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Abstract
In embodied artificial intelligence (EAI), accurately recognizing human facial expressions is crucial for intuitive and
effective human-robot interactions. We introduce multi-scale attention and convolution-transformer fusion network,
a deep learning framework tailored for EAI, designed to dynamically detect and process facial expressions, facilitating
adaptive interactions based on the user’s emotional state. The proposed network comprises three distinct compo-
nents: a local feature extraction module that utilizes attention mechanisms to focus on key facial regions, a global
feature extraction module that employs Transformer-based architectures to capture comprehensive global informa-
tion, and a global-local feature fusion module that integrates these insights to enhance facial expression recognition
accuracy. Our experimental results on prominent datasets such as FER2013 and RAF-DB indicate that our data-driven
approach consistently outperforms existing state-of-the-art methods.

Keywords: Facial expression recognition, multi-scale attention, feature fusion, data-driven

1. INTRODUCTION
Facial expression, serving as one of the most direct and natural social signals in human communication [1],
holds a critical role in interpersonal interactions and is a vital conduit for emotional exchange [2]. The ability to
interpret these expressions accurately is fundamental to the paradigm of embodied artificial intelligence (EAI),
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where systems interact with their environment in a meaningful way. In EAI, recognizing and responding
to human emotions through facial expressions can significantly enhance the adaptability and functionality
of these systems in various applications such as human-computer interaction, smart healthcare, and safety
monitoring in driving scenarios.

The complexity of facial expressions incorporates dynamic changes in facial muscle movements and subtle
variations in facial features, which reflect a person’s emotional state and intentions. As shown in Figure 1,
Ekman et al. categorized facial expressions into seven basic emotions: anger, disgust, fear, happiness, sadness,
surprise, and neutral, which have been extensively used as a foundation in the development of facial expression
recognition (FER) technologies [3]. As computer vision technology has advanced, data-driven approaches to
FER have progressively become more sophisticated, adapting to the diverse and spontaneous nature of human
expressions captured in both controlled laboratory environments and in more challenging in-the-wild settings.

Despite the advancements in FER algorithms, the performance of these systems still requires enhancements
to cope with the diversity and complexity of real-world human expressions. This ongoing development is
emblematic of EAI’s core challenge: to create systems that not only perceive but also understand and appro-
priately respond to human cues in a manner that mirrors human cognitive abilities. Datasets for FER, such as
CK+ [4], JAFEE [5], Oulu-CASIA [6], RAF-DB [7], SFEW [8], and FERPlus [9], play a crucial role in training these
intelligent systems, offering a spectrum of expressions from controlled to naturalistic environments. These
datasets help in refining the algorithms to achieve higher accuracy and reliability in expression recognition,
thus enabling EAI systems to engage more naturally and effectively with humans.

Convolution neural network (CNN) has achieved a significant performance in FER in other fields. Mollahos-
seini et al. designed a deep neural network consisting of two convolution layers, two pooling layers, and four
inception layers, with single-component architecture [10]. It achieved satisfactory results on different public
datasets. Shao et al. proposed three different kinds of convolutional neural networks: Light-CNN, dual-
branch CNN, and pre-trained CNN, which achieved robust results for facial expression in the wild [11]. Gurs-
esli et al. designed a lightweight CNN for facial emotion recognition, called custom lightweight CNN-based
model (CLCM), based onMobileNetV2 architecture [12]. It achieved performance comparable to or better than
MobileNetV2 and ShuffleNetV2.

The advantage of CNN is that it performs local information exchange in a region through convolution op-
eration, which focuses on modeling local relationships. Each convolutional filter is made for a small region.
Although CNN can extract more abstract features at a deep level, it still cannot extract enough global features
for FER. In contrast, the visual transformer can capture long-distance dependencies between pixels through
a self-attention mechanism, which have advantages for global feature extraction and can compensate for the
shortcomings of CNN.

Attention mechanisms have also been extensively used to solve the problems of occlusion and pose variation
in FER. In FER tasks, the useful features for recognition mainly focus on key areas such as the eyes, nose,
and mouth. The attention mechanism improves expression recognition by increasing the weights of these
key features. Sun et al. proposed AR-TE-CATFFNet integrating three core components: attention-rectified
convolution for feature selection, local binary pattern (LBP)/GLCM-based texture enhancement, and cross-
attention transformers to fuse RGB-texture features globally, achieving enhanced accuracy and cross-domain
generalization [13]. Tao et al. introduced a hierarchical attention network with progressive fusion of local-
global contexts and illumination-robust gradients through hierarchical attention modules (HAM), adaptively
amplifying discriminative facial cues while suppressing irrelevant regions for improved robustness [14]. A mul-
tilayer perceptual attention network was presented by Liu et al. and is capable of learning the potential di-
versity and essential details of various expressions [15]. Furthermore, the perceptual attention network can
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Figure 1. The samples of 7 basic emotions from RAF-DB, FERPlus and FER2013.

adaptively focus on the local regions with robustness to different datasets. In addition, Zhao et al. designed
a geometry-guided framework integrating GCN-transformers, constructing spatial-temporal graphs from fa-
cial landmarks to model local/non-local dependencies, and employing spatiotemporal attention to prioritize
critical regions/frames for video emotion recognition [16].

