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Facial Emotion Recognition (FER) plays a vital role in human-computer interaction and affective computing,
facing challenges like obstructed views and varying facial poses. Our approach employs a graph-based
FER framework integrating multi-scale feature extraction with adaptive attention mechanisms for accurate
emotion detection. Initially, YOLOv8 detects faces, enabling the creation of multi-scale graphs to analyze
spatial relationships among features. A hybrid adaptive attention mechanism sharpens these features before
processing them by a simplicial transformer network for dependency capture. Using a graph attention network
enhances edge weighting, thereby improving recognition performance. The proposed model is evaluated on two
benchmark datasets namely AffectNet and FER2013 achieving accuracy of 81.84% and 90.40%, respectively.
On occlusion and pose AffectNet dataset, the model demonstrates notable accuracy improvements of 3.7%
and 4.2%, respectively, over the strongest baseline. Futhermore, cross-dataset validation is conducted with
highest performance of 98.54% accuracy by combining (AffectNet and FER2013) for training and testing on
additional CK+ dataset. Across these datasets, statistical significance is confirmed through paired t-tests and
Wilcoxon signed-rank tests, with p-values consistently below 0.05, validating the robustness of performance
gains. Visualizations using Grad-CAM and t-SNE further validate the model’s discriminative power and focus on
expressive regions. These results demonstrate strong generalization and practical applicability of the proposed
approach in real-world FER scenarios.
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1. Introduction interaction, psychological evaluation, medical surveillance, and public

safety [1-3]. As a result, investigating facial expression recognition has

Facial expression, a crucial biological aspect of emotional cogni-
tion, is one of the most basic and direct methods for conveying human
emotions. It is also a potent tool for understanding and communicating
emotional states. Researchers are increasingly intrigued by the impact
of expression-based emotional intelligence on the advancement of ar-
tificial intelligence. Automatic facial expression recognition (FER) has
numerous applications in various domains, such as human-computer
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attracted greater attention from researchers, leading to an ongoing de-
velopment of related studies.

In controlled laboratory contexts, advancements in FER have led to
exceptional recognition performance on small-scale, single-background,
non-occlusion, and non-pose variant expression datasets, such as MMI
[4], Extended Cohn-Kanade (CK+) [5], and Oulu-CASIA [6]. The recog-
nition of expressions in these contexts is significantly complicated by
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Fig. 1. Sample images taken from selected FER datasets.

the numerous occlusions, positions, nuanced expression fluctuations,
lighting conditions, and image quality endemic in real-world settings,
as illustrated in Fig. 1. The efficacy of recognition on extensive facial ex-
pression datasets in natural contexts, such as Real-world Affective Faces
Database (RAF-DB) [7], FER2013 [8], and AffectNet [9], is still sig-
nificantly improvable. As a result, expression recognition in real-world
environments has become a primary focus of contemporary research.

In the initial stages of FER research, conventional machine learn-
ing techniques are primarily employed to extract engineering features
from tiny, controlled expression datasets [10,11], which leads to a limi-
tation in recognition efficacy. End-to-end network models considerably
enhance the efficiency of expression identification. At the same time,
deep learning-based feature extraction can more comprehensively cap-
ture intricate expression data as the demand for large-scale authentic
expression applications increases. The performance of the wild FER task
has been consistently improved by an increasing number of deep learn-
ing models [12,13]. The emphasis on core regions has been further
investigated in wild FER [14,15] as attention mechanisms are increas-
ingly employed in various computational tasks [16-18]. To optimize
expressions’ inter- and intraclass distribution, particular academics have
devised island loss [19] and center loss [20], thereby improving the
model’s learning effectiveness. However, the following areas require fur-
ther attention: Substantial challenges are presented by the prevalence
of a multitude of occlusions, poses, and subtle expression variations
across classes of actual facial expressions. Most contemporary methods
do not provide a detailed comprehension of the overall expression and
adequate feature extraction capabilities for regions of interest, which
rely on a specific feature extraction and representation space. Conse-
quently, the robustness of recognition is diminished. Additionally, the
final recognition performance may be further compromised if the label-
ing bias results from subjective and objective factors and the significant
interclass similarity and intraclass variability in wild expression datasets
are not optimally addressed during model training. The main contribu-
tions are given as follows:

This study addresses critical challenges in facial emotion recogni-
tion related to occlusion, pose variation, and subtle expression shifts. A
Multi-Scale Adaptive Graph (MSAG) module is proposed to capture fine-
grained spatial dependencies between facial regions, improving upon
the limited relational modeling of CNN-based methods. A Hybrid Adap-
tive Attention (HAA) mechanism is introduced to emphasize emotion-
relevant regions by combining spatial and channel-level attention, ad-
dressing the uniform treatment of features in prior approaches. Addi-
tionally, a Multi-Scale Simplicial Transformer (MSST) integrates hierar-
chical transformer representations with topological attention, bridging
the gap between semantic abstraction and structural awareness. These

components collectively enhance robustness and cross-dataset general-
ization in complex real-world conditions.

The article is structured as follows: Section 2 reviews existing meth-
ods and their limitations. The detailed description of each module of
the proposed methodology is given in Section 3. Experimental sections,
qualitative assessments, and method comparison studies are provided
in Section 4. Section 5 delivers essential findings and details limitations
and possible approaches for further study.

2. Literature review

In the past few years, there has been a significant advancement in
FER based on deep learning. Relative Uncertainty Learning (RUL) rep-
resents a new method for FER that uses relative uncertainty modeling
through feature analysis combined with mixup techniques instead of
relying on conventional Gaussian distribution assumptions. RUL per-
forms better than existing uncertainty-learning models by delivering
60.66% accuracy for AffectNet alongside 73.75% accuracy for FER2013
[21]. The self-learning framework Point Adversarial Self Mining (PASM)
employs point adversarial mining to enhance feature retrieval for FER
under situations of blocked vision and role-evolving poses. The PASM
obtained 88.68% accuracy on RAF-DB while reaching 73.59% accuracy
on FER2013 [22]. The identity and Pose Disentangled Facial Expres-
sion Recognition (IPD-FER) model utilizes pre-trained face recognition
models to encode expression- and pose-invariant identification informa-
tion. Labeled data optimizes posture and expression encoders. Adversar-
ial learning and feature disentanglement build neutral and expressive
faces and compare them to identity and stance. It scored 99.28% on
CK+, 88.89% on RAF-DB, 88.42% on FERPlus, 62.23% on AffectNet,
and 87.66% on high pose-variant situations [23]. Adaptive Multi-layer
Perceptual Attention Network (AMP-Net) improves FER performance
through global and local perception and attention-based modules, which
produce refined emotional features that overcome optical obstructions
and modifications in facial position. AMP-Net demonstrated results of
89.25% on RAF-DB along with 64.54% on AffectNet-7 and achieved
74.48% on FER-2013 [24].

