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Abstract—Facial expression recognition is crucial for human-
computer interaction applications such as face animation, video
surveillance, affective computing, medical analysis, etc. Since
the structure of facial attributes varies with facial expressions,
incorporating structural information into facial attributes is
essential for facial expression recognition. In this paper, we
propose Exp-Graph, a novel framework designed to represent
the structural relationships among facial attributes using graph-
based modeling for facial expression recognition. For facial
attributes graph representation, facial landmarks are used as
the graph’s vertices. At the same time, the edges are determined
based on the proximity of the facial landmark and the similarity
of the local appearance of the facial attributes encoded using the
vision transformer. Additionally, graph convolutional networks
are utilized to capture and integrate these structural dependen-
cies into the encoding of facial attributes, thereby enhancing
the accuracy of expression recognition. Thus, Exp-Graph learns
from the facial attribute graphs highly expressive semantic
representations. On the other hand, the vision transformer and
graph convolutional blocks help the framework exploit the local
and global dependencies among the facial attributes that are
essential for the recognition of facial expressions. We conducted
comprehensive evaluations of the proposed Exp-Graph model on
three benchmark datasets: Oulu-CASIA, eNTERFACE(S5, and
AFEW. The model achieved recognition accuracies of 98.09%,
79.01%, and 56.39%, respectively. These results indicate that
Exp-Graph maintains strong generalization capabilities across
both controlled laboratory settings and real-world, unconstrained
environments, underscoring its effectiveness for practical facial
expression recognition applications.

Index Terms—Facial expression recognition, graph convolu-
tional networks, and vision transformer.

I. INTRODUCTION

ACTAL expression recognition (FER) has garnered signif-

icant attention in computer vision research over the last
few decades because of its critical role in enabling computers
to comprehend human emotions and engage in human-to-
human communication as shown in Fig. 1. However, their
success lies in learning robust and discriminative representa-
tions of the expressions ( such as AN: anger, DI: disgust, FE:
fear, HA: happy, SA: sad, SU: surprise, NE: neutral) from
the facial images that are invariant to variations in the angle
of viewpoint, lighting conditions, and head postures. Thus,
devising a suitable feature representation is the primary ob-
jective of facial expression recognition. In the early research,
successful hand-crafted features, such as Gabor wavelets [1],
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Fig. 1. System architecture of facial expression recognition using Exp-Graph
framework. [Best shown in color]

local binary pattern (LBP) [2], [3], histogram of oriented
gradients (HoG) [4]-[7], etc., were used to represent the facial
expressions. However, these methods fall short of adequate
recognition in more complicated real-world situations because
of their low semantic correlation with facial expressions.

Since deep learning techniques have rapidly advanced in
the past decade, numerous attempts have been made to in-
vestigate discriminative representations for various recognition
tasks. Deep models for visual representation, especially con-
volutional neural networks (CNNs) and vision transformers
(ViTs), have shown promising results in various real-world
applications because they can effectively learn discrimina-
tory feature representations from visual observations [8]-[11].
Also, several studies have used CNNs to improve semantic
representations of facial expressions and demonstrated good
results in identifying human emotions [12]-[16]. However,
they mostly depend on the appearance only and cannot exploit
the deep structure for the problems where the training data is
limited [17]-[19].

Vision transformers [20] capture global context by imple-
menting self-attention processes; they are becoming a more
popular choice for visual feature extraction compared to
standard deep neural networks (DNNs) like CNNs. Vision
transformers can analyze an image as a sequence of patches,
allowing for greater input size flexibility and better scalability
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with large-scale datasets than CNNs, which concentrate on
local patterns only. Additionally, ViTs are more generaliz-
able because of their excellent transfer learning capabilities
and less inductive bias. Vision transformers are increasingly
favoured for visual feature extraction over traditional CNNs
due to their ability to capture global context via self-attention,
offering better scalability and input flexibility. Unlike CNNss,
which focus on local patterns and are sensitive to variations
like lighting and occlusions, ViTs can generalize better and
enhance transfer learning.

This research explores using ViTs for facial expression
recognition to address the limitations of CNNs, aiming to
improve accuracy and reliability in recognizing complex fa-
cial expressions [21], [22]. Attention methods like graph
attention (GAT) [23] and ViT [24] at both geometry and
appearance levels are used to improve FER performance.
Vision transformers excel in capturing global features for
image recognition, including FER, but they struggle with local
feature extraction and require large datasets [20], [25]. Graph
convolutional networks (GCNs) address these limitations by
enhancing local feature detection and improving data effi-
ciency, making ViTs more effective for FER by capturing
subtle facial details [9], [26], [27]. Integrating GCNs with ViTs
offers a balanced solution, combining global and local feature
learning for improved performance. Since facial expression
highly depends on the relative change in the structure of facial
attributes, incorporating graph structures of the facial attributes
can significantly improve the facial expression representation,
mainly when relying on transfer learning for visual encoding.
However, traditional DNNs also struggle with non-Euclidean
data, such as graphs, where relationships between data points
are complex and irregular. Also, extensive feature engineering
is required to capture complex relationships between data

Disgust

Fig. 3. Geometry alone is insufficient. [Best shown in color]

points. Scalability is another challenge for DNNs when dealing
with large, highly connected datasets, and they need a large
amount of labeled data to perform well. The lack of inductive
bias in DNNss for relational data further hampers their ability to
generalize across tasks where relational information is critical.

