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Abstract

Micro-expressions, characterized by brief and subtle facial muscle movements, are essential for con-
veying nuanced emotions in digital humans, yet existing rendering techniques often produce rigid
or emotionally monotonous animations due to inadequate modeling of temporal dynamics and ac-
tion unit interdependencies. This paper proposes a graph-driven framework for micro-expression
rendering that generates emotionally diverse and lifelike expressions. We employ a 3D-ResNet-18
backbone for joint spatiotemporal feature extraction from facial video sequences, enhancing sensitivity
to transient motion cues. Action units are modeled as nodes in an asymmetric graph, with edge
weights derived from empirical co-occurrence probabilities, and processed through a graph convo-
lutional network to capture structural dependencies and asymmetric interactions. Predicted action
unit activations are interpolated into continuous motion curves using B-spline functions, modulated
by emotion-specific intensity parameters, and mapped to skeletal controls in a real-time animation
pipeline (Unreal Engine). Experiments on the CASME II dataset demonstrate superior performance,
achieving an F1-score of 0.623 and accuracy of 64.1%, outperforming baselines in temporal segmenta-
tion and expression diversity. Subjective evaluations confirm enhanced perceptual clarity, naturalness,
and authenticity in rendered digital humans. This approach bridges micro-expression recognition and
high-fidelity facial animation, enabling more expressive virtual interactions.

Keywords: micro-expressions; Facial Action Coding System (FACS); Graph Convolutional Network
(GCN); action units; spatiotemporal feature extraction; digital humans

1. Introduction
The increasing use of virtual humans in education, healthcare, cultural communication, and

immersive interaction has established emotional expressiveness as a key metric for assessing interaction
quality and user experience. Beyond basic expression mapping and emotion classification, real-world
applications require virtual agents to convey emotions with greater granularity, diversity, and dynamic
intensity—fostering trust, empathy, and emotional resonance [1,2].

Micro-expressions, brief (1/25 to 1/5 second) involuntary facial muscle movements, are critical
nonverbal cues for identifying concealed or suppressed emotions [3]. Their transient and involuntary
nature makes them highly effective in revealing subtle emotional states. Recent studies have shown
that such fine-grained signals are essential for affective evaluation in multimodal systems—including
EEG, eye-tracking, and virtual reality [4,5] —highlighting their value in enhancing the perceptual
realism of emotionally responsive virtual agents.
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However, most existing virtual human systems rely on macro-expression-driven skeletal templates
[3], which are insufficient for capturing nuanced facial dynamics or rapid emotional transitions. These
limitations result in coarse expression granularity, reduced variation, and restricted emotional range,
impairing the system’s ability to render subtle affective changes—especially in high-fidelity interaction
scenarios.

In the domain of micro-expression research, recognition and generation are typically addressed as
separate tasks, lacking an integrated pipeline that connects video-based emotion perception, structural
modeling, and animation synthesis. Moreover, few methods account for the structured dependencies
among Action Units (AUs, standardized descriptors of facial muscle movements) or incorporate
continuous emotion intensity modulation. This fragmented architecture reduces the responsiveness,
realism, and expressive depth of virtual humans in dynamic, context-aware settings.

To bridge this gap, we propose a unified micro-expression modeling and 3D animation framework
that enables end-to-end synthesis of expressive facial behavior. The system comprises three main
components:

• Spatiotemporal Feature Extraction: A 3D-ResNet-18 network—a convolutional architecture de-
signed for capturing spatiotemporal patterns—is employed to extract motion-aware features from
video sequences and identify the onset, apex, and offset frames of micro-expressions.

• Structural Dependency Modeling: A Graph Convolutional Network (GCN) is constructed using a
directed and asymmetric adjacency matrix derived from AU co-occurrence probabilities, enabling
the model to capture interdependent facial activations.

• 3D Animation Synthesis: Recognized expression sequences are converted into continuous anima-
tion control curves, driving the facial rig in Unreal Engine, a widely used real-time 3D rendering
engine, to generate fine-grained, high-fidelity facial animations.

To validate the framework, we conducted a perceptual study evaluating the synthesized facial
expressions across three dimensions: clarity, naturalness, and authenticity. Results demonstrate
that our system significantly improves emotional recognizability and visual realism, particularly in
distinguishing similar negative emotions such as fear and disgust.

In summary, this work presents an integrated framework that combines micro-expression recog-
nition, AU-based structural modeling, and high-resolution animation synthesis. By addressing both
temporal localization and structural dependencies, the system advances controllable, emotionally dif-
ferentiated, and perceptually realistic facial animation for virtual humans, offering a scalable solution
for affective computing and immersive human–machine interaction.