A Light Attention Embedding Network (LAENet-SA) strengthens FER
systems by adding spatial attention components to various network
levels, enhancing feature recognition in tough real-world challenges.
LAENet-SA reached a performance rate of 97.86% on CK+ and 61.22%
on AffectNet-8 while achieving 64.09% on AffectNet-7 and 68.25% on
FED-RO surpassing other attention-based FER models [25]. A three-
stage combined feature selection approach using CFS, RFE, and XGBoost
boosts facial expression recognition. The model delivers DISFA results
at 94.68% while it reaches 98.82% accuracy on CK+ along with 95.8%
on DISFA+ and 97.7% on JAFFE and 66.1% on FER2013 yet CK+ and
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JAFFE led to better performance compared to FER2013 [26]. Facial
Geometry Enhanced Network (FGENet) represents a lightweight facial
expression recognition model that employs three enhancement modules
comprising RFE, GSConv, and DEA to optimize features and attention
processing. The model operates successfully on FER2013 with 70.49%
accuracy alongside 97.89% accuracy on CK+ and 86.72% accuracy on
RAF database [27].

The research suggests using Visual Transformers and Feature Fusion
(VTFF) to improve uncontrolled environment FER performance. Atten-
tion Selective Fusion (ASF) merges CNN local and global features before
Transformer-based self-attention modeling. The model scored 88.14%
and 88.81% on RAF-DB and FERPlus and 61.85% on AffectNet [28].
Cross-fusion dual-attention network (CF-DAN) solve uses dual-attention
processing, a new C2 activation function, and self-attention knowledge
distillation to refine local characteristics, globally acquire information,
minimize data superfluousness, and improve model generalization. The
model surpasses prior techniques with 92.78%, 92.02%, and 63.58%
recognition accuracy on RAF-DB, FERPlus, and AffectNet datasets [29].
Vision Transformers are used to build a facial expression recognition
system using HLA-ViT and hybrid local attention. The model creates
two streams to extract global and hybrid local contextual data before
merging them in decision-making. The proposed technique performs
90.45% on RAF-DB, 90.13% on FERPlus, and 65.07% on AffectNet
[30]. Efficient-SwishNet, a facial emotion recognition model, employs
EfficientNet-bO architecture updated with Swish activation to improve
feature extraction and classification speed. Efficient-SwishNet classifies
100% on CK+, 91.23% on JAFFE, 84.79% on KDEF, and 72.91% on FER-
2013 [31]. The authors presented FER-net, a CNN-based model for effi-
cient facial expression detection based on softmax classifier. Over seven
emotional classes, the model was tested on five benchmark datasets
including FER2013 and CK+, obtaining accuracies 78.9% and 97.8%
respectively [32]. FLEPNet, a texture-based ensemble DCNN with multi-
scale convolutional and residual blocks, addresses FER concerns such
overfitting and intra-class variability. Raw image data, homomorphic
filtering for illumination normalization, and four texture descriptors
strengthen features. Upon evaluating five benchmark datasets, FLEP-
Net achieved an impressive accuracy of 98.94% on CK+ and 80.72% on
FER2013 [33].

Research FER faces multiple obstacles because deep learning models
cause high computational complexity while being sensitive to occlu-
sions, head pose variances, and their limited capabilities in unstable en-
vironments [30]. Most existing models depend on CNNs, but these net-
works face challenges with limited receptive field capacity and need ex-
tensive computational capabilities [27]. Nevertheless, research-adopted
feature selection methods encounter difficulties because of information
loss and performance reduction, mainly in high-dimensional settings
[26]. Stability problems occur when using ReLU activation because the
function causes neuron deactivation, which results in impaired learning
capability [29].

In contrast to prior CNN or transformer-based FER models, the pro-
posed framework introduces a tightly integrated design that unifies
spatial graph modeling, attention-based refinement, and topological
abstraction. Most existing methods either rely on local convolutions
without capturing inter-region relationships or apply transformer lay-
ers without preserving the structural geometry of facial landmarks. The
present work addresses these gaps through three core innovations: a
Multi-Scale Adaptive Graph (MSAG) that captures directional spatial
dependencies via GATv2, a Hybrid Adaptive Attention (HAA) mecha-
nism that assigns dynamic importance to spatial and channel dimen-
sions, and a Multi-Scale Simplicial Transformer (MSST) that preserves
higher-order topological structures while aggregating global context.
This integrated architecture enables robust emotion recognition even
under pose variation, occlusion, and expression ambiguity—limitations
often unaddressed by previous models.

Ain Shams Engineering Journal 16 (2025) 103584
3. Proposed methodology

The proposed facial emotion recognition framework is composed of
four core components arranged in a systematic pipeline. First, YOLOv8
is employed for detecting facial regions of interest from raw input im-
ages. These regions are then transformed into multi-scale graphs using
the Multi-Scale Adaptive Graph (MSAG) module, which encodes both lo-
cal and global spatial relationships. A Hybrid Adaptive Attention (HAA)
mechanism is embedded within MSAG to selectively enhance emotion-
relevant features across spatial and channel dimensions. The extracted
features are subsequently passed through a Multi-Scale Simplicial Trans-
former (MSST), which models topological and contextual dependencies
across different facial regions. Finally, a fully connected classifier uses
the aggregated features to perform emotion classification. The entire
flow is visually summarized in Fig. 2 for better comprehension.

3.1. Preprocessing and face detection

FER is a multi-stage process that begins with preprocessing the
raw input images. Given a dataset of facial images, denoted as X =
{x1,x5,...,xy5}, where each image x; exists in the three-dimensional
space RUFXWXC) "the primary objective of the preprocessing stage is to
extract meaningful facial regions while ensuring uniformity across all
samples. The first critical step in this pipeline involves detecting and
localizing faces within each image, which is efficiently accomplished
using the advanced YOLOV8 object detection framework.