In contrast, GCNs are designed to handle graph-structured
data, allowing them to represent and process such infor-
mation naturally. Graph convolutional networks effectively
learn and represent node connections, requiring fewer labeled
samples and improving their generalization capabilities be-
cause of their built-in structure and natural inductive bias for
graphs [28]. Therefore, GCNs offer distinct advantages over
DNNs in handling graph-structured data and learning complex
relationships. However, facial expression recognition using
GCNs facial challenges, such as constructing complex graphs,
dealing with high-dimensional and irregular data, learning
robust features, managing lighting, occlusions, head poses,
scalability, and real-time performance. Integrating GCNs with
ViTs in facial expression recognition can address challenges
by combining GCNs’ ability to capture structural relationships
between facial landmarks with ViT’s strength in modeling
both local and global features. This hybrid approach requires
advancement in GCNs’ architecture and innovative training
strategies to effectively merge the strengths of both mod-
els, leading to improved accuracy in recognizing complex
facial expressions. Few works explore geometric knowledge
of facial attributes for facial expression recognition [29]-[31].
Geometric information, such as relative location and self-
deformation, can accurately describe emotional states based
on facial observations [32]. Geometric face descriptions are
more resistant to appearance changes, making them ideal for
real-world facial expression recognition applications [9], [32],
[33]. In the GCNs methods [9], [32], [32]-[46], landmarks,
AUs (or nodes) and the connections (edges) between them are
often predefined or fixed, meaning that the graph’s structure
remains constant during the learning process. In contrast, our
model introduces a more flexible or dynamic approach. Instead
of using a fixed graph structure, we are allowing the model to
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learn the connections between nodes while using the threshold
(7) hyperparameter, potentially evaluating the graph structure
during training. Our approach could enable the model to
learn more meaningful or relevant relationships between nodes
rather than relying on static or predefined connections.

Our research presents an Exp-Graph framework as shown
in Fig. 2 that uses GCNs [28], [47], [48] to learn geometric
descriptions from facial landmarks. The system architecture
seeks to increase emotional reasoning from facial images, as
geometric information alone cannot distinguish geometrically
identical expressions such as disgust and sadness, as shown
in Fig 3. Consequently, GCNs offer a valuable substitute for
incorporating the geometric information derived from facial
landmarks into emotional representations. Local appearance
representations are extracted from landmark positions and ag-
gregated with geometric representations during graph learning.
The following briefly describes the primary contributions of
this paper:

o Achieves expressive representation of facial expressions
by utilizing graph convolutional networks to model struc-
tural information extracted from features obtained via a
pre-trained vision transformer.

o Captures local and global semantic relationships among
facial attributes to learn meaningful expression represen-
tations effectively.

o Conducts comprehensive evaluations of the proposed
Exp-Graph approach on publicly available datasets, in-
cluding Oulu-CASIA [49], eNTERFACEOS [50], and
AFEW [51] are publicly available datasets.

The rest of the paper is organized as follows: Section II
reviews related work in facial expression recognition. Sec-
tion III provides a comprehensive overview of the proposed
Exp-Graph framework, detailing its design and methodology.
Section IV describes the experimental setup, including dataset
specifications and evaluation metrics, and presents a thorough
analysis of the results. Finally, it concludes the paper and
outlines potential directions in §V.

II. RELATED WORK

Since structural information is crucial for facial expression
recognition, as emphasized in the previous section, some
works have incorporated geometric feature extraction [26],
[31], [52] for facial expression recognition. Also, GCNs [28],
[53], [54] and vision transformers [20] have already been
explored in different works. Here, we present their limitations
and the key differences with our proposed work.

A. Geometry-based FER

Due to the high association between geometric knowledge
and expression representations, several researchers propose
using landmark geometries for face expression manipula-
tion [52], [55], [56]. Furthermore, several studies were con-
ducted that suggested using landmark placements as a guide
to identify noteworthy local characteristics for representation
learning [57]-[59]. Kotsia et al. [31] employed geometric
information to identify informative frames from facial ex-
pression sequences, whereas Zhang et al. [60] incorporated

fiducial points on face images to characterize emotions. Gain-
ing momentum from the explosive growth of deep learning
technology over the last decade, FER is paying more and
more attention to the learning of geometry-associated rep-
resentations of features. However, most of these techniques
adopt multi-task learning approaches instead of directly learn-
ing from the geometric data. Devries et al. [61] introduced
simultaneously learning facial landmark localization and facial
expression recognition to enhance the geometric understand-
ing of emotion-related features. Additionally, a multi-domain
multi-task network with landmark detection for FER was
presented by Gerard and Masip [62]. Zhang et al. [26] used
generative adversarial networks in conjunction with face land-
marks to train the pose-invariant features for FER. Investigates
using landmark locations as feature descriptions for FER in
geometric facial landmarks. However, in practical applications,
it is challenging to generate discriminative features due to the
poor semantic correlation of these locations. A multimodal
auto-encoder was presented by Zhang et al. [63] to learn
a combined representation from both geometric and visual
modalities. Only landmark information is considered in the
above research on graph-based representations for extracting
geometric information from face images. However, this paper
aims to look at a graph-based learning strategy proper for fea-
ture representations to provide reliable geometric knowledge.