To overcome the above shortcomings, in this paper, we propose an end-to-end multi-scale attention (MSA)
and convolution-transformer fusion network (MSAFNet) for FER tasks, which can learn local and global fea-
tures and adaptively model the relationship between them. Our proposed network has three components: the
local feature extraction module (LFEM), the global feature extraction module (GFEM), and the global-local
feature fusionmodule (GLFM). AMSAblock is embedded into the LFEM,which can adaptively capture the im-
portance of relevant regions of FER, effectively overcoming the inherent limitations of traditional single-scale
feature modeling. The proposed MSA block can capture key facial information from different perspectives
and improve the performance in occlusion and pose variation conditions. The GFEM can compensate for
the shortcomings of the LFEM by capturing long-distance relationships from global images. We designed the
GLFM to model the relationship between local and global features. The synergistic operation of these mod-
ules significantly enhances micro-expression sensitivity and cross-domain generalization capabilities, with the
fusion mechanism dynamically recalibrating feature importance to optimize recognition performance under
real-world complexities.

In summary, the main contributions of our work are as follows:

1. A MSAFNet for FER tasks has been proposed, which can capture key information from local and global
features and adaptively model the relationship between them.

2. A LFEM and a GFEM have been proposed. Furthermore, a MSA block is designed to embed in the LFEM,
which can combine the attention information of spatial dimension with channel dimension without crop-
ping strategies and facial landmark detectors.

3. A GLFM to model the relationship between local and global features has been designed, which can effec-
tively improve recognition performance.

4. Experimental results on three different FER datasets show that MSAFNet obtains competitive results com-
pared with other state-of-the-art methods, proving our model’s validity.
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2. RELATED WORK
In recent years, many effective FER methods have been proposed. In this part, we mainly introduce previous
related methods.

2.1. FER based on traditional approaches
Early FER works mainly on hand-crafted features and traditional machine-learning classification methods.
The hand-crafted features can be divided into appearance-based features and geometric features. The com-
monly used appearance-based features include LBP [17], Gabor wavelets [5], and histogram of oriented gradi-
ents (HOG) [18]. Geometric features are obtained by measuring the relative position of significant features,
such as eyes, nose, and mouth [19,20]. Moreover, support vector machine (SVM) [21] is the most common and
effective machine learning classification algorithm. Ghimire et al. proposed a FER method using a combi-
nation of appearance and geometric features with SVM classification [21]. Although the traditional methods
have a good performance on in-the-lab FER datasets, the performance on in-the-wild FER datasets is signifi-
cantly degraded. It can be ascribed that lighting, noise, and other factors can easily affect hand-crafted features.
Moreover, the method provides better results in facial expression datasets.

2.2. FER based on CNN models
Compared with traditional machine learning methods, deep neural networks, especially CNN, can learn di-
rectly from the input reducing the dependence on pre-processing. With the rapid development of deep learn-
ing, many deep neural networks such as AlexNet [22], VGG [23], and ResNet [24] are widely used in FER tasks and
have shown good performance. Wu et al. proposed FER-CHCwith cross-hierarchy contrast to enhance CNN-
basedmodels by critical feature exploitation [25]. Teng et al. designed typical facial expression network (TFEN)
combining dual 2D/3D CNNs for robust video FER across four benchmarks [26]. Zhao et al. developed a cross-
modality attention CNN (CM-CNN) that fused grayscale, LBP, and depth features via hierarchical attention
mechanisms, effectively addressing illumination/pose variations and enhancing recognition of subtle expres-
sions [27]. Cai et al. introduced probabilistic attribute tree CNN (PAT-CNN) addressing identity-induced
intra-class variations through probabilistic attribute modeling [28]. Liu et al. combined CNN-extracted facial
features with GCN-modeled high-aggregation subgraphs (HASs) to boost recognition robustness [29].

2.3. FER based on attention mechanism
Attentionmechanism has beenwidely applied in FER tasks out of their effectiveness in focusing the network on
useful regions relevant to expression recognition. Zhang et al. proposed a cross-fusion dual-attention network
with three innovations: grouped dual-attention for multi-scale refinement, adaptive C2 activation mitigating
computational bottlenecks, and distillation-residual closed-loop framework enhancing feature purity [30]. Li et
al. developed SPWFA-SE combining Slide-Patch/Whole-Face attention with SE blocks to jointly capture local
details and global contexts, improving FER accuracy [31]. Zhang et al. designed lightweight GSDNet using
gradual self-distillation for inter-layer knowledge transfer and ACAM with learnable coefficients for adaptive
enhancement [32]. Tao et al. introduced a hierarchical attention network integrating local-global gradient fea-
tures via multi-context aggregation, employing attention gates to amplify discriminative regions [14]. Chen
et al. introduced a hierarchical attention network integrating local-global gradient features via multi-context
aggregation, employing attention gates to amplify discriminative regions [33].

2.4. FER based on visual transformer
Transformers [34] have been widely used in natural language processing (NLP) tasks and have shown significant
performance. They are good at capturing the long-distance relation between words by their self-attention
mechanism. Inspired by the success of transformers, Dosovitsliy et al. proposed Vit [35], a pure transformer,
applied to image patches on classification tasks and has shown significant performance in the field of computing
vision, such as object detection [36], object tracking [37], and instance segmentation [38]. Visual transformers
are also applied to FER by some researchers. Ma et al. introduced a transformer-augmented network (TAN)
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Figure 2. The overview of our proposedmethod for FER. The proposedmethod consists of three components, including the LFEM, theGFEM
andGLFM. The images and labels are fromRAF-DB. FER: Facial expression recognition; LFEM: local feature extractionmodule; GFEM: global
feature extraction module; GLFM: global-local feature fusion module.

combining intra-patch transformers (position-disentangled attention) and inter-patch transformers to capture
local features and cross-region dependencies, integrated with online label correction for noise reduction [39].
Zhang et al. developed transformer-basedmultimodal emotional perception (T-MEP)with triple transformers
for audio/image/text features, aligningmultimodal semantics through fused self/cross-attention in visual latent
space [40]. Liu et al. proposed patch attention convolutional vision transformer (PACVT) that also extracts
local and global features, but uses simple add operation to combine different features [41]. Different from them,
our method can obtain rich emotional information from local and global features without a cropping strategy,
and employs a learnable way to integrate the relation of local and global features. It is effective to recognize
facial expression images.

