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Abstract—An advanced system for facial landmark detection
and 3D facial animation rigging is proposed, utilizing deep
learning algorithms to accurately detect key facial points, such as
the eyes, mouth, and eyebrows. These landmarks enable precise
rigging of 3D models, facilitating realistic and controlled facial
expressions. The system enhances animation efficiency and
realism, providing robust solutions for applications in gaming,
animation, and virtual reality. This approach integrates cutting-
edge detection techniques with efficient rigging mechanisms. The
Al-assisted rigging process reduces manual effort and ensures
precise, dynamic animations. The study evaluates the system's
accuracy in facial landmark detection, the efficiency of the
rigging process, and its performance in generating consistent
emotional expressions across animations. Additionally, the
system's computational efficiency, scalability, and system
performance are assessed, demonstrating its practicality for real-
time applications. Pilot testing, emotion recognition consistency,
and performance metrics reveal the system's robustness and
effectiveness in producing realistic animations while reducing
production time. This work contributes to the advancement of
animation and virtual environments, offering a scalable solution
for realistic facial expression generation and character
animation. Future research will focus on refining the system and
exploring its potential applications in interactive media and real-
time animation.

Keywords—Facial landmark detection; 3D animation; deep
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. INTRODUCTION

Facial expressions are a fundamental aspect of storytelling,
communication, and emotional engagement in animated media.
In 3D cartoon animation, creating expressive faces is a crucial
element that bridges the gap between virtual characters and
audience perception [1]. The ability to convey emotions such
as joy, sadness, anger, fear, and surprise enables characters to
resonate with viewers, immersing them in the narrative [2].
However, achieving this level of expressiveness is not without
its challenges, especially in a 3D environment where facial
rigging and animation require precision and creativity [3].
Traditional methods of designing facial expressions in 3D
cartoon animation are both labor-intensive and time-
consuming. Animators typically rely on manual keyframing
[4], morph target blending, and complex rigging systems to
create facial emotions. While these methods allow for detailed
control, they pose significant limitations. Producing high-

quality facial animations demands extensive manual effort,

expertise, and resources. Traditional processes lack
automation, making them impractical for large-scale
productions or real-time applications [3]. Achieving

exaggerated and highly expressive facial animations requires
significant trial and error, often restricting creative freedom.
Maintaining consistency in facial expressions across different
frames and characters can be difficult, particularly in projects
with numerous assets [5]. These challenges highlight the need
for advanced solutions that streamline the animation process
while enhancing the expressiveness and realism of 3D cartoon
characters.

The growing demand for high-quality animated content
across entertainment, education, gaming, and virtual reality
industries has pushed the boundaries of creativity and
technology [6]. Audiences today expect not only visually
appealing characters but also emotionally engaging
performances that drive storytelling [7]. In this context,
integrating Al-driven approaches into the facial animation
pipeline offers promising opportunities. Al algorithms can
automate key processes such as facial rigging, expression
generation, and motion interpolation, significantly reducing
production time. Generative models enable animators to
explore a broader range of emotions and exaggerations,
pushing creative possibilities beyond manual techniques [8].
Predictive Al models ensure consistency in facial expressions
while preserving natural transitions between emotions [9]. Al-
based tools lower the technical barriers for smaller animation
studios and independent creators, democratizing access to
advanced facial animation technologies [10].

The motivation for this study is to bridge the gap between
traditional animation workflows and Al-powered tools,
offering solutions that enhance expressiveness, streamline
production, and foster innovation in 3D cartoon animation.
This article leverages state-of-the-art Al models to generate
and predict facial expressions for 3D cartoon characters. The
methodology involves the following key steps i.e., existing
datasets such as the Facial Expression Research Group
Database (FERG) and synthetic datasets created using Al
models (e.g., GANSs) are utilized. These datasets include
exaggerated facial expressions representing the seven basic
emotions: anger, disgust, fear, happiness, sadness, surprise, and
neutral. Deep generative models such as Generative
Adversarial  Networks (GANs) [11] and Variational
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Autoencoders (VAEs) are used to synthesize new facial
expressions based on input parameters. These models enable
the generation of highly expressive and diverse facial
animations. Machine learning techniques, including CNNs [12]
and recurrent neural networks (RNNSs), are applied to predict
and interpolate facial expressions based on input features such
as pose, texture, and landmarks. The generated expressions are
evaluated for realism, emotional clarity, and consistency using
qualitative and quantitative metrics. User studies are conducted
to assess audience engagement and perception of the Al-
generated animations [13].

The study uses a combination of publicly available and
synthetic datasets to ensure diversity and coverage of facial
expressions. FERG-DB is a well-known dataset comprising
55,000+ annotated images of cartoon characters with seven
labeled expressions [14]. Synthetic Al-Generated Data to
generate additional facial expressions that exhibit exaggerated
emotions, enhancing the dataset's versatility. Custom
Annotations for emotion intensity, landmark positions, and
rigging points are added to improve the quality and usability of
the dataset. By combining these datasets, the study ensures a
robust foundation for training and testing Al models, enabling
the generation of high-quality facial expressions for 3D cartoon
characters.

The contribution of the article is well explained in the
points below:

e This study introduces state-of-the-art Al models,
including GANs and VAEs, to generate highly
expressive and exaggerated facial expressions for 3D
cartoon characters, pushing the boundaries of creative
possibilities in animation.

e By combining the Facial Expression Research Group
Database (FERG) with synthetic Al-generated data, the
study ensures a comprehensive dataset that covers a
wide range of facial expressions and emotional
intensities, improving the versatility of animation
generation.

e Utilizes CNNs and RNNs to predict and interpolate
facial expressions based on parameters like pose,
texture, and landmarks, ensuring consistency, realism,
and natural transitions in the generated animations.

The study incorporates both qualitative and quantitative
metrics to assess the realism, emotional clarity, and consistency
of the Al-generated facial expressions, ensuring their
effectiveness for 3D cartoon animation.