B. Transformer mechanism for FER

Attention mechanisms are explored in the highlight of the
regions of interest (Rol) in the domain of facial expression
recognition [64], [65]. Our studies investigate integrating at-
tention mechanisms into GCNs to enable attentive graph-based
representation learning. While transformers, initially proposed
for natural language processing (NLP), have become a popular
method for handling sequential data, their application in graph-
based vision tasks has not been extensively explored. There has
been significant research into using ViTs for image interpreta-
tion [25], [66], [67]. Dosovitskiy et al. [20] introduced a vision
transformer for image classification, where an image is divided
into patches that serve as tokens to learn non-linear mappings
based on dense correlations among all tokens. Yuan ef al. [68]
further refined the ViT [20] approach by developing a more
generalized transformer design. Our study aims to extend the
vision transformer into the domain of graph-based learning
to establish longer-range dependencies among vertices in a
series of facial graphs. By doing so, it seeks to enhance the
effectiveness of facial expression recognition.

C. GCNs for Analyzing Facial Images

Graph convolutional networks effectively evaluate struc-
tured data across various domains, including skeleton-based
action detection, NLP, and semi-supervised learning [28], [69],
[70]. However, while GCNs have been extensively applied to
text datasets, their application to image data presents unique
challenges that previous studies have not fully addressed.
In the domain of facial expression recognition, Zhou et
al. [71] introduced a FER framework, which uses end-to-
end feature learning based on facial topological structures to
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automatically learn patterns over time and space. However,
the method [71] relies on pre-established facial landmarks
identified by HOG as nodes, limiting the flexibility of the
graph learning approach. To address the method [71], Zhou et
al. [72] later introduced an improved method, but it still faced
similar limitations. Zhao et al. [32] proposed a geometry-aware
FER framework that combines appearance and geometric data
using GCNs. This method extensively evaluates the structural
information of facial attributes across various expressions and
uses CNNs to extract general expression characteristics.

Recently, Qu ef al. [40] combined a spatio-temporal graph
convolutional model with a self-attention mechanism, auto-
matically adjusting attention distribution across peak frame
images. Luo et al. [27] proposed NFER-Former, a hypergraph-
guided feature embedding approach designed to model signifi-
cant facial actions and capture their complex interrelationships,
supported by the introduction of a large NIR-VIS facial
expression dataset for validation. Dong et al. [37] developed
an attention-based visual GCNs for FER, addressing data pro-
cessing inflexibility by incorporating pixel-level composition
strategies. Jin et al. [34] presented a region-of-interest (ROI)
-based method, constructing facial graphs from cropped ROIs
of action units (AUs) using a deep auto-encoder. Similarly,
Chen et al. [34] proposed a node classification approach for
FER based on dual subspace manifold learning. Despite these
advancements, existing methods cannot dynamically allocate
edges and nodes during GCNs training.

In summary, conventional facial feature extraction meth-
ods—such as HOG, LBP, and CNNs—struggle to capture
subtle variations and interdependencies in facial expressions
effectively. More advanced approaches, including hypergraph-
based embeddings and vision transformers, are better equipped
to handle these complexities, particularly when applied to
large and diverse datasets. Vision transformers, in particular,
excel at modeling global context and capturing nuanced feature
interactions, making them highly suitable for facial expression
recognition. Recent studies have focused on combining vision
transformers with graph convolutional networks to improve
FER performance. These efforts integrate global visual cues
with structural facial information, leverage localized convo-
lutional branches for detailed appearance features, and apply
attention mechanisms within graph-based learning frameworks
to better understand facial dynamics.