3. PROPOSED METHOD
3.1. Overview
As shown in Figure 2, our proposed MSAFNet consists of three components, including the LFEM, the GFEM,
and the GLFM. The LFEM introduces a CNN (ResNet) as the backbone to extract local features. Specifically,
an original facial expression image is fed into the LFEM and the GFEM as input. Concurrently, a MSA block
is embedded into the local module to direct the model to focus more on regions that are crucial for expression
recognition. The GFEM also converts the original facial image to different tokens with positional information
by a linear embedding layer. Then the tokens are fed to the transformer encoder, which can extract global
features of the original image. Finally, the GLFM compatibly models the relationship between local and global
features, and the output features are utilized for FER.

3.2. LFEM
Inspired by Res2Net [42], we design a MSA block. In this module, we manipulate ResNet18 [24] as the backbone
from given facial images for the LFEM, and the average pool and fully connected layer are removed after the
Conv5 block. To optimize the salient information in local regions, this module designs a MSA block which is
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embedded after the Conv5 block.

As shown in Figure 3, the feature maps extracted after the Conv5 block are fed into the attention block. After a
1×1 convolution, the featuremaps 𝑋1 ∈ 𝑅𝐶1×𝐻1×𝑊1 are obtained, where𝐶1, 𝐻1, and𝑊1 represent the number
of channels, width, and height of the feature map after the convolution operation, respectively. The module
splits the feature maps 𝑋1 into 𝑠 groups feature map subsets, denoted by 𝑥𝑖 , where 𝑖 ∈ {0, 1, 2, · · · , 𝑠 − 1}. The
spatial size of each group feature map subset is the same as the input feature maps 𝑋 , while the number of
channels is 𝐶1′

= 𝐶1/𝑠. The 𝑖 − 𝑡ℎ group feature map subset import 𝑥𝑖 ∈ 𝑅𝐶1′×𝐻1×𝑊1, 𝑖 ∈ {0, 1, 2, · · · , 𝑠 − 1}.
Each 𝑥𝑖 is processed by a corresponding 3 × 3 convolution designated by 𝑓𝑖 (·), and the output is denoted by
𝑦𝑖 ∈ 𝑅𝐶1′×𝐻1×𝑊1. According to the module, the input and output have the same dimension. When 𝑖 ≥ 1, the
𝑖 − 𝑡ℎ group feature subset is computed with the output of 𝑦𝑖−1 and then fed as the input of 𝑓𝑖 (·). Thus, 𝑦𝑖 can
be written as:

𝑦𝑖 =

{
𝑓𝑖 (𝑥𝑖) 𝑖 = 0
𝑓𝑖 (𝑥𝑖 + 𝑦𝑖−1) 1 ≤ 𝑖 ≤ 𝑠 − 1

(1)

When each group feature subset {𝑥𝑖 , 0 ≤ 𝑖 ≤ 𝑠 − 1} goes through 3 × 3 convolution, the output {𝑦𝑖 , 1 ≤
𝑖 ≤ 𝑠 − 1} can acquire a larger receptive field than {𝑦𝑖 , 𝑗 ≤ 𝑖}. After that, each 𝑦𝑖 can contain characteristic
information of feature subsets with different receptive field scales and different scales, thus obtaining multi-
scale spatial information. Different sizes of 𝑠 can learn different information, and larger 𝑠 may get richer
scale information. This module sets the size of 𝑠 as 4, which was carefully chosen through comprehensive
ablation studies to balance computational complexity andmodel performance. This systematic analysis justifies
our design choice of 𝑠 = 4 as the optimal configuration that achieves superior accuracy while maintaining
reasonable computational demands.

Following the multi-scale spatial attention information, we subsequently compute attention weights along
channel dimensions. By using global average pooling, each output 𝑦𝑖 from a convolution operation for each
group feature subset 𝑥𝑖 is condensed into a vector. Then, we employ two fully connected layers to model the
channel correlations. In neural networks, activation functions are primarily used to introduce non-linearity,
enabling the network to learn complex patterns. Therefore, we use a sigmoid activation function to normalize
the output, which can obtain the channel attention weight of each group feature subset 𝐹𝑖 ∈ 𝑅𝐶1′×1×1. It can
be defined as:

𝐹𝑖 = 𝜎(𝑊2𝜌(𝑊1𝑦𝑖)) (2)

where𝜎 denotes the sigmoid function, which normalizes the output as a range of [0, 1], effectively transforming
the output into a probability value. Additionally, 𝜌 denotes the ReLU activation function, a typical non-linear
function, defined as 𝑓 (𝑥) = max(0, 𝑥), which maps the input signal to the feature space; 𝑊1 and 𝑊2 denote
the FC operation; 𝐹𝑖 denotes the channel attention weight of different group feature subsets. Furthermore, it
splices the attention weights to acquire the final MSA weights 𝐹 ∈ 𝑅𝐶1×1×1:

𝐹 = 𝐶𝑜𝑛𝑐𝑎𝑡 ( [𝐹0, 𝐹2, 𝐹3, · · · 𝐹𝑠−1]) (3)

𝑋𝑙𝑜𝑐𝑎𝑙 = 𝑋1 ⊗ 𝐹 (4)

Finally, we acquire the output 𝑋𝑙𝑜𝑐𝑎𝑙 by multiplying feature maps 𝑋 with the MSA weights 𝐹.

