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Abstract—Facial paralysis, marked by the inability to move
specific facial muscles, often results from nerve damage, strokes,
or neurological disorders. Prompt and accurate detection is essen-
tial for effective diagnosis and treatment, potentially improving
recovery outcomes. Recent studies identified facial paralysis by
analyzing alterations in facial expressions of affected individ-
uals relative to those of unaffected individuals, utilizing facial
attributes and landmark data; nevertheless, they overlooked the
structural information among the diverse face features. This work
utilizes structural information to offer a graphical depiction of
facial features. In the graph representation of facial attributes,
key-points serve as the vertices. At the same time, the edges are
established based on the closeness of the key-points and the simi-
larity of the local appearance of the facial attributes conveyed via
the vision transformer. Advanced graph convolutional networks
integrate structural information into face attribute encoding to
enhance the identification of facial expressions. Consequently,
Para-X acquires highly expressive semantic representations from
facial attribute graphs. In contrast, the vision transformer and
graph convolutional blocks enable the framework to leverage
local and global dependencies among facial attributes, which are
crucial for recognizing facial paralysis. Comprehensive studies
demonstrate the robustness and generalizability of the proposed
methodology to identify facial paralysis in various facial paralysis
datasets such as AFLFP, YFPD, FDPDI, and our FPD dataset.

Index Terms—Graph convolutional networks, facial paralysis
detection, and vision transformer.

I. INTRODUCTION

Facial paralysis is a medical condition often caused by in-
fections, trauma, or neurological problems and is characterized
by a lack of voluntary muscle activity on one side of the
face [1]. The estimated annual rate of Bell’s syndrome is 6.1
cases per 100,000 in children aged 1–15 years [2]. However,
40 cases per 100,000 patients per year have been reported
in adults [3], [4]. The incidence of facial nerve palsy in the
pediatric population is relatively low.

Effective treatment and rehabilitation depend on the prompt
and precise diagnosis of facial paralysis. Clinical judgments
and the subjective opinions of medical practitioners are the
mainstays of traditional diagnostic techniques. Since the de-
velopment of computer vision and deep learning, there has
been increasing interest in creating automated methods for
facial paralysis recognition. As deep learning techniques have
advanced rapidly over the past ten years, significant attempts
have been made to investigate discriminative representations
of facial images for paralysis recognition using deep neural
networks (DNNs). As research evolves, integrating innova-
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Fig. 1: Framework for proposed FPR systems.

tive diagnostic tools, AI applications, and patient-centered
approaches will likely play a significant role in shaping
the future of facial nerve palsy management. Smartphone-
based diagnostic systems have been proposed as accessible
and practical tools to automate the assessment process [5].
Fig. 1 shows the framework for the proposed facial paralysis
recognition (FPR) system using smartphones. Since people
use smartphones everywhere. Thus, a mobile application is
most desirable. Similarly, artificial intelligence (AI) technolo-
gies, particularly convolutional neural networks (CNNs), have
demonstrated remarkable potential in providing accurate and
efficient clinical outcomes by analyzing complex medical
data [6]. In addition, the impact of global events, such as the
COVID-19 pandemic, has drawn attention to the relationship
between viral infections and facial nerve conditions. Research
has revealed a possible association between COVID-19 and
facial nerve palsy, emphasizing further investigation of its
underlying mechanisms and long-term effects [7]. Innovative
methods, such as facial emotion recognition systems, have
been employed to infer stress levels and address psychological
well-being in patients with facial nerve paralysis. This under-
scores the importance of comprehensive care that includes both
physical and emotional health [8]. Despite significant progress,
challenges remain in understanding these patients’ long-term
outcomes and rehabilitation needs. Recent studies have laid
the groundwork for technical and interdisciplinary approaches,



yet shortcomings remain in developing individualized care and
rehabilitation strategies [9].