2. Related Work
2.1. Trends in Micro-Expression Recognition

Micro-expressions—brief facial movements lasting less than 0.5 seconds [6] with low inten-
sity—remain a major challenge in visual behavior analysis.Early research relied on handcrafted
descriptors such as Local Binary Patterns on Three Orthogonal Planes (LBP-TOP) [7], Histogram of
Oriented Optical Flow (HOOF) [8], and traditional optical flow methods. While these techniques [9,10]
yielded reasonable performance in controlled settings (e.g., Zhao et al. on the CASME II dataset [11]),
they exhibit limited robustness to illumination variation, head motion, and dynamic interactions
among facial Action Units (AUs), restricting their applicability in real-world scenarios.

With the emergence of deep learning, micro-expression recognition has made significant strides.
Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) models [12,13] improved
the modeling of temporal dependencies between facial regions, facilitating the learning of dynamic AU
relationships. Recently, Graph Convolutional Networks (GCNs) [14] have been employed to model
AU co-activation patterns by constructing AU-centric graph structures. Zhao et al. [15] and Lo et
al [16] . demonstrated the potential of GCNs for this task, though their integration into full recognition
pipelines remains limited.
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End-to-end convolutional approaches have also been explored. Wang et al. [17] utilized a combi-
nation of 2D-CNN and 1D-CNN to extract spatial and temporal features, refining temporal localization;
Zhang et al [18]. enhanced temporal proposal accuracy; Yap et al. [19] adopted 3D-CNNs for joint
spatiotemporal modeling; and Leng et al. [20] introduced Boundary-Sensitive Networks (BSNs) to
accommodate blended macro- and micro-expressions. Nevertheless, most existing methods still focus
on basic emotion categories and fail to adequately model complex emotional states, subtle facial
variations, and inter-individual differences.

Traditional animation pipelines typically rely on static blendshape interpolation, which cannot
capture the nuanced dynamics of AU interactions or represent the diversity of human emotional
expressions. Moreover, emerging generative architectures, such as Transformer-based models and
diffusion networks, have not yet been systematically applied to micro-expression modeling.

To bridge this gap, we propose a unified framework that integrates micro-expression recognition
and synthesis using AU-guided graph modeling. Specifically, we construct directed graphs based on
AU co-occurrence probabilities to represent AU dependencies, and combine GCN-based structural
inference with temporal feature encoding. This enables the generation of diverse and temporally
aligned emotional trajectories. The proposed approach addresses the limitations of prior work in
capturing fine-grained emotional dynamics and provides a robust pathway for high-realism and
expressive facial animation in virtual humans.

2.2. AU Detection

Action Units (AUs), the fundamental components of the Facial Action Coding System (FACS) [21],
represent subtle facial muscle movements and offer a physiologically grounded approach to describing
fine-grained expressions. Compared to the direct classification of discrete emotion categories, AU-
based detection captures specific muscle activations, thereby improving interpretability and reducing
annotation bias. This provides a structured foundation for micro-expression recognition and affective
modeling.

Early AU detection methods focused on static appearance features such as facial textures and
keypoints. However, these approaches are limited in capturing the temporal dynamics and nonlinear
co-activation patterns among multiple AUs, especially in micro-expressions, which are brief and
involve complex muscular interactions. Deep learning techniques have significantly advanced AU
detection. Models based on Convolutional Neural Networks (CNNs), Long Short-Term Memory
(LSTM) networks, and Graph Convolutional Networks (GCNs) have demonstrated strong capabilities
in learning subtle muscle dynamics. For example, Liu et al. [14] modeled AU co-activation relationships
using GCNs, enhancing both detection robustness and cross-dataset generalization.

Despite these developments, three key challenges persist. First, the lack of large-scale, high-quality
AU-labeled datasets limits generalizability. Second, most existing methods treat AU relationships as
static, ignoring the time-varying and asymmetric interactions that characterize spontaneous micro-
expressions. Third, current approaches typically do not establish a structured mapping from AU
detection to animation control, making it difficult to synthesize emotionally diverse and expressive
behaviors.

2.3. Micro-Expression Modeling in Virtual Humans

Micro-expression modeling aims to transform recognized subtle facial signals into a stream
of animation control parameters. The core challenges lie in ensuring temporal accuracy, dynamic
naturalness, and controllability within 3D animation pipelines.

Several representative systems—such as SARA [22], ARIA [23], and Coface [24]—have explored
expressiveness and interactivity to some extent. However, they suffer from limited control over
fine-grained facial details. For instance, SARA [22] utilizes the Behavior Markup Language (BML) to
control facial states and supports the synthesis of basic emotions. Nevertheless, it lacks granularity
in modeling subtle muscular transitions and exhibits rigidity in facial expression transitions. The
ARIA [23] platform adopts a modular design that separates input processing, agent generation, and
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animation output. Despite this structured architecture, its output still heavily depends on predefined
motion templates, making it difficult to accurately reproduce realistic micro-facial dynamics.

Moreover, while recent advances in animation generation have benefited from large-scale algo-
rithmic models, the physical realism of micro-expression modeling remains an underexplored area,
requiring further investigation.