Different from Res2Net, our MSA not only captures the multi-scale information from feature map subsets,
but also calculates channel information and aggregates all information from feature map subsets, which can
make the attention information richer. It considers both spatial semantic information and channel semantic
information and effectively combines information from both spatial and channel dimensions. This design,
leveraging self-attention, reduces redundancy, accelerates training, and improves convergence. By emphasizing
comprehensive feature fusion and diverse interactions, ourMSA ensuresmore efficient information flow, better
addressing gradient vanishing and enhancing training stability in deep architectures.
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Figure 3. The details ofMSAblock. MSA:Multi-scale attention; GAP: global average polling; FC: fully connected layer; Sig: sigmoid function.

3.3. GFEM
Given the significant performance of vision transformers (ViT) [35] in numerous computer vision tasks, sev-
eral transformer architectures have been widely adopted. Transformer architecture is good at capturing the
long-distance dependencies between pixels. Therefore, the GFEM utilizes a transformer architecture follow-
ing Mixformer [43]. As shown in Figure 2, the GFEM combines local-window self-attention (W-MSA) with
depth-wise convolution in a parallel design, providing complementary information for each branch. The ViT
branch employs W-MSA to model global facial semantics: non-overlapping patches undergo dynamic cor-
relation analysis. Channel interaction (CLout) enhances critical regions via element-wise recalibration. The
CNN branch extracts localized details via depthwise convolution, with spatial interaction (SLout) amplifying
discriminative regions. Fused features combine both streams channel-wise, processed by the MIX function
for robust classification. This dual-stream design enables complementary modeling: W-MSA captures spatial
dependencies, while CNN optimizes channel-wise features, achieving multi-scale representation through hi-
erarchical fusion. The channel interaction contains a global average pooling layer and two 1×1 convolution
layers with BN layer and GELU activation function. And a sigmoid function is used to generate attention.
At last, the channel interaction is applied to the value in W-MSA. The spatial interaction involves two 1×1
convolution layers with BN and GELU, followed by a sigmoid function used to generate attention.

𝐶𝐼𝑜𝑢𝑡 = 𝜎(𝐶𝑜𝑛𝑣1×1(𝐺𝐸𝐿𝑈 (𝐶𝑜𝑛𝑣1×1(𝐺𝐴𝑃(𝐶𝐼𝑖𝑛))))) (5)

𝑆𝐼𝑜𝑢𝑡 = 𝜎(𝐶𝑜𝑛𝑣1×1(𝐺𝐸𝐿𝑈 (𝐶𝑜𝑛𝑣1×1(𝑆𝐼𝑖𝑛)))) (6)

Where 𝐶𝐼𝑖𝑛, 𝐶𝐼𝑜𝑢𝑡 represent the input and output of channel interaction;𝑆𝐼𝑖𝑛, 𝑆𝐼𝑜𝑢𝑡 represent the input and
output of spatial interaction; 𝐺𝐸𝐿𝑈 denotes activation function; 𝜎 denotes the sigmoid function.

Based on the parallel design, the mix transformer block can be formulated as follows:

𝑧𝑙+1 = 𝐶𝑂𝑁𝐶𝐴𝑇 (𝑊 − 𝑀𝑆𝐴(𝑧𝑙), 𝐶𝑜𝑛𝑣(𝑧𝑙)) + 𝑧𝑙 (7)

𝑧𝑙+1 = 𝑀𝐿𝑃(𝐿𝑁 (𝑧𝑙+1)) + 𝑧𝑙+1 (8)

where 𝐶𝑂𝑁𝐶𝐴𝑇 represents a function that mixes the feature between W-MSA and depth-wise convolution.
𝐶𝑜𝑛𝑣 denotes depth-wise convolution; 𝐿𝑁 represents layer normalization; 𝑧𝑙+1 and 𝑧𝑙+1 denote the output
features of the 𝐶𝑂𝑁𝐶𝐴𝑇 and the 𝑀𝐿𝑃, respectively.
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3.4. GLFM
In this field, GLFM effectively integrates features from the LFEM and the GFEM. The primary objective is
to combine local and global features to capture richer spatial and channel information, thereby enhancing
FER performance. Compared with traditional neural networks that separately process local and global fea-
tures, our model enables the complementarity between local and global features. As shown in Figure 4, this
approach allows for a more accurate description of both the details and overall characteristics of facial expres-
sions. Given local feature maps 𝑋𝑙𝑜𝑐𝑎𝑙 ∈ 𝑅𝐶1×𝐻1×𝑊1 extraction from the LFEM, where 𝐶1, 𝐻1,𝑊1 are the
channel dimension, height and width, and global feature maps 𝑋𝑔𝑙𝑜𝑏𝑎𝑙 ∈ 𝑅𝐶2×𝐿2 extracted from the GFEM,
where 𝐶2, 𝐷2 are channel dimensions and token numbers. The local feature maps 𝑋𝑙𝑜𝑐𝑎𝑙 ∈ 𝑅𝐶1×𝐻1×𝑊1 are re-
arrange to 𝑋𝑙𝑜𝑐𝑎𝑙 ∈ 𝑅𝐶1×𝐿1 where 𝐿1 = 𝐻1×𝑊1. This rearrangement of local feature maps is an essential step
in the process. By reshaping the feature maps, local and global information can be effectively fused within the
same dimensional space, thereby optimizing subsequent operations. This paper presents the first method to
fuse local feature maps 𝑋𝑙𝑜𝑐𝑎𝑙 and global feature maps 𝑋𝑔𝑙𝑜𝑏𝑎𝑙 via an element-wise summation for information
interaction:

𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛 = 𝑋𝑙𝑜𝑐𝑎𝑙 ⊕ 𝑋𝑔𝑙𝑜𝑏𝑎𝑙 (9)

Where 𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛 ∈ 𝑅𝐶3×𝐿3 is the interactive features, and ⊕ denotes element-wise summation. For purpose
of performing information interaction better, the interaction features 𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛 are transposed into 𝑥𝑇𝑓 𝑢𝑠𝑖𝑜𝑛 ∈
𝑅𝐶3×𝐿3 and fed into MLP block including two fully connected layers and a non-linearity layer that can c the
information on the token level. Employing thismethod can acquire the feature 𝑥𝑇𝑓 𝑢𝑠𝑖𝑜𝑛1 ∈ 𝑅𝐶3×𝐿3 and transpose
it into 𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛1 ∈ 𝑅𝐶3×𝐿3. And then the features 𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛1 are fed into two different MLP blocks to interact the
information on the channel level. The details can be defined as follows:

𝑋𝑇
𝑓 𝑢𝑠𝑖𝑜𝑛1 = 𝑊4 GELU

(
𝑊3𝐿𝑁

(
𝑋𝑇

𝑓 𝑢𝑠𝑖𝑜𝑛

))
(10)

𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛2 = 𝑊6𝐺𝐸𝐿𝑈
(
𝑊5𝐿𝑁

(
𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛1

) )
(11)

𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛3 = 𝑊8𝐺𝐸𝐿𝑈
(
𝑊7𝐿𝑁

(
𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛1

) )
(12)

where 𝐿𝑁 denotes layer normalization, which is the process of normalizing the output of a specific layer in a
neural network; it helps maintain stability during training by preventing difficulties caused by large differences
in the outputs of different layers. This can reduce training time, improve stability, and enhance convergence.
Additionally,𝐺𝐸𝐿𝑈 denotes theGELU activation function, which is similar to ReLUbutwith smoother output
for small negative values. It helps mitigate issues such as gradient explosion or vanishing gradients during
training and is commonly used in deep learning to transform the model’s output. 𝑊3,𝑊4,𝑊5,𝑊6,𝑊7 and𝑊8
denote the fully connected operation. And we can get the last fusion features as:

𝑋𝐹𝑖𝑛 =
(
𝑋𝑙𝑜𝑐𝑎𝑙 ⊗ 𝜎

(
𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛2

) )
⊕
(
𝑋𝑔𝑙𝑜𝑏𝑎𝑙 ⊗ 𝜎

(
𝑋 𝑓 𝑢𝑠𝑖𝑜𝑛3

) )
(13)

where ⊗ denotes element-wise multiplication, and ⊕ denotes element-wise summation.

4. EXPERIMENT RESULTS
4.1. Datasets
RAF-DB [7] is a real-world FER dataset containing facial images downloaded from the Internet. The facial
images are labeled with seven classes of basic expressions or 12 classes of compound expressions by 40 trained
human coders. In our experiment, the proposed method only utilizes seven basic expressions, including anger,
disgust, fear, happiness, sadness, surprise, and neutral. It involves 12,271 images for training and 3,069 images
for testing.

FER2013 [44] is collected from the Internet that was first for ICML 2013 Challenges in representation learning.
It contains 385,887 facial images collected by Google search engine with 28,709 images for training, 3,589
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Figure 4. The details of GLFM. MLP denotes multilayer perceptron, ⊕ denotes element-wise summation, and ⊗ denotes element-wise
multiplication. GLFM: Global-local feature fusion module.

images for validating, and 3,589 images for testing. All images are grayscale with the size of 48 × 48 pixels.
The facial images are also labeled with seven basic expression labels, including anger, disgust, fear, happiness,
sadness, surprise, and neutral.

FERPlus [9] is extended from FER2013 dataset which was for ICML 2013 Challenges. It also contains 28,709
training, 3,589 validation, and 3,589 testing images. All images are 48 × 48 pixels. Different from FER2013
dataset, each image in FERPlus is relabeled by ten annotators and FERPlus adds three categories, including
contempt, unknown, and not a face. Therefore, FERPlus dataset has better quality labels than FER2013. The
proposed algorithm reports overall sample accuracy on the test set with eight categories.

Occlusion and pose variant datasets are test subsets of RAF-DB and FERPlus collected by the work [45]. These
datasets are Occlusion-RAF-DB, Pose-RAF-DB, Occlusion-FERPPlus, and Pose-FERPlus, and the facial ex-
pression images are manually annotated with various occlusion and variant poses. The pose datasets can be
divided into two types with poses larger than 30 degrees and larger than 45 degrees.