III. EXP-GRAPH FRAMEWORK

The proposed Exp-Graph framework integrates face detec-
tion, feature encoding using pre-trained ViT, as shown in
Fig. 4, and recognition via GCNs, as demonstrated in Fig. 5.
The main steps of the framework are as follows: (A) encoding
facial attributes through graph-based representation, (B) facial
expression recognition through graph convolutional networks.
Additionally, we detail the encoding of landmark geometry,
the extraction and alignment of local visual features with
these geometric representations, and the network architectures
involved.
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Fig. 4. An illustration of feature extraction of facial units using vision
transformer

A. Encoding Facial Attributes Through Graph-Based Repre-
sentation

The process begins with image preprocessing to normalize
dimensions and improve visual quality. Facial landmarks are
detected using the Dlib [73], and the patch around the land-
mark points is encoded using a pre-trained ViT [20]. The facial
attribute graph is built by generating an adjacency matrix A,
which captures relationships between facial landmarks based
on their spatial proximity and feature similarity. This approach
effectively captures the appearance of facial attributes and
relates them to various expressions. The procedure starts by
applying Lo normalization to each feature vector, followed
by computing a similarity measure K(x;,x;) for pairs of
feature vectors x; and x;. Simultaneously, a distance matrix is
computed based on the squared Euclidean distances between
the spatial coordinates of the landmarks. The initial adjacency
matrix A;; is derived by normalizing the similarity measure
using an exponential function of the Euclidean distance, as
illustrated in Eq. (1). This method effectively integrates both
feature and spatial information into the graph structure.

K(Xi, Xj)

A = .
& ellpi—p;ll

1

A thresholding step (T's = px +7-0) is applied to refine
the adjacency matrix further. Specifically, a threshold param-
eter 7 filters out weak connections, retaining only significant
relationships between landmarks and px and ok are the mean
and standard deviation of the A;;. As defined in Eq. (2), if
A;; surpasses the threshold T, it is assigned a value of 1;
otherwise, it is set to 0.

1, if Ay > Ty
A= DA @)
0, otherwise.

This formulation ensures that landmarks are close in space
and similar features have stronger connections in the matrix.
The facial landmarks are nodes, and both feature similarity
and spatial proximity weight the edges (connections) between
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Fig. 5. An outline of the proposed framework for detecting and recognizing facial expressions. The exp-Graph framework is composed of two primary steps:
(I) encoding facial attributes through graph-based representation and (II) facial expression recognition through graph convolutional networks. Part (I) is further
divided into three subparts: (A) image pre-processing, (B) key points and feature extraction, and (C) graph representation. Part (II) is based on the GCNS
model training and facial expression classification. [Best shown in color]

them. The final step applies a threshold to filter out weak
connections, leaving only the most significant relationships

between landmarks. This refined adjacency matrix can then be
used for facial expression recognition for graph construction
as shown in the Algorithm 1.

B.
tional Networks

Facial Expression Recognition Through Graph Convolu-

The matrix A defines the spatial relationships between facial

landmarks, contributing to constructing a graph. We further
learn feature embedding for the facial expression recognition
using GCNs. The Algorithm 1 generates the set of facial

Algorithm 1 Graph Representation

Input: Image I

Output: Graph G = (P, X, A)

Face < DIlib(I)

nates }

{Detect face in the image}
P <+ ExtractLandmarks(Face)

for each landmark p; in P do

I, « ExtractPatch(I, p;)

landmark }
Append x; to X
end for

{Compute feature vector}

{Landmark coordi-

{Extract patch around

Compute the adjacency matrix A using Eq. (1) & (2).

return G = (P, X, A)

landmarks P, the set of graph-based features X.

Each layer performs two primary operations:

1) Node Feature Intergration: The node features H (l)A are
integrated based on the graph structure encoded in A as
in Eq. (3).

A

1/2

«D A+ DD 3)
where D is the degree matrix of A + I.

Node Latent Feature Projection: The integrated fea-
tures are then projected through a learnable weight
matrix W and followed by a non-linear activation
function o () which essential for capturing complex pat-
terns and interactions in the data, allowing the network

2)
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to learn more expressive and discriminative features in
Eq. (4).
H 5 (AH(I)W(”) . )

where W\ is the weight matrix for layer [.

Algorithm 2 Exp-Graph Training Model
Input: X < feature matrix, A < adjacency matrix, L <
number of layers
Output: H (1) ¢+ node feature matrix
Initialization: Set the initial feature matrix H®) + X
Normalize Adjacency Matrix: Compute the normalized
adjacency matrix
- - _1/2 - _1/2
A+ D (A+1)D
where D is the degree matrix of A + I.
for[=0to L —1 do
Feature Propagation: Update the feature matrix
HY o (AHOWD)
where W is the weight matrix for layer /.
end for
return H®

The Exp-Graph is trained using the cross-entropy loss:

R 1 N C
LYY) = =5 D> viilog(di) %)

j=1i=1

where L(Y, 17) denotes the loss function measuring the dissim-
ilarity between the true labels Y and the predicted probabilities
Y. N is the total number of instances (samples) in the dataset.
C is the number of classes. Y = [y;;] € {0,1}V*C is the
true label matrix, where y;; = 1 if the 4™ instance belongs to
class i, and y;; = 0 otherwise. Y = [gi;] € [0, 1]¥*C is the
predicted probability matrix, where §;; is the predicted prob-
ability that instance j belongs to class ¢. These probabilities
are typically obtained via a softmax output layer in multi-class
classification.