2.4. Comparative Analysis and Methodological Innovations

Despite notable progress in micro-expression recognition, most existing methods focus on either
temporal localization or emotion classification, without offering a unified mechanism to directly
integrate with virtual human facial animation systems. Moreover, current animation pipelines typically
rely on static expression templates or pre-defined blendshapes, which are inadequate for modeling the
dynamic interplay and nuanced transitions among facial action units (AUs), often resulting in rigid
and emotionally unconvincing expressions.

2.4.1. Methodological Innovations

To address these limitations, this study proposes a unified, closed-loop framework that links
micro-expression recognition, temporal segmentation, and facial animation control into an end-to-end
process. This end-to-end system facilitates the seamless integration of AU-based emotion recognition,
temporal segmentation, and 3D facial animation synthesis. The proposed framework introduces three
core innovations:

• Graph-Based Modeling of Action Units: Each AU is represented as a node in an asymmetric
adjacency matrix, enabling the model to capture the inherent structural dependencies among
facial muscles. A Graph Convolutional Network (GCN) built upon AU co-occurrence statistics is
employed to strengthen the structural sensitivity and generalization capability of the recognition
process.

• Joint Spatiotemporal Feature Extraction: To simultaneously capture spatial configurations and
temporal dynamics, a 3D-ResNet-18 backbone is adopted. To enhance the modeling of subtle
temporal variations, the backbone is further integrated with an Enhanced Long-term Recurrent
Convolutional Network (ELRCN), thereby improving the sensitivity to transient and low-intensity
motion cues, which are critical for micro-expression analysis.

• Emotion-Driven Animation Mapping Mechanism: The extracted AU activation patterns are
mapped into parameterized facial muscle trajectories via continuous motion curves, which in turn
drive the expression synthesis module of the virtual human. This mapping strategy enables the
generation of contextually appropriate and emotionally expressive facial animations, exceeding
the expressive capacity of traditional template-based methods.

In summary, this work marks a significant step forward in bridging micro-expression recognition
and high-fidelity animation synthesis, paving the way for emotionally responsive and behaviorally
coherent virtual human systems. It not only enhances recognition accuracy and temporal precision but
also establishes a controllable, closed-loop animation generation paradigm grounded in fine-grained
AU dynamics.

2.4.2. Architectural Innovations

In recent years, many studies have employed CNNs to extract spatial features from individual
frames, while incorporating Long Short-Term Memory (LSTM) or Recurrent Neural Network (RNN)
structures to model temporal dependencies across frames [25], thereby capturing the dynamic evolu-
tion of facial movements. Others have adopted feature aggregation and encoding strategies such as
bilinear models, VLAD, and Fisher encoding [23,26]. These networks commonly use three-dimensional
convolutional and pooling kernels, extending conventional 2D spatial operations into the temporal
dimension t, to directly model spatiotemporal features in video sequences.
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For example, in optical flow-based CNNs, the temporal kernel size d is often set to 10. Tran et
al. [27] explored 3D CNNs with kernel sizes of 3 × 3 × 3 and extended the ResNet architecture using
3D convolutions. Feichtenhofer et al. [28] further proposed a 3D spatiotemporal pooling strategy.
Sun et al. [29] decomposed 3D convolutions into 2D spatial and 1D temporal convolutions to reduce
computational complexity while preserving modeling capacity. Carreira et al. [30] proposed inflating a
pre-trained 2D Inception-V1 architecture into 3D by extending all filters and pooling kernels along the
temporal dimension d.

However, in practical applications, the varying number of frames across video sequences poses
challenges for direct temporal modeling. To address alignment issues, time normalization techniques
are often employed to produce fixed-length sequences. Pfister et al. [31] introduced a popular nor-
malization algorithm—Temporal Interpolation Model (TIM)—which maps video frames along a
time-constrained manifold. At the feature level, frame-wise features are aggregated to form a unified
representation.

Inspired by these studies, our proposed system adopts a two-stage architecture for micro-
expression analysis:

• Spatiotemporal Feature Extraction: Given that micro-expressions (MEs) are brief (<0.5s) and
subtle in amplitude, we utilize a lightweight yet effective backbone—3D-ResNet-18—for end-to-
end modeling of video segments. The 3D Convolutional Neural Network (3D-CNN) slides jointly
across spatial (x, y) and temporal (t) dimensions, enabling the network to perceive fine-grained
motion variations between consecutive frames. This makes it particularly suitable for temporally
sensitive and low-amplitude signals such as MEs [27]. Additionally, the Enhanced Long-term
Recurrent Convolutional Network (ELRCN) [32] incorporates two learning modules to strengthen
both spatial and temporal representations.

• AU Relationship Modeling: AUs, as defined in the Facial Action Coding System (FACS), are
physiologically interpretable units that encode facial muscle movements and exhibit cross-subject
consistency. Therefore, they are widely used in micro-expression analysis and synthesis. Liu et
al. [33] manually defined 13 facial regions and used 3D filters to perform convolution over feature
maps for AU localization. Inspired by this approach, we introduce a GCN to model co-occurrence
relationships between AUs. Each AU is represented as a node in a graph, and the edge weights
are defined based on empirical co-occurrence probabilities.