Il.  LITERATURE REVIEW

This study explores the use of GANs for generating facial
expressions in animated characters [15]. The authors
demonstrate how GANSs can produce highly realistic and varied
expressions, improving upon traditional animation methods.
The study highlights the potential of GANSs to handle different
facial dynamics and offer a more flexible approach to character
animation.

This research focuses on emotion recognition from 3D
facial expressions, using convolutional neural networks
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(CNNs) to identify emotions based on facial features [16]. The
authors show that 3D models provide more accurate emotion
recognition compared to 2D images, particularly in animated
contexts. The study emphasizes the importance of texture and
lighting in 3D emotion recognition systems. The paper
investigates the use of VAEs to generate facial expressions,
showcasing their ability to capture the underlying distribution
of emotions [17]. The authors demonstrate that VAEs can
create diverse facial expressions by learning the latent variables
of facial movements. This approach enhances the
expressiveness of animated characters, with smoother
transitions between emotions.

This article discusses the application of machine learning
techniques to achieve real-time facial animation for interactive
applications [18]. The authors use deep neural networks to
predict and animate facial expressions in real-time,
significantly reducing the time and effort required in traditional
animation pipelines. The study contributes to real-time facial
animation for virtual characters in gaming and VR. This
research focuses on automating the facial rigging process in 3D
animation using machine learning algorithms [3]. The authors
propose an Al-based approach to generate rigging parameters
from minimal input data, reducing manual labor. The results
show that the automated rigging system can match or exceed
the quality of manually rigged models, improving efficiency in
animation production. In this study, the authors explore how
GANSs can be used to generate exaggerated facial expressions
for 3D cartoon characters [19]. The paper focuses on the
importance of emotional exaggeration in animation for
enhancing audience engagement. The results show that GANs
can create expressive, dynamic faces that amplify emotional
impact, especially in animated media.

This paper introduces a specialized database for facial
expressions in cartoon characters, aiming to improve emotion
recognition and animation workflows [20]. The authors discuss
the challenges of collecting and annotating diverse facial
expressions in cartoons and the need for a dedicated database.
The study provides a foundation for training Al models
focused on cartoon animation. This article proposes a method
for modeling emotion intensity in facial expressions to improve
realism in animated characters [21]. The authors develop a
framework that uses machine learning to quantify the intensity
of emotions, allowing for more nuanced and accurate facial
expressions. The study enhances the capability of Al models to
generate varied emotional intensities in 3D characters. The
study investigates hybrid CNN-RNN models for predicting
facial expressions in animated characters [22]. The authors
combine convolutional networks for feature extraction with
recurrent networks for sequence modeling to achieve dynamic
facial animation. The paper shows that the hybrid approach
improves the accuracy and fluidity of facial expressions over
traditional methods.

This article examines Al-driven tools designed to assist
animators in creating facial expressions more efficiently. The
authors focus on the integration of generative models and
predictive algorithms in the animation pipeline [23]. The study
suggests that Al tools can significantly reduce production time,
particularly for smaller studios with limited resources. The
paper discusses the use of facial landmarks and texture
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information to predict and generate facial expressions. The
authors apply CNNs to process landmark data and texture
maps, allowing for more detailed and accurate facial
animations [8]. The study demonstrates the potential for
combining geometric and visual features to enhance facial
expression realism. This study conducts user research to
evaluate audience engagement with Al-generated facial
animations [24]. The authors assess how viewers perceive and
emotionally react to Al-generated expressions in 3D animated
characters. The results indicate that Al-generated facial
animations are generally well-received, offering potential for
greater emotional engagement in animated storytelling.

The reviewed literature highlights several gaps and
limitations. Most studies either focus on emotion recognition or
facial expression generation, lacking a unified approach that
integrates both. Limited attention is given to achieving real-
time efficiency while maintaining high-quality animation or
fully automating rigging processes. Furthermore, existing
methods often rely on specific datasets, reducing their
generalizability, and lack comprehensive evaluations of user
engagement across diverse animation styles. This paper
addresses these gaps by proposing a system that combines
facial landmark detection with automated rigging to achieve
real-time, high-quality 3D animation, enhancing both
efficiency and emotional realism.

I1l.  METHODOLOGY

The methodology for enhancing facial expressiveness in
3D cartoon animation leverages advanced Al models to
automate and refine the process of generating and predicting
facial expressions. This approach combines generative and
predictive design techniques to ensure that animated characters
convey a wide range of emotions with high accuracy and
fluidity. By integrating deep learning models such as GANS,
VAEs, CNNs, and RNNSs, the methodology aims to streamline
the animation process, improve expressiveness, and maintain
emotional consistency across frames. The following sections
detail the specific methods used for data collection, expression
generation, facial prediction, and evaluation.

A. Dataset Collection and Preparation

To build a robust foundation for training the Al models, we
utilize a combination of three distinct datasets: real-world,
synthetic, and specialized 3D cartoon datasets. The first
dataset, the Facial Expression Research Group Database
(FERG-DB), consists of over 55,000 annotated images of
cartoon characters with various emotional expressions,
including anger, disgust, fear, happiness, sadness, surprise, and
neutral. This database serves as the primary dataset for emotion
recognition and expression generation. Fig. 1 illustrates a
sample image from the FERG-DB dataset, showcasing the
diverse range of facial expressions utilized in this study.

Table | provides a summary of the key attributes of the
FERG-DB dataset, detailing its extensive collection of over
55,000 images across seven emotion classes, annotations for
facial landmarks, and emotion labels, making it highly suitable
for emotion classification and expression generation tasks.

Vol. 16, No. 1, 2025

Fig. 1. Sample image from the FERG-DB dataset.