The YOLOv8 model partitions an input image into a grid and applies
convolutional layers to predict multiple bounding boxes B;; for each
grid cell. Each bounding box is associated with a confidence score S;;,
which indicates the probability that the detected region corresponds to a
face. The detection process can be mathematically formalized as follows:

B, =(x

1) X

max’ymawSij) (1)

min> Ymin»

where X,.;,5 Ypin> Xmax> Ymax SPatial coordinates of the bounding box,
and S;; is the confidence score. Since multiple overlapping bounding
boxes may be predicted for the same face, Non-Maximum Suppression
(NMS) is applied to retain the most relevant detection. The NMS algo-
rithm compares each pair of bounding boxes by computing the Intersec-
tion over Union (IoU), which quantifies the degree of overlap between
two boxes B;; and Bj;. It is defined as the ratio of the area of their in-
tersection to the area of their union:

|B;; N Byl

10U )= [5Gy
ij i

(2)

Among the overlapping boxes, the one with the highest confidence
score is selected as the final bounding box, ensuring minimal overlap
with others based on the IoU threshold. This constraint ensures that
only one bounding box is selected per detected face, with minimal over-
lap, based on confidence. The selected facial region is then cropped and
resized to a uniform dimension of 224 X 224, providing standardized
input for downstream graph-based and transformer-based processing.
This step is essential for eliminating background noise and maintaining
consistency across datasets.

3.2. Creation of directed graph

Following face detection, the region of interest is transformed into
a structured graph G = (V, E), where each node represents a facial
landmark or subregion, and edges encode spatial dependencies. Nodes
capture visual features extracted from patches, while directional edges
represent local and non-local relationships.

To model these relationships, we utilize a Graph Attention Network
(GATv2) as depicted in Fig. 2. Each node aggregates information from
its neighbors using attention weights that quantify their relevance. The
attention score between nodes i and j is computed using a shared trans-
formation matrix and a non-linear activation, yielding edge weights that
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guide message passing. Rather than applying attention sequentially, we
employ a GATv2-style update, where the joint representation of neigh-
boring nodes is first fused, then used to compute attention:

e (a"o (Wlhillh;1))
Y Yreno exp (aTo (Wih;lih))
Here, h; is the feature vector of node i, N'(i) is its neighborhood,
W and a are learnable parameters, and ¢ is a non-linear function. This

graph encodes short- and long-range dependencies, enabling robust spa-
tial reasoning across facial components.

3

3.3. Multi-scale adaptive graph (MSAG))

Graph Neural Networks (GNNs) have an unparalleled ability to
model relational data. We use three MSAGs that are the model de-
pendency in the context of the expression in FER. In addressing the
over-smoothing problem frequently encountered in GNNs [34], we cre-
ate a new type of skip connection by interlinking the output of a layer
with the input of the ensuing layer. That is, we use the output of a par-
ticular layer as input to the next layer, and this output is added to the
input, which provides the next layer GNN with information from both
the next layer and the preceding one illustrated in Fig. 3.

This particular structure of our MSAGs is intended to increase their
performance by enabling more information to be maintained across lay-
ers.

Fa,n+1

=LN(F®" + MGAT (F*", ¢%)) )

where n ranges from 0 to N, with N representing the total number of
MSAG layers. F*" denotes the feature matrix at the n-th layer, where
F*0 = Fo and e represents the set of edges. Additionally, LN refers

to the normalization layer, and MGAT denotes the multi-head graph
attention layer. The MGAT mechanism processes input features using
multiple attention heads, each capturing distinct relational patterns, and
concatenates their outputs for a richer representation.

head! =

GAT(F*",e%) 5)

The proposed framework is concerned with the aggregation of infor-
mation from neighboring nodes. We can determine the relative impor-
tance of different nodes during the aggregation of patch information by
calculating edge weights as specified in Eq. (3). For FER, we define our
passing function as follows:

T+l _ w.n+1 pron+l pr.l
o= ) oy PR ©
ITeNUr)
where »%™*! is the attention coefficient and edge weight between node

I and 1tsl neighboring node lj,’ at the n+1 layer, with i # j. The feature

vector F/."’I from the n-th layer for node /¢ is included in F*, and Fi”"'Jrl

is the weight information passing at layer n+1. The parameter Fl."""Jrl

is a learnable parameter. The initial input feature vector for node l}?‘ is
F;"O, which equals Fj* with F; *0 being part of F*0, where F*0= F@,

3.3.1. Hybrid adaptive attention (HAA)

Spatial Attention Module: The recognition of facial expressions de-
pends upon analyzing extracted facial features because these features do
not only appear in one area but exist throughout the face to create ef-
fective mood classification. The inter-feature relationships demonstrate
stability, which does not change regardless of facial shape or expression
variations [35]. However, positional conditions among the variabili-
ties of some facial landmarks depict considerable emotion realization
as in Fig. 4. To improve spatial relationships among facial features,
we generate a spatial attention vector that strengthens the inter-feature
dependencies across the image. CBAM [36] introduced a 2D spatial at-
tention module that uses attention computation across all channels to
learn spatial feature importance. The primary purpose of CBAM was to
recognize generic objects in still images, but it lacks features for learning
facial element spatial relationships. The proposed facial spatial attention
module adopts a concept from spatial feature representation to perform
its functions as illustrated in Fig. 4. The system organizes facial charac-
teristics into separate clusters throughout feature extraction to expand
the assortment of discovered spatial patterns. The approach implements
a soft-attention mechanism from [37] that engages in extracting spa-
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tial attention vectors with statistical feature distributions for effective
global and local spatial dependency utilization versus traditional CBAM
spatial attention approaches.

