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ABSTRACT Modeling aesthetic perception from dynamic visual information requires simultaneous
understanding of human motion and the physical behavior of textile materials, making multimodal
feature fusion a critical challenge in intelligent perception systems. Similar information integration
strategies have also attracted increasing attention in electromagnetic sensing and heterogeneous signal
interpretation, where multiple data sources must be jointly analyzed to characterize complex targets.
This study proposes a multimodal emotion computing framework (DC-AEM) that combines dance
kinematics and garment dynamics for computational aesthetic assessment. The framework employs a
GCN-LSTM network to encode spatio-temporal skeletal motion and constructs a dedicated costume
representation by integrating color distribution, texture descriptors, shape characteristics, and optical-
flow-based dynamic features through a convolutional architecture. A cross-modal attention mechanism is
introduced to adaptively associate movement patterns with context-dependent fabric behavior, generating a
unified representation for predicting gracefulness, power, and fluidity. Experimental evaluation on a ballet
performance dataset demonstrates that the proposed model significantly outperforms movement-only and
simple fusion baselines, achieving superior correlation and lower prediction error across all aesthetic
dimensions. The results confirm that dynamic textile characteristics provide essential complementary
information for affective perception and establish an effective multimodal analysis strategy that may
offer methodological reference for intelligent visual sensing, electromagnetic perception systems, and
data-driven costume design.

INDEX TERMS multimodal learning, cross-modal attention, garment dynamics, affective computing,

electromagnetic perception

I. INTRODUCTION

ANCE, as a universal form of artistic expression,
D embodies a complex integration of human motion and
visual artistry, serving as a cornerstone of cultural heritage
and aesthetic education [1,2]. The appreciation of a dance
performance is a deeply subjective and holistic process, in
which the audience interprets not only the choreographer’s
intent and the dancer’s skill but also the powerful nonverbal
narrative conveyed by the interplay between body and attire
[3,4]. The costume, far from being a mere accessory, is
an active participant in the performance; it can amplify,
constrain, or transform the perception of movement [5,6].
The color of a leotard can evoke passion, the drape of a
skirt can accentuate the fluidity of a turn, and the texture of
a fabric can suggest character and mood [7]. Understand-
ing and quantifying this complex synergy between dance
movement and costume presents a significant challenge, yet
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it holds the key to unlocking new paradigms in digital arts,
performance analysis, and aesthetic pedagogy [8].

Rapid advancements in artificial intelligence, particularly
in computer vision and deep learning, have provided power-
ful tools for analyzing complex human behaviors [9]. Affec-
tive computing, a field dedicated to developing systems that
can recognize, interpret, and simulate human emotions, has
made significant strides in areas such as facial expression
analysis and speech sentiment recognition [10]. However,
the application of these techniques to the nuanced domain
of dance aesthetics remains relatively nascent. Early com-
putational approaches to dance analysis have predominantly
focused on movement kinematics, employing techniques
such as pose estimation and motion capture to analyze action
recognition, style classification, and skill assessment [11].
While valuable, these studies often overlook the integral role
of the visual spectacle, particularly the costume, thereby
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neglecting a critical channel of affective information. The
costume is not just a static visual element but a dynamic
object whose properties—material, form, and behavior in
motion— contribute significantly to overall aesthetic judg-
ment.

This research addresses this critical gap by proposing a
novel affective computing model that explicitly integrates
dance movement and costume analysis through a multi-
modal learning framework. We argue that a truly com-
prehensive understanding of dance aesthetics can only be
achieved by treating movement and costume as coupled,
synergistic modalities. The core hypothesis of our work is
that costume features, when analyzed in conjunction with
kinematic data, can significantly improve the accuracy and
robustness of computational models designed to predict
human aesthetic responses to dance. To test this hypothesis,
we construct a deep learning architecture that processes
spatio-temporal movement data and dynamic costume fea-
tures through separate, specialized neural network streams.
These streams are then intelligently fused using an attention
mechanism that allows the model to learn which aspects
of the costume are most relevant to specific movements in
predicting a particular aesthetic quality. By mapping these
complex inputs to a defined affective space, our model
provides a quantitative, objective measure of aesthetic per-
ception. The contribution of this paper is threefold: first, we
introduce a novel multimodal dataset and annotation scheme
for dance aesthetic analysis; second, we develop and validate
a new deep learning model, DC-AEM, that effectively fuses
movement and costume information; and third, we provide
empirical evidence demonstrating the critical importance of
the costume modality in the computational assessment of
dance, paving the way for new applications in intelligent
costume design and data-driven aesthetic education.