TABLE I. SUMMARY OF KEY ATTRIBUTES OF THE FERG-DB DATASET
FOR EMOTION CLASSIFICATION
Attribute Details

Number of Images 55,000+ images

7 (Anger, Disgust, Fear, Happiness, Sadness, Surprise,

Number of Classes Neutral)

Format JPEG, PNG

Color Scheme RGB (Colored images)

Image Resolution Varies (Typically 256x256 pixels)

Annotations Facial landmarks, emotion labels (7 basic emotions)

Purpose Emotion classification and expression generation

FERG-DB (Facial Expression Research Group)

Source Database

The second dataset is synthetically generated using GANSs.
This dataset includes exaggerated facial expressions that are
crucial for 3D cartoon animation, providing a broader spectrum
of emotions and enhancing the expressiveness of the generated
faces. The GANSs enable the generation of high-quality, diverse
facial expressions with variations in intensity and emotional
range, suitable for both subtle and exaggerated expressions in
animation.

Fig. 2. Synthetic images dataset generated using GANSs.
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As depicted in Fig. 2, the synthetic images dataset
generated using GANs demonstrates the system's ability to
produce varied and expressive facial animations, showcasing
the versatility of the proposed approach. Table Il presents an
overview of the synthetic emotion dataset generated using
GANs, comprising over 10,000 images with annotations for
facial landmarks, emotion intensity, and exaggerated emotional
variations, supporting the creation of dynamic and expressive
animations.

TABLE Il OVERVIEW OF SYNTHETIC EMOTION DATASET GENERATED

VIA GANs

Vol. 16, No. 1, 2025

TABLE Ill.  KEY ATTRIBUTES OF A 3D MODEL-BASED FACIAL
EXPRESSION DATASET
Attribute Details

Number of Images

8,000+ 3D model images with facial expressions

Number of Classes

7 (Anger, Disgust, Fear, Happiness, Sadness, Surprise,
Neutral)

Format

OBJ, FBX (3D model formats), PNG (Texture maps)

Color Scheme

RGB (Textures)

Image Resolution

Varies (Typically 1024x1024 pixels for textures, 3D
model resolution varies)

Annotations

3D facial landmarks, rigging points, emotion intensity,
pose variations

Attribute

Details

Number of Images

10,000+ synthetic images (generated via GANSs)

3D facial rigging and animation, predictive facial

Purpose . :
expression modeling

Number of Classes

7 (Anger, Disgust, Fear, Happiness, Sadness, Surprise,
Neutral)

Custom dataset for 3D cartoon animation based on

Source manually curated 3D models

Format

PNG, TIFF, JPEG

Color Scheme

RGB (Colored images)

Image Resolution

Varies (Typically 512x512 pixels)

Annotations

Facial landmarks, emotion intensity, exaggerated

emotional variations

To provide exaggerated facial
dynamic, expressive animations

expressions  for
Purpose P

Generated using a GAN-based framework (Synthetic

Source data generation)

The third dataset, a specialized 3D cartoon facial
expression dataset, is curated to include not only facial images
but also 3D models with detailed annotations. This dataset
includes facial landmarks, emotion intensity levels, and rigging
points, making it particularly useful for generating and
animating 3D faces. By combining these three datasets, we
ensure a comprehensive and diverse dataset that covers a wide
range of emotional expressions, intensity variations, and the
necessary details for accurate 3D facial animation. Fig. 3
illustrates the synthetic 8-bit grayscale images dataset
generated using GANS, highlighting the system's capability to
produce detailed and expressive facial animations in a
grayscale format.

Fig. 3. Synthetic 8-hit grayscale images dataset generated using GANs.

Table 111 outlines the key attributes of the 3D model-based
facial expression dataset, featuring over 8,000 3D model
images annotated with facial landmarks, rigging points, and
emotion intensity, tailored for applications in 3D facial rigging
and predictive expression modeling.

B. Generative Facial Expression Design Using GANs and
VAEs
The core methodology for generating facial expressions in
this study involves GANs and VAEs, two state-of-the-art deep
learning techniques that allow us to generate expressive and
fluid facial expressions for 3D cartoon characters.

1) Generative Adversarial Networks (GANs): GANs are a
class of generative models that learn to create new data by
training two neural networks: the generator (G) and the
discriminator (D). These two networks are trained in a
competitive process, where the generator tries to create
realistic facial expressions, and the discriminator tries to
distinguish between real and generated expressions. The
generator’s goal is to fool the discriminator into thinking the
generated images are real, while the discriminator’s goal is to
correctly identify the fake images. The generator creates new
facial expressions, and the discriminator evaluates the quality
of the generated images to improve the generator's
performance. Fig. 4 illustrates the GAN architecture employed
for facial expression generation, where the generator produces
synthetic faces, and the discriminator evaluates them against
real faces to ensure realistic and expressive outputs.

[¢) — Sad

Fig. 4. GAN architecture for facial expression generation.
Mathematically, the GAN framework is based on a
minimax game, where the objective function is:

min max
¢ D EyepygaeollogD ()] + Ez_p,z[log(1

—D(G(2))]
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Where:
e x represent real images from the dataset.

e zis a random vector sampled from a prior distribution
(Gussian).

e ((z) is the generated facial expression image.

e D(x) is the probability that the discriminator correctly
classifies an image as real.

o P,.:o(x) isthe distribution of real images in the dataset.

The generator G is trained to minimize log(1 — D(G(2))),
encouraging it to produce increasingly realistic images, while
the discriminator D aims to maximize its ability to distinguish
between real and fake expressions. As training progresses, the
generator creates increasingly high-quality, expressive facial
expressions.

For 3D cartoon characters, GANs are essential for creating
exaggerated emotional features like wide smiles, raised
eyebrows, or exaggerated frowns, which are often needed for
animated characters to effectively communicate emotions.

2) Variational Autoencoders (VAES): VAES are generative
models that provide an efficient way to learn a smooth latent
space of facial expressions, allowing for continuous and
realistic transitions between different emotions. VAES use an
encoder-decoder architecture to learn the distribution of facial
expressions. lllustration of the latent space model used by the
VAE to interpolate between different facial expressions. The
VAE ensures smooth transitions and emotional consistency in
animated sequences.