Previous methods to quantitatively analyze facial paralysis
include HDN [10], an incremental face alignment frame-
work [11], and Gaussian mixture model (GMM) with a dy-
namic kernel [12]. However, some methods for facial paralysis
detection are not based on facial key-points, and some are
based on private datasets. Major anatomical locations on the
face, including the mouth, nose, and eyes, are represented by
facial key-points, and understanding their spatial relationships
is essential to capturing the small asymmetries indicative of
facial paralysis [6]. Graph neural networks (GCNs) present a
viable path toward creating an accurate and understandable
facial paralysis detection system. Zhao et al. [13] Spatio-
temporal graph networks integrated with a transformer to
recognize facial expressions using geometric guidance. Guo
et al. [14] developed a technique to assess unilateral facial
paralysis through facial imaging and historical identification.
Valter et al. [15] explored machine learning-based methods
for diagnosing peripheral and central facial paralysis, taking
advantage of facial features. To encourage facial paralysis
recognition in real-world tasks, it is highly beneficial to
investigate a geometry-guided approachs [10]–[17]. Our work
uses geometric information, structural deformities, and com-
parative alterations of essential parts of the face that are
equally susceptible to facial paralysis. Consequently, exploring
a geometry-guided approach to encourage FPR in real-world
applications is highly beneficial. Graph neural networks [13],
[18]–[21] are a potent tool for structured data analysis and
are a good fit for applications utilizing linked face key-
points [13], [22]–[26]. The capacity of the model to generalize
across many datasets such as YFP [10], FDFPI [16], and
we also introduce our new dataset facial paralysis detection
(FPD), AFLFP [27] for the facial paralysis class. Our new
dataset addresses an important limitation observed in previous
datasets, which focused primarily on young individuals. A
significant drawback of those datasets is the lack of data
on children and elderly individuals, making it challenging to
analyze facial deformities across all age groups. Our dataset
includes individuals of all age groups – children, young
adults, and the elderly – making it more comprehensive and
challenging. This diverse age representation increases its ef-
fectiveness, especially for detecting facial paralysis in children
and younger and older populations. For the non-paralysis faces
used from the facial expressions recognition (FER) datasets
such as DISFA [28], DISFA+ [29], OuluCASIA [30], Caltech
face [31], and RML [32] circumstances, while simultaneously
increasing the accuracy of automatic paralysis recognition.

In this paper, we present a Para-X framework shown in
Fig. 2 that uses GCNs with ViT to learn geometric descriptions
from facial key-points. Consequently, GCNs offer a valuable
substitute for incorporating the geometric information derived
from facial key-points into paralysis and normal facial rep-
resentations. Local appearance representations are extracted
from landmark positions and aggregated with geometric rep-
resentations during graph learning—an innovative and efficient

method that provides several important advances in facial
paralysis recognition. In the study [13], [22]–[26], the number
of nodes and connections between them are fixed during GCNs
training. However, using hyperparameter thresholds τ , our
proposed model dynamically learns the connectivity structure
based on a weighted adjacency matrix W . We conduct exten-
sive experiments using different threshold values to analyze
how different connection patterns affect the recognition of
paralyzed and non-paralyzed faces. Our study’s results have
significantly impacted the development of computer-assisted
medical diagnosis, providing medical practitioners with a
reliable and unbiased tool to evaluate facial paralysis. The
following briefly describes the primary contributions of this
paper:

• Effective facial representation by exploring the structural
information through GCNs on the applied information
needed from the pre-trained ViT.

• Learns semantic representations of facial by leveraging
local and global dependencies among facial attributes.

• Extensive evaluation of the proposed method Para-X on
AFLFP, YFP, FDFPI, and we also introduce our new
dataset FPD for the paralysis faces and DISFA, DISFA+,
OuluCASIA, Caltech face, RML for the normal circum-
stances, while increasing automated recognition accuracy.

The remaining content of this paper is structured as follows:
Section II briefly reviews some related works. Section III
provides a detailed explanation of the Para-X framework.
Section IV presents the details of experimental evaluations,
including benchmark datasets, and discusses the results. Fi-
nally, we conclude in §V.

