used as the learning
rate regulator [37], and gamma was set to 0.9 to reduce the learning rate after each round.

4.3 Analysis of Experimental Results
4.3.1 Performance Comparison

Table 1 compares different methods on the RAF-DB dataset with pre-trained ResNet-18 [31] as the
backbone. An analysis of the accuracy of each category based on sample size revealed that each category
exhibited varying degrees of difficulty. For instance, although the gas class had a small sample size, it
achieved high performance in all methods. In contrast, disgust and fear were the most challenging to model
and generally yielded low accuracies. This method achieved the highest accuracy in both categories, with
improvements of 7.49% and 1.35% compared with the highest method, respectively. In addition, the number
of anger categories was similar to that of disgust, and it also belonged to the secondary category. However,
due to its distinctive facial expression features, the recognition rate was generally high. This method still
improved the recognition rate of anger as a secondary category by 3.09% compared to the state-of-the-art
methods. In addition, the recognition accuracies of the main categories (such as happiness and surprise)
were high, indicating that this method does not impact the recognition accuracies of the main categories.
In addition, to address the class imbalance problem, we adopt the Fl-score as the core evaluation metric,
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which comprehensively reflects the model’s ability to recognize minority classes by balancing precision and
recall. Experimental results demonstrate that our method achieves a mean Fl-score of 85.72%, outperforming
the state-of-the-art method MEK by a 3.18% improvement. Finally, this model also demonstrated the best
performance in terms of the average accuracy of each category, with a 2.01% improvement compared with
the state-of-the-art FER method, i.e., MEK.

Table 1: Performance comparison of RAF-DB dataset methods

Method Conference Happiness Neutral Sadness Surprise Disgust Anger Fear Overall Mean

Baseline - 95.44 88.53 85.56 83.59 58.75 7840 5946 8742  78.53
CB [23] CVPR2019 95.11 90.74 84.73 86.93 64.38 7346 59.46 88.04 79.26

SCN [5]  CVPR2020 94.77 90.29 80.33 86.93 60.00 7654 4595 86.73 76.40
BBN [38] CVPR2020 93.59 91.62 84.94 84.80 61.88 7778 5270 8739  78.19
PT [39] CVPR2021 96.00 92.00 87.00 87.00 55.00 81.00 54.00 88.80 78.86

RUL [40] NeurIPS2021 95.78 87.06 86.19 89.36 65.00 8333 6486 88.66 8L66
EAC[20] ECCV2022 95.27 88.97 90.17 87.84 61.25 8333 60.81 89.05 81.09
MEK [8] NeurIPS2023 96.37 89.56 89.33 87.84 66.89 80.86 6622 89.77 82.44
Ours 96.45 88.82 86.61 90.88 7438  86.42 6757 9036  84.45

4.3.2 Experiments on Different Backbone Networks

Table 2 evaluates the generalization ability of the proposed method on the RAF-DB dataset by combin-
ing it with four different backbone networks (MobileNet, ResNet-18, ResNet-50, and Tiny Swin Transformer).
The experimental results showed that the imbalanced learning performance of the model was improved by
adding modules on the baseline of each backbone network, which was manifested by the overall accuracy
and average accuracy in each category. Note that this method achieved the best performance when combined
with Tiny Swin Transformer, with the highest accuracy of 74.32% and 80.00% in minor fear and disgust
classes (in addition to the difficult class), respectively, with an overall accuracy of 92.86% and an average
accuracy of 88.05%.