Japoougy
3poo Juaje]
Decoder

|
\
N

High-dimensional
manifold of images

Low(er)-dimensional
latent space

High-dimensional
manifold of images

Fig. 5. VAE Latent Space for facial expression transitions.

Fig. 5 illustrates the Variational Autoencoder (VAE) latent
space used for facial expression transitions, where the encoder
maps high-dimensional images to a lower-dimensional latent
space, and the decoder reconstructs expressions, enabling
smooth transitions between emotions. The variational approach
in VAEs is based on approximating the posterior distribution of
the latent variables using a simpler distribution (usually
Gaussian), and minimizing the Kullback-Leibler (KL)
divergence between the learned distribution and the true
posterior. The VAE is trained by optimizing the following
objective function:

L(6,9:x) = —Eqyz1x) [logpe (x12)] + Dier [q0(2|) | P (2)]
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Where:
e x is the input facial expression image.

e zis the latent variable (the representation of the facial
expression).

e qy(z|x) is the approximate posterior distribution of the
latent variables.

e py(z|x) is the likelihood of reconstruction the facial
expression given the latent variable z.

o Dy, represents the kullback-leibler divergence, which
measure the difference between the learned distribution
and the prior p(2).

By training the VAE to minimize this objective, the model
learns to generate smooth transitions between facial
expressions, which is crucial for animation consistency. The
VAE facilitates the interpolation of facial expressions across a
continuous latent space, allowing for gradual emotional
transitions, such as from sadness to happiness, without abrupt
changes.

3) Combined Use of GANs and VAEs: In this approach,
we use GANSs to create exaggerated facial expressions that
capture the intensity of various emotions, while VAEs are
used to ensure smooth emotional transitions between different
expressions. The two models complement each other by
generating both extreme and subtle expressions, ensuring a
wide range of emotions that can be applied to 3D cartoon
characters. The training process involves two key steps:

Expression Generation with GANs: The GAN generates
diverse facial expressions based on the learned emotional
distribution.

Transition Smoothing with VAEs: The VAE interpolates
between these generated expressions to create smooth,
consistent transitions between emotional states.

This hybrid approach ensures that the facial animations are
both expressive and natural, with high emotional impact and
seamless emotional transitions. Table [V provides a
comparative analysis of GAN and VAE models for facial
expression generation, highlighting GANs' ability to create
diverse and exaggerated expressions while VAEs excel at
generating smooth and natural emotional transitions.

TABLE IV.  GAN AND VAE MODEL COMPARISONS FOR FACIAL
EXPRESSION GENERATION
Model Purpose Strengths Weaknesses
Capable of | May produce
Ger_1erate exgggeratgd creating diverse | unrealistic artifacts
GAN facial expressions with . <
and highly | or faces if not

high emotional impact

expressive faces

properly trained

Generate smooth
VAE transitions between
facial expressions

Ensures fluid and
natural emotional
changes between
expressions

Less flexibility in
generating highly
exaggerated
expressions

By leveraging both GANs and VAESs, we can generate and
predict facial expressions for 3D cartoon characters that are
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both expressive and emotionally coherent. The GANSs provide
a way to generate high-quality and exaggerated emotional
features, while the VAEs allow for smooth and consistent
transitions between different expressions. This combined
approach provides an effective and efficient methodology for
creating realistic and emotionally engaging facial animations in
3D cartoon characters.

C. Facial Expression Prediction and Dynamic Animation
with CNNs and RNNs
The predictive modeling and dynamic interpolation of
facial expressions in this study leverage CNNs and RNNs.
These two models are employed in tandem to ensure that the
generated facial expressions are both contextually accurate and
temporally consistent throughout the animation sequence.

1) CNNs for facial feature extraction: CNNs are used to
extract key features from facial expression images, such as
facial shape, texture, and landmark positions. By learning
spatial hierarchies of features, CNNs can capture fine-grained
details like the curvature of the lips, the positioning of the
eyes, and the shape of the eyebrows, all of which are crucial
for accurate facial expression representation. These features
are then used to predict the intensity and type of emotion
displayed on the character’s face. Fig. 3 Overviews the CNN
architecture used for facial expression feature extraction. The
CNN model captures the spatial characteristics of facial
expressions, including features such as the position of eyes,
lips, and eyebrows. Fig. 6 depicts the CNN architecture for
facial expression feature extraction, showcasing the training
and testing stages, where a pre-trained VGG-16 model is fine-
tuned on a facial expression dataset to predict emotion
probabilities accurately.

| Training Stage
b
H
i
i
i
|
|
Pre Iruml Emotion ||
Model with New Recognition ||
Dense Layer Model ||
v |
1 i
! i

ImageNet

Testing Stage

Output

E Disgusted H

‘ » Emotion \ B d‘ Probability
Recognition ”" of Each |

Model - Emotion |

Test Image Cropped Face

____________________________________________________________________

Fig. 6. CNN architecture for facial expression feature extraction.

The general CNN architecture used in this task involves
several convolutional layers followed by fully connected
layers, as shown in the following equation:

y=f(W=xx+b)
Where:
e 1y is the output feature map (facial feature).

e I is the kernel or filter used to convolve the input
image x.

e b isthe bias term.

Vol. 16, No. 1, 2025

e f isthe activation function (ReLU).

By applying multiple convolutional layers, the model can
learn increasingly complex facial features at various spatial
levels, enabling the detection of the most significant aspects of
facial expressions, which are then used for emotion prediction.