4.2. Implementation details
In the experiments, the multitask cascaded convolutional network (MTCNN) [46] is employed for face de-
tection in images. The detected faces were subsequently cropped and further downsized to 256×256 pixels.
MTCNN was chosen due to its superior accuracy and speed. Its cascaded network structure enables high-
precision detection and effectively handles challenging scenarios, including varying illumination, pose varia-
tions, and occlusions. Furthermore, the multitask learning framework of MTCNN allows for simultaneous
face localization and keypoint detection, thereby enhancing the efficiency of subsequent processing tasks. To
prevent over-fitting, we randomly cropped the facial photos to 224×224 pixels during training. We also ran-
domly flip the data during data augmentation. The ResNet18 is pre-trained onMS-Celeb-1M face recognition
dataset [47] similarly to region attention networks (RAN) [45] and self-cure networks (SCN) [48]. In the experi-
ments, the model is trained with stochastic gradient descent (SGD) optimizer algorithm. The momentum is
0.9, the weight decay is 0.0005 and the batch size is set to 128. The learning rate is initialized as 0.01 and it
decays to 0.9 every five epochs after 30 epochs. And we train the model for 150 epochs in total. Our method
is implemented with Pytorch toolbox on GeForce RTX 2080Ti GPU platform.

http://dx.doi.org/10.20517/ir.2025.16


Page 322 He et al. Intell. Robot. 2025, 5(2), 313-32 I http://dx.doi.org/10.20517/ir.2025.16

Table 1. Comparison with other methods on RAF-DB dataset

Methods Year Accuracy (%)
gACNN [49] 2018 85.07

RAN [45] 2020 86.90

SCN [48] 2020 87.01

OADN [50] 2020 87.16

DACL [51] 2021 87.78

MA-Net [52] 2021 88.40

FDRL [53] 2021 89.47

VTFF [54] 2021 88.14

AMP-Net [15] 2022 89.25

ADDL [55] 2022 89.34

PACVT [41] 2023 88.21

GSDNet [32] 2024 90.91

DBFN [56] 2024 87.65

MSAFNet(ours) 2025 90.06

The bold format is used to indi-
cate the best (highest) accuracy.
gACNN: Region attention mecha-
nism; RAN: region attention net-
works; SCN: self-cure networks;
OADN: occlusion-adaptive deep
network; DACL: deep attentive
center loss; MA-Net: multi-scale
and local attention network;
FDRL: feature decomposition and
reconstruction learning; VTFF:
visual transformers with fea-
ture fusion; AMP-Net: adaptive
multilayer perceptual attention
network; ADDL: adaptive deep
disturbance-disentangled learn-
ing; PACVT: patch attention
convolutional vision transformer;
DBFN: dual-branch fusion net-
work; MSAFNet: multi-scale
attention and convolution-
transformer fusion network.

4.3. Comparison with state-of-the-arts
This section compares the proposed approach MSAFNet with several state-of-the-art methods on RAF-DB,
FERPlus, FER2013, Occlusion-RAF-DB, Pose-RAF-DB, Occlusion-FERPlus, and Pose-FERPlus. MSAFNet
consistently achieves high accuracy and demonstrates stable performance across these benchmarks. Notably,
it exhibits strong generalization capabilities, particularly in complex scenarios involving diverse facial expres-
sions and emotion categories.

4.3.1 Results on RAF-DB
Comparison results with other state-of-the-art methods on RAF-DB in recent years with seven emotion cat-
egories are shown in Table 1. Multi-scale and local attention network (MA-Net) [52] utilized global and local
features to address the issues both occlusion and pose variation and got an accuracy of 88.40%. Adaptive mul-
tilayer perceptual attention network (AMP-Net) [15] uses different fine-grained features to extract global, local
and salient features and obtained recognition accuracy of 89.25% on RAF-DB dataset. As shown in Table 1,
our proposed method MSAFNet obtains the recognition accuracy of 89.77% on RAF-DB and achieves 1.66%
and 0.81% improvement compared with the MA-Net [52] and AMP-Net [15], respectively. Compared to the vi-
sual transformers with feature fusion (VTFF) [54] which used transformers and attention selective fusion, our
method has 1.92% improvement. PACVT [41] can also extract local and global features with attention weights
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Figure 5. The confusion matrices of MSAFNet on the RAF-DB dataset.

Table 2. Comparison with other methods on FER2013 dataset

Methods Year Accuracy (%)

SHCNN [57] 2019 69.10

Pre-trained CNN [11] 2019 71.14

AWHFL [58] 2019 72.67

FreNet [59] 2020 64.41

LBAN-IL [60] 2021 73.11

MSAFNet(ours) 2025 73.25

The bold format is used to indi-cate
the best (highest) accuracy. SHCNN:
Shallow convolutional neural network;
CNN: convolution neural network;
AWHFL: adaptive weighting of
handcrafted feature losses; LBAN-IL:
local binary at-tention network with
instance loss; MSAFNet: multi-scale
attention and convolution-transformer
fusion network.

and ViT. Compared with PACVT, our method achieves a higher accuracy by about 1.85%. In the confusion
matrix shown in Figure 5, happiness expression has the highest recognition accuracy, while fear and disgust
expression has poor performance. This disparity primarily arises from three factors: data scarcity, inter-class
similarity and feature subtlety.

4.3.2. Results on FER2013
Table 2 shows the results that our method compares with state-of-the-art methods on FER2013 dataset. Our
MSAFNet obtains an accuracy of 73.25% on FER2013 dataset, which is competitive with other advanced meth-
ods. The confusion matrix in Figure 6 shows that fear expression is the poorest to recognize and happiness
has the highest recognition rate.
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Figure 6. The confusion matrices of MSAFNet on the FER2013 dataset.