Table 2: Performance comparison of different backbone networks

Backbone Happiness Neutral Sadness Surprise Disgust Anger Fear Overall Mean
MobileNet 93.84 83.09 77.62 88.75 45.00 7531 56.76 8396 74.34
MobileNet + Proposed 94.26 88.82 81.38 83.28 59.38 74.07 59.46  86.15 77.24
Method
ResNet-18 95.44 88.53 85.56 83.59 58.75 78.40 5946 8742 7853
ResNet-18 + Proposed 96.45 88.82 86.61 90.88 74.38 86.42 6757 9036 84.45
Method
ResNet-50 94.77 87.79 87.03 85.71 68.75 84.57 60.81 88.33 81.35
ResNet-50 + Proposed 96.88 92.06 88.49 89.67 76.25 85.18 6756  91.63 85.15
Method
Swin-T 97.05 91.62 87.87 90.27 78.75 86.42 60.81 9130 84.68
Swin-T + Proposed 97.47 93.38 89.96 93.62 80.00 8765 7432 92.86 88.05

Method
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4.3.3 Confusion Matrix Experiment

Fig. 6 shows the prediction results of the confusion matrix analysis model in each category, further
verifying the performance of the model in imbalanced learning. The confusion matrix is a table used to
evaluate the classification performance of a model; it displays the model’s predictions and confusion situation
for each category. The rows and columns in the table represent true and predicted labels, respectively, and
the data on the diagonal represent the recognition accuracy of each class. The remaining data represent the
confusion probability of each class on other classes. As shown in the figure, fear and surprise have a higher
probability of confusion because they have similar facial expression features (mouth opening). However,
the proposed model extracts common features (mouth opening) between the primary class (surprise) and
secondary class (fear) by generating an attention map for all categories on a sample. Under the influence
of weights, the model pays more attention to the features of the secondary class, thereby improving the
recognition accuracy of the secondary class. Compared with MEK, the proposed method yielded enhanced
recognition accuracies for fear, disgust, and anger in secondary categories by 6%, 4%, and 3%, respectively,
and reduced the confusion rate in secondary categories.

Confusion Matrix on RAF-DB Confusion Matrix on RAF-DB
Sur 0.02 0.02 0.01 0.0 0.02 0.04 Sur 0.01 0.02 0.0 0.0 001 0.02
0.8 0.8
Fear 1 0.19 0.01 003 0.09 0.0 0.0 Fear 0.01 009 001 0.0
_ Dis4 0.02 0.04 0.04 0.06 0.6 - Dis 4 0.01 0.04 0.03 0.06 0.6
a (1)
o F=]
. L]
= Hapq 0.0 0.0 = Hapq 0.0 0.0 0.0
2 3
= 0.4 = 0.4
Sad4 0.01 0.01 Sad4 0.0 0.01 0.02
Ang{ 0.01 0.1 02 Ang- 0.01 0.01 0.04 02
Neuq 0.01 0.0 Neud 0.01 0.0 0.01 0.03
: r 0.0 T T T T - " 0.0
& . & .9 2
¢ & ¢ & # & ¢ ¢ & ¢ & & & ¢
Predict label Predict label

(a) (b)

Figure 6: Confusion matrix of MEK and the proposed method on RAF-DB dataset. (a): MEK and (b): proposed
method

4.3.4 Visualization of Results

To verify whether the model has learned the correct feature information for each category, Grad
CAM [41] was used to analyze the focus area of the model for each category. Grad CAM calculates the
gradient of the target category in a specific convolutional layer, calculates the global average of the gradient to
give weight coefficients, determines the focus area of the model on the input image, and generates a heatmap.
The heatmap highlights the most relevant area between the input image and the target category in red. Fig. 7
shows different focus process of the proposed model for each category during training. For the surprised and
happy categories, the model focuses on the mouth area with obvious features, whereas for the disgusted and
sad categories, the model focuses on the eye area with obvious features.
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Figure 7: Focus process of the proposed model on various categories

We note that the RAF-DB images (please see the seven lines in this figure) are from the following seven
subjects: train_00012, train_01157, train_00031, train_00036, train_00030, train_00070, and train_09764.
The usage of their images has been approved. Copyright reference: http://www.whdeng.cn/RAF/modell.
html.