2) RNNs for temporal modeling: Once facial features have
been extracted using CNNs, RNNs are employed to handle the
temporal dynamics of facial expression sequences. RNNs are
well-suited for modeling time-series data, as they have the
ability to retain information from previous time steps through
hidden states. The RNN architecture models the temporal
transitions of facial expressions across frames. By
incorporating past facial features, the RNN ensures smooth
transitions and consistency in animated sequences. Fig. 7
illustrates the RNN architecture for temporal facial expression
prediction, combining CNN-based feature extraction with
sequence learning through LSTMSs to predict dynamic facial
expressions over time.

CNN-RNN
| Visual Features Sequence Leaming

E:TTIT& %[lﬂ'\lj’ >

Predictions

Frames Preprocessing ,,‘ | [vooe] —> “q{-\;; Ko
[ f W
| il | N .
7 Ik N\ nal
ﬂ‘! b'_‘ . g —> o | s
| S [ A \\ Convolution 3D Q
@ T e . N
Dataset e Ny -
3 Ja —
_ Frames l’nprnuwlng

f—————> SVM With Linear Kemal > &

BE—
Fig. 7. RNN architecture for temporal facial expression prediction.

Mathematically, an RNN works as follows:
hy = oc(Wyh,_1 + Wex, + b)

Where:

e h, is the hidden state at time step t.

e W, and W, are weights for the previous hidden state
hs_, and current input x,,respectively.

e ¢ isan activation function (tanh or ReLU).
e b isthe bias term.

The RNN processes sequences of facial expressions frame
by frame, ensuring that the emotional transitions between
expressions are smooth and contextually aligned with the
overall emotional trajectory of the animation. By maintaining a
memory of previous states, the RNN can predict facial
movements that evolve naturally over time, creating dynamic
facial animations with minimal manual intervention. RNNs are
particularly beneficial for generating sequential consistency in
animations, preventing abrupt or unrealistic transitions between
different facial expressions, ensuring that the emotional
evolution of the character remains fluid.

3) Combined CNN-RNN architecture: The combination of
CNNs and RNNs allows for the extraction of detailed spatial
features followed by temporal processing, ensuring both
accuracy and continuity in the generated facial expressions.
The CNN model captures the emotional intensity and facial
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shape, while the RNN handles the smooth progression of
expressions across frames, providing a real-time, context-
sensitive animation pipeline. This integration is essential for
producing dynamic and expressive 3D cartoon characters that
exhibit emotional depth and consistency.

Vol. 16, No. 1, 2025

TABLE VI.  THE COMMON ALGORITHMS AND THEIR KEY FEATURES
Algorithm Key Features Applications
- Real-time facial landmark | Live animation,
MediaPipe . .
detection augmented reality
Pre-trained models for _ .
OpenCV DLIB facial landmarking Static image processing
Al-powered deep learning | Complex facial rigging
DeepFace for 3D face modeling systems

TABLE V. CNN AND RNN MoDEL COMPARISON FOR FACIAL
EXPRESSION PREDICTION
Model Purpose Strengths Weaknesses
Excellent at Mav not canture
Extract spatial | capturing fine- temy oral P

CNN features from | grained facial por:
- - dynamics across

facial expressions | features (shape, frames

texture, landmarks)

Model the | Maintains temporal | Struggles with
temporal  aspect | consistency, long-term
RNN of facial | ensuring smooth | dependencies
expression transitions between | and gradient
sequences emotions vanishing issues
. Pre_dlct dyna_mlc Ensures both More .
Combined | facial expressions expressive acclrac computationally
CNN-RNN | with both spatial ang smoot)I: intensive  than
Model and temporal emotional transitions standalone
accuracy models

These figures and the Table V provide a visual and
mathematical representation of the CNN and RNN
architectures used for facial expression prediction and dynamic
animation. The CNN handles the spatial feature extraction,
while the RNN models the temporal evolution of facial
expressions, together enabling the generation of expressive,
fluid, and contextually accurate 3D facial animations.

D. Facial Landmark Detection and Rigging for 3D Animation

Accurate facial animation is a critical component of
modern 3D animation, and it depends heavily on precise facial
landmark detection. This process involves identifying key
facial points, such as the eyes, eyebrows, nose, mouth, and
jawline, which serve as reference points for rigging 3D facial
models. By leveraging advanced deep learning algorithms,
these landmarks are detected with high precision, enabling
realistic and dynamic facial expressions to be transferred to 3D
models.

1) Facial landmark detection: Facial landmark detection
is performed using deep learning models, such as CNNs or
RNNs. These models are trained on large datasets of annotated
facial images to accurately detect key facial features. The
detection process consists of the several steps: The face region
is identified in the input image using algorithms like YOLO,
Haar cascades, or DLIB face detectors. Specific points on the
face, such as the corners of the eyes or the edges of the mouth,
are detected. Models like MediaPipe or OpenCV’s landmark
detection toolkits are commonly used for this step. Noise and
inaccuracies in landmark positioning are reduced using
smoothing techniques or geometric constraints to ensure
realistic placement. Table VI summarizes commonly used
algorithms and their key features, showcasing their
applications in tasks such as real-time landmark detection,
static image processing, and complex 3D face modeling.

2) Rigging the 3D facial model: Once facial landmarks are
detected, the next step is rigging, which involves mapping
these points onto a 3D facial mesh to enable the controlled
movement of facial features. The rigging process consists of
the following stages:

3) Landmark mapping: Detected landmarks are assigned
to corresponding vertices on the 3D model. Eye landmarks
control the eyelid movement. Mouth landmarks drive
expressions like smiles or frowns. A skeletal rig is created
beneath the 3D model, where "bones" are connected to facial
vertices. Skin weighting determines how much influence each
bone has on the surrounding vertices, allowing for smooth and
natural deformations.

Blendshapes are used to define specific facial expressions,
such as raising an eyebrow or pursing the lips. These are
interpolated to combine multiple expressions seamlessly.
Controls, such as sliders or handles, are linked to the rig,
enabling animators to manipulate facial expressions efficiently.