IV. EXPERIMENTAL EVALUATION

This section presents the experimental setup used to evaluate
the effectiveness of the proposed approach and compares its
performance against existing state-of-the-art (SOTA) methods.
We compared our Exp-Graph method with recent and SOTA
methods such as DTAGN(Joint) [74], PPDN [75], GCNet [76],
FN2EN [77], DeRL [78], SASE-FE [79], ArcFace + Imrk [22],
ATT [45], STGCN+AM+PF [40], AT-ViG [37] on the Oulu-
CASIA [49] dataset. For eNTERFACEOS [50] dataset, we
compared with methods such as Mansoorizadehet al. [80],
Zhalehpour et al. [81], Vnet [82]. For the AFEW [51]
dataset, we compared with methods such as HoloNet [83],
Emotiw2018 [51], DSAN-VGG [84], DGNN [46]. To explore
the generalizability of our method, we conducted extensive
experiments with the standard benchmark datasets used to
evaluate FER using the Exp-Graph method. The datasets and
the details used in our experiments are as follows Oulu-
CASIA, eNTERFACEOS and AFEW.

Face detection was performed using Dlib [73], while the
deep learning models were implemented using PyTorch 2.1.2
with CUDA 12.8 support. All experiments were conducted
on an NVIDIA RTX A6000 GPU equipped with 48 GB
of memory. In our implementation, the hyperparameters are
configured as follows: input images are resized to 224x224
pixels. The training begins with an initial learning rate of
0.001, which is gradually reduced to a minimum of le-4. A
weight decay of 5e-4 is applied to prevent overfitting. The
Adam optimizer is employed for optimization, and various
activation functions—ReLU, GeLU, and ELU—are explored.
The model architecture includes a hidden layer with 256 units
and a dropout rate of 0.2 to enhance generalization. To ensure
the reproducibility of results, a fixed random seed of 1000 is
used.

TABLE I
DETAILS OF FACIAL EXPRESSION DATASETS
Dataset Oulu eNTERFACE05 AFEW
Resolution 320 X 240 224 X 224 224 X 224
# Expression 6 6 7
# Subjects 80 44 in-the-wild
Modality visual visual-audio visual

Our study used datasets summarized in Table I. The Oulu-
CASIA dataset [49], with a resolution of 320x240 pixels and
a frame rate of 25 frames per second, captures expressions
under three lighting conditions: normal, weak, and dark. The
eNTERFACEOQS dataset [50] is significantly larger, contain-
ing over 1,200 video sequences from 44 subjects, and is
widely used for multi-modality (visual-audio) facial expres-
sion recognition and video-based technique evaluation, with
each sequence lasting about four seconds and consisting of
approximately 120 frames. The AFEW dataset [51], used in
the EmotiW challenge, is a popular video-based FER dataset
in the wild, sourced from various television shows and films,
presenting challenges such as varying head poses, lighting, and
occlusions.

TABLE II
COMPARISON OF THE ACCURACY (%) OF EXP-GRAPH WITH THE SOTA
METHODS ON OULU-CASIA DATASET

Method Accuracy (%) Info.
DTAGN(Joint) [74] 81.46 GA+GC
PPDN [75] 84.59 GA
GCNet [76] 86.11 GA
FN2EN [77] 87.71 GA
DeRL [78] 88.0 GA
SASE-FE [79] 89.6 GA+LA
ArcFace + Imrk [22] 90.28 GC+LA
ATT [45] 89.03 GC
STGCN+AM+PF [40] 90.05 GC
AT-ViG [37] 92.03 GC
Exp-Graph (GeLU) 98.09 GC+LA
Exp-Graph (ELU) 98.09 GC+LA
Exp-Graph (ReLU) 98.09 GC+LA
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TABLE 11T
COMPARISON OF THE ACCURACY (%) OF EXP-GRAPH WITH THE SOTA
METHODS ON ENTERFACEQS5 DATASET

Method Accuracy (%) Info.
Mansoorizadehet al. [80] 37.00 GC
Zhalehpour et al. [81] 42.12 GA
Vnet [82] 54.35 GA
Exp-Graph (ReLU) 79.01 GC+LA
Exp-Graph (GeLU) 79.01 GC+LA
Exp-Graph (ELU) 79.01 GC+LA

TABLE IV
COMPARISON OF THE ACCURACY (%) OF EXP-GRAPH WITH THE SOTA
METHODS ON AFEW DATASET

Method Accuracy (%) Info.
HoloNet [83] 38.81 GA
Emotiw2018 [51] 38.81 GA
DSAN-VGG [84] 52.74 GA
DGNN [46] 32.64 GA+LA
Exp-Graph (ReLU) 56.39 GC+LA
Exp-Graph (GeLU) 56.39 GC+LA
Exp-Graph (ELU) 56.39 GC+LA

Table II, III, IV compare the accuracy of various
SOTA methods on Oulu-CASIA, eNTERFACEOS5 and AFEW
datasets, respectively. In particular, our proposed Exp-Graph
achieves the highest accuracy of 98.09%, 79.01%, and 56.39%
on the Oulu-CASIA, eNTERFACEOQOS5, and AFEW datasets,
respectively. A comparison of the Exp-Graph with the ensuing
methods for facial expression recognition for accuracy, UAR
(Unweighted Average Recall), WAR (Weighted Average Re-
call), cross-entropy loss, and F1-score are presented as metrics
for the evaluation. Also, we present results using different
thresholds (Th = 0.20, 0.25, 0.30, 0.35, 0.40, 0.45, 0.50, 0.70,
0.90) and patch-size ( 10x10, 20x20, 30x30, 50x50, 70x70,
90x90). Also use the ResNetl18 [85] and EfficientNetBO [23]
base model combined with the GAT [86] and GCNs for further
exploration in our research with Exp-Graph.