Soft attention enables our spatial attention mechanism to deter-
mine essential facial areas for emotion recognition measurements. The
weighting system based on attention dynamics helps the system bet-
ter understand features by focusing on crucial areas while reducing
unimportant parts. A spatial attention vector shows identical charac-
teristics to global spatial activation maps produced from convolutional
feature extractors, leading to better facial emotion recognition through
focused attention on vital facial features. The function f,, receives
F7 € RHXWXC a5 its input feature map with dimensions H and W in
space and C channels. It then produces K feature groups x, through
this composite operation.

x = f;,(X) = ReLUBN((F))) )]

The model contains fsp based on ReLU [38] and BN [39] operations.
The transformed feature map x, € R#*XW*C'*K functions as the output
of a local feature extractor and uses a 3 X 3 convolution operator f.
The number of extracted channel features is represented by C’ while
k represents the split groups used in this processing stage. An average

pooling operation f,, is applied to combine extracted spatial feature

RHXWXC'xK

groups and generate the z, € spatial statistical vector.

{ H W
Zs = fsap(Xs) = aw i;};xs(ld) (C))

We obtain the spatial attention vector by applying the fully con-
nected operator f,.. The practice substitutes the fully connected layer
with a 1 X 1 convolution layer, which supports spatial consistency and
decreases computational requirements. A softmax function activates the
computed attention scores, which produce the final spatial attention
vector s;.

4
Ss = fsoftmax(ffc(zs))7 ss € RHXWXC K (9)

The attention scores are normalized using the softmax function
across all spatial feature groups to ensure a proper weighting distribu-
tion. The spatial attention vector receives its values through Hadamard
product operations, highlighting crucial feature areas while ignoring
other less essential ones. The attention-weighted spatial features x,
result from the following computation:

X, =85,0x; (10)

Sout

Hadamard Product operation (®) applies attention values to their
specific feature positions in the input data. This operation produces
X, ERH XWX(C'XK) a5 a 3D tensor and the final channel representation
has dimension C’ x K with spatial features grouped.

Channel Attention: For FER and similar computer vision operations,
convolutional networks apply equal importance to all feature channels,
which produces redundant information with diminished signal value.

The recognition of expressions depends differently on various chan-

nels since some channels distribute key discrimination features, while
other channels detect secondary or weak information. We have utilized
a channel attention mechanism to dynamically reweigh feature channels
so that the model can enhance significant features and suppress irrele-
vant ones. The network’s decision-making process becomes focused on
emotion-related areas through this mechanism, which leads to better
feature representation while increasing resistance to interference and
improving performance on various datasets. Fig. 5 depicts a channel at-
tention procedure that improves feature representation quality through
dynamic changes in channel significance.

The input feature map F), € R#*W*C contains spatial dimensions
H and W together with C channels. The channel significance calcula-
tion uses two global pooling methods, global max pooling, and global
average pooling, to extract diverse feature elements. The global max
pooling method selects the most salient features across all spatial posi-
tions and defines the operation as:
Chax =max Fy,(i, j,¢), Ve, Cpp,y € RXIXC an

max

Global average pooling maintains the complete contextual informa-
tion by calculating mean channel activations.

H W
Corg = ﬁ ;; Fy(ioj.), Ve, Cppp € RXIXC (12)

The combined feature vectors are passed to Multi-Layer Perceptron
(MLP), which includes two fully connected layers with ReLU and sig-
moid activation in between. The final channel attention vector A. is
achieved by combining max-pooled and average-pooled scores through
element-wise summation.

AC = 6((%6(Mcmax) + (VVZ‘S(VVlCaug)) 13)

W, and W, are trainable weight matrices in the expression, while
ReLU activation is denoted by 6(-) and o(-) represents sigmoid functions
to keep [0,1] output range.

The attention weight gets applied by Hadamard multiplication to the
input feature map and generates the recalibrated feature map.

Att=Ac O Iy a4

In HAA, the sequence integrates spatial and channel attention to
enhance the feature representation of the input data. Initially, spatial
attention is applied through the operation x; =, ® x,, where s is the
spatial attention weights and x, is the spatial component of the input.
This focuses the model on important spatial features by selectively em-
phasizing specific input regions. The channel attention component A
modifies the feature map F,,, effectively recalibrating the channel-wise
features through the operation At = A © F,,;. By sequentially apply-
ing this attention, the model can leverage the critical spatial locations
and the most informative feature channels. The final output x,,, is pro-
duced by combining these two processed components, represented by
Xour = (Ac © Fyy) © (55 O xy).
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3.4. Multi-scale simplicial transformer (MSST)

The MSST enhances feature representation through Transformer-
based hierarchical processing of information and multi-scale dependen-
cies. MSST incorporates MSSA, which allows the transfer of structured
data between Transformer layers to obtain local and global relationship-
based features through its designed structure. Fig. 6 employs Trans-
former layers through which MSSA obtains and refines core structural
elements at multiple scales.

3.4.1. MSST backbone

The input features x,,, € RFXWXC gets divided into fixed-length
non-overlapping patches which form the set x, € RV*(P2XC)_ The patch
size is represented by P while the total number of patches equals
N = HW /P,. In our approach, we set P =16. The processed image
patches form a sequence that can be handled by a standard transformer
model directly. Before feeding the first transformer layer, the flattened
patches undergo a linear projection to establish a uniform dimension
D so that the initial input becomes x; € RV*P. As described in Vision
Transformer (ViT) [40], we embed trainable positions alongside a clas-
sification token to maintain spatial relations in input images. Using a
classification token the final input becomes x; € RN+DxD,

After processing the image input through the MSAG block, MSST
architecture presents data flow in two primary components: the MSST
backbone and the MSSA. The MSST backbone produces deep feature
output Z,,, by passing through multiple transformer layers, as shown in
Fig. 6. The basic unit of operations within a transformer layer combines
Multi-Head Self-Attention (MHSA) operations with MLP computations.
Both components’ MHSA and MLP blocks adopt residual connections
with LN implemented before each block operation. MHSA processes in-

formation at various points with multiple heads. For the input tensor
x; € RWV+DXD of the i-th layer, the output of the MHSA block is repre-
sented as

2,=x,+ MHSA(x;) (15)

The MLP block comprises two fully connected layers. An activation
function, such as GELU [41], is situated between them. The output z; in
the i-th layer is expressed as:

z;=2;+ MLP(2;)) (16)

The output z; in the i-th layer serves as the input x,, for the (i +
1)-th layer. The output of the deep feature corresponds to the output of
the final transformer layer.