The integration of Al significantly reduces the manual
effort involved in rigging. Al models predict and generate
rigging parameters, such as skin weights and blendshape
configurations, based on detected facial landmarks. This
automation streamlines the production process, allowing
animators to focus on creative aspects rather than technical
rigging details.

The combination of facial landmark detection and Al-
assisted rigging represents a significant advancement in 3D
animation technology. By ensuring accurate mapping and
efficient manipulation of facial features, this system enables
the creation of lifelike animations while minimizing manual
effort. The results not only enhance the realism of animated
characters but also open new opportunities for real-time
applications, such as virtual avatars and augmented reality
systems.

IV. EXPERIMENTAL RESULT

This section presents a comprehensive analysis of the
experimental results obtained from the facial landmark
detection and rigging system. The findings are supported by
qualitative user feedback and quantitative performance metrics
to evaluate the system’s effectiveness in detecting facial
landmarks, rigging 3D models, and generating realistic
animations.

A. Pilot Testing Results

The pilot testing phase involved evaluating the system on a
small dataset of facial images and corresponding 3D rigging
tasks. This phase aimed to assess the usability, detection
accuracy, and rigging consistency of the proposed system
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while gathering feedback for potential improvements. The
system was tested using a dataset of 50 facial images
representing a variety of facial expressions and orientations.
Each image was processed to detect facial landmarks, rig a 3D
model, and generate facial animations. Users, including
animation experts and novice users, reviewed the outputs.

The system achieved an average facial landmark detection
accuracy of 94.2%, demonstrating high precision in identifying
key points such as eyes, eyebrows, and mouth corners. 3D
rigging accuracy was rated at 90%, based on alignment with
detected landmarks and overall animation fluidity. Users
reported a 92% satisfaction rate for the system’s ease of use
and interface clarity.

Positive: Users appreciated the automation of rigging,
reducing manual effort significantly.

Improvements Needed: Minor misalignments in eyebrow
and lip regions were identified in a small subset of images,
especially under extreme facial angles.

Table VII summarizes the results of the pilot testing phase,
demonstrating high landmark detection accuracy (94.2%) and
rigging accuracy (90%), alongside a 92% user satisfaction rate,
with minor issues identified in extreme facial angles.

Vol. 16, No. 1, 2025

B. Accuracy Evaluation of Facial Landmark Detection

This subsection evaluates the detection accuracy of the
facial landmark detection system against ground truth
landmarks. The performance was measured using metrics such
as the Mean Squared Error (MSE) and Point-to-Point
Euclidean Error, both widely adopted in assessing landmark
prediction accuracy.

1) Evaluation process: The system was tested on a dataset
of 500 annotated images containing ground truth landmarks
for various facial expressions and angles. Key metrics were
calculated to quantify how closely the detected landmarks
aligned with the ground truth.

a) Mean Squared Error (MSE): The average squared
distance between detected and ground truth landmarks was
computed. The system achieved an average MSE of 0.015,
indicating minimal deviations.

b) Point-to-point Euclidean error: The mean Euclidean
distance between corresponding detected and ground truth
landmarks across the test set was 2.3 pixels.

TABLE VIIl. LANDMARK DETECTION PERFORMANCE BY REGION

Facial Detection Mean Euclidean

TABLE VII. PILOT TESTING RESULTS SUMMARY
Metric Value Comments
Landmark Detection High precision across
94.2% 4 .
Accuracy varied expressions
Rigging Accuracy 90% Minor issues  with

extreme angles

Positive feedback on

User Satisfaction Rate | 92% -
usability

Region Accuracy (%) Error (pixels) Comments
High precision across
Eyes 97.5 18 angles
Minor  deviations in
Eyebrows | 95.8 2.1 extreme poses
Mouth 96.3 2.0 Consistent accuracy
Nose 94.7 33 _Sllghtly Iov_ver accuracy
in angled views

Occasional
adjustments needed

Eyebrow & Lip

Common Issues -
Misalignment

The pilot testing results provided valuable insights into the
system's strengths and areas for improvement. Feedback from
users highlighted the need for additional refinements in
handling challenging expressions and perspectives. Fig. 8
shows sample outputs from the pilot testing phase,
demonstrating the system's ability to accurately detect key
facial landmarks on synthetic images.

Fig. 8. Sample outputs from pilot testing.

Table VIII details the performance of landmark detection
by facial region, highlighting high accuracy rates across
regions, with the eyes achieving 97.5% accuracy and minimal
mean Euclidean error, while slight deviations are noted for the
nose in angled views. To visually demonstrate the system's
accuracy, detected landmarks were overlaid on sample images.
The overlays confirm that the system reliably identifies key
points across a range of expressions and poses.

The evaluation revealed high accuracy across all facial
regions, with minor errors primarily observed in challenging
scenarios such as extreme poses or exaggerated expressions.
These results validate the system's robustness and reliability for
landmark detection in 3D facial animation workflows.

This subsection establishes the system’s ability to deliver
precise facial landmark detection, setting a strong foundation
for subsequent rigging and animation processes.

C. Rigging and Animation Evaluation

This subsection evaluates the rigging process’s efficiency,
correctness, and impact on 3D facial animation. It focuses on
the quality of Al-assisted rigging, its ability to accurately map
detected facial landmarks to 3D models, and the time savings
compared to manual rigging.

1) Analysis of rigging efficiency: The efficiency of the
rigging process was assessed by measuring the time required
to create fully rigged 3D models using Al-assisted rigging
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versus manual rigging. Results demonstrate that Al-assisted
rigging significantly reduces the time and effort required.
Table IX presents a time comparison of rigging methods,
demonstrating that Al-assisted rigging significantly reduces
the average time per model to 12 minutes while maintaining a
comparable quality score of 8.8, compared to 45 minutes for
manual rigging.