3. Framework and Methods
3.1. Overall System Architecture

The proposed framework introduces a closed-loop pipeline for micro-expression localization and
animation synthesis in virtual humans, overcoming the limitations of conventional coarse-grained
templates that neglect subtle dynamics and fail to integrate with 3D rendering engines.

As illustrated in Figure 1, a 3D-ResNet-18 backbone extracts spatiotemporal features from input
sequences. These features drive dual regression branches to predict normalized onset and offset times-
tamps in [0, 1], optimized by MSE loss with a temporal order constraint for consistency. Meanwhile,
AU features construct an asymmetric co-occurrence graph, processed via an AU-GCN-CUR module to
capture inter-AU dependencies and produce structure-aware representations. End-to-end training
combines losses for localization and AU embedding.

In inference, normalized timestamps (ŷstart, ŷend) are mapped to frame indices, while AU
predictions generate continuous control curves for real-time facial actuation in Unreal Engine. This
unified design enables precise synthesis across intensities, surpassing static templates in flexibility and
fidelity.

On CASME II [34], the framework achieves superior accuracy and F1-scores over baselines;
subjective evaluations affirm improved clarity and authenticity.
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Figure 1. Overview of the proposed system architecture.

3.2. Temporal Segmentation

To address challenges in micro-expression recognition, where subtle and brief facial dynamics
elude single-frame capture, we employ a 3D convolutional neural network (3D-CNN) for unified
spatiotemporal modeling of video sequences. A lightweight 3D-ResNet-18 architecture [35] serves as
the backbone, extracting features across spatial (x, y) and temporal (T) dimensions via 3D kernels to
enhance sensitivity to fine-grained variations. This prioritizes temporal dynamics over spatial-only
approaches, as in MotionSC [36], while integrating explicit AU relational modeling absent in the latter.

Input sequences are preprocessed to fixed length (e.g., 16 frames using temporal interpolation
model, TIM) and processed with 3 × 3 × 3 kernels at stride 1 to detect transient dynamics. Output is a
512-dimensional feature vector F ∈ R512 post global average pooling (GAP), retaining spatiotemporal
action patterns.

Temporal segmentation appends two regression branches to predict normalized onset and offset
timestamps in [0, 1]:

(ŷstart, ŷend) = Linear(F).

Optimization employs combined loss:

Lseg = −∑ yi log(ŷi) + λ ∑(ti − t̂i)
2,

with yi, ŷi as classification labels, ti, t̂i as timestamps, and λ = 0.5, ensuring alignment with sponta-
neous cues and transitions between similar emotions.

Architecture details appear in Table 1, illustrating progressive temporal downsampling for con-
textual capture.
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Table 1. Architecture of the 3D-ResNet-18 network. The input is organized as (T, H, W), where T denotes the
temporal frame length, and H and W represent the height and width of the input image, respectively. Each
residual block specifies the kernel size, number of channels, and downsampling strategy.

Layer Kernel Size Output Size

Conv1 3 × 7 × 7, 64, stride 1 × 2 × 2 T × 56 × 56

ResBlock1
3 × 3 × 3, 64
3 × 3 × 3, 64 ×2 T × 56 × 56

ResBlock2
3 × 3 × 3, 128
3 × 3 × 3, 128 ×2 T

2 × 28 × 28

ResBlock3
3 × 3 × 3, 256
3 × 3 × 3, 256 ×2 T

4 × 14 × 14

ResBlock4
3 × 3 × 3, 512
3 × 3 × 3, 512 ×2 T

8 × 7 × 7
Global Avg. Pooling Spatial-temporal pooling 512 × 1

AU features from F form nodes in directed graph G = (V, E), where V denotes AU nodes (e.g.,
19 in CASME II) initialized as one-hot vectors, and As illustrated in Figure 2 E edges via co-activation

probabilities Aij = P(Ui | Uj) =
Ni∩j
Nj

, producing an asymmetric adjacency matrix. An emotional layer
augments nodes (e.g., 7-D vector for categories) to distinguish states like subtle joy vs. polite surprise.
Features refine via GCN propagation:

H(l) = σ
(

AH(l−1)W(l−1)
)

,

with loss Lgraph = αLAU + (1 − α)Lemotion (α = 0.7), LAU binary cross-entropy for multi-label AU
classification, Lemotion cross-entropy for emotions. This graph method captures inter-AU dependencies,
surpassing MotionSC’s temporal 3D convolutions.

Figure 2. Regression Analysis and Residual Diagnostics. (a) Regression Model with Fitted Line. (b) Q-Q Plot for
Residuals. (c) Residual Histogram with KDE Curve. (d) Residuals vs. Fitted Values.