Zfinal =2z a7

The MSSA receives embedded features from numerous Transformer
processing stages. The embeddings of an input image divided into
patches enter a series of Transformer layers. MSSA performs its oper-
ations on representations that come from MHSA and an MLP through
each processing layer. Through the MSSA module, the selected layers in
the network provide feature representations for analyzing multi-scale
interactions. The module functions by receiving outputs from various
transformer layers and utilizes a simplicial graph attention mechanism
to find meaningful structural relationships across different components.

3.4.2. Multi-scale simplicial attention (MSSA)

MSSA adds a module to Transformer architecture to achieve multi-
level feature extraction across transformer layers. MSSA block obtains
essential feature patterns from different transformer layers and enables
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multifaceted information exchange between these layers. The feature
representation updates of a given simplex run through message pass-
ing operations performed with its adjacent simplices across each trans-
former layer. The p-simplicial 6{’ s 6}‘.’ attention relationship between two
elements is evaluated through the calculation of:

1
«! = LeakyReLU (ypT [Mpq(’;i I M,q 1l M1l ]) 18)

Where || signifies concatenation, y, represents a learnable attention
vector, and M, denotes the weight matrix for a linear transformation
that is specific to the p-order simplices and shared among all simplices
of that order. The feature vector qg;fl belongs to the p+1 simplex that

contains both 6;’ and 67 as faces. To obtain the normalized attention
scores, the softmax function is applied to the unnormalized attention
values as follows:
p
exp(7;,)
of, = o= 19
zreN(af) exp(z;,)

where N (5f ) denotes the set of neighboring simplices of 5,(’ . The learned
weight coefficients are then used to aggregate feature information from
the neighboring simplices, leading to an updated feature representation
for each p simplex, which is computed as:

P P P
q(s[ =0 Z ;; Mpqéj (20)
JENE))

where o () denotes a nonlinear activation function. Multi-head attention
is incorporated by employing R independent attention mechanisms to
improve training stability. The outputs from these mechanisms are con-
catenated to generate the final learned feature representation for each
simplex:

R
(%)
Zyssa=2 0| X ;" M,jqﬁj 2D
r=1\jeN®)

Where ! and M 7 denote the attention weights and transformation
matrices associated with the r-th attention head, respectively. The final
output for the p-order simplices, denoted as ' Ay consists of the learned

embeddings for all simplices at that order: S, = {qgl ,qu, ,qgu ‘}.
P

Since the model employs P graph attention layers, it produces P sets
of simplicial complex-specific embeddings: S , S, ,--,S,, . Depend-
ing on the downstream task, a subset of these embeddings is utilized.
For example, in node classification tasks, only the embeddings corre-
sponding to .S, are used in the final softmax layer. By integrating the
deep feature output Z;,,, (Eq. (17)) with the simplicial feature output
(Eq. (21)), the final output Z,, is formulated as:

Zot =Zfina t A Zpyssa (22)

out —

Where 4 is a scaling factor that adjusts the relative contribution of
the two feature types. The MSST backbone leverages multiple trans-
former layers to transform image input into a more interpretable fea-
ture representation for the model. Through MSSA modules, the model
gains improved capabilities to simultaneously process multi-scale fea-
tures from different transformer blocks. The MSSA system gets its infor-
mation from various layers to build feature representation with greater
depth. The model uses this method to concentrate on vital information
by discarding unnecessary details.

As it operates inside the MSSA block, the simplicial connection en-
hances the spread of attention between layers, leading to optimized
communication between information streams. The MSSA block helps
MSST focus on significant features better to deliver high classification
accuracy. The absence of additional learnable parameters in MSST en-
ables it to be integrated without complexity growth when applied to
attention-based models.
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4. Experimental results

This section studies the proposed facial emotion recognition model’s
experimental results, along with details about datasets and implemen-
tation setup, ablation analysis, and a comparison with state-of-the-art
approaches. Different evaluation metrics measure the proposed model’s
performance.

4.1. Datasets

The proposed model is tested on four publicly available datasets,
including AffectNet FER2013, CK+, Occlusion, and Pose AffectNet. Af-
fectNet [9] is the most enormous uncontrolled facial expression dataset
since it contains 450,000 manually labeled images collected from mul-
tiple online search engines. The dataset raises many issues because
it includes diverse ethnicities, numerous poses, various obstacles, and
lighting situations, different backgrounds, multiple complex elements,
and an unbalanced distribution of categories. The FER2013 [8] provides
static image data instead of video sequences, distinguishing it from other
datasets. As the dataset consists of 35,886 facial expression images that
measure 48 x 48 pixels, the collection features seven distinct facial ex-
pressions. The data distribution consists of 28,708 images for training
and 3,589 images for validation and testing. The research employs the
FER2013’s original training and test databases for its model develop-
ment process.

The CK+ [5] dataset extends the Cohn-Kanade (CK) dataset through
593 video sequences and 123 subjects with annotation of 327 sequences
demonstrating seven basic expressions as well as contempt. The ex-
pressed emotions begin at a non-emotional stage in the initial frames
before reaching the maximal expression in the concluding frames. Pre-
vious research points to the first image as showing a neutral face, while
the last image displays the desired emotional state. A total of 618 im-
ages were labeled with seven basic emotions, while 654 images received
labeling for the same eight emotions for validation across datasets. Oc-
clusion and pose variation datasets [14] consists of six test sets for pose
variation and occlusion, including RAF-DB, FERPlus, and AffectNet-8.
This study utilizes AffectNet Occlusion and Pose Variation datasets.
There are 683 samples within the occlusion subset. The pose subset
contains samples above 30 and 45 degrees. The pose-AffectNet subset
includes two groups of samples containing 1949 and 985 images reflect-
ing various position angles.

4.2. Implementation details and evaluation metrics

The facial emotion recognition model utilizes PyTorch, TensorFlow,
and Keras alongside transformers to perform computation. At the same
time, an NVIDIA RTX 4090 GPU works for hardware acceleration to
achieve quick computation and faster convergence during training. The
implemented architecture utilizes batch normalization alongside the
Adam optimizer at a 0.2 dropout rate, which assists in overfitting pre-
vention and improves generalization performance. The processed data
runs on a batch size of 8, while the data distribution includes training
(70%), testing (20%), and validation (10%). The learning rate decreases
automatically through a scheduler when the validation error grows,
while early stopping maintains training by stopping at epoch 10 if there
is no performance improvement.