II. RELATED WORK
The automatic identification and diagnosis of facial palsy

have traditionally relied on handcrafted features and private
datasets, limiting reproducibility and adaptability to real-world
conditions. Early efforts focused on asymmetry detection
using tailored algorithms. Ngo et al. [33] employed limited-
orientation modified circular Gabor filters (LO-MCGFs) to
extract facial asymmetry features from the Osaka police hos-
pital dataset. Kim et al. [5] developed a smartphone-based
diagnostic system that included facial landmark detection,
feature extraction, and classification. Similarly, Asthana et al.
[11] used incremental face alignment to calculate asymme-
try indices, applying linear discriminant analysis (LDA) and
support vector machines (SVM) for classification. Wang et
al. [34] used an active shape model (ASM) to analyze static
and dynamic asymmetry across eight facial regions, employing
an SVM with an RBF kernel for classification. However,
the above approaches were limited due to the reliance on
hand-made features, which can hinder adaptability to different
clinical settings. Praveen et al. [12] further explored facial dy-
namics using Gaussian mixture models (GMMs) with dynamic
kernels. However, the inherent limitations of private datasets
and the need for generalized, robust approaches underscore the
importance of transitioning to deep learning and larger, pub-
licly available datasets. The rise of deep learning techniques
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Fig. 2: An outline of the proposed framework (Para-X) for detecting and recognizing facial paralysis in the figure. Our Para-X
framework is composed of four primary steps: (i) initial processing for face detection, local patch, and its feature extraction; (ii)
graph representation of facial attributes; (iii) GCN blocks for categorized learning; and (iv) output as classification Paralysis or
Non-paralysis face. The classification algorithm of fully connected layers is then used to discriminate between different Paralysis
or Non-paralysis face labels once the graph and GCN modules have iterated over the facial graph to retrieve information about
the paralysis of the face.

has significantly advanced the field, addressing some limita-
tions of earlier methods. Hsu et al. [10] introduced hierarchical
detection networks (HDN), which integrate local palsy region
analysis and facial key-points using deep learning, evaluated
on a limited dataset of 32 videos from 22 patients. The song
et al. [35] utilized CNNs trained on 1049 clinical images,
while Hossain et al. [36] compared ResNet50, InceptionV3,
and VGG16, demonstrating the effectiveness of ResNet50
for facial paralysis detection. Storey et al. [37] developed
3DPalsyNet, a 3D CNN that combined joint supervised learn-
ing and transfer learning to grade facial palsy and detect
motion. Liu et al. [6] enhanced performance by introducing
a parallel hierarchical convolutional neural network (PHCNN)
with LSTM, which analyzed temporal fluctuations and region-
based asymmetry. Despite the significant advancements, these
models often suffered from tiny sample sizes and limited
clinical validation, which affected their generalizability and
real-world applicability.

Standardized datasets and robust evaluation frameworks
have been identified as crucial for improving the reliability
and adoption of automated facial palsy diagnosis. Xia et al.
[27] addressed this gap by creating the annotated facial key-

points for the facial palsy (AFLFP) database, consisting of 16-
class asymmetric facial expressions annotated with 68 facial
key-points from 88 subjects. AFLEP database facilitated the
development of a DNNs baseline using two-stage cascaded
fully convolutional networks (FCNs) for facial landmark de-
tection. Although AFLFP provides a valuable resource, its
manual annotation process is time-consuming and prone to
human error.

Jia et al. [38] explored graph-in-graph GCNs for hyper-
spectral image categorization, a method adaptable for analyz-
ing facial asymmetry through spatial relationships. Guan et
al. [39] introduced node-aligned GCNs for whole-slide image
representation, which could model interlinked facial muscle
movements associated with facial paralysis. Gao et al. [40]
proposed a unique representation-learning approach for dy-
namic graphs suitable for modeling facial region’s temporal
and spatial dynamics. GCNs have emerged as a promising tool
for capturing spatial correlations in facial features, offering a
new avenue to advance facial palsy recognition.

In summary, traditional methods for extracting facial fea-
tures, such as LDA, GMMs, LBP, SVM, and CNNs, have
limitations in capturing subtle correlations and changes in fa-



cial paralysis [41], [42]. Advanced techniques like hypergraph-
guided feature embedding and vision transformers (ViTs) are
better suited for managing these complexities, especially when
dealing with large and diverse datasets. Vision transformers,
in particular, can capture global contextual information and in-
tricate interactions between features more effectively, making
them robust for the FER task. Recent research has explored
combining ViT and GCNs to enhance FPR by integrating
global visual and geometric information, using patch-specific
convolutional branches for local appearance features, and em-
ploying attention mechanisms on facial components in graph-
based learning.

III. PARA-X FRAMEWORK

The proposed Para-X system has three primary steps: (i)face
detection and key-points localization, extracting features of
cropped patches around the key-points via pre-trained vision
transformers, (ii) graph representation of facial attributes us-
ing algorithm 1, and (iii) facial paralysis and non-paralysis
classification with GCNs.