3.3. AU Graph Modeling with Emotion Layers

To model co-activation patterns and asymmetries per emotion type,action units (AUs) are repre-
sented as nodes in a directed graph augmented with emotion-layer annotations. Following AU relation
modeling in,AU features are extracted from the 3D ConvNet output.The graph is G = (V, E, L), where
V comprises AU nodes (e.g., 19 in CASME II),each with a 512-dimensional spatiotemporal feature
vector; E uses co-occurrence conditional probabilities:

Aij = P(Ui | Uj) =
Nij

Nj
,

yielding an asymmetric adjacency matrix A ∈ Rn×n,with Nij the co-occurrence count of AUs i and j,
and Nj the total count of AU j.L adds a multi-label emotion vector (e.g.,7-dimensional) per node via
classification.
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Graph convolutions refine AU intensity predictions and differentiate states, using 2–3 layers:

H(l+1) = σ
(

D̃−1/2 ÃD̃−1/2H(l)W(l)
)

,

where Ã = A + I, D̃ is the degree matrix, W(l) the weights, and σ ReLU. A self-attention pooling layer
[26] retains key nodes (ratio p = 0.5) by scoring Z, selecting top-k, and updating features/matrix.

Loss integrates AU binary cross-entropy (LAU) and emotion cross-entropy (Lemotion):

Lgraph = αLAU + (1 − α)Lemotion,

with α = 0.7, enabling distinction of subtle emotions like restrained fear vs. mild disgust.

3.4. Animation Synthesis with Diverse Emotional Profiles

The predicted AU signals are transformed into smooth animation curves via cubic spline interpo-
lation, modulated by emotion-specific intensity profiles,and mapped to rig controls in a commercial
engine (e.g.,Unreal Engine [37]) to drive lifelike digital human expressions.As illustrated in Fig-
ure 3,This process not only captures micro-movements but also encodes differentiable emotional
signatures, such as restrained fear or mild disgust.

Figure 3. Regression Analysis and Residual Diagnostics. (a) Regression Model with Fitted Line. (b) Q-Q Plot for
Residuals. (c) Residual Histogram with KDE Curve. (d) Residuals vs. Fitted Values.

For each AU signal sequence s(t), a continuous curve is generated using cubic B-spline interpola-
tion:

c(t) =
3

∑
i=0

biBi(t),

where Bi(t) are the B-spline basis functions, and bi are control points derived from frame-by-frame AU
activations and displacements, based on a predefined AU mapping scheme.

The curve is then modulated as:

c′(t) = c(t) · me · iv,

where me is an emotion-specific modulator (e.g., high-amplitude for joy, low-amplitude for fear), and
iv ∈ [0, 1] represents intensity variation, sampled from user input or dataset distributions to preserve
physiological realism in AU interrelations, as informed by AU-GACN’s intensity control.In Unreal
Engine, the refined curves are dynamically generated using the Curve Editor API:
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• Invoke the FindRow method to match the input expression curve with entries in the AU dictionary
and extract the corresponding RowValue (a time–displacement key-value pair).

• Based on RowValue->Time and RowValue->Disp, create animation keyframes via FKeyHandle and
append them to the animation curve.

• Use SetKeyTangentMode to set the tangent mode to automatic (RCTMAuto), and call SetKeyInterpMode
to set the interpolation mode to cubic (RCIMCubic), improving transition quality between
keyframes.

The final curve is saved into the Unreal Engine project, ensuring consistency between the gener-
ated expressions and the imported animation data.This enables precise control and real-time preview
of facial animation.

4. Validationk
To evaluate the effectiveness of the proposed micro-expression recognition and generation system,

a dual-validation framework is adopted, encompassing both objective metrics and subjective user
experience.

On the objective side, we assess the temporal prediction accuracy and overall model perfor-
mance through cross-validation experiments. On the subjective side, user feedback is collected via
questionnaire-based evaluations, in which participants rate the generated virtual human animations
across three perceptual dimensions: clarity, naturalness, and authenticity.

4.1. System Performance Evaluation
4.1.1. Dataset and Experimental Settings

We propose a pipeline that processes facial videos to generate emotion-differentiated micro-
expression animations for 3D digital humans. The framework comprises three core stages: temporal
segmentation of micro-expressions, emotion-labeled AU relationship modeling, and real-time anima-
tion curve mapping with variable emotion intensities.

Temporal segmentation employs a 3D ConvNet to detect onset and offset frames of micro-
expressions. Extracted AUs are then represented as nodes in a directed graph augmented with emotion
labels, capturing co-activation patterns and asymmetries. A graph convolution module propagates
contextual information to refine AU intensity predictions and differentiate emotional states (e.g., subtle
joy versus polite surprise).

Predicted AU signals are interpolated via splines into smooth animation curves, modulated by
emotion-specific intensity parameters to drive skeletal controls in commercial engines. The end-to-end
design enables real-time performance (30-60 FPS in experiments, hardware-dependent).