To evaluate the proposed approach fairly, a variety of standard and
statistically rigorous performance metrics were used. Accuracy (Acc)
measures the percentage of correctly identified samples, however class
imbalance may influence it. The Macro F1-score (F1) calculates the un-
weighted mean of per-class Fl-scores to treat each category equally
regardless of frequency. Each class is also assessed using Precision (Pre)
and Sensitivity (Sen) metrics. Precision measures projected label cor-
rectness, whereas sensitivity represents the model’s ability to find all
relevant instances. To improve evaluation in multi-class settings, Co-
hen’s Kappa coefficient (Kappa) is used to estimate inter-rater agreement
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Table 1

Performance comparison of the proposed model on AffectNet and FER2013 datasets.
Class AffectNet FER2013

Pre (%) Sen (%) F1 (%) Kappa (%) Pre (%) Sen (%) F1 (%) Kappa (%)

Anger 79.75 79.75 79.75 76.86 90.20 91.23 90.71 89.86
Contempt 80.30 81.50 80.89 78.81 - - - -
Disgust 80.29 83.50 81.86 81.03 63.45 82.88 71.88 82.53
Fear 81.57 83.00 82.28 80.52 87.39 90.72 89.03 89.11
Happy 77.01 81.25 79.08 78.40 94.92 88.50 91.60 85.06
Neutral 85.86 85.00 85.43 82.88 89.91 93.27 91.56 91.81
Sad 84.45 78.75 81.50 75.95 92.28 89.09 90.66 86.90
Surprise 86.32 82.00 84.10  79.57 88.31 91.82 90.03  90.70
Accuracy 81.84 90.40
Macro Average 81.94 81.84 81.86 79.25 86.64 89.65 87.92 87.99
Weighted Average 81.94 81.84 81.86 79.25 90.65 90.40 90.46 87.99

adjusted for chance, providing more precise results. In uneven class dis-
tribution circumstances, the Matthews Correlation Coefficient (MCC)
evaluates classification performance more fairly than accuracy. Using
Spearman’s Rank Correlation coefficient (p), we analyze the monotonic
relationship between expected and actual label distributions. Multiple
sample alignment of expected and actual class ranks is assessed by this
statistic. The paired t-test and Wilcoxon signed-rank test are used to
examine the statistical significance of performance improvements over
baseline techniques from multiple independent runs. Testing shows that
the proposed method’s superiority across datasets is not attributable to
random fluctuation.

4.3. Model performance

The performance evaluation of the model for the AffectNet and
FER2013 datasets appears in Table 1 to demonstrate its effectiveness for
generalizing expressions in faces. This classification method reaches an
81.84% accuracy rate, indicating successful emotion differentiation be-
tween different categories. The model demonstrates uniform recognition
abilities across every category because the weighted and macro F1-score
measure reaches 81.86%. The model reliably processed real-world facial
expression variations because its Cohen’s Kappa score reaches 79.25%.
Certain expressions show variations in score distribution, most probably
due to the combination of facial subtleties and unbalanced data distri-
bution in the dataset. The model performance analysis on the FER2013
dataset demonstrates 90.40% success in identifying various emotional
expressions. The model displays balanced class performance through F1-
score values of 87.92% on the macro scale and 90.46% on weighted
average data. The predictions match actual labels with high agreement
according to Cohen’s Kappa score of 87.99%. The model stands out in
identifying happy, neutral, and angry emotions because it reaches more
than 90% F1-scores, demonstrating a clear distinction among these ex-
pressions. Disgust represents a challenge to the model since its F1-score
reaches only 71.88%, although this indicator reflects how accurately
the model identifies this emotion class. Although the model experiences
less successful results while identifying disgust emotion, its high recall
results across other categories ensure essential expressions are appro-
priately captured. It is important to note that the performance values
visually represented in confusion matrix in Fig. 7 are quantitatively
derived from the classification statistics shown in Table 1. However
confusion matrix in Fig. 7 provides more detailed analysis showcasing
number of correct and incorrect prediction along each class.

Fig. 8 presents the training and validation accuracy and loss curves
for AffectNet and FER2013 in the bottom row. In Fig. 8(a), the model
shows a steady increase in accuracy with minimal difference between
training and validation, indicating strong generalization. The loss de-
creases smoothly, suggesting effective learning with no signs of overfit-
ting. In Fig. 8(b), the model demonstrates an even better learning trend,
with higher accuracy and lower loss. The validation curve closely fol-

lows the training curve, confirming substantial feature extraction and
generalization. The results indicate that the model performs well on
both datasets, showing faster convergence and better learning stability
on FER2013.

4.4. Statistical evaluation of model performance

The model performance assessment on AffectNet and FER2013 oc-
curs through Table 2 using Matthews Correlation Coefficient (MCC)
along with Spearman’s Rank Correlation (p) which provide metrics
that go beyond standard accuracy scores. MCC is highly suitable for
detecting class biases in datasets because it rates accuracy by evaluat-
ing relationships between actual positive outcomes and false detections
alongside correct negative and false negatives. The model demonstrates
a reliable calibration and unbiased prediction capability when its MCC
score reaches high values. Spearman’s Rank Correlation evaluates the
rank preservation between model predicted and actual emotion or-
dering to ensure correct ranking dependencies between expressions in
predicted outputs. Aside from accuracy assessment, these tests assess
model-predicted classifications and consistency and ranking accuracy
for actual emotional intensity variations in real-world applications. The
model demonstrated reliable performance by achieving MCC scores of
0.79 and 0.88 and Spearman correlation values of 0.80 and 0.88 on
AffectNet and FER2013, respectively. This demonstrated that it gener-
alized effectively on FER2013 data. The model shows its effectiveness
in maintaining class consistency and accurately identifying emotional
expression strengths, making it work optimally for complex FER appli-
cations.