A. Defining Facial Attributes and Graph Construction Phase

Initially, image processing is performed to standardize di-
mensions and enhance quality. Face detection [43] and key-
points localization [44] via utilizing the Dlib, and the regions
surrounding the key-points are cropped patches to encoded
with a pre-trained ViT [45]. The graph representation of face
attributes is created by constructing an adjacency matrix W
that denotes links between feature-encoded cropped patches
around the key-points based on feature similarity and spatial
proximity. Our method accurately represents face features
and associates them with different expressions. The procedure
initiates by normalizing each feature vector using the L2 norm,
followed by the computation of a similarity function K(fi, fj)
for pairs of feature vectors fi and fj . A distance matrix is
concurrently calculated using the squared Euclidean distances
between the spatial coordinates of the key-points. The initial
adjacency matrix Wij is derived by dividing the similarity
function by an exponential function of the Euclidean distance,
as seen in Equation 1. This approach efficiently amalgamates
both feature and geographical information within the graph
framework.

A thresholding hyperparameter τ enhances the adjacency
matrix, eliminating weak connections, and preserving only
significant interactions between key-points. The refinement
involves comparing each element W ij of the matrix to a
threshold value determined by µK + τ · σK , where µK and
σK represent the mean and standard deviation of the initial
adjacency matrix. If W ij surpasses the threshold, it is assigned
a value of 1; otherwise, it is assigned a value of 0, as seen in
Equation 2.

W ij =
K(fi, fj)
e∥qi−qj∥

(1)

This formulation guarantees that spatially proximate key-
points and homologous features exhibit deeper connections
within the matrix.

W =

{
1, if W ij > µK + τ · σK

0, otherwise.
(2)

The equations 1, 2 facilitate the development of a graph-based
representation of a face, wherein facial key-points serve as
nodes, and both feature similarity and spatial proximity weight
the edges (connections) between them. The refined adjacency
matrix is applicable for facial paralysis recognition in graph
construction.

Algorithm 1 Graph Construction from Image
Input: Image I
Output: Graph G = (Q,F,W)

1: Region← DetectFace(I) ▷ Identify face region in the
image

2: Q← GetKeypoints(Region) ▷ Extract keypoint
coordinates

3: for each keypoint qj in Q do
4: Ij ← CropPatch(I,qj) ▷ Crop patch centered at

keypoint
5: fj ← ComputeFeatures(Ij) ▷ Generate feature

descriptor
6: Append fj to F
7: end for
8: Compute adjacency matrix W for Q and F via using

equations (1) and (2).
9: return G = (Q,F,W)

B. Facial paralysis Classification Using GCNs

The matrix Wij for constructing a graph defines the spatial
relationships between facial key-points. Let I denote the
processed facial expression and paralysis image, Q denote
the set of facial key-points, F denote the set of graph-based
features, and W denote the adjacency matrices of the image.
Algorithm 2 delineates the GCNs model.

Algorithm 2 GCN Model for our Para-X framework
Input: Feature matrix F, Adjacency matrix W, Number of
layers K
Output: Node feature matrix H(K)

1: Initialization: Set the initial feature matrix H(0) ← F
2: W̃ ← D̂

−1/2
(W + I)D̂

−1/2

3: where D̂ is the degree matrix of W + I .
4: for k = 0 to K − 1 do
5: Feature Propagation: Update the feature matrix
6: H(k+1) ← ϕ

(
W̃H(k)M(k)

)
7: where M(k) is the weight matrix for layer k.
8: end for
9: return H(K)

The operation at each layer involves two main steps:



1) Feature Aggregation: The features of the node, graph
structure encoded in W̃ is used to aggregate H(k).

2) Feature Transformation: The aggregated features are
subsequently transformed through a learnable weight
matrix W (k) and passed through a non-linear activation
function ϕ(·).

This procedure is repeated for each layer in the GCNs,
acquiring increasingly abstract representations of the nodes in
the graph. The binary cross-entropy loss (L) is employed to
train the Para-X as follows:

L(y, ŷ) = − 1

N

N∑
j=1

[yj log(ŷj) + (1− yj) log(1− ŷj)] (3)

Here, yj and ŷj represent the true label and the predicted prob-
ability for the paralysis class of the j-th instance, respectively.