TABLE V
TEST PERFORMANCE METRICS FOR THE DATASETS
Metrics Th0.30 | Th0.50 | Th0.70 | Th0.90 | Dataset
Loss 1.34 1.21 1.65 1.74 Oulu
F1 (%) 68.11 84.00 11.58 07.34 Oulu
WAR (%) 69.88 84.00 36.91 27.60 Oulu
UAR (%) 85.51 92.00 86.95 87.33 Oulu
Loss 1.34 1.21 1.65 1.74 eNTER
F1 (%) 68.11 84.00 11.58 07.34 eNTER
WAR (%) 69.88 84.00 36.91 27.60 eNTER
UAR (%) 85.51 92.00 86.95 87.33 eNTER
Loss 1.92 1.50 1.74 1.77 AFEW
F1 (%) 59.27 26.95 9.03 11.06 AFEW
WAR (%) 62.67 53.54 25.71 21.08 AFEW
UAR (%) 82.50 86.00 82.73 74.74 AFEW

Table V presents the results of analyzing the effect of
varying threshold values (7) on model performance, as il-
lustrated in Figs. 6a, 6b, and 6¢c. The study evaluates the
ViT+GCNs model across three benchmark datasets: Oulu-
CASIA, eNTERFACEOS, and AFEW. The results show that
a threshold of 0.50 consistently yields the best overall per-
formance, particularly in the Oulu-CASIA dataset, where the
model achieves an F1 score (84%), a WAR (84%), and a UAR
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Fig. 6. Test results across thresholds (Th = 7) for three datasets. [Best shown
in color]

(92%). Performance degrades significantly at higher threshold
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values, with 7 = 0.90 resulting in the poorest results in
all metrics on the Oulu-CASIA dataset. A similar trend is
observed in the eNTERFACEOQO5 and AFEW datasets, although
the threshold of 0.30 yields the worst results in these cases.
Notably, the threshold of 0.90 is consistently suboptimal across
all datasets, indicating its tendency to introduce excessive
sparsity in the relational graphs, which negatively impacts
model learning and prediction stability. This configuration
benefits from the synergistic use of global appearance (GA)
and local appearance (LA) features, outperforming models
that rely solely on geometric or individual feature types. The
enhanced results can be attributed to the proposed model’s
ability to construct and utilize expressive graph representations
that capture nuanced structural relationships between facial
landmarks.

This inverse relationship between threshold value and per-
formance can be attributed to the increased sparsity and
potential noise in the constructed graph at higher thresholds,
which results in less informative node connections. Lower
thresholds preserve more connections, which are beneficial
for learning discriminative patterns, particularly in imbalanced
datasets. The accompanying figures— 6a, 6b, and 6¢c—visually
reinforce these findings, showing a clear peak in accuracy and
F1 Score around 7 = 0.50, followed by a noticeable decline as
the threshold increases. While WAR and UAR display slightly
more stable trends, they also show reduced performance at
higher thresholds. These consistent patterns across all datasets
highlight the ViT+GCNs model’s robustness and adaptability,
particularly its capacity to handle class imbalance effectively
when configured with an appropriately tuned threshold.

Fig. 7 and Table VI present the results comparing the
performance of various model architectures on the Oulu-
CASIA dataset. Among the evaluated models, the proposed
Exp-Graph (ViT+GCNs) configuration consistently achieves
the highest performance across the evaluation metrics. These
results indicate the model’s superior capacity for accurate
classification and its robustness in addressing class imbalance.

In contrast, models such as EfficientNet+GCNs,
ResNet18+GAT, and EfficientNet+GAT demonstrate moderate
performance, achieving results that are relatively close to
each other but noticeably lower than those of ViT+GCNs.
The ViT+GAT configuration yields the weakest performance
across all metrics, suggesting that the combination of
graph attention mechanisms with vision transformers may
not be well-suited to this dataset or task without further
architectural refinements. The consistently strong performance
of ViT+GCNs highlights the effectiveness of integrating graph
convolutional networks with vision transformers, leveraging
both spatial relational structure and high-capacity feature
extraction. This comprehensive approach to feature extraction
and graph-based modeling significantly improves recognition
performance, demonstrating the model’s robustness and
generalizability on complex facial expressions recognition
tasks.