Fig. 8 shows the use of Grad CAM [41] to analyze the regions of interest in the sample and verify
whether the model has extracted additional feature information from the secondary classes. During training,
the model generated attention maps for all classes for each sample. Regions A, B, and C showed the target
and nontarget attention regions of the model for sad, surprised, and happy class samples, respectively. The
target class referred to the expression category of this sample, whereas the nontarget class referred to other
categories besides the original expression category. Results showed that the model maintained consistency
in the attention feature map before and after sample flipping for extracting flipping consistency information
across various categories. Moreover, the proposed method could effectively extract additional information
related to secondary categories from the main categories. The first and second columns showed that the
model extracted mouth opening features related to fear from samples marked as sad. Similarly, the third
and fourth columns showed that the model extracted mouth opening features related to fear from samples
marked as surprised, enabling it to extract feature information related to fear (secondary class) from fear and
surprise (primary class) samples and improve the recognition accuracy of secondary classes. Finally, in the
fifth and sixth columns, no correlation was observed between the happy and sad categories. This is because
the model did not pay attention to the feature information of the sad category for the samples marked as
happy in the fifth column, indicating that it negatively impacts the feature learning of the main categories.

We note that the RAF-DB images (please see the six even columns in this figure) are from the following
three subjects: train_00025, train_00012, and train_00035, the usage of their images has been approved.
Copyright reference: http://www.whdeng.cn/RAF/modell.html.
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4.4 Ablation Experiment
4.4.1 Weight Coefficients of Loss Function

Fig. 9 conducts ablation experiments on the weight coefficients of two modules on the RAF-DB dataset
to obtain the best performance of the RBC and RBF modules on the model, using Swin Transformer [34]
as the backbone network. The range of A and p values was set as (0,1] based on the experimental setup of
MEK [8]. 22 rounds of experiments were conducted on different A and y values within this range, and the
results revealed the overall accuracy of the proposed model on the RAF-DB dataset. The statistical pattern
showed that the model achieved the best performance when A = 0.1and y = 0.5. Moreover, larger A and y had
a negative impact on the model’s performance, as excessively balanced weights hindered the model’s ability
to learn useful information. In contrast, smaller A and ¢ make it difficult for the model to effectively utilize
label distribution information for determining the priority of secondary classes. RBC and RBF modules can
complement each other only using appropriate weights, which help the model achieve an optimal imbalanced
learning performance.
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Figure 9: Ablation experiments of RBC and RBF modules on parameters A and p

4.4.2 Effectiveness of RBC and RBF Modules

Table 3 shows the ablation experiments of RBC and RBF modules to verify their effectiveness. Using
Swin Transformer [34] as a benchmark, RBC and RBF modules were first added separately, and then added
simultaneously. The module weight coefficients used their optimal values, as discussed in Section 4.4.1. The
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experimental results show that the overall accuracy increases by 2.04% and 2.9% respectively when RBF and
RBC modules are added separately, and by 3.45% when RBF and RBC modules are added simultaneously.
In terms of the average accuracy reflecting unbalanced learning, the average accuracy increased by 4.77%
and 2.2% respectively, when RBF and RBC modules were added separately, and by 5.11% when RBF and RBC
modules were added simultaneously. These results indicate that both modules can improve the performance
on the baseline and can complement each other to achieve optimal performance.

Table 3: Ablation experiments of RBC and RBF modules

RBC RBF Happiness Neutral Sadness Surprise Disgust Anger Fear Overall Mean

96.87 87.94 85.56 86.93 66.25 84.71 70.33 89.41 82.94

Vv 96.96 92.06 88.28 92.40 85.00 87.65  71.62 92.31 8771
Vv 97.05 91.03 88.49 89.67 75.63 8519 68.92  91.45 85.14