IV. EXPERIMENTAL EVALUATION

In this section, we provide essential details of the ex-
periments conducted to assess the performance of existing
methods. We compared Para-X with recent and state-of-the-art
methods such as [6], [46]–[48]. Our framework uses Dlib [43]
for face detection; PyTorch2.1.2+cu121 is part of the software
stack, allowing deep learning. The NVIDIA RTX A6000
GPU with 48 GB memory was used for the evaluation. In
our implementation, the hyperparameters are configured as
follows: the image size is set to 224x224 pixels, with an
initial learning rate of 0.001, gradually decreasing to a final
learning rate of interval 1e-6. We apply a weight decay of 5e-4
and utilize the Adam optimizer. The model includes a hidden
layer with 256 units, a dropout rate of 0.2, and a seed value
of 1000 to ensure reproducibility. For better generalization,
we pre-trained our model on the FER dataset. We trained on
YFP+OuluCASIA, YFP+CalTech face, and AFLFP+DISFA+
dataset as shown in the Fig. 4, fine-tuning datasets shown in
the TABLE II, III. We tested on the FPR dataset because the
availability of the FER dataset is broader than that of FPR
datasets. To explore the generalizability of our method, we
conducted extensive experiments with the standard benchmark
datasets used to evaluate FER using the Para-X method. The

TABLE I: Details of Facial Paralysis and Expression Datasets

Dataset Resolution Samples Modality
AFLFP [27] 640x480 88 subjects RGB
YFP [10] 640x640 32 videos RGB
FDFPI [16] Variable 1024 images RGB
DISFA [29] 1024x768 27 subjects RGB
DISFA+ [29] 1024x768 75 subjects RGB
OuluCASIA [30] 320x240 80 subjects RGB/NIR
Caltech face [31] 896x592 450 images RGB
RML [32] 640x480 1,500 RGB
FPD (Our) Variable 694 images RGB

datasets and details used in our experiments are shown in
the TABLE I. The YFP dataset comprises 32 videos from
21 patients, processed into six fps image sequences. Local
paralysis regions were identified based on high deformity
intensity, annotated by three physicians, with their intersection
serving as the ground truth. Each region was categorized by

intensity—0.5 (low) or 1.0 (high) and classified as either the
eye or mouth area. The FDFPI dataset includes curated im-
ages of facial deformities, capturing asymmetries in the eyes,
mouth, and other facial regions affected by paralysis. Details
of the AFLFP dataset are provided in §II. Our facial paralysis
detection dataset comprises 694 images sourced from Google
and YouTube, featuring diverse subjects across different age
groups, including children, teenagers, adults, and elderly indi-
viduals. The dataset includes both single-face and multi-face
scenarios. Using the YFP dataset as a reference, we annotated
images focusing on the eye and mouth regions. The dataset
is categorized into six classes: normal eye, normal mouth,
slightly palsy eye, slightly palsy mouth, strongly palsy eye,
and strongly palsy mouth. Our dataset aims to advance re-
search in detecting and analyzing facial paralysis across vari-
ous age groups.

The DISFA dataset consists of videos from 27 participants
exhibiting spontaneous facial expressions. Each frame is an-
notated for action unit (AU) intensity on a scale from 0 to 5,
making it a valuable resource for facial expression analysis
and AU recognition. An extension, DISFA+, enhances the
original dataset with additional annotations, improved quality,
and a broader range of expressions, making it more compre-
hensive for studying facial movements and emotions. Both
datasets contribute significantly to affective computing and
facial behaviour research. The Oulu-CASIA dataset contains
videos of 80 subjects displaying six basic emotions (happiness,
sadness, anger, surprise, fear, and disgust) under three lighting
conditions—normal, weak, and dark—using visible and near-
infrared (NIR) imaging. The RML dataset integrates facial
expressions, speech, and physiological signals, supporting
multimodal emotion recognition research. The Caltech Face
dataset consists of 450 color images of 27 unique individuals,
each captured in frontal view under varying lighting, expres-
sions, and backgrounds.

TABLE II: Comparison of Methods

Method Datasets Class Accuracy (%)
MobileNetV2 [48] YFP+CK 2 98.93
SVM [49] YFP+CK 2 95.59
VDRRE [46] YFP+Caltech 2 99.34
PHCNN+LSTM [6] YFP+CK 2 94.61
RC-SSELM-VC [47] YFP+CK 2 85.50
ResNet50 [36] FPFDI+UTK 2 96.6
Para-X (our) AFLFP+DISFA 2 91.15
Para-X (our) YFP+DISFA 2 96.09
Para-X (our) FDFPI + RML 2 94.47
Para-X (our) FPD+ RML 2 97.09
Para-X (our) YFP+CalTech face 2 99.99

TABLE III: Performance Metrics for Different Datasets

Dataset τ Loss Acc P R F1
FDFPI + RML 0.35 0.37 94.47 90.61 94.47 92.5
FPD + RML 0.35 0.34 97.09 92.84 97.09 94.92
YFP + DISFA 0.2 0.35 96.09 98 98.04 96.04
YFP + CalTech 0.2,0.25 0.31 99.99 99.99 99.99 99.99
AFLFP + DISFA 0.25 0.40 91.15 95.57 95.57 91.15

Acc: Accuracy(%), P: Precision(%), R: Recall(%), F1: F1-Score(%)
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Fig. 4: Training vs. validation performance metrics over epoch.