Il. RELATED WORK

A. COMPUTATIONAL ANALYSIS OF DANCE MOVEMENT
The quantitative analysis of dance has a rich history,
evolving from early biomechanical studies to modern data-
driven approaches. The advent of markerless motion capture,
particularly skeleton-based pose estimation algorithms such
as OpenPose, has revolutionized the field [12]. These tools
allow for the extraction of 2D or 3D skeletal keypoints from
video, providing a rich representation of human kinematics.
Researchers have leveraged this data for various tasks.
For instance, deep learning models, especially Recurrent
Neural Networks (RNNs) and their variants such as Long
Short-Term Memory (LSTM) networks, have been widely
used to model the temporal dependencies in movement
sequences for dance genre classification and quality assess-
ment [13,14]. More recently, Graph Convolutional Networks
(GCNs) have shown exceptional promise by modeling the
human skeleton as a graph, thereby explicitly capturing
the spatial relationships between body joints [15]. The
combination of GCNs and LSTMs has become a state-
of-the-art method for skeleton- based action recognition,
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providing a powerful foundation for our movement analysis
stream [15]. However, these works primarily focus on the
geometric and dynamic properties of the body itself, seldom
incorporating external visual cues such as apparel.

B. AFFECTIVE COMPUTING AND COMPUTATIONAL
AESTHETICS

Affective computing aims to bridge the gap between human
emotion and computational technology [16]. In the visual
domain, computational aesthetics focuses on predicting the
aesthetic appeal of images or videos [17]. Early works relied
on hand-crafted features based on principles of photography
and art theory, such as color harmony, the rule of thirds, and
texture [18]. With the rise of deep learning, Convolutional
Neural Networks (CNNs) have become the dominant tool,
learning complex aesthetic features directly from large-
scale datasets of images with human-provided ratings. These
models have been successfully applied to tasks such as
photo ranking and style analysis [19,20]. While powerful,
applying these models directly to dance is challenging
because aesthetic judgment is not based on a single static
frame but on the dynamic evolution of visual elements over
time [21]. Furthermore, existing research has not adequately
addressed the specific affective contributions of clothing
within a dynamic, performance-based context.

C. TEXTILE AND COSTUME IN COMPUTER VISION

The analysis of clothing in images and videos is a sig-
nificant area of research in computer vision, with direct
relevance to the textile and fashion industries [22]. Key
tasks include clothing parsing (segmenting an image into
different garment items), attribute recognition (identifying
categories, colors, textures), and virtual try- on [23,24].
Texture analysis, using methods such as Gray-Level Co-
occurrence Matrices (GLCM) or deep texture descriptors, is
particularly relevant for quantifying fabric properties from
visual data [25]. Some research has explored the physics-
based simulation of fabric drape and motion, which is
crucial for virtual fashion design. However, the majority
of this work focuses on recognizing or simulating gar-
ments in relatively static or everyday scenarios [26,27]. The
unique challenge in dance is to understand the affective
consequence of a costume’s dynamic behavior—how the
fabric’s movement, driven by the dancer’s actions, influences
aesthetic perception. Our work is among the first to com-
putationally link quantifiable dynamic costume features to
high-level aesthetic and emotional ratings in a performance
art context.