4.1.2. Implementation Details

In this study, we adopt an 18-layer 3D-ResNet (ResNet3D-18) as the backbone network for
spatiotemporal feature extraction from micro-expression sequences. Given the limited number of
training samples, we employ sample-level updates in each training iteration, using a single video
sequence as input to enhance adaptability to small-sample scenarios.

As shown in Table 1, the model consists of four residual blocks. The input sequence has a
temporal length of T, and each frame is resized to a spatial resolution of 112 × 112 and normalized.
This preprocessing is consistently applied to all training and validation data. In the 3D convolutional
layers, the network contains five residual modules, each responsible for progressively extracting
coarse-to-fine spatiotemporal features. Each residual block comprises two 3D convolutional layers
with kernel sizes of 3 × 3 × 3, followed by ReLU activation and batch normalization. Global average
pooling is used to downsample the output feature map to a size of 512 × 1, with spatial stride control
while keeping the temporal dimension intact.

The GCN is configured with two stacked layers. The input is a one-hot encoding of 12 AU
nodes, resulting in an initial feature matrix of size 12 × d, where d is the feature dimension. The
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adjacency matrix A is constructed in a data-driven manner, with each element Aij defined as the
conditional probability P(Ui | Uj). The output dimensions of the two GCN layers are set to 1,024 and
512, respectively.

For model validation, we adopt two cross-validation strategies: Leave-One-Subject-Out (LOSO)
and k-fold cross-validation. In LOSO, the data from one randomly selected subject are held out for
validation during each training iteration to minimize subject-specific bias. In k-fold validation, the
dataset is divided into k subsets, with one subset used for validation and the remaining for training in
each fold. Both strategies help to prevent the model from overfitting to specific data partitions and
enhance generalization.

Table 2. Comparison of Accuracy (%) Using k-fold and LOSO Evaluation.

Model k-fold Acc. (%) LOSO Acc. (%)

3D-CNN (pre-trained) 55.37 42.64
3D-CNN 57.05 45.03
AU_GCN_CUR 64.11 45.71

In the k-fold cross-validation setting, the 3D-CNN model achieved an accuracy of 57.05%, showing
a slight improvement over the pre-trained model, which attained 55.37%. This suggests that, under
training strategies with moderate data volume and relatively balanced sample distribution, features
learned from scratch are better suited to capture the subtle variations in micro-expressions.

In the LOSO validation setting, the 3D-CNN model also outperformed the pre-trained counterpart,
achieving 45.03% versus 42.64%. These results indicate that pre-trained models face challenges in
transferring to the micro-expression domain due to semantic domain discrepancies. Specifically,
high-level features learned from large-scale action recognition datasets do not fully generalize to the
fine-grained facial muscle deformations characteristic of micro-expressions.

The performance gains observed with the 3D-CNN model suggest that, when further combined
with the GCN module, the system can effectively learn the intricate relationships between facial
muscle activations and various micro-expression categories. This leads to a deeper and more accurate
understanding of subtle facial behaviors.

As shown in Table 3, among several micro-expression recognition models, the proposed
AU_GCN_CUR demonstrates the best overall performance. On the CASME II dataset, it achieves an
accuracy of 64.11% and an F1-score of 42.93%, significantly outperforming traditional handcrafted
feature-based methods (e.g., LBP-TOP [7], MDMD [38]) as well as most deep learning approaches (e.g.,
CNN+LSTM [39], CapsuleNet [40], MER-GCN [41]).

Among these methods, LBP-TOP—recognized as one of the stronger handcrafted baselines—yields
an F1-score of 42.4%, which is slightly lower than that of our model. While the CNN+LSTM model
achieves a relatively high accuracy of 60.98%, its F1-score remains inferior to that of AU_GCN_CUR,
indicating less balanced classification performance.

Overall, the results confirm that AU_GCN_CUR not only delivers superior classification accuracy
but also excels in terms of balanced performance as reflected by the F1-score. This makes it an effective
and robust solution for micro-expression recognition tasks.
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Table 3. Micro-Expression Recognition Results on the CASME II Dataset.

Category Method Accuracy (%) F1-score (%)

Hand-crafted

MDMD [38] 57.07 23.50
SP-FD [42] 21.31 12.43
OF-FD [43] 37.82 35.34
LBP-TOP [7] 56.98 42.40
LOCP-TOP [27] 45.53 42.25

Deep-learning

CapsuleNet [40] 56.80 34.70
MER-GCN [41] 54.40 30.30
CNN + LSTM [39] 60.98 32.50
SOFTNe [44] 24.10 20.22
Concat-CNN [45] 25.05 20.19
LSSNet [46] 37.70 32.50
AU_GCN_CUR 64.11 42.93

4.2. User Subjective Perception Study

To further evaluate the practical impact of micro-expressions on emotional expressiveness in
virtual humans, we designed a user perception experiment combining visual stimuli and subjective
questionnaires.