4.3.3 Results on FERPlus
Comparison results with other state-of-the-art methods on FERPlus are shown in Table 3. The recognition
accuracy on FERPlus has been considerably improved when compared to the FER2013 dataset since FERPlus
has been relabeled and non-face images have been removed. As shown in Table 3, our MSAFNet obtains the
recognition accuracy of 89.82%. Compared to VTFF [54] and PACVT [41] which also utilized transformer archi-
tecture, our method achieves 1.01% and 1.1% improvement. The results of the confusion matrix on FERPlus
are shown in Figure 7. The confusion matrix shows that happiness, neutral, and surprise have better perfor-
mance than other expressions, and contempt, disgust, and fear have poor performance. The reason for these
results may be that contempt, disgust, and fear lack enough data compared to other expressions.

4.3.4 Results on occlusion and pose variant datasets
To verify the robustness of our method under occlusion and variant pose in real-world scenarios, we con-
duct experiments and compare the best results with occlusion and pose variant datasets, including Occlusion-
RAF-DB, Pose-RAF-DB, Occlusion-FERPlus, and Pose-FERPlus. Tables 4 and 5 show the results compared
to the state-of-the-art methods on the RAF-DB and FERPlus datasets for facial occlusion and pose variants.
Our MSAFNet obtains competitive performance compared to other methods. For facial occlusion datasets, it
achieves superior recognition performance (86.38% and 85.62%) on the RAF-DB and FERPlus datasets. Specif-
ically, our method outperforms the AMP-Net [15] method by 1.1% and 0.18%, which can demonstrate the
robustness of our method under facial occlusion. For pose variant datasets, our MSAFNet is significantly su-
perior to VTFF [54], MA-Net [52], and AMP-Net [15] on RAF-DB dataset with pose larger than 30 degrees and 45
degrees. On FERPlus dataset with pose larger than 30 degrees and pose larger than 45 degrees, ourmethod also
achieves higher accuracy compared with other methods. The results on occlusion and pose variant datasets
demonstrate the effectiveness of our method.

4.4. Ablation analysis
To evaluate the effectiveness of our method, we perform a series of ablation studies on RAF-DB dataset. In
the experiments, we evaluate the impact of the proposed components, the impact of different fusion methods,
and the impact of different attention methods, respectively.
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Table 3. Comparison with other methods on FERPlus dataset

Methods Year Accuracy (%)

CSLD [9] 2016 83.85

ResNet+VGG [61] 2017 87.40

SHCNN [57] 2019 86.54

RAN [45] 2020 88.55

RAN-VGG [45] 2021 89.16

SCN [48] 2020 88.01

VTFF [54] 2021 88.81

PACVT [41] 2023 88.72

GSDNet [32] 2024 90.32

CBAM-4CNN [62] 2024 87.75

MSAFNet(ours) 2025 89.82

The bold format is used to indi-cate
the best (highest) accuracy. CSLD:
Crowd-sourced label dis-tribution;
VGG: visual geometry group networks;
SHCNN: shal-low convolutional neural
network; RAN: region attention
networks; SCN: self-cure networks;
VTFF: visual transformers with feature
fusion; PACVT: patch attention
convolutional vision transformer;
GSDNet: gradual self distillation
network; CBAM-4CNN: convo-
lutional block attention module with
convolutional neural network; MSAFNet:
multi-scale attention and convolution-
transformer fu-sion network.

Figure 7. The confusion matrices of MSAFNet on the FERPlus dataset.
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Table 4. Comparison with other methods on Occlusion-RAF-DB, Pose-RAF-DB

Methods Occlusion Pose(30) Pose(45)

Baseline [45] 80.19 84.04 83.15

RAN [45] 82.72 86.74 85.20

MA-Net [52] 83.65 87.89 87.99

VTFF [54] 83.95 87.97 88.35

AMP-Net [15] 85.28 89.75 89.25

MSAFNet(ours) 86.38 90.14 89.60

The bold format is used to indicate the best (highest)
accuracy. RAN: Region attention networks; MA-
Net: multi-scale and local attention network;
VTFF: visual transform-ers with feature fusion;
AMP-Net: adap-tive multilayer perceptual
attention net-work; MSAFNet: multi-scale
attention and convolution-transformer fusion
network.

Table 5. Comparison with other methods on Occlusion-FERPlus, Pose-FERPlus

Methods Occlusion Pose(30) Pose(45)

Baseline [45] 73.33 78.11 75.50

RAN [45] 83.63 82.23 80.40

VTFF [54] 84.79 88.29 87.20

AMP-Net [15] 85.44 88.52 87.57

MSAFNet(ours) 85.62 88.63 88.78

The bold format is used to indicate the best
(highest) accuracy. RAN: Region at-tention
networks; VTFF: visual transform-ers with feature
fusion; AMP-Net: adap-tive multilayer
perceptual attention net-work; MSAFNet: multi-
scale attention and convolution-transformer fusion
network.