D. MULTIMODAL LEARNING

Many real-world phenomena are better understood by con-
sidering information from multiple sources or modalities.
Multimodal learning is a branch of machine learning that
focuses on building models that can process and relate
information from heterogeneous data types, such as video,
audio, and text. A key challenge in this field is feature
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fusion—the process of combining information from differ-
ent modalities [28,29]. Fusion strategies range from simple
concatenation (early fusion) to the combination of outputs
from separate models (late fusion). More sophisticated tech-
niques, such as cross-modal attention mechanisms, have
recently gained prominence. Attention allows a model to
dynamically weight the importance of features from one
modality based on the context provided by another [30,31].
This is particularly suitable for our task, as the relevance of a
costume’s features (e.g., its flow) is highly dependent on the
dancer’s current movement (e.g., a leap versus a stationary
pose). Our adoption of a cross-modal attention framework is
therefore a principled choice to model the intricate interplay
between dance and costume.

lll. METHODOLOGY

Our proposed methodology is centered around the
Dance Movement-Costume-Aesthetic Education Model
(DC-AEM), a multimodal deep learning framework de-
signed to predict affective scores from dance videos.

The overall architecture, depicted in Figure 1, involves
two parallel feature extraction streams—one for movement
and one for costume—followed by an attention-based fusion
module and a final regression head for affective prediction.

A. DATA ACQUISITION AND ANNOTATION

To train and evaluate our model, we curated a specialized
dataset, termed “BalletAesthetics-200,” consisting of 200
video clips, each 10-15 seconds in duration. The clips
were sourced from high-definition recordings of professional
solo ballet performances, ensuring high visual quality and
consistency in artistic standards.

Specifically, all video clips were standardized to a reso-
lution of 1,920 x 1,080 pixels and a frame rate of 30 fps.

To ensure dataset diversity, the distribution of costume
categories was balanced, comprising approximately 35%
classical tutus, 35% romantic tutus, and 30% leotards.
Furthermore, given the dataset size, we employed data aug-
mentation techniques, including random horizontal flipping,
random cropping, and scale jittering, during the training
phase to enhance the model’s generalization capability and
robustness.

For ground truth annotation, we recruited a panel of
20 participants, comprising 10 domain experts (dancers,
choreographers, and costume designers) and 10 laypersons
with an interest in dance. In selecting the aesthetic di-
mensions for annotation, we focused on concepts that are
fundamentally expressed through the physical and dynamic
interplay between the dancer’s body and their attire, which
is the central focus of our computational model. Therefore,
we chose “Gracefulness,” “Power,” and “Fluidity” as our
primary dimensions.

These were selected over more abstract or narrative
concepts (e.g., “emotional expression” or “storytelling”)
because they are more directly observable from the visual
evidence of kinematics and fabric dynamics. This targeted
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selection is crucial for creating a robust ground truth for
a model that analyzes physical motion, and it also aids
in achieving higher inter-rater reliability among annotators.
Participants were asked to watch each video clip and rate it
on a 7-point Likert scale across the three primary aesthetic
dimensions: Gracefulness (smooth, controlled, and elegant
motion), Power (dynamic strength, athleticism, and impact
of movement), and Fluidity (seamlessness of transitions and
the perceived flow of the dancer and their costume). The
final ground truth score for each dimension was calculated
as the average rating across all participants. Inter-rater
reliability was assessed using Krippendorff’s alpha, yielding
a satisfactory coefficient of o = 0.78, indicating substan-
tial agreement among the annotators. Further analysis was
conducted to compare the agreement between the domain
experts and laypersons. The Krippendorff’s alpha for the
expert-only group was 0.82, while that for the layperson-
only group was 0.74. The inter-group alpha was calculated
to be 0.76, suggesting that while the experts demonstrated
slightly higher internal consistency, the aesthetic judgments
of both groups were largely aligned. This finding confirms
the holistic nature of dance aesthetics and validates our
approach of using a combined panel for annotation.

IV. MULTIMODAL FEATURE EXTRACTION

A. MOVEMENT MODALITY: SPATIO-TEMPORAL GRAPH
REPRESENTATION

The movement feature extraction pipeline aims to capture
the detailed kinematics of the dancer’s body. To eliminate
the influence of camera distance and the dancer’s absolute
position, these raw coordinates were subsequently normal-
ized to a range of [-1, 1] relative to the center of the frame.
This results in a sequence of skeletal graphs for each video
clip. To effectively model both the spatial configuration of
the body and its temporal evolution, we utilized a GCN-
LSTM architecture.