In Table 3, the paired t-test and Wilcoxon signed-rank test were
employed to determine if the performance differences between the
proposed model and competing baselines are statistically significant.
The Wilcoxon test is a strong non-parametric alternative that does
not imply normal distribution, but the paired t-test was chosen for its
sensitivity to mean differences under normal distribution, making the
analysis more reliable across several performance distributions. Every
model was trained and evaluated five times separately, and accuracy,
Fl-score, and Cohen’s Kappa were compared statistically. AffectNet,
FER2013, and CK+ benchmark datasets and three representative base-
line models—LAENet-SA (transformer-based), FGENet (graph-based),
and VTFF (CNN-based)—were systematically tested. The null hypoth-
esis always predicts no noticeable performance difference between the
proposed model and the matched baseline, while the alternative hypoth-
esis proposes a performance advantage for the technique. All t-test and
Wilcoxon test p-values were below 0.05 across all comparisons, datasets,
and measurements. The model predicted a statistically significant in-
crease in F1-Score on the AffectNet dataset compared to LAENet-SA,
with a Wilcoxon p-value of 0.007 and a t-test p-value of 0.003. Similar
relevance was found for accuracy and kappa across the other datasets,
confirming the notion that performance increases reflect meaningful and
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Fig. 8. Training and validation accuracy and loss curves for AffectNet and FER2013 dataset.
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Statistical results of the proposed model on AffectNet and FER2013 datasets.

Dataset Matthews Correlation Coefficient (MCC) Spearman’s Rank Correlation (p)
AffectNet 0.79 0.80
FER2013 0.88 0.88
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Fig. 9. ROC curves of the proposed model on AffectNet and FER2013 datasets.
Table 3 training data because previous models [25] and [31] reach 90.80% and

Statistical significance testing results using Paired t-test and Wilcoxon
Signed-Rank Test.

Dataset Metric Baseline t-test p-value ~ Wilcoxon p-value
Accuracy LAENet-SA 0.014 0.021
AffectNet F1-Score LAENet-SA 0.003 0.007
Kappa LAENet-SA 0.009 0.012
Accuracy FGENet 0.019 0.024
FER2013 F1-Score FGENet 0.008 0.015
Kappa FGENet 0.005 0.009
Accuracy VTFF 0.041 0.038
CK+ F1-Score VTFF 0.027 0.035
Kappa VTFF 0.030 0.031

sustained improvements over current techniques rather than random
variation.

4.5. ROC curve analysis

Fig. 9 demonstrates how the model performs classification tasks
across two datasets through its AUC values for each facial expression.
The model in Fig. 9(a) demonstrates high AUC measurement success
across different emotions on the AffectNet dataset, yet the anger and
sadness classes display marginal separability compared to others. The
classification performance from Fig. 9(b) demonstrates better general-
ization throughout the facial expressions, showing elevated AUC values
across all expressions. Surprise, neutral, and sad expressions display out-
standing recognition accuracy in the model’s assessment of the FER2013
dataset because it exhibits enhanced capabilities of detecting features
specific to facial expressions.

4.6. Cross dataset validation on CK+
A cross-dataset performance evaluation of different training datasets

against CK+ is provided in Table 4. AffectNet training data provides
significantly superior generalization capabilities compared to FER2013
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58.10% accuracy, respectively, thus showing that FER2013 might not
have enough diverse or high-quality labels for robust feature extrac-
tion. The research yielded superior results when using this model as
it reached 97.89% AffectNet accuracy and 93.67% FER2013 accuracy
because it extracted potent emotion-relevant features that were eas-
ily transferable. The best accuracy level of 98.54% emerges when the
training data includes a mix of AffectNet and FER2013 because this
multi-domain approach boosts feature variety while reducing dataset
biases and enhancing performance on unknown datasets.

4.7. Performance on occlusion and pose variation dataset

Table 5 compares model performance through examinations of the
results on Occlusion tests together with Pose-AffectNet data at two head
position angles of 30° and 45°. According to results, AMP-Net [24]
reached 64.27% accuracy during occlusion testing, while MRAN [44]
demonstrated higher success with 62.05% accuracy in a 45° head po-
sition. These methods successfully detect minor occlusions and pose
changes. GFFT [42] and HALNeT [43] demonstrate comparable perfor-
mance patterns to eachother even though these methods bring attention
mechanisms or feature aggregation functionalities to the system but fail
at handling significant fluctuations. The proposed model displays supe-
rior performance compared to all existing models by reaching 77.18%
on Occlusion-AffectNet, 75.79% on Pose 30°, and 75.45% on Pose 45°,
which reflects its robustness when handling occlusion and pose varia-
tions.

4.8. Ablation studies

4.8.1. Evaluation of components

The performance of YOLOvV8 (Baseline) and the enhanced models
that use MSAG and MSST run on AffectNet and FER2013 datasets ap-
pears in Fig. 10. The baseline YOLOv8 model starts at 62.42% AffectNet
accuracy and 59.81% FER2013 accuracy, indicating its essential abil-
ity to conduct FER. The combination of MSAG using HAA with spatial
and channel techniques results in improved accuracy levels of 74.79%
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Table 4
Generalization of proposed model on CK+ dataset.
Model Train Test Acc (%)
Light Attention Embedding Network (LAENet-SA) [25] AffectNet CK+ 90.80
Efficient-SwishNe (SwishNet) [31] FER2013 CK+ 58.10
Proposed AffectNet CK+ 97.89
FER2013 CK+  93.67
AffectNet+FER2013  CK+  98.54
Table 5
Performance comparison of different methods under occlusion and pose AffectNet.
Method Occlusion  Pose 30° Pose 45°
Adaptive Multilayer Perceptual Attention Network (AMP-Net) [24] 64.27 61.37 61.16
Visual Transformers with Feature Fusion (VTFF) [44] 62.98 60.61 61.00
Global-local feature fusion (GFFT) [42] 65.04 61.49 61.35
Fine-Grained Associative Graph Representation (FG-AGR) [45] 64.24 61.26 61.15
Multi-Relations Aware Network (MRAN) [46] 63.54 61.42 62.05
Hybrid Attention-Aware Learning Network (HALNeT) [43] 63.54 61.52 61.32
Proposed 77.18 75.79 75.45
- ‘:;;g;e; 2010 4.8.3. Feature distribution visualization
80.66 81.98 81.84 Subsequent evaluation of our methodology includes t-SNE-based vi-
* 74.79 776 sualization for the 2D feature mappings learned by the proposed model
across two different datasets. Fig. 12(a) shows feature embeddings
ol s from the AffectNet dataset, which display compact clusters between
g instances and distinct class separations, thus proving the model suc-
g cessfully detects emotional features. The feature distributions of the
§ w FER2013 dataset presented in Fig. 12(b) formed distinct clusters, yet
< these clusters showed minor distribution changes because of specific
characteristics within the dataset. The visualizations validate that the
201 proposed method produces distinct and compact features within classes
while separating emotions into distinct regions, ultimately resulting in
generalized emotion recognition across different datasets.
0
s Wor© W W 4.9. Comparison with existing models
,’e\\“e se\‘“e oPC
& s .a;se\‘“e . . .
viathod The comparison in Table 6 demonstrates the outcome of facial ex-