The experiment employed system-generated 3D virtual human animation videos as stimulus
materials, covering the six basic emotion categories proposed by Ekman: anger, disgust, fear, happiness,
sadness, and surprise. Two types of videos were used: Video A presented basic emotional expressions
without micro-expressions, while Video B included micro-expressions integrated into the same basic
emotional expressions.

4.2.1. Participant Demographics

A total of 82 participants were recruited for the experiment, including 37 males (45.1%) and 45
females (54.9%). Participants ranged in age from 18 to over 51 years, with the majority (50.0%) falling
within the 25–30 age group. In terms of educational background, over 90% held a bachelor’s degree or
higher, and 39.0% possessed a master’s degree or above.

All participants provided informed consent prior to the experiment, acknowledging that their
data would be anonymized and used solely for academic research purposes. The entire experimental
procedure was approved by an institutional ethics committee to ensure compliance with ethical
standards for research involving human subjects.

4.2.2. Experimental Hypothesis and Questionnaire Design

The proposed null hypothesis states that there is no significant difference between Video A and
Video B in terms of emotional clarity, naturalness, and authenticity.

For each pair of A/B videos within a given emotion category, participants were asked to indepen-
dently rate the two videos across the three dimensions using a 5-point Likert scale (where 1 indicates
“very low” and 5 indicates “very high”). This design allows us to quantitatively assess the impact of
micro-expressions on user perception.

4.3. Data Analysis

A Multivariate Analysis of Variance (MANOVA) was conducted to examine the overall effect of
video type (A vs. B) on the three subjective rating dimensions. The results indicated that individual
differences in clarity (p = 0.137), naturalness (p = 0.606), and authenticity (p = 0.070) did not reach
statistical significance. However, the overall mean score (All_Mean) for Video B was significantly
higher than that for Video A (p = 0.005), as shown in Figure 4.
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These findings suggest that the inclusion of micro-expressions in virtual human animations
leads to higher overall user approval, even if differences in individual perceptual dimensions are not
independently significant.

To further investigate the effect of micro-expressions on specific emotions, separate MANOVA
tests were conducted for each of the six basic emotions. The results are summarized in Table 4.

As shown, the emotion category fear received significantly higher ratings in Video B compared
to Video A (p = 0.013), while disgust approached the threshold of significance (p = 0.096). Other
emotions, such as happiness and surprise, did not exhibit notable differences between the two video
types.

Figure 4. Multivariate Analysis of Variance (MANOVA) Results for Emotional Dimensions

Table 4. MANOVA Results for Emotion-Specific Differences between Video A and Video B

Emotion Mean A Mean B Diff (A-B) p-value Cohen’s d
Anger 3.6931 3.8232 -0.1301 0.207 0.658

Disgust 3.6362 3.8293 -0.1931 0.096 0.739
Fear 3.5305 3.8150 -0.2846 0.013 0.723

Happiness 3.4939 3.5874 -0.0935 0.471 0.829
Sadness 3.5528 3.7378 -0.1850 0.146 0.811
Surprise 3.6667 3.5854 0.0813 0.523 0.813
Overall 3.4463 3.7027 -0.2564 0.005 0.048

As shown in Table 5, paired-sample t-tests were conducted for each of the six basic emotions. The
results revealed significant increases in perceived scores for fear (p < 0.001) and disgust (p = 0.008)
in Video B, while sadness approached marginal significance (p = 0.044). According to the Bonferroni
correction threshold (α = 0.0083), only the first two effects can be considered statistically robust. The
visual results in Figure 5 further emphasize that fear and disgust were the two emotions with the most
notable improvement in perceived expression quality in Video B.
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Table 5. Paired Sample t-Tests Comparing Perceived Expression Quality Between Video A and Video B for Each
Basic Emotion

Dimension Mean A Mean B Diff (A-B) p-value Cohen’s d
Anger 3.6931 3.8232 -0.1301 0.068 0.658

Disgust 3.6362 3.8293 -0.1931 0.008 0.739
Fear 3.5305 3.8150 -0.2846 <0.001 0.723

Happiness 3.4939 3.5874 -0.0935 0.325 0.829
Sadness 3.5528 3.7378 -0.1850 0.044 0.811
Surprise 3.6667 3.5854 0.0813 0.425 0.813

Figure 5. Paired Sample t-Tests Results for Emotion-Specific Comparisons. Only fear and disgust remained
statistically significant after Bonferroni correction (α = 0.0083).

Effect size analysis using Cohen’s d revealed values ranging from 0.658 to 0.829, indicating
medium to large effects. According to Cohen’s criteria [47], d = 0.2 is considered a small effect,
d = 0.5 a medium effect, and d = 0.8 or above a large effect. The value d = 0.723 observed in our
study falls within the medium range; however, in the context of micro-expression recognition—where
perceptual signals are subtle and subjective noise is high—such an effect size is considered practically
meaningful. In particular, even slight improvements in clarity or authenticity may significantly impact
user experience and emotional understanding in real-world human–computer interaction scenarios.