The GCN component processes the skeletal data at each
frame. Specifically, we adopted the spatial graph convolution
formulation proposed by Kipf and Welling to aggregate
features from neighboring joints, capturing the topological
structure of the skeleton within each static time step. It
treats the skeleton as a graph G= (V, E), where V is the
set of joints (nodes) and E is the set of natural connec-
tions between them (edges, i.e., limbs) are defined. The
GCN learns to aggregate features from neighboring joints,
capturing complex spatial dependencies such as the relative
orientation of limbs. The output of the GCN for each frame
is a feature vector that represents the body’s posture. The
sequence of these feature vectors is then fed into an LSTM
network. The LSTM, with its inherent ability to model long-
range temporal dependencies, learns the dynamic patterns of
the dance sequence, producing a final context vector fi,ov
that encapsulates the overall movement characteristics. Our
GCN-LSTM model consisted of a 3-layer GCN with 256
output channels per layer, followed by a 2-layer LSTM with
128 hidden units. We applied the ReL.U activation function
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FIGURE 1. Conceptual diagram of the proposed DC-AEM model. The architecture consists of two parallel streams for processing
movement (GCN-LSTM) and costume (CNN and handcrafted features) data. A cross-modal attention mechanism fuses these
features, and a final MLP regression head predicts the aesthetic scores for Gracefulness, Power, and Fluidity

after each GCN layer (while the LSTM utilized its standard
internal activations) and included a dropout rate of 0.3 to
prevent overfitting.

B. COSTUME MODALITY: DYNAMIC VISUAL-SEMANTIC
FEATURES

The costume feature extraction stream is designed to quan-
tify the visual and dynamic properties of the dancer’s attire,
which is critical for linking the analysis to textile properties.
This process involves three main steps:

e Costume Segmentation: To isolate the costume from
the dancer and background, we fine-tuned a pre-trained
Mask R-CNN model on a small, manually annotated
subset of our data. This network generates a binary
mask for the costume region in each frame.

o Static Feature Extraction: For each masked costume
region, we extracted a set of features designed to
represent its material and form. These included a 128-
bin HSV color histogram to capture the dominant
colors and their distribution; texture features derived
from a GLCM, including contrast, correlation, and
energy, to represent the fabric’s surface properties; and
Hu moments to provide a scale- and rotation-invariant
description of the costume’s overall shape.

o Dynamic Feature Extraction: To capture how the cos-
tume moves, we computed the dense optical flow
between consecutive segmented costume masks. The
magnitude and orientation of the flow vectors were
summarized into a histogram, providing a quantitative
measure of the costume’s dynamic behavior (e.g., the
amount of “billowing” or “swirling”). Specifically, we
constructed a 2D joint histogram with 8 bins for
orientation (covering 360°) and 10 bins for magnitude
(normalized to a range of 0-1). The resulting 80-bin
histogram was then flattened into a feature vector.
This representation captures the joint distribution of
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movement speed and direction, effectively quantifying
complex dynamics such as uniform flowing (a peak in
one orientation bin) versus turbulent swirling (a wider
distribution across multiple bins).

For each frame, the features extracted in the steps above—
the 128-bin HSV color histogram, the 3 GLCM texture
features, the 7 Hu moments, and the 80-bin dynamic optical
flow histogram—are concatenated to form a single, com-
prehensive feature vector of 218 dimensions. This vector
represents the complete state of the costume at that specific
moment. For a video clip with T frames, this process
generates a feature sequence of shape T x 218, which serves
as the input to a one-dimensional Convolutional Neural
Network (1D CNN).

The 1D CNN applies its convolutional filters along the
temporal (T) dimension, enabling it to learn salient short-
term patterns from the evolution of the costume’s visual and
dynamic properties (e.g., the rapid change in texture and
flow during a spin). The resulting feature maps are then
passed through a global average pooling layer to produce
the final, fixed-size feature vector, which encapsulates the
costume’s overall contribution.