Vv Vv 9747 93.38 89.96 93.62 80.00 87.65 7432  92.86 88.05

4.5 Different Imbalance Factors

Table 4 shows the performance of the proposed model on different degrees of imbalanced datasets. RAF-
DB datasets with different imbalanced factors were constructed [23] by reducing the number of training
samples for each class using an exponential function n = n;u’; here, i is the class index, #; is the original
number of training samples, and u € (0,1). To ensure the reliability of results, the test set was not changed.
The imbalance factor of a dataset is defined as the number of training samples for the largest class divided by
the number of training samples for the smallest class [23]. After statistical analysis, the original imbalance
factor of RAF-DB was 16.98. Based on the experimental setting of MEK [8], the effectiveness of the proposed
method on imbalanced datasets was evaluated by comparing the imbalance factors between 50 and 150.
Results showed that the proposed method exhibited excellent performance for different imbalanced factors.
When the imbalance factor is 50, 100, and 150, the overall accuracy of the proposed method is improved
by 1.09%, 1.38% and 1.25%, respectively, compared with the most advanced FER method MEK. The average
accuracy of all categories that can reflect imbalanced learning performance increased by 2.11%, 3.03%, and
1.67%, respectively.

Table 4: Performance comparison of different unbalance factor methods

Method Imbalance Happiness Neutral Sadness Surprise Disgust Anger Fear Overall Mean

Baseline 50 95.95 87.35 79.08 84.19 39.38 64.20 2.70 83.28 64.69
BBN 50 93.59 91.91 81.80 82.98 41.25 71.60 3784  85.01 71.57
EAC 50 95.53 93.82 82.01 89.06 50.00 70.99 2973  87.09 73.02
MEK 50 96.37 90.00 85.36 85.41 53.75 7346 4585  87.65 7734

Proposed 50 96.87 87.79 84.72 89.06 65.62 82.10 50.00 88.74 79.45

Baseline 100 97.72 87.94 73.85 81.76 10.63 50.94 0.00 80.96 58.12
BBN 100 94.94 93.38 71.34 82.37 36.88 6543  31.08 83.44 67.92
EAC 100 95.27 92.06 83.68 89.97 36.88 62.35 28.38 85.79 69.80
MEK 100 96.37 91.18 82.85 86.63 44.38 65.43 34.62 86.47 73.06

Proposed 100 97.46 88.38 82.85 90.88 55.00 80.24 3784 8785 76.09

Baseline 150 95.86 90.29 75.73 77.51 9.38 46.91 0.00 80.11 56.53
BBN 150 94.85 93.53 74.69 81.46 30.00 5556 2838 8292 65.49

(Continued)
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Table 4 (continued)

Method Imbalance Happiness Neutral Sadness Surprise Disgust Anger Fear Overall Mean

EAC 150 96.20 91.62 77.82 79.64 36.25 59.88 3919 84.13 68.66
MEK 150 96.62 91.62 79.29 83.89 36.25 61.11 31.78  85.20 70.33
Proposed 150 96.63 86.74 85.56 85.71 45.27 8148 3592 86.45 73.90

4.6 Image Processing Strategies

Horizontal flipping was performed to ensure the consistency handling of samples in the model archi-
tecture. Herein, image processing strategies were analyzed, and their effectiveness in performing horizontal
flipping was verified. Experimental image processing involves vertical flipping, downsampling, intensity
attenuation, and random erasing. Table 5 shows the performance results of testing whether these processes
can outperform horizontal flipping under unbalanced learning. Results showed that the performance of
random erasure, intensity attenuation, and downsampling was poor. This was because random erasure
increased the robustness of the model by randomly covering a part of the image and removing important
features in the image. Intensity attenuation simulated different lighting conditions by reducing the intensity
of pixels in the image and decreasing its overall contrast, making certain features blurry and affecting
the model’s recognition of subtle features. Moreover, downsampling led to the loss of details in the image
and affected model recognition for samples with high-density features. Vertical flipping was performed
similarly to the proposed method because it used similar image processing strategies. Moreover, attention
consistency was crucial for attention maps, which have two dimensions of height and width, and incorporate
spatial information. As flipping is an image processing strategy closely related to space, it can maximize the
performance of the proposed model.