TABLE IX.  TIME COMPARISON OF RIGGING METHODS
Rigging Average Time per Quality Score
Method Model (minutes) (1-10) Comments
Manual Labor-intensive
Rigging 45 85 but detailed
. Faster,
éiI-Aisnswted 12 8.8 comparable
gging quality

Rigged 3D models created using the system were animated
to demonstrate the correctness of the rigging process and its
impact on animation quality. Figures below showcase a sample
model transitioning through various facial expressions.

Animations created from these models were evaluated for:

1) Accuracy of expression mapping: The rigging system
correctly mapped facial landmarks to their corresponding
rigged elements, ensuring that expressions like smiles and
frowns appeared natural.

2) Smoothness of animation: Transitions between
expressions were fluid, with no noticeable artifacts or delays.

The rigging quality between manual and Al-assisted
methods was evaluated through expert reviews, where
professionals rated aspects such as rigging precision, animation
smoothness, and overall realism. Table X compares the rigging
quality of manual and Al-assisted methods, showing
comparable rigging precision, improved animation smoothness
(9.1), and slightly enhanced overall realism (8.7) in Al-assisted
rigs.

Vol. 16, No. 1, 2025

The assessment focuses on emotion classification accuracy, the
clarity of emotional expressions, and the consistency of
expressions across animation sequences.

1) Accuracy of emotional expression portrayal: The
rigged animations were tested to determine how well they
conveyed predefined emotional labels, such as happiness,
sadness, anger, and surprise. A dataset of animated sequences
was presented to human reviewers, who were tasked with
identifying the expressed emotions. Their responses were
compared to the intended labels. Table XI illustrates the
accuracy of emotional expression portrayal, with the system
achieving high recognition rates, including 96% for happiness,
94% for sadness, 90% for anger, and 92% for surprise.

TABLE XI.  ACCURACY OF EMOTIONAL EXPRESSION PORTRAYAL
EMOtion | gpreions | idenified | ACCUay (9
Happiness 50 48 96%
Sadness 50 47 94%
Anger 50 45 90%
Surprise 50 46 92%

TABLE X. RIGGING QUALITY COMPARISON
Manual Al-Assisted

Aspect Rigging Score Rigging Score Comments

Rigging Comparable across
- 9.0 8.9

Precision methods

N Al showed
Animation
Smoothness 88 91 smoo_ther

transitions

Overall Slightly better in
Realism 85 8.7 Al rigs

The analysis reveals that Al-assisted rigging provides a
viable alternative to manual rigging, delivering similar or better
results in significantly less time. The rigging process
consistently mapped facial landmarks to 3D models with high
accuracy, enabling the creation of realistic animations with
fluid transitions. These findings validate the effectiveness of
integrating Al in 3D animation workflows.

D. Emotion Recognition Consistency

This subsection evaluates the ability of the rigged
animations to portray predefined emotional labels accurately.

2) Confusion matrix for emotion classification: A
confusion matrix was used to analyze misclassification trends
in emotion recognition. Confusion matrix showing correct and
incorrect classifications of emotional expressions in animated
sequences. Fig. 9 presents the confusion matrix for emotion
classification, highlighting the system's performance in
correctly identifying various emotions with minimal
misclassifications across categories.

Confusion Matrix for Emotion Classification
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Fig. 9. Confusion matrix for emotion classification.
Observations:

e Minimal confusion between happiness and surprise.

o Slight overlap in classifications of anger and sadness,
likely due to subtle variations in facial expressions.
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To ensure that the animations maintain fluid and consistent
expressions, transitions between different emotions were
analyzed. Metrics included:

Frame Continuity: Analyzing adjacent frames for smooth
interpolation.

Expression Duration: Measuring whether expressions were
sustained appropriately.

Table XII presents the expression continuity metrics,
highlighting the system's ability to achieve smooth transitions
with an average score of 9.2 and adequately sustained
expressions with a score of 8.8, ensuring emotional clarity.

Vol. 16, No. 1, 2025

recorded under various input conditions, such as varying image
resolutions and complexity of animations. Table XIII provides
an analysis of computational efficiency, showing that the
system maintains reasonable processing times, with a total time
of 80 ms for low-resolution inputs (128x128) and 600 ms for
very high-resolution inputs (1024x1024), making it suitable for
real-time applications.

TABLE XIIl. COMPUTATIONAL EFFICIENCY ANALYSIS

TABLE XII. EXPRESSION CONTINUITY METRICS
Metric Average Score (1-10) Comments
Transition 9.2 Minimal abrupt changes
Smoothness ' between frames

Adequate duration for

Sustained Expressions | 8.8 . .
emotional clarity

Input Size /_ De%:(?[?on;%ll:%e Rigging Total_ Processing
Image Resolution (ms) Time (ms) Time (ms)
oy [ L
e e | o L
Resohton) | 129 150 280
ﬂéﬁ’ggg (Very | os9 350 600

Fig. 10. Animated expressions created using proposed GAN.

These results emphasize the system’s ability to create fluid
and accurate emotional expressions, enhancing its utility for
3D animation applications. Fig. 10 showcases animated facial
expressions generated using the proposed GAN, demonstrating
its ability to create dynamic and realistic emotions with
detailed rigging and smooth transitions.

E. System Performance Metrics

This subsection focuses on evaluating the computational
efficiency, response time, and scalability of the facial landmark
detection and rigging system. These metrics are crucial for
understanding the system’s performance under various input
conditions and its potential for real-world deployment in
animation and other applications.

Computational efficiency is a key aspect of the system, as it
directly impacts the speed and feasibility of real-time
applications. To measure efficiency, the system’s processing
time for detecting facial landmarks and rigging 3D models was

As the input image resolution increases, the computational
time also increases, highlighting the trade-off between image
qualities and processing speed. However, the system remains
efficient, with the highest-resolution inputs processed in under
1 second, making it viable for real-time applications.