4.4.1 Impact of the proposed components
We first conduct the experiments to evaluate the impact of the proposed components, including LFEM, MSA,
GFEM, and GLFM, as shown in Table 6. As we can see from the results of the first three rows in Table 6, only
employing the GFEM achieves better performance compared to just utilizing the LFEM, due to the global
features from GFEM capture holistic facial configurations critical for expression semantics. After adding the
MSA block, the performance is 3.1% higher compared to only using LFEM. While combing GFEM, the ac-
curacy achieves 89.18%. This hierarchical interaction ensures global-local feature complementarity GFEM
suppresses LFEM’s background noise, while LFEM rectifies GFEM’s over-smoothing of subtle textures. With
the help of the adaptively GLFM we have suggested, our approach achieves the greatest results and improves
by 0.88%. The results clearly illustrate that the proposed components of our method can improve performance
significantly.

4.4.2 Impact of different fusion methods
To evaluate the impact of the GLFM, we study the effects of different feature fusion strategies. As shown in
Table 7, our proposed fusion method GLFM achieves 90.06% which are better result than other feature fusion
strategies. The results show that our GLFM can improve the performance for FER. Compared to other fusion
strategies, our GLFM employs a learnable way that can integrate local features and global features at the token
level and channel level. Thus, our GLFM achieves a better performance.
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Table 6. Impact of LFEM, MSA, GFEM, and GLFM on RAF-DB dataset

LFEM MSA GFEM GLFM Accuracy (%)
√ 85.72

√ 86.83
√ √ 88.82
√ √ √ 89.18
√ √ √ √ 90.06

LFEM: Local feature extraction module; GFEM:
global feature extraction module; GLFM: global-
local feature fusion mod-ule; MSA: multi-scale
attention.

Table 7. Impact of different fusion methods

Methods Accuracy (%)

Add 89.18

Concat 88.95

Maximum 89.02

GLFM 90.06

The bold format is
used to indicate the
best (highest) accuracy.
GLFM: Global-local
feature fusion module.

Table 8. Impact of different attention mechanisms

Methods Accuracy (%)

SE [63] 88.20

CBAM [64] 88.23

ECA [65] 88.07

MSA 88.82

The bold format is
used to indicate the
best (highest) accu-racy.
SE: Squeeze-and-
Excitation;
CBAM: convolutional
block attention mod-ule;
ECA: efficient channel
attention; MSA: multi-
scale at-tention.

4.4.3 Impact of different attention methods
To evaluate the impact of MSA, we study the effects of different attention mechanisms, including “Squeeze-
and-Excitation” (SE) [63], convolutional block attention module (CBAM) [64], and efficient channel attention
(ECA) [65]. As shown in Table 8, our proposed MSA outperforms SE, CBAM, and ECA by 0.62%, 0.59%, and
0.75%, respectively. Compared to other attentionmechanisms, ourMSA achieves the best results and improves
performance well.

4.5. Complexity analysis
We compare the number of parameters (params) and floating point operations (FLOPs) of our method with
other methods, as shown in Table 9. We can see that the params and FLOPs of our method are only 23.42
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Table 9. The number of parameters, FLOPs and accuracy on RAF-DB dataset

Method Params FLOPs Accuracy (%)

MA-Net [52] 50.54 M 3.65 G 88.40

AMP-Net [15] 105.67 M 4.73 G 89.25

our MSAFNet 23.42 M 3.60 G 90.06

FLOPs: Floating point operations; MA-Net:
multi-scale and local attention network; AMP-
Net: adaptive multilayer perceptual attention
network; MSAFNet: multi-scale attention and
convolution-transformer fu-sion network.

Figure 8. The CAMof LFEM and GFEM. The images and labels are from FER2013 and RAF-DB. CAM: Class activationmapping; LFEM: local
feature extraction module; GFEM: global feature extraction module.

M and 3.60 G. The parameters and FLOPs of our method are significantly lower than those of MA-Net [52]

and AMP-Net [15]. These results demonstrate that our MSAFNet has lower complexity and achieves better
performance than other methods.

4.6. Visualization
In this section, in order to better validate the performance of MSA, we utilize gradient-weighted class activa-
tion mapping (Grad-CAM) [66] to visualize SE, CBAM, ECA, and our MSA respectively. As shown in Figure 8,
LFEM generates highly localized activations focusing on fine-grained facial components, while GFEM pro-
duces broader activation patterns capturing holistic facial structure. This contrast validates the complemen-
tary roles of LFEM in micro-feature extraction and GFEM in macro-context modeling. As shown in Figure 9,
our MSA enables the network to better focus on the key areas, such as the eyes, nose, and mouth. For facial
occlusion or variant poses, MSA can still focus on eyes, nose, and mouth regions, and other attention methods
only pay attention to eyes, nose, or mouth regions. The results can further illustrate that our MSA can capture
the important information of the regions related to FER, verifying the effectiveness of our method.

5. CONCLUSION
In this paper, we propose an end-to-end MSAFNet for FER tasks that can learn local and global features and
adaptivelymodel the relationship between them. Our network contains threemodules that can obtain different
facial information and are robust to real-world facial expression datasets, including the LFEM, the GFEM, and
the GLFM. And a MSA block is designed to adaptively capture the importance of relevant regions of FER.The
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Figure 9. Visualization results. The CAM of MSA is compared with other attention methods. The images and labels are from FER2013 and
RAF-DB. CAM: Class activation mapping; MSA: multi-scale attention.

results compared with the existing methods and the ablation experiment show that the proposed method can
achieve better performance and have high robustness on real-world facial expression datasets. In future work,
wewill focus on designing datasets to quantify expressions and establishing evaluationmetrics. Wewill explore
how to integrate cognition and deep learning with minimal discrepancies to maximize information extraction.
This research will extend to diverse populations, where varied emotional expressions may be present.
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