C. ATTENTION-BASED MULTIMODAL FUSION

A simple concatenation of movement and costume features
fails to capture the nuanced, context-dependent relationship
between them. Therefore, we implemented a cross-modal
attention mechanism. This mechanism allows the model
to dynamically weight the importance of costume features
based on the current movement context.

Specifically, the movement feature vector fy,,, acts as the
query, while the costume feature vector f..s serves as both
the key and the value. This design choice reflects the causal
nature of the performance: the aesthetic relevance of the cos-
tume’s dynamic state (e.g., swirling vs. static) is conditioned
on the dancer’s kinematic action. Therefore, movement
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serves as the contextual “Query” to retrieve the most salient
visual attributes from the costume (“Key/Value”). We opted
for a single-head, unidirectional attention mechanism to
maintain model parsimony and prevent overfitting on our
specialized dataset, focusing specifically on how costume
features support movement rather than modeling complex
bidirectional dependencies. The attention weights are calcu-
lated as:

(D

o = softmax <(fm°VWQ)<fCOSWK)T>

vy,

where, Wg and W are learnable and dy, is the dimension
of the key vector. The attended costume feature vector f/_.,
is then computed by applying these weights to the original
costume features:

féos = a(fcosWV) ()

This attended costume feature vector, which emphasizes
costume properties most relevant to the given movement, is
then concatenated with the original movement feature vector
Sfmov- Specifically, the movement feature vector fy,., has a
dimension of 128 (matching the LSTM hidden size), and
the costume feature vector f.os acts as a 256-dimensional
embedding. The learnable weight matrices are defined as
WQ c RlQSXdk, WK c R256><dk’ and WV c R256X256,
where we set the attention key dimension dj = 128.
Consequently, the final fused vector frscq is formed by
concatenating the 128-dimensional movement vector and
the 256-dimensional attended costume vector, resulting in
a total dimensionality of 384 (128 + 256). This final fused
VeCtor, frused = [fmov; foos)» CONtains a rich, context-aware
representation of the performance.

The fused feature vector, frused, of 384 dimensions is then
passed through a two-layer MLP regression head. The first
layer has 256 neurons, and the second has 128, both using
the ReLLU activation function. The final output layer consists
of three neurons, corresponding to the three aesthetic scores,
with no activation function.

D. AFFECTIVE PREDICTION AND MODEL TRAINING
The fused feature vector fryseq is passed through a multi-
layer perceptron (MLP), which acts as the regression head.
The MLP has three output neurons, corresponding to the
predicted scores for Gracefulness, Power, and Fluidity.
The model was trained end-to-end using the mean squared
error (MSE) loss function, which measures the average
squared difference between the predicted scores and the
ground truth human ratings. We used the Adam optimizer
with a learning rate of 1 x 10~*. The dataset was split into
training (70%), validation (15%), and testing (15%) sets.

V. RESULTS

To validate the effectiveness of our proposed DC-AEM
model and to investigate the specific contribution of the
costume modality, we conducted a series of experiments.
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We evaluated the model’s performance using two stan-
dard metrics for regression tasks: the Pearson correlation
coefficient (PCC), which measures the linear relationship
between predicted and actual scores, and the mean absolute
error (MAE), which measures the average magnitude of the
errors. Specifically, evaluations were performed at the video
level (one predicted score per clip) on the test set. For the
overall performance metrics (Table 1), the reported PCC
and MAE represent the average values calculated across the
three aesthetic dimensions.

A. ABLATION STUDY

The central hypothesis of this work is that the integration of
costume features is crucial for accurate affective prediction.
To test this, we performed an ablation study by comparing
the performance of our full multimodal model (DC-AEM)
with two single-modality baselines:

o Movement-Only Model: This model uses only the
GCN-LSTM stream (fi,oy) for prediction.

o Costume-Only Model: This model uses only the CNN-
based costume feature stream (f.os) for prediction.

« Simple Fusion Model (No Attention): This model con-
catenates the movement feature vector (f,oy) and the
costume feature vector (f..s) directly. The resulting
combined vector is then fed into the final regression
head for prediction. This baseline is designed to assess
the performance gain from multimodality without the
benefit of the attention mechanism.