TABLE II compares the classification methods applied to
various datasets, analyzing their accuracy. Several methods,
including MobileNetV2, SVM, VDRRE, PHCNN+LSTM, and
RC-SSELM-VC, are compared against the proposed approach
(denoted as ”our”). The results show that deep learning-based
methods, such as MobileNetV2 (98.93% accuracy) and SVM
(95.59% accuracy), generally perform better than approaches
like PHCNN+LSTM (85.90%). Notably, the proposed method
outperforms all other methods, achieving 99.99% accuracy
on the YFP + CalTech face dataset. Our method also attains
high accuracy on other datasets, such as 97.09% on FDP +
RML and 96.09% on YFP + DISFA, proving its superior
performance. TABLE III provides more details with other
metrics and threshold values, where YFP + CalTech face
achieves the highest with intense precision (99.99%) and
recall (99.99%) and F1-score (99.99%). FDPFI + RML also
performs well, achieving 94.47% accuracy. At the same time,
AFLFP + DISFA records the lowest accuracy at 91.15% and
the corresponding training and validation results shown in the
Fig. 4, Fig. 3 presents a graph of an ablation study analyz-
ing the performance of different models, and Fig. 5 graph
visualization with a threshold of 0.30. TABLE IV presents a
comparative analysis of different object detection models such
as YOLO-based [50], RT-DETR [51], and YOLOv8-AM [52].
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Fig. 5: Graph visualization on the test datasets.

TABLE IV: Performance metrics for various best YOLO
versions, YOLOv8+Attention, and RT-DTR models

Method Dataset P R m1 m2 IT
HDN YFP 89 87 - - -
Yolov5l YFP 98.4 94.6 97.7 96.3 7.9
Yolov10l FDFPI 98.01 96.69 98.21 90.45 15.2
Yolov3 FPD 93.31 92.19 92.01 72.13 15.6
Yolov5n FDFPI+FPD 84.8 88.6 92 75.5 4.2
RT-DETR YFP 98.5 93.3 94.2 89.9 10
RT-DETR FDFPI 96.9 97.5 96.9 87.2 10.1
RT-DETR FPD 91.2 94.5 92.7 70.2 13.1
RT-DETR FDFPI+FPD 92.4 91.7 90.1 73.9 21.4
Yolov8l +AM1 FDFPI 96.5 96.6 98.2 98.8 5.2
Yolov8l +AM2 FPD 93 90.1 94.4 74.8 7
Yolov8l +AM1 YFP 98.1 95 98.4 96.8 1

mAP50: m1, m2: mAP50-90, IT: Inference time per image (ms/img)

RT-DETR achieves the highest recall and competitive mAP
values across different datasets, with inference times ranging
from 10.0 to 21.4 ms. The YOLOV3 model performs relatively
well on the FPD dataset, but its inference time is higher at 15.6
ms. Yolov5n, being a lightweight model, exhibits a balance
between accuracy and efficiency and the trade-offs between
precision, recall, and inference time among the evaluated
models. The YOLOv8-AM improved version of YOLOv8