To assess the consistency of participants’ subjective evaluations, additional paired-sample t-tests
were conducted on the three perceptual dimensions: clarity, naturalness, and authenticity. The results
are presented in Table 6.

Table 6. Clarity, Naturalness, and Authenticity Paired Sample t-Tests

Dimension Mean A Mean B Diff (A-B) p-value Cohen’s d
Clarity 3.6545 3.8130 -0.1585 <0.001 0.678

Naturalness 3.5730 3.6220 -0.0488 0.460 0.595
Authenticity 3.5600 3.7500 -0.1950 0.004 0.686

Significant improvements were observed in both clarity (p < 0.001) and authenticity (p = 0.004)
following the inclusion of micro-expressions, while no significant difference was found for naturalness
(p = 0.460).
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It is worth noting that although Video B received slightly higher ratings than Video A in the
naturalness dimension, the difference did not reach statistical significance (p = 0.460). This outcome
may be attributed to the inherently short duration and subtle intensity of micro-expressions, which may
not be sufficient to noticeably influence the overall smoothness and coordination of facial movements.

Finally, a regression analysis was conducted to further examine the predictive effect of “virtual
human recognition score” on the emotional expression ratings of Video B. As shown in Figure 6, the
results indicate a significant positive correlation between the two variables (R2 = 0.277, p < 0.001),
satisfying key regression assumptions including normality and independence of residuals.

Figure 6. Regression Analysis and Residual Diagnostics. (a) Regression Model with Fitted Line. (b) Q-Q Plot for
Residuals. (c) Residual Histogram with KDE Curve. (d) Residuals vs. Fitted Values.

Detailed regression parameters are reported in Table 7.

Table 7. Regression Analysis: Predicting Perceived Emotional Expression in Video B

Variable Coefficient Std. Error t-value p-value
Intercept (Constant) 2.446 0.232 10.558 <0.001
Recognition_Mean 0.336 0.061 5.542 <0.001
Model Summary R² = 0.277 Adj. R² = 0.268 F = 30.72 p < 0.001

Shapiro-Wilk Test W = 0.9926 p = 0.9235 (Residuals are normally distributed)

4.4. Questionnaire Analysis Results

Based on the experimental data and statistical analyses, the following key findings can be summa-
rized:
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1. In terms of overall perceptual ratings, Video B was rated significantly higher than Video A,
indicating that the inclusion of micro-expressions had a positive impact on the overall user
experience.

2. In the analysis of the six basic emotions, Video B showed significantly higher ratings for fear
(p < 0.001, d = 0.723) and disgust (p = 0.008, d = 0.739), both of which met the Bonferroni-
corrected significance threshold (α = 0.0083). This suggests that micro-expressions notably
enhanced the expressiveness and perceptual salience of specific negative emotions in virtual
humans.

3. In the paired-sample t-tests, Video B also received significantly higher ratings than Video A in
the dimensions of clarity (p < 0.001, d = 0.678) and authenticity (p = 0.004, d = 0.686), indicating
that micro-expressions improved both the detail and credibility of facial expressions.

4. Regression analysis further revealed that participants’ recognition scores of the virtual human
significantly predicted their ratings of emotional expressiveness (R2 = 0.277, p < 0.001). The
regression model met the assumptions of residual normality and independence, indicating a
strong positive correlation between recognition clarity and emotion perception.

In summary, the inclusion of micro-expressions not only enhanced the perceived realism and
recognizability of emotional expressions—particularly in high-discrimination categories such as fear
and disgust—but also underscored the importance of high-fidelity emotional expression in virtual
human interaction.

5. Conclusion
This paper proposes an integrated framework for micro-expression recognition and 3D animation

generation in virtual human systems, constructing a closed-loop pipeline that encompasses recogni-
tion, extraction, reconstruction, and animation driving. Spatiotemporal joint modeling is achieved
through 3D-ResNet-18, while a co-occurrence-based graph convolutional network (GCN) captures
structural dependencies among facial action units (AUs), enhancing the accuracy of micro-expression
temporal localization and semantic representation consistency. The recognition results are mapped
to animation curves, driving facial expressions in virtual humans to achieve fine-grained, realistic
emotional dynamics rendering in 3D space.

Objective evaluations demonstrate that the proposed AU_GCN_CUR model outperforms multiple
baselines on the CASME II dataset, achieving an F1 score of 42.93%, confirming its effectiveness and
robustness in micro-expression recognition tasks. Subjective experiments indicate that incorporating
micro-expressions significantly improves user ratings for clarity and authenticity, particularly for
negative emotions such as fear and disgust, with notable enhancements in discriminability and
emotional conveyance performance.

In summary, this study bridges micro-expression recognition and animation control, providing a
structured and controllable solution for high-fidelity emotional modeling in virtual humans. Future
work will integrate Transformer decoders and diffusion generative models to explore efficient and
realistic micro-expression strategies, and incorporate Unity or Unreal Engine to enhance the naturalness
and credibility of emotional human-machine interactions.
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