The results, averaged across the three affective dimen-

sions, are presented in Table 1.

TABLE 1. Performance Comparison of Different Model Configurations

Model Configuration Pearson Correlation Mean
Coefficient (PCC) Absolute
Error (MAE)
Costume-Only 0.48 1.15
Movement-Only 0.76 0.62
Simple Fusion (No Attention) 0.83 0.49
DC-AEM (Full Model) 0.89 0.38

As shown in Table 1, the single-modality models establish
baseline performances. The Movement-Only model per-
forms reasonably well (PCC of 0.76), confirming that kine-
matics are the primary carrier of aesthetic information, while
the Costume-Only model performs significantly worse. This
result is expected and highlights the core hypothesis of
our work: the aesthetic contribution of the costume is not
independent but deeply contextual. The dynamic features
of a garment, such as the pattern of its flow or swirl, are
largely meaningless without the specific bodily movements
that generate them; therefore, their predictive power in
isolation is inherently limited. Crucially, the Simple Fusion
(No Attention) model shows a notable improvement over
the Movement-Only model, achieving a PCC of 0.83. This
demonstrates that simply combining costume and movement
features provides significant complementary information.
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However, our full DC-AEM model, which employs the
cross-modal attention mechanism, achieves the best perfor-
mance by a clear margin (PCC of 0.89 and MAE of 0.38).
This final step in performance gain—from 0.83 to 0.89 in
PCC— isolates the contribution of the attention mechanism,
strongly supporting our hypothesis that intelligently weight-
ing the features based on context is critical for achieving the
most accurate predictions.

To further confirm the critical role of dynamic costume
features, we conducted an additional ablation study.

We built a variant of the full DC-AEM model that
used only the static costume features (color, texture, and
shape) and omitted the dynamic optical flow features. The
performance of this Static Costume-Only variant was a
PCC of 0.81, notably lower than the full DC-AEM model’s
0.89. This result provides direct evidence that the dynamic
properties of the costume are not only complementary but
essential for accurate aesthetic prediction.

B. PERFORMANCE ON INDIVIDUAL AFFECTIVE
DIMENSIONS

We further analyzed the performance of our DC-AEM
model on each of the three aesthetic dimensions separately.
The results are detailed in Table 2.

TABLE 2. DC-AEM Performance on Individual Affective Dimensions

Affective Dimension Pearson Correlation Coefficient Mean
(PCC) Absolute
Error (MAE)
Gracefulness 0.91 0.35
Power 0.85 0.43
Fluidity 0.92 0.36

The model demonstrates excellent performance across
all dimensions, with the highest correlations achieved for
Fluidity (0.92) and Gracefulness (0.91). This suggests that
the model is particularly adept at capturing the interplay be-
tween smooth, elegant movements and the dynamic behavior
of the costume. For instance, the flowing motion of a ro-
mantic tutu in a slow turn, captured by our dynamic costume
features, likely contributes significantly to the high Fluidity
score. The performance on Power is also strong (PCC =
0.85), though slightly lower. This may be because Power
is often conveyed more through sharp, athletic kinematics,
with the costume playing a more secondary, albeit still
important, role (e.g., the clean lines of a simple leotard ac-
centuating the dancer’s musculature). These results highlight
the model’s ability to learn nuanced relationships between
multimodal features and high-level aesthetic concepts.

VI. DISCUSSION

The empirical results presented in this study provide com-
pelling evidence for the efficacy of a multimodal approach to
the computational analysis of dance aesthetics. The signif-
icant performance gain of the full DC- AEM model over
the Movement-Only baseline, especially when contrasted
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with the poor performance of the Costume-Only model,
demonstrates that the costume’s features are not powerful in
isolation but are critically synergistic. This finding suggests
that the costume is not a passive decoration but an active,
information-rich component whose aesthetic relevance is
unlocked and defined by the context of the dancer’s move-
ments.