Fig. 8a and Fig. 8b present the t-SNE visualiza-
tions of learned feature representations on the Oulu-
CASIA and eNTERFACEQOS datasets, respectively. The
plots were generated by evaluating the model’s out-
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Fig. 7. Test result on the Oulu-CASIA dataset across models. [Best shown
in color]

TABLE VI
TEST RESULTS ON THE DIFFERENT MODELS’ PERFORMANCE METRICS
ON OULU-CASIA

Model Acc. | F1-Score WAR UAR
ResNet18+GCNs 59.93 34.00 60 87.06
EfficientNet+GCNs | 67.03 36.79 67.03 89.25
ViT+GCNs 91.09 91.00 91.09 95.55
ResNet18+GAT 67.00 26.77 67.89 92.77
EfficientNet+GAT 50.30 19.29 50.30 86.28
ViT+GAT 66.18 25.51 66.18 91.17

put at various graph threshold values, specifically 7 €
0.20,0.25,0.30, 0.35, 0.40, 0.45, 0.50, 0.70, 0.90.

Among these, thresholds of 0.20 and 0.30 consistently
produced the most distinct and well-separated clusters, in-
dicating effective discrimination between different facial ex-
pression classes. Interestingly, the threshold of 0.30 offered
good separation, it also resulted in overly dispersed clusters,
potentially obscuring the underlying relational structure among
expressions. The most balanced and interpretable visualiza-
tions were obtained at a threshold of 0.50, where the t-SNE
plots showed both clear inter-class separation and coherent
intra-class clustering. This suggests that the threshold of 0.20
in the Oulu-CASIA effectively preserves both local and global
topological structures within the learned graph representations.
The clarity of the clustering at this threshold, particularly when
using features extracted from the final layer of the GCNs,
underscores its ability to capture complex patterns in facial
expression data, thus supporting more accurate and meaningful
interpretation of the learned embeddings.

Fig. 9 illustrates the Visualization of the learned graph for
the Oulu-CASIA dataset sample images at a threshold value
of 7 = 0.30. In this visualization, the first column displays
samples of different facial expressions (e.g., anger, disgust,
fear), while the second column overlays the corresponding
connection graph on the original image, highlighting the rela-
tional structure among key facial landmarks. The performance
metrics of the proposed model across varying threshold values
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Fig. 9. Visualization of learned graphs for the Oulu-CASIA dataset sample
images for 7 = 0.30. [Best shown in color]

Fig. 8. t-SNE test results on two FER datasets. [Best shown in color]
TABLE VII
PERFORMANCE METRICS FOR DIFFERENT THRESHOLDS ON THE
OuLU-CASIA
Th =7 Acc F1-Score | WAR | UAR
0.20 85.38 85.09 854 | 92.69
0.25 85.54 85.06 85.54 | 93.02
0.30 69.88 68.11 68.88 | 85.51
0.35 68.64 60.4 68.64 | 85.96
0.40 72.24 55.28 72.25 | 89.44
0.45 70.7 41.82 70.7 | 90.51
0.50 91.09 91.1 91.1 | 95.55
0.70 36.91 11.58 369 | 86.95
0.90 27.6 7.34 276 | 87.33

TABLE VIII
PERFORMANCE METRICS FOR DIFFERENT THRESHOLDS ON THE
ENTERFACEO5

Th =71 Acc F1-Score | WAR | UAR
0.20 57.65 57.2 57.62 | 79.01
0.25 59.77 58.5 59.77 80.4
0.30 62.67 59.27 62.7 82.5
0.35 60.37 53.47 60.37 | 82.41
0.40 60.6 47.07 60.6 84.2
0.45 58.98 38.05 58.98 | 85.62
0.50 53.54 26.95 53.5 86
0.70 25.71 9.03 25.7 82.73
0.90 21.08 11.06 21.08 | 74.74

are reported in Tables VII, VIII, and IX, offering insight
into the threshold’s influence on model effectiveness across
different datasets.

Table VII, which presents the performance without data
augmentation on the Oulu-CASIA dataset, the model achieves
its best performance at 7 = 0.50, with an accuracy of
91.09%, F1-Score of 91.1%. As the threshold increases (e.g.,
7 = 0.70 or 7 = 0.90), both accuracy and FI-Score
degrade noticeably, indicating that excessive sparsity in the
graph structure adversely affects learning and classification

performance. Similarly, Table VIII presents evaluation results
on the eNTERFACEQS dataset, demonstrates a similar trend.
The highest metrics are recorded around 7 = 0.30, with an
accuracy of 62.67% and an F1-Score of 59.27%, reaffirming
the effectiveness of lower thresholds for preserving discrim-
inative information in the relational graph. Finally, Table IX
summarizes the model’s performance

on the AFEW dataset, where the optimal results are also
observed at 7 = 0.30. These findings collectively highlight
the importance of selecting an appropriate threshold value, as
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TABLE IX
PERFORMANCE METRICS FOR DIFFERENT THRESHOLDS ON THE AFEW