Fig. 10. Component wise comparison of proposed model on AffectNet and
FER2013 datasets.

on AffectNet and 80.66% on FER2013 by effectively detecting complex
face relationships. The implementation of MSST that adopts MSSA for
spatial-temporal feature propagation resulted in 77.36% accuracy on Af-
fectNet and 81.98% accuracy on FER2013 due to its effective multi-scale
feature learning capabilities. Hybrid reuse of MSST and MSAG results
in the best training performance at 81.84% accuracy on AffectNet and
90.40% accuracy on FER2013, as these attention mechanisms support
each other for improved FER results.

4.8.2. Feature attention visualization

Grad-CAM enables the visual identification of significant facial ar-
eas, which assist emotion recognition tasks in Fig. 11. The model focuses
its analysis on specific areas of the facial region that appear in differ-
ent heat layers based on their priority levels during classification. The
model primarily concentrates on viewing the eyes alongside the mouth
and forehead since these facial characteristics are essential for emotion
identification. The model directs its attention firmly toward the mouth
region when detecting positive expressions, while negative expressions
lead to increased attention toward brows and lips. Such visual insight
allows observation of the decision mechanism used by the model to
guarantee that its processing methods match human emotional inter-
pretation.
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pression recognition techniques against AffectNet and FER2013 data,
which highlights the best approaches for dealing with real-world con-
ditions. AffectNet challenges models CF-DAN [29] and HLA-ViT [30]
because of their diverse and uncontrolled expressions, even though both
achieve accuracy rates at 63.58% and 65.07%. The proposed method
achieves superior feature representation and generalization capabili-
ties, surpassing the other techniques by 81.84%. Circumstances in the
FER2013 framework create difficulties for models due to high intra-class
variations, but the proposed method achieves 90.40% while AMP-Net
[24] and FGENet [27] obtain 74.48% and 70.49%. The approach ben-
efits from its advanced spatial attention and feature fusion integration,
thus making it more effective at detecting difficult and complex emo-
tional expressions.

4.10. Practical implications and deployment considerations

Facial emotion recognition systems must be effectively implemented,
balancing model accuracy, computational efficiency, and reliability
across various circumstances. The proposed architecture is designed for
practical applications, particularly those necessitating advanced under-
standing of human emotions in uncontrolled environments. Adaptive
educational systems that respond to student emotions, mental health
surveillance for the early detection of stress or depression, and human-
computer interface (HCI) platforms that empathetically respond to user
expressions are potential applications.

Despite its complexity, the model is compatible with contemporary
high-performance computing systems that utilize GPUs often located in
institutional servers and cloud-based APIs. For desktop or kiosk-based
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Fig. 11. Grad-CAM visualizations highlighting key facial regions for emotion recognition.

AffectNet

FER2013

60

40

20

Emotions
@ Anger
Disgust
Fear
Happy
Neutral
Sad
Suprise

]
-20 @® Anger
Contempt
@ Disgust
_a0 ® Fear
@ Happy
® Neutral
Sad
-60 @ Surprise
60 —a0 20 0 20 40 60 -60 —a0 -20 0 20 2 60
(a) (b)

Fig. 12. t-SNE visualization of feature distributions learned by proposed approach on AffectNet and FER2013 datasets.

Table 6

Comparison with existing FER methods on AffectNet and FER2013.
Method Datasets Acc (%)
Relative Uncertainty Learning (RUL) [21] 60.66
Identity and Pose Disentangled (IPD-FER) [23] 62.23
Visual Transformers and Feature Fusion (VTFF) [28] AffectNet 61.85
Cross-fusion dual-attention network (CF-DAN) [29] 63.58
Hybrid Local Attention-based Transformer (HLA-ViT) [30] 65.07
Proposed 81.84
Relative Uncertainty Learning (RUL) [21] 73.75
Point Adversarial Self Mining (PASM) [22] 73.59
Adaptive Multilayer Perceptual Attention Network (AMP-Net) [24] FER2013 74.48
Three stage feature selection [26] 66.10
Facial Geometry Enhanced Network (FGENet) [27] 70.49
Proposed 90.40

systems, the inference time per image is approximately 20-30 ms, which
is suitable for near real-time applications. To reduce memory and com-
putational overhead in mobile or edge computing contexts, the current
approach may necessitate pruning or distillation approaches. These en-
hancements could facilitate implementation on devices such as embed-
ded vision systems utilized in retail or automotive settings, as well as
smartphones and tablets.

5. Conclusion

The research presents an innovative FER framework that success-
fully tackles problems involving occlusions, pose variations, and subtle
expression variations. Using graph-based spatial reasoning alongside
multi-scale feature extraction produces better and more adaptable char-
acteristic representations than standard methods. The proposed model
delivers superior performance in FER2013 and AffectNet evaluations
by attaining accuracy rates of 81.84% and 90.40%, which outperforms
existing state-of-the-art approaches. This model shows consistent per-

12

formance during cross-dataset validation tests on CK+, which demon-
strates strong generalization abilities because it reaches 97.89% accu-
racy when trained on AffectNet and 93.67% on FER2013 while reach-
ing 98.54% accuracy with combined training from both datasets. Sev-
eral performance constraints exist in this approach because allocating
significant computing power slows real-time system execution. Future
work will direct efforts toward simplifying the model while developing
self-supervised learning techniques and domain-generalization methods
to boost system responsiveness across various application scenarios.
The proposed framework enhances affective computing and human-
computer interaction alongside psychological analysis by providing an
improved FER solution that is both dependable and scalable.
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