Our model’s success can be attributed to its ability to
learn the complex, synergistic relationship between how a
dancer moves and what the dancer wears. The cross-modal
attention mechanism, in particular, allows the model to infer,
for example, that the billowing of a skirt is highly relevant
when assessing the Fluidity of a spin but less so during a
static pose. This learned context-awareness is a critical step
toward building computational systems that can interpret
artistic performance with human-like nuance.

The findings have profound implications for the field of
textile and costume design. The feature extraction pipeline
developed for the costume modality provides a quantitative
framework for characterizing not just the static properties
of a garment (color, texture, shape) but also its dynamic
behavior. By correlating these quantitative features with
predicted aesthetic outcomes, our model can function as
a powerful analytical tool for designers. For instance, a
designer could computationally explore how changing a
fabric’s weight (which would alter its dynamic flow fea-
tures) might impact the perceived Gracefulness of a specific
choreographic sequence. This research provides a founda-
tional step toward a new paradigm of intelligent costume
design, where creative intuition is augmented by data-driven
insights, enabling the creation of garments that are optimally
tuned to the expressive goals of a performance. However,
we acknowledge that the generalizability of these findings
is currently limited to the specific context of solo ballet
performances, and further validation is required for other
dance genres. This moves beyond traditional textile testing,
which focuses on physical properties like tensile strength
or drape coefficient, to computationally modeling the af-
fective properties of textiles in their intended application
context. Furthermore, this research contributes significantly
to the domain of aesthetic education. One of the greatest
challenges in teaching art appreciation is the subjective
nature of aesthetic judgment. Our model provides a potential
pathway toward creating more objective and personalized
educational tools. An application built upon the DC-AEM
could provide students with real-time feedback, highlighting
specific moments in a performance where the synergy
between movement and costume is particularly effective
in conveying a certain emotion or aesthetic quality. It
could deconstruct a performance by visualizing the model’s
attention weights, showing a student which specific bodily
actions and costume elements are contributing to a feeling
of “Power” or “Gracefulness.” This could help provide new
computational insights into the artistic process and thus
potentially cultivate a deeper, more analytical appreciation
for dance and design.
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Despite the promising results, this study has certain
limitations that suggest avenues for future work. Our dataset,
while carefully curated, is limited to solo ballet perfor-
mances. Future research should expand the dataset to in-
clude a wider variety of dance genres (e.g., modern, folk,
hip-hop), as well as ensemble performances, to test the
model’s generalizability. The costume features, while effec-
tive, could be further enriched by incorporating physics-
based material properties (e.g., stiffness, weight) if such
data were available, creating an even tighter link between
textile science and affective computing. Finally, the defined
aesthetic dimensions of Gracefulness, Power, and Fluidity
represent only a subset of the possible human responses to
dance. Future work could explore a more extensive affective
space, including discrete emotions (e.g., joy, sadness) and
more complex concepts (e.g., “narrative intensity”).

VIl. CONCLUSION

In this paper, we addressed the challenge of computationally
modeling the holistic aesthetic experience of dance by
proposing a novel multimodal deep learning framework,
the DC-AEM. Our work establishes a new approach that,
for the first time, concurrently analyzes the dancer’s kine-
matic movement and the visual- semantic features of their
costume. By processing these two modalities in parallel
and integrating them through a sophisticated cross-modal
attention mechanism, our model successfully learned the
intricate interplay that governs human aesthetic perception.
The experimental results demonstrated that this multimodal
approach is not only viable but significantly superior to
methods that rely on movement analysis alone. The findings
confirm that the costume is a critical information channel,
providing essential context that refines and enhances the
interpretation of the dancer’s movements. This research
provides a foundational methodology for the objective and
quantitative assessment of solo ballet performance and offers
a preliminary analytical tool for intelligent costume design
within this specific context. This framework provides a
solid basis for future research to expand upon and test
for generalizability across a broader range of performance
styles. It also lays the groundwork for future applications in
digital aesthetic education, which will require expansion and
validation across more diverse dance genres. By bridging the
gap between artistic expression and computational intelli-
gence, this work contributes to a deeper and more nuanced
computational understanding of dance as a performing art,
while clearly demonstrating the need for future research to
test the generalizability of this approach across the broad
spectrum of performance styles.
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