F
P

D

F
P

D

F
P

D

F
P

D

F
P

D

F
P

D

F
P

D

F
P

D

F
P

D

F
P

D

F
P

D

C
D

C
D

C
D

C
D

C
D

C
D

C
D

C
D

C
D

C
D

C
D

C
D

C
D

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

F
D

F
P

I

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

Y
F

P

0

25

50

75

100

0

25

50

75

100

Yo
lov

3 T

Yo
lov

9c

Yo
lov

11
n

Yo
lov

11
l

Yo
lov

8n

Yo
lov

9e

Yo
lov

3

Yo
lov

10
n

Yo
lov

10
l

Yo
lov

5l

Yo
lov

8l

Yo
lov

11
n

Yo
lov

3 T

Yo
lov

5n

Yo
lov

8n

Yo
lov

11
l

Yo
lov

10
n

Yo
lov

9c

Yo
lov

5l

Yo
lov

10
l

Yo
lov

3

Yo
lov

8l

Yo
lov

8n

Yo
lov

9e

Yo
lov

8n

Yo
lov

8n

Yo
lov

8n

Yo
lov

11
n

Yo
lov

5n

Yo
lov

5n

Yo
lov

8n

Yo
lov

3 T

Yo
lov

10
n

Yo
lov

11
l

Yo
lov

8l

Yo
lov

8l

Yo
lov

3

Yo
lov

9c

Yo
lov

8l

Yo
lov

9e

Yo
lov

8l

Yo
lov

10
l

Yo
lov

5l

Yo
lov

8n

Yo
lov

11
l

Yo
lov

3 T

Yo
lov

5n

Yo
lov

10
l

Yo
lov

10
n

Yo
lov

9e

Yo
lov

8l

Yo
lov

9c

Yo
lov

11
n

Yo
lov

3

Yo
lov

5l

Yo
lov

8l

Precision (%) Recall (%) mAP50 (%) mAP50-95 (%) Trendline for mAP50-95 (%) R² = 0.985

Fig. 6: All YOLO best versions results on the FPR datasets.

TABLE V: Ablation Study Results on YFP+Caltech Face

Cases M1 M2 M3 M4 M5 Accuracy F1-Score
E ✓ ✗ ✗ ✗ ✓ 28.3 28.3
A ✓ ✗ ✗ ✗ ✗ 88.38 35.99
C ✗ ✗ ✓ ✗ ✗ 95.82 54.65
F ✗ ✓ ✗ ✓ ✗ 96.03 94.4
G ✗ ✓ ✗ ✗ ✓ 96.35 96.35
D ✓ ✗ ✗ ✓ ✗ 96.46 96.46
B ✗ ✓ ✗ ✗ ✗ 99.52 93.13
H ✗ ✗ ✓ ✓ ✗ 99.96 99.93
I ✗ ✗ ✓ ✗ ✓ 99.99 99.99

M1-5: Modules, M1: ResNet18, M2: EfficientNet-B0, M3: ViT,
M4: GAT, M5: GCNs.

integrates attention mechanisms to improve performance. Our
approach consists of four different attention modules: resid-
ual convolutional block attention module (ResCBAM: AM1),
efficient channel attention (ECA: AM2), shuffle attention
(SA: AM3), and global-context attention mechanism (GAM:
AM4). By integrating these modules, we refine the model’s
architecture and optimize its training process in Fig. 6, where
Yolov8l + AM1 outperforms mAP50-90 98. 8%, 96. 8%, 74.
4% to FDFPI and YFP, FPD, respectively.

Overall, the results suggest that the proposed approach
is highly effective, surpassing existing models in classifi-
cation accuracy, particularly on the YFP + CalTech face
dataset. The comparison also highlights the advantage of deep
learning models over conventional techniques, reinforcing
their reliability in complex classification tasks. YOLO-based
models, particularly YOLOv5l and YOLOv10l, demonstrate
superior precision, recall, and mAP scores on the six annotated
classes per the YFP dataset. However, RT-DETR models
also show substantial performance, especially on FDPFI and
YFP datasets, albeit with higher inference times. The findings
suggest that different YOLO variants and datasets have unique
strengths, with Yolo+attention models excelling in mAP while
others balance accuracy and efficiency. The results presented
in the TABLE V ablation study demonstrate the impact of
different model architectures on accuracy (%) and F1-score
(%). The configuration incorporating ViT and GCNs achieved
the highest performance with 99.99% accuracy and F1-score.

EfficientNet-B0 also significantly contributed to performance,
as seen in Experiments B and G. Furthermore, models using
ResNet18 alone showed significantly lower accuracy. These
findings highlight the importance of model selection and
combination in achieving optimal performance.

V. CONCLUSION

This work introduces Para-X, a novel framework for effi-
cient facial paralysis recognition using a graph-based repre-
sentation of facial attribute structures. Our approach captures
the intricate interactions among facial features by representing
key-points as graph vertices, with edges defined by proximity
and similarities of local appearance. Using vision transformers
and graph convolutional networks, Para-X encodes structural
and global dependencies, resulting in a more robust and com-
prehensive representation of facial expressions. The evaluation
results demonstrate the effectiveness and generalizability of
our proposed method.
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