Table 5: Performance comparison of different image processing strategies

Method Happiness Neutral Sadness Surprise Disgust Anger Fear Overall Mean

Erase 96.35 90.68 88.25 90.89 78.15 84.69 69.72  90.26 85.53
Intensity 97.06 91.61 88.74 90.49 78.27 86.24 70.37  90.49 85.11
Scaling 97.38 90.14 90.58 89.66 76.25 90.12 7297 9173 86.73
Vertical 9721 92.20 89.95 94.22 81.25 85.80 7162  92.60 87.46
Proposed 97.47 93.38 89.96 93.62 80.00 8765 7432 9286  88.05

4.7 Model Generalization Ability

The pretrained ResNet-18 [31] was used as the backbone network to demonstrate the generalization
ability of the model on AffectNet [1] and FERPlus [1,2] FER datasets. Tables 6 and 7 show the experimental
results of the model on the AffectNet and FERPlus datasets. Results showed that compared with mainstream
algorithms, the overall and average recognition accuracies of the proposed model on the AffectNet dataset
improved by 0.49% and 1.01%, respectively, and the recognition rates on secondary class fear and disgust
improved by 0.53% and 0.91%, respectively. The overall and average recognition accuracies of the model
on the FERPlus dataset improved by 0.83% and 1.23%, respectively, and the recognition rates on secondary
classes fear and disgust improved by 1.80% and 4.37%, respectively.
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Table 6: Performance comparison of AffectNet dataset methods

Method Conference Happiness Neutral Sadness Surprise Disgust Anger Fear Overall Mean
SCN [5] CVPR2020 95.20 82.70 44.20 56.30 35.80 38.00 2090 60.23  53.30

BBN [38] CVPR2020 87.00 57.10 66.80 58.30 54.90 7170 3010 6039 60.76
RUL [40] NeurIPS2021 90.50 62.40 64.70 69.30 60.80  49.00 34.20 6115 61.56
EAC[20] ECCV2022 91.40 64.50 65.70 66.30 61.60 60.90 4580 6532 6517
MEK [8] NeurIPS2023 86.20 59.00 64.20 66.50 57.80 64.50 6190 65.78  65.73
Proposed 88.57 60.13 65.39 67.21 58.71 64.72 6243 6627 66.74

Table 7: Performance comparison of FERPlus dataset methods

Method Conference Happiness Neutral Sadness Surprise Disgust Anger Fear Overall Mean

BBN [38] CVPR2020 91.38 84.31 77.60 93.18 33.33 8498 5422 859 7414
EAC [20] ECCV2022 95.63 90.09 76.30 90.15 33.33 84.62 4940 8811  74.22
MEK [8] NeurIPS2023 94.06 91.19 79.95 91.67 38.89 82.05 56.63 88.68 76.35
Proposed 94.68 91.27 7913 92.37 4326 8394 5843 8951 7758

5 Summary

In this study, we focused on improving the imbalanced learning problem in FER using the static image
expression recognition method. Current imbalanced learning methods often sacrifice the recognition rate
of primary classes to improve the recognition performance of secondary classes. However, the proposed
model extracts additional feature information from the samples of secondary classes to address this issue. The
performance of the proposed model was compared with the existing methods. Results revealed that during
model training, the recognition rate of secondary classes was improved while maintaining a high recognition
rate for the primary class. Experiments performed on publicly available FER datasets demonstrated that
compared with mainstream algorithms such as SCN, BBN, RUL, EAC, and MEK, the proposed method
effectively improved the overall and average recognition accuracies on the RAF-DB, AffectNet, and FERPlus
datasets. The analysis and visualization of the experimental results demonstrated the effectiveness of the
proposed method in imbalanced learning. In the future, we plan to explore new methods for designing rebal-
ancing weights and optimizing loss functions. We also aim to explore more refined expression recognition
methods to address imbalanced phenomena in facial expression datasets. Additionally, we have planned
to investigate the effectiveness of different data preprocessing methods for identifying imbalanced facial
expression datasets.
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