1) Response time: The response time measures the interval
between receiving an input (e.g., an image or animation
sequence) and delivering the output (e.g., rigged 3D model or
emotional expression). To assess the response time, we tested
the system with varying numbers of images and animation
frames. Fig. 8 is illustrating the system's response time in
milliseconds for different input sizes, with faster processing
times observed at lower resolutions. Fig. 11 illustrates the
response time of the system for different input sizes,
demonstrating a linear increase in processing time with higher
input resolutions while maintaining efficient performance for
real-time applications.

Response Time for Different Input Sizes
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Fig. 11. Response time for different input sizes.

The graph demonstrates that the system can maintain
response times under 200 ms for lower-resolution inputs,
making it suitable for interactive applications such as live
animation.
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Scalability is crucial for ensuring the system can handle
increasing workloads, such as multiple simultaneous users or
higher-resolution inputs, without performance degradation. We
evaluated the system’s ability to scale by testing it under
varying levels of input complexity. Table XIV illustrates the
system's scalability under wvarying input complexities,
demonstrating its ability to handle up to 20 simultaneous users
with a total processing time of 270 ms, maintaining efficiency
and responsiveness.

TABLE XIV. SYSTEM SCALABILITY UNDER VARYING INPUT COMPLEXITY

Number of Average Landmark Average Total Time
Simultaneous Detection Time Rigging (ms)
Users (ms) Time (ms)
1 60 90 150
5 70 95 165
10 90 120 210
20 120 150 270

System Scalability Under Varying Input Complexity

200

(ms)

ime

150

pe

100

1 5 10 20
Number of Simultaneous Users

Fig. 12. Proposed model scalability under various complexity scenarios.

Fig. 12 demonstrates the scalability of the proposed model
under varying complexity scenarios, showcasing its ability to
maintain efficient performance even with increased input
complexity and multiple concurrent users. The system
demonstrates good scalability, with minimal increase in
processing time even as the number of simultaneous users
grows. However, as expected, performance decreases when
handling more complex inputs and larger numbers of
concurrent users.

TABLE XV. COMPARISON OF PROPOSED RESULTS WITH STATE-OF-THE-
ART METHODS
Aspect SOTA ) Proposed Stl_de
Accuracy/Metric (%) Accuracy/Metric (%)
Emotion Happiness: 90, . . .
Recognition Sadness: 88, Anger: 9H : pgh”;gﬁ‘gogzursgggegsz'
Accuracy [3] 85, Surprise: 89 ' U )
Landmark
Detection 915 94.2
Accuracy [18]
Rigging
Efficiency ~20 minutes %forgle%gf)x 128), 350ms
(Time) [24]
Animation
Smoothness 85 9.2
(Score) [22]
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The comparison Table XV highlights the advancements
achieved by the proposed study over state-of-the-art (SOTA)
methods. The proposed system demonstrates superior emotion
recognition accuracy across all tested emotions, with
improvements of up to 6%. Landmark detection accuracy is
enhanced, achieving 94.2% compared to the SOTA accuracy of
91.5%. Additionally, Al-assisted rigging significantly reduces
processing time from ~20 minutes to milliseconds, enabling
real-time usability, while animation smoothness is improved,
scoring 9.2 compared to 8.5 in prior works. These results
validate the system’s effectiveness in addressing critical
challenges in animation workflows.

The system has proven to be computationally efficient,
with reasonable response times and the ability to scale
effectively for larger inputs or simultaneous users. Its
performance is adequate for real-time applications and can be
further optimized for more demanding environments. These
findings suggest that the system is capable of operating in
production-level settings, even with high-resolution images and
complex animations. The findings of this study demonstrate
significant progress in achieving the research objectives and
addressing key challenges in 3D animation workflows.

The integration of state-of-the-art Al models, including
GANSs and VAEs, successfully generates highly expressive and
exaggerated facial expressions for 3D cartoon characters. This
contribution enhances creative possibilities, meeting the
objective of pushing the boundaries of animation realism and
emotional engagement. By combining the Facial Expression
Research Group Database (FERG) with synthetic Al-generated
data, the study achieves a broader and more versatile dataset.
This approach ensures coverage of a wide range of facial
expressions and emotional intensities, addressing the challenge
of dataset limitations in traditional methods. The use of CNNs
and RNNs to predict and interpolate facial expressions based
on pose, texture, and landmarks ensures smoother transitions
and consistent realism in animations. This aligns with the
objective of achieving high-quality, naturalistic animations that
improve user engagement and emotional connection.

V. CONCLUSION

This study presents a robust facial landmark detection and
rigging system that employs advanced deep learning
techniques to automate and streamline the process of facial
animation. By accurately detecting key facial landmarks and
leveraging Al-assisted rigging, the system generates realistic
3D facial models with dynamic expressions, significantly
reducing manual effort and enhancing production efficiency.
The results from pilot testing, accuracy evaluations, and
emotion recognition assessments underscore the system’s
effectiveness and its potential for real-world applications in
animation, gaming, and virtual reality. Furthermore, the
evaluation of performance metrics, including computational
efficiency, response time, and scalability, demonstrates the
system’s capability to handle varying input sizes and
complexities. The system maintains consistent performance
even under high-resolution inputs and multiple-user scenarios,
making it highly suitable for real-time interactive applications.
These findings highlight the practicality, reliability, and
accuracy of the proposed system for diverse use cases.
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Additionally, the Al-assisted rigging process provides
significant advantages over manual methods in terms of time
savings and quality, enabling more efficient production
workflows. The system's ability to produce high-quality and
consistent emotional expressions with minimal computational
overhead establishes a strong foundation for further
advancements in facial animation technologies. Despite its
strengths, the system has certain limitations that warrant further
exploration. Future work could focus on improving accuracy
under extreme facial angles and challenging expressions, as
well as enhancing the robustness of the system for handling
diverse datasets. Expanding the system’s capabilities to include
more nuanced facial movements and integrating it with other
Al-driven animation tools could further enhance its
applicability. Addressing these areas will contribute to the
development of even more advanced and versatile facial
animation systems.
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