Th=r Acc F1-Score | WAR | UAR
0.20 27.04 26.9 27.04 | 63.64
0.25 29.81 29.56 29.81 | 65.08
0.30 62.67 59.27 62.67 82.5
0.35 30.37 29.92 30.37 | 65.65
0.40 32.69 31.38 32.69 67.6
0.45 33.05 30.72 33.05 | 69.05
0.50 56.39 56.39 56.39 86
0.70 25.71 9.03 25.71 | 82.73
0.90 21.08 11.06 21.08 | 74.74

TABLE X
PERFORMANCE METRICS FOR DIFFERENT PATCH SIZES ON THE OULU
HxW Acc F1-Score | WAR | UAR
10x10 | 69.88 68.11 68.88 | 85.51
20x20 | 63.30 51.81 63.30 | 86.33
30x30 | 75.52 70.27 75.52 | 89.13
50x50 | 95.58 95.07 95.58 | 97.99
70x70 | 98.09 98.09 98.09 | 99.06
TABLE XI
PERFORMANCE METRICS FOR DIFFERENT PATCH SIZES ON THE
ENTERFACEOS5
HxW Acc F1-Score | WAR | UAR
10x10 | 62.67 59.27 62.7 82.5
20x20 | 76.12 62.25 76.12 | 90.19
30x30 | 79.06 60.93 79.06 | 91.59
50x50 | 68.63 58.50 68.63 | 86.50
70x70 | 69.60 68.59 69.60 | 87.50
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Fig. 10. Test results across patch sizes for two FER datasets at a threshold
of 0.3. [Best shown in color]

it plays a critical role in balancing graph connectivity and
expressiveness, ultimately influencing the model’s ability to
accurately capture and classify subtle facial expressions across
different datasets.

As shown in Table X and Fig. 10a, the performance on
the Oulu-CASIA dataset exhibits a positive correlation with
increasing patch size. The model achieves its best performance
at a patch size of 70x70, obtaining the highest accuracy
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(a) t-SNE Test Results on Oulu-CASIA Dataset on the best Patch size.
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(b) t-SNE Test Results on eNTERFACEO5 Dataset on the best Patch size.

Fig. 11. t-SNE test results on the best patch size for two datasets. [Best
shown in color]

(98.09%), Fl-score (98.09%), WAR (98.09%), and UAR
(99.06%). A noticeable performance improvement begins at
the 30x30 patch size, continuing to rise steadily with larger
patches, and peaking at 70x70. In contrast, smaller patches
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such as 10x10 and 20x20 result in significantly lower per-
formance across all metrics, with 20x20 yielding the weakest
results, suggesting that smaller patches may fail to capture
sufficient contextual and spatial information.

For the eNTERFACEQS dataset, results reported in Table XI
and visualized in Fig. 10b, the optimal performance is ob-
served at a patch size of 30x30, where the model achieves
its highest values for accuracy (79.06%), F1-score (60.93%),
WAR (79.06%), and UAR (91.59%). Performance declines
for both smaller and larger patch sizes. While 20x20 still
performs reasonably well, 10x10 and 50x50 show a marked
drop in effectiveness, and the 70x70 patch—which was opti-
mal for the Oulu dataset—fails to deliver comparable results
on eNTERFACEOQS. These differences highlight the dataset-
specific sensitivity to patch size and the importance of tailoring
patch-based feature extraction to the characteristics of each
dataset. Additionally, 10b presents t-SNE visualizations of the
test samples using the optimal patch sizes for each dataset.
These plots demonstrate clear and distinct class separations,
further validating the effectiveness of the selected patch sizes
in preserving discriminative features and supporting accurate
classification.

Overall, these results highlight that the optimal patch size
varies by dataset, with larger patches proving more effective on
Oulu, while a mid-sized patch (30x30) yields the best perfor-
mance on eNTERFACEOQS. We also demonstrate how varying
the threshold impacts the model’s training and validation
performance, recall metrics, and feature detection capabilities.
Lower thresholds generally lead to better accuracy, reduced
loss, and improved recall, while enabling more comprehensive
facial feature analysis.

V. CONCLUSION

In conclusion, this work introduced Exp-Graph, a novel
framework for facial expression recognition that utilizes a
graph-based representation of facial attribute structures. By
modeling facial landmarks as graph nodes and defining edges
through spatial and appearance-based relationships, Exp-
Graph captures intricate dependencies among facial features.
Selecting an appropriate patch size and threshold (7) is crucial
for the optimal performance of the Exp-Graph. An appropriate
patch size with a suitable threshold can reduce information
loss and result in a more relevant graph representation. In
contrast, too large or too small patch sizes and thresholds
may result in either similar graph structures or disconnected
graphs due to the loss of important information. Therefore,
determining the optimal threshold and patch size is essential
for effectively preserving facial features and ensuring robust
performance. However, the optimal size may vary depending
on the characteristics of the dataset. The integration of vision
transformers and graph convolutional networks enables the
framework to effectively encode global context and structural
information. The experimental results confirm the robustness
and strong generalization of the method across